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Resumo

Controlo Adaptativo de Robôs com Pernas através da combinação de Sistemas Dinâmicos

com Machine Learning

Nesta tese de doutoramento é investigado o papel de estruturas primitivas em differentes níveis de ger-

ação e controlo motor em sistems naturais e artificiais. Através de diferentes estudos experimentais, são

propostas soluções práticas para diferentes problemas de engenharia, numa abordagem multidisciplinar

que explora elementos de baixa dimensionalidade de natureza cinemática, perceptual e neuromuscular.

Especificamente, o 1) controlo genérico de locomoção bípede artificial é conseguido empregando apenas

uma quantidade mínima de Primitivas Motoras (MPs) partilhadas em dois robôs humanóides, usando

sistemas dinâmicos na representação de MPs. a 2) deteção de marcha irregular e atípica em humanos

é efetuada através da construção de memórias perceptuais genéricas representando locomoção bípede

normal, com differentes Primitivas Perceptuais (MPs) partilhadas por differentes dimensões, e levando a

uma representação compacta, robusta e invariante no tempo. e a 3) identificação de fadiga muscular em

movimentos repetitivos dos membros superiores, com base em variações graduais e significantivas no

recrutamento de Sinergias Musculares (MSs), quantificadas através de múltiplos indicadores no domínio

temporal e espectral. A validação experimental dos modelos e algoritmos introduzidos nesta tese demon-

stra a relevância de estruturas primitivas na construção de estratégias cognitivas artificiais, em particular

dentro do paradigma de Aprendizagem Contínua ou Lifelong Learning (L2). Na prática, os métodos e

modelos propostos são particularmente apelativos na i) construção de máquinas autónomas capazes de

lidar eficientemente com tarefas e ambientes complexos e com alta dimensionalidade, podem comple-

mentar, ii) podem complementar arquitecturas cognitivas e ferramentas de raciocínio artificial existentes,

e iii) contribuir no desenho de soluções de monitorização e gestão de comportamento humano, possibili-

tando uma mais rica coexistência entre robôs e humanos.

Palavras-chave: controlo robótico, locomoção robótica, primitivas motoras, primitivas perceptuais,

sinergias musculares
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Abstract

Combining Dynamical Systems with Machine Learning for Adaptive Control of Legged

Robots

In this doctoral thesis, the role of primitive structures across different levels of natural and artificial

motor generation and control is investigated. Through distinct experimental studies, primitive-based solu-

tions are developed to concrete engineering problems, in a multidisciplinary approach that exploits low-

dimensional primitive elements at kinematic, perceptual and neuromuscular levels. Namely, 1) generic

control of artificial legged walking is achieved by employing a minimal set of Motor Primitives (MPs) shared

in two humanoid platforms, using stable dynamical systems for primitive representation; the 2) detection

of irregular, non-stereotypical gait in humans is conducted through the construction of generic perceptual

memories of nominal legged gait, sharing Perceptual Primitives (PPs) across different input dimensions,

and achieving a compact, robust and time-invariant representation; and the 3) identification of muscular

fatigue in repetitive upper-limb human movement, by focusing on meaningful gradual alterations in the

recruitment of different Muscle Synergies (MSs), assessed through multiple time- and frequency-domain

indicators. The experimental validation of the models and algorithms introduced in this thesis attest to

the relevance of primitive theory in the development of efficient artificial cognitive strategies, particularly

within the paradigm of autonomous Lifelong Learning (L2). In practice, the methods proposed in this work

denote particular appeal in i) the construction of autonomous machines able to efficiently deal with high-

dimensional tasks and environments, ii) can complement existing cutting-edge cognitive architectures and

artificial reasoning frameworks, as well as iii) aid in the design of advanced human behavioral monitoring

and management solutions, enabling a richer coexistence between humans and robots.

Keywords: motion primitives, muscle synergies, perceptual primitives, robotic control, robotic locomo-

tion
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Chapter 1
Introduction

Over the last century, the relevance of automation in society has increased significantly, to the point

where robotic systems have become ubiquitous in both domestic and the gross majority of industrial

settings. This modern dependency on robots has, unsurprisingly, seeped into the daily life of the average

citizen, who deals with these types of automated machines on a daily basis, from self-driven vacuum

machines, to kitchen appliances, to the very vehicles they use while commuting. As a result, current

robots are often required to share environments, whether domestic or industrial, with humans and/or other

robotic agents. This brings about extra potential for the development of collaborative robotic interaction,

while at the same time requiring adaptation to account for dynamic perturbations, obstacles, or different

task demands [Calinon et al., 2012]. Particularly in domestic environments - by nature more chaotic

than predictable industrial scenarios - it is both impractical and time-consuming to curate a selection of

motor behaviors to be executed in all possible situations; nevertheless, for a long time this straightforward,

albeit limited, approach was the choice strategy behind the design of robotic control policies, resulting in

pseudo- or semi-autonomous systems that could rarely function outside a limited number of well-structured

workspaces and within very constrained task parameters [Sigaud & Stulp, 2019].

For robots to be able to safely and productively operate in tandem with humans, they must be furnished

with autonomous controllers able to decide what to do in the most varied scenarios, without the need of

supervisory input [Ajoudani et al., 2018; Peters et al., 2011; Sigaud & Stulp, 2019]. To that end, providing

an agent with the capability to incrementally build its own behavior database, and update it as it gathers

information on - and interacts with - the surrounding world, represents a more powerful and versatile ap-

proach to adaptive robotic control. While adaptation can broadly encompass different degrees of flexibility

in robotic movement, at top-level it implies lifelong learning, whereby robots are able to continuously ac-

quire new skills without jeopardizing existing ones, and extrapolate from similar tasks [Hospedales et al.,

2021; Kudithipudi et al., 2022]. Over the last few years, scientific research in the field of Machine Learning

(ML) has focused in developing techniques to generalize preset behaviors across different scenarios while

complying with task demands [He et al., 2023; Kramberger et al., 2017; Kroemer et al., 2020; Kupcsik

et al., 2017; Singh et al., 2017; Zeng et al., 2022]. Ultimately, this can allow robots to share, in a care-free

manner, environments with humans and other robots, as well as cooperate with both in tasks that would
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CHAPTER 1. INTRODUCTION

be cumbersome or time-consuming otherwise [Ajoudani et al., 2018].

Correspondingly, the field of Artificial Intelligence (AI) has progressed to the point where truly au-

tonomous robots are expected to become a trivial component of daily life in the near future. Notwith-

standing, the practicality of designing artificial systems capable of continuous self-improvement remains

a significant hurdle, with current solutions for robotic skill learning still exhibiting difficulty in scaling to

more elaborate platforms e.g. industrial manipulators or humanoid robots, due to their high-dimensional

action- and state-spaces [Peters et al., 2011]. This increase in the complexity of robotic control, known as

the curse of dimensionality [Bellman, 1957], often presents an inescapable control challenge; in essence,

the dimensionality of any control strategy becomes critical to - or rather, has relevant implications in -

any learning process, which is a cornerstone of autonomous robotics and a hard requirement in real-time

adaptive systems [Peters et al., 2011]. While modern Reinforcement Learning (RL) solutions have made

long strides towards numerical tractability in such platforms [Kober, 2014; Kroemer et al., 2020; Li, 2018;

Mnih et al., 2015; Sigaud & Stulp, 2019], assisted by modular and parametric reduced-order movement

representations [Neumann et al., 2014; Saveriano et al., 2021], as well as recent breakthroughs in Deep

Learning (DL) that rekindled the interest of the research community into robotic problems [Gu et al., 2017;

Ibarz et al., 2021; Levine et al., 2018; Mnih et al., 2015; Silver et al., 2016], these techniques still require

a prohibitively high number of interactions for the majority of real robotic tasks [Chatzilygeroudis et al.,

2020; Levine et al., 2016]; as such, their applicability to real robotic systems, particularly high-dimensional

platforms, is either greatly reduced or downright impractical outside a research context [Kamthe & Deisen-

roth, 2018]. The bottom line is that in the real world - where adaptation is most important - robots lack the

luxury of access to computational clusters able to simulate thousands of interactions, extensive datasets to

extrapolate from, as well as time and safety assurances to actively and preemptively attempt trial-and-error

exploration; and therefore must interact with their environment in real-time with limited resources and

quickly adapt their behavior while extracting the most information from each interaction [Calinon, 2016;

Chatzilygeroudis et al., 2020; Kroemer et al., 2020].

In the pursuit of alternative strategies to deal with this complexity, roboticists have historically bor-

rowed inspiration from nature, namely how vertebrate animals move and behave, and extensively analyzed

their movements from a cognitive and biomechanical standpoint, which has yielded valuable research out-

puts [Arena et al., 2004; Ijspeert, 2014; Menciassi & Laschi, 2014; Miller & Clark, 2015], such as replicating

running, jumping, swimming and even climbing in robots [Chevallier et al., 2008; Degallier et al., 2011;

Miller & Clark, 2015]. Yet, when compared to the musculoskeletal systems of vertebrate animals, modern

robots are still greatly lacking in versatility and adaptability. Not only are natural movements fluid and

energy-efficient, they can intuitively be adjusted between different scenarios and in response to perceptual

stimuli, in real-time, and without compromising task success, which is particularly prevalent in behaviors

that require direct interaction with - and adaptation to - the surrounding environment. This flexible and

adaptive nature, a result of morphological and physiological adaptation of animals in response to the evolu-

tionary requirement to deftly navigate complex, dynamic, erratic or otherwise unreliable environments, has

been under the spotlight of the scientific community for several decades [Ijspeert, 2008], leading to neural

and musculoskeletal models with special focus in different locomotive modalities, ranging from aquatic
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CHAPTER 1. INTRODUCTION

Figure 1: Examples of bioinspired robots. Left: Salamandra Robotica [Crespi et al., 2013]; Center:
Reproduction [Collins et al., 2001] of the 2D gravity-powered passive design introduced by McGeer [1990];
Right: Self-powered Cornell’s 3D passive dynamic walker [Collins & Ruina, 2005]

and amphibious animals, such as lampreys [Ekeberg & Grillner, 1999] and salamanders [Ijspeert et al.,

2007], to legged insects [Büschges et al., 2008], cats [Ivashko et al., 2003] and ultimately humans [Hase

et al., 2003; Kim et al., 2011; Ogihara & Yamazaki, 2001; Paul et al., 2005]. These models are no-

tably useful when artificially and/or empirically - i.e. through numerical simulations - replicating animal

behaviors, crucial to understand not only the high-level control strategies behind biological movement, but

also the role of the body’s dynamical and the mechanical properties [Geyer & Herr, 2010; Pearson et al.,

2006]. The field of bioinspired robotics or biorobotics borrows these insights and integrates them into

the design of robotic platforms and in their control (Figure 1), of which practical applications are present

across our society [Craddock et al., 2022; Ijspeert, 2014; Karakasiliotis et al., 2016; Menciassi & Laschi,

2014; Wang et al., 2011; Zhou & Bi, 2012]. Considering learning as a hallmark feature of biological organ-

isms, these provide a valuable template for a new kind of machine intelligence, able to robustly navigate

dynamic settings, deal with unforeseen disturbances, and continually improve their own skill set for better

performance [Hospedales et al., 2021; Kudithipudi et al., 2022].

While replicating natural behaviors in robotic systems, particularly humanoid platforms, still presents

multiple challenges beyond the aforementioned high dimensionality, such as non-linearity, model inaccu-

racies and the frequent need for limb coordination [Ijspeert, 2014; Reher et al., 2020], there are multiple

levels on which biorobotics can prove valuable to scientific research. On one hand, they constitute ap-

pealing testbeds for working theories in neuroscience and biomechanics, due to sheer practicality: robots

provide an objective morphology, and allow high repeatability within safety constraints; in addition, they

can complement numerical simulations by bypassing the complexity of nonlinear dynamics resulting from

the interaction and contact with the environment, which is notoriously hard to implement in compliant sur-

faces e.g. sand, mud or gravel [Ijspeert, 2014]. Pushing this notion even further, robots have been shown

to be able to mirror muscular behavior with significant accuracy, whether by passive actuation [Verrelst
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et al., 2005] or active impedance control [Semini et al., 2016]. In the opposite direction, biology can pro-

vide multiple ways to simplify robotic design and control: 1) by influencing robot design at morphological

and/or electromechanical level - such as musculotendon actuators [Ananthanarayanan et al., 2012; Crad-

dock et al., 2022], self-stabilizing pantograph-like limb design [Spröwitz et al., 2013], or other compliant

muscle-like control [Semini et al., 2016; Verrelst et al., 2005]; and, alternatively, 2) by extrapolating from

the high-level control architecture of musculoskeletal systems, from which concepts like Central Pattern

Generators (CPGs) and Motor Primitives (MPs) have emerged.

It’s precisely the notion that, despite the complex morphologies found in vertebrate musculoskeletal

systems - with multiple redundant Degrees-of-Freedom (DoFs) and continuous action-spaces [Pastor et al.,

2013; Rückert et al., 2013], animals are able to to segment and sequence complex movements into sim-

pler adaptable functional units which has over the last few decades gathered interest both from the field of

neurobiology, which seeks to better understand the cognitive process behind this control structure [Flash &

Hochner, 2005; Mussa-Ivaldi, 1999], and robotic control, which aims to harness that same structure in an

effort to simplify sophisticated motions into a combination of low-dimensional modular components [Save-

riano et al., 2021]. These functional units, known as Motor Primitives (MPs)1 [d’Avella & Bizzi, 2005;

Giszter et al., 2001; Schaal, 1999], can provide a versatile and abstract representation for robotic motor

skills, which is particularly useful, for instance, when teaching and generalizing skills between different

contexts and platforms, as well as in autonomous trial-and-error applications [Pastor et al., 2013; Schaal

et al., 2005]; moreover, such a modular approach allows decoupling high-level planning from the low-level

command trajectories [Degallier et al., 2011]. Accordingly, MP-based control constitutes today a popular

and widespread approach for trajectory control across different robotic applications, commonly relying on

dynamical systems to encode kinematic [Ijspeert et al., 2013, 2003; Samant et al., 2016; Stulp et al., 2012]

and/or dynamic [Deniša et al., 2016; Petrič et al., 2018] control patterns. Moreover, as a dimensionality

reduction strategy, it facilitates the development of Machine Learning (ML) solutions in high-dimensional

tasks, with particular relevance to Imitation Learning (IL) wherein robots are shown, kinesthetically, optimal

behaviors through demonstration [Ravichandar et al., 2020; Schaal, 1999], and RL, wherein robotic skills

can be fine-tuned through interaction [Chatzilygeroudis et al., 2020; Stulp & Sigaud, 2013], both key traits

observed in humans [Nakanishi et al., 2004].

MPs have been observed at both kinematic [Moro et al., 2012; Rückert & d’Avella, 2013] and neu-

romuscular2 [Dominici et al., 2011; Grillner & El Manira, 2020; Zandvoort et al., 2022] levels, hinting at

a general simplification strategy found in natural processes; beyond motor control, the existence of Per-

ceptual Primitives (PPs) has long been theorized to be part of the cognitive toolset employed by humans

(and animals) to extrapolate structure from raw sensor stimuli [Aslin & Smith, 1988; Frégnac & Bathel-

lier, 2015; Palmer, 2015], namely in visual perception [Chen, 1982, 2005; Huang et al., 2010; Mausfeld,

2003; Mayeli, 2019] - with contributions at the root of computer vision and image processing [Huang

et al., 2009, 2010; Irani & Ware, 2003], but also explored in other perceptual modalities [Klatzky & Reed,

1Also referred to as movement schemas, basis behaviors and units of action [Schaal, 1999], and, more recently, as move-
ment templates [Kober et al., 2010], subpolicies [End et al., 2017] and motor programs [Shankar et al., 2020].

2Primitive structures in muscular activation patterns are generally known as Muscle Synergy (MS) [Zandvoort et al., 2022]
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2016; Poeppel & Idsardi, 2011; Stiles & Shimojo, 2015b] and linguistics [Endress et al., 2007, 2009].

Notwithstanding, the use of such PPs in robotic control is, to this date, lacking. In a broader sense, de-

spite decades of research in cognitive science, only relatively recently did engineering started to extend the

role of perceptual information beyond low-level feedback to higher-level grounded cognitive architectures

and reasoning frameworks [Kotseruba & Tsotsos, 2018; Vernon, 2022], namely through different emer-

gent approaches to artificial cognition [Beetz et al., 2010; Crawford et al., 2016; Kumar, 2021; Raman &

Maybank, 2016; Rothfuss et al., 2018; Sun, 2007; Verschure & Althaus, 2003; Yang et al., 2022]. Under

this emergent view of cognition, cognitive processes are deeply rooted in the real-world interaction [Wilson,

2002], and consequently, perception - regardless of modality - is a crucial component of any cognitive

architecture. By extension, its integration into episodic and procedural memory models - inherently tied to

experience - is equally important [Kotseruba & Tsotsos, 2018; Tulving, 1984; Vernon, 2022]. In practice,

not only can motion planning be enhanced by persistent memory [Rothfuss et al., 2018], but the ability

to avoid long-term forgetting of learned skills has been described as a target feature of autonomous artifi-

cial machines [Kudithipudi et al., 2022]. Nonetheless, existing cognitive frameworks are heavily oriented

towards limited or specific perceptual inputs (e.g. vision data) - generally processed in isolation and with

off-the-shelf solutions - or tasks (e.g. human-robot interaction or activity recognition), or otherwise exploit a

priori problem-specific assumptions [Kotseruba & Tsotsos, 2018; Vernon, 2022]; the underlying structure

is generally either opaque or overly focused on abstract, symbolic or semantic declarative representa-

tions [Kotseruba & Tsotsos, 2018; Kumar, 2021; Rothfuss et al., 2018]; and lastly, not only has episodic

memory a reduced role in these architectures, they fail to conceptually integrate crossmodal interaction

e.g. shared PPs into the model [Kotseruba & Tsotsos, 2018; Vernon, 2022]. Modern DL-based alternatives,

on the other hand, still have difficulty scaling outside simulated environments [Sünderhauf et al., 2018;

Vernon, 2022]. Conversely, modern findings have disputed a purely abstract and amodal approach to

generalized knowledge representation, highlighting instead the grounded and compositional nature of hu-

man cognition, whereby sensorimotor patterns and contextual information gain additional relevance, and

simpler elements (i.e. PPs) provide building blocks for richer semantics [Akkaladevi et al., 2021; Barsalou,

2016; Kumar, 2021].

In the scope of robotic control, these notions can be explored through associative memories holding

proprioceptive information in the form of both motor and perceptual patterns, while also modeling stochas-

ticity [André et al., 2016b; Knowlton & Schorn, 2024; Pastor et al., 2013, 2012; Willingham, 1998]. In

episodic stereotypical experiences, these structures couple perception and action, and facilitate both out-

come prediction (e.g. failure detection) and high-level generalization of motor skills to similar contexts [An-

dré et al., 2016b; Pastor et al., 2013, 2012; Tulving, 1984; Vernon, 2022]. Notably, repurposing exit-

ing MP-based frameworks for perceptual representation would allow structuring cognitive models around

shared primitive elements, and potentially lead to richer, more informative state descriptors for contex-

tual learning [Klink et al., 2020; Kober, 2014; Kupcsik et al., 2013]. Nevertheless, despite several MP

applications in spatial pattern recognition with humanoid robots [Ijspeert et al., 2002, 2003; Pastor et al.,

2013; Samant et al., 2016], such primitives in robotic perceptual patterns remain, for the most part, an

unexplored concept.
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Analogous strategies have gathered practical interest beyond direct application in movement genera-

tion or high-level cognitive strategies; in particular, human behavior estimation, when performed through

detailed neuromuscular models or derived surrogates [Eskinazi & Fregly, 2018; Messeri et al., 2022;

Peternel et al., 2019], has been shown to be greatly facilitated by exploiting the synergistic nature of ver-

tebrate Musculoskeletal (MSK) systems [Chen et al., 2019; Meyer et al., 2016; Qiao et al., 2022; Rückert

& d’Avella, 2013], which are known to self-organize through primitive-like functional groupings [d’Avella

et al., 2006; Zandvoort et al., 2022]; this is appealing, for instance, in the case of collaborative robotics

or in shared environments, where recognizing contextual cues or behavioral changes in human agents

(e.g. task-related activity, physical impairments, muscular fatigue) can prompt robots to autonomously

adjust their behavior accordingly [Akkaladevi et al., 2021; Oguz et al., 2017; Yang et al., 2022], going

beyond passive self-adaptation to the environment, and proactively supporting human effort for deeper

collaboration and better societal integration.

Taking into account this emergent role of primitive theory in the design and control of artificial machines

and automated systems, the present thesis presents multiple studies on primitive-based applications, fo-

cused on - but not limited to - locomotive and industrial robotics. From the perspective of primitive elements

as a valuable instrument to bypass complexity and redundancy, not only in high-dimensional robots but

also in the analysis of human behavior, it proposes general solutions that not only validate their relevance,

but ultimately aid in the development of autonomous systems capable of continual self-improvement [Ku-

dithipudi et al., 2022]. In a multidisciplinary approach, primitives are initially 1) exploited by a generic

trajectory-based controller, which is parametrized to replicate bipedal locomotion in different platforms by

IL; secondly, the same primitive structure is 2) repurposed for a generic and episodic perceptual memory

model, which is used in a gait monitoring application with human subjects; and lastly, the 3) timely detec-

tion of muscle fatigue (a documented challenge in industrial settings [Bevan, 2015; de Kok et al., 2019]) is

investigated in upper limb repetitive movements though cumulative changes in neuromuscular primitives.

1.1 Motivation and Objectives

While the high-functioning cognitive capabilities of modern Large Language Models (LLMs) constitute

impressive milestones in computer science and systems engineering, the construction of a machine ca-

pable of seamless self-improvement over its lifespan remains an aspiration for the future [Silver et al.,

2021; Sutton, 2019]. Approaching the subject from a bioinspired perspective, Kudithipudi et al. [2022]

briefly summarize the key features in autonomous systems capable of Lifelong Learning (L2)3, mapping

them to several documented mechanisms of biological organisms; notably, the authors list 1) transfer and

adaptation; 2) exploiting task similarity; 3) overcoming catastrophic forgetting; 4) performing task-agnostic

learning; and exhibiting both 5) noise tolerance and 6) resource efficiency as hard requirements for ma-

chines to match the level of behavioral adaptability found in nature. Within this paradigm, this work argues

3Also referred to as continual or incremental learning [Kudithipudi et al., 2022; Saveriano et al., 2021; Thrun, 1995].
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that integrating primitive elements into the design different control strategies, whether at motor generation

or perceptual level, can - directly or indirectly - help in artificially reproducing each of these faculties.

Furthermore, despite accurate and precise robotic movement often being the product of detailed kine-

matic and dynamic models imbued into the control process at the cost of simplicity [Reher & Ames, 2021],

generic solutions have, as broadly noted by Sutton [2019], historically outperformed sophisticated hand-

tailored algorithms when leveraging ML over task-oriented planning. As such, generality and modularity

occupy a central role in this work: instead of highly performant cutting edge approaches to different sci-

entific and engineering challenges, generic primitive-based alternatives where few or no task- or platform-

specific assumptions are made (e.g. locomotive strategy, sensor hardware) are introduced, relying on ML

for systematic parameterization within the bounds of the problems under study. Notwithstanding the focus

on rhythmic movements, and legged locomotion in particular, prompted both by its relevance and perva-

siveness in human mobility and humanoid robotics, as well as its appeal as a valuable testbed for control

strategies [Ijspeert, 2014], it is the general aspect of the documented methods that is highlighted, with

potential applications in domestic, clinical and industrial settings. In order to bring about such general

solutions to the problems tackled in this thesis, the following practical objectives are proposed:

O1 Learn model-based trajectories from observed behaviors by exploring combinations of primitives;

O2 Provide a common representation for movement generation and recognition, and implement prim-

itive libraries;

O3 Generalize locomotion behavior to different anthropomorphic robots with ML methods;

O4 Construct episodic skill memories by storing sensor patterns in a compact and generalizable rep-

resentation;

O5 Establish contextual relationships by means of shared perceptual primitives;

O6 Identify high-level contextual alterations by means of objective primitive-related features or markers;

In practice, the realization of these goals implies meeting the referenced practical requirements for

L2 systems; to that end, three distinct scientific studies are presented that exploit primitive structures in

motor control, perceptual patterns, and muscular recruitment, where the following Research Questions

(RQs) are, respectively, explored:

RQ1 How can a generic primitive-based controller generate functional locomotion patterns in different

platforms?

RQ2 How can dynamical systems encode stereotypical episodic information associated with different

perceptual contexts, while accounting for primitive elements?

RQ3 What cumulative effect do low-force repetitive movements have in the activation profile of muscle

synergies?

Answering these RQs not only provides diverse scientific contributions, including practical, problem-

oriented methodologies with appeal not limited to engineering and robotics, but also highlights - at a

conceptual level - the valuable role primitive elements can have in the development of robust, adaptive
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and intelligent machines and systems.

1.2 Contributions

This work builds upon existing research, borrowing inspiration from different scientific fields while

contributing to the research effort through theoretical concepts, practical algorithms or otherwise novel

applications of existing tools to new challenges, namely:

• Generic primitive-based trajectory control strategy defined on top of multi-level motor li-

braries and capable of replicating stable biped-locomotion in different simulated high-dimensional

3D platforms, while integrating low-level feedback mechanisms into the control loop;

• Imitation Learning strategy for bipedal locomotion, employing Black Box Optimization (BBO)

methods in a Behavior Cloning (BC) approach from reference kinematic patterns, which can be fos-

tered for generalized skill learning and generalization, demonstrated through the transfer of func-

tional walking between platforms and locomotion modalities, as well as memory acquisition;

• Generic episodic memory model encoding stereotypical perceptual data (discrete or rhythmic)

in a compact, data-driven, amodal, time-invariant representation, modeling stochasticity in data

patterns and accounting for shared perceptual primitives across sensor sources and tasks;

• Context identification and tracking algorithms derived from the episodic perceptual model,

and which are used to identify gait type and failure scenarios, such as slip detection with reason-

able accuracy, in a prerecorded experimental dataset of human walking;

• Metrics for muscle fatigue detection, objectively quantifying the extent to which primitive

elements are affected over time, validated through functional and statistical analysis of repetitive

low-force non-isometric human movement;

• Experimental kinematic and electromyographic dataset of human participants in multiple

uni-articular and composite exercises until self-perceived exertion, as an outcome of fatigue anal-

ysis, which can be used to comprehensively study the development of muscle fatigue in healthy

individuals with low-force tasks over time.

Beyond these contributions, it is relevant to note that the methods described in this thesis, in multidis-

ciplinary fashion, focus on different types of motions, from legged locomotion to upper limb movement,

both in simulation and real experiments, as well as robots and human subjects, while tackling different

scientific and engineering challenges; this offers a unifying perspective about the relevance of primitive el-

ements across different scientific branches, and how they can harnessed in the development of intelligent

autonomous machines.
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Chapter 1

Introduction

Chapter 2

Generic Primitive-based Control

Chapter 3

Dynamic Perceptual Memory Model

Chapter 4

Impact of Muscle Fatigue in Musculoskeletal Primitives

Chapter 5

Conclusion

Bipedal Locomotion

Human Motion
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Objectives
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Figure 2: Conceptual overview of the present work; chapters 2, 3 and 4 constitute parallel independent
studies on different applications of primitive theory, contextualized by Chapter 1 and with relevant outcomes
summarized in Chapter 5; practical objectives (1.1) accomplished in each chapter are highlighted (□).

1.3 Outline

The relevant scientific contributions of this work are achieved through a set of three separate studies

that exploit primitive structures in motor control, perceptual patterns, and muscular recruitment, for the

generation and analysis of robotic and human movement, while tackling practical issues in different ar-

eas. Accordingly, Chapters 2, 3 and 4 can be read separately, with each presenting specific motivations

and formulating different Research Questions (RQs) that drive the research effort. Figure 2 presents the

conceptual outline of this thesis, along with how each contributes to achieving objectives O1 to O6.

The present chapter, 1: Introduction, provided a brief introduction to the overarching notions and prac-

tical issues explored within this work; it contextualizes the need for generic and straightforward methods

for robotic control and in the design of intelligent automated systems, with generality and adaptability in

mind, and highlights motor and perceptual primitives as an appealing instrument to achieve them.

The following chapter, 2: Generic Primitive-based Legged Control, provides an historical overview of

significant advances in robotic locomotion, and describes the development of a generic and adaptable

MP-based robotic controller, which is applied to legged control of humanoid robots, achieving functional

closed-loop locomotion patterns sharing MPs across different DoFs. Functional parameterization and gen-

eralization is conducted using ML methods using demonstrative examples from bioinspired robotic locomo-

tion, in a IL scheme. The controller is validated and benchmarked in different simulated legged platforms.

In Chapter 3: Dynamical Perceptual Memory Model, an episodic memory model base on dynamical

systems is proposed, repurposing the primitive mixing strategy employed in Chapter 2 and accounting for

stochasticity in sensor data. Practical algorithms for memory acquisition, context identification and failure

detection are proposed and validated in an experimental dataset acquired from human walking trials. An

objective comparison with alternative bioinspired approaches to slip detection is presented.

Chapter 4: Impact of Muscle Fatigue in Musculoskeletal Primitives, moves away from bipedal locomo-

tion to rhythmic upper limb movements, through the analysis of primitive elements in human muscular
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recruitment patterns, widely known as Muscle Synergy (MS). Constructing an experimental dataset with

simple and composite motions of the right arm repeated until full exertion, different objective indicators are

studied - by means of detailed functional and statistical analysis - regarding their ability to detect muscular

fatigue in primitive patterns, providing insights into the compositional nature of muscular behavior.

Lastly, Chapter 5: Conclusion, scrutinizes the findings, contributions and major takeaways presented

in the previous chapters, with focus on the achievement of the proposed objectives and discussing how

each contributes to meet the practical requirements of L2 systems (1.1). A broad general discussion is

presented, emphasizing the role primitive-based control and assessment can have on the path towards truly

autonomous systems in the real world, while approaching each from a robotic viewpoint and highlighting

the contributions in, as well as beyond, the field of robotics.
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Chapter 2
Generic Primitive-based Legged Control

This chapter describes the development and validation of a generic bioinspired controller within the

context of bipedal locomotion in legged robots, employing dynamical systems and Motor Primitives (MPs)

to achieve a parametric low-dimensional trajectory representation. It contextualizes walking as a complex

skill that requires, by its very nature, the ability to generalize and adapt motor policies between different

environments, and which can benefit from bioinspired notions for generality and dimensionality reduction.

Using previously validated gait patterns as reference, Machine Learning (ML) is used to teach locomotive

patterns to two simulated humanoid robots using a shared MP library. The generic nature of the imple-

mented control is highlighted, with learned open-loop joint trajectories requiring no locomotion-specific

knowledge or model, leveraging instead learning to achieve functional gait; instead, different gait-specific

feedback mechanisms provide added robustness and stability in the movement.

In practice, objectives O1, O2 (partially) and O3 (1.1) are accomplished. Reproducing walking be-

haviors with >90% similarity to reference demonstrations is seen as a Key Performance Indicator (KPI) of

the proposed approach.

2.1 Introduction

Automated human-like locomotion has been pursued even before the word robot was first introduced by

Karel Čapec, going back to the late 15th century and Da Vinci’s Automa Cavaliere, a pulley/cable-operated

mechanical humanoid automaton. Since then, artificial walking machines have, much like other branches

of robotics, evolved from conservative over-actuated solutions offering rudimentary walking patterns to

near-passive robust and versatile controllers generating fluid human-like gait [Reher & Ames, 2021].

In truth, there is an endless untapped potential for autonomous robotics in our world, in the most

varied scenarios, from health care to service industries, within our homes or in outer-space [Kroemer

et al., 2020]. On the other hand, as exposed in Chapter 1, for productive interaction and collabora-

tion between automated systems (e.g. robots) and humans, whether in work or domestic environments,

control strategies with autonomy, versatility and adaptability beyond those of current robotics need to be

developed [Peters et al., 2011; Sigaud & Stulp, 2019], ultimately paving the way towards ever-learning
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artificial intelligent and self-sufficient machines [Kudithipudi et al., 2022]. This is all the more evident -

and necessary - in walking robots, whose increasingly complex tasks often place them in treachearous and

challenging environments which they are required to safely navigate while complying with task demands;

in practice, legged robots are particularly suited to navigate rough and uneven terrains as they can afford

limited ground contact (i.e. minimal foothold requirements) over dangerous or unstable terrains [Reher &

Ames, 2021]. Overall, this represents a significant increase in versatility and overall maneuverability - in

contrast with conventional wheeled platforms - useful in a large number of applications; when considering

the dynamic nature of the real world and the ever-changing features it displays, reliable and efficient ways

to locomote are of special interest in robotic research and industry [Ijspeert, 2014; Reher & Ames, 2021].

On the other hand, implementing legged locomotion is often challenging as it 1) requires dynamic

interaction between multiple elements, including the environment, and is 2) high-dimensional, 3) highly

nonlinear and 4) multidisciplinary [Ijspeert, 2014; Reher et al., 2020]. Nonetheless, locomotion has long

gathered the interest of robotics, biomechanics and neuroscience, with artificially-generated walking ap-

proached from different scientific and engineering perspectives, including purely mathematical and robotic

methods based on different different notions of stability and bioinspired methodologies aiming to replicate

natural gaits, eventually leading to modern cutting edge methods with impressive walking capabilities, ex-

ploiting notions such as dynamic stability, passive dynamics, reduced-order models, and state-of-the-art

Reinforcement Learning (RL) [Apgar et al., 2018; Faraji et al., 2014; Ijspeert, 2014; Niu et al., 2024; Peng

et al., 2020; Reher & Ames, 2021; Smaldone et al., 2022].

This chapter provides an alternative strategy to achieve functional gait in legged robots: instead of

pursuing highly-performant and efficient locomotion, a generic control structure is proposed that requires

little to no knowledge of the robotic platform, but is versatile enough to be taught, with automated ML tools,

walking patterns from preset behaviors or demonstrations. Building upon the underlying idea explored this

thesis, the reduced dimensionality of high-level primitive-based control is exploited, discarding the need for

detailed kinematic or dynamic models commonly required in robot walking [Ijspeert, 2014; Reher & Ames,

2021; Reher et al., 2020], simplifying generalization of robotic walking to different humanoid robots; this

is in line with the modern paradigm of harnessing learning solutions over integrating task-oriented and

human-sourced knowledge into the control strategy [Silver et al., 2021; Sutton, 2019], and provides an

answer to the following Research Question (RQ):

RQ1: How can a generic primitive-based controller generate functional locomotion patterns

in different platforms?

To that end, Objectives O1, O2 and O3 (1.1) are pursued. Relevant scientific contributions (1.2)

include a 1) generic primitive-based trajectory control modality and a 2) practical IL strategy for bipedal

locomotion. This chapter is organized as follows: Section 2.2 provides a brief summary of the relevant

biological principles behind human and animal locomotion, as well as an historical review of major mile-

stones in robotic walking and bioinspired control. In Section 2.3, the generic control strategy developed

in this work is extensively described from a general and task-agnostic perspective, including practical ap-
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proaches to motor skill learning. A practical application of this general strategy is presented in Section 2.4,

wherein closed-loop control of lower limbs in humanoid robots is studied by teaching functional locomotion

based on Central Pattern Generator (CPG) to two different legged platforms, which is extensively profiled in

Section 2.5, with particular emphasis on key performance indicators. A discussion on the achieved results

is provided in Section 2.6, highlighting the main features-advantages and drawbacks of the proposed ap-

proach, with focus on the role of MPs in movement generation. Closing the chapter, Section 2.7 highlights

relevant insights gained from this study, including how they contribute to the general goals and objectives

of this dissertation, and possible subsequent lines of research that can build upon it in the short term.

2.2 Background

2.2.1 A Biological Perspective on Walking

From a biological perspective, while, at first glance, some types of gait may seem simple and straight-

forward, studies in neuroscience have shown that locomotion are the result of a complex network wherein

the central and peripheral nervous systems, as well as their musculoskeletal counterpart, constantly inter-

act, in the form of coordinated muscular activation and articulation around different Degrees-of-Freedom

(DoFs) [Dzeladini et al., 2019; Ijspeert, 2014]. In particular, two core concepts are hypothesized to be the

key to understanding animal locomotion, 1) rhythmic activation patterns originating on the spinal cord; and

2) discrete forces resulting from interaction with the environment [Geyer & Herr, 2010; Hogan & Sternad,

2013; Ijspeert, 2014]. The interplay between these notions has been observed across different modes

of locomotion, from swimming to legged walking, highlighting the hybrid nature of the process [Reher &

Ames, 2021].

