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Chapter 1

Introduction

The rapid advancement of machine learning, and in particular the rise of deep neural networks and large
language models, has fundamentally transformed the landscape of artificial intelligence. Over the past decade,
there has been a dramatic increase in the scale of models, datasets, and compute requirements, driven by the
pursuit of higher accuracy, generalization, and emergent capabilities. Modern models often contain billions
or even trillions of parameters, making them impossible to train efficiently on a single device. As a result,
distributed training and parallel computing have become essential components of state-of-the-art machine
learning systems.

This document provides a comprehensive and unified study of the principles, methods, and systems that enable
scalable training and deployment of large-scale models, with a particular focus on parallelism techniques
and Mixture of Experts (MoE) architectures. It combines theoretical insights with practical implementations,
offering both a conceptual framework and a hands-on perspective on building efficient distributed systems.

The second chapter establishes the foundations of distributed machine learning. It introduces the key
concepts that underpin distributed systems, including nodes, ranks, world size, and process groups, as well
as the mechanisms that enable communication between distributed processes. Special attention is given to
communication primitives, such as point-to-point messaging and collective operations, such as AllReduce or
All-to-All, which play a central role in coordinating computation across multiple devices. Additionally, the
document examines synchronous and asynchronous training paradigms, discussing their respective trade-ofts
in terms of convergence stability, system efficiency, and scalability. Fundamental scaling concepts, such as
strong and weak scaling, are also presented to provide a deeper understanding of how performance evolves
with increased computational resources.

Building on these foundations, the third chapter explores core distributed training strategies, focusing on
data parallelism and parameter server architectures. Data parallelism, which replicates the model across
devices while partitioning the dataset, is presented as the most widely used approach in practice. The
discussion includes gradient synchronization techniques, communication backends, and optimization strategies
that improve efficiency, such as overlapping computation with communication. In contrast, the parameter
server paradigm introduces a centralized or semi-centralized approach to model updates, enabling asynchronous
execution and improved fault tolerance in certain scenarios. The document examines both approaches in depth,
analyzing their strengths, limitations, and suitability for different workloads. Furthermore, it presents advanced
memory optimization techniques, such as Zero Redundancy Optimizer (ZeRO) and Fully Sharded Data Parallel
(FSDP), which allow models to scale beyond the memory constraints of individual devices by partitioning
parameters, gradients, and optimizer states across the system.

The fourth chapter then focuses on model and computational parallelism, including naive model parallelism,
pipeline parallelism, and tensor parallelism. These techniques enable the partitioning of models across devices,
either by dividing layers, splitting computations within layers, or organizing execution into pipelines. The
document highlights the trade-offs associated with each method, such as communication overhead, load
imbalance, and hardware utilization. To address these limitations, it introduces hybrid parallelism strategies,
which combine multiple approaches to achieve better scalability and efficiency. The integration of these



techniques is shown to be critical for training large-scale models, where no single parallelism method is
sufficient on its own.

A central theme of this work is the Mixture of Experts (MoE) paradigm, which represents a major step forward
in scaling neural networks, and are covered on chapter five. Unlike traditional dense models, MoE architectures
rely on conditional computation, where only a subset of specialized sub-networks, called experts, is activated
for each input. This enables models to dramatically increase their parameter count without a proportional
increase in computational cost. The document provides a detailed analysis of MoE models, including their
architectural components, routing mechanisms, and training strategies. It also presents a taxonomy of MoE
approaches, covering both dense and sparse formulations, and examines key challenges such as load balancing,
routing instability, communication overhead, and training efficiency. By addressing these challenges, MoE
systems can achieve unprecedented levels of scalability and performance.

To bridge theory and practice, chapter six includes a comprehensive implementation-focused exploration
of MoE models. It revisits the transformer architecture, particularly the decoder-only design used in large
language models, and demonstrates how MoE layers can be integrated into this framework. Key aspects such as
routing algorithms, expert capacity management, and load balancing mechanisms are discussed in detail, along
with practical considerations for stable and efficient training. Through concrete implementation examples, the
document highlights the engineering challenges involved in deploying MoE systems and provides guidance on
best practices, including mixed precision training, initialization strategies, and numerical stability techniques.

Chapter seven, the last chapter of the document, is dedicated to advanced parallelism strategies specifically
tailored for MoE architectures, where scalability becomes a multi-dimensional optimization problem. It
examines how different parallelism techniques, including data, tensor, pipeline, sequence, and expert
parallelism, can be combined into sophisticated hybrid configurations. The discussion traces the evolution from
homogeneous strategies, which apply a uniform configuration across all layers, to heterogeneous approaches,
which exploit the structural differences between dense and sparse components. Finally, it introduces dynamic
and adaptive parallelism methods, capable of adjusting configurations at runtime to respond to changing
workloads and system conditions. The increasing role of automatic parallelization frameworks is also
highlighted, demonstrating how optimal configurations can be discovered through systematic search and
optimization.

In addition, the chapter examines several state-of-the-art systems and frameworks that implement these ideas
in practice. These include DeepSpeed, Tutel, Megatron, and Pathways, each of which introduces unique
innovations in areas such as communication optimization, scheduling, and resource management. Concepts
such as asynchronous dataflow execution and parallel folding are discussed as solutions to the inherent
mismatch between dense and sparse computations in MoE models. The document also covers industry-grade
implementations, such as NVIDIA Megatron Bridge and vLLM, highlighting features like optimized token
routing, load balancing mechanisms, and elastic expert parallelism, which enable dynamic scaling and fault
tolerance in real-world deployments.

Another important aspect addressed in this chapter is the challenge of long-context modeling, which requires
efficient handling of very long input sequences. The document presents advanced techniques in sequence
parallelism, including methods such as Megatron sequence parallelism, Ring Attention, and Striped Attention.
These approaches reorganize computation and communication patterns to mitigate the quadratic complexity of
attention mechanisms, enabling efficient scaling to longer sequences while maintaining performance.

Finally, the chapter concludes by bringing together these concepts through a practical implementation example,
demonstrating how the DeepSpeed-MoE framework can be used to build, train, and evaluate MoE models.
The presented example illustrates how theoretical principles translate into real-world systems and highlight the
importance of carefully balancing computation, memory, and communication.

In conclusion, this document provides a comprehensive and integrated perspective on distributed training and
parallelism in modern deep learning. It shows that scaling large models is not solely a matter of increasing
computational resources, but rather a complex design challenge that requires the coordinated optimization of
algorithms, system architectures, and communication strategies. As machine learning continues to evolve, these
techniques will remain central to enabling the next generation of intelligent systems.
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This chapter provides an overview of distributed training in machine learning, beginning with
the fundamentals of distributed systems and the motivations for their use, particularly the rapid
growth in model size, dataset scale, and computational power requirements. It introduces
key concepts and terminology such as nodes, ranks, world size, and process groups, and
explains how distributed processes communicate using different backends and initialization
methods. The chapter then explores communication mechanisms in detail, including both
point-to-point and collective operations, which are essential for coordinating computation across
multiple devices. It also presents different types of parallelism, data, pipeline, and tensor
parallelism, and discusses how to choose the most appropriate strategy depending on model
size, hardware, and training objectives. Further, it is examined synchronous and asynchronous
parameter update schemes, highlighting their trade-offs in terms of performance, convergence,
and system efficiency. It concludes by covering scaling concepts, strong and weak scaling, and
key hardware considerations, emphasizing how memory, interconnect bandwidth, and system
topology influence the design and efficiency of distributed training systems.

2.1 Distributed Systems

A distributed system consists of multiple software components which run on multiple machines. For example,
the traditional database runs on a single machine. As the amount of data gets incredibly large, a single machine
can no longer deliver desirable performance to the business, especially in situations such as Black Friday where
network traffic can be unexpectedly high. To handle such pressure, modern high-performance database is
designed to run on multiple machines, and they work together to provide high throughput and low latency to
the user.



One important evaluation metric for distributed system is scalability. For example, when we run an application
on 4 machines, we naturally expect that the application can run 4 times faster. However, due to communication
overhead and difference in hardware performance, it is difficult to achieve linear speedup. Thus, it is important
to consider how to make the application faster when we implement it. Algorithms of good design and system
optimization can help to deliver good performance. Sometimes, it is even possible to achieve linear and
super-linear speedup.

Why do we need distributed training in machine learning?

Back in 2012, AlexNet [110] won the champion of the ImageNet competition, and it was trained on two GTX
580 3GB GPUs. Today, most models that appear in the top Al conferences are trained on multiple GPUs.
Distributed training is definitely a common practice when researchers and engineers develop Al models. There
are several reasons behind this trend.

1. Model size increases rapidly. ResNet50 had 20 million parameters in 2015 [78], BERT-Large had 345
million parameters in 2018 [52], GPT-2 had 1.5 billion parameters in 2018 [162], and GPT-3 had 175
billion parameters in 2020 [17]. It is obvious that the model size grows exponentially with time, as
illustrates Figure 2.1. The current largest model has exceeded more than 1000 billion parameters. Super
large models generally deliver more superior performance compared to their smaller counterparts.

1000

GPT-3 (175B)
100 L e Megatron-Turing NLG (530B)

Megatron-LM (8.3B)
Turing-NLG (17.2B)

10

Model Size (in billions of parameters)

BERT-Large (340M)
0.1

2018 2019 2020 2021 2022

Figure 2.1: Evolution of size of state-of-the-art NLP models over time [5].

2. Dataset size increases rapidly. For most machine learning developers, MNIST and CIFAR10 datasets
are often the first few datasets on which they train their models. However, these datasets are very small
compared to well-known ImageNet datasets. Google even has its own (unpublished) JFT-300M dataset
which has around 300 million images, and this is close to 300 times larger than the ImageNet-1k dataset.

3. Computing power gets stronger. With the advancement in the semiconductor industry, graphics cards
become more and more powerful. Due to its larger number of cores, GPU is the most common compute
platform for deep learning. From K10 GPU in 2012 to A100 GPU in 2020, the computing power has
increased several hundred times. This allows us to performance compute-intensive tasks faster and deep
learning is exactly such a task.

Nowadays, the model can be too large to fit into a single GPU, and the dataset can be large enough to train for
a hundred days on a single GPU. Only by training our models on multiple GPUs with different parallelization
techniques, we are able to speed up the training process and obtain results in a reasonable amount of time.



2.2 Basic Concepts in Distributed Training

Distributed training requires multiple machines and/or multiple GPUs. During training, there will be
communication among these devices. To understand distributed training better, there are several important
terms to be made clear. textbfHost is the main device in the communication network. It is often required as
an argument when initializing the distributed environment. Node is a physical or virtual machine that is being
used in model training. The only pre-requisite for communication between nodes used in model training is that
they should be connected via high-speed LAN in order to reduce latency. A port mainly refers to master port
on the host for communication. World size is the number of processes invoked during the training job and in
the common setup each process is assigned to a diffferent GPU. Global rank is a unique identifier assigned to
a device in the network. The local rank is the unique identifier assigned to each process within a node. Finally,
a process group is a communication network which include a subset of the devices. There is always a default
process group which contains all the devices. A subset of devices can form a process group so that they only
communicate among the devices within the group.

To illustrate these concepts, let us assume we have two nodes and each node has four GPUs (Figure 2.2). When
we initialize distributed environment over these two machines, we essentially launch 8 processes, 4 processes
on each machine, and each process is bound to a distinct GPU. Before initializing the distributed environment,
we need to specify the host (master address) and port (master port). In this example, we can let host to be node
with rank 0 and port be a number such as 29500. All the 8 processes will then look for the address and port and
connect to one another. The default process group will then be created. The default process group has a world
size of 8 and details abou the group are listed in Table 2.1.

Node 0 Node 1
il ™ g ™
global global global global global global global global
rank 0 rank1 rank2 rank3 rank 4 rank5 rank6 rank?7
GPU GPU GPU GPU GPU GPU GPU GPU
0 1 2 3 0 1 2 3
local local Ilocal local local local Ilocal local
\Jank 0 rank1 rank2 rank3) \rank0 rank1l rank2 rank 3

Figure 2.2: Example that illustrates the distributed computing terminology.

node rank | GPU ID | local rank | global rank | process ID
0 0 0 0 0
0 1 1 1 1
0 2 2 2 2
0 3 3 3 3
1 0 0 4 4
1 1 1 5 5
1 2 2 6 6
1 3 3 7 7

Table 2.1: Example that illustrates the distributed computing terminology.
In the process group, the processes can communicate (i) point-to-point, where one process send data to another

process, and (ii) collective, where a group of process perform operations such as scatter, gather, all-reduce, or
broadcast together.
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2.3 Communication Backends

For these distributed processes to collaborate, they need a way to talk to each other. The
PyTorch torch.distributed package manages this collaboration through communication backends and
initialization methods using torch.distributed.init_process_group(). The backend parameter in
init_process_group() specifies the library that we will use to exchange data between process.

NVIDIA Collective Communication Library (NCCL) is highly optimized for inter-GPU communication,
both within a single node and across multiple nodes [96]. It provides efficient implementation of collective
operations defined in Section 2.4.

Gloo is a platform agnostic backend that works for both CPU and GPU-based communication !. For GPUs,
it typically involves copying data from GPU to CPU memory, performing network communication, and then
copying back to GPU. This makes it slower than NCCL for GPU tasks. This backend is used as a fallback if
NCCL setup is problematic or specific operations are not optimized in NCCL.

Message Passing Interface (MPI) is a widely adopted standard and portable API in High-Performance
Computing (HPC) to build scalable applications on multi-node compute clusters by communicating data via
messages between distributed processes [151]. MPI provides functions for point-to-point communication, like
sending and receiving messages, and collective communication such as broadcasting, scattering and gathering
data across processes.

Once the backend is chosen, processes need a way to find each other and agree on the role assigned to each
on, such as which node is rank 0, which node is rank 1, etc. This is a synchronization step specified by the
init_method. There are three possibilities for specify the nodes’ role.

1. Initialization through environment variables, where init_method="env://".

In this case, processes read connection details from environment variables, such as MASTER_ADDR, which
defines the IP address or host name of the master node (or rank O node), and MASTER_PORT, which
specifies a free network port on the master node for initial coordination. Listing 2.1 provides an example
where we create four processes and initialize the communication through environment variables. Each
process creates a random tensor and all tensors are reduced to a unique tensor through an AllReduce
operation.

import torch[sc name="exampleO1"]
import torch.distributed as ptd[sc name="example01"]
import torch.multiprocessing as mp

W N

5 def worker(rank):

6 ptd.init_process_group (backend="nccl", rank=rank, world_size=4)
7 torch .cuda.set_device (rank)
8 tensor = torch.randn(32 if rank == 0 else 64).cuda()

9 dist.all_reduce(tensor)
10 torch.cuda.synchronize (device=rank)

2 if __name__ == "__main__":

13 os.environ [ "MASTER_ADDR"] = "localhost"
14 os.environ [ "MASTER_PORT"] = "29500"

15 os.environ [ "TORCH_CPP_LOG_LEVEL" ]="INFO"

16 os.environ [ "TORCH_DISTRIBUTED_DEBUG"] = "DETAIL"
17 mp.spawn (worker, nprocs=4, args=())

Listing 2.1: Python code for creating four processes and using initialization through environment variables.

2. Initialization through a TCP server specified with init_method = "tcp://<master_ip>:<port>".

The process designated as rank O starts a TCP server at the selected IP port and the other worker
processes connect to this server to exchange information and create the group. The address <master_ip>
must be reachable by all workers. In a single-node setup, using <master_ip>=localhost or

"https://github.com/pytorch/gloo
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<master_ip>=127.0.0.1 is common. Listing 2.2 provides an example where we create a group of
four processes and initialize the communication through a TCP server.

import torch.distributed as ptd
# Use address of one of the machines

1
>
3
4 backend = "nccl",
<

ptd . init_process_group (
init_method = “tcp://4.1.1.123:45678 ",
6 rank = args.rank,
7 world_size = 4,

Listing 2.2: Python code for creating four processes and and using initialization through a TCP server.

3. Initialization through a shared file specified with init_method =
"file:///path/to/shared/file").

In this case, processes coordination is accomplished via a file on a shared file system, such as NFS,
accessible by all. Rank 0 process write its connection info to a temporary file and the other processes
read it. It is useful in environments with a reliable shared file system where direct network discovery
might be complex. Listing 2.3 provides an example where we create a group of four processes and
initialize the communication through a shared file.

import torch.distributed as ptd
# rank should always be specified
3 ptd.init_process_group (

4 backend = "nccl",

&)

5 init_method = ’file :/// mnt/nfs/sharedfile’,
6 world_size = 4,
7 rank = args.rank,

Listing 2.3: Python code for creating four processes and using initialization through a shared file.

2.4 Collective Communication Operations

In this section, we describe the collective operations supported by NVIDIA nccl library [96]. The collective
operations have to be called in each rank, or GPU, using the same count and the same data type, to form a
complete collective operation. Failure to do so will result in an undefined behavior.

Broadcast

The Broadcast operation copies an N-element buffer from the root rank to all the ranks. The root argument
of the operation is one of the ranks, not a device number, and is therefore impacted by a different rank to device

mapping.

rankD frank1l | rank 2 | rankS i rankU rankl rank 2 | rankS
(root) ’ ’
| out [|] = in[i]

Figure 2.3: In a Broadcast operation, all ranks receive data from the root rank.

We can write a small example in PyTorch to demonstrate how the broadcast operation works. First, it is
necessary to initialize a process group with dist.init_process_group, which sets up the communication
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backend, determines how many workers exist, assigns a rank to each worker, and establishes a connection
between workers. We can get the rank of a worker using dist.get_rank.

We create a tensor with nonzero values on rank=0 and tensors full of zeros on the other workers. We
then distribute the rank=0 tensor to all other nodes, often called "ranks" in distributed communication, with
dist.broadcast(tensorIn, src=nodeSrc) (Listing 2.4).

# FILE: collective_ops.py

import torch
import torch.distributed as ptd

def init_process():
grp = ptd.init_process_group (backend="nccl’)
torch.cuda.set_device (ptd.get_rank ())
return grp

def example_broadcast():
if ptd.get_rank () ==
tensor = torch.tensor([1, 2, 3, 4, 5], dtype=torch.float32).cuda()
else:
tensor = torch.zeros (5, dtype=torch.float32).cuda()
print (f"Tensor before broadcast on rank {ptd.get_rank()}: {tensor}")
ptd . broadcast(tensor, src=0)
print (f"Tensor after broadcast on rank {ptd.get_rank()}: {tensor}")

9

if __name__== ’__main__
grp = init_process ()
example_broadcast ()
ptd.destroy_process_group (grp)

Listing 2.4: Python code to experiment with the broadcast collective operation.

We run the above script with torchrun -nproc_per_node=3 collective_ops.py and it produces the
following output.

Tensor before broadcast on rank 1: tensor([0., 0., 0., 0., 0.], device="cuda:1’)
Tensor before broadcast on rank 0: tensor([1., 2., 3., 4., 5.], device="cuda:0’)
Tensor before broadcast on rank 2: tensor([0., 0., 0., 0., 0.], device="cuda:2’)

Tensor after broadcast on rank 2: tensor([1l., 2., 3., 4., 5.], device=’cuda:2’)
Tensor after broadcast on rank 0: tensor([1., 2., 3., 4., 5.], device="cuda:0’)
Tensor after broadcast on rank 1: tensor([1., 2., 3., 4., 5.1, device="cuda:1’)

Note that the rank messages are printed out of order, since we have no control over which print statement is
executed first.

AllReduce

The A11Reduce operation performs a reduction over data, for example a sum, the minimum, or maximum,
across devices and stores the result in the receive buffer of every rank (process). For example, in a sum
Al1lReduce operation between k ranks, each process will provide an array of N values, and receives identically
as result an array of N values, where out[i] = ing[i] + in[i] + - - - + ing—1[i].

Listing 2.5 demonstrates the AllReduce operation. ~Communication setup is accomplished with the
init_process included in Listing 2.4. First, each worker creates a 1D tensor all filled with the rank+1
value. We then retrieve this tensor from all workers, combine them through the sum operation, and redistribute
the resulting tensor [6., 6., 6., 6., 6.] by all nodes.

13
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Figure 2.4: In the A11Reduce operation, each rank receives the reduction of input values across ranks.

def example_AllReduce () :
tensor = torch.tensor ([ ptd.get_rank() + 1] % 5, dtype=torch.float32).cuda()
print (f"Tensor before AllReduce on rank {ptd.get_rank()}: {tensor}")
ptd.all_reduce (tensor , op=ptd.ReduceOp.SUM)
print (f"Tensor after AllReduce on rank {ptd.get_rank()}: {tensor}")

if __name__== ’__main_
grp = init_process ()
example_AllReduce ()

ptd.destroy_process_group (grp)

Listing 2.5: Python code to try the AllReduce collective operation.

The execution of the code included in Listing 2.5 with 3 workers produces the following output.

.], device="cuda:0’)
.], device="cuda:2’)
.], device="cuda:1’)

Tensor before AllReduce on rank 0: tensor([1l., 1., 1., 1., 1
Tensor before AllReduce on rank 2: tensor([3., 3., 3., 3., 3
Tensor before AllReduce on rank 1: tensor([2., 2., 2., 2., 2

Tensor after AllReduce on rank 0: tensor([6., 6., 6., 6., 6.], device="cuda:0’)
Tensor after AllReduce on rank 1: tensor([6., 6., 6., 6., 6.], device="cuda:1’)
Tensor after AllReduce on rank 2: tensor([6., 6., 6., 6 6.], device="cuda:2’)

Reduce

The Reduce operation performs the same operation as A11Reduce, but stores the result only in the receive
buffer of a specified root rank. The root argument of the operation is one of the ranks, not a device number, and
is therefore impacted by a different rank to device mapping. A Reduce, followed by a Broadcast, is equivalent
to an A11Reduce operation.

i rank 0 { rank1 | rank 2 | rank 3 | irank0 | rank 1 | rank 2 | rank 3 |
i (root) |

out[i] = Ej in; [i]
Figure 2.5: In the Reduce operation, one rank receives the reduction of input values across ranks.
Listing 2.6 illustrates reduce operation. First, each worker creates a 1D tensor all filled with the rank+1 value.

We then retrieve this tensor from all workers, combine them through the sum operation, and send the resulting
tensor [6., 6., 6., 6., 6.] torank O node.
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def example_reduce ():
rank = ptd.get_rank ()
tensor = torch.tensor ([rank + 1] % 5, dtype=torch.float32).cuda()
print (f"Tensor before reduce on rank {rank}: {tensor}")
ptd.reduce (tensor , dst=0, op=ptd.ReduceOp.SUM)
print (f"Tensor after reduce on rank {rank}: {tensor}")

if __name__== ’__main_
grp = init_process ()
example_reduce ()
ptd . destroy_process_group (grp)

2.

Listing 2.6: Python code for experimenting with the reduce collective operation.

The execution of the code included in Listing 2.6 with 3 workers produces the following output.

], device=’cuda:2’)
], device=’cuda:1’)
], device=’cuda:0’)

Tensor before reduce on rank 2: tensor([3., 3., 3., 3., 3.
Tensor before reduce on rank 1: tensor([2., 2., 2., 2., 2.
Tensor before reduce on rank ®: tensor([1., 1., 1., 1., 1.

Tensor after reduce on rank 1: tensor([2., 2., 2., 2., 2.], device=’cuda:1’)
Tensor after reduce on rank 2: tensor([3., 3., 3., 3., 3.], device=’cuda:2’)
Tensor after reduce on rank 0: tensor([6., 6., 6., 6., 6.], device="cuda:0’)

AllGather

The AllGather operation gathers N values from k ranks into an output buffer of size k * N, and distributes that
result to all ranks. The output is ordered by the rank index. The AllGather operation is therefore impacted
by a different rank to device mapping. Executing a ReduceScatter, followed by AllGather, is equivalent to an
AllReduce operation.

rank0 | rank1 | rank 2 | rank 3 | i rank 0 | rank 1 | rank 2 | rank 3

out [ j*count+i] = in j [i]
Figure 2.6: In the AllGather operation, each rank receives the aggregation of data from all ranks in the order of the ranks.

def example_all_gather():
rank = ptd.get_rank ()
tensor = torch.tensor ([rank + 1] % 5, dtype=torch.float32).cuda()
gather_list = [
torch.zeros (5, dtype=torch.float32).cuda()
for _ in range(ptd.get_world_size())
]
print (f"Tensor before AllGather on rank {rank}: {tensor}")
ptd.all_gather (gather_list, tensor)
print (f"List of tensors after AllGather on rank {rank}: {gather_list}")
if __name__== ’__main__":
grp = init_process ()
example_all_gather ()
ptd.destroy_process_group (grp)

Listing 2.7: Python code to demonstrate the AllGather collective operation.

Listing 2.7 demonstrates how the AllGather operation works. Each node creates a 1D tensor all filled with the
rank+1 value. Additionally, each node instantiates an object to store the tensors that will be gathered, the list
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gather_list, with a number of elements equal to the size of our group of nodes. Each element of the list is
initialized with an all zero tensor. The AllGather operation retrieves the defined tensor from all workers and
places all of them in the list gather_list of every node.

The execution of the code included in Listing 2.7 with 3 workers produces the following output.

tensor([1., 1., 1., 1., 1.], device="cuda:0’)
tensor([2., 2., 2., 2., 2.], device=’cuda:1’)
tensor([3., 3., 3., 3., 3.], device="cuda:2’)

Tensor before AllGather on rank O:
Tensor before AllGather on rank 1:
Tensor before AllGather on rank 2:

List of tensors after AllGather
tensor([1., 1., 1., 1., 1.7,
tensor([2., 2., 2., 2., 2.],
tensor([3., 3., 3., 3., 3.1,

List of tensors after AllGather

tensor([1., 1., 1., 1., 1.7,
tensor([2., 2., 2., 2., 2.],
tensor([3., 3., 3., 3., 3.1,

List of tensors after AllGather
tensor([1., 1., 1., 1.,
tensor([2., 2., 2., 2., 2.
tensor([3., 3., 3., 3., 3

on rank 1: [
device=’cuda:1’),
device=’"cuda:1’),
device=’cuda:1’) ]
on rank 2: [
device=’cuda:2’),
device=’cuda:2’),
device="cuda:2’) ]
on rank 0: [
device=’cuda:0’),
device="cuda:0’),
device="cuda:0’) ]

Gather

The Gather operation gathers N values from k ranks into an output buffer on the root rank of size k = N. The
root argument of the operation is one of the ranks, not a device number, and is therefore impacted by a different
rank to device mapping.
rank 0 { rank 1 | rank 2 | rank 3 | frank0 i rank1 i rank2 | rank 3 |
! ! ! ! ! ! ! (root) !

out[ j*count+i] = inj [1]

Figure 2.7: In the Gather operation, the root rank receives data from all ranks.

Listing 2.8 illustrates the gather operation. In this case, the rank 0 node instantiates an object to store the tensors
that will be gathered, the list gather_list, with a number of elements equal to the size of our group of nodes.
Each element of the list is initialized with an all zero tensor. Additionally, each node creates a 1D tensor all
filled with the rank+1 value. The rank 0 node, specified by the dst argument of the gather function, retrieves
this tensor from all workers and places them in gather_list.

The execution of the code included in Listing 2.8 with 3 workers produces the following output.

tensor([2., 2., 2., 2., 2.], device="cuda:1’)
Tensor before gather on rank 2: tensor([3., 3., 3., 3., 3.], device="cuda:2’)
Tensor before gather on rank ®: tensor([1., 1., 1., 1., 1.], device="cuda:0’)
List of tensors gathered by rank 0:
[
tensor([1., 1., 1., 1.,
tensor([2., 2., 2., 2.,
tensor([3., 3., 3., 3.,
1

Tensor before gather on rank 1:

1.], device="cuda:0’),
2.], device="cuda:0’),
3.], device=’cuda:0’)
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I def example_gather():

2 rank = ptd.get_rank ()

3 tensor = torch.tensor ([rank + 1] % 5, dtype=torch.float32).cuda()
4 if rank == 0:

5 gather_list = [

6 torch.zeros (5, dtype=torch.float32).cuda()

7 for _ in range(ptd.get_world_size())

8 ]

9 else:

10 gather_list = None
11 print (f"Tensor before gather on rank {rank}: {tensor}")

12 ptd . gather (tensor , gather_list , dst=0)

13 if rank == 0:

14 print(f"List of tensors gathered by rank 0: {gather_list}")
15

16 if __name__== ’__main_

17 grp = init_process ()
18 example_gather ()
19 ptd.destroy_process_group (grp)

Listing 2.8: Python code for experimenting with the gather collective operation.

Scatter

The Scatter operation distributes a total of N = k values from the root rank to k ranks, each rank receiving N
distinct values. The root argument of the operation is one of the ranks, not a device number, and is therefore

impacted by a different rank to device mapping.
i rank 0 { rank 1 | rank 2 | rank 3 | i rank 0 | rank 1 | rank 2  rank 3
' ' : (root) 5 : : |

uut]- [i] = ingy [J*count+i]
Figure 2.8: In the scatter operation, the root rank distributes data to all ranks.

def example_scatter():

1
2 rank = ptd.get_rank ()

3 if rank == 0:

4 scatter_list = [

5 torch.tensor ([i + 1] % 5, dtype=torch.float32).cuda()

6 for i in range(ptd.get_world_size())

7 ]

8 print (f"Rank O list of tensors to scatter: {scatter_list}")
9 else:

10 scatter_list = None

) tensor = torch.zeros (5, dtype=torch.float32).cuda()
print (f"Tensor before scatter on rank {rank}: {tensor}")
13 ptd.scatter (tensor , scatter_list , src=0)

14 print (f"Tensor after scatter on rank {rank}: {tensor}")
15

6 if __name__== ’__main__

17 grp = init_process ()

18 example_scatter ()

19 ptd . destroy_process_group (grp)

Listing 2.9: Python code for experimenting with the scatter collective operation.

Listing 2.9 illustrates the scatter operation. In this case, the rank 0 node instantiates a list scatter_list with
a number of elements equal to the size of our group of nodes. The element in position i of the list is initialized
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with a 1D tensor all filled with the value i+1. Additionally, each node creates an all zero 1D tensor. Then, rank
0 node scatters the list of tensors by all nodes, and each node rank i receives the tensor in position i of the
scattered list.

The execution of the code included in Listing 2.9 with 3 workers produces the following output.

Rank 0 list of tensors to scatter: [

tensor([1., 1., 1., 1., 1.], device="cuda:0’),

tensor([2., 2., 2., 2., 2.], device="cuda:0’),

tensor([3., 3., 3., 3., 3.], device="cuda:0’) ]
Tensor before scatter on rank ®: tensor([®., 0., 0., 0., 0.], device="cuda:0’)
Tensor before scatter on rank 2: tensor([0., 0., 0., 0., 0.], device="cuda:2’)
Tensor before scatter on rank 1: tensor([®., 0., 0., 0 0.], device=’cuda:1’)

], device=’cuda:2’)
], device="cuda:1’)
], device=’cuda:0’)

Tensor after scatter on rank 2: tensor([3., 3., 3., 3.,
Tensor after scatter on rank 1: tensor([2., 2., 2., 2.,
Tensor after scatter on rank ®: tensor([l., 1., 1., 1.,

=N W

ReduceScatter

The ReduceScatter operation performs the same operation as Reduce, except that the result is scattered
in equal-sized blocks between ranks, each rank getting a chunk of data based on its rank index. The
ReduceScatter operation is impacted by a different rank to device mapping since the ranks determine the
data layout.

irank0 [ rank1 | rank 2 | rank 3 | i rank O | rank 1 | rank 2 | rank 3 |

ww
T mE

ut3

out,, [i] = Z; inj[m*count-+]
Figure 2.9: In the ReduceScatter operation, input values are reduced across ranks, with each rank receiving a parcel of the result.

1 def example_reduce_scatter ():

2 rank = ptd.get_rank ()
world_size = ptd.get_world_size ()

4 input_tensor = [

5 torch . tensor (

6 [(rank + 1) % i for i in range(l, 3)], dtype=torch.float32).cuda()*=(j+1)
7 for j in range(world_size)

8 ]

9 output_tensor = torch.zeros (2, dtype=torch.float32).cuda()

10 print (f"List of tensors before ReduceScatter on rank {rank}: {input_tensor}")

11 ptd.reduce_scatter (output_tensor , input_tensor , op=ptd.ReduceOp.SUM)

12 print (f"Output tensor after ReduceScatter on rank {rank}: {output_tensor}")
14 if __name__== ’__main__
15 grp = init_process ()

16 example_reduce_scatter ()
7 ptd.destroy_process_group (grp)

Listing 2.10: Python code for experimenting with the ReduceScatter collective operation.

Listing 2.10 demonstrates how the ReduceScatter operation works. Considering an example with 3 nodes, each
rank node creates a list of three tensors, input_tensor, with the values defined by Equation 2.1. Each node
also defines an output_tensor, filled with zeros. After the ReduceScatter operation, the output tensor in rank
node will have sum of the input tensors in position rank from all nodes.
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[((rank + 1) = D', ((rank + 1) = 2)'],
input_tensor = |[((rank + 1) % 1)* , ((rank + 1) * 2)?], 2.1
[((rank + 1) =« 1), ((rank + 1) % 2)3]

The execution of the code included in Listing 2.10 with 3 workers produces the following output. The output
tensor results from the sums defined in Equation 2.2.

[1,2]+[2, 4]+[3, 6] =[6, 12]
[1,4]+[4,16]+[9, 36] =[14, 56] 2.2)
[1, 8]+[8, 64] +[27, 216] =[36, 288]

List of tensors before ReduceScatter on rank 0: [
tensor([ 1., 2.], device="cuda:0’),
tensor([ 1., 4.], device=’cuda:0’),
tensor([ 1., 8.], device="cuda:0’)]

List of tensors before ReduceScatter on rank 1: [
tensor([ 2., 4.], device=’cuda:1’),
tensor([ 4., 16.], device=’cuda:1’),
tensor([ 8., 64.], device=’cuda:1’)]

List of tensors before ReduceScatter on rank 2: [
tensor([ 3., 6.], device=’cuda:2’),
tensor([ 9., 36.], device="cuda:2’),
tensor([27., 216.], device="cuda:2’)]

Output tensor after ReduceScatter on rank 2: tensor([36., 288.], device=’cuda:2’)
Output tensor after ReduceScatter on rank 1: tensor([14., 56.], device=’cuda:1’)
Output tensor after ReduceScatter on rank 0: tensor([ 6., 12.], device=’cuda:0’)

AlltoAll

In an A11toAll operation between k ranks, each rank provides an input buffer of size k * N values, where the
Jj-th chunk of N values is sent to destination rank j. Each rank receives an output buffer of size k = N values,
where the m-th chunk of N values comes from source rank m.

rank 0 | rank 1 | rank 2 | rank 3 | i rank 0 | rank 1 { rank 2 | rank 3 |

outm [j*count+i] = inj [ m*count + i]

Figure 2.10: The A11toAll operation exchanges data between all ranks, where each rank sends different data to every other rank and
receives different data from every other rank.

Listing 2.11 demonstrates how the AlltoAll operation works. Considering an example with 3 nodes, each rank

node creates an input tensor filled with values given by [0, 1, 2] + rank = 3. After the AlltoALl operation, the
output tensor in rank node will have the values in position rank from the input tensor of all nodes.
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def example_all2all():
rank ptd.get_rank ()
world_size ptd . get_world_size ()
input_tensor torch.arange (world_size) + rank % world_size
input_tensor input_tensor.cuda()
print (f"Input tensor before AIllI2All on rank {rank}: {input_tensor}")
output_tensor = torch.empty ([ world_size], dtype=torch.int64).cuda()
ptd.all_to_all_single (output_tensor, input_tensor)
print (f"Output tensor after AIllI2All on rank {rank}: {output_tensor}")

if __name__== ’__main__"~
grp = init_process ()
example_all2all ()
ptd . destroy_process_group (grp)

Listing 2.11: Python code for experimenting with the AlltoAll collective operation.

The execution of the code included in Listing 2.11 with 3 workers produces the following output.

Input tensor before Al112Al11 on rank 0: tensor([0, 1, 2], device="cuda:0’)
Input tensor before Al112Al11 on rank 1: tensor([3, 4, 5], device=’cuda:1l
Input tensor before Al12Al1l1 on rank 2: tensor([6, 7, 8], device=’cuda:2

Output tensor after Al112Al11 on rank 0: tensor([0®, 3, 6], device=’cuda:0
Output tensor after Al112Al1 on rank 1: tensor([1l, 4, 7], device=’cuda:1’
Output tensor after Al112Al11 on rank 1: tensor([2, 5, 8], device=’cuda:2

2.5 Point-to-Point Communication and Synchronization Operations

In addition to the collective operations, we can consider point-to-point communication and synchronization
operations, such as (i) push, when one node N; sends some data to node N, (ii) pull, when node N,
requests some data from node Np; Pull differs from push only in terms of who initiates the communication,
(iii) wait, when a node pauses its computation and waits for data to be received from another node, and
(iv) barrier, when many machines wait until all those machines reach the same point in their execution,
in order to continue execution from that point. In PyTorch, a barrier can be created with the function
torch.distributed.barrier.

2.6 Types of Parallelism in Distributed Training

Training modern machine learning models has become an increasingly demanding computational challenge.
As models scale to hundreds of billions or even trillions of weights and datasets grow to unprecedented sizes,
single-device training approaches are no longer feasible. Based on community estimates, GPT-4’s training
reportedly utilized a cluster of 20k-25k NVIDIA A100 GPUs over 3 to 4 months. Therefore, if the same
training were attempted on a single A100 GPU, assuming linear scaling, it would take between 5 thousand and
8.3 thousand years to complete.

There are three main types of distributed parallel training: data parallel, pipeline parallel, and tensor parallel.
The latter two methods are often considered two alternatives of model parallelism. Data parallelism replicates
the entire model on each GPU, and each GPU processes a different slice of the training data. In pipeline
parallelism, the model is divided into stages, each allocated to a different GPU. Mini-batches of data are
further divided into micro-batches, which are fed into the pipeline. This allows different stages to process
different micro-batches concurrently, improving GPU utilization compared to naive model parallelism. Tensor
parallelism splits individual operations or layers, for example, a large matrix multiplication from a transformer
attention module, across multiple GPUs. In this example, the weight matrix can be split and partial
computations are done on different GPUs. Tensor parallelism is adequate for dealing with extremely large
individual layers of a model. In the context of sparse Mixture of Experts models, arises another type of
parallelism, expert parallelism, where the expert of a layer are split among GPUs.
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Figure 2.11: Data, pipeline, and tensor parallelism [126].

2.7 How to Select the Parallelism Type

We should opt for data parallelism as the default option, when our concern is convergence speed, our batch
size is on the smaller side (smaller than 64) and our model fits into a single GPU. It works fine on both
single-machine and multi-machine configurations, it is easy to implement, and is typically implemented in
Deep Learning frameworks such as PyTorch and TensorFlow.

The option must be model parallelism if our model does not fit into a single device, when our model has a
lot of parallel branches/paths, or if we want achieve high device utilization and memory efficiency. It is not
recommended to use across multiple machines due to high communication costs. In some cases we have to
implement it by ourselves.

We should opt for pipeline parallelism if our model does not fit into a single device, but using model parallelism
is too difficult. It works really well with sequential models like CNNs and transformers, both across devices
and across machines due to low communication cost between them, and it is not very hard to implement. It be
might be necessary to try several altervatives to split the model ir order to balance the workload across devices.

The option can be hybrid parallelism if we are training a really large model or a lot of large models. If we are
splitting the model across workers, there is usually no reason not to consider data parallelism on top of model
parallelism for quicker convergence.

In conclusion, we compute gradients for subsets of samples in parallel (data parallel), we compute gradients for
subsets of parameters in parallel (model paralell), and we split gradients into a composition of sequential steps
(pipeline parallel).

2.8 Synchronous and Asynchronous Parameter Updates

When training models in a distributed setting with multiple workers processing different subsets of data, a
fundamental question arises: how should the updates calculated by individual workers be combined to update
the shared model parameters? The two primary strategies are synchronous and asynchronous updates, each

presenting distinct trade-offs between computational efficiency, communication overhead, and convergence
behavior [112].

2.8.1 Synchronous Parameter Updates

In a synchronous update scheme, typically implemented as synchronous Stochastic Gradient Descent
(Sync-SGD), all workers operate in a lock-step fashion. The process generally follows these steps (Figure 2.12).

1. Broadcast: A central entity, often a parameter server or a designated worker, broadcasts the current
model parameters (w;) to all N workers.

2. Compute the gradients: Each worker i computes the gradient V f;(w;) using its local data batch and the
exact same parameter version w;.
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3. Communicate and aggregate: Workers send their computed gradients back to the central entity.
Crucially, the system waits until all workers have reported their gradients.

4. Update: The central entity aggregates the gradients, commonly by averaging % f\; 1 Vfi(w,), and applies
the update to the model parameters w,,1 = w, — (% f\i v ﬁ(w,)), where 7 is the learning rate.

5. Repeat: Steps 1 to 4 are repeated using the updated parameters wy, .

Parameter Server

Stores w;

A

1. Send wy

Workers (1..N)

Compute gradi(wy)

2. Send grad;(wy) 4, Store W,

Sync Barrier
(Wait for all gradients)

3. All grads received

Aggregate Gradients
Update w; t0 Wy,

Figure 2.12: Workflow of synchronous SGD. Workers compute gradients based on the same model version (w;) and wait at a
synchronization barrier before the aggregated gradient updates the central model [112].

2.8.2 Advantages of Synchronous Parameter Updates

The first advantage of updating the model’s parameters synchronously is algorithmic simplicity. The behavior
of synchronous SGD closely mimics standard mini-batch SGD performed on a single machine, just with a
much larger effective batch size, correspondent to the sum of mini-batches across all workers. Theoretical
convergence properties often directly result from sequential SGD convergence analysis, making it easier to
reason about convergence rates and hyperparameter tuning. All gradient calculations within a single update step
use an identical model state, ensuring consistent updates based on the most current aggregated information.
Given the same initial state, data partitioning, and random seeds, synchronous training runs are deterministic
and reproducible.

2.8.3 Disadvantages of Synchronous Parameter Updates

The pace of the entire system is dictated by the slowest worker in each iteration (Straggler problem). If one
worker is slow due to hardware variations, network issues, or encountering a particularly complex data batch,
all other workers must stay idle, waiting for it to finish. This significantly reduces overall throughput and
hardware utilization.

The barrier that syncronizes worker’s communication constitutes a synchronization Overhead. Coordinating
many workers simultaneously can lead to communication bottlenecks, especially as the number of workers
increases.
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2.8.4 Asynchronous Parameter Updates

Asynchronous update schemes, such as Asynchronous Stochastic Gradient Descent (Async-SGD), prioritize
worker utilization and system throughput by removing the synchronization barrier. Workers operate more
independently through the following steps.

1. Pull parameters: Worker i requests the latest available parameters, say wy,, from the parameter server.
T; represents the version or timestamp of the parameters received by worker i.

2. Compute gradient: The worker computes the gradient V f;(w;,) using its local data and the parameters
Wy, it received.

3. Push update: The worker sends its computed update (—1V f;(w-,)) back to the parameter server.

4. The sever applies update: The parameter server receives the update from worker i and applies it
immediately to its current parameter version, Wyeyw = Weurrent — IV fi(wr,). Note that weyyren; may already
incorporate updates from other workers that arrived after worker i pulled wr,.

5. Repeat: The worker immediately starts the next iteration over steps 1 to 4 by pulling the newest
parameters, which might already reflect its own previous update and updates from others.

Worker 1 Worker 2 Worker 3..N
L. Pull w_t1 1. Pull w_t2
2. Compute Vf,(w_t1) 2. Compute Vf,(w_12)
3. Push Update 3. Push Update
III
nvf,(w_t1) \\ w_T1 nv,(w_t2) w_t2
Parameter Server

4. Update w ; to W 1

Figure 2.13: Workflow of asynchronous SGD. Workers pull parameters, compute gradients, and push updates independently without
waiting. Updates are applied immediately by the Parameter Server, potentially based on stale parameters w, [112].

2.8.5 Advantages of Asynchronous Parameter Updates

Since workers do not wait for each other, asynchronous updates allow for an higher throughput. Faster
workers can perform more updates in the same amount of wall-clock time, leading to potentially faster initial
progress. Asynchronous updates eliminates idle time caused by waiting at synchronization barriers, especially
beneficial in heterogeneous environments, which corresponds to an improved hardware utilization. Slow
workers do not block faster ones, mitigating the Straggler problem inherent in synchronous methods, which we
call Straggler tolerance.

2.8.6 Disadvantages of Asynchronous Parameter Updates

Gradient staleness is the defining challenge. By the time the update based on w,, from worker i is applied at
the server (at time ¢), the server’s parameters may have already been updated several times by other workers.
The gradient V f;(w,) is thus "stale" relative to the parameters w; it is being applied to. The staleness, often
measured as ¢ — T1;, increases when more workers are considered and when there is a higher communication
latency.

Stale gradients induce convergence issues in the optimization process. Updates might be based on outdated
information, potentially leading to suboptimal convergence paths, oscillations, or even divergence if not
managed carefully, for example, by reducing the learning rate. While convergence can often be proven under
certain assumptions, like bounded staleness, the statistical efficiency, defined as the convergence per unit of
computation/gradient evaluations, might be lower than in synchronous SGD.
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The non-deterministic nature of update timing makes debugging and reproducing specific training runs
extremely difficult.

Managing concurrent access and updates to the parameter server requires a more complex implementation
to ensure correctness and avoid race conditions, although mature deep learning frameworks often handle these
issues.

2.8.7 The Staleness Problem in Asynchronous Updates

The core issue in asynchronous SGD is that a gradient V f;(w,) computed by worker i based on parameters w-,
(parameters from time 7;) is used to update the parameters w, currently held by the parameter server at a later
time ¢. The difference w; — w, represents the changes made by other workers during the interval (7;, 7].

If this difference is large, meaning a high staleness, the gradient V f;(w,,) might be a poor approximation of
the gradient at the current point w;, which is V f;(w;). This discrepancy can hinder convergence. Theoretical
analyses often show that asynchronous SGD can converge if the learning rate is sufficiently small and the
staleness is bounded, but the required learning rate might be smaller than in synchronous SGD, potentially
slowing convergence in terms of iteration count even if wall-clock time per iteration is faster.

2.8.8 Choosing Between Synchronous and Asynchronous Updates

The decision involves balancing system efficiency (throughput, utilization) with statistical efficiency
(convergence quality and speed per iteration).

Feature Synchronous SGD updates Asynchronous SGD updates
Coordination lock-step; independent operation;
barrier synchronization per iteration | no waiting time
Gradient gradients computed on the same gradients computed on potentially
computation model parameters (w;) stale parameters (w;)
Throughput limited by slowest worker higher potential; not blocked
(Straggler effect) by slow workers
System utilization | workers may be idle while waiting | workers are generally kept busy
Communication bursty; more continuous;
requires barrier synchronization no barrier is required
Convergence simpler analysis; more complex analysis;
often more stable can be less stable or slower overall
Staleness no gradient staleness within gradient staleness is inherent
an iteration
Reproducibility easier to reproduce harder due to non-deterministic
(given fixed seeds/data) timing
Implementation simpler barrier logic requires careful handling of

concurrent updates

Table 2.2: Advantages and disadvantages of synchronous and asynchronous parameter updates [112].

2.8.9 Practical Implications

High latency networks exacerbate the staleness problem in asynchronous SGD and increase waiting times in
synchronous SGD. Low latency and high bandwidth networks favor synchronous SGD and make asynchronous
SGD staleness less problematic. With a very large number of workers, synchronous SGD barriers become
expensive, and asynchronous SGD staleness increases. In homogeneous clusters, the Straggler problem in
synchronous SGD is less severe. Heterogeneous clusters often benefit asynchronous SGD’s tolerance to varying
worker speeds. Some models and tasks might be more sensitive to stale gradients than others.

While asynchronous SGD initially promised significant speedups, practical experience and research have shown
that the detrimental effects of staleness can negate the throughput advantage, especially concerning final
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model accuracy. Synchronous SGD, despite the Straggler issue, often provides more stable and predictable
convergence, making it a common default choice, particularly when using efficient communication protocols
like AllReduce. Hybrid approaches like Stale Synchronous Parallel, which allow a bounded amount of
staleness, attempt to find a middle ground. Ultimately, the optimal choice depends heavily on the specific
hardware environment, network conditions, and the characteristics of the learning task at hand.

2.9 Strong and Weak Scaling

Strong scaling and weak scaling are two fundamental concepts in parallel computing used to measure how
effectively a parallel program utilizes increasing computational resources. Speedup is a way to measure the
impact of the parallelism.

Strong scaling refers to the efficiency of processing a workload of fixed size with increasing numbers of
workers. The goal is to solve a problem faster by reducing the execution time, and the key idea is that the
total amount of work remains constant, but it is distributed across more workers, meaning the workload per
worker decreases. The ideal result is obtaining an execution time that is inversely proportional to the number
of workers. For example, doubling the workers should ideally halve the execution time, which correspond
to a linear speedup (Figure 2.14 (i)). The governing law of strong parallelism is often analyzed using the
Amdahl’s Law, which indicates that the speedup is ultimately limited by the fraction of the workload that
cannot be parallelized. Amdahl’s law can be formulated as speedup = m, where s is the proportion of
execution time spent on the sequential part, p is the proportion of execution time spent on the part that can be
parallelized, and N is the number of workers.
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Figure 2.14: Real and ideal speedups of strong and weak scalings. (i) Ideally in strong scaling, the execution time would decrease
linearly on a log-log plot as the number of workers increases. If the parallelization was perfect, the slope would be —1. In this example,
the task does not have good strong scaling performance, but we have not tried it with enough workers to find the point where adding new
workers results in no additional speedup. (ii) Ideally in weak scaling, the execution time would remain constant if we simultaneously
and proportionally scale the problem size and the number of workers. In this example, weak scaling does not increase the execution
time, so this task has good weak scaling performance. This means that a larger problem can be solved in about the same amount of
time as a smaller problem as long as the number of workers increases proportionally.

Weak scaling measures the change in execution time when both the problem size and the number of workers
are increased proportionally, which means that the size of the work assigned to each worker is kept fixed. The
objective is to solve a larger problem in the same amount of time, or maintain efficiency. The main idea id
that the amount of work assigned to each worker remains constant, but the total work done by the system
increases with the number of workers. The ideal result is to maintain the execution time constant, regardless
of the increase in the number of workers and the total problem size (Figure 2.14 (ii)). the governing law of
weak parallelism is analyzed using Gustafson’s Law, which relates the speedup to the sequential fraction of
the workload on a single worker, assuming the work per worker is constant. The Gustafson’s law is based on
the approximations that the parallel part scales linearly with the amount of resources, and that the sequential
part does not increase with respect to the size of the problem. It provides the formula for scaled speedup,
scaled speedup = s + p X N, where s, p and N have the same meaning as in Amdahl’s law. The fundamental
questions answered by strong and weak scalings are illustrated in Figure 2.15.
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Figure 2.15: The fundamental questions answered by strong and weak scaling [14].

2.10 Hardware Considerations

The main hardware characteristics that govern distributed training are the following.

Memory capacity: The total memory footprint of training, including the model state, gradients, optimizer
states and activations, frequently exceeds the High Bandwidth Memory (HBM) available on a single accelerator.
Models larger than the memory capacity of one GPU mandate model parallelism.

Interconnect bandwidth: The speed at which accelerators can communicate with each other directly dictates
the feasibility of parallel architectures. High-bandwidth paths permit communication to occur efficiently
alongside computation. Intra-node connections like NVIDIA NVLink provide massive data transfer rates for
high-frequency synchronization like tensor parallelism. Inter-node slower network fabrics, like InfiniBand or
RoCE, can bottleneck distributed training and favor coarser communication methods like pipeline parallelism.

Computation vs. communication ratio: Modern accelerators, like NVIDIA H100 and H200, execute
computational kernels much faster than they transfer data. At sufficiently large scales, or with small batch
sizes, this asymmetry causes systems to become communication-bound rather than compute-bound.

Hardware topology: 2D and 3D parallel strategies are structured hierarchically to map onto cluster networks.
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For example, a cluster might run tensor parallelism over fast intra-node links, while using pipeline parallelism
and data parallelism across slower cross-node networks.

Parallelism Strategies and Hardware Mapping

Data parallelism divides the training batch across devices and synchronizes gradients. It requires high
inter-node network bandwidth, such as InfiniBand or RoCE, and large batch sizes to hide synchronization
costs. Fully sharded data parallelism significantly reduces the memory footprint per GPU but increases network
communication frequency.

Tensor parallelism shards individual layers and matrix multiplications across multiple accelerators. It requires
ultra-high-speed intra-node interconnects, such as NVLink. Slow interconnects introduce severe latency during
collective operations like AllReduce.

Pipeline parallelism splits the model vertically through sequential layer groups. It has low demand on inter-chip
bandwidth but requires that accelerators to wait for preceding layers to compute. To minimize the resulting
pipeline bubbles, hardware with fast point-to-point transfers and fine-tuned scheduling is recommended.

Expert parallelism routes different tokens in a sequence to specialized, sparse sub-networks, namely Mixture of
Experts. It demands massive All-to-All communication. High-bandwidth fabrics, like NVSwitch, are critical
for routing tokens without bottlenecking the network.

It is important to keep in mind the hardware systems where we train the models. Normal GPU clusters used
for training consist of multiple compute nodes that are connected using either fast Ethernet or a specialized
communication backend like InfiniBand. Each compute node will contain multiple GPUs. The GPUs
communicate with the CPU and CPU RAM via PCle. The GPUs within a single compute node are commonly
connected via a fast interconnect like NVIDIA’s NVLink (Figure 2.16).

It is important to keep in mind this hierarchy when evaluating different training distribution schemes since
GPUs within the same compute node can communicate much faster than GPUs located on different nodes.
As a concrete example, BLOOM was trained on 48 compute nodes, with 8 GPUs each. Rough estimates for
the bandwidth at each level was (i) in NVLink (GPU to GPU), it was approximately 450GB/s up and down,
accounting for a total 900GB/s of bandwidth, (ii) in PCle (GPU memory to CPU RAM), it was approximately
25GB/s up and down, for a 16x PClIe 4.0 connection, and (iii) in Ethernet, for node to node communication
within the same data center, it was approximately 10GB/s. An alternative to Ethernet is InfiniBand, which
is faster at around 50GB/s. For NVLink and PCle, the bandwidth scales linearly with the number of lanes
connected.

Figure 2.16: A generic architecture of a distributed computing system [14].
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2.11 Conclusions

In this chapter, we explored the fundamental principles and practical aspects of distributed training for machine
learning. As models and datasets continue to grow in size and complexity, distributed computing has become
an essential tool for achieving feasible training times and scalable performance. We began by introducing
the concept of distributed systems and motivating their use in machine learning through the rapid expansion
of model sizes, data volumes, and computational capabilities. This naturally led to the need for parallel and
distributed training strategies that leverage multiple GPUs and compute nodes.

Key concepts such as nodes, ranks, world size, and process groups were presented to establish a clear
understanding of how distributed environments are structured and managed. We also examined communication
backends and initialization methods, which enable efficient coordination and data exchange between distributed
processes. A significant portion of the chapter focused on communication mechanisms, including collective
operations such as broadcast, AllRreduce, gather, and scatter, as well as point-to-point communication and
synchronization primitives. These operations form the backbone of distributed computation, allowing processes
to exchange and aggregate information efficiently.

We then discussed different parallelism strategies, data parallelism, pipeline parallelism, and tensor parallelism,
and provided guidance on selecting the most appropriate approach based on model characteristics, hardware
constraints, and performance goals. The importance of hybrid strategies for large-scale systems was also
highlighted. The chapter further examined the trade-offs between synchronous and asynchronous parameter
updates, emphasizing the balance between system throughput, convergence stability, and implementation
complexity. While asynchronous methods can improve hardware utilization, synchronous training often
provides more stable and predictable convergence in practice.

Finally, we covered scaling concepts, including strong and weak scaling, and analyzed how hardware factors
such as memory capacity, interconnect bandwidth, and system topology influence the efficiency of distributed
training systems. In conclusion, effective distributed training requires careful consideration of both algorithmic
design and system architecture. By understanding the interplay between communication, computation, and
hardware, practitioners can design scalable training pipelines that fully exploit modern computing resources.
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This chapter presents the fundamental approaches for scaling machine learning training through
distributed systems, with a focus on data parallelism and parameter server architectures. It
begins by introducing distributed data parallel training, explaining how models are replicated
across multiple devices while datasets are partitioned, and how gradients are synchronized
using collective communication operations such as AllReduce. The chapter also introduces
the parameter server paradigm as an alternative approach for distributed training across
multiple machines. In this model, a centralize server maintains the most up-to-date model
weights, while worker nodes compute gradients and communicate with the server, often
asynchronously. The discussion highlights different execution strategies, including synchronous
AllReduce-based methods and asynchronous training, as well as their trade-offs in terms of
scalability, fault tolerance, and convergence behavior. Building on these foundations, the chapter
explores practical implementations of distributed training frameworks, particularly PyTorch’s
Distributed Data Parallel and RPC-based parameter server setups. It examines key optimization
techniques such as gradient bucketing, overlapping computation and communication, and efficient
synchronization mechanisms. In addition, it covers large-scale distributed optimization methods,
including asynchronous stochastic gradient descent, Downpour SGD, and Sandblaster L-BFGS,
which leverage the parameter server architecture. It is also analyzed the role of communication
algorithms, notably ring, tree, and two-tree AllReduce, and it is evaluated their performance in
terms of bandwidth and latency. It is then presented advanced memory optimization strategies,
including the Zero Redundancy Optimizer and Fully Sharded Data Parallel, which reduce
memory usage by partitioning model states, gradients, and weights across devices. Therefore,
the chapter provides both theoretical insights and practical guidance for designing efficient,
scalable distributed training systems. It highlights the key trade-offs between synchronous and
asynchronous execution, centralized versus decentralized coordination, and the balance between
computation, communication, and memory efficiency in large-scale machine learning.
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3.1 Distributed Data Parallelism

In modern deep learning, because the dataset is too big to be fit into the computing device memory, we could
only do stochastic gradient descent over mini-batches (Figure 3.1). This is the idea behind distributed data
parallel training, where the entire model is deployed to multiple nodes and the data is sharded, that is, it is
horizontally split. Thus, each instance of the model works on a part of the data. For example, if we have 100k
data points in the training dataset, every time we try to update the model we only use for example a micro-batch
with 256 data points to calculate an estimate of the gradients in each node, otherwise we ran out of memory. The
shortcoming of stochastic gradient descent is that the estimate of the gradients might not accurately represent
the true gradients that are obtained with the full dataset. Therefore, model training may take longer to converge.
A natural way to have a more accurate estimate of the gradients is to use a larger mini-batch size or even use
the full dataset. To allow this, the gradients of micro-batches were calculated on each node, the final estimate
of the gradients is the weighted average of the gradients calculated from all the micro-batches.
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Figure 3.1: Data parallel distributed training with stochastic gradient descent.

Mathematically, data parallelism is valid because Equation 3.1 holds.
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Where w are the model weights, % is the true loss gradient relative to the weights calculated on a mini-batch

of size n, % is the gradient calculated on a micro-batch in node k, x; and y; are the features and labels of data

point i, f(x;,y;) is the loss for data point i calculated from the forward propagation, # is the total number of data
points in the mini-batch, k is the number of nodes used in distributed training, my is the number of data points
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assigned to node k, and m; + my + -+ my = n. Whenm; =my = --- =my = %, we could further express the
loss gradient as Equation 3.2.

OLoss 1|0l % %

ow  k 6w+8w+ “+6w (3-2)

In data parallel training, each node trains a copy of the model using its own portion of the data. Thus, each
node runs forward propagation with the same model weights. Next, we summarize a general flow adopted by
data parallelism to update the model weights.

1. Each node gets a micro-batch of different data from a common mini-batch.

2. Each node computes the gradients of the weights using its own micro-batch of data.
3. Each node sends its gradients back to the main node.
4

. Once the main node got the gradients from all k nodes, which means there is an implicit synchronization
here, calculates the average of the gradients received from all k£ nodes.

hd

The model weights are updated using the averaged gradientss, as in standard stochastic gradient descent.

6. The updated weights are then broadcast to all the nodes so that we can continue training on the next
mini-batch of data.

7. Steps 1 to 6 are repeated for a specified number of mini-batches or until convergence is reached.

It is worth noting that there are different ways to implement data parallelism in distributed training, and
the specific details of how weights are updated may vary depending on the framework and algorithm used.
However, the idea of using gradient averaging to synchronize the model weights across node remains a common
approach.

Data parallelism allows for training a model faster by replicating this model among multiple compute nodes, and
dividing the dataset among them. Data parallelism works particularly well for models that are very parameter
efficient, like CNNs. The term efficiency refers to a high ratio between floating-point operations and forward
passes or number of weights. To simplify things, in this section we will consider only sequential models, where
the output is given by Dout = Layery(Layery_1(...(Layer|(Din)))).

Figure 3.2 illustrates the functional building blocks that we will use for understanding how parallel training
works. Each block takes the inputs on the left and transforms them into the outputs on the right. The purpose
of the cache block is to store its input data until it is needed again [13].
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Figure 3.2: The building blocks used to represent the forward and backpropagation during model training [13].

After having run backpropagation to compute the gradients, we use the optimizer to update the weights, and
we represent this optimization task with the block included in Figure 3.3.

31



Optimizer state
for Loyer N —P 77
Weights of Layer N —p |/
Vioss wrt Weights — \
of Lw./ef‘li/

/ upo!ou‘tep( We.s,h‘ts
7 for Layer N

Figure 3.3: The building block that represents the weights’ optimization [13].

In general, the state associated to model training consists of the following types of information: (1) layer
weights, (2) cached layer outputs, also called activations, (3) gradients with respect to the weights, often just
called gradients, (4) gradients with respect to the layer inputs, often called errors, and (5) the optimizer state.

When we put together the building blocks for the forward, backpropagation and cache of each layer, we end up
with a visual representation for the model computation graph that is called pebble graph. The pebble graph
depicted in Figure 3.4 illustrates how the cached activations are built up during the forward pass (in green) and
discarded once the corresponding backward pass is run (in red). We see that the gradients with respect to each
layer’s weights w; are available after having run the backwards pass for a given layer (in purple). The graph
also shows the gradients with respect to the layer inputs (in brown). The figure is also annotated with the "time
step" in which every part of the data is produced and consumed.
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Figure 3.4: Example of a pebble graph for a model with four layers [13].

We depicted backpropagation in Figure 3.4 as it occurs in sequential training, where we have a single compute
node, which has the complete model loaded into memory. During each iteration of training, we load the next
minibatch and perform a forward pass through the model while caching each layer’s outputs. Then, we calculate
the loss and run the backward pass, which calculates the gradients. This process is illustrated in a simplified
form in Figure 3.5, using MNIST images as input data and a minibatch size of 6.
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Figure 3.5: Forward and backpropagation steps of sequential training with MNIST images [13].
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Data parallelism works by duplicating the model across N machines, spliting each minibatch into N chunks,
and leting each machine process a distinct chunk. By splitting the data across multiple nodes, two nodes in
Figure 3.6, there is less work to do for each node, and, if we neglect communication overhead, training should
be 2x faster. The samples in each minibatch can be independently processed, except in batch normalization
layers, hence communication is not required during the forward pass, which calculates the output for each
sample, nor during the backward pass, which calculates the gradient of a single sample’s loss with respect to

the weights.
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Figure 3.6: Pebble graph relative to data parallel training with two nodes [13].

To achieve sequential consistency, it is necessary to synchronize the gradients before updating the model
weights. We consider that a distributed algorithm is sequentially consistent if the resulting gradients are the
same as if we had calculated them using sequential training on a single machine. The most commonly used
loss functions include a mean error calculated across all samples of the minibatch, as occurs in Equation 3.3.

1 minibatchs ize

loss(minibatch) = — Z error(output;, target;) 3.3)
N i=0

The gradient of a sum is the sum of the gradient of each term. Thus, we can calculate the gradients of the
samples independently on each machine and sum them up before performing the weights’ update. If we
are using stochastic gradient descent (SGD), there is no difference between synchronizing the weights or the
gradients, because + v Z W+ AVW) = W + ﬁ fi , VW;. However, this equivalence does not hold when a
stateful optimizer, like Adam, is being used because updating the state is a non-linear function of the gradients.
If we use Adam and synchronize the weights instead of the gradients, the optimizer states on each node diverge
and we lose the sequential consistency. After the synchronization, we want the gradient on each node to be the
same and its value is given by Equation 3.4.
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Once the synchronization is complete, we can perform the weight update and update the optimizer state.
Summing up the distributed gradients and making the sum available on every node is achieved using the
MPI.Al1lReduce operation.

Conceptually, data-parallel training is sequentially consistent. However, this does not mean that we get equal
outputs between sequential training and data parallel training in practice. To sum up the gradients, we need to
use the MPI AllReduce operation, which collects the individual results from each node, computes the reduction
from all of them which, in our case, is the sum of the gradients obtained for each chunk into which the minibatch
was divided, and communicates the result back to all nodes. AllReduce chooses the ordering for summing up
the gradients for us, for example, (V| +V>)+V3 or V| +(V,+V3). This would not be a problem if the summation
was commutative and associative. Unfortunately, floating-point math is not associative, hence the result will
not be exactly the same as in sequential training. In practice, the difference between the expected gradients
from sequential training versus the gradients from data-parallel training is small enough that we can just ignore
this issue. However, it is good to keep in mind that the gradients are not exactly the same, and debugging is
more difficult than in sequential training.

Let us now briefly discuss AllReduce as used in data-parallel training. We will cover AllReduce in more detail
in Section 3.3. The MPI specification guarantees that the result of AllReduce is exactly the same on every node.
This is not straightforward, due to the non-associativity of floating-point operations. Hence we have to make
sure that local reductions happen in the same order. For example, the naive algorithm illustrated in Figure 3.7
would not fulfill the MPI specification, since the local sums happen in different orders.
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Figure 3.7: Ring AllReduce animation that explains how the reduction operation is implemented in a three-nodes setup [13].

Although we are not going to discuss AllReduce in detail, let us briefly address the bandwidth and latency
of Ring AllReduce, one of the most common algorithms for implementing AllReduce. In Ring AllReduce,
in each communication between nodes, a node sends % values to its two neighbors, where the
division by NumberNodes is a consequence of each node being responsible for aggregating only a parcel of the
total amount of parameter gradients. Thus, considering all AllReduce transactions, each node needs to transfer
2(NumberNodes — 1)NunberParameiers figa(g hetween itself and its two neighbors in the ring. Discarding the
m% inaccuracy, the size of data transferred does not depend on the number of nodes. Further, Ring
AllReduce is bandwidth optimal, meaning there is no way to achieve the same task and to transfer less data. This
allows us to estimate that the time spent on communication is greater than or equal to %, considering
a full-duplex connection that ensures that, during Ring AllReduce, each node is sending and receiving data

simultaneously.

Again for Ring AllReduce, we need to perform (NumberNodes — 1) MPI.ReduceScatter operations, and
(NumberNodes — 1) MPI.AllGather operations. This means that while adding more nodes does not require
bigger data transfer, it does require linearly more communication rounds. How much that impacts the overall
runtime will depend on the latency between the nodes.

We can visualize how AllReduce is used in Figure 3.8. Here, once the gradients are calculated, AllReduce is
performed using all nodes in our MPI.Communicator.
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Figure 3.8: Apply AllReduce to combine gradients from all nodes, two nodes in this case [13].

The straightforward way of implementing data parallel distributed training is to run a full forward and backward
pass, and before calling optimizer.step(), syncing the gradients. In PyTorch, syncing the gradients can be
as simple as the two lined of code included in Listing 3.1.

for param in model.parameters () :
comm. Allreduce (MPI.IN_PLACE, param.grad, op=MPI.SUM)

Listing 3.1: Synchronizing the gradients of all model’s weights calculated by multiple nodes in data parallel training.

This implementation is suboptimal since it divides our training into two stages. During the first stage, forward
and backward passes, the network does nothing and is waiting for the processors to finish computing. During
the second stage, AllReduce, the network is communicating as fast as possible, while the processors are idle.
We can visualize this type of training in Figure 3.9.
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Figure 3.9: Running paralllel training without considering overlap between computation and communication [13].

However, Figure 3.9 shows that, for example, the gradients of the third layer are available once we have
performed the backward pass through this third layer. If we start a non-blocking AllReduce for third
layer’s parameter gradients as soon as they are ready, our network will be busy doing useful work while our
processors are independently calculating the gradients for the second layer. This strategy, called interleaving
of communication and computation, allows us to optimize parallel training. We can visualize the interleaved
implementation of data parallel training in Figure 3.10.
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Figure 3.10: Running paralllel training using overlap between computation and communication [13].

In conclusion, data parallel training works particularly well when (i) our network is parameter efficient, since
each minibatch requires sending all model weights over the network and (ii) the minibatch size is large. The
minibatch size is an upper limit to the degree of data parallelism. Small minibatch sizes mean small inputs,
which decreases the operational intensity of matrix multiplication, and that will lead to inefficient computation.

3.1.1 Distributed Data Parallel in PyTorch

PyTorch’s Distributed Data Parallel (DDP) enables efficient training by running multiple replicas of the same
model across different processes, typically with one process per GPU. At the start of training, each process
initializes an identical copy of the model with the same weights. This ensures that distributed training remains
equivalent to training on a single machine.

Once initialized, the dataset is partitioned across processes so that each process works on a different subset
of data. During each iteration, every process independently executes a forward pass on its local mini-batch,
followed by a backward pass to compute gradients. Because each process sees different data, the resulting
gradients differ across replicas.

The key operation in DDP occurs during the backward pass. As gradients are computed, DDP automatically
intercepts them, through the specified hooks, and coordinates their synchronization across processes. Rather
than waiting for the entire backward pass to complete, gradients are grouped into buckets and communicated
as soon as they are ready. This allows communication to overlap with computation, improving efficiency.

Gradient synchronization is performed using the AllReduce operation, which aggregates gradients, typically
by averaging, across all processes and redistributes the resulting gradients. After this step, all model’s replicas
share the same gradients. Each process then independently updates its model using the optimizer, ensuring that
all replicas remain synchronized.

The training process in DDP can be summarized as follows.

1. Initialization: Multiple processes are launched, each loading the same model architecture and identical
weights.

. Data distribution: The dataset is split across processes, typically using a DistributedSampler.

. Forward pass: Each process performs local computation independently, without communication.

2

3

4. Backward pass: Gradients are computed locally via backpropagation.

5. Gradient synchronization: Gradients are grouped into buckets and synchronized using AllReduce.
6. Optimizer step: Each process updates its model using the synchronized gradients.

7. Repeat: The process repeats steps 1 to 6 for the subsequent training iterations.

The performance of DDP relies on three key optimization strategies: gradient bucketing, overlapping
computation with communication, and skipping synchronization.
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Gradient Bucketing

Neural networks produce many small gradient tensors, and communicating them individually incurs significant
overhead. DDP addresses this by grouping gradients into larger buffers called buckets. Once a bucket is
filled, it is communicated using a single AllReduce operation. This reduces communication calls and improves
bandwidth utilization.

Overlapping Computation and Communication

In a naive approach, communication begins only after the model’s backward pass is complete, causing idle
time. DDP avoids this by starting communication as soon as each bucket is ready, while the backward pass
continues for remaining layers. This overlap hides communication latency and improves resource utilization.

Skipping Synchronization

Since synchronization can be expensive, DDP allows it to be skipped in certain scenarios, such as gradient
accumulation. Using mechanisms like no_sync(), gradients can be accumulated locally over multiple
iterations and synchronized only when necessary. This reduces communication frequency but must be used
carefully to preserve convergence.

Hook Mechanism

The efficiency of DDP is enabled by its hook mechanism, which integrates with PyTorch’s autograd system.
During the backward pass, PyTorch traverses the computational graph in reverse order to compute gradients.
DDP attaches an autograd hook to each parameter, triggering it as soon as the corresponding gradient is
computed. This allows DDP to react immediately without modifying user code. Hooks support the above
mentioned optimization techniques.

e Gradient bucketing: gradients are collected into buckets and an hook helps detecting when a given bucket
is complete;

e Opverlapping: hooks also help launching communication as soon as gradients are available;

e Skipping synchronization: hooks are also usefull to alter the gradient’s synchronization behavior by
accumulating gradients locally when needed.

This event-driven mechanism allows DDP to efficiently coordinate computation and communication.

Figure 3.11 contains the pseudo-code for the PyTorch’s Distributed Data Parallel algorithm. The constructor
method executes two main steps, broadcasting model states to all nodes and seting up autograd hooks.
Calling add_post_hook is used to inform the autograd engine that it must execute the specified logic
(autograd_hook) immediately after the specified parameter’s gradient (acc) as been computed, in the
backward pass. The forward method is a simple wrapper of the model’s forward method, and is used for
traversing the autograd graph and mark unused weights as ready. The autograd_hook takes the internal
parameter index as input, which helps to find (i) the parameter tensor associated with this index and (ii) the
bucket it belongings to. It writes the local gradient to the correct offset in the bucket and then launches an
asynchronous AllReduce operation. There is an additional finalizing step, omitted in the pseudo-code, that
waits for AllIReduce operations and writes the aggregated gradient value into the local gradients at the end of
the backward pass.

Despite its advantages, DDP has some limitations, namely (i) the communication overhead increases with
model size and number of GPUs, (ii) performance depends on the configuration parameters, such as the bucket
size, and (iii) efficient data loading and process synchronization are required to achieve good performance.
In conclusion, DDP accelerates training by optimizing multiple model replicas in parallel and synchronizing
gradients after each backward pass. Through optimized communication strategies such as gradient bucketing,
overlap of computation with communication, and selective synchronization, it achieves high efficiency and
scalability while maintaining correctness.
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Input: Process rank r, bucket capacity c, local model net
method constructor(net):
if r=0 then
Broadcast net states to other processes
Initialize buckets, allocate weights to buckets
in the reverse order they appear in net.parameters()
for p in net.parameters() do
acc = gradient accumulator of parameter p
add_post_hook(acc, autograd_hook)
method forward(Din):
Dout = net(Din)
Traverse autograd graph starting at Dout and mark unused weights as ready
return Dout
method autograd_hook(param_index):
Get bucket bi and bucket offset using param_index
Get parameter p that corresponds to param_index
view « bi.narrow(offset,p.size())
view.copy_(p.grad)
if all grads in bi are ready then
Mark bi as ready
Launch AllReduce on ready buckets in order
if all buckets are ready then
Block waiting for all AllReduce operations

Figure 3.11: Algorithm for PyTorch distributed data parallel training class [119].

3.1.2 Practice with Distributed Data Parallel Training

To demonstrate how distributed data parallel training works ins practice we will consider the simple model
defined in Listing 3.2.
class SimpleModel (nn.Module) :
# A simple model to explore DDP training
def __init__ (self):
super (SimpleModel , self).__init__ ()
self .netl = nn.Linear (10, 10)

self.relu = nn.ReLU()
self .net2 = nn.Linear (10, 5)

def forward(self, x):
return self.net2(self.relu(self.netl(x)))

Listing 3.2: A simple neural network with three layers.

Integrating DDP into a standard PyTorch training requires a few modifications: (1) setup the distributed
environment, (2) initialize the group of processes to use, 3) prepare a distributed data loader, (4) wrap the
model with DistributedDataParallel, and (5) adjust the training loop.

1. Environment Setup

First, we have to launch multiple Python processes, one for each node/GPU. Standard tools like torchrun
or the older torch.distributed.launch handle this. These tools set the necessary environment
variables, such as MASTER_ADDR, MASTER_PORT, RANK, and WORLD_SIZE, which are needed for calling
init_process_group. We also have to determine the local_rank, which typically corresponds to the GPU
index the current process should use.
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import torch
import torch.distributed as dist
import os

# Assuming that RANK, WORLD_SIZE, LOCAL_RANK environment variables were set by launcher
rank = int(os.environ[ 'RANK’ ])

world_size = int(os.environ[ WORLD_SIZE’ ])

local_rank = int(os.environ[ LOCAL RANK’ ])

# Initialize the group of processes
dist.init_process_group (

backend = ’nccl’, # ’nccl’ for GPU, ’gloo’ for CPU
rank = rank,
world_size = world_size ,

)

# Set the device for the current process
torch.cuda.set_device (local_rank)
device = torch.device(f"cuda:{local_rank}")

Listing 3.3: Initialize the group of processes to use in distributed training.

2. Initialize the Group of Processes

Next, we initialize the distributed backend using the code included in Listing 3.3, which selects the
communication backend and the number of precess to consider in distributed training. It is highly recommended
to use the nccl backend for training in NVIDIA GPUs due to its superior performance.

3. Prepare a Distributed Data Loader

We also have to modify the data loading to include DistributedSampler. This sampler ensures each process
gets a different chunk of a minibatch without overlap between chunks (Listing 3.4).

from torch.utils.data import DataLoader, Dataset
from torch.utils.data.distributed import DistributedSampler

# Assume that ’train_dataset’ is our torch.utils.data.Dataset instance

train_sampler = DistributedSampler (
train_dataset ,
num_replicas = world_size ,
rank = rank,

)

# Use ’shuffle=False’ because DistributedSampler handles shuffling
# Using ’pin_memory=True’ can speed up host—device communication

train_loader = DatalLoader (
train_dataset ,
batch_size = chunk_size,
sampler = train_sampler ,
num_workers = num_workers_per_process ,
pin_memory = True,
shuffle = False ,

Listing 3.4: Prepare a distributed data loader.

Note that the argument batch_size of the DataLoader refers to the chunck size assigned to each process.
The total effective batch size across all processes is chunk_size * world_size. We should set the argument
shuffle to False in the DatalLoader because the DistributedSampler takes care of shuffling the data
appropriately across epochs.

4. Wrap the Model

Now, we instantiate the model and move it to the computing device assciated to the current process before
wrapping the model with DistributedDataParallel (Listing 3.5).
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import torch.nn as nn
from torch.nn.parallel import DistributedDataParallel as DDP

# Instantiate the model
model = SimpleModel () .to(device) # Move the model to the correct device first

# Wrap the model with DistributedDataParallel

# ’device_ids’ should contain the single GPU ID for this process

# ’output_device’ should be the same as ’“device_ids[0]’

model = DDP(model, device_ids=[local_rank], output_device=local_rank)

Listing 3.5: Instantiate the model and wrap it with DistributedDataParallel.

device_ids tells DDP which GPU(s) this process manages, usually just one and identified by the
local_rank, and output_device specifies where the output from the model should be placed, typically
is the same device.

5. Training Loop Adjustment

The core training loop remains the same. The main difference is that loss.backward() now implicitly
triggers the gradient synchronization across all processes (Listing 3.6). It is standard practice the training
loop to include logging, saving model checkpoints, and a validation step, which run primarily on a single
process, usually the one with rank zero, to avoid redundant operations and a cluttered output. We should call
train_sampler.set_epoch(epoch) at the beginning of each epoch to ensure a different data shuffling per
epoch when using DistributedSampler. Finally, we call dist.destroy_process_group() when training
finishes to free the computing resources.

optimizer = torch.optim.SGD(model.parameters (), lr=learning_rate)

for epoch in range(num_epochs):
# Set epoch for sampler to ensure proper shuffling across epochs
train_sampler.set_epoch (epoch)
model . train ()

for batch_id, (data, target) in enumerate(train_loader):
data, target = data.to(device), target.to(device) # Move data to the process GPU
optimizer.zero_grad ()
output = model(data)
loss = loss_fn (output, target)
loss .backward () # Triggers gradient synchronization
optimizer.step () # Updates local replica with averaged gradients

if rank == 0 and batch_id % log_interval == 0: # Log only on rank 0 device
print (f"Epoch: {epoch} | Batch: {batch_id} | Loss: {loss.item()}")

# Kill the created processes
dist.destroy_process_group ()

Listing 3.6: A minimalist training loop.

Listing 3.7 contains (i) an example of the code necessary for launching the distributed data parallel training
in multiple GPUs and (ii) the structure of the function that each parallel process executes (ddp_train). The
implementation of all the tasks described in this function, except creating the training dataset, can be found in
the previous five listings. Just to complete the implementation, Listing 3.8 includes a function for creating a
CIFAR10 dataset for training.

40



def ddp_train(

# Function executed by all processes
rank : int ,
world_size: int ,
final_model_path: str,
):
os.environ [ "MASTER_ ADDR"] = "localhost"
os.environ [ "MASTER PORT"] = "54321" # select any idle port on your machine
init_process_group (backend="nccl", rank=rank, world_size=world_size) # "gloo" "nccel"

Setup training hyperparameters

Create a training Dataset

Create a training DistributedSampler

Create a training DatalLoader —> train_loader

Instantiate the model —> model

Wrap the model with DistributedDataParallel —> ddp_model
Select the optimizer —> optimizer

for epoch in range (number_epochs):
train_sampler.set_epoch (epoch)
ddp_model. train ()
for (data, target) in train_loader:
Train the ddp_model for an iteration
Kill the created processes
if __name__ == "__main__
world_size = torch.cuda.device_count ()
final_model_path = Path("./models/CIFAR10_ddp_epochl5.pt")
mp. spawn (

ddp_train ,
args = (world_size , final_model_path),
nprocs = world_size , # number of processes — # gpus

Listing 3.7: Pseudo-code for start training with DDP.

def cifar_dataset(data_root: Path) —> Dataset:
transform = transforms .Compose (
[
transforms . ToTensor () ,
transforms . Normalize (
mean = (0.49139968, 0.48215827, 0.44653124),
std (0.24703233, 0.24348505, 0.26158768),

)
]
)

trainset = CIFAR1O(root=data_root, train=True, transform=transform , download=True)
return trainset

Listing 3.8: Create a CIFARIO dataset for training.
We present next a few consideration about distributed data parallel training.

a. Saving and Loading Model Checkpoints

When saving aDistributedDataParallel model, it is often necessary only one process, for example the one
with rank zero, to save the training state dictionary. DistributedDataParallel wraps the original model,
so the saved state dictionary will have keys prefixed with "module.". Thus, we need to account for this prefix
when loading the training state dictionary into a non-distributed model or, otherwise, access the underlying
model using model .module.state_dict() (Listing 3.9).
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# Saving the model checkpoint only on rank O
if rank ==
torch.save (model.module. state_dict (), "simple_model.pth")

# Loading the model checkpoint on all ranks
map_location = {’cuda:%d’ % 0: ’cuda:%d’ % local_rank} # Map to current device

checkpoint = torch.load("simple_model.pth", map_location=map_location)

# Create a model instance
model_instance = SimpleModel () .to(device)

# Load the state dictionary into the instantiated model

3 model_instance.load_state_dict(checkpoint)

# Wrap the model with DistributedDataParallel
ddp_model = DDP(model_instance , device_ids=[local_rank], output_device=local_rank)

Listing 3.9: Saving and loading model checkpoints on a DDP context.

b. Batch Normalization

DistributedDataParallel handles the synchronization of batch normalization statistics correctly across
processes. Unlike DataParallel, we usually do not need torch.nn.SyncBatchNorm, although it can be
used if necessary.

¢. Mixed Precision

DistributedDataParallel supports automatic mixed precision (AMP) through torch.cuda.amp. Thus,
we wrap the model with DistributedDataParallel after instantiating a GradScaler and follow the
standard AMP procedure in the training loop. According to PyTorch documentation, when the forward
pass for a given operation has float16 inputs, the backward pass for this operation will produce float16
gradients. Gradient values with small magnitudes may not be representable in £1loat16. These values will be
approximated by zero, so the update for the corresponding weights will produce no effect. To prevent underflow,
gradient scaling multiplies the losses by a scale factor and runs the backward pass using the scaled losses. As
a consequence, the gradients computed during the backward pass will also scaled by the same factor. In other
words, gradient values will have a larger magnitude, so they are approximated by zero.

d. Identify the Parameters without Calculated Gradients

If some of the model’s weights are not updated through the gradients during the backward pass, for example
due to conditional logic in the forward method, DistributedDataParallel’s backward pass synchronization
might hang, waiting for gradients that are not calculated. Setting find_unused_parameters=True in
the DistributedDataParallel constructor resolve this issue, but it adds some overhead. It is generally
preferable to ensure that all weights require gradients participate in the loss computation.

Overall, DistributedDataParallel provides a high-performance mechanism for scaling training across
multiple GPUs and nodes. By understanding its multiprocessing architecture, reliance on collective
communication for gradient averaging, and the necessary adjustments to data loading and model wrapping,
we can effectively train larger and more complex models faster than with sequential training.

3.2 Parameter Server

The previous section discussed how to scale model training on multiple processes, often running on single
machine CPUs or GPUs. When we need to scale up to huge datasets and models, eventually one machine would
be insufficient. Thus, this section covers methods for using multiple machines to run model training, namely
the parameter server proposal. Parameter server was first proposed by Google in the DistBelief paper [47].

Among the parameter server implementations are (i) PyTorch RPC-based distributed training (RPC), where
RPC facilitates communication between the worker nodes and the parameter server, enabling efficient
synchronization of the model parameters during training, and (ii) TensorFlow ParameterServerStrategy
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that distributes the training steps for a cluster that scales up to thousands of workers, accompanied by parameter
servers. This configuration is known as asynchronous training.

We should consider using parameter server (i) in a federated learning scenario or (ii) when we want to train
the model with multiple workers asynchronously using spot instances. In this case, if some workers fail, it
does not hinder the cluster from continue working. This enables the cluster to train using instances that may
occasionally become unavailable, such as preemptible or spot instances.

Communicating over the network can have high latency, so an important aspect of distributed training is
overlapping computation and communication. For the best performance, we want the worker nodes to be
occupied with useful work while communication is going on, rather than having to stop and wait for the
communication to finish.