For a long time, following experiments on transected and deafferented animals wherein regular step-

ping motions were observed both with and without perceptual input, the existence of localized neural

circuits where periodic patterns emerged, in a self-sustained and semi-autonomous fashion, was hypoth-

esized [Dzeladini et al., 2019; Hooper, 2001]. The major breakthrough behind this idea is precisely in

this localized nature, that bypasses top-level cognitive structures like the cerebellum, and suggests the

presence of these patterns even in the absence of high-level control and sensor feedback [Arena et al.,

2004; Buchli & Ijspeert, 2008; Geyer & Herr, 2010; Orlovsky et al., 1999]. In contrast, concurrent re-

search, focusing on the role that peripheral proprioceptors have in the generation of these motor patterns,

postulated that gait-specific limit cycle behaviors arose naturally from perceptual reflex mechanisms, dis-

carding central neural pattern generation [Dzeladini et al., 2019; Geyer & Herr, 2010]. Modern studies

in neuroscience and biology, however, suggest a hierarchical structure wherein the contribution of both

these aspects are relevant. On one hand, the genesis of rhythmic muscle activation patterns is hypothe-

sized to occur in the spinal cord by Central Pattern Generators (CPGs), as a response to either reflexive

mechanisms or high-level cognitive processes [Grillner & El Manira, 2020; Pearson et al., 2006]. CPGs

produce self-sustained rhythmic activation patterns forwarded - in a subject- and movement-specific syner-
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gistic structure - to the musculoskeletal system1, notably without the need for any kind rhythmic high-level

input or sensory feedback [Dzeladini et al., 2019; Geyer & Herr, 2010; Ijspeert, 2014]. While there is still

active debate as to what extent these structures are present or relevant in primates - whose locomotion

holds specific particularities when compared to simpler musculoskeletal mechanisms, such as the need

for upright posture - which add complexity to the underlying control mechanisms, it has been shown that

pattern generation does indeed occur locally in spinal cord [Dimitrijevic et al., 1998]. On the other hand,

sensor input is no less significant to this process as it helps shape and modulate the output of these

rhythmic patterns through spinal reflexes, which establish a bridge between proprioceptor feedback and

leg activation mechanics through alpha motorneurons, circumventing central cognitive centers [Geyer &

Herr, 2010]. This is, for instance, supported by scientific evidence that highlights the relevance of positive

force feedback in extensor muscles in load bearing and compliant behavior [Prochazka et al., 1997].

2.2.2 From Static to Dynamic walking

Early legged robots approached the problem of locomotion from a static perspective, looking at the

movement as a sequence of motionless postures and ensuring the classical notion of stability i.e. keep-

ing the projection of the Center of Mass (CoM) in the ground plane within the convex hull formed by the

outermost ground contacts or the support base [Kajita & Espiau, 2008]. While successful at achieving rudi-

mentary locomotion, these methods were introduced on the assumption that velocities and accelerations

were small, and as such CoM displacement was very constrained and resulting gait relatively slow.

In order to escape this conservative interpretation of gait stability, alternative locomotion strategies were

developed which employed the concept of dynamic stability i.e. the notion of stable behavior over time,

while accounting for the body’s momentum and inertia [Ijspeert, 2014]. This spans the family of methods

known as dynamic walking, which comprises current modern high-performant walking strategies [Reher

& Ames, 2021]. The main insight behind this idea is to extend the classical geometric notion of static

stability by taking into account the system’s dynamic wrench resulting from the gravitational and inertial

forces acting upon it. Under the assumption that posture changes on robot are only possible through

ground contacts, dynamic balance is achieved when the forces at the contact surface nullify gravity-inertia

forces felt by the robot [Kajita & Espiau, 2008; Sardain & Bessonnet, 2004]. This entails identifying the

coordinates of the so-called Zero-Moment Point (ZMP), using the Newton-Euler equations of motion (from

multi-body dynamics) and screw theory i.e. the point where all tangential forces nullify each other, and

therefore no lateral momentum or tilt is felt by the robot [Reher & Ames, 2021; Vukobratović & Stepanenko,

1972]. The ZMP is closely related to the Center of Pressure (CoP), with the notable caveat they are derived

from different aspects of locomotion, with the CoP defined locally in relation to a contact surface, as the

point within said surface where the resulting interaction forces can be virtually replaced by a normal or

tangential component without any friction. During single support phase (single ground contact), CoP and

ZMP are essentially the same [Sardain & Bessonnet, 2004]. In practice, while a quasi-static measure in

theory, the ZMP represents a stability criterion with a broader scope and applicability than conventional

1In the case of legged locomotion, flexor and extensor muscles in the legs.
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static stability analysis; constituting a major breakthrough in the field of legged robotics, it sat at the

center of research for several decades [He et al., 2019; Kajita & Espiau, 2008; Reher & Ames, 2021], as it

accommodates a greater range of movements than previously achieved by legged robots at its introduction,

allowing faster and more flexible gaits [Reher & Ames, 2021].

From a control perspective, conventional ZMP-based locomotion (Figure 3) commonly employs reduced-

order models, such as Linear Inverted Pendulum (LIP), to map target CoM coordinates that ensure sta-

bility, relying on Inverse Kinematics (IK) or Inverse Dynamics (ID) to generate control inputs; this was

implemented, for instance, on Honda’s ASIMO [Chestnutt et al., 2005] and Kawada’s HRP [Kaneko et al.,

2002] humanoids. Notwithstanding, the ZMP is currently seen as overly restrictive within the context of

modern dynamic walking, since 1) estimating ZMP coordinates implies a support polygon, and is therefore

not applicable to robots with line feet [Vukobratović & Borovac, 2004] such as Agility Robotics’ Cassie [Gong

et al., 2019]; in addition, it assumes flat-footed and quasi-static contacts with the floor [Reher et al., 2020],

in direct contrast to known properties of human gait i.e.multiphasic, underactuated and, as exposed in the

previous section, heavily reliant on impact i.e. reflexes [Dzeladini et al., 2019; Geyer & Herr, 2010; Suther-

land, 1994]; 2) conventional ZMP-based locomotion is not robust against perturbations to its movement

nor accounts for recovery behaviors in unstable conditions [Collins et al., 2005; Van der Noot & Barrea,

2014]; 3) the need for a detailed kinematic and dynamic model of the platform is often associated with

extensive parameterization, hindering the generality of the approach; on one hand, simple reduced-order

models such as LIP assume a constant CoM height, which is both unintuitive from a biological stand-

point and restrictive performance-wise; on the other, more detailed or realistic models may overcome this

limitation may add complexity e.g. nonlinearity [Reher & Ames, 2021; Seyde et al., 2018]. And finally, 4)

walking is energetically inefficient due to overactuation, as these methods typically require full controlability

i.e. continuously ensuring dynamic stability through the walking process, which has been shown to not be

a hard requirement for stable locomotion [Dallali, 2012; Van der Noot & Barrea, 2014]. As a result, current

robotic locomotion is no longer solely driven by ZMP dynamics; nevertheless, it remains widely used as

a stability constraint complementing modern techniques [Beranek et al., 2022; He et al., 2019; Kaymak

et al., 2023; Reher et al., 2020; Smaldone et al., 2022].

A complementary approach to the ZMP was later introduced in the form of the Capture Point (CP)2 [Hof,

2008; Pratt et al., 2006]; initially developed as a method to handle sudden unstable conditions (e.g. push

recovery), it eventually gained relevance in gait planning, as is illustrated in implementations in Honda’s

ASIMO [Takenaka et al., 2009], the DLR Biped [Englsberger et al., 2011, 2014] and Boston Dynamic’s

Atlas [Johnson et al., 2015; Seyde et al., 2018]. In practice, a CP designates the target foot placement

that halts a robot’s current forward or lateral momentum within a finite time horizon; when employed

sequentially at each stepping motion, it can help ensure dynamic stability of the CoM while accommodating

transient instability during walking, which is not only more in line with biological gait, but provides additional

robustness against unforeseen perturbations [Reher & Ames, 2021; Van der Noot & Barrea, 2014]. On the

other hand, much like conventional ZMP approaches, CP methods are often coupled with reduced-order

models (e.g. LIP) and may be limited by their suboptimal assumptions [Englsberger et al., 2014]; moreover,

2Also referred to as extrapolated Center of Mass [Hof, 2008] and Divergent Component of Motion [Takenaka et al., 2009].
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Figure 3: Conceptual visualization of ZMP-based locomotion. Stability is ensured as long the estimated
position of the ZMP remains within the support polygon; adapted from Kajita & Espiau [2008].

Figure 4: Illustration of CP-based walking; adapted from Englsberger et al. [2011].

the assumption of null momentum at each step can lead to higher overall energy expenditure [Reher &

Ames, 2021]. While the conservation of momentum is addressed in later works that extend the definition

of the CP, these methodologies are still often considered inefficient in terms of energy consumption [Reher

& Ames, 2021; Seyde et al., 2018].

It was this last aspect that motivated the shift in focus of research towards the role of passive and

hybrid dynamics in the locomotive processes found in nature, framing walking as an intrinsically nonlinear

kill where stability is not guaranteed continuously [Reher & Ames, 2021], as evidenced, for instance, in

human legged gait being easily disrupted mid-swing, potentially resulting in falls.

2.2.3 The Role of Passive Body Dynamics

Despite the versatile walking capabilities of early dynamic walking solutions, as reviewed by Kajita &

Espiau [2008] and partly by Zhou & Bi [2012], a significant challenge remains the significant energetic

inefficiency associated with them, generally as a result of overactuation and ignoring the body’s natural or
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passive dynamics, which animals exploit passive dynamics to better utilize the limited energetic resources

available e.g. non-elastic interaction with the terrain for kinetic energy dissipation [Hogan & Sternad, 2013],

and which have been shown to be heavily ingrained in natural locomotion [Ijspeert, 2014; Reher & Ames,

2021; Renjewski & Seyfarth, 2012; Sutherland, 1994].

While approaching the problem from a biomechanical standpoint, the field of robotics delved into

passive locomotion, namely through the design of legged robots and control strategies that exploited the

passive (albeit nonlinear) dynamical properties of the system to generate movement e.g. leg swinging

caused by gravity and inertia, instead of actively powered joints [Ijspeert, 2014; Reher & Ames, 2021].

This entails moving away from the conservative nature of previous methods, and looking at locomotion

as a steady state process [Kajita & Espiau, 2008], which, in practice, entails favoring global over local

stability measures and requirements i.e. from foot strike to foot strike [Reher & Ames, 2021; Van der

Noot & Barrea, 2014]. The underlying idea, later to be dubbed as limit cycle walking [Hobbelen & Wisse,

2007], was demonstrated in the 80s in works by Raibert [1986] and Hurmuzlu & Moskowitz [1986] with

the development of compliant machines wherein stable periodic orbits were used to achieve hopping

and dynamic locomotion at high velocities, and would not only highlight the potential of reduced order

models such as the Spring-Loaded Inverted Pendulum (SLIP), but also serve as inspiration for eventual

fully passive designs, such as those introduced by McGeer [1990] in the early 90s, which relied solely

on gravity to achieve dynamically stable locomotion (Figure 1, center); McGeer’s designs brought about

the field of passive dynamic walking and were notable for approaching the problem from a dynamical

systems perspective (using nonlinear systems analysis), and evaluating the orbital stability using Poincaré

maps [Ijspeert, 2014; Kajita & Espiau, 2008; Reher & Ames, 2021]

Under this periodic view of stability, locomotion is seen as controlled falling, where transitory instability

is required - and exploited - to achiever higher velocities and a reduced energetic footprint [Reher & Ames,

2021]. Relevant scientific output includes the development of passive dynamical walkers, reaching more

energy-efficient and natural gait in artificial systems, through fully passive and/or underactuated systems

(Figure 1, right), with Cost of Transport (CoT)3 similar to that estimated for human walking, representing

a decrease in energy consumption of ≥90% when compared to alternatives [Collins et al., 2005].

Generally, this represents a notable shift in the design of walking robots; on the other hand, it is

precisely the underactuated nature of such passive implementations that poses a practical challenge, as

it limits the extent to which such systems can be controlled, and in turn how adaptable and robust against

unforeseen obstacles or gait perturbations the resulting gait can be [Reher & Ames, 2021]. In fact, up to

the last decade, modern walking machines could be classified as either versatile robots able to replicate

different kinds of locomotion with reasonable performance, or, alternatively, efficient walking machines that

are able to reproduce a fluid, natural-looking gait with a decreased energetic footprint; the former often

requires intricate and demanding control algorithms, while the latter is achieved through careful bioinspired

morphologies, semi-passive walking control and energy-recapturing electronics [Ijspeert, 2014]. On the

surface, this suggests versatility and efficiency to be competing aspects of the broader robotic walking

3Measure of energy efficiency of a mobile platform, and is defined as the ratio between power consumption and the product
of weight and speed [Seok et al., 2015]. For reference, the estimated CoT of human walking is 0.2 [Ijspeert, 2014]
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problem. In order to bridge this gap, researchers focused on the hybrid nature of gait - with both a

continuous component in the form of periodic motions of the legs, and with discrete interaction with the

ground at foot contact4 - and employed nonlinear control theory to simplify the dynamics of legged robots

to low-dimensional dynamical systems through which stable behaviors can be generated. The underlying

concept behind this approach, Hybrid Zero Dynamics (HZD) [Grizzle et al., 2001; Westervelt et al., 2003],

was initially derived for and validated in planar 2D walking in the RABBIT [Chevallereau et al., 2003] and

later in the MABEL [Sreenath et al., 2013] bipeds; these implementations were notably on 2D pointed foot

robots - on which ZMP walking, for instance, isn’t applicable. One of the main attractive features of HZD

is its versatility, allowing the definition of virtual constraints that modulate and/or coordinate leg motions,

such as integrating ZMP as a stability margin [Grizzle et al., 2014]. These constraints are akin to holonomic

constraints imposed through the physical morphology of the robot, but defined at control level and enforced

through linear feedback control [Reher & Ames, 2021]. For an in-depth review of the formulation behind

HZD and dynamic walking methodologies in general, the reader is referred to Reher & Ames [2021]; within

the context of this work, HZD is framed as a cutting edge approach to legged locomotion, overcoming the

limitations of previous strategies, and capable of impressive walking performance, as demonstrated on

Softbank’s NAO [Ames et al., 2012], SRI’s DURUS (with human-like foot placement motions5) [Hereid et al.,

2018; Ma et al., 2017; Reher et al., 2016] and Agility Robotics’ Cassie [Gong et al., 2019]. In a practical

sense, HZD defines a way to plan dynamically consistent and efficient periodic motions, having been used

in mid- or low-level control in conjunction with high-level optimization-based methodologies such as Model

Predictive Control (MPC) and Trajectory Optimization (TO) providing reference patterns [Gong et al., 2019;

Hereid et al., 2018; Nguyen & Sreenath, 2015; Reher et al., 2019].

2.2.4 Bioinspired Robotic Control

An alternative approach to implementing robotic locomotion entails exploiting bioinspired notions such

as Central Pattern Generators (CPGs) to achieve limit cycle behaviors on leg joints. In contrast with method-

ologies such as HZD that excel in precise and efficient dynamic control of legged machines, bioinspired

high-level approaches constitute a more accessible, biologically plausible, adaptable and generally compu-

tationally less intensive solution to generate locomotive patterns, without requiring the detailed knowledge

of the robot’s dynamics [Dzeladini et al., 2019; Reher & Ames, 2021].

From an engineering perspective, the rhythmic nature of CPG patterns can be seen as a type of limit

cycle behavior [Buchli & Ijspeert, 2008], commonly implemented with synchronized oscillator-driven net-

works of nonlinear dynamical systems, mirroring leg symmetries, and which can be parametrized to gen-

erate different gait modalities [Arena et al., 2004; Matos & Santos, 2014]. Bio-inspired designs such as the

Matsuoka half-center oscillators [Cristiano et al., 2014; Liu et al., 2008], neural models such as Recurrent

Neural Networks (RNNs), and abstract mathematical approaches such as Hopf bifurcations or Van der Pol

oscillators, among others [Dzeladini et al., 2019; Nachstedt et al., 2017; Watanabe et al., 2008], have been

4Simplified as a sequence of continuous systems whose state is reset at each foot strike [Reher & Ames, 2021]
5It has been shown that multi-contact stepping i.e. heel-toe foot planting has a relevant role in biological gait, reducing joint

torques (increasing energy efficiency) and increasing walking velocity [Inman, 1966; Reher et al., 2020; Sutherland, 1994].
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used by roboticists. In particular, abstract oscillator modalities, despite lacking biological relevance, are no-

tably convenient regarding to ease of shape modulation and explicit phase control6 [Dzeladini et al., 2019].

Practical applications range from aquatic [Wang et al., 2011; Yu et al., 2016] and amphibious locomotion

e.g. in salamanders [Chevallier et al., 2008] to both quadruped [Buchli & Ijspeert, 2008; Chevallier et al.,

2008] and biped [Matos & Santos, 2014; Nakanishi et al., 2004] walking; additionally, the same design

principles have been used beyond robotic locomotion, such control of drumming robots [Degallier et al.,

2011] and ball juggling [Rizzi & Koditschek, 1994; Schaal et al., 1996]. In general, these implementations

are attractive because 1) their parametric nature presents advantages regarding dimensionality reduction

- valuable when considering optimization and learning strategies; 2) their modularity makes them suitable

for application in distributed systems such as humanoid platforms, and implementation of gait transition

mechanisms that facilitate multimodal locomotion; 3) limit cycle design allow dynamical coupling or me-

chanical entrainment with the robotic platform, as well as robustness against perturbations due to the

attractor dynamics; and lastly, as mentioned, 4) minimal knowledge about the robot is required [Dzeladini

et al., 2019]. On the other hand, these applications are mostly on stiff, fully actuated robots, while, as dis-

cussed, in nature most musculoskeletal systems exhibit a significant degree of complacency, influenced

by their passive dynamics, and which have a relevant role in the energetic efficiency of the gait [Arena

et al., 2004; Buchli & Ijspeert, 2008]. Moreover, CPG is inherently an open-loop concept and practical ap-

plications commonly require task-oriented feedback mechanism for closed-loop control [Matos & Santos,

2014; Nassour et al., 2014].

Another relevant bioinspired notion employed in robotics is that of Motor Primitives (MPs). As briefly

introduced in Chapter 1, MP theory emerged from observations of biological organisms coping with the

complexity of the real world by breaking down processes into simpler components, and can be traced back

to the 50s in works by Lashley and Keele [Rosenbaum et al., 2007; Shankar et al., 2020]. Under this

paradigm, unique primitives represent elemental motions in their most basic form, constituting building

blocks that can be modulated, combined and sequenced to generate a diverse collection of composite

movements; assuming that these primitives can be shared and reused in different tasks e.g. running and

walking [Barroso, 2016; Saito et al., 2018], the whole motor repertoire can be encoded through minimal

set of MPs. This represents a significant simplification strategy in behavioral control, which helps bypass

the natural complexity and redundancy of Musculoskeletal (MSK) systems, and which can be exploited by

roboticists when designing similarly versatile and robust robots: adaptive controllers can benefit from a

modular primitive scheme where motor policies result from the combination of simpler functional units.

Beyond decoupling low-level control from the high-level planning stage [Degallier et al., 2011], this has

the advantage of simplifying adaptation by sharing primitives across different environments, behaviors,

platforms and ultimately, between different DoFs in the same agent. Ultimately, from an adaptation point

of view, finding new skills or adjusting current motions in response to environmental stimuli can amount to

exploring new combinations of individual primitives instead of fully re-parametrizing behaviors from scratch.

General approaches to primitive representation - i.e. rigorous mathematical formulations of arbitrarily-

6Under such a control scheme, the periodic patterns for each joint are anchored into a phase variable that can be freely
manipulated, providing greater flexibility regarding the generated trajectories.
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defined control patterns - have been suggested in the literature. A noteworthy example are Dynamical

Movement Primitives (DMPs) [Ijspeert et al., 2003; Schaal et al., 2005], which build upon contributions

from nonlinear dynamical systems theory and optimal control to achieve a parametric, stable and versatile

framework for robotic control. Employing well-structured attractor landscapes to encode both discrete and

periodic trajectories, and displaying properties such as parameter linearity, numerical tractability and time

invariance, DMPs particularly suited are for control applications where movement patterns require online

adjustment [Saveriano et al., 2021] and their parametric nature, much like with CPGs, is particularly at-

tractive in ML [Li et al., 2018; Neumann et al., 2014; Stulp & Sigaud, 2013]. DMPs have been extensively

used in robotic applications, constituting a widely popular method for motor policy representation [Chatzi-

lygeroudis et al., 2020; Saveriano et al., 2021], with applications in object manipulation [Ginesi et al.,

2021; Kober et al., 2012; Pastor et al., 2009; Samant et al., 2016], bimanual coordination [Gams et al.,

2014], and, particularly relevant in this work, legged locomotion [Nakanishi et al., 2004; Rückert & d’Avella,

2013; Wang & Wang, 2020]; modular approaches where individual primitives are combined to generate

control patterns are also highlighted [Deniša et al., 2013; Mülling et al., 2013; Pastor et al., 2009]. Fur-

thermore, the notable versatility of DMPs has led to several extended formulations addressing particular

control requirements, such as Compliant Movement Primitives (CMPs) [Deniša et al., 2016; Petrič et al.,

2018, 2014], targeting compliant behavior by encoding kinematic trajectories with the associated torque

dynamics; Probabilistic Movement Primitives (ProMPs) [Paraschos et al., 2013], integrating stochasticity

into the representation, bringing forth several advantages from probability theory, such as co-activation and

conditioning; and modern variants employing Deep Neural Networks (DNNs) in DMP generation [Li et al.,

2023; Pahič et al., 2020; Pervez et al., 2017]. For a comprehensive overview of theoretical foundations,

practical applications, strengths and shortcomings, the reader is referred to Saveriano et al. [2021].

In practice, CPGs implementations can be seen as a case of rhythmic DMPs [Degallier et al., 2011;

Dzeladini et al., 2019; Ijspeert et al., 2013; Nakanishi et al., 2004; Peters & Schaal, 2008]7, often dis-

cretizing and compounding sub-motions as primitive elements [Matos & Santos, 2012; Zaier & Kanda,

2007]. Alternatively, Hidden Markov Models (HMMs) and Gaussian Mixture Models (GMMs) have also

been proposed as a trajectory representation tool for robotic control [Calinon et al., 2010, 2012, 2011;

Guan et al., 2021; Guenter et al., 2007; Khansari-Zadeh & Billard, 2011; Rozo et al., 2016; Samant et al.,

2016], leveraging robust optimization techniques such as Locally Weighted Regression (LWR) and Gaussian

Mixture Regression (GMR) for parameterization. Reportedly, however, both HMM and GMM lack scalability

to high-dimensional systems [Mülling et al., 2013].

2.2.5 Related Work

As a hallmark methodology in the representation of motor policies, DMPs - along with varied extensions

to the classical framework - have exhibited proficiency in and outside a research context. Beyond the

works referenced so far, notable applications include varied object manipulation and bimanual coordination

tasks e.g. pancake-flipping [Kormushev et al., 2010], sweeping [Pervez et al., 2017], door and drawer

7One can look at CPGs as a conceptual notion while DMPs provide the mathematical tools to implement CPGs.
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opening [Magyar et al., 2019], drawing and writing [Ijspeert et al., 2013; Kulvicius et al., 2012; Lioutikov

et al., 2017; Pahič et al., 2020; Zhou et al., 2019], pick-and-place [Deniša et al., 2016; Magyar et al.,

2019; Stulp et al., 2012], grasping [Forte et al., 2012; Li et al., 2018; Pastor et al., 2009] and collaborative

assembly [Gams et al., 2014; Huang et al., 2019]; sports-specific motions e.g. dart throwing [Kober et al.,

2011], ball paddling [Kober & Peters, 2009], and playing pool [Pastor et al., 2011a], hockey [Kupcsik

et al., 2013] and table tennis [Calinon et al., 2010; Mülling et al., 2013, 2010; Samant et al., 2016];

generic reaching [Gams et al., 2014; Koutras & Doulgeri, 2020; Peternel et al., 2016; Queißer et al., 2018;

Queißer & Steil, 2018; Weitschat & Aschemann, 2018]; rhythmic motions e.g. drumming [Calinon et al.,

2010; Deniša et al., 2016; Matsubara et al., 2011; Ude et al., 2010]; path planning [Ginesi et al., 2021; Lee

et al., 2018; Mei et al., 2017]; movement recognition [Ijspeert et al., 2013, 2003; Samant et al., 2016];

and, lastly, in legged locomotion [André et al., 2015; Hogan & Sternad, 2013; Nakanishi et al., 2004;

Nunes et al., 2020; Rückert & d’Avella, 2013; Teixeira et al., 2014; Wang & Wang, 2020]. Across the

extensive literature on this particular subject matter, a heavy focus on IL from human and/or kinesthetic

demonstrations, and the prevalence of articulated robotic arms as robotic agents constitute common

trends. By contrast, research where 1) behavior or motor databases are constructed and 2) individual

MPs - with a noted interest in DMPs - are combined during motor generation, is deemed particularly

relevant within the context of this thesis. While researchers often pursue these goals within the context of

RL [Guan et al., 2021], the focus herein is primarily on the structural organization of motor policies.

Prior to the original DMP formulation, Schaal [1999] discussed the role of MPs and behavior libraries

within the context of bioinspired IL; building on top of some of Schaal’s ideas, Pastor et al. [2009] con-

structed a simple MP database containing different basic motions (e.g. reaching, grasping, releasing)

learned from human demonstrations and generated composite behaviors by sequencing multiple MPs,

modulating them with task-specific metaparameters8 and employing perceptual input for robust closed-

loop obstacle avoidance. Similarly, Stulp et al. [2012] and Kulvicius et al. [2012] also focused on se-

quencing or joining different MPs; the first employed RL in reaching and grasping motions, while the latter

extended the classical DMP formulation and used IL to learn handwriting, codifying single letters as sepa-

rate discrete DMPs. Nevertheless, in line with the competing aspect described by Schaal [1999], in these

works each MP encodes a single functional motion, and their combination is limited to sequential chaining.

From a RL perspective, Mülling et al. [2010] introduced the notion of Mixture of Motor Primitives

(MoMPs), later extended in Mülling et al. [2013], wherein a gating network combined the outputs of mul-

tiple DMP systems in response to external stimuli, validated in hitting motions in table tennis with an

anthropomorphic robot arm. An MP library, constructed from kinesthetic demonstrations, refined with RL,

and storing perceptual augmented states, provided basic striking templates whose contribution was propor-

tional to the perceptual similarity and cumulative success rates. On the other hand, sequential combination

of MPs is not addressed, and the resulting mixture is defined as a linear combination of second-order dy-

namics9; moreover, these are limited to policies linear in the parameters [Deisenroth et al., 2014], and

require significant a priori knowledge about the task [Kupcsik et al., 2017]. Notwithstanding, the same

8Start and goal positions, obtained/inferred from external vision systems, and time scaling.
9In contrast with the time-independent forcing-term element f within DMP dynamics (2.3.1).

21



CHAPTER 2. GENERIC PRIMITIVE-BASED LEGGED CONTROL

underlying idea was later adopted by Gomez-Gonzalez et al. [2016] and Samant et al. [2016], with the

latter using an alternative piecewise linear canonical system; and extended by End et al. [2017] and Celik

et al. [2022], within the bounds of hierarchical contextual RL and stochastic motor policies, validated in

simulated reaching motions in addition to the original table tennis task, respectively. In practice, MoMPs

represented an early approach into effective perceptuomotor coupling and contextual adaption of motor

control patterns with DMPs [Kober et al., 2011; Kober & Peters, 2011]10.

In a more generic approach, Rückert & d’Avella [2013] bridged the classical DMP formulation to nat-

urally occurring primitive structures in animal MSK systems, developing the idea of DMPSynergies than

could be linearly scaled and phase-shifted, in a more flexible combination scheme than the previous alter-

natives i.e. accommodating for both superposed and sequential MPs. Despite the authors only validating

the proposed methodology in reaching motions and 2D walking in simulated platforms, as well as detailed

neuromuscular modeling, a similar approach would be followed by Krug & Dimitrov [2015] and Nunes

et al. [2020] with real platforms, namely in the control of grasping motions with anthropomorphic robotic

arm, and in gait rehabilitation with a lower limb exoskeleton, respectively. However, these works did not

explore MP sharing between different platforms and tasks, or formalize the construction and update of

motor databases holding shared MPs and their higher-level combinations.

Inspired by works from Yamane et al. [2013, 2011] wherein binary trees and transition graphs were

used to construct a general-purpose database describing human movements from a motion capture

dataset, Deniša et al. [2013] delved into compliant control by exploring Compliant Movement Primitives

encoding coupled kinematic and dynamic trajectories, and constructing a similar hierarchical and graph-

inspired motor library with supervised kinesthetic demonstrations. The practical search efficiency of the

underlying structure was harnessed when extrapolating to new behaviors, synthesizing new control pat-

terns by sequencing useful states and segments found in the library. A notable downside, however, was

the need for archiving system states and torque commands at different time scales11 directly into the motor

library (vs parameterization), decreasing the data-efficiency and generality of the approach.

Alternatively, Forte et al. [2012], extending the work of Ude et al. [2010], employed Gaussian Process

Regression (GPR) to estimate a generalization mapping of DMP policies from multiple demonstrations,

which were stored in memory and encoded into DMP systems for data efficiency and numerical tractability,

allowing practical real-time usage. Both works validate their methodologies in reaching and grasping

movements with a humanoid robot, generalizing them to new goal positions, time scales and movement

shapes. This statistical approach would later be adopted by Deniša et al. [2016] and Petrič et al. [2018]

in the particular case of compliant MPs; in the latter, expansion of the motor database, when extrapolated

motions are successfully executed, is discussed. Notwithstanding, generally, the incremental construction

of this database is not directly addressed, and, similarly to the referenced works [Kulvicius et al., 2012;

Pastor et al., 2009; Stulp & Sigaud, 2012], its entries are assumed to constitute complete, functional

behaviors and not simpler, low-dimensional primitive elements.

Regarding the segmentation of demonstrated behaviors in IL, Meier et al. [2011] proposed a frame-

10e.g. Cost-regularized Kernel Regression (CrKR) combines MPs by a weighted average of parameter sets [Kober, 2014].
11Torques are usually not linearly scalable [Petrič et al., 2018].

22



CHAPTER 2. GENERIC PRIMITIVE-BASED LEGGED CONTROL

work based on Expectation-Maximization (EM) to identify MP sequences from partially observed trajecto-

ries, and applied it to character recognition in simulation. However, the authors assume a MP library to

be previously learned and readily available to the agent. Later, Lioutikov et al. [2017] developed a similar

probabilistic algorithm to generate multiple sequential MPs, generating a MP library in a data-efficient

way; employing Probabilistic Movement Primitives (ProMPs) [Paraschos et al., 2013] for motor represen-

tation, the methodology is validated on two different real robots, in composite writing, chair assembly and

table tennis tasks. Using DMPs to encode compliant control trajectories, Yang et al. [2019] focused on

transferring manipulation skills from humans to robots using motion capture systems to record kinematics

and Electromyography (EMG) to estimate joint stiffness, segmenting demonstrations into simpler MPs. In

these works, however, constructed libraries are task- and platform-specific, lacking generality, and only

sequential MPs combinations are explored.

More recently, accompanying the increasing interest of roboticists in Deep Learning (DL) models,

Shankar et al. [2020] framed IL as a recomposition problem, and employed Long Short-term Memory

(LSTM) networks and Latent Variable Models (LVMs) to identify MPs from a set of observed behaviors in

a total of 20 object manipulation and bimanual operation tasks. Although results were promising and

validated in a real robot, no parametric motor representation e.g. DMPs was used; moreover, despite the

unsupervised nature of the proposed methodology, training required an extensive preconstructed dataset

(8000 kinesthetic demonstrations). In contrast, Dalal et al. [2021] constructed a general-purpose library

of MPs e.g. lift and push motions, employing deep RL to identify optimal combinations in a variety of tasks

in simulated environments. Despite constraining the motor library to a fixed set of manually defined MPs,

the notable aspect of this work was the primitive library being shared across different tasks, environments,

and robots. Other recent research using DL to extrapolate and generalize motor policies, such as works

from Levine et al. [2016, 2018], Pahič et al. [2020] and Kalashnikov et al. [2021], generally build and

curate extensive vision-based datasets not unlike the previous behavior databases. However, in addition

to overlooking MPs as basic behavior components, the large-scale data collection required (commonly in

tens of thousand of episodes [Chatzilygeroudis et al., 2017; Levine et al., 2018]) can often be prohibitive

from the standpoint of autonomous L2 machines in the real world [Dalal et al., 2021].

The construction of motor libraries in robotic control implies a practical compromise between generality

and tractability, often facilitated with heuristics [Lioutikov et al., 2017], but nonetheless limited by dimen-

sionality and a priori information available [Droniou et al., 2014]. In addition, one common drawback of the

referenced works is failing to learn multi-level motor databases, focusing on either generalizing preexisting

behaviors, identifying MPs in specific tasks, or addressing both problems separately [Guan et al., 2021;

Lioutikov et al., 2017; Ravichandar et al., 2020]. Alternatively, this work focuses on establishing a generic,

modular and flexible structure for motor generation, that can simultaneously be harnessed by learning

techniques and task-parametrized in straightforward fashion. The mathematical formulation is inspired by

Rückert & d’Avella [2013], but extended to integrate high-level motor libraries, with practical validation in

more complex applications i.e. bipedal locomotion in 3D humanoid robots. While generalization is only

explored across different platforms, initialization and expansion of behavior libraries are addressed.
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2.3 Generic Primitive-based Control

This work proposes a generic multi-level modular approach to robotic control built on top of the DMP

framework, with a particular focus on MP sharing and combination. To that end, the action space is decom-

posed into mid-level unidimensional MPs (i.e. what), and high-level flexible combinations of MPs (i.e. how),

from which open-loop control patterns are obtained, and tracked through low-level linear feedback control,

while accounting for task-specific feedback mechanisms in closed control loops.

The conceptual overview of this control strategy is depicted in Figure 5: within a modular architecture,

a primitive library P gathers generic MPs (defined within DMP dynamics) in platform- and task-agnostic

fashion, and a motor skill is defined as a combination of MPs in a specific platform - effectively mapping

them to a finite set of controls - and stored in a skill library S. This implies separate extrinsic and intrinsic

parameterization, denoting, respectively, generic MPs and their combination in a motor skill; as previously

observed, this can facilitate behavior adaptation and generalization by prioritizing the exploration of different

combinations of existing MPs over extending P - in theory a more complex process.

Furthermore, as a form of Imitation Learning, a simple offline Trajectory Optimization (TO) strategy for

motor skill learning is proposed employing Black Box Optimization (BBO), used to populate both primitive

and skill libraries from functional preset behaviors.

The generic nature of this approach is highlighted: it is both versatile, not tied down to any specific task,

platform or control topology e.g. kinematic or dynamic trajectories in joint or task space; and extensible,

accommodating for alternative low-level techniques to track prescribed motions e.g. joint compliance for

higher efficiency, real-time learning strategies to acquire and refine motor skills with RL, and practical

task-oriented feedback mechanisms.

In contrast with works where generalization is approached with task-parameterized MPs [Calinon,

2016; Matsubara et al., 2011; Pervez et al., 2017] or contextual RL [Celik et al., 2022; End et al., 2017;

Kober et al., 2012; Mülling et al., 2013], herein MPs constitute task-agnostic elements that can be re-

cruited as building blocks for intricate motor control, representing basic components of a multi-tiered mo-

tor database that can be harnessed for generalization and adaptation in Lifelong Learning (L2) machines,

exploiting the open-ended nature of of P and S for continual and incremental growth. Under this control

structure, motor skills can be seen as latent representations of motor behavior using MP semantics.