3.2.1 Running Stochastic Gradient Descent with AllReduce

AllReduce allows for running optimization algorithms, such as stochastic gradient descent (SGD), in a
distributed way [46]. The key idea is to parallelize each minibatch of size BS in multiple chunks of size
uBS . We start with a copy of the weights w; on each worker. If the SGD update rule is given by Equation 3.5,
if L; is the loss function associated to data point i, there are N worker nodes and we consider BS = N - uBS,
then we can re-write the update rule as indicated in Equation 3.6.

BS

1
Wit = we = e > Vi, (w1) (3.5)
b=1
1 ZNl 1 Lf
Witl = Wr =1t - —=a VLin’;,,,(Wt) (3.6)
N - uBS e

In this way, the computation of the inner sum in Equation 3.6 for n = 1 is assigned to worker 1, the computation
of the inner sum for n = 2 is assigned to worker 2, until the computation of the inner sum for n = N being
assigned to worker N. After all the gradients are computed, we can perform the outer sum with an AllReduce
operation, and we get the aggregated gradients formulated in Equation 3.7. After the AllReduce operation, all
the worker nodes will have these aggregated gradients. After that, each worker can individually update the
weight values from w; to wy;| and the results should be identical in all nodes. This corresponds to the algorithm
included in Figure 3.12.

N uBS
1
aggregated gradients = Z "l Z VL;,, (W) 3.7
o

This workflow can also be adopted for running other optimization algorithm, such as Adam and SGD with
Momentum, distributedly and using AllReduce.

Among the advantages of distributed SGD with all-reduce are (i) it is easy to reason about, since it is statistically
equivalent to minibatch SGD, (ii) it is easy to implement, since all the worker machines have the same role
and it runs on top of standard distributed computing primitives. Some disadvantages include (i) while the
communication relative to the AllReduce operations is occurring, the workers are mostly idle, since it does not
overlap computation and communication, (ii) the effective minibatch size is growing with the number of nodes,
and there are cases where we do not want to run training with a large minibatch size for statistical reasons and,
as so, distributed SGD can prevent us from scaling training to a large number of nodes.

There are two general options to get the training samples in distributed learning: (i) reserve one or more
non-worker nodes for storing the training data, for example, through a distributed in-memory filesystem, and
have the worker nodes load training samples from those servers, (ii) partition the training data among the
workers and store the parcels locally on the worker’s memory.
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Requires: number of nodes N, per-node minibatch size uBS
Requires: learning rate schedule 7, initial parameters wg, number of iterations T
Requires: loss function values L; , Ly, - -+, L,ps
for n =1 to N run in parallel on node n
Load initial wq
forr=1to T do
Select a minibatch of data [iy, 14, in2s, ** *» inuss.t] of size uBS
Compute gradients g, ; < ﬁ Zzljf VL, (Wi-1)
Run AllReduce across all workers to compute aggregated gradients G; = ZQ’:] 8nit
Update the model weights w; < w,_j — % - G,
end for
end parallel for
return wr obtained from any selected node

Figure 3.12: Algorithm for distributed stochastic gradient descent with AllReduce [46].

3.2.2 The Parameter Server Architecture

Often the convergence of an optimization algorithm is measured by some function over the model’s weights at
time ¢, for example, the loss function or the norm of the gradient, which decreases with ¢ and gives us feedback
about the algorithm progress. Thus, to evaluate the algorithm convergence, we must have access to the weight
values at time ¢ when the algorithm is running. In SGD, the weight values after running the algorithm for ¢
timesteps is given by w1 = wy — 17, VL (wy).

In sequential training, the weights at time ¢ are just the values of some array stored in memory at this time. But
in a distributed setting, there is no shared memory and communication must be done explicitly. Each machine
will usually have one or more copies of the weights at any given time, some of which may have been updated
less recently than others, especially if we want to do something more complicated than vanilla AllReduce. This
raises a relevant question when using a distributed algorithm: what are the weight values at a certain time?

In SGD with AllReduce, since the weight values are the same on all worker nodes, which is guaranteed by the
AllReduce operation, the identical values owned by every node are the effective weight values at any given time.
The parameter server model gives a different answer to the raised question, since it assigns to a single machine,
the parameter server, the explicit responsibility of maintaining the current weight values. The most up-to-date
weights are those stored in the parameter server’s memory. The parameter server updates its weights by using
gradients computed on the worker nodes, and pushed to the parameter server. Periodically, the parameter server
broadcasts its updated parameters to all the workers, so that they can use the updated weights to compute the
gradients. Figure 3.13 depicts the diagram of a centralized parameter server architecture.

@3 Worker 1

Worker 2 \
“\ Parameter

Training Server
Data
model

A RNAN

model
@3 Worker 3
model

Worker 4
model

Figure 3.13: A centralized parameter server architecture.
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There are many ways to run model training over a parameter server architecture, but one of the most common
is asynchronous distributed training, and its algorithm is included in Figure 3.14.

Requires: loss function values L; , Ly, ---, Ly,ps
Requires: number of worker nodes N, per-node minibatch size uBS
Requires: learning rate 7, initial weights wo, number of iterations per worker T

for n = 1 to N run in parallel on node n
Load wy, o from the parameter server
fort=1to T do
Select a minibatch of data [iy 1, in2s, - - -, inups.] of size uBS
Compute the gradients g, ; < ﬁ Zfo VL, (Wns-1)
Push the gradients g, to the parameter server
Receive the new model weights w, ; from the parameter server
end for
end parallel for

run in parallel on parameter server
Initialize the model weights w < wy
loop
Receive a gradient g from a worker node
Update model weights w «— w —ng
Send updated weights w back to the worker
end loop
end run on parameter server
return wr obtained from any node

Figure 3.14: Algorithm for asynchronous distributed stochastic gradient descent with parameter server [46].

If the weights are too numerous for a single parameter server to handle, we can use multiple parameter servers.
In this case, we partition the weights equally among the multiple parameter server, and each parameter server
is only responsible for maintaining the weights in its partition. When a worker wants to send its gradients, it
will partition the gradient vector and send each chunk to the corresponding parameter serve. Later, the worker
will receive the corresponding chunk of the updated model’s weights from that parameter server.

In the next two sub-sections, we present two large-scale distributed optimization algorithms: Downpour SGD
and Sandblaster L-BFGS. Both methods leverage the concept of a centralized parameter server presented
before. Both methods were designed to tolerate different processing speeds on the different worker nodes,
and withstand even the total failure of worker nodes due to them being randomly shut down or restarted [47].

3.2.3 Downpour Stochastic Gradient Descent

Stochastic gradient descent is likely the most commonly used optimization algorithm for training neural
networks [15] [35] [128]. But the original formulation of SGD is inherently sequential, making it impractical to
apply to use cases where the model needs to be trained on very large datasets. To apply SGD to large datasets,
in [47] the authors introduced Downpour SGD, an online variant of asynchronous stochastic gradient descent
that uses multiple replicas of a model. The training data is divided into a number of subsets and run a copy of
the model on each of these subsets. The models communicate updates through centralized parameter server,
which has the most updated state of all the model weights, which are sharded across several machines. Thus,
if we have 10 parameter server shards, each shard is responsible for storing and updating 1/10-th of the model
weights (Figure 3.15 (i)). This approach is asynchronous in two ways: the model replicas run independently
of each other, and the parameter server weight’s shards also run independently of one another.

In the simplest implementation, before processing each mini-batch, each model replica requests an updated
copy of its model weights from the parameter server. Because the models are also partitioned across multiple
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(i) Downpour SGD (ii) Sandblaster L-BFGS
Figure 3.15: (i) Downpour SGD, where model replicas asynchronously fetch weights w and push their gradients 6w to the parameter
server; (ii) Sandblaster L-BFGS, where a single coordinator sends small messages to the model replicas and the parameter server to
orchestrate optimization [47].

machines, each model replica communicates only with the subset of parameter server shards that hold the model
weights that belong to the same partition. After receiving an updated copy of its weights, the model replica
processes a minibatch of data, calculates the weights’ gradients, and sends the gradients to the parameter server,
which then applies the gradients to update the weights. The communication overhead of Downpour SGD can
be reduced by limiting each model replica to request updated weights only every n ., iterations and send the
updated gradients only every n,,y, iterations, where n ., might not be equal to 7n,,¢,. In fact, the process of
fetching the weights, pushing the gradients, and processing the training data must be performed in three weakly
synchronized threads.

Downpour SGD is more robust to machines failures than standard synchronous SGD. In synchronous SGD, if
one machine fails, the entire training process gets stalled, whereas in asynchronous SGD, if the machine where
a model replica resides fails, the other model replicas continue processing their training data and updating the
model parameters via the parameter servers. The diverse forms of asynchronous processing in Downpour SGD
introduce an additional stochasticity in the optimization process. Mostly, a model replica often computes the
gradients based on weight values that are slightly outdated, while other model replica might have updated the
weights on the parameter server at the same time. There are other sources of stochasticity beyond this, since
the parameter server shards act independently, there is no guarantee that at any given moment the weights on
a given shard of the parameter server have undergone the same number of updates, or that the updates were
applied in the same order. Moreover, because the model replicas are allowed to fetch parameters and push
gradients in separate threads, there may be additional subtle inconsistencies in the weights’ state.

One technique that greatly increases the robustness of Downpour SGD is using the Adagrad [58] adaptive
learning rate scheduler. Rather than using a single fixed learning rate on the parameter server, n in Figure 3.15,
Adagrad uses a distinct and adaptive learning rate with each weight. Let n; ¢ be the learning rate of the i-th

weight at iteration K and Vw; g its gradient, then we set n; x = y/ 4 /Zf: 1 szj. Because these learning rates
are computed only from the summed squared gradients of each weight, Adagrad is easily implemented locally
within each parameter server shard. The value of y, the constant scaling factor for all learning rates, is generally
larger than the best fixed learning rate used without Adagrad. Adagrad extends the maximum number of model
replicas that can productively work simultaneously, and combined with learning rate warmup applied to a single
model replica before initiating the other replicas, it has eliminated the most stability concerns in training deep
neural networks with Downpour SGD.

3.2.4 Sandblaster L-BFGS

Batch methods work well in training small neural networks [111]. The authors of [47] developed the
Sandblaster batch method for training large models on large datasets, and also proposed an implementation
using the Limited-memory BFGS (L-BFGS) algorithm [128]. The key idea in Sandblaster is distributed
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parameter storage and manipulation. The core of the L-BFGS optimization algorithm resides in a coordinator
process (Figure 3.15 (ii)), which does not have direct access to the model weights. Instead, the coordinator
issues commands drawn from a small set of operations, such as the dot product, scaling, coefficient-wise
addition, or multiplication, that can be executed by each parameter server shard independently, with the results
being stored locally on the same shard. Additional information, like the history cache used by L-BFGS, is also
stored on the parameter server shard on which it was computed. This allows running models with billions of
weights without incurring in the overhead of sending all the parameters and gradients to a single server.

In most parallel implementations of L-BFGS, data is distributed by many machines and each machine is
responsible for computing the gradients on a subset of the data. The gradients are sent back to a central server,
or aggregated via a tree [1]. I some cases, the algorithm has to wait for the slowest machine, and therefore
do not scale well to large shared clusters. To account for this problem, in [47] they applied the following load
balancing strategy: The coordinator assigns each of the N model replicas a small portion of the work, much
smaller than 1/N-th of the total size of a batch, and assigns new parts of the work to replicas whenever they
become idle. This strategy allows for faster model replicas to do more work than slower replicas. To further
manage slow replicas at the end of a batch, the coordinator schedules multiple copies of the outstanding portions
and uses the result from whichever model replica finishes first. This scheme is similar to using backup tasks in
MapReduce [48]. Prefetching of data, along with supporting data affinity by assigning sequential portions of
data to the same worker, solves the data access issues. In contrast to Downpour SGD, which requires relatively
high frequency and high bandwidth weight synchronizations with the parameter server, Sandblaster workers
only fetch parameters at the beginning of each batch, when they have been updated by the coordinator, and
only send the gradients every few completed portions, to protect against replica failures and restarts.

3.2.5 Implementing a Parameter Server Using the PyTorch Distributed RPC Framework

This section details the implementation of a parameter server using PyTorch’s Distributed RPC framework.
With Distributed RPC framework, we will create a training setup where multiple workers use RPC to
communicate with the same parameter server and use RRef ! to access states on the remote parameter server
instance. Each worker will run its dedicated backward pass in a distributed way through stitching of the
Autograd graph across multiple nodes using distributed Autograd.

PyTorch RPC main concepts

The distributed RPC framework makes it easy to run functions remotely, supports referencing remote objects
without copying the real data around, and provides Autograd and optimizer APIs to transparently run the
backward pass and update parameters across multple machines. The features of the framework can be
categorized into four sets.

Remote Procedure Call (RPC) supports running a function on the specified destination worker with the given
arguments and getting the return value back or creating a reference to the return value. There are three main
RPC APIs: rpc_sync for synchronous communication, rpc_async for asynchronous communication, and
remote for asynchronous communication and the caller gets a reference to the remote return value. We should
use the synchronous API if our code cannot proceed without the return value. Otherwise, use the asynchronous
API to get a future, and wait on the future when the return value is needed on the caller. The remote API is
useful when we want to create something remotely but do not need to get something back.

Remote Reference (RRef) functions as a distributed shared pointer to a local or remote object. Each RRef only
has one owner and the object only lives on that owner. Non-owner workers holding RRefs can get copies of
the object from the owner by explicitly requesting it. This is useful when a worker needs to access some data
object, but itself is neither the creator or the owner of the object.

Distributed Autograd groups together the local Autograd engines of all workers involved in the forward pass
of distributed training, and automatically reach out to them during the backward pass to compute gradients.
This is especially helpful if the forward pass involves multiple machines, such as in parameter server training.

'https://pytorch.org/docs/stable/rpc.html#torch.distributed.rpc.RRef
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In this way, we no longer need to worry about how to send gradients via RPC and about the order of launching
the local Autograd engines.

The Distributed Optimizer’s constructor takes an optimizer, such as SGD or Adagrad, and a list of weight
RRefs, creates an Optimizer instance on each distinct RRef owner, and updates the weights accordingly
when running step. When we run distributed forward and backward passes, the weights and gradients will
be scattered across multiple workers, and hence it requires an optimizer on each of the involved workers.
Distributed Optimizer wraps all those local optimizers into one, and provides a concise constructor and step
method.

import argparse

import os

import time

from threading import Lock

import torch

import torch.distributed.autograd as dist_autograd
import torch.distributed.rpc as rpc

import torch.multiprocessing as mp

import torch.nn as nn

import torch.nn.functional as F

from torch import optim
from torch.distributed .optim import DistributedOptimizer
from torchvision import datasets , transforms

# Neural network to classify MNIST images
class Net(nn.Module):
def __init__ (self, num_gpus=0):
super (Net, self).__init__ ()
print (f"Using {num_gpus} GPUs for training")
self .num_gpus = num_gpus
device = torch.device(
"cuda:0" if torch.cuda.is_available () and self.num_gpus > 0 else "cpu")
print (f"Place the first 2 convolutions on {str(device)}")
# Place the convolution layers on the first GPU, or CPU if there is no GPU
self .convl = nn.Conv2d(1l, 32, 3, 1).to(device)
self.conv2 = nn.Conv2d(32, 64, 3, 1).to(device)
# Place the remaining layers on the 2nd GPU, if there is one
if "cuda" in str(device) and num_gpus > 1:
device = torch.device("cuda:1")

print (f"Place the remaining layers on {str(device)}")
self.dropoutl = nn.Dropout2d (0.25).to(device)
self.dropout2 nn . Dropout2d (0.5) .to (device)

self . fcl nn. Linear (9216, 128).to(device)
self.fc2 = nn.Linear (128, 10).to(device)

def forward(self, x):

= self.convl (x)

F.relu(x)

self.conv2(x)

F.max_pool2d(x, 2)

= self.dropoutl (x)

= torch. flatten(x, 1)

Move tensor ’'x° to the next device if necessary
next_device = next(self.fcl.parameters()).device

X = Xx.to(next_device)

B I B
Il

X = self.fcl(x)

X = F.relu (x)

X = self.dropout2(x)
X = self.fc2(x)

output = F.log_softmax (x, dim=1)
return output

Listing 3.10: The neural network that we will train on the MNIST dataset in a distributed way.
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To implement the parameter server, we start by importing the necessary modules (Listing 3.10) and by defining
a simple convolutional neural network that we will train on the MNIST dataset.

Listing 3.11 implements some helper functions that will be useful for the rest of our parameter server. This
code uses rpc_sync 2 and RRef for defining a function that invokes a given method on an object living on a
remote node. The handle to the remote object is given by the rref argument of the functions, and we run it on
its owning node, rref.owner (). On the caller node, we run this command synchronously through the use of
rpc_sync, meaning that we block the caller until a response is received.

nuon

Helper functions

On the local node, call a method with first ’arg’ as the value held by the RRef.
Other ’arg’s are passed in as arguments to the function called. This is useful
for calling instance methods. 'method’ can be any matching function, including
class methods.
def call_method (method, rref, =xargs, sxkwargs):

return method(rref.local_value (), =xargs, =sxkwargs)
Given an RRef, returns the result of calling the provided method on the value
held by the RRef. This call is done on the remote node that owns the RRef and
passes along the given argument.
Example: If the value held by the RRef is of type ’'Foo’, then
‘remote_method (Foo.bar, rref, argl, arg2)’ is equivalent to calling
’<foo_instance >.bar(argl, arg2)’ on the remote node and getting the result back.
def remote_method (method, rref, xargs, sxkwargs):

args = [method, rref] + list(args)

return rpc.rpc_sync(rref.owner(), call_method, args=args, kwargs=kwargs)

Listing 3.11: Helper functions to call a given method locally or on a remote node.

Listing 3.12 defines the constructor of the parameter server class. It inherits nn.Module and instantiates the
neural network defined in Listing 3.10. It also registers the identification of device that will be used for placing
the network.
# Parameter Server class
class ParameterServer (nn.Module):
def __init__ (self, num_gpus=0):
super (). __init__ ()

model = Net(num_gpus=num_gpus)
self . model = model
self.input_device = torch.device(

"cuda:0" if torch.cuda.is_available () and num_gpus > 0 else "cpu

)

Listing 3.12: Constructor method of the parameter server class.

Listing 3.13 defines the forward method of the parameter server class. Regardless of the device where the
model is trained, we move the output to CPU, as the Distributed RPC framework only supports sending CPU
tensors over RPC. We have intentionally disabled sending CUDA tensors over RPC to avoid having different
devices on the caller/callee.

class ParameterServer (nn.Module):

#o...
def forward(self, inp):
inp = inp.to(self.input_device)
out = self.model(inp)
# The output tensor is moved to CPU
out = out.to("cpu")

return out

Listing 3.13: The forward method of the parameter server class.

*https://pytorch.org/docs/stable/rpc.html#torch.distributed.rpc.rpc_sync
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Next, we create two methods that are useful for training and verification purposes (Listing 3.14). The
get_dist_gradients method gets a Distributed Autograd context identifier as argument and calls
dist_autograd.get_gradients in order to retrieve the gradients computed by the distributed Autograd.
It also iterates through the resulting dictionary with gradients and converts each tensor to a CPU tensor, as
PyTorch might not support sending tensors over RPC yet. The get_param_rrefs method iterates through our
model weights and wrap them with local RRefs. This method will be called over RPC by the worker nodes
and returns a list of the weights to be optimized. This is required as input to the distributed optimizer, which
requires the weights to optimize as a list of RRefs.

# Use distributed Autograd to retrieve gradients accumulated for this model.
# Primarily used for verification.
def get_dist_gradients (self, contextID):
grads = dist_autograd.get_gradients (contextID)
# This output is forwarded over RPC, and PyTorch might not yet accept GPU tensors.
# Thus, tensors are moved from GPU memory to CPU.
cpu_grads = {}
for k, v in grads.items():
k_cpu, v_cpu = k.to("cpu"), v.to("cpu")
cpu_grads[k_cpu] = v_cpu
return cpu_grads

# Wrap the local weights with RRefs. This is necessary for building the
# DistributedOptimizer that will optimize the weights remotely.
def get_param_rrefs(self):
param_rrefs = [rpc.RRef(param) for param in self.model.parameters ()]
return param_rrefs

Listing 3.14: Methods to retrieve distributed gradients an to wrap the local weights with RRefs.

Finally, we create two methods that helps us initialize the parameter server (Listing 3.15). Note that there
will only be one instance of the parameter server across all processes, all workers will interact with the same
parameter server and update the same weights that it stores. As seen in run_parameter_server, the server
itself does not take any independent actions. It waits for requests from workers, which we will define below,
and responds to them by running the requested function.

# The global parameter server instance.

param_server = None

# A lock to ensure that we only have one parameter server.
global_lock = Lock()

def get_parameter_server (num_gpus=0):
# Returns a singleton parameter server to all trainer processes.
global param_server
# Ensure that we get only one handle to the parameter server.
with global_lock:
if not param_server:
# Instantiate the ParameterServer
param_server = ParameterServer(num_gpus=num_gpus)
return param_server

def run_parameter_server (rank, world_size):
The parameter server just acts as a host for our model and responds to
the requests received from the workers.
‘rpc.shutdown () > waits for all workers to complete, which in this case
means that the parameter server will wait for all workers to complete,
and then exits.
print ("Parameter server master process initializing RPC")
rpc.init_rpc (name="parameter_server", rank=rank, world_size=world_size)
print ("RPC initialized! Running the parameter server...")
rpc . shutdown ()
print ("RPC shutdown on the parameter server.")

Listing 3.15: Methods to initialize the parameter server.
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rpc.shutdown() will not immediately shut down the parameter server. Instead, it waits for all workers to
also call rpc.shutdown (). This gives us the guarantee that the parameter server will not go offline before all
workers have completed their training task.

Listing 3.16 implements the constructor method of the WorkerNet class. This class also inherits
nn.Module, and the constructor method uses rpc.remote to obtain a remote reference (an RRef) to the
parameter server. We are not copying the parameter server to the local process, instead, we can think of
self.param_server_rref as a distributed shared pointer to the parameter server that lives on a separate
process.

# The worker class.
# nn.Module corresponds to the network that will be trained by this worker.

3 class WorkerNet(nn.Module) :

1

def __init__ (self, num_gpus=0):
super (). __init__ ()
self .num_gpus = num_gpus
self.param_server_rref = rpc.remote(
"parameter_server",
get_parameter_server ,
args = (num_gpus,)

Listing 3.16: The constructor method of the worker class.

Listing 3.17 defines the method get_global_param_rrefs. This method is necessary because the
DistributedOptimizer requires as input a list of RRefs corresponding to the remote weights to be optimized,
so here we obtain these RRefs. Since the only remote process that a given WorkerNet interacts with is the
ParameterServer, we simply invoke a remote_method on the ParameterServer. This method uses the
get_param_rrefs method of the ParameterServer class. The method returns a list of RRefs to the weights
that need to be optimized. In this case, our WorkerNet does not define its own weights; if it did, we would
need to wrap each weight with an RRef as well and include it into our input to the Distributed Optimizer.
class WorkerNet(nn.Module) :

# ...

def get_global_param_rrefs(self):

remote_params = remote_method (
ParameterServer. get_param_rrefs ,

self.param_server_rref)
return remote_params

Listing 3.17: Method to retrieve a list of RRefs for the remote weights that reside on the parameter server.

The forward method of the worker class uses a synchronous RPC call to run the forward pass of model
training, which corresponds to the forward method of the ParameterServer class. In this RPC call, we pass
the self.param_server_rref as argument, which is a remote handle to the ParameterServer. This call
sends an RPC to the node on which our ParameterServer is running, invokes the forward pass, and returns
the Tensor corresponding to the model’s output (Listing 3.18).
class WorkerNet(nn.Module):

# ...

def forward(self, x):

model_output = remote_method (
ParameterServer . forward ,

self . param_server_rref ,
X

)

return model_output

Listing 3.18: The forward method of the worker class.

The next step is to implement the loop for training our model, where we pass some input data through the
network and compute the loss. The training loop is similar to the sequential version, with some modifications
due to the nature of our network being distributed across machines.
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Listing 3.19 instantiates the WorkerNet and the DistributedOptimizer. As mentioned above, we must
apply into the optimizer all of the global weights, global across all nodes participating in distributed training,
that need to be optimized. Additionally, we also provide as input the local optimizer to be used, which in
this case is SGD. We can configure the underlying optimizer algorithm in the same way as we do with a local
optimizer. All arguments of optim.SGD will be provided by the DistributedOptimizer. As an example,
we provide the DistributedOptimizer with a custom learning rate of 0.03 that will be used as the learning
rate by all local SGD optimizers.

def run_training_loop (rank, num_gpus, train_loader, test_loader):
# Runs the typical neural network forward + backward + optimizer steps,
# Instantiate the worker
net = WorkerNet(num_gpus=num_gpus)
# Instantiate the distributed optimizer
param_rrefs = net.get_global_param_rrefs ()
opt = DistributedOptimizer (optim.SGD, param_rrefs, 1lr=0.03)
#

Listing 3.19: Training loop: instantiating the worker and the distributed optimizer.

The training loop included in Listing 3.20 iterates over the provided training DataLoader. Before the forward,
backward, and optimizer steps, we first create a distributed Autograd context to run them. This is necessary
to record RPCs invoked in the model’s forward pass, so that an appropriate graph can be constructed, which
includes all participating distributed workers in the backward pass. The distributed Autograd context returns a
contextID that serves as an identifier for accumulating and optimizing gradients corresponding to a particular
iteration.

As opposed to calling loss.backward(), which would run the backward pass on a local worker, we call
dist_autograd.backward() and pass as input the contextID as well as the 1oss. In addition, we pass the
contextID as input of the optimizer call, which is required to be able to look up the corresponding gradients
computed by this particular backward pass across all nodes.

def run_training_loop (rank, num_gpus, train_loader , test_loader):
#o...
for i, (data, target) in enumerate(train_loader):
with dist_autograd.context() as contextID:

model_output = net(data)
target = target.to(model_output.device)
loss = F.nll_loss (model_output, target)
if i %5 == 0:
print (f"Rank {rank} :: training batch {i} :: loss {loss.item()}")

dist_autograd .backward (contextID, [loss])
# Ensure that the distributed Autograd ran successfully and
# the gradients were returned.
assert remote_method (
ParameterServer. get_dist_gradients ,
net.param_server_rref ,
contextID ,
) 1= {}
opt.step (contextID)

print (" Training complete!")
print ("Getting accuracy ....")
get_accuracy (test_loader , net)

Listing 3.20: Training loop: run the forward-backward-optimizer steps on each minibatch obtained from the training data loader:

The function get_accuracy, included in Listing 3.21, computes the test accuracy of the model after it has
been trained, much like in sequential training.
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1 def get_accuracy(test_loader , model):
2 model.eval () # Put the model in evaluation mode

3 correct_sum = 0

4 # Use a GPU in evaluation if available

5 device = torch.device("cuda:0" if model.num_gpus > 0

6 and torch.cuda.is_available () else "cpu")

7 with torch.no_grad():

8 for i, (data, target) in enumerate(test_loader):

9 out = model(data, -1)

10 pred = out.argmax (dim=1, keepdim=True)

) pred, target = pred.to(device), target.to(device)

12 correct = pred.eq(target.view_as(pred)).sum() .item ()

13 correct_sum += correct

15 print (f’Accuracy {correct_sum / len(test_loader.dataset)}’)

Listing 3.21: Calculate accuracy on the test dataset after the model was trained.

Just as we defined a main loop in run_parameter_server for the parameter server, which is responsible for
initializing RPC, we define a similar loop for the workers in Listing 3.22. The difference is that the workers must
run the training loop defined above. Analogously to run_parameter_server, by default rpc. shutdown()
waits for all processes, both workers and parameter server, to call rpc.shutdown () before each worker exits.
This ensures that the nodes are terminated gracefully and no node goes offline while another is expecting it to
be online.

I # Main loop of the worker.

> def run_worker(rank, world_size, num_gpus, train_loader , test_loader):
3 print (f"Worker rank {rank} initializing RPC")

4 rpc.init_rpc(

5 name=f"trainer_{rank}",

6 rank=rank ,

7 world_size=world_size)

9 print (f"Worker {rank} finished initializing RPC")

3 run_training_loop (rank, num_gpus, train_loader, test_loader)
12 rpc . shutdown ()

Listing 3.22: Function to initialize RPC in each worker and run the training loop.

We completed the implementation of worker and parameter server, and all that is left is the code to launch the
workers and the parameter server. First, we must provide the arguments necessary to instantiate the parameter
server and workers (Listing 3.23). world_size corresponds to the total number of nodes that will participate
in training, and accounts all workers and the parameter server. It is also necessary to provide a unique rank
for each individual process, from O (where we will run the single parameter server) to world_size - 1.
master_addr and master_port are arguments that can be used to identify where the rank O process is running,
and will be used by individual nodes to discover each other. To test the implementation locally, we can simply
use localhost asmaster_addr and a common master_port for all instances spawned. Our implementation
only supports between 0 and 2 GPUs, but can be extended to allow more GPUs.
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if __name__ == ’__main__

parser = argparse.ArgumentParser (
description="Parameter Server RPC based training")

parser .add_argument (
"——world_size",

type=int ,

default=4,

help="""Total number of participating processes. Should be the sum of
master node and all worker nodes.""")

parser .add_argument (
"——rank",
type=int ,
default=None,
help="Global rank of this process. Use 0 for master.")

parser .add_argument (

"——num_gpus",

type=int ,

default=0,

help="""Number of GPUs to use for training , Currently we support between 0

and 2 GPUs. Note that this argument will be passed to the parameter server.""")

parser .add_argument (
"——master_addr",

type=str ,

default="localhost",

help="""Address of master, will default to localhost if not provided.
Master must be able to accept network traffic on the address:port.""")

parser .add_argument (
"——master_port",

type=str,

default="29500",

help="""Port that the master listens to, will default to 29500 if not

provided. Master must be able to accept network traffic on the host and port.""")
args = parser.parse_args ()
assert args.rank is not None, "must provide rank argument."

assert args.num_gpus <= 3, f"Only 0-2 GPUs are currently supported, got {args.num_gpus}."
os.environ [ '"MASTER ADDR’] = args.master_addr
os.environ [ "MASTER PORT"] = args.master_port

Listing 3.23: Specify the arguments necessary to instantiate the parameter server and workers.

Finally, we create a process corresponding to either a parameter server or a worker, depending on the
command line arguments (Listing 3.24). It is created a ParameterServer if we provide as rank the value
0, and it is created a WorkerNet otherwise. We are using torch.multiprocessing to launch a subprocess
corresponding to the function that we want to execute, and waiting on this process’s completion from the
main thread with p.join(). If we initialize a worker, we also provide as arguments the training and test
DataLoaders for the MNIST dataset.
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processes = []
world_size = args.world_size

if args.rank == 0:
# start a parameter server on this process
p = mp.Process(target=run_parameter_server , args=(0,
p-start ()
processes .append(p)
else:
# Get the training data
train_loader = torch.utils.data.DatalLoader(
datasets . MNIST(
> ../ data’,
train True ,
download True ,
transform = transforms .Compose (

[

transforms . ToTensor () ,

world_size))

transforms . Normalize ((0.1307,), (0.3081,))

)
) 5
batch_size = 32,
shuffle True ,

)

test_loader = torch.utils.data.DatalLoader (
datasets . MNIST(
>../data’,
train = False ,
transform = transforms.Compose(

[

transforms . ToTensor () ,

transforms . Normalize ((0.1307,), (0.3081,))

)
) o
batch_size = 32,
shuffle True ,

)
# Start a training worker on this process
p = mp. Process (

target = run_worker,
args = (
args .rank ,

world_size ,
args .num_gpus,
train_loader ,
test_loader

p.-start ()
processes .append(p)

for p in processes:
p.join ()

Listing 3.24: Create a process corresponding to either a parameter server or a worker.

To run the code locally, assuming that it is saved in the rpc_parameter_server.py file, we use the following
command for the server and each worker that we want to spawn, in separate operating system terminals:

python rpc_parameter_server.py -world_size=WORLD_SIZE -rank=RANK

For example, for a master node with a world size of 2, the command would be:

python rpc_parameter_server.py -world_size=2 -rank=0
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The worker can then be launched with the following command, issued on a separate terminal:
python rpc_parameter_server.py -world_size=2 -rank=1
This creates a training session with one server and a single worker.

We can also include in the previous commands the arguments -master_addr=<ADDRESS> and
-master_port=<PORT> to indicate the address and port that the master worker is listening to, for example, to
evaluate a scenario where workers and master node run on different machines.

3.3 AllReduce Distributed Training

Process 1 Process 2 Process 3 Process 4

BEHERD 120304 ENENEED EENEN

AllReduce

Process 1 Process 2 Process 3 Process 4

ERENERRR A ERENERRR ENERERRE

Figure 3.16: AllReduce operation.

As the number of weights grow, parameter server becomes bottleneck, making high performance accelerators
under-utilized. Baidu brought ring-based AllReduce algorithm into distributed training. This collective
communication pattern came from MPI protocol [69]. The idea is to perform updates without using centralized
server, by communicating directly among accelerators.

An AllReduce operation can be decomposed and implemented with ReduceScatter and AllGather MPI
operations. Collective communication operations have been analyzed for long time. For example, the cost
of an operation can be modeled by A X @ + BX NS+ C X Ny, where « is the time for transferring a message, § is
the time to process one byte of data, y is the cost to perform the reduction operation per byte, and N is the size
of the message. The factor (A X «) is the latency, (B X Nf) is the bandwidth, and (C X Ny) is the computation
factor.

For a ring AllReduce operation, factors are as follows: the latency factor is 2(p — 1)a, the bandwidth factor
is Z%N,B, the computation factor is ijlNy, where p is the number of processes. If we have p processes,

each data should be partitioned into p chunks, the size of each of which is %, and p — 1 data exchange should
happen. There are two messages, send and receive, involved for each data exchange, so latency factor is 2(p—1).
Data is transferred using a logical ring communication pattern, namely po — p; — -+ = p,-1 — p,. The
ReduceScatter operation performs such logical ring communication pattern in p — 1 iterations, resulting in a
bandwidth of ’%1 - N for the ReduceScatter operation. Following AllGather operation also transfers data across
the logical ring, the amount of data to be transferred is the same as ReduceScatter. Hence, the overall bandwidth
factor becomes 2’%1N,8

Data parallelism addresses the computational bottleneck of training by distributing batches of training data
across multiple GPUs, with each device maintaining a complete copy of the model. This approach enables
parallel processing of different data samples while keeping the model architecture unmodified, significantly
reducing training time through increased throughput. Figure 3.17 illustrates the distributed data parallel training
approach.
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Figure 3.17: An example of distributed data parallel training [188].

Gradients are synchronized across devices after each minibatch backward pass, ensuring all devices have the
same aggregate gradients before the weights are updated. During this synchronization, each device’s local
gradients are combined, and the result is distributed back to all nodes, allowing them to update their model
weights consistently.

It is important to note that this strategy is viable only when the entire model can fit in the GPU memory, which
can become a critical constraint as model sizes grow. It is ideal for scenarios with large datasets and relatively
smaller models, typically under a few billion weights, making it a good choice for many computer vision tasks.

Additionally, when using distributed data parallel training, one must consider that the effective batch size
increases with the number of GPUs. This may require adjusting the learning rate and other hyperparameters
to maintain model convergence. Different algorithms and communication patterns can be used in gradient
synchronization of data parallel training. One popular approach is the ring AllReduce algorithm.

Ring AllReduce

The ring AllReduce is a communication pattern that tries to efficiently solve the problem of combining data
across multiple devices or machines. In naive approaches, where all worker nodes send their data to a single
master node for reduction, the communication overhead grows linearly with the number of nodes, creating a
significant bottleneck that limits scaling. For example, with N worker nodes, each sending D bytes of data,
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the master node must receive and process N - D bytes of data while also becoming a network bottleneck as it
handles N separate incoming communications (Figure 3.18).

Send data for reduction

Worker Node1 |

|

f ) L (Maste.r‘ Node
Worker Node n-1 {

Siv\9|e node reducing NxD
data, which scales |ine.arflf
2 with the number of
processors.

Worker Node n

Receive data after
reduction

Figure 3.18: Reduction performed by a single master node [188].

The ring AllReduce algorithm arranges worker nodes in a logical ring, where each only communicates with
its immediate neighbors. The communication occurs in two phases: ScatterReduce and AllGather. During
ScatterReduce, each node divides its local data into equal chunks, one per worker node in the ring, and
progressively shares and reduces these chunks as they travel around the ring (Figure 3.19). Considering N=4
nodes, there will be N — 1=3 ScatterReduce steps. In the first step, node 0 sends chunk O to node 1, in the
second step sends chunk 3 to node 1, and in the third step sends chunk 2 to node 1. In steps 1 to 3, node 1
sends chunks 1, 0, and 3 to node 3. In steps 1 to 3, node 2 sends chunks 2, 1, and O to node 3. Finally, in
steps 1 to 3, node 3 sends chunks 3, 2, and 1 to node 0. After receiving a chunk, each node reduces this chunk
with its local chunk in the same position. Thus, when the ScatterReduce phase is finished, node 0 has chunk
1 completely reduced, node 1 has chunk 2 completely reduced, node 2 has chunk 3 completely reduced, and
node 3 has chunk O completely reduced.

In the subsequent AllGather phase, the worker nodes circulate the reduced chunks around the ring, with each
worker collecting a copy of all chunks. After N — 1 steps, where N is the number of workers, every worker
obtains a complete copy of the fully reduced chunks (Figure 3.20).

The total data transferred in ring AllReduce can be expressed as W ~ 2K. This expression reflects

the algorithm’s two-phase structure: N — 1 steps for ScatterReduce and N — 1 steps for AllGather, giving us
the 2(N — 1) factor. In each step, nodes communicate chunks of size K/N, as the original data of size K
is divided into N equal chunks. The expression simplifies to 2K, showing that the transferred data remains
constant regardless of the number of nodes. Given optimal GPU topology arrangement, the algorithm achieves
bandwidth optimality when latency costs are negligible compared to bandwidth constraints.
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Figure 3.19: Visualization of the ScatterReduce phase with four worker nodes.

3.3.1 Latency of Ring AllReduce

For large distributed systems, latency is not negligible. While ring AllReduce achieves optimal bandwidth
utilization under ideal conditions, its latency profile creates scaling limitations. For each synchronization
round, the algorithm must perform 2(N — 1) sequential communication steps, where N represents the number of
participating nodes. This creates a linear relationship between latency and node count that becomes challenging
in large-scale training clusters. Given how computationally expensive network operations are, the cumulative
effect of these communication steps can substantially impact overall training performance as more nodes join
the cluster.

3.4 Tree AllReduce

The tree AllReduce is a distributed algorithm that uses a binary tree topology to combine data across multiple
nodes efficiently (latency-wise). In Figure 3.21, nodes at the top send data down to their parent nodes, which
combine the received values. The process takes log, N steps, making its latency dramatically lower than the
ring AllReduce N steps, with 1024 nodes, tree AllIReduce completes in just 10 communication steps versus ring
reduce’s 1024 steps. Here is how tree AllReduce works.
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Figure 3.20: Visualization of the AllGather phase with four worker nodes.

Reduce phase: (1) Leaf nodes send their values to their parent nodes, (2) Parent nodes combine received values
and send to their parents, (3) This continues until root node performs final reduction.

Broadcast phase: (1) Root node sends result to its two children, (2) Each parent broadcasts received value to its
two children, (3) Process continues until reaching the leaf nodes.

The total latency is 2 - log, N - steps — log, N for reduce and log, N for broadcast.

The key limitation is bandwidth utilization. Leaf nodes, which constitute half of all nodes, use their network
links in a half-duplex manner. Although they send data during the reduce phase and receive data during the
broadcast phase, they never fully leverage their full-duplex capacity at any single point in time. While pipelining
can help internal nodes overlap sending and receiving operations, it does not address the fact that leaf nodes
alternate between sending and receiving, rather than performing both simultaneously, thus leaving potential
bandwidth underutilized.

3.5 Two-Tree AllReduce

Two-tree AllReduce [172] is an algorithm that tackles the bandwidth underutilization in simple tree reductions
by starting with a complete binary tree and then constructs a complementary tree. In one tree, a node acts as
a leaf and, in the other, it becomes an internal node. By shifting or mirroring the numbering of the original
complete tree to form the second tree, the internal nodes of one tree align with the leaves of the other, creating
an interwoven communication pattern (Figure 3.22).
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Figure 3.21: The tree AllReduce algorithm visualization [188].

After constructing these two complementary trees, the data is split into two halves. Except for the initial steps,
when the data is being first sent, and the final steps, when the last parcels of data are sent, each intermediate
communication phase allows every node to both send and receive simultaneously, nearly doubling the effective

bandwidth usage compared to a single-tree approach.

While not every stage can perfectly utilize all bandwidth

due to these initial and final steps, the vast majority of steps achieve full-duplex efficiency. At the same time,
the algorithm still operates in a logarithmic number of steps, like a standard tree AllReduce, maintaining low

latency overall.

The two-tree AllReduce combines the O(log N) latency advantages of tree-based methods with high-bandwidth
efficiency, making it an attractive algorithm for large-scale distributed training environments.
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Figure 3.22: The two-tree AllReduce algorithm visualization [188].

3.6 Performance Impact

In [96], NVIDIA documents the results of evaluating the impact on communication performance of different
AllReduce algorithms, including ring AllReduce, hierarchical ring AllReduce, and two-tree AllReduce. Their
findings are summarized in Figures 3.23, 3.24 and 3.25. Tree AllReduce allows for much lower latency than
ring AllReduce. For larger number of GPUs, tree AllReduce also achieves much higher bandwidth utilization
than ring AllReduce. When the number of GPUs gets larger, the training speed for trees, measured by the
number of images consumed during a certain interval, also gets higher by a greater margin than for rings and
hierarchical rings.
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Figure 3.23: NVIDIA Collective Communications Library (NCCL) latency for different AllReduce algorithms [96].
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Figure 3.25: Model performance training comparison on ResNet50. The performance gap between the compared approaches widens
as the number of GPUs scales up [96].
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3.7 Zero Redundancy Optimizer Parallelism

Data parallelism is efficient, but also redundant. Every device, often a GPU, stores the same weights,
gradients, and optimizer state, leading to significant memory duplication. For small models, this is fine. For
billion-parameter models, it is unsustainable. That is where Zero Redundancy Optimization (ZeRO) comes
in [164]. ZeRO eliminates this duplication by sharding model state across GPUs: in stage 1 it is sharded the
optimizer state, in stage 2 it is also sharded the gradients, and in stage 3 it is also sharded the model weights.
This means each GPU holds only part of the total training state, reducing memory use drastically. Combined
with offloading techniques, to CPU or disk, ZeRO enables models that once exceeded memory limits to train
efficiently.

The ZeRO approach is organized into three possible optimization stages.
e ZeRO-1: shard the optimizer state across nodes,
e ZeRO-2: shard the optimizer state and gradients across nodes,
e ZeRO-3: shard the optimizer state, gradients and model’s weights across nodes.

The activations are not in the list of elements that we shard. Since each model replica receives a different
microbatch, the activations on each rank also differ, so they are not duplicated and thus ca not be sharded. We
now investigate how much we save with the partitioning strategy adopted by each ZeRO stage.

3.7.1 Memory Usage

Consider that the model’s weight count is . In mixed precision training, with the Adam optimizer, for each
weight we need to store the following information in memory.

e Model’s weights in half precision (BF16/ FP16): 2y,

e Model’s gradients in half precision (BF16/ FP16): 2y,

e Model’s weights and optimizer state (first and second moments) in FP32: 4y + (4y + 4y),

e Model’s gradients in FP32 (optional): 4y, only included if we want to accumulate gradients in FP32.

If we do not accumulate gradients in FP32, this gives us a total memory consumption of 2y + 2y + 12, and
if we do it gives us 2y + 6y + 12¢. Let us focus for now on the case without FP32 gradient accumulation for
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simplicity.

The idea of ZeRO is to shard these objects across the nodes, with each node only storing a slice of the objects.
These slices are then reconstructed when and if needed, thereby dividing memory usage by the data parallelism
degree N,.
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Figure 3.26: Memory usage for the three ZeRO stages [194].

Figure 3.26 summarizes the memory required by the three ZeRO stages. The required memory is 2y + 2y + ki
in the data parallel baseline, 2y + 2y + % in ZeRO-1, 2y + % in ZeRO-2, and W in ZeRO-3. Here,
¢ denotes the number of weights, k denotes the memory multiplier of optimizer state, as we have seen it is
k = 12 for Adam, and N; denotes the data parallelism degree. If we are using FP32 gradient accumulation with
ZeRO-2 or ZeRO-3, we would need to add an additional % to the gradient term. Let us explain the memory
requirements by exploring how each ZeRO stage works. We start with ZeRO-1.

3.7.2 ZeRO-1: Partitioning the Optimizer State

In vanilla data parallelism, all ranks gather the same gradients after the backward pass and simultaneously
perform identical optimizer steps. This represents a lot of duplication, and as so we must try to avoid duplication
and reduce the memory usage.

In ZeRO-1, the optimizer state is partitioned into N, equal parts, where N, is the parallelism degree. This
means that each model replica allocated to a data parallel rank, only keeps track of Nld of the optimizer state,
and during the optimization step, only N%] of the FP32 weights are updated. However, during the forward pass,
each replica needs all the weights. Thus, we need to add an additional AllGather operation after the optimizer
step so that each model replica has the full set of updated weights.

This explains the memory usage 2y + 2y + % that we saw in Figure 3.26. Here is a summary of the sequence
of operations for a single training step with ZeRO stage 1.

1. Perform a forward pass with the same full set of BF16 weights on each replica, but different micro-batches
across replicas.

2. Perform a backward pass with the same full set of gradients on each replica, but different micro-batches
across replicas.

3. Perform a ReduceScatter operation on the gradients to get a reduced NL, parcel of the gradients on each
rank.
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4. Each replica performs an optimizer step on its local parcel of the optimizer state, corresponding to Nld of

the optimizer state, to get NL[, of the FP32 updated weights, which can then be converted to N%; of the full
set of BF16 weights.

5. Perform an AllGather operation on the BF16 weights to send the missing slices to each replica.

ReduceScatter is two times faster than AllReduce. Figure 3.27 clarifies the ReduceScatter operation, detailing
all the steps of the forward and backward passes. Compared to vanilla data parallelism, ZeRO-1 changes the
AllReduce gradient communication to a ReduceScatter operation and adds an AllGather operation over all
weights after the optimizer step, as illustrated in Figure 3.28.

GPU] GPU; GPUN

Forward pass n

Backward pass n

ReduceScatter n

Optimizer step n

AliGather n

Forward pass n+1

Figure 3.27: All the steps of forward and backward passes in ZeRO-1 [194].

|
Forwardn: Backward n : o! 1 Forwa}rd
+
, 1 TR -:ther veishs
o 131 | Recucescatir Grad |
GPU Computation: -
5
GPU Communication: J S [ ] Backward pass

Figure 3.28: The communication pattern in ZeRO-1 [194].

We have seen in data parallel that we can overlap the AllReduce gradient communication with the backward
pass computation. In ZeRO-1, we can also investigate how to efficiently overlap the newly added AllGather of
the BF16 weights. There are two main strategies for this: (i) during the optimizer step, since we can initiate
the AllGather immediately after the optimizer updates the first slice of weights, it allows the communication to
potentially overlap with the updating of the other weights, (ii) during the forward pass, since we can overlap
the AllGather of each layer’s weights with the forward pass.

Unfortunately, these techniques are not straightforward to implement and require sophisticated use of hooks
and bucketing. In practice, we can just use PyTorch’s native ZeRO-3 implementation (FSDP2).

In ZeRO-1, the optimizer state has been partitioned, which means that each replica only updates Nld of the
state.In this way, there is no real need to have all the gradients on all ranks, as only a subset of these gradients
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is needed for the optimization step. This take us into stage 2 of ZeRO.

3.7.3 ZeRO-2: Adding Gradient Partitioning

Since each replica only needs the gradient shard corresponding to its optimizer state shard, it makes sense to
shard gradients as well, similarly to the optimizer state. Then, during the backward pass, instead of performing
an AllReduce over the gradients, we only perform a ReduceScatter operation, the same that is done in ZeRO-1.
The difference is that here, we only store in memory the Nid parcel of the gradients that is needed by this rank,
thus saving more memory compared to ZeRO-1. In the case of FP32 gradient accumulation, we only need to
keep N%, of the FP32 gradients used to accumulate the BF16 gradients coming from the ReduceScatter operation.

And in the optimizer step, these N%, FP32 gradients are used to update the local shard of the optimizer state.
The forward and backward passes of ZeRO-2 are depicted in Figure 3.29.
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Figure 3.29: All the steps of forward and backward passes in ZeRO-2 [194].
It is easy to see that sharding the gradients leads to a memory requirement of 2y + 2!/11\-;[1](!//, and as Ny is increased,
we can use 8% less memory than the baseline. In terms of communication, ZeRO-2 follows the same pattern as
ZeRO-1, with the only difference being that we communicate and release memory on the fly: they both require
a ReduceScatter operation for the gradients and an AllGather operation over all weights (Figure 3.30). ZeRO-2
is thus also equivalent to vanilla data parallel training with regard to communication.
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Figure 3.30: The communication pattern in ZeRO-2 [194].

We conclude that there is no real overhead to using ZeRO-2 over ZeRO-1 besides an higher implementation
complexity, and indeed ZeRO-2 is usually a better option.
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3.7.4 ZeRO-3: Adding Weight Partitioning

For stage 3, we extend the approach of sharding the optimizer state and gradients over model replicas to
also shard the model’s weights. PyTorch’s native implementation of this stage is called Fully Sharded Data
Parallelism (FSDP).

So, how do we do a forward and backward pass in practice if the weights of the model are distributed? We
gather them on demand when they are necessary. In the forward pass, this is done as depicted in Figure 3.31.
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Figure 3.31: The forward pass with ZeRO-3 [194].

As we perform the forward pass and sequentially go through the layers, we retrieve the necessary weights on
demand and immediately flush them from memory when we do not need them anymore. The backward pass
works the same way, just inverted in terms of sequence. Figure 3.32 illustrates how we produce the gradient
shards in the backward pass.
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Figure 3.32: The backward pass with ZeRO-3 [194].

The other issue is that we need to run the AllGather operations continuously throughout the forward and
backward pass in a training step, which amounts to 2 - num_layers — 1 additional AllGathers in a training
step compared to ZeRO-2. Each operation has a small base latency overhead, as we can see in Figure 3.33, due
to AllGather being slower than the forward pass plus freeing weights.

During the forward pass we run AllGather operations for the weights when we need them, so there is a y
communication cost. Since we discard the weights immediately after we use them in the forward pass, we need
one more AllGather during the backward pass as well, incurring in another y communication cost. Finally, we
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Figure 3.33: The communication pattern with ZeRO-3 [194].

need the same ReduceScatter operation as in ZeRO-2 for the gradients, which also has a ¥ communication cost.
So, we arrive at a total communication cost of 3y, compared to 2y for ZeRO-2.

This may sound like a lot of communication overhead, but it is actually not a big deal, as we can overlap the
communication of the weights for the next layer with the forward pass of the current layer, which is called
prefetching. With prefetching, we can perform the AllGather over the weights for layer n + 1 while we do the
forward pass for layer n, and similarly, we run the AllGather over the weights for layer n — 1 while doing the
backward pass for layer n. Of course, this overlap only works as long as we do not scale data parallelism too
much. As a rule of thumb, data parallelism degree should not exceed 512.

In terms of memory, we can see that our requirement has reached the value of , which means we can
theoretically drive memory usage down indefinitely if we can increase the data parallelism degree, at least for
the model-related parameters. Notice that it does not help with the intermediate activations. For that, we can
use activation checkpointing and gradient accumulation.

2+ 2 +ky
Na

We can now summarize what we have discussed about data parallelism and ZeRO. We have seen that we can
increase the throughput of training significantly with data parallelism, simply scaling training by adding more
model replicas. With ZeRO, we can train even models that would ordinarily not fit into a single GPU by
sharding the weights, gradients, and optimizer state across nodes, while incurring into a small communication
cost.

However, there are some limits here: data parallelism only works if a layer of the model fits in a GPU, and
ZeRO can only partition the weights, gradients, and optimizer state, not the activation memory. For an LLM,
the activation memory scales with sequence length and batch size. We could just limit those, but in practice we
do not want to be limited by hardware to train only with a short sequence length (Figure 3.34). To overcome this
issue, we have to explore an orthogonal axis of parallelism, tensor parallelism. Unlike ZeRO-3, which relies
on heavy weight communication, tensor parallelism proposes to shard weights, gradients, optimizer state, and
activations across nodes without requiring any communication of model weights between GPUs.
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Figure 3.34: Memory usage on an 8B model [194].
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3.8 Fully Sharded Data Parallel

While ZeRO [164] revolutionized memory optimization, Fully Sharded Data Parallel (FSDP) further
generalized it. FSDP is a memory-efficient technique designed to train massive models by distributing memory
usage across GPUs. First introduced in [164], FSDP extends traditional data parallelism by splitting model
weights, gradients and optimizer state by the workers, which are often GPUs. Unlike conventional distributed
data parallel (DDP) approaches, where each GPU stores a full copy of the model, FSDP ensures each GPU
holds only a fraction of the model, a shard, significantly reducing per-device memory requirements while
preserving training efficiency. To further maximize memory efficiency, FSDP can offload the weights, gradients
and optimizer state to CPUs when the instance is not active in the computation. The FSDP approach is standard
in frameworks like PyTorch and DeepSpeed for large-scale training.

As in ZeRO stage 3, FSDP employs the following three partitioning/sharding steps.

1. Optimizer state partitioning (P,s): Optimizer state, defined by the momenta or variance, is divided across
N4 GPUs, each one storing and updating only NL{] of the total state. This partitioning significantly reduces
memory usage by lowering the per-GPU optimizer state requirements. After each training step, an
AllGather operation [43] synchronizes the updated weights across all data-parallel processes, ensuring
consistency.

2. Gradient partitioning (P,): Gradients are sharded across GPUs during backward pass. The gradients for
each weight partition are reduced via ReduceScatter and sent to the GPU responsible for that partition.
Once the gradients are no longer needed, they are released, minimizing memory overhead for each shard.

3. Weight partitioning (P,): Model weights are split across GPUs, where each GPU stores Nid of the total
weights. Weights required by other GPUs are broadcasted during the forward and backward passes. This
adds an approximately 1.5X communication overhead but delivers substantial memory savings.

An intuitive way to understand FSDP is by comparing it to traditional distributed data parallelism (DDP), which
is illustrated in Figure 3.35. In DDP, each GPU stores a complete copy of the model and processes a portion
of the data. Gradients are averaged across all GPUs using an AllReduce operation before the weight’s update
step, ensuring that every GPU updates an identical model copy.
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Figure 3.35: Traditional distributed data parallel training with two processes [153].

In contrast, FSDP distributes not just the data but also the model itself, with each GPU responsible for only a
shard of the weights, a shard of the optimizer state, and a shard of the gradients. To perform the forward pass,
a GPU temporarily gathers the full model weights from other GPUs via an AllGather operation (Figure 3.36).
Before the backward pass, the necessary weights are gathered again through a second AllGather operation.
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After the backward pass, a ReduceScatter operation averages and distributes the gradients, ensuring each GPU
updates its local portion of the model with an aggregated version of the necessary gradients. The ReduceScatter
and AllGather operations mirror the DDP AllReduce, allowing FSDP to shard data, the entire model, and
optimizer state, saving memory (Figure 3.37).
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Figure 3.36: Fully-sharded data parallel training with two processes [153].
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Figure 3.37: AllReduce DDP operation decomposed into FSDP ReduceScatter and AllGather operations [153].

Unlike DDP, where each GPU maintains and updates a full model replica, FSDP only synchronizes the model
shards. The full model aggregation occurs temporarily through AllGather operations, solely when required for
forward and backward computations, being discarded afterward.

FSDP1 vs. FSDP2

As we discussed before, Fully Sharded Data Parallel distributes model weights, gradients, and optimizer state
across multiple GPUs, allowing for training models that exceed the memory capacity of a single device. The
memory corresponding to the weights of the layer being processed will be freed when the forward pass though it
is finished. AllGather operations are used to gather necessary data from different GPUs during model training.
Including CPU offload in FSDP allows for keeping weights on the CPU and move them to the GPU when the
forward and backward passes are executed. Thus, the optimizer updates will be done on CPU, so the optimizer
state stays there too.

A common goal to FDSP1 and FSDP2 is to make AllGather operations efficient, considering the constraint
imposed by the NCCL library which requires that each GPU contributes with a tensor of the same size in the
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collective operations. FSDP1 flattens and concatenates all tensors before splitting them, potentially leading to
type and metadata conflicts (Figure 3.38). In the example portrayed on the figure and to keep the tensor shards
of the same size, after the weight tensors were flattened, tensor #1 (of size (2, 3)) and the first part of 2 (of size
(3,3)) are combined into a single tensor shard, and the second part of tensor 2 is combined with 3 (of size
(2,2)) into a single tensor shard. Thus, tensor £2 is split between GPUs, which is not ideal as we will see.

The FSDP1 approach used to shard tensors has its advantages, such as the flattened and concatenated tensor
shards occupy a contiguous region in memory and we can use views to easily restore the original tensors (1,
2, t3). A disadvantage in having a tensor weight (#2) split by two GPUs, is that this complicates the forward
and backward passes over the layer (L2) whose weights are split between GPUs. Recall that after performing
the forward pass over a layer (L1), the weights (¢1 and part of #2) are freed from memory, but the partial 2 is
required by the other GPU. FDSP1 forces tensors, for example ¢1, #2, and 3, to all have the same data type
and other metadata. But this can lead to non-deterministic memory spikes, making the memory management
challenging.
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Figure 3.38: Using flattened tensor weights in FSDPI.

FSDP2 uses a per-parameter tensor sharding strategy. To understand per-parameter sharding, let us consider the
same weight tensors: ¢1 of size (2, 3), 12 of size (3, 3), and £3 of size (2,2). We can slice each parameter in half
over dimension 0 (row dimension in Figure 3.39), and pad the slices of a different size to have the same size
(which occurs in tensor ¢2). The resulting shards are: (i) chunk 1 is composed of the first row of 71, the first two
rows of 12 and the first row of ¢3, and (ii) chunk 2 is composed of the second row of ¢1, the third row of 2 plus a
padding row, and the second row of ¢3. In this way, every weight tensor has a representation on every GPU. In
FSDP2, the tensor for each shard is a distributed tensor, D-tensor, which allows for sharding individual tensors,
preserving their original data types and metadata. But this strategy also has a disadvantage of requiring extra
memory copies during the AllGather operations, as illustrated in the bottom part of Figure 3.39.

Comparing with FSDP1, FSDP2 has following advantages: (i) by representing sharded weights as DTensor
sliced across dimension i, allows for easy manipulation of individual weights, communication-free sharded
state dictionaries, and a simpler device initialization flow, (ii) improving the memory management to achieve
lower and deterministic GPU memory usage, by avoiding recordStream, and doing so without any CPU
synchronization, (iii) differing a tensor subclass extension point to customize the AllGather, for example
for float8 AllGather over float8 fully connected layers, and NF4 in QLoRA, and (iv) mixing frozen and
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Figure 3.39: Using per-parameter tensors in FSDP2.

unfrozen weights in the same communication group without using extra memory. However, FSDP2 requires
extra copies during the AllGather operations, when compared to FSDP1.

3.8.1 Practice with FSDP Training in PyTorch
Before experimenting with PyTorch FSDP, let us summarize its main features.
1. Model Wrapping

Models need to be wrapped using a FSDP policy to make sure FSDP uses the memory . For example, let us take
a model with 100 layers. If the model is not wrapped, then the entire 100 layers will be collected by a single
FSDP unit and when gathering the weight shards, it will be necessary to gather all the weights for the 100
layers and therefore we do not save any GPU memory. However, if we wrap the model, as soon as a specific
condition is met, where the condition can be assigning 20 layers to each rank, the current FSDP unit is finalized
and a new FSDP unit is started. It is important to know which layers to wrapped. In large language models
(LLMs), often the layers that need to be wrapped are attention and feed-forward layers.

2. Mixed Precision

FSDP gives us the flexibility to choose the gradient and buffer precisions. It is recommended to use BF16 for
all since FP16 has a rescaling cost associated, and the rescaler needs to find out how much to rescale because if
rescaling is not accurately done, it leads to poor performance. PyTorch supports mixed precision, for example,
gradients can use BF16 while buffers can use FP16. Batch normalization is automatically kept in FP32 for
better precision. Local gradients during backward pass are also always converted to FP32. Models are always
saved in FP32 format for maximum portability, even if trained in BF16.

3. Backward Prefetch

The backward prefetch strategy is responsible for controlling when the next FSDP unit’s weights will
be requested, or equivalently when the next AllGather operation will be conducted. By setting it to
BACKWARD_PRE, requesting the next FSDP’s unit weights can begin and arrive sooner, that is, before the
computation of the current unit starts. This overlaps the AllGather communication and gradient computation
which increases the training speed in exchange for slightly higher memory consumption. This will reduce
communication overhead.
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4. CPU Offloading

CPU offloading comes into play in case the model is very large and would not fit into the GPU memory,
even with FSDP. Currently, PyTorch supports weight and gradient offloading to CPU. It takes weights and
gradients to the CPU as soon as the GPU fails to fit them. Optimizers require that weights and gradients to be
on the same device. So, currently, gradient offloading is done implicitly. Using this feature may slow down
the training considerably, due to the frequent copying of tensors from host to GPU, but it could help improve
memory efficiency and train larger-scale models.

5. Activation Checkpointing

Activation checkpointing is a simple and effective mechanism of selectively swapping between memory
space occupied by layer’s activations and recomputating the activations. A common practices in LLMs is
to checkpoint each transformer block and reduce the amount of recomputation, while increasing the necessary
memory. This is quite effective for 13B sized models, which increases the model throughput by 10%. For 7B
models, it is not necessary activation checkpointing.

6. Sharding Strategy

The sharding strategy defines how we want to shard the model. FULL_SHARD is the default choice, where all
model weights, optimizer state, and gradients are sharded. SHARD_GRAD_OP is also supported where model
weights are not sharded, which leads to less communication overhead. NO_SHARD is also supported and it is an
alternative similar to distributed data parallel, where each GPU will have a complete replica of the model in it.
In the HYBRID_SHARD strategy, it is used the FULL_SHARD mode within nodes and NO_SHARD mode between
nodes.

7. Checkpointing

Checkpointing allows for continue training from the last checkpoint as well as use the model once
the training is completed. FSDP supports saving and loading checkpoints on both FULL_STATE_DICT
and SHARDED_STATE_DICT settings, using FileSystemReader and FileSystemiiriter of the PyTorch
distributed shard checkpoints. In FULL_STATE_DICT setting, all the weights, optimizer state, and gradients
are taken to rank O and saved using the CPU memory. This means there is an upper limit of model sizes that
can be saved based on CPU memory. To resume training, the objects to be sharded need to be scattered to the
other ranks as well. In SHARDED_STATE_DICT alternative, each rank saves its own weights, optimizer state,
and gradients.

Fully Sharded Data Parallel 2 (FSDP2)

In DistributedDataParallel (DDP) training, each rank owns a model replica and processes a batch of data, finally
it uses AllReduce to synchronize the gradients across ranks. Comparing with DDP, FSDP reduces GPU memory
footprint by sharding model weights, gradients, and optimizer state. It makes it feasible to train models that
cannot fit on a single GPU. The main steps of PyTorch FSDP2 are as follows.

o Except during forward and backward passes, weights are fully sharded.

e Before forward and backward passes, sharded weights are AllGathered into unsharded weights.
e During backward pass, local unsharded gradients are ReduceScattered into sharded gradients.

e Optimizer updates sharded weights with sharded gradients, resulting in sharded optimizer state.

FSDP can be considered a decomposition of the DDP’s AllReduce operation into a ReduceScatter and an
AllGather operations.

1. Model initialization

During model initialization, fully_shard converts the model weights from plain torch.Tensor to a
DTensor in-place. The parameters are moved to the training device. Different from DDP, we have to apply
fully_shard on submodules as well as the main model (Listing 3.25). In the transformer example that we
adopt here, we apply fully_shard to each layer first, then to the main model. During forward computation
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of i-th layer, the other layers are sharded to reduce memory usage. In the fully_shard(model) unit, FSDP2
excludes weights from model.layers and adds the remaining weights into a common unit for improving the
performance og AllGather and ReduceScatter operations.

from torch.distributed.fsdp import fully_shard , FSDPModule

model = Transformer ()

for layer in model.layers:
fully _shard (layer)

5 fully_shard (model)

7 print(model)

Listing 3.25: Transformer model initialization and wrap the model with fully_shard.

When we print the transformer model in Listing 3.25, we obtain the FSDP2 architecture included in Figure 3.40.
We see that the ten transformer blocks are allocated to FSDPTransformer units and the remaining layers are
allocated to a FSDPTransformer unit. FSDPTransformer combines the Transformer and the FSDPModule
classes. The same type of junction occurs in FSDPTransformerBlock.

FSDPTransformer(
(tok_embeddings): Embedding(1024, 16)
(pos_embeddings): Embedding(64, 16)
(dropout): Dropout(p=0, inplace=False)
(layers): ModuleList(
(0-9): 10 x FSDPTransformerBlock(
(attention_norm): LayerNorm((16,), eps=1e-05, elementwise_affine=True)
(attention): Attention(
(resid_dropout): Dropout(p=0, inplace=False)
(wq): Linear(in_features=16, out_features=16, bias=False)
(wk): Linear(in_features=16, out_features=16, bias=False)
(wv): Linear(in_features=16, out_features=16, bias=False)
(wo): Linear(in_features=16, out_features=16, bias=False)
)
(ffn_norm): LayerNorm((16,), eps=1e-05, elementwise_affine=True)
(feed_forward): FeedForward(
(wl): Linear(in_features=16, out_features=64, bias=True)
(gelu): GELU(approximate="none")
(w2): Linear(in_features=64, out_features=16, bias=True)
(resid_dropout): Dropout(p=0, inplace=False)

)
)

(norm): LayerNorm((16,), eps=1e-05, elementwise_affine=True)
(output): Linear(in_features=16, out_features=1024, bias=False)

Figure 3.40: Transformer architecture after being wrapped by FSDP2 fully_shard.

fully_shard shards weights across ranks, and converts model .parameters() from a plain torch.Tensor
to DTensor to represent sharded weights. By default, FSDP2 slices tensors over dimension 0, and as so the
DTensor is sharded over the ranks given by Shard(dim=0). For example, if we have N ranks and a weight
tensor has N rows before sharding, after sharding each rank will have one row of the weight. We can inspect a
sharded weight param using param.to_local (), as illustrated in Listing 3.26. The optimizer is instantiated
after wrapping the model with fully_shard. Both model and optimizer state dictionaries are represented as
DTensors. DTensor facilitates optimization, gradient clipping, and model checkpointing
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i from torch.distributed.tensor import DTensor
> for param in model. parameters () :
3 assert isinstance (param, DTensor)

4 assert param.placements == (Shard(0) ,)

5 # inspect sharded weights with param.to_local ()

6 print (f’{param.to_local ()} )

7 optim = torch.optim.Adam(model. parameters (), lr=1e-2)

Listing 3.26: Inspect how the sharded weights are distributed by ranks.

2. Forward and backward with prefetching

fully_shard registers forward and backward hooks to run AllGather over the weights before the computation,
and reshards the weights after computation. To overlap AllGathers with computation, FSDP2 offers (i)
implicit prefetching, which works automatically during the training loop and (ii) explicit prefetching to control
AllGather scheduling manually. In implicit prefetching, the CPU thread issues AllGather i before the
computation over layer i starts. When the AllGathers run faster, they are queued in the GPU stream while layer
i computation happens in the default stream (Figure 3.41). In CPU-bound problems, such as a Transformer
trained with a large batch size, AllGather i+1 can overlap with computation for layer i. Implicit prefetching
works similarly in the backward, except that AllGathers are issued in the reverse order of post-forward.

< I
AllGather stream AllGather i AllGather i+1 AllGather i+2
. v vy
e
Default stream Layer i Layer i+1 Layer i+2
computation computation computation
. AN /

Figure 3.41: Implicit prefetching of AllGather operations in FSDP2.

I num_to_forward_prefetch = 2

> for i, layer in enumerate(model.layers):

3 if i >= len(model.layers) — num_to_forward_prefetch:
4 break

5 layers_to_prefetch = [

6 model. layers[i + j] for j in range(l, num_to_forward_prefetch + 1)
7 ]

8 layer.set_modules_to_forward_prefetch(layers_to_prefetch)

o num_to_backward_prefetch = 2
1 for i, layer in enumerate(model.layers):

12 if 1 < num_to_backward_prefetch:

13 continue

14 layers_to_prefetch = [

15 model . layers[i — j] for j in range(l, num_to_backward_prefetch + 1)

16 1

17 layer.set_modules_to_backward_prefetch(layers_to_prefetch)

19 # Training loop

20 for _ in range(num) _iterations):

21 # Triggers first AllGather earlier , allowing to overlap

22 # AllGather with computation before the forward pass ’'model(x)’

23 model . unshard ()

24 X = torch.randint (0, vocab_size, (batch_size, seq_len), device=device)
25 loss = model(x).sum()

26 loss .backward ()

27 optim . step ()

28 optim . zero_grad ()

Listing 3.27: Explicit prefetching, to schedule AllGather operations over two layers in advance, during the forward and backward
passes.
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In explicit prefetching, we can specify the forward ordering using set_modules_to_forward_prefetch
and backward ordering with set_modules_to_backward_prefetch. According to Listing 3.27, the CPU
thread issues AllGather i + 1andi + 2 while layer i computation occurs.

Explicit prefetching works well (i) in CPU-bound computation, where using implicit prefetching turns the
CPU thread too slow to issue AllGather for layer i+1 when the computation over layer i occurs. We have
to explicitly issue AllGather i+1 before running the forward on layer i, (ii) we want to prefetch two or more
layers, since implicit prefetching only AllGathers the next layer at a time to keep memory usage at a minimum.
With explicit prefetching, we can AllGather multiple layers at a time for better performance with increased
memory, (iii) when we want to issue the first AllGather earlier, as implicit prefetching happens at the time of
calling model (x), the first AllGather gets exposed. Thus, we can call model.unshard() explicitly to issue
the first AllGather earlier.

3. Enabling mixed precision

FSDP?2 offers a flexible mixed precision policy to speed up training. The common use case is (i) cast float32
weights to bfloat16 during the forward and backward computations, (ii) upcast gradients to float32 to preserve
accuracy during ReduceScatter operations (Listing 3.28).

Comparing with automatic mixed precision provided by torch.amp, FSDP2 mixed precision has the following
advantages: (i) increased performance and flexible parameter casting, since all weights in a FSDPModule are
cast together at the module boundary and we can set a different mixed precision policy for each layer. For
example, the first two layers can have the weights in float32 while the remaining layers can have the weights in
bfloat16, (ii) reducing gradients to float32 can be critical for numeric stability, since the gradients might vary a
lot from rank to rank.

model = Transformer(model_args)

# Unsharded weights are represented in bfloatl6
# Sharded weights are represented in float32
fsdp_kwargs = {

"mp_policy": MixedPrecisionPolicy (
param_dtype = torch.bfloatl6,
reduce_dtype = torch.float32,

)

}

for layer in model.layers:
fully _shard (layer, =xxfsdp_kwargs)
fully _shard (model, =xxfsdp_kwargs)

# Confirm that sharded weights are float32
for param in model. parameters () :
assert param.dtype == torch.float32
# Confirm that unsharded weights are bfloatl6
model . unshard ()
for param in model. parameters(recurse=False):
assert param.dtype == torch.bfloatl6
model . reshard ()

# The optimizer state is represented in float32
optim = torch.optim.Adam(model. parameters (), lr=1le-2)

Listing 3.28: Casting the unshared and sharded weights to different precisions.

4. Gradient clipping and optimizer with DTensors

The optimizer is initialized after wrapping the model with fully_shard, and stores the model weights as
DTensors. To clip gradients, we can employ torch.nn.utils.clip_grad_norm_ since it works with
weights stored in DTensors (Listing 3.29). Operations over a DTensor are correctly dispatched to operate
over the partial tensors distributed across ranks and preserve the single device semantic.
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# The optimizer uses DTensors to store the model’s weights

optim = torch.optim.Adam(model. parameters (), lr=1e-2)
3 # Training loop
for _ in range(num) _iterations):
X = torch.randint (0, vocab_size, (batch_size, seq_len), device=device)
loss = model(x).sum()

loss .backward ()

torch.nn.utils .clip_grad_norm_ (model. parameters () , max_norm=max_norm)
optim . step ()

optim . zero_grad ()

Listing 3.29: Training loop where the optimizer works with weights stored as DTensors.

5. State dictionaries with DTensors

Here, we show how to convert a full state dictionary into a DTensor state dictionary when the model is loaded
from file, and how to convert a DTensor state dictionary to full state dictionary when the model is saved to file.

5a. Load state dictionaries

We allocate the model to a meta device and call fully_shard to convert the model weights from plain
torch.Tensord to DTensors. After reading the full state dictionary from file with torch.load, we call
distribute_tensor to convert plain torch.Tensors to DTensors, using the same rank placement and
device mesh that was read from file with model.state_dict(). Finally, we call model.load_state_dict
to send the DTensor state dictionaries to the model (Listing 3.30).

from torch.distributed.tensor import distribute_tensor

3 # Use 'mmap=True’ to reduce CPU memory usage

full_sd = torch.load(
"checkpoints/ model_state_dict.pth",

mmap = True,
weights_only = True,
map_location = ’cpu’,

)

meta_sharded_sd = model.state_dict ()

sharded_sd = {}

for param_name, full_tensor in full_sd.items():
sharded_meta_param = meta_sharded_sd. get(param_name)
sharded_tensor = distribute_tensor (

full_tensor ,
sharded_meta_param .device_mesh ,
sharded_meta_param . placements ,

)
sharded_sd [param_name] = nn.Parameter(sharded_tensor)
# Use ’assign=True’ since we can not call ’‘copy_’ on a meta tensor

3 model.load_state_dict(sharded_sd, assign=True)

Listing 3.30: Load state dictionaries from file, convert them to DTensors, and send the DTensors to the model.

Sb. Save state dictionaries

model.state_dict() returns a DTensor state dictionary. We can convert a DTensor into a plain
torch.Tensor by calling full_tensor (). Internally, it issues an AllGather across ranks to get the DTensor
shards and create a plain torch.Tensor with the unsharded weights. Rank O uses full_param.cpu() to
offload the tensor to CPU, one weight at a time, to avoid increasing the GPU memory usage with unsharded
weights (Listing 3.31). The optimizer state dictionaries work similarly to weight dictionaries.
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sharded_sd model . state_dict ()
cpu_state_dict = {}

for param_name, sharded_param in sharded_sd.items():

full_param = sharded_param. full_tensor ()

if torch.distributed.get_rank () ==
cpu_state_dict[param_name] = full_param.cpu()

els® g

del full_param

torch .save(cpu_state_dict, "checkpoints/model_state_dict.pth")

Listing 3.31: Convert the model’s weights, sharded as DTensors, to plain tensors, offload the unsharded weights to CPU, and save the
unsharded weight to file.

6. State dictionaries with DCP API

Distributed Checkpoint (DCP) supports loading and saving models from multiple ranks in parallel. It handles
load-time resharding, which enables saving in one cluster topology and loading into another. DCP is different
than torch.save and torch.load in a few ways: (i) it produces multiple files per checkpoint, at least one per
rank, (ii) it operates in place, meaning that the model should allocate its data first and DCP uses that storage.

6a. Load state dictionaries

We can load a full state dictionary into a FSDP2 model with set_model_state_dict. With
broadcast_from_rank®=True, we can load the full state dictionary only on rank O to avoid increasing the
CPU memory usage. DCP shards the tensors and broadcasts them to other ranks (Listing 3.32).

from torch.distributed.checkpoint.state_dict import set_model_state_dict
set_model_state_dict(

model = model,

model_state_dict = full_sd ,

options = StateDictOptions (
full_state_dict = True,
broadcast_from_rankO = True,

),

Listing 3.32: Load a model state dictionary from file using the DCP API.

6b. Save state dictionaries

To save state dictionaries to file, we can use get_model_state_dict with full_state_dict=True and
cpu_offload=True. This function runs AllGathers to get the sharded DTensors and offloads them to CPU
(Listing 3.33). DCP works similarly to the DTensor API.

from torch.distributed.checkpoint.state_dict import get_model_state_dict
model_state_dict = get_model_state_dict(
model = model,
options = StateDictOptions (
full_state_dict = True,
cpu_offload = True,
)
)

torch .save(model_state_dict, "model_state_dict.pth")

Listing 3.33: Save the model state dictionary to file using the DCP API.

Listings 3.34 and Ist:torch-fsdp2-10b contain the main function for training the Transformer model with FSDP2.
It essentially is built with the several block of code presented above. The complete code can be consulted in
Appendix A.
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i def main(args):

2 _min_gpu_count = 2

3 if not verify_min_gpu_count(min_gpus=_min_gpu_count):

4 print (f"Unable to locate sufficient {_min_gpu_count} GPUs to run this example.")
5 exit ()

7 rank = int(os.environ["LOCAL RANK" ])

8 if torch.accelerator.is_available ():

9 device_type = torch.accelerator.current_accelerator ()

10 device = torch.device(f"{device_type }:{rank}")

11 torch.accelerator.device_index (rank)

12 print (f"Running rank {rank} on device {device}")

13 else:

14 device = torch.device("cpu")

15 print (f"Running on device {device}")

16

17 # Initialize the default process group and communication backend.
18 backend = torch.distributed.get_default_backend_for_device(device)

19 torch.distributed .init_process_group (backend=backend, device_id=device)

21 # Configure a Transformer model with 10 layers, 4 attention heads,

22 # a maximum sequence length of 64, no dropout, and a vocabulary size of 1024.
23 torch . manual_seed (0)

24 vocab_size = 1024

25 batch_size = 32

26 seq_len = 64

27 model_args = ModelArgs(

28 n_layers = 10,

29 n_heads = 4,

30 vocab_size = vocab_size,

31 max_seq_len = seq_len,

32 dropout_p =0,

33 )

34

35 # Instantiate the model on the meta device to avoid unnecessary memory usage, since
36 # FSDP2 will take care of moving parameters to the correct device and shard them.
37 with torch.device("meta"):

38 model = Transformer(model_args)

39

40 fsdp_kwargs = {}

41 if args.mixed_precision:

42 fsdp_kwargs["mp_policy"] = MixedPrecisionPolicy (

43 param_dtype = torch.bfloatl6 ,

44 reduce_dtype = torch.float32 ,

45 )

46

47 # Wrap each layer with FSDP2 and then the entire model.

48 # This allows for more fine—-grained control over sharding and prefetching.

49 for layer in model.layers:

50 fully _shard (layer, =xxfsdp_kwargs)

51 fully_shard (model, =xxfsdp_kwargs)

52

53 # Print the model to verify that it is correctly wrapped with FSDP2.

54 inspect_model (model)

55

56 # Optionally set up explicit prefetching for the forward and backward passes.
57 # With prefetching , FSDP modules should explicitly prefetch AllGathers in forward.
58 # The prefetching runs after this module’s AllGather copy-out.

60 if args.explicit_prefetching:
61 set_modules_to_forward_prefetch (model, num_to_forward_prefetch=2)
62 set_modules_to_backward_prefetch(model, num_to_backward_prefetch=2)

Listing 3.34: The main function to train the transformer model with FSDP2 (part 1).
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# If a checkpoint exists , load the model and optimizer state from the checkpoint.
checkpointer = Checkpointer("checkpoints", dcp_api=args.dcp_api)
if checkpointer.last_training_time is None:
model . to_empty (device=device)
model. reset_parameters ()
else:
checkpointer.load_model (model)

# If mixed precision is enabled, inspect the model to verify that
# weights are in the correct data type.
if args.mixed_precision:

inspect_mixed_precision (model)

# Construct the optimizer based on the model parameters. If a checkpoint was loaded,
# load the optimizer state from the checkpoint as well.
optim = torch.optim.Adam(model. parameters (), lr=1e-2)
if checkpointer.last_training_time is not None:
checkpointer.load_optim (model, optim)

Run a simple training loop for 10k iterations , where in each iteration we:
Optionally unshard the model if explicit prefetching is enabled
Generate random input data

Compute the loss and perform the backward pass

Clip the gradients and update the model weights using the optimizer
Reset the optimizer gradients

H o H H oH I
O N O R S

for _ in range(10000):
if args.explicit_prefetching:
model . unshard ()
X = torch.randint (0, vocab_size, (batch_size, seq_len), device=device)
loss = model(x).sum()
loss .backward ()
torch.nn. utils .clip_grad_norm_ (model. parameters (), max_norm=1.0)
optim . step ()
optim . zero_grad ()

# Save the model and optimizer state to a checkpoint,
# and then clean up the process group.
checkpointer.save (model, optim)
torch.distributed . destroy_process_group ()

Listing 3.35: The main function to train the transformer model with FSDP2 (part 2).

7. Results

Table 3.1 presents the results obtained with training the simple transformer, for 10k iterations on 2, 3 or 4 GPUs
NVIDIA Titan Xp. The commands used to launch training were:

torchrun -nproc_per_node 2|3|4 transformer.py
torchrun -nproc_per_node 2|3|4 transformer.py -explicit-prefetch
torchrun -nproc_per_node 2|3|4 transformer.py -explicit-prefetch -mixed-precision

The main goal was to validate the FSDP2 recipe for training a model on multiple GPUs and it was achieved.
However, the results show that neither increasing the number of GPUs, nor using AllGather prefetch, nor
training with mixed precision accelerated training. This result was not expected and two possible explanations
are the model being small and the communication among GPUs being slow.
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GPUs | Memory/GPU (MB) | Execution time
2 335 697 s (11m:37s)
3 333 694 s (11m:34s)
4 333 696 s (11m:36s)

with explicit prefetch
2 335 695 s (11m:35s)
3 333 699 s (11m:39s)
4 333 703 s (11m:43s)
with explicit prefetch and mixed precision
2 346 776 s (12m:56s)
3 346 794 s (13m:14s)
4 346 797 s (13m:17s)

Table 3.1: Results for training the simple transformer, for 10k iterations, on 2, 3 or 4 GPUs NVIDIA Titan Xp.

3.9 Conclusions

In this chapter, we explored distributed data parallelism, where multiple replicas of a model process different
portions of the data in parallel. By leveraging collective communication operations such as AllReduce,
this approach enables synchronized gradient updates and preserves the semantic equivalence of sequential
training. We also discussed practical implementations, particularly PyTorch’s Distributed Data Parallel,
highlighting optimizations such as gradient bucketing, communication-computation overlap, and efficient
process coordination.

We also introduced the parameter server paradigm as an alternative framework for distributed learning.
Unlike the decentralized nature of AllReduce-based methods, the parameter server adopts a centralized
or sharded architecture in which model weights are maintained by dedicated servers and updated through
communication with worker nodes. This design facilitates asynchronous training, improves robustness to node
failures, and supports large-scale deployments, although it introduces challenges related to stale gradients and
communication overhead.

The chapter further compared synchronous and asynchronous training strategies, emphasizing their trade-offs.
While synchronous methods offer stability and consistent convergence behavior, asynchronous approaches,
commonly used in parameter server systems, can improve hardware utilization and fault tolerance at the cost
of increased optimization complexity.

We also analyzed the critical role of communication in distributed systems, examining algorithms such as ring,
tree, and two-tree AllReduce. These methods determine the efficiency of gradient aggregation and have a
significant impact on scalability, particularly in large clusters where latency and bandwidth constraints become
dominant.

To address memory limitations in large-scale training, we studied advanced techniques such as the Zero
Redundancy Optimizer and Fully Sharded Data Parallel. These approaches reduce memory duplication by
partitioning optimizer states, gradients, and model weights across devices, enabling the training of models that
would otherwise exceed hardware limits. Their effectiveness relies on carefully balancing memory savings
against increased communication requirements.

The chapter highlights that successful distributed training is not determined by a single technique, but rather by
the careful integration of multiple design choices, including parallelization strategy, communication patterns,
synchronization methods, and memory management. Understanding the interplay between these factors allows
practitioners to build scalable, efficient, and robust training systems that fully exploit modern distributed
computing infrastructures.
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Chapter 4

Model Parallelism
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This chapter presents the main techniques used to train large-scale neural networks across
multiple devices through different forms of parallelism. It begins by introducing model
parallelism, where a model is partitioned across GPUs, highlighting its advantages for handling
memory constraints as well as its limitations, such as low device utilization and communication
overhead. To address these inefficiencies, the chapter explores pipeline parallelism, describing
how minibatches can be divided into microbatches to better utilize hardware resources. Key
approaches such as GPipe and PipeDream are discussed, including their scheduling strategies,
memory trade-offs, and techniques to reduce pipeline idle time (bubbles). Practical aspects,
including GPU communication, gradient accumulation, and framework implementations, such
as PyTorch, DeepSpeed, and Megatron, are also covered. The chapter then introduces tensor
parallelism, which distributes computations within individual layers across devices, explaining
how matrix operations can be partitioned efficiently to minimize synchronization costs. Finally,
the chapter examines how these different parallelism strategies, model, pipeline, tensor, and data
parallelism, can be combined into hybrid approaches to scale training to extremely large models.
It also discusses practical considerations, communication mechanisms, and advanced systems that
automate or optimize parallelization strategies.