2.3.1 Dynamic Movement Primitives

Per the most common formulation [Ijspeert et al., 2013; Saveriano et al., 2021], DMPs rely on second-

order spring-damper dynamical systems to ensure stable convergence of control variable y towards a

unidimensional goal state g i.e. a fixed setpoint or oscillatory baseline:

τ ż = αz(βz(g − y)− z) + f (1)

τ ẏ = z (2)
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Figure 5: Conceptual diagram of the control strategy proposed in this chapter, in the case of a K DoF
platform; a generic primitive library P provides abstract task- and platform-agnostic MPs combined in
different motor skills Ss, archived in a skill library S; closed-loop control is achieved with task-specific
feedback mechanisms that modulate (■ ■ ■) prescribed trajectories y or phase ϕ, s.

which, for simplicity, can be rewritten, discarding the auxiliary variable z, as:

τ 2ÿ = αy(βy(g − y)− ẏ) + f (3)

where τ denotes a temporal scaling factor, and {αy, βy} define the system damping12; the open-loop

term f , in its turn, defines a perturbing force that shapes of the trajectory of y towards g, defined as a

linearly-weighted normalized combination of N Radial Basis Functions (RBFs) or kernels Ψn:

f(ϕ) =

∑N
n=1 wnΨn(ϕ)∑N
n=1 Ψn(ϕ)

∨ f(s) =

∑N
n=1 wnΨn(s)∑N
n=1 Ψn(s)

s (4)

anchored on proxy phase variables ϕ and s in case of rhythmic13 and discrete (point-to-point) motions,

respectively. The individual basis Ψn are in turn implemented using radial bell-shaped curves i.e. von

Mises14 functions in the former and Gaussian (Figure 6) functions in the latter:

Ψn(ϕ) = exp (hn(cos(ϕ− cn)− 1)) ∨ Ψn(s) = exp

(
−(s− cn)

2

2hn
2

)
(5)

12Per the generic equation of motion for a damped oscillator, c = αy is the damping and k = αyβy the spring constant;
in critically damped systems i.e. ζ = 1, αy = 4βy . βy can also be seen as a stiffness factor [Scherzinger et al., 2023]

13Simplified formulation i.e. unitary amplitude in f [Peternel et al., 2016].
14von Mises functions are particularly suited due to their periodic nature, which avoids discontinuities in f at the start/end

of each execution period and therefore leads to smoother transitions; [Saveriano et al., 2021].
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where c denotes the center and h scales the width of the bell shape around c; each kernelΨn is thus fully

parametrized by {wn, cn, hn} , ∀ n ∈ {1, 2, . . . , N}.
In practice, ϕ and s are provided by a secondary system that guides execution of encoded motion,

removing explicit time dependency from (4); while the authors note that these are flexible and should be

selected to fit the application15, Ijspeert et al. [2013, 2003] provide bounded linear fixed-pace oscillators

and quadratic decaying first-order systems as reference for rhythmic and discrete motions, respectively:

τ ϕ̇ = 1 ∨ τ ṡ = −αss (6)

with both systems are also temporally scaled with τ as in (1 - 3). In both cases, modulating τ leads to

topologically equivalent trajectories, effectively defining the movement frequency in rhythmic systems16.

In discrete applications, the overall shape is further influenced by αs i.e. how fast s decays.

Phase values should be consistent with the domain of the basis functions in (5); commonly, for sim-

plicity and consistency, homogeneous regularly-spaced kernels are convenient in order to ensure the whole

phase domain is equally controllable [Saveriano et al., 2021]:

cn = ϕmin +
(ϕmax − ϕmin)

N + 1
n ∨ cn = exp

(
−αs

i− 1

N − 1

)
(7)

hn =
1

(cn+1 − cn)2
(8)

with ϕmin and ϕmax as, respectively, the lower and upper bounds of rhythmic phase ϕ. An alternative heuris-

tic to (8) is, when dealing with equally-spaced basis functions, to scale hi so that the midpoint between

consecutive kernels roughly matches half-scale (Ψ(ϕ) ∼ 0.5) and minimum amplitude at the center of

neighboring kernels; given this simplification, a weight vector w = [w1, w2, . . . , wN ]
⊤ is sufficient to

define f , with N directly influencing its spatial resolution and overall dimensionality.

Under conventional DMP terminology, (1 - 3) describe the transformation system, providing the un-

derlying attractor landscape of the system dynamics, and (6) the canonical system, acting as a sort of

pacemaker for the system’s evolution, often shared between multiple transformation systems for synchro-

nization and coupling in e.g. multi-DoF platforms or task-space control. Figure 6 illustrates the temporal

evolution of both systems in a discrete DMP. In practice, despite Ijspeert et al. [2013, 2003] highlighting

the underlying control structure over the specific dynamics in (1 - 6) as the main scientific contribution of

DMPs, the presented formulation exhibits several attractive properties from a control perspective:

• Stability: Due to stable and well-understood attractor dynamics in (1 - 3), as long as τ > 0 and the

system is critically damped (αz > 0 and αz = 4βz), then y is bound to monotonically converge

to g, even if momentarily perturbed [Ijspeert et al., 2013; Saveriano et al., 2021];

• Invariance: Scaling parameter in (1 - 3) implies temporal invariance i.e. updating τ ′ = kτ with

15Alternatives to (6) such as exponential and sigmoid curves have been proposed in the literature [Saveriano et al., 2021].
16Also described with Ω ≡ w ≡ ϕ̇ = 1/τ [Ijspeert et al., 2013; Saveriano et al., 2021].
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Figure 6: Top Left: Multiple basis functions Ψn on a periodic phase space; Top Right: DMP trans-
formation system, converging to g = 10; Bottom Left: DMP rhythmic canonical system i.e. linear
pacer, providing values of ϕ; Bottom Right: DMP discrete canonical system, following different decay
approaches: exponential (blue), linear (orange) and sigmoid (green).

k > 0 preserves the overall shape of the trajectory, with subsequent works extending the original

formulation addressing spatial invariance [Ijspeert et al., 2013; Pastor et al., 2009];

• Online Modulation: The lack of explicit time dependency in (4) allows adjusting, in real time, the

evolution of the system, whether by updating g, manipulating ϕ (or s) directly, or using advanced

goal switching [Ijspeert et al., 2013] and phase stopping mechanisms [Ijspeert et al., 2002];

• Parameter Linearity: Beyond their parametric nature which provides a way to deal with high-

dimensional systems, the linearity in wn (4) improves numerical tractability and makes DMPs par-

ticularly appealing for learning applications, including IL and RL approaches;

• Versatility: By encoding arbitrarily complex trajectories, providing discrete/rhythmic variants and

compatibility with notions such as viapoints [Weitschat & Aschemann, 2018] and spatiotemporal

coupling [Ijspeert et al., 2013], DMPs fit a wide range of applications in and beyond robotic control.

Exploiting these features, the control strategy in Figure 5 employs the DMP framework to encode open-

loop control patterns in generic form; in particular, the nonlinear component f in (3) and (4) is understood

to uniquely describe individual MPs in a primitive library P:

P =
[
f 1, f 2, . . . , fP

]⊤
(9)

such that P : R→ RP , and each element is parametrized by wp ∈ RN , ∀ p ∈ {1, 2, . . . , P} in task-
and platform-agnostic form; conversely, the transformation (3) and canonical (6) systems incorporate

platform-specific control. From (9), the complete set of parameters defining P is:
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W =
[
w1,w2, . . . ,wP

]⊤
(10)

which is expanded to a P × N matrix if Ψn, ∀ n ∈ {1, 2, . . . , N} are constant across the whole

library; otherwise, W ∈ R
∑P

p=1 Np , with Np as the number of kernels in the pth primitive in P. From the

perspective of the proposed control structure (Figure 5), W is seen as form of extrinsic parameterization.

Throughout the remainder of this work, the classical rhythmic formulation is considered; notwithstand-

ing, unless expressly stated otherwise, relevant insights and observations extend to the discrete case, as

well as to the referenced extensions to DMP dynamics. Moreover, in line with conventional applications,

{y, ẏ, ÿ} is viewed as an open-loop trajectory reference, whose low-level tracking with e.g. linear feedback

control falls outside the scope of this study.

2.3.2 Shared Information and Primitive Combination

By and large, practical DMP applications adopt a separate transformation system for each individual

dimension, which commonly employ separate primitives f (3); while this mostly straightforward approach

is adequate in simple tasks where generalization and scalability are not critical concerns, control complexity

can increase significantly in higher-dimensional tasks and platforms [Saveriano et al., 2021].

In an alternative holistic strategy, dimensionality reduction can be achieved - beyond the parametric

nature of DMPs - by exploiting the often redundant nature of articulated platforms, and introducing shared

information across different control dimensions. In fact, one of the core ideas behind MP theory lies in the

reuse of information - in the form of elemental motions - across different dimensions, tasks, and potentially

even different platforms. In an objective formulation of this idea, (3) is updated:

τ 2ÿ = αy(βy(g − y)− ẏ) + f ∗(ϕ) (11)

with f ∗(ϕ) denoting a combination of P primitives f p (4):

f ∗(ϕ) =
P∑

p=1

λpf p(ϕ+ δp) (12)

where λp and δp, ∀ p ∈ {1, 2, . . . , P}, linearly scale and phase shift f p, respectively. When considering

K coupled dimensions yk, ∀ k ∈ {1, 2, . . . , K} sharing a single phase reference ϕ, for each k:

f ∗
k (ϕ) =

P∑
p=1

λp
kf

p(ϕ+ δpk) (13)

which can be expanded, given primitive library P, to:
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f ∗
k (ϕ) = λ∗

k
⊤P(ϕ+ δ∗

k) =


λ1
k

λ2
k
...

λP
k


⊤

×


f 1(ϕ+ δ1k)

f 2(ϕ+ δ2k)
...

fP (ϕ+ δPk )

 (14)

with λ∗
k ∈ RP and δ∗

k ∈ RP representing, respectively, scale and shift vectors for the kth dimension.

Globally, for the whole system, matrices Λ ∈ RK×P and ∆ ∈ RK×P aggregate individual parameters:

Λ =


λ∗

1
⊤

λ∗
2
⊤

...

λ∗
K

⊤

 =


λ1
1 λ2

1 · · · λP
1

λ1
2 λ2

2 · · · λP
2

...
...

. . .
...

λ1
K λ2

K · · · λP
K

 ∆ =


δ∗
1
⊤

δ∗
2
⊤

...

δ∗
K

⊤

 =


δ11 δ21 · · · δP1

δ12 δ22 · · · δP2
...

...
. . .

...

δ1K δ2K · · · δPK

 (15)

which comprise the intrinsic parameterization of the generic control strategy (Figure 5), effectively mapping

P generic primitives f p intoK dimensions. (11 - 14) represent a reformulation of the primitive combination

scheme proposed by Rückert & d’Avella [2013], revised for clarity and consistency; in a practical sense,Λ

matches the role of gating networks in the literature [Mülling et al., 2013, 2010], while∆ allows sequential

chaining of MPs [Kulvicius et al., 2012; Samant et al., 2016; Stulp et al., 2012].

Building upon this foundation, given P, a motor skill is defined solely through intrinsic parameters:

S = {Λ,∆} (16)

which can be coupled to perceptual input or contextual metaparameters in high-level planning stages for

generalization [Kober, 2014; Pervez et al., 2017]. Given τ , goal g ∈ RK , and an initial state y0 ∈ RK17,

the complete set of control trajectories y ∈ RK is updated numerically using (11), exploiting the stability

of DMP dynamics for smoother transitions between different motor skills in real time.

At a conceptual level (Figure 5), analogously to P (9), a motor skill library S is defined:

S =
[
S1,S2, . . . ,SS

]⊤
(17)

From a Lifelong Learning perspective, P and S are understood to be dynamically sized, growing as

new primitives and skills are acquired; conversely, a fixed number of K dimensions are controlled with

constant damping {αy,k, βy,k}18. In order to bound intrinsic parameterization and avoid incrementally

updating all S as new primitives are learned, motor skills can be defined over a finite subset of the primitive

library containing the P ′ ≤ P MPs required to codify control patterns; this entails updating (14) to:

f ∗
k (ϕ) = λ∗

k
⊤mP(ϕ+ δ∗

k) (18)

17In practice, only relevant in discrete motions.
18αy,k and βy,k are usually hand-tuned to fit the application [Scherzinger et al., 2023].
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where m ∈ {0, 1}P ′×P is a binary selection matrix identifying P ′ relevant primitives19 in P, e.g. :

mP =


1 0

0 0
...

...

0 1


︸ ︷︷ ︸

P ′

⊤

×


f 1

f 2

...

fP


✓

✓

(19)

and which can also be used to mask parameterization i.e. W′ = mW, and appended to S (16):

S = {Λ,∆,m} (20)

with Λ ∈ RK×P ′
and∆ ∈ RK×P ′

. Overall, this implies a fixed number of nint = 2×K ×P ′ intrinsic

parameters, in contrast with K ×N in the conventional approach20 where only primitive-specific i.e. ex-

trinsic parameterization is considered, herein seen instead as task- and platform-agnostic (Figure 5). Fully

describing a motor skill therefore requires a total of n = nint+next = 2×K×P ′+P ′×N parameters;

when compared to conventional strategies, the increase in complexity brought about by the additional nint

parameters can be offset by sufficiently small P ′ values; in practice, global dimensionality n is reduced

as long as P ′ ≤
⌊

KN
2K+N

⌋
. This highlights one of the major appeals of MP theory in control; from the

practical standpoint of joint-space control, a significant number of multi-DoF systems e.g. industrial ma-

nipulators or legged platforms lend themselves to this approach through their morphological redundancy,

which often allows for P ′ to be much smaller than K.

2.3.3 Motor Skill Learning and Generalization

Generally, in applications wherein MP combination is not considered, codifying aK -dimensional motor

policy into a DMP system implies learningK nonlinear terms f (3) by parametrizing the underlyingK×N
kernels Ψn which, under a simplified scheme, requires finding K weight vectors w (4). A widely popular

methodology is to exploit expert or reference trajectories obtained either from kinesthetic demonstrations

- with human agents guiding the robot remotely or in a compliant manner21 - or kinematic trajectories

recorded with motion capture systems; under the broader scope of IL methods, this kind of supervised

learning represents a practical approach of Learning from Demonstration (LfD), wherein a motor policy

is learned by interactive teaching, and which was found to be successful in a large variety of robotic

applications [Ijspeert et al., 2013; Ravichandar et al., 2020; Saveriano et al., 2021]. At its simplest, in

DMP learning with LfD, each of the K transformation systems (3) is rearranged to:

ftarget = τ 2ÿREF − αy

(
βy(g − yREF)− τ ẏREF

)
(21)

19Each row containing one non-zero element i.e.
∑P

p=1 mip = 1, ∀ i ∈ {1, 2, . . . , P ′}; if m = IP , entire library P is used (14).
20Assuming constant primitive complexity i.e. N fixed-width equidistant kernels; generally, N may vary with fp (10).
21Appealing as movement is constrained by the robot kinematics and dynamics, simplifying optimization [Deniša et al., 2016]
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where yREF denotes the reference values to approximate. For its simplicity, Locally Weighted Regression

(LWR) [Atkeson et al., 1997] is commonly adopted by roboticists when learning DMP policies; it frames

the problem as standard function approximation wherein a localized - i.e. linearly weighted by kernel Ψn -

measure of the quadratic error Jn, for all N basis in f , is minimized [Ijspeert et al., 2013]:

Jn =
N∑

n=1

Ψn(t)(ftarget − wn)
2 (22)

which, given a T -sample reference yREF ∈ RT , has complexity of O(N2T ) [Gams & Ude, 2009] in

each of the K dimensions, and can be solved in batch or incrementally22 [Ijspeert et al., 2013]. Alter-

native methods to minimize (22) include Gaussian Mixture Models (GMMs)/Gaussian Mixture Regression

(GMR) [Calinon et al., 2010, 2012; Chen et al., 2017], Gradient Descent (GD) [Samant et al., 2016], Deep

Learning (DL) [Pahič et al., 2018, 2020] and, notably, Gaussian Process Regression (GPR) [Deniša et al.,

2016; Matsubara et al., 2011]. In particular, GPR does not require N to be set prior to learning [Ude

et al., 2010], and, unlike LWR, is not limited to learning weights wn [Samant et al., 2016]; on the other

hand, it has been shown to be both more computationally demanding and less accurate than LWR [Forte

et al., 2012]. Nonetheless, a common practical issue of LfD methodologies is that N often grows expo-

nentially as K increases, adding complexity in dealing with high-dimensional inputs e.g. demonstrations

from highly-articulated platforms [Saveriano et al., 2021].

Beyond fully parametrizing motion shape f (3) from scratch, new behaviors may also be learned by

adapting or generalizing existing skills to new contexts or tasks. While the invariance properties of DMPs

streamline extrapolating motions to different time horizons, frequencies or spatial targets i.e. adjusting τ

and g (2.3.1) in response to external stimuli [Ijspeert et al., 2003; Li et al., 2018; Pastor et al., 2009;

Scherzinger et al., 2023], generalization of learned behaviors is often treated as a separate optimization

problem, tackled with methods ranging from GPR [Forte et al., 2012; Ude et al., 2010] and contextual

learning strategies [Klink et al., 2020; Kober, 2014; Queißer & Steil, 2018] to flexible combination schemes

i.e. overlapping and/or sequencing individual MPs [Kulvicius et al., 2012; Mülling et al., 2013; Pastor et al.,

2009; Samant et al., 2016; Stulp et al., 2012] (2.2.5).

By contrast, the modular multi-tiered organization proposed (Figure 5) allows a higher-level approach

to motor skill acquisition, which accommodates both learning from scratch and behavior generalization.

In a broader formulation, given the full parameter vector θ = [W,Λ,∆]⊤ (2.3.2), a straightforward

Trajectory Optimization (TO) strategy is to minimize the cumulative residual error J(θ, yREF) between the

states of a θ-parametrized DMP system and a given reference trajectory until a finite time horizon T :

J(θ, yREF) =
K∑
k=1

Jk(θ, yREFk ) =
K∑
k=1

T∑
t=1

(
yθk,t − yREFk,t

)2
(23)

where yREFt and yθk,t denote, respectively, reference values and associated DMP state (11) in the kth di-

mension, at the tth sample, ∀ t ∈ {1, 2, . . . , T}. In order to ensure that yθ ∈ RT , a reference phase

22By employing a custom forgetting factor λLWR < 1 [Ijspeert et al., 2013; Petrič et al., 2018].
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vector ϕREF ∈ RT can optionally be estimated given finite phase bounds Φ = [ϕmin, ϕmax], replacing the

DMP canonical system (6). The goal of TO is thus to find θbest such that:

θbest = argmin
θ

[
J(θ, yREF)

]
(24)

which presents a generic least-squares optimization problem that can be solved with a large number of

techniques - and whose benchmark ultimately goes beyond the scope of this work. In most practical

scenarios, however, (23) can potentially be extended to a multi-objective23 approach, e.g. :

J(θ, yREF) =
K∑
k=1

Jk(θ, yREFk ) = α1

K∑
k=1

T∑
t=1

(
yθk,t − yREFk,t

)2
︸ ︷︷ ︸

track reference

+ α2

K∑
k=1

T∑
t=1

( ...
y θ

k,t

)2
︸ ︷︷ ︸

minimize jerk

+ α3 (∥θ∥2)2︸ ︷︷ ︸
regularization

(25)

favoring minimum-jerk24 trajectories for smoother and human-like motions with reduced energetic foot-

print [Flash & Hogan, 1985; Schaal et al., 2007]; and scaling down θ with ℓ2 regularization [Boyd &

Vandenberghe, 2004]25. Additional soft constraints can e.g. enforce transient viapoints [André et al.,

2013; Queißer & Steil, 2018; Werner et al., 2014], however it should be noted that this often comes at the

cost of simplicity, as careful tuning of weights α1, α2 and α3 becomes critical.

The generic formulation in (23), in conjunction with the modular organization of the proposed control

structure (Figure 5), enable the implementation of different learning modalities exclusively by constraining

parameterization, regardless of how optimization is performed; as illustrated in Figure 7, given P and S,

θ can be manipulated26 to reflect different types of motor skill learning, namely:

• Intrinsic, extending S through a new or updated combination of known MPs in P; current extrinsic

parameterization W0 is preserved;

• Extrinsic, where MPs in P are updated under a fixed combination scheme27 defined by intrinsic

parameters {Λ0,∆0,m0}; conventional DMP control if P ′ = K, Λ0 = IK and ∆0 = 0K ;

• Expansive, compounding intrinsic and extrinsic learning to expand both P and S with new MPs

and motor skills, respectively; the full parameter set θ is learned;

23α1 ≫ α2 and α1 ≫ α3 in order to ensure reference trajectory is efficiently tracked;
24Applicable when y represents joint- or task-space position control commands.
25Illustrative case; in practice, DMP dynamics inherently prevent significant jerk during the movement (2.3.1).
26Parameter-specific constraints in θ e.g. binary values in m are assumed to be enforced on an algorithmic basis.
27Analogous to the organization of musculoskeletal systems through Muscle Synergy (MS) [d’Avella & Bizzi, 2005].
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Trajectory Optimization
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Figure 7: Illustration of different skill learning modalities achieved with different constraints to θ; the
number of primitives P ′, as well asN in extrinsic and expansive learning, are viewed as open parameters;
W0, Λ0,∆0 denote preset parameterization; for simplicity, in intrinsic and sequential modalities, m (18)
can be omitted i.e. m = IP for small P (9) e.g. during early cognitive stages.

• Sequential, as a special case of intrinsic learning, where MPs in P are sequenced according to a

vector i ∈ NP ′
specifying an arbitrary MP order;

Accordingly, parameter dimensionality differs in each of these learning modalities; generally, solving

(23) or (25) iteratively with numerical methods is directly impacted by n, and thus byK, P (or P ′) andN ,

with computational complexity and convergence time often growing exponentially28; on the other hand, in

the particular case of classic extrinsic learning where dimensions are codified independently i.e. P ′ = K,

Λ0 = IK and∆0 = 0K , the problem can alternatively be approached asK separate optimization steps

of dimension N (in contrast with K × N ), which can, in theory, greatly reduce total convergence time.

Another simplification strategy is to provide initial guesses or priors for θ, which can be straightforward in

cases of conceptual similarity between motor skills, and will be explored in this work.

Beyond the examples of guided learning through optimization constraints presented in Figure 7, more

intricate learning strategies can be formulated in similar fashion. The flexibility of the approach is high-

lighted, which can be harnessed to meet different task or platform requirements, or achieve different

learning goals. In practice, not only are motor skills implicitly generalizable as low-dimensional combina-

tions or sequences of generic MPs - facilitating e.g. online RL - but by restricting their definition to f ∗(ϕ)

in (11), generalization strategies that adapt the underlying attractor dynamics e.g. metaparameters τ and

g [Dragan et al., 2015; Forte et al., 2012; Koutras & Doulgeri, 2020; Kulvicius et al., 2012; Pastor et al.,

2009; Ude et al., 2010; Weitschat & Aschemann, 2018] are still applicable.

28In the case of e.g. CMA-ES, complexity scales according to O(n3) [Hansen et al., 2003; Hansen & Ostermeier, 2001].
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Overall, this represents a high-level approach to motor skill learning, where exploring the parameter

space is favored over problem-specific knowledge [Sutton, 2019]. While the choice of optimization strategy

is left open to suit diverse platform and task particularities, given the heterogeneous nature of θ, the use of

Black Box Optimization (BBO) is assumed throughout the remainder of this work. BBO is a branch of ML

that approaches the underlying problem empirically i.e. without making any assumption about - or attempt

to model - its objective function, treating it instead as a black box that maps an n-dimensional parameter

set to a single scalar i.e. J : Rn → R, relying only on practical evaluations for parameter updates [Stulp
& Sigaud, 2012, 2013]. It is particularly appealing when little to no information is available about J -

whether continuous, linear or differentiable - and in contexts where those traits prevent the application of

alternatives such as gradient-based or convex optimization techniques [Bajaj et al., 2021]. On the other

hand, BBO is often associated with suboptimal performance and slower convergence, requiring a large

number of evaluations, and not being guaranteed to find a global optimum, particularly in non-convex

and high-dimensional problems [Alarie et al., 2021; Bajaj et al., 2021]; this becomes problematic outside

simulated environments, where evaluations are generally expensive and time-consuming.

Nevertheless, by not imposing requirements on the nature of J and θ, BBO becomes applicable to a

wider range of problems than other ML alternatives, having gained popularity in solving real-world problems

in a variety of scientific fields [Alarie et al., 2021]. In particular, strong parallels can be traced between

episodic RL and iterative BBO, by viewing RL algorithms that explore directly on policy parameters as a form

of iterative BBO [Rückstieß et al., 2010]. Incidentally, cutting edge methods such as Covariance Matrix

Adaptation - Evolutionary Strategy (CMA-ES) and Bayesian Optimization (BO) were successfully employed

in RL as a form of direct Policy Search (PS) or in contextual behavior generalization [Calandra et al., 2014;

Chatzilygeroudis et al., 2017, 2020; Queißer & Steil, 2018; Stulp & Sigaud, 2012, 2013].

The high-level and parameter-agnostic nature of BBO methods can be harnessed by general ap-

proaches to optimization, being particularly suited to problems with heterogeneous parameter sets and

multimodal objective functions, such as (23) [Heidrich-Meisner & Igel, 2008; Queißer & Steil, 2018; Stulp

& Sigaud, 2012]. In this work, CMA-ES [Hansen & Ostermeier, 2001], is used; as a local29 direct-search

BBO method derived from classical ES, CMA-ES computes parameter updates based only on the total

cost given by J [Bajaj et al., 2021; Queißer & Steil, 2018], requiring only minimal parameterization. CMA-

ES was shown to be successful in different complex nonlinear optimization problems including, notably,

parametrizing DMP systems [Queißer et al., 2018; Queißer & Steil, 2018; Rückert & d’Avella, 2013; Stulp

& Sigaud, 2013]. Moreover, while not pursued in this study, its black-box nature allows extending θ to

parameters beyond [W,Λ,∆]⊤, such as goal states g = [g1, g2, . . . gK ]
⊤, system damping {αk, βk},

center and width of each basis Ψn, and potentially N and P ′.

As part of this study, custom code libraries were developed in C++ implementing the control structure

described in this section. These libraries were tailored to address the specific challenges posed by the pro-

posed method, ensuring an efficient and accurate computational framework for motor skill representation

and acquisition. For a detailed description of the implementation, including the underlying structure and

29In contrast with global search methods e.g. Bayesian Optimization [Bajaj et al., 2021; Calandra et al., 2014].
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Figure 8: Humanoid platforms employed in this work. Left: Robotis OP 1 (formerly DARwIn-OP) [ROBOTIS,
2019]; Right: Softbank Robotics NAO V5 [Robotics, 2019]. Refer to Appendix B: Humanoid Platforms for
detailed information about both robots.

technical specifications, please refer to Appendix A: Practical Implementation.

2.4 Biped Locomotion with Shared Primitives

In order to demonstrate the practicality of the MP-based control strategy described in 2.3, bipedal

locomotion is replicated in two different simulated humanoid bipeds, the Robotis OP 130 and the SoftBank

Robotics31 NAO V5 (Figure 8). As illustrated in Figure 9, exploiting the generality of task- and platform-

agnostic MPs, a single shared primitive library P is constructed for both robots, and robot-specific skill

libraries SOP and SNAO populated with a walking motor skill S1 that generates stable bipedal locomotion

by combining a fixed number of MPs. Conceptually, this provides a foundation for Lifelong Learning (L2)

solutions by kickstarting behavior databases in robotic agents, which can be expanded upon by repeating

the skill acquisition process for other types of gait as well as, potentially, other general-purpose leg motions.

Both robots are roughly similar in size, hardware and morphology32, with detailed information provided

in Appendix B: Humanoid Platforms; when adopting a fixed upper body configuration and replicating

motions in both legs and in both robots, control is limited to a total ofK = 6 DoFs: 1) Hip Pitch (hPitch),

2) Hip Roll (hRoll) and 3) Hip Yaw (hYaw), 4) Knee Pitch (kPitch), 5) Ankle Pitch (aPitch) and 6) Ankle Roll

(aRoll). In a practical sense, in line with DMP design (2.3.1) and multidimensional control, each leg DoF is

prescribed a rhythmic trajectory yk through a transformation system (11), driven with coupled leg-specific

canonical systems ϕi, i ∈ {left, right} (6), which enforce a half-cycle phase delay between both legs; gait-
specific feedback mechanisms modulate yk and ϕi in real time according to measured Ground Reaction

Forces (GRFs), adding stability and robustness to the resulting gait through closed-loop control.

30Rebranded from Dynamic Anthropomorphic Robot with Intelligence - Open Platform (DARwIn-OP).
31Formerly Aldebaran Robotics.
32The NAO has both Hip Yaw DoFs symmetrically coupled, effectively representing a single DoF;

35



CHAPTER 2. GENERIC PRIMITIVE-BASED LEGGED CONTROL

hRoll

hYaw

hPitch

kPitch

aPitch

Phase

T
e
rr

a
in

S
NAO

Force Sensors

S
OP

P
hRoll

hPitch

kPitch

aPitch

aRoll

Phase

T
e
rr

a
in

Force Sensors
+ ++

Learning

hYaw

aRoll

Figure 9: Conceptual diagram extending the generic MP-based control strategy in Figure 5 to bipedal
walking in the Robotis OP and the SoftBank NAO (Figure 8); in both platforms, each kth leg DoF is controlled
by a DMP transformation system yk (11) and force-based feedback mechanisms close the control loop.

As legged walking, by its complex and dynamic nature, does not lend itself to interactive kinesthetic

teaching as commonly performed in LfD, and given the substantial body of research on the development of

robotic walking (2.2), functional control patterns of CPG-based gait are used as a demonstrative reference

for skill learning (2.3.3). For practicability and simplicity, this process is conducted in a simulated environ-

ment in Gazebo [Koenig & Howard, 2004], and entirely offline; within the paradigm of IL, beyond a form of

TO (2.3.3), it can also be viewed as a form of Behavior Cloning (BC), wherein control patterns are learned

without direct interaction with a teacher or supervisor agent [Ravichandar et al., 2020]. By focusing on

trajectory control in joint space, it bypasses the computational overhead of Inverse Kinematics (IK) solvers,

and avoids complex singularities that may occur in task-space control [Hersch et al., 2008; Ravichandar

et al., 2020]. Additionally, by imitating open-loop control patterns directly, the previous practical validation

of the original gait on real platforms is leveraged i.e. similar walking performance is expected.

2.4.1 Central Pattern Generators in Closed-loop Gait Control

On the line of bioinspired locomotion control, as reviewed in 2.2.4, a popular approach to achieve limit

cycle walking is through oscillator networks exploiting the notion of Central Pattern Generators (CPGs);

one such case is presented in Matos & Santos [2012, 2014], wherein open-loop rhythmic patterns are

generated by unit-burst elements for each leg DoF of an OP humanoid robot (Figure 8), as the result of

weighted contributions of RBFs with sinusoidal and bell-shaped profiles:

f(ϕi) = −Aω sin(ϕi + c) (26)

f(ϕi) =
−Aω(ϕi + c)

h2
exp
(
−(ϕi + c)2

2h2

)
(27)

where A and ω scale the amplitude, and, similarly to (5), c phase-shifts the center of the RBF, with

h defining the width of the bell shape in (27); in both cases, ϕi denotes the motion phase in leg i ∈
{left, right}. In each DoF, a custom set of RBFs influence the evolution of a nonlinear dynamical system:
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ẏCPGi,hPitch = −α(yCPGi,hPitch −Oi,hPitch) + f flexion
hPitch + f compass

hPitch (28)

ẏCPGi,hRoll = −α(yCPGi,hRoll −Oi,hRoll) + f balancing
hRoll (29)

ẏCPGi,hYaw = −α(yCPGi,hYaw −Oi,hYaw) + f rotation
hYaw (30)

ẏCPGi,kPitch = −α(yCPGi,lPitch −Oi,lPitch) + f flexion
kPitch + f yield

kPitch (31)

ẏCPGi,aPitch = −α(yCPGi,aPitch −Oi,aPitch) + f flexion
aPitch + f yield

aPitch + f compass
aPitch (32)

ẏCPGi,aRoll = −α(yCPGi,aRoll −Oi,aRoll) + f balancing
aRoll (33)

exhibiting first-order point-attractor dynamics towards Oi,k, with proportional gain α. Individual motions

represent different aspects and/or stages of the locomotion process, requiring platform-specific parame-

terization, as well as reflecting morphological symmetries of the platform; per (28 - 33), these patterns

are divided into 1) balancing, shifting the CoM over the supporting leg and unloading the swinging leg in

alternating fashion by acting on roll joints:

f balancing
i,hRoll = −Abalancingω sin (ϕi) (34)

f balancing
i,aRoll = −f balancing

i,hRoll (35)

2) flexion of pitch joints for higher foot clearance during leg swing:

f flexion
i,hPitch = −

Aflexion
hip ωϕi

h2
exp
(
− ϕ2

i

2h2

)
(36)

f flexion
i,kPitch = −

Aflexion
knee ωϕi

h2
exp
(
− ϕ2

i

2h2

)
(37)

f flexion
i,aPitch = −

(
f flexion
i,hPitch + f flexion

i,kPitch

)
(38)

a 3) compass motion that simultaneously moves the swing foot forward and the standing foot backward,

displacing the robot along the walking direction:

f compass
i,hPitch = −Acompassω sin

(
ϕi +

π

2

)
(39)

f compass
i,aPitch = −f compass

i,hPitch (40)

knee and ankle 4) yielding aimed at absorbing the foot impact and stabilizing the CoM vertical trajectory:

f yield
i,hPitch = −Ayieldω sin (ϕi + π) (41)

f yield
i,kPitch = −2Ayieldω sin (ϕi + π) (42)

f yield
i,aPitch = −f

yield
i,hPitch (43)

and, lastly, 5) rotation helps to further stabilize the movement in the transverse plane and control the

walking direction:
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f rotation
i,hYaw = −Arotationω sin

(
ϕi +

π

2

)
(44)

(34 - 44) describe motions applied in both legs, with phase ϕi ∈ [−π, π] shared between same-leg
DoFs, and with a half-cycle phase delay between left and right legs, enforced through coupled rhythm

generators providing inter-leg coordination:

ϕ̇left = ω +KC sin
(
ϕ̇left − ϕ̇right + π

)
(45)

ϕ̇right = ω +KC sin
(
ϕ̇right − ϕ̇left + π

)
(46)

where ω, in addition to scaling amplitude in individual motions (34 - 44), denotes the walking frequency;

KC represents the coupling strength, and a phase shift of π is enforced on ϕi, defining an anti-phase

relationship between contra-lateral motion generators on each leg. Phase coupling presents appealing

properties, straightforward maintenance of relationships and entrainment, which are used to achieved

inter-limb coordination among unit generators [André et al., 2016b; Matos & Santos, 2014; Matos, 2014]

Conceptually, (26 - 44) represent a motor control approach similar to DMP dynamics (2.3.1), extending

stable attractors33 with parametrizable nonlinear RBFs (26 - 27)34, and employing a separate dynamical

system to drive temporal evolution implicitly (45); despite being developed within the boundaries of bipedal

walking control, in contrast with the general purpose inspiration behind DMP design, they still retain sta-

ble behavior through attractor dynamics, time invariance and lack of explicit time dependency, as well

as flexible online modulation. Incidentally, rhythmic DMPs have been used in bioinspired CPG-based

control [André et al., 2015; Nakanishi et al., 2004; Zhou et al., 2016].

A phase regulation mechanism is proposed in the original work by Matos & Santos [2014], through

which gait events are used to reset the phase value in stance-swing and swing-stance transitions. Alterna-

tively, later iterations of this approach adopted instead a perceptual feedback system that modulates ϕ̇i

according to measured Ground Reaction Forces (GRFs) [André et al., 2016b, 2015; Owaki et al., 2012]:

ϕ̇left = ω +KC sin
(
ϕ̇left − ϕ̇right + π

)
+KF sin

N FS
left∑

j=1

xFS
j

 (47)

ϕ̇right = ω +KC sin
(
ϕ̇right − ϕ̇left + π

)
+KF sin

N FS
right∑

j=1

xFS
j

 (48)

where xFS
j are direct measurements from each of the N FS

i , i ∈ {left, right} Force Sensors (FSs) installed
on the foot i ∈ {left, right}, and KF scales the strength of the corrective feedback; in practice, (47 -

48) speed up phase evolution in case of non-null force readings while legs are in swing, and vice-versa

if no force is measured during stance, effectively synchronizing yCPG (28 - 33) with ground contact. This

represents a form of dynamic entrainment mirroring the behavior of biological gait [Hogan & Sternad,

33With a direct equivalence between Oi,k and goal state g in (3) and (11).
34Which can be viewed as primitive elements of the resulting patterns.
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Figure 10: Resulting kinematic trajectories yCPG for allK = 6 DoFs of the right leg when employing (28 -
33) for a full period i.e. [−π, π]; Values of Amotion, Oi,j , ω and h presented in Table 1 (OP).