In naive model parallelism, we split a neural network across multiple computing devices, assigning layers or
sequences of layers to each one. This approach is useful when the model is too large to fit in the memory of
a single device, or when certain parts of the model require more computation than others. During the forward
pass, activations are transferred between devices, and the backward pass similarly gradients are transferred
across devices (Figure 4.1). This approach allows for training models that exceed a single device’s memory
capacity but introduces communication overhead when moving from one layer to the next one.

Consider an example of a four-layer sequential model, where output=L4 (L3 (L2 (L1(input)))), and that we
split the computation among two GPUs as follows: GPUO computes out2=L2(L1(Din)) and GPU1 computes
Dout=L4(L3(out2)). A complete forward pass requires computing out2 on GPUO, transferring the out2
tensor to GPU1, and computing the output of the model in GPU1. Then, it starts the backward pass. For the
backward pass, we send the gradients with respect to out2 from GPU1 to GPUO. GPUO then completes
the backward pass based on the gradients it received. Because the sending operations do not modify the
information, naive model parallelism generates, unlike data parallelism, the same output as sequential training.
This makes debugging easier.
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Figure 4.1: An example of a neural network with layers partitioned across four devices. Fy is the forward computation function of the
k-th block. By is the back-propagation function, which depends on both By, from the upper layer and F [88].

The pebble graph included in Figure 4.2 illustrates how naive model parallelism works. GPUO performs its
forward pass and caches the activations (green). Then, we use MPI to send the output of L2 to GPU1. GPU1
finishes the forward pass, calculates the loss using the target values, and starts the backward pass. Once GPU1
has finished, the gradient with respect to out2 is sent to GPUO, which then completes the backward pass.
Here, we only run node-to-node communication, MPI.Send and MPI.Recv, and it is not necessary collective
communications as in data parallelism.
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Figure 4.2: Example of a neural network with four layers partitioned across two devices [14].

This example reveal some inefficiencies of naive model parallelism: (i) there is a low GPU utilization, since
at any given time, only one GPU is occupied, while the other GPUs are idle. If we add more GPUs, each
one would be busy only 1/#GPUs of the time, neglecting the communication overhead. The low utilization
suggests that there may be a way to speed up training by assigning useful work to idle GPUs, (ii) there is
no overlap between communication and computation, since when we are sending over the network the
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intermediate outputs, in the forward pass, and the intermediate gradients, in the backward pass, the GPUs are
idle. We already discussed computation and communication overlap in data parallelism, (iii) it occurs a high
and unbalanced memory usage. In our example, GPUO keeps the activations in cache almost until the end of
the minibatch. If the batch size is large, this can create memory problems. Later we will see how to combine
data and pipeline parallelism to address this problem.

Let us now clarify the low device utilization issue. Due to the sequential nature of forward and backward
propagation, only one device does computation at a time, while the others remain idle, resulting in pipeline
bubbles where most time is spent on communication and waiting. This effect is illustrated in Figure 4.3. For
a model split across N devices, each device is active only about 2/N of the time, excluding communication
overhead.
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Figure 4.3: Low device utilization in model parallelism due to the sequential dependency of the network [88].

The main problem of naive model parallelism, is that all but one GPU are idle at any given moment. So if we
use four GPUs, this is almost equivalent to using a single GPU with four times more memory, and ignoring the
rest of the hardware. Furthermore, there is the overhead of copying the data between devices. So, four 6 GB
GPUs will be able to train the same model as a single 24 GB GPU using naive model parallelism, except the
latter will complete the training faster, since it does not have the data copying overhead. However, if we have
40 GB GPUs and need to train a 45 GB model, then we can do it with four 40 GB cards, but just barely, because
the gradients and the optimizer state take up a lot of space in this large model.

4.1 Pipeline Parallelism

Pipeline parallelism (PP) combines model parallelism with data parallelism to reduce the inefficient utilization
of GPUs associated with naive parallelism. The main idea is to split each minibatch into multiple microbatches,
creating a pipeline, and allocate the different microbatches of the pipeline to different GPUs that process the
microbatches simultaneously. Note that every microbatch needs two passes, one forward and one backward.
The communication among successive GPUs during the forward pass only involves the activations, and the
gradients in the backward pass. How these passes are scheduled and how the gradients are aggregated vary in
different approaches. The number of GPUs that participate on the minibatch stages is known as pipeline depth.
The main challenge is managing the pipeline bubble, that is, the idle time between forward and backward
passes, and keeping the work balanced across stages.

4.1.1 GPipe
1. GPipe Algorithm

GPipe aims to increase the efficiency of GPU utilization by splitting each minibatch into smaller, equal-sized
microbatches [88]. In this way, we can run the forward and backward passes independently for each microbatch,
as long as there is no batch normalization layers. It is possible to use batch normalization and GPipe
by computing the normalizing statistics over the microbatch instead the minibatch, which often works but
distributed training will not be equal to sequential training anymore. If we sum up the gradients over all
microbatches, we get the gradient for the minibatch. This is valid since the gradient of a sum of parcels is
the sum of the gradients of every parcel. This process is denominated gradient accumulation. Since a given
layer is assigned only to a single GPU, the sum of the gradients over all microbatches of a minibatch can be
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performed locally on that GPU, without any communication with other GPUs. The local gradient accumulation
is mathematically equivalent to sequential training. Due to the non-associativity of floating-point operations in
real hardware, the outputs of distributed and sequential training will not be completely equal. In most cases,
this is not a problem.

Let us consider a model partitioned across four GPUs. The general problem of partitioning an arbitrary model
among GPUs, such that computation is balanced and communication is minimized, is fairly difficult and
requires performance profiling. In transformers it is easy to solve since the model is implemented essentially
with N transformer, all with the same functionality and dimensions. In naive pipeline parallelism, the schedule
of the model layers is as depicted in Figure 4.4.

Timestep 0 1 2 3 4 5 6 7
GPU3 F3,1 || B3,1

GPU2 F2,1 B2,1

GPU1 F1,1 Bl1,1

GPUO FoO,1 BO,1

Figure 4.4: Naive pipeline parallelism applied for splitting a model into four GPUs [14].

In naive pipeline parallelism, there is only one GPU occupied at any given time. Furthermore, each time step
of the pipelines could be quite long, since each GPU has to run a forward or backward pass for the whole
minibatch. With GPipe, we split each minibatch into four microbatches, as illustrated in Figure 4.5.

Timestep | 0 1 2 3 4 5 6 7 8 9 10 11 12 13
GPU3 F3,1||F3,2||F3,3||[F3,4|(B3,4||B3,3||B3,2| B3,1

GPU2 F2,1| [F2,2([F2,3||[F2,4 B2,4|B2,3||B2,2| B2,1

GPU1 F1,1||F1,2||F1,3||F1,4 B1,4| B1,3||B1,2||B1,1
GPUO Fo,1| F0,2| [FO,3| F0,4 BO,4|/B0,3|(B0,2||BO,1

Figure 4.5: GPipe pipeline parallelism where we split each minibatch into four microbatches [14].

In this figure, Fg, u corresponds to the forward pass over microbatch u using the model partition allocated to the
GPU g. The most relevant result of GPipe scheduling, is the time step being shorter than the correspondent time
step in the naive model parallel schedule, since with GPipe a GPU only processes a quarter of the minibatch
at a time. However, splitting the minibatch into smaller microbatches will add computation overhead, partly
because we have to launch more kernels globally. If the model partitions are small and the microbatches
are small too, there may not be enough opportunity for within-GPU parallelism to acchieve a high GPC core
utilization. Despite everything, GPipe and its approach that creates microbatches are a big improvement over
naive pipeline parallelism since now more than one GPU is occupied at the same time.

Let us look next at the remaining inefficiencies of GPipe, and how we can address them, namely the overlap of
computation and communication, the pipeline bubbles, and the memory usage.

2. Overlap Computation with Communication

Unfortunately, there is not a lot of opportunity to overlap computation and communication if the forward and
backward passes take the same amount of time on each GPU. This can be seen in the scheduling depicted in
Figure 4.5, since each GPU can not start processing a given microbatch u before the previous GPU has finished
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processing the same microbatch u. If all stages take the same amount of time, we get distinct communication
and computation durations.

An alternative to improve communication and computation overlap could be to split each microbatch in two
halves, and then overlap communication of the first half with computation of the second half. Whether or
not this works in practice depends on the model partitioning and the network performance. Figure 4.6 shows
how computation would be overlapped with communication in this scenario. The arrows included in the figure
represent the dependencies that occur on the first half, of the first microbatch, and the forward pass.
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Figure 4.6: Improving the communication and computation overlap [14].

3. GPipe Bubbles

Let us now approach the main inefficiency of GPipe, the size of the pipeline bubble. Bubbles are spots in the
pipeline where no useful work is being done. They are caused by dependencies between the operations. For
example, in Figure 4.7 GPU3 can not execute F1 until GPU2 has executed F1 and sent the result.

Figure 4.7: Pipeline bubbles in GPipe [14].

The fraction of time wasted on the bubble depends on the pipeline-depth n and the number of microbatches m,
as indicated by Equation 4.1. The 2 - m - n term is the overall amount of useful work and results from each of
the n nodes performing m forward and m backward passes. The term 2 - n - (m + n — 1) is the overall execution
time of a batch. During each forward and backward passes, each node performs m parcels of work and waits
n — 1 time steps for new work to arrive.

2-n-m m
bubbl tion=1— =1- 4.1
ubble_fraction 2-n-(m+n-1) m+n-—1 @D

Therefore, increasing the size of the minibatch, which increases the number of microbatches m, is necessary
for making the bubble fraction small. Figure 4.8 shows an example of calculating the bubble fraction for (i)
a minibatch consisting of a single microbatch (m = 1) and (ii) minibatch decomposed in four microbatches
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(m = 4). The figure proves that a larger m means less wasted time. However, a large minibatch requires careful
learning rate scaling and will increase the memory necessary for caching the activations.

GPU3
GPU

GPUI
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GPU3

GPU2
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time

Batchsize = 4B, bubble fraction = 0.42

Figure 4.8: Influence of the number of microbatches over the bubble fraction [14].

4. Memory Usage

Increasing the batch size increases the memory required for caching the activations linearly. In GPipe, we need
to cache the activations for each microbatch from the time it was forwarded until the corresponding backward
pass occurs. Taking GPUO as an example, Figure 4.5 shows that the activations for microbatch 1 have to remain
in memory from timestep O until timestep 13.

In [88], the authors utilize gradient checkpointing to bring down the memory demand. In gradient
checkpointing, instead of caching all the activations necessary to compute the gradients, we recompute
the activations on the fly during the backward pass. This lowers the required memory but increases the
computational cost.

Let us assume all layers have roughly the same size. Recalling that the activations are the output of a layer
and simultaneously the input of the next layer, the memory required for caching the activations in each GPU is
given by Equation 4.2. For each layer, we have to cache its inputs. Assuming that the layer width is a constant,
a single cached input has a size proportional to O(batchsize).

#layers

#GPUs

———
#layers per GPU

O\ batchsize - 4.2)

Instead, we could adopt the gradient checkpointing technique and only cache the input of each model partition,
that is, the input received by each GPU from the previous GPU or from the data loader. This lowers the
maximum memory required on each GPU to the value given by Equation 4.3, where the term O(batchsize) is
the space necessary for caching the mentioned input activations exchanged between successive GPUs.

#layers batchsize
#GPUs #microbatches
—_—— —

#layers per GPU  microbatch size

4.3)

O| batchsize +
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When the backward pass for a given microbatch runs, we have to recompute the activations that are necessary

for calculating the gradients for that microbatch. This requires O(#b“t%) space for each of the O( iglyfl;i)

layers on each GPU. This space corresponds to the second term of”]%?qrﬁﬁtic(})l;u.& Figure 4.9 explains visually
the memory required by GPipe when using gradient checkpointing. It shows two GPUs during the backward
pass (purple). GPU2 has recomputed the activations for microbatch 3, while GPU3 has recomputed activations
for microbatch 2. At the GPU boundary, the activations for the whole batch stay cached from the forward until

the backward pass.

re_compu‘te, non cached
activations for current
wicrobatch during backward

____________________ - i ——
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keep activations for whole
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Figure 4.9: GPipe gradient checkpointing during the backward pass, illustrated for two GPUs only [14].

4.1.2 PipeDream

PipeDream is a different approach for pipeline parallel training [75]. It offers another option for decreasing the
memory required by microbatch training, which is orthogonal to gradient checkpointing.

1. The PipeDream Algorithm

PipeDream starts the backward pass for a microbatch as soon as the last pipeline stage has completed the
corresponding forward pass. We can discard the cached activation for the m-th microbatch as soon as we
perform the corresponding backward pass. With PipeDream, this backward pass happens earlier than in GPipe,
which reduces the required memory.

Figure 4.10 plots a PipeDream schedule, with four GPUs (n = 4) and eight microbatches (m = 8). Indeed,
this schedule is called PipeDream Flush 1F1B. Blue boxes represent the forward passes, numbered with the
associated microbatch identifier, while the green boxes represent the backward passes.

&PULO

P ﬂﬂﬂﬂﬂﬂ
spoa d Q@0

GPU3

Figure 4.10: PipeDream schedule [145].

For both GPipe and PipeDream, the required memory for caching activations is expressed by Equation 4.4,
when we do not consider gradient checkpointing.
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(4.4)

#l
O [ max_microbatches_in_flight - microbatch_size - yers
#GPUs

With the PipeDream schedule drawn in Figure 4.10, we have at most as many microbatches in flight as the
pipeline depth. A microbatch is in-flight when it requires more than one forward pass, and it has not completed
all the backward passes yet. The pipeline depth is the number of GPUs that process a microbatch until all
gradients for that microbatch have been calculated. This becomes obvious by looking at GPUO in Figure 4.10.
During the steady state, GPUO launches the forward pass for a new microbatch only after completing a
backward pass of an earlier microbatch. The steady state is the time when the maximum memory is needed,
and occurs after the warm-up phase, as indicated in Figure 4.11.
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Figure 4.11: Pipedream steady state [75].

Considering the example included in Figure 4.12, we see that PipeDream has a maximum of four microbatches
in flight, while with GPipe there are eight microbatches, doubling the memory required to cache the activations.
As we have eight microbatches per batch in this example, GPipe will first compute the forward pass for all
microbatches before starting the first backward pass.

PipeDream

GPipe time ,
&PUO 4 6 g8 1,123 | 4|5 |6]|7]|8
GPUI 45678 1123 |4|5|6/|7]|s
&PU2 A 1123|445 |6|7]|8
GPUS WNWNY 1 | 2 (3| 4|5|6|7 |8

Figure 4.12: Comparing PipeDream and GPipe schedules for 4 GPUs and 8 microbatches.

In terms of bubble fraction, Figure 4.12 clearly shows that there is no difference between PipeDream and
GPipe. The bubble is a result of the inherent dependencies between the operations on the microbatches, which
PipeDream does not change. Visually, looking at the PipeDream schedule included in Figure 4.12, if we shift
the blue boxes of the forward pass left and the green boxes of the backward pass right, we get the GPipe
schedule. This explains why the bubble fraction is the same.
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There are other variations of the PipeDream schedule, and the presented one is called 1F1B because during
the steady state each node alternates between running a forward pass and a backward pass. Despite that, the
schedule presented in Figure 4.10 is still sequentially consistent.

Since PipeDream does not have an end-of-batch global gradient synchronization across all the GPUs, a naive
implementation of 1F1B schedule can easily lead to the forward and backward passes of one microbatch
using different versions of the model’s weights, thus lowering the learning efficiency. PipeDream proposed the
following techniques to tackle this issue: (i) weight stashing, where each GPU keeps track of several model
versions and makes sure that the same version of weights is used in the forward and backward passes across one
minibatch, (ii) vertical synchronization, where the version of model weights flows between GPUs processing
the same stage together with activations and gradients. Then the computation adopts the corresponding stashed
version propagated from the previous worker. This process maintains the model version consistency across
GPUs. Note that it is asynchronous, and as so it is different from GPipe [208].

At the beginning of a training session, PipeDream first profiles the memory required by computations and
the duration that each model layer resides in memory, and then it optimizes a solution for partitioning layers
into pipeline stages, which constitutes a dynamic programming problem. Figure 4.13 presents the PipeDream
accuracy vs. the training time for different configurations of a VGG16 network, with 4 and 16 nodes. We
observe that a larger number of stage nodes allows the same precision to be achieved in a much shorter time
and the asynchronous parallel configuration exhibits the worst performance. The figure also plots the training
time speedup for different parallelism configurations relative to a single node configuration. PipeDream using
8 stages achieved the best performance.
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Figure 4.13: Results of PipeDream: (i) Accuracy vs. time for different configurations of VGG16 with 4 and 16 workers. The integer
numbers in the plot caption indicate the number of stage nodes used, ASP means asynchronous parallel, and BSP stands for bulk
synchronous parallel; (ii) Training time speedup for different parallelism configurations. Straight pipeline refers to pipeline parallelism
without data parallelism [75].

2. PipeDream Variants

Two variations of PipeDream were proposed in [144] to reduce the memory required by the stashed
model versions. PipeDream-flush adds a globally synchronized pipeline flush periodically, just like GPipe
(Figure 4.14). In this way, it greatly reduces the required memory by only maintaining a single version of the
model weights in memory and sacrificing the throughput slightly.

PipeDream-2BW maintains two versions of the model weights in memory, and the suffix "2BW" means
double-buffered weights. It requires less memory than PipeDream and GPipe, and also avoids GPipe’s
expensive pipeline flushes. Flushing a pipeline means not scheduling any new operations until all currently
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Operations use weight version from last flush
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Figure 4.14: Pipeline scheduling in PipeDream-flush [144].

scheduled operations are done processing. Once the pipeline is flushed, we know that the gradients,
accumulated over the microbatches, are sequentially consistent. Then we can perform the optimizer step.

PipeDream-2BW generates a new model version every k microbatches and k& must be larger than the pipeline
depth m: k > m. A new and updated model version can not fully replace the old version immediately. In
particular, in-flight microbatches cannot use the newest weight version for their backward passes, for example,
microbatch 7 on node 3 at time ¢+ = 21, since the forward pass for this microbatch was already initiated (at
t = 19) using an older weight version. Thus, newly generated weight versions need to be buffered for future
use. However, the total number of weight versions that need to be maintained is at most 2, since the weight
version used to generate a new weight version can immediately be discarded, as no future microbatches that pass
through that stage use the old weight version any longer. For example, in Figure 4.15, each worker can discard
Wi(o) once they are done processing the backward pass for microbatch 8, since all subsequent microbatches use
a later weight version for both their forward and backward passes.

Figure 4.15 shows the pipeline scheduling for the PipeDream-2BW’s double-buffered weight update scheme.
It is assumed that the backward passes take twice as long as forward passes. As indicated, PipeDream-2BW
only stashes two weight versions at every node, reducing the total memory footprint while no longer requiring
expensive pipeline stalls. Wl.(v) corresponds to the weights on node i belonging to version v, which contains
weight gradients generated from microbatch v. New weight versions are generated in the checkered green
boxes.

Before: W, w®
After: Wl(o), W1(4)

Before: W, W t=21 Time
After: W4(°), W4(4)

B rorward Pass [ ] Backward Pass

Figure 4.15: Pipeline scheduling for PipeDream-2BW [144].

3. Communication Volume

Let us briefly discuss the volume of network communication that is necessary to implement pipeline parallelism.
This analysis is the same for GPipe and PipeDream. For simplicity, let us assume a model with only dense
layers, where all have an equal dimension of N. During the forward pass, each GPU will send and receive data
of size batchsize - N. The same holds for the backwards pass, bringing our total communication volume to
(#GPUs — 1) - 2 - batchsize - N floats. The "-1" term comes from the initial GPU not having to receive and the
last GPU not having to send anything.
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Compare this to data parallelism, where each GPU has to AllReduce the gradients for all its layers. In our dense
model example, using Ring AllReduce, each GPU needs to transfer roughly 2 - #lz(y;;f]']svz floats. Depending on
the configuration of our model and training setup, data parallelism may be more communication intensive.
However, as we saw we can overlap the data parallel communication quite well, which is not possible with

pipeline parallelism.

4.1.3 Combining Data and Pipeline Parallelisms

So far, we discussed three ways of implementing pipeline parallelism: naive model parallelism, GPipe, and
PipeDream. Next, we show how pipeline parallelism can be combined with data parallelism, allowing us to use
even bigger minibatch sizes without running out of memory.

Data and pipeline parallelism are orthogonal and can both be used at the same time, as long as the minibatch size
is big enough to allow a reasonable microbatch size. In pipeline parallelism, each GPU needs to communicate
with the next pipeline stage during the forward pass, as well as with the previous pipeline stage during the
backward pass. In data parallelism, each GPU needs to communicate with all other GPUs to which the same
model layers have been allocated. We need to AllReduce the gradients among all layer replicas after the pipeline
has been flushed. We can overlap the AllReduce communication with the backward pass computation of the
final microbatch to reduce training time, just as in regular data parallel training.

In practice, the orthogonal communication partners in pipeline and data parallelism are implemented using
MPI Communicators. These form subgroups of all GPUs and allow performing collective communication only
within a subgroup. Any given GPU-i will be part of two communicators, one containing all GPUs that hold the
same layer slice as GPU-i (data parallelism), and one containing the GPUs that hold the other layer slices of
GPU-i model replica (pipeline parallelism). See Figure 4.16 for an example.
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Figure 4.16: Combine data parallelism and pipeline parallelism [14].
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4.1.4 Pipeline Parallelism in Available Frameworks
1. FairScale

FairScale is a PyTorch extension library for high performance and large scale training. It provides
fairscale.nn.Pipe, an implementation of GPipe that was adopted from torchgpipe. For example, to
run a model composed of a Linear layer, a ReLU activation, and second Linear layer, on two GPUs, we
need to include the layers in a torch.nn.Sequential container and then wrap it with fairscale.nn.Pipe
(Listing 4.1). According to this code, the first two layers will run on GPU 0 and the last layer on GPU 1.

import fairscale

> import torch
; import torch.nn as nn

model = nn. Sequential (
torch .nn. Linear (10, 10),
torch .nn.ReLU() ,
torch .nn. Linear (10, 5)
)

model = fairscale .nn.Pipe(model, balance=[2, 1])

Listing 4.1: Partition a model in two pipeline stages with FairScale.

2. DeepSpeed

DeepSpeed provides hybrid data and pipeline parallelism and can be further combined with model parallelism
such as Megatron-LM. PyTorch’s torch.nn.Sequential is a convenient container for expressing pipeline
parallel models and can be parallelized by DeepSpeed with no modification, as indicated in Listing 4.2.
PipelineModule uses its layers argument as the sequence of layers that comprise the model. After
initialization, net is divided into two pipeline stages and its layers moved to the corresponding GPUs. If
more than two GPUs are present, DeepSpeed will also use hybrid data parallelism [196].

from deepspeed.pipe import PipelineModule

5 net = nn.Sequential(

nn.Linear(in_features , hidden_dim) ,
nn.ReLU(inplace=True),
nn. Linear (hidden_dim, out_features)

7))

net = PipelineModule(layers=net, num_stages=2)

Listing 4.2: Partition a model in two pipeline stages with DeepSpeed.

The performance of pipeline parallel training strongly relies on load balancing the work assigned to the different
stages. DeepSpeed provides several mechanisms for partitioning the model across GPUs. These strategies can
be set with the partition_method argument of PipelineModule. The supported partitioning methods are:
(i) "parameters", which balances the number of trainable parameters on each pipeline stage. It is useful in
memory-constrained environments and when the size of a layer is proportional to the computation time, (ii)
"type: [regex]", which balances the layers whose class names match the regular expression [regex]. For
example, partition_method="type:transformer" would balance the number of transformer layers per stage, (iii)
"uniform" balances the number of layers per stage.

Creating a model in a Sequential container and pass it to a PipelineModule is adequate for specifying that
the layers can work in pipeline. However, this approach does not scale to massive models because each worker
node replicates the whole model in CPU memory. DeepSpeed provides a LayerSpec class that delays the
construction of modules until the model layers have been partitioned across nodes. Therefore, each node will
only allocate the layers that have been assigned to it, and the memory required in the CPU will be the model
size and not #nodes times the model size.

As an example, consider the partial AlexNet model included in Listing 4.3, modified to use LayerSpecs.
The model description is almost the same as in a sequential version, the differences are (i) the model
inherits the class PipelineModule and (ii) we wrap each layer of the architecture with LayerSpec, such
as, nn.ReLU(inplace=True) is replaced by LayerSpec(nn.RelLU, inplace=True).
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from deepspeed.pipe import PipelineModule, LayerSpec

> class AlexNetPipe (PipelineModule):

def __init__(self, num_classes=10, sxkwargs):
self .num_classes = num_classes
specs = [

LayerSpec(nn.Conv2d, 3, 64, kernel_size=11, stride=4, padding=2),
LayerSpec (nn.ReLU, inplace=True),

LayerSpec(nn.ReLU, inplace=True),
LayerSpec (nn. Linear, 4096, self.num_classes),

]

super (). __init__ (layers=specs, loss_fn=nn.CrossEntropyLoss (), =ssxkwargs)

Listing 4.3: A memory efficient description of a model in DeepSpeed.

Some models can not be fully pipelined because some layers are reused by multiple modules of the architecture.
For example, a transformer commonly uses an embedding layer early in the pipeline to map text tokens to
hidden state embeddings, and then reuses the embedding layer to map the hidden states back to text at the end
of the pipeline. If the model was restricted to be fully pipelined, this embedding layer reutilization would block
us from exploring pipeline parallelism.

DeepSpeed provides a TiedLayerSpec that is an extension of LayerSpec. TiedLayerSpec requires a key as
an additional argument. Each reutilization of a layer is wrapped with TiedLayerSpec, and the key identifies
where the layer is reused. A tied layer is replicated on every pipeline stage that reuses it. Training proceeds
as usual, but an additional AllReduce of the tied gradients is added after all backward passes complete. This
AllReduce ensures that the weights of the tied layer remain synchronized across pipeline stages.

3. NVIDIA Megatron

NVIDIA provides significant support for distributed training on GPUs. Here we mention two of them:
Megatron-LM and Megatron Core. Megatron-LM is a framework that includes Megatron Core plus configured
scripts for distributed training. It is adequate for training large transformer models distributedly and for quick
experimentation. Megatron Core is a composable library with GPU-optimized building blocks for custom
training frameworks. It provides transformer building blocks, advanced parallelism strategies (tensor, pipeline,
data, expert, and context parallelism), mixed precision support, and model architectures. It is adequate for
building custom training pipelines.

The pipeline_parallel package of Megatron Core provides two distinct pipeline parallelism schedules,
one with and the other without overlap of communication with computation [145]. The package also contains
methods for the point-to-point communication that is necessary between pipeline stages.

NVIDIA recommends pipeline parallelism for training very deep models, with more than 50 layers, to combine
it with tensor parallelism in large models, and to facilitate the distribution of the required memory across
GPUs. For example, to train LLaMA on custom data and explore pipeline parallelism, by splitting the model
in 8 pipeline stages, and allocating 4 layers to each virtual pipeline stage, we can run the following command.
The pretrain_gpt.py script is provided in the NVIDIA Megatron-LM github !.

torchrun -nproc_per_node=8 pretrain_gpt.py
-pipeline-model-parallel-size 8
-num-layers-per-virtual-pipeline-stage 4
-num-layers 32
-hidden-size 4096
-num-attention-heads 32
-seq-length 2048
-data-path /path/to/our/data

"https://github.com/NVIDIA/Megatron-LM/tree/main
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4. Amazon NeuronxDistributed

In AWS NeuronxDistributed, the pipeline parallelism is focused on transformer models, where each
computation core is assigned with a subset of transformer layers. NeuronxDistributed uses Pytorch FX to
trace the model and do partition on the FX intermediate representation. Pytorch FX is a toolkit that allows us
to transform nn.Module instances, and consists of three main components: a symbolic tracer, an intermediate
representation, and Python code generation. The users of NeuronxDistributed only have to specify where to
cut the model to create the pipeline stages, and the framework will cut the pipeline stages and assign the
corresponding modules to each computation core automatically. Automatic partition will be supported in the
future.

5. Pytorch

Pipeline parallelism (PP) can be an effective technique for: large scale training, bandwidth limited clusters, and
large model inference. These scenarios have an aspect in common, the computation per device cannot hide
the communication on conventional data parallelism, for example, the cost of the AllGather operations in fully
sharded data parallel (FSDP).

On the other hand, pipeline parallelism is more difficult to implement that data parallelism because we have
to partition the execution of a model in addition to the model weights. The partitioning of execution often
requires intrusive changes to our model. Another aspect of complexity comes from scheduling microbatches in
a distributed environment, where data dependencies have to be considered.

The torch.distributed.pipelining package makes it easier to implement pipeline parallelism. It consists
of two parts: a splitting frontend and a distributed runtime. The splitting frontend takes our model and splits
it into partitions, considering the data dependencies. The distributed runtime executes the pipeline stages on
different devices in parallel, handling aspects such as minibatch split in microbatches, scheduling the execution
of stages’ forward and backward passes, and communication between partitions.

Overall, the pipelining package provides the following features: (i) splitting the model architecture based on
simple directives, (ii) pipeline scheduling, including GPipe, 1F1B, interleaved 1F1B and looped BFS schedules,
and providing the infrastructure for writing customized schedules, (iii) complete support of inter-host pipeline
parallelism, (iv) can be combined with other PyTorch parallel techniques, such as data and tensor parallelism.

5a. Build PipelineStages

Before we can use a PipelineSchedule, we have to create a PipelineStage object for wrapping the model
partition allocated to each stage. A PipelineStage is responsible for allocating communication buffers and
creating send/receive operations to communicate with its neighbor stages. It handles the intermediate buffers
for the outputs, of the forward pass, that have not been consumed yet, and it provides the support for running
the backward pass of the associated model’s partition.

A PipelineStage needs to know the input and output shapes of the associated model’s partition, fir correctly
allocate the communication buffers. A PipeliningShapeError event will be raised if the runtime shapes do
not match the specified shapes. When combining PP with other forms of parallelism or training with mixed
precision, these additional techniques must be taken into account when informing PipelineStage about the
shape and data type of the stage module’s output.

We can construct a PipelineStage instance directly, by passing to the constructor an argument that is an
nn.Module containing the parcel of the model that must run on this stage. This step may require changing the
original model description.

Alternatively, the splitting frontend of the package can employ graph partitioning techniques to split our
model into a series of nn.Module automatically. This alternative requires that the model is traceable with
torch. export, for producing a graph representing the tensor computations associated to the provided module.
At the moment, combining the resulting nn.Module with other parallelism techniques is experimental.
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5b. Execute stages with PipelineSchedule

The next step is to attach each PipelineStage to a pipeline schedule, and run the schedule with adequate
input data. Listing 4.4 contains an example using GPipe schedule.

from torch.distributed.pipelining import ScheduleGPipe

# Create a schedule

schedule = ScheduleGPipe(stage, n_microbatches)

# A minibatch of input data

X = torch.randn(batch_size, in_dim, device=device)

B >

# Run the pipeline with input minibatch ’x
# ’x’ will be divided into microbatches automatically
if rank ==

schedule . step (x)
else:

output = schedule.step ()

Listing 4.4: Associate a schedule to a model stage and run a forward step over this schedule.

torchrun is a python script to the module torch.distributed.run. Thus, calling torchrun example.py
is equivalent to run python -m torch.distributed.run example.py. It can be used for single-node
distributed training, to spawn processes per device. It can be used either for CPU training or GPU training.
torchrun can also be used in multi-node distributed training, by spawning up multiple processes on each
node. In both cases of distributed training, single- or multi-node, torchrun launches the specified number of
processes per node, using the option -nproc-per-node.

The code included in Listing 4.4 has to be launched for each worker node of the pipeline, thus we can use
torchrun to launch multiple processes, as occurs in the next command.

torchrun -nproc_per_node=2 example.py
Sc. Splitting a model manually

To directly instantiate a PipelineStage, we are responsible for providing an nn.Module instance that contains
the relevant nn.Parameters and nn.Buffers, and defines a forward method that executes the operations
relevant for this stage. Listing 4.5 contains a partial description of a Transformer model, an example of a
model’s architecture adequate for easy partitioning.

class Transformer (nn.Module):
def __init__ (self, model_args: ModelArgs):
super (). __init__ ()
self.tok_embeddings = nn.Embedding (...)

# Using a ModuleDict lets us delete layers without affecting names,

# ensuring checkpoints will correctly save and load

self.layers = torch.nn.ModuleDict ()

for layer_id in range(model_args.n_layers):
self.layers[str(layer_id)] = TransformerBlock (...)

self .output = nn.Linear (...)
def forward(self, tokens: torch.Tensor):
# Handling layers being ’'None’ at runtime enables easy pipeline splitting

h = self.tok_embeddings(tokens) if self.tok_embeddings else tokens

for layer in self.layers.values():
h = layer(h, self.freqs_cis)

h self .norm(h) if self.norm else h
output = self.output(h).float() if self.output else h
return output

Listing 4.5: A partial transformer model.
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A model defined in this manner can be easily organized in stages by first initializing the whole model, using a
meta-device to avoid out-of-memory errors, deleting the undesired layers for a given stage, and then creating
a PipelineStage that wraps the model (Listing 4.6). When combining PP with data or model parallelism
techniques, we may have to provide output_args when the output shape or data type of the model chunk is

affected by the other forms of parallelism.

with torch.device("meta"):
assert num_stages == 2, "This is a simple 2-stage model splitting"

# We instantiate the entire model, then delete the parts we do not want
# in each stage. This can be done using a helper function that

# automatically divides the layers across stages.

model = Transformer ()

if stage_index == 0:
# Prepare the first stage
del model.layers["1"]
model . norm = None
model. output = None

elif stage_index == 1:
# Prepare the second stage
model . tok_embeddings = None
del model.layers["0"]

from torch.distributed . pipelining import PipelineStage
stage = PipelineStage (

model ,

stage_index ,

num_stages ,

device ,

)

Listing 4.6: Manually splitting a transformer model in two stages. If stage_index is 0, it is created stage 0, otherwise, if stage_index

is 1, it is created stage 1.

5d. Splitting a model automatically

There are cases where we have a full model description and do not want to modify it into a sequence of model
partitions. In these cases, we can resort to the pipeline API. Listing 4.7 provides another version of partial

transformer model.

class Model(torch.nn.Module):
def __init__(self) —> None:
super (). __init__ ()
self .emb = torch.nn.Embedding (10, 3)
self.layers = torch.nn.ModuleList(
Layer () for _ in range(2)
)
self .Im = LMHead ()

def forward(self, x: torch.Tensor) —> torch.Tensor:
x = self.emb(x)
for layer in self.layers:

x = layer(x)
x = self.Im(x)
return X

Listing 4.7: A second version of a transformer model.

If we print the model architecture, we get the summary included in Listing 4.8. We identify multiple hierarchies

in the architecture, which make it harder to split the model manually.
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5

Model (
(emb): Embedding (10, 3)
(layers): ModuleList(
(0-1): 2 x Layer(
(lin): Linear(in_features=3, out_features=3, bias=True)
)
)
(Im) : LMHead(
(proj): Linear(in_features=3, out_features=3, bias=True)
)
)

Listing 4.8: Summary of the transformer model architecture defined in Listing 4.7.

Let us see how the pipeline class works through a simple example included in Listing 4.9. The pipeline
splits our model according to the provided split_spec argument, where SplitPoint.BEGINNING means
that we want to add a split point before the execution of certain submodule in the forward method of the
model, and SplitPoint.END signals pipeline that we want a split point after the indicated submodule. In
this particular case, we indicate that we want to add a split point before the execution of layers. 1, where
layers is a module and 1 is submodule of layers.

from torch.distributed.pipelining import pipeline, SplitPoint
# An example micro—batch input
x = torch.LongTensor([1, 2, 4, 5])
pipe = pipeline (

module = model,

mb_args = (x,),

split_spec = {

"layers.1": SplitPoint .BEGINNING,
}

Listing 4.9: Specify the point where a model must be split.

If we print the pipe object created in Listing 4.9, we obtain the summary included in Listing 4.10. The model
partitions are represented by GraphModules, submod_0 and submod_1, each one defined with the operations,
weights and hierarchies of the original description. In addition, a top-level forward method is created to
capture the data flowing between the created partitions. This data flow will be reformulated by the pipeline
runtime later, to run distributedly.

GraphModule (
(submod_0): GraphModule (

(emb): InterpreterModule ()

(layers): Module(
(0): InterpreterModule (

(lin): InterpreterModule ()

)

)

)
(submod_1): GraphModule (

(layers): Module(
(1): InterpreterModule (
(lin): InterpreterModule ()

)

)
(Im): InterpreterModule (
(proj): InterpreterModule ()

)
)
)
def forward(self, x):
submod_0 = self.submod_0(x); x = None

submod_1 = self.submod_1(submod_0); submod_0O = None
return (submod_1,)

Listing 4.10: The transformer model architecture after being restructured by the pipeline class.
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The pipe object provides a method for retrieving the model partitions, as indicated next.
stage_mod: nn.Module = pipe.get_stage_module(stage_idx)

The returned stage_mod is a nn.Module, that allows us to instantiate an optimizer, save and load model
checkpoints, and apply other forms of parallelism. The pipe object also allows us to create a distributed
stage’s runtime on a device given a group of processes, as indicated in the following line of code.

stage = pipe.build_stage(stage_idx, device, group)

Alternatively, we can build the stage runtime after applying some modification to stage_mod, by using
the functional version of the build_stage method. Listing 4.11 provides an example where we add data
parallelism to a pipeline stage of the model, and we create the pipeline stage runtime only after the two model
modifications were applied. The pipeline frontend uses a tracer, torch.export, to capture a model into a
single graph.

from torch.distributed.pipelining import build_stage

> from torch.nn. parallel import DistributedDataParallel

w

dp_mod = DistributedDataParallel (stage_mod)
info = pipe.info ()
stage = build_stage (dp_mod, stage_idx , info, device, group)

Listing 4.11: Adding data parallelism to a pipeline stage of a model, and creating the pipeline stage runtime only after both types of
parallelism were applied.

Se. Details about model splitting

To split a model, the pipeline class first turns the model into a directed acyclic grap by tracing the model
execution flow using torch.export. Then, it groups together the operations and parameters needed by a
stage into reconstructed submodules, such as submod_0 and submod_1. pipeline does not only cut the
structure of model in several parts, as occurs when we use the Module. children method, but also splits the
forward method of the model. This is necessary because Module.children() lacks information about the
following key aspects necessary for pipelining: (i) the execution order of child modules in the forward pass, (ii)
the activation flows between child modules, and (iii) information about the functional operators that may exist
between child modules, such as a ReLLU activations or additions, which are not captured by Module.children.
The pipeline class ensure that the forward behavior is completely considered. It also captures the activation
flow between the partitions, helping the distributed runtime to make correct send/receive calls without the user
having to modify the training loop.

Another flexibility of pipeline is that the split points can be at arbitrary level within the model structure. The
original hierarchy in the model’s structure will be reconstructed, without user intervention, in the created model
stages. At a result, fully-qualified names (FQNs) referencing submodules or parameters are still valid after the
model has been partitioned. This makes is possible to apply techniques as FSDP, tensor parallelism or model
checkpointing to the partitioned modules without great code modifications.

5f. Implementing a custom schedule

The wuser can implement a custom pipeline schedule by extending one of the following two
classes:PipelineScheduleSingle or PipelineScheduleMulti. PipelineScheduleSingle
is for schedules that assign only one stage per rank and PipelineScheduleMulti is for
schedules that assign multiple stages per rank. For example, ScheduleGPipe and SchedulelF1B
are subclasses of PipelineScheduleSingle. Whereas, ScheduleInterleavedlF1B,
ScheduleloopedBFS, ScheduleInterleavedZeroBubble, and ScheduleZBVZeroBubble are subclasses
of PipelineScheduleMulti.

5g. Apply pipeline parallelism to a transformer model

This section uses a GPT-based transformer to demonstrate how to train a model with the pipeline parallelism
provided by the torch.distributed.pipelining package.
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i. Setup

With torch.distributed.pipelining we split the execution of a model and schedule the computation on
micro-batches. For this purpose, we adopted a simplified transformer decoder model. The model architecture
has multiple transformer decoder layers, which is adequate to demonstrate how to split a model into different
chunks. First, we define the model in Listing 4.12.

import torch

import torch.nn as nn
from dataclasses import dataclass

@dataclass
class ModelArgs:

dim : int = 512
n_layers: int = 8
n_heads: int = 8

vocab_size: int = 10000

class Transformer (nn.Module):
def __init__ (self, model_args: ModelArgs):
super (). __init__ ()

self.tok_embeddings = nn.Embedding(model_args.vocab_size, model_args.dim)

# Using a ModuleDict lets us delete layers without affecting names,
# ensuring checkpoints can be saved and loaded correctly
self.layers = torch.nn.ModuleDict ()
for layer_id in range(model_args.n_layers):
self.layers[str(layer_id)] = nn.TransformerDecoderLayer (
model_args.dim, model_args.n_heads

)

self .norm = nn.LayerNorm(model_args.dim)
self.output = nn.Linear(model_args.dim, model_args.vocab_size)

def forward(self , tokens: torch.Tensor):
# Handling layers being ’'None’ at runtime enables splitting the pipeline easily
h = self.tok_embeddings (tokens) if self.tok_embeddings else tokens

for layer in self.layers.values():
h = layer(h, h)

h self .norm(h) if self.norm else h
output = self.output(h).clone() if self.output else h
return output

Listing 4.12: A simple transformer decoder model.

Then, we initialize the distributed training process. In this case, we are defining some global variables to use
later in the code: the current process rank, the number of processes to use in training (world_size), and the
computing device (Listing 4.13). We also define a few global variables that are specific to pipeline parallelism:
pp_group, which is the process group that will be used for send/receive communications, stage_index, which
in our case is a single rank per stage and as so the index is equivalent to the rank, and num_stages, which is
equivalent to world_size.

The variable num_stages specifies the number of stages that will be considered in the pipeline parallelism
schedule. For example, setting num_stages=4 means that a microbatch will go through 4 forward and 4
backward steps before it is completed. The stage_index is necessary for the framework to know how to
communicate between stages. For example, in the stage with stage_index=0 is where the data is obtained
from the data loader and where it is not necessary to receive data from any previous stage to perform the
computations.
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import os
import torch.distributed as dist

from torch . distributed . pipelining import (
pipeline , SplitPoint, PipelineStage , ScheduleGPipe
)

global rank, device, pp_group, stage_index , num_stages

def init_distributed ():
global rank, device, pp_group, stage_index , num_stages

rank = int(os.environ [ "LOCAL_RANK" ])
world_size = int(os.environ["WORLD_SIZE" ])
device = torch.device(f"cuda:{rank}") if torch.cuda.is_available () \

else torch.device("cpu")
dist.init_process_group ()

# This group can be a sub—group in the N-D parallel case

pp_group = dist.new_group ()
stage_index = rank
num_stages = world_size

Listing 4.13: Initializing the distributed training process.

ii. Partition the transformer model

As we discussed before, there are two different ways of partitioning a model. The first one is the manual mode
in which we can manually create two instances of the model by deleting portions of the model’s structure. In
this example, we consider only two stages, or two ranks, and the model is split in two parts (Listing 4.14).

def manual_model_split(model) —> PipelineStage:
if stage_index ==
# Prepare the first model’s stage with layers 0:3
for i in range(4, 8):
del model.layers[str(i)]
model . norm = None
model . output = None

elif stage_index == 1:
# Prepare the second model’s stage with layers 4:7
for i in range(4):
del model.layers[str(i)]
model . tok_embeddings = None

stage = PipelineStage (
model ,
stage_index ,
num_stages ,
device ,

)

return stage

Listing 4.14: Split the simple transformer decoder model in two chunks manually.

The first stage does not have layer normalization nor the output layer, and it only includes the first four
transformer blocks. The second stage does not have the input embedding layers, but includes the final four
transformer blocks, and the output layers. The function then returns the PipelineStage of the current rank.

The second splitting method uses the PyTorch tracer to automatically split the model according to the
split_spec argument. In this case, we inform torch.distributed.pipelining where to cut the model.
In Listing 4.15, we inform the pipeline API to cut the model before the 4-th transformer decoder block,
mirroring the manual split implemented in Listing 4.14. Similarly, we can retrieve a PipelineStage by
calling the build_stage method after specifying where to cut the model.
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def tracer_model_split(model, example_input_microbatch) —> PipelineStage:
pipe = pipeline (
module = model,
mb_args = (example_input_microbatch ,) ,
split_spec = {
"layers.4": SplitPoint.BEGINNING,
}

)
stage = pipe.build_stage (stage_index , device, pp_group)
return stage

Listing 4.15: Function for splitting the simple transformer decoder model automatically, using the pipeline class.

iii. Define the main training function

In the main function, we will create a specific pipeline schedule that will be applied to the created stages. In the
code included in Listing 4.16, the model is split manually, but line 16 can be uncommented to try the automatic
split based on the graph created by the PyTorch tracer. We have to provide the schedule with the number of
microbatches and the loss function that will be used to evaluate the outputs predicted by the model.

if __name__ == "__main__
init_distributed ()
num_microbatches = 4
model_args ModelArgs ()
model = Transformer (model_args)

# 1 — split the model manually
stage = manual_model_split(model)

# 2 — split the model with the help of the tracer
# stage = tracer_model_split(model, example_input_microbatch)

model . to(device)

def tokenwise_loss_fn (outputs, targets):
loss_fn = nn.CrossEntropyLoss ()
outputs = outputs.reshape(—1, model_args.vocab_size)
targets = targets.reshape(—-1)
return loss_fn (outputs, targets)

schedule = ScheduleGPipe(

stage ,
n_microbatches = num_microbatches ,
loss_fn = tokenwise_loss_fn

)

for id in range(10000):
# Dummy data
x = torch.ones (32, 500, dtype=torch.long)
y = torch.randint (0, model_args.vocab_size, (32, 500), dtype=torch.long)
example_input_microbatch = x.chunk(num_microbatches) [0]
X = x.to(device)
y = y.to(device)

if rank == 0:
schedule . step (x)

elif rank == 1:
losses = []
output = schedule.step(target=y, losses=losses)

if id % 100 == 0:
print (f"[step {id}] microbatches losses {[f’{l.item():.4f}  for | in losses]}")

dist.destroy_process_group ()

Listing 4.16: The main function to train the simple transformer model with pipeline parallelism.
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The step method processes the entire minibatch and automatically splits it into microbatches based on the
valued of the n_microbatches passed as argument to the schedule. The microbatches are then operated on
according to the schedule class we selected. Listing 4.16 uses the GPipe schedule, which executes all the
forwards steps of the two stages, including all the microbatches of every stage, followed by all the backward
steps. The output returned from rank 1 will be the same as if the model was on a single GPU processing the
entire batch. We can also use a losses container to store the corresponding losses for each microbatch.

iv. Launch the distributed processes

Finally, we can use the following command to run our Python script with torchrun, in a single host, and using
two processes. The script is written in a way that rank O performs the required logic for pipeline stage 0, and
rank 1 performs the logic for pipeline stage 1.

torchrun -nnodes 1 -nproc_per_node 2 pipelining_tutorial.py

Training the model for 10k iterations on two GPUs, one NVIDIA Titan Xp and one NVIDIA RTX 2080 Ti,
took 98 minutes and 26 seconds.

In conclusion, we applied pipeline parallelism to train a simple transformer model distributedly using the
torch.distributed.pipelining classes. We explored setting up the environment, defining a transformer
model, and partitioning it for distributed training. We discussed two methods of model partitioning, manual and
tracer-based, and demonstrated how to schedule computations on micro-batches across different stages. Finally,
we covered the execution of the pipeline schedule and the launch of distributed processes using torchrun.

4.2 Tensor Parallelism

Both model and pipeline parallelisms split a model vertically. But we can also horizontally partition
the computation over one tensor across multiple devices, and this considered tensor parallelism (TP). A
paradigmatic example of tensor parallelism consists of horizontally splitting the multiplication of large matrices
and distributing the partial multiplications to different GPUs. Each GPU computes part of the operation, and
the partial results are gathered at the end.

Tensor parallelism (TP) was first proposed in [184] for large-scale model training. It is a technique that
distributes the operations of a single layer across multiple devices, namely GPUs. Consider a multi-layer
perceptron (MLP) block of a transformer model, which is built with a series of pairs of a fully-connected
(Linear) layer and a non-linear GeLLU activation. Thus, an input tensor X is multiplied by a weight matrix A
to produce an output Y, which is then passed through the non-linear GeL.U activation. Rather than allocating
the entire matrix A to a single GPU, tensor parallelism partitions A into smaller blocks (A1, A2, ---, An), each
one processed a different GPU. The way in which matrix A is split is important. A naive approach would split
the weight matrix A across its rows and partition the input X across its columns and, therefore, ¥ = GeLU(XA)
will be calculated as indicated in Equation 4.5 [189].

_| A
A=[a)
X =[X1 Xo]
Y = GeLU(X, - A} + X - Ay)

4.5)

The drawback of this partitioning scheme is that it imposes a synchronization point before the activation
function, since the partial results X; - A} and X, - A, must be combined before we can apply the GeLU for
obtaining the correct result. This is due to GeLU(X; - A1 + X3 - A2) # GeLU(X| - A1) + GeLU(X; - A).
Synchronization points penalize the overall computation time and can increase the training time significantly.
Therefore, we must eliminate synchronizations whenever possible. An alternative to the naive partitioning is to
split A along its columns and ¥ = GeLU(XA) will be calculated as indicated in Equation 4.6.
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A=[A A 4.6)
[Y] Y2] = [GeLU(X - A1) GeLU(X - Ay)] '
This solution allows for each GPU to apply the activation function to its partial output independently, thereby
dismissing the synchronization point and improving the overall training efficiency (Figure 4.17 (i)).

In Megatron-LM, tensor parallelism is also applied to the self-attention layers by splitting the key (K), the
query (Q), and the value (V) matrices column-wise. In this way, each GPU processes a subset of the attention
heads and performs the corresponding matrix multiplications locally (Figure 4.17 (ii)). This eliminates
communication among GPUs during the attention calculation, since each GPU only needs the parcel of input
that is relevant to its heads.
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Figure 4.17: Blocks of a transformer with tensor parallelism. f and g are conjugate, since f is an identity operator in the forward pass
and AllReduce in the backward pass, while g is an AllReduce in the forward pass and identity in the backward pass [184].

The second Linear layer of the MLP and the output Linear layer after self-attention are split row-wise, as
illustrated in both right panels of Figure 4.17. This design leverages the fact that each GPU already has the
complete output for its assigned attention heads, by concatenating those outputs locally, each GPU can process
its own subset of rows without having to communicate with other GPUs. Thus, row-splitting B in both right
panels avoids a synchronization point among GPUs.

The attention layer performs matrix-matrix multiplications between input X and the query weights Q, X and the
key weights K, and X and the value weights V, using column-wise partitioning to execute the multiplications in
parallel. The results of the first two multiplications are combined, using another matrix-matrix multiplication,
to produce the score that is passed through the softmax. Finally, the output of softmax is multiplied by X - V
(Equation 4.7) [208].
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The necessary communication is handled using two conjugate operators: f, which corresponds to an AllReduce
operation in the backward pass and an identity function in the forward pass, and g, which is an AllReduce
operation in the forward pass and an identity function in the backward pass. This solution ensures that only
two AllRreduce operations occur in the forward pass and two in the backward pass, thereby keeping the
synchronization cost low (Figure 4.18).
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Figure 4.18: Communication in a tensor parallel transformer layer involves four total operations across its forward and backward
passes [184].

Megatron-LM’s tensor parallelism focus on maximizing the GPU independence to minimize communication,
which is limited to the mandatory AllReduce operations. In this way, the synchronization points are minimized
and GPUs are mostly occupied.

4.2.1 Practice with Tensor Parallelism in PyTorch

When a model does not fit in a single GPU, we have to shard i by multiple GPUs. There are two sharding
methods: pipeline parallelism and tensor parallelism. Assuming that we have a model with 2 Linear layers,
with 4 X 4 and 4 x 2 weight tensors, and 2 GPUs, the result of applying pipeline and tensor parallelism is
depicted in Figure 4.19.

Tensor parallelism with 2 GPUs

Ifllﬂlt —> Lineeir 4x4 — Linealir 4x2 N Olll)tgm
GPUO GPU 1 GPU 0 | GPU 1
Pipeline parallelism with 2 GPUs
GPUO GPU 1
Il;ﬂlt — Linear 4x4 Linear 4x2 — Olllgut

Figure 4.19: Comparing tensor and pipeline parallelisms considering two GPUs and a model with two Linear layers.

Tensor parallelism shards the Linear layers into multiple GPUs, and all GPUs get a parcel of every Linear
layers. While pipeline parallelism splits the 1inear layers into multiple GPUs, and each GPU is assigned a
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disjunct subset of the layers. Each method has its own pros and cons, but in this blog, we will focus on Tensor
Parallelism using PyTorch. Tensor parallelism can be applied row-wise and column-wise. In row-wise tensor
parallelism, we split a layer along the rows, while in column-wise tensor parallelism, we split a layer along the
columns.

1. Row-Wise Tensor Parallelism

By using the same Linear layers defined above, when we apply row-wise tensor parallelism, the 4 X 4 weight
tensor of the first layer is split along the rows into two tensors and each GPUs is assigned a 2 X 4 tensor. GPU
0 gets a 2 X 4 tensor with the first two rows of the original tensor and GPU 1 gets a 2 X 4 tensor with the last
two rows.

For the second Linear layer, we split the 4 X 2 weight tensor along the rows into two 2 X 2 tensors. Thus, GPU
0 gets a 2 X 2 tensor with the first two rows of the original tensor and GPU 1 gets a 2 x 2 tensor with the last
two Tows.

Since the input is a 1 X 4 tensor, it is split along the columns into two 1 X 2 tensors that are scattered to the
GPUs. GPU 0 gets a 1 X2 tensor containing the first two columns of the input tensor and GPU 1 also gets a 1 X2
tensor containing the last two columns of the input tensor. Each GPU performs a matrix-matrix multiplication
between the 1 X 2 input and the 2 X 4 weights for the first layer, i.e., (1 X 2)@(2 X 4) = (1 x 4). After that, we
aggregate the partial results from both GPUs, using the sum operator (Figure 4.20).

(1 x 4) input (4 x 4) weight tensor of first Linear layer
T
1
[a.b] | fc.d] [wll, wl2, wl3, wl4]
; GPUO
! [w21, w22, w23, w24]
GPU O (€15 0 N e
[w31, w32, w33, w34]
GPU 1
[wal, w42, wa3, wad)]

matrix-matrix multiplication

GPUO
11, w12, wl3, wil4
b |e| W WBWE WAL 11eb w21, aw12+bw22, awl3+bw23, awld+b.w24]
[w21, w22, w23, w24]
GPU1
[w31, w32, w33, w34]
[c,d] |@ = [c.w31+d.w41, cw32+d.w42, c.w33+d.w43,c.w34+d.w44]
[wal, w42, w43, wad]

Aggregate (using sum) the partial results from both GPUs result

[aw11+bw21, aw12+bw22, aw13+bw23, aw1d+bw24] [+|[cw3l+dwal, cw32+dwa2, cw33+dw43, cwdd+dwad] | =| [o1,02, 03, 04]

Figure 4.20: Illustration of row-wise tensor parallelism applied to the first Linear layer.

The output [01, 02,03, 04] from the first Linear layer becomes the input of the second Linear layer. This
tensor is split along the columns into two 1 X 2 tensors, which are scattered to the GPUs. GPU 0 gets a 1 x 2
tensor containing [01, 0] and GPU 1 gets [03, 04].

Each GPU performs a matrix-matrix multiplication between the 1 X2 input and the 2 X 2 weights for the second
layer, i.e., (1 X2)@(2 x2) = (1 x2). After that, we aggregate the partial results from both GPUs, using the sum
operator (Figure 4.21).

2. Column-Wise Tensor Parallelism

Still considering the same Linear layers as in row-wise parallelism, if we apply row-wise tensor parallelism,
the 4 x 4 weight tensor of the first layer is split along the columns into two tensors and each GPUs is assigned a
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(2 x 4) weight tensor
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Figure 4.21: Illustration of row-wise tensor parallelism applied to the second Linear layer.

4 x 2 tensor. GPU 0 gets a 4 X 2 tensor with the first two columns of the original tensor and GPU 1 gets a4 x 2
tensor with the last two columns.

The 1 x4 input tensor is scattered as is to both GPUs. Then, each GPU performs a matrix-matrix multiplication
between the 1 X 4 input and the 4 X 2 weights for the first layer, i.e., (1 X 4)@(4 x 2) = (1 x 2). After that, we
aggregate the partial results from both GPUs, using a concatenation to obtain a 1 X 4 tensor (Figure 4.22).

The output [01, 02,03, 04] from the first Linear layer becomes the input of the second Linear layer. This
tensor is scattered as is to both GPUs. For the second Linear layer, we split the 4 X 2 weight tensor along the
columns into two 4 X 1 tensors. Thus, GPU 0 gets a 4 x 1 tensor with the first column of the original tensor and
GPU 1 gets a 4 x 1 tensor with the second column.

The 1 x4 input tensor is scattered as is to both GPUs. Then, each GPU performs a matrix-matrix multiplication
between the 1 X 4 input and the 4 X 1 weights for the first layer, i.e., (1 X 4)@(4 x 1) = (1 x 1). After that, we
aggregate the partial results from both GPUs, using a concatenation to obtain a 1 X 2 tensor (Figure 4.23).

Since we shard the weights into N devices (two in our current example), we reduce the required memory by
1/N. Thus, the more devices we use, the bigger model we can train.

3. Communication among NVIDIA GPUs

The core idea in inter-process communication lies shared memory, which simply means that multiple execution
contexts, threads or processes, can access the same memory space without needing to copy data between
contexts. On CPUs, this typically supported by operating system shared memory, such as, mmap or POSIX
shared memory, enabling processes to exchange data efficiently. GPUs also have their version of on-chip shared
memory for threads within a block communicate. The most relevant principle here is avoiding redundant data
copies by letting different agents access the same underlying storage.

Building on that idea, CUDA Inter-Process Communication (IPC) extends the concept of shared memory for
GPUs. Normally, GPU memory is private to the process that allocates it, but CUDA IPC allows one process to
allocate memory on a GPU and then expose a handle that other processes can use to access that same memory
region. This avoids expensive host-device transfers and makes it possible for multi-process applications, such
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as in a training setup where we use a process per GPU, to cooperate efficiently. In that sense, CUDA IPC is
communication layer for sharing GPU memory across processes.

(1 x4) input replicated in all GPUs
e

[a,b,c,d] [wll, wi2] [a,b,c,d] [w13, wl4]
[w21, w22] [w23, w24]
GPU O GPU 1
[w31, w32] [w33, w34]
[w4l, wd2] '\ [wd3, wdd]
GPUO (4 x 4) weight tensor of first Linear Grul
layer split column-wise
matrix-matrix multiplication
GPU O
abed |@ MMV =1 [awll+bw2l+c.w3l+d.wdl , awl2+b.w22+c.w32+d.wd2]
[w21, w22]
[o1,02]
[w31, w32]
[wal, w42]
GPU1
abed |@ M3I¥H =1 [awl13+b.w234+c.W33+d.w43 , a.wl4+b.w24-+c.w34+d.w44]
[w23, w24]
[03,04]
[w33, w34]
[w43, wdd]
Aggregate (using concatenation)
the partial results from both GPUs result
[ol, 02] | [03, 04] = [ol, 02,03, 04]

Figure 4.22: Illustration of column-wise tensor parallelism applied to the first Linear layer.

Alongside this, but orthogonal in purpose, is peer-to-peer (P2P) communication. While CUDA IPC focuses on
sharing memory across processes, P2P focuses on communication across devices. When enabled, P2P allows
one GPU to directly read from or write to another GPU’s memory over interconnects like PCle or NVLink.
Without P2P, data transfers between GPUs must be staged through host memory, which is much slower. With
P2P, transfers happen directly between GPUs, significantly improving bandwidth and latency.

At the top of this stack sits the NVIDIA Collective Communications Library (NCCL), which provides high-level
communication primitives such as AllReduce, broadcast, and AllGgather. These are exactly the patterns needed
in distributed training, for example, to synchronize the gradients across GPUs. NCCL itself does not reinvent
the low-level mechanisms. Instead, it orchestrates and optimizes them. Internally, it uses CUDA IPC to share
buffers across processes when needed, uses P2P to move data directly between GPUs on the same node, and
resorts to networking technologies when scaling across multiple machines. It also leverages shared memory for
coordination and control paths. Crucially, NCCL automatically selects the fastest available transport depending
on the hardware topology, so developers do not have to manually manage these details.

Therefore, we can view these technologies as layers of abstraction: shared memory provides the conceptual
foundation to avoid unnecessary copies, CUDA IPC applies that idea to GPU memory across processes,
P2P enables efficient direct communication between GPUs, and NCCL stays above all of them, combining
and optimizing these mechanisms to implement scalable, high-performance collective communication
(Figure 4.24).
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Figure 4.23: Illustration of column-wise tensor parallelism applied to the second Linear layer.
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Figure 4.24: Relationship diagram of the NVIDIA communication concepts.
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4. Manual Implementation of Row-Wise Tensor Parallelism

When training our model with PyTorch distributed and two GPUs, PyTorch spawns two processes, process
0 runs on GPU 0 and process 1 runs on GPU 1. These processes exchange gradients and weights using the
NVIDIA NCCL backend. For managing communication correctly, there are three important variables: RANK is
the GPU rank, WORLD_SIZE is the number of processes (or GPUs) that will be involved in communication, and
LOCAL_WORLD_SIZE is the number of GPUs per node, relevant when we use multiple nodes. If we are using a
single node, WORLD_SIZE and LOCAL_WORLD_SIZE will be the same value.

In our simple scenario, GPU 0 is RANK O and GPU 1 is RANK 1, and WORLD_SIZE is 2. Both RANK and
WORLD_SIZE are accessible through environment variables automatically set by PyTorch distributed. Assuming
that RANK O opens port 29950 and RANK 1 opens port 29951, the communication setup is as illustrated
in Figure 4.25. Sockets, or open ports, often check heartbeats and communicate simple strings among
multi-processes, while NCCL is designed specifically for NVIDIA peer-to-peer GPU communication.

Host Machine
GPU 0 (Rank 0) GPU 1 (Rank 1)
NCCL NCCL
/dev/shm
CUDAIPC
port port
29950 J~TTTTTTTTTTEEETEEEEEEt 29951

Figure 4.25: Communication setup for distributed training with two GPUs and a single node.

Simple scatter-gather example

Before we apply tensor parallelism to our simple model, let us explore the scatter and gather collective
operations. For that purpose, we will use the Python code included in Listing 4.17.

If we save the code included in Listing 4.17 on the TP_scatter_gather.py, to run it with two GPUs we just
have to execute the next command.

torchrun -nproc-per-node=2 TP_scatter_gather.py
The output of the execution is as follows.

, device="cuda:0’)
, device=’cuda:1’)

Local rank ® tensor received from scatter: tensor([1.,
Local rank 1 tensor received from scatter: tensor([5.,
Gathered list of tensors:

[tensor([2., 2.], device="cuda:0®’), tensor([6., 6.], device="cuda:0’)]

1.]
5.]

As discussed in Section 2.4, dist.scatter shards a list with N tensors into N GPUs, where N is 2 in our
example and the list is [[1, 1], [5, 5]], and each GPU will receive a different tensor from the list, GPU 0 receives
the tensor [1, 1] and GPU 1 receives the tensor [5, 5].

An tensor for storing the output of the scatter operation must be initialized in each GPU,wihich in our example
was done with output_tensor = torch.zeros(tensor_size, device=device). This tensor will be
filled with data received during the execution of dist.scatter.
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import torch

import torch.nn as nn

import torch.distributed as dist
import os

def main () :

world_size = torch.cuda.device_count ()
local_rank = int(os.environ["LOCAL RANK" ])
device = f’cuda:{local_rank}’

dist.init_process_group (backend="nccl’)
tensor_size = 2
output_tensor = torch.zeros(tensor_size, device=device)

if dist.get_rank() == 0:

t_ones = torch.ones(tensor_size , device=device) # [1,1]
t_fives = torch.ones(tensor_size , device=device) x 5 # [5.5]
scatter_list = [t_ones, t_fives]
else:
scatter_list = None
# scatter_list — list of tensors to be scattered
# output_tensor — where the received tensor will be stored in each node

dist.scatter (output_tensor , scatter_list , src=0)
print (f’Local rank {local_rank} tensor received from scatter: {output_tensor}’)
g_in_tensor = output_tensor + 1

if dist.get_rank() ==

t_onesl = torch.ones(tensor_size , device=device)
t_ones?2 = torch.ones(tensor_size , device=device)
gather_list = [t_onesl, t_ones2]

else:
gather_list = None
# g_in_tensor — tensor to gather from all nodes
# gather_list — rank O list where the gathered tensors will be stored
dist.gather(g_in_tensor, gather_list, dst=0)

if dist.get_rank () ==
print (f’ Gathered list of tensors: {gather_list}’)
if __name__ == "__main__
main ()

Listing 4.17: Experiment the scatter and gather collective operations.

After the scatter operation, each GPU adds one to the the received tensor data, resulting in a tensor
g_in_tensor=[2,2] in GPU 0 and g_in_tensor=[6,6] in GPU 1. If we are in RANK 0 GPU, we create
two tensors, one to receive the data that will be gathered from GPU 0 and the other for the data that will be
received from GPU 1. These tensors are included in gather_list.

Next, we execute a gather operation, which will collect g_in_tensor from all ranks and put them in the rank 0
gather_list. Finally, GPU O prints gather_1ist, containing [2, 2] received from GPU 0 and [6, 6] received
from GPU 1. The flow of execution, including the scatter and gather operations, for the execution of this
example is shown in Figure 4.26.

We now focus on adding tensor parallelism to Linear layers and train a simple model. In Listing 4.18, it is
defined a Linear layer with row-wise tensor parallelism, following the principles described before. The weight
tensor of the Linear layer that will be allocated to each GPU has a weight tensor of size in_features/#gpus X
out_features. In the forward method, the input tensor is split column-wise and the parcels are scattered to
the GPUs, and each GPU receives a parcel of size batch_size X in_features/#gpus. This input parcel is passed
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GPU 0 GPU 1

t_ones=[1,1]
t_five =[5.5] -
. ist.scatter
scatter_list =[[1,1], [5,5]] > output_tensor =[5,5]
dist.scatter
output_tensor = [1,1]
g_in_tensor =[1,1] + 1=[2,2]
dist.
. gather
gather_list =[[1,1], [1,1]]
dist.gather .
gather_list = [[2,2], [6,6]] < g_in_tensor = [5,5] + 1=[6,6]

Figure 4.26: The main events associated with the execution of the the code included in Listing 4.17.

through the Linear layer parcel. In the end, we run an AllReduce operation to gather the output from all
Linear layer parcels, sharded among the GPUs. The outputs from all GPUs are reduced using the sum. After
that, all GPUs will have the same output for the Linear layer.

Listing 4.18 also defines a simple model with a Linear layer, a ReLU activation function, a second Linear,
and a second ReLU. The first Linear layer has a 100 x 50 weight tensor and the second one has a 50 x 20
weight tensor. Listing 4.19 contains the main function used to train this model. It instantiates the model and an
optimizer. The training loop simply generates a 32 X 100 random tensor, pass it through the model, perform a
backward pass, and update the model weights.

If we save the code included in Listings 4.18 and 4.19 in the file TP_linear?2.py, we can train the model using
the next command. Execution time for 10k iterations, with two GPUs, was 38 s.

torchrun -nproc-per-node=2 TP_linear2.py

The model output has a size of 32 x 20. In the first Linear layer, we multiply the 32 X 100 input by the 100 x 50
tensor weight and obtain an output with shape 32 x 50. In the second Linear layer, we multiply the 32 x 50
output from first layer by the 50 x 20 weight tensor, and we obtain a final output with shape 32 x 20.

5. Tensor Parallelism using torch.distributed.tensor.parallel

In PyTorch, tensor parallelism (TP) is built on top of the DistributedTensor (DTensor) and provides
different parallelism styles: Colwise, Rowwise, and Sequence Parallelism. The entry point to parallelize a
module using tensor parallelism is parallelize_module(), which applies tensor parallelism based on a
user-specified plan.

torch.distributed.tensor.parallel.parallelize_module(
module,
device_mesh,
parallelize_plan,

src_data_rank

The parallelize_plan contains aParallelStyle that indicates how we want the module to be parallelized.
device_mesh is an object that describes the mesh topology of devices for distributing training with
DTensor. parallelize_plan can be either (i) a ParallelStyle object containing information on how
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we prepare input/output for tensor parallelism or (ii) it can be a dictionary of module fully qualified names.
src_data_rank is the rank of the source data when scattering/broadcasting shards of data/weights to other
ranks.

import os

1mpor t time

import torch

W =

4 import torch.nn as nn
5 import torch.nn.functional as F
¢ import torch.distributed as dist

g # Linear layer with row—wise tensor parallelism .
9 class Linear (nn.Module):

10 def __init__ (self, in_features , out_features):

11 super (). __init__ ()

12 self.in_features = in_features

13 self.out_features = out_features

14

15 self .rank = dist.get_rank ()

16 self.world_size = dist.get_world_size ()

17 self .device = f’cuda:{self.rank}’

18

19 # row—wise tensor parallelism applied to Linear layer

20 self.local_in_features = in_features // self.world_size

21 self.local_out_features = out_features

23 self.linear = nn.Linear(self.local_in_features , self.local_out_features)
24

25 def forward(self, x, batch_size):

26

27 # input shape = [batch_size , local_in_features]

28 local_input = torch.zeros(batch_size ,self.local_in_features ,device=self.device)

30 # Scatter a parcel of input with size [batch_size ,local_in_features/world_size]

31 # to every GPU (input is split column-—wise)

32 dist.scatter (

33 local_input ,

34 list (x.chunk(self.world_size, dim=1)) if self.rank == 0 else None,
35 src=0

36 )

37

38 # Pass input through the Linear layer

39 outputl = self.linear(local_input)

40

41 # AllReduce partial Linear layers’ outputs from all GPUs using sum.
42 # All GPus will have the same output for the Linear layer.

43 dist.all_reduce (outputl , op=dist.ReduceOp.SUM)

44

45 return outputl

47 # Simple model with Linear, ReLU, Linear, ReLU layers.
48 class Model(nn.Module) :

49 def __init__ (self ,inf, hidf, outf, device) —> None:
50 super (). __init__ ()

51 self.linearl = Linear(inf, hidf).to(device)

52 self.linear2 = Linear (hidf, outf).to(device)

54 def forward(self, x, bs):

55 x = F.relu(self.linearl (x, bs))

56 return F.relu(self.linear2(x, bs))

Listing 4.18: Model with two pairs Linear-ReLU, where it is applied row-wise tensor parallelism to the Linear layers.
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def main() :
world_size = torch.cuda.device_count ()
local_rank = int(os.environ["LOCAL RANK" ])
device f’cuda:{local_rank}’
dist.init_process_group (backend="nccl’)

batch_size = 32
model = Model(inf=100, hidf=50, outf=20, device=device)

# Create an optimizer for the TP model
Ir = 0.1
optimizer = torch.optim.AdamW(model. parameters (), lr=I1r, foreach=True)

if dist.get_rank() == 0:
ts = time.time ()

for id in range(10000):

if dist.get_rank () == O:

input_tensor = torch.randn(batch_size, 100, device=device)
else:

input_tensor = None

output = model(input_tensor , batch_size)
output.sum() . backward ()
optimizer . step ()

if dist.get_rank() == 0 and id % 100 ==
print(f"Iteration {id} completed.")

if dist.get_rank() == 0:
te = time.time ()
print (f"Execution time for 10k iterations: {te—ts} s")
print(f’{output }\n {output.shape}’)

if __name == _main__

main ()

Listing 4.19: Main function to train the model that uses row-wise tensor parallelism.

DevicelMesh is a PyTorch higher level abstraction that manages a group of processes, ProcessGroup. It
allows users to effortlessly create inter-node and intra-node process groups without worrying about how
to set up ranks correctly for different sub process groups. Users can also easily manage the underlying
process_groups/devices for multi-dimensional parallelism via DeviceMesh. DeviceMesh is useful when
working with multi-dimensional parallelism, such as 3D parallelism, where parallelism composability is
required. For example, when our parallel solution requires both communication across hosts and within each
host. Without DeviceMesh, users would need to manually set up NCCL communicators, cuda devices on each
process before applying any parallelism, which could be quite complicated.

Tensor parallelism supports the following parallel styles.

e ColwiseParallel partitions a module column-wise, and the allowed module types are Linear and
Embedding,

e RowwiseParallel partitions a module row-wise, and the supported types of modules are also Linear
and Embedding,

e SequenceParallel replicates the module parameters and runs the sharded computation with input
sharded on the sequence dimension; currently, it supports LayerNorm, Dropout, and RMSNorm layers,

e PrepareModuleInput configures the module’s inputs to convert the input tensors to DTensors at
runtime according to the specified input layouts, and performs layout redistribution according to the
desired input layouts,
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e PrepareModuleOutput configures the module’s outputs to convert the output tensors to DTensors at
runtime according to the specified output layouts, and performs layout redistribution according to the
desired output layouts,

e PrepareModuleInputOutput configures the module’s inputs and outputs to convert the input and
output tensors, of the module, to DTensors at runtime according to input and output layouts, and performs
layout redistribution according to the desired input and output layouts.

To demonstrate how to use torch.distributed.tensor.parallel for applying tensor parallelism, we
consider the same model with two pairs of a Linear layer and a ReLU activation, as in the manual
parallelization. Therefore, the training loop is the same as presented in Listing 4.19 and the model architecture
is reproduced in Listing 4.20. This listing also contains the specific aspects related to the PyTorch API, namely
(i) defining the mesh topology of devices for distributing training, and (ii) creating a custom parallelization plan
for the model, specifying that we want to apply column-wise parallelism to the first Linear layer and row-wise
parallelism to the second Linear layer. The execution time for training the model for 10k iterations was 108 s.

class SimpleModel (nn.Module) :
# Simple model with two Linear layers and two ReLU activations.

def __init__ (self):

super (SimpleModel , self).__init__ ()
self.linearl = nn.Linear(100, 50)
self . relul = nn.ReLU()

self .linear2 =
self.relu?2

nn.

= nn.RelLU()

def forward(self, x):
return self.relu2(self.linear2(self.relul (self.linearl (x))))

Linear (50, 20)

device_mesh = init_device_mesh (

device_type="cuda",

mesh_shape=(world_size ,)

)

# Create the model and move it to GPU.
model = SimpleModel () .to("cuda")

# Custom parallelization plan for the model: column—wise parallel for

device_mesh =
parallelize_plan =

device_mesh ,

{

"linearl": ColwiseParallel (),
"linear2": RowwiseParallel () ,

}
)

3 # Define the mesh topology of devices for distributing training (assigns IDs

>3 # the first linear layer and row—wise parallel for the second linear layer.
tp_model = parallelize_module (
module = model,

to GPUs) .

Listing 4.20: Model with two pairs Linear-ReLU, where it is used torch.distributed. tensor.parallel to apply tensor
parallelism to the Linear layers.

Instead of opting for row-wise parallelism in both Linear layers, as we did in the manual parallelization, the
PyTorch recommendation was followed, and column-wise parallelism was applied to the first Linear layer and
row-wise parallelism to the second. The goal was to eliminate the need for collective operations in the middle
of the two layers. Although the manual implementation is a bit more laborious, the truth is that even including
a scatter operation at the beginning of the computation of each layer and an AllReduce operation at the end, the
training time is only 35% of the training time with the PyTorch API, i.e, 38s vs 108s.
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4.3 Combining Multiple Types of Parallelism

4.3.1 Data and Pipeline Parallelisms

Pipeline parallelism improves both the memory and compute efficiency of during training of large models by
partitioning the layers of a model into stages that can be processed in parallel. DeepSpeed supports hybrid
data and pipeline parallelisms, which be further combined with model parallelism. An illustration of this
tri-dimensional parallelism is shown in Figure 4.27 [196]. Results show that 3D parallelism allows for training
models with more than a trillion parameters.
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Figure 4.27: 3D parallelism in DeepSpeed [196].

DeepSpeed uses gradient accumulation to extract pipeline parallelism. Each batch of training data is split into
micro-batches that can be processed in parallel by the different pipeline stages. When a stage completes its
forward pass over a micro-batch, the output activations are sent to the next stage of the pipeline. Similarly,
when a stage completes its backward pass over a micro-batch, the gradients with respect to the input activations
are sent to the previous stage of the pipeline. Each backward pass accumulates gradients locally. Next, all data
parallel groups perform a reduction of the gradients in parallel. Lastly, the optimizer updates the model weights
using the reduced gradients.

Figure 4.28 illustrates how DeepSpeed trains over a minibatch with eight micro-batches using hybrid two-way
data parallelism and two-stage pipeline parallelism. GPUs 0 and 2 are arranged in a pipeline and will alternate
forward (F;) and backward (B;) passes. They will then run an AllReduce (AR) operation over the gradients
with their data parallel paired GPU, GPU 1 and 3, respectively. GPUs 1 and 3 are also arranged in a two-stage
pipeline. Finally, the two pipelines stages, (0 || 1) | (2 || 3), update the model weights.

4.3.2 Data, Pipeline and Model Parallelisms

Data, model and pipeline parallelisms each perform a specific role in improving memory and compute
efficiency. To achieve high memory efficiency, the layers of the model are split into multiple pipeline
stages (0:3 in Figure 4.27), and the layers of each stage are further divided using model parallel parcels
(M P0O:MP3 in Figure 4.27). This 2D combination simultaneously reduces the memory consumed by the model,
optimizer state, and activations. However, we cannot partition the model indefinitely without incurring in a
communication overhead that limits the computation efficiency [197].
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Figure 4.28: Training over a minibatch with eight micro-batches using hybrid two-way data parallelism and two-stage pipeline
parallelism [196].

To allow the number of nodes to scale beyond model and pipeline parallelisms without sacrificing computation
efficiency, we can resort to data parallelism (DP), for example, ZeRO data parallelism. ZeRO-DP not only
reduces the required memory, by also sharding the optimizer state, but also allows for scaling to arbitrarily large

number of GPUs with minimal communication overhead by exploiting topology aware mapping of processes
to nodes.

In Figure 4.29, each dimension of the tri-dimensional parallelism is carefully mapped to the nodes to minimize
the required memory by exploiting two architectural properties: minimization of the intra- and inter-node
communication bandwidth and introducing parallelism in communication to emulate a larger overall bandwidth.
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Figure 4.29: Mapping workers to GPUs on a system with eight nodes, each with four GPUs. GPU of the same color are on the same
node [197].

Model parallelism has the largest communication cost among data, model and pipeline parallelisms, and as so
we must place the model parallel parcels in the same node to utilize the larger intra-node bandwidth. Here
we can use Megatron-LM for implementing model parallelism by slicing the tensors. Data parallel parcels
are placed within a node when model parallelism does not fit all the processes in a node. Otherwise, they
are placed across nodes. Pipeline parallelism has the lowest communication cost, and as so we can schedule
pipeline stages across nodes without incurring in high communication bandwidth increase.

The size of the gradients communicated by each data parallel parcel decreases linearly by using both pipeline
and model parallelisms, and thus the total communication cost is decreased in relation to pure data parallelism.
Furthermore, each data parallel parcel performs its communication independently and in parallel among a
subset of localized processes. As a result, the effective bandwidth associated with data parallel communication
is amplified by using a combination of reduced communication cost and increased locality and parallelism.
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4.3.3 Data, Pipeline and Tensor Parallelisms, and ZeRO Optimization

One of the main features of DeepSpeed is ZeRO, a memory optimization technique often combined with data
parallelism. The ZeRO technique was discussed in Section 3.7. Normally, ZeRO is a standalone feature that
does not require pipeline or tensor parallelism, but it can be combined with pipeline and tensor parallelisms.
When ZeRO data parallelism is combined with pipeline parallelism, and optionally with tensor parallelism, it
typically enables only optimizer sharding (ZeRO stage 1).

While it is theoretically possible to combine ZeRO stage 2, where we do optimizer state and gradient sharding,
with pipeline parallelism, it will have a negative performance impact. This combination would require
an additional ReduceScatter collective operation per microbatch to aggregate the gradients before sharding
them, which adds a potentially significant communication overhead. As usual in pipeline parallelism, small
micro-batches are used and the focus is on trying to balance arithmetic intensity (microbatch size) with
minimizing the pipeline bubble (number of microbatches). Therefore, the ReduceScatter communication cost
would be highly penalizing.

In addition, there are already fewer layers than normal due to also using pipeline parallelism, and as
so the memory savings would not be high. Pipeline parallelism already reduces the gradient size by
1/degree_parallelism and, thus, the gradient sharding savings on top of that are less significant than on pure
data parallelism. ZeRO stage 3 is not a good choice either, for the same reason, it requires more inter-node
communication. When we use ZeRO, the other benefit comes from ZeRO-offload, where the optimizer state
can be offloaded to CPU.

4.3.4 Megatron-LM

The authors of [145] combined pipeline, tensor and data parallelism with a new pipeline scheduling strategy
and named their approach PTD-P. Instead of only positioning a continuous set of layers (a model chunk) on
a device, each worker node can be assigned with multiple chunks of smaller continuous subsets of layers, for
example, device 1 has the layers 1, 2, 9, 10, and device 2 has the layers 3, 4, 11, 12. Thus, each device has
two model chunks. The number of microbatches in one batch should be divisible by the number of workers
(m). If there are v model chunks per worker node, the pipeline bubble time can be reduced by a multiplier of v
compared to a GPipe scheduling (Figure 4.30).
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Figure 4.30: (i) The default 1F1B pipeline schedule, as in PipeDream-flush, and (ii) the interleaved 1F1B pipeline schedule. The first
model chunks assigned to a node are in dark blue/green and the second chunks are in light blue/green [145].

4.3.5 FlexFlow

Data parallelism works well for compute-heavy layers but struggles when parameter synchronization becomes
expensive. Model parallelism avoids that synchronization but introduces a communication overhead between
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layers and limits parallelism within each operation. In practice, real systems often rely on a combination of
these approaches.

To move beyond these limitations, the authors of [97] introduced a conceptual framework for parallelization,
called the SOAP search space. Instead of restricting parallelism to either the data or the model dimension, SOAP
considers four distinct but composable axes: split along the sample dimension, split across operations, divide
tensor data, and split the model weights. This generalization is important because it reveals that most existing
approaches actually explore only small subspaces of a much larger design space. Prior systems typically operate
along one or two of these dimensions, whereas FlexFlow is designed to search across all of them simultaneously,
enabling hybrid strategies that combine multiple forms of parallelism in a fine-grained way.

Figure 4.31 shows four configurations for a convolution, ranging from pure data parallelism to richer hybrid
strategies that also partition weights and tensors. Figure 4.32 illustrates, through a matrix multiplication
example, how a configuration decomposes an operation into multiple independent tasks mapped to different
devices. What emerges from these examples is the finding that parallelism is not a binary choice but rather a
combinatorial problem where each operation can be decomposed in multiple ways, and a full training strategy
results from choosing a configuration for every operation in the network.
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Figure 4.31: Four parallelism configurations for a convolution. Dashed lines show partitioning the tensor [97].
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Figure 4.32: An example of parallelism configuration for a matrix multiplication operation [97].

The flexibility of FlexFlow comes at a cost: the number of possible strategies grows exponentially with the size
of the model. Thus, the core challenge is not just defining the richer design space, but finding good strategies
within it efficiently. This is where the FlexFlow system comes in. As outlined in Figure 4.33, FlexFlow takes
as input a model represented as an operator graph and a description of the available computation resources,
and automatically searches for an efficient parallelization strategy. It consists of three main components: an
execution optimizer that explores candidate strategies, an execution simulator that predicts their performance,
and a runtime system that executes the best parallelization found.

The execution simulator is the main technical contribution. Instead of running each candidate strategy on
real hardware, which would be prohibitively slow, FlexFlow predicts the execution time by simulating how
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Figure 4.33: FlexFlow overview [97].

tasks would execute and communicate. The authors rely on the observation that the runtime of neural network
operations is largely determined by tensor sizes and hardware characteristics, and is relatively insensitive to
the actual data values. An important refinement is the delta simulation algorithm. Because the search process
explores strategies that differ only slightly from one another, it is wasteful to recompute the entire simulation
each time. Instead, FlexFlow incrementally updates only the parts of the task graph affected by a change. This
optimization dramatically speeds up evaluation, making the simulator up to three orders of magnitude faster
than actual execution, while still producing sufficiently accurate predictions to guide the search.

On top of this simulator, FlexFlow builds a stochastic search procedure based on Markov Chain Monte Carlo.
Starting from an initial strategy, the system repeatedly proposes small modifications, such as changing how a
single operation is partitioned, and uses the simulated runtime to decide whether to accept the new configuration
or not. This process balances exploitation of better strategies with exploration of the search space, enabling the
system to escape local optima and discover more efficient configurations.

Experiments demonstrated that FlexFlow consistently finds better strategies than both traditional methods and
prior automated systems. Across a range of benchmarks, it achieved up 3.8 speedups, while also reducing
communication overhead and improving scalability.

4.4 Conclusions

In this chapter, we explored model parallelism, which enables training models that exceed the memory
capacity of a single device by partitioning layers across multiple GPUs. Although conceptually simple and
memory-efficient, naive model parallelism suffers from poor hardware utilization, communication overhead,
and imbalanced workloads, which limit its practical efficiency. To overcome these limitations, we introduced
pipeline parallelism, which combines model parallelism with data parallelism and improves device utilization
by splitting minibatches into microbatches and executing them in a pipelined fashion across multiple devices.
Pipeline parallelism requires GPU-to-GPU communication between the model partitions during the forward
pass, to send activations, and the backward pass, to send gradients.