2013]. Similar closed-loop implementations also introduced corrections to ankle pitch and roll in an effort

to ensure feet remain parallel to the ground at all times, increasing stability [Macedo et al., 2014; Macedo,

2014]:

Ȯi,aPitch = KO

N FS
i,front∑
j=1

xFS
j −

N FS
i,rear∑
j=1

xFS
j

 (49)

Ȯi,aRoll = KO

N FS
i,right∑
j=1

xFS
j −

N FS
i,left∑

j=1

xFS
j

 (50)

where ankle pitch offset Oi,aPitch (32) is adjusted proportionally to KO
35 and to the ratio of weight distri-

bution on the robot feet i.e. increased whenever the frontal section outweighs the rear counterpart, and

vice-versa; the same rationale is employed for the ankle roll offsetOi,aRoll (33), using readings from sensors

placed at left and right foot sections [Macedo, 2014].

2.4.2 Generic Legged Control

The CPG walking approach described has been extensively validated in previous studies [André et al.,

2015; Macedo, 2014; Matos & Santos, 2014], demonstrating its ability to generate stable locomotion

patterns in a real OP robot. However, the need for reparameterization - whether through hand-tuning or

by resorting to optimization techniques - across different locomotion contexts limits its generalizability to

other platforms and environments.

35In practice, both force-based feedback gains KF and KO should be set to low values for stable behavior.
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Figure 11: Kinematic overview of how CPG walking [Matos & Santos, 2012, 2014] is reproduced with the
generic MP-based control strategy, integrating Force Sensor (FS) feedback loops into DMP dynamics; α, β
and, notably, f ∗

k (ϕi), i ∈ {left, right} are shared between both legs; both hip yaw joints are mechanically
coupled in the NAO; lastly, N FS

i evenly distributed FSs measuring GRFs in both feet are assumed.

Alternatively, by encoding a combination of any arbitrary number of RBFs, the proposed generic strat-

egy (2.3) offers greater flexibility and a broader range of applications, as well as potentially less dimensional

when sharing a common primitive library P. In addition to fully replacing (28 - 33) with DMP dynamics in

(11) (2.3.1), replicating CPG walking requires adjusting three main aspects of the general strategy (2.3):

• Preset goals states in each leg DoF, defined as the hand-tuned offset values in (28 - 33); in all

K = 6 leg DoFs, joint position follows (11) with gk = Oi,k, ∀ k ∈ {1, 2, . . . , K} representing
an initial baseline for control trajectories;

• Coupled closed-loop canonical systems driving the motions in each leg, by merging (6) and

(47 - 48), thus integrating synchronization feedback and establishing inter-leg coordination36:

τ ϕ̇left = 1 +KC sin
(
ϕ̇left − ϕ̇right + π

)
+KF sin

N FS
left∑

j=1

xFS
j

 (51)

τ ϕ̇right = 1 +KC sin
(
ϕ̇right − ϕ̇left + π

)
+KF sin

N FS
right∑

j=1

xFS
j

 (52)

• Dynamic goal update in ankle pitch and roll DoFs for stability, by repurposing the corrective

feedback mechanism in (49 - 50), in line with similar goal switching methods [Ijspeert et al., 2013]:

36The phase domain Φ = [−π, π] is implied.
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τ ġi,aPitch = KO

N FS
i,front∑
j=1

xFS
j −

N FS
i,rear∑
j=1

xFS
j

 (53)

τ ġi,aRoll = KO

N FS
i,right∑
j=1

xFS
j −

N FS
i,left∑

j=1

xFS
j

 (54)

With this, beyond the appeal of MP theory highlighted in 2.3, motor skills in S are restricted to rhyth-

mic, asymmetrical, bilateral leg movement, regulated in real time by GRFs measurements. By exploiting

CPGs as a functional footprint, S1 encodes archetypal walking at a fundamental level; metaparameters

{τ, g} directly define walking velocity37 and default joint offsets, which can be updated to cope with dif-

ferent terrain slopes [André et al., 2015]. Ultimately, this approach is extensible to other forms of legged

locomotion e.g. running or hopping. Figure 11 summarizes the resulting kinematic control rules applied

to leg DoFs within the control structure in Figure 9.

2.4.3 Cloning Walking Behavior

In a practical application of what has been discussed thus far, given CPG-based walking as reference

control patterns (2.4.1), the motor skill learning procedure (2.3.3) was conducted to parametrize P, SOP

and SNAO (Figure 9) in order for the legged control formulation of the generic control strategy (Figure 11)

to accurately reproduce yCPG for a finite time duration.

To that end, a preliminary step involved empirically tuning CPG parameters {Oi,k, A
motion} in the

OP38 and the NAO until similar stable forward walking on flat terrain was achieved. A single period39 of

the underlying open-loop right leg kinematics yCPGk for allK = 6 right leg DoFs, as well as the associated

phase ϕright, was replicated with (28 - 33) resulting in fixed-length sequences yCPG ∈ RT and ϕCPG
right ∈ RT .

Reference time scaling τ CPG was estimated40 directly from walking frequency ω (45) i.e. τ CPG ≃ ω−1.

θbest was then found iteratively with BBO - in the form of CMA-ES - by minimizing J(θ, yCPG) (23 -

24). As illustrated in Figure 12, this was conducted in two separate stages; initially in the OP through 1)

expansive simultaneous parameterization of P and SOP; and subsequently in the NAO, given P, through

2) intrinsic learning of SNAO. For each candidate θ, given
{
yCPG,ϕCPG

right, τ
CPG
}
, an experimental trajectory

yθ was constructed by updating DMP state from fixed initial reference values, as described in Algorithm 1.

In its turn, P was populated a priori with P rhythmic DMPs, parametrized with a fixed set of N

homogeneous kernels41 Ψn ∈ RN according to Table 2, whose weightingW (10) was only learned during

the initial expansive learning in the OP. T = 150 (through a fixed integration step of∆t = 0.008 seconds)

and N = 10 were hand-tuned through trial-and-error to fit CPG reference trajectories. Considering the

K = 6 leg DoFs of both platforms, dimensionality was nexp = 22P in the first stage, subsequently

37Within reasonable boundaries; functional walking patterns change topologically at different velocities [Barroso, 2016].
38Available in the literature for the OP [André et al., 2016a,b, 2015; André et al., 2014; Matos & Santos, 2012, 2014].
39ϕright sweeping the full phase domain Φ i.e. linearly evolving from −π to π.
40Eliminating the need to also parametrize τ during learning, and accommodating yREF of any length.
41Fixed width and evenly spaced over phase domain Φ = [−π, π], according to (7) and (8).
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Algorithm 1 Pseudo-code describing the computation of J
(
θ, yREF

)
during optimization, with yREF =

yCPG described by CPG dynamics (28 - 33); As depicted in Figure 12, step #4 is only conducted in the
initial learning stage, with P reused in the subsequent intrinsic learning procedure through constant W0.
Disregarding masking operation in #9, complexity follows O(KT ).

1: procedure COST (θ, yREF, ϕREF, τ REF)

2:
{
Wθ,Λθ,∆θ

}
← θ

3: if Wθ ̸= W0 then ▷ Figure 12

4: Pθ ← PARAMETRIZE
(
Wθ
)

▷ ∀ p ∈ {1, 2, . . . , P}

5: Sθ ←
{
Λθ,∆θ

}
6: for each k ∈ {1, 2, . . . ,K} do
7: yθk,1 ← yREFk,1

8: for each t ∈ {2, 3, . . . , T} do
9: f(ϕREF

t )← λ∗θ
k

⊤
mPθ

(
ϕREF
t + δ∗θk

)
▷ (18)

10: ÿθk,t ←
(
τ REF

)−2
(
αy,k(βy,k(gright,k − yθk,t−1)− ẏθk,t−1) + f(ϕREF

t )
)

▷ (11)

11:
{
yθk,t, ẏ

θ
k,t

}
← UPDATE

(
yθk,t−1, ẏ

θ
k,t−1, ÿ

θ
k,t, τ

REF
)

▷ e.g. Euler method

12: Jk
(
θ, yREFk

)
←
∑T

t=1

(
yθk,t − yREFk,t

)2
13: J

(
θ, yREF

)
←
∑K

k=1 Jk(θ, y
REF
k ) ▷ (23)

14: return J
(
θ, yREF

)

decreasing to nint = 12P during the intrinsic learning stage (Figure 7 and 12). In the case of CMA-

ES, the computational complexity of each update generally follows O(n3) [Hansen et al., 2003]; as n

grows linearly with P , in order to identify a reasonable trade-off between trajectory resolution and resulting

overhead, the learning procedure in the OP was repeated 3 times for each P ∈ {1, 2, 3, 4, 5, 6}. In both
robots, all DMP transformation systems were critically damped with {αy,k, βy,k} = {25, 6.25}.

For practicality and simplicity42, CMA-ES was hand-tuned with λBBO = 50 candidates per generation

and σBBO
0 = 100 as the initial exploration level (Table 3), fixed for all P in both robots; these parameters

were intentionally overestimated43 in order foster early exploration and prevent premature convergence to

local optima. Individual basis weights wn (4) and elements in Λ were constrained to [−1000, 1000],
while ∆ was constrained to [−π, π] (15). Moreover, given the morphological similarity between both

platforms, SNAO is initialized with SOP during the second learning stage (Figure 12) for faster convergence.

Optimization results were objectively evaluated through J
(
θbest, yCPG

)
and total convergence time Iconv;

subsequently, learned DMP control patterns yDMP = yθ
best

were validated in walking trials in a simulated

environment, and the resulting gait profiled in terms of velocity, stability and energetic efficiency. For

a detailed overview of the CMA-ES algorithm, the reader is referred to Hansen [2016] and Hansen &

Ostermeier [2001]. A description of the implementation developed in this work, including convergence

criteria considered during optimization, is provided in Appendix A: Practical Implementation.

42Optimal learning performance was not the primary focus of this study; due to the multimodal nature of the parameter set,
a more careful tuning process would be required in real-world applications, guided by technical guidelines and practical rules
of thumb e.g. parameter normalization and scaling λBBO with n [Hansen, 2016; Hansen et al., 2003].

43At the cost of computational overhead and convergence time.
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Figure 12: Conceptual diagram describing the two-stage procedure employed to teach bipedal walking to
both robots; in the first, expansive learning (2.3.3) is used to populate P and SOP; in the latter, intrinsic
learning is used to transfer skill parameterization to SNAO, reusing MPs in P. In both robots, K = 6.

2.5 Results

2.5.1 Motor Skill Learning

Table 1 presents the hand-tuned CPG parameters obtained during the preliminary stage. In practice,

parameterization was sourced from previous research [André et al., 2016a,b, 2015; André et al., 2014;

Matos & Santos, 2012, 2014] and further tuned through trial-and-error to generate stable forward displace-

ment in flat terrain; the resulting CPG gait used as reference for motor skill learning was, in terms of total

distance and average velocity, similar in both robots (2.5.2). In the specific case of the OP, the simulated

model was found to be slightly asymmetrical, which caused a slight deviation to the left with each step

during the balancing motion (as illustrated in previous works [André et al., 2016b; Matos & Santos, 2014]),

proportional to Abalancing; a practical workaround was found in defining an offset of 2 degrees44 on both

roll DoFs (hRoll and aRoll). Generally, values of Amotion were higher in the NAO than in the OP, which

can be explained by different physical dimensions i.e. leg length of both robots (Appendix B: Humanoid

Platforms). Moreover, in the NAO, it was found that walking performance and stability improved when

completely disabling the rotation motion: the described CPG control patterns (2.4.1) assume indepen-

dently controlled DoFs, while the mechanical coupling between left and right hYaw in the NAO enforces

symmetrical movement. As such, Arotation = 0 in the NAO (Table 1).

Figure 13 and 14, illustrate, respectively, the CPG cloning process for different number of MPs P ∈
{1, 2, 3, 4, 5, 6}, as well as average final cost J

(
θbest, yCPG

)
and measured Variance Accounted For

(VAF) between reference and resulting DMP trajectories, across 3 repetitions; the latter, in particular,

represents an objective metric to evaluate the resulting trajectories, which - in contrast with cost - is not

dependent on the length and scale of the CPG references (23). Table 4 details both metrics, and presents

44Applied symmetrically in hRoll and aRoll in order to preserve stability i.e. OhRoll = −OaRoll = 2 (Table 1).
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Table 1: Hand-tuned CPG parameters (28 - 33);
same parameterization used in both legs;

Parameter OP NAO

α 10
ω 4.9
h π/6

Abalancing 11 -25
Aflexion

hip 20 60
Aflexion

knee 40 120
Acompass 11 22
Ayield 2 1
Arotation 10 0

OhPitch -20 -35
OhRoll 2 0
OhYaw 0 0
OkPitch 40 50
OaPitch -20 -25
OaRoll -2 0

KF 1 ·10-2 5 ·10-2
KC 5 ·10-3
KO 2.5 ·10-3

Table 2: DMP parameters employed in the generic
control strategy (2.4.2).

Parameter OP NAO

αy 25
βy 6.25
τ REF 0.19

cn n 2π
N − π (7)

hn 0.30

T 1000
N 10
P 1-6

Table 3: CMA-ES parameters employed in the mo-
tor skill learning procedure (2.4.3).

Parameter OP NAO

λBBO 50
σBBO
0 100

estimates of the error per sample êy = 1/KT × J
(
θbest, yCPG

)
in each case. In both robots, the quality

of the resulting solution - as evidenced in a lower cost and higher VAF - increased with P ; on the other

hand, the convergence time Iconv also increased significantly with more MPs, a natural result of higher

dimensionality n, which, as presented (2.4.3), varies linearly with P i.e. 22P in the OP and 12P in the

NAO; accordingly, both convergence times and initial costs were noticeably smaller in the NAO. Despite

similar trends observed in both robots, lower final costs and higher VAF values were consistently obtained

in the OP, hinting at a potential overfit of the MPs learned during the initial expansive learning stage.

Notwithstanding, accurate approximations were found in both cases when P > 1, suggesting that at least

2 MPs are required to replicate CPG patterns with the control strategy proposed in this work. In the specific

case of the OP, êy ≤0.08◦ for all P > 1 (Table 4), while this value is slightly higher in the NAO at êy ≤1◦,
measured VAF is above 0.80 for all P > 1.

In the OP, as depicted in Figure 15, P = 3 MPs were found to suffice to accurately replicate reference

CPG patterns, with a near complete overlap between reference and learned control patterns; in the case

of the NAO, however, slight deviations between both were evident (Figure 16), which decreased for higher

values of P , in accordance with measured cost and VAF values (Figure 14). Notably, due to the rotation

motion being disabled in the NAO (Table 1), the Hip Yaw DoF is fixed at neutral position.

The resulting set of P = 3 MPs is presented in Figure 17, along with learned robot-specific motor

skill S1 = {Λ,∆} composing SOP; similarly, analogous motor skills learned in the NAO with P ∈
{3, 4, 5}, integrating SNAO, are presented in Figure 18. While the shape of individual MPs is not particularly
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during skill learning (2.4.3), for P ∈ {1, 2, 3, 4, 5, 6}, in the OP

(Top) and the NAO (Bottom); final values presented in Figure 14 and Table 4.
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DMP learned trajectories yDMP and reference yCPG (Right), with P ∈ {1, 2, 3, 4, 5, 6} (Table 4), across 3
repetitions of the skill learning procedure (2.4.3); error bars illustrate measured standard deviation.
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Table 4: Average J(θbest, yCPG) and Variance Accounted For (VAF) (Figure 14), as well as estimated error
per sample êy = 1/KT × J(θbest, yCPG), across 3 repetitions of the skill learning procedure (2.4.3).

P
OP NAO

J(θbest, yCPG) êy VAF J(θbest, yCPG) êy VAF

1 976.05 ± 80.66 1.08 0.88 ± 0.02 2311.84 ± 94.54 2.57 0.71 ± 0.03
2 68.71 ± 31.46 0.08 0.99 ± 0.00 900.14 ± 236.38 1.00 0.80 ± 0.01
3 22.79 ± 7.25 0.03 1.00 ± 0.00 525.37 ± 78.23 0.58 0.82 ± 0.01
4 17.00 ± 1.83 0.02 1.00 ± 0.00 424.37 ± 100.14 0.47 0.83 ± 0.00
5 5.56 ± 0.60 0.00 1.00 ± 0.00 256.24 ± 154.61 0.29 0.83 ± 0.01
6 3.26 ± 0.97 0.00 1.00 ± 0.00 189.27 ± 5.12 0.21 0.83 ± 0.00
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Figure 15: Reconstructed DMP trajectories yDMP = yθ
best

for each of the K = 6 DoFs in the OP, with
P = 3, as well as reference CPG curves (Figure 10).
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Figure 18: Resulting motor skills S = {Λ,∆} learned in the NAO with P = {3, 4, 5}.

noteworthy - in itself an indicator of its abstract and generic nature - analysis of Λ and ∆ can provide

insights into their functional role in pattern generation; specifically, low λp
hYaw, ∀ p ∈ {1, 2, . . . , P} agree

with the null amplitude of the rotation motion (Figure 16).

2.5.2 Dynamic Walking Performance

Both original and learned locomotion were validated in short walking trials with simulated OP and NAO

robots in Gazebo [Koenig & Howard, 2004] (Figure 19); a total of 7 seconds of walking were reproduced,

with experimental data from the last 5 seconds recorded for analysis. In practice, different symmetries

were applied in order to align control patterns (Figure 10, 15 and 16) with DoF orientations in each robot;

for consistency between both robots, results are presented according to International Society of Biome-

chanics (ISB) guidelines for reporting kinematic data of the lower limbs [Wu et al., 2002]. Moreover, with

reproducibility in mind, noise seeds45 are reused in CPG and DMP walking.

Figures 20-25 provide a kinematic and dynamic profile of the hand-tuned CPG gait used as demon-

stration, namely control commands yCPGi,k and tracked state qCPGi,k
46, DoF-specific phase diagrams of qCPGi,k ,

leg-specific phase ϕi and total GRF measurements
∑

xFS
j , as well as spatial coordinates of the robot’s

CoM over time {xCoM, yCoM, zCoM}; similarly, Figures 26-31 depict analogous information for the resulting

45Influencing electrical and measurement noise during simulation.
46Control commands constituting setpoints for low-level Proportional-Integral-Derivative (PID) feedback controllers. PID pa-

rameterization in both robots provided in Appendix B: Humanoid Platforms.
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Figure 19: Snapshots of the simulated OP and NAO bipeds walking on flat ground.

DMP walking achieved with the generic legged control strategy described (2.4.2) by prescribing yDMPi,k to

each leg DoF, as parametrized with the motor skill learning procedure (2.4.3).

In all trials, prescribed trajectories were accurately tracked, leading to stable behavior in all DoFs, as

is demonstrated through the closed loops in the phase diagrams in Figure 22-23 and Figure 28-29. The

resulting displacement of the robot occurred mostly in the frontal direction, with alternating left/right foot

strikes, visually correlated with an increase in total GRF i.e. each strike led to a noted peak in measured

force. On the other hand, as can be seen in Figure 25 and 31, the effect of the force-based feedback

mechanism (2.4.1) was more prevalent in the NAO, despite both robots recording similar GRF ranges

throughout the trials. In the specific case of DMP walking in the NAO, transient instability was observed

between t = 4 and t = 5 seconds (Figure 31), evidenced in higher GRF peaks and irregularity in CoM

position; in the remainder of the experiment, CoM movement was shown to be regular and periodic.

Table 5 presents objective metrics comparing hand-tuned CPG and learned DMP locomotion in each

robot, including distance traveled (i.e. total forward displacement), average and maximum walking velocity,

total energy expenditure, gait duty factor and practical estimation of the Froude number:

Fr =
v̄2

gL
(55)

based on the average walking velocity v̄, as estimated at the robot’s CoM, with L the robot’s leg length;

as well as the effective CoT or the duration of the walking trial:

CoT =
P̄

mgv̄
(56)
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Figure 20: DoF position control commands yCPGk (Figure 10) and resulting state qCPGk values in the OP
during CPG walking on flat ground. Each DoF is presented according to ISB joint coordinate systems.
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Figure 21: DoF position control commands yCPGk (Figure 10) and resulting state qCPGk values in the NAO
during CPG walking on flat ground. Each DoF is presented according to ISB joint coordinate systems. Hip
Yaw is omitted due to being fixed at 0◦ (Figure 16).
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Figure 22: Phase diagrams of leg DoFs in the OP
recorded during CPG walking on flat ground.
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Figure 23: Phase diagrams of leg DoFs in the NAO
recorded during CPG walking on flat ground. Hip
Yaw is omitted due to being fixed at 0◦ (Figure 16).
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Figure 26: DoF position control commands yDMPk (Figure 15) and resulting state qDMPk in the OP values
during DMP walking on flat ground. Each DoF is presented according to ISB joint coordinate systems.
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Figure 27: DoF position control commands yDMPk (Figure 16) and resulting state qDMPk in the OP values
during DMP walking on flat ground. Each DoF is presented according to ISB joint coordinate systems. Hip
Yaw is omitted due to being fixed at 0◦ (Figure 16).
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Figure 28: Phase diagrams of leg DoFs in the OP
recorded during DMP walking on flat ground.
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Figure 29: Phase diagrams of leg DoFs in the NAO
recorded during DMP walking on flat ground. Hip
Yaw is omitted due to being fixed at 0◦ (Figure 16).
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Figure 30: Leg Phase ϕi and total GRF measured
∑

xFS
j (Left), as well as CoM position

{xCoM, yCoM, zCoM} and foot strike locations (Right) in the OP during DMP walking on flat ground.
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Figure 31: Leg Phaseϕi and total GRFmeasured
∑

xFS
j (Left), as well as CoM position {xCoM, yCoM, zCoM}

and foot strike locations (Right) in the NAO during DMP walking on flat ground.

Table 5: Gait metrics obtained during CPG and DMP simulated walking with both robots.

OP NAO

CPG DMP +/- (%) CPG DMP +/- (%)

Distance (m) 0.675 0.655 -2.97 0.658 0.647 -1.58
Avg. Velocity (m/s) 0.115 0.115 +0.20 0.101 0.105 +3.49
Total Energy Expenditure (J) 102.234 94.002 -8.05 223.168 272.366 +22.05
Average Power (P) 20.537 18.910 -7.92 44.678 54.648 +22.31
Cost of Transport 5.327 5.048 -5.24 6.310 7.825 +24.01
Froude Number 0.006 0.006 +0.41 0.004 0.005 +7.10
Double Support (%) 25 21 -16.00 13 15 +15.38
Single Support (%) 75 79 +5.33 87 85 -2.30
Duty Factor 0.613 0.605 -1.30 0.558 0.565 +1.30

Average (Abs.) 4.76 9.97
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where P̄ is the average power over the walking trial, and m the robot’s total weight. Per convention, g

denotes the gravitational acceleration in both (55) and (56). Documented values of m and L for the OP

and the NAO are provided in Appendix B: Humanoid Platforms.

Overall, both robots traveled roughly 0.65-0.67 meters at velocities of approximately 0.10-0.12 meters

per second, exhibiting duty factors between 0.56 and 0.61, in line with the characteristic values in human

locomotion [Matos & Santos, 2014]; however, walking in the NAO had a noticeably higher energetic footprint

than in the OP. On one hand, this was to be expected as the former is a larger and heavier robot, and

higher amplitude in control trajectories (Figure 16) imply higher torques; on the other, CoT values were

relatively high in both robots, particularly when compared to reported values in the literature for bipedal

platforms [Ijspeert, 2014; Mikolajczyk et al., 2022; Seok et al., 2015], highlighting the significant energetic

cost of the resulting gait. In all trials, Froude number values were very low, which is in agreement with the

slow locomotion velocities exhibited by both robots.

Regarding the quality of replicating the original CPG patterns with the generic control strategy, on

average, locomotion in the NAO exhibited higher variation between CPG and DMP locomotion, notably

a 22% increase in energetic consumption and average power and 24% in CoT, along with a decrease in

distance traveled and maximum velocity; this was, to an extent, expected when taking into the account the

lower-quality approximations obtained during the skill learning procedure, and transient instability depicted

in Figure 31. By contrast, DMP walking in the OP was closer to the original hand-tuned CPG approach,

registering the same average velocity (0.115 m/s) and very similar displacement (0.675 vs 0.655 m), with

a decrease of 7-8 % in energetic consumption. Globally, gait metrics varied an average of 4.76% in the OP

and 9.97% in the NAO.

2.6 Discussion

The practical application of the generic control strategy (2.3) to the legged control of multiple humanoid

robots, specifically within the context of bipedal walking on flat terrain (2.4), demonstrated how a shared

task- and platform-agnostic MP library can encode a sufficiently rich motor repertoire to replicate, with

reduced complexity, dynamic and high-dimensional motor skills with considerable success and accuracy;

the results achieved, both during skill learning and subsequent reproduction of learned behaviors in a

simulated environment, attest to the flexibility and general appeal of MP-based control while highlighting

the valuable role of MPs can have in the simplification and dimensionality reduction of motor generation

and control in robotics.

The hand-tuned (Table 1) closed-loop CPG control patterns used as reference in motor skill learning

(2.4.3), illustrated in Figures 20-25, were found to be regular, periodic, and efficiently tracked by low-level

linear feedback (PID) control in both simulated robot models; however, as this process prioritized stability

over performance, the resulting walking velocity was low, directly contributing to low Fr and high47 CoT

values i.e. slow, quasi-static and inefficient locomotion (Table 5); moreover, CoM path is tied to robot

47CoT around 5-5.3 for the OP and 6.3-7.8 in the NAO (Table 5) imply more than 5 times the gravitational energy required
to move an object of similar mass over the same distance.
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morphology and dimensions; in the case of the NAO, it can be seen that a more angular trajectory was

obtained, albeit still periodic, with a slight deviation to the left (Figure 25), which may suggest excessive

acceleration during stepping motions. Notwithstanding, it should be noted the primary goal was obtaining

similar functional control trajectories in both robots, and not in achieving highly-performant gait; to that

end, a more comprehensive preliminary tuning process is warranted, potentially leveraging automated ML

techniques that integrate walking trials and optimize velocity and dynamic stability metrics, and achieving

Fr values characteristic of dynamic walking i.e. 0.2 ⪆ Fr ⪅ 0.5 [Alexander, 1991; Mikolajczyk et al.,

2022]. Conversely, this discussion focuses on how well reference walking patterns are mimicked by the

implemented MP control, rather than objective walking performance. As noted in 2.4.1, the CPG walking

approach has been validated in previous works [André et al., 2015; Matos & Santos, 2014]. Ultimately,

learned gait can provide a marginally stable behavior baseline for subsequent real-time tuning strategies.

The results of the motor skill learning procedure (2.5.1) show that the MP-based control strategy (2.3)

was able to accurately replicate the reference CPG walking patterns under different configurations, namely

with different sizes of primitive library P, in both the OP and the NAO. Moreover, as anticipated, in the

second learning stage - involving intrinsic parameterization of SNAO - solutions were found significantly

faster (Figure 13), below 300 k generations for all P , in contrast to roughly 100 k to 2 M in the initial

learning stage of P and SOP. Generally, convergence time increased with P , which was, to an extent,

expected: in the specific case of CMA-ES, convergence has been empirically estimated to be reached in

approximatelyO(n logn) generations [Hansen et al., 2003; Hansen & Ostermeier, 2001]. This does not,

however, accurately describe the actual increase in computational effort with P , which follows O(n3)48

and therefore has a greater impact than illustrated. In addition, initial cost values were also observed to be

greatly reduced in the NAO, explained by both the decreased dimensionality of the optimization problem

(n = 12P = 36) and by the initialization the motor skill SNAO to previously learned SOP. This highlights

the appeal of acquiring new motor skills through intrinsic learning, which is facilitated the larger and more

diverse P is; MP-based control thus gains additional relevance under a Lifelong Learning paradigm, as

exploring new behaviors becomes incrementally more efficient.

Similarly, the quality of the resulting approximation, as objectively quantified by a lower final cost

J(θbest, yCPG), also increased with P (Figure 14); while the optimization cost is dependent on reference

scale and length T , and thus may not convey what exactly represents an accurate reproduction of yCPG, a

similar trend was observed in the VAF between CPG and DMP trajectories i.e. higher values implying a better

approximation. This aligns with the underlying formulation (2.3.2), illustrating that a larger P encodes

greater motor variability and therefore provides greater flexibility when combining multiple MPs to match

reference patterns. In the OP, a total of P = 3 MPs were sufficient to accurately replicate the reference

motions, as illustrated in Figure 15. On the other hand, for all values of P , final cost J(θbest, yCPG) and

trajectory VAF values were noticeably worse in the NAO than in the OP (Figure 14). Beyond unavoidable

platform specificities that may cause the a priori solution SOP to guide optimization towards suboptimal

parameterization and/or premature convergence - unlikely when considering the morphological similarity

between both platforms, but which could be escaped by increasing CMA-ES parameters λBBO and σBBO
0

48Globally, optimization is expected to follow O(n4 logn).
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(Table 2) - this trend suggests that P may have been overfit to the OP robot and consequently was not

comprised of completely platform-invariant elemental MPs; in order to circumvent this phenomenon and

ensure the general nature of the learned MPs, an alternative skill learning approach would be to perform

compound one-shot optimization of P, SOP and SNAO:

J⋆
(
θ, yCPGOP , yCPGNAO

)
= J

(
θ, yCPGOP

)
+ J

(
θ, yCPGNAO

)
(57)

where yCPGOP and yCPGNAO denote CPG reference trajectories for the the OP and the NAO respectively; by

combining both previously learning steps intro a single optimization problem, dimensionality increases

to n = 22P + 12P = 32P . A similar alternative would be, during the initial expansive learning of P,

generating or recording a distinct set of D reference trajectories:

J⋆
(
θ, yCPG1 , yCPG2 , . . . , yCPGD

)
=

D∑
d=1

J
(
θ, yCPGd

)
(58)

which would preserve the lower dimensionality of intrinsic learning in the NAO, albeit, much like the pre-

vious solution, at the cost of a less straightforward initial learning stage; one other approach entails the

regularization of f p through extrinsic parameters W (2.3.2), in an effort to better isolate the platform-

invariant MPs from platform-specific parameterization:

J⋆
(
θ, yCPGOP

)
= α1J

(
θ, yCPGOP

)
+ α2 (∥W∥2)2 (59)

which would require, as previously discussed (2.3.3), careful tuning of α1 and α2. Lastly, constrainingW

to a normalized range e.g. [−1, 1] would also ensure it remains scale-invariant across different platforms.
Notwithstanding, despite localized deviations, the resulting DMP trajectories in the NAO still constituted

reasonably accurate reproductions of the CPG demonstrations for P > 2, as can be seen in Figure 16

in the case of P ∈ {3, 4, 5}. Conversely, while in the case of P = 2, a value of êy = 1◦ per sam-

ple (Table 4) may be acceptable under specific contexts or tasks requirements, establishing a functional

threshold solely from the results of the the learning procedure is not straightforward, as it is not clear to

what degree the stability and performance of the resulting gait will be impacted.

Generally, from what is presented in Figure 14 and Table 4, it can be concluded that a single MP

was unable to accurately describe the reference patterns; this is in line with the CPG formulation (2.4.1),

which employs a pair of distinct RBFs (26 - 27) as basic building blocks underneath leg control patterns.

On the other hand, during the initial expansive learning stage, effective dimensionality reduction occurs

if P ≤ 2 (2.3.2). While trajectories combining only P = 2 MPs achieved both high VAF = 0.99 and

negligible êy = 0.08◦ in the OP, the higher costs and lower VAF obtained in the NAO advocate for the use

of more MPs, even if at the cost of motor redundancy; a practical compromise between dimensionality,

generality and accuracy in both robots was found at P = 3. In fact, as evident in the motor skills learned

in the NAO (Figure 18), for P = 4, f 1 had generally lower gains than the remaining MPs; in a similar

fashion, for P = 5, this was observed in f 1 and f 5, reinforcing the notion that P = 3 MPs suffice to fully
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represent yCPG, even moreso when considering there is no rotation motion in the NAO (Table 1) and only 5

DoF require non-null control commands. Overall, with P = 3, not only is the difference in dimensionality

marginal when compared to the conventional strategy of DoF-specific MPs (22P = 66 in the OP and

12P = 36 in the NAO in contrast with KN = 60), it is also understood that expansive learning is not

frequently required if P provides a sufficiently diverse behavior range, in line with the previous remarks

about continually growing motor libraries in L2 systems. Lastly, P = 3 aligns with the general remarks

from Hogan & Sternad [2013] regarding the primitive structure of biological walking.

Regarding the performance of the resulting gait, the MP control strategy was able to reproduce, to a

considerable extent, the reference CPG walking in both robots. Globally, a very high degree of similarity

was achieved in the OP, with selected gait metrics deviating less than 5% in magnitude between CPG and

DMP walking (Table 5). In contrast, the DMP reproduction in the NAO exhibited some degree of instability

during locomotion, characterized by a slightly erratic CoM path with increased vertical displacement49,

higher GRF and in-place stepping (Figure 31); as prescribed motions yDMPk are still consistently tracked

throughout the walking trial (Figure 27), this is possibly a result of the suboptimal approximation obtained

in the learning stage, exacerbated by inertial and gravitational forces acting upon the NAO. The lack of the

rotation motion may have also played a role in this behavior, as its main purpose is shifting the swinging

foot forward, stabilizing CoM vertical movement and contributing to an increase in step length [Matos &

Santos, 2014]. Additionally, considering the significant difference in robot weight (2.9 vs 5.3 Kg), similar

ranges of
∑

xFS
j in both robots (Figures 24-25 and 30-31) were not expected, but can be explained by

model inaccuracies i.e. force sensors may be positioned or distributed differently in each robot50, implying

a practical need for retuningKC,KF andKO (2.4.2) in real world applications; in practice, the higherKC

value used in the NAO (Table 1) leads to a visible impact of ground contacts in phase ϕi.

DMP walking in the NAO reported an above 20% increase in energetic consumption and estimated

CoT when compared to reference CPG walking (Table 5). Nevertheless, regular forward displacement was

still evident, with only a small decrease in total distance traveled and similar increases in average velocity

and duty factor values over the whole duration of walking trial; on average, gait metrics exhibited 9.97%

variation from reference CPG walking, objectively representing over 90% similarity with reference gait. From

all that was discussed in this section, this increase is seen not as a result of the proposed control approach

but rather on the conservative approach followed during the preliminary tuning stage; instead, it can be

concluded that, using measured variations of <10% in both robots as a KPI, the generic MP strategy

was able to accurately imitate CPG locomotion in multiple humanoid platforms. Conceptually, the results

obtained allow formulating a concrete answer to RQ1: structuring leg control on top of a general task- and

platform-agnostic primitive library and employing IL techniques to imitate bipedal walking demonstrations

allows the accomplishment of functional locomotion in different humanoid platforms.

49Also influenced by the increased dimensions of the NAO and Amotion (Table 1), when compared to the OP.
50Force-Sensing Resistors (FSR) were added the feet of the sensorless simulation model of the NAO used in this work.
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2.7 Conclusion

This chapter describes a generic open-loop control strategy exploiting the notion of Motor Primitives

(MPs) to simplify and generalize motor generation and skill acquisition. Extending previous research, DMP

systems are used to encode stable attractor dynamics that prescribe open-loop commands to multiple

DoFs, modulated by a combination of generic and abstract MPs providing flexibility in motor generation,

and taking advantage of the several appealing features of the DMP framework. Conceptually, a general

task- and platform-agnostic behavior library is defined containing all general-purpose primitive elements,

with platform-specific motor skill libraries encoding movement policies by scaling and phase-shifting indi-

vidual MPs in each available DoF. Beyond the 1) general and abstract nature of the MP library, making it

implicitly generalizable, this structure/approach 1) simplifies skill acquisition and refinement by reducing

the dimensionality of motor skills; 2) does not impose any control modality i.e. position or torque control,

task or joint-space; 3) is not tied down to the actual dynamics i.e. fits most DMP extensions and discrete

and rhythmic variants; 4) discards the need for detailed whole-body kinematic and dynamic models, allow-

ing modular usage e.g. for each limb in humanoids; and 5) accommodates for a number of closed-loop

control mechanisms, as well contextual skill definition in behavior generalization.