Approaches such as GPipe and PipeDream demonstrate how careful scheduling can significantly increase
throughput while maintaining correctness. GPipe emphasizes simplicity and gradient accumulation, whereas
PipeDream reduces memory footprint and improves execution overlap through asynchronous execution
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strategies and weight management techniques. Despite these advancements, pipeline parallelism introduces
new challenges, including pipeline bubbles, memory requirements for storing activations, and the need for
balanced partitioning.

Next, we examined tensor parallelism, which distributes computations within individual layers across devices.
Unlike pipeline parallelism, which split models vertically, tensor parallelism partitions operations horizontally,
allowing for fine-grained parallelism and improved scalability. By carefully designing partitioning schemes
that minimize synchronization points, tensor parallelism can achieve high efficiency, particularly in large
transformer-based architectures.

A key takeaway from this chapter is that no single parallelism strategy is sufficient for training modern
large-scale models. Instead, the most effective systems rely on hybrid approaches, combining data, pipeline,
and tensor parallelism to balance memory usage, communication cost, and computational efficiency. In this
context, the combination strategies were examined in detail.

The integration of data and pipeline parallelisms enables both improved resource utilization and scalability,
by replicating pipeline stages across data-parallel groups and overlapping gradient synchronization with
computation. Extending this idea, the joint use of data, pipeline, and model parallelisms further reduces
memory consumption by partitioning both layers and their internal parameters, while careful placement of
each parallel dimension minimizes communication overhead and exploits hardware locality.

The subsection on data, pipeline, and tensor parallelisms with ZeRO optimization highlighted the importance
of memory-efficient training, showing how optimizer and gradient sharding can complement other parallelism
techniques. However, it also emphasized that aggressive sharding strategies must be balanced against
communication costs, especially in pipeline settings where microbatching amplifies communication frequency.

More advanced systems were also discussed. Megatron-LM demonstrated how combining multiple forms of
parallelism with optimized scheduling, such as interleaving model chunks within each device, can significantly
reduce pipeline idle time and improve overall throughput. On the other hand, FlexFlow introduced a
generalized and automated perspective, framing parallelization as a search problem over multiple dimensions.
By exploring combinations of parallelism strategies using simulation-driven optimization, it shows that efficient
configurations can be discovered automatically, often surpassing manually designed solutions.

Thus, parallelism techniques are fundamental for deep learning, enabling the training of increasingly large and
complex models. As hardware architectures evolve and model sizes continue to grow, the design of efficient
and well-balanced parallel training strategies, particularly those combining multiple forms of parallelism, will
remain a central challenge and a key area of innovation.
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This chapter presents the Mixture of Experts (MoE) paradigm as a key approach for scaling
neural networks, particularly large language models, while maintaining computational efficiency.
It begins by introducing the concept of conditional computation, where multiple specialized
sub-networks, called experts, are selectively activated through a gating mechanism, allowing
models to increase capacity without a proportional increase in computation. The chapter then
provides a taxonomy of MoE models, organizing the literature along algorithmic, system, and
application dimensions. From an algorithmic perspective, it examines the design of MoE layers
within transformer architectures, including dense and sparse formulations, gating mechanisms,
and expert design choices, as well as extensions such as weight-efficient experts and hybrid
architectures. Subsequent sections focus on training and inference strategies, detailing approaches
such as dense-to-sparse transitions, expert merging, and model distillation. The chapter also
explores routing techniques in depth, comparing methods like Top-k gating, Switch Transformers,
hash-based routing, and Soft MoE, and discusses their trade-offs in terms of efficiency, stability,
and specialization. Given the inherent challenges of sparse and dynamic execution, the chapter
further examines system-level design, including expert parallelism, communication patterns, and
memory management. Particular attention is given to load balancing, capacity management,
and adaptive expert placement, which are critical for efficient and stable large-scale training.
Finally, it is addressed training dynamics, performance evaluation, and practical challenges,
highlighting issues such as instability, overfitting during fine-tuning, communication bottlenecks,
and hardware utilization. As a whole, the chapter provides a comprehensive overview of both the
theoretical foundations and practical considerations required to design and deploy scalable MoE
systems.
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5.1 Introduction to Mixture of Experts

Although Mixture of Experts (MoE) are very popular in recent Al research, the concept of conditional
computation has its roots in work from the early 1990s. The idea of an MoE has its origins in [92], where
the authors proposed a supervised learning framework for an ensemble of several networks. Each of these
networks processes a different subset of the training data, and the choice of which network to use is handled
by a gating mechanism.Therefore, each network in this system is an expert that specializes in processing some
segment of the input data. The authors of [103] proposed a hierarchical MoE that can be trained in a supervised
fashion using an expectation-maximization algorithm.

The work [11] explores four possible techniques for estimating the gradient of stochastic neurons and
hard-threshold activation functions by using REINFORCE, a straight-through estimator. Conditional
computation is one example of a hard-threshold activation function, where the activations of certain neurons are
completely eliminated from the computation. The neural network structure explored was comprised of many
computational units connected by a distributed network of gates that can be used to eliminate parcels of the
computation. By turning off portions of thr network, we can greatly reduce the computational cost of a large
neural network.

Dynamic Capacity Networks [3] dynamically allocate compute capacity to different parts of the input data by
defining low-capacity and high-capacity sub-networks. For most of the data, low-capacity sub-networks are
applied. However, a gradient-based attention mechanism can be used to select portions of the input, based upon
the network’s sensitivity to this region of the data, to which high-capacity sub-networks will be applied.

Transformer-based large language models (LLMs) became a cornerstone of recent advances in artificial general
intelligence (AGI), driving progress across a wide range of domains, including natural language processing,
computer vision, and multimodal learning. Their remarkable capabilities stem from large model scales,
extensive training data, and significant computational investment. However, as these models continue to
grow, efficiently scaling their capacity while controlling computational cost has emerged as a critical challenge.
Mixture of Experts has gained renewed attention as a promising solution to this problem. Originally proposed
several decades ago, MoE introduces a modular architecture in which multiple specialized sub-networks, or
experts, are selectively activated for each input through a gating mechanism. In particular, sparsely-gated
MoE enables only a small subset of experts to participate in each forward pass, allowing models to significantly
increase weight capacity without a proportional rise in computation. This paradigm aligns well with established
scaling laws and has been successfully adopted in recent large-scale LLMs such as Mixtral-8x7B and other
industry-grade systems. Figure 5.1 summarizes the release of MoE models between 2017 and 2024, identifying
the application area through four colors, and whether they are open source (above the timeline) or proprietary
(below the timeline). It can be seen that 51 out of 61 were designed for the area of natural language processing
(NLP).

Before we present expert parallelism, we will review the MoE literature. First, we introduce a taxonomy
that organizes the field into three key dimensions: algorithm, system, and application. From an algorithmic
perspective, we examine the integration of MoE layers into transformer architectures, focusing on gating
mechanisms, expert design, and emerging variants such as soft MoE, weight-efficient experts, and hybrid
dense—sparse training approaches. From the system perspective, we review advancements in computation,
communication, and storage designed to accommodate the sparse and dynamic nature of MoE workloads.
Through this structured analysis, we aim to provide a clear understanding of recent progress in MoE-based
LLMs [19].

MoE models train faster compared to dense models, as well as have much faster inference compared to a dense
model with the same number of weights. However, MoE-style LLMs also consume more VRAM, as all experts
must be loaded into memory. Additionally, MoE models are prone to overfitting and notoriously difficult to
finetune, which makes them more complicated to use in practical applications compared to dense models.

In transformer-based large language models (LLMs), a mixture-of-experts (MoE) layer consists of a set of N
expert networks {f],..., fx} and a gating network G. The gating network, typically implemented as a linear
layer followed by a softmax function, determines how input tokens are routed to the experts. In practice, MoE
layers commonly replace the feed-forward network (FFN) sublayer within each transformer block, as FFNs
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Figure 5.1: A chronological overview of several representative mixture-of-experts (MoE) models in recent years. The timeline is
primarily structured according to the release dates of the models. MoE models located above the arrow are open-source, while those
below the arrow are proprietary and closed-source. MoE models from various domains are marked with distinct colors: natural
language processing (NLP) in green, computer vision in orange, multimodal in pink, and recommender systems (RecSys) in cyan [19].

account for the majority of weights and computational cost in large-scale models.

Formally, each expert f;, parameterized by W;, receives the same input x and produces an output f;(x; W;). The
gating network G, parameterized by @, outputs a distribution over experts denoted by G(x; ®). Based on the
design of the gating mechanism, MoE models can be broadly categorized into dense MoE and sparse MoE.

5.1.1 Dense Mixture of Experts

In a dense MoE, all experts are activated for every input, and their outputs are combined using weighted

averaging. This approach was widely adopted in early MoE work and has recently been revisited in modern
variants.

The output of a dense MoE layer is given by Equation 5.1, where the gating weights G(x; @); are computed
with Equation 5.2, and g(x; ®) denotes the gating logits obtained before applying the softmax.

N
T demne (X; 0, {Wi}ﬁil) = Z G(x;0); fi(x; W) (5.1

i=1

exp(g(x; 0);)
S exp(g(x; ©)))

G(x; 9); = softmax(g(x; @)); = (5.2)

While dense MoE can achieve strong performance due to full expert utilization, it is computationally expensive,
as all experts participate in every forward pass. The architecture of the dense MoE layer is depicted in Figure 5.2
(a).

5.1.2 Sparse Mixture of Experts

Sparse MoE addresses the inefficiency of dense MoE by activating only a subset of experts for each
input. Specifically, the gating function selects the top-k experts based on their scores, significantly reducing
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Figure 5.2: Illustration of an MoE layer in transformer-based models. For each input X, the Linear-softmax gating mechanism will
(a) select all experts in a dense MoE or (b) select the top-k experts in a sparse MoE to perform conditional computation. The expert
layer returns the output of the selected expert multiplied by the gate value, which is the softmax of the gating function output [19].

computation while maintaining high model capacity. The sparse gating mechanism modifies the gating function
as indicated in Equation 5.3, where the TopK operator is defined in Equation 5.4.

G(x; ©); = softmax (TopK(g(x; @) + Ruoise, k)); (5.3)
TopK(g(x; ©), k); = {g(x; 0);, if g(x; (?),- is among the top-k values of g(x; @) (5.4)
—00, otherwise

After applying softmax, entries set to —oo effectively become zero, ensuring that only the top-k experts are
active. In practice, small values of &, such as k = 1 or k = 2, are commonly used. The addition of a noise term
Rnoise promotes exploration among experts and improves training stability. The architecture of the sparse MoE
layer is depicted in Figure 5.2 (b).

Although sparse MoE significantly improves computational efficiency, it can introduce a load balancing
problem, where some experts are over-utilized while others remain underused. To mitigate this, auxiliary
loss functions are employed to encourage balanced expert usage. Given a batch 8 = {x, xp,...,xr}, the
load-balancing loss is defined in Equation 5.5.

N
Lload-balancing = NZ DiPi (55)

i=1

where
1 :
D= > Iargmax G(x; ©) = i} (5.6)
x€B
1

Pi= ;‘;Q(X’ 0), (5.7)
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Here, O; represents the fraction of tokens assigned to expert i and P; represents the average gating probability
for that expert. Minimizing this loss encourages uniform expert utilization. The optimal condition is achieved
when D; and P; are given by Equation 5.8, ensuring a balanced workload across all experts.

1 1 .
D; = N’ Pi = N Vi (5.8)

Overall, a sparse MoE provides an effective trade-off between model capacity and computational efficiency,
making it the dominant approach in modern LLMs. Unless otherwise specified, when we use the term MoE
here, we want to refer the sparse variant.

5.2 Taxonomy of Mixture of Experts

Mixture of Experts (MoE) has emerged as a key architectural paradigm for scaling model capacity without
incurring proportional increases in computational cost. By leveraging a set of specialized expert networks
and a gating mechanism that dynamically selects a subset of experts for each input, MoE enables conditional
computation, where resources are allocated adaptively based on input complexity. This property has made
MOoE particularly attractive for large language models (LLMs), where scaling efficiency is critical. As a result,
MoE-based designs are now widely adopted in modern LLMs, enabling substantial increases in weight count
alongside improved performance.

Recent advances demonstrate the effectiveness of this paradigm across a range of models. For instance,
Mixtral-8x7B builds upon the Mistral 7B architecture by incorporating eight parallel feed-forward networks
(experts) per layer. Despite activating only a fraction of its total weights (approximately 13B active weights), it
achieves performance competitive with significantly larger dense models such as LLaMA-2-70B and GPT-3.5.
Similarly, DeepSeekMOoE extends the DeepSeek LLM with an MoE design, achieving comparable performance
to LLaMA 2 7B while requiring substantially less computation. Smaller-scale models further highlight the
efficiency of MoE: Qwenl.5-MoE, with only 2.7B active weights, matches or surpasses the performance of
standard 7B dense models.

Given the rapid development and increasing complexity of MoE-based LLMs, a systematic framework is
necessary to organize existing research and guide future work. For example, we can adopt a taxonomy
that categorizes MoE advancements along three primary dimensions: (i) algorithm design, which focuses
on architectural innovations such as gating mechanisms, expert structures, routing strategies, and auxiliary
objectives; (ii) system design, which addresses the practical challenges of deploying MoE models, including
computation efficiency, communication overhead, and memory management in distributed environments; (iii)
application, which examines the use of MoE across various domains, including natural language processing,
computer vision, recommender systems, and multimodal tasks.

Figure 5.3 presents an overview of this taxonomy along with representative studies in each category. In
particular, auxiliary loss functions play a crucial role in stabilizing training and improving expert utilization.
Table 5.1 summarizes commonly used auxiliary loss functions, such as load-balancing loss, importance
loss, routing regularization, and mutual information-based losses, along with their typical coefficient settings
across different implementations. In the following sections, we provide a detailed analysis of this taxonomy,
highlighting the key design choices and the system-level considerations.

5.3 Algorithm Design of Mixture of Experts

5.3.1 Gating Function

The gating function, also referred to as the routing function or router, is a fundamental component of
mixture-of-experts (MoE) architectures. It determines which experts are activated for a given input and how
their outputs are combined. Based on their processing strategies, gating mechanisms can be categorized into
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Reference Auxiliary loss Coefficient

Shazeer et al. [177], V-MoE [170] Limportance + Lioaa Wimportance = 0.1, Wioad = 0.1
GShard [114], Switch-T [62], GLaM [56],
Mixtral-8x7B [99], DBRX [45], Jamba [122], Ly Waux = 0.01

DeepSeekMOoE [44], DeepSeek-V2 [49],
Skywork-MoE [207]

ST-MoE [246], OpenMoE [217], MoA [231], Loux + L, Waux = 0.01, w, = 0.001
JetMOoE [180]
Mod-Squad [31], Moduleformer [181], DS-MoE [154] | Ly wyr = 0.001

Table 5.1: Overview of diverse auxiliary loss functions and their typical coefficient configurations. The work that first proposed each
auxiliary loss is highlighted in bold text, followed by references that adopts the same approach. Studies that modified the original
Sformulation are indicated with underlined text [19].

three types: sparse, dense, and soft gating. Sparse gating activates a subset of experts, dense gating activates all
experts, and soft gating introduces fully differentiable routing mechanisms, often via token or expert merging.

Sparse gating is the dominant paradigm in modern MoE models, enabling conditional computation by
activating only a subset of experts per input token. As illustrated in Figure 5.4, a variety of sparse routing
strategies have been explored.

In token-choice gating, each input token selects its top-k experts based on gating scores. This strategy,
introduced by Shazeer et al. [177], allows multiple experts to contribute to a single token representation,
improving performance through an ensemble-like behavior. The top-k mechanism has been widely adopted,
although simpler variants such as top-1 routing (Figure 5.4 (a)) have also demonstrated competitive
performance.
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Figure 5.4: The illustration of various gating functions employed in MoE models, including (a) sparse MoE with top-1 gating [62],
(b) BASE layers [115], (c) the combination of grouped domain mapping and random gating [169], (d) expert-choice gating [243], (e)
attention router [212], and (f) soft MoE with expert merging [142].

Addressing the training instability

n [61], the authors found that the gating mechanism cannot be computed in low precision because MoE models
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are sensitive to roundoff errors. Due to the exponential in the gating function, defined in Equation 5.2, roundoff
errors can occur in the gating layer and lead to training instabilities. For this reason, the gating logits g(x; @) =
O - x that are too large could negatively impact training stability. However, simply clipping the gating logits
by applying a hard threshold to remove large values, can prejudice the model performance. Instead, the router
z-loss defined in Equation 5.9 was proposed in [56] as an auxiliary loss to encourage smaller values, and fewer
roundoft errors, within the gating mechanism.

N 2
L=z [log 2, e@’“] (59)

xXeB i=1
Where T is the number of tokens in the minibatch 8, N is the number of experts, and ® - x; are the gating logits.

This loss only penalizes large logits within the gating mechanism of the MoE. To incorporate the gating z-loss
into the training process of the MoE model, we can simply combine it with the normal training loss, for example
the cross-entropy loss, and the auxiliary load balancing loss (Equation 5.10), where we weight these losses
according to their relative importance using scalars ¢y p and c;. The gating z-loss significantly improves training
stability without causing any noticeable deterioration in model quality.

Liotar = LcE + LB - -Llnad—halancing +c,- L, (5.10)

Solving the fine-tuning problems

Although sparse models perform well with large datasets, we hve seen that fine-tuning these models can be
difficult. In [246], authors confirm that these fine-tuning problems are due to overfitting. They found that a
sparse model converges more quickly than a dense model in both cases. However, the validation quality of the
sparse model is much worse than that of the dense model on the downstream task with less data. In other words,
the sparse model overfits due to a lack of sufficient data.

To mitigate overfitting, the authors’ first attempt was to only fine-tune certain portions of the MoE model’s
weights. Fine-tuning just the MoE layers yielded a drastic deterioration in performance, while selectively
fine-tuning other groups of weights performs comparably to fine-tuning all weights. MoE models benefit from
high learning rates and smaller batch sizes, both of which improve generalization by introducing more noise
to the training process. Additionally, the capacity factor does not drastically impact fine-tuning results. In the
end, the authors of [246] point out that there is no definitive solution to solve the difficulties of fine-tuning MoE
models.

Load balancing

Mixture of Experts models utilize a gating network for dynamic routing. This architectural choice introduces a
significant training challenge: the potential for severe load imbalance. If the model is not properly encouraged,
the gating network might learn to route a disproportionate number of tokens to a small, favored subset of experts.
This behavior undermines the entire principle of MoE, as it leaves most of the model’s capacity underutilized
and leads to training instabilities. To address the imbalance issue, MoE models incorporate an auxiliary loss
function specifically designed to encourage a balanced distribution of tokens across all available experts. This
loss is added to the primary task loss, for example the cross-entropy, during training, guiding the router toward
more balanced decisions.

Let us consider a gating network that, early in training, discovers that one or two experts are slightly better at
processing certain common tokens. During backpropagation, the gating network’s weights will be updated to
favor these experts even more. This creates a feedback loop where the favored experts receive more training
data, become more specialized and effective, and are therefore chosen even more frequently. This phenomenon,
often called expert collapse, has two major negative consequences: (i) under-trained experts since the neglected
experts receive few or no tokens. In this way, their weights are rarely updated, and they hardly learn any
useful specialization. Therefore, they will not contribute to the model’s performance; (ii) inefficient capacity
utilization; if only a fraction of thee model’s weights are active, the effective model capacity is very small. Thus,
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we have large memory cost associated to a large model without obtaining the computational and performance
benefits.

Figure 5.5 illustrates the difference between an imbalanced state, where a few experts dominate, and the desired
balanced state.

Imbalanced Balanced
0.5 0.5
0.4 0.4
0.3 0.3
0.2 0.2
0.1 0.1
0 Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6 Expert 7 Expert 8 o Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6 Expert 7 Expert 8

Figure 5.5: An imbalanced expert utilization concentrates computation on a few experts, leading to collapse. The auxiliary loss
encourages the gating network to achieve a balanced expert utilization, ensuring all experts are selected [113].

The goal a load balancing loss term is to penalize the gating network for the imbalance. The most common
approach, proposed in [177], is to calculate a value based on the distribution of tokens and router probabilities
across a minibatch. Let us consider two quantities for a batch of tokens, where N is the total number of experts,
(1) the fraction of tokens in a minibtach B that assigned to each expert, 9;, which was defined in Equation 5.6;
If we have B tokens in the minibatch and use top-1 gating, this is simply the number of tokens routed to expert i,
divided by B; (ii) the average router probability per expert, $;, which was defined in Equation 5.7; It represents
the importance the gating network gives to an expert, regardless of whether it is chosen or not.

The auxiliary loss, Ly, is then calculated as the dot product of these two vectors, scaled by the number of
experts N (Equation 5.11).

N

Law=N-) D;-P; 5.11)

i=1

To minimize this loss, the model must avoid that any single expert i has both a high token fraction 9; and a high
average probability #;. The loss is lowest when the products D; - $; are small and evenly distributed, which
happens when the token assignment to experts is balanced. The auxiliary loss is then combined with the main
task loss, for example L, to form the final loss function that is used in backpropagation (Equation 5.12).

Liowas = Lce +a- Loux (5.12)

The constant « is a small scalar value that controls the strength of the balancing incentive. If « is too small,
the balancing strength will be too weak to prevent expert collapse. If « is too large, the model may prioritize
perfect load balancing at the expense of its performance on the main task, leading to poor overall accuracy. A
common starting value for @ is around 0.01. This simple but effective mechanism is a standard component in
nearly all MoE training pipelines, acting as the essential regulator that allows these large, sparse models to be
trained effectively.

Table 5.1 summarizes commonly used auxiliary losses and their coefficient configurations across different
studies. One formulation measures the importance of each expert within a batch B using Equation 5.13.
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Importance(B) = Z G(x;09) (5.13)
xeB

Based on this value, the importance regularization term is defined in Equation 5.14, where CV denotes the
coeflicient of variation.

Limportance = CV(Importance(B))* (5.14)

In prior work [246], it was found that the routing mechanism cannot be computed in low precision because
MoE models are sensitive to roundoff errors. Due to the exponential in the routing function (shown below),
such roundoff errors can occur in the router and lead to training instabilities.

In addition to auxiliary losses, expert capacity constraints are commonly imposed to limit the number of
tokens processed by each expert. As discussed in GShard [114], this introduces challenges such as token
overflow and routing inefficiencies. Various strategies, including prioritized routing, randomization, and
batch-level heuristics, have been proposed to address these issues. Recent analyses, such as OpenMoE [217],
highlight additional phenomena, such as routing bias toward early tokens ("Drop-towards-the-End") and early
specialization of experts during training.

The Switch Transformer uses a global expert capacity variable to define the maximum number of tokens that
can be routed to each expert in any MoE layer. The expert capacity is calculated with Equation 5.15.

tokens per minibatch

expert capacity = - capacity factor (5.15)

number of experts

In the gating (or switch) layer, each token is routed to the expert that is assigned the highest probability by the
gating mechanism. If too many tokens, namely a number of tokens exceeding the expert capacity, are sent to a
single expert, computation for these tokens will be skipped. The skipped tokens are passed directly to the next
layer via the residual connection. Setting the capacity factor greater than one allows the MoE to handle cases
where tokens are not perfectly balanced across experts (Figure 5.6). The expert capacity must be tuned to avoid
having too many dropped tokens, while not wasting computation or memory. The load balancing loss can also
help with this by evenly routing tokens to experts. Switch Transformer performs better at lower capacity factors
compared to a vanilla MoE, which allows us to improve training efficiency via better load balancing between
experts.

To improve the routing quality and load balancing, several extensions have been proposed.

e Balanced assignment approaches, such as BASE layers (Figure 5.4 (b)), which reformulate routing as
an optimization problem.

o Continuous relaxations, like DSelect-k, improve differentiability.
o Adaptive routing methods dynamically adjust the number of selected experts per token.
e Alternative routing units, such as sentence-level gating, aggregate token information before routing.

e Advanced routing networks, including attention-based routers (Figure 5.4 (e)), improve expert selection
efficiency.

Additionally, non-trainable routing approaches have been explored, including hashing-based routing and
domain-based mappings. Hybrid strategies, such as Random Routed Experts (Figure 5.4 (c)), combine
structured and stochastic routing.
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Figure 5.6: Illustration of token routing dynamics in switch transformer. Each expert processes a fixed batch-size of tokens modulated
by the capacity factor. Each token is routed to the expert with the highest router probability, but each expert has a fixed batch size of
(total tokens / number experts) * capacity factor. If the tokens are unevenly dispatched then certain experts will overflow, indicated by
dotted red lines, resulting in these tokens not being processed by this layer. A larger capacity factor alleviates this overflow issue, but
also increases computation and communication costs [61].

An alternative paradigm, known as expert-choice gating (Figure 5.4 (d)), reverses the routing process: each
expert selects the top-k tokens it processes. This inherently balances expert workloads without auxiliary losses
but may lead to uneven token coverage.

Dense gating, formulated in Equation 5.1, activates all experts for each input. While computationally
expensive, it can yield strong performance due to complete expert utilization. Dense MoE remains relevant in
specific contexts, such as weight-efficient fine-tuning, where expert modules are lightweight and the overhead
of activating all experts is manageable.

Soft MoE addresses the discrete optimization challenges of sparse routing by employing fully differentiable
mechanisms. As shown in Figure 5.4 (£), soft approaches rely on weighted combinations rather than hard
expert selection.

Token merging. Soft MoE methods, for example [157], merge input tokens via weighted averaging before
expert processing. This approach improves training stability and naturally maintains load balance, though it is
less suitable for autoregressive settings.

Expert merging. Alternatively, expert merging approaches combine expert weights through weighted
averaging, resulting in a single effective expert representation. Methods such as SMEAR (Figure 5.4 (£))
avoid discrete routing decisions and enable standard gradient-based optimization.

Subsequent work extends this idea to autoregressive models and fine-tuning settings, showing improved
performance over both sparse and dense baselines. Additional variants, like MoA in Figure 5.7 (a), further
explore combining expert structures with attention mechanisms.

Thus, gating function design plays a central role in determining MoE performance, efficiency, and scalability.
While sparse routing remains the dominant choice in LLMs, alternative approaches, dense and soft, offer
complementary advantages under different computational and application constraints, as summarized in
Figure 5.4, Figure 5.7, and Table 5.1.

5.3.2 Experts

This section examines the design of expert networks within the MoE framework, complementing the gating
mechanisms discussed in previous section.

Since the integration of MoE into transformer architectures [114] [62] [246], MoE layers (experts) have been
replacing the feed-forward network (FFN) modules of transformers. In most implementations, each expert
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Figure 5.7: lllustration of (a) mixture of attention heads [231] and (b) shared expert [163] architectures [19].

mirrors the structure of a standard FFN, a design paradigm that remains dominant. Subsequent refinements to
this structure are discussed further ahead in this section.

The preference for feed-forward network experts stems from the observation that FFN layers exhibit greater
sparsity and specialization compared to self-attention layers. Empirical analyses [154] show that FFN
experts activate more selectively (around 20%) compared to attention layers (around 80%), indicating stronger
specialization. Earlier studies [233] [121] also demonstrate that only a subset of FFN neurons are active per
input. Furthermore, the Emergent Modularity phenomenon [236] reveals that neurons naturally organize into
task-specific groups, supporting the suitability of MoE as a modular extension of pretrained transformers.

Beyond FFNs, recent work has explored the combination Of MoE with the attention mechanism. For example,
the Mixture of Attention Heads (MoA) architecture [231], illustrated in Figure 5.7 (a), introduces experts into
the attention layer, specifically for query and output projections. To reduce the computational overhead, key
and value projections are shared across experts, while only query and output projections differ. Subsequent
models such as DS-MoE [154], JetMoE [180], and ModuleFormer [181] further refine this integration of MoE
with attention layers.

Alternative expert architectures have also been explored, including convolutional neural networks (CNNs)
[34] [232] [32] [205] [72]. More recently, weight-efficient fine-tuning (PEFT) techniques, such as LoRA-based
experts, have been incorporated into MoE frameworks, offering improved adaptability and efficiency (Section
3).

The performance and efficiency of MoE models depend heavily on several key hyperparameters: (i) the
number of experts per layer, (ii) the size of each expert, and (iii) the frequency of MoE layers. Table 5.2 provides
a comparative overview of these design choices, while Table 5.3 summarizes configurations and benchmark
results for recent open-source models.

Early MoE models employed thousands of experts per layer [177] [114] [62], achieving strong performance
but suffering from reduced robustness under domain shift [8]. Later work, for example GLaM [56],
identified that using around 64 experts with top-2 gating offers a strong balance between efficiency and
performance. Reflecting this finding, most modern MoE models (Table 5.3) include up to 64 experts per
layer [99] [45] [246] [207] [161].

Scaling expert capacity can be achieved by increasing the intermediate dimension of each expert. For
example, GLaM [56] prioritizes larger expert dimensions while keeping the number of experts fixed. In
contrast, DeepSeekMoE [49] [44] introduced fine-grained expert segmentation, splitting FFN dimensions
into smaller experts while increasing both expert count and active experts. This improves specialization and
flexibility. Similar strategies are adopted in Qwen1.5-MoE [161] and DBRX [45]. Additionally, approaches
like PEER [81] demonstrate that very fine-grained experts, even single-neuron experts, can achieve strong
performance vs. efficiency trade-offs.

MoE layers are typically inserted in place of FFNs at regular intervals. Common configurations include
replacing every second layer (1/2) [114] [56], every fourth layer (1/4) [246], or all layers (1/1) [62] [44].
Recent trends, such as Mixtral [99], favor placing MoE in every layer with fewer experts per layer. Variants,
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Reference Models Expert Count | dyoder | dfn dexpert #L | #H | djpeqq | Placement | Activation | Share
(Activ./Total) Frequency | Function Expert
Count
600B 2/2048 1024 | 8192 drpn 36 | 16 | 128 1/2 ReLU 0
GShard [114] 200B 2/2048 1024 | 8192 dyrn 12 | 16 | 128 1/2 ReLU 0
(2020)
150B 2/512 1024 | 8192 dpn 36 | 16 | 128 1/2 ReLU 0
37B 2/128 1024 | 8192 dyn 36 | 16 128 12 ReLU 0
7B 1/128 768 2048 dfn 12 | 12 | 64 1/2 GEGLU 0
Switch [62] 26B 1/128 1024 | 2816 dypn 24 |16 | 64 12 GEGLU 0
(2021)
395B 1/64 4096 | 10240 | dyyy 24 | 64 | 64 1/2 GEGLU 0
1571B 1/2048 2080 | 6144 drpn 15 |32 |64 1 ReLU 0
0.1B/1.9B 2/64 768 3072 dpn 12 | 12 | 64 1/2 GEGLU 0
GLaM [56] 1.7B/27B 2/64 2048 | 8192 dyn 24 | 16 128 12 GEGLU 0
(2021)
8B/143B 2/64 4096 | 16384 | dyyy, 32 132 | 128 1/2 GEGLU 0
64B/1.2T 2/64 8192 | 32768 | dyfu 64 | 128 | 128 | 172 GEGLU | 0
350M/13B 2/128 1024 | 4dyoder | drfn 24 | 16 | 64 1/2 GeLU 0
DeepSpeed-MoE [163] | 1.3B/52B 2/128 2048 | 4dpoder | dffn 24 | 16 128 12 GeLU 0
(2022)
PR-350M/4B | 2/32-2/64 1024 | 4dyoger | dypn 24 |16 | 64 1/2, GeLU 1
10L-32E,
2L-64E
PR-1.3B/31B | 2/64-2/128 2048 | 4dpoder | dyfa 24 | 16 128 1/2, GeLU 1
10L-64E,
2L-128E
ST-MoE [246] 0.8B/4.1B 2/32 1024 | 2816 drfn 27 | 16 | 64 1/4, add GEGLU 0
(2022) extra FFN
32B/269B 2/64 5120 | 20480 | dfya 27 | 64 128 1/4, add GEGLU 0
extra FFN
Mixtral [99] 13B/47B 2/8 4096 | 14336 | dypy 32 |32 128 1 SwiGLU | 0
(2023)
39B/141B 2/8 6144 | 16384 | dyy, 56 | 48 128 1 SwiGLU | 0
3.0B/6.7B 2/16 4096 | 11008 | 688 32 |32 | 128 1 SwiGLU | 0
LLAMA-MoE [160] 3.5B/6.7B 4/16 4096 | 11008 | 688 32 132 | 128 1 SwiGLU | 0
(2023)
3.5B/6.7B 2/8 4096 | 11008 | 1376 32 132 | 128 1 SwiGLU | 0
0.24B/1.89B | 8/64 1280 | - 14dss, | 9 10 | 128 1 SwiGLU 1
DeepSeekMoE [44] 2.8B/16.4B 8/66 2048 | 10944 | 1408 28 | 16 | 128 1, except SwiGLU | 2
(2024) 1st layer
22B/145B 16/132 4096 | - 1/8dspa | 62 | 32 128 1, except SwiGLU | 4
1st layer
8339M/650M | 2/16 768 3072 dgn 12 [ 12 | 64 1/4 SwiGLU 1
OpenMoE [217] 2.6B/8.7B 2/32 2048 | 8192 drpn 24 |24 | 128 1/6 SwiGLU 1
(2024)
6.8B/34B 2/32 3072 | 12288 | dyya 32 | 24 128 1/4 SwiGLU 1
Qwenl.5-MoE [161] 2.7B/14.3B 8/64 2048 | 5632 1408 24 | 16 | 128 1 SwiGLU | 4
(2024)
DBRX [45] 36B/132B 4/16 6144 | 10752 | dyg 40 | 48 128 1 SwiGLU | 0
(2024)
Jamba [122] 12B/52B 2/16 4096 | 14336 | dyyy 32 132 | 128 1/2, SwiGLU | 0
(2024) 1:7 Attn.
:Mamba
Skywork-MoE [207] 22B/146B 2/16 4608 | 12288 | dyyy 52 |36 | 128 1 SwiGLU | 0
(2024)
Yuan 2.0-M32 [212] 3.7B/40B 2/32 2048 | 8192 drpn 24 |16 | 256 |1 SwiGLU | 0
(2024)
OLMOoE [141] 1.3B/6.9B 8/64 2048 | 1024 drpa 16 | 16 128 1 SwiGLU | 0
(2024)
DeepSeek-V3 [51] 37B/671B 9/257 7168 | 18432 | 2048 61 | 128 | 128 1, except SwiGLU 1
(2024) 1st 3 layers

Table 5.2: Comparative configurations of MoE with FFN experts in selected models. Model differentiation in each reference is achieved
by using the model size, indicated either by total or activatedftotal weight count. Both activated and total expert counts encompass the
count of shared experts when utilized. dyoqe is the hidden size, dyg, is the intermediate size of FFNS, doypey is the intermediate size of
FFN experts, #L is the number of layers, #H and dy..q are the number of attention heads and attention head dimensions [19].
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Name Time Affiliation Params. Benchmarks Link

Activ. | Total | MMLU | GSM8K MATH HumanEval
Mixtral-8x7B-v0.1 2023.12 | Mistral 13B 47B | 70.6 58.4,74.4 (8-shot) | 28.4 40.2 https://huggingface.co/mistralai/Mixtral-8x7B-v0.1
DeepSeekMoE-16B-Base | 2024.1 DeepSeek | 3B 16B 45.0 18.8 (8-shot) 43 26.8 https://huggingface.co/deepseek-ai/deepseek-moe-16b-base
Grok-1 2024.3 XAl 86B 314B | 73.0 62.9 239 63.2 https://github.com/xai-org/grok-1
Qwenl.5-MoE-A2.7B 2024.3 Alibaba 3B 14B 62.5 61.5 (8-shot) - 342 https://huggingface.co/Qwen/Qwen1.5-MoE-A2.7B
DBRX Instruct 2024.3 | Databricks | 36B 132B | 73.7 72.8 - 70.1 https://huggingface.co/databricks/dbrx-instruct
Jamba-v0.1 2024.3 | AI21 Labs | 12B 52B | 674 59.9 (3-shot) - 29.3 https://huggingface.co/ai211abs/Jamba-v0.1
Mistral-8x22B-v0.1 2024.4 | Mistral 39B 141B | 77.8 78.6, 88.4 (8-shot) | 41.8 45.1 https://huggingface.co/mistralai/Mixtral-8x22B-v0.1
Arctic Instruct 2024.4 | Snowflake | 17B 480B | 67.3 74.2 - - https://huggingface.co/Snowflake/snowflake-arctic-instruct
DeepSeek-V2 2024.5 | DeepSeek | 21B 236B | 78.5 79.2 (8-shot) 43.6 48.8 https://huggingface.co/deepseek-ai/DeepSeek-V2
DeepSeek-V2-Chat (RL) | 2024.5 | DeepSeek | 21B 236B | 77.8 92.2 (8-shot) 539 81.1 https://huggingface.co/deepseek-ai/DeepSeek-V2-Chat
Yuan 2.0-M32 2024.5 IEIT 4B 40B 722 92.7 (8-shot) 55.9 (8-shot) | 74.4 https://huggingface.co/IEIT Yuan/Yuan2-M32
Skywork-MoE-Base 2024.6 | Kunlun 22B 146B | 77.4 76.1 319 43.9 https://huggingface.co/Skywork/Skywork-MoE-Base
OLMOoE-0924-Base 20249 | Ai2 1.3B | 69B | 54.1 3.0 (8-shot) - 224 https://huggingface.co/allenai/OLMoE-1B-7B-0924
DeepSeek-V3-Base 2024.12 | DeepSeek | 37B 671B | 87.1 89.3 (8-shot) 61.6 65.2 https://huggingface.co/deepseck-ai/DeepSeek-V3-Base

Table 5.3: A collection of recent open-source models detailing activated and total weight counts, alongside performance benchmarks
such as MMLU [82] (5-shot), GSM8K [37] (5-shot), MATH [83] (4-shot), and HumanEval [26] (0-shot), unless specified
otherwise [19].

such as V-MoE [170] and MoE-LLaVA [123], highlight trade-offs between computational cost and performance
depending on the expert placement. Figure 5.7 and Tables 5.2 and 5.3 illustrate these design variations.

MoE models inherit the activation function choice from dense transformers. Over time, activation functions
have evolved from ReLU [70] to more advanced variants such as GeLU [84], GeGLU, and SwiGLU [175],
which are now widely adopted. In addition, modern MoE architectures commonly incorporate other
improvements from LLM design, including RMSNorm, Grouped Query Attention (GQA), and Rotary Position
Embeddings (RoPE), aligning MoE models with state-of-the-art dense architectures.

Shared expert designs combine dense and sparse computation to improve efficiency and stability. The
motivation behind using shared experts is minimizing the amount of redundant information between experts.
By having a set of shared experts, we can allow the network to store shared information within these
experts, rather than having to replicate the same information across several different experts. For example,
DeepSpeed-MoE [163] introduced the Residual-MoE architecture, where each token is processed by both a
fixed (shared) expert and a routing-selected expert, maintaining an efficiency comparable to top-1 routing.
This concept, illustrated in Figure 5.7 (b), has evolved into a widely adopted design where one or more
shared experts complement sparse MoE routing. Models such as DeepSeekMoE [44], OpenMoE [217],
and Qwenl.5-MoE [161] incorporate multiple shared experts, particularly when using fine-grained expert
segmentation.

To compute the output of an MoE layer with shared experts, we simply add the shared experts’ output to the
routed output (Equation 5.16).

y= Y E®)+ ) pi(x)- Eix) (5.16)

jets i€tk
Where y is the output of the MoE layer for a token embedding x, 7, is the set of shared experts, E;(X) is the
output of shared expert j, T are top-K experts, and p;(x) is the importance of expert i.
Further extensions to shared experts strategy have been proposed.

e PAD-Net [79] converts experts selected dynamically into static shared ones;

e HyperMoE [237] employs shared hypernetworks across experts and layers;

o ScMoE [18] separates shared and routed computation to improve overlap between communication and
computation;

e Hybrid architectures, as Snowflake Arctic [186], combine dense and MoE layers, as illustrated in
Figure 5.8 (d).

Figure 5.8 provides a broader view of how weight-efficient experts (MoPEs) can be integrated at different
levels of transformer architecture, including attention modules, FFNs, and entire layers.
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Figure 5.8: The illustration of the taxonomy of MoPEs based placement within the Transformer model architecture. (a) exemplifies the
integration of MoPE with the Key and Value modules of the attention mechanism, with applicability extending to Query and Output
projection modules. (b) represents the application of MoPE to the FFN. (c) refers to the MoPE integration at the level of the Transformer
block, wherein two distinct groups of experts are applied to attention and FFN, where separate sets of experts are allocated to both
attention and FFN, each regulated by its own gating mechanism. (d) illustrates a layer-wise integration of MoPE, in which each
Transformer layer is regarded as a unified entity with a gating orchestrating the interplay among experts [19].

In conclusion, expert design plays a crucial role in shaping MoE model capacity, efficiency, and specialization.
As illustrated across Figure 5.7, Figure 5.8, Table 5.2, and Table 5.3, recent work explores increasingly flexible
and fine-grained expert configurations, reflecting a shift toward more modular and adaptive architectures.

5.3.3 Mixture of Weight-Efficient Experts

Large language models (LLMs) pretrained on large-scale datasets have demonstrated strong generalization
capabilities across diverse tasks. However, adapting these models to specific downstream applications typically
requires fine-tuning. Conventional full fine-tuning, which updates all model weights, becomes increasingly
impractical as model sizes grow. To address this limitation, weight-efficient fine-tuning (PEFT) methods have
been proposed, which update only a small subset of weights while keeping the base model frozen.

A prominent example is LoRA [86], which introduces low-rank adaptation matrices that capture task-specific
updates. While PEFT methods are computationally efficient and effective, they often struggle with multi-task
generalization and may suffer from catastrophic forgetting due to limited adaptability.

To overcome these challenges, mixture of weight-efficient experts (MoPE) combines the strengths of
MoE and PEFT by constructing experts using weight-efficient modules and coordinating them through a
gating mechanism. This integration enhances multi-task performance while maintaining high computational
efficiency. Figure 5.8 presents a taxonomy of MoPE designs across different integration levels.
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1. Apply MoPE to Feed-Forward Networks

Following the standard MoE design, many MoPE approaches apply weight-efficient experts to the FFN module
of transformer blocks. During training, only the expert weights and gating network are updated, leaving
the base model unchanged. As illustrated in Figure 5.8 (b), the forward computation can be expressed by
Equation 5.17, where x’ is the output of the attention module and is given by Expression 5.18, AW?“ denotes
the weight-efficient experts, and G is the gating function.

n
FFNME(x") = FEN(X) + Z X AWM . GM(x’),; (5.17)
i=1

x" = LayerNorm(SA(X) + x) (5.18)

Early work, such as LORAMOE [54], integrates LoRA-based experts into FFNs, dividing them into groups
that separately model task-specific knowledge and alignment with instruction data. Similarly, AdaMix [206]
introduces Adapter-based experts with stochastic routing while maintaining low inference cost.

Other approaches focus on multi-stage or domain-aware adaptation. For example, MixDA [53] separates
domain adaptation and task adaptation into different training stages. LLaVA-MoLE [27] extends this framework
to multimodal settings using top-1 routing. In contrast, MixLoRA [116] aligns closely with standard MoE by
combining LoRA experts with shared FFN weights, improving efficiency and reducing latency.

2. Apply MoPE to Attention Layers

MOoPE can also be applied to attention mechanisms by inserting weight-efficient experts into the Query, Key,
Value, or Output projections. As illustrated in Figure 5.8 (a), integrating MoPE into Key and Value modules
yields and attention output given by Equation 5.19, where AW and AW" are the changes of weight-efficient
experts applied to the key and value projections.

i s 2 E )

V+ XAWiV - GY(X); (5.19)
\Y, dhead Z

i=1

Recent methods extend MoE into attention while maintaining efficiency. For example, MoELoRA [135] applies
LoRA experts to Query and Value matrices with top-k routing and contrastive regularization. MoCLE [71]
addresses task conflicts by clustering tasks and assigning experts accordingly, while incorporating both
task-specific and universal experts. While SiRA [244] improves stability through capacity constraints, auxiliary
losses, and expert dropout mechanisms.

3. Apply MoPE to Transformer Blocks

At a higher level, MoPE can be applied to entire transformer blocks by introducing separate expert groups
for attention and feed-forward network (FFN) components, each governed by its own gating function. As
illustrated in Figure 5.8 (c), the forward process over the attention layer and FFN is given by Equation 5.20
and 5.21, respectively.

x' = LayerNorm(SAM°E(x) + x) (5.20)

y = LayerNorm (x’ + FFNMF(x")) (5.21)
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Representative approaches of this strategy include MoV [224], which uses weight-efficient vectors to modulate
attention and FFN components, and MoLORA [224], which combines LoRA experts across both modules.
UniPELT [137] further generalizes this idea by integrating multiple PEFT techniques, adapters, prefix-tuning,
and LoRA, as experts with dynamic gating. Extensions like Omni-SMoLA [210] introduce modality-specific
experts for multimodal tasks, while MoLA [67] explores layer-wise expert allocation to reduce redundancy.

Specialized applications include MOELoRA [55] for medical domains, which incorporates task-informed
gating, and Intuition-MoE [229], which leverages semantic clustering to guide routing. These works highlight
the flexibility of MoPE in handling diverse tasks and domains.

4. Whole-Layer Integration

Recent work extends MoPE to the entire transformer layer, treating it as a unified unit rather than separating
attention and FFN. As shown in Figure 5.8 (d), after incorporating MoPE, the forward process over the
attention layer and FFN is expressed by Equation 5.22 and 5.23, respectively.

x' = LayerNorm(SA(X) + X) (5.22)

n
y = LayerNorm(x’ + FFN(x)) + > xAW;**" - G®"(x); (5.23)
i=1

This formulation enables joint modeling of attention and FFN dynamics within a single MoE framework. A
representative example is MoLE [213], which treats pretrained LoRA modules as experts and learns layer-wise
gating functions to dynamically combine them. This approach allows flexible composition of pretrained
components, significantly enhancing adaptability across tasks.

Hence, MoPE integrates the scalability of MoE with the efficiency of PEFT, offering a powerful framework
for multi-task adaptation. As illustrated in Figure 5.8, MoPE can be applied at multiple levels, from FFN and
attention modules to entire transformer layers, highlighting its versatility and growing importance in modern
LLM design.

5.3.4 Training and Inference Scheme for MoEs

Alongside architectural innovations, substantial research has focused on training and inference strategies for
mixture-of-experts models, aiming to improve both computational efficiency and model quality. Early MoE
approaches follow a straightforward paradigm [170] [177] [114] [62] [246]: the MoE model is constructed
and trained from scratch, and inference directly mirrors the training configuration without structural changes
(Figure 5.9 (a)). More recent work introduces flexible schemes that leverage transitions between dense
and sparse representations to combine their complementary advantages. As illustrated in Figure 5.9, these
approaches can be categorized into three main paradigms.

e Dense-to-sparse, where training begins with a dense model and transitions to a sparse MoE configuration
(Figure 5.9 ());

e Sparse-to-dense, where a sparse model is converted into a dense representation for efficient deployment
(Figure 5.9 (d));

o Expert model merging, where multiple pretrained models are integrated into a unified MoE framework
(Figure 5.9 (b)).

Dense-to-sparse approaches aim to reduce training cost and improve stability by leveraging pretrained dense
models. Early methods, such as RMoE [211], first train a dense model and then fine-tune it into an MoE
architecture, highlighting the need to align expert outputs with the original FFN representations. Similarly, [57]
introduces sparsity by adding a gating module after dense pretraining and refining FFNs under sparse activation.
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Figure 5.9: Schematic representation of training and inference schemes related to MoE. It provides an abstracted view of model
transition, without focusing specific model states during training or inference. Subfigure (a) depicts the original scheme without
architectural transformation. Subfigure (b) depicts the merging of distinct expert models, exemplified by BTX [190]. Subfigure (c)
depicts the transition from a dense model to a sparse model. Subfigure (d) depicts the inverse process, where a sparse model is
converted to a dense model [19].

A representative framework of this strategy is EvoMoE [148], which progressively transitions from dense to
sparse routing via the dense-to-sparse gate. Initially, all experts are activated; over time, routing becomes
increasingly selective. A similar strategy is employed in MoE-LLaVA [123], which starts from a dense model
and fine-tunes only the MoE layers.

A widely adopted approach is sparse upcycling [107], which initializes an MoE model from a pretrained
dense checkpoint. In this process, pretrained FFN layers are replicated as experts, while the gating network
is randomly initialized. To solve the low performance when we start fine-tuning, gating outputs are normalized
such that expert contributions sum to one. While this normalization is beneficial for upcycling vision models,
it is not effective at improving the performance of upcycled language models. Initially, in sparse MoE
approaches the softmax function was applied to the selected top-k gating values, which is formulated as
softmax(TopK(g(x; ®), k)). However, subsequent MoEs opted for applying the softmax function across all
potential gating values before selecting the top-k subset, formulated as TopK(softmax(g(x; ®)), k).

Building on this, Skywork-MoE [207] shows that while upcycling improves efficiency, training from scratch
often yields better performance. It also introduces expert similarity as a diagnostic measure, observing that
lower similarity between experts correlates with better performance due to increased specialization.

Hybrid approaches further combine dense and sparse computation. For example, DS-MoE [154] employs dense
training, where all experts are activated, while using sparse activation during inference. This design reflects the
observation that attention layers exhibit less sparsity than FFNs. Other works focus on constructing experts
from dense FFNs through strategies such as random partitioning [160], clustering [233], or importance-based
splitting [247]. Methods such as SMoE-Dropout [28] gradually increase the number of active experts during
training to prevent overfitting.

Sparse-to-dense methods aim to improve MoE performance by converting MoE models into dense structures.
One common approach is knowledge distillation, where a dense student model learns from a sparse MoE
teacher. Switch Transformer [62] demonstrates that such distillation can preserve a significant portion of
performance gains while drastically reducing weight count, especially when combining teacher predictions
with ground-truth labels. Similarly, OneS [218] introduces a knowledge integration framework that aggregates
expert knowledge through methods such as averaging or singular value decomposition, followed by distillation.
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This approach retains a substantial portion of MoE performance while producing a compact dense model.

Another direction focuses on expert pruning. Since only a subset of experts contributes significantly during
inference, removing underutilized experts can simplify the model. For instance, [133] progressively eliminates
redundant experts, transforming the model into a single-expert structure tailored to the target task. Other
methods, such as ModuleFormer [181], apply task-aware pruning, while vision-specific approaches [90]
average expert weights after training to revert MoE layers back to dense FFNs. More generally, compression
frameworks [80] combine pruning, quantization, and structural simplification to optimize MoE deployment.

Another emerging paradigm constructs MoE models by merging expert models that were independently
trained. The Branch-Train-Merge (BTM) framework [118] trains multiple domain-specific expert language
models separately and combines them at inference through ensembling or weight averaging. Extending this
idea, Branch-Train-MiX (BTX) [190] integrates these pretrained models into a unified MoE architecture, where
FFN layers are treated as experts and combined via a gating mechanism. Other components, such as attention
layers, are merged through weight averaging, followed by joint fine-tuning.

More broadly, Fusion of Experts (FoE) [201] addresses the integration of multiple expert models as a
supervised learning problem, enabling the combination of complementary knowledge across heterogeneous
data distributions. Overall, training and inference schemes play a crucial role in unlocking the full potential
of MoE models. As summarized in Figure 5.9, the transition between dense and sparse representations, and
the ability to merge independently trained experts, provides a flexible framework for balancing performance,
efficiency, and deployability.

5.3.5 Mixture of Experts Derivatives

Building upon the core algorithmic principles of mixture-of-experts, a wide range of extensions and variants,
referred to here as MoE derivatives, have been proposed. These approaches adapt the fundamental ideas of
expert specialization and conditional computation to new architectures, training paradigms, and application
domains.

One line of work focuses on architectural extensions of the standard transformer. For example, WideNet [219]
increases model capacity by replacing feed-forward network (FFN) layers with MoE modules while
maintaining weight sharing across layers, except for normalization components. Similarly, the Sparse Universal
Transformer (SUT) [192] introduces sparse MoE into the Universal Transformer framework, combining weight
sharing with a stick-breaking-based dynamic halting mechanism to reduce computation without sacrificing
generalization.

Another direction addresses limitations of conventional MoE routing, particularly the reliance on discrete
token-expert assignments. Such discrete matching [177] [114] [56] [62] [246] [243] [8] can lead to training
instability and imbalanced expert utilization. To mitigate this, the authors of [7] proposed the mixture of tokens
(MoT), which blends tokens from different examples before routing them to experts. This approach increases
the diversity of token-expert interactions and improves learning stability.

The MoE paradigm has also inspired innovations in weight-efficient fine-tuning (PEFT). For instance, sparse
mixture-of-prompts (SMoP) [33] applies the gating mechanism to prompt tuning, learning multiple specialized
soft prompts instead of a single long prompt. This reduces inefficiencies and enhances task adaptability. In
addition, MoE has been incorporated into lifelong learning (LLL) settings. Lifelong-MoE [29] dynamically
expands the model by introducing new experts as new tasks are encountered, while employing regularized
pretraining to mitigate catastrophic forgetting. This design allows continuous adaptation without degrading
performance on previously learned tasks.

More recently, the concept of conditional computation has been generalized beyond expert selection to other
dimensions of model execution. For example, mixture-of-depths (MoD) [166] introduces a gating mechanism
that decides whether each token should be processed by a given transformer layer. This enables adaptive
allocation of computation across sequence positions, reducing overall FLOPs compared to both standard
transformers and MoE-based architectures.

The evolution of MoE derivatives reflects two key trends: (i) generalization of conditional computation,
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extending gating mechanisms beyond expert selection to dimensions such as tokens, layers, or prompts; (ii)
integration with diverse paradigms, including weight-efficient fine-tuning, lifelong learning, and adaptive
computation. These developments demonstrate the flexibility and adaptability of the MoE framework,
highlighting its potential as a unifying principle for scalable and efficient model design across a wide range
of domains.

5.4 Design of Mixture of Experts

While mixture-of-experts architectures significantly improve the scalability of large language models, they
introduce new challenges for training and inference systems due to their sparse and dynamic execution patterns.
In particular, the conditional activation of experts leads to irregular computation, communication, and memory
access patterns that differ substantially from dense models.

To address these challenges, expert parallelism, first introduced in GShard [114], has become a foundational
strategy for scaling MoE models. In this paradigm, experts are distributed across different devices, while
non-expert components are replicated. As illustrated in Figure 5.10 (a), the execution pipeline involves: gate
routing, input encoding, All-to-All dispatch, expert computation, All-to-All combine, and output decoding.
Input encoding consolidates tokens assigned to the same expert into contiguous memory regions, enabling
efficient execution of general matrix multiplications. The subsequent All-to-All communication distributes
tokens to the appropriate devices for expert computation, after which results are recombined.

Modern systems further combine expert parallelism with other parallelization strategies, such as data, tensor,
pipeline, and sequence parallelism, to improve scalability. Figure 5.10 illustrates several hybrid configurations,
including (b) data + expert + tensor parallelism, (c) data + expert + pipeline parallelism, and (d) expert + tensor
parallelism. These hybrid approaches introduce complex trade-offs between computation, communication, and
memory usage, requiring careful system-level design. Table 5.4 summarizes representative open-source MoE
frameworks and their optimization strategies.
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Figure 5.10: Illustration of diverse parallel strategies in MoEs. For clarity and conciseness, the figure omits some all-to-all, AllReduce,
and point-to-point communication within parallelism, and Normalization, Encode, Decode, Gate in subfigures (b), (c), and (d) [19].

5.4.1 Computation

Although MoE is designed to scale weights efficiently, it introduces several computational challenges. A key
issue is load imbalance across experts, where uneven token distribution leads to synchronization bottlenecks.
While algorithmic solutions, that improve gating and capacity constraints, mitigate this issue, system-level
approaches also play an important role. Frameworks such as SE-MoE [178], Tutel [140], FlexMoE [149],
and SmartMoE [225] implement dynamic expert placement strategies to balance workloads across devices.
Additionally, FasterMoE [77] introduces expert replication (shadowing) to alleviate extreme imbalance.
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Reference Affiliation Optimizations Link

Computation | Communication | Storage
OpenMoE [217] Colossal-Al \'% \% https://github.com/hpcaitech/Colossal Al
ScatterMoE [191] Mila Quebec \'% https://github.com/shawntan/scattermoe
Megablocks [65] Stanford University \' https://github.com/stanford-futuredata/megablocks
Tutel [140] Microsoft \'% \% https://github.com/microsoft/tutel
SE-MoE [178] Baidu \'% \% \% https://github.com/PaddlePaddle/Paddle
HetuMoE [150] Peking University \% \% https://github.com/PKU-DAIR/Hetu
Deepspeed-MoE [163] | Microsoft v \% https://github.com/microsoft/DeepSpeed
FastMoE [76] Tsinghua University \'% \" https://github.com/lackov/fastmoe
Fairseq [8], [152] Meta https://github.com/facebookresearch/fairseq/tree/moe
Mesh-TensorFlow [176] | Google https://github.com/tensorflow/mesh

Table 5.4: Comparative overview of the open-source MoE system frameworks, arranged chronologically by reference publication date
[from newest to oldest [19].

Another challenge arises from the overhead of MoE-specific operations, including gate routing, input encoding,
and output decoding. These operations involve frequent memory movement and irregular computation,
making them less efficient on hardware optimized for dense workloads. To address this, systems such as
DeepSpeed-MoE [163], FastMoE [76], HetuMoE [150], and Tutel [140] provide custom GPU kernels tailored
for MoE operations.

Further optimizations focus on efficient handling of dynamic sparsity. For example, MegaBlocks [65]
reformulates MoE as block-sparse matrix operations, enabling efficient GPU execution without dropping
tokens. Similarly, PIT [240] introduces a compiler-based approach that converts sparse computations into
dense tiling patterns using permutation-invariant transformations. However, these approaches may introduce
additional data reformatting overhead. To address this, ScatterMoE [191] eliminates costly data copying by
directly operating on scattered data using grouped matrix operations, thereby reducing memory footprint and
improving extensibility beyond FFN-based experts.

5.4.2 Communication

Communication is often the primary bottleneck in MoE systems due to frequent All-to-All data transfers.
Each MoE layer typically requires multiple communication rounds during forward and backward passes,
significantly increasing latency. This challenge is amplified in distributed environments where communication
spans both intra-node (for example, using NVLink) and inter-node (for example, using Ethernet or InfiniBand)
connections. Load imbalance further exacerbates delays by causing synchronization stalls. To mitigate these
issues, several optimizations have been proposed.

e Hierarchical all-to-all communication, adopted by DeepSpeed-MoE [163], HetuMoE [150], and
ScheMoE [183], prioritizes high-bandwidth intra-node transfers while minimizing inter-node
communication.

e Topology-aware routing, used by FasterMoE [77], SE-MoE [178], and TA-MoE [24], reduces cross-node
communication by aligning routing decisions with the hardware topology.

e Expert placement optimization opts for strategically distributing experts in such a way that minimizes the
communication overhead [163] [207] [185].

Another important technique is communication—computation overlap via pipelining. Systems such as
Tutel [140], PipeMoE [30], and MPipeMOoE [235] overlap All-to-All communication with expert computation.
However, the overlap is often limited by inherent dependencies. To further extend the overlap, Lancet [100]
incorporates non-MoE computations into the pipeline, while ScMoE [18] restructures computation to decouple
dependencies, enabling substantial overlap. Similar ideas are adopted in hybrid architectures like Snowflake
Arctic [186].

5.4.3 Storage

The large number of weights in MoE models places significant pressure on memory capacity, particularly in
resource-constrained environments. Although expert parallelism distributes weights across devices, a single
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device may still need to manage multiple experts. This issue is especially critical during inference on edge
devices with limited memory.

To address this problem, several approaches leverage hierarchical storage: (i) systems such as SE-MoE [178],
Pre-gated MoE [91], and EdgeMoE [222] store only active experts in GPU high-bandwidth memory (HBM),
while offloading inactive experts to CPU memory or storage, (ii) these approaches incorporate prefetching and
expert selection forecasting to overlap data transfer with computation and reduce latency. Additionally, memory
optimization techniques focus on reducing intermediate storage overhead. For example, MPipeMoE [235]
shares activation buffers across different tensor partitions and uses recomputation and CPU offloading to reduce
memory usage during backpropagation.

5.5 Routing Techniques

The performance of a Mixture of Experts model depends heavily on its gating/routing mechanism. This
component is responsible for directing each input token to a small subset of experts. The quality of this routing
decision has a direct impact on model performance, training stability, and computational efficiency. While a
standard Top-k router is a common starting point, it can lead to problems like load imbalance, where some
experts are consistently over-selected while others remain under-utilized.

In this section we cover a set of routing technique thought to address the limitations of basic gating: noisy Top-k
gating, the Switch Transformer strategy, hash-based routing, and Soft MoE. We will examine the trade-offs
between different routing algorithms, considering their computational cost, effect on load balancing, and impact
on expert specialization.

The common mechanism used for routing tokens in a sparse mixture of experts model is Top-k Gating. It is a
simple and effective approach adopted by many successful MoE architectures. The gating network is a simple
Linear layer that produces a logit for each expert, representing a preference for that expert to process the current
input token. The TopK function then selects the k experts with the highest logit scores.

5.5.1 Top-k Gating

For a given input token representation x, the process begins with the gating network, parameterized by a weight
matrix Wy, which computes the logits A(x) using i(x) = W, - x. Here, h(x) is a vector where each element A(x);
corresponds to the logit for expert i. The TopK operation selects the indices of the k highest values in A(x). Let
us call this set of indices S.

The final gating scores G(x); can be calculated by applying a softmax function only to the selected logits
(Equation 5.24). This ensures the weights for the chosen experts sum to one.

2jes " L (5.24)
0 ifigs

Y ifies
G(x); =

The output y of the MoE layer is then the weighted sum of the outputs E;(x) from the selected experts, as
indicated in Equation 5.25.

y= G- E») (5.25)

ieS

The value of k is a relevant design choice. Using k = 2 allows each token to be processed by two experts,
providing a richer representation than routing to a single expert. This can improve model quality at the cost
of increased computation. In contrast, setting k = 1, as is the case in the Switch Transformers, minimizes
computational and communication overhead.

144



Input Token

X
Gating Network
\ J
( Gating Logits \
{x)l—o 8 x)z 1.5 x)3—-0 2 h(x)4 2.1 h(){)El =0.5
TopK Selection
Expert Networks

[ Expert 1 ) [ Expert Zj [ Expert 3 j ¢ Exper1 8

.|.

{

Final Output
Y

Figure 5.11: The gating process for a single token. The gating network computes logits, and the TopK function selects the two experts
with the highest scores, experts 2 and 4, to process the token [113].

While functionally simple, Top-k gating has a significant operational weakness: it can lead to severe load
imbalance. During training, the gating network may learn to favor a small subset of experts, while others
remain underutilized or are rarely selected. This phenomenon arises because the gating network is a learned
function, and without constraints, it will optimize for predictive accuracy, which may involve repeatedly using
the same few experts that prove most effective in the early stages of training. This imbalance introduces two
major problems: (i) training inefficiency, where the rarely selected experts receive few training signals, causing
their weights to be poorly optimized. The model effectively fails to use its full capacity, as a large fraction of
its weights contribute very little to its performance, (ii) computational waste, since experts are often distributed
across multiple GPUs, if one expert is assigned an excessive number of tokens, the associated device gets
overloaded, while devices hosting rarely used experts are kept mostly idle.

To manage the flow of tokens and prevent any single expert from being overwhelmed, MoE implementations
introduce a capacity factor. This factor helps defining the capacity C of the buffer that hosts the tokens each
expert can process in a minibatch. The capacity C of an expert is defined by Equation 5.26.

tokens in minibatch
C = capacity factor - orens 1 Iinibate (5.26)
number of experts

A capacity factor greater than 1.0 provides a buffer for minor imbalances. For example, a value of 1.25 allows
each expert to process up to 25% more tokens than the average. However, if a popular expert receives more

145



tokens than its capacity C, the tokens in excess are skipped. These skipped tokens do not get processed by
any expert. Instead, they bypass the MoE layer entirely and are passed through the residual connection. This
is a form of information loss and can degrade model performance, as the model is unable to apply specialized
computation to those tokens. Finding the adequate capacity factor is a trade-off, a higher value reduces the
number of dropped tokens but increases memory allocation and can lead to more wasted computation if the
load is balanced. The primary mechanism for combating load imbalance in a standard Top-k gating is the
auxiliary load balancing loss (Equation 5.5).

5.5.2 Noisy Top-k Gating

The standard top-k gating makes routing decisions deterministically, meaning that it selects always the same
experts to process a given token. This can lead to repetitive routing patterns during training. Certain experts
may consistently receive the highest scores from the gating network, attracting the majority of tokens, while
others are starved of data. This imbalance hinders the model’s ability to develop a diverse set of specialized
experts and can even cause some experts to collapse, contributing nothing to the final output.

To mitigate this issue, noisy top-k gating adds a small amount of random noise to the gating network’s output
logits before selecting the top-k experts. In this way, it constitutes a form of regularization that encourages the
model to explore different routing paths and prevents it from relying too often on a small subset of experts. The
random value added to the logits can be sampled from a Gaussian distribution.

The mathematical formulation derives from the standard gating mechanism. Let A(x) represent the vector of
logits produced by the gating network for an input token x, where A(x) = x- W, and W, are the gating network’s
weights. In noisy gating, we calculate a modified set of logits /,;5,(x), as defined in Equation 5.27.

Mnoisy(x) = h(x) + Noise (5.27)

The noise term is usually drawn from a standard Gaussian distribution with zero mean and a tunable standard
deviation. The implementation proposed in [177] scales the noise using a learnable weight matrix W,,;s.
(Equation 5.28).

Noise = StandardNormal() - softplus(x - Wise) (5.28)

The StandardNormal generates random values from N(0, 1), and the softplus function ensures the scaling
factor is always positive. The top-k selection is then performed on these noisy logits. This process is only active
during training. During inference, the noise is disabled to ensure deterministic and stable outputs.

For example, considering that we have N = 4 experts and Top-k gating produces as logits [5.1, 2.3, 3.7,
3.2], the selected experts will be the first and third ones. When using the noisy Top-k gating, the logits after
adding noise could be [5.2, 2.1, 3.3, 3.6], and the selected experts would be the fist and fourth ones.

The primary benefit of adding noise is load balancing the tokens assigned to the different experts. This prevents
any single expert from becoming a bottleneck and ensures all experts receive a sufficient variety of training
examples to learn meaningful specializations. This mechanism complements the auxiliary load balancing loss.
While the loss function penalizes imbalance, noisy gating proactively discourages it from forming in the first
place. The result is often a more stable training process with smoother loss curves and a lower likelihood of
expert collapse.

The implementation of the noisy top-k gating is straightforward, as illustrated in Listing 5.1. It uses two Linear
layers, one for obtaining the regular logits and the other for learning the noise standard deviation. In the rest, it
follows Equations 5.27 and 5.28. The use of a learnable W,,,;;. matrix allows the model to adapt the noise level
on a per-token basis, which is generally more effective than using a fixed noise level for the entire training.
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import torch
import torch.nn as nn
import torch.nn.functional as F

class NoisyTopkGating (nn.Module) :
def __init__(self, d_model, num_experts, top_k):
super (). __init__ ()

self . top_k = top_k
self.gate_linear = nn.Linear(d_model, num_experts) # logits layer
self .noise_linear = nn.Linear(d_model, num_experts) # learnable noise stddev layer

def forward(self , x):
# x shape: (batch_size * sequence_length, d_model)
logits = self.gate_linear(x)

# Add noise only during training
if self.training:

noise_std = self.noise_linear(x)
noise_std = F.softplus(noise_std) # Make the noise stddev positive
noisy_logits = logits + (torch.randn_like(logits) % noise_std)
else:
noisy_logits = logits

# Select the top-k experts
top_k_logits , indices = torch.topk(noisy_logits, self.top_k, dim=-1)

# Create a sparse routing mask

ZEeros = torch. full_like (noisy_logits , float(’—inf’))

# Insert the selected top—-k logits in the respective positions of tensor ’zeros’
sparse_logits = zeros.scatter(—1, indices, top_k_logits)

router_output = F.softmax(sparse_logits , dim=-1)

return router_output, indices

Listing 5.1: PyTorch implementation of the noisy top-k gating.

Noisy top-k gating is a simple yet effective technique for improving the stability and performance of MoE
models. It encourages exploration in the routing space, leading to better load distribution and more specialized
expert performance, without incurring in a significant computational overhead.

5.5.3 Hash-based Gating

While learned gating networks offer dynamic routing, they bring additional complexity, including trainable
weights, potential instability, and the need for auxiliary loss functions. An alternative approach sidesteps these
issues by removing the learning process from the router. Hash-based routing is a deterministic method that
assigns tokens to experts using a fixed, non-learned function, trading the potential for intelligent specialization
for simplicity and stability.

Hash-based routing is simple. Instead of passing a token’s representation through a Linear layer to compute
routing logits, we apply an hash function to some property of the token. The resulting hash value is then mapped
to an expert index using the modulo operator. The process for a single token x is the following.

o Select a feature: Choose a feature of the token to hash. This is often the token’s unique ID from the
vocabulary, but could also be a combination of its ID and position in the sequence.

o Apply the hash function: Compute the hash value for the selected feature. Let us denote the hash function
as H.

e Determine expert index: We use the modulo operator to obtain the remainder of the division of the hash
value by the number of experts, N, to obtain the index E; of the assigned expert (Equation 5.29).

E; = H(token feature) %N (5.29)
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The following sequence summarizes the previous steps.
Input token x — [Hash function H(x)] — hash value — [hash value % number experts] — Expert index

The hash function and the modulo operation are easy to compute and require no trainable weights. The same
input token feature will always map to the same expert, making the routing decision static and predictable
throughout training and inference.

Opting for a non-learned router might seem counterintuitive, as it discards the model’s ability to learn intelligent
routing patterns. However, this approach offers significant engineering advantages. The most obvious benefit is
the complete elimination of the gating network. This means: (i) the router has no weights, the model becomes
slightly smaller and consumes less memory, as there are no weights or biases associated with the router, (ii) no
router computation, the forward pass avoids the matrix multiplication required by a standard gating network,
replacing it with a much faster hash and modulo operation.

A hash function carefully chosen will distribute the tokens uniformly across the available experts. This
statistical uniformity means that, over a large batch of tokens, each expert is expected to receive a similar
number of tokens. This property solves the load imbalance problem associated with learnable routers.
Consequently, the auxiliary load-balancing loss is no longer necessary. The total loss function simplifies to
just the primary task loss, for example the cross-entropy loss, L1 = Lcg. By removing the auxiliary loss and
its associated weight, we also eliminate the training instability associated with its calculation, and so the z-loss
is no longer necessary.

The primary drawback of hash-based routing is its impact on model performance. Learned gating allows the
model to develop semantic specialization. For example, one expert might become specialized at handling
punctuation and grammar, while another focuses on scientific terminology. The router learns to send the right
token to the right specialist. Since token assignment is pseudo-random, each expert is forced to be a generalist.
It must learn to process a random subset of the entire data distribution, preventing the emergence of fine-grained
specialization. This typically results in lower model quality, measured by an higher perplexity or a lower
accuracy, compared to a sparse MoE model with a learned router.

Figure 5.12 shows that hash-based MoE provides a better performance (lower perplexity) than a dense model,
but it generally underperforms a standard MoE with learned routing.
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Figure 5.12: Comparing the perplexity of a dense model, a learned MoE, and an hash-based MoE. Hash-based routing offers an
intermediate performance, improving on dense models but does not match the performance of learned, specialized routing [113].

In practice, hash-based routing is often used as the experimental baseline. It helps identifying the performance
gains that come from learned, sparse activation versus those that come simply from having more weights. If a
complex, learned MoE model cannot outperform a hash-based equivalent, it often indicates problems with the
training setup or the routing mechanism itself.
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5.5.4 Switch Transformer Gating

Routing tokens to multiple experts, k > 1, is a common method to combine specialized knowledge, yet it
introduces significant computational and communication overhead. This approach requires each token to be
processed by multiple experts, and that their outputs are weighted and combined. The Switch Transformer
architecture [62] presents a radical simplification to this process, each token is routed to only one expert.

This top-1 routing, kK = 1, dramatically simplifies the MoE layer. Instead of computing a weighted sum of
outputs from several experts, the layer’s output for a given token is simply the output of a single expert, scaled
by the router’s gating score.

The core of the Switch Transformer is its routing mechanism. For an input token representation x, the gating
network computes a distribution over all N experts. However, instead of selecting the top-k experts, it only
selects the expert with the highest score (Equation 5.30).

y=G(x)- Earg maxiG(x),-(x) (5.30)

Where G(x) is the vector of gating scores, and E; is the i-th expert network. This design choice has the following
advantages.

e Reduced computation: The forward pass for one token only involves activating one expert, not k experts.

o Simplified communication: There is no need to aggregate outputs from multiple experts, which reduces
communication bandwidth in distributed settings.

o Architectural simplicity: The implementation is more straightforward compared to managing multiple
assignments per token.

Figure 5.13 illustrates the difference between a standard MoE with k = 2 and a Switch layer with k = 1. In the
standard model, each token is processed by two experts. In the Switch model, each token is dispatched to only
one.
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Figure 5.13: Comparison of routing strategies for two tokens. The standard MoE sends each token to the top two experts, whereas the
Switch Transformer sends each token to only the top expert [113].
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A top-1 routing strategy might appear to worsen the problem of load imbalance. If the router has a strong
preference, it could consistently select the same expert, leaving others unused. To counteract this, Switch
Transformers use a refined version of the auxiliary load-balancing loss.
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The goal remains the same, to encourage the router to distribute tokens uniformly across all available experts.
The loss is calculated over a minibatch of 7 tokens and considering N experts. It is the dot product of two
vectors: (i) the fraction of tokens dispatched to each expert i (f;), a vector that measures the portion of the
minibatch each expert receives, and (ii) the fraction of the router probability allocated to each expert i (P;), a
vector that measures the average probability of the router assigning all tokens in the minibatch to each expert i.
The auxiliary loss, Ly, is defined in Equation 5.31.

N
Laux:a-NZf,--Pi (5.31)
i=1

Where f; = % >ox € minibateh 1(arg max G(x) = i) is the fraction of tokens in the minibatch assigned to expert i,
P; = % >x € minibatch Pi(X) 1 the average router probability for expert i over the minibatch, p;(x) is the softmax’s
output relative to expert i when the token x is being assigned, « is a tunable hyperparameter that controls the
weight of the auxiliary loss. In [62], the authors found that values around 0.01 are a good choice.

Multiplying f; and P; together encourages the router’s probability distribution P to align with the actual token
dispatch distribution f. This encourages the router to spread its probability mass more evenly, which in turn
leads to a more balanced load.

The simplification of using k = 1 routing introduces an implementation detail in expert capacity. In a distributed
setup, each expert, residing on a specific device, is allocated a static buffer to handle a certain number of tokens
per batch. The size of this buffer is determined by the capacity factor C (Equation 5.32).

tokens per minibatch

Expert Capacity = ( (5.32)

number experts

An perfectly balanced router would send exactly % tokens to each expert. The capacity factor can be used to
introduce some statistical variance in the allocation of tokens to experts. For example, a capacity factor of 1.25
means each expert can handle 25% more tokens than the average. When an expert capacity is exceeded, the
Switch architecture introduced another simplification: the token is dropped. It is not processed by any expert.
Instead, its representation from the residual connection is passed directly to the next layer. This is equivalent to
the token passing through an identity function within the MoE layer. While dropping tokens seems detrimental,
experiments show that with a well-tuned capacity factor and auxiliary loss, the percentage of dropped tokens is
less than 1% and does not significantly harm overall model performance.

The design of Switch Transformers yields a compelling trade-off between model size and computational cost.
By using a large number of experts, the total weight count in the model can be massive, but because only one
expert is activated per token, the training and inference FLOPs remain comparable to a much smaller dense
model (Figure 5.14).

The authors of Switch Transformer also found that training stability is an issue. Using lower-precision formats
like Bfloat16 was important, especially for the router’s softmax computation, to prevent instabilities caused
by large logit values. In conclusion, the Switch Transformer presents an efficient and scalable architecture. The
advantages are a high computational efficiency, simplified routing logic, and reduced communication needs.
The disadvantages are the potential for dropping tokens when the capacity is exceeded, and an increased
tendency for training instability, requiring careful tuning of the auxiliary loss and the capacity factor.

5.5.5 Soft MoE

Routing mechanisms as the top-k gating and switch transformer gating do a hard assignment of tokens to
experts. A token is routed to a discrete, small set of experts, while all other experts are ignored for that specific
token’s computation. This hard selection is the source of the computational savings in sparse models, but it
also introduces challenges like non-differentiability and the need for auxiliary load-balancing losses. Soft MoE
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Figure 5.14: Comparison of models in terms of size and required computation. Both MoE models have 8X the weights of the dense
model. The standard MoE (k = 2) more than doubles the FLOP (21 vs. 10), while the Switch Transformer (k = 1) adds only a small
computational overhead (11 vs. 10) [113].

opted for a different approach that replaces this discrete selection by a soft and weighted combination of all
experts. Instead of choosing which experts to use, the gating network determines a weight for every expert,
and the final output is a weighted sum of the outputs from all experts. This makes the entire MoE layer fully
differentiable and elegantly sidesteps the training instabilities associated with hard gating.

In a Soft MoE layer, the gating network operates similarly to a standard router by producing a logit for each
expert. However, instead of using these logits to select the top-k experts, it applies a softmax function to all of
them. This converts the logits into a set of positive weights that sum to one, effectively forming a probability
distribution over the experts.

The final output for an input token x is not the output of a few selected experts, but a linear combination of
the outputs from all N experts. The contribution of each expert E;(x) is scaled by its corresponding weight
w;, produced by the softmax. Given an input x, the gating network G computes a vector of logits A(x). The
weights w are then calculated with Equation 5.33.

w = softmax(h(x)) (5.33)

The output y of the Soft MoE layer is the weighted sum defined in Equation 5.34.

y=) wi-Eix) (5.34)

M=

i=1
The diagrams included in Figure 5.15 illustrate the difference between the data flow in a hard-gating MoE and

a Soft MoE.

The primary advantage of Soft MoE is its elegant solution to the training challenges of sparse models. Other
advantages are (i) being full differentiable, since the entire layer, including the gating module, is a continuous
function. This allows gradients to flow smoothly through the entire network during backpropagation, and (ii)
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Figure 5.15: In hard routing (left), the gating network selects a discrete expert (Expert 1), and all computation flows through it; the
other experts remain inactive for this token. In Soft MoE (right), the gating network computes a weight for every expert; the final output
is a weighted combination of all expert outputs [113].

implements load balancing implicitly because every expert receives a non-zero weight an thus every expert
participates in the forward and backward passes for every token. This naturally prevents the expert collapse
phenomenon, where some experts receive no training signals, and it is not necessary an explicit auxiliary loss
to force load balancing.

However, this elegance brings two significant and often prohibitive costs: (i) a large computation cost, which
is the opposite of the fundamental benefit of a sparse MoE, reducing the computation cost. In a sparse MoE,
only a fraction of the model’s weights are active for any given input, making the computation cost (FLOP) not
proportional to model size. Soft MoE completely eliminates this advantage. Since every token is processed by
every expert, the computation cost is equivalent to running an ensemble of N models and then averaging their
outputs. This makes it as expensive as a dense model with a weight count equal to the sum of all experts; (ii) a
much larger memory space; in a sparse model, only the active experts’ weights need to be stored in high-speed
memory, such as GPU HBM. In Soft MoE, all expert weights must be loaded simultaneously in memory, which
is impractical for models with a large number of experts.

Given the high computation cost and the large memory space required, a pure Soft MoE is rarely used in
large-scale language models where computational efficiency is a primary objective. Its formulation serves
more as a theoretical benchmark and an analytic tool. However, the idea of soft, fully differentiable routing
influenced the design of more practical, hybrid systems. For example, we can use top-k gating to select a small
subset of experts and then apply a process each token with a soft, weighted combination within the selected
subset. This brings some of the training stability of soft gating while keeping most of the computational benefits
of sparse MoE.

Soft MoE, with its mathematical simplicity in training, provides a counterpoint to the computational sparsity
necessary for scalability. In other words, Soft MoE represents one extreme of the MoE architecture spectrum,
where training stability is maximized at the expense of inference efficiency. Meanwhile, Switch Transformer
occupies the other extreme, prioritizing computational efficiency over training stability.

5.6 Load Balancing

Load imbalance in MoE systems manifests in multiple dimensions. During training, some experts may become
overloaded while others remain underutilized, leading to inefficiencies and routing collapse where the model
repeatedly selects a few experts. This phenomenon occurs because in a normal MoE training, the gating network
converges to mostly activate the same few experts, which self-reinforces as favored experts are trained quicker
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and hence selected more. The consequences are multifaceted: computational resources are wasted on idle
experts, communication bottlenecks emerge around popular experts, and model capacity is underutilized [228].

The traditional approach to mitigate this imbalance, as we saw before, is adding an auxiliary loss term to the
training loss [177]. This auxiliary term encourage the gating network to give all experts equal importance,
ensuring that all experts receive a roughly equal number of training samples. However, this approach brings
some complications. The auxiliary loss term introduces interference gradients during training, which conflict
with the primary loss objective, making it difficult to balance load and achieve high levels of accuracy. In this
section we dive deeper in load balancing and present two strategies: expert capability management and adaptive
expert placement.

Expert capability management

The main challenge in a MoE lies in managing computational resources when there is a great and unpredicted
diversity in expert popularity during training. Early MoE implementations often suffered from either
catastrophic memory overflow when popular experts received too many tokens, or significant computational
waste due to conservative over-provisioning. Traditional capacity management approaches relied on static
allocation strategies that failed to adapt to the dynamic nature of expert selection patterns, leading to either
token dropping, which degraded the model performance, or excessive memory consumption, which limited
model scalability.

Expert capacity management represents one of the most critical aspects of MoE design, since it impacts
both training stability and computational efficiency. The concept was first systematically introduced in
GShard citelepikhin2020gshard and further refined in Switch Transformer [62], establishing the theoretical
and practical foundations for managing token overflow in sparse expert gating. The Expert Capacity EC is
defined in Equation 5.35.

_B-CF-K
B N

EC (5.35)

where B is the minibatch size, CF is the capacity factor that determines the balance between computational
efficiency and token utilization [62], K is the number of selected experts, and N denotes the number of experts.
When CF < 1, some tokens will always be dropped, whereas when CF > 1 an additional capacity is considered
to reduce the token dropping occurrence, albeit at the cost of increased memory consumption and potential
computational overhead.

The capacity management goes beyond simple token allocation and encompasses sophisticated token drop
handling mechanisms. Expert capacity introduces a threshold of how many tokens can be processed by any
expert, and when the number of tokens routed to an expert exceeds its capacity, the excess tokens may be
dropped. The Switch Transformer [62] introduced an approach where tokens in excess are sent to the next
layer via residual connections without being processed, effectively bypassing the MoE layer. This mechanism
provides a fail-safe against extreme load imbalances while maintaining the system stability and ensuring that
no computational paths are permanently blocked.

Recent advances have introduced more sophisticated capacity management strategies.  Vision-MoE
(V-MoE) [170] demonstrates that in computer vision applications, where images typically generate many
patches, a small pre-defined expert capacity is essential to reduce hardware constraints, though low capacity
tends to lead to patches being dropped, creating a critical trade-off between memory efficiency and information
preservation. The mathematical formulation of token dropping has been formalized in recent work [23], where
the dropping probability P(drop;) for a given expert i is defined in Equation 5.36.

T
P(drop;) = P| )" |gating(j) = i| > EC; (5.36)
=1
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where gating(-) corresponds to the gating network, EC; is the capacity of i-th expert, and 7" denotes the number
of tokens. This formulation led to the development of adaptive capacity mechanisms that dynamically adjust
the expert capacity based on real-time load patterns, representing a significant advancement over static capacity
allocation strategies adopted by earlier systems.

Adaptive expert placement

While capacity management balances token allocation, the adaptive expert placement technique focus on
solving the runtime imbalance by replicating and replacing experts. As shown in Figure 5.16, the core idea
of expert replacement is to identify unpopular and popular experts during training, then applying scheduling
methods to adjust the workload in the different devices.
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Figure 5.16: Adaptive expert placement. (i) Load imbalance across devices and (ii) load balancing with expert replacement [228].

Traditional load balancing approaches operate reactivelly, responding to imbalance after it has occurred
rather than predicting and preventing it. To improve this situation, FasterMoE [77] created a predictive
performance model and a roofline-like analysis to guide dynamic shadowing of popular experts and enforcing a
topology-aware expert selection that takes in consideration the network latency. SmartMoE [225] introduces an
efficient searching algorithm within an enlarged hybrid parallelism space, achieving higher training throughput
over FasterMoE by decomposing optimization opportunities into static offline pools and dynamic online
selection.