As a practical demonstration of the proposed approach, this control structure was applied to the legged

control of two humanoid robots, the Robotis OP 1 and the SoftBank Robotics NAO V5, within the context of

bipedal locomotion, whereby functional walking patterns generated with a previously validated bioinspired

approach based on Central Pattern Generators (CPGs) are taught to both robots in a multi-level IL/Behavior

Cloning (BC) procedure, illustrating the flexibility of the control structure in a learning scenario, and the

simplicity of acquiring and refining motor skills. Not only was skill learning straightforward in both robots,

walking motions were successfully reproduced by both in a simulation environment, with selected gait

metrics exhibiting over 90% similarity when compared to the original gait.

The results achieved demonstrate how generic bioinspired MP-based control, exploiting non-linear

dynamical systems for motor generation, can effectively be used to imitate complex, highly-dynamic and

high-dimensional behaviors such as walking in multiple platforms, providing an objective answer to RQ1;

moreover, its generic nature - without any task-specific information integrated a priori into the control

structure or planning stage - allows application in a myriad of robotic problems and aligns with the remarks

by Sutton [2019] on leveraging learning over task-oriented design of artificial systems. Overall, it reinforces

the appeal of primitive theory in the simplification of complex phenomena, namely articulated robotic

control, and exhibits multiple traits of Lifelong Learning (L2) systems, such as transfer and adaptation of

behaviors, exploiting task similarity, noise tolerance and resource efficiency (1.1) [Kudithipudi et al., 2022],

in addition of the open-ended nature of both primitive and skill libraries, understood to grow incrementally

as the agent explores new behaviors.

Within the context of this thesis, Objectives O1, relating to learning MP combinations from demonstra-

tions, and O3, about generalizing locomotion to different robots with ML, were accomplished; in addition,

achieving O2 was advanced with the introduction of a task- and platform-agnostic MP library in P. Ex-

tending existing research, the main contributions of this study consist of a MP-based controller employing
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a generic motor library, validated in a high-dimensional and dynamic task such as 3D walking, and a

practical method for learning functional bipedal walking by imitation.

On the other hand, this work did not address the generalization of goal states for each MP, which would

be useful, for instance, when sequencing different primitives [Kulvicius et al., 2012; Pastor et al., 2009;

Stulp et al., 2012]; along the same lines, reusing the same MP with different scales and phase shifts is

not accounted for by the current strategy51. Moreover, throughout this work the number of primitives P ′

employed in a motor skill is treated as an input parameter of the learning procedure; an automated way

to find this value can even further streamline skill learning and acquisition.

In the short-term, 1) a more comprehensive cross-validation study is needed, involving a larger num-

ber of - ideally real - platforms and different locomotion modalities e.g. terrains and velocities; there is

also practical appeal in 2) employing RL to autonomously update motor skills and MPs in real time, by

exploring the available action space, while potentially informed by perceptual input; 3) selecting and/or

formulating motor skills as a function of a general contextual descriptor T can provide greater flexibility

in behavior generalization i.e. empirically estimating a generalization function G : T → [S, τ, y0, g] with
e.g. contextual RL or GPR. 4) extending motor skills to S = {Λ,∆, T,m}, where T defines e.g. individual
time scales for each MP in the combination, analogous to τ ; lastly, at a higher level, the design of 5) a

hierarchical decision tree to objectively identify in real-time, and when faced with suboptimal performance

or perceptual stimuli, when to employ different learning modalities i.e. expansive, intrinsic, extrinsic or

sequential (2.4.3), would greatly complement the proposed approach.

51In practice, this can be accomplished by adding duplicate entries within P which, from an engineering perspective can be
simplified with symbolic representations.

59



Chapter 3
Dynamical Perceptual Memory Model

In this chapter, the role of perceptual information in robotic control beyond low-level dynamical feedback

mechanisms and complex vision-based solutions is discussed, and its relevance in contextual identification

is presented as an attractive feature on the path to autonomous Lifelong Learning (L2) robotic agents.

A novel data-driven perceptual memory model based on dynamical systems is developed by repurposing

some of the key concepts discussed in Chapter 2, framed within the general paradigm of high-level cognitive

modeling. The proposed model is validated in an experimental dataset constructed from walking trials

with healthy human subjects, through the identification of gait context (velocity and terrain slope) and the

detection of slip-like disturbances; additionally, the presence of Perceptual Primitives (PPs) in recorded

data is explored as a dimensionality reduction strategy, and incorporated into the model.

The accomplishment of objective O2 is completed, and objectives O1, O4 and O5 (1.1) are achieved.

An accuracy of ≥80% in context identification, as well as ≥20% dimensionality reduction with PPs, are

established as Key Performance Indicators (KPIs) of the proposed methods in a gait monitoring scenario.

3.1 Introduction

As presented in previous chapters, robotic control in the real world presents a challenging task, no less

complex when considering the great number of variables at play in the interaction between a robot and

its surroundings; the complexity inherent to interacting with the real world presents a sizeable hurdle to

overcome on the path towards true robotic adaptation and, in practice, the robustness of any autonomous

system is greatly influenced not only by its ability to handle unforeseen perturbations and disturbances to

its function - regardless of cause or origin, particularly in dynamic environments - but also by how effectively

it can leverage high-level cognitive and reasoning processes to enhance its performance over time [Pastor

et al., 2012; Rückert et al., 2013; Tenorth & Beetz, 2009]

Contrary to humans, which are particularly skilled at learning from observation, fine-tuning learned

behaviors with further interactions, anticipating how each action impacts their surroundings and applying

corrections in real-time, for robots to actively employ perceptual information in such ways parameterization

can prove to be complex and time-consuming [Pastor et al., 2011a; Rothfuss et al., 2018; Rückert et al.,
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2013]. In nature, perception plays a crucial role in Imitation Learning (IL) [Schaal, 1999], not only as it

provides the bases through which organisms observe and model their environment, but also by guiding

exploration of new behaviors through priming sensorial inputs. Nevertheless, one crucial challenge in

cognitive robotics is formulating general and straightforward mechanisms for encoding, storing and repur-

posing spatiotemporal features from perception [Rothfuss et al., 2018]. Despite the longstanding academic

interest in bioinspired robotic control strategies [Ijspeert, 2014], high-level sensory architectures are rarely

employed by robotic platforms and automated systems for robust adaptability and generality; instead, per-

ceptual information is often restricted to localized low-level feedback mechanisms with varying relevance

in the global planning stage, such as phase regulation mechanisms in rhythmic controllers [Matos & San-

tos, 2014; Žabkar & Leonardis, 2016], motion capture and vision systems [Ijspeert et al., 2003; Kragic

& Christensen, 2003; Rozo et al., 2016] or force sensors [Hsiao et al., 2010; Li et al., 2018], among

others, that use sensor information in a transient fashion, and thus overlook valuable insights about the

stereotypical nature of perceptual patterns. Dated methods relying on particle filters [Plagemann et al.,

2006] and Neural Networks (NNs) [Christensen et al., 2008; Dev Anand et al., 2012] are focused first

and foremost in failure detection; to add to their inherent complexity, these lack generality and are heavily

oriented towards industrial robots and environments. In the case of robotic manipulation, integrating high-

dimensional sensor data (e.g. vision) into control is often complex and challenging [Levine et al., 2018];

modern solutions employing Deep Neural Networks (DNNs) to achieve end-to-end training by building com-

plex mappings from raw sensor data to motor commands [Bahl et al., 2020; Levine et al., 2016, 2018],

not only disregard or camouflage higher-level cognitive structures, but are still computationally greedy or

heavily dependent on simulation, which limits their applicability to real robotic platforms [Chatzilygeroudis

et al., 2020; Guan et al., 2021; Sünderhauf et al., 2018; Vernon, 2022], particularly when taking into

account demanding performance requirements of real-time control loops [Lenz et al., 2015].

At a higher level, while general semantic knowledge frameworks have been a longstanding goal pur-

sued by AI researchers, illustrated in projects such as Cyc [Lenat, 1995; Matuszek et al., 2006], applying

such tools to robotic problems and platforms was, for a long time, not a trivial task, due to a notable

lack of symbolic grounding i.e. purely ontology1-based frameworks were generally too high-level and con-

ceptually abstract to be directly and/or efficiently applied in the physical, task-specific contexts in which

robots operate [Tenorth & Beetz, 2009]. Despite advances on high-level cognitive architectures over the

last decades [Kotseruba & Tsotsos, 2018; Vernon, 2022], particularly in the form of data-driven emergent

frameworks [Beetz et al., 2010; Byrne, 2015; Crawford et al., 2016; Rothfuss et al., 2018; Sun, 2007;

Verschure & Althaus, 2003; Yang et al., 2022], modern solutions are still oriented towards high-level se-

mantics, tailored to specific tasks and environments, or otherwise primed for specific sensor modalities

(e.g. vision) [Qiao et al., 2022]; moreover, episodic recall of past experiences, lifelong incremental learn-

ing of existing knowledge databases, and simplification strategies such as Perceptual Primitives (PPs), are

generally overlooked [Kotseruba & Tsotsos, 2018; Vernon, 2022]. Conversely, when pursuing reactive and

versatile robot movement, robust learning and generalization can benefit from grounded associations of

motor skills with perceptual patterns, mirroring human cognition [Guan et al., 2021; Pastor et al., 2012].

1Structured knowledge database, emphasizing relationships between concepts [Guan et al., 2021; Il Hong Suh et al., 2007].

61



CHAPTER 3. DYNAMICAL PERCEPTUAL MEMORY MODEL

To that end, as suggested by Rothfuss et al. [2018] and Guan et al. [2021], a compact, straightforward and

generalizable computational model based on active (data-driven) perception, able to archive and accurately

recall experienced patterns, is needed in the context of adaptive robot motor control. Notwithstanding, from

a bioinspired perspective, while neurological research and cognitive science have shown that hierarchical

models are better suited to represent human memory models, emergent cognitive architectures and roboti-

cists mostly focus on dynamical systems [Vernon, 2022; Žabkar & Leonardis, 2016], which prompts the

following Research Question (RQ):

RQ2: How can dynamical systems encode stereotypical episodic information associated

with different perceptual contexts, while accounting for primitive elements?

Accordingly, herein an alternative memory model is proposed that 1) exploits dynamical systems as

an underlying time-invariant representation of stereotypical and amodal (i.e. sensor-agnostic) data record-

ings; 2) explores the existence of primitive structures in perceptual patterns i.e. Perceptual Primitives (PPs);

and 3) proposes a set of practical algorithms for real-time classification of transient sensor input. Focus-

ing on stable and perturbed human locomotion, and using motion capture as perceptual input, episodic

perceptual memories of different walking modalities (velocities and terrain slopes) are constructed with

the learning strategy described in Chapter 2 (2.3.3), and practical algorithms are designed to exploit the

perceptual database for context identification and perturbation detection; performance is evaluated with

measured detection sensitivity, specificity and accuracy, as well as detection time of non-stereotypical

or perturbed gait. Objectives O1, O4 and O5 are effectively achieved, and by repurposing the control

structure introduced in Chapter 2, O2 is completed. From a scientific perspective, this work contributes

with a 1) generic episodic perceptual model and practical 2) context identification and tracking algorithms

validated in human walking.

This chapter is organized as follows: Section 3.2 provides an overview of the relevant concepts dis-

cussed and built upon in this work, focusing on biological insights in human cognition and practical,

bioinspired engineering applications. The perceptual memory model is formalized in Section 3.3, in-

formed by probability theory and derived from the popular DMP framework; the parallels with the control

strategy introduced in the previous chapter are discussed, both regarding reduced dimensionality, shared

information through PPs and memory learning procedure. Section 3.4 describes the methodology used

to validate the proposed perceptual model, in the particular case of context identification and slip detec-

tion in human healthy gait, including the construction of the experimental dataset and preliminary signal

processing steps. Experimental results are presented in Section 3.5, followed by an in-depth discussion

about their significance in Section 3.6. Lastly, Section 3.7 summarily reviews the theoretical and practical

approaches followed in this work; general conclusions, in conjunction with experimental guidelines for

practical implementation are extrapolated, identifying appealing research to pursue in the short term.
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3.2 Background

3.2.1 Paradigms of Human Memory

Memory plays a vital role in many cognitive processes e.g. learning, decision making and problem

solving, allowing humans to archive, catalog and recover information [Squire, 1994; Sridhar et al., 2023].

Neuroscience generally classifies memory as either long-term, relating to structured knowledge stored for

extended periods of time; and short-term2, describing immediate or transient information gathered during

an ongoing cognitive process [Kotseruba & Tsotsos, 2018; Rothfuss et al., 2018]; beyond this catego-

rization, from a multi-level perspective of human cognition, long-term memory is also viewed as either

declarative or non-declarative: the first is inherently associative and requires conscious recall, being re-

lated to higher-level cognitive function (e.g. hippocampus or prefrontal cortexes) and generally divided into

semantic (abstract and generalized knowledge, not necessarily grounded in perception) and episodic (past

experiences associated with specific spatiotemporal contexts) [Hasselmo, 2011; Kumar, 2021; Ranganath,

2024; Tulving, 1984]3; in contrast, non-declarative or implicitmemory deals with lower-level instinctual be-

havior, including procedural memory4, perceptual priming, motor reflexes - such as observed in locomotion

(2.2.1) - and conditioned responses, being usually associated with activity in motor centers (e.g. basal gan-

glia and cerebellum) and relying heavily on proprioceptive elements [Knowlton & Schorn, 2024; Squire,

1994]. These elements constitute low-level schemas encoding how specific actions and/or events feel to

an individual, providing sensory feedback and spatial awareness. Humans, as well as most vertebrates,

continuously construct and update proprioceptive memories from each interaction with the environment,

which play a crucial role in movement and behavior generalization at all levels; these structures retain

not only information about sensor patterns (e.g. receptors in skin, muscle, joints), but also their motor

counterparts (e.g. limb and joint positions), informing motor control by anticipating how each action im-

pacts their surroundings and applying corrections in real time [Pastor et al., 2011a]. Incidentally, scientific

research has shown that specific areas of the primate brain are simultaneously active during perception

and action, suggesting a deep connection between both [Schaal, 1999; Sridhar et al., 2023]. This is

also evidenced in heightened activity in both the motor and, most notably, sensory cortexes while reading

movement-related words [Kumar, 2021]. Moreover, this phenomenon has been observed whether the

underlying motion is simple (e.g. reaching and grabbing) or highly complex (e.g. walking, riding a bicycle,

juggling objects) [Žabkar & Leonardis, 2016].

In practice, proprioceptive information facilitates grounding of high-level declarative memories, partic-

ularly movement-related episodic experiences e.g. dancing, sports, or playing an instrument, integrating

contextual sensorimotor patterns into higher-level cognitive structures [Hasselmo, 2011; Tenorth & Beetz,

2009]; such associations lead to richer and multidimensional episodic memories, through which individ-

uals are able to 1) predict outcome of current experiences and actions; 2) extrapolate general knowledge

2Also referred to as working memory [Rothfuss et al., 2018].
3Coloquially, semantic memory encodes what you know and episodic memory what you remember [Nuxoll & Laird, 2007].
4Action-centric representations of learned motor and cognitive skills e.g. sequence of MPs (Chapter 2, 2.2.4).
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from past experiences; and exploit it to 3) modulate and enhance current behaviors [Rothfuss et al., 2018].

Furthermore, memory is deeply tied to learning, and thus an essential component of L2 cognitive

architectures [Kotseruba & Tsotsos, 2018; Kudithipudi et al., 2022]. Memory formation is a complex

process from a neurological, physiological and psychological lens, involving synaptic plasticity through

Hebbian mechanisms [Kumar, 2021; Sridhar et al., 2023]; while there are still unknowns as to what

exactly is happening behind the scenes, research has identified two particular stages to memory creation:

1) fast, real-time construction of short-term working memories, often grounded on sensor input, and 2)

posterior consolidation, carried out during rest periods e.g. sleep, where these memories are incorporated

and/or translated into higher-level long-term representations [Sridhar et al., 2023; Stickgold, 2005; Wolpert

et al., 2011; Žabkar & Leonardis, 2016].

3.2.2 Skill Memories and Perceptual Primitives

In the particular case of learned motor skills, an overlap between episodic and implicit - procedural

and proprioceptive - memory has been hypothesized [Nadel, 1994; Willingham, 1998; Žabkar & Leonardis,

2016], to the point that such skill memories are intrinsically linked to motor-centric representations simul-

taneously grounded on proprioceptive information [Knowlton & Schorn, 2024; Willingham, 1998]. This

interplay between conscious empirical recollection and unconscious muscle memory is built upon stereo-

typical - i.e. recurring in a consistent pattern - sensorimotor patterns in repeated execution of motor skills.

Moreover, although repeated execution - i.e. training - tends to reduce variability in movement [Schmidt

et al., 2018], these patterns remain inherently stochastic, with human movement exhibiting natural vari-

ability — a characteristic that has been linked to more efficient motion generation and skill learning mech-

anisms [Rückert et al., 2013]. Notably, stereotypical behavior represents one of the hallmark features of

MP-based control [Pastor et al., 2013, 2012, 2011b].

The pervasiveness of proprioceptive information across different levels of memory formation and skill

learning illustrates not only the intertwined nature of perception and action, but also the significance of

perception in high-level cognitive processes. Along these lines, just as motor skills have been shown to

rely on foundational Motor Primitives (Chapter 2, 2.2.4), perception has been suggested to be structured

around Perceptual Primitives (PPs) i.e. low-level elemental units of sensory information that, like MPs,

compose low-dimensional components of intricate, complex perceptual patterns [Aslin & Smith, 1988;

Frégnac & Bathellier, 2015; Mausfeld, 2003; Palmer, 2015]. While research in this particular subject is,

by and large, focused on visual perception [Chen, 1982, 2005; Mayeli, 2019] in the scope of object and

shape recognition5 [Forsyth et al., 1997; Hock, 2015; Kaiser et al., 2019], the underlying idea has been

extended to auditory and haptic/somatosensory primitives [Klatzky & Reed, 2016; Poeppel & Idsardi, 2011;

Stiles & Shimojo, 2015a], as well as linguistics [Endress et al., 2007, 2009]. Conversely, studies on facial

recognition [Curby & Teichmann, 2022; Gauthier et al., 2003] and speech comprehension [Chakrabarty

& Elhilali, 2019] support an alternative holistic view of human perception, built on the Gestalt premise of

the whole is more than the sum of its parts, that fundamentally challenges a modular and compositional

5Often through the use of topological or geometric primitives e.g. spherical and cubic shapes.
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organization [de-Wit & Wagemans, 2015] and questions how and where - if at all - PPs emerge, suggesting

instead both paradigms to be relevant in the big picture of perceptual cognition, possibility on a task-

specific basis. Notwithstanding, PPs have been exploited by engineers in computer vision and image

processing [Higgins et al., 2018; Huang et al., 2009, 2010; Irani & Ware, 2003; Kaiser et al., 2019;

Shams & von der Malsburg, 2002; Zhang et al., 2013; Zlatoff et al., 2008], speech recognition [Deverin

et al., 2024; Varnet et al., 2015] and robotics6 [Coelho et al., 2001; Grotz et al., 2017; Pugeault et al.,

2010]. In addition, the idea of crossmodal plasticity, supported by scientific evidence of auditory and

tactile information being processed by the visual cortex in vision-impaired individuals, suggests that the

brain blends available sensory inputs into a single representation [Spence, 2015; Stiles & Shimojo, 2015a]

and highlights the appeal of sensor-agnostic models of perception, able to deal with heterogeneous or

multimodal perceptual systems coherently, as explored, for instance, in Ruesch et al. [2008].

Despite the lack of - to date - a comprehensive theory on human perception [Cahen & Tacca, 2013],

from the perspective of artificial cognitive architectures mimicking human memory [Kotseruba & Tsotsos,

2018], these insights can be exploited for the development of bioinspired memory models that archive

and process information in a compact and, most notably, associative way i.e. coupling perception and

action at different levels, from abstract semantic relationships to low-level raw measurements and motor

commands. This notion of Associative Skill Memories (ASMs) [Pastor et al., 2013] relies on the stochastic

and stereotypical nature of episodic repetitive experiences, building on the idea of affordances [Gibson,

2014; Guan et al., 2021; Pastor et al., 2013] i.e. similar tasks afford similar movement plans as a way to

effectively ground motor policies with context-specific perceptual information, while looking at perception

in an abstract and amodal way. In a practical sense, methods for behavior generalization and contextual

learning, such as those referenced in Chapter 2 (2.3.3), account for generic context descriptors which

usually rely, to variable extents, in perceptual systems e.g. ball tracking in table tennis [Kober et al., 2012;

Mülling et al., 2013, 2010] and force sensors in grasping [Kalakrishnan et al., 2011; Li et al., 2018]; in

such systems, motor policies are generally anchored on contextual perceptual cues, thus constituting a

sort of grounded procedural or skill memory.

3.2.3 Perception in Artificial Cognition

Long-running bio-inspired projects such as Cyc [Lenat, 1995] and ConceptNet [Liu & Singh, 2004] aim

to archive human knowledge through structured semantic relationships in an ontological form, enabling

reasoning and high-level cognitive mechanisms e.g. logical inference and language parsing. However,

while foundational to knowledge representation in modern AI, their aim revolves around integrating large-

scale explicit information across diverse domains, without direct grounding in sensory or real-world data,

functioning more as static - manually curated - repositories than dynamic and/or adaptive architectures.

By contrast, mirroring human cognition in artificial systems has been pursued by researchers and en-

gineers at varying degrees of abstraction [Kotseruba & Tsotsos, 2018; Vernon, 2022], from high-level sym-

bolic or cognitivist approaches such as Soar [Laird et al., 1987], ACT-R [Anderson, 1993] and ICARUS [Lan-

6With a logical overlap between kinematic PPs and MPs.
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Figure 32: General overview of different symbolic, emergent and hybrid cognitive architectures (Bottom)
and associated sensor modalities (Top); adapted from Kotseruba et al. [2016].

gley & Choi, 2006] focusing on knowledge-based reasoning and decision making, to data-driven emer-

gent or embodied frameworks like DAC [Verschure & Althaus, 2003], SPA [Crawford et al., 2016] and

HTM [Byrne, 2015], where cognitive structures arise from direct interaction with the world [Vernon, 2022],

and hybrid solutions that combine both paradigms to varying extents, such as CLARION [Sun, 2007]

and CRAM [Beetz et al., 2010]. Memory is present in these frameworks at different levels of biological

plausibility (3.2.1), albeit, generally, in limited capacity: reflecting the design principle, symbolic archi-

tectures focus on high-level semantics, while their emergent and hybrid counterparts build procedural

memories as perceptually-coupled motor policies or control rules; in addition, short-term, task-specific

data buffers constitute functional working memories in most frameworks [Kotseruba & Tsotsos, 2018].

Some bioinspired models cache task- or context-relevant knowledge within working memory as an activa-

tion of long-term structures, which increases with repeated recruitment; within a motor control context, a

similar mechanism is implemented in MoMPs (Chapter 2) [Mülling et al., 2013, 2010]. On the other hand,

with few exceptions [Beetz et al., 2010; Mohan et al., 2014], the role of episodic memories is generally over-

looked [Bölöni, 2011; Menager & Choi, 2016], even in emergent architectures, despite its well-documented

importance in anticipatory processes and lifelong learning [Tulving, 1984; Vernon, 2022].

Regardless of the underlying methodology, modeling and integrating perception - as the basis of all

real-world interaction - remains a crucial aspect of any cognitive architecture (Figure 32), the extent of

which generally correlates with the level of grounding embedded into the structure. Symbolic models
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tend to reduce perception to predefined features and/or abstract representations, making them effec-

tive in structured environments but limiting their adaptability to novel or unforeseen scenarios [Harnad,

1990; Matheson & Barsalou, 2018]; conversely, their emergent and hybrid counterparts place a stronger

emphasis on processing raw sensor input, achieving richer, context-specific representations - albeit in a

distributed and often opaque structure - better suited to dynamic environments [Eliasmith, 2013]. Of note

is the prevalence of of vision among sensor modalities (Figure 32), by and large the most explored per-

ceptual system available in artificial systems, often relying on bioinspired structures, conventional image

processing and cutting-edge techniques to perform object detection, shape recognition and motion track-

ing [Kotseruba & Tsotsos, 2018]; some architectures complement vision with tools such as Support Vector

Machines (SVMs) to extract high-level abstract features (e.g. age, gender) [Martínez-Gómez et al., 2014],

or NNs and DL in spatial navigation [Madl et al., 2016; Martens et al., 1998] and other robotic tasks [Lenz

et al., 2015; Levine et al., 2016; Rothfuss et al., 2018; Yang et al., 2022]. Beyond vision, audition is also

a common perceptual modality mainly focusing on functional communication through speech recogni-

tion [Epstein et al., 2011] and natural language processing (e.g. speech-to-text mechanisms) [Grossberg &

Myers, 2000; Romero-Garcés et al., 2015]. Lastly, tactile and proprioceptive inputs - e.g. limb position and

joint effort - have a prominent role in robotic control, and are usually implemented with force sensors, joint

feedback or inertial measurements [Ivaldi et al., 2014; Kotseruba & Tsotsos, 2018; Mohan et al., 2014].

Perception is therefore not a monolithic concept, encompassing a rather diverse range of sensor

modalities. As a result, cognitive architectures grapple with the challenge of integrating and reconcil-

ing disparate sensory streams into a coherent and contextually meaningful representation [Zmigrod &

Hommel, 2013]. This multimodal integration, often accomplished with feature integration or sensor fu-

sion [Fung et al., 2017; Marsh et al., 2022; Zmigrod & Hommel, 2013], is particularly critical in domains

like robotics and human-robot interaction, where interpreting nuanced, multimodal inputs (e.g. gestures,

speech, environmental changes, and other sensory cues) is essential for effective collaboration and robust

task execution [Akkaladevi et al., 2021; Ivaldi et al., 2014; Kotseruba & Tsotsos, 2018; Ruesch et al., 2008];

in addition, it can feed bottom-up attention mechanisms that guide exploration and reactive behavior, as

addressed in Ruesch et al. [2008]. While some cognitive models are able to learn associations between

different inputs during perceptual learning and/or memory formation [Martens et al., 1998; Verschure

& Althaus, 2003], most ignore crossmodal interaction or shared information - e.g. PPs - across different

sensors. Overall, cognitive frameworks are generally either vision-centric or tailored for a reduced number

of sensors, treat different inputs in isolation and with off-the-shelf solutions, or derive task-specific fusion

methodologies that lack generality and scalability [Kotseruba & Tsotsos, 2018; Vernon, 2022]; as a result,

treating active perception in a sensor-agnostic (amodal) approach remains mostly unexplored.

For an extensive practical and taxonomical survey on cognitive architectures, including the role of

perception in artificial cognition, the reader is referred to Kotseruba & Tsotsos [2018].
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3.2.4 Related Work

In the context of this study, data-driven research where episodic memories are created from percep-

tual input, particularly from multimodal sensor sets or, alternatively, in sensor-agnostic (amodal) fashion,

is considered relevant literature, with special attention given to works in robotic control, human-robot in-

teraction and behavioral monitoring.

Commonly, emergent architectures employ dynamical systems to model grounded subsymbolic pro-

cesses, such as motor control and perceptual processing [Vernon, 2022]. In fact, in line with the versatility

of parametrized representations for motor policies (2.3.1), DMPs have been used to codify heterogeneous

or multimodal quantities, commonly kinematic and dynamic control patterns e.g. compliant MPs [Deniša

et al., 2016, 2013; Petrič et al., 2018, 2014] as well as position and orientation simultaneously [Magyar

et al., 2019; Pastor et al., 2009, 2011b; Ude et al., 2014] in grasping tasks7. Beyond DMPs, Kalakrishnan

et al. [2011] and used simpler dynamical systems to mix trajectories in task space and torque profiles;

Rozo et al. [2016] used GMMs with similar kinematic and dynamic trajectories. However, in these works

the focus is largely on motor control and policy representations, and not in multimodal perceptual input

and/or data-efficient representation of dynamic patterns; conversely, describing multimodal sensor pat-

terns with dynamical systems has been explored by the author [André et al., 2016b; André et al., 2014] in

simulated robotic locomotion.

In dated examples of symbolic architectures adapted to robotic motor control, Il Hong Suh et al. [2007]

and Tenorth & Beetz [2009] developed general knowledge management and symbolic reasoning frame-

works in Prolog8, focusing on human-robot interaction in household environments with mobile platforms.

Both works utilize high-level primitive semantics by decomposing the action space into subactions and cre-

ate associative relations by coupling action planning with extrapolated perceptual cues. However, in both

cases an extensive set of internal and environmental sensor devices was required. Moreover, continuous

improvement of learned behaviors, as well as expanding the knowledge database when facing unknown

environments, is not explored. The latter would eventually evolve into a general cognitive architecture

in CRAM [Beetz et al., 2010], notably modeling episodic memories, and whose capabilities have been

demonstrated in varied object manipulation tasks with a PR2 anthropomorphic robot [Vernon, 2022].

With a particular focus on robotic DMP control, Pastor et al. [2011a, 2013, 2012] formalized the no-

tion of Associative Skill Memories (ASMs), framing motor skill libraries as collections of perceptuocoupled

motor policies; to that end, the authors suggested archiving both expected sensor readings and measured

variance in conjunction with motor policies (i.e. parametrization), and describe simple statistical failure

prediction algorithms. This particular aspect would later be implemented in André et al. [2014] and André

et al. [2016b] in simulated walking with an OP humanoid robot, while extending it by also using DMP dy-

namics to store multimodal (joint encoders and force sensors) sensor and variance patterns in a compact

representation, an approach later adopted by Deniša et al. [2016] for motor behavior generalization. In

practice, this work demonstrated a capability to predict unstable gait up to 3.6 s in advance, when faced

7Coupled DMP systems codifying end-effector position and orientation (i.e. quaternions), coupled with finger configuration.
8Declarative programming language used in semantic reasoning and computational linguistics [Clocksin & Mellish, 2003].
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with irregular of unknown terrains, and with approximate sensitivity and specificity of 87% and 95%, re-

spectively. On the other hand, the dynamical aspect of the representation is not explored, with archived

patterns fully reconstructed during recall, decreasing its overall flexibility.

From an autonomous L2 perspective, Mohan et al. [2014] proposed a hybrid cognitive architecture

for the IIT iCub humanoid robot, exploiting episodic and procedural memories to enhance cumulative

learning, reasoning, and behavioral generalization. The framework was applied to object manipulation

tasks e.g. identifying and selecting toys from a table, employing visual and tactile perception. In a modular

and open-ended structure, NNs were used to compress temporal sequences of perceptual data and task

rewards into fixed-sized feature vectors through Hebbian learning, enabling fast and efficient episodic recall.

An initial exploratory stage allowed the robot to gather contextual information about the task (e.g. visual,

tactile and spatiotemporal properties of different toys), fromwhich episodic memories were formed; in novel

contexts i.e. rearranging and/or introducing new toys on the table, new behaviors were generated from

the probabilistic combination of past successful episodes - bypassing the need for active exploration. In

particular, the competing nature behind action selection is noted, whereby episodic memories with reduced

relevance are gradually forgotten, while the remainder are further fine-tuned. Despite its generality, the

architecture is notably vision-centric, with tactile feedback in a support role, mainly relevant during grasping

control. Moreover, only a single task and environment is addressed; validation in other dynamic problems

is needed. Conceptually, it also does not avoid catastrophic forgetting i.e. past episodes are eventually

forgotten if not revisited, a documented key challenge in L2 [Kudithipudi et al., 2022].

Exploring ASMs at a higher degree of abstraction, Žabkar & Leonardis [2016] introduced CHARMS,

a computational framework for motor memory in robotics, with focus on proprioception (including motor

commands, joint kinematic state and end-effector position), and based on compositional hierarchies of

AND-OR graphs to represent motor primitives and abstract them into higher-level cognition. Both online

memory formation and offline memory consolidation are addressed, with the latter restructuring acquired

memories for efficiency in data storage and generalization across different actions and tasks. Experiments

with a real NAO robot, including bipedal walking, different upper limb motions and object manipulation

tasks, validated the learning capabilities of proposed approach. However, the methodology is heavily

oriented towards abstract semantics and high-level reasoning, with little attention given to the design of

lower-level motor patterns. Additionally, learning from past experiences, stochasticity and episodic memory

are not accounted for in the memory framework.

Alternatively, in another practical implementation of ASMs, Rothfuss et al. [2018] utilized Deep Neural

Networks (DNNs) - specifically convolutional LSTM cells - in the design of an episodic memory model that

encoded vision data (frame sequences) into a low-dimensional latent vector space, which was then used

to compare different episodes directly in latent space through cosine similarity, and decoded to predict

future frames; the proposed methodology was practically validated in robotic object manipulation tasks

in unstructured environments, employing DMPs for motor control. Notably, adopting latent subsymbolic

representations is conceptually related to the notion of PPs. On the other hand, while this work introduces

a generic episodic memory model beyond any specific environment and/or task, it requires large-scale

supervised training on labelled videos datasets, in line with vision-based DL studies in robotics [Levine
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et al., 2016, 2018; Qiao et al., 2022; Sünderhauf et al., 2018].

Recently, Yang et al. [2022] proposed another episodic memory model based on visual and auditory

perception, as a part of a hybrid cognitive architecture developed within the context of human-robot mem-

ory assistance with the Softbank Robotics Pepper humanoid. Similar to CHARMS [Žabkar & Leonardis,

2016], it adopts a graph-based representation, and exploits semantic pointers in the implementation of

working and long-term episodic memory structures. Notably, while the proposed model does not extend

to generalized high-level cognitive reasoning or planning, it addresses incremental, lifelong growth of the

memory database with RL. Practical experiments demonstrated that the robot was able to improve in

∼20% memory recall in human participants. Nonetheless, despite the hybrid end-to-end nature of the

perceptual model, memory representation is built upon high-level semantics. In addition, it delegates

perceptual processing to third-party DL-based solutions, such as YOLOv3 for object detection from video

streams, Temporal Relation Networks for activity recognition, and Google’s Speech-to-text and Word2Vec

to parse auditory cues and build semantic relationships, respectively; this reliance on DL models (albeit

pre-trained) increases the computational footprint and real-time latency of the model.

Alternatively, this work proposes a lower-level generalized model for episodic perceptual memories

of stereotypical experiences, exploiting dynamical systems to achieve stability, temporal invariance, and

stochastic representation. The focus is on compact, modular and data-efficient subsymbolic representa-

tion while retaining the modularity, versatility and generality of higher-level strategies; most notably, no

assumption is made regarding sensor modality and level of abstraction, thus applicable to unimodal and

multimodal perception, as well as both raw input and extrapolated perceptual features, and crossmodal

relationships are incorporated into the model through shared PPs. In practice, despite not limited to pro-

prioceptive input and associative learning not being explored in this work, the proposed approach follows

Pastor’s formulation of skill memories by encoding both mean and variance, and accommodates for two-

stage learning such as observed in CHARMS, while modeling perception in a cumulative, open-ended

structure, under a L2 paradigm. While not addressing artificial cognition in its entirety, it can complement

existing architectures by providing a straightforward data-driven model that abstracts higher-level cogni-

tion from low-level perception, fitting current knowledge about biological cognitive processes, as well as

requirements for modern L2 machines.

3.3 Perceptual Memory Model

From the view of skilled robotic movement, stereotypical behavior can be leveraged to model perceptual

input in a generalized amodal approach, ranging from raw measurements to extrapolated or processed

high-level features. Under this paradigm, a perceptual context (further explored in 3.3.2) denotes a broad

set of platform-specific perceptual traits - transduced stimuli - that characterize a particular environmental

state at a specific moment, often in task-specific fashion. In an associative memory structure, motor tasks

can be associated with multiple perceptual contexts, representing optimal motor behavior under varying

conditions or reactionary behaviors to specific sensor triggers (e.g. reflexive motions). Perceptual contexts

are thus largely dependent on how an agent or system structures its own perception, while motor tasks

70



CHAPTER 3. DYNAMICAL PERCEPTUAL MEMORY MODEL

are directly grounded in the external environment and specific objective demands.

Under the general assumption that stereotypical experiences, characterized by repetitive noisy sen-

sor patterns with context-specific variability, comprise cyclostationary9 stochastic processes [Napolitano,

2020] exhibiting some degree of time and scale invariance, when considering K sensor sources syn-

chronously sampled over a finite index set Γ = {1, 2, . . . , T}10, each T th measurement can be seen as

a Gaussian process11 {xt(i) : t ∈ Γ, i ∈ N, xt ∈ RK} where xt follows aK -variate normal distribution:

xt ∼ NK (µt,Σt) (60)

whose parameters µt ∈ RK and Σt ∈ RK×K can be estimated from past iterations of the experience

as, respectively, sensor mean and variance observed at the tth sample:

µt = E[xt] ≃ x̄t (61)

Σt = E[(xt − E[xt])(xt − E[xt])⊤] ≃ var(xt) (62)

with the latter, if all K sensor sources are assumed to be independent (thus uncorrelated), defined as:

Σt ≃ diag(st2) =


st,1

2

st,2
2

. . .

st,K
2

 (63)

where st2 ∈ RK aggregates individual variances st,k2 registered in previous readings xt,k of the kth

sensor, ∀ k ∈ {1, 2, . . . , K}; from a practical perspective, the sequence of vectors x̄t and st2, ∀ t ∈ Γ,

constitute K -dimensional time series describing nominal sensor value distribution over the duration of a

stereotypical experience.

As proposed in André et al. [2016b], this notion can be further generalized by employing DMP dynamics

(2.3.1) to describe observed sensor patterns {x̄t, st}, ∀ t ∈ Γ over a continuous and bounded phase

domain Φ i.e. without explicit time dependency; a perceptual memory or footprint is then defined as:

M = {x, s} (64)

where x ∈ RK and s ∈ RK represent coupled dynamical variables describing, respectively, expected

measurements and their associated standard deviation, as K -dimensional12 DMP systems. Under this

formulation, given fixed initial conditions {x0, s0} and metaparameterization i.e. damping coefficients

{αk, βk} and goal states {gx, gs}, expected sensor values at any given phase ϕ ∈ Φ can be estimated

or recalled by integrating system dynamics at a fixed step∆t and temporal scale τ 13, from an initial phase

9Exhibiting periodic autocorrelation or seasonality i.e. E[x(t)] = E[x(t+ T0)] for all t.
10Where Γ ∈ N.
11Sequence of i.i.d. random variables.
12K transformation systems sharing a single canonical system (2.3.1).
13Strictly positives values i.e. ∆t, τ ∈ R+; larger τ and smaller ∆t increase the complexity of the procedure.
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value ϕmin until ϕ, such that x, s : Φ → RK . By extension, under the same conditions, for any given

ϕ ∈ Φ,M : Φ → (RK ,RK) provides an estimate of distribution parameters in (60), as detailed in

Algorithm 214. While this method requires {x0, s0} and {gx, gs} to be archived inM, heuristics can

simplify parameterization [Lioutikov et al., 2017] e.g. enforcing {x0, s0} = {gx, gs}.
Given (64), a top-level memory libraryM aggregatesM time-invariant episodic perceptual memories:

M =
[
M1,M2, . . . ,MM

]⊤
(65)

withM : Φ→ (RM×K ,RM×K)15 providing a bulk synchronized estimate of sensor measurement distri-

bution within the collection of past experiences known to an agent or system. Under the L2 paradigm [Ku-

dithipudi et al., 2022], mirroring declarative memory in human cognition [Sridhar et al., 2023], and in line

with motor libraries P and S (Chapter 2), M can be continuously updated and incremented through new

interactions with the environment; ultimately, it can be used to match, in real time, transient measure-

ments with specific memories, which not only supplies contextual information to motor control, but also

can be used to identify deviations from nominal behavior and predict how sensor input is likely to evolve.

The proposed model harnesses several appealing aspects of the DMP framework, such as time invari-

ance and independence - relevant when sensor patterns are topologically similar at different time scales

- as well as the generic nature with discrete16 and rhythmic representations - fitting a wide range of in-

put patterns; and its inherent dynamical stability, which circumvents noisy measurements, leading to a

more robust and symbolic representation of perceptual data. Additionally, as discussed, employing a

primitive-based representation allows exploration into the existence of Perceptual Primitives (PPs) shared

across M, which can decrease dimensionality and thus increase data efficiency, simplify acquisition of

new memories by focusing on adjusting existing primitives over learning from scratch, and, ultimately,

facilitate memory transfer between different platforms. Repurposing the strategy described in Chapter 2

(2.3.2), as an alternative to (64), memories can be defined instead as combinations of simpler PPs:

M = {Sx,Ss} (66)

where Sx and Ss follow the motor skill definition in (16) and (20) to encode PP mixtures describing x and s,

respectively. Adopting this revised approach, the previous formulation disregarding any PP sharing can still

be obtained with conventional multidimensional DMP systems i.e. P = K and Sx = Ss = {IK ,0K}
(Chapter 2, 2.3.3). In practice, PPs can be integrated into P (9) in a unified database, or, separating

perceptual and motor cognition, stored in a separate library L, as illustrated in Figure 33. PP sharing

between Sx and Ss is not explored in this work, with L aggregating all PPs instead; notwithstanding, the

masking mechanism17 in (18 - 19) can be used to select relevant PPs as L grows.

Through (66), similar to motor skill definition,M represents a latent higher-level representation of a

14Henceforth, x, s andM are treated both as dynamical variables and, when applicable, functions of ϕ through Algorithm 2.
15Assuming synchronicity across allMm in M.
16Stereotypical sensor patterns of discrete experiences still imply periodicity; rhythmic DMP formulation can be used.
17As a sparse binary matrix, m (19) can be efficiently compressed and archived.
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Figure 33: Conceptual flowchart illustrating the dynamical perceptual model proposed in this chapter; a
library M containing perceptual memoriesMm provides sensor-specific estimates x̂k and ŝk which are
compared, in real time, with transient context-specific measurements x∗

k through d
m (69); phase ϕt and

time scale τ is assumed to be inferred with sensor-based heuristic methods.

stereotypical experience, more symbolic in nature, but inherently grounded in perceptual measurements.

The generality of this approach is highlighted: few assumptions are made on the underlying perception sys-

tem (sensor hardware or architecture) i.e. both raw measurements and high-level features can be encoded,

as long as acquired as stereotypical sequential patterns; multidimensional sensor inputs (e.g. vision) can

be decomposed and encoded as unidimensional segments; and by not strictly enforcing PPs in its formu-

lation, it fits both modular and holistic views of perception (3.2.2).

While, analogously to their motor counterparts, PPs can be hypothesized to represent abstract generic

patterns - withM capturing all hardware specificities within sensor data - in this work L is considered

to be platform-specific; this assumption stems from the observation that sensor readings are dependent

on robot hardware and morphology, as was illustrated in the kinematic and dynamic profiles presented in

Chapter 2 (2.5.2) and is in line the general insight that perception is highly subjective. Instead, sharing PPs

across different perceptual inputs is viewed as a bioinspired tool to decrease dimensionality and facilitate

memory acquisition within a single system, when compared to conventional perceptual data storage.

Forming new perceptual memories entails employing a learning procedure similar to the one de-

scribed in Chapter 2 (2.3.3). While it may not be straightforward to continuously apply the described BBO

methodology in real time, in practice, sensor data can be buffered in working memory for posterior offline

optimization, mirroring the consolidation stage observed in biological organisms [Sridhar et al., 2023;

Žabkar & Leonardis, 2016]. Additionally, by establishing connections between individual memories in M

and motor policies e.g.motor skills in S, Associative Skill Memories (ASMs) are created which can be used

to achieve robust perceptuomotor coupling, or enhance planning in higher-level cognitive strategies [Pas-

tor et al., 2012]. Extending these associations to the underlying perceptual and motor primitive elements

e.g. from P to L, opens up the door to even more powerful sensor-driven control strategies.
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Algorithm 2 Pseudo-code describing the procedure to numerically estimate i.e. recall expected value x
and standard deviation s at ϕt (within tolerance eϕ) in perceptual memoryM; [λ∗

k]
x and [δ∗

k]
x denote

intrinsic parameters in Sx (15) and, similarly, [λ∗
k]

s and [δ∗
k]

s intrinsic parameters in Ss (15), per (66).
Disregarding masking operations in #9 and #12, complexity follows O(KNr), Nr = ⌈τ(ϕ−ϕmin)/∆t⌉.
1: procedure RECALL (M, ϕt, τ , ∆t, ϕmin, eϕ, x0, s0, gx, gs)

2: {Sx,Ss} ←M
3: ϕ← ϕmin

4: ϕ̇← 1/τ ▷ (6)

5: xk ← x0k∀ k ∈ {1, 2, . . . ,K}
6: while |ϕt − ϕ| > eϕ do

7: ϕ← UPDATE
(
ϕ̇, τ

)
▷ e.g. Euler method

8: for each k ∈ {1, 2, . . . ,K} do
9: f x(ϕ)← [λ∗

k]
x⊤mP(ϕt + [δ∗k]

x) ▷ (18)

10: ẍk ← τ−2 (αk(βk(gk − xk)− ẋk) + f x(ϕ)) ▷ (11)

11: {xk, ẋk} ← UPDATE (xk, ẋk, ẍk, τ)

12: f s(ϕ)← [λ∗
k]

s⊤mP(ϕt + [δ∗k]
s)

13: s̈k ← τ−2 (αk(βk(gk − sk)− ṡk) + f s(ϕ))

14: {sk, ṡk} ← UPDATE (sk, ṡk, s̈k, τ)

15: return x = [x1, x2, . . . , xK ]⊤ and s = [s1, s2, . . . , sK ]⊤

3.3.1 Memory Matching

Borrowing from probability theory, given the mth perceptual memoryMm in M (65) and an esti-

mate of phase ϕt such thatMm
t := Mm(ϕt) denotes the dynamic state ofMm at ϕt, the proba-

bility P (x∗t |Mm
t ) of transient sensor vector x

∗
t ∈ RK being described18 byMm

t , under the normality

and independence assumptions, is defined as the product of K sensor-specific probability measures

P (x∗
t,k|Mm

t ), derived from univariate normal distributions:

P (x∗t |Mm
t ) =

K∏
k=1

P
(
x∗
t,k|Mm

t

)
, x∗

t,k ∼ N1

(
x̂m
t,k, ŝ

m
t,k

2
)

(67)

where x̂m
t,k := [xm(ϕt)]k and ŝmt,k := [sm(ϕt)]k represent the state of x and s at ϕt, respectively,

relative to the kth sensor, as stored inMm
t ; notwithstanding, as the probability associated with a single

observation x∗
t,k is, by definition, infinitesimally small [Smith, 1999], for practical purposes, an alternative

sensor-specific similarity metric dmk : R →]0, 1] is defined through the normalized density function of a

normal distribution i.e. a Gaussian Radial Basis Function (RBF)19 centered at x̂m
t,k and scaled with ŝ

m
t,k:

dmk (x
∗
t ) := d(x∗

t,k,Mm
t ) = exp

(
−
(
x∗
t,k − x̂m

t,k

)2
2zkŝmt,k

2

)
(68)

with a global maximum at d(x̂t,k,Mm
t ) = 1, and where zk linearly scales the kernel width, as a way to

18i.e. representing an observation or realization from the K -variate normal distribution (60) parametrized byMm
t (64).

19For reference, a Gaussian RBF is a non-linear function of Euclidean distance.
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parameterize a confidence interval around nominal values, contained in z ∈ RK for all K sensors20. In

practice, beyond the data-driven variance encoded in s, zk can model priming behavior in specific sensor

inputs [Squire, 1994; Sridhar et al., 2023] or, alternatively, reflect the quality of the underlying memory

e.g. decreasing as specific contexts are repeatedly experienced, in line with how stochasticity in skill exe-

cution in humans decreases with training [Willingham, 1998]. Consequently, (67) can be substituted by

a global similarity measure dm : ,RK →]0, 1], scaling the product to a practical and intuitive range21:

dm(x∗t ) =

(
K∏
k=1

dmk (x
∗
t,k)

) 1
K

(69)

Objectively, dm(x∗t ) is a form of kernel distance proportional to the likelihood of sensor input x∗t
being described by the mth memory in M; it can be parametrized for a more lax or rigid approach to

memory selection i.e. whether sensitivity is preferred over specificity, by means of parameter zk, akin

to the standard score is classical statistical theory. Moreover, it allows objective quantitative comparison

between different sensor readings and archived memories, which has been shown to be a valuable feature

of episodic memory models and high-level cognitive strategies [Rothfuss et al., 2018]. It extends previous

works [André et al., 2016b], wherein memory identification is simplified to a binary classification problem

solved with a classical two-tailed z-test and, consequently, it is able to deal with multiple overlaps between

similar memories and provide a normalized measure for comparison. A similar methodology had been

followed in the works of Mülling et al. [2013, 2010] (2.2.5) within the perspective of a sensor-driven gating

network combining individual MPs; herein, it is decoupled from motor control, forming the basis of a

general perceptual similarity metric that can be harnessed in different scenarios e.g. contextual RL.

Globally, d(x∗t ) ∈ RM represents the aggregate measure of dm for all the M memories in M; from

(69), its computation follows O(MK). In practice, given ∆t - implementation-specific - and τ and ϕmin

- estimated on a context-specific basis e.g. using heuristics - matching perceptual input x∗t with M has

complexity O(MK2Nr), with Nr = ⌈τ(ϕ−ϕmin)/∆t⌉ (Algorithm 2).

3.3.2 Context Identification

Building upon the perceptual model described so far, given perceptual library M, from a dynamic

context detection perspective, a perceptual context is formalized as the heterogeneous set:

C = {m,ϕ, τ} (70)

with m ∈ {1, 2, . . . ,M}, ϕ ∈ Φ and τ ∈ R+, such that, informally, M(C) :=Mm(ϕ, τ ), identifying

not only which memoryMm in M best describes sensor input, but also at which phase ϕ and rate τ

it is expected to evolve. Correspondingly, any givenMm describes dynamic sequences of in the form

{Ci : ϕi+1 > ϕi,mi = m} ∀ i ∈ N+. Under stable conditions, and assuming the agent is aware of

20For a fixed width z across all K sensors, z = z1K .
21Without the exponent 1/K, small discrepancies between the measured and expected values would lead to very low dm(xt).
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the current perceptual context Ct associated with transient measurement x∗t ∈ RK (Figure 33), a single

step update22 of the dynamics inMm
t provides a dead reckoning estimate {xt+1, st+1} of future input23

x∗t+1, with the expectation that d
m(x∗t+1) ≥ dm(x∗t ) (69); conversely, a decrease in d

m implies contextual

alterations in the form of 1) acceleration or deceleration in perceptual input patterns i.e. τt+1 ̸= τt leading

to inaccuracy in ϕt+1 (Algorithm 2, #7); 2) transition between different experiences i.e. mt+1 ̸= mt; or

3) deviations from nominal behavior e.g. external disturbances, instability in legged locomotion, etc.

By bootstrapping this procedure on Ct, an accurate initial estimate is strictly required, which may

not be always straightforward to obtain under dynamic conditions e.g. real-time interactions; moreover,

while τ is not critical to reconstruct perceptual patterns inMm by virtue of the time invariance of DMP

systems (2.3.1), it influences the dynamic update of ϕt, xt and st (Algorithm 2), and is thus required for

synchronicity with sensor input. Given the cumulative error in dead reckoning, poor estimates increase

error in dm over time, even when sensor input evolves within expected boundaries; this poses an engi-

neering challenge, which can be solved - beyond directly resetting the system with supervisory input - with

task-oriented heuristics e.g. temporal markers such as foot strike in bipedal walking.

In essence, when equipped with an overdescriptiveM, similarity dm (69) drives incremental updates to

the perceptual awareness of a system: when a prior context Ct is available, a simple and straightforward
strategy to track the evolution of x∗t - assuming τ does not change - is to update24 allMm in M and

identify indexmt+1 exhibiting highest similarity with a new measurement x∗t+1, according to Algorithm 3;

alternatively, in the absence of Ct, all sensor patterns stored inM are reconstructed in the search procedure

described in Algorithm 4 (Figure 34), which virtually executes Algorithm 3 over the phase domain Φ,

with fixed ∆t and search scale τs, assigning ϕt+1 and mt+1 associated with maximum dm(x∗t+1) - over

M and over Φ - to new context Ct+1. In addition, repeating this process for sequential measurements

{x∗t+1, x
∗
t , . . . } allows bootstrapping or resetting the perceptual context by estimating τt+1 as τt+1 =

∆t/(ϕt+1−ϕt), in addition to mt+1 and ϕt+1, on the condition that ϕt+1 > ϕt; this can be extended,

as detailed in Algorithm 5 (Figure 35), to a more robust methodology by using a general ordered set of

sequential inputs X∗ ∈ RK×Nb and performing a weighted average according to discounted similarity

γn−1dm, with n ∈ {1, 2, . . . , Nb} and γ < 1, prioritizing newer high-quality matches.

While Algorithm 4 and 5 have increased complexity when compared to Algorithm 3, and are therefore

associated with a greater computational overhead, the need for accurate estimation of any prior context

Ct is bypassed, while still preserving time-invariance of the underlying DMP dynamics; moreover, τs and

∆t25 provide a way to linearly scale complexity, albeit at the cost of phase resolution in each step update.

For practicality, a lower threshold dmin is established in Algorithm 3 (#12), 4 (#11) and 5, such that

Ct+1 = ∅ i.e. null or unknown context, if dm(x∗t+1) < dmin over all M, indicating that an agent has no

prior recollection of the perceptual input, and which can be used to e.g. prompt exploration. Similarly,

a quality threshold dmatch defines a practical trade-off in order to avoid extra computational steps once a

22Single loop i.e. operations #7-14 in Algorithm 2.
23Stochasticity in sensor data can be accounted by sampling from distribution (60) with a pseudo-random number generator.
24Alternatively, an update of ϕt and applying Algorithm 2 in allMm in M with ϕt+1.
25Valid in Algorithm 4 and 5, which perform virtual updates; ∆t denotes the interval between x∗t+1 and x

∗
t in Algorithm 3 .
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Figure 34: Illustrative example of contextual search (Algorithm 4) on a library M with M = 6 perceptual
memories; as highlighted (□),M5 and ϕt indicate maximum dm(x∗t ) over Φ = [ϕmin, ϕman].
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Figure 35: Illustrative example of contextual bootstrap (Algorithm 5) on a library M with M = 6 percep-
tual memories; Algorithm 4 is sequentially repeated for perceptual inputs xt, with ϕt (□) representing
maximum dm(x∗t ) over Φ in each case; given the input sequence,M3 represents the best match in M.
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Algorithm 3 Pseudo-code describing the context tracking method; a new context Ct+1 is estimated pre-
serving τt from Ct, by combining a dead reckoning update (#6) of allMm in M with a maximum search
over d (#14). Assuming #14 is performed within the main loop in #9, complexity follows O(MK).
1: procedure TRACK (M, x∗t+1, Ct, z, ∆t, dmatch, dmin)

2: {mt, ϕt, τt} ← Ct
3: ϕt+1 ← UPDATE (ϕt,∆t, τt) ▷ e.g. Euler method

4: for each m ∈ {1, 2, . . . ,M} do
5: for each k ∈ {1, 2, . . . ,K} do
6: Mm

t+1 ← UPDATE (Mm
t ,∆t, τt)

7:
{
x̂m
t+1,k, ŝ

m
t+1,k

}
←Mm

t+1

8: dmk

(
x∗
t+1,k

)
← exp

(
− (x∗

t+1,k−x̂m
t+1,k)

2

2zk ŝmt+1,k
2

)
▷ (68)

9: dm
(
x∗t+1

)
←
(∏K

k=1 d
m
k (x∗

t+1,k)
) 1

K

▷ (69)

10: if dm
(
x∗t+1

)
> dmatch then ▷ Optional

11: return Ct+1 = {m,ϕt+1, τt}

12: if max
(
d
(
x∗t+1

))
< dmin then

13: return Ct+1 = ∅

14: mt+1 ← argmaxm
(
d
(
x∗t+1

))
▷ Single-pass in #9

15: return Ct+1 = {mt+1, ϕt+1, τt}

BootstrapTrack Search

Figure 36: Conceptual workflow and hierarchical organization between the different levels of perceptual
context identification described; given Ct, Algorithm 3, 4 and 5 are sequentially chained according to the
success or failure of context identification, with increasing computational overhead.

satisfactory match is found26 i.e. dm ≥ dmatch (#10, #9). Furthermore, dmin and dmatch also provide a way to

indirectly modulate the sensitivity and specificity of perceptual context identification. In order to minimize

computational overhead in real-time perception, Algorithm 3, 4 and 5 can be applied hierarchically, as

illustrated in Figure 36.

During this work, the C++ libraries developed in Chapter 2 were extended to integrate the perceptual

memory model described in this section, as well as object-oriented implementations of Algorithm 3, Al-

gorithm 4 and Algorithm 5. For a detailed description of the implementation, including the underlying

structure and technical specifications, please refer to Appendix A: Practical Implementation.

26Reasonable values found in dmin = 0.5 and dmatch = 0.8.

78



CHAPTER 3. DYNAMICAL PERCEPTUAL MEMORY MODEL

Algorithm 4 Pseudo-code describing the context search method illustrated in Figure 34; Algorithm 3 is
applied sequentially over Φ a total of Ns = τs(ϕmax−ϕmin)/∆t times. Assuming #13 and #14 are performed
within the main loop in #8 and #7, respectively, complexity follows O(MKNs).
1: procedure SEARCH (M, x∗t+1, Ct, τs, z, ∆t, dmatch, dmin)

2: {m1, ϕ1, τt} ← Ct
3: Ns = ⌈τs(ϕmax−ϕmin)/∆t⌉ ▷ Total number of integration steps over Φ

4: C1 ← {m1, ϕ1, τs}
5: for each ϕn ∈ {ϕ2, ϕ3, . . . , ϕNs} do
6: Cn ← TRACK

(
M, x∗t+1, {mn−1, ϕn−1, τs}, z,∆t, dmatch, dmin

)
▷ Algorithm 3

7: {mn, ϕn, τs} ← Ct
8: dmn

(
x∗t+1

)
←
(∏K

k=1 d
mn

k (x∗
t+1,k)

) 1
K

▷ (69)

9: if dmn
(
x∗t+1

)
> dmatch then ▷ Optional

10: return Ct+1 = {mn, ϕn, τt}

11: if max
(
d
(
x∗t+1

))
< dmin then

12: return Ct+1 = ∅

13: mt+1 ← argmaxmn

(
d
(
x∗t+1

))
▷ Single-pass in #8

14: ϕt+1 ← argmaxϕn

(
d
(
x∗t+1

))
▷ Single-pass in #7

15: return Ct+1 = {mt+1, ϕt+1, τt}

3.4 Validation in Human Locomotion

Within the scope of RQ2, a concrete real-world application of the described perceptual model is pro-

vided, demonstrating how the proposed perceptual model (3.3) can accurately and uniquely describe

episodic stereotypical experiences in a real-world setting to different practical ends. Human bipedal loco-

motion is treated as an illustrative case study, whose stereotypical and periodic nature can be leveraged to

construct perceptual memories - with or without PPs - for different gait modalities and, employing context

identification algorithms (3.3.2), detect behavioral abnormalities in timely fashion.

To that end, an experimental dataset, specifically constructed to study slip-related gait perturba-

tions [Ferreira, 2022], provided experimental data on different types of bipedal walking with multiple in-

dividuals. Adopting a cross-validation strategy, multiple episodic perceptual memories were constructed,

and used to identify gait type from transient input, as well as detect abnormal behavior such as slip-like

events. While context identification is achieved offline, and dynamic online operation is not explored in this

work, experimental data is sourced on a sample-by-sample basis, thus mimicking real-time conditions;

Moreover, in contrast to previous works [André et al., 2016b; André et al., 2014], it showcases practical

applicability beyond the field of robotics, relevant from the multidisciplinary perspective of this thesis.

3.4.1 Slip-Related Disturbances

Slip-induced falls are a significant cause of accidents, especially among the elderly, often leading to

hip fractures [Chang et al., 2016]. From a social and health perspective, given the potentially severe conse-

quences of slip-related falls, it becomes of paramount importance to develop a complete comprehension
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Algorithm 5 Pseudo-code describing the bootstrap methodology; from set of sequential Nb measure-
ments X∗ ∈ RK×Nb , ordered in descending temporal order, Algorithm 4 is applied to each column x∗n, and
Ct+1 estimated through a discounted weighted average over all X∗. Complexity follows O(MKNsNb).
1: procedure BOOTSTRAP (M, X∗, γ, τs, Ct, z, ∆t, dmatch, dmin)

2: for each x∗n in X∗ do

3: Cn ← SEARCH (M, x∗n, Ct, τs, z,∆t, dmatch, dmin) ▷ Algorithm 4

4: {mn, ϕn, τs} ← Cn
5: an ← γn−1dm(x∗n) ▷ (69)

6: if n > 1 and ϕn > ϕn−1 then

7: τn ← ∆t/(ϕn−ϕn−1) ▷ τt ∈ R+

8: mt+1 ← round
(∑Nb

n=1 anmn∑Nb
n=1 an

)
9: ϕt+1 ←

∑Nb
n=1 anϕn∑Nb
n=1 an

10: τt+1 ←
∑Nb

n=2 anτn∑Nb
n=2 an

11: return Ct+1 = {mt+1, ϕt+1, τt+1}

of human response to slipping and design effective strategies for fall detection and prevention. To that end,

scientific research has focused extensively on understanding slip biomechanics and developing preventive

strategies [Aprigliano et al., 2017; Chou et al., 2011; Marigold & Patla, 2002; Moyer et al., 2009; Nazifi

et al., 2017; Parijat & Lockhart, 2008], as well as scrutinizing the intricate interplay between sensory input

and motor control [Karlsson et al., 2013; Monaco et al., 2017]. Real-time wearable assistive technologies

provide a newfound sense of security, effectively diminishing the fear of falling and empowering individuals

to carry out their daily activities with confidence. This, in turn, reduces the need for post-fall rehabilitation,

leading to cost savings and a more efficient allocation of human resources.

From a biomechanical lens, slips often occur during heel strike as a result of poor foot-floor friction,

leading to Loss of Balance (LoB), and can be aggravated by environmental factors [Lockhart, 2013]. LoB

triggers different sensor receptors, which prompt the Central Nervous System (CNS) to engage specific

muscular units in stabilizing and recovery mechanisms [Lockhart, 2013]; scientific evidence shows that

this biomechanical response generally starts 160-200 ms after slip onset, with compensatory behaviors

lasting approximately 150-480 ms, contingent upon age and other pertinent factors [Beschorner et al.,

2013; Chambers & Cham, 2007; Martelli et al., 2017; Parijat & Lockhart, 2012; Yang et al., 2008].

3.4.2 Automated Slip-Avoidance Strategies

Practical solutions often target specific joints, such as the hip or knee, to both detect and correct LoB

scenarios by restoring a biomechanically favorable position. As reported in the the literature, detection

times range from as low as 30-300 ms following a slip, while actuation times typically fall within the range

of 200-350 ms [Mioskowska et al., 2020; Monaco et al., 2017; Trkov et al., 2017]. The Active Pelvis

Orthosis (APO) [Monaco et al., 2017] is one such example, built upon an adaptive-threshold algorithm

using gait predictive Adaptive Frequency Oscillators (AFOs)27, that enforces a customized torque-based

27Commonly used to implement CPG-based locomotion [Dzeladini et al., 2019].
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assistance at the hip joint for 250 ms in order to counteract the downward displacement of the CoM,

reporting LoB detection within 350 ms; alternatively, the Robotic Knee Assistive Device (ROKAD) [Trkov

et al., 2017] employs impedance and torque feedback control to actuate on the knee joint during slip

events, relying on an IMU and force-based slip detection algorithm; Lastly, Mioskowska et al. [2020]

proposed an alternative assistance strategy that employed a cable-driven knee brace mechanism to quickly

re-establish ground contact in the event of LoB, effectively expanding the subject’s BoS for balance recovery

and stability; an average actuation time of 82 ms for a 90 to 0◦ extension and 72 ms for a 60 to 0◦

extension was measured. All these represent wearable solutions designed with unobtrusiveness in mind,

designed to avoid hindering normal gait under stable conditions; in addition - perhaps most importantly

- their optimal performance is reliant on accurate detection of LoB. Nevertheless, it is relevant to note

that the practical applicability of these devices goes beyond the scope of gait assistance and clinical

rehabilitation; in fact, timely and accurate detection of risk conditions - such as, but not limited to, LoB - is

crucial to safe and nominal operation of most robotic devices, but particularly challenging outside industrial

settings where environments are routinely managed so that robots can operate within well-modeled task

parameters [Mülling et al., 2010].

3.4.3 Walking Trials

In the pursuit of an alternative fall-prevention strategy, Ferreira [2022] conducted human locomotion

trials in a controlled environment, reproducing different types of walking with multiple participants, while

recording an extensive set of physiological and biometric data. This study utilizes a portion of the resulting

dataset - in the form of lower-limb kinematics tracked with a motion capture system - for the validation

of the perceptual model and context detection methodology described. Notably, despite the multimodal

nature of the experimental data, herein the focus is on motion capture as a perceptual source, due to its

applicability both in and beyond robotics and automated systems as part of vision processing stacks; other

biosensor information available, such as respiratory, cardiac and electromyographic patterns, is excluded.

3.4.3.1 Participants and Equipment

The participant pool included 11 healthy young individuals (age: 24.55 ± 2.15; height: 1.70 ± 0.09

m; weight: 63.25 ± 7.11 kg; males = 6; females = 5) that respected the following inclusion criteria: 1)

capable of healthy stable locomotion; 2) exhibited total postural balance; 3) ≥18 years old; and with 4)

body mass ≤135 kg. Participants that disclosed any 1) locomotive or gait-related pathology, or 2) were

recently subjected to surgical procedures that affect mobility, were excluded. For a qualitative assessment

of foot preference, each participant completed the Waterloo Footedness Questionnaire [Elias et al., 1998].

All participants28 willingly agreed to participate in the experimental studies after providing written informed

consent. The research adhered to the ethical guidelines defined by the University of Minho Ethics Com-

mittee (CEICVS 063/2021), which aligns with the principles outlined in the declaration of Helsinki and the

Oviedo Convention.
28Henceforth abbreviated as Sj, j ∈ {1, 2, . . . , 11}.
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Figure 37: Experimental apparatus (Top) adopted in the human walking trials, with brief snapshots of a
perturbation being induced by the operator (Bottom). Adapted from [Ferreira, 2022].

Locomotion trials were conducted indoors, on anmotorized incline treadmill (TC290, Domyos, France);

a multithreaded nylon rope (20 mm diameter), tied to the ankle, was used to manually induce slip-like

perturbations by a trained operator, as depicted in Figure 37. During the trials, kinematic data29 was

acquired with a full-body inertial wireless motion capture system (MVN Awinda®, Xsens Technologies,

B.V., The Netherlands) through the MVN Analyze® software suite (v. 2021.2) at 60 Hz; in addition, video

of the experiment was recorded by a color and depth camera (Kinect 2, Microsoft, USA) at 30 fps. For

safety reasons, all participants were equipped with a safety harness attached to the ceiling (Figure 37).

3.4.3.2 Experimental Protocol

Prior to the walking trials, participants were outfitted with the full body motion capture system30 which

was calibrated per manufacturer instructions; the safety harness was then equipped with the rope length

adjusted to register a minimum of 15 cm between the knees and the treadmill belt [Okubo et al., 2019],

as illustrated in Figure 37. After instrumentation, participants were encouraged to walk on the treadmill

at their own leisure, in order to familiarize themselves with the experimental setup.

As presented in Table 6, locomotion trials included every possible combination of perturbed 1) leg (right

and left), and 2) gait event (heel strike and toe off), for 3) two treadmill inclinations (0% and 10%) and 4) two

gait velocities (1.8 and 5.4 km/h, or 0.5 and 1.5 m/s, respectively, inspired by relevant literature [Klemetti

et al., 2014; Kyrdalen et al., 2019; Quach et al., 2011]), and repeated 5) with and without perturbations31;

a total of 32 trials per participant were registered, executed in a randomized order.

During perturbation trials, at 3 random moments, a trained operator tugged the ankle rope during

29Following International Society of Biomechanics (ISB) guidelines for joint coordinate systems [Wu et al., 2002].
30A total 17 IMUs attached to lower and upper limbs, torso and head.
31Retaining the classification of perturbed leg and event (left/right, heel strike/toe off) for consistency.
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Table 6: Overview of experimental conditions in walking trials conducted with each participant, showing
all combinations of velocity, treadmill incline, perturbed leg - left (L) and right (R) - and gait event - heel
strike (HS) and toe off (TO); each trial was repeated with and without perturbations; a total of 32 trials
were conducted per participant, and executed in a blind randomized order.

Velocity Incline
Unperturbed Perturbed
Leg Event Leg Event

L R HS TO L R HS TO

1.8 km/h
0◦ • • • • • • • •
10◦ • • • • • • • •

5.4 km/h
0◦ • • • • • • • •
10◦ • • • • • • • •

heel-strike and toe-off events, causing instability comparable to a slip event [Ferreira et al., 2022]. In order

to avoid any prior bias in their biomechanical response, participants were unaware 1) if, 2) when and 3)

how often perturbations would occur; additionally, participants were instructed to focus their gaze on a

spot at roughly eye level while walking, and to try their best to recover normal gait after each perturbation

induced by the operator. Perturbation trials were stopped after roughly 10 s of stable gait following the

third perturbation, with the average trial duration ranging from 30 s to 1 min. Conversely, trials without

perturbations lasted approximately 30 s on average.

3.4.3.3 Data Processing Pipeline

Using video of the experiment, recorded data was manually labeled, with special care taken in identi-

fying, for each induced perturbation, a start sample - identifying when the operator started to pull on the

nylon rope - and end sample - first heel strike of the perturbed foot after the participant has regained steady

gait; in contrast, perturbations that did not cause any visually perceived gait alterations were ignored and

considered stable gait during analysis. At this stage, S2 and S6 were discarded due to data corruption.

Subsequently, using problem-specific heuristics, lower limb kinematics (comprising a total ofK = 18

DoFs) in each labeled trial were segmented, resampled and averaged according to the processing pipeline

illustrated in Figure 38. Specifically, kinematic patterns of the left knee flexion/extension angle q(lknee)
were submitted to a 1) thresholding step, followed by a 2) differencing operation that highlighted threshold

transitions and a 3) peak detection32 algorithm that accurately located indexes ti, i ∈ N+ corresponding

to the edges of the ith gait cycle (i.e. step) in the trial; then, in allK inputs q, each interval [ti, ti+1] was 4)

linearly interpolated at ι̂l = ti + l(ti+1−ti)/L, l ∈ {1, 2, . . . , L}, in order to obtain multiple sequences of
fixed length L, which were then 5) averaged on a sample-by-sample basis, producing reference trajectories

x̄REF, sREF ∈ RK×L with sample average and standard deviation across segmented periods in multiple

trials. Herein, participant-specific thresholds qmin were hand-tuned33 and L = 100 was fixed for all trials,

normalizing the time scale of trials at different velocities. In order to ensure reasonable segmentation

results, two hard requirements were enforced: a minimum of 9 segmented cycles per trial, and standard

32Using find_peaks function from scipy.signal Python module, with height argument as 0.7max(q(lknee)).
33As a general rule of thumb, qmin was set to a value that is intersected only once per period/gait cycle.
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DifferentiationThresholding Peak Detection

Resampling

Averaging

Segmentation

Figure 38: Conceptual flowchart of the processing steps conducted to extract fixed-length reference periods
x̄REF, sREF ∈ RK×L from periodic kinematic recordings qk, using left knee flexion/extension angle as
reference for segmentation; ιt denotes the time stamp of the tth sample, ι̂il the interpolation time stamps
in the ith cycle, qmin the knee angle threshold, and L the number of reference samples.

deviation of step duration should be below 10 samples i.e.
√

var (ti+1 − ti) ≤ 10, i ∈ N+. Trials where

these conditions were not met were discarded before the averaging step (Figure 38).

3.4.4 Memory Consolidation and Practical Validation

Under the assumption that, in the absence of perturbations and given the controlled experimental

setting, different participants exhibited similar walking patterns, inter-participant references of normal gait

were constructed from unperturbed trials of matching velocity and treadmill inclination, in a Leave-One-

Out (LOO) cross-validation scheme, as illustrated in Figure 39; in each of the 9 folds, these constitute{
x̄REF, sREF

}
associated with walking at 1) 1.8 km/h, on flat ground, at 2) 1.8 km/h, on a 10◦ incline,

at 3) 5.4 km/h, on flat ground and at 4) 5.4 km/h, on a 10◦ incline. In addition, for analysis purposes,

auxiliary global references
{
x̄GLB, sGLB

}
were constructed by pooling data from all participants, bypassing

cross-validation partitioning of the dataset.