As the expert replication strategies of FasterMoE follows a binary approach, either replicate experts across
all workers or not at all, lead to excessive communication overhead and memory cost. To improve this
situation, the Prophet [203] proposal was to replicate popular experts among a subset of workers rather than all
workers, reducing communication overhead while maintaining load balance benefits. Building upon this idea,
Pro-Prophet [204] decomposes load balancing into a planner that profiles inter-iteration token distributions
and a scheduler that maximizes communication-computation overlap, achieving substantial load-balancing
enhancement. FlexMoE [149] addresses the large online adjustment space in expert replacement through
selective expert replication across GPUs according to the popularity distribution, providing dynamic device
placement that adapts to changing expert popularity patterns. HECATE [159] introduces hierarchical expert
tree structures that enable multi-level load balancing and efficient expert discovery.
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A limitation of early MoEs was the difficulty of considering data locality when making expert placement
decisions. But distributing experts to balance computational load without considering data locality often result
in additional data movements that cancel the performance benefits of load balancing. This leads to suboptimal
overall model performance, particularly in distributed training scenarios where the communication costs are
preponderant. Authors of CCFuser [202] found that distributing popular experts across devices is adverse of
data locality. To address this founding, they placed the popular experts on devices where the data resides and
distributed across devices only the unpopular experts.

Most MoE models are designed primarily for stable training in fault-free environments and lack robust
mechanisms to handle node failure or network partitions. The absence of fault-tolerant expert scheduling
meant that system failures could lead to significant performance degradation or complete training interruption.
Moreover, existing approaches do not consider how to maintain load balancing properties when the available
computational resources change dynamically due to failures or resource allocation changes. In [215],
the authors apply optimal replica placement to popular experts under node-failure constraints, adaptively
reallocating expert replicas to maintain balanced loads and full node utilization after failures.

The evolution of MoE load balancing techniques reveals several fundamental insights that shape the design of
efficient sparse model training. Effective load balancing requires a holistic approach that combines algorithm
design, model architecture, and hardware characteristics. Moreover, the temporal dynamics of expert selection
patterns require adaptive rather than static optimization strategies. Expert popularity distributions evolve
significantly during training, requiring systems that can continuously monitor and respond to dynamic load
patterns. On the other hand, the trade-off between load balancing and data locality represents a fundamental
challenge that requires joint optimization rather than sequential approaches. Hence, systems that prioritize
perfect load balancing without considering data locality often achieve poor performance.

5.7 Training and Fine-tuning MoEs

Performance and training speed

Sparse mixtures of experts train faster than dense models. In [61], the authors compare a dense transformer
(T5-Base) with various switch transformers, a mixture of experts model in which the tokens produced by the
feed-forward layers of the transformer blocks are either routed to their top expert or dropped. Trained using the
same resources, 32 TPU-v3, the mixtures of experts achieved the same performance as the dense transformer
in 7 times less training time (Figure 5.17).

Moreover, compared to a larger dense model, T5-Large, a switch transformer with 64 experts trained 2.5 times
faster, despite using only two sevenths of the compute cost (Figure 5.18).

Changing the gating network enables additional performance gains. In [243], the authors found that
expert-choice gating models trains twice as fast compared to top-k expert gating models, including switch
transformers.

Scaling

Sparse models are relevant because they allow the number of weights to increase much more than the number of
floating-point operations they require during training and inference. Dense models follow predictable scaling
laws: if there are no limitations resulting from a lack of quality data for model training, as the number of
weights increases, the cross-entropy loss decreases almost exponentially. As illustrated in Figure 5.19, sparse
models also exhibit a consistent performance increase when they are scaled.

The authors of [36] found that this relationship between model size and performance also holds for other
gating strategies, such as the Sinkhorn algorithm, reinforcement learning and token hashing. However, the
performance increase when scaling the model is less than that observed in dense models. Instead, the authors
found that the performance improvement obtained by adding more experts decreases as the models become
larger. Once a dense model obtains around 900 billion weights, the authors predict that there will no further
improvement by using a sparse mixture of experts. However, it is worth noting that when scaling the sparse
models, the recommendation proposed in the Chinchilla model [85] was not taken into account, which suggests
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Figure 5.17: Training time and performance (negative log perplexity) of a dense transformer (T5-Base) and Switch Transformer MoE
with 32, 64 and 128 experts per layer [61].
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Figure 5.18: Training time and performance (negative log perplexity) of two dense transformers (T5-Base and T5-Large) and a Switch
Transformer, a mixture of experts model with 64 experts per layer. T5-Large was trained with 3.5 times more compute than T5-Base or
Switch Transformer [61].
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Figure 5.19: The cross-entropy test loss of sparse mixture of experts decreases exponentially when the number of experts increases from
1 to 256. The X-axis is in logarithmic scale [61].

that an increase in the number of model weights should be accompanied by a proportional increase in the
number of tokens used during training. Instead, all models were trained on 130 billion tokens. Figure 5.20
shows that the cross-entropy loss of sparse mixture of experts decreases when the number of experts increases,
for different routing methods: Sinkhorn (S-BASE), reinforcement learning (RL-R) and token hashing (Hash).
Naturally, a lower loss correlates positively with a more performant model.
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Figure 5.20: Validation loss for different routing methods: Sinkhorn (S-BASE), reinforcement learning (RL-R) and token hashing
(Hash). All models were trained using the same compute cost [36].

In dense models, increasing the number of weights makes a model more sample efficient, meaning it trains
faster. This also occurs in mixture of experts, when the number of experts and also weights increase, the model
requires fewer samples to achieve the same level of performance.

Instabilities

Compared to dense transformers, sparse mixtures of experts are more prone to suffering from training
instabilities. A training instability occurs when, instead of decreasing, the loss diverges to infinity. Mixtures of
experts are particularly problematic because they contain more exponential function calls, which makes them
more susceptible to roundoff errors that arise when we use mixed precision during training.
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To reduce the computation and communication costs, large neural networks store weights as float32 but operate
on them using Bfloat16. float32 uses 1 bit to represent the sign, 8 bits to represent the exponent and 23 bits
to represent the mantissa. Bfloat16 has the same range as float32, since it uses the same 8 bits to represent
the exponent, but only uses 7 bits to represent the mantissa. Consequently, the roundoff errors for Bfloat16 are
several orders of magnitude higher. Figure 5.21 shows how these errors get worse for large, positive numbers,
but the errors are much higher in Bfloat16 than in float32. A similar pattern occurs for negative numbers.
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Figure 5.21: Numerical precision formats and roundoff errors. Larger numbers have larger roundoff errors. Bfloatl6 has up to 65,536
times worse roundoff errors than float32. The router z-loss encourages the absolute magnitude of numbers to be small, which does
not hinder model performance and reduces roundoff errors. The router z-loss is most effective into functions where larger errors can
drastically change the relative output (e.g. exponential and sinusoidal functions) [246].

Mixtures of experts contain more exponential functions than dense models, because of the softmax function
in their gating networks. Compared to the other operations in a neural network, for example addition or matrix
multiplication, the exponential function is numerically unstable: a small change in the input, which might be
caused by a roundoff error, can result in a large change in the output. This problem is particularly acute for high
magnitude inputs, as the roundoff errors are larger.

Work [246] demonstrated that penalizing high magnitude inputs of the gating network’s softmax function
improves training stability without reducing the model’s performance. If T is the number of tokens in a
minibatch, N is the number of experts, W are the gating network’s weights, X are the minibatch’s tokens
representation, and 8 is a hyperparameter that reflects the importance of Z-loss, the auxiliary Z-loss is given by
Equation 5.37.

T N
L= /% Z log Z WX (5.37)
i=1 j=1

This loss function is minimized when W - X, the inputs to the gating network’s softmax function, are
small. Computation of the gating probabilities depends only on the relative magnitude of the gating logits, so
penalizing high inputs does not necessarily solve them instability problem. The gating probabilities determine
which experts process a token and how the expert outputs are scaled. Consequently, numerical instabilities due
to roundoff errors have a compound effect.

The authors of [246] reported that training instability can be further reduced by (i) jittering the inputs to
the gating network’s softmax by multiplying them by a random number drawn uniformly from [0.99,
1.01] interval, (ii) replacing multiplicative activations, such as GELU gated linear units (GEGLU), with
rectified linear units (ReLU), (iii) removing multiplicative normalizations, such as root mean squared error
normalization, and (iv) applying dropout throughout the model. Unfortunately, these methods also degrade the
model’s accuracy.

Fine-tuning and instruction tuning

Sparse models perform well when training on large and diverse datasets. However, during fine-tuning, they are
susceptible to overfitting and consequently may perform worse than their dense counterparts. Mitigating this
problem requires setting noisier hyperparameters. The authors of [246] demonstrate that, in contrast to dense
models, sparse models perform better during fine-tuning when the learning rate is higher and the batch size is

158



smaller (Figure 5.22). Dropping out entire experts does not help, but increasing the dropout probability within
each expert has a moderate, but positive effect.
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Figure 5.22: SuperGLUE score (higher is better) for diverse minibatch sizes and for different learning rates. Sparse models benefit
from smaller minibatch sizes and higher learning rates during fine-tuning. Dense models are the opposite. Both types of transformer
models were trained with the same compute cost. First, they were pretrained for 500k steps in minibatches of one million tokens of the
CommonCrawl C4 dataset and then they were fine-tuned on the SuperGlue benchmark dataset [246].

Sparse mixtures of experts benefit more from instruction tuning than dense models. Work [179] established
that, in the absence of instruction tuning, mixtures of experts do worse than dense models when evaluated or
further fine-tuned on downstream tasks. However, once both types of model are instruction-tuned, mixtures of
experts outperform dense models.

Upcycling

A useful trick that was introduced in [107], is to upcycle an existing dense model through the initialization of a
mixture of experts using the weights of the dense model checkpoint. In a transformer, this is done by training
the gating network from scratch, but initializing the experts with the weights of the feed-forward layers they
replace. Holding compute constant and continuing training, an upcycled mixture of experts trains faster than
the dense model that was at its origin (Figure 5.23).
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Figure 5.23: Precision and accuracy, as a function of pretraining time, for different transformer models. Upcycled models train faster
than continuing to train the dense models on which they are based. The panel on the left shows performance on an image classification
dataset and the panel on the right shows token prediction performance on CommonCrawl. B/32 is a vision transformer with a patch size
of 32, B/16 and L/16 are vision transformers with a patch size of 16. Base, Large and XL are variants of the T5 language model [107].

So, if there already exists a dense model checkpoint, upcycling it to a mixture of experts might improve

performance. And, if there is not a dense model, given that training a mixture of experts is more complicated,
one possibility is to train a dense model and then upcycle it to a sparse MoE.
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Distillation

After training, a sparse mixture of experts model can be distilled into a smaller, dense model. If all experts are
equally utilized, a sparse model and a dense model should require the same amount of GPU memory. The sparse
model will have greater throughput and hence requires large batch sizes. However, if the expert utilization in
imbalanced, then training a mixture of experts and then distilling it into a dense model is still worth doing, as
some of the performance gain is retained. For example, [61] compares a sparse mixture of experts model to
a dense T5-Base model that is 100 times smaller. The mixture of experts naturally performs better. However,
distilling the weights of the mixture of experts model into the dense model preserves 29% of the performance
gain.

5.8 Performance Evaluation

While MoE architectures offer compelling advantages for scaling LLMs, training MoEs presents a
number of challenges that differ from traditional dense model training. These challenges arise from the
inherent characteristics of sparse activation, dynamic gating, and expert specialization, creating complex
interdependencies that cannot be addressed through simple hardware scaling or conventional optimization
techniques. Figure 5.24 illustrates the main bottlenecks in distributed MoE training. To facilitate the
comprehension, we first present the evaluation metrics and a baseline for assessing the performance of MoE
training systems, and then we will analyze the main system challenges and their implications for system
design [228].
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Figure 5.24: System challenges in the distributed MoE training context, illustrating three key bottlenecks including huge memory
demand, All-to-All communication overhead, and load imbalance across experts, along in a typical distributed training setup [228].

5.8.1 Evaluation Metrics and Benchmarks

Evaluating MoE training systems requires a methodology that captures both standard distributed training
metrics and the performance dimensions introduced by sparse architectures. However, the absence of
standardized benchmarks complicates cross-system comparisons, as different works employ varying model
configurations, hardware platforms, and measurement methods. In this section, we summarize the key metrics
and benchmarks necessary for MoE system evaluation.

Similar to dense LLM training, MoEs are mostly evaluated by (i) training throughput, measured as the number
of tokens or samples output per second, and (ii) computational performance, quantified as the number of
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floating-point operations executed per second (FLOPS), which is proportional to the training time and cost.
However, the sparse activation and dynamic gating characteristics of a MoE brought additional evaluation
dimensions that are critical in understanding system efficiency: a system achieving a high raw throughput may
still have a low performance if inter-device communication consumes a significant fraction of the training time
per iteration, or if load imbalance leaves most GPUs under-utilized. Therefore, hardware efficiency metrics are
essential for quantifying accelerator utilization under achieved throughput. Model FLOPS Utilization (MFU)
measures the ratio of achieved FLOPS to hardware theoretical peak, while Hardware FLOPS Utilization (HFU)
represents hardware efficiency when activation recomputation is applied. These two metrics indicate whether
the observed bottlenecks result from a lower accelerator utilization.

Beyond computational efficiency metrics, two bandwidth metrics critically impact MoE training efficiency.
Network bandwidth utilization measures the obtained communication throughput as a percentage of theoretical
peak, while memory bandwidth utilization typically quantifies how effectively the system saturates the
bandwidth of the accelerators’ High-Bandwidth-Memory (HBM). These metrics help identifying system
bottlenecks and guide us towards the adequate optimizations: a low network utilization indicates that we must
optimize the communication, while a low memory bandwidth utilization suggests that we must improve the
memory access patterns.

MLPerf-Training [138] provides standard evaluation protocols, but its LLM benchmarks are mostly oriented
for dense architectures. In the absence of standardized benchmarks, several evaluation proposals have
emerged. Megatron-LM [184] is a reference for production-scale hybrid parallelism with MoE extensions.
DeepSpeed-MoE [163] supports five different types of parallelism and exploits both GPU and CPU
memory. It enables users to combine different types parallelisms. FasterMoE [77] and Tutel [140] are
references for communication optimization techniques in MoE training. Comparative evaluations typically
measure performance improvements relative to these baselines under controlled conditions, identical model
configurations, expert counts, hardware platforms, and datasets, to isolate the impact of specific optimization
techniques.

5.8.2 Performance Challenges
Complex memory management

MoE models require substantially more memory than dense models of equivalent computational complexity.
While a dense transformer model with similar floating-point operations might require tens of gigabytes of
memory, MoE models with hundreds of experts can demand hundreds of gigabytes to several terabytes
of memory for storing the weights only. For instance, one trillion-weight MoE model trained under
Bfloat16-float32 mixed-precision requires approximately 16 terabytes of memory to accommodate the model
weights, gradients, activations, and optimizer states. This massive scale goes beyond the memory capacity
of some GPU clusters, demanding sophisticated memory management strategies that span multiple memory
hierarchies.

Beyond raw capacity requirements, the MOoE training workload introduces fundamental management
complexity problems. First, memory fragmentation occurs due to the sparse distribution of expert weights
across different devices and memory segments, leading to inefficient memory utilization and an increased
memory management overhead. Second, additional routing metadata and gating networks’ states must be
maintained for each model layer, including the historic of expert selection, the load balancing statistics, and the
gating probabilities. Third, dynamic activation patterns complicate memory locality optimization, as the set of
active experts varies unpredictably across samples and along the training iterations.

The technical complexity is a consequence of the inherent dynamism of MoE training. Since expert token
allocation varies continuously during training, traditional static memory allocation strategies are inadequate. On
the other hand, dynamic memory allocation schemes can improve memory utilization by 15%-20% compared
to static approaches but incur in additional runtime overhead due to frequent allocation and deallocation
operations [184] [108]. Furthermore, the memory hierarchy considerations become more complex due to the
need to efficiently manage expert weights distributed across different memory tiers depending on activation
patterns and memory constraints [104].
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Communication bottlenecks

Expert parallelism across multiple accelerators introduces severe communication bottlenecks mainly due to
All-to-All communication operations, which constitute the most critical constraint of MoE training. Unlike
the predictable communication patterns in dense model training, MoE models exhibit dynamic, data-dependent
communication patterns that create significant optimization challenges. Quantitative analyses reveal that in
distributed MoE training, All-to-All communication operations represent 35%-50% of the iteration time in
typical multi-node configurations [99] [77]. Moreover, All-to-All communication exhibits an extremely
high latency variability due to the unpredictable nature of token routing decisions, compromising the training
predictability and convergence.

Many communication bottlenecks in MoE training are a consequence of the data-dependent communication
patterns.  Since token routing in common gating strategies are decided dynamically at runtime, the
communication has particular characteristics: (i) communication operations are difficult to predict and optimize
in advance, preventing effective pre-computation and scheduling; (ii) the dynamic nature of routing contributes
to an higher imbalanced data exchange between devices, creating congested and underutilized connections;
(ii1) the need for global synchronization across all participating devices increases the synchronization barriers
and reduces the pipeline efficiency. To make matters worse, the severity of communication bottlenecks is
highly dependent on the hardware topology and interconnect characteristics. Within nodes connected by
high-bandwidth, such as low-latency NVLink connections, All-to-All communication efficiency can reach
70%-80% of the peak bandwidth. However, on inter-node communications over InfiniBand or Ethernet
connections, the efficiency drops dramatically to 20%-35% [140] [182]. This efficiency disparity necessitates
topology-aware optimization strategies that adapt communication patterns to specific network architectures and
bandwidth hierarchies.

Load imbalance

Load imbalance represents the most challenging performance issue in MoE training, and is the result of the
fundamental architectural principles of expert specialization and dynamic token routing. This challenge is
inherently difficult to resolve because perfect load balancing fundamentally conflicts with the core premise of
MoE architectures, enabling experts to specialize on different types of input patterns.

Load imbalance manifests in two critical problems that significantly impact training efficiency: (i) resource
under-utilization occurs when certain experts or accelerators remain in idle or low-utilization states for extended
periods, leading to poor hardware efficiency and wasted computational resources, (ii) performance bottlenecks
emerge when popular experts introduce throughput limitations, since the overall training speed is constrained
by the slowest processing expert.

The complexity of load balancing in MoE training and inference is further increased due to its dynamic nature.
The degree of load imbalance evolves continuously throughout the training process as experts progressively
specialize on different types of data, making their utilization patterns increasingly heterogeneous. This dynamic
evolution renders static load balancing strategies inadequate and necessitates adaptive mechanisms capable
of real-time adjustment based on current routing patterns, expert utilization statistics, and training phase
characteristics [242] [203].

5.9 Deployment of MoEs

A mixture of experts typically contains a huge number of weights. Consequently, although the computation cost
is low, the required memory is extremely large and the model must be distributed across multiple GPUs. To do
this, without incurring in accuracy or latency penalties, requires paying close attention to expert provisioning
and device allocation.

5.9.1 Model Capacity

Despite the load balancing objective that is often present during training, through a loss term like z-loss, at
inference time, expert utilization is extremely unbalanced (Figure 5.25). Authors of [87] evaluated the expert
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activation patterns for state-of-the-art mixture of expert architectures and observe that, for language modeling
and machine translation tasks, a small number of experts has always allocated a large share of tokens, while
the other experts are completely idle. Figure 5.25 (i) shows the experts’ activation for a mixture of experts
layer in a language model, evaluated on three datasets. Figure 5.25 (ii) shows the experts’ activation for
two expert layers during a machine translation task, evaluated on translations from English to French (FR), to
Japanese (JP) and to Asturian (AS). Here, each pixel represents a batch and a vertical line represents the entire
dataset. Since there are large white regions in panel (ii), which correspond to the absence of expert activity,
the imbalance in machine translation is particularly high. This is due to a high temporal correlation in machine

translation, if one sequence makes use of a particular expert, the probability that the next sequence will use that
expert is higher.
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Figure 5.25: Visualization of the expert activation pattern on selected layer of (i) language modeling and (ii) machine translation.
Activation is normalized. The expert activation pattern exhibits strong imbalance on all the tasks, and the imbalance is consistent.

Specifically, on machine translation decoder the sparseness is enormous, and the expert also demonstrates strong temporal
correlation [87].

This imbalance makes it difficult to predict the correct capacity for each expert at inference time. If expert
utilization is roughly equal, then provisioning experts is straightforward. Let N be the number of experts
in a model, T be the number of tokens in each minibatch and C be the capacity factor. Then, in a naive
implementation we statically provision each GPU with a fixed capacity of % tokens per expert. To make
efficient use of GPU parallelism, the expert feed-forward networks on each device are stacked as tensors. If an
expert is overloaded, the additional tokens are dropped or routed to an expert with spare capacity. If an expert
has low utilization, padding tokens are allocated to it instead. This means that the token representations can
also be stacked as a tensor, improving efficiency.

The dimension of the expert tensor is num_experts_on_device - % - expert_output_dimension and the
dimensions of the token tensor is num_experts_on_device - cT token_representation_dimension. These

N
two tensors are multiplied to obtain the experts’ output.

When expert allocation is unbalanced, the overloaded experts will drop or reroute tokens, reducing
performance. ON the other hand, experts with low utilization will waste compute resources processing the
padding tokens. If the imbalance is slight, token dropping can be reduced by increasing the capacity factor.
However, a very large imbalance results in an enormous waste of resources.

If expert utilization can be accurately predicted ahead of time, then individual capacity factors can be set for
each model. Work [87] demonstrates how this can be done by examining the historic of data loaded into each
GPU. The optimal allocation of experts to GPUs is isomorphic to the multi-way partitioning problem, which
is NP-hard. This can be approximated with a greedy algorithm, where at each step, the expert with the highest
historical workload is allocated to the GPU with the smallest load. Unfortunately, this approximation is less
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effective if the token sequences are temporally correlated, as in machine translation. To fix this issue, an expert’s
predicted workload needs to be increased by an amount that depends on the historical workload of each of its
correlated experts, multiplied by the strength of the correlation and also multiplied by a scaling factor.

5.9.2 Caching

A further optimization that can be made is to offload the least used experts onto the CPU. This can be
implemented using a least recently used cache - and this would account for temporal correlations. If there
is a cache miss, there is a latency penalty, as the required expert must be copied to a GPU for inference.
Work [87] found that for a machine translation model with 128 experts, reducing the cache size from 128 to 64
decreases memory usage by 15% but increases latency by 0.15 seconds (i.e. 2.5 times).

5.9.3 Block Sparsity

GPUs are designed to perform the same computation multiple times in parallel. Therefore, they are more
efficient at performing dense matrix multiplications than at executing sparse operations. To exploit the GPU
efficiency, deep learning libraries, including those specialized in training mixtures of experts, make heavy use
of batched matrix multiplications (BMM). A BBM requires that the batched matrices to have the same shape,
and some libraries even require that the shapes are statically specified at compile time. This is the reason why, at
inference time, expert capacity must be accurately predicted and why the inputs to the experts must be padded
or truncated.

Matrix multiplication consists of the repeated application of the dot product between the rows of the first matrix
and the columns of the second (Figure 5.26). To multiply large matrices together, the GPU splits the input and
output matrices into tiles. Each output tile of matrix C, with size (MtilexNtile) is computed by stepping through
the inner dimension of the input matrices A and B, tile by tile, multiplying a tile of A with size (Mtile x Ktile)
by atile of B with size (Ktile X Ntile), and aggregating all the resulting tiles.
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Figure 5.26: Tiled matrix multiplication between A and B [39].

In [65], the authors observed that the forward and backward passes in a mixture of experts feed-forward layer
can be expressed as block sparse matrix multiplications. In a block sparse matrix, the nonzero elements are
clustered into square sub-matrices. This is useful, because block sparse matrix multiplications can also be
tiled, enabling them to exploit GPU parallelism. As the empty blocks in the output matrix do not need to be
computed, in principle block sparse matrix multiplication can achieve a similar throughput as batched dense
matrix multiplication.
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Figure 5.27 illustrates how we can evolve from an implementation of a MoE layer using a batched matrix
multiplication (i), where the computations of all experts are done in parallel, to a block diagonal matrix
multiplication(ii), and even to a block-sparse matrix multiplication (iii). Batched matrix multiplication
requires that all experts are assigned the same number of tokens and that all experts have the same shape, which
in many cases is difficult to guarantee. The expert computation can also be implemented with a block diagonal
matrix multiplication, which still requires that all blocks have the same size. To avoid these constraints, we
can implement expert computation using a block-sparse matrix multiplication. In this case, we run a block
diagonal matrix multiplication but the blocks do not have the same size and we obtain a block diagonal matrix
with variable sized blocks made up of many smaller blocks. We can compute this diagonal matrix efficiently
using block-sparse matrix multiplication.
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Figure 5.27: Expert computation in an MoE layer with three experts. (i) State-of-the-art MoE implementations use batched matrix
multiplication to compute all experts within a layer in parallel. This imposes the constraints that all experts are assigned the same
number of tokens and that all experts have the same shape. (ii) Expert computation can be analogously implemented with a block
diagonal matrix multiplication with identically sized blocks. (iii) In order to relax these constraints, we can construct a block diagonal
matrix with variable sized blocks made up of many smaller blocks. We can compute this matrix efficiently using block-sparse matrix
multiplication [65].

When implemented as a block sparse matrix multiplication, a mixture of experts feed-forward layer can
flexibly and efficiently handle unbalanced token assignments without needing to drop tokens or waste compute
processing padding tokens. Work [65] provided the CUDA kernels necessary to do this. Their implementation
achieves 98.6% of the throughput obtained by cuBLAS for batched dense matrix multiplications, evaluated on
mixture of experts feed-forward layers (Figure 5.28). Using block sparse matrix multiplications decreased the
training time by 1.38 times for the smallest model and 4.35 times for the largest one.
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Figure 5.28: Block-sparse matrix multiplication compared to cuBLAS batched matrix multiplication. cuBLAS implementation is
compared to MoE-XS, MoE-Small and MoE-Medium models. The block-sparse matrix multiplication kernels achieved 98.6% of the
cuBLAS’s average throughput with a standard deviation of 4% and a maximum and minimum relative throughput of 104% and 91%,
respectively [65].

5.9.4 Mitigating Inefficiencies of Inference

Has we have seen in previous section, a naive inference over a MoE model can result is low GPU utilization
and exhibit a latency much higher than expected for the available computation resources [87]. In Figure 5.29,
we compare the inference latency of MoE and dense models running on a single node. While we expected
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that MoE models could run inference with a latency similar to their flop-equivalent dense counterparts, we
observe that they are 15 times slower on the language modeling (LM) task, 22 times slower on the machine
translation (MT) task using a transformer encoder, and 3 times slower on the machine translation when we use
a transformer decoder architecture.
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Figure 5.29: Comparing the inference latency of MoE and dense models running on a single node. While theoretically MoE models
should be able to infer on a similar latency as their flop-equivalent dense counterparts, we find that in practice they are 15 times
slower on language modeling (LM), 22 times slower on machine translation (MT) encoder and 3 times slower on machine translation
decoder [87].

Before proposing a solution to this problem, the authors of [87] first characterized MoE inference as a workload.
To start, they examine the space consumption. The expert weights are the biggest chunk, but there is also a
large memory to store activations compared to the dense model, as illustrated in Figure 5.30.
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Figure 5.30: Comparing the memory footprint of MoE models to dense models during inference. The MoE models require significantly
more memory usage when deployed on GPUs. Besides the large memory consumption due to the expanded model capacity, introduced
by expert weights, it also requires more memory for activations. The results are relative to a batch size of 48 in machine translation
(MT), and a batch size of 8 in language modeling (LM) [87].

In terms of latency, the contribute of the expert routing, expert execution and All-to-All communication was

above 75% in all evaluated configurations. This contribute is around 95% when using a single node and the
language modeling task. Thus, the authors concluded that MoE inference is running inefficiently (Figure 5.31).
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Figure 5.31: MoE model latency composition. Besides All-to-All communication, other components of the model, such as the gating
function and expert execution, are also inefficient. Communication overhead increases significantly when more than one node is
involved. Results are relative to a batch size of 8 on language modeling (LM) and a batch size of 48 on machine translation (MT) [87].

Figure 5.32 plots the average number of inactive experts, on language modeling (LM) and machine translation
(MT), as a function of the layer identifier. Most, if not all experts are active in the LM MoE and especially in
the MT encoder MoE. However, activation on the MT decoder MoE is very sparse, even when a batch size of
96 and a dynamic gating strategy are used. For example, in the translation form English to Asturian and for the
later layers, 102 experts out of 128 are inactive.
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Figure 5.32: Average number of inactive experts on language modeling and machine translation. Most, if not all experts are activated
throughout the LM and MT encoder. However, activation on MT decoder is extremely sparse, even if we utilize a batch size of 96 and a
dynamic gating strategy [87].

In the rest of this section, we will discuss solutions for the three major challenges of MoEs: inefficient
token routing, high memory consumption, and workload imbalance across devices. The reported solutions
are dynamic gating, expert buffering, and load balancing.

Dynamic Gating Optimization

Traditional MoE systems rely on static gating, where each expert has a fixed capacity for processing tokens.
This often leads to inefficiencies: some experts become overloaded, causing token dropping, while others
remain underutilized, wasting resources. To solve this issue, the authors of [87] proposed dynamic gating,
where expert capacity adapts to the actual number of assigned tokens. Instead of fixed dispatch masks,
tokens are sorted and distributed dynamically based on demand. This approach eliminates token dropping and
improves the robustness, reduces memory and communication waste by avoiding empty placeholders, and uses
a two-step communication strategy, that includes exchanging the size and transferring the tokens, to manage
variable workloads.

As illustrated in Figure 5.33 (a), static gating distributes tokens using fixed-size dispatch masks, which can
result in token dropping and underutilization. As shown in Figure 5.33 (b), in dynamic gating the tokens are
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instead sorted and distributed dynamically based on actual demand, allowing each expert to receive a variable
number of tokens. This mechanism eliminates token dropping, reduces unnecessary memory allocations,
and improves communication efficiency. Dynamic gating significantly improves performance, namely the
throughput increases by up to 11 times in multi-node setups, memory usage is reduced, up to 79.6% reduction
in some cases, and enables much larger batch sizes under the same hardware constraints.
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Figure 5.33: Comparison between the static gating in [8] and [114], and dynamic gating in [87]. For simplicity, we consider three
experts (E = 3), six tokens (S = 6), a capacity factor of 0.5 (C = 0.5), and a top-1 gating. Tensor shapes are annotated in parentheses.
(i) Static gating. Under a static gating policy, each expert always processes a predefined amount of tokens, which may lead to token
overflow or empty tokens. (ii) Dynamic gating. Under a dynamic gating policy, each expert only processes the tokens that are assigned
to it. The token distribution mechanism is simplified with less complexity, and the communication and computation are reduced [87].

Expert Buffering

Even with dynamic gating, MoE models still require large memory due to many expert weights. However, not
all experts are active at all times. The proposed expert buffering technique leverages this sparsity through the
following measures: (i) frequently used (popular) experts are stored in GPU memory, (ii) rarely used experts
are offloaded to CPU memory, and (ii) when needed, experts are transferred to GPU dynamically (Figure 5.34).

To manage GPU memory, a cache system is used, where only the active experts are cached. When the cache
is full, inactive experts are evicted first. A Last-In-First-Out (LIFO) policy is used for efficient replacement
of experts residing in the cache. The buffering technique reduces the static memory usage significantly, up to
2.25 GB saved, maintains a competitive throughput, especially in multi-node environments, and introduces a
tradeoff between latency and memory due to CPU-GPU transfers.

Figure 5.35 shows the decoder model latency vs. the memory consumption under a series of cache
configurations. The size of the cache is annotated above the blue line. The authors varied the size of the
cache in each GPU and measured the decoder latency and peak memory consumption. They concluded that the
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Figure 5.34: Illustration of the expert buffering mechanism. Expert weights are moved to CPU memory for reducing the used GPU
memory. On GPU memory, we allocate space only for a few expert entries to buffer active or popular experts. (1) During inference, an
All-to-All message containing the size is sent in stage 1, as shown in Figure 5.33 (i1), to indicate which experts located in the current
device are active. (2) Then the expert cache will check whether the active experts currently reside in the buffer. (3a) If found in cache,
weights in the expert buffer will be used to process the tokens. (3b) If not found in cache, then the expert weights will be requested from
the CPU memory. The number of cache entries on GPU memory is a tunable parameter to adjust for desirable GPU memory usage
and latency [87].

primary contributor to the increased latency is the constrained CPU-GPU bandwidth, which saturated around
12GB/s during the experiments. Thus, the layers with a high cache miss rate degrade the overall performance.
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Figure 5.35: Tradeoff between the memory usage and the cache latency under different cache configuration on machine translation
decoder. Corresponding cache size per GPU is above the blue line [87].

Load Balancing Across Devices

Another issue in MoE systems is uneven workload distribution. Some devices host frequently used experts,
while others remain underutilized, causing bottlenecks and inefficiencies. To address this problem, the
authors of [87] proposed load balancing strategies: (i) greedy balancing, whee experts are sorted by historical
workload, each expert is assigned to the device with the lowest current load, and in this way it ensures a
more even distribution of work. Greedy balancing reduces the peak device load significantly and improves
throughput by up to 19.5%; (ii) anti-correlation balancing, which was designed for cases where expert
activations are correlated. It assigns experts based on both workload and correlation patterns, and avoids placing
similar experts, those that are frequently co-activated, on the same device. Anti-correlation balancing further
balances workload in complex cases, for example machine translation decoders, brings slight performance
improvements, and reduces the cache miss rates.

169



The effectiveness of the greedy balancing approach is shown in Figure 5.36, which compares workload
distribution before and after balancing. Results show that greedy is able to balance the load for the language
modeling (LM) use case by improving both metrics, maximum load and average maximum per device,
significantly, reducing from more than 0.6 to less than 0.4. In machine translation (MT) use case, greedy
was able to balance the expert load assignment of the MT encoder.
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Figure 5.36: The effect of the load balancing mechanism: Based on historical activation data, the algorithm is able to significantly
reduce the load imbalance problem on LM tasks and improve the robustness by limiting the maximum workload on a single device [87].

5.10 Memory Optimization

In this section, we discuss the critical challenge of memory consumption in large-scale mixture-of-experts
training, emphasizing that, unlike dense models, MoE models face fundamentally different constraints due
to their enormous weight count [228]. Excessive memory usage not only limits the minibatch size but also
reduces accelerator efficiency, ultimately hindering optimal training performance [104]. Although parallelism
helps distribute computation, it often increases memory overhead through redundant weight storage and
communication buffers, making targeted memory optimization essential. We organize the memory optimization
techniques, specifically designed for MoE training, into four major categories that address different aspects of
the memory performance challenge: redundancy optimization techniques, activation recomputation strategies,
expert weight offloading approaches, and low-precision training methods. Figure 5.37 illustrates the taxonomy
of these memory optimization approaches and their relationships.
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Figure 5.37: Memory optimization techniques taxonomy in the context of MoE training [228].

5.10.1 Redundancy Optimization

In distributed MoE training, redundancy arises primarily from data parallelism, where each device maintains a
full copy of the weights, gradients, and optimizer states. This becomes especially problematic in MoE systems
because optimizers, such as Adam, maintain additional statistics, namely momentum and variance, significantly
amplifying memory requirements [106].

A key solution to this issue is Zero Redundancy Optimizer (ZeRO) [164], which we discussed in Section 3.7
and is implemented in the DeepSpeed framework [168]. As we have seen, ZeRO introduces a three-stage
partitioning strategy: optimizer states (ZeRO-1), gradients (ZeRO-2), and model weights (ZeRO-3) are
progressively sharded across devices. This approach reduces memory consumption to roughly 1/M of the
original footprint, where M is the number of devices. ZeRO-1 in particular has been widely adopted in MoE
systems such as DeepSpeed-TED [185] and the Llama-3 training framework [200]. Comparable approaches
include PyTorch’s Fully Sharded Data Parallel (FSDP) [238], which enables fine-grained weight sharding, and
BaGuaLu [136], a topology-aware optimizer that reduces optimizer memory overhead to less than 5%, enabling
training at extreme scales, for example, 174 trillion-weight MoE models.

Beyond eliminating redundancy, temporal memory reuse strategies exploits the fact that tensors across
layers do not overlap in their lifetimes during forward and backward passes. By reusing memory buffers
across non-overlapping operations, systems can significantly reduce peak memory usage. For example,
DeepSpeed-TED [185] uses a tile-based strategy to recycle temporary buffers, reducing memory fragmentation
by around 40%. Similarly, HECATE [159] enables expert-level memory sharing across layers by dynamically
materializing weights only when needed.

In pipeline parallelism contexts, MPipeMoE [235] introduced a multi-faceted reuse scheme, including shared
activation memory, shared gradient buffers across stages, and cyclic reuse of expert weights. Building on this,
MPMOoE [234] jointly optimizes pipeline scheduling and memory configuration using performance models.
In general, these redundancy and memory reuse techniques substantially lower memory requirements and
fragmentation, enabling the training of extremely large MoE models. Although they introduce additional
communication overhead and scheduling complexity, they fundamentally improve the balance between memory
efficiency and computational scalability, making large-scale MoE training feasible.

5.10.2 Expert Weight Offloading

Expert weight offloading is a crucial memory optimization strategy for large-scale MoE models, where we move
inactive weights from GPU memory to slower storage levels to alleviate memory constraints (Figure 5.38). In
such systems, weights that are not immediately needed are temporarily stored in host DRAM or NVMe SSDs
and later transferred back into high-bandwidth GPU memory (HBM) during forward and backward passes. This
general approach has proven effective in dense large language models, where systems like ZeRO-Infinity [165]
leverage prefetching and overlap techniques to achieve more than a sixfold increase in model scale by efficiently
utilizing NVMe bandwidth [95] [156].
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Figure 5.38: Expert weight offloading strategies. (i) Traditional GPU-only storage, (ii) host DRAM offloading for inactive experts, and
(iii) hierarchical offloading using both host DRAM and SSD storage [228].

However, MoE architectures amplify the challenges of offloading. Because MoE models contain a huge weight
count, primarily concentrated in experts, traditional layer- and model-level offloading techniques become
inefficient. The limited CPU-GPU communication bandwidth, which is 32 GB/s in PCle 4.0, creates severe
bottlenecks, undermining the computational advantages of sparsity. As a result, naive offloading strategies
introduce excessive latency and fail to scale MoE training effectively.

To overcome these limitations, the literature proposes a shift toward expert-granular offloading, aligning
memory management with the natural structure of MoE computation. ES-MoE [104] exemplifies this paradigm
by offloading weights and optimizer states at the level of individual experts and executing them sequentially
rather than in large batches. This fine-grained approach significantly improves efficiency, enabling support for
up to 67 times more experts and achieving a 17.5-fold increase in training throughput. The key advantage lies
in selectively keeping only the currently needed experts in fast memory, thereby minimizing unnecessary data
transfers.

A further refinement is introduced through activation-aware offloading, which addresses the unpredictability of
expert selection. In standard MoE gating, it is difficult to anticipate which experts will be activated, leading
to reactive data transfers that incur in latency penalties. MoE-Infinity [220] tackles this issue by leveraging
temporal locality that exists in activation patterns. Its Expert Activation Matrix Collection (EAMC) framework
analyzes recurring activation sequences across inputs, enabling predictive prefetching of experts. By identifying
patterns in which certain experts are frequently co-activated for specific inputs, the system transforms reactive
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memory handling into a proactive strategy. Similarly, Janus [132] introduces a data-centric training framework
in which experts are dynamically transferred across workers, coordinating CPU-GPU communication with
computation to reduce idle time and improve resource utilization.

Systems such as MoESys [223] combine multiple storage levels and communication channels: dense
components are distributed using ZeRO-3-like strategies over high-bandwidth NVLink connections, while
sparse expert weights are offloaded to DRAM and SSDs. This hybrid approach demonstrates that efficient
MoE training depends not only on algorithmic innovation but also on careful integration with hardware
topology and communication infrastructure. In conclusion, these advances demonstrate that effective
offloading in MoE systems requires fine-grained, predictive, and hardware-aware strategies. By moving
beyond coarse-grained techniques and leveraging expert-level control, activation prediction, and hierarchical
storage, recent approaches significantly reduce memory pressure while preserving, or even enhancing, training
performance.

5.10.3 Activation Recomputation

Activation recomputation is a fundamental memory optimization strategy in large-scale training, and
particularly in MoE model training. It has been shown that intermediate activations often dominate
overall memory usage, especially in deep architectures. Activation recomputation, also known as gradient
checkpointing, addresses this issue by discarding intermediate activations during the forward pass and
recomputing them later during backpropagation, thereby trading an additional computation for a reduced
memory footprint [108] [94]. This technique is especially valuable in MoE systems, where memory pressure
can be exacerbated by load imbalance during the early training stages, sometimes leading to out-of-memory
situations [200].

Despite its effectiveness, traditional activation recomputation suffers from a critical limitation: it operates
directly within the training’s critical execution path. This means that while it reduces memory usage, it often
introduces non-negligible computational overhead, slowing down overall training and discouraging adoption in
performance-sensitive environments. Recent advances have therefore focused on improving efficiency through
selectivity and precision awareness, ensuring that recomputation is applied only where it yields global benefits.

For instance, MegaScale-MoE [101] introduces selective recomputation, where only activations associated with
memory-intensive operations are recomputed, while those that are computationally expensive to regenerate are
maintained. This balances memory savings against recomputation cost, effectively eliminating the traditional
throughput penalty. Similarly, DeepSeek-V3 [51] combines recomputation with FP8 mixed-precision storage,
showing that reducing numerical precision, when carefully managed, can further decrease memory usage
without compromising training stability.

More fine-grained approaches push this idea further by tailoring recomputation to the level of individual
operations. PanGu-Ultra-MoE [193] adopts operator-level recomputation instead of layer-wise strategies,
introducing techniques such as Key-Value (KV)-only recomputation in attention modules. In this scheme,
only the key and value tensors are recomputed, while other activations are selectively stored or recomputed
depending on their computational and memory costs. In parallel, HECATE [159] rethinks activation
management through sparse materialization, computing and storing only the activations corresponding to the
experts actually selected during gating. Full activation patterns are then reconstructed when needed, reducing
unnecessary memory usage.

The inherent sparsity of MoE models, where each token is processed by only a subset of experts, creates
both opportunities and challenges for activation recomputation. On one hand, inactive experts do not require
recomputation, enabling more efficient memory-computation trade-offs than in dense models. On the other
hand, dynamic gating complicates the identification of which activations are worth preserving. To address this
dilemma, MoETion [66] introduces a "sparse checkpoint" mechanism, which selectively saves only a small
subset of activations based on their importance for gradient computation and their likelihood of reuse. By
leveraging routing information, this approach minimizes recomputation overhead while maintaining training
efficiency.

Thus, the evolution of activation recomputation in MoE systems reflects a shift from uniform, layer-based
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checkpointing toward selective, sparse, and precision-aware strategies. By exploiting the structural properties of
MOoE architectures, particularly sparsity and dynamic gating, actual techniques achieve significantly improved
memory efficiency without incurring in the severe performance penalty that once limited the practicality of
activation recomputation.

5.10.4 Low-Precision Training

Low-precision training is a complementary strategy for reducing memory consumption in large-scale MoE
models. The support of 8-bit floating point (FP8) computation in modern accelerators, such as NVIDIA H100
GPUs, made it possible to significantly lower memory requirements while maintaining competitive model
performance. By executing general matrix multiplications in FP8 during the forward passes, as well as in the
computation of weights and activation gradients, memory usage can be reduced by roughly half compared to
BF16 precision, enabling more efficient scaling of massive models.

A growing ecosystem of frameworks supports this approach, including Microsoft’s FP8-LM [139], NVIDIA’s
Transformer Engine [40], and Amazon SageMaker [195], all of which provide flexible mechanisms for
switching between precision levels depending on training requirements. The effectiveness of these approaches
is illustrated by DeepSeek V3 [51], which successfully applies FP8 mixed-precision training to a 671
billion-weight MoE model, achieving strong performance while substantially lowering memory demands.

However, low-precision training introduces unique challenges in the MoE context. Compared to dense models,
MoE architectures are more sensitive to numerical precision because of their dynamic gating mechanisms,
where small differences in values can influence which experts are selected. Aggressive quantization may
therefore amplify instability, leading to issues such as expert collapse, where only a subset of experts are
consistently chosen, degrading model quality and reducing the benefits of sparsity.

Despite these limitations, low-precision training remains a highly promising direction. Its ability to
drastically reduce memory consumption makes it a crucial component of modern MoE optimization strategies,
particularly when combined with other techniques such as redundancy elimination, offloading, and activation
recomputation. Thus, achieving efficient and stable MoE training at scale requires careful balancing
between precision reduction and numerical robustness, making this an active and important area of ongoing
research [51] [40] [139].

5.11 Communication Optimization

This section highlights how the intrinsic properties of MoE models, namely sparse activation and dynamic
routing, create communication patterns that differ fundamentally from those of dense models. In traditional
distributed training, communication is relatively regular and predictable, but in MoE systems it becomes
data-dependent and highly dynamic, leading to inefficiencies if handled with conventional approaches.
As a result, optimizing communication is essential to fully unlock the efficiency gains promised by
MoE architectures. MoE-oriented communication optimization technologies will be divided into three
key categories: All-to-All collective optimization, computation-communication overlap techniques, and
communication compression methods (Figure 5.39).

5.11.1 Collective Communication Operations Redesign and Scheduling

A central challenge arises from the use of All-to-All collective communication, which is required to route tokens
to the appropriate experts. In its naive form, often referred to as linear All-to-All, every device communicates
simultaneously with all others, without considering differences in bandwidth between intra-node and inter-node
links. This leads to poor utilization of high-bandwidth intra-node connections and to inefficient global
data exchange [234]. Moreover, in hybrid parallel training configurations, All-to-All operations frequently
overlap with other collective operations, such as AllReduce, during backpropagation, resulting in bandwidth
contention and degraded performance [132]. These limitations make it clear that communication must be made
resource-aware and topology-sensitive.
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Figure 5.39: Communication optimization techniques taxonomy in the MoE model training context [228].
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To address this problem, researchers have proposed hierarchical All-to-All communication schemes that
explicitly account for hardware topology. For example, HetuMoE [150] introduces a one-dimensional (1D)
topology-aware strategy, where data destined for GPUs within the same node is first aggregated, then it
is transferred across nodes in bulk, and finally it is distributed locally. This approach reduces inter-node
communication frequency while maximizing the use of fast intra-node links. Building on this idea, systems such
as DeepSpeed-MoE [163] and SE-MoE [178] implemented two-dimensional (2D) All-to-All communication,
decomposing communication into separate intra-node and inter-node phases. This decomposition allows large
data chunks to be prepared efficiently within nodes before being transmitted across the network, improving
overall throughput.

Further refinements extend these hierarchical principles. For example, FasterMoE [77] introduces group-based
All-to-All, ensuring that intra-node communication completes quickly so that expert computation can begin
earlier, thereby reducing idle time. Tutel [140] enhances the 2D approach through optimized data layouts
and compiler-level improvements, minimizing synchronization overhead between communication stages.
More advanced systems, such as HECATE [159], incorporate dynamic scheduling mechanisms that adapt
communication patterns in real time based on network conditions and workload distribution, demonstrating
the increasing importance of runtime adaptability in MoE systems.

Beyond collective operations redesign, it is also important to adopt locality-aware scheduling for reducing
the communication volume altogether, rather than merely optimizing how it is performed. The key idea
is to exploit the observation that certain experts are accessed more frequently or jointly by specific inputs.
NETMOE [74] leverages this principle by strategically placing experts close to the data that they use most often,
thereby minimizing cross-node communication. Similarly, LUFFY [25] extends this concept through dynamic
expert migration, relocating experts during training based on evolving workload patterns. This adaptability
is particularly valuable in heterogeneous cluster environments, where communication costs vary significantly
across different links.

The reviewed literature shows that communication optimization in MoE systems requires a multi-layered
approach: redesigning collective operations to respect hardware topology, scheduling them intelligently to
avoid contention, and reducing communication demand through locality-aware strategies. These innovations
collectively reveal that efficient MoE training is not only a matter of computational sparsity, but also of
communication efficiency tightly coupled with system architecture and runtime behavior.

5.11.2 Concurrent Execution

We know focus on concurrent execution as a key strategy for improving communication efficiency during MoE
training. A naive implementation typically executes communication and computation sequentially, as well as
different communication collectives in isolation. Such serialized workflow leads to substantial inefficiencies,
particularly in MoE models where communication costs, especially from All-to-All operations, are already
significant due to dynamic gating.
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To overcome this limitation, recent work emphasizes overlapping communication with computation and
interleaving multiple communication operations. These approaches aim to better utilize available hardware
resources by ensuring that idle time caused by one operation can be filled by another. For instance, in
hybrid parallel MoE training, combining expert parallelism and expert sharding, collective operations such
as AllGather or ReduceScatter can be executed concurrently with All-to-All communication [155]. This
concurrency exploits the fact that different operations may use distinct hardware resources, for example,
network bandwidth versus compute units, enabling resource complementarity and improving overall system
throughput.

Another important observation is that communication operations themselves can interfere with each other. In
particular, All-to-All communication may be delayed by concurrent AllIReduce operations during the backward
pass, leading to bandwidth contention and reduced efficiency. Addressing this issue requires careful scheduling
to interleave communication tasks in a way that minimizes conflicts and maximizes parallelism. By reordering,
overlapping, or pipelining communication stages, systems can reduce waiting times and avoid underutilization
of high-bandwidth links.

The concurrent execution strategies demonstrate that communication optimization in MoE training is not
limited to redesigning individual collectives, but also involves coordinating when and how different operations
are executed. Through computation-communication overlap and intelligent interleaving, we can significantly
improve training efficiency, transforming communication from a bottleneck into a more effectively managed
component of large-scale MoE training [155].

5.11.3 Computation-Communication Overlap

The idea of computation-communication overlap is a central technique for improving the efficiency of MoE
training systems, leveraging the inherent parallelism introduced by sparse expert routing. Unlike dense models,
where computation typically follows strict sequential dependencies, MoE architectures allow simultaneous
execution of multiple experts, making it possible to overlap communication, for example, token exchange
across devices, with ongoing computation.

At the most basic level, task-level overlap treats communication and computation as separate coarse-grained
tasks that can be scheduled concurrently. Systems such as FasterMoE [77] and Tutel [140] implement this
overlap by assigning computation and communication to different CUDA streams, enabling asynchronous
execution whenever data dependencies permit. Tutel further improves flexibility by introducing unified data
layout abstractions that allow different parallelism strategies to coexist without costly data transformations.
Similarly, MPipeMoE [234], inspired by micro-batching techniques from GPipe [89], enhances overlap by
splitting minibatches into smaller units and interleaving communication and computation across adjacent
microbatches (Section 4.1.1). These approaches demonstrate that even simple scheduling improvements can
significantly increase hardware utilization.

More advanced predictive scheduling methods extend task-level overlap by exploiting temporal patterns in
MoE routing. For example, Prophet [203] analyzes recurring token routing behavior to predict expert loads
and proactively schedule weight transfers, while also overlapping expert-related AllReduce operations with
non-expert communication. Pro-Prophet [204] further formalizes this idea by dividing optimization into
an offline phase, which profiles activation distributions, and an online scheduler that maximizes overlap
dynamically during execution. Janus [132] complements these ideas with a data-centric design in which
experts are dynamically migrated between workers, coordinating computation with CPU-GPU communication
to reduce idle time.

The scope of overlap optimization is further expanded by systems such as LANCET [100], which operate
at the full computation graph level. By analyzing intermediate representations, LANCET identifies global
opportunities for overlapping communication and computation that are invisible to layer- or task-level
optimizers. DeepSeek-V3 [51] introduces DualPipe, a bidirectional pipeline parallelism strategy that achieves
near-perfect overlap through careful decomposition of tasks into fine-grained chunks, such as attention,
All-to-All dispatch, computation over feed-forward networks, and combining stages. Importantly, DualPipe
also dynamically allocates GPU resources, such as streaming multiprocessors, between communication and
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computation, demonstrating that effective overlap requires not only scheduling but also resource partitioning.

Beyond these coarse-grained strategies, operator-level overlap pushes optimization further by decomposing
individual operators into smaller computational units. Instead of scheduling entire tasks, these approaches
fuse computation and communication within the same kernel. However, naively running communication
and computation kernels simultaneously may degrade performance, making kernel fusion and fine-grained
decomposition essential. FLUX [22] exemplifies this approach by breaking operations into extremely fine
tiles and merging communication and computation into unified kernels, eliminating synchronization overhead.
Similarly, COMET [230] addresses mismatches in granularity between communication and computation
by decomposing dependencies down to the tensor-element level, enabling tighter integration and improved
accelerator utilization.

Compiler-based approaches, such as Triton-distributed [241], provide an even higher level of abstraction. By
embedding communication primitives, such as OpenSHMEM [38], directly into the compiler, these systems
allow developers to express combined communication-computation logic in a unified programming model,
while the compiler automatically generates optimized fused kernels. This represents a shift toward automated,
compiler-driven optimization, reducing the burden on system designers.

Finally, the most advanced systems adopt hybrid approaches that combine task-level and operator-level
optimizations. For instance, Lina [117] integrates predictive scheduling of communication at the task
level with fine-grained micro-operation decomposition at the operator level, enabling precise control over
overlap. Similarly, MegaScale-MoE [101] employs a hierarchical overlap strategy, coordinating execution
at both inter-operator (macro) and intra-operator (micro) levels, such as tile-based matrix-matrix multiplication
decomposition. This multi-level design maximizes overlap opportunities across different granularities of
execution.

A detailed comparison of these techniques is summarized in Table 5.5. The evolution we described reveals
a clear trajectory, MoE systems have moved from simple asynchronous scheduling toward deeply integrated,
multi-level overlap strategies. By combining task-level concurrency, predictive scheduling, operator fusion,
and compiler support, it is possible to reach near-optimal hardware utilization. This progression underscores a
key insight, achieving high performance in MoE training requires not just faster communication or computation
individually, but careful coordination between them across all levels of system design.

5.11.4 Concurrent Collective Communication

We now deepen the communication optimization discussion by focusing on concurrent collective
communication, addressing inefficiencies that arise when multiple communication stages are executed strictly
in sequence. In MoE training, especially under hybrid parallelism, the communication pattern becomes
increasingly complex, combining multiple collective operations such as All-to-All and AllReduce. While
this complexity creates challenges, it also opens up additional opportunities for concurrency and scheduling
optimization.

A key limitation of traditional All-to-All implementations is their serial execution model, where different
phases, such as intra-node and inter-node communication, are carried out one after another, even though they
are not inherently dependent. Recognizing this inefficiency, recent approaches propose decoupling these stages
into independent tasks. For example, ScheMoE [183] separates intra-node and inter-node communication
and executes them concurrently using distinct CUDA streams. Because intra-node communication relies on
high-bandwidth local interconnects while inter-node transfers depend on slower network links, this decoupling
allows intra-node latency to be effectively hidden behind inter-node communication, improving overall
efficiency without disrupting computation.

However, introducing concurrency at the level of collective operations also exposes a new bottleneck:
bandwidth contention between overlapping communication operations. In particular, during the backward pass,
All-to-All and AllReduce operations frequently compete for the same network resources, leading to degraded
performance despite the concurrency. This reveals that simply enabling parallel execution is not sufficient,
careful coordination and prioritization are required to ensure efficient resource utilization.

177



Work TLO | OLO | CO | EP | RA | Core technical innovation

FasterMoE \% X X | X | V | Asynchronous sub-task execution with dedicated

[77] CUDA streams for communication and computation,
enabling out-of-order execution when possible.

Tutel A" X V | X | V | Unified data layout abstraction that maintains

[140] compatibility across DP/EP/hybrid configurations,
enabling transparent parallelism switching.

MPipeMoE A" X X | X | V | Online algorithm to adaptively configure pipeline

[235] granularity for optimal communication-computation
overlap in MoE sub-stages, coupled with
performance-model-guided runtime selection.

Prophet v X X | V | X | Exploits temporal locality in token routing patterns

[203] to predict expert loads and proactively schedule
weight transfers across iterations, while
restructuring gradient aggregation to overlap expert
All-Reduce with non-expert layer communications.

Pro-Prophet v X X | V | V | Decomposes load balancing into offline planner

[204] (profiling inter-iteration distributions) and
online scheduler (maximizing overlap within
iterations), enabling data-dependent optimization.

Lina A% \" X | V | V | Discovers temporal locality in expert activations

[117] through pattern analysis, enabling predictive
prefetching and priority-based collectives scheduling.

Janus A" X X | V | V | Implements data-centric framework where experts

[132] migrate on-demand between workers, coordinating
asynchronous CPU-GPU transfers with computation
scheduling to minimize idle time.

LANCET v X V | V | X | Extends overlap optimization from individual MoE

[100] layers to entire computation graph through compiler
IR analysis, discovering global overlap opportunities
invisible to local optimizers.

FLUX [22] X \" V | X | V | Introduces aggressive over-decomposition paradigm,
partitioning operations into much finer tiles than
conventional approaches and fusing tiled com-
munication with computation into unified kernels.

MegaScale-MoE v v X | X | V | Implements hierarchical overlap at inter-operator

[101] level through macro module execution, and at
intra-operator level through tile-based GEMM
decomposition enabling concurrent execution of
communication and computation kernels.

DualPipe v X V | X | V | Near-perfect overlap through bidirectional

[50] pipeline with fine-grained chunk decomposition
and manual SM allocation between comm./comp.

COMET X v V | X | X | Decomposes coarse computation and communication

[230] operation dependencies into fine-grained data
dependencies, enabling kernel fusion at tensor
element granularity rather than operation level.

Triton-distributed | X v V | X | V | Integrates OpenSHMEM primitives directly,

[241] into Triton compiler enabling to express complex
joint optimizations of computation, memory access,
and communication through high-level Python.

Table 5.5: Comparative analysis of computation-communication overlap technologies in the MoE training context. TLE: task-level
overlap, OLO: operator-level overlap, CO: compiler optimization, EP: expert prediction, RA: resource allocation, V: supported, X: not
supported [228].
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To address this issue, Lina [117] provides a systematic analysis of communication contention and introduces
a fine-grained scheduling framework based on tensor partitioning. In this approach, large communication
operations are decomposed into smaller, uniform micro-operations, enabling priority-based scheduling at a
much finer granularity. This allows the system to allocate bandwidth selectively, for example, giving priority to
latency-critical All-to-All operations while allowing AllReduce operations to opportunistically use remaining
bandwidth. Such a strategy transforms communication from a set of coarse, competing operations into a flexibly
scheduled pipeline, where resource allocation can be dynamically adapted to workload demands.

Thus, concurrent collective communication represents an important evolution in MoE systems design.
It shows that performance gains are no longer achieved solely by optimizing individual communication
primitives, but by orchestrating multiple collectives simultaneously and intelligently managing shared network
resources. Together with earlier advances in hierarchical communication and overlap techniques, these methods
demonstrate that maximizing MoE training efficiency requires a holistic view of communication, where
concurrency, prioritization, and hardware-aware scheduling are tightly integrated.

5.11.5 Communication Compression

As a final type of communication optimization, we addresses communication compression as a complementary
strategy for reducing the overhead of data exchange in MoE training. We know that All-to-All communication
can involve millions of bytes per operation [183], making it a major bottleneck even when optimized through
scheduling and overlap. From a data-centric perspective, reducing the volume or size of transmitted information
becomes a natural solution. However, MoE training imposes stricter constraints than traditional distributed
learning: compression must preserve not only numerical fidelity but also token semantics and routing decisions,
limiting the applicability of many standard techniques.

One straightforward approach is volume compression, where data is compressed before transmission and
decompressed afterward. ScheMoE [183] follows this paradigm by introducing abstractions that allow low-bit
representations and compression algorithms to be seamlessly applied within MoE layers. More sophisticated
methods exploit redundancy in routed data. For example, LSH-MoE [147] observes that tokens routed to the
same experts often share structural similarities, and applies Principal Component Analysis (PCA) to cluster data
and transmit only representative centroids instead of full embeddings. This reduces communication volume
while retaining essential information.

Another important direction is low-dimensional communication, which reduces tensor size rather than
compressing values directly. BigMac [102] implements this idea through dimension-compressed
communication adaptation, where tensors are projected into lower-dimensional spaces before the first All-to-All
operation and reconstructed afterward. By inserting learnable projection layers at expert boundaries, BigMac
achieves substantial latency reductions, up to 3.09 times, while preserving model quality, demonstrating that
dimensionality reduction can be an effective alternative to traditional compression.

A widely adopted and highly effective technique is low-precision communication, where data is transmitted
using fewer bits. Quantization plays a central role here. QMOoE [63] shows the extreme potential of this
approach by compressing the 1.6 trillion-weight switch transformer [62] from 3.2 TB to 160 GB, less than
one bit per weight, highlighting the enormous compression capacity of MoE models. In practice, more
moderate strategies are often used to balance efficiency and stability. For instance, MegaScale-MoE [101]
reduces inter-node communication precision from FP32 to BF16, halving bandwidth requirements without
harming convergence, while DeepSeek-V3 [51] adopts FP8 precision for expert communication, achieving
similar reductions.

Despite these advances, most existing systems still follow a compress-communicate-decompress pipeline,
where decompression is required before computation can proceed. This introduces latency on the critical
path and limits the overall benefits of compression. To tackle this limitation, recent research proposes
compression-aware communication, a paradigm shift inspired by database systems such as TADOC [227]
and CompressDB [226], where operations are performed directly on compressed data. Applying this idea to
MoE systems would allow activations to remain compressed throughout both communication and computation,
eliminating decompression overhead and redefining compressed data as an active computational representation
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rather than a passive encoding.

Current implementations, such as DeepSeek-V3 [51], partially move in this direction by combining
low-precision communication with selective full-precision computation for sensitive operations. However,
they still treat compressed formats primarily as transmission optimizations. Fully realizing compression-aware
communication, where computation natively operates on compressed representations, remains an open and
promising research direction.

In conclusion, we have shown that communication compression in MoE systems evolved along three axes:
reducing data volume through compression and clustering, reducing dimensionality, and reducing precision.
The future will involve integrating compression directly into the computational workflow.

5.12 Open Source MoEs

5.12.1 MegaBlocks

MegaBlocks is a system for efficient Mixture-of-Experts training on GPUs [65]. The motivation was the
limitations of available frameworks, which restrict the dynamic gating in MoE layers to satisfy the constraints of
used software and hardware. For example, TPUs and their XL A compiler require all tensor shapes to be known
statically and often struggle with fine-grained operations like scatters and gather. GPUs are more flexible, but
the sparse computation in MoEs does not map cleanly to the software primitives supported in major libraries.
To tackle these limitations, the authors of MegaBlocks reformulated MoE computation in terms of block-sparse
operations and developed block-sparse GPU kernels that efficiently handle the dynamism present in MoEs. This
approach never drops tokens and maps efficiently to modern GPUs, enabling end-to-end training speedups of up
to 40% and 2.4 times over state-of-the-art frameworks for MoE and deep neural networks training, respectively.

MoE layers are made up of many experts, which are them-selves small neural networks. Each token is
dynamically routed to a subset of the experts for computation based on scores computed by a gating network.
The experts are commonly defined to be small multi-layer perceptron (MLP). Figure 5.40 illustrate an MoE
layer.

The first stage of an MoE layer is the router, which is responsible for assigning tokens to experts. The router
also produces probabilities for each assignment that reflect the confidence of the mapping. These probabilities
are encoded as a matrix of scores for each token-expert pair, which are used to linearly combine the top k expert
outputs for each token.

The second stage is denominated as permutation. State-of-the-art MoE implementations aim to compute all
expert layers in parallel for making effective use of the parallelism available on GPUs. Has we have discussed
before, the key operation used to implement experts’ logic is batched matrix multiplication (BMM). However,
implementing MoE computation with BMM of the same shape, the experts must be constrained to have weight
matrices of the same shape and the number of tokens assigned to each expert must be equal. In order to satisfy
this constraint, some authors defined a fixed expert capacity, which is the number of tokens that each expert can
be assigned. If the tokens assigned to an expert exceeds its capacity, the extra tokens are dropped. Thus, the
main role of the permutation stage is to group tokens assigned to each expert and drop tokens that exceed the
expert capacity.

Once the data has been permuted, the experts can be computed in parallel (third stage). When the experts are
MLPs, the computation associated to all experts in a layer in done with a batched matrix multiplication. For
convolutional experts, the layers can be computed with grouped convolutions.

After the experts are computed, the output vectors are unpermuted for restoring the ordering used in the layer’s
input (fourth stage). The last step in MoE computation consists of scaling the output vectors by the token scores
with which they were assigned to their respective experts. When a token is assigned to multiple experts, the
multiple weighted vectors are summed to produce the final layer output for each token.

The authors of MegaBlocks wrote block-sparse CUDA kernels that perform the operations necessary to the
forward and backward passes of the MoE layers. Some of primitive operations they support are identified
by a three-letter pattern L3L,L;, where L3z specifies the type of output, L, specifies the type of the left input
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Figure 5.40: A mixture-of-experts layer. Shown for 3 experts, top-k=1, and a capacity factor of 1 with the prevalent, token dropping
formulation. First, (1) tokens are mapped to experts by the router. Along with expert assignments, the router produces probabilities
that reflect the confidence of the assignments. Second, (2) the feature vectors are permuted to group tokens by expert assignment. If the
number of tokens assigned to an expert exceeds its capacity, extra tokens are dropped. Third, (3) the expert layers are computed for the
set of tokens they were assigned as well as any padding needed for unused capacity. Lastly, (4) the results of the expert computation
are unpermuted and weighted by the router probabilities. The outputs for dropped tokens are shown here set to zero [65].
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operand and L; specifies the type of the right input operand. Each letter L; can be "S" for sparse matrix or
"D" for dense matrix. As an example, the product of two dense matrices with a sparse output is denominated
as SDD, which is also referred to as sampled dense-dense matrix multiplication. They implemented SDD,
DSD, and DDS operations targeting NVIDIA GPUs, and the kernels support all combinations of transposed
and non-transposed inputs.

Considering a MoE feed-forward layer where each expert is a two-layer MLP, (i) the forward pass requires an
S DD operation followed by a DS D (Listing 5.2), and (ii) the backward pass is implemented with an S DD”
and a DST D for the second layer data gradient and weight gradient, respectively, followed by a DS DT and a
DD'S for the first layer data gradient and weight gradient, respectively.

x.shape: (num_tokens, hidden_size)
def dmoe_forward(self, x):

# (1) Assign tokens to experts.

i

# indices.shape: (num_tokens)

# weights.shape: (num_tokens)
indices , weights = router(x)

# (2) Create the sparse matrix topology.

#

# This describes the matrix in Figure 27 (iii).
topology = make_topology (indices)

(3) Permute the tokens to group by expert.
x = padded_gather(x, indices)

(4): Compute the expert layers

inner_dim = ffn_hidden_size % num_experts
self .wl.shape: (hidden_size , inner_dim)
self .wl.shape: (inner_dim , hidden_size)
= sdd(x, self.wl, topology)

dsd(x, self.w2)

oM F o H H H

# (5) Unpermute and scale the tokens
x = padded_scatter(x, indices)
return X % weights

Listing 5.2: Pseudo-code for a two-layer feed-forward dMoE. The code follows Figure 5.40 with three changes. First, we construct the
sparse matrix topology from Figure 5.27 (1i1i) from expert assignments (line 12). Second, we pad each expert batch to a multiple of
the block size during permutation (line 15). Lastly, we compute the experts in parallel by iterating between SDD and DSD operations
(lines 22-23) [65].
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MegaBlocks uses blocked compressed sparse row (BCSR) as the primary sparse matrix format. BCSR makes it
simple to iterate across the nonzeros in a row, which is necessary for operations like DS D and DDS” . Iterating
over blocks also has minimal overhead with BCSR. One challenge with BCSR sparse matrices is efficiently
computing S DD operations in parallel. On kernel launch, each thread block needs to identify the row and
column of its output block so that it knows which rows and columns of the input matrices are needed to compute
it. Because BCSR only encodes column indices for each block, identifying the row index of a nonzero block
requires a search through the row offsets. Hence, to efficiently parallelize S DD, they additionally materialize
the row indices for each nonzero block so that thread blocks can trivially look up the coordinates of sparse
blocks in the output matrix.

Computing forward and backward passes for model training requires sparse matrix transposition. However,
iterating over BCSR matrices in transposed order requires searching through each row to identify if the block
in the target column is nonzero. To enable efficient iteration over BCSR matrices in transposed order, they
construct the metadata for the transposed matrix but do not explicitly transpose the nonzero values. Instead,
they construct an array of indices, one for each nonzero block, which are stored in transposed order and contain
the offset of each nonzero block in memory. This additional metadata allows efficient iteration through the
matrix in transposed order with a layer of indirection, as shown in Figure 5.41.

[ BCSR [ | +BCOO [ | +Transposed lteration[ | l
i . (i)
Block-Sparse Matrix Block Data

A|B|C|D]|E

Column Indices

Row Offsets
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C D Column Offsets
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Transpose Indices
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Figure 5.41: Block-sparse matrix format used in MegaBlocks. Panel (ii) shows the encoding for the sparse matrix in panel (i). Indices
and offsets in our encoding are block-wise. We use blocked compressed sparse row (BCSR) as our primary sparse matrix format. We
additionally store the row indices of each nonzero block and a secondary index of transpose indices [65].

Despite the use of load balancing losses, prior work has shown that token routing is still highly imbalanced.
To quantify the effect of token dropping on model quality, the authors of [65] trained MoE models on The
Pile dataset [68] with several capacity factors. They trained MoEs with capacity factor equal 1, 1.5, and 2
as well as the dynamic capacity factor, a technique proposed by Tutel [140]. The obtained results are shown
in Figure 5.42. While dropping tokens reduces model quality, increasing the capacity factor brings additional
computation and memory costs. Thus, these authors throw away the capacity factor hyperparameter. To replace
the capacity factor, they just determined the block-sparse structure dynamically for each batch of tokens, doing
exactly the amount of work required for each expert.

To assess the efficiency of MegaBlocks technique for avoiding token dropping, they compared it to the dMoE
method proposed in Tutel [140], where the capacity factor is set dynamically to the minimum value that avoids
token dropping. For each model, Figure 5.43 plots the end-to-end training time and final loss achieved on a
validation set. Compared to the padding-based approach for avoiding token dropping, MegaBlocks technique
for adaptive MoE computation with block sparsity enables end-to-end training speedups of 1.38, 2.0 and 4.35
times for MoE-XS, MoE-Small, and MoE-Medium, respectively. In addition to computational overhead, the
padding-based approach implemented in Tutel significantly increases the amount of memory required to store
activations in the MoE layers.
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Figure 5.43: MegaBlocks dMoEs, Tutel dMoEs and Megatron-LM transformers trained on The Pile dataset. MegaBlocks uses
block-sparse operation to handle the dynamic and load imbalanced computation in MoEs, which enables 1.38, 2.0 and 4.35 times
end-to-end training speedups for MoE-XS, MoE-Small, and MoE-Medium respectively compared to the padding-based approach used
by Tutel. The advantage of our approach increases with the size of the model, as the memory requirements of padding expert batches
forces Tutel to use smaller micro batch sizes which decreases hardware efficiency. Compared to dense transformer language models,
MegaBlocks achieves 1.8 to 2.44 times end-to-end training speedups for the same validation loss across these models [65].

Even with the most efficient capacity factor for each related MoE, MegaBlocks reduces the training time
required to reach a given validation loss 1.38, 1.37 and 1.18 times, compared to MoE-XS, MoE-Small and
MoE-Medium, respectively. In addition to these speedups, the MegaBlocks approach reduces the cost of
using MoEs by decreasing the number of hyperparameters that need to be re-tuned for each model and task

(Figure 5.44).
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Figure 5.44: MegaBlocks dMoEs, Tutel MoEs and Megatron-LM transformers trained on The Pile dataset. Even with the most
efficient capacity factor for each MoE, MegaBlocks reduces the training time required to reach a given validation loss by 1.38, 1.37
and 1.18 times for MoE-XS, MoE-Small and MoE-Medium respectively. In addition to these speedups, our approach reduces the cost
of using MoEs by decreasing the number of hyperparameters that need to be re-tuned for each model and task [65].

5.12.2 Mixtral of Experts

Mixtral 8 x 7B, also known as Mixtral of Experts, is an MoE-based extension of the open-source Mistral-7B
model [98] that is fluent in English, French, Italian, German, and Spanish.

80 Mistral 7B m LLaMA 2 7B LLaMA 1 348 Mistral 7B mm LlaMA 2 7B LLaMA 1 34B
Mixtral 8x7B LLaMA 2 13B B LLaMA 2 70B 60 Mixtral 8x7B LLaMA 2 13B m LLaMA 2 70B
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Figure 5.45: Performance of Mixtral and different LLaMa models on a wide range of benchmarks. Mixtral outperforms or matches
LLaMa-2 70B on all benchmarks. In particular, it is vastly superior in mathematics and code generation [99].

Mixtral converts every layer of Mistral dense model to an expert layer with eight experts. Two of these experts
are active for each token, yielding a model with 47 billion total weights and 13 billion active weights. The
model has a context length of 32k, which is 4 times larger than its dense counterpart. As shown in Figure 5.45,
Mixtral outperforms Mistral on several benchmarks and especially excels in code generation, mathematics, and
multilingual benchmarks, even exceeding the performance of the larger LLaMA-2-70B model in some cases.

The base architecture of Mixtral 8 X 7B is a decoder-only transformer that exactly matches the architectural
configuration of Mistral-7B [98]. Compared to the standard decoder-only LLM architecture, there are a few
changes made by Mistral-7B: (i) adopted grouped-query attention (GQA) [2], which shares key and value
projections between groups of self-attention heads to improve efficiency (Figure 5.46), and (ii) uses sliding
window attention (SWA) [10], which computes masked self-attention over a fixed window of size W, for each
token, to allow the LLM to handle sequences of arbitrary length with a reduced inference cost (Figure 5.47).
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Figure 5.46: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query attention shares
a single key and the value heads across all query heads. Grouped-query attention instead shares single key and value heads for each
group of query heads, interpolating between multi-head and multi-query attention [2].

While regular self-attention can be seen as a global attention mechanism, where each element in a sequence can
attend to every other sequence element, sliding window attention (SWA) can be viewed as local attention, since
here we restrict the context size around the current query position. Sliding window attention can be combined
with both multi-head attention and grouped-query attention. In causal self-attention, the current token can
attend to all previous tokens and itself (Figure 5.47 (i)). With sliding window attention, the current token can
only attend to itself and previous tokens within a certain window, for example, itselfand W -1 =4-1 =3
tokens in Figure 5.47 (ii). In Figure 5.47 (iii), it is illustrated the effective context for the 10-th element
in the sequence on layer 4. Thus, previous tokens that are outside the sliding window still influence next word
prediction. At each attention layer, information influences up to W positions ahead. Hence, after / attention
layers, one position is influenced by information relative to the previous / X (W — 1) tokens [64].

The number of operations in regular attention is quadratic in relation to the sequence length, O(S?), and the
memory increases linearly with the number of tokens. At inference time, this incurs in higher latency and
smaller throughput due to reduced cache availability. To alleviate this issue, in sliding window attention the
number of operations varies linearly with the sequence length, O(W - §), where W is the window of size.
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Figure 5.47: Illustration of (i) causal self-attention, (ii) sliding window attention, and (iii) effective context length [167] [98].

Because Mixtral uses SWA, it can employ tricks like (i) rolling buffer, also known as circular cache, to make the
KV cache more memory efficient or (ii) chunked prefill, to increase inference speed. As mentioned previously,
Mixtral converts every layer of the LLM to an expert layer (Figure 5.48). Within each expert layer, a simple
routing mechanism is adopted that takes a softmax over the Top-K logits of a Linear layer for every token.
Each input vector is assigned to 2 of the 8 experts by the router. The layer’s output is the weighted sum of
the outputs of the two selected experts. In Mixtral, an expert is a standard feed-forward block as in a vanilla
transformer architecture.

Authors of [99] mention that Mixtral is also pretrained over a multilingual corpus, allowing the model to
understand multiple languages. As shown in Table 5.6, Mixtral universally outperforms LLaMA models on
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Figure 5.48: Mixture of experts layer [99].

multi-lingual benchmarks.

Active French German Spanish Italian

Model Params | Arc-c | HellaS | MMLU | Arc-c | HellaS | MMLU | Arc-c | HellaS | MMLU | Arc-c | HellaS | MMLU
LLaMA-1 33B 33B 39.3% | 68.1% | 499% | 41.1% | 633% | 48.7% | 45.7% | 69.8% | 52.3% | 42.9% | 65.4% | 49.0%
LLaMA-2 70B 70B 499% | 712.5% | 643% | 473% | 68.7% | 64.2% | 50.5% | 74.5% | 66.0% | 49.4% | 70.9% | 65.1%
Mixtral 8x7B 13B 582% | 77.4% | 70.9% | 54.3% | 73.0% | 71.5% | 55.4% | 77.6% | 72.5% | 52.8% | 75.1% | 70.9%

Table 5.6: Comparison of Mixtral with LLaMa on multilingual benchmarks. On ARC Challenge, Hellaswag, and MMLU, Mixtral
outperforms LLaMa-2 T0B on four languages: French, German, Spanish, and Italian [99].

These authors also performed a detailed analysis of how experts are selected for tokens across several domains
to see if any interpretable pattern can be deduced. Figure 5.49 plots the proportion of tokens assigned to
each expert on different domains from The Pile dataset for layers 0, 15, and 31. Here, we consider experts
that are either selected as a first or second choice by the router. The gray dashed vertical line corresponds to

1 = %, the proportion expected with uniform assignment. Since the proportions oscillate around 1,

number experts . : )
means that there are no obvious patterns in token assignment.

However, the MoE does exhibit some structured behavior. For example, the words "self" in Python code and
"Question" in English, even though they are comprised of multiple tokens, often get routed through the same
expert. Similarly, indentation tokens in code are usually sent to the same expert, and consecutive sequences of
tokens that are close to each other, generally are sent to the same expert (Figure 5.50). These results indicate
that (i) experts are not specialized by topic but (ii) the MoE’s routing mechanism does obey some structured
behavior with respect to the syntax or contents of the model’s input.

After Mixtral, a larger version of the model was released, called Mixtral-8x22B. This model has 141 billion
weights and 39 billion active weights, making it approximately three times larger than the original Mixtral
model. Mixtral-8x22B is especially capable on coding and mathematics tasks, has an expanded context length
of 64k, and is natively capable of function calling. The key benefits of Mixtral-8x22B compared to other open
models are summarized in Figure 5.51.

5.12.3 Grok

Although there are no technical details about the model, one of the most notable recent examples of MoE-based
LLMs is xAI’s Grok. The initial Grok-1 model was released in early 2024. Researchers indicated that the model
is a 314 billion weight MoE with 25% of weights active for each token, meaning that on average there are around
70-80 billion active weights. The architecture and base model weights of Grok-1 were open-sourced. However,
this is a pretrained base model, and no details were provided on the model’s post training process.

Shortly after the initial release of Grok-1, a follow-up version of the model was published with better
reasoning and longer context understanding capabilities. For example, Grok-1.5 [216] performs much better
on mathematics and coding-related tasks (Table 5.7). Grok-1.5 can process sequences up to 128k tokens with
perfect retrieval on the Needle In A Haystack (NIAH) test (Figure 5.52). Authors also noted that the model
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Figure 5.49: Proportion of tokens assigned to each expert on different domains from The Pile dataset for layers 0, 15, and 31. The
gray dashed vertical line marks %, i.e. the proportion expected with uniform sampling. Here, we consider experts that are either
selected as a first or second choice by the router [99].
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Figure 5.50: Text samples where each token is colored with the first expert choice. The selection of experts appears to be more aligned
with the syntax rather than the domain, especially at the initial and final layers [99].
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Figure 5.51: Comparison of Mixtral and LLaMa-2 models through diverse metrics. (i) Measure of the massive multitask language
understanding (MMLU) performance versus inference budget trade-off, that is, the number of active weights. Mistral 7B, Mixtral
8x7B and Mixtral 8x22B all belong to a family of highly efficient models compared to the other open models. (ii) Performance on
widespread common sense, reasoning and knowledge benchmarks of the top-leading LLM open models: MMLU, HellaSwag (10-shot),

Wino Grande (5-shot), Arc Challenge (5-shot), Arc Challenge (25-shot), TriviaQA (5-shot) and NaturalQS (5-shot).

(iii)

Comparison of Mistral models and LLaMA 2 70B on HellaSwag, Arc Challenge and MMLU in French, German, Spanish and Italian.
(iv) Performance on popular coding and mathematics benchmarks of the leading open models: HumanEval pass@l, MBPP pass@l,
GSM8K maj@1 (5 shot), GSM8K maj@8 (8-shot) and Math maj@4 [198].

Benchmark | Grok-1 | Grok-1.5 | Mistral | Claude 2 Claude 3 Gemini | GPT-4 | Claude 3
Large Sonnet Pro 1.5 Opus
MMLU 73% 81.3% 81.2% 75% 79% 83.7% | 86.4% 86.8%
5-shot 5-shot 5-shot 5-shot 5-shot 5-shot | 5-shot 5-shot
MATH 23.9% 50.6% - - 40.5% 58.5% | 52.9% 61%
4-shot 4-shot 4-shot 4-shot | 4-shot 4-shot
GSMSK 62.9% 90% 81% 88% 92.3% 91.7% 92% 95%
8-shot 8-shot 5-shot | 0-shot CoT | O-shot CoT | 11-shot | 5-shot | O-shot CoT
HumanEval | 63.2% 74.1% 45.1% 70% 73% 71.9% 67% 84.9%
0-shot 0-shot 0-shot 0-shot 0-shot 0-shot | O-shot 0-shot

Table 5.7: Comparison of Grok model with related models on four benchmarks [216].
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maintains solid instruction-following capabilities when given a lot of context, which is a much better sign of
long context capabilities compared to pure retrieval augmented generation (RAG).
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Figure 5.52: Retrieval performance of Grok-1.5 on the Needle In A Haystack (NIAH) test [216].

Given that Grok-1.5 and Grok-1 were released in such close succession, we can infer that the advancements
made by Grok-1.5 are driven by post training, it is extremely unlikely that a different pretrained base model
was created during this time. More recently, Grok-2 was released, which has improved reasoning, coding, and
chat capabilities, as measured by Chatbot Arena. Grok-2 also has a variety of other small improvements, for
example, tool usage, retrieval, or factuality, and a distilled version of Grok-2, called Grok-2-mini, was released
with the main model. However, no public details were shared about the architecture of Grok-2, the model was
likely trained from scratch and we are not sure if it is a MoE.

5.12.4 DBRX

DBRX is the latest model in the series of Open LLMs released by Mosaic. Two versions of the model were
released, a base model (DBRX base) and a fine-tuned model (DBRX Instruct). DBRX is an MoE-based LLM
with the following specifications: 132 billion total weights with 36 billion active weights, 16 experts in each
MoE layer with 4 experts active for each token, pretrained on 12 trillion tokens of optimized text, and 4 times
improvement in pretraining efficiency. Figure 5.53 compares DBRX with related open source models, and it
outperforms other models on language understanding, programming, and mathematics.

Most notably, DBRX is a fine-grained MoE model. In other words, the model uses a larger number of experts
in each MoE layer, but each individual expert is smaller. For reference, both Mixtral and Grok-1 contain eight
experts, two of which are active for any given token, within each of their MoE layers. By using fine-grained
experts, each MoE layer has more expert combinations, 65 times more in particular, to choose from, which was
found to improve quality [45].

The pretraining dataset for DBRX is very large, but authors of [45] also invest significantly into improving the
quality of the data. As a result, the statistical training efficiency of DBRX is higher than normal, training is
faster because we achieve higher accuracy with fewer tokens. More specifically, the authors estimate that the
new data is twice more efficient token-for-token, meaning that we can train over half tokens and achieve the
same level of performance. This claim was verified by testing the impact of the new model’s pretraining data
in isolation, i.e, using a fixed model with different pretraining data.

The authors concluded that better pretraining data made a substantial impact on model quality. They trained a
7B model on 1T tokens using the DBRX pretraining data, and it reached 39.0% on the Databricks Gauntlet
benchmark, a better result than the 30.9% obtained by the MPT-7B model.

Additionally, curriculum learning was used to train DBRX, where a mixture of pretraining data is dynamically
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Figure 5.53: Comparison of DBRX with related open source models. DBRX outperforms other models on language understanding
(MMLU), programming (HumanEval), and mathematics (GSM8K) [45].

changed throughout the pretraining process. The details of this curriculum learning strategy were later outlined
in [12]. The curriculum learning strategy used by DBRX just upsamples smaller, domain-specific datasets
towards the end of training because this data is higher quality relative to data obtained via web-crawling.
This simple curriculum learning strategy is found to provide a significant boost in performance on difficult
benchmarks (Figure 5.54).
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Figure 5.54: Comparison of the DBRX and LLaMa-2 performance. On key benchmarks, the DBRX 1B models trained with data mixture
have errors at or below the error vs. FLOP scaling line of the LLaMa-2 family of models. The performance of the 7B, 13B, and 70B
variants of the LLaMa-2 models was first evaluated on MMLU, GSM8K, HumanEval, and the Gauntlet v0.3 Core Average. Then, it
is performed linear regression on the log of the error on these metrics vs. the log of the FLOPS used to train these models. This scaling
relationship is plotted as a dashed line in the log-log plots. We can observe that the models in the LLaMa-2 family lie close to this
scaling line. For MMLU, the DBRX models (square markers) lie on the LLaMa-2 scaling line. For the other metrics, the BDRX models
are significantly below the scaling line [12].

DBRX has a context length of 32k and uses the GPT-4 tokenizer, available as tiktoken L According to the
authors, the GPT-4 tokenizer was selected mostly due to performance. This tokenizer has a large vocabulary
and is very token efficient, which naturally improves decoding and training speed by representing the same
amount of text with fewer tokens.

The proposal of DBRX comes with large improvements in terms of pretraining efficiency. Beyond what we
have learned about so far, there are several additional sources of efficiency gains mentioned in [45]: (i) the MoE
architecture, which is found in smaller-scale experiments to require 1.7 times fewer FLOPS during training, (ii)
other modifications to the decoder-only architecture, such as RoPE, GeLU activation, and GQA, and (iii) better
optimization strategies.

'https://github.com/openai/tiktoken
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When considering all data, architecture, and optimization changes, the end-to-end training process for DBRX
requires four times less compute when compared to the pretraining pipeline used for prior models. To determine
this number, authors of [45] compare a smaller variants of DBRX to their prior MPT-7B model, finding that the
smaller DBRX models achieve similar performance on the Databricks Gauntlet benchmark, while using 3.7
times fewer FLOPS during training (Table 5.53).

Model Total weights | Active weights | Gauntlet score | Relative FLOPs
DBRX MoE-A 7.7B 2.2B 30.5% 1 X%

MPT-7B (1T tokens) - 6.7B 30.9% 3.7 x

DBRX Dense-A (1T tokens) - 6.7B 39.0% 3.7 x

DBRX Dense-A (500B tokens) - 6.7B 32.1% 1.85 x

DBRX MoE-B 23.5B 6.6B 45.5% 1 x
LLaMA2-13B - 13.0B 43.8% 1.7 x

Table 5.8: Metrics for several test scenarios used to validate the training efficiency of the DBRX MoE architecture and end-to-end
training pipeline [45].

DBRX also comes with improvements to inference efficiency, since it is up to two times faster than
LLaMA-2-70B at 150 tokens per second per user in load tests. These measurements are made using an
optimized serving infrastructure with TensorRT-LLM and 16 bit precision, which is very fast. The MoE
architecture of DBRX also aids inference efficiency due to the relatively low number of active weights. For
example, DBRX is 40% of the size of Grok-1 in both total and active weights (Figure 5.55).
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Figure 5.55: Inference throughput for various models on Databricks optimized serving infrastructure using NVIDIA TensorRT-LLM at
16-bit precision with the best optimization options. Models are run in tensor-parallel across the entire node. The input prompt contains
approximately 2k prompt tokens and 256 output tokens are generated. One new user spawns every second [45].

Training MoEs is generally difficult due to instabilities that arise during training and communication
bottlenecks. However, DBRX achieves impressive results in terms of stability, efficiency, and performance
due to the optimized pretraining strategy outlined in [45]. The impressive pretraining pipeline used by DBRX
is enabled by a large number of small, practical changes, not by a single change or advancement.

In comparison to other open LLMs, we see that DBRX-Instruct achieves better performance on composite
benchmarks when compared to Mixtral (Table 5.9). Despite being a general-purpose LLM, DBRX has
impressive programming skills, outperforming Grok-1 that has more than twice its size, and even specialized
coding models like CodeLLaMA-70B. DBRX also performs well on reasoning and mathematics tasks.

Compared to closed models, DBRX surpasses the performance of GPT-3.5 and is competitive with Gemini-1.0
Pro. Gemini-1.0 Pro only outperforms DBRX on GSM8K, while Mixtral-Medium performs better on a select few
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Model DBRX Instruct | Mixtral Instruct | Mixtral Base | LLaMA2-70B Chat | LLaMA2-70B Base | Grok-1
Open LLM Leaderboard 74.5% 72.7% 68.4% 62.4% 67.9% -
(Avg of next 6 rows)

ARC-challenge 25-shot 68.9% 70.1% 66.4% 64.6% 67.3% -
HellaSwag 10-shot 89.0% 87.6% 86.5% 85.9% 87.3% -
MMLU 5-shot 73.7% 71.4% 71.9% 63.9% 69.8% 73.0%
Truthful QA 0-shot 66.9% 65.0% 46.8% 52.8% 44.9% -
WinoGrande 5-shot 81.8% 81.1% 81.7% 80.5% 83.7% -
GSMS8k CoT 66.9% 61.1% 57.6% 26.7% 54.1% 62.9%
5-shot maj@1 (8-shot)
Gauntlet v0.3 66.8% 60.7% 56.8% 52.8% 56.4% -
(Avg of 30+ tasks)

HumanEval

0-Shot, pass@1 70.1% 54.8% 40.2% 32.2% 31.0% 63.2%
(Programming)

Table 5.9: Quality of DBRX Instruct and leading open models. Values in magenta are the highest scores [45].

tasks that are considered (Table 5.10). At a high level, DBRX seems to be good at programming, mathematics,
general knowledge, commonsense reasoning, and information retrieval.

Model DBRX GPT-3.5 | GPT-4 | Claude 3 | Claude 3 | Claude 3 | Gemini Gemini Mistral | Mistral
Instruct Haiku Sonnet Opus 1.0 Pro 1.5 Pro Medium | Large

MT Bench

(inflection 8.39 - - 8.41 8.54 9.03 8.23 - 8.05 8.90

corrected, n=5) +0.08 +0.04 +0.09 +0.06 +0.08 +0.12 +0.06

MMLU 5-shot 73.7% 70.0% 86.4% | 75.2% 79.0% 86.8% 71.8% 81.9% 75.3% 81.2%

HellaSwag 10-shot | 89.0% 85.5% 95.3% 85.9% 89.0% 95.4% 84.7% 92.5% 88.0% 89.2%

HumanEval 0-Shot | 70.1% 48.1% 67.0% | 75.9% 73.0% 84.9% 67.7% 71.9% 38.4% 45.1%

pass@ 1 temp=0,

(programming) N=1

GSM8k CoT 72.8% 57.1% 92.0% 88.9% 92.3% 95.0% 86.5% 91.7% 66.7% 81.0%

maj@1 (5-shot) | (5-shot) | (5-shot) (majl1@32) | (11-shot) | (5-shot) | (5-shot)

WinoGrande 5-shot | 81.8% 81.6% 87.5% - - - - - 88.0% 86.7%

Table 5.10: Quality of DBRX Instruct and leading closed models. Other than inflection corrected MTBench, which the authors measured
on model endpoints, the other results were borrowed from the respective model’s publications [45].

5.12.5 OpenMoE

Despite the success of MoEs in the language modeling domain, the number of truly open-source MoEs, meaning
that code, information, data, weights and more are all shared publicly, is relatively low. To solve this issue,
OpenMoE [217] made a large-scale effort to train a suite of decoder-only MoE LLMs ranging from 650 million
to 34 billion weights. These models adopt fine-grained experts with two granularities, 16 or 32 experts. The
results from this effort are documented in [217] and all models are shared openly.

OpenMoE models follows the architectural configuration of ST-MoE [246], including the same routing
mechanism and number of active experts, kK = 2. The authors observed that using an MoE on every layer of the
LLM introduces more computational overhead during routing and induces a worse cost-effectiveness trade-off
than interleaved MoE usage. Therefore, authors choose to covert only one in every four or six transformer
layers to an MoE layer, finding that larger strides yield a better trade-off in terms of cost and efficiency.

The pretraining dataset used for OpenMoE contains a large percentage of code. In fact, code comprised over
50% of the dataset during the early phases of pretraining, but this ratio was adjusted later in training due to being
sub-optimal (Table 5.11). For alignment, OpenMoE undergoes supervised fine-tuning (SFT) after pretraining,
using the data from WildChat, to induce better instruction-following capabilities.

One of the key contributions of OpenMoE is a detailed analysis of the routing decisions made within the
models. First, we see that, similarly to results shown in prior work [99], experts do not tend to specialize in
any particular domain (Figure 5.56). However, we do see some level of expert specialization across natural
languages and specific tasks, as shown in Figure 5.57.
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Version 1 Version 11 Version 111
Model OpenMoE-Base OpenMoE-8B/32E | OpenMoE-34B/32E
Period before 780B tokens | after 780B tokens | from start to end
Dataset Sampling Ratio
RedPajama 50.0% 83.5% 67.5%
C4 7.50% 15.0% 15.0%
Wikipedia 2.25% 6.50% 4.50%
Stackexchange 1.00% 2.50% 1.00%
ArXiv 1.25% 4.50% 4.50%
Books 2.25% 6.50% 4.50%
GitHub 2.25% 5.00% 5.00%
Commoncrawl 33.5% 43.5% 33.0%
Wikipedia-en 0.00% 6.50% 2.50%
The Stack Dedup | 50.0% 10.0% 30.0%
Table 5.11: Data mixture used during pre-training of three versions of OpenMoE.
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Figure 5.56: Visualization of the routing decision on the (i) RedPajama dataset and (ii) The Stack dataset. E_1i denotes the ratio of

tokens routed to the i-th expert [217].
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Figure 5.57: (i) Visualization of the routing decision on TED-Parallel-Corpus dataset including 12 languages: ar (Arabic), de
(German), es (Spanish), fr (French), he (Hebrew), it (Italian), ja (Japanese), ko (Korean), nl (Dutch), ru (Russian), zh-cn (Chinese
Simplified), zh-tw (Chinese, Traditional). (ii) Visualization of the routing decision on MT-Bench. The conversation history was adopted
when evaluating OpenMoE MT-Bench as the visualization data source. E_1i denotes the ratio of tokens routed to the i-th expert [217].
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When we dig into this trend, however, we see that the dynamics of token routing are primarily dictated by the
token ID. In other words, the same token will almost always be routed to the same expert, no matter the context
in which that token exists. This pattern is referred to as "context-independent specialization" in [217].

This is a very interesting finding because the tokens with the same Token ID have very diverse contexts in
different sentences. For instance, the token "an" can also be part of "an apple" or "another". However, all
these tokens have very strong specialization on only a few fixed experts. Interestingly, experts have observable
patterns in the tokens that they prefer (Table 5.12). For example, "have", "has" and "had" are all routed
to the same expert, while one expert receives the "=", "and" and "\n" tokens, very common tokens within
programming languages. We see in [217] that such routing patterns are solidified during the early stages of
pretraining and rarely change later in training.

Expert ID | Top tokens

0 \n, ‘“,"  ,s,=, 8.y, ,=,0,2

1 \n,1,+,2,\\,S,m=,=,C,/{

21 o, and ,.,m, \n ,/= ,/\t , the ,..., n

30 },ed,d, have , ing , , , has , s, " , had

31 to, can, s, of , ing , will , not , e , ed , would

Table 5.12: Top tokens selected by each expert [217].

Beyond the routing patterns observed in [217], we also see that OpenMoE models exhibit some routing
behaviors that could reduce their performance. For example, the models tend to drop tokens later in the
sequence, which can damage performance on long sequence tasks, such as multi-turn chat. Figure 5.58 shows
that OpenMoE models perform worse on multi-turn chat problems.

Humanities GPT-J-6B Humanities GPT4-6B

TinyLLaMA-1.1B TinylLLaMA-1.1B
Writing —®— OpenLLaMA-3B Writing —®— OpenlLLaMA-3B
—8— OpenMoE-8B/32E ——8— OpenMoE-8B/32E

Extractipn Rpleplay Extractipn p Rpleplay

Math Math

(i) Single-turn results (ii) Multi-turn results

Figure 5.58: Evaluate OpenMoE on MTBench [217].

Because routing dynamics are fixed during the early phases of the pretraining process, these behaviors are hard
to fix during post training. In fact, OpenMoE models are considered to struggle with the domain gap between
data used during pretraining and SFT, where the token routing dynamics become sporadic due to the difference
in data composition. To solve these issues, authors of [217] recommend mixing instruction-following data into
the pretraining dataset.

Overall, OpenMoE models do not set new state-of-the-art performance among MoE LLMs. The larger
contribution of OpenMoE models is their transparency. The details and artifacts publicly shared in [217] can
accelerate open research efforts on MoEs by providing necessary resources to conduct further research on this
topic.

5.12.6 DeepSeek-v2 and DeepSeek-v3

DeepSeek MoE models, including DeepSeek-v2 [49] and DeepSeek-v3 [51], have made waves within the
LLM research community for a variety of reasons: their weights are shared publicly, they come with technical
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reports that share many details, their performance is on par with closed models, and their training costs are
pretty reasonable.

DeepSeek-v2 [49], a 236 billion weight MoE with 21 billion active weights, proposed the MoE architecture
used by the later DeepSeek-V3 model. The DeepSeek MoE models are a bit different than prior models,
as they slightly modify the underlying transformer block to boost performance and efficiency. As shown in
Figure 5.59, the DeepSeek-v2 model, in addition to performing well, is quite impressive from a training and

inference efficiency perspective, making it a strong starting point for the much larger DeepSeek-v3 model.
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Figure 5.59: Comparison of DeepSeek-v2 with related models. (i) MMLU accuracy vs. activated weights, among different open-source
models. (ii) Training costs and inference efficiency of DeepSeek 67B (dense) and DeepSeek-v2 [49].

Instead of standard, multi-headed attention, DeepSeek-v2 adopts multi-head latent attention (MLA), which
is an efficient attention variant. Similarly to multi-query attention or grouped-query attention, MLA aims to
minimize memory consumed by the model’s KV cache. Unlike other efficient attention variants, however, MLA
does not have a significant performance trade-off (Figure 5.60). In particular, the gain in memory efficiency is
achieved via a low-rank, joint K-V projection that allows us to represent all key and value vectors with a much
smaller latent vector (Figure 5.60). We can upsample this vector, just linearly project it to form several, larger
vectors, to restore the full key and value vectors, but we only have to store the latent vector in our KV cache,
thus drastically reducing memory consumption. Adopting MLA decreases the size of DeepSeek-v2’s KV cache
by over 93% compared to a 67 billion weight dense model.
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Figure 5.60: Simplified illustration of multi-head attention (MHA), grouped-query attention (GQA), multi-query attention (MQA), and

multi-head latent attention (MLA). Through jointly compressing the keys and values into a latent vector, MLA significantly reduces the
KV cache during inference [49].

Beyond using MLA, DeepSeek models adopt a unique MoE layer structure. Similar to DBRX, these models
use fine-grained experts. However, a subset of these experts are shared. The motivation for adopting such
a structure is to encourage specialization among a larger number of experts while minimizing redundant
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information between experts. A schematic of the block structure used by DeepSeek models is provided in
Figure 5.61.
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Figure 5.61: Illustration of the architecture of DeepSeek-v2. MLA ensures efficient inference by significantly reducing the KV cache for
generation, and DeepSeekMoE enables training strong models at an economical cost through the sparse architecture [49].

DeepSeek-V2 is still a transformer architecture [199], where each transformer block consists of an attention
module and a feed-forward network (FFN). However, for both the attention module and the FFN, it
was designed and employed innovative architectures. For attention, the authors designed MLA, which
utilizes low-rank key-value joint compression to eliminate the bottleneck of inference-time key-value cache,
thus supporting efficient inference. In the feed-forward networks, DeeSeek-v2 follows the DeepSeekMoE
architecture [44], which adopts fine-grained expert segmentation and shared expert isolation for higher potential
in expert specialization. Since it was applied expert parallelism during training, the authors implemented
supplementary mechanisms to control communication overheads and ensure load balance.

Low-Rank Key-Value Joint Compression

The core of MLA is the low-rank joint compression, for keys and values to reduce the size of the KV cache,
defined in Equations 5.38 to 5.40.

KV = wPKV ., (5.38)
KE = wUK . KV (5.39)
vEe = WUV . KV (5.40)
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where ctK V e R% is the compressed latent vector for keys and values, d. is < djn; and denotes the KV
compression dimension, WPKV e R%*4 is the down-projection matrix, and WUK, WUV e Rdwmxde gre the
up-projection matrices for keys and values, respectively. During inference, MLA only needs to cache cK V. so
its KV cache has only d./ elements, where / denotes the number of layers. In addition, during 1nference, since
WUX can be absorbed into W2, and WYV can be absorbed into W9, we even do not need to compute keys and
values out for attention. Figure 5.60 illustrates how the KV joint compression in MLA reduces the KV cache.

In order to reduce the activation memory during training, these authors also performed low-rank compression
for the queries, even if it cannot reduce the KV cache:

— WPK ., (5.41)

qf =wve.¢? (5.42)

where ctQ € R% is the compressed latent vector for queries, d;. is < dyny and denotes the query compression

dimension, and WPK ¢ R%xd wUQ ¢ Rdwxd: are the down-projection and up-projection matrices for queries,
respectively.

Decoupled Rotary Position Embedding

Following DeepSeek 67B dense model, rotary position embedding (RoPE) [187] was also incorporated in
DeepSeek-V2. However, RoPE is incompatible with low-rank KV compression. To be specific, RoPE is
position-sensitive for both keys and queries. If we apply RoPE for the keys ktc, WYX used in Equation 5.39
will be coupled with a position-sensitive RoPE matrix. In this way, WYX cannot be absorbed into W< any more
during inference, since a RoPE matrix related to the currently generating token will lie between W< and WYX,
and matrix multiplication does not obey a commutative law. As a result, we must recompute the keys for all the
prefix tokens during inference, which will significantly hinder the inference efficiency.

As a solution, they proposed the decoupled RoPE strategy that uses additional multi-head queries qfl. e R%

and a shared key kX € R to carry RoPE, where d,’f denotes the per-head dimension of the decoupled queries
and key. Equipped with the decoupled RoPE strategy, MLA performs the following computation:

[qfl;qu; e ;qfnh] = qf = RoPE(WQRctQ) (5.43)
kf = RoPE (W*"nh,) (5.44)
i = a5 af] (5.45)
k[,i [ 1,i° kR] (5.46)
q
k ..

= Z softmax —M Vﬁi (5.47)

R /dh + dR
u; = wo [Ot,1§ 0;25° " ;Oz,nh] (5.48)

where WER ¢ Rdf"h xd: and WKR ¢ R%*4 re matrices to produce the decouples queries and key, respectively;
RoPE(-) denotes the operation that applies RoPE matrices; and [-;-] denotes the concatenation operation.
During inference, the decoupled key should also be cached. Therefore, DeepSeek-V2 requires a total KV
cache containing (d. + dff) - [ elements.

Authors of [49] also adopt an interesting load balancing strategy for handling the fine-grained experts used
by DeepSeek-v2. In addition to using the auxiliary load balancing loss proposed in [61], DeepSeek-v2 has
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two auxiliary loss terms that aim to balance communication between devices during distributed training. First,
the loss defined in Equation 5.49 enforces load balancing over device-level groups of experts, where (a) fi’ is
defined in Equation 5.50 and corresponds to the average fraction of tokens sent to experts on device i, and (b) P;.
is defined in Equation 5.51 and corresponds to the average fraction of probability allocated to experts residing
on device i.

D
Lievice = Waevice * Z f;'/ : P; (5.49)

i=1

4 1
= 5.50
f= i %_f} (5.50)
JEOI
P =P (5.51)
JEEi

Second, the terms f; and P; constitute the standard load balancing components of the loss, where (a) f; is
defined in Equation 5.52, corresponds to the fraction of tokens sent to expert j, and it is not differentiable, and
(b) P; is defined in Equation 5.53, corresponds to the fraction of probability allocated to expert j, and it is
differentiable.

1
fi=7 ZB L{arg max p(x) = j} (5.52)
1
Pj=7 Z pj(x) (5.53)
xeB

Using fine-grained experts means that we must dispatch each token to a larger number of experts. In a
distributed training setting, experts may be on different devices and multiple experts reside on each device.
To ensure the communication and computation are balanced between devices, we need additional auxiliary
losses that (1) group experts by the device on which they reside and (ii) encourage the MoE to perform balanced
routing on a per-device basis. For example, the auxiliary loss shown above encourages balanced computation
among devices. There is an extra loss proposed in [49] to encourage balanced communication among devices
as well.

DeepSeek-v3 [51] is a much larger version of DeepSeek-v2, having 671 billion weights and 37B active weights.
This larger model is pretrained on a massive corpus comprised of 14.8 trillion tokens. After pretraining,
a multi-phase post training pipeline is applied: (i) the model first undergoes a two-stage context extension
procedure in which it is fine-tuned, via supervised fine-tuning (SFT), to have a maximum context length of
32k, then further fine-tuned to have a context length of 128K, (ii) after context extension, the model undergoes
further SFT and Reinforcement Learning from Human Feedback (RLHF) to align it to human preferences, (iii)
capabilities from the recently-proposed R1 reasoning model are also distilled into DeepSeek-v3 during post
training.

The final DeepSeek-v3 model outperforms closed-source models and achieves similar performance to even
the best closed LLMs (Figure 5.62). DeepSeek-v3 also made several modifications to the training and load
balancing strategies of the MoE, leading the model’s training process to be both efficient and stable.

The architecture of DeepSeek-v3 is inspired by its predecessor, for example, MLA, fine-grained experts, and
shared experts are all used by DeepSeek-v3. However, unlike DeepSeek-v2, DeepSeek-v3 uses a multi-token
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Figure 5.62: Benchmark performance of DeepSeek-V3 and its counterparts [51].

prediction (MTP) training objective. This objective is an extension of the supervised, cross entropy-based next
token prediction objective that is used almost universally for training LLMs. Instead of predicting the next token
for each token within a sequence, MTP predicts D future tokens. These predictions are made sequentially by a
set of additional modules that are added to the model’s architecture (Figure 5.62).
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Figure 5.63: lllustration of DeeepSeek-v3 multi-token prediction (MTP) implementation. The complete causal chain is kept for the
prediction of each token at each depth [51].

Once several future tokens have been predicted, we can apply the cross-entropy loss normally. Applying this
loss over several future tokens predicted via MTP provides a richer training signal to the model, which improves
training efficiency and overall performance. Going further, these additional modules used for MTP can also
be used to improve inference efficiency via speculative decoding. However, authors of [51] state that the MTP
strategy is used purely to benefit model performance, the additional modules are discarded after training.

An auxiliary-loss-free load balancing strategy is also used by DeepSeek-v3 that simply adds a per-expert bias
term to the selection of Top-K experts (Equation 5.54). At each iteration, the bias term b; for each expert is
either increased or decreased by a fixed factor y based upon whether that expert was underloaded or overloaded,
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respectively. Importantly, these biases are only used when selecting the top-K experts, they do not impact
the computation of expert probability within the router. This approach is found to effectively balance expert
utilization within the MoE and eliminate performance deterioration due to the use of load balancing losses.
However, authors in [51] note that they still use an auxiliary load balancing loss, with a very low scaling factor,
when training DeepSeek-v3.

£ = {si,,éx) if 5i4(x) + b; € top-k ({s,(x) + b; | 1 < j < N,} k) 5.54)

, otherwise

Where g;,(x) is the gating value for the i-th expert, b; is a bias term for the i-th expert, and s;;(x) is the affinity
between token ¢ and expert i.

Due to the efficiency and performance benefits of the strategies outlined above, DeepSeek-v3 is incredibly
economical. Plus, the model is trained using a novel FP8 mixed precision training framework, marking the
first validation of 8-bit training for large-scale LLMs. In total, training the final model was estimated to cost
5.6M USD (Table 5.13). In conclusion, the DeepSeek-v3 is (i) trained in a very economical fashion and with
several novel advancements like FP8 training and MTP, (ii) incredibly impressive for an open model and highly
competitive with even the best closed LLMs, (iii) based on an interesting MoE architecture with several novel
modifications.

Training Costs Pre-Training | Context Extension | Post-Training | Total
in H800 GPU hours | 2664k 119k Sk 2788k
in USD 5.328M 0.238M 0.01M 5.576M

Table 5.13: Training costs of DeepSeek-v3, assuming the rental price of an H800 GPU is 2 USD per GPU hour [51].

DeepSeek-v3 also serves as a base model for DeepSeek-R1 [73], a recently-released open reasoning model. R1
is an open replication of the o1-style of models that have been recently explored by OpenAl. As explained in its
detailed technical report, this model uses pure reinforcement learning to learn how to solve complex verifiable
reasoning tasks by crafting extremely long chains of thought. As shown in Figure 5.64, the performance of R1
is superior to OpenAl-ol and DeepSeek-v3.

5.13 Other Relevant MoEs

In addition to the original sparsely-gated MOoE citeshazeer2017moe, Switch Transformer [61], and
ST-MoE [246], that we have been discussing along this chapter, there are other relevant MoE proposals.

GShard [114] proposes a framework and a set of tools for easily implementing parallel computation patterns in
sparsely-gated MoE layers. The framework is used to scale a transformer-based neural machine translation
model to a size of over 600B weights. Using GShard, this model was trained on over 2048 TPUs for 4
days and surpasses the quality of prior models on translating over 100 different languages to English. Some
useful takeaways for effectively training MoE models in GShard include: (i) every feed-forward module in the
encoder-decoder transformer was replaced with an MoE layer, (ii) top-2 gating was applied in both encoder and
decoder, (iii) the gating mechanism always selects the top expert, but a second expert is randomly chosen with
a probability proportional to its weight.

A transformer encoder layer consists of two consecutive layers, namely a self-attention layer followed by a
position-wise feed-forward layer. A decoder adds third cross-attention layer, which attends over encoder output.
In [114], they sparsely scaled the transformer with conditional computation by replacing every feed-forward
layer with a position-wise MoElayer with a variant of top-2 gating in both the encoder and the decoder
(Figure 5.65). The number of transformer layers and the number of experts per MoE layer was varied in
order to scale the model capacity.

Mesh-Tensorflow [176] greatly simplified the exploration of efficient, model-parallel distributed training
strategies, by splitting the model across multiple devices. Previously, data parallel strategies that split the input
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Figure 5.64: Benchmark performance of DeepSeek-R1 [73].
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Figure 5.65: Illustration of scaling the transformer encoder with MoE layers. The MoE layer replaces the every other Transformer
feed-forward layer. Decoder modification is similar. (a) The encoder of a standard transformer model is a stack of self-attention and
feed forward layers interleaved with residual connections and layer normalization. (b) By replacing every other feed forward layer
with a MoE layer, we get the model structure of the MoE transformer encoder. (c) When scaling to multiple devices, the MoE layer is
sharded across devices, while all other layers are replicated [176].
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minibatch of data across multiple devices, were the predominant approach for distributed training of neural
networks but, as have seen in Chapter 3, data parallel training has several limitations. The most important is,
training large models is harder because each device must keep a full copy of the model in memory and efficiency
decreases when using a small minibatch size. Mesh-Tensorflow is a general language that can be used to specify
distributed computations. After its release, MoE layers were re-introduced into the transformer architecture,
since programming data-parallel and model-parallel training strategies became very simple. In [176], the
authors used Mesh-Tensorflow to train a 5B weights transformer model that surpasses state-of-the-art results
on machine translation tasks.

M6 [124] proposed a Chinese-only dataset, which contains 1.9TB of images and 292GB of text, for pretraining
multi-modal language models. From this dataset, several language models were pretrained using a novel,
cross-modal pretraining strategy. Figure 5.66 summarizes the pretraining tasks in M6. The masking strategies
allow the learning of different tasks under the same framework. M6 is pretrained with image-based text
denoising, image captioning, text denoising, and language modeling. One of the models that was trained
in [124] is a 100B weights MoE model that replaces all feed-forward sub-layers in the transformer depicted
above with MoE layers comprised of 1024 experts.
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Image Patches (IP) Encoder Tokens (ET) Decoder Tokens (DT) Image Captioning Image-based

Text Denoising

Figure 5.66: An overview of the pretraining tasks in M6. The design of masking strategies allows the learning of different tasks under the
same framework. M6 is pretrained with image-based text denoising, image captioning, text denoising, and language modeling [124].

Although MoE models are clearly beneficial for language modeling, it is unclear whether similar benefits
hold for computer vision. In [170], the authors explored a Vision MoE (V-MoE) model that combines the
vision transformer architecture with sparse MoE layers (Figure 5.67). They replaced some of the feed-forward
networks of the vision transformer with MoE layers. Such an approach yields a desirable tradeoff between
performance and compute. Going further, they also proposed a new gating algorithm that can adaptively
leverage more compute for certain inputs at inference time.

Scaling up dense LL.Ms often run into hardware limitations, but MoE models can be scaled almost arbitrarily.
For this reason, MoE models are a promising architectural advancement, but their adoption is often limited by
their larger size and unique architecture. Aiming to make conditional computation easier to use in practice,
authors of [163] create the DeepSpeed-MoE framework for end-to-end training and inference of MoE models.
This framework defines several MoE architectures, proposes model compression techniques that reduce MoE
size up to 3.7 times, and implements an optimized inference engine that can improve latency by 7.3 times.

In [59], the authors created a Many-to-Many machine translation model that can translate directly between any
pair of one hundred languages. While prior models are highly English-centric, these authors aimed to create
a model that better reflects translation needs worldwide. First, they created an pen source a training dataset
that covers thousands of language translation directions with supervised data, through large-scale mining.
Second, they explored how to effectively increase the model capacity through a combination of dense scaling
and language-specific sparse weights. Figure 5.68 illustrates their data mining strategy as well as the model
architecture.
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Generalist Language Model (GLaM) [56] extends the work of Switch Transformers, where encoder-decoder
transformer architectures were used, to decoder-only language models. The goal of this work was to train a
GPT-3 quality model but more efficiently, using an order of magnitude less compute resources. GLaM provides
a suite of LLMs that use MoE layers to scale up model capacity while maintaining reasonable training costs.
The largest model in this suite has 1.2 trillion weights, meaning it is seven time larger than GPT-3, performs
better than GPT-3 across nearly 30 NLP tasks, is trained using only one third of the energy used for GPT-3, and
requires half of the computation of GPT-3 at inference time.

GLaM leverages sparsely activated MoE models. Similar to the GShard MoE transformer, they replaced the
feed-forward network of every transformer layer with an MoE layer, as shown in Figure 5.69. Each MoE layer
employs a series of independent feed-forward networks as experts. A gating function then uses a softmax
activation function to model a probability distribution over these experts. This distribution indicates how well
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each expert is able to process the incoming input.

GLaM models use top-two gating, meaning that there are two active experts in each layer. The authors also
explored larger capacity factors, finding that this metric is useful for controlling the amount of compute used
during training or inference.
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Figure 5.69: GLaM model architecture. Each MoE layer, the bottom block, is interleaved with a transformer layer, the upper block. For
each input token, for example, 'roses’, the gating module dynamically selects two most relevant experts out of 64, which is represented
by the blue grid in the MoE layer. The weighted average of the outputs from these two experts will then be passed to the upper
transformer layer. For the next token in the input sequence, two different experts will be selected [56].

5.14 Conclusions

In this chapter, we examined the Mixture of Experts paradigm as a powerful approach for scaling
neural networks while maintaining computational efficiency. By leveraging conditional computation, MoE
architectures activate only a subset of specialized experts for each input, enabling a substantial increase in
model capacity without a proportional rise in computational cost. This key idea has positioned MoE as a central
technique in the development of modern large-scale models, particularly in the context of transformer-based
architectures.

We first established a structured understanding of the field through a taxonomy of MoE methods, highlighting
the interplay between algorithmic design, system considerations, and application domains. From an algorithmic
perspective, the integration of MoE layers into transformers revealed a rich design space involving dense
and sparse formulations, gating mechanisms, and expert architectures. Sparse MoE has emerged as the
dominant approach, striking a balance between efficiency and scalability, while variants such as soft routing
and weight-efficient experts demonstrate the flexibility of the paradigm in addressing stability and fine-tuning
challenges.

The chapter further explored training and inference strategies, revealing that MoE systems are not limited to
a single static configuration. Approaches such as dense-to-sparse transitions, sparse-to-dense distillation, and
expert merging frameworks enable flexible model development and deployment. These strategies emphasize
that MoE models can be adapted to different stages of the lifecycle, from efficient pretraining to practical
inference.
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A critical component of MoE performance lies in the design of routing mechanisms, which determine how
tokens are assigned to experts. Techniques such as Top-k gating, Switch Transformers, noisy routing,
hash-based assignment, and Soft MoE illustrate the trade-offs between computational efficiency, training
stability, and expert specialization. While sparse routing enables scalability, it introduces challenges such as
load imbalance and routing instability, requiring additional mechanisms to ensure effective expert utilization.

From a systems perspective, the chapter highlighted the complexity introduced by sparse and dynamic execution
patterns. Efficient large-scale deployments require careful handling of computation, communication, and
memory. Techniques such as expert parallelism and hybrid parallel strategies enable scalable training, but
also introduce significant challenges, particularly due to communication-intensive operations such as All-to-All
exchanges.

To address these issues, we examined load balancing and resource management techniques, including
auxiliary losses, expert capacity constraints, and adaptive expert placement. These mechanisms are essential
for preventing expert collapse, improving hardware utilization, and maintaining stable training dynamics.
However, they also reveal a fundamental tension between expert specialization and uniform resource usage,
which remains a core challenge in MoE design.

Finally, the chapter discussed training dynamics and performance considerations, emphasizing that MoE
models, while highly efficient at scale, introduce unique difficulties. These include numerical instabilities,
sensitivity to routing decisions, and challenges in fine-tuning with limited data. Additionally, the evaluation
of MoE systems requires not only traditional metrics such as throughput and accuracy but also system-level
measures of hardware utilization and communication efficiency.

In summary, Mixture of Experts represents a versatile and scalable framework for deep learning, enabling
unprecedented model sizes and capabilities. However, its effectiveness depends on a careful balance between
algorithmic design and system-level optimization. As models continue to grow and computational resources
evolve, future advances will likely focus on more robust routing mechanisms, improved load balancing
strategies, and tighter integration between model architecture and hardware-aware system design.
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Chapter 6

Implement Mixture-of-Experts in PyTorch

Contents
6.1 Decoder-only transformer . . . . . .. ... ... ... .. ..., 207
6.2 Build a mixture-of-experts model . . . . .. ... ... ... ... 223
6.3 Pretraining the MOEmodel . . . . . . ... ... ... ...... 236
6.4 Conclusions . . . . . . . . ... 241

This chapter presents a practical and implementation-focused exploration of Mixture of Experts
(MoE) models within the context of large language models. It begins by establishing the necessary
foundations, revisiting the decoder-only transformer architecture, which serves as the backbone
of most contemporary language models. Key components such as tokenization, embeddings,
masked multi-head self-attention, and feed-forward networks are explained and implemented in
PyTorch to build a complete baseline transformer model. Building on this foundation, the chapter
then introduces the MoE extension of the transformer, highlighting how standard feed-forward
networks are replaced by expert layers composed of multiple independent sub-networks. It details
how these experts are implemented efficiently and interleaved within the transformer architecture,
enabling increased model capacity without proportional computational cost. A central focus of
the chapter is the design of routing mechanisms, which dynamically assign tokens to a subset of
experts. The chapter explains top-k softmax routing, optional noisy routing for regularization,
and the concept of active weights, which underpins the efficiency of sparse MoE models.
Additionally, it addresses expert capacity constraints and the practical challenges of batching
and dispatching tokens to experts. To ensure stable and effective training, the chapter further
explores load balancing strategies, including auxiliary loss functions and the router z-loss, which
mitigate issues such as routing collapse and numerical instability. It also presents alternative
approaches and discusses their impact on training dynamics. The implementation is then brought
together into a complete MoE-based decoder-only transformer, showing how all components,
attention layers, expert layers, and routing, are integrated into a unified architecture. Finally,
the chapter covers pretraining procedures, including dataset preparation, configuration choices,
and best practices such as mixed precision training, routing precision considerations, and weight
initialization techniques. It concludes with experimental results that illustrate the importance of
stability techniques when training MoE models in practice.

Research on large language models (LLMs) has dominated the artificial intelligence domain over the last eight
years. However, the architecture upon which most LLMs are based, the decoder-only transformer, has remained
fixed despite the chaotic and rapid advancements in this field. More recently, we are starting to see a new
architecture, called a Mixture-of-Experts (MoE), being adopted in many top language models. For example,
it is thought that GPT-4 is MoE-based, as well as the recently-proposed, and very popular, DeepSeek-v3 and
DeepSeek-R1 models. To push the boundaries of open-source model capabilities, DeepSeek-V3 was desigtned
as a large Mixture-of-Experts (MoE) model with 671B weights, of which 37B are active for each token [51].
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MoE-based LL.Ms use a modified version of the decoder-only transformer that has become popular due to their
ability to make the training and usage of large models more efficient. MoE-based LLMs are very large in
terms of their number of total weights. However, only a subset of these weights, selected dynamically during
inference, are used when computing the model’s output. The sparsity of MoEs drastically reduces the cost of
very large and powerful LLMs.

Given that many frontier LLMs are starting to use MoE-based architectures, developing an in-depth
understanding of MoEs is important. In this chapter, we build and pretrain a mid-sized MoE model,
called nanoMoE, from scratch in PyTorch. All of the code for nanoMoE is borrowed from the repository
https://github.com/wolfecameron/nanoMoE, which is a fork of Andrej Karpathy’s nanoGPT library,
expanded to support the MoE architecture. To understand how nanoMoE works, we will start by outlining
necessary background information. Then, we will build each component of nanoMoE, that we will try to
pretrain in the end of this process.

6.1 Decoder-Only Transformer

In order to understand MoE-based LLMs, we first need to understand the standard architecture upon which
most LLMs are based, the decoder-only transformer architecture. This architecture is a modified version of
the encoder-decoder transformer architecture proposed in [199] and was popularized by GPT (Figure 6.1).
While explaining the architecture, we will rely on nanoGPT, a minimal and functional implementation of a
decoder-only transformer, as a reference [209].

Original architecture

The transformer, originally proposed for solving machine translation tasks in [199], has both an encoder and a
decoder module. We will not focus on the full encoder-decoder transformer here. The decoder-only transformer,
which is more commonly-used in modern LLMs, simply removes the encoder from this architecture and uses
only the decoder, as indicated by the name. In practice, this means that every layer of the decoder-only
transformer architecture contains a masked self-attention layer and a feed-forward layer. To form the full
decoder-only transformer architecture, we just stack L of these layers, which are identical in structure but have
independent weights, on top of each other. A depiction of this structure is provided in Figure 6.2.

Next, we will discuss each component of the architecture to gain a better understanding. We will start with the
input structure for the model, followed by the components of each layer, self-attention and feed-forward layers,
and how they are combined to form the complete architecture.

6.1.1 From Text to Tokens

The input to an LLM is just a sequence of text, the prompt. However, the input that we see in Figure 6.2 is not
a sequence of text. Rather, the model’s input is a list of token vectors. Thus, our first task is to understand how
the input text is converted to the token vectors.

Tokenization

The first step of constructing the input for an LLM is breaking the raw textual input, a sequence of characters,
into discrete tokens. This process is called tokenization and is handled by a tokenizer. There are many kinds
of tokenizers, but Byte-Pair Encoding (BPE) tokenizers [173] are the most common. These tokenizers take a
sequence of raw text as input and break this text into a sequence of discrete tokens as illustrated in Figure 6.3.

Packages for training and interacting with LLMs, such as HuggingFace or torchtune, provide interfaces for
interacting with tokenizers. Additionally, OpenAl has released the tiktoken package for interacting with GPT
tokenizers. The code snippet included in Listing 6.1 tokenizes a textual sequence according to the following
steps: (i) load the LL.aMa-3.1 tokenizer, (ii) define a text prompt, (iii) get tokens and token identifiers for
the prompt using the loaded tokenizer, (iv) get token embeddings using a torch.nn.Embedding layer. The
execution of this code produces the next output. We can observe the ID associated to each token and that each
token embedding is a 768-dimensional vector.
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Figure 6.1: The original encoder-decoder transformer architecture [199].

Original text: This raw text will be tokenized

Tokens: [’This’, ’Graw’, ’Gtext’, 'Gwill’, ’Gbe’, ’Gtoken’, ’ized’]
Token IDs: [2028, 7257, 1495, 690, 387, 4037, 1534]

Token embeddings shape: torch.Size([7, 768])

Here, the G character indicates that a token immediately follows a white space. Such special characters are
tokenizer-dependent. For example, many tokenizers instead use a # character to indicate the continuation of a
word, which would yield [’ token’, ’#ized’] for the final two tokens in the above sequence.
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LLMs are cool.

Tokenized Text l‘

import torch

from transformers

# Load the LLaMa-3.1
AutoTokenizer. from_pretrained (’meta—llama/Llama-3.1-8B")

tokenizer =

LLM J[ #s ][ are ][ cool ][ : ]

Figure 6.3: Converting raw text into a sequence of tokens [209].

import AutoTokenizer

tokenizer

# Raw text prompt

text = "This raw text will be tokenized"

# Create tokens for the prompt using a tokenizer

tokens = tokenizer.tokenize (text)

token_ids = tokenizer.convert_tokens_to_ids (tokens)

# token_ids = tokenizer.encode(text) # Create token IDs in one step
# View the results

print ("Original text:", text)

print("Tokens:", tokens)

print ("Token IDs:", token_ids)

# Instantiate a token embedding
VOCABULARY_SIZE:
EMBEDDING_DIM :

token_embedding_layer =

layer

int = 128000

int = 768

torch .nn.Embedding(

num_embeddings = VOCABULARY_SIZE,

embedding_dim

)

# Get token embeddings
token_embedding_layer(torch.tensor (token_ids))

token_emb =
print (f’Token

= EMBEDDING_DIM,

(IDs must be passed as a tensor, not a list)

embeddings shape: {token_emb.shape}’)

Listing 6.1: Tokenize a textual sequence [209].
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Vocabulary

Each LLM is trained with a specific tokenizer, though a single tokenizer may be used for several different
LLMs. The set of tokens that can be produced by a given tokenizer is also fixed. Therefore, an LLLM has a fixed
set of tokens that it understands, which correspond to the tokens produced by the tokenizer, and is trained on.
The fixed set of tokens is often referred to as the LLM’s vocabulary (Figure 6.4). The vocabulary size changes
between models and depends on several factors, where multilingual models tend to have larger vocabularies,
but vocabulary sizes from 64k to 256k tokens are common in recent LLMs.

text prompt

LLMs are cool.
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Figure 6.4: Token vocabulary for a large language model [209].

Token Identifiers and Token Embeddings

Each token in the LLM’s vocabulary is associated with a unique integer identifier. For example, the prior
code yields this sequence of identifiers when tokenizing the text prompt: [2028, 7257, 1495, 690, 387,
4037, 1534]. Each of these identifiers is associated with a vector, known as a token embedding, produced by
the Embedding layer. An Embedding layer is just a large learnable lookup table that maps token identifiers to
token embedding vectors. To retrieve the embedding for a token, we just lookup for the corresponding entry in
the embedding layer, given the token identifier (Figure 6.5).

We now have a list of token embeddings and we can stack these embeddings into a tensor to form the actual input
that is ingested by the transformer (Figure 6.2). In PyTorch, the creation of this tensor is handled automatically
by the tokenizer and embedding layer, as shown in Listing 6.1.

The token embedding tensor is of size [T, d], where T is the number of tokens in our input and d is the dimension
of token embeddings that is adopted by the LLM. We usually have a ninibatch of B input sequences instead of a
single input sequence, forming an input tensor of size [B, T, d]. The dimension d impacts the sizes of all layers
or activations within the transformer, which makes d an important hyperparameter. Prior to passing this tensor
to the transformer as input, we also add a positional embedding to each token in the input, which communicates
the position of each token within the sequence to the transformer.

6.1.2 Masked Multi-Headed Self-Attention

Now, we are can apply the token embedding tensor to the decoder-only transformer for processing. As
previously outlined, the transformer contains repeated blocks with self-attention and a feed-forward network,
each one followed by a normalization operation. Thus, we will analyze the self-attention first.

210



Com ) & ) ae ) e ) . )
l

token ID token ID token ID token ID

L1 ] T 1T

Token Embedding Layer

LI T 1T CT T 1 CIT T 171 CIT T

Embedding("#s") l Embedding("cool")

N N N I I

Embedding("LLM") Embedding("are") Embedding(".")

I

A

LA o
T
v

A

_

d

Figure 6.5: Input tensor of token embeddings [209].

Self-attention transforms the representation of each token in a sequence based upon its relationship to other
tokens in the sequence (Figure 6.6). Intuitively, self-attention bases the representation of each token on the
other tokens in the sequence, including itself, that are most relevant to that token. In other words, we learn
which tokens to pay attention to when trying to understand the meaning of a token in our sequence. For
example, we see in Figure 6.7 that the representation for the word "making" is heavily influenced by the words
"more" and "difficult", which help to convey the overall meaning of the sentence.

An attention function maps a query and a set of key-value pairs to an output, where the query, keys, values, and
output are all vectors. The output is computed as a weighted sum of the values, where the weight assigned to
each value is computed by a compatibility function of the query with the corresponding key [199].

Scaled dot product attention

Given our input token tensor of size [T, d] where, for simplicity, we assume that we are processing a single
input sequence instead of a minibatch, we begin by projecting the input using three separate linear projections,
forming three separate sets of transformed token tensors. These projections are referred to as the key, query
and value projections (Figure 6.8).

The intuition behind the name of each projection is as follows: (i) a query is what you use to search for
information and it represents the current token for which we want to find other relevant tokens in the sequence;
(i1) the key represents each other token in the sequence and acts as an index to match the query with other
relevant tokens in the sequence; (iii) the value is the actual information that is retrieved once a query matches a
key. The value is used to compute each token’s output in self-attention.

Computing the attention scores

After projecting the input, we compute an attention score a[i, j] for each pair of tokens [i, j] in our input
sequence. Intuitively, this attention score, which lies in the [0, 1] range, captures how much a given token
should pay attention to another token in the sequence, higher attention scores indicate that a pair of tokens are
very relevant to each other. As mentioned above, attention scores are generated using the key and query vectors.
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Figure 6.6: Illustration of the dependency between input tokens and attention’s output [209].

We compute a[i, j] by taking the dot product of the query vector for token i with the key vector for token j.
Figure 6.9 depicts the computation of the attention score for a token pair.

We can efficiently compute all pairwise attention scores in a sequence by (i) stacking the query and key vectors
into two matrices and (ii) multiplying the query matrix with the transposed key matrix. This operation outputs
a matrix of size [T, T], called the attention matrix, that contains all pairwise attention scores over the entire
sequence. Then, we divide each value in the attention matrix by the square root of d, an approach that has been
found to improve training stability [199], and apply a softmax operation to each row of the attention matrix
(Figure 6.10). After the softmax has been applied, each row of the attention matrix is a valid probability
distribution, where the row contains positive values that sum to one. The i-th row of the attention matrix stores
the attention scores between the i-th token and all tokens in the input sequence.

Computing output

Once we have the attention scores, the output of self-attention for a token is a weighted combination of the
value vectors, where the weights are the attention scores. To compute this output, we simply multiply the
attention matrix by the value matrix as shown in Figure 6.10. Self-attention preserves the size of its input, since
a transformed d-dimensional vector is produced for each input token.

Masked self-attention

Until now, we discussed unmasked self-attention. However, as mentioned previously, the decoder-only
transformers use masked self-attention, which modifies the underlying attention pattern by masking out the
tokens that come after the token under analysis in the sequence. Each token can only consider tokens that come
before it, the posterior tokens are masked.

Let us consider a token sequence ["LLM", "#s", "are", "cool", "."] and compute masked attention
scores for the token "are". In unmasked self-attention, we would compute an attention score between "are"
and every token in the sequence. However, in masked self-attention, we only compute attention scores for
"LLM", "#s", and "are". Masked self-attention prohibits us from looking forward in the sequence. In practice,
this is achieved by simply setting all attention scores for these tokens to negative infinity, yielding a pairwise
probability of zero for masked tokens after the application of softmax (Figure 6.11).
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Attention heads

The attention operation we have described so far uses softmax to normalize attention scores that are computed
across the sequence. Although this approach forms a valid probability distribution, it also limits the ability
of self-attention to focus on multiple positions within the sequence, the probability distribution can easily be
dominated by one or a few words. To solve this issue, we typically compute attention across multiple heads in
parallel (Figure 6.12).

Within each head, the masked attention operation is identical. However, (i) we use separate key, query, and
value projections for each attention head, and (ii) reduce the dimensionality of the key, query, and value vectors,
which can be done by modifying the linear projection, to reduce computational costs.

More specifically, we will change the dimensionality of vectors in each attention head from d to d//H, where
H is the number of attention heads, to keep the computational cost of multi-headed self-attention essentially
constant.

Now, we have several attention heads that compute self-attention in parallel, but we still need to produce a
single output representation from the multiple heads of our self-attention module. We have several options
for combining the output of each attention head, such as concatenation, averaging, or projecting. The original
implementation of multi-headed self-attention concatenates the output of each head and then linearly projects
the concatenated output (Figure 6.13). Since each attention head outputs token vectors of dimension d//H, the
concatenated output of all attention heads has dimension d. Thus, the multi-headed self-attention operation still
preserves the original size of the input.

Concatenation

| | || | | | || | | | | | { || || | |

ﬁxaﬂalx m[@@lx SOftmax[@xHaa "
ot B E oo

Head #H A

Head #1 1 Head #2

51 5 1 1 5 1 1 5 5 T 1 5 5 6
Input Token Embeddings

Figure 6.13: Combining the output of multiple attention heads [209].

Implementation

An implementation of masked multi-headed self-attention is included in Listing 6.2. Here, we go beyond a
single input sequence of size [T, d] and process a batch of inputs of size [B, T, d]. This code implements each
of the components that we described.

e Lines 43-49: computes the key, query and value projections using a single linear projection for each
attention head and splits/reshapes them as necessary.

e Lines 51-55: computes the attention scores, masks the attention scores and then applies a softmax
transformation to the result.

e Lines 57-58: computes the output vectors by taking the product of the attention matrix and the value
matrix.
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e Lines 60-62: concatenates the outputs from each attention head and applies a linear projection to obtain
the final output.

I # Source: https :// github.com/karpathy/nanoGPT/blob/master/model.py
> import math

3 import torch

4 from torch import nn

s import torch.nn.functional as F

7 class CausalSelfAttention (nn.Module) :

8 def __init__(self, d, H, T, bias=False, dropout=0.2):

0 "

10 Arguments :

1 d: embedding vector dimension

12 H: number of attention heads

13 T: maximum length of input sequences (in tokens)

14 bias : whether or not to use bias in linear layers

15 dropout: probability of dropout

16 e

17 super (). __init__ ()

18 assert d % H ==

19

20 # Key, query, value projections for all heads, but in a batch
21 # output it has a 3x dimension because it includes key, query and value
2 self.c_attn = nn.Linear(d, 3xd, bias=bias)

24 # Projection of concatenated attention head outputs

25 self.c_proj = nn.Linear(d, d, bias=bias)

26

27 # Dropout layers

28 self.attn_dropout = nn.Dropout(dropout)

29 self . resid_dropout = nn.Dropout(dropout)

30 self H=H

31 self.d = d

32

33 # Causal mask to ensure that attention is only applied to

34 # the left in the input sequence

35 self .register_buffer (

36 "mask", torch.tril (torch.ones(T, T)).view(l, 1, T, T)

37 )

38

39 def forward(self, x):

40 B, T, _ = x.size() # batch size, sequence length, embedding dimensionality
41

42 # Compute query, key, and value vectors for all heads in batch.
43 # Split the output into separate query, key, and value tensors.

q, k, v = self.c_attn(x).split(self.d, dim=2) # [B, T, d]
# Reshape tensor into sequences of smaller token vectors for each head

46 k = k.view(B, T, self.H, self.d // self.H).transpose(l, 2) # [B, H, T, d // H]
q
v

q.view(B, T, self.H, self.d // self.H).transpose(l, 2)
v.view(B, T, self.H, self.d // self.H).transpose(l, 2)

50 # Compute the attention matrix , perform masking, and apply dropout
51 att = (q @ k.transpose(—-2, —-1)) % (1.0 / math.sqrt(k.size(-1))) # [B, H, T, T]
52 att = att.masked_fill(self .mask[:,:,:T,:T] == 0, float(’—inf’))

53 att = F.softmax (att, dim=-1)

54 att = self.attn_dropout(att)

55

56 # Compute output vectors for each token

57 y = att @ v # [B, H, T, d // H]

58

59 # Concatenate outputs from each attention head and project linearly
60 y = y.transpose(l, 2).contiguous().view(B, T, self.d)

61 y = self.resid_dropout(self.c_proj(y))

62 return y

Listing 6.2: Implementation of masked multi-headed self-attention [209].
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Although we use some matrix manipulations and operations in PyTorch, the implementation exactly matches
the described functionality for the masked multi-head self-attention.

6.1.3 Feed-Forward Network

In addition to masked self-attention, each block of the transformer contains a feed-forward network
(Figure 6.14). In this block, we pass each token vector of the sequence through the same feed-forward neural
network. Usually, this is a two-Linear layer network with a non-linear activation in between, for example, a
ReLU, GeLLU or SwiGLU activation [175], in the hidden layer. In most cases, the dimension of the hidden
layer is larger than the original dimension of the token embeddings, for example, 4 times larger. Implementing
a feed-forward neural network in PyTorch is accomplish with a Linear layer, a GeLU activation, a second
Linear layer and Dropout (Listing 6.3).

Output Vectors

N v v

i Feed-forward
network
(same weights

for every token)

N v v

Token Vectors

Figure 6.14: Feed-forward network [209].

i from torch import nn

3 class MLP(nn.Module) :

5 def __init__(self, d, bias=False, dropout=0.2):

.

7 Arguments :

8 d: embedding vector dimension

9 bias : whether to use bias in linear layers or not

10 dropout: probability of dropout

nuon

13 super (). __init__ ()

14 self.fcl = nn.Linear(d, 4 % d, bias=bias)
15 self . gelu = nn.GELU()

16 self.fc2 = nn.Linear(4 % d, d, bias=bias)
17 self .dropout = nn.Dropout(dropout)

19 def forward(self, x):

20 x = self.fcl(x)

21 x = self.gelu(x)

22 x = self.fc2(x)

23 x = self.dropout(x)
24 return X

Listing 6.3: Implementation of the feed-forward network [209].

6.1.4 Decoder-Only Transformer Block

To build a decoder-only transformer block, we use both the masked multi-head self-attention and the
feed-forward network that we have discussed, as well as two normalization operations and two residual
connections. A depiction of the full decoder-only transformer block is shown Figure 6.15.
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Figure 6.15: Decoder-only transformer block [209].

A residual connection [78] simply adds the input of a neural network layer to the output of this layer before
passing this representation to the next layer, as opposed to solely passing the layer’s output to the next layer
without adding the input (Figure 6.16).

Output after
Residual LILITTTTTTTTTITT]
Connection
<—
LayersOutput [ | [ [ [ [ [T [[ ][]
A Residual
Connection

[ Series of Layers ]

A

Layers Input [[[[[[TTTTTTTTT]

Figure 6.16: Residual connection in a generic neural network layer [209].

Residual connections are widely used within deep neural networks and can be applied to any series of layers.
Adding residual connections helps to avoid issues with vanishing and exploding gradients, and generally
improves the stability of training by providing a short cut that allows gradients to flow freely through the
network during backward pass.

Normalizing the input, or output, of a neural network layer can also aid training stability. Although many types
of normalization exist, the most commonly used normalization variant in transformers is layer normalization
(Equation 6.1). Here, the normalization operation has two components, performing normalization and applying
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a learnable affine transformation. In other words, we multiply the normalized values by the weight v and add a
bias §8 instead of directly using the normalized output. Both the weight and bias are learnable parameters that
can be trained along with other network weights.

x — mean(x)

LayerNorm(x) = ] (6.1)

variance(x) + €

Where the mean and variance are calculated over all values within each input sequence, € is small constant to
avoid dividing by zero, v and 8 are learnable parameters.

Transformer block implementation

A decoder-only transformer block implementation is provided in Listing 6.4. Here, we use our prior attention
and feed-forward transformation implementations. By using the modules we have already defined, the
decoder-only transformer block implementation actually becomes quite simple.

1 # Source: https :// github.com/karpathy/nanoGPT/blob/master/model.py

> from torch import nn

3

4 class Block(nn.Module) :

5 def __init__(self, d, H, T, bias=False, dropout=0.2):

6

7 Arguments :

8 d: embedding vector dimension

9 H: number of attention heads

10 T: maximum length of input sequences (in tokens)
1 bias : whether or not to use bias in Linear layers
12 dropout: probability of dropout

14 super (). __init__ ()

15 self.In_1 = nn.LayerNorm(d)

16 self.attn = CausalSelfAttention(d, H, T, bias, dropout)

17 self .In_2 = nn.LayerNorm(d)

18 self.ffn = MLP(d, bias, dropout)
19

20 def forward(self, x):

21 Xx = x + self.attn(self.In_1(x))
22 x = x + self.ffn(self.In_2(x))

23 return X

Listing 6.4: Implementation of the decoder-only transformer block [209].

6.1.5 Decoder-Only Transformer Architecture

After understanding the type of input we have apply at the transformer input and implementing the transformer
block, to implement the decoder-only transformer we just repeat the transformer block L times. For each block,
the size of the model’s input [B, T, d] is maintained, so the output of the L-th transformer block is also a tensor
of this size (Figure 6.17).

A full implementation of a decoder-only transformer architecture is included in Listing 6.5. The architecture
contains several components, including two embedding layers for tokens and positions, the L transformer
blocks, and a final classifier that includes a layer normalization and a Linear layer, for performing next token
prediction given an output token embedding as input. The model operates by just passing its input, a set of
input token IDs with size [B, T'], through each of these components to produce a set of output token IDs.
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1 # Source:
> import

3
4

29

from
import

torch

torch import nn

torch .nn. functional as F

class Transformer (nn.Module) :

def

def

__init__ (self ,

nuon

Arguments :

d:
H:
T:
V:
laye
bias
drop

nuon

d, H, T, V, layers, bias=False,

embedding vector dimension
number of attention heads

maximum length of input

sequences

size of the token vocabulary
rs: number of decoder—only blocks
: whether or not to use bias
out: probability of dropout

super (). __init__ ()
self.transformer =

nn. ModuleDict(dict (

https :// github .com/ karpathy /nanoGPT/blob/ master /model. py

dropout=0.2):

(in tokens)

in linear layers

Embedding (V, d), # token embeddings

.Embedding (T, d), # position embeddings

Dropout(dropout),

.ModuleList ([ Block(d,H,T, bias ,dropout) for _

LayerNorm(d) ,

.Linear(d, V, bias=bias),

T]

targets=None) :
matrix of token

matrix of target

tokenIDs .size () # [B, T]

wte = nn.

wpe = nn

drop = nn.

blocks = nn

In_f = nn.

head = nn
))
forward (self , tokenIDs ,
# tokenIDs is a [B,
# targets is a [B, T]
device = tokenIDs.device
_, T =
pos =

indices
(next)

= torch.arange (0, T, dtype=torch.long,

# Generate token and position embeddings
= self.transformer.wte(idx) #
= self.transformer.wpe(pos) # [T, d]

tok_emb
pos_emb
X

# Pass
for blo

’x’ through all
ck in self.transformer.blocks:
x = block(x)

token indices

device=device)

[B, T, d]

decoder—only blocks

x = self.transformer.In_f(x) # Final
if targets is not None:
# Compute the loss if we provided
logits = self.transformer.head(x)
loss = F.cross_entropy (

logits . view(—-1,
targets .view(—-1),
ignore_index=-1,

logits .size (-1

targets

)

)

else:
# Only look at last token when performing
logits = self.transformer.head(x[:, [—-1],
loss = None

return logits , loss

self.transformer.drop (tok_emb + pos_emb)

normalization

as input

inference

1)

Listing 6.5: Implementation of the decoder-only transformer [209].
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Figure 6.17: Predicting next tokens with a large language model [209].

Next-token prediction

LLMs are trained specifically to perform next-token prediction, meaning they are specialized in predicting the
next token given a list of tokens as input. We have seen that the transformer’s output is a list of token vectors
for each input token. Thus, it can predict the next token for any of these inputs tokens by using the following
steps.

o Pick the output embedding for a particular token.

e Pass the selected embedding through a Linear layer whose output has the dimension of the model’s
vocabulary.

o Apply an argmax function to the Linear layer’s output to get the ID of the token that corresponds to the
maximum value.

To generate a sequence of text, we repeat these three steps multiple times. We apply a textual prompt at
the transformer input, pass everything through the decoder-only transformer, pick the last token vector in the
transformer output sequence, predict the next token using the final Linear layer and the argmax function,
append the obtained next token to the input sequence, and repeat these steps. This autoregressive decoding
process is used by all LLMs for generating their output (Figure 6.18).

After completing the transformer implementation, we should clarify why most LLMs only use the decoder
component of the original encoder-decoder transformer. The key distinction between encoder and decoder in
a transformer is the type of attention they use. Encoder uses unmasked self-attention, meaning all tokens in
the sequence, including those before and after a given token, are considered by the self-attention mechanism.
In contrast, the decoder uses masked self-attention, which prevents a token from attending to those tokens that
follow it in the sequence (Figure 6.19).

Due to the masked self-attention, decoders fit well on the next token prediction task. If the model can look
forward in the sequence when predicting the representation of the next toke, then it could simply cheat and
directly copy the next token in the sequence to be used as prediction. Masked self-attention forces the model
to learn generalizable patterns for predicting the next token from those that come before it, making the decoder
adequate for LL.Ms.
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Figure 6.18: Autoregressive output generation where in each step the model predicts the next token in the sequence [209].
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Figure 6.19: Causal mask for next token prediction [209].

6.2 Build a Mixture-of-Experts Model

Deep neural networks usually process all inputs using the same weights. Mixture of Experts (MoE) models
modify this architectural behavior and instead apply different weights to each sample. The result is a
sparsely-activated model, with a huge number of weights, but requiring a computational cost that is not
proportional to the model size [61].

After gaining intuition on the decoder-only transformers, we will create a Mixture-of-Experts (MoE) model.
MoE-based LLMs adopt the same decoder-only transformer architecture, but the architecture is modified in
a few ways. Modifying the transformer architecture is not difficult, but there are a few aspects that must be
implemented correctly for the model to work correctly. Additionally, training a MoE model properly requires
some extra attention and understanding, since MoE models are more difficult to train than dense transformers.
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5

6.2.1 Expert Layers

Compared to the dense decoder-only transformer, the main modification introduced by an MoE model is in
the feed-forward network of the transformer block. Usually, this block includes one feed-forward network
that is applied to all token vectors. Instead of having a single feed-forward network, an MoE uses multiple
feed-forward networks, each one with independent weights. We denote each feed-forward network as an expert,
and a module containing multiple experts is an expert layer. If we have N experts in a layer, we can refer to the
i-th expert using the notation E; (Equation 6.2).

Experts: {E;(-)}Y, 6.2)

PyTorch Implementation

Listing 6.6 contains the implementation of an expert layer in PyTorch. It adopts an architecture identical to
the feed-forward neural network that was implemented in Listing 6.3, but here we use several feed-forward
networks instead of one. The main complexity of this implementation is that we do not use standard Linear
layers of PyTorch. Instead, we instantiate the weights and biases of all experts using Parameter objects, so
that we can compute the output of all experts in batch by using a batched matrix multiplication (BMM). In
this way, we avoid having to iterate over the experts to compute all outputs, which improves the computation
efficiency.

nonon

Based upon ColossalAI OpenMoE:

3 https :// github .com/hpcaitech/ColossalAl/blob/main/colossalai/moe/experts.py

4
5

6

nonon

import torch
from torch import nn

class MLPExperts(nn.Module) :

def __init__(self, d, n_exp=8, bias=False, dropout=0.2):

nuon

Arguments :
d: embedding vector dimension
n_exp: the number of experts to create in the expert layer
bias : whether or not to use bias in linear layers

dropout: probability of dropout

nun

super (). __init__ ()

self .bias = bias
self.fcl_weights = nn.Parameter(torch.empty(n_exp, d, 4 % d))
self.fcl_bias = nn.Parameter(torch.empty(n_exp,1,4xd)) if self.bias else None

self.fc2_weights nn.Parameter (torch.empty(n_exp, 4 = d, d))

self.fc2_bias nn.Parameter (torch.empty(n_exp, 1, d)) if self.bias else None
self . gelu = nn.GELU()

self .dropout = nn.Dropout(dropout)

def forward(self, x):
x = torch.bmm(x, self.fcl_weights)
if self.bias:
x += self.fcl_bias
x = self.gelu(x)
x = torch .bmm(x, self.fc2_weights)
if self.bias:
x += self.fc2_bias
x = self.dropout(x)
return X

Listing 6.6: Implementation of an expert layer [209].
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Creating an MoE

To create the MoE-based decoder-only transformer, we convert the transformer’s feed-forward networks
to expert layers. Each expert within the expert layer has an architecture that is identical to the original,
feed-forward network from that layer. We just include several independent feed-forward networks within the

same expert layer (Figure 6.20).
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Figure 6.20: Including multiple experts in the same feed-forward network [199].

However, we do not want to replace every feed-forward network (FFN) in the dense transformer by an expert
layer. Most MoE-based LLMs use a stride P, meaning that only one FFN in every P FFNs is converted into
an expert layer and the other FFNs are left unaltered. For example, the ST-MoE model has 32 experts in each
expert layer and uses a frequency of replacement equal to 1/4, meaning that one in every four FFNS is replaced
by an expert layer [246].

Listing 6.7 exemplifies how to selectively add a dense transformer block or an expert layer to the transformer
architecture. The frequency with which an expert layer is interleaved between dense transformer blocks
determines the total number of experts in the MoE, and functions as a mechanism for balancing performance
and efficiency.

transformer_blocks = []

for i in range (num_blocks):
use_moe = (i % P) ==
# When use_moe = False, it is inserted a dense transformer block.
# When use_moe = True, it is inserted an expert layer.

transformer_blocks .append(Block (use_moe=use_moe) )

Listing 6.7: Interleaving expert layers with dense transformer blocks [209].

6.2.2 Routing Tokens to Experts

The primary benefit of MoE-based architectures is their efficiency, but using experts alone does not improve
efficiency. In fact, adding more experts to each layer of the model significantly increases the total number of
weights, and the amount of necessary computation. To improve efficiency, we need to sparsely select and use
only a subset of experts from each expert layer. By sparsely utilizing experts, we can get the benefits of a much
larger model without a significant increase in the computational costs of training and inference. Using an MoE
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architecture makes it possible to attain better trade-offs between model quality and inference efficiency than
dense models typically achieve.

Selecting experts

Let us consider a single token, represented by a d-dimensional token vector. Our goal is to select a subset of
experts, with size k, to process this token. Thus, we need an algorithm to compute and optimize the routing of
the token to the selected experts.

In the simplest routing strategy we apply a linear transformation to the token vector, obtaining a vector of size
N, the number of experts. Then, we can apply a softmax function to form a probability distribution over the set
of experts for our token (Figure 6.21). We can use this distribution to choose experts to which our token should
be routed by selecting the top-K experts in the distribution. In addition to allowing the selection of experts, the
top-k probabilities will also be used to obtain an output that combines the outputs produced by the k selected
experts.

Token Vector (d-dimensional)

router logic

Router Logits | ‘ ‘ | (N-dimensional)
(Z] ) y
o(z)i = Z;Z - softmax
\ 4
Expert Probabilities ‘ | | ‘ (N-dimensional)
v top-k
Selected top-k experts | X |
X
(k = 2) .D.—.

Figure 6.21: Routing mechanism for a single token [209].

Softmax router implementation

As described above, this routing strategy just uses a Linear layer. An implementation of this softmax router
is included in Listing 6.8, where the output of the router is (i) a set of top-K expert indices for each token in the
input and (ii) the top-K expert probabilities, i.e., the probability values for each of the top-K indices, associated
with the selected experts. Despite its simplicity, this routing strategy is effective and most modern MoEs adopt
a similar linear routing scheme plus a softmax.

Optionally, we can add noise into the router logic, an approach proposed in [51], one of the earliest works on
applying MoEs to neural networks. By adding a small amount of learnable noise to the router logits, we can
help to regularize the MoE’s training process. Equations 6.3, 6.4, and 6.5 formalize the routing strategy when
noise is added to the router logits.

H(x); = (x - Wg);i + N(0, 1) - softplus ((x - Whoise);) (6.3)
G(x) = softmax (KeepTopK (H(x), k)) (6.4)
_ | vi ifv;isinthe top-k elements of v
KeepTopK(v, k); = { otherwise (6.5)

where (x - Wy); is the regular router logits, N(0, 1) - softplus (H(x), k) represents the noise added to the router
logits, W,,ise are the learnable weights that control the level of added noise, and the the top-k router’s outputs
beyond the top k are set to zero.
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import torch
from torch import nn
from torch.nn import functional as F

class BasicSoftmaxRouter (nn.Module) :
def __init__(self, d, n_exp = 8, top_k = 2, use_noisy_top_k = True):

nuon

Arguments :
d: embedding vector dimension
n_exp: the number of experts to create in the expert layer
top_k: the number of active experts for each token

use_noisy_top_k: whether to add noise when computing expert output

nuon

super (). __init__ ()

# Router settings

self .top_k = top_k

assert self.top_k >= 1 and self.top_k <= n_exp
self . use_noisy_top_k = use_noisy_top_k

# Linear projection for (noisy) softmax routing.

# It is not used bias (see page 4, equation 4, https://arxiv.org/abs/1701.06538)
self .w_g = nn.Linear(d, n_exp, bias=False)

self .w_noise = nn.Linear(d, n_exp, bias=False) if self.use_noisy_top_k else None

def forward(self , x):
# Equation 4 in https ://arxiv.org/abs/1701.06538
logits = self.w_g(x) # [B, T, d] —> [B, T, n_exp]
if self.use_noisy_top_k:
# Optionally , add noise to the router logits.
# Softplus is a smooth approximation to ReLU function that is always positive
# Softplus(x) = 1/beta . log(l+exp(beta.x))
noise = F.softplus(self.w_noise(x))
noise = torch.randn_like (noise)
logits += noise
top_k_logits , top_k_indices = logits.topk(self.top_k, dim=-1) # [B, T, k]
return top_k_logits , top_k_indices

Listing 6.8: Implementation of the softmax router [209].

Active weights

Because we only select a subset of experts to process each token within an expert layer, there is a concept of
active weights. Only a portion of the MoE model’s weights are active, given by the experts selected from each
expert layer, when processing a given token. The total computation performed by the MoE is proportional to
the number of active weights rather than the total number of weights.

6.2.3 Expert Capacity

To improve hardware utilization, most implementations of sparse models have static batch sizes for each expert.
The expert capacity refers to the number of tokens that can be routed to each expert. If this capacity is exceeded,
the tokens in excess are passed unaltered to the next layer through a residual connection [246].

The computation performed in an expert layer is dynamic. We choose the tokens to be computed by each expert
based on the output of the router, which changes depending upon the sequences of tokens provided as input
to the MoE. The dynamic nature of the input for each expert can make the implementation of an expert layer
complicated, since each expert’s input will have a different and unpredictable size.

Expert capacity

Most practical implementations of MoEs avoid this problem by using fixed batch sizes for each expert, this is
a useful trick for improving hardware utilization. Each expert uses the same static batch size, referred to as
expert capacity. The expert capacity, defined in the Equation 6.6, dictates the maximum number of tokens in
each batch that can be assigned to any expert.
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. K-B-T )
expert_capacity = N - capacity_factor (6.6)

Where K is the number of active tokens at every moment, B - T is the number of tokens in a minibatch, and N
is the number of experts.

Expert capacity is controlled via the capacity factor parameter. A capacity factor of 1 means that tokens are
routed uniformly to all experts, while setting the capacity factor greater than 1 provides an extra capacity to
handle imbalanced token routing between experts, but this comes at the cost of higher memory usage and lower
efficiency.

If the number of tokens routed to an expert exceeds the expert capacity, then we drop these extra tokens by
performing no computation and letting their representation flow directly to the next layer via the transformer’s
residual connection. Figure 6.22 illustrates token routing dynamics in switch transformer, where a capacity
factor of 1.5 helps to reduce the number of dropped tokens. MoEs perform well with relatively low capacity
factors, but we should make sure to avoid too many tokens being dropped. The capacity factor can also be
different during training and evaluation. For example, ST-MoE [246] uses a capacity factor of 1.25 and 2.0
during training and evaluation, respectively.

Terminology § Capacity factor = 1.0 Capacity factor = 1.5
« Experts: Split across devices, EXpert capauty =2 EXpert capaaty =3

each having their own unique Expert 1 Exper{2 Expen 3 Expert 1 Expert 2 Expert 3
parameters. Perform standard : :
feed-forward computation.

. Expert Capacity: Batch size of
each expert. Calculated as

- (tokens_per_batch / num_experts) *
capacity_factor

Device 0 (" Device Device 2 i (" beviceo Device ) Device 2

L

/N

‘ Across Device
r - .
‘ Communication

. Capacity Factor: Used when 3 Ve
calculating expert capacity. Expert 1 [
capacity allows more buffer to help
mitigate token overflow during
routing.

Device 0 : Device 0

\ J : \

Tokens Tokens

Figure 6.22: Illustration of token routing dynamics in switch transformer. Each expert processes a fixed batch-size of tokens modulated
by the capacity factor. Each token is routed to the expert with the highest router probability, but each expert has a fixed batch size of
(total tokens / number experts) * capacity factor. If the tokens are unevenly dispatched then certain experts will overflow, indicated by
dotted red lines, resulting in these tokens not being processed by this layer. A larger capacity factor alleviates this overflow issue, but
also increases computation and communication costs [61].

PyTorch implementation

We implement a fully-functional router in Listing 6.9. This router shares the same logic as the implementation
included in Listing 6.8, that is, it uses a Linear layer and a softmax function. However, we will go beyond
this implementation by creating fixed-size input tensors for each of the experts. The implementation can be
summarized in the following steps.

e Lines 25-29 compute the output of the (noisy) linear router.

Lines 31-34 calculate the top-K experts and their associated probabilities.

Lines 36-38 compute the expert capacity.

Lines 40-60 use PyTorch indexing and tensor manipulations to construct the batch of expert inputs.

Lines 63-64 create the final batch of expert inputs.
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class Router(nn.Module):

def

def

__init__(self, d, n_exp=8, top_k=2, use_noisy_top_k=True, capacity_factor=1.25):

nuon

Arguments :
d: embedding vector dimension
n_exp: the number of experts to create in the expert layer
top_k: the number of active experts for each token

use_noisy_top_k: whether to add noise when computing expert output
capacity_factor: used to compute expert capacity
super (). __init__ ()
self.d =d
self .n_exp = n_exp
self .top_k = top_k
assert self.top_k >= 1 and self.top_k <= n_exp

self.use_noisy_top_k = use_noisy_top_k
self.capacity_factor = capacity_factor
self .w_g = nn.Linear(d, n_exp, bias=False)

self .w_noise = nn.Linear(d, n_exp, bias=False) if self.use_noisy_top_k else None

forward (self , x):
B, T, _ = x.size()
num_tokens = B %« T # Total number of tokens in the batch
# Equation 4 in https ://arxiv.org/abs/1701.06538
logits = self.w_g(x) # [B, T, d] —> [B, T, n_exp]
if self.use_noisy_top_k: # Add noise to the router logits
noise = F.softplus(self.w_noise(x))
noise = torch.randn_like (noise)
logits += noise
# Top—K experts selection, compute probabilities over active experts
top_k_logits , top_k_indices = logits.topk(self.top_k, dim=-1) # [B, T, K]

router_probs = torch. full_like (logits , float(’—inf’)) # [B, T, n_exp]
router_probs.scatter_ (-1, top_k_indices, top_k_logits)

router_probs = F.softmax(router_probs , dim=-1)

# Compute the expert capacity

exp_capacity = math. floor(self.top_k=self.capacity_factorsxnum_tokens/self.n_exp)
exp_capacity += exp_capacity % 2 # Make sure expert capacity is an even integer
exp_capacity = int(exp_capacity)

# Make a multi—hot mask of chosen experts: O=expert not chosen, l=expert chosen.
exp_mask = F.one_hot(top_k_indices, num_classes=self.n_exp) # [B, T, K, n_exp]

exp_mask = exp_mask.view(num_tokens, self.top_k, self.n_exp) # [B+T, K, n_exp]
exp_mask = exp_mask.permute(1l, 0, 2) # [K, B = T, n_exp]

# Compute index for each token in expert batch.

# ’cumsum’ counts top—1 first, top—-2 second, etc.,

# to prioritize top experts when dropping tokens.

exp_rank = exp_mask.reshape(self.top_ksxnum_tokens, self.n_exp) # [K«BxT, n_exp]
exp_rank = torch.cumsum(exp_rank, dim=0) — 1 # [K«B+T, n_exp]
exp_rank = exp_rank.reshape(self.top_k, num_tokens, self.n_exp) # [K, B«T, n_exp]
# Mask entries beyond expert capacity and compute used capacity

exp_mask x= torch.lt(exp_rank, exp_capacity) # [K, BxT, n_exp]
# Matrix storing token position in the batch of the corresponding expert
exp_rank = torch.sum(exp_mask % exp_rank, dim=-1) # [K, B = T]

# Mask probabilities to only include selected experts

router_probs = router_probs.view (num_tokens, self.n_exp)[None,:] # [1, B«T, n_exp]
exp_weights = exp_mask % router_probs # [K, BT, n_exp]
# Position of each token within the capacity buffer of the selected expert
exp_rank_sc = F.one_hot(exp_rank ,num_classes=exp_capacity) # [K,B«T,exp_capacity ]
# Weight of selected expert for each token at position of capacity for that expert
exp_weights = torch.sum(exp_weights.unsqueeze (3)+exp_rank_sc.unsqueeze (2), dim=0)
exp_mask = exp_weights.bool() # binary mask of selected experts for each token

# Reshape tokens into batches for each expert, return both weights and batches
# [n_exp, exp_capacity, B = T] = [B % T, d] —> [n_exp, exp_capacity , n_embd]
X = x.view(num_tokens, self.d)

expert_batches = exp_mask.permute(l, 2, 0).type_as(x) @ x

return exp_weights , exp_mask, expert_batches

Listing 6.9: Implementation of a fully-functional router [209].
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6.2.4 Load Balancing Loss and Router z-Loss

The gating network, or router, tends to converge to a solution where it always produces large weights for the
same few experts. This imbalance is self-reinforcing, since the favored experts are trained more rapidly and
thus are selected even more by the gating network [177]. The routing strategies we discussed do not explicitly
encourage a balanced selection of experts in each layer. As a result, the model will converge to a state of
repeatedly selecting the same few experts for every token instead of utilizing all experts. This phenomenon is
commonly referred to as routing collapse.

Load balancing loss

To encourage a balanced selection of experts during training, we can simply add an additional term to the
training loss that rewards the model for uniformly selecting all experts. More specifically, we define the
auxiliary loss term defined in Equation 6.7, which utilizes (i) the load balancing, achieved when the D; values
are uniformly distributed, where D, is defined in Equation 6.8 as the number of tokens assigned to each expert
i; and (ii) the expert importance, defined in Equation 6.9 as the probability of assigning tokens to each expert
i. Such an approach is proposed in [173], where authors proposed a loss that considers two quantities: (i) the
fraction of tokens dispatched to each expert and (ii) the fraction of router probability allocated to each expert.

If we stack all 9; values in an N-dimensional vector and all #; values in another vector, we calculate the loss
term by taking the dot product of these two vectors. This loss is minimized when expert probability and load
balancing are uniformly distributed.

N
-Lload—balancing = NZ DiPi (6.7

i=1

where
1
D; = T Z 1{arg max G(x; @) = i} (6.8)
xeB
1

Pi= ég@, ), (6.9)

Here, O; represents the fraction of tokens assigned to expert i and P; represents the average gating probability
G for that expert. Minimizing this loss encourages uniform expert utilization.

An implementation of the load balancing loss in PyTorch is included in Listing 6.10. This implementation
follows these steps.

e Lines 9-17 define all constants and input tensors necessary to load balancing loss computation.
e Lines 19-24 compute the fraction of tokens assigned to each expert.
e Lines 26-27 compute the fraction of probability G assigned to each expert.

e Lines 29-31 calculates the scaled dot product between the fraction of tokens and the fraction of
probability for each expert.
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"o

Computes switch transformer auxiliary load balancing loss

(https ://arxiv.org/abs/2101.03961), according to equations 7, 8, 9.
import torch

import torch.nn.functional as F

Constants
= 16 # minibatch size
256 # sequence length
_exp = 8 # number of experts
= 2 # number of active expert

RN - W
I}

# Define the tensors needed to compute the load balancing loss term
indices = torch.randint(1l, n_exp + 1, (B, T, K)) # top-K indices ([B, T, K])
expert_probs = F.softmax(torch.rand(B, T, n_exp), dim=2) # expert probs ([B, T, n_exp])

# Equation 8: compute the fraction of tokens assigned to each expert.
# The total number of tokens is defined as total tokens in minibatch % K
with torch.no_grad():

one_hot_indices = F.one_hot(indices , num_classes=n_exp) # [B, T, K, n_exp]
one_hot_indices = torch.sum(one_hot_indices. float (), dim=2) # [B, T, n_exp]
tokens_per_expert = torch.mean(one_hot_indices. float (), dim=(0, 1))

# Equation 9: compute the fraction of router probability assigned to each expert
prob_per_expert = torch.mean(expert_probs.float(), dim=(0, 1))

# Equation 7: take the scaled dot product between probability fraction and
# token fraction vectors, and multiply the result by the number of experts.
load_balance_loss = n_exp * torch.sum(prob_per_expert x tokens_per_expert)

Listing 6.10: Compute the load balancing loss term [209].

Router z-loss

To complement the load balancing loss, authors of [175] proposed another auxiliary loss term, called the router
z-loss. The router z-loss constrains the size of the router logits, not probabilities, before the softmax is applied.
The router z-loss is defined in Equation 6.10.

2

N

1 topK(x-W,);

L = TZ logZe : (6.10)
xeB i=1

where T is the number of tokens in the minibatch 8B, N is the number of experts, topK(x - W,); are the router

logits before the softmax, and the term inside the summation captures the magnitude of the router logits for

token x.

We do not want these logits to be too large due to the fact that the router calls the exponential function, which
is used to compute the softmax. However, these logits can become very large during training, which can lead
to round-off errors that destabilize the training process, even when using float32 precision. The router z-loss
encourages the MoE to keep these logits small and, as a consequence, avoid the round-off errors. The router
calculates the probability distribution over the experts in float32 precision. However, at large scales, this is still
insufficient to allow for a reliable training [175].

An implementation of the router z-loss is provided in Listing 6.11, which considers three main steps.
e Lines 5-11 define the input tensor needed to compute the router z-loss, which contains the router logits.

e Line 18 takes a squared logsumexp over the router logits. This is a numerically stable shorthand for
applying the exponential, the sum, and the logarithm operations in sequence.

e Line 21 sums the result of the above operation over all tokens and divide by the total number of tokens,
to obtain an average value.
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"o

Computes ST-MoE router z loss [https://arxiv.org/abs/2202.08906]
according to equation 10.

"o

# Constants

B = 16 # minibatch size

T = 256 # sequence length
n_exp = 8 # number of experts

# Define the input tensor for router z—loss
router_logits = torch.rand(B, T, n_exp) # [B, T, n_exp]

# Exponentiate logits , sum logits of each expert, take log, and square.
# Using ’torch.logsumexp’ is equivalent to the following:

# z_loss = torch.exp(router_logits)

# z_loss = torch.sum(z_loss, dim=-1)

# z_loss = torch.log(z_loss) =% 2.0

router_z_loss = torch.logsumexp(router_logits , dim=-1) =% 2.0 # [B, T]

# Sum over all tokens and divide by the number of tokens
router_z_loss = torch.mean(router_z_loss)

Listing 6.11: Compute the the ST-MoE router z-loss [209].

Combining the auxiliary loss terms

To combine the auxiliary loss terms, we can just add them to the common language modeling loss during
training. Each auxiliary loss term will have a scaling factor by which it is multiplied, then we sum all of the
scaled losses together (Equation 6.11). The recommended scaling factors for load balancing loss and router
z-loss are 0.001 and 0.01, respectively.

L=Liyx) + Wioad-balancing * Lload-balanoing + Wrouterz * Lz (6.11)

where L (x) is the common language modeling loss, the second term is the weighted load balancing loss, and
the third term is the weighted router z-loss.

Although these auxiliary loss terms work quite well, recent research [51] has shown that, depending upon how
the scaling factors are set, such auxiliary loss terms might sacrifice model performance for training stability in
some cases. As such, the optimal process and strategies for training MoEs is an active research topic.

For example, the DeepSeek-v3 [51] base model used to create the DeepSeek-R1 reasoning model, uses an
auxiliary loss-free load balancing strategy, which simply adds a dynamic bias to the router output when selecting
top-k experts (Equation 6.12). This bias is increased for experts that are rarely selected and decreased for experts
that are selected too often, thus increasing the chance that under-utilized experts will be selected. This dynamic
bias is found to improve load balancing without sacrificing model performance. However, load balancing losses
are still used in [51], but with a smaller scaling factor.

, {s,.,, if 54+ by € TopK ({s + 0,11 < j < N} &) 6.12)

5= 0 , otherwise

’

where g;; = ,\f’% is the gating value for the i-th expert, b; is the bias term for the i-th expert, s; is the affinity
Jj=19jt

between token ¢ and expert i, N, is the numbers of routed experts, and k, is the number of active routed experts.

We keep monitoring the expert load on the whole minibatch of each training step. At the end of each step, we

decrease the bias term by v if the corresponding expert is overloaded, and increase it by y if the corresponding

expert is underloaded, where vy is the bias update speed hyperparameter [51].
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6.2.5 Decoder-Only MoE Implementation

After introducing and implementing all the main components of a mixture-of-experts, we will combine them
to build a MoE-based decoder-only transformer. The MoE blocks within this model will contain (i) a masked
multi-head self-attention layer and (ii) an expert layer or a normal feed-forward network, where an expert layer
arises every P blocks on the model architecture (Figure 6.23).
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Figure 6.23: MoE-based decoder-only transformer architecture [209].

This block structure is similar to that of a dense decoder-only transformer, but we replace the feed-forward
network with an expert layer, forming an MoE block. A MOoE block is interleaved with dense blocks, in a
proportion of one MoE Block for P — 1 dense blocks. First, we cover a few remaining details regarding how
the final output of the expert layer is obtained. Then, we will present a full implementation of the MoE-based
decoder-only transformer.