A parallel correlation analysis was conducted on x̄GLBk in order to quantify the level of monotonic cor-

relation - if any - across theK = 18 DoFs, by means of the Spearman’s rank correlation coefficient rs; in

theory, this could allow the identification of redundant dimensions, and thus simplify memory construc-

tion, as well as inform PP sharing between different DoFs. On one hand, the proposed memory model is

grounded on the statistical independence of different sensor sources (3.3); on the other, considering the

synergistic nature of muscular behavior, which is well documented regarding lower limb movements such

as walking and running [d’Avella & Bizzi, 2005; Zandvoort et al., 2022], and the homogeneous nature of

the dataset, some degree of correlation was to be expected. In practice, while rs = 0 does not imply

statistical independence, herein it is understood to support applicability of the proposed model. To this

end, rs is calculated for each pair of rows in x̄GLB, yielding a symmetric correlation matrix C ∈ RK×K ;

row-wise averages34 of C provide an objective measure of interdimensional correlation in x̄GLB. In addi-

tion, x̄GLB was also decomposed with Non-negative Matrix Factorization (NMF)35 [Lee & Seung, 1999] for

rNMF = {1, 2, 3, 4, 5, 6} components, with the goal of assessing the level of shared information across

34Given that diag (C) = 1K , diagonal elements (autocorrelation) are excluded.
35Enforcing NMF non-negativity requirement with a prior min-max normalization step.
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Table 7: Different learning strategies (2.3.3) adopted during memory consolidation, applied separately
to x̄REF and sREF, to populate all MSj , and corresponding number of PPs, CMA-ES parameters λ and σ,
learning dimensionality n (given N = 20 and K = 18) as well as the total number of repetitions (#)
required throughout the 9 cross-validation folds, to fully consolidate {x̄REF, sREF} intoM (66).

Strategy
Parameters

n #
P λBBO σBBO

0

Isolated 18 15 50 20 2×18×9

Bulk 5 30 50 280 2×1×9

Baseline +
5

30 50
280

2×1
Tuning 20 10 2×1×9

the experimental dataset. This approach borrows from neurophysiology, where NMF has been extensively

used to identify primitives in muscular coordination [d’Avella & Bizzi, 2005], and represents a less com-

putationally intensive methodology when compared to repeated execution of the skill learning procedure

with increasing P , as adopted in Chapter 2 (2.5.1).

Employing the proposed memory model (3.3), participant-specific x̄REF and sREF were separately36

encoded into DMP multidimensional systems through the skill learning approach described in Chapter 2

(2.3.3), parametrizing Sx and Ss with θx and θs, respectively, through least-squares optimization (23 -

24). In all memories, the number of basis was fixed at N = 20 (4), and the procedure was conducted

with and without shared PPs across theK inputs, according to 3 alternative expansive learning strategies

of varying complexity, summarized in Table 7:

• Isolated ignoring shared PPs i.e. P = K (3.3), allowing each input to be approximated indepen-

dently in a total of K optimization steps of dimensionality n = N ;

• Bulk one-shot learning sharing P < K PPs, increasing dimensionality to n = 2KP +KN ;

• Two-stage learning with P < K , where a global baseline learned from
{
x̄GLB, sGLB

}
was tuned

for each participant-specific
{
x̄REF, sREF

}
, with n = 2KP +KN .

In all cases, under the adopted folding scheme (Figure 39), a perceptual library MSj was obtained

for each non-discarded participant j ∈ {1, 3, 4, 5, 7, 8, 9, 10, 11}, describing 4 different types of stereo-
typical - i.e. unperturbed - gait (Table 6). Following the implementation outlined in Chapter 2 (2.4.3),

learning was conducted with CMA-ES, manually tuned for each strategy (Table 7), prioritizing exploration

by increasing σBBO
0 when learning from scratch, and scaling λBBO according to n. Weights wn (4) and Λ

were constrained to [−1000, 1000], and, similarly, ∆ was constrained to [−π, π] (15);
In each cross-validation fold, data associated with the test participant - left out of memory construction -

was used to evaluate how accurately the proposed model was able to encode stereotypical patterns specific

to each gait type, in line with RQ2. To that end, equipped with MSj , individual test samples qt where

sequentially fed to Algorithm 4 with two practical purposes:
36Shared information between x̄REF and sREF was not explored in this study.
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Figure 39: Illustration of the Leave-One-Out (LOO) cross-validation scheme adopted in the creation of
participant-specific perceptual libraries; kinematic patterns q are sourced from trials matching velocity and
inclination in all remaining participants; segmented, interpolated and averaged according to the procedure
in Figure 54; and the resulting reference trajectories x̄REF, sREF fed, separately, to the skill learning procedure
described in Chapter 2 (2.3.3) (23 - 24). S2 and S6 were discarded due to data corruption, resulting in
a total of 9 folds for the remaining participants. As highlighted, in each fold, all trials conducted with the
skipped participant, with and without perturbation, compose the test subset.
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Figure 40: Kinematic references x̄REF± z⊤sREF, with z = 1.961K , obtained for 6 lower limb DoFs of S3.

• Gait Type Identification in unperturbed samples37, classifying them according to m in Ct;

• Detection of Perturbed Gait by locating non-stereotypical samples where Ct = ∅.

As both cases are formulated as classification problems, resulting performance is evaluated through

the sensitivity, specificity and accuracy of detection; in addition, the detection time of perturbed gait is

measured as the temporal difference between the start of perturbed gait and the closest sample classified

with a null context ∅. In all trials, dmin = 0.5, dmatch = 0.8, τs = 2.0 and z = z1K , with z = 1.9638.

For practicality, data processing and result statistical analysis were implemented in Python, comple-

menting custom code developed for interfacing with the experimental dataset and conducting LOO cross-

validation; The general-purpose C++ code developed in Chapter 2 and 3.3 provided the implementation

of the underlying dynamical systems, primitive and skill structures, as well as skill learning operations,

through high-level Python bindings, preserving computational efficiency.

3.5 Results

3.5.1 Kinematic References

Figure 40 plots an illustrative subset of participant-specific validation references x̄REF ± z⊤sREF, in

the case of S3. In all depicted sensor dimensions - denoting lower limb DoFs - kinematic trajectories

exhibited considerable similarity, relatively low variance - negligible in localized segments, as seen in foot

abduction/adduction angles - and a consistent half-period i.e. L/2 = 50 sample delay between left and

37Denoting samples in trials without perturbation, as well as samples before and after perturbations in trials with perturbation.
38Under the normality assumption (3.3), enclosing 95% of observed variations in measurement.
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Figure 41: Global x̄GLB ± z⊤sGLB and participant-specific x̄REF ± z⊤sREF kinematic references, with z =
1.961K , obtained for 3 lower limb DoFs of S9 in 1.8 km/h walking at 10º incline.

right leg DoFs. Relevant variations between gait modalities were present in the form of higher amplitudes

in knee flexion/extension and foot abduction/adduction for the faster 5.4 km/h gait, coupled with later

and earlier peaks in each case, respectively; and positive amplitude offsets in knee flexion/extension and

ankle dorsiflexion/plantarflexion when walking on a 10◦ incline, constant across the whole movement in

the latter. For comparison purposes, Figure 41 presents x̄GLB, in the case of walking at 5.4 km/h on a 10◦

incline, overlaid with the previous references for S3. Similarity between trajectory shapes was evident, as

well as a recurring overlap between both confidence bands; on the other hand, both a marked amplitude

offset (as much as 5◦ in the case of right ankle abduction/adduction) and slightly narrower confidence

bands (notable in right knee flexion/extension), were observed.

Regarding the preliminary descriptive analysis of the experimental dataset, correlation matrices C

are depicted in Figure 42, with DoF-specific averages listed in Table 839. With the exception of moderate

correlation between knee flexion/extension, knee internal/external rotation, ankle internal/external rotation

and ankle abduction/adduction in both legs, all remaining DoFs exhibited weak correlation, with a global

average r̄s of 0.373, suggesting weak interdimensional correlation across the dataset. When employing

NMF to factorize of x̄GLB, reconstruction Variance Accounted For (VAF) was found to increase with rNMF;

with a threshold of 0.9, at least rNMF = 3 components were required to accurately reconstruct global

references (Figure 43). Based on Chapter 2 (2.3.2), for N = 20 basis and given K = 18, effective

dimensionality reduction is achieved at P ≤
⌊

KN
2K+N

⌋
≤ 6. As such, and informed by physiological

and kinesiological studies of human locomotion [d’Avella & Bizzi, 2005; Ivanenko et al., 2005], P = 5

primitives were assumed to describe the perceptual references with marginal error; in practice, this entails

a dimensionality reduction of ∼22%, when compared to the conventional DMP structure i.e. P = K.

The complete set of kinematic references, for all 9 non-discarded participants, is available in Appendix C:

Stereotypical Kinematics in Human Locomotion.

39Values 0.20-0.39 generally imply weak correlation, while the 0.40-0.59 range impliesmoderate correlation [Akoglu, 2018].
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Figure 42: Illustration of Spearman’s rank correlation rs between different dimensions in different walking
modalities; values closer to 1 and -1 imply greater correlation between different dimensions.

Table 8: Average magnitude of Spearman’s rank correlation coefficient computed for each dimension in
different walking modalities; higher values imply greater average pairwise rank correlation magnitude |rs|.

k
1.8 km/h 5.4 km/h

Avg.
0◦ 10◦ 0◦ 10◦

1 L Knee Flexion/Extension 0.412 0.519 0.356 0.419 0.426
2 L Knee Abduction/Adduction 0.234 0.278 0.250 0.262 0.256
3 L Knee Internal/External Rotation 0.490 0.570 0.415 0.488 0.491
4 L Ankle Abduction/Adduction 0.490 0.533 0.388 0.445 0.464
5 L Ankle Internal/External Rotation 0.490 0.539 0.419 0.353 0.450
6 L Ankle Dorsiflexion/Plantarflexion 0.313 0.458 0.367 0.418 0.389
7 L Ball Foot Abduction/Adduction 0.242 0.257 0.306 0.303 0.277
8 L Ball Foot Internal/External Rotation 0.295 0.165 0.218 0.227 0.226
9 L Ball Foot Flexion/Extension 0.293 0.223 0.368 0.330 0.303
10 R Knee Abduction/Adduction 0.298 0.448 0.162 0.376 0.321
11 R Knee Internal/External Rotation 0.500 0.567 0.434 0.440 0.485
12 R Knee Flexion/Extension 0.357 0.538 0.306 0.416 0.404
13 R Ankle Abduction/Adduction 0.478 0.555 0.370 0.437 0.460
14 R Ankle Internal/External Rotation 0.483 0.551 0.410 0.382 0.457
15 R Ankle Dorsiflexion/Plantarflexion 0.326 0.507 0.297 0.429 0.390
16 R Ball Foot Abduction/Adduction 0.289 0.287 0.316 0.331 0.306
17 R Ball Foot Internal/External Rotation 0.331 0.253 0.336 0.239 0.290
18 R Ball Foot Flexion/Extension 0.371 0.261 0.367 0.283 0.320

0.372 0.417 0.338 0.365 0.373
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Figure 43: Variance Accounted For (VAF) between original and reconstructed patterns obtained when
factorizing q with rNMF ∈ {1, 2, 3, 4, 5, 6} components; higher values imply better reconstruction quality;
VAF ≥ 0.9 was assumed to represent an accurate reconstruction.

3.5.2 Memory Consolidation

Figure 44 depicts the evolution of J(θ, x̄REF) and J(θ, sREF) (23) and the respective convergence

times Iconvx and Iconvs with different learning strategies (Table 7) during expansive learning of MS7, in the

specific case of 5.4 km/h walking on a 0◦ incline (M3, Figure 39). Convergence was achieved noticeably

faster with the isolated strategy, at around 300 k and 250 k generations40 respectively. In contrast, learning

the full set of P = 5 PPs from scratch in both the bulk approach and the initial baseline learning in the two-

stage strategy registered highest Iconvx and Iconvs , at roughly 450-500 k, while tuning the learned baseline

to each test subset required approximately 350 k generations in both cases, with considerably smaller

initial costs and flatter decrease in cost. Table 9 presents global averages across all cross-validation

folds i.e. all 9 non-discarded participants; similar trends were observed i.e. lower compound costs and

convergence times in the isolated approach, and increasingly higher values in tuning, baseline and bulk

strategies, highlighting the association between learning performance, problem dimensionality and level

of prior information. In both x̄REF and sREF, at α = 0.05, statistically significant41 decreases in cost and

convergence time were observed between the isolated strategy and the alternatives (p < .00001 in all

cases); similarly, tuning also converged significantly faster than baseline and bulk learning (p < .00001

in all cases); on the other hand, no statistical significant difference was observed between final costs

obtained with the bulk and two-stage strategies (p = 0.647 and p = 0.058).

Overall, J(θ, sREF) was lower than J(θ, x̄REF) for the same walking modality and learning strategy.

Higher averages registered, in general, slightly smaller average convergence times, possibility a result of

premature convergence; this was particularly evident in 5.4 km/h walking on a 0◦ incline. Nonetheless,

estimated errors per reference sample ex and es were below 0.1◦ and 0.5◦, respectively, in all walking

velocities, treadmill inclines and learning strategies (Table 9). Likewise, measured VAF was ≥ 0.88 in all

cases, supporting the general observation that memory consolidation was consistently accurate regardless

40With each optimization step conducted sequentially; concurrent/parallel learning was not explored.
41Using Welch’s two-tailed two-sample t-test.
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of learning strategy and trial variables; isolated learning achieved lowest errors per sample (as low as 0.02◦)

and highest VAF at 1.0, implying a perfect or near-perfect reconstruction of reference trajectories x̄REF and

sREF. This is illustrated in Figure 45 for the specific case of S3 walking at 1.8 km/h on a 0◦ incline; despite

high VAFx and VAFs, as well as low ex and es, localized deviations were observed when sREF is near 0, as is

the case of left and right foot abduction/adduction. In contrast, a greater overlap between all trajectories

was achieved for both knee flexion/extension inputs.

For comparison purposes, Figure 46 illustrates the set of P = 5 PPs shared across the K = 18

inputs in the case of S3 and S8; notably, all PPs exhibited highly erratic and fluctuating patterns, in line

with the resulting trajectories in Figure 45; on the other hand, some degree of similarity can be seen

between participants, hinting at potential inter-participant PPs sharing. Lastly, individual values in Λ were

generally small, contrasting with the higher amplitude ranges [−150, 150] in f p, while∆ were noticeably

closer to preset bounds [−π, π].
The complete set of learning results, for all 9 non-discarded subjects, is available in Appendix C:

Stereotypical Kinematics in Human Locomotion.

3.5.3 Gait Classification

Table 10 presents detection sensitivity, specificity and accuracy measures obtained when employ-

ing Algorithm 4 in each cross-validation fold i.e. with participant-specific memory libraries MSj , j ∈
{1, 3, 4, 5, 7, 8, 9, 10, 11}. Generally, sensitivity was found to decrease with velocity and incline, despite
varying considerable between participants, with global averages ranging from roughly 0.5 to>0.8, as well

as standard deviation >0.1 in all walking modalities. A noted low sensitivity was measured for 5.4 km/h

walking at 10◦ incline in specific participants, with S3, S4 and S10 lowering the global average to 0.54. In

contrast, very high specificity was observed in all cases, averaging≥0.94 with a standard deviation≤0.07
across different gaits; similarly, high accuracy42 was observed in all gait types - with averages≥0.87 and

standard deviation ≤0.05. Global averages of 0.70±0.17, 0.96±0.04 and 0.89±0.04 were obtained for
sensitivity, specificity and accuracy respectively, implying a highly specific detection with regard to walk-

ing modality, with the perceptual memory model (3.3) able to uniquely encode stereotypical perceptual

patterns, and attesting to the practical effectiveness of Algorithm 4 in gait classification.

3.5.4 Detection of Non-Stereotypical Gait

Analogous classification metrics obtained in the detection of perturbed - or otherwise non-stereotypical

- walking are presented in Table 11 for different walking modalities, and in Table 12 for different types of

perturbation (3.4.3.2). While, in general, performance was worse than in gait classification, in all cases

average accuracy was ≥0.76, with a global average of 0.79. Similar to the previous problem, higher

specificity than sensitivity was registered, with values ranging from 0.77 to 0.91 in the first case and 0.50

to 0.73 in the second. An increase in specificity and accuracy variance was observed between different

42Due to a high negative-to-positive ratio in the dataset in classification, accuracy is greatly influenced by specificity values.
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Figure 44: Evolution of J(θ, x̄REF) (Top) and J(θ, sREF) (Bottom) (23) during memory consolidation
with the skill learning procedure (Chapter 2, 2.3.3) with S7 walking at 5.4 km/h and a 0◦ incline under
different learning strategies (Table 7); in the isolated learning case, dimension-specific costs Jk(θ, x̄REF)
are sequentially compounded; final values presented in Table 9.
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Table 9: Memory consolidation results across all 9 cross validation folds, including convergence time Iconv,
final costs J(θbest, x̄REF) and J(θbest, sREF), estimated errors per sample êx = 1/KL×J(θbest, x̄REF) and
ês = 1/KL× J(θbest, sREF), and measured VAFx and VAFs, with different learning strategies (Table 7).

Velocity Incline Iconvx J(θbest, x̄REF) êx VAFx

Is
ol
at
ed 1.8 km/h

0◦ 305.10±9.20 k 93.46±4.23 0.05 1.00±0.00
10◦ 303.59±7.61 k 67.31±3.38 0.04 1.00±0.00

5.4 km/h
0◦ 298.91±16.69 k 141.93±4.95 0.08 1.00±0.00
10◦ 296.94±17.44 k 127.74±5.46 0.07 1.00±0.00

B
ul
k 1.8 km/h

0◦ 485.46±14.29 k 536.02±93.05 0.30 0.89±0.02
10◦ 479.38±7.34 k 450.60±45.25 0.25 0.91±0.02

5.4 km/h
0◦ 438.97±109.61 k 743.26±217.18 0.41 0.90±0.02
10◦ 479.05±4.86 k 608.54±56.86 0.34 0.90±0.03

Tw
o-
st
ag

e

B
as
el
in
e 1.8 km/h

0◦ 472.77 k 503.42 0.28 0.92
10◦ 484.17 k 446.49 0.25 0.93

5.4 km/h
0◦ 481.08 k 591.22 0.33 0.91
10◦ 488.04 k 475.46 0.26 0.90

Tu
ni
ng

1.8 km/h
0◦ 351.34±4.62 k 542.10±54.65 0.30 0.89±0.01
10◦ 352.01±4.39 k 449.86±60.79 0.25 0.92±0.02

5.4 km/h
0◦ 347.09±4.49 k 699.78±71.89 0.39 0.88±0.02
10◦ 353.00±6.09 k 585.49±63.14 0.33 0.90±0.02

Velocity Incline Iconvs J(θbest, sREF) ês VAFs

Is
ol
at
ed 1.8 km/h

0◦ 244.14±9.59 k 35.98±3.08 0.02 1.00±0.00
10◦ 251.86±10.99 k 34.85±1.98 0.02 0.99±0.00

5.4 km/h
0◦ 233.98±12.69 k 42.71±1.65 0.02 0.99±0.00
10◦ 234.82±12.36 k 38.96±2.13 0.02 1.00±0.00

B
ul
k 1.8 km/h

0◦ 489.43±9.75 k 102.83±12.53 0.06 0.96±0.01
10◦ 487.59±7.90 k 101.88±14.65 0.06 0.95±0.01

5.4 km/h
0◦ 483.90±11.46 k 121.05±11.50 0.07 0.95±0.01
10◦ 487.57±5.72 k 99.64±11.27 0.06 0.95±0.01

Tw
o-
st
ag

e

B
as
el
in
e 1.8 km/h

0◦ 490.11 k 101.59 0.06 0.96
10◦ 477.81 k 116.23 0.06 0.95

5.4 km/h
0◦ 499.47 k 108.43 0.06 0.96
10◦ 486.78 k 88.80 0.05 0.97

Tu
ni
ng

1.8 km/h
0◦ 358.66±4.53 k 114.60±10.59 0.06 0.95±0.01
10◦ 361.31±5.30 k 108.46±12.13 0.06 0.94±0.02

5.4 km/h
0◦ 356.14±5.41 k 128.57±16.39 0.07 0.94±0.02
10◦ 361.36±4.64 k 102.69±9.27 0.06 0.96±0.01
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Figure 45: Comparison between original references {x̄REF, sREF} (Figure 40) and trajectories learned with
the isolated (no shared PP, P = 18) and two-stage (P = 5) strategies (Table 7), for 6 lower limb DoFs of
S3 during walking at 1.8 km/h on a 0◦ incline.
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Figure 46: Resulting set of P = 5 PPs and skill Sx (16, 66) describing x̄REFlearned with the two-stage
strategy (Table 7) for walking at 1.8 km/h on a 0◦ incline with S3 (Top) and S7 (Bottom); dimension
labels are provided in Table 8.
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Table 10: Classification metrics (sensitivity, specificity and accuracy) of context identification using Algo-
rithm 4 with participant-specific perceptual libraries MSj , as well as global averages (± std. deviation).

Velocity Incline
Participant

Average
S1 S3 S4 S5 S7 S8 S9 S10 S11

Se
ns
iti
vi
ty 1.8 km/h

0◦ 0.93 0.72 0.82 0.82 0.96 0.98 0.94 0.98 0.57 0.84 ± 0.14
10◦ 0.81 0.89 0.56 0.54 0.53 0.92 0.80 0.95 0.54 0.66 ± 0.22

5.4 km/h
0◦ 0.96 0.74 0.91 0.94 0.86 0.67 0.97 0.73 0.78 0.78 ± 0.13
10◦ 0.81 0.23 0.45 0.82 0.62 0.44 0.92 0.38 0.46 0.54 ± 0.21

0.70 ± 0.17

Sp
ec
ifi
ci
ty 1.8 km/h

0◦ 0.98 0.99 0.83 0.98 0.97 0.92 0.99 0.90 0.99 0.94 ± 0.06
10◦ 0.96 0.86 0.99 0.99 1.00 0.87 1.00 0.91 0.99 0.94 ± 0.07

5.4 km/h
0◦ 0.97 0.95 0.94 0.94 0.99 1.00 0.99 1.00 0.97 0.97 ± 0.03
10◦ 0.97 0.99 0.94 0.94 0.98 1.00 0.96 0.99 0.99 0.97 ± 0.03

0.96 ± 0.04

Ac
cu
ra
cy 1.8 km/h

0◦ 0.96 0.94 0.82 0.94 0.97 0.93 0.98 0.91 0.87 0.92 ± 0.05
10◦ 0.92 0.87 0.87 0.88 0.88 0.88 0.95 0.92 0.87 0.87 ± 0.04

5.4 km/h
0◦ 0.97 0.90 0.94 0.94 0.96 0.92 0.98 0.93 0.92 0.92 ± 0.03
10◦ 0.93 0.75 0.81 0.91 0.89 0.86 0.95 0.84 0.90 0.87 ± 0.05

0.89 ± 0.04
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Figure 47: Illustration of the gait classification procedure (3.4.4) in a trial with S4 at 5.4 km/h on a 10◦

incline, with two perturbations during left heel strike (□, 3.4.3.2); captured lower limb kinematics q are
used as perceptual input x∗; upper and lower edges indicate perceptual memory in Ct (70) when Ct ̸= ∅
(Algorithm 4); detection matches at P0 and P1, respectively 16 ms after and 16 ms before ground truth,
corresponding to 1 sample, at a sampling frequency of 60 Hz.
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Table 11: Classification metrics (sensitivity, specificity and accuracy) and detection time (s) obtained in
the detection of perturbed walking using Algorithm 4 with participant-specific perceptual librariesMSj , as
well as global averages (± std. deviation), grouped by walking velocity and terrain incline.

Velocity Incline
Participant

Average
S1 S3 S4 S5 S7 S8 S9 S10 S11

Se
ns
iti
vi
ty 1.8 km/h

0◦ 0.40 0.14 0.57 0.54 0.45 0.58 0.27 0.45 0.49 0.50 ± 0.22
10◦ 0.49 0.64 0.59 0.61 0.83 0.33 0.69 0.71 0.54 0.60 ± 0.18

5.4 km/h
0◦ 0.43 0.81 0.65 0.65 0.54 0.69 0.67 0.74 0.76 0.73 ± 0.18
10◦ 0.49 0.25 0.91 0.83 0.56 0.45 0.84 0.46 0.82 0.70 ± 0.21

0.63 ± 0.20

Sp
ec
ifi
ci
ty 1.8 km/h

0◦ 0.95 0.97 0.95 0.97 0.96 0.96 0.94 0.91 0.97 0.91 ± 0.13
10◦ 0.96 0.85 0.95 0.93 0.96 0.97 0.88 0.78 0.89 0.78 ± 0.20

5.4 km/h
0◦ 0.91 0.91 0.93 0.89 0.85 0.94 0.88 0.91 0.95 0.81 ± 0.21
10◦ 0.96 0.93 0.72 0.93 0.80 0.77 0.75 0.78 0.66 0.77 ± 0.13

0.82 ± 0.17

Ac
cu
ra
cy 1.8 km/h

0◦ 0.91 0.85 0.92 0.86 0.91 0.89 0.87 0.79 0.90 0.86 ± 0.10
10◦ 0.92 0.81 0.91 0.89 0.95 0.87 0.85 0.78 0.82 0.76 ± 0.16

5.4 km/h
0◦ 0.83 0.89 0.91 0.86 0.83 0.91 0.81 0.88 0.92 0.80 ± 0.15
10◦ 0.91 0.83 0.74 0.91 0.76 0.71 0.76 0.69 0.72 0.76 ± 0.09

0.79 ± 0.13

D
et
.
Ti
m
e 1.8 km/h

0◦ 0.02 0.07 -0.02 0.06 0.02 -0.01 0.02 -0.14 -0.02 -0.01 ± 0.09
10◦ -0.03 -0.07 -0.07 0.08 0.03 0.23 -0.02 -0.23 -0.09 -0.02 ± 0.14

5.4 km/h
0◦ 0.07 -0.01 0.01 0.01 0.00 0.06 -0.10 -0.10 -0.04 -0.01 ± 0.07
10◦ -0.04 -0.07 -0.14 0.03 -0.01 0.00 -0.01 -0.01 -0.19 -0.06 ± 0.09

-0.03 ± 0.09
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Table 12: Classification metrics (sensitivity, specificity and accuracy) and detection time (s) obtained in
the detection of perturbed walking using Algorithm 4 with participant-specific perceptual librariesMSj , as
well as global averages (± std. deviation), grouped by type of perturbation.

Leg Event
Participant

Average
S1 S3 S4 S5 S7 S8 S9 S10 S11

Se
ns
iti
vi
ty R

TO 0.40 0.49 0.43 0.487 0.45 0.83 0.54 0.56 0.45 0.60 ± 0.23
HS 0.14 0.64 0.81 0.246 0.33 0.45 0.36 0.70 0.53 0.55 ± 0.24

L
TO 0.57 0.59 0.65 0.908 0.58 0.69 0.69 0.84 0.49 0.68 ± 0.18
HS 0.54 0.61 0.65 0.828 0.27 0.71 0.67 0.46 0.72 0.69 ± 0.21

Sp
ec
ifi
ci
ty R

TO 0.95 0.96 0.91 0.96 0.96 0.96 0.85 0.80 0.91 0.83 ± 0.15
HS 0.97 0.85 0.91 0.93 0.97 0.77 0.93 0.75 0.96 0.83 ± 0.14

L
TO 0.95 0.95 0.93 0.72 0.96 0.88 0.94 0.75 0.97 0.81 ± 0.19
HS 0.97 0.93 0.89 0.93 0.94 0.78 0.88 0.78 0.76 0.79 ± 0.21

Ac
cu
ra
cy R

TO 0.91 0.92 0.83 0.91 0.91 0.95 0.83 0.76 0.79 0.81 ± 0.13
HS 0.85 0.81 0.89 0.83 0.87 0.71 0.83 0.74 0.90 0.79 ± 0.11

L
TO 0.92 0.91 0.91 0.74 0.89 0.85 0.91 0.76 0.90 0.80 ± 0.15
HS 0.86 0.89 0.86 0.91 0.87 0.78 0.81 0.69 0.75 0.78 ± 0.15

D
et
.
Ti
m
e

R
TO 0.02 -0.04 0.07 -0.04 0.02 0.03 0.00 -0.01 -0.14 -0.01 ± 0.08
HS 0.07 -0.07 -0.01 -0.07 0.23 0.00 0.13 0.08 0.17 0.07 ± 0.12

L
TO -0.02 -0.07 0.01 -0.14 -0.01 -0.02 0.06 -0.01 -0.02 -0.03 ± 0.07
HS 0.06 0.08 0.01 0.03 0.02 -0.23 -0.10 -0.01 -0.08 -0.02 ± 0.11
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participants, with global averages of 0.13. Once again, treadmill incline was found to have a relevant

impact on detection performance, with 10◦ walking exhibiting lower sensitivity and specificity - reflected in

lower overall accuracy - than 0◦ walking; conversely, higher sensitivity and lower specificity were measured

in 5.4 km/h walking when compared with slower 1.8 km/h walking, suggesting that in faster locomotion,

deviations from normal gait were more effectively identified. Metrics were generally consistent between

different types of perturbations, although with a noted sensitivity increase during left leg events (Table 12).

Measured detection times were generally short, often<0, denoting detections that occurred ahead of

time i.e. before the ground truth marker in the dataset; on the other hand, high variance was registered

between subjects and trials, with standard deviations above average detection time, implying that detection

regularly occurred after affecting gait; nevertheless, these values were still ≤0.14, with a global average

detection time of -0.03 s, representing - at most - a short delay with minimal impact in the majority

of practical scenarios. A decrease in detection time was also observed in 5.4 km/h gait, in line with the

increased sensitivity (0.70-0.73) in Table 11. Conversely, substantial detection delays were observed in the

case of perturbations induced during right heel strike (Table 12); S7, S9 and S11, in particular, registered

averages of 0.14, 0.13 and 0.17 s respectively, contrasting with values <0 obtained for perturbations

induced at right toe off and left leg events. Globally, Algorithm 4 was able to consistently identify gait

perturbations from 0.11 s before to 0.06 s after noticeable impact to sensor patterns, while, on average,

detection occurs 0.03 s ahead of time. Figure 47 depicts the detection procedure in a specific trial, wherein

both accurate gait classification and detection of perturbed walking is illustrated.

Full classification results are provided in Appendix C: Stereotypical Kinematics in Human Locomotion.

3.6 Discussion

The cross-validation strategy (3.4) employed in this study allowed an objective evaluation of the per-

formance and practicability of the perceptual memory model (3.3) within the constraints of a real-world

dynamic task, and demonstrated how such episodic memories, when combined with primitive theory and

powerful practical frameworks i.e. DMPs, provide a flexible and robust way to model perception in artificial

automated systems. Within the context of human locomotion analysis, walking modality - velocity and

terrain inclination - was accurately detected using the practical algorithms described in 3.3.2, as were

transient gait disturbances induced during the experimental protocol.

The kinematic references x̄REF (Figure 40) obtained for the different types of gait reproduced in the

experimental trials were within expectations: on one hand, a higher amplitude implies a greater range

of motion and consequently larger steps, in line with faster walking; on the other, a positive offset, while

preserving the overall motion shape, in DoFs of joints operating on the sagittal plane - knee flexion/ex-

tension and ankle dorsiflexion/plantarflexion - is characteristic in forward incline walking. In addition, this

phenomenon was more pronounced in the ankle than the knee or foot joints, suggesting such terrain

alterations to be accommodated primarily at the ankle. Overall, beyond the uniformity and periodicity of

recorded kinematics qk, the morphological similarity and temporal synchronicity observed across different

x̄REF, coupled with the overall relatively low variance of sREF, attest to the the uniformity and periodicity of
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the movement, as well as the accuracy and efficiency of the data processing procedure (3.4.3.3), particu-

larly the segmentation stage; notwithstanding the heuristic nature of the approach, these results suggest

its applicability can extend beyond the current dataset, to generalized segmentation of periodic and stereo-

typical patterns. Conversely, despite preserving the overall trajectory shape, some disparities were noted

between global and participant-specific references (Figure 41), in the form of variations in amplitude offset

- illustrated in the right ankle abduction/adduction angle - accompanied by a slight decrease in variability

- specifically notable in right knee flexion/extension; while the latter was expected when considering the -

albeit marginally - smaller data pool used during LOO cross-validation, these suggest that human walking,

even when executed in a controlled supervised environment, at a fixed velocity and incline, still exhibits

subjective nuances that may be difficult to encode in inter-participant memories.

Overall, despite the offline nature of the approach described in this chapter,
{
x̄REF, sREF

}
can be

seen as time-invariant working memories of a specific gait type, capturing the stereotypical nature of the

underlying motion across multiple repetitions; this parallel with human perception is particularly fitting in

situations where input q represents some form of a short-term data buffer, as is common in real-time robotic

control. On the other hand, beyond the practical drawbacks associated with a discretized representation,

directly storing x̄REF and sREF as indexed sequences would require, in practice, at least 2L = 200 values to

be archived, which may pose a practical challenge when dealing with extensive and continuously growing

perceptual libraries.

The preliminary analysis conducted on x̄GLB demonstrated relatively weak correlation among different

perceptual inputs (Figure 42, Table 8), which, despite not expressly implying statistical independence,

reinforces the applicability of the perceptual model in this particular dataset, while still hinting at the

existence of elemental primitives that can be shared without loss of accuracy in representation. This was

evident during the factorization step, where as few as rNMF = 3 components were sufficient to describe

x̄GLB with over 90% accuracy; although this value could not be directly translated into a number of shared

PPs, due to incorporation of DMP dynamics, it illustrated the potential dimensionality reduction achievable

with a PP-based representation. Moreover, it aligns with the results obtained in Chapter 2 (2.5.1), where

P = 3 MPs were able to efficiently reproduce bipedal walking. In contrast, P = 5 PPs represented

an over-conservative approach; on the other hand, it allowed a more robust and flexible representation of

the perceptual input, at the cost of introducing some level of redundancy. Within the context of RQ2, the

primary objective of this study was to ascertain the capability of the dynamic model to encode stereotypical

patterns, rather than to minimize dimensionality and optimize data efficiency. Nonetheless, it’s highlighted

that further simplification could have been achieved with P = 3 or P = 4. Additionally, given the nature

of the experiment and the modality of the recorded data, an overlap between any observed PPs and natural

MPs in human locomotion is plausible; notwithstanding, a general, high-level view of artificial perception

frames body kinematics - whether external or self-perceived - as sensor input, which is relevant in dynamic

environments shared between humans and machines.

All of the 3 learning strategies (Table 7) employed during memory consolidation were successful at

encoding reference patterns to varying degrees of accuracy and efficiency (Table 9), as illustrated in Fig-

ure 45. Following a divide-and-conquer approach through isolated optimization subproblems produced the
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best results, both in terms of convergence time and solution quality, when compared to the alternatives.

This is in line with the significant decrease in n - from a total of 2KP + PN to N (3.4.4) - achieved by

fitting each dimension separately; this simplification was specially effective when taking into account the

computational overhead of each update in CMA-ES, which scales according to n3 [Hansen et al., 2003;

Hansen & Ostermeier, 2001]; moreover, while not adopted in this work, the independent nature of each

optimization step allows concurrent execution for all K inputs, further streamlining memory consolida-

tion. On the other hand, the isolated approach disregarded the presence of shared PPs among perceptual

inputs, making the PP-based structure of the model redundant, and decreasing storage efficiency43, when

compared to alternatives defined over a reduced number of PPs. As such, isolated learning is viewed

as a practically efficient but ultimately conceptually limited strategy to consolidate {x̄REF, sREF} into per-
ceptual memoriesMm, whereby existing knowledge contributes relatively little to memory acquisition;

notwithstanding, it represents a fast and straightforward solution to exploit the perceptual model (3) and

practical methods (3.3.2) under temporal constraints or limited computational resources; more intricate

cognitive strategies can implement methods for further reconsolidation or refinement of learned memories

e.g. identifying shared PPs across memories in M (65), following an initial isolated approach.

Regarding the strategies where P = 5, both bulk learning of MSj and the initial baseline step in the

two-stage strategy (Table 7) registered, as expected, similar performance, as the underlying optimization

steps - in terms of priors (or their absence), parametrization and dimensionality - were effectively identical.

Resulting discrepancies can be assumed to have been caused by data variations - as highlighted in Fig-

ure 41 - or by stochasticity introduced by the learning algorithm. In the latter case, tuning the global baseline

to participant-specific references in each cross-validation fold was shown to be achieved significantly faster

(Figure 44, Table 9). In practice, decreasing exploration and focusing on local small-step updates led to

a flatter decline in J(θ, x̄REF) and J(θ, sREF), but the lower initial costs allowed optimization to converge,

on average, after around 350 k generations, close to the values registered for the isolated strategy. This

reinforces the practical appeal of guiding optimization with a priori information; extending this notion to

autonomous L2 systems, analogous baselines can be provided by similar (69) existing memories, and the

tuning procedure can gradually be replaced with intrinsic learning (n = 2KP , 2.3.3) as M grows, favor-

ing extrapolating from similar experiences over learning new PPs. When looking for a reasonable trade-off

between learning dimensionality, representation versatility and computational efficiency, it is understood

that while PP-sharing strategies increase the complexity of memory acquisition during expansive learning

i.e. early cognitive stages, they constitute powerful long-term alternatives in continually growing perceptual

archives, by exploiting existing information and providing more data-efficient representations.

Figure 45 highlights the accuracy of the consolidation procedure, with a consistent overlap between

reference patterns and learned DMP trajectories. In the particular case of two-stage learning of foot ab-

duction/adduction (k = 9, 18) in S3, local inaccuracies in flatter, null-amplitude segments of x̄ align with

increased λ2
9, λ

5
9 and λ

2
18 inΛ, as well as the high-frequency nature of f p (Figure 46, Top). The latter can

be explained by N = 20, which leads to a higher variability in possible shapes, despite allowing higher

trajectory resolution; the former, despite suggesting premature convergence to suboptimal solutions, did

43With P = K, at least KN = 360 values need to be archived, in contrast with 2KP + PN = 280 with P = 5.
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not exceed 1◦ over the whole period, in line with estimated errors per sample and measured VAF (Table 9).

Generally, these variations agree with variable ranges of motion in different DoFs: the cumulative nature

of the cost function (23) entails that inputs with greater amplitude drive optimization, resulting in varying

accuracy across different dimensions; normalizing x̄ and s prior to learning44 can help mitigate this issue.

Ultimately, it would allow one-shot memory consolidation by extending (23) to:

J⋆
(
θ, x̄REF, sREF

)
= J

(
θ, x̄REF

)
+ J

(
θ, sREF

)
(71)

Notably, elements in ∆ were notably close to preset bounds [−π, π] (Figure 46), suggesting over-

estimation and excessive step sizes during optimization, as a result of the largely unbalanced parameter

ranges. In fact, heterogeneous parameter sets such as θ = [W,Λ,∆]⊤ (2.3.3) generally require normal-

ization (or alternative transformations e.g. logarithmic scaling) [Deb, 2011; Hansen, 2016]; overlooking this

step risks making learning ∆ redundant in most composite learning strategies beyond sequential learn-

ing where it’s the sole target of optimization. It should also be noted that the learning procedure was

hand-tuned through trial-and-error until reasonable results were consistently achieved; different parame-

ter sets can provide better results, with a more comprehensive benchmark required for optimal perfor-

mance [Hansen, 2016]. Furthermore, Algorithm 3, 4 and 5 are independent of the learning strategy and

underlying structure i.e. a fixed number of sensor dimensions K was assumed for each memory in M,

regardless of primitive sharing (3.3.2). Lastly, some level of similarity was observed between f p obtained

for S3 and S7, as evidenced in Figure 46, suggesting the sharing of PPs among different participants, in

line with rNMF ≤ 3 (Figure 43) and the nature of the movement [d’Avella & Bizzi, 2005] i.e. described with

a reduced number of locomotor MPs.

Gait type identification posed a challenging problem due to the overall similarity and frequent overlap

between nominal ranges across different walking modalities (Figure 40). This likely explains the moderate

sensitivity measured, decreasing with velocity and incline (Table 10); it is therefore hypothesized that,

at higher velocities, it becomes more difficult to identify specific perceptual contexts, although without an

increase in false detections, as evidenced by high specificity regardless of gait type; while this was expected

due to the added instability of faster gait, increasing zk (68) may constitute a way to counterbalance this

effect, or potentially increasing detection sensitivity at the cost of lower specificity. In practice, zk can

be set in order to fit different application requirements and/or constraints. Overall, the achieved results

describe a highly specific detection in regard to gait type, where small deviations from nominal sensor input

were sufficient to trigger a null match i.e. Ct = ∅, which can be relevant in identification of obstacles or

disturbances; nevertheless, the detection algorithm was still able to consistently identify a valid memory

throughout the majority of the trials; with a global accuracy average of 0.89, it can be concluded that the

perceptual model was able to uniquely encode stereotypical perceptual patterns in different gait conditions;

moreover, the effectiveness of Algorithm 4 in gait classification is highlighted.

In line with these results, an average accuracy of 0.79 was obtained in the alternative detection of

perturbed walking, despite slightly lower sensitivity and specificity values (Table 11). Higher sensitivity and

44Followed by dimension-specific rescaling post-optimization.
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lower specificity were measured in 5.4 km/h walking, suggesting that in faster locomotion, deviations from

normal gait were more effectively identified; this can potentially be seen as a byproduct of lower sensitivity

of context detection in such scenarios, as perturbations are assigned in the absence of matching memories,

thus expected to follow an inverse trend. On the other hand, despite fast detection in different velocities,

inclines and types of perturbation (Table 11, Table 12), the procedure employed to quantify detection

times is dependent on labeled ground truth information in the data, thus limited to supervised validation

scenarios; practical solutions to automate this detection are needed, such as enforcing a minimum time-

or sample-based threshold, as previously implemented in similar works [André et al., 2016b]. In practice,

advance detections can be caused anticipatory movements by the participant, noise in sensor data, or,

potentially, delays on ground-truth perturbation time stamps, expected to some extent given the visual

nature of the labeling procedure (3.4.3.2). Overall, despite the general nature of the approach, it was

able to accurately and timely detect perturbed or non-stereotypical gait, with performance on par with

automated alternatives in the literature [Mioskowska et al., 2020; Monaco et al., 2017; Trkov et al., 2017].

On top of these results, an answer to RQ2 can be objectively formulated: repurposing versatile

primitive-based motor control frameworks such as DMPs allows stereotypical perceptual information to

be encoded into compact, data-efficient and time-invariant episodic memories, as well as accommodate

for PPs shared across different dimensions, memories and systems. This is achieved though coupled

multidimensional DMP systems capturing sensor variability across multiple repetitive episodes.

3.7 Conclusion

This study proposed a generic, amodal, data-driven and dynamical-system-based model to represent

stereotypical perceptual patterns through episodic memories, repurposing the control structure presented

in Chapter 2, and exploiting several of the appealing traits of the DMP framework such as time invariance,

dynamical stability and parameter linearity. Notably, its high-level modular structure allows PPs to be

shared among different dimensions and memories, which can ultimately accelerate memory formation

and consolidation, on top of simplifying representation. Practical approaches to memory acquisition based

on LfD strategies, as well as straightforward algorithms for perceptual context identification are introduced

and validated on an experimental dataset of human locomotion (3.4.3.2). Results demonstrate that the

proposed solutions were not only able to identify gait type (velocity and inclination) with high accuracy,

but also deviations from nominal or stereotypical behavior in a timely fashion, understood to be crucial in

real-time applications where corrective or mitigating measures need to be undertaken.

In essence, this work constitutes a valuable foundation for automated sensor-driven strategies ranging

from simple monitoring problems (as demonstrated herein) to complex control scenarios that require

effective perceptuomotor coupling, particularly when coupled with the control strategy introduced in the

previous chapter; moreover, it is built upon insights from biological organisms and exhibits key features

of the Lifelong Learning paradigm [Kudithipudi et al., 2022], such as 1) transfer and adaptation and 2)

exploiting task similarity by using existing memories as initial baselines in memory acquisition or potentially

sharing PPs across multiple memories; 3) overcoming catastrophic forgetting through general libraries of
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perceptual memories inM and L; 4) noise tolerance by representing sensor data as a statistical distribution

of values and through stable DMP dynamics; and 5) resource efficiency though its parametric PPs-based

nature. Additionally, the proposed model was shown to be capable of automated acquisition through

observation, managing uncertainty, and fast inference, features highlighted by Tenorth & Beetz [2009] as

requirements for flexible reasoning and knowledge processing. Moreover, it partially aligns with Žabkar

& Leonardis [2016] requirements for representation of motor memories, by being compact and reusing

information across different domains i.e. tasks. Overall, it exemplifies how shared PPs can contribute to

more efficient episodic memories.

With a measured accuracy of 89% in gait classification, and an effective dimensionality reduction of

∼22% when sharing PPs across different inputs, an objective answer to RQ2 was obtained: coupled

DMP systems can be harnessed to uniquely encode stereotypical perceptual patterns, as well as efficiently

represent PPs in sensor data. Objective O2 was completed through the use of the motor control strategy

introduced in Chapter 2 for motion classification; the construction of perceptual librariesMSj from motion

capture data during validation, particularly when sharing PPs, accomplished Objectives O1, O4 and O5.

As general drawbacks, the proposed model is focused on periodic kinesthetic experiences; while the

notion of stereotypical behaviors extends to the discrete case, the underlying formulation is built upon rhyth-

mic DMP systems for simplicity. Moreover, despite no assumption being made regarding sensor modality,

each input is treated as a unidimensional data stream; as noted in 3.3, a higher level of abstraction would

be needed for use with multidimensional inputs e.g. vision data - a ubiquitous perception system in au-

tonomous systems [Kotseruba & Tsotsos, 2018]. In addition, the validation procedure, despite achieving

good results in gait classification and perturbation detection, was oversimplified for practical purposes;

shared PPs across different walking modalities are not explored, despite the similarity between perceptual

inputs.

Nevertheless, in addition to extensive real-time validation - including the bootstrapping mechanism in

Algorithm 5 - with a larger and multimodal sensor set, both the proposed memory model and practical al-

gorithms can be improved upon by 1) discarding the independence assumption in (68), and inferring inter-

parameter co-relationships through their covariance; 2) accumulating sensor input sequentially in a moving

time window, estimating an experimental distributionN ∗
t describing transient sensor data, and employing

e.g. entropy-based distance measures e.g. Kullback-Leibler divergenceDKL(N ∗
t ||Mm

t ) to define alterna-

tive similarity dm metrics; 3) implementing dynamic forgettingmechanisms to remove irrelevant memories

over time [Mohan et al., 2014], improving data efficiency; 3) exploring the use of Probabilistic Movement

Primitives (ProMPs), Hidden Markov Models (HMMs) or alternative statistical models (e.g. SARIMA) to

model stochasticity and cyclostationarity in sensor data [Guan et al., 2021]; and 4) updating the theoreti-

cal formalization with insights from modern DMP extensions e.g. scale invariance [Saveriano et al., 2021].

From a practical standpoint, it can be improved upon by 5) creating perturbation-specific memories that

allow discriminating between different sources of disturbances, and can be used as negative examples

informing high-level planning; 6) discarding null matches (i.e. perturbations) below a minimum sample

or time threshold; 7) using large, heterogeneous perceptual libraries to benchmark the computational

efficiency of Algorithm 3, 4 and 5; and 8) harnessing the time-invariance of perceptual memories, by
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encoding motions at different time scales with the same memory. Conceptually, exploring 9) memory

generalization through generic task- and platform-agnostic PPs, as well as establishing 10) higher-level

associative perceptuomotor connections betweenMm and Ss (Chapter 2, 2.3.2) present appealing lines

of research in the short term, particularly focusing on contextual RL techniques for motor adaptation.
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Chapter 4
Impact of Muscle Fatigue in Musculoskeletal

Primitives

In this chapter, a complementary study is presented where perceptual information is used as an ob-

jective indicator of environmental conditions such as muscle fatigue in human collaborators, in particular

through primitive elements at a neuromuscular level i.e. Muscle Synergies (MSs). In line with the role of

perception in artificial cognitive architectures (Chapter 3, 3.2.3), this represents a practical example of

perceptual data - or extrapolated perceptual features - proving valuable information to high-level control

strategies, with application in different fields of research in engineering, but particularly appealing in col-

laborative robotics, postural monitoring and ergonomic management. Conceptually, it not only explores a

different category of primitive elements and their compositional role in human movement generation, but

also how they evolve over time in order to meet dynamic task requirements and overcome environmental

limitations, underlining the adaptability of biological behavior.

Objectives O1, O5 and O6 are accomplished. For validation purposes, >1 synergy-based metrics

exhibiting statistically significant variations is assumed to represent a Key Performance Indicator (KPI) of

the study and attest to the applicability of the approach in real-world scenarios.

4.1 Introduction

Work-related Musculoskeletal Disorders (WRMSDs) represent a major issue for public health, reportedly

representing 53% of all occupational diseases [Bevan, 2015], with estimated annual costs up to 240 B

euros [Bevan, 2015; USBJI, 2015]. Muscle fatigue is one of the most relevant risk factors of WRMSDs,

affecting roughly 35% of employees in Europe [de Kok et al., 2019], and with 22.8% of cases involving the

upper body [Bevan, 2015]. Given these figures, it becomes of the utmost importance to timely identify

and prevent the occurrence of muscle fatigue among the workforce, not only from a social and health

perspective, but also with economic productivity and prosperity in mind [Bevan, 2015].

Muscle fatigue is commonly defined as the reduction of the force-generating capacity in a muscle, as a

cumulative consequence of its sustained recruitment and activity [Liu et al., 2002; Søgaard et al., 2006].
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From a neuromechanical standpoint a fatigued muscle manifests external signs such as: (i) slower con-

traction and relaxation, i.e. the conduction velocity of electrical signals decreases; and (ii) longer latency

period between stimulation and beginning of contraction, i.e. muscle force is reduced and contraction

occurs slower [Chang, 2018; Grandjean, 1979], which, particularly during the early stages, may not nec-

essarily imply a reduction in task performance [Søgaard et al., 2006]. Popular methods for systematic

fatigue identification rely on Electromyography (EMG) and objective metrics such as Root Mean Square

(RMS), Median Frequency (MDF), and Mean Power Frequency (MNF) [Wang et al., 2018]. However, al-

though these indicators work relatively well on isometric exercises, they are notably unreliable in dynamic

and repetitive movements in submaximal contexts [Chang, 2018]. Moreover, this type of fatigue detection

is typically based on the analysis of subjective patterns (e.g. RMS increase or MNF decrease) and not on

homogeneous thresholds [Al-Mulla et al., 2011]. Hence, an objective and generalized method for accu-

rate early identification is needed for widespread fatigue management in e.g. industrial settings. Recent

promising methods have emerged based on the use of NNs, such as attention-based mechanisms [Li

et al., 2020; Zhang et al., 2021], Gate Recurrent Unit (GRU) [Feng et al., 2022], and Long Short-term

Memory (LSTM) [Jiang et al., 2022], achieving accuracy values between 83.5% and 98.42%.

Alternatively, a considerable amount of research shows that the Central Nervous System (CNS) drives

its Musculoskeletal (MSK) counterpart through low-dimensional structures known as Muscle Synergies

(MSs) [d’Avella et al., 2006]. While the focus is often in the study of muscle coordination, combining these

synergistic properties with other relevant muscle information has provided interesting results in fatigue

estimation [Li et al., 2020; Thomas et al., 2023]. Incidentally, over the last decade, relevant scientific

work has been directed at understanding how muscular fatigue affects MSs i.e. the alterations to synergy

structure and recruitment: Ortega-Auriol et al. [2018] studied upper limb movement under isometric con-

ditions, while Hajiloo et al. [2020] focused on running as a case study; both concluded that the synergistic

structure was preserved after fatigue onset, consistent with the notion that MSs represent elemental build-

ing blocks or neuromuscular primitives at the root of movement generation. Additionally, Hajiloo et al.

[2020] found that synergy activation decreased with fatigue, hypothesized to be a strategy of the CNS

to maintain optimal function of the motor system while ensuring task compliance. Thomas et al. [2023]

focused on the effect of fatigue in shoulder muscles of baseball players, observing a decrease in the capa-

bility of MSs to describe the movement post-fatigue, as well as significant alterations in the contributions

of individual muscles to the movement; this suggests a functional restructuring or reorganization of the

MSK system in order to deal with a progressive inability of agonist muscles to compensate decreased

muscular capacity. Smale et al. [2016], in turn, attempted to identify muscle fatigue during squatting mo-

tions: beyond validating wavelet-based algorithms as reliable fatigue indicators, obtained results revealed

a significant tendency of increased activation of knee extensor muscles over general co-activation of leg

muscles in the presence of fatigue. Notwithstanding all their valuable insights, it is relevant to note that

none of these works proposes objective and efficient metrics to identify fatigue in the context of real-world

industrial settings.

This chapter presents a study on the synergistic structure of the MSK system and how it is affected by

muscle fatigue, focusing in repetitive low-force movements of the upper limbs, common in industrial sce-
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narios, and reported to play a considerable role in WRMSDs. It attempts to identify practical approaches

for early fatigue detection - herein understood as fatigue occurring before any noticeable kinematic change

and/or task performance is compromised. In general, under the assumption that, in accordance with

previous findings [Hajiloo et al., 2020; Ortega-Auriol et al., 2018; Thomas et al., 2023], the synergistic

structure and internal organization of the MSK system is invariant to the occurrence of fatigue, this study

attempts to identify a concrete answer to the following Research Question (RQ):

RQ3: What cumulative effect do low-force repetitive movements have in the activation pro-

file of muscle synergies?

Towards an objective answer to this RQ, this chapter presents a study on such low-force repetitive

motions in the upper limbs of human participants, and how the synergistic structure of the MSK system

evolves as muscle fatigue gradually develops. Using detailed kinematic and EMG recordings, an extensive

analysis is conducted, including classical and synergy-oriented methodologies, wherein selected time- and

frequency-domain metrics are evaluated regarding their capacity to identify fatigue onset. To the best of

the author’s knowledge, this study presents the first attempt at identifying fatigue from muscle synergy

activation on repetitive low-force movements, notably commonplace in industrial settings.

The chapter is structured as follows: in section 4.2 a brief overview is provided on the underlying

theoretical foundations behind muscular behavior in fatigued and non-fatigued conditions, as well as pop-

ular methods and practical challenges (i.e. hardware instrumentation and signal processing) in muscular

behavior monitoring, in order to contextualize the research problem at hand. Section 4.3 describes the

experimental protocol used to construct an experimental dataset of kinematic and electromyographic data

across multiple healthy subjects, and developed processing pipeline, in the form of EMG factorization,

and subsequent conventional EMG and synergy analysis, whose results are presented in section 4.4.

Section 4.5 carefully examines the results achieved and attempts to identify the rationale to explained the

experimental observations, in the light of the current body of literature and research. Finally, section 4.6 at-

tempts to extrapolate general conclusions regarding early fatigue detection and provide rough experimental

guidelines for practical implementation.

4.2 Background

4.2.1 Electromyography

Muscular behavior is commonly characterized through the electric activity resulting from muscular

excitation patterns, measured with Electromyography (EMG), which quantifies the action potential of the

different motor units composing a muscle [Márquez-Figueroa et al., 2020; Nandedkar & Sanders, 1990].

Amplitude, frequency and phase analysis are usually employed in EMG processing [Márquez-Figueroa

et al., 2020], and have been shown to be useful in a variety of contexts, from medical diagnosis of neuro-

and myopathies [Nandedkar & Sanders, 1990; Reaz et al., 2006] to control in collaborative scenarios such
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as assistive robotics [Doshi & Suthar, 4 06; Jang et al., 2016; Yun et al., 2017] or prosthetics [Barzilay &

Wolf, 2011; Bitzer & van der Smagt, 2006; Cimolato et al., 2022; Peña et al., 2019].

On the other side of this appeal for research and therapeutic applications, however, EMG is fraught

with practical challenges that add complexity to its analysis. In the specific case of Surface Electromyogra-

phy (sEMG) - a popular modality due to sheer practicality - action potentials traveling through the biological

tissues up to the skin-electrode interface are attenuated and filtered (with particular incidence to the higher-

frequency components). This requires careful electrode placement and extensive data processing in order

to achieve a manageable signal-to-noise ratio [Fuglevand et al., 1992; Nandedkar & Sanders, 1990]. In

fact, due to the morphology and physiology of muscular tissues - multiple anisotropic and inhomogeneous

fibers - the signal recorded by sEMG systems is technically an interference pattern influenced by electri-

cal, chemical and mechanical processes [D’Alessio & Conforto, 2001; Márquez-Figueroa et al., 2020],

representing the combined activity of multiple motor units within the muscle [Sörnmo & Laguna, 2005].

and further exacerbated by the possible interference of sensor noise, electrophysiological processes such

as cardiac activity, and movement artifacts, that significantly degrade the quality of the measurement,

particularly in sEMG [Márquez-Figueroa et al., 2020].

4.2.2 Physiological and Biomechanical Effects of Muscular Fatigue

Muscular fatigue is known to lead to disruptions in the activation and contraction dynamics [Liu et al.,

2002; Søgaard et al., 2006]. As a consequence, motor neurons start receiving higher corticospinal input

which has the effect of a) inducing unwanted coactivations and b) decreasing force steadiness and inducing

tremors [Weavil & Amann, 2018] While this deterioration of muscular behavior is associated with several

physiological phenomena that have been extensively documented in the literature, it can be objectively

identified through a measurable drop in peak muscle force and in time-to-failure values, as well as an

increase in motor variability and changes in motor coordination. Studies have reported that fatigue leads

to excessive activation of the neighbor muscles [Matsunaga et al., 2021]. Conversely, not only is there

evidence to suggest that the internal intermuscular organization is preserved [Hajiloo et al., 2020; Ortega-

Auriol et al., 2018; Thomas et al., 2023], but in redundant systems, goal-relevant aspects of the movement

remain mostly unaffected by fatigue [Singh & Latash, 2011]. This suggests the MSK system is able to

exploit its own redundancy in an effort to minimize detrimental effects of muscular fatigue. Additionally,

previous research has suggested a correlation between the force capability of individual motor units and

their inherent fatigability [Fuglevand et al., 1999; Potvin & Fuglevand, 2017].

From a practical standpoint, the drop in peak force can be objectively quantified through isometric

Maximum Voluntary Contraction (MVC) measurements before and after a fatigue-inducing event or pe-

riod, as reviewed by Chang [2018]. However, conducting MVC trials continuously or concurrently with

demanding tasks is not only impractical, but is also likely to induce additional fatigue [Chang, 2018]. Al-

ternatively, a conventional method to quantitatively assess the fatigue level of an individual is regular self-

assessment [Öberg et al., 1994] resorting to techniques such as Borg’s Perceived Exertion Scale [Borg,

1998] or the Swedish Occupational Fatigue Inventory [Åhsberg et al., 1997]. On the other hand, this
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Table 13: Time- and frequency-domain metrics commonly extracted from EMG [Chang, 2018; Najarian &
Splinter, 2012; Phinyomark et al., 2012]; ei denotes the raw EMG signal, Et the extracted envelope curve,
See[f ] the estimated Power Spectral Density (PSD) of ei, fs the sampling frequency, and T the number
of samples in ei.

Metric Definition

Ti
m
e

RMS Root Mean Square
√

1
T

∑T
i=1 E

2
t

MAV Mean Absolute Value 1
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Int Integral ≈
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eq

ue
nc

y

MNF Mean Power Frequency
∑M

f=1 fSee[f ]∑M
w=1 See[f ]

MDF Median Frequency S−1
ee (

1
2
TTP)

PkF Peak Frequency argmaxf (See[f ])

TTP Total Power ≈
∑fs/2

j=1 See[j]

FR Frequency Ratio
∑fs/4

j=1 See[j]∑fs/2

j=fs/4
See[j]

approach is often challenging to automate due to its subjective nature and lacks the required detail for

comprehensive studies on muscular fatigue [Chang, 2018].

Regarding the electrical profile of muscle fatigue - as measured with EMG - perhaps the most well

documented outcome is a spectral compression i.e. decrease in dominant frequencies, coupled with an

increase in EMG amplitude [Chang, 2018; Gizzi et al., 2021; Poyil et al., 2020].

4.2.3 Fatigue Indicators in Classical EMG Analysis

Conventional EMG analysis usually focuses on amplitude, frequency and phase analysis of the recorded

signal [Márquez-Figueroa et al., 2020], although alternative approaches e.g. wavelet transforms have also

been used [Najarian & Splinter, 2012]. In amplitude analysis, a popular feature is the EMG linear enve-

lope, which refers to the low-frequency curve describing local average with time [Nandedkar & Sanders,

1990; Shiavi, 1990], and has been directly associated with muscular force (in the absence of fatigue) in

both isometric and dynamic conditions [D’Alessio & Conforto, 2001]1.

In practical terms, EMG analysis can help detect the occurrence of muscular fatigue, assessed through

the computation of several time- and frequency-domain metrics that characterize the recorded signal (Ta-

ble 13). Amplitude and frequency analysis become notably relevant in order to identify both the increase

in scale and the shift in dominant frequencies characteristic of fatigued behavior; RMS [Chang, 2018;

Najarian & Splinter, 2012] and MDF [Chang, 2018], respectively, are commonly used to that end. On the

1While the relationship between EMG amplitude and muscle force has been theorized to be linear, the anysotropy and
inhomogeneity of the underlying tissues impede a linear relationship when using sEMG; moreover, under dynamic conditions
the moment arm and rotation center are not constant, and cross-cancellation of EMG amplitude between different motor units
increase with force, add complexity to amplitude analysis [D’Alessio & Conforto, 2001; De Luca, 1997; Farina et al., 2008].
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other hand, amplitude analysis is generally not reliable in most dynamic movements due to, as previously

mentioned, being dependent on force. Moreover, alterations to the power spectrum are often reported as

statistically insignificant to draw meaningful conclusions, particularly in low-force tasks and during early

stages of fatigue [Chang, 2018; Smale et al., 2016]. Alternatively, Chang [2018] proposes a simple fatigue

indicator based on the difference between RMS before and after fatigue onset; however, this is only valid

in isotonic and isometric conditions.

4.2.4 Muscle Synergies as Neuromuscular Primitives

The notion of Muscle Synergy (MS) refers to coordinated muscle behavior as a result of shared neural

activation patterns across different muscles [d’Avella et al., 2006]. In practical terms, a limited set of

MSs can describe the behavior of larger pools of musculotendon actuators (Figure 48), which has been

theorized to be a strategy through which the CNS tackles the inherent high-dimensionality of the biological

motor system. This phenomenon has been observed in different organisms, and effectively exploited in the

fields of neurophysiology [Reaz et al., 2006] and motor control [Rückert et al., 2013] as a dimensionality

reduction strategy, in different spatial, temporal and spatiotemporal organizations2 [d’Avella, 2016]. Em-

pirical evidence that MSs are not only reused among different instances of a motor task e.g. different gait

modalities [Barroso, 2016; Oliveira et al., 2016], but also between different tasks [d’Avella & Bizzi, 2005],

hints at an underlying hierarchical and modular MSK with appealing properties and applicability in a vari-

ety of contexts [d’Avella, 2016]. A conceptual and functional similarity between MSs and kinematic MPs

(Chapter 2) is evident; in fact, given the lack of scientific evidence of kinematic MPs in higher-order cortical

centers, they are often viewed as emerging from the interaction between MSs and the MSK system3, rather

than separate, independent primitive elements [Singh et al., 2018].

From a mathematical perspective, identifying the synergistic organization behind muscular behavior

entails a factorization process that isolates lower-rank componentsW (feature matrix with muscle-specific

weights) and H (coefficient matrix i.e. temporal activation profile for each synergy) from the input EMG.

Numerical methods such as Non-negative Matrix Factorization (NMF) [Lee & Seung, 1999], exploiting the

inherent non-negativity of normalized muscular activation, are commonly used to find a low-dimensional

representation of recorded EMG patterns; following this methodology, an input matrix E, aggregating

muscle-specific recordings, is approximated as the multiplication of two lower rank matrices W and H:

E
M×T

NMF
≈ W

M×N
× H

N×T
=

N∑
n=1

wn × hn (72)

where E ∈ RM×T contains M synchronous time series of length T ; W ∈ RM×N aggregates N

underlying features i.e. synergies wn = [wn
1 , w

n
2 , . . . , w

n
M ]⊤, ∀ n ∈ {1, 2, . . . , N}, as sets of uni-

dimensional muscle-specific weights wn
m; and H ∈ RN×T encodes time-indexed activation vectors

hn = [hn
1 , h

n
2 , . . . , h

n
T ]

⊤ scaling each synergy at each tth sample, ∀ t ∈ {1, 2, . . . , T}:

2In this work, the spatiotemporal synergy model is assumed i.e. with synergy-specific activation patterns [d’Avella, 2016].
3Under this bottom-up view, MSs are often categorized as neuromuscular MPs [Singh et al., 2018].
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Figure 48: Conceptual illustration of the underlying principle behind Muscle Synergies, wherein EMG en-
velope Em is factorized into synergies [w1,w2,w3], recruited according to [h1, h2, h3], often representing
functional kinematic primitives e.g. elbow flexion, elbow extension and shoulder extension.
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As long as N < M , H constitutes a lower-order representation of the original recorded EMG; this

is particularly valuable when the underlying structure behind muscular activity represented in W remains

constant over time, or across different motions and contexts. Contrasting with the MP representation

employed in Chapter 2 and 3, spatiotemporal MSs encode discrete muscle weighting vectors i.e. wn

∈ RM , and not time-based trajectories, and can - conceptually - be viewed as separate muscular units.

As previously discussed (4.2.2), muscle fatigue is known to cause changes in the internal coordina-

tion and organization of the MSK system, while limb and joint kinematics are, generally, less affected,

particularly during early stages of fatigue [Singh & Latash, 2011]. On the other hand, there is scientific

evidence demonstrating that the synergistic structure is preserved even in fatigued conditions [Hajiloo

et al., 2020; Ortega-Auriol et al., 2018; Thomas et al., 2023]. Under this assumption, and viewing the

occurrence of muscular fatigue as a gradual, cumulative process [O’Sullivan & Gallwey, 2002; Potvin &

Fuglevand, 2017], slight and nuanced alterations in MS recruitment patterns H (72 - 73) are expected
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during its initial stages. While studies attempting to link MSs to the early identification of muscle fatigue

have been conducted [Hajiloo et al., 2020; Li et al., 2020; Ortega-Auriol et al., 2018; Thomas et al., 2023],

there is still no reliable generalized metric that can be used in practical, real-world applications to detect

its effects before they impacts task performance, or the well-being and ergonomic profile of the individual.

From a practical perspective, MSs allow restricting any detection algorithm to a smaller set of functional

units instead of the full array of muscles recruited during a specific task.

4.3 Methodology

4.3.1 Participants

Trial participants consisted of healthy volunteers from the academic community of the University of

Minho. The purpose, specifics, methodology, and duration of the study were disclosed to them. The

following inclusion criteria were established in order to choose and recruit the participants: i) age equal

or greater than 18 years old; ii) no motor impairments and no clinical history of muscle strain, lesions or

trauma on the upper body; iii) no strenuous activity performed over the previous 24 h.

A total of 17 participants (11 Male; 6 Female; 23.82 ± 2.79 years old, 69.06 ± 14.75 Kg) were

recruited (Table 14). Each participant willingly agreed to participate in the study and gave their signed,

informed consent, according to the ethical conduct defined by the University of Minho Ethics Committee in

Life and Health Sciences (CEICVS 006/2020), that follows the standard set by the declaration of Helsinki

and the Oviedo Convention. All participants were right-hand dominant.

4.3.2 Instrumentation

To avoid any constraint to upper limb movement and facilitate instrumentation, each participant was

asked to wear upper body loose clothing (e.g. shirts or strap tops which allowed easy access to upper arm

and chest muscles), as well as sneakers and tight-fitting lower body clothing (e.g. jeans or leggings).

Firstly, sensor locations were prepared by shaving excess hair and thoroughly cleaning with an al-

cohol pad. A total of 8 sEMG wireless sensors (Trigno Avanti®, Delsys Incorporated, Boston, MA) were

attached to relevant right arm muscles (Figure 49, Left), namely: Clavicular Head of the Pectoralis Major

(PECM), Deltoid Anterior (DELTA), Deltoid Medial (DELTM), Deltoid Posterior (DELTP), Lateral Head of Tri-

ceps Brachii (TRILAT), Long Head of Triceps Brachii (TRILON), Biceps Brachii (BIC), and Brachioradialis

(BRR); each electrode was placed on the muscle belly, longitudinally aligned with fiber orientation, fol-

lowing the instructions from scientific guidelines i.e. SENIAM [Stegeman & Hermens, 2007] and relevant

literature [Lee, 2019; O’Sullivan & Gallwey, 2002]; to grant a secure hold to the sensors and avoid mo-

tion or displacement artifacts, tape (Tesa Pack®) was placed over all sensors (Figure 49, Left). Correct

placement of the sensors was validated by performing short MVC trials for each muscle while ensuring

the conformity of EMG measurement. All sEMG recordings were sampled at 2048 Hz (16 bits p/sample),

employing the EMGWorks® software suite (v. 4.7).
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Figure 49: Participant instrumented with the sEMG sensors (Trigno Avanti®) on: 1) PECM, 2) DELTA,
3) DELTM, 4) DELTP, 5) TRILON, 6) TRILAT, 7) BIC, and 8) BRR (Left); and the inertial motion capture
system (MVN Awinda®) in addition to the sEMG sensors (Center, Right).

Table 14: Overview of the participant pool recruited for the study, including weekly exercising habits, sleep
hours and stimulant consumption on the date of the trials.

Participant Gender Age Weight (kg) Height (m) Sleep (h) Weekly exercise Stimulants

S1 Male 33 68 1.74 6 - 2 coffee

S2 Female 27 63 1.70 7 1x 1 coffee

S3 Female 23 48 1.54 7 3x 1 coffee

S4 Male 22 65 1.88 7 - -
S5 Male 23 86 1.84 7 1x futsal 2 coffee

S6 Female 23 60 1.62 7 4x 1 coffee

S7 Male 25 75 1.77 8 5-6x jiujitsu 1 coffee

S8 Male 22 75 1.76 8 1x running -
S9 Male 22 68 1.80 8 2x -
S10 Male 22 75 1.77 6 3x -
S11 Female 22 55 1.72 8 1-2x -
S12 Male 23 64 1.78 5 - 1 coffee

S13 Male 23 94 1.97 7 3-4x 1 coffee

S14 Male 24 101 1.84 8 2-3x 2 coffee

S15 Female 22 52 1.64 7 3x 2 coffee

S16 Male 22 78 1.80 7.5 4x football -
S17 Female 27 47 1.55 7 3x -
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After sEMG instrumentation, participants were equipped with a full-body inertial wireless motion cap-

ture system (MVN Awinda®, Xsens Technologies, B.V., The Netherlands). A total of 17 inertial trackers

were placed following the manufacturer’s instructions i.e. on the head, shoulders, chest, arms, forearms,

wrist, waist, thighs, shanks, and feet, and secured with velcro straps (Figure 49, Center and Right).

During the execution of the experimental trials, kinematic data was acquired through the MVN Analyze®

software suite (v. 2021.2) and sampled at 60Hz. Finally, synchronization between EMG and kinematic

data was achieved though the hardware trigger mechanisms of the Trigno and Awinda systems.

4.3.3 Experimental Protocol

Prior to the experiment, participants were asked to fill a preliminary questionnaire to collect demo-

graphic data, exercising habits, and consumption of CNS stimulants (Table 14). As conceptualized in

Figure 50, trials consisted of four different exercises grouped into two distinct parts; electromyographic

and kinematic data was recorded during each exercise and processed for posterior analysis.

During the first part of the trial (P1), participants executed, in a fixed order, 3 uni-articular movements

of the right elbow and shoulder joints, representing non-fatigued generic upper limb motions (Figure 51):

A) elbow counter-gravity flexion and gravity-assisted extension, with torso tilted forwards;

B) shoulder counter-gravity abduction and gravity-assisted adduction;

C) shoulder counter-gravity flexion and gravity-assisted extension;

which are repeated 15 times while holding a 1.5 kg dumbbell, interleaved with rest periods of 3 minutes,

in order to prevent muscular fatigue between repetitions. After P1, an additional rest period of 10 minutes

took place, in order to allow further recovery from any potential cumulative effect.

In the second part of the trial (P2), with the same 1.5 kg load, participants were requested to perform

a composite sequence of the uni-articular P1 motions A, B and C (Figure 52), until self-reported exertion

(i.e. when task compliance was no longer possible) or noticeable changes to the kinematic profile of the

movement was detected by the research team.

Classical Analysis

Synergy Analysis

Synergy Estimation

C: Shoulder Flexion/Extension
until self-perceived fatigue

A: Elbow