Computing expert layer output

Once we have used the router to determine the set of active experts for a given set of token, we can compute the
final output for this expert layer as follows: (1) send the set of tokens to the assigned experts, (2) compute the
output of the active experts for these tokens, (3) obtain the weighted average of the experts’ outputs for each
token, where the weights are simply the probabilities assigned to each active expert by the router.

This process is illustrated in Figure 6.24 for a single token. Recent research on MoEs has also introduced the
idea of shared experts, which are always active for all tokens. When we include shared experts in the MoE
design, the routing logic is slightly modified, but the same core ideas we discussed still apply.

Listing 6.12 presents the PyTorch implementation of an expert layer. On line 34, we get a minibatch of data
for each expert and the associated expert probabilities for each token, using the router. We then pass these
minibatches through the expert feed-forward networks (line 38), to get the output of each expert. Finally, we
multiply each expert output by the associated probability in lines 42-44, producing the final output of the expert
layer.

Now, we can modify the decoder-only transformer block to optionally use an expert layer in place of the usual
feed-forward network. This is accomplished in Listing 6.13, where we replaced the MLP module with the
MoELayer, building an MoEBlock.

The final implementation of the MoE model exactly matches the decoder-only transformer implementation
presented in Listing 6.5. The only change is that we replace every P-th Block with an MoEBlock. We do not
present the implementation here, since it is very identical to Listing 6.5.
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1 # Based on ColossalAl OpenMoE

> class MOELayer(nn.Module) :

3 def __init__(self, d, n_exp=8, top_k=2, use_noisy_top_k=True, capacity_factor=1.25,
4 bias=False , dropout=0.2):

"o

6 Arguments :

7 d: embedding vector dimension

8 n_exp: the number of experts to create in the expert layer
9 top_k: the number of active experts for each token

10 use_noisy_top_k: whether to add noise when computing expert output or not
11 capacity_factor: used to compute expert capacity

12 bias: whether to use bias in linear layers or not
13 dropout: probability of dropout

14 e

15 super (). __init__ ()

16 self .router = Router( # Noisy top k router

17 d =d,

18 n_exp = n_exp,

19 top_k = top_k,

20 use_noisy_top_k = use_noisy_top_k,

21 capacity_factor = capacity_factor ,

22 )

23 self .experts = MLPExperts( # All MLP experts of the MoE layer
24 d =d,

25 n_exp = n_exp,

26 bias = bias,

27 dropout = dropout,

28 )

29
30 def forward(self, x: torch.Tensor):
31 B, T, d = x.size () # Input shape

32 num_tokens = (B % T)

33

34 # Pass each token through the router

35 exp_weight, exp_mask, exp_batches = self.router(x)

36

37 # Compute the experts’ outputs

38 exp_out = self.experts(exp_batches) # [n_exp, exp_capacity, d]

39

40 # Aggregate experts’ outputs using the weights produced by the router.
41 # Equation 2, page 4, ST-MoE paper [https://arxiv.org/abs/2202.08906].
42 exp_weight = exp_weight.view(num_tokens, —1) # [B = T, n_exp = exp_capacity ]
43 exp_out = exp_out.view(—-1, d) # [n_exp * exp_capacity , d]
44 output = exp_weight @ exp_out # [B « T, d]

45

46 # Resize the output

47 return output.view(B, T, d)

Listing 6.12: Implementation of an expert layer [209].
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Figure 6.24: Illustration of computing the output of an expert layer for one token [209].

class MoEBlock(nn.Module) :

1

2 def __init__(self, d, H, T, n_exp, top_k, use_noisy_top_k = True,

3 capacity_factor = 1.25, bias = False, dropout = 0.2):

. W

5 Arguments :

6 d: embedding vector dimension

7 H: number of attention heads

8 T: maximum length of input sequences (in tokens)
9 n_exp: the number of experts to create in the expert layer
10 top_k: the number of active experts for each token
1 use_noisy_top_k: whether to add noise when computing expert output or not
12 capacity_factor: used to compute expert capacity

13 bias : whether to use bias in linear layers or not
14 dropout: probability of dropout

15 e

16 super (). __init__ ()

17 self.In_1 = nn.LayerNorm(d)

18 self.attn = CausalSelfAttention(d, H, T, bias, dropout)

19 self.In_2 = nn.LayerNorm(d)

20 self .mlp = MOELayer(

21 d,

2 n_exp,

23 top_k,

24 use_noisy_top_k ,

25 capacity_factor ,

26 bias ,

27 dropout ,

28 )

29

30 def forward(self, x):

31 x = x + self.attn(self.In_1(x))

32 x = x + self.mlp(self.In_2(x))

3 return x

Listing 6.13: Implementation of an MoE block [209].
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6.3 Pretraining the MoE Model

In this section, we discuss how to pretrain the MoE model that we implemented. The nanoMoE implementation
reuses the code that we have seen so far in this chapter. The key components of this implementation are the
following.

e Model implementation is on the model.py file, containing the MoE version of the decoder-only
transformer model.

e Training code is included in train.py, which included all the training code.
o Dataset, we will pretrain our MoE model on a 25B token subset of the OpenWebText dataset.

e The configuration used to pretrain the MoE model, which we will detail in the next section, is included
in train_moe_vl.yaml to train_moe_v5.yaml.

6.3.1 Best Practices for Training MoEs

Despite several notable successes of MoE, widespread adoption has been hindered by complexity,
communication costs and training instability [61]. Although MoEs were proposed a long time ago, their
popularity has increased drastically for LLM research only recently. For years, the main impediment to the
adoption of MoEs was their difficulty of use. Relative to dense models, MoEs are more complex and generally
prone to training instability. An MoE-based transformer only makes slight modifications to the decoder-only
transformer architecture. Thus, let us understand why training an MoE is more complicated.

There are two main issues that occur when training an MoE: (i) routing collapse, where the model converges
a state that always utilizes the same few experts and (ii) numerical instability, where the MoE may experience
round-off errors, especially in the router that employs exponential operations to implement the softmax.

These issues lead to training instability, meaning that the loss may simply diverge during the training process.
Figure 6.25 presents an example of the divergence that occurs during MoE training. When this happens, we
need to stop the training process and restart from a saved checkpoint. We want a stable training process that
avoids these instabilities, so, let us cover the best practices for improving MoE training stability.

val loss
10
8
6 . . . .
Divergence In training
occurs here
4 Step

0 2 10 15 20

Figure 6.25: An example of divergence during MoE pretraining [209].
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Aucxiliary loss terms

As discussed previously, we do not have to choose between auxiliary loss terms when training an MoE. Instead,
we can just combine multiple auxiliary loss terms into a single loss function. In our case, we use both the load
balancing loss and the router z-loss during training. Using the correct auxiliary loss terns improves training
stability by enabling uniform usage of experts and avoiding routing collapse during training.

Training precision

When training an LLM, it usually makes sense to use mixed precision training, which converts some
components of the model to run in a lower float16 or Bfloat16 precision format instead of float32 precision.
This functionality is supported automatically in PyTorch via the automatic mixed precision (AMP) package
and can significantly reduce training costs without deteriorating model performance. In other words, this is a
pretraining speedup that we can easily enable with minimal code changes.

Compared with the Bfloat16 baseline, the relative loss error of our FP8-training model remains consistently
below 0.25%, an error that is within the acceptable range of training randomness [51].

Mixed precision has been used for some time, but researchers have more recently explored methods for reducing
LLM training precision even further, lower than 16-bits. For example, DeepSeek-v3 [51] is trained using 8-bit
precision. However, maintaining the same level of model quality becomes more difficult as training precision is
reduced. Implementing large-scale LLM training with FP8 precision requires novel and complex quantization
techniques. Otherwise, training an LL.M at such low precision may negatively impact the model’s performance.

As we mentioned before, the routing mechanism within an MoE is prone to numerical instability. Computing
the router’s output in lower precision makes this problem even worse. This issue is explicitly mentioned in [61],
where authors found that low precision training leads to large round-off errors in the router. To solve this issue,
we must run the router in float32 precision even when training with AMP, which can be achieved by simply
disabling AMP in the MoE’s routing mechanism. The following fragment of code illustrates how to run the
router computation with AMP disabled.

with torch.amp.autocast(device_type=’'cuda’, enabled=False):
# AMP is disabled for code in this block
<run router code here>

Weight initialization

A common technique used to improve training stability of large neural networks is applying the correct weight
initialization strategy, such as Glorot or He initialization. These techniques, along with strategies like batch
normalization, unlocked the ability to train very deep neural networks, which was quite difficult before. For
LLMs, we usually adopt the same weight initialization strategies. However, the authors of [61] recommend
adopting a slightly modified weight initialization scheme that is specifically designed for MoEs.

This weight initialization strategy samples weights from a truncated normal distribution with zero mean (u = 0)
and a standard deviation given by o = v/s/n, where s is a scale hyperparameter and 7 is the size of the input to
the layer being initialized (fan-in). Sampled values that are outside the [a, b] interval are redrawn until they are
within these bounds. Authors of [61] also recommend using a reduced scale hyperparameter s = 0.1 to improve
quality and reduce the likelihood of destabilized training. A PyTorch implementation of this modified weight
initialization strategy is included in Listing 6.14.

I # Linear layers have flipped dimensions in PyTorch: [out_dim, in_dim]
> w_fan_in = module. weight.shape[—1]

3 w_std = (scale / w_fan_in) %% 0.5

i torch .nn.init.trunc_normal_ (

5 module . weight ,

6 mean = 0.0,

7 std = w_std,

8 a = —2xw_std, # lower bound of truncation

9 b = 2xw_std, # upper bound of truncation

Listing 6.14: Switch transformer weight initialization strategy [209].
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MoE finetuning

We will not do model fine-tuning here, but we should be aware that MoEs can be more difficult to fine-tune
compared to dense models. In particular, MoEs are prone to overfitting due to the fact that they have a huge
number of weights. These large models are great for pretraining over massive datasets, but they can overfit
when fine-tuned over a small amount of data. To prevent overfitting when fine-tuning an MoE, we can apply a
higher dropout probability.

6.3.2 Pretraining Experiments

In this section we will cover MoE pre-training. In the experiments presented here, we used two GPU setups:
(1) a Titan Xp and an RTX 2080 Ti, and (ii) two RTX 3060. These are commodity GPUs with only 12 GB and
11 GB. The pretraining settings have been scaled down accordingly, allowing everything to fit in GPU memory
and run completely in less than a week.

General pretraining settings
The configurations used during pretraining are described next (Table 6.1).

e Model architecture: six transformer blocks, six attention heads per self-attention layer, the embedding
vector dimension is d = 368, the number of experts is N = 8, the number of active experts is k = 2, and
the stride used to replace a dense transformer block for an MoE block is P = 2.

e Expert capacity: the capacity factor was set to 1.25 for training and 2.0 for evaluation.

o Auxiliary loss terms: we used the load balancing auxiliary loss (except in the base configuration), with
a scaling factor of 0.01, and the router z-loss (in the last three configurations), with a scaling factor of
0.001.

e Precision: we used automatic mixed precision (Bfloat16) for training, but the router logic was run in
Bfloat16 (in the first three configurations) or float32 precision (in the last two configurations).

e Learning rate: we adopted a standard LLM learning rate strategy, with a linear warmup from 6 x 107>
to 6 x 107* during the initial 2k training iterations, followed by a cosine decay to 6 x 107> until 50k
iterations, and then maintain the minimum learning rate of 6 x 10~ during the remaining iterations.

e Weight initialization: we used standard normally distributed values to initialize the weights (in the first
four configurations) or the switch transformer-style initialization presented in Listing 6.14 (in the last
configuration) to improve the MoE training stability.

e The number of iterations was set to 100, 000.

Configuration Train | Val | Train time MFU (%) | GPUs

loss | loss | per step (ms)
base 343 | 3.44 | 397 1.28 Titan Xp+RTX2080 Ti
aux loss 346 | 3.47 | 394 1.29 Titan Xp+RTX2080 Ti
aux loss + router z-loss 345 | 347 | 156 3.24 2 RTX 3060
aux loss + router z-loss + FP32 345 | 3.47 | 156 3.25 2 RTX 3060
aux loss + router z-loss + FP32 + | 3.45 | 3.47 | 398 1.28 Titan Xp+RTX2080 Ti
switch transformer initialization

Table 6.1: Results obtained during MoE pre-training: training loss, validation loss, training time per minibatch and model FLOPs
utilization (MFU).

Pretraining dataset

We used the OpenWebText dataset for pretraining the MoE. The pretraining process is scaled down to 25
billion tokens. The reduced-size dataset allows for pretraining to complete in (i) around 5 days on the Titan
Xp plus RTX 2080 Ti GPUs or (ii) around 2 days on two RTX 3060 GPUs. However, we can easily scale
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this up to a full pretraining run by obtaining a better GPU setup, for example, eight A100 GPUs, and setting
max_iters = 600, 000 instead of 100, 000.

Results

To evaluate the impact of different techniques on MoE’s training stability, we performed five different
experiments. First, we pretrained a baseline MoE model without any auxiliary losses or best practices. Then,
we enabled several improvements, one-by-one, to observe their impact on pretraining stability: auxiliary load
balancing loss, router z-loss, full precision (FP32) in the router, and the improved weight initialization scheme.

To run pretraining, we just have to use the following command, which assumes that we want to run pretraining
on a single node with two GPUs and the configuration file is train_moe_v1.yaml.

torchrun -standalone -nproc_per_node=2 train.py <config/train_moe_v1.yaml>

The main results of these five experiments are shown in Table 6.1. The first conclusion is that all five
configurations run with success without instability. The second conclusion is that all configurations achieved
similar results in terms of training and validation loss. Contrary to expectations and by a narrow margin, the
base configuration achieved the smallest loss in training (3.43) and in validation (3.44). The training time per
epoch was around 397 ms on the Titan Xp plus RTX 2080 Ti GPUs and 156 ms on two RTX 3060 GPUs.
This means that the 3060 GPUs reduced the training time to 39.6% compared to the older models. Conversely,
model FLOPs utilization increased from 1.28% to 3.24% when using the 3060 GPUs.

The training loss observed during MoE pre-training is plotted in Figure 6.26, where we can see that there are
very small differences among the five configurations. The validation loss obtained during MoE pre-training is
plotted in Figure 6.27 and, again, the five configurations exhibit very similar loss trends. Finally, the learning
rate variation is depicted in Figure 6.28. The learning rate follows the described scheme: a linear warmup from
6 x 107> to 6 x 10* during the first 2k iterations, followed by a cosine decay to 6 x 107> until the iteration 50k,
and then maintain the learning rate at 6 X 10~ during the remaining 50k iterations.

We were able to do inference with the trained models using the following command.

python sample.py -start="who was Pablo Picasso?" -num_samples=5 -max_new_tokens=100

However, despite the generated sentences being mostly coherent, the content is erratic and little more than
random, as illustrated by the following answers to the prompt "who was Pablo Picasso?".

Answer 1: The Beatles, they’re telling us, so we all want to know if we’re better than him or not. Pablo’s a
genius, but he’s a pretty decent human being. And he’s a really good artist, too. I know he’s a genius, man, but
he’s an genius. And I don’t want to be the last man that got a call up.

Answer 2: Strap in your faces and say, How convenient. You know more about the work than I ever did, and
what you know about somebody who was one of the most influential artists of the entire history of film. And
Pablo Picasso became a true friend of Anthony Rapp, the man who would become the president of the National
Film Registry, a firm dedicated to independent film making. Pasquan Santiago, the man who would become the
president of the National ...

Answer 3: By George’s 1516 period, Pablo was the first artist to be made of the color-blind. His work was
infused with the kind of mania that made painting the world a more rewarding experience. His 1418 period of
time did not come without a thought of his art. His art was inspired by art as a way to look at the world with
the purpose of showing the things that matter. The artist’s art could not exist without art inspiration. Only by
giving a free ...

Answer 4: One time I had the idea of going out on a business trip and the other someone said they were going
out on a date. But I wasn’t there. Even though Pablo Picasso is I don’t know what he was doing - he told me
his line about whether or not the artist is ever going to be a reporter. A lot of the people working on the day,
they don’t know, but they don’t know.
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Answer 5: On set in the 90s, Pablo Picasso was involved in a lot of the biggest-but-a-thumb-hewn movements,
and he never really made it out of that era. Kasich, who’s been involved on multiple sets in the past, is very
much a part of the moment. At the start of the 90s, Pablo was involved in some fantastic shows around the
country, including the 90s.

We should note that our model size in 54.7M, while the smallest GPT-2 has a size of 124M and our model was
trained for 100k iterations on a reduced version of the OpenWlebText dataset. It is only a proof of concept of
how to train a MoE model, not a really useful large language model.
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6.4 Conclusions

In this chapter, we presented a comprehensive, hands-on exploration of Mixture of Experts (MoE) models,
focusing on their implementation and training within transformer-based architectures. We began by
revisiting the decoder-only transformer, detailing its core components, including tokenization, embeddings,
masked multi-head self-attention, and feed-forward networks, and demonstrating how these elements can be
implemented from scratch in PyTorch. This foundation was essential for understanding how MoE models
extend standard dense architectures.

Building upon this baseline, we introduced the MoE paradigm, where the feed-forward network in selected
transformer layers is replaced with an expert layer composed of multiple independent subnetworks. This
modification enables a significant increase in model capacity while maintaining manageable computational
cost, thanks to the sparse activation of experts. The implementation showed how expert layers can be
efficiently constructed and interleaved with dense transformer blocks, forming hybrid architectures that balance
performance and efficiency.

A central aspect of MoE models is the routing mechanism, which determines how tokens are dynamically
assigned to experts. We explored practical routing strategies based on top-k softmax selection, including
optional noisy routing for improved regularization. The concept of active weights was emphasized as the key
to computational efficiency, as only a subset of experts contributes to each forward pass. At the same time,
we highlighted the complexity of implementing routing in practice, particularly when managing variable-sized
expert inputs and ensuring efficient batching.

To address these challenges, we examined mechanisms such as expert capacity, which enforces fixed batch
sizes for each expert and improves hardware utilization. However, this introduces trade-offs, including the need
to drop excess tokens when capacity is exceeded. This illustrates a broader theme in MoE systems: the balance
between theoretical flexibility and practical implementation constraints.

The chapter also emphasized the importance of training stability, a key difficulty in MoE models. Issues such
as routing collapse and numerical instability were addressed through auxiliary loss functions, including load
balancing loss and router z-loss. These techniques encourage uniform expert utilization and prevent extreme
router outputs, while additional practices, such as running the router in full precision, using appropriate weight
initialization, and applying mixed precision training, further enhance stability.

Finally, we integrated all components into a complete MoE-based decoder-only transformer and explored its
pretraining process. Through practical experiments, we demonstrated how different stabilization techniques
contribute to successful training, showing that naive implementations often fail to converge, while carefully
designed systems can train reliably even on limited hardware.

In summary, the chapter highlighted that while MoE models offer substantial scalability advantages, their
successful deployment requires careful attention to both architectural design and implementation details.
Efficient routing, balanced expert utilization, and stable training procedures are all critical for unlocking the full
potential of MoE systems. As such, building MoE models is not merely an extension of standard transformers,
but a more complex engineering task that combines algorithmic insight with system-level considerations.
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This chapter explores advanced parallelism strategies for scaling Mixture of Experts (MoE)
models, focusing on how modern large-scale systems efficiently distribute computation across
multiple devices. It begins by introducing the need for multi-dimensional parallelism,
highlighting the limitations of single-device training and motivating the use of distributed
approaches that combine multiple parallelization techniques. The chapter first reviews the
fundamental forms of parallelism, including data, tensor, pipeline, and sequence parallelism,
as well as MoE-specific approaches such as expert parallelism and expert tensor parallelism.
Each method is examined in terms of its role in addressing memory constraints, improving
computational efficiency, and managing communication overhead, particularly in the context of
sparse MoE architectures. Building on these foundations, it is then presented a comprehensive
discussion of hybrid parallelism strategies, which combine multiple techniques to achieve
scalable and efficient training. It traces the evolution from homogeneous approaches, where
the same configuration is applied across all layers, to heterogeneous designs that exploit the
differences between dense and sparse components, and finally to dynamic methods that adapt
parallelism strategies at runtime. The growing importance of automatic parallelization systems
is also highlighted, showing how optimal configurations can be discovered through search
and optimization. A central part of the chapter is devoted to expert parallelism, detailing its
formulation, implementation, and trade-offs. This includes the mechanics of token routing,
All-to-All communication, and load balancing, as well as its integration with other parallel
dimensions. It is also analyzed how expert parallelism is applied in real systems, including
Switch Transformers and frameworks such as Tutel and DeepSpeed-MoE, where advanced
optimizations for communication, scheduling, and inference efficiency are introduced. Further
sections examine state-of-the-art large-scale systems, such as Pathways and Megatron-Core,
which rethink traditional distributed training paradigms. In particular, concepts like asynchronous
dataflow execution and parallel folding are presented as solutions to the inherent mismatch
between dense and sparse computations in MoE models. The chapter also covers industry-grade
implementations, including NVIDIA Megatron Bridge and vLLM, highlighting practical features
such as optimized token dispatching, load balancing, and elastic expert parallelism for dynamic
scaling and fault tolerance. Finally, the chapter addresses sequence parallelism techniques for
handling long-context workloads, including Megatron sequence parallelism, Ring Attention, and
Striped Attention. These methods demonstrate how communication patterns and computation
can be reorganized to reduce memory usage and improve scalability for very long sequences. The
chapter concludes with a practical implementation example, demonstrating how to build and train
a Mixture of Experts model using the DeepSpeed-MoE framework. This example illustrates how
expert parallelism and memory optimization techniques, such as ZeRO, can be applied in practice
to efficiently train and evaluate MoE models on real tasks.

7.1 Parallelism in Mixture of Experts

The rapid growth in model size enabled by MoE architectures makes single-device or single-node training
fundamentally inadequate for modern large language models. Scaling MoE systems requires distributed
training techniques that operate across several parallel dimensions. These include data parallelism for
distributing batches across devices, tensor parallelism for splitting computations within layers, and expert
parallelism for partitioning experts across accelerators [163, 184, 108]. To fully utilize modern multi-node
and multi-accelerator infrastructures, hybrid combinations of these strategies have become a cornerstone of
state-of-the-art MoE systems [228].

This section provides an overview of multi-dimensional parallelism methods used for large-scale MoE training.
We first describe fundamental parallel paradigms and discuss their roles in MoE architectures. Next, we
examine the progression of hybrid parallelism approaches: starting from uniform (homogeneous) designs,
moving to heterogeneous methods that differentiate between layer types, and finally dynamic techniques that
adapt to runtime conditions. This progression highlights a conceptual shift from static parallel configurations
toward adaptive and workload-aware optimization.

243



7.1.1 Fundamental Parallelism
Data parallelism

Data parallelism (DP) is one of the most commonly used strategies in deep learning. It distributes mini-batches
across multiple devices while keeping a full model copy on each device [119]. Each device independently
computes forward and backward passes and synchronizes gradients using AllReduce operations [174, 164].
This approach improves throughput by processing data in parallel, but it replicates model weights across
devices, leading to high memory usage. Consequently, DP becomes less efficient for extremely large models.

Tensor parallelism

Tensor parallelism (TP) divides large operations within a layer into smaller parts that can be computed across
multiple devices [184, 108]. Typically, tensors are split along rows or columns, and collective communication,
for example through AllReduce operations, is required to combine results during forward and backward
passes [146]. While TP helps address memory constraints, it introduces frequent synchronization overhead,
making it better suited for intra-node deployment where communication latency is lower.

Pipeline parallelism

Pipeline parallelism (PP) partitions a model into sequential stages, assigning each stage to a different device [89,
143, 60]. Data flows between stages through point-to-point communication, which is generally lighter than
collective operations. PP is beneficial in bandwidth-limited environments; however, it can suffer from pipeline
bubbles, causing idle time and reduced efficiency, particularly at the beginning and end of the pipeline [158].

Sequence parallelism and context parallelism

Sequence parallelism (SP) and context parallelism (CP) target inefliciencies when processing long input
sequences. Sequence parallelism splits inputs along the sequence dimension, reducing activation memory
in layers such as LayerNorm and Dropout [108, 130]. Context parallelism, on the other hand, partitions
attention key-value states, decreasing the memory footprint of attention computations [130]. CP can also
overlap communication with computation, improving overall performance [200].

Expert parallelism

In MoE models, feed-forward layers dominate memory usage due to large expert matrices. Expert parallelism
(EP) distributes different experts across devices [62, 242]. Since tokens are dynamically routed to experts, EP
requires All-to-All communication to redistribute tokens among devices [140, 163]. Each device only stores a
subset of experts, reducing memory overhead. In practice, EP is often combined with DP, with attention layers
handled via DP and expert layers via EP.

Expert tensor parallelism

Expert tensor parallelism (ETP) extends EP, by further splitting individual experts, when their size exceeds
device capacity [146, 171]. Unlike standard TP, which applies uniformly across all layers, ETP specifically
targets expert layers. This is useful when certain experts receive a disproportionate share of tokens [36].
However, it increases communication overhead due to additional synchronization, requiring careful balancing
between efficiency and cost.

7.1.2 Hybrid Parallelism

Although each parallel strategy offers specific advantages, combining them naively can lead to inefficiencies.
The main difficulty lies in mismatches between parallelization methods and the irregular computation patterns
of MoE models. For example, pipeline parallelism often results in excessive idle time due to uneven workloads.
Similarly, Fully Sharded Data Parallel (FSDP) increases the cost of weight gathering for experts compared to
dense models.

MoE systems present unique challenges: (i) different computation patterns between attention and expert layers,
(i1) dynamic workloads due to evolving routing behavior, and (iii) extremely large weight counts combined with
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sparse activation [114, 163]. Addressing these challenges has enabled the training of massive models, such as
GShard, with 600 billion weights and trillion-scale MoE systems.

The hybrid parallelism for MoE models can be classified into three categories, each addressing different
challenges: (i) homogeneous strategies that optimize parallelism approaches by considering both workload
and topology characteristics; (ii) heterogeneous approaches that exploit fine-grained intra-layer characteristics;
and (iii) dynamic parallelism techniques that adapt to runtime conditions (Figure 7.1).
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Figure 7.1: MoE hybrid parallelism techniques taxonomy in MoE training [228].

Homogeneous Hybrid Parallelism

Early systems applied the same parallelism configuration across all layers. For example, FastMoE uses
a consistent DP+EP scheme throughout the model [76], while DeepSpeed-MoE adds TP to create a
three-dimensional setup [163]. Later works introduced topology-aware optimizations, such as FasterMoE’s
communication modeling and Colossal-AI’s node-local expert placement [77, 120]. However, these methods
fail to exploit differences between attention and expert computations, leading to inefficiencies.

Heterogeneous Hybrid Parallelism

To address this limitation, heterogeneous approaches apply different strategies to different components. GShard
uses DP for attention layers and EP for MoE layers [114]. Other systems, like DeepSpeed-TED and EZ-MoE,
extend this idea through hierarchical and optimized parallel designs [185, 120]. Megatron-Core introduces
parallel folding to decouple parallelism across layer types, improving scalability [41, 127]. Advanced
approaches such as FSSDP further improve memory efficiency through sparse weight materialization [159].

Heterogeneity is also explored at the hardware level. Systems like HeterMoE assign different computations
to devices based on their capabilities [214], while HEXA-MOoE introduces specialized operators to improve
efficiency on diverse hardware [134]. Additionally, some works adapt parallelism strategies across different
training phases to match varying computational demands [155].

Dynamic Hybrid Parallelism

Because MoE workloads change during training, static parallelism can become suboptimal. Dynamic
approaches adapt strategies at runtime based on system conditions and workload changes. Tutel enables flexible
switching between parallel modes using a unified data layout [140]. MPipeMoE and related systems adjust
pipeline depth and resource allocation dynamically to handle fluctuating memory and compute demands [235].
Predictive techniques further anticipate workload changes to prevent bottlenecks [234].
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Automatic Parallelization

Due to the complexity of selecting optimal configurations, automated tools have been developed to determine
efficient parallel strategies. Systems such as Alpa, Aceso, nnScaler, and Mist formulate parallelization as
an optimization problem [239, 129, 125, 245]. In MoE models, expert placement becomes an additional
dimension, leading to adaptive approaches like SmartMoE and Prophet [225, 203].

7.2 Expert Parallelism

Expert parallelism (EP) refers to a model-parallelism strategy in which the different expert sub-networks are
distributed across devices, often GPUs, rather than being replicated or tensor-sharded in the usual way. As we
have seen in Chapter 5, an MoE model comprises a gating network that selects a subset of expert networks,
for example, feed-forward layers, to process each input token. By activating only a few experts per input, one
gains a weight-efficient model that uses a huge total weight count while keeping the computation cost at a lower
value [21].

EP leverages this sparsity during distributed training and inference, where each device holds one or more experts
rather than all experts, and tokens are routed to the devices which hold the selected experts. This contrasts with
tensor parallelism, where we split weights of a layer across devices, or pipeline parallelism, which splits layers
across stages. EP is a type of model parallelism that distributes experts of an MoE across GPUs, but unlike other
model-parallel techniques, EP is applied to only the expert layers thus does not impact the parallel mapping of
the remaining layers.

In this section, we will lay out the definition and motivation for expert parallelism, how it fits into the
taxonomy of parallelism approaches, such as data, tensor, or pipeline parallelism, and the high-level benefits
and trade-offs.

7.2.1 Definition and Taxonomy

More formally, consider a MoE layer in a neural network. Suppose there are E experts in this layer, labeled
f1, f>, .., fe. An input token vector x is routed via a gating function g(x) that selects a subset of experts, often
the top-k scoring experts, to process x. In this scenario, the MoE layer output for this token is a weighted sum
of the experts’ outputs, as indicated in Equation 7.1.

E
y= Z wi(x) fi(x) (7.1)
i=1

where w;(x) are non-zero only for the selected subset of experts.

In EP, each expert f; is assigned to a particular device d;, or group of devices. Thus, device d; might host a
subset of experts &; C {&1,E,,...,Eg}. Then, when tokens are routed, one must send the token data to the
device(s) hosting the selected experts, compute f;(x), and then collect the outputs. This allows each device to
perform full expert forward and backward passes for the experts it hosts.

EP can be thought of as a specialization of model parallelism particular to MoE architectures. Many large MoE
systems use a hybrid parallelism combining, such as DP + TP + EP, to scale the model over three dimensions:
data, tensor weights, ans expert networks.

There are a few reasons for expert parallelism being relevant.

o weight scale: MoE models often have a huge weight count, often tens of billions, while they only activate
a small fraction of weights per input. EP allows distributing those weights across devices, so no single
device must hold all of them. As models scale to larger sizes and fail to fit on a single GPU, we require
more advanced forms of parallelism. EP is a form of model parallelism where we place different experts
on different GPUs for better performance.
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o FLOP/activation efficiency: By routing each input token to a small subset of experts, the model needs
fewer FLOPs than activating all experts. EP then ensures that the computational workload is distributed
across devices and each device executes reasonably large matrix multiplications rather than many tiny
multiplications.

¢ Memory efficiency: Because not all experts are active for each input, and each device holds only part of
the experts, the peak memory footprint per device is reduced compared to naive replication of all experts.

e Scalability: EP enables scaling the number of experts £ and the model capacity without linearly
increasing the per-token compute budget, assuming that only a small number of experts is active per
token. This helps achieve almost constant cost per token with increasing weight count.

EP provides an elegant mechanism to map sparsely activated experts onto distributed hardware while preserving
high model capacity. It relies on efficient all-to-all communication and balanced routing to ensure scalability.
Modern frameworks optimize these aspects through load-balancing losses, fused collective operations, and
hybrid parallel designs.

EP works by partitioning experts across multiple devices and dynamically routing token representations to
the appropriate devices that host the selected experts. Each expert is a self-contained network, typically a
feed-forward network within a transformer block. During the forward pass, each input token is assigned to
one or more experts according to the routing probabilities produced by the gating network, which can be
softmax-normalized linear projection of the token embeddings.

Formally, let E denote the total number of experts and D the number of available devices. We define an
expert-to-device mapping function ¢ : {E1,E,,...,E} = {D1, Ds, ..., Dp}, such that expert &; resides on the

device given by ¢(i). Each token x; is routed to a subset of experts S ; = {&;1, ..., &k} with the corresponding
gating scores wji, ..., wj. The forward pass output is computed with Equation 7.2.
vi= D wife(x)) (7.2)
8,'€Sj

where fg, is the expert network functionality, typically implemented with a two-layer MLP and a non-linear
activation function.

This dynamic routing implies an all-to-all communication pattern between devices: tokens assigned to experts
on remote devices must be sent to those devices, processed, and returned. The design challenge in EP is
therefore to minimize communication overhead and maintain load balancing so that each device processes a
similar number of tokens. The common implementation of all-to-all routing in MOEs follows the next steps,
which are used in systems like GShard [114], switch transformers [62], and DeepSpeed-MoE [163].

e Token grouping: For each token, the router determines the top-k experts. Tokens are grouped by
destination expert.

o All-to-all dispatch: Each device sends token embeddings to the devices hosting the relevant experts. This
step dominates communication cost.

e [ocal expert computation: Each device executes its local experts on the received tokens, producing expert
outputs.

o AllGather: Expert outputs are sent back to the originating devices.

e Combination: The multiple outputs for each token are combined through a weighted sum, where the
weights are the gating scores w j;, to produce the final MoE layer output.

In the frameworks that support MoE modeling, both dispatch and gather operations are implemented using
highly optimized collective primitives such as NCCL all-to-all or fused CUDA kernels. The cost is largely
proportional to O(B - H/D), where B is the minibatch size, H is the expert layer hidden dimension, D is the
number of devices, and assuming uniform routing.
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The performance of EP is determined by the ratio of communication time 7.y, to computation time fcomp. Let
T denote the total number of tokens per batch, k the number of selected experts per token, E the number of
experts, and D the number of devices. A simplified cost model can be defined through Equations 7.3, 7.4,
and 7.5.

fiotal ® fcomp T fcomm (7.3)
B-k-H
I e —— 7.4
comm & D-BW (7.4)
B k-H?
(7.5)

l‘ -
comp % 5 TELOPs

where BW is the interconnect bandwidth and 7 F LOPs is the compute throughput per device. Efficient systems
therefore aim to (i) minimize k, (ii) overlap communication with compute, and (iii) route tokens so that most
stay local to a node. State-of-the-art frameworks, such as Megablocks [65] and DeepSpeed-MoE [163], adopt
block-sparse layouts and fused all-to-all operations to reach near-linear scaling up to hundreds of GPUs.

Since expert parallelism only distributes MoE layers, production-grade systems often combine it with other
parallelism types: (i) data and expert parallelisms, where each data-parallel replica holds a different subset
of experts, reducing memory cost per GPU while maintaining large global batch size; (ii) tensor and
expert parallelisms, where inside each expert, weight matrices are tensor-parallelized to fit very large hidden
dimensions [56]; (iii) pipeline and expert parallelisms, where different layers are placed in pipeline stages while
MOoE experts are spread within each stage [9].

These hybrid solutions achieve efficient scaling across thousands of accelerators. For instance, Google’s
Pathways system [9] demonstrated scaling of MoE models to trillions of weights using combinations of data,
tensor, and expert parallelisms.

7.2.2 Advantages of Expert Parallelism
Expert parallelism offers several key benefits.

Efficient resource usage: By storing only a subset of experts per device, memory requirements are significantly
reduced, enabling much larger models.

Scalability: Model size can grow by adding more experts and devices, supporting trillion-scale architectures
such as switch transformer and GShard.

Faster training: Sparse activation allows increased model capacity without proportional computation growth,
leading to reduced training time, where 4 times speedups were reported.

7.2.3 Challenges of Expert Parallelism

Communication overhead: Token routing requires All-to-All communication, where tokens are sent to and from
expert devices. This can dominate runtime if not carefully optimized.

Load balancing: Uneven token distribution can overload certain experts. Designing gating mechanisms that
balance performance and fairness is critical.

Infrastructure demands: Efficient EP relies on high-performance interconnects.  Without optimized
communication, such as NVLink and InfiniBand, scalability is limited due to the network bottleneck.

7.3 Parallelism in Switch Transformers

Expert and Data Parallelism

Next, we describe the partitioning strategy for expert and data parallelism in switch transformers [62]. In the
explanation, we will use the following notation: B is the number of tokens in the minibatch, N is the number of
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cores/devices, n is the data parallelism degree, m is the model parallelism degree, E is the number of experts in
switch layers, and C is the expert capacity, that we can view as the batch size of each expert.

Switch transformers will allocate all of their cores to the data partitioning dimension 7, which also corresponds
to the number of experts in the model. For each token, a router local to each core computes its assignment to
the experts. The output is a binary matrix of size [n, B/n, E, C], which is partitioned across the first dimension
and determines expert assignment. This binary matrix is then used to implement a gather operation through a
matrix multiplication with the input tensor of size [n, B/n, dyoqe1]. This operation can be expressed in Einstein
notation as indicated by Equation 7.6.

einsum([n, B/n, doqell, 1, B/n, E, C], dimension = [B/n]) (7.6)

resulting in the final tensor of shape [n, E, C, dyu0q4.1], Which is sharded across the first dimension. Because each
core has its own expert, we do an all-to-all communication of size [E, C, djoder] to now shard the E dimension
instead of the n-dimension. There are additional communication costs of bfloat16 tensors of size EXC Xdode1
in the forward pass to analogously receive the tokens from each expert located on different cores.

Expert, Model and Data Parallelism

Expert, model and data parallelism are combined to balance the FLOPS per token and the weight count. When
the number of experts is scaled, the number of weights is increased, but do not change the FLOPs per token. In
order to increase FLOPs, we must also increase the feed-forward network dys dimension, which also increases
the model’s weights, but at a slower rate. This presents a trade-off: as we increase dyy, we will run out of
memory per core, which then requires that we increase m. But since we have a fixed number of cores N, and
N = n X m, we must decrease n, which forces us to use of a smaller minibatch size in order to hold tokens per
core constant.

When combining both model and expert parallelisms, we will have an all-to-all communication cost for routing
the tokens to the correct experts along with the internal AllReduce communication cost associated to the model
parallelism. Balancing the FLOPS, communication costs and memory per core becomes quite complex when
combining all three methods where the best mapping is empirically determined.

7.4 Parallelism in Tutel

Tutel [140] is a comprehensive MoE framework that enables the construction of full MoE layers with built-in
adaptive optimizations. These optimizations are seamlessly integrated and remain transparent to developers,
meaning that Tutel does not alter the standard interfaces of existing deep learning frameworks and can be easily
incorporated into them.

The dynamic behavior of MoE layers introduces additional complexity, especially when attempting to
accelerate a single expert using multiple GPUs to improve throughput. Prior studies have shown that
increasing the number of experts yields diminishing returns beyond a certain threshold, typically around 256
experts [163, 36, 61]. As a result, large-scale systems often deploy relatively few experts compared to the
number of available GPUs, assigning multiple GPUs to each expert to boost performance.

We consider three common parallelization techniques previously applied to MoE systems [61]: expert
parallelism (EP), which distributes experts across devices; data parallelism (DP), which partitions input data;
and model parallelism (MP), which divides computations within a single expert. These techniques can also be
combined to form hybrid configurations.

In this section, we will use the following notation: W is the world size used for All-to-All exchange, D is the
feed-forward network (FFN) channel count for each sample, H is the FEN hidden size for each sample, E; is
the number of local experts per GPU, E is the total number of experts, C, is the token capacity per GPU, C is
the total token capacity across GPUs, P is the total weights of all experts, and f is the the capacity factor.
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Experimental observations indicate that relying on a fixed parallelization strategy is often inefficient in dynamic
workloads. For instance, Figure 7.2 compares EP+DP and EP+MP under varying conditions. The results show
that performance differences between these two approaches can range from 7.39% to 27.76%, depending on
workload characteristics. This highlights that no single configuration is universally optimal.
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Figure 7.2: Runtime preferences of two different parallelism methods. The Y-axis measures the throughput ratio of EP+MP to EP+DP.
It compares their throughput under varying capacity factor f, varying the amount of workload, and different top-k configurations,
where greater than 1.0 implies that EP+MP outperforms EP+DP, and vice versa. Model configuration: the feed-forward network
hidden size is 16k, the feed-forward network channel size is 2048, and the minibatch size is 4 [140].

Switching between parallelization schemes during execution, however, introduces significant overhead.
Existing implementations typically bind training to a specific strategy, as different approaches impose distinct
requirements on data partitioning, weight distribution, optimizer states, and execution APIs. Moreover,
transitioning between strategies requires costly weight redistribution, as illustrated in Figure 7.3. These
challenges largely explain why runtime switching is rarely adopted.

EP+DP MP

[ Gpuo |[ Gpul GPUo || GPUI

5 PE igration EL E}
instance | GPU2 T GPu3 — cr2 || GPU3
R

partial gradient  partial gradient

Figure 7.3: Weight migration due to switching parallelism between conventional EP+DP and MP. EY refers to the p-th slice (in model
parallelism) of the i-th expert. When superscript p is not included means that there is no slicing. EP+DP replicates each expert on two
GPUs each, and MP slices each expert across four GPUs, respectively [140].

7.4.1 Static Pipelining

MoE layers shown in Figure 7.4 often fail to fully utilize GPU resources because All-to-All communication and
feed-forward network (FFN) computation are executed sequentially to dispatch tokens and combine outputs.
Since All-to-All primarily involves data transfer rather than heavy computation, overlapping it with FFN
execution can significantly improve utilization. As demonstrated in Table 7.1, this overlap can provide speedups
of up to 1.86x.
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Figure 7.4: Example of an MoE layer across three GPUs, expert E; on GPU i. G represents the gating function that is shared across
all GPUs. Different colors or patterns indicate different samples (columns of inputs) and different color gradients indicate different
tokens within a sample (rows of inputs). This example considers two samples per batch, six tokens per sample, and evenly dispatched
with top-1 routing with a capacity factor of 1.0 [140].

Number of GPUs 16 64 256
MOoE overhead (ms) 560.9 | 698.9 | 866.4
Computation overhead (ms) | 371.8 | 375.1 | 386.3
All-to-All overhead (ms) 189.1 | 323.8 | 491.3
All-to-All overhead ratio 33.7% | 46.3% | 56.7%
Potential overhead saving 33.7% | 46.3% | 43.3%
Potential speedup 1.51 x | 1.86 x | 1.76 %

Table 7.1: Ratio of All-to-All overhead and potential speedup by fully overlapping All-to-All and computation in a typical MoE setting.
Model configuration: the feed-forward network hidden size is 4k, the feed-forward network channel size is 4k, two experts per GPU,
and 64k tokens per iteration [140].

Nonetheless, static pipelining approaches struggle to cope with the variability of MoE workloads. As depicted
in Figure 7.5, optimal performance depends on both the choice of All-to-All algorithm, Linear or 2DH, and the
degree of pipelining. Linear communication performs better at smaller scales (blue bars), whereas hierarchical
(2DH) approaches are more effective at larger scales (red bars). This variability implies that fixed configurations
are insufficient, motivating dynamic optimization during runtime.
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Figure 7.5: The distribution of optimal pipeline strategies for various MoE workload configurations. Each column indicates the number
of configurations that perform best with the strategy described on X-axis [140].
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Furthermore, the interaction between computation and communication complicates optimization. Performance
differences between communication strategies may vary significantly when executed concurrently with
computation kernels, making isolated evaluation unreliable. Effective optimization must therefore consider
both aspects jointly.

7.4.2 Adaptive Parallelism Switching
Minimal subset for switching

Although there are seven possible configurations for combining expert, data, and model parallelisms,
implementing all of them is unnecessary. Instead, Tutel reduces the problem by analyzing communication
complexity, as computation cost remains consistent across strategies. As summarized in Table 7.2, methods
that are suboptimal or equivalent to others can be eliminated.

This analysis shows that only two configurations need to be supported: DP and EP+DP+MP. These are
sufficient to achieve optimal performance across different scenarios. In this way, the rest of the section focuses
only on DP and EP+DP+MP.

Parallelism method | Communication complexity Limitation | Comment

(D DP O(P) - Possibly optimal

Q) MP OC, - W) - No better than (6)

(3)EP o(Cy) E/W >1 | No better than (6)

(4) DP+MP O(Cq -1+ P/r) 1 <r < W | No better than (7) for any r

(5 EP+DP O(Cq + P/E) - A special case of r = 1 in (7)

@ EP+MP O(C, - max{1, W/E}) - A special case of r = W/E in @
O(Cq - W/E), if r > W/E

@ EP+DP+MP O, -r+P/E[r),if 1 <r <W/E | - Possibly optimal

Table 7.2: Analysis on communication complexity of MoE parallelism in Tutel [140].

Execution flow of zero-cost switchable parallelism

As discussed in Section 7.4.1, a switchable parallelism mechanism must preserve a consistent data layout and
execution pattern across different configurations of MoE training. In the following, we describe the designs
for both DP and EP+DP+MP. The term zero-cost indicates that transitioning between parallelism schemes
introduces no additional overhead beyond O(1) associated with lightweight weight or token relocation.

Switchable data parallelism

The switchable DP scheme largely follows standard data-parallel training, where each device processes its local
subset of tokens. However, model weights are partitioned according to the ZeRO stage-3 strategy [164] (see
Figure 7.6). In this design, each GPU stores only a distinct shard of the weights. During the forward pass,
a global AllGather operation reconstructs the full weight set, while the backward pass uses ReduceScatter to
distribute the gradients.

This differs from conventional DP, which typically performs a single AllReduce during the backward pass.
Nonetheless, both approaches have equivalent communication complexity, since AllIReduce can be decomposed
into a ReduceScatter followed by an AllGather. In Figure 7.7, the configuration r = 0 corresponds to this
switchable data parallel mode.

Switchable EP+DP+MP

The hybrid EP+DP+MP configuration is designed to be fully compatible with switchable data parallelism.
Both approaches share the same input format and weight partitioning scheme (Figure 7.8). Internally, however,
the computation is organized to match the communication and computational complexity expected for the
combined EP+DP+MP setting, as described in (7) of Table 7.2.

A tuning parameter r is introduced to indicate how GPUs are grouped. Specifically, all devices are divided
into multiple groups of size [(W/E)/r]. DP is applied within each group, while MP is used across groups. At
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Figure 7.6: An example of data parallel execution flow in Tutel. AllGather is performed across all W GPUs [140].
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Figure 7.7: Specifying a parallelism method using adaptive:r, with max standing for the value [W/E7, and all r values larger than
this upper-bound are treated as [W/E1 [140].

the start of execution, tokens are replicated r times in a manner similar to MP. At the end, a local reduction
aggregates the results. AllGather communication is restricted to devices in the same group.

As r increases, the group size decreases. When r reaches W/E, each group contains a single device,
effectively eliminating intra-group communication. This explains why for r > W/E, the additional O(P/E/r)
communication cost disappears. In Figure 7.7, values of r ranging from 1 to W/E correspond to EP+DP+MP
configurations. The border cases r = 1 and » = max = [W/E] correspond exactly to EP+DP and EP+MP,

respectively.
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Figure 7.8: An example of EP+DP+MP execution flow in Tutel. Local repeat generates r copies of gating function results, local sum
reduces r outputs from MoE combine, and all-gather is performed across [(W/E)/r] GPUs [140].

7.4.3 Adaptive Pipelining for All-to-All Communication

This section introduces the concept of adaptive pipelining in Tutel. Since the latency of All-to-All
communication plays a crucial role in determining the optimal pipelining configuration, the proposed approach
jointly optimizes both the pipelining depth and the choice of All-to-All algorithm, Linear or 2DH. While the
present discussion focuses on token partitioning for pipelining, Section 7.4.4 explains how the system identifies
the optimal combination of pipelining weights and communication strategies.
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Token partitioning for multi-stream pipelining

To effectively overlap computation and communication, tokens must be divided into smaller segments, enabling
fine-grained parallel execution across multiple GPU streams. Each stream can then independently handle
computation or communication tasks. Traditional partitioning methods, such as batch splitting or pipeline
parallelism [89], typically divide all operations in a layer. However, applying such strategies directly to MoE
models is problematic, as it can worsen load imbalance during token dispatch and interfere with mechanisms
such as batch prioritized routing [170].

To address these issues, Tutel adopts a more selective partitioning approach: instead of dividing the entire MoE
layer, only the two All-to-All communication steps and the intermediate expert computation are partitioned.
This design avoids disrupting routing behavior while still enabling effective overlap. Figure 7.9 illustrates this
strategy in a two-GPU setting.

(E,Cq.D) 2x(E ‘@,D) 2 (Eg, <, D) 2X(QW%,D) 2x (E,2,D) (E.C.,D)

N )
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Split to C; All-to-All(C;)  Expert(C;)  All-to-All(C;) Merge C;

Figure 7.9: Overview of token partition on two-expert-two-GPU for overlapping All-to-All communication with expert computation.
E; means data is sent to i-th GPU and processed by i-th expert, and C; means data belongs to i-th partition of capacity dimension.
All-to-All and expert operations of different capacity partitions can be overlapped [140].

During the forward pass, each GPU receives input tensors of shape (E, Cg, D), which are divided along the
capacity dimension into two smaller partitions, each with shape (E, Cy/2, D), denoted as Cy and Cy. These
partitions are processed asynchronously. Specifically, each partition C; is first sent to execute an All-to-All
operation on the communication stream in sequence order. The customized All-to-All operator accepts these
partitioned inputs and performs data shuffling on-the-fly, producing outputs of shape (E,, C/2, D).

Once an All-to-All operation completes for a partition, its corresponding output is immediately scheduled for
expert computation on a separate computation stream. After the expert computation finishes, the resulting data
is sent to a second All-to-All operation, again on the communication stream. A synchronization barrier is
placed after completing the second All-to-All step. Following this barrier, the partitioned outputs are merged
to reconstruct the final tensor of shape (E, Cy, D).

The backward pass mirrors this workflow. The inputs are replaced by gradients of the outputs, the expert
computation is replaced with the corresponding backward operations, and the final result yields gradients with
respect to the original inputs.

It is important to note that all partitioning, reshaping, and merging operations are implemented using specialized
operators that operate in-place. As a result, this design avoids additional memory copy overhead compared to
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non-overlapped execution.

7.4.4 Dictionary of Optimal Parallelism and Pipelining

Tutel maintains a lookup structure to store the optimal configurations for parallelism and pipelining across
different ranges of expert capacities. Concretely, this structure is implemented as a hash map of the form
lc/R] — {r*,d",a"}, where ¢ denotes the expert capacity observed in a given training iteration, and R defines a
discretization window, whose default value is 128, that groups nearby capacity values into the same index. The
tuple {r*,d*,a"} represents the best-performing configuration, including the adaptive parameter r, the chosen
pipelining depth, and the selected All-to-All communication strategy, respectively.

To construct this mapping in advance, the system evaluates candidate configurations for each possible key
value | ¢/R]. The number of required trials to determine the optimal configuration is relatively small and can be
estimated using Equation 7.7.

trials per key = (log3/2|'W/E'| + 2) 4.2 7.7)

where (10g3 nIWIET+ 2) is the number of needed trials to search for r+ via Ternary Search because r in range
[1,[W/E] — 1] determines a convex optimal distribution, plus two extra trials for r = 0 and r = [W/E].
The factor "4" is the number of needed trials for d*, since we limit the search space of the pipelining degree
to {1,2,4,8}. To our practices, larger degrees than 8 hardly improve the overlapping between computation
and communication, while significantly inflating All-to-All overhead. The factor "2" refers to the number of
All-to-All algorithms, Linear and 2DH.

7.5 DeepSpeed-MoE

7.5.1 Pyramid Residual MoE Architecture

DeepSpeed-MoE introduced an enhanced MoE design that improves the effectiveness of expert utilization
across model layers [163]. The authors observed that later layers benefit more from increased expert capacity.
Based on this insight, the proposed Pyramid-MoE structure allocates a larger number of experts to deeper layers
compared to earlier ones. As illustrated in Figure 7.10 (ii), the final layers may contain twice as many experts
as initial layers.

In addition, a Residual-MoE architecture is proposed, where each token is processed through both a shared
dense MLP and a selected expert. In this design, the dense MLP provides a consistent computation path, while
the routed expert introduces specialization. In Figure 7.10 (ii), the fixed MLP components are represented by
the orange blocks.

By integrating Pyramid-MoE and Residual-MoE, the resulting architecture is referred to as
Pyramid-Residual-MoE (PR-MoE), in which all conventional MoE layers are replaced by PR-MoE layers.
Figure 7.10 illustrates the differences between (i) standard MoE and (ii) PR-MoE designs.

This section first describes how MoE models can be trained efficiently using expert parallelism. We then outline
the limitations of applying these techniques directly to PR-MoE models, followed by proposed extensions to
support efficient training of PR-MoE architectures.

Efficient training of MoE models

Achieving high efficiency in MoE training requires maintaining sufficiently large token batches for each expert
to ensure effective utilization of computational resources. However, in MoE layers, input tokens are divided
among multiple experts, which reduces the number of tokens processed by each expert compared to dense
layers.

A straightforward solution is to combine data parallelism with expert parallelism [105], typically aligning
the degree of expert parallelism with the number of experts. This approach increases the overall number of
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Figure 7.10: Illustration of (i) standard MoE and (ii) PR-MoE [163].

tokens processed per MoE replica, ensuring that each expert receives an adequate workload and maintaining
comparable efficiency to dense layers.

Challenges in training PR-MoE

Training PR-MoE models introduces additional complexity due to the variable number of experts across layers.
As previously noted, setting expert parallelism equal to the number of experts is often optimal for standard MoE
models. However, this strategy cannot be directly applied to PR-MoE, where different layers have different
expert counts.

If the parallelism degree is chosen based on the smallest number of experts, layers with more experts will
require mapping multiple experts onto a single GPU. This leads to reduced batch sizes per expert and higher
memory consumption. Conversely, selecting the parallelism degree based on the largest expert count results
in uneven workload distribution, as some GPUs handle more experts than others, causing load imbalance and
reduced efficiency.

DeepSpeed-MoE with multi-expert and multi-data parallelism

To overcome these limitations, an extended parallelization strategy is implemented within DeepSpeed-MoE.
This approach introduces flexible multi-expert and multi-data parallelism, allowing different layers to use
distinct parallel configurations.

For example, consider a PR-MoE model deployed on 128 GPUs with layers containing 32, 64, or 128 experts. In
this case, non-MoE components can be trained using 128-way data parallelism, while MoE layers use variable
expert parallelism degrees, {32, 64, 128}, combined with the corresponding data parallelism degrees, {4,2, 1}.
This ensures that each GPU is responsible for exactly one expert per layer, regardless of the total number of
experts.

As a result, this design eliminates the reduction in tokens per expert, avoids load imbalance, and prevents
additional memory overhead. With this flexible framework, DeepSpeed-MoE [105] can efficiently train
PR-MOoE models and adapt to future MoE variants with heterogeneous expert configurations.
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7.5.2 DeepSpeed-MoE Inference

Efficient inference is essential for making MoE models practical in real-world applications, where both latency
and computation cost are critical factors. Unlike training, inference typically operates with small batch sizes,
meaning that latency is dominated by the time required to fetch model weights from memory rather than raw
computation. Consequently, inference performance in MoE models is largely determined by two key aspects:
the total weight count of the model and the effective memory bandwidth available.

Here, we will focus on system-level optimizations aimed at maximizing memory bandwidth utilization.
Specifically, DeepSpeed-MoE (DS-MoE) leverages a distributed multi-GPU setup to aggregate memory
bandwidth across many devices, thereby accelerating inference. This approach enables significant performance
gains, achieving up to 7.3x lower latency and reduced computation cost compared to baseline MoE systems,
as well as up to 4.5x% faster inference and 9% lower computation cost relative to dense models with comparable
quality. DS-MOoE is part of the broader DeepSpeed inference framework described in [6].

7.5.3 Design of DeepSpeed-MoE Inference System

MoE inference presents a unique trade-off between best-case and worst-case execution scenarios: (i) In the
most favorable case, each token routed through an MoE model, using for example top-1 gating, activates only
a single expert per layer. As a result, the effective computation path corresponds to the size of the underlying
dense model, which is significantly smaller than the total weight count. For instance, in a 1.3B+MoE-1284
model, only about 1.3 billion weights are accessed per token, despite the full model containing 52 billion
weights; (ii) In contrast, the worst-case scenario arises when different tokens within a batch activate different
experts. In such situations, the combined set of accessed weights may approach the full model size, making it
difficult to achieve low latency and high throughput.

The goal of the DeepSpeed-MoE inference system is to move performance closer to the best-case scenario.
This is accomplished through three complementary strategies.

o Model partitioning and parallelism: The model is carefully distributed across multiple GPUs using
appropriate parallelism techniques. Tokens that share similar execution paths are grouped and processed
together, reducing redundant weight loading and maximizing effective memory bandwidth.

¢ Communication optimization: Efficient scheduling and coordination of communication operations
ensure that token routing and data movement across devices are performed with minimal overhead.

o Kernel-level optimization: Specialized optimizations for transformer and MoE operations improve
execution efficiency on each device, further reducing inference latency.

The following sections provide a detailed analysis of these three optimization strategies.

7.5.4 Flexible Combination of Tensor-Slicing, Expert-Slicing, Data Parallelism, and Expert
Parallelism

To enable low-latency and high-throughput inference for large-scale MoE models, our system is designed
with three key objectives: reducing the critical path of data processing on each device, maximizing the
utilization of aggregate memory bandwidth, and leveraging the combined memory capacity of multiple GPUs.
To achieve this, we employ a combination of parallelization techniques: (i) expert parallelism [105] together
with expert-level weight slicing for MoE components, and (ii) data parallelism and tensor-slicing for non-expert
components. Figure 7.11 illustrates how these strategies are applied within a single MoE Transformer layer,
which consists of both expert modules, like feed-forward networks, and non-expert components, like attention
layers.

In the following, we describe how different parts of the model are partitioned and processed.
Expert parallelism and expert-slicing for expert weights

As highlighted by the MoE inference trade-off, although each token activates only a single expert per layer, a
batch of tokens may require access to a large portion, or even the entirety, of the expert weights. This creates
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Figure 7.11: DS-MoE design that embraces the complexity of multi-dimensional parallelism for different partitions, expert and
non-expert, of the model [163].

challenges for achieving both low latency and high throughput.

To mitigate this, experts are distributed across multiple devices, and tokens that are routed to the same expert
are grouped together and processed along a shared execution path. Using expert parallelism, different groups
of tokens can be processed concurrently on different GPUs, improving throughput while limiting the weight
footprint per device.

For example, in a 1.3B+MoE-128 model, setting the expert parallelism degree to 128 ensures that each GPU
handles a single expert and its corresponding token group. In this case, the effective model size per device is
reduced to approximately 1.3 billion weights, significantly smaller than a dense model of equivalent quality,
which has 6.7B weights. In an ideal scenario without communication overhead, this reduction suggests that
MoE inference could achieve up to 5x speedup.

To further enhance scalability, we introduce expert-slicing, which extends tensor-slicing techniques to expert
weights. This approach partitions individual experts across multiple GPUs, either horizontally or vertically,
providing an additional level of parallelism. Expert-slicing is particularly beneficial in latency-sensitive
scenarios where the system scales beyond the number of available experts.

Data parallelism and tensor-slicing for non-expert weights

While expert parallelism effectively reduces the weight footprint associated with expert modules, it does not
address the non-expert components of the model. These components, such as attention layers, can still dominate
memory usage and limit performance due to constraints of individual GPU memory and bandwidth.

To overcome these limitations, tensor-slicing is applied within a node, distributing non-expert weights across
multiple GPUs. This allows the system to leverage both the combined memory capacity and the aggregate
memory bandwidth within a node, enabling support for very large non-expert weight counts.

Although tensor-slicing could, in principle, be extended for multiple nodes, doing so typically incurs significant
communication overhead and reduces computational efficiency due to smaller workload granularity. Instead,
inter-node scaling is achieved using data parallelism, where replicas of non-expert weights process different
input batches independently. This strategy avoids inter-node communication costs and maintains efficient
utilization of computational resources.
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Synergy of multidimensional parallelism

By integrating expert parallelism and expert-slicing with tensor-slicing and data parallelism, the DS-MoE
inference framework can scale to extremely large models, including those with trillions of expert weights and
hundreds of billions of non-expert weights. This multidimensional parallelization minimizes the processing
burden on individual devices while leveraging the aggregated bandwidth and memory resources of large GPU
clusters.

As aresult, the system is able to achieve both low latency and high throughput at scale. However, fully realizing
these benefits also depends on efficient communication primitives and optimized device-level kernels, which
are discussed in the subsequent sections.

7.5.5 Optimized Communication Subsystem

Expert parallelism relies heavily on All-to-All communication across devices that host the different experts. In
DeepSpeed-MoE, this communication is initially implemented using NCCL through the torch.distributed
interface. However, at large scale, this approach introduces significant overhead. To improve performance,
the authors designed a customized communication layer that integrates Microsoft SCCL [20], achieving better
efficiency compared to the standard NCCL implementation.

Even with these optimizations, scaling expert parallelism to a large number of devices remains challenging, as
communication latency tends to increase linearly with the number of participating GPUs. To mitigate this issue,
they also introduced two communication optimizations that leverage low-level point-to-point NCCL primitives
and specialized CUDA kernels for data layout transformations.

Hierarchical All-to-All

Hierarchical communication strategies are commonly used in collective operations such as AllReduce and
broadcast to reduce communication depth. Inspired by this idea, they implemented a hierarchical All-to-All
mechanism using a two-stage process. First, a data layout transformation is applied, followed by an intra-node
All-to-All communication. A second transformation is then performed before executing an inter-node
All-to-All.

This hierarchical structure reduces the effective communication complexity from O(p) to O(G + p/G), where
G denotes the number of GPUs per node and p represents the total number of GPUs. Figure 7.12 illustrates
this design. Although this approach increases the total volume of communication by approximately a factor of
two, it improves scalability in practice, particularly for small batch sizes where latency dominates bandwidth
considerations.

Complexity: O (G+p/G) vs. O (p) for basic alltoall
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Figure 7.12: Illustration of the DeepSpeed-MoE hierarchical All-to-All design [163].
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Parallelism-coordinated communication optimization

Effectively coordinating communication across multiple parallelism dimensions, such as expert parallelism,
tensor-slicing, and data parallelism, is non-trivial. Tensor-slicing distributes computations across devices and
requires AllReduce operations, whereas expert parallelism assigns different experts to devices and requires
All-to-All communication. Treating these communication patterns independently results in inefficiencies.

A more efficient approach leverages the interaction between these parallel strategies. During tensor-slicing,
the AllReduce operation replicates data across participating devices. When tensor-parallel computations are
followed by expert-parallel operations, this redundancy can be exploited to restrict All-to-All communication
to smaller subsets of devices. Specifically, All-to-All exchanges can be performed only among devices sharing
the same tensor-parallel rank, instead of across all expert-parallel devices, as illustrated in Figure 7.13. This
reduces the communication latency from O(p) to O(p/L), where L is the tensor-slicing degree.

A similar optimization applies when the execution order is reversed. If expert-parallel computation is followed
by tensor-slicing operations, the All-to-All communication can still be restricted to subsets of devices. This
is then followed by an AllGather operation across tensor-parallel groups to replicate the required data. In this
case, the overall latency is reduced from O(p) to O(p/L) + O(L).

These optimizations significantly improve scalability. For example, in a system with 128 GPUs using 8-way
tensor-slicing and 128-way expert parallelism, the communication cost of the All-to-All operation can be
reduced from approximately (128C; + C5) to (16Cy + C3), where C;| and C, are constants related to latency,
message size, and bandwidth characteristics.

Parallelism-coordinated AlltoAll optimization
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Figure 7.13: Illustration of the DeepSpeed-MoE parallelism coordinated communication [163].

7.5.6 Optimized Transformer and MoE Kernels

The DS-MOoE inference system uses highly optimized GPU kernels for both transformer and MoE components
to maximize performance, especially memory bandwidth utilization. For MoE-specific operations, namely
gating and token routing, traditional implementations rely on sparse tensor computations and einsum
operations, which are inefficient due to high computational complexity and unnecessary operations involving
Zeros.

To address this, DS-MoE introduces two main optimizations: (i) dense representations, which instead of sparse
tensors, a compact token-to-expert mapping table is used, reducing memory usage and computation overhead,
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(i1) kernel fusion, where multiple operations, like top-k selection, prefix sum, or token routing, are combined
into a single GPU kernel, lowering kernel launch overhead.

Additionally, expensive sparse einsum operations are replaced by efficient data layout transformations,
reducing computational complexity from cubic to quadratic, that is, from S X E X M X ¢, to § X M X c,.
These optimizations significantly improve efficiency, resulting in over 6 times reduction in MoE kernel latency.

7.6 Pathways

Pathways introduced a novel approach to distributed machine learning, by rethinking how large-scale training
workloads are executed across accelerator hardware [9]. Conventional distributed training frameworks typically
rely on the single program multiple data (SPMD) paradigm, in which all devices execute identical computations
in a synchronized manner, coordinated through collective communication primitives. While this approach is
efficient for dense and homogeneous workloads, it becomes limiting when dealing with emerging training
strategies such as model pipelining and sparse models. These shortcomings are highlighted in Figure 7.14,
which compares the low-latency yet inflexible behavior of SPMD systems with earlier centralized execution
models, such as TensorFlow v1, which incur higher coordination overhead.
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Figure 7.14: Comparison of dispatch overheads and communication patterns between multi-controller and single-controller systems.
(i) Jax and PyTorch SPMD independently enqueues accelerator computations asynchronously over fast PCle; (ii) TensorFlow vI SPMD
requires control messages over slower datacenter network; (iii) TensorFlow vl non-SPMD programs require cross-host coordination
or data transfer through explicit send (S) and receive (R) operations [9].

To address these issues, Pathways adopts an asynchronous dataflow-based execution model. Rather than
enforcing globally synchronized training steps, it models computation as a directed graph of interdependent
operations. In this representation, each node corresponds to a compiled unit of computation, for example, a
model shard, while edges capture the flow of data between them. A key feature of this design is the use of futures
for data exchange, allowing operations to begin as soon as their required inputs are available, instead of waiting
for system-wide synchronization points. This concept is fundamental to the architecture and is illustrated in

Figure 7.15 (i), where the distributed program appears as a dataflow DAG composed of computational nodes
linked by data dependencies.
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Figure 7.15: Pathways system overview. (i) Distributed computation expressed as a DAG where each node represents an individual
compiled function, and edges between nodes represent data flows between functions. (ii) Resource Manager allocates subsets of
an island’s accelerators ("virtual slices") for each compiled function. (iii) Centralized schedulers for each island gang-schedule
computations that are then dispatched by per-shard executors. Red arrows indicate control messages, blue arrows show data-path
transfers [9].

261



A central feature of this design is that, although the dataflow graph is logically partitioned, it remains compact
in its representation. Even when a computation is distributed across thousands of shards, Pathways does not
explicitly construct every individual dependency between shards. Instead, each computation is abstracted as a
single node, leaving the runtime responsible for managing how data is partitioned and routed across devices.
This approach prevents the graph from growing excessively large, making it possible to scale efficiently to
clusters with thousands of accelerators. The authors highlight that keeping the graph representation compact is
essential for controlling both scheduling complexity and communication costs at scale.

From an architectural standpoint, Pathways integrates this flexible execution model with a form of centralized
coordination. As illustrated in Figure 7.15 (ii) and (iii), the system is composed of a global resource
manager, schedulers assigned to individual islands, and executors operating at the device level. The
resource manager maps computations onto "virtual devices," effectively decoupling logical execution from
the underlying physical hardware. At the same time, schedulers coordinate execution across accelerators using
gang scheduling, which enforces a consistent ordering of operations and ensures that distributed computations
proceed efficiently without deadlocks. This centralized yet scalable structure enables Pathways to handle
heterogeneous workloads and shared cluster usage, capabilities that are difficult to achieve with traditional
multi-controller approaches.

One of the primary challenges faced by centralized dataflow systems is dispatch latency, which arises from
the overhead of coordinating and launching operations across many devices. This issue is illustrated in
Figure 7.16 (i), where sequential dispatch results in pipeline stalls when host-side coordination takes longer
than the computation being performed. Pathways addresses this limitation by introducing a model of parallel
asynchronous dispatch, depicted in Figure 7.16 (ii). The key observation is that compiled machine learning
functions often have statically known shapes and resource requirements, allowing the system to prepare
and schedule multiple operations ahead of time, even before all dependencies are fully satisfied. As a
result, host-side tasks such as buffer allocation and scheduling can be overlapped across multiple operations,
effectively removing the bottlenecks associated with sequential dispatch.

Client |—( run program ) Client ( run program )]
Host Host

Dev Dev

Host Host

Dev Dev

Host Host

Dev Dev

(1) Sequential dispatch (i1) Parallel dispatch

Figure 7.16: Sequential vs. parallel dispatch for a three-node program. When a computation’s on-device execution time is shorter
than the time spent in scheduling, resource allocation, and coordination, the asynchronous pipeline stalls because of host-side work in
sequential dispatch. Parallel asynchronous dispatch overcomes this bottleneck by running the host-side work in parallel, exploiting the
statically known resource usage of regular compiled functions. Schedulers are omitted for brevity [9].

Another key component of the design is the introduction of virtual devices and flexible placement strategies.
Rather than binding computations to specific physical hardware, Pathways allows users to define sets of virtual
devices, which are then mapped onto available accelerators by the system. This level of abstraction simplifies
the implementation of distributed training techniques, particularly those that require partitioning models across
multiple devices or even across clusters. Additionally, it improves overall system utilization by enabling
multiple workloads to share hardware resources in a dynamic and efficient manner.

By combining asynchronous execution, centralized coordination, and adaptive resource management, Pathways
is able to naturally support a broad spectrum of modern training paradigms. For instance, pipeline parallelism
can be represented as a chain of dependent operations within the dataflow graph, while sparse models can
dynamically direct computation to selected subsets of devices. Furthermore, the system can execute multiple
programs concurrently on shared infrastructure. In contrast to traditional SPMD-based systems, which often
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require complex engineering workarounds to accommodate such patterns, Pathways incorporates them directly
into its execution model.

Despite this flexibility, Pathways maintains performance levels comparable to highly optimized SPMD
approaches. The authors report near 100% utilization of accelerators for standard workloads, along with strong
throughput for more challenging configurations such as pipeline-parallel training. These results indicate that an
asynchronous dataflow approach, when paired with effective scheduling and optimized dispatch mechanisms,
can achieve efficiency on par with conventional methods while supporting a much wider range of workloads.

Pathways represents a transition away from rigid, synchronization-driven distributed training architectures
toward a more general and expressive framework based on asynchronous dataflow principles. The work
demonstrates how such a shift influences system design at multiple levels, from execution and scheduling
to resource management. By decoupling computation from strict global synchronization and introducing
scalable, flexible orchestration, Pathways offers a solid foundation for training future large-scale, sparse, and
heterogeneous machine learning models.

7.7 Parallelism in Megatron-Core

7.7.1 Expert Parallelism

In distributed training, different parallelism strategies partition distinct aspects of a model: layers in pipeline
parallelism, weight matrices in tensor parallelism, sequences in context parallelism, and data samples in data
parallelism. Mixture-of-Experts models introduce an additional opportunity, as their experts are independent
subnetworks. This property enables a fifth form of parallelism, known as expert parallelism (EP), where experts
themselves are distributed across GPUs. With an expert parallelism degree equal P and E experts, each GPU
stores E/P experts. The forward pass in MoE training with expert parallelism is described by the following
steps.

1. Routing: A routing mechanism selects the top-k experts for each input token.

2. Dispatch: Tokens are redistributed via all-to-all communication to the GPUs hosting the selected experts.

3. Computation: Each GPU processes only the tokens assigned to its local experts.

4. Aggregation: Results are sent back to the originating GPUs, again using all-to-all communication.
Expert parallelism introduces a distinctive set of trade-offs.

e Communication: Relies heavily on all-to-all collectives, with communication volume scaling with the
number of tokens rather than the number of experts.

e Computation: Each GPU evaluates a smaller subset of experts, but each expert operates over the full
hidden dimension.

e Memory: Increasing the EP degree reduces the number of experts per GPU, thereby lowering memory
requirements.

This approach offers two important advantages (Figure 7.17). First, aggregating tokens from multiple GPUs
for a single expert increases computational intensity, improving the efficiency of matrix-matrix multiplications.
Second, the total communication volume remains effectively constant as the number of experts grows; scaling
is achieved by increasing the number of GPUs rather than the cost of communication.

However, expert parallelism alone is insufficient. Its applicability is limited to MoE layers, since attention layers
do not contain experts and therefore still depend on other parallelization strategies such as tensor parallelism,
context parallelism, or similar approaches. In addition, both dense layers, like attention, and sparse layers,
as MoE experts, require pipeline parallelism to further divide model parameters when training at large scale.
This combination of different parallelism strategies introduces a structural imbalance between dense and sparse
layers, leading to the so-called dense-sparse mismatch described in the following section.
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Figure 7.17: Expert parallelism distributes experts across GPUs. The all-to-all communication dispatches tokens to their assigned
experts and combines results.

7.7.2 The Challenges of Combining Expert Parallelism with Other Types of Parallelism

A single transformer block contains two fundamentally different computation patterns, summarized in
Table 7.3.

Aspect Attention (Dense) MoE (Sparse)
Computation | Every token attends to all others Each token routes to k out of E experts
TP Large QKV matrices benefit from high TP | Small per-expert dimensions

make high TP counterproductive
CP Long sequences benefit from high CP No sequence dependency; CP is irrelevant
EP Not applicable (no experts) Essential for distributing many experts

Table 7.3: Contrasting parallelism requirements of attention and MoE layers within a single transformer block.

The dense-sparse mismatch. Conventional frameworks typically enforce a single parallelism configuration
across all layer types. However, the optimal settings for dense and sparse components are fundamentally
at odds. High tensor parallelism (TP) improves performance for attention layers but leads to fragmentation
of expert partitions in MoE layers. Similarly, context parallelism (CP) is advantageous for long-sequence
attention, yet offers no benefit for MoE computation. In contrast, expert parallelism (EP) is critical for scaling
MOoE layers but has no impact on attention.

As with the weight-compute imbalance, this mismatch originates from the sparsity inherent in MoE models.
However, in this case, it manifests at the level of parallelism design: it is a structural incompatibility between
the requirements of dense and sparse layers, rather than a problem that can be resolved through parameter
tuning. Existing MoE frameworks typically incorporate EP as a sub-dimension of data parallelism (DP), as
indicated in Equation 7.8.

World Size = TP X CP x PP x DP, where EP C DP (7.8)

This limitation arises from a core assumption in existing frameworks: the use of a uniform parallelism strategy
across all layers. In such designs, attention layers operate with a configuration defined by (TP, CP, PP, DP),
while MoE layers derive expert parallelism (EP) as a subdivision of the data parallel (DP) group. Although
convenient, this approach introduces several fundamental challenges.

Challenge 1: multiplicative GPU requirements. Traditional systems require at least TP x CP x PP x DP
GPUs. Because EP is embedded within DP, specifying EP = 8 implicitly enforces DP > 8. When combined
with CP = 8 for long-context workloads, the minimum configuration becomes 1 x 8 X 1 x 8§ = 64 GPUs. This
is unnecessarily restrictive, as both attention and MoE layers could, in principle, operate on the same set of 8
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GPUs. As a result, the hardware requirements for MoE training are artificially inflated, increasing the barrier
to entry.

Challenge 2: constrained parallelism choices. Since both attention and MoE layers must share the same
tensor parallel (TP) configuration, practitioners are forced into suboptimal trade-offs. A high TP setting
(e.g., TP = 8) is well-suited for distributing large attention matrices but causes MoE experts—typically much
smaller—to be overly fragmented, reducing computational efficiency. On the other hand, a low TP configuration
(e.g., TP = 1) preserves the integrity of expert computations but underutilizes parallelism in attention layers.
Neither option allows both components to achieve their ideal performance simultaneously.

Challenge 3: inefficient cross-node communication. Because EP is constrained within DP, increasing EP
often forces all-to-all communication to span multiple nodes, where the available bandwidth can be 5 to 10
times lower than within-node interconnects such as NVLink. At the same time, context parallelism (CP) for
attention layers may also require cross-node data exchange. Without the ability to independently map EP and
CP to high-bandwidth communication domains, communication overhead quickly becomes a dominant cost
during training.

Importantly, these issues are not simply the result of poor parameter tuning. Instead, they stem from the
underlying assumption that all layers must adhere to a single, shared parallelism configuration. This raises a
fundamental question: how can these constraints be relaxed while still enabling each layer type to operate under
its most suitable parallelization strategy?

7.7.3 Parallel Folding

Parallel folding is introduced in Megatron-Core as a solution to the dense—sparse mismatch problem. Instead
of requiring attention and MoE layers to operate under a shared parallelism configuration, it separates their
mappings, allowing each to adopt the most suitable parallelization strategy.

Decoupled parallelism mappings

The central idea is to remove the constraint that attention and MoE layers must share the same parallel layout.
Each type of layer is instead assigned an independent configuration tailored to its computational characteristics.
In this scheme, attention layers are organized using a combination of TPxX CPxDPxPP, which is well-suited for
dense, sequence-oriented computation. In contrast, MoE layers operate with a distinct configuration defined by
ETP x EP x EDP x PP, where expert tensor parallelism (ETP) and expert data parallelism (EDP) are specialized
dimensions introduced for handling expert-based computation. The only shared constraint between these
two layouts is pipeline parallelism (PP), which must remain aligned to ensure correct forward and backward
propagation across layers (Figure 7.18).
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Figure 7.18: Parallelism mappings: traditional constraints vs. MoE parallel folding decoupling.

Multi-dimensional parallelism stack

Building on this decoupling, Megatron-Core coordinates a richer parallelism design that spans five distinct
dimensions: tensor, context, data, pipeline, and expert parallelisms (Table 7.4). This unified framework
enables flexible composition of parallel strategies, allowing dense and sparse components of the model to
scale efficiently without interfering with each other’s optimal configurations.
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Dimension Applies to | Purpose

TP (Tensor) Attention | Shard large QKV/projection matrices

CP (Context) Attention | Distribute long sequences

DP (Data) Attention | Process different batches

PP (Pipeline) Both Split model by layers (must be consistent)
EP (Expert) MoE Distribute experts across GPUs

ETP (Expert Tensor) | MoE Shard within experts (rarely used)

EDP (Expert Data) MoE Replicate experts for throughput

Table 7.4: Megatron-Core parallelism dimensions.

Key configuration guidelines can be summarized as follows: (i) attention layers benefit from high tensor
parallelism to efficiently process large matrix operations and from high context parallelism to handle long
sequences; (ii)) MoE layers are best suited to configurations with high expert parallelism, typically with
ETP = 1, as they involve many smaller expert networks; and (iii) pipeline parallelism must remain aligned
across both layer types to preserve correct data flow throughout forward and backward passes.

In addition to the parallelism strategies outlined above (Figure 7.19), Megatron-Core extends the parallel
folding framework by incorporating memory optimization techniques such as distributed optimizers and Fully
Sharded Data Parallel (FSDP) with expert parallelism support. When combining a distributed optimizer
with expert parallelism, each rank stores only the weights and gradients corresponding to its local experts.
Optimizer states are partitioned across replicas of the same expert using expert data parallelism (EDP),
eliminating redundant storage for non-local experts and restricting gradient synchronization to smaller, more
efficient groups.

Further memory savings can be achieved by integrating FSDP with expert parallelism. Megatron-Core
implements a customized FSDP scheme that shards model parameters, gradients, and optimizer states across
both data and expert parallel groups using a dual DevicelMesh abstraction. This design significantly reduces
memory overhead while overlapping communication operations, such as AllGather and ReduceScatter, with
computation to maintain performance. The approach is compatible with tensor, expert, and context parallelism,
and supports mixed-precision training, including Bfloat16, FP8, and FP4 formats.

7.7.4 Benefits of Parallel Folding

As shown in Figure 7.18, parallel folding in MoE removes the traditional constraint EP < DP by allowing expert
parallelism to fold across arbitrary subsets of the attention parallelism dimensions. This results in several key
advantages:

1. Relaxed EP scaling beyond DP: The restriction EP < DP no longer applies, since EP can span across
the combined TP x CP (and DP) groups. For example, consider an attention configuration with TP = 4,
CP = 2, DP = 8, and PP = 4, totaling 256 GPUs. In a traditional setup, EP is bounded by DP, limiting
EP < 8. With parallel folding, however, MoE layers can use ETP = 1, EP = 64, and EDP = 1 (while
keeping PP = 4 unchanged). In this case, EP effectively spans the TP X CP X DP space, enabling an
eightfold increase in expert parallelism without affecting the optimal attention configuration.

2. Lower minimum hardware requirements: Conventional setups with CP = 8 and EP = 8 require at
least 64 GPUs due to their multiplicative combination. With parallel folding, CP and EP can be mapped
onto the same set of devices, reducing the minimum requirement to just 8 GPUs.

3. Independent performance tuning: Decoupling allows each layer type to operate under its preferred
configuration. Attention layers can leverage high TP values for efficient handling of large matrix
operations, while MoE layers can adopt ETP = 1 to preserve full expert width and maximize
matrix-matrix multiplication efficiency.

4. Efficient communication locality: Both attention, via CP, and MoE, via EP, rely on all-to-all
communication. Parallel folding enables these communication patterns to remain within high-bandwidth,
NVLink-connected GPU groups, minimizing the need for slower cross-node data transfers.
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Figure 7.19: Parallel folding: decoupled attention and MoE parallelism mappings.

7.8 Expert Parallelism in NVIDIA Megatron Bridge

As we have been discussing, expert parallelism distributes experts of a Mixture of Experts model across GPUs.
Unlike other model-parallel techniques, EP is applied to only the expert layers and does not impact the parallel
mapping of the rest of the layers [42]. In an MoE, each expert focuses on a specific subtask or domain, while a
gating network dynamically activates the most appropriate expert based on the current input (Figure 7.20).

MoE MoE
GPU 1 GPU 1 GPU 2 GPU 3
Expert 1 Expert 2 Expert 3 Expert 1 Expert 2 Expert 3
Router EP (N=3) Router
A 3
Token Token

Figure 7.20: Expert parallelism distributes MoE experts across multiple GPUs while keeping other layers replicated [42].

MOokE configuration

To enable MoE in Megatron Bridge, we have to configure the essential hyperparameters of the MoE model,
the number of experts, the number of experts activated per token, and the hidden size of expert feed-forward
network, as illustrated in Listing 7.1.
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from megatron.bridge . models import GPTModelProvider

# Configure basic MoE model
model_config = GPTModelProvider (

num_moe_experts=§, # Number of experts in the MoE module
moe_router_topk=2, # Number of experts activated per token
moe_ffn_hidden_size=8192, # Hidden size of expert feed—-forward networks (FFN)
# ... other model hyperparameters

Listing 7.1: Configure the MoE model [42].

Enable expert parallelism

To enable expert parallelism, we must set expert_model_parallel_size in our model
configuration.  For example, if the model has eight experts (num_moe_experts=8), then setting
expert_model_parallel_size=4 results in each GPU processing two experts. The number of experts
should be divisible by the expert parallel size (Listing 7.2).
# Configure MoE model with expert parallelism
model_config = GPTModelProvider (
num_moe_experts=38,
expert_model_parallel_size=4, # Distribute 8 experts for 4 GPUs (2 experts per GPU)
# ... other model hyperparameters

Listing 7.2: Enable expert parallelism in the MoE model [42].

Enable expert tensor parallelism

To enable expert tensor parallelism (ETP), we must set expert_tensor_parallel_size in our model
(Listing 7.3).
model_config = GPTModelProvider (

num_moe_experts =8,

expert_model_parallel_size =4,

expert_tensor_parallel_size=2, # Apply tensor parallelism within each expert

# ... other model hyperparameters

Listing 7.3: Enable expert tensor parallelism in the MoE model [42].

DeepEP and HybridEP token dispatch optimizations

DeepEP and HybridEP are high-performance MoE token dispatchers that improve throughput and efficiency
on specific GPU architectures, in particular (i) DeepEP is optimized for Ampere, Hopper, B200, and B300
GPUs, and (ii) HybridEP, is optimized for GB200, GB300 with NVL72, and Ampere, Hopper, B200, B300
GPUs. These dispatchers replace the standard token routing mechanism with an optimized flexible dispatcher
that provides better performance for MoE workloads (Listings 7.4 and 7.5).

from megatron.bridge . models import GPTModelProvider
from megatron.bridge.training.flex_dispatcher_backend import apply_flex_dispatcher_backend

model_config = GPTModelProvider (
num_moe_experts=§,
expert_model_parallel_size =4,
# ... other model hyperparameters

)

# Apply DeepEP optimization
apply_flex_dispatcher_backend (model_config, moe_flex_dispatcher_backend="deepep")

Listing 7.4: Apply DeepEP token dispatcher optimization [42].
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from megatron.bridge . models import GPTModelProvider
from megatron.bridge.training.flex_dispatcher_backend import apply_flex_dispatcher_backend

model_config = GPTModelProvider (
num_moe_experts=§,
expert_model_parallel_size =4,
# ... other model hyperparameters

)

# Apply HybridEP optimization
apply_flex_dispatcher_backend (model_config, moe_flex_dispatcher_backend="hybridep")

Listing 7.5: Apply HybridEP token dispatcher optimization [42].

DeepSeek expert parallelism (DeepEP) is an all-to-all communication primitive that replaces the regular NCCL
operation. DeepEP rests on three pillars: (i) dedicated streaming multiprocessor (SM) allocation, where a fixed
subset of SMs, for example 20 SMs, is reserved to aggressively push network traffic to the limit and decouple
routing from the main computation, (ii) permutation fusion, which combines token permutation, that is,
gathering tokens for each expert, and token unpermutation directly to maximize memory bandwidth utilization,
(iii) support for toggling between normal, high-throughput prefill, and low latency, decode workloads with
cuda graph compatibility, modes.

Hybrid expert parallelism (HybridEP) combines intra-node NVLink topologies with cross-node
communication schemes, making it highly efficient for multi-node systems based on Grace and Blackwell
GPUs. It is an hierarchical dispatch strategy that utilizes NVLink-C2C and NVLink domains locally, offloading
network traffic to reduce global streaming multiprocessors usage compared to pure DeepEP alternative.
It also imposes a reduced expert parallelism overhead by leveraging NVSHMEM-based primitives, which
brings measurable throughput improvements, up to 14% on DeepSeek-V3 and 9.9% on MXFPS8 precision
configurations compared to DeepEP.

Token dropping for load balancing

Token dropping allows for balancing work across experts through the capacity factor mechanism. This feature
allows the model to drop tokens when experts are overloaded, preventing stragglers and improving overall
throughput. To apply the token dropping mechanism, we must use the apply_moe_token_drop function, as
indicated in Listing 7.6.

from megatron.bridge . models import GPTModelProvider
from megatron.bridge.training.utils . moe_token_drop import apply_moe_token_drop

model_config = GPTModelProvider (
num_moe_experts=8§,
moe_router_topk=2,

moe_token_dispatcher_type="alltoall", # Required for token dropping
moe_router_load_balancing_type="aux_loss", # Required load balancing type
# ... other model hyperparameters

)

# Apply token dropping with the help of the capacity factor

3 apply_moe_token_drop (

model_config ,
moe_expert_capacity_factor=1.0, # Capacity multiplier per expert
moe_pad_expert_input_to_capacity=True, # Pad inputs to capacity length

Listing 7.6: Control token dropping to improve load balancing [42].

The arguments of apply_moe_token_drop are (i) moe_expert_capacity_factor, which controls the
maximum number of tokens each expert can process. A factor of 1.0 means that tokens are uniformly assigned
to all experts. Lower values, such as 0.8, means that there will be more dropped tokens but improves load
balancing; (ii) moe_pad_expert_input_to_capacity, when enabled, each expert input is padded to the
capacity length for homogeneous minibatch sizes.
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The requirements to control token dropping are (i) token dispatcher must be alltoall or alltoall_seq, and
(i1) load balancing type must be aux_loss, seq_aux_loss, or None. Token dropping can improve training
throughput by 10-30% in imbalanced MoE models, but may affect convergence if it is too aggressive. Thus, we
must start with a capacity factor of 1.0 and gradually reduce it if necessary.

Listing 7.7 aggregates all these facilities allowed by Megatron Bridge to optimize an MoE model.

from megatron.bridge . models import GPTModelProvider

from megatron.bridge . training.config import ConfigContainer

from megatron.bridge.training.flex_dispatcher_backend import apply_flex_dispatcher_backend
from megatron.bridge.training.utils . moe_token_drop import apply_moe_token_drop

# Configure the MoE model with expert parallelism
model_config = GPTModelProvider (
# Transformer hyperparameters
num_layers = 32,
hidden_size 4096,
num_attention_heads 32,

# MoE hyperparameters

num_moe_experts=8§,

moe_router_topk=2,
moe_ffn_hidden_size=8192,
moe_token_dispatcher_type="alltoall",
moe_router_load_balancing_type="aux_loss",

8 experts on total

2 activate experts per token
Expert FEN hidden dimension
Token dispatcher type

Load balancing via auxiliary loss

H o H H

# Expert parallelism

expert_model_parallel_size = 4, # Distribute experts across 4 GPUs
expert_tensor_parallel_size = 2, # Apply tensor par. within each expert
# ... other model hyperparameters

)

# Apply DeepEP token dispatch optimization
apply_flex_dispatcher_backend (model_config, moe_flex_dispatcher_backend="deepep")

# Control token dropping to improve load balancing
apply_moe_token_drop(
model_config ,
moe_expert_capacity_factor=1.0,
moe_pad_expert_input_to_capacity=True,

)
config = ConfigContainer (

model=model_config ,

# ... other configuration hyperparameters
)

Listing 7.7: Configure an optimized MoE model in Megatron Bridge [42].

7.9 Elastic Expert Parallelism in vLLM

Expert parallelism is a fundamental approach for efficiently serving Mixture-of-Experts models, particularly
when aiming for high throughput. Large-scale deployments, often referred to as WideEP, distribute experts
across many workers, significantly increasing KV cache capacity. This expanded capacity supports either very
high request concurrency or extremely long context windows. Such properties are especially important in
reinforcement learning scenarios, which often require both long sequences and high throughput, as well as in
agent-based applications where multi-turn interactions naturally lead to extended context lengths.

In vLLM and similar inference systems, EP has traditionally been configured statically. Once a deployment is
launched, its capacity remains fixed. This rigidity creates practical limitations: when demand increases beyond
system capacity, the deployment cannot dynamically scale up, and when demand drops, resources cannot be
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reduced to save costs. The only solution in such cases is to restart the service with a new configuration, which
introduces latency and may disrupt active requests or lead to dropped traffic.

Elastic expert parallelism (Elastic EP) addresses these limitations [4]. It allows VLLM deployments to adjust
the number of active workers during runtime, enabling the system to scale resources up or down in response to
changing workloads with minimal service interruption.

Scaling is achieved by modifying the number of data-parallel (DP) workers. In vLLM, this affects both the size
of the expert-parallel group and the way experts are assigned across devices. The adjustment can be triggered
easily through a single API call such as the following one.

curl -X POST http://localhost:8000/scale_elastic_ep
H "Content-Type: application/json"
-d ’"new_data_parallel_size": 8’

This command dynamically updates the deployment to use eight data-parallel workers, without requiring a
system restart. Elastic expert parallelism scale-up, where a new GPU joins an active deployment, expanding
the EP group without restarting existing workers, is illustrated in Figure 7.21.
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Figure 7.21: Elastic expert parallelism scale-up: a new GPU joins an active deployment, expanding the EP group without restarting
existing workers [4].

This section outlines the design of Elastic EP in vLLM, including the mechanisms for scaling both up and down,
coordination with ongoing inference requests, and interactions with load balancing and communication layers,
such as expert parallelism load balancer (EPLB). Additionally, it highlights the relevance of this capability for
improving fault tolerance in serving systems. In particular, the NIXL EP backend is discussed as a promising
option, as its communication design supports efficient reconfiguration and enables features such as failure
detection, reporting, and recovery.

Elastic EP enables dynamic scaling of MoE deployments in vLLM by adjusting the number of data-parallel
workers at runtime, eliminating the need for restarts. Scaling operations are triggered via a simple API call
(POST /scale_elastic_ep), allowing live reconfiguration and redistribution of experts. This capability
forms an important foundation for building fault-tolerant serving systems in vLLM. The NIXL EP backend
further enhances this design by reducing reinitialization overhead and providing mechanisms for detecting and
recovering from failures.
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7.9.1 Expert Parallelism and Data Parallelism Attention

In Mixture-of-Experts models, attention layers remain fully dense, where some of the feed-forward layers are
replaced by sparse experts, where a subset of these experts will be dynamically selected to process each token.
Before introducing elastic scaling, it is useful to first summarize the two underlying parallelization strategies
that support it.

Data-parallel attention operates at the request level: each computing core processes a distinct subset of
incoming requests and maintains its own scheduler and KV cache. This approach is particularly advantageous
in architectures such as multi-head latent attention (MLA), where tensor parallelism (TP) would otherwise
replicate the KV cache across multiple GPUs, leading to inefficient memory usage and reduced effective batch
sizes.

Expert parallelism, in contrast, is applied specifically to the expert layers. Rather than dividing individual
experts across devices, each expert is assigned to specific GPUs, and tokens are routed only to the devices
hosting the corresponding experts.

Within vLLM, attention computations are performed independently on each data-parallel worker, while expert
layers are executed collectively through a shared expert-parallel group spanning those workers. The size of
this EP group is determined by the product of the data-parallel and tensor-parallel dimensions. With Elastic
EP, adjusting the number of DP workers at runtime directly changes the EP group size, allowing experts to be
redistributed dynamically across devices.

7.9.2 What Needs to Change When the Available Computing Resources Change?

Adjusting the degree of data parallelism at runtime involves more than simply starting or stopping worker
processes. Changing the size of the expert-parallel group impacts several critical components of the system’s
execution state, defined by the following information.

e Communication groups: Distributed groups such as EP, DP, and the global world group rely on fixed rank
memberships. Any change in parallelism requires rebuilding these groups with updated rank assignments.

e Expert placement: When the EP configuration is modified, the mapping of experts to specific devices
must be recomputed to reflect the new topology.

o Model weights: Newly added devices need to receive the appropriate model weights, while existing
devices may require updates due to expert redistribution.

e Runtime optimizations: Techniques such as cuda graph capture and torch.compile depend on static
execution assumptions. These optimizations must be regenerated when the system configuration changes.

To safely handle these updates, scaling is implemented as a coordinated state machine. The process is divided
into well-defined stages, each with explicit synchronization points. These synchronization barriers are carefully
designed to interact correctly with ongoing forward passes, ensuring consistent and stable execution during
reconfiguration.

7.9.3 Scale-Up Flow

Increasing the number of data-parallel workers from N to M, where M > N, is inherently more involved than
scaling down, since additional ranks must be introduced into an already running system.

1. Trigger and request handling

The process is initiated through the /scale_elastic_ep endpoint. If the flag
VLLM_ELASTIC_EP_DRAIN_REQUESTS=1 is enabled, the system first waits for all ongoing requests to
complete, with a maximum wait time defined by the drain_timeout parameter, which is 120 seconds by
default. If this option is disabled, the scaling operation begins immediately without waiting for in-flight
requests to finish.
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2. Initialization of new engine cores

The creation of additional computing workers is handled by the Ray-based data-parallel backend. During
scaling, Ray provisions the required number of new DP workers on available GPUs to match the target
configuration. These newly created ranks are initialized using the current expert layout but start with
placeholder weights. They remain in a waiting state until subsequent phases complete weight synchronization
and topology update.

The readiness of these workers is coordinated through a two-step signaling mechanism. The first signal enables
existing ranks to construct standby communication groups, while the second signal allows the system to proceed
with weight distribution and integration.

3. Standby communication groups

Rather than immediately replacing the active communication setup, vLLM first constructs standby
communication groups that reflect the updated set of ranks. These groups are instantiated using
StatelessGroupCoordinator, which operates independently of PyTorch’s global WORLD communicator.
This design allows the new configuration to be prepared in advance, while the existing communication groups
continue to handle ongoing inference. As a result, forward execution can proceed without interruption during
the transition.

When using the nixl_ep backend, this process can be made more efficient through incremental updates.
Instead of rebuilding all expert-parallel connections, vLLM can dynamically adjust membership by invoking
the connect_ranks() and disconnect_ranks() functions. This enables seamless integration of new ranks
while preserving existing connections.

4. Expert mapping and weight transfer

After the standby communication groups are established, they are used to distribute the current expert
assignment and to copy non-expert model weights from existing ranks to the newly added ones. This transfer
is balanced across the existing ranks to distribute the workload efficiently. Elastic EP leverages the same
GPU-to-GPU communication mechanisms used by EPLB for moving expert weights, but extends this process
to include attention layers, normalization layers, embeddings, and other non-expert modules. These transfers
take advantage of high-speed interconnects such as NVLink within a node and RDMA across nodes.

At this stage, expert weights are intentionally not migrated. Their redistribution is deferred to a later step
handled by EPLB once the updated topology is activated. During this transition phase, regular EPLB operations
are temporarily suspended to prevent interference with the reconfiguration process.

5. The switch

The switch represents the transition point where all ranks move from the previous configuration to the updated
one. During this phase, vLLM performs the following coordinated actions.

o (lears existing cuda graph captures and resets any torch.compile state.

o Activates the standby communication groups as the new EP, DP, and global communication groups.
e Removes the previously active communication groups.

e Updates MoE layers to reflect the new expert-parallel size.

o Reinitializes execution paths to regenerate cuda graphs and compiled kernels aligned with the new
configuration.

In addition, runtime coordination variables, such as execution flags, wave counters, and step trackers, are
synchronized across the updated DP group to ensure all ranks resume from the same state.

At this point, newly added ranks become fully active participants in the DP group and can execute forward
passes, including attention computations. However, they do not yet host expert weights. The reassignment of
experts is handled in the subsequent stage.
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6. Expert parallelism load balancer reshuffle

Once the new configuration is active, EPLB redistributes expert assignments across all M ranks. This phase
updates the expert mapping and transfers the necessary expert weights to their new locations. After this
redistribution completes, EPLB resumes its normal execution.

7.9.4 Scale-Down Flow

Reducing the number of data-parallel workers from M to N follows a process similar to scaling up, but with
a key distinction: the redistribution of expert ownership must occur first. Before any ranks are removed, all
M engine cores participate in an EPLB reshuffle. This step ensures that all expert weights currently hosted on
ranks scheduled for removal are migrated to the remaining N active ranks. As a result, once the scale-down
proceeds, no departing rank retains ownership of expert weights.

7.9.5 Coordinating Reconfiguration Steps Across DP Ranks

A challenge in dynamic reconfiguration arises from the asynchronous nature of data-parallel computing cores.
Different ranks may receive the scaling signal at slightly different times. Consequently, while some ranks may
be ready to proceed to the next reconfiguration stage, others may still be completing an additional forward
pass. If the early ranks were to advance prematurely, the system could become inconsistent, with some ranks
reconfiguring while others continue executing, potentially causing a deadlock.

To prevent this, Elastic EP employs a two-phase synchronization mechanism. The first phase uses a barrier
with a timeout: if not all ranks reach the barrier within the allowed time, it is assumed that some ranks are still
processing an extra iteration. In this case, the ranks that arrived early return to the execution loop and perform
another step. On the next attempt, once all ranks reach the synchronization point simultaneously, a second
barrier, without a timeout fallback, ensures that all ranks transition to the next stage in a coordinated manner.

7.9.6 Fault Tolerance

Elastic EP plays a fundamental role in enabling fault-tolerant behavior in vLLM, as it provides the mechanism
required to dynamically reconfigure the system after failures occur. When a worker (rank) fails, Elastic EP
allows the system to adapt without requiring a full restart. Specifically, it supports removing the failed rank,
redistributing its associated experts, and later restoring capacity by adding replacement resources.

The recovery process can be summarized in three main steps:

e Failure detection: The system identifies failures through health monitoring mechanisms or signals
provided by the underlying communication backend.

o Scale-down: The failed rank is removed from the deployment, and its expert assignments are redistributed
among the remaining active ranks.

e Scale-up: Once new resources become available, additional ranks are introduced to restore the original
capacity.

The NIXL EP backend further supports this process by providing built-in capabilities for detecting failures at
the expert-parallel level, reporting issues, and re-establishing communication with newly added ranks. This
makes it particularly well-suited for scenarios requiring robust and adaptive recovery mechanisms.

7.9.7 An Example

Launch with elastic EP enabled

Our example uses DeepSeek-V2-Lite-Chat as a small MoE model. The current implementation targets Ray
data-parallel deployments with tensor_parallel_size=1, one API server, and without dual batch overlap
(DBO). DBO is a microbatching and inference acceleration strategy used in vLLM.
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vllm serve deepseek-ai/DeepSeek-V2-Lite-Chat
-trust-remote-code
-tensor-parallel-size 1
-data-parallel-size 2
-data-parallel-backend ray
-api-server-count 1
-enable-expert-parallel
-enable-elastic-ep
-enable-eplb
-eplb-config.num_redundant_experts 0
-all2all-backend allgather_reducescatter
-gpu-memory-utilization 0.8

Scale up and down at runtime

With the Ray data-parallel backend, adding capacity can be as simple as joining another node to the Ray cluster.
Once Ray sees the new GPUs, Elastic EP can scale the deployment onto them at runtime.

For example, on a new worker node we run the following commands.
ray start -address="$HEAD_NODE_IP:6379"

curl -X POST http://localhost:8000/scale_elastic_ep
-H "Content-Type: application/json"
-d ’"new_data_parallel_size": 16’

To scale down at runtime, we run the next command.

curl -X POST http://localhost:8000/scale_elastic_ep
-H "Content-Type: application/json"
-d '"new_data_parallel_size": 8’

7.10 Sequence Parallelism

Very long sequence training is an important direction in large language models training. In actual inference
processes, especially in agent workflows, the model’s generalization ability for long sequences and complex
scenarios represents the model’s reliability in practical applications. Long sequence scenarios also pose higher
demands for large model training. Due to the O(N?) complexity characteristic of attention computation,
when the actual input sequence grows, memory usage exhibits exponential explosion. This poses enormous
challenges to the usability of memory-constrained accelerators in long sequence training scenarios.

Sequence parallelism (SP) can be used to reduce the dependency on large memory for long sequence training
under multi-GPU or multi-node conditions. Sequence parallelism is a parallel strategy that partitions along
the sequence dimension. Mature sequence parallelism methods include Megatron’s sequence parallelism,
DeepSpeed-Ulysses sequence parallelism, ring attention, and striped attention.

7.10.1 Megatron Sequence Parallelism

In [109], authors use a single stack transformer encoder or decoder with L layers, as shown in Figure 7.22. At
the start of the network, the input tokens are fed into a word embedding table with size v X h and the token
embeddings are combined with learned positional embeddings with size s X h, where s is the sequence length,
h is the hidden dimension, and v is the vocabulary size. The output of the embedding layer, which is the input
to the transformer block, is a 3-D tensor of size s X b X h, where b is the minibatch size. Each transformer
layer consists of a self-attention block with a attention heads followed by a multi-layer perceptron (MLP) with
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two layers which increase the hidden size to 44 and then reduce it back to 4. Input to and output from each
transformer layer have the same size, s X b X h. The output from the last transformer layer is projected back
into the vocabulary dimension to calculate the cross-entropy loss. In the explanation that follows, in addition
to the hyperparameters already mentioned, we will use p to represent the pipeline-parallel degree and ¢ the
tensor-parallel degree.
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Figure 7.22: Transformer architecture. Each gray block represents a single transformer layer that is replicated L times [109].

Summing the memory required for attention, MLP, and the layer-norms, the memory required to store the
activations for a single layer of a transformer network is given by Equation 7.9.

Activations memory per layer = s-b-h- (34 +5- %) (7.9)

Tensor parallelism, as shown in Figure 7.23, parallelizes the parts of the transformer layer that take the most
time during training and as a result, it is computationally efficient. However, it leaves the layer-norms as well
as the dropouts after attention and MLP blocks intact and as a result, they are replicated across the tensor
parallel group. These elements do not require a lot of compute but demand a considerable amount of activation
memory. the When using tensor parallelism, the memory required for storing the activations of a single layer
of the transformer is given by Equation 7.10. Quantitatively, the term 10 - s- b - & in this equation is due to these
replicated operations and as a result they are not divided by the tensor parallel degree ¢.

24
Activations memory per layer = s-b-h - (10 + - + 5%) (7.10)
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Figure 7.23: Transformer layer with tensor parallelism. f and f are conjugate. f is no operation in the forward pass and AllReduce
in the backward pass. f is AllReduce in the forward pass and no operation in the backward pass [109].

We notice that in the non-tensor parallel regions of a transformer layer, the operations are independent along
the sequence dimension. This characteristic allows us to partition these regions along the sequence dimension
s. Partitioning along the sequence dimension reduces the memory required for the activations. This extra level
of parallelism introduces new communication collectives before f and after f which will act as converters
between sequence and tensor parallel regions. For example, in the forward pass, we need an extra AllGather
before the operator f in Figure 7.23. These extra communications introduce overhead and will slow down the
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training. To avoid these extra communications, we combine these operations with the f and f operators and
introduce new operations g and g as shown in Figure 7.24. As it can be seen, g and g are the converters between
sequence and tensor parallel regions. We derive these operations in the remainder of this section.
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Figure 7.24: Transformer layer with tensor and sequence parallelism. g and g are conjugate. g is AllGather in the forward pass and
ReduceScatter in the backward pass. g is ReduceScatter in forward pass and AllGather in backward pass [109].

We detail g and g’s derivation using the MLP block. In the non-parallel form, as shown in Figure 7.22, the
layer-norm followed by the MLP block can be formulated as indicated in Equation 7.11.

Y = LayerNorm(X)
Z=GelLU(Y-A)
W=Z-B

V = Dropout(W)

(7.11)

where X is input to the layer-norm with size s X bx h and A and B are the weight matrices of both Linear layers
of the MLP, and have a size of & X 4h and 4h X h, respectively. The combined form of the tensor and sequence
parallelisms present in the above operations is shown in Figure 7.25. The subscripts represent splitting among
accelerators and superscripts depict the dimension along which the splitting is done. For example, X7 is the
first accelerator’s part of X that is split along the s dimension, sequence dimension, while Z;’ is the second
accelerator’s part of Z that is split along the /& dimension, hidden dimension.
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Figure 7.25: MLP layer with tensor and sequence parallelism. g and g are conjugate. g is AllGgather in forward pass and
ReduceScatter in backward pass. g is ReduceScatter in forward pass and AllGather in backward pass [109].

The input to the layer-norm is parallelized along the sequence dimension X = [X7, X;]. As a result, the output
of the layer-norm will also be parallel along the sequence dimension Y = [Y7, ¥7]. The Linear layer followed
by the GeLU non-linearity require the entire input Y and therefore we need to perform an AllGgather. This
implies that g is an AllGather operation along the sequence dimension in the forward pass. By splitting A
along its columns (A{ and AY) and B along its rows (B} and B)), we avoid communications and arrive at W
and W,. These two tensors are not parallel anymore and need to be summed as W = W; + W, before they
are fed into the dropout layer. However, dropout needs its input to be parallel in the sequence dimension s.
Instead of summing and then parallelizing in the sequence dimension, we combine these two operations into a
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ReduceScatter operation. As a result, g can be a single ReduceScatter operation in the forward pass. Putting it
all together, we arrive at Equation 7.12.

[Y],Y;] = LayerNorm([X7, X51)
Y =g}, Y;)
[Z!, 78] = [GeLU(Y - AS), GeLU(Y - AS)]
Wy =Z"- B, and W, = 7% - B}
(W), W3] = g(Wy, W)
[V}, V5] = [Dropout(Wy), Dropout(W5)]

(7.12)

If we follow a similar break-down for the backward pass, we find that g and g are conjugate of each other. g
is an AllGather in the forward pass and a ReduceScatter in the backward pass, and g is a ReduceScatter in the
forward pass and an AllGather in the backward pass.

A similar breakdown can be applied to the layer normalization followed by the attention layer part of the
transformer block included in Figure 7.24.

Tensor parallelism requires four AllReduces in a single forward and backward pass, whereas combined tensor
and sequence parallelisms require four AllGathers and four ReduceScatters in a single forward and backward
pass. At the first look, it seems that tensor with sequence parallelism requires more communications compared
to tensor parallelism. However, we note that a ring AllReduce is composed of two steps: a ReduceScatter
followed by an AllGather. As a result, the communication bandwidth used for tensor parallelism and tensor
together with sequence parallelism are the same. Therefore, sequence parallelism does not introduce any
communication overhead.

From Equation 7.12, sequence parallelism along with tensor parallelism divide all the activations required for
the backward pass along the parallel dimension except for the tensor Y that is required for the first linear
operation. To alleviate this issue, we do not store the full tensor Y for the backward pass. Instead, we store only
the Y’ part on the i-th tensor parallel rank and perform an extra AllGather in the backward pass. To eliminate
the latency introduced by this extra AllGather, we overlap this communication with the computation required
to calculate gradients with respect to Y, and as a result, we reduce the overhead.

Using sequence parallelism along with tensor parallelism, the memory required to store the activations per
transformer layer reduces from Equation 7.10 to Equation 7.13.

10 24 - -b-h .
Activations memory perlayer:s-b-h~(7+7+5-%): a ; -(34+5-%) (7.13)

This expression corresponds to Equation 7.9 divided by the tensor parallel size. This means that using tensor
and sequence parallelism, we can distribute activations among the tensor parallel group and reduce the required
memory by the tensor parallel degree .

7.10.2 DeepSpeed-Ulysses

Figure 7.26 contains a sketch of the building blocks of a typical multi-head attention transformer
architecture [199]. It consists of input sequences which are projected into queries (Q), keys (K) and values
(V) embeddings. Q, K, and V are typically 3D tensors of size N X b X d, where N is sequence length, b is the
minibatch size and d is the hidden dimension. The Q, K, V tensors are fed into the attention block, a central
component of the transformer model. The output of attention layer is the input for the multi-layer perceptron
(MLP), also known as position-wise feed-forward network, of the transformer architecture.

An attention layer followed by the MLP block are replicated multiple times to form an encoder, a decoder or
an encoder- decoder transformer model.
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Figure 7.26: Multi-head attention transformer [93].

Figure 7.27 shows the core design of DeepSpeed-Ulysses. As occurs in the well known transformer
architecture, the design consists of N input sequences partitioned across the P available devices. Each local %
partition is projected into queries (Q), keys (K) and values (V) embeddings. Next, Q, K, and V embeddings
are gathered into global Q, K, and V through highly optimized All-to-All collective operations between
participating compute devices. Sequel to All-to-All collective is the attention computation per head, formulated
in Equation 7.14.

Q-K"
output context = softmax -V (7.14)
Vd

After the attention computation, another All-to-All collective operation transforms the output context tensor,
produced by the attention computation, to sequence parallel (%) for being used by the subsequent operations,
such as MLP matrix multiplication and layer normalization, in the remaining layers of the transformer block.
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Figure 7.27: DeepSpeed-Ulysses sequence parallelism design [93].
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Communication Analysis

What distinguishes DeepSpeed-Ulysses from the other existing long-sequence approaches is the much smaller
aggregate communication volume and an overall better scalability with the increasing degree of sequence
parallelism, compared to existing solutions, as demonstrated by the communication volume analysis that
follows.

On modern clusters with intra-node NVSwitch interconnect and am inter-node fat tree 1B topology, the
communication volume transmitted per link for an All-to-All that aggregates a message of size M over P
GPUs is %. For a transformer model with an hidden size 4, a sequence length N, and a parallelism degree
P, DeepSpeed sequence parallelism performs All-to-All for the O, K, and V projections with an aggregate
message of size 3 - N - h before the attention computation, and another All-to-All to aggregate the output
context projection with a size N - h for each transformer layer. Therefore, DeepSpeed sequence parallelism
incurs an aggregate communication volume per link of 4—’}!'}’, or with the complexity of O(N/P). Note that this
communication volume is constant when both N and P are increased proportionally.

In contrast, the existing approaches like Megatron-LM incur a communication volume that increases linearly
with N, regardless of P, resulting in the communication complexity of O(N). For instance, Megatron-LM
performs two AllGathers with a message volume of N - i and two ReduceSatters with a volume of N - & for
each transformer block. However, the cost of each AllGather and ReduceScatter, with size M, remains M when
P > 1, instead of %. Therefore, Megatron-LM sequence parallelism incurs a communication volume per link
of 4 - N - h which is P times larger than that for DeepSpeed sequence parallelism. This allows DeepSpeed
sequence parallelism to enable training with extremely long sequences while achieving significantly higher
training efficiency compared to the existing approaches. Our evaluation results match this analysis.

Memory Efficiency

While DeepSpeed sequence parallelism reduces the activation memory when training with longer sequences,
it does not impact the memory consumed by the model states. Therefore, to support large sequence length
training with a large language model, DeepSpeed sequence parallelism is integrated with ZeRO-3. As we
discussed in Section 3.7, ZeRO is a memory optimization technique for training large models [164] [165].
Unlike the classic data parallel training of neural networks, where model states are replicated across data parallel
ranks, ZeRO-3 optimizes memory usage by partitioning model states across data parallel ranks. However, with
sequence parallelism, training data can be considered in both batch (sample) and sequence dimensions and
the associated parallel groups combined to form a larger group for ZeRO parallelism. Therefore, ZeRO-3
partitioning was extended to combine data parallel and sequence parallel ranks. In other words, in DeepSpeed
sequence parallelism, ZeRO partitions the model states across both sequence and data parallel groups, and
collects rank partitions (AllGather) when they are needed. Similarly, gradients are reduced across both data and
sequence parallel ranks for weight updates. ZeRO support allows for huge memory savings in both sequence
and data dimensions and enables scaling not just to large sequence lengths but also to large models.

General and Attention Agnostic Solution

DeepSpeed implementation of distributed attention is general enough to support any attention: self-attention,
cross-attention, causal attention in both their dense and sparse versions, and their various optimized kernels
that support long-sequence at local attention level, such as different versions of FlashAttention. The general
property of DeepSpeed-Ulysses stems from the modular nature of its core design: an attention-centric sequence
parallelism design. Prior to attention computation is sequence parallelism on % partitions, where attention
computation is head parallelism with full attention per head but just with fewer heads. Thus, attention
computation can be replaced with any type of attention mechanism, for example, dense attention and various
forms of sparse attention.

The main limitation of Ulysses is being constrained by the number of attention heads. Especially in grouped
query attention, where the number of K'V heads is much smaller than the number of Q heads, and Ulysses may
not be able to split across more GPUs.
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7.10.3 Ring Attention

Ring Attention [131] can be understood as a rethinking of sequence parallelism for long-context transformers.
The core motivation stems from a fundamental limitation: although transformers are highly effective, their
memory and computation costs scale poorly with sequence length due to the quadratic nature of self-attention
and the need to store intermediate activations. This makes very long sequences, on the order of millions of
tokens, impractical on a single device.

To alleviate this, prior work has explored sequence parallelism, where the input sequence is partitioned across
multiple devices. While this reduces per-device memory, it introduces significant communication overhead.
Because self-attention requires interactions between all tokens, devices must frequently exchange information,
often through All-to-All communication or AllGather operations. These communications are costly and cannot
be fully overlapped with computation, making them a key bottleneck that limits scalability. Some optimized
implementations reduce the communication volume, but still require reconstructing large parts of the sequence
or suffer from constraints such as dependence on the number of attention heads.

Ring Attention builds on the idea of distributing the sequence across devices but fundamentally changes how
communication is performed. Instead of global communication patterns, it organizes devices into a logical ring.
Each device holds a block of tokens, a query block, and attention is computed in a block-wise manner. The
key-value (K'V) blocks are not gathered centrally, instead, they are passed incrementally from one device to the
next along the ring. This design is closely illustrated in Figure 7.28. The top part of the figure shows a ring of
devices where each host keeps its local query block, while key-value blocks circulate from one device to the
next. As a device performs attention computation on its query block and the current KV block, it simultaneously
sends that K'V block to the next device and receives a new one from the previous device. The bottom part of the
figure reframes this process as a block-by-block computation on a standard transformer layer: the query block
remains fixed on a device while the KV blocks are iterated over horizontally, and each pairwise interaction
contributes incrementally to the final attention output before passing through the feed-forward network.

A crucial property that enables this approach is that block-wise attention is invariant to the order in which
key-value blocks are processed, as long as their contributions are correctly accumulated. This allows KV blocks
to be streamed in any order, making it possible to compute attention incrementally without ever assembling the
full sequence on any device.

The most important benefit of this design is that communication is fully overlapped with computation. While
each device computes attention for its query block, it is simultaneously sending and receiving KV blocks. If the
computation time per block is greater than or equal to the communication time, then communication introduces
effectively no additional overhead. This is a major departure from traditional sequence parallelism, where
communication delays computation and becomes a limiting factor.

Another key advantage is memory efficiency. In standard approaches, memory usage often still scales with
sequence length because large activation tensors must be stored or reconstructed. In contrast, Ring Attention
requires each device to store only a small number of blocks (query, KV, and outputs), making its memory
consumption dependent on block size rather than total sequence length. This removes the per-device memory
bottleneck and allows arbitrarily long sequences to be processed.

As a consequence, Ring Attention achieves linear scaling of context length with the number of devices. If
a single device can process a sequence of length s, then with n devices, Ring Attention enables processing
sequences of length approximately n X s. This level of scalability is not achievable with standard sequence
parallelism due to its communication overhead.

Figure 7.29 provides the pseudocode of the Ring Attention algorithm. Ring Attention is compatible with
existing code for memory efficient transformers, since it just needs to call whatever available memory efficient
computation locally on each host, and overlap the communication of key-value blocks between hosts with
block-wise computation. The implementation uses the collective operation jax.lax.ppermute to send and
receive key value blocks between nearby hosts.

Conceptually, Ring Attention transforms sequence parallelism from a communication-heavy paradigm into a
streaming computation model. Instead of repeatedly synchronizing large amounts of data, devices participate
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Figure 7.28: Ring attention sequence parallelism. (i) We use the same model architecture as the original transformer but reorganize
the compute. In the diagram, we explain this by showing that in a ring of hosts, each host holds one query block, and key-value blocks
traverse through a ring of hosts for attention and feed-forward computations in a block-by-block fashion. As we compute attention,
each host sends its key-value blocks to the next host while it receives key-value blocks from the preceding host. The communication is
overlapped with the computation of block-wise attention and feed-forward. (ii) We compute the original transformer block-by-block.
Each host is responsible for one iteration of the query’s outer loop, while the key-value blocks rotate among the hosts. As visualized,
a device starts with the first query block on the left; then we iterate over the key-value blocks sequence positioned horizontally. The
query block, combined with the key-value blocks, are used to compute self-attention (orange box), whose output is pass to feed-forward
network (blue box) [131].

Required: Input sequence x. Number of hosts N,
Initialize
Split input sequence into Ny, blocks that each host has one input block
Compute query, key, and value for its input block on each host
for each transformer layer do
for count = 1to N, — 1 do
for each host concurrently do
Compute memory efficient attention incrementally using local query, key, value blocks
Send key and value blocks to next host and receive key and value blocks from previous host
end for
end for
for each host concurrently do
Compute memory efficient feed-forward using local attention output
end for
end for

Figure 7.29: Reducing transformers memory cost with ring attention [131].
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in a continuous flow where key-value blocks circulate and are processed incrementally. This streaming
mechanism, combined with full overlap of communication and computation, eliminates the main inefficiency
of previous approaches. Importantly, this method preserves exact self-attention and does not rely on
approximations, unlike many alternative approaches for long-context modeling. This makes it suitable for
applications requiring precise long-range dependencies, such as long-document understanding, multimodal
processing, and reinforcement learning with extended trajectories.

In conclusion, Ring Attention can be seen as an evolution of sequence parallelism. By replacing expensive
global communication with ring-based streaming and by overlapping communication with computation, it
removes the primary bottleneck that limits traditional methods. The result is a system that achieves memory
efficiency, eliminates communication overhead, and scales context length linearly with the number of devices,
enabling near-infinite context modeling in practice.

7.10.4 Striped Attention

Striped Attention [16] is presented as an extension and optimization of Ring Attention, designed specifically
to improve performance in causal transformer models. The paper begins by situating itself in the broader
effort to enable Transformers to process extremely long sequences. Ring Attention had already shown that it is
possible to scale context length linearly with the number of devices by distributing attention computation across
a ring of accelerators while overlapping communication and computation. However, this new work identifies
a key inefficiency in Ring Attention when applied to causal self-attention, and proposes a simple but effective
modification to address it.

The fundamental issue arises from the nature of causal attention. In causal transformers, each token only
attends to previous tokens, which creates a triangular attention matrix where roughly half of the interactions are
masked out. In theory, this structure should reduce computation by about a factor of two. Indeed, optimized
single-device implementations exploit this by skipping the masked regions. However, Ring Attention does not
benefit fully from this reduction. The reason lies in how the workload is distributed across devices.

Figure 7.30 illustrates the distinction between the original Ring Attention partitioning and the proposed Striped
Attention scheme. In Ring Attention, each device is assigned a contiguous block of tokens. In contrast,
Striped Attention redistributes tokens so that each device receives evenly spaced elements from across the
entire sequence. Specifically, tokens are partitioned based on their position modulo the number of devices, so
each device holds a "stripe" of the sequence rather than a contiguous chunk. This simple permutation has a
profound effect on workload balance during attention computation.

To understand why, it is useful to recall how Ring Attention operates. As shown in Figure 7.31, each device
keeps its query block fixed while key-value blocks are circulated around the ring over multiple iterations.
On each iteration, every device computes attention between its query block and the current key-value block.
For causal attention, a mask determines which interactions are valid. However, because each device has a
contiguous block of tokens, the mask structure varies across devices: some may have entirely valid (unmasked)
computations, while others may have entirely invalid (masked) ones. This leads to severe workload imbalance.
Since the overall runtime is determined by the slowest device, which is the one performing full computation,
the system cannot take advantage of the masked regions to speed up execution. As a result, even though half the
attention matrix is theoretically unnecessary, Ring Attention effectively performs as if all computations were
required.

Striped Attention resolves this inefficiency by changing only the data layout, not the overall algorithmic
structure. After permuting the sequence as shown in Figure 7.30, the algorithm proceeds almost identically
to Ring Attention. Devices are still arranged in a ring, and key-value blocks still circulate from one device to
the next. However, because each device now holds tokens distributed throughout the sequence, the causal mask
encountered during computation is no longer skewed.

This improvement is visualized in Figure 7.32, which shows how Striped Attention behaves under the same
conditions as Figure 7.31. In this case, every device processes a mix of masked and unmasked interactions in
each iteration. This ensures that all devices have roughly equal workloads, and importantly, that each device
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Figure 7.30: Initial partitioning of the Q, K, and V sequences into blocks for both ring attention and striped attention. Because they
travel together in the ring attention algorithm, the K and V sequences are depicted as a single sequence. Note that for both ring
attention and striped attention, the tokens in the input sequence are partitioned among devices before running the first layer of the
model, and remain partitioned in the same layout throughout the forward and backward passes. As a result, Q, K, V are automatically
partitioned in the desired layout at the beginning of each attention layer when using both ring attention and striped attention, with no
extra per-layer communication required to prepare them in this state [16].
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Figure 7.31: Behavior of ring attention as applied to a small causal self-attention problem with ny, = 16, distributed across N = 4
devices. The Q blocks remain stationary, while K and V blocks pass from neighbor to neighbor in a circular fashion on each round. The
square tile shown under each device on each round indicates the causal mask for the queryfkey interactions computed by that device
on that round; elements masked out with values of —oo are indicated in black. We can see that on all but the first round, workload
imbalances prevent us from making effective use of the structure of the causal mask to reduce run time [16].
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can skip a comparable fraction of computations due to the causal mask. In contrast to Ring Attention, where
only some devices benefit from masking, Striped Attention distributes this benefit evenly.
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Figure 7.32: Behavior of striped attention as applied to the same casual self-attention problem as above. Unlike in ring attention, every
block contains tokens distributed throughout every part of the original input sequence. As in Figure 7.31, the square matrices under

each device depict the causal mask encountered by each device on each round. We note that the causal masks provide each device with
a roughly equal portion of skippable work on each iteration, resolving the workload imbalance in ring attention [16].

The effect of this redesign becomes even clearer in Figure 7.33, which compares workload distributions between
the two methods. In Ring Attention, certain devices may be assigned entirely masked workloads on some
iterations, while others handle fully unmasked computations. This imbalance limits performance because the
fast devices must wait for the slow ones. In Striped Attention, however, each device is assigned a balanced
portion of the computation, with a similar mix of masked and unmasked operations. As a result, all devices
progress at roughly the same rate, maximizing parallel efficiency and enabling consistent performance gains
from skipping masked computations.

From a theoretical perspective, this modification allows Striped Attention to approach the ideal two times
speedup associated with causal masking. While exact gains depend on hardware and implementation details, the
paper shows that in practice, Striped Attention achieves substantial improvements. Experiments on GPUs and
TPUs demonstrate speedups of up to 1.45 times and 1.65 times, respectively, at large sequence lengths. These
gains become more pronounced as sequence length increases, since larger blocks allow more opportunities to
skip masked computations.

Importantly, Striped Attention preserves all the advantages of Ring Attention. It remains an exact attention
method, meaning it does not approximate or degrade the attention computation. It also retains the ability to scale
context length linearly with the number of devices and continues to overlap communication with computation
effectively. The only change is the permutation of the input sequence prior to partitioning, which is carefully
designed to preserve correctness. Because attention is permutation-equivariant, this transformation does not
alter the final output, as long as positional information and targets are permuted consistently.
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Figure 7.33: Workload distribution on rounds O and 2 of ring attention and striped attention. The square matrices represent the set of
all possible pairwise query/key interactions; row indices correspond to queries, and column indices correspond to keys. All cells above
the diagonal are masked out by the causal mask and can be skipped. The colors indicate which devices are responsible for which parts
of the computation. On round 2, we can see that some devices in ring attention are responsible for workloads which are entirely masked
out, whereas striped attention maintains a balanced workload across all devices [16].

The authors identified a subtle but important limitation of Ring Attention when applied to causal transformers:
workload imbalance prevents it from exploiting the structure of causal masking. By introducing a striped data
layout, the authors ensure that all devices perform balanced work and benefit equally from masked computation.
The result powerful improvement that enhances throughput without changing the underlying algorithm or
sacrificing accuracy, making it a valuable advancement for training long-context causal transformer models.

7.11 Implementation Example

In this section we will implement and train a simple convolutional neural network to classify CIFARI10
images, using a Mixture of Experts layer, with the help of DeepSpeed-MoE framework. We wil
consider expert parallelism and ZeRO memory optimizations. DeepSpeed provides two forms of MoE
support: DeepSpeed MoE and Automatic Expert Parallelism (AutoEP). DeepSpeed MoE is available as the
deepspeed.moe. layer.MoE class, which has the following arguments.

e hidden_size is the MoE’s layer input and output dimension.

e expert is a PyTorch module that defines the MoE expert, for example, it can be an MLP or simply a
Linear layer.

e num_experts defines the total number of experts per MoE layer.
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e ep_size specifies the expert parallelism degree.

o k indicates the top-k gating value, where only k=1 and k=2 are supported.

e capacity_factor is the token capacity of the expert at training time.

e eval_capacity_factor is the capacity of the expert at evaluation time.

e min_capacity defines the minimum capacity per expert, regardless of the capacity factor.

e use_residual specifies if the MoE layer is a residual MoE (True) or a conventional MoE (False)
layer.

e noisy_gate_policy allows us to specify the noisy gate policy, where the valid options are Jitter,
RSample, and None.

e drop_tokens can be used to indicate whether to drop tokens (True) or not (False). If we set this
argument to False, it is equivalent to define an infinite capacity.

e use_rts allows us to indicate whether to use random token selection (True) or not (False). The random
token selection technique improves model training convergence.

e use_tutel can be used to specify whether to use Tutel optimizations (True) or not (False).

e enable_expert_tensor_parallelism to enable tensor parallelism in the expert layer (True) or not
(False).

e top2_2nd_expert_sampling to indicate whether we want to perform sampling from the second expert
(True) or not (False).

The argument of the forward method are (i) hidden_states, the input to the MoE layer and (ii) used
_token, and optional tensor for masking only the used tokens. The method returns a tuple containing the
layer output, the gate loss, and the expert count.

To build a Pyramid-Residual MoE (PR-MoE) layer, which in reality includes more than one basic layer, we have
(i) to provide a list, such as [4, 8], for the num_experts argument and (ii) to set the use_residual argument
to True, to indicate that the MoE layer is a residual MoE layer. This is exemplified in the next fragment of
Python code.

self.experts = deepspeed.moe.layer.MoE(
hidden_size = 64,

expert = ExpertModule(),
num_experts = [4,8],
ep_size =4,

use_residual = True

With the this code, we instruct DeepSpeed runtime to train an MoE nodel with 4 experts in the initial MoE
layer and 8 experts in the second MoE layer, on 4 GPUs, and 4/4 = 1 expert/GPU on the first layer and 8/4 = 2
experts/GPU on the second layer.

To use MoE layers in  DeepSpeed, we must create two  weight groups that
are passed to an optimizer. The function that creates these weight groups is
split_params_into_different_moe_groups_for_optimizer, and it can be used as illustrated in
Listing 7.8.

from deepspeed.moe. utils import split_params_into_different_moe_groups_for_optimizer

> def create_moe_param_groups (model):

weights = {’params’: [p for p in model.parameters ()], ’name’: ’parameters’}
weight_groups = split_params_into_different_moe_groups_for_optimizer(weights)

return weight_groups

Listing 7.8: Create two weight groups in DeepSpeed MoE for the optimizer.
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The created weight groups can then be fed to the ZeRO stage-2 optimizer as indicated in Listing 7.9. The
deepspeed.initialize method wraps our model for DeepSpeed distributed training, and also returns (i) an
optimizer prepared to optimize the created weight groups differently and (ii) a distributed ready data loader.

model = CNN()
weight_groups = create_moe_param_groups (model)
model_engine , optimizer, train_dataloader, __ = deepspeed.initialize (
args = args,
model = model ,
model_parameters = weight_groups,
training_data = train_dataset)

Listing 7.9: Initialize DeepSpeed distributed training.

We can pass additional options to DeepSpeed through the args dictionary passed to deepspeed.initialize

method, such as (i) "stage": 2, to indicate ZeRO stage-2 optimization, (ii) "cpu_offload": true, to
offload model states to CPU and save memory, (iii) "overlap_comm": true, to overlap communication with
computation, and (iv) "fp16": {"enabled": true, "fpl6_master_weights_and_grads": true},

for mixed precision training.

class CNN(nn.Module) :
# Simple convolutional neural network for CIFARIO classification .
def __init__(self, args):
super (CNN, self).__init__ ()
self .convl = nn.Conv2d(3, 6, 5)
self .pool = nn.MaxPool2d(2, 2)
self.conv2 nn.Conv2d(6, 16, 5)

self . fcl = nn.Linear(16 x 5 = 5, 120)
self . fc2 = nn.Linear (120, 84)
self .moe = args .moe

if self.moe:

# An MoE expert is a Linear layer with 84 input and 84 output features
fc3 = nn.Linear (84, 84)
self . moe_layer_list = []
# Create 'n_e’ MoE experts , each equal to ’fc3’
for n_e in args.num_experts:

self . moe_layer_list.append (

deepspeed .moe. layer .MoE(

hidden_size = 84,
expert = fc3,
num_experts = n_e,
ep_size = args.ep_world_size ,
use_residual = args.mlp_type == "residual",
k = args.top_k,
min_capacity = args.min_capacity ,
noisy_gate_policy = args.noisy_gate_policy ,
)
)
self . moe_layer_list = nn.ModuleList(self.moe_layer_list)
self . fc4 = nn.Linear (84, 10)
else:
self.fc3 = nn.Linear (84, 10)

def forward(self , x):

x = self.pool(F.relu(self.convl(x)))
X self.pool(F.relu(self.conv2(x)))
X = x.view(—=1, 16 = 5 % 5)
X

X

i

F.relu(self.fcl(x))
F.relu(self.fc2(x))

f self.moe:

for layer in self.moe_layer_list:

X, _, _ = layer(x)
x = self.fcd(x)
else:
x = self.fc3(x)
return X

Listing 7.10: Simple convolutional neural network with a MoE layer for CIFARI0 classification.
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We present in Listing 7.10 a simple convolutional neural network (CNN) with a MoE layer for CIFAR10
image classification. The neural network includes a Conv2d-MaxPool-Conv2d section, and a Linear-ReLU
pair, a second Linear-ReLU pair, and a final Linear layer. The MoE layer includes n_e experts, each is
ann.Linear(84, 84) sub-layer, the parallelism degree is specified by the args.ep_world_size value,
the MoE layer will be of the residual type if args.mlp_type is "residual”, the number of active experts
per token (k) is defined by the args.top_k value, the minimum capacity per expert is specified by the
args.min_capacity value, and the noisy gate policy is defined by args.noisy_gate_policy.

Listing 7.11 shows the fragment of code responsible for initializing the DeepSpeed distributed backend.

1 # Initialize the DeepSpeed distributed backend
> deepspeed.init_distributed ()

3 _local_rank = int(os.environ. get("LOCAL_RANK"))
4 get_accelerator ().set_device(_local_rank)

Listing 7.11: Initialize the DeepSpeed distributed backend.

The code included in Listing 7.12 allows for downloading, if necessary, the torchvision CIFARI1O training
and test sets. The download is performed by rank O only. The training set has 50k images and the test set has
10k images, of size 3 x 32 x 32. The code also defines a transformation to convert the original PIL images to
tensors and to normalize their values to the [-1 : 1] range.

transform = transforms .Compose(

[

transforms . ToTensor () ,

W N

4 transforms . Normalize ((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))
5 1

6 )

8 if torch.distributed.get_rank() != O0:

9 # It might be necessary to download cifarl0 dataset.
10 # Rank 0 will perform the downloading.

1 torch . distributed . barrier ()

13 # Download CIFAR10 training set in rank 0
14 trainset = torchvision.datasets .CIFAR10(

15 root = "./data",

16 train = True,

17 download = True,

18 transform = transform ,

19 )

20

21 testset = torchvision.datasets .CIFAR10(
22 root = "./data",

23 train = False ,

24 download = True,

25 transform = transform

26 )

27

28 if torch.distributed.get_rank() ==

29 # CIFAR10 training data is downloaded.

30 # Signal the other ranks that they can proceed.
31 torch . distributed . barrier ()

Listing 7.12: Create train and test CIFARI0 datasets.

289



The code contained in Listing 7.13 instantiates the convolution neural network MoE model, creates a separate
weight group for each MoE expert, reads the training configuration, initializes DeepSpeed to obtain a distributed
model, a distributed data loader and a DeepSpeed optimizer, specify the data type to use during mixed precision
training, and selects the cross-entropy loss function.

1 # Instantiate the convolution neural network MoE model

2 model = CNN(args)
4 # Get the list of weights that require gradients
5 weights = filter (lambda p: p.requires_grad , model.parameters ())

7 # Create a separate weight group for each MoE expert
8 if args.moe_param_group:
9 weights = create_moe_param_groups (model)

# Initialize DeepSpeed to use the following features:
# 1) a distributed model

13 # 2) a distributed data loader
# 3) a DeepSpeed optimizer

16 ds_config = get_ds_config(args)

18 model_engine , optimizer, trainloader, __ = deepspeed.initialize (

19 args = args,

20 model = model ,

21 model_parameters = weights,

2 training_data = trainset ,

23 config = ds_config,

24 )

26 # Get the local device name and the local rank

27 local_device = get_accelerator ().device_name(model_engine.local_rank)
28 local_rank = model_engine.local_rank

29

30 # For data types different than ’'float32’, specify the data type conversion
31 target_dtype = None

32 if model_engine.bfloatl6_enabled ():

33 target_dtype = torch.bfloatl6

34 elif model_engine.fpl6_enabled ():

35 target_dtype = torch.half

36

37 # Select the cross—entropy loss function

38 criterion = nn.CrossEntropyLoss ()

Listing 7.13: Wrap the model with DeepSpeed.

Listing 7.14 contains the code for the training loop. It has an outer loop over the number of epochs and an inner
loop over the data loader minibatches. It is a very standard training loop with the forward pass, calculating the
loss with the predicted and true image labels, calculating the loss gradients, and updating the model weights.
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1 # Iterate over the dataset multiple times

5

for epoch in range(args.epochs):
running_loss = 0.0
for i, data in enumerate(trainloader):
# The loaded minibatch of images and labels is a list with two tensors
inputs , labels = data[0].to(local_device), data[l].to(local_device)

# Convert images to ’target_dtype’ if necessary
if target_dtype != None:
inputs = inputs.to(target_dtype)

# Run the forward pass
outputs = model_engine (inputs)

# Compute the loss
loss = criterion (outputs , labels)

# Calculate the loss gradients
model_engine . backward (loss)

# Update the model weights
model_engine . step ()

# Print the training statistics
running_loss += loss.item ()

if local_rank == 0 and i % args.log_interval == (args.log_interval — 1):
# Print statistics every ’log_interval’ minibatches
print(f"[{epoch+1:d}, {i+1:5d}] loss: {running_loss/args.log_interval:.3f}")
running_loss = 0.0

Listing 7.14: Train the MoE model.

Finally, Listing 7.15 contains the code for evaluating the trained model on the test set. It calculates the overal
accuracy and the accuracy per class.

Table 7.5 shows the hyperparameters that were kept fixed during the diverse training experiments. It defines
a minibatch size of 16, selects the Adam and specifies its parameters, selects the WarmupLR learning rate
scheduler and defines its parameters, specifies that we want to clip the gradients larger than 1.0, ad defines
several parameters for the ZeRO optimization, such as the optimization stage (0 by default), the bucket size
used in AllGather operations (5x107), the bucket size used in Reduce operation (5x107), indicates that we want
to overlap communication with computation, and that we do not want offload model states to CPU memory.

Table 7.6 contains an example of additional hyperparameters used to train a CIFAR10 MoE model. In this case,
it specifies that we want to use only one node with 4 GPUs, sets the number of training epochs to 30, specifies
that the mixed precision training data type is Bfloat16, sets the ZeRO optimization stage to 0, specifies that
our model has a standard MoE layer with 8 experts, sets the expert parallelism degree to 4, sets the gating
strategy to top-2, and indicates that we want to create separate a weight group per expert.

Table 7.7 contains an example of additional hyperparameters used to train a CIFAR10 PR-MoE model. In
this example, it specifies that we want to use one node with 4 GPUs, sets the number of training epochs to
30, specifies that the mixed precision training data type is Bfloat16, sets the ZeRO optimization stage to 0,
specifies that our PR-MOoE layer has residual sub-layers, with 4 and 8 experts, sets the expert parallelism degree
to 4, sets the gating strategy to top-1, sets the noisy gate policy to "RSample", and indicates that we want to
create separate a weight group per expert.
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1 # Define the test Dataloader

testloader = torch.utils.data.DatalLoader (
testset ,
batch_size = test_batch_size ,
shuffle = False ,

2,

num_workers

)

9 # To calculate the total accuracy

10

11

correct , total = 0, O

2 # To calculate the accuracy per class

13
14

15

class_correct = list (0.0 for i in range(10))
class_total = list (0.0 for i in range(10))
16 # Test 1oop ..o

17

model_engine.eval ()
with torch.no_grad():
for data in testloader:
images, labels = data
if target_dtype != None:
images = images.to(target_dtype)
outputs = model_engine (images.to(local_device))
_, predicted = torch.max(outputs.data, 1)
# Count the total predictions and the correct predictions
total += labels.size (0)
correct += (predicted == labels.to(local_device)).sum().item ()

# Calculate the accuracy for each class

batch_correct = (predicted == labels.to(local_device)).squeeze ()
for i in range(test_batch_size):
label = labels[i]

class_correct[label] += batch_correct[i].item ()
class_total[label] += 1

if model_engine.local_rank ==
print (f"Accuracy of the network on {total} test images: {100xcorrect/total :.0f} %")

# Print the accuracy of all classes
for i in range(10):
print (
f"Accuracy of {classes[i]: >5s}: {100xclass_correct[i]/class_total[i]:2.0f}%")

Listing 7.15: Evaluate the model on the test set.

Table 7.8 contains the training time, the used GPU memory and the test accuracy for the CIFAR10 CNN, the
CNN with a MoE layer, and the CNN with a PR-MoE layer. The reported results where obtained on a node with
four GPUs NVIDIA RTX 3060 with 12GB VRAM each. Before discussing the results, we should note that our
dense model is quite small compared to common large language models, where MOEs are usually included.
Our goal with the current experiments was essentially to apply expert parallelism. Thus, it is no surprise that
the obtained accuracy, around 55-58% for 10 classes, is not impressive. The first relevant conclusion is the
addition of the expert layer to more than double the training time. Considering ZeRO stage-2 optimizations,
instead of stage-0, also increased the training time in 21%. Training a model with a PR-MoE layer, with [4, 8]
experts, took 68% more time than training a model with a MoE layer containing 8 experts. The second relevant
conclusion is the impact that using two active experts, instead of only one, has on the model accuracy. The
accuracy rises from 22% to 55%. We do not have great conclusions to highlight about the GPU memory cost
difference among different model configurations, since the model is small. Thus, the PR-MoE version with
two active experts was the slowest to train but achieved the highest accuracy. Using full-precision FP32 did
not increase the training time when compared to Bfloat16, meaning that (i) we are not using mixed precision
effectively or (ii) the communication time among GPUs dominates over computation time.
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train_batch_size 16
optimizer:
type Adam
params:
Ir 0.0001
betas [0.8,0.999]
eps 1078
weight_decay 3x1077
scheduler:
type WarmupLR
params:
warmup_min_lIr 0
warmup_max_lIr 0.001
warmup_num_steps 1000
gradient_clipping 1.0
prescale_gradients False
bf16:
enabled args.dtype == bf16
fplé:
enabled args.dtype == fp16
fp16_master_weights_and_grads | False
loss_scale 0
loss_scale_window 500
hysteresis 2
min_loss_scale 1
initial_scale_power 15
wall_clock_breakdown False
zero_optimization:
stage args.stage
allgather_partitions True
reduce_scatter True
allgather_bucket_size 50000000
reduce_bucket_size 50000000
overlap_comm True
contiguous_gradients True
cpu_offload False
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Hyperparameter | Value Description

num_nodes 1 Number of nodes

num_gpus 4 Number of GPUs per node

epochs 30 number of training epochs

log-interval 64 interval between successive logs

dtype "bf16" Datatype used for training ("bf16", "fp16", "fp32")

stage 0 ZeRO optimization stage (0, 1, 2, 3)

moe True use DeepSpeed mixture of experts

ep-world-size 4 expert parallelism degree

num-experts (8, 1] number of experts layers

mlp-type "standard" | type of MoE layer ("standard", "residual")

top-k 2 MoE gating top-k (1, 2)

min-capacity 0 MOoE minimum capacity of an expert

noisy-gate-policy | None MOoE noisy gating (only supported with top-1).
Valid values are None, RSample, and Jitter

moe-param-group | True Create separate MoE weight groups,

required when using ZeRO with MoE

Table 7.6: Additional hyperparameters for training a CIFAR10 MoE model.

Hyperparameter | Value Description

num_nodes 1 Number of nodes

num_gpus 4 Number of GPUs per node

epochs 30 number of training epochs

log-interval 64 interval between successive logs

dtype "bf16" Datatype used for training ("bf16", "fp16", "fp32")

stage 0 ZeRO optimization stage (0, 1, 2, 3)

moe True use DeepSpeed mixture of experts

ep-world-size 4 expert parallelism degree

num-experts [4, 8] number of experts layers

mlp-type "residual" | type of MoE layer ("standard", "residual")

top-k 1 MoE gating top-k (1, 2)

min-capacity 0 MoE minimum capacity of an expert

noisy-gate-policy | "RSample” | MoE noisy gating (only supported with top-1).
Valid values are None, RSample, and Jitter

moe-param-group | True Create separate MoE weight groups,

required when using ZeRO with MoE

Table 7.7: Additional hyperparameters for training a CIFARIO PR-MoE model.
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GPUs | Model Training | Used memory | Test
time (s) | per GPU (MB) | accuracy

1 Dense CNN 10m 15s | 1090 49%

2 Dense CNN 12m 05s | 293 50%

4 Dense CNN 10m 30s | 293 50%

4 CNN with a MoE layer 26m 05s | 709 53%
(8 experts, top-2, stage=0, dtype="bf16")

4 CNN with a MoE layer 27m 50s | 711 55%
(16 experts, top-2, stage=0, dtype="bf16")

4 CNN with a MoE layer 21m 25s | 709 22%
(16 experts, top-1, stage=0, dtype="bf16")

4 CNN with a MoE layer 24m 35s | 703 56%
(16 experts, top-2, stage=0, dtype="fp32")

4 CNN with a MoE layer 33m 40s | 903 56%
(16 experts, top-2, stage=2, dtype="bf16")

4 CNN with a PR-MoE layer 43m45s | 711 58%
([4,8] experts, top-2, stage=0, dtype="bf16")

Table 7.8: Training time, used GPU memory and test accuracy for the CIFARIO CNN, CNN with a MoE layer, and CNN with a PR-MoE
layer.

7.12 Conclusions

In this chapter, we explored the role of advanced parallelism techniques in enabling the large-scale training
and deployment of Mixture of Experts (MoE) models. The chapter demonstrated that efficient scaling in MoE
systems requires not only the use of individual parallelism strategies, but also their careful combination and
adaptation to the unique characteristics of sparse architectures. We began by examining the fundamental forms
of parallelism, including data, tensor, pipeline, and sequence parallelism, along with MoE-specific approaches
such as expert parallelism and expert tensor parallelism. Each of these techniques addresses different aspects of
scalability, from distributing model parameters and computations to reducing memory usage and improving
hardware utilization. However, the chapter highlighted that these methods introduce inherent trade-offs,
particularly in terms of communication overhead and synchronization requirements.

Building on these foundations, we analyzed the evolution of hybrid parallelism strategies, which combine
multiple techniques to achieve better performance and scalability. The progression from homogeneous designs
to heterogeneous approaches and ultimately to dynamic parallelism illustrates an important shift toward more
flexible and workload-aware systems. In particular, heterogeneous methods exploit the structural differences
between dense attention layers and sparse expert layers, while dynamic strategies adapt configurations at
runtime to respond to changing workloads and system conditions. The inclusion of automatic parallelization
frameworks further emphasizes the growing complexity of these systems, where optimal configurations can no
longer be determined manually.

A central focus of the chapter was expert parallelism, which enables the distribution of experts across devices
and forms the backbone of large-scale MoE systems. While this approach provides significant benefits in terms
of memory efficiency and scalability, it also introduces challenges such as All-to-All communication costs,
load balancing, and routing-induced irregularity. These challenges require specialized optimizations, including
efficient communication primitives, token grouping strategies, and auxiliary mechanisms to ensure balanced
workloads across experts.

It was also examined how expert parallelism is integrated into real-world systems, such as Switch Transformers,
Tutel, and DeepSpeed-MoE. These systems highlight different optimization strategies, including flexible
parallel configurations, communication-computation overlap, and expert-aware scheduling. In particular,
DeepSpeed-MoE demonstrates how multi-dimensional parallelism and system-level optimizations can be
combined to achieve both high throughput and low latency, especially during inference.
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Beyond individual frameworks, we discussed more advanced system designs such as Pathways and
Megatron-Core, which rethink traditional distributed training architectures. Pathways introduces an
asynchronous dataflow execution model, enabling flexible scheduling and improved hardware utilization, while
Megatron-Core addresses the dense—sparse mismatch through parallel folding, allowing different layers to adopt
independent parallelization strategies. These approaches represent a significant step forward in handling the
structural heterogeneity of MoE models.

The chapter further addressed practical system implementations, including NVIDIA Megatron Bridge and
vLLM, which incorporate features such as optimized token dispatching, load balancing mechanisms, and elastic
expert parallelism. In particular, elastic scaling demonstrates how distributed MoE systems can dynamically
adjust their resource usage at runtime, improving both efficiency and resilience in real-world deployments.

Another important topic covered was sequence parallelism for long-context training, including approaches such
as Megatron sequence parallelism, DeepSpeed-Ulysses, Ring Attention, and Striped Attention. These methods
show how communication patterns and computation can be reorganized to mitigate the quadratic complexity
of attention and enable efficient processing of extremely long sequences, further extending the scalability of
modern models.

Finally, it is presented a practical implementation example using the DeepSpeed-MoE framework, illustrating
how expert parallelism and memory optimization techniques such as ZeRO can be applied in practice.
This example reinforces the idea that successful deployment of MoE models requires not only theoretical
understanding, but also careful engineering of both model architecture and distributed training infrastructure.

In conclusion, the chapter highlights that scalability in MoE systems is fundamentally a multi-dimensional
optimization problem, involving trade-offs between computation, memory, communication, and system
complexity. Future progress will likely depend on tighter integration between model design and system
architecture, as well as on increasingly automated and adaptive parallelization techniques, capable of efficiently
exploiting heterogeneous hardware and dynamic workloads.
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Chapter 8

Conclusions

Chapters two through seven collectively highlight that the evolution of modern deep learning is fundamentally
driven by the need to scale models far beyond the limits of single-device computation. Distributed training
emerges as the essential foundation that enables this scaling, requiring not only multiple GPUs or compute
nodes, but also a deep understanding of how computation, communication, and hardware interact. Efficient
training is no longer determined solely by algorithmic improvements, but by the ability to orchestrate large-scale
systems in which communication patterns, synchronization mechanisms, and hardware characteristics play a
decisive role.

Within this context, parallelism appears as the central paradigm for achieving scalability. However, the chapters
make clear that parallelism is not a single technique, but a rich and multi-dimensional design space. Data
parallelism, pipeline parallelism, tensor parallelism, and expert parallelism each address different limitations
related to computation, memory, and model size. A key unifying insight is that no individual strategy is
sufficient on its own. Instead, the most effective solutions rely on hybrid approaches that combine several
forms of parallelism in a coordinated manner, allowing systems to balance workload distribution, memory
usage, and communication costs.

As models grow in scale, communication becomes a dominant bottleneck. Operations such as gradient
aggregation or token routing across devices often determine performance, more than raw computation.
The chapters consistently emphasize that optimizing communication, through efficient collective algorithms,
overlapping communication with computation, and minimizing synchronization overhead, is critical for
achieving scalability. This insight shifts the focus from purely computational efficiency to a broader systems
perspective, where algorithm design must account for the realities of distributed environments.

Another recurring theme is the importance of memory efficiency. Current neural network architectures
frequently exceed the memory capacity of individual devices, driving the development of techniques such
as weight sharding, optimizer state partitioning, and splitting the model layers. While these methods enable
the training of significantly larger models, they also introduce additional communication overhead and system
complexity. As a result, scaling becomes a continuous trade-off between memory savings, communication cost,
and computational efficiency, reinforcing the idea that all resources must be jointly optimized.

The Mixture of Experts paradigm represents a major step forward in scaling model capacity by introducing
conditional computation. By activating only a subset of model weights for each input, MoE architectures
achieve a substantial increase in size without a proportional increase in computation. However, this efficiency
comes at the cost of increased system complexity. Challenges such as load balancing, routing stability, and
communication-intensive operations, particularly All-to-All exchanges, make MoE systems significantly harder
to design and train. Consequently, their success depends on carefully balancing algorithmic innovation with
system-level optimization.

From an implementation perspective, the six chapters demonstrate that translating these ideas into practice is
far from trivial. Building scalable systems requires more than theoretical understanding, it demands careful
engineering of routing mechanisms, batching strategies, and training stabilization techniques. Issues such
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as numerical instability, uneven workload distribution, and inefficient hardware utilization must be addressed
through a combination of algorithmic adjustments and practical optimizations. This highlights that scalability
is as much an engineering challenge as it is a theoretical one.

Finally, the work points toward a future in which distributed training systems become increasingly adaptive and
automated. The growing complexity of hybrid parallelism and heterogeneous architectures makes manual
optimization impractical, leading to the emergence of dynamic and automated parallelization frameworks.
These systems aim to determine optimal configurations at runtime, adapting to model structure, hardware
characteristics, and workload variability. This evolution reflects a broader trend toward tighter integration
between model design and system infrastructure.

In summary, the global conclusion is that scaling modern deep learning systems is inherently a
multi-dimensional optimization problem. It requires the careful co-design of model architecture,
parallelization strategies, and distributed systems, while continuously balancing trade-offs between
computation, communication, memory, and complexity. The most effective approaches are those that embrace
this complexity through hybrid, adaptive, and system-aware designs, enabling the training and deployment of
increasingly large and capable models.
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Appendix A

Train a Simple Transformer Model with
Fully Sharded Data Parallel

This appendix contains the Python code for training a simple Transformer with PyTorch Fully Sharded Data
Parallel.

I from dataclasses import dataclass
> import torch

; import torch.nn as nn

4 import torch.nn.functional as F
6 @dataclass

7 class ModelArgs:

8 n_layers: int = 2

9 vocab_size: int =8
10 max_seq_len: int = 16
1 dim: int = 16
12 n_heads: int =4
13 dropout_p: float = 0.1

14
15 class FeedForward (nn.Module) :

16 def __init__(self, dim, hidden_dim, dropout_p):
17 super (). __init__ ()

18 self .wl = nn.Linear (dim, hidden_dim)
19 self.gelu = nn.GELU()
20 self .w2 = nn. Linear (hidden_dim, dim)

21 self . resid_dropout = nn.Dropout(dropout_p)

23 def forward(self , x):
2 return self.resid_dropout(self.w2(self.gelu(self.wl(x))))

26 def reset_parameters(self):
27 self .wl.reset_parameters ()
28 self .w2.reset_parameters ()

Listing A.1: Python implementation of the transformer feed-forward network.
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20

class Attention (nn.Module) :

def __init__(self, args: ModelArgs):
super (). __init__ ()

assert args.dim % args.n_heads == 0
self.head_dim = args.dim // args.n_heads
self .n_heads = args.n_heads
self.dropout_p = args.dropout_p

self . resid_dropout nn.Dropout(args.dropout_p)

self .wq = nn.Linear(args.dim, args.dim, bias=False)
self .wk nn.Linear(args.dim, args.dim, bias=False)
self .wv nn. Linear (args.dim, args.dim, bias=False)
self .wo = nn.Linear(args.dim, args.dim, bias=False)

def forward(self , x):

bsz, seq_len, _ = x.size ()

queries , keys, values = self.wq(x), self.wk(x), self.wv(x)
queries = queries.view(bsz, seq_len, self.n_heads, self.head_dim)
keys = keys.view(bsz, seq_len, self.n_heads, self.head_dim)
values = values.view(bsz, seq_len, self.n_heads, self.head_dim)

queries

values

output = F.scaled_dot_product_attention (
queries ,
keys ,
values ,
None ,
self.dropout_p if self.training else O,
)
output = output.transpose(l, 2).contiguous().view(bsz, seq_len,
return self.resid_dropout(self.wo(output))

def reset_parameters(self):
self .wq.reset_parameters ()
self .wk.reset_parameters ()
self .wv.reset_parameters ()
self .wo.reset_parameters ()

Listing A.2: Python implementation of the transformer attention layer.

class TransformerBlock (nn.Module) :
def __init__ (self, args: ModelArgs):
super (). __init__ ()

self . attention_norm = nn.LayerNorm(args.dim)
self.attention = Attention (args)

self . ffn_norm = nn.LayerNorm (args .dim)
self.feed_forward = FeedForward (

args .dim, hidden_dim=4 % args.dim, dropout_p=args.dropout_p

)

def forward(self , x):
h = X + self.attention (self.attention_norm(x))
out = h + self.feed_forward(self.ffn_norm(h))
return out

def reset_parameters(self):
self . attention_norm .reset_parameters ()
self . attention .reset_parameters ()
self . ffn_norm.reset_parameters ()
self .feed_forward.reset_parameters ()

Listing A.3: Python implementation of the transformer block.
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queries . transpose (1, 2) # (bsz, n_heads, seq_len, head_dim)
keys = keys.transpose (1, 2) # (bsz, n_heads, seq_len, head_dim)
values . transpose (1, 2) # (bsz, n_heads, seq_len, head_dim)



1 # A simple

3

26

29

assert
assert

self
self
self
self
self
self

for _
self.layers .append(TransformerBlock (args))

self .norm

transformer model

model_args =
max_seq_len =
tok_embeddings =

pos
dro
lay

in

_embeddings =
pout =
ers =

range (args.n

self .output = nn.Line

def forward(self, tokens)

gq_len = token

inspired by the nanoGPT model:
> # https :// github .com/karpathy /nanoGPT .
class Transformer (nn.Module) :
def __init__(self, args:
super (). __init__ ()

ModelArgs) :

args.vocab_size is not None
args . max_seq_len is not None

args
args . max_seq_len

nn . Embedding (args . vocab_size , args.dim)
nn. Embedding (args . max_seq_len, args.dim)
nn. Dropout(args.dropout_p)

nn. ModuleList ()
_layers):

= nn.LayerNorm (args .dim)

ar(args .dim, args.vocab_size, bias=False)

s.size ()

seq_len <= self.max_seq_len

self.tok_embeddings (tokens)
seq_len, device=tokens.device)

rch.arange (0,

self.pos_embeddings (pos) # positional

_bsz, se
assert

h =
pos = to
p =

h = h
h = se

+p
1f .dropout (h)

for layer in self.lay

h

h

output =
return output

layer (h)
self.norm(h)
self.output(

ers :

h). float ()

def reset_parameters(self):

self .
self .
self .

self

import torch

from model
from torch
from torch
# Verify if

def inspect_model (model:

tok_embeddings.reset_parameters ()
pos_embeddings.reset_parameters ()
norm.reset_parameters ()
.output.reset_parameters ()

embeddings of shape (seq_len,

Listing A.4: Python implementation of a simple transformer model.

.distributed . fsdp
.distributed . tens

the model is correctly wrapped with FSDP2
FSDPModule) :

assert isinstance (model,
assert isinstance (model,

import Transformer
import FSDPModule
or import Shard

Transformer)
FSDPModule)

if torch.distributed.get_rank () == O:
print (model)

for param in model. parameters () :

assert

param. placements == (Shard (0) ,)

assert param.dtype == torch.float32
# print (param. get_local_tensor ())

# Verify if mixed precision was correctly applied
def inspect_mixed_precision (model: FSDPModule) :
model . unshard ()
for param in model.parameters(recurse=False):
assert param.dtype ==
model . reshard ()

torch . bfloatl6

Listing A.5: Utilities to inspect the model wrapped by FSDP2 and the mixed precision.
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e}

'S

import
import

import
import
from

from
from

MODEL_CHECKPOINT
OPTIM_CHECKPOINT

PARAMS

max
if

for

ret

0s
time

torch
torch.nn as nn

torch . distributed .checkpoint.state_dict

_init_optim_state ,
get_model_state_dict ,
get_optimizer_state_dict ,
set_model_state_dict ,
set_optimizer_state_dict ,
StateDictOptions ,

torch . distributed . fsdp import FSDPModule
distribute_tensor , DTensor

torch . distributed .tensor import

= "params"

23 def get_latest_checkpoint_folder (path):

_num = None

not os.path.exists(path):
return max_num

name in os.listdir (path):

"model_state_dict.pt"
"optim_state_dict.pt"

folder_path = os.path.join(path, name)

if os.path.isdir(folder_path):

try :
num = int(name)

import (

if max_num is None or num > max_num:

max_num = nhum
except ValueError:

pass # Skip non—numeric folder names

urn max_num

class Checkpointer:

def

def

__init__(self, folder: str, dcp_api: bool):

self.folder = folder

self .dcp_api = dcp_api

self.last_training_time = get_latest_checkpoint_folder (

f"{folder }/{ dcp_api’ if dcp_api else

)

is_empty (self):
return self.last_training_time

Listing A.6: Class for saving and loading model and optimizer state dictionaries toffrom file (part 1).

is None
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def load_model(self , model: FSDPModule) :

last_model_checkpoint = (
f"{self.folder }/{ dcp_api’ if self.dcp_api else ’dtensor_api’}"
f"/{self.last_training_time }/{ MODEL _CHECKPOINT} "
)
full_sd = torch.load(
last_model_checkpoint ,
mmap = True,
weights_only = True,

map_location "cpu"

)
if self.dcp_api:
set_model_state_dict(

model = model ,
model_state_dict = full_sd ,
options = StateDictOptions (
full _state_dict = True,
broadcast_from_rankO = True,
),
)
return

meta_sharded_sd = model. state_dict ()

sharded_sd = {}

for param_name, full_tensor in full_sd.items():
sharded_meta_param = meta_sharded_sd. get(param_name)
sharded_tensor = distribute_tensor (

full_tensor ,
sharded_meta_param.device_mesh ,
sharded_meta_param . placements ,
)
sharded_sd[param_name] = nn.Parameter(sharded_tensor)
# choose ‘assign=True ‘ since we cannot call ‘copy_°‘ on meta tensor
model.load_state_dict(sharded_sd, strict=False, assign=True)

Listing A.7: Class for saving and loading model and optimizer state dictionaries to/from file (part 2).
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def load_optim(self, model: FSDPModule, opt: torch.optim.Optimizer):

last_optim_checkpoint = (
f"{self.folder }/{ dcp_api’ if self.dcp_api else ’dtensor_api’}"
f"/{self.last_training_time }/{ OPTIM_CHECKPOINT}"
)
full_sd = torch.load(
last_optim_checkpoint , mmap=True, weights_only=True, map_location="cpu"
)
if self.dcp_api:
set_optimizer_state_dict(

model = model ,
optimizers = opt,
optim_state_dict = full_sd,
options = StateDictOptions (
full_state_dict = True,
broadcast_from_rankO = True,
),
)
return
_init_optim_state (opt)
param_groups = opt.state_dict () ["param_groups"]
state = opt.state_dict()["state"]
full_param_groups = full_sd["param_groups"]
full _state = full_sd["state"]

for param_group, full param_group in zip(param_groups, full _param_groups):
for key, value in full_param_group.items () :
if key == PARAMS:
continue
param_group|[key] = value

for pid, full_pid in zip(param_group [PARAMS], full_param_group [PARAMS]) :
if pid not in state:
continue
param_state state [ pid]
full _param_state = full_state[full_pid]
for attr, full_tensor in full_param_state.items () :
sharded_tensor = param_state[attr ]
if isinstance (sharded_tensor , DTensor):
# exp_avg is DTensor
param_state [ attr] = distribute_tensor (
full_tensor ,
sharded_tensor.device_mesh ,
sharded_tensor.placements ,

)

else:
# step is plain tensor
param_state[attr] = full_tensor

opt.load_state_dict(

{
"param_groups": param_groups,
"state": state ,

Listing A.8: Class for saving and loading model and optimizer state dictionaries to/from file (part 3).
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61

62

def _get_full_model_state_dict(self, model: FSDPModule) :
if self.dcp_api:
return get_model_state_dict(
model = model,
options = StateDictOptions (
full_state_dict = True,
cpu_offload = True,
),
)

sharded_sd = model. state_dict ()
cpu_state_dict = {}
for param_name, sharded_param in sharded_sd.items():

full_param = sharded_param.full_tensor ()

if torch.distributed.get_rank () ==
cpu_state_dict[param_name] = full_param.cpu()

2l§®

del full_param
return cpu_state_dict

def _get_full optimizer_state_dict(

self ,

model: FSDPModule,

opt: torch.optim.Optimizer ,
).

if self.dcp_api:
return get_optimizer_state_dict(

model = model,
optimizers = opt,
options = StateDictOptions (

full _state_dict=True,
cpu_offload=True,

)
)
is_rank_zero = torch.distributed.get_rank() == 0
sharded_sd = opt.state_dict ()

sharded_state sharded_sd["state"]
full_state = {}
for group_id, sharded_group in sharded_state.items():
group_state = {}
for attr, sharded_tensor in sharded_group.items () :
if isinstance (sharded_tensor, DTensor):
# "exp_avg" in AdamW is ‘DTensor °

full_tensor = sharded_tensor. full_tensor ()
else:

# "step" in AdamW is plain tensor

full_tensor = sharded_tensor

if is_rank_zero:
group_state[attr] = full_tensor.cpu()
else:
del full_tensor
if is_rank_zero:
full_state[group_id] = group_state
else:
del group_state
if is_rank_zero:

return {
"param_groups": sharded_sd["param_groups"],
"state": full_state ,
}
else:
return {}

Listing A.9: Class for saving and loading model and optimizer state dictionaries to/from file (part 4).
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29

30

¢]

33

34

36

39

40
41

def save(self, model: FSDPModule, optim: torch.optim.Optimizer):
model_state_dict = self._get_full_model_state_dict(model)

optim_state_dict = self._get_full_optimizer_state_dict(model, optim)
if torch.distributed.get_rank () == O:
new_training_time = int(time.time () %= 1000)

new_checkpoint_folder = f"{self.folder }/{ dcp_api’ if self.dcp_api
else ’“dtensor_api’}/{new_training_time}"

new_model_checkpoint f"{new_checkpoint_folder }/{ MODEL CHECKPOINT} "

new_optim_checkpoint f"{new_checkpoint_folder }/{ OPTIM_CHECKPOINT} "

os . makedirs (new_checkpoint_folder, exist_ok=True)

torch .save(model_state_dict, new_model_checkpoint)

torch.save(optim_state_dict, new_optim_checkpoint)

Listing A.10: Class for saving and loading model and optimizer state dictionaries toffrom file (part 5).

import argparse
import os
import torch

from checkpoint import Checkpointer

from model import ModelArgs, Transformer

from torch . distributed . fsdp import fully_shard , MixedPrecisionPolicy

from utils import inspect_mixed_precision , inspect_model
def verify_min_gpu_count(min_gpus: int = 2) —> bool:

nuon

Verify that we have at least 2 GPUs to run this distributed example.
has_gpu = torch.accelerator.is_available ()

gpu_count = torch.accelerator.device_count ()

return has_gpu and gpu_count >= min_gpus

def set_modules_to_forward_prefetch(model, num_to_forward_prefetch):

nuon

Set prefetch AllGather operations over model layers in forward pass.
for i, layer in enumerate(model.layers):
if i >= len(model.layers) — num_to_forward_prefetch:
break
layers_to_prefetch = [
model. layers[i + j] for j in range(l, num_to_forward_prefetch + 1)
1

layer.set_modules_to_forward_prefetch(layers_to_prefetch)

def set_modules_to_backward_prefetch (model, num_to_backward_prefetch):

"o

Set prefetch AllGather operations over model layers in backward pass.

"o

for i, layer in enumerate(model.layers):
if 1 < num_to_backward_prefetch:

continue
layers_to_prefetch = [
model . layers[i — j] for j in range(l, num_to_backward_prefetch + 1)

]

layer.set_modules_to_backward_prefetch(layers_to_prefetch)

Listing A.11: Set prefetch AllGather operations over model layers.
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i def main(args):

2 _min_gpu_count = 2

3 if not verify_min_gpu_count(min_gpus=_min_gpu_count):

4 print (f"Unable to locate sufficient {_min_gpu_count} GPUs to run this example.")
5 exit ()

7 rank = int(os.environ["LOCAL RANK" ])

8 if torch.accelerator.is_available ():

9 device_type = torch.accelerator.current_accelerator ()

10 device = torch.device(f"{device_type }:{rank}")

11 torch.accelerator.device_index (rank)

12 print (f"Running rank {rank} on device {device}")

13 else:

14 device = torch.device("cpu")

15 print (f"Running on device {device}")

16

17 # Initialize the default process group and communication backend.
18 backend = torch.distributed.get_default_backend_for_device(device)

19 torch.distributed .init_process_group (backend=backend, device_id=device)

21 # Configure a Transformer model with 10 layers, 4 attention heads,

22 # a maximum sequence length of 64, no dropout, and a vocabulary size of 1024.
23 torch . manual_seed (0)

24 vocab_size = 1024

25 batch_size = 32

26 seq_len = 64

27 model_args = ModelArgs(

28 n_layers = 10,

29 n_heads = 4,

30 vocab_size = vocab_size,

31 max_seq_len = seq_len,

32 dropout_p =0,

33 )

34

35 # Instantiate the model on the meta device to avoid unnecessary memory usage, since
36 # FSDP2 will take care of moving parameters to the correct device and shard them.
37 with torch.device("meta"):

38 model = Transformer(model_args)

39

40 fsdp_kwargs = {}

41 if args.mixed_precision:

42 fsdp_kwargs["mp_policy"] = MixedPrecisionPolicy (

43 param_dtype = torch.bfloatl6 ,

44 reduce_dtype = torch.float32 ,

45 )

46

47 # Wrap each layer with FSDP2 and then the entire model.

48 # This allows for more fine—-grained control over sharding and prefetching.

49 for layer in model.layers:

50 fully _shard (layer, =xxfsdp_kwargs)

51 fully_shard (model, =xxfsdp_kwargs)

52

53 # Print the model to verify that it is correctly wrapped with FSDP2.

54 inspect_model (model)

55

56 # Optionally set up explicit prefetching for the forward and backward passes.
57 # With prefetching , FSDP modules should explicitly prefetch AllGathers in forward.
58 # The prefetching runs after this module’s AllGather copy-out.

60 if args.explicit_prefetching:
61 set_modules_to_forward_prefetch (model, num_to_forward_prefetch=2)
62 set_modules_to_backward_prefetch(model, num_to_backward_prefetch=2)

Listing A.12: The main function to train the transformer model with FSDP2 (part 1).
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1 # If a checkpoint exists , load the model and optimizer state from the checkpoint.

2 checkpointer = Checkpointer("checkpoints", dcp_api=args.dcp_api)
3 if checkpointer.last_training_time is None:

4 model . to_empty (device=device)

5 model. reset_parameters ()

6 else:

7 checkpointer.load_model (model)

8

9 # If mixed precision is enabled, inspect the model to verify that

10 # weights are in the correct data type.
1 if args.mixed_precision:

12 inspect_mixed_precision (model)

13

14 # Construct the optimizer based on the model parameters. If a checkpoint was loaded,
15 # load the optimizer state from the checkpoint as well.

16 optim = torch.optim.Adam(model.parameters (), lr=1le-2)

17 if checkpointer.last_training_time is not None:

18 checkpointer.load_optim (model, optim)

19

20 # Run a simple training loop for 10k iterations , where in each iteration we:
21 # 1. Optionally unshard the model if explicit prefetching is enabled

22 # 2. Generate random input data

23 # 3. Compute the loss and perform the backward pass

24 # 4. Clip the gradients and update the model weights using the optimizer

25 # 5. Reset the optimizer gradients

26

27 for _ in range(10000):

28 if args.explicit_prefetching:

29 model . unshard ()

30 X = torch.randint (0, vocab_size, (batch_size, seq_len), device=device)
31 loss = model(x).sum()

32 loss .backward ()

33 torch.nn. utils .clip_grad_norm_ (model. parameters (), max_norm=1.0)

34 optim . step ()

35 optim . zero_grad ()

36

37 # Save the model and optimizer state to a checkpoint,

38 # and then clean up the process group.

39 checkpointer.save (model, optim)

40 torch . distributed . destroy_process_group ()

Listing A.13: The main function to train the transformer model with FSDP2 (part 2).
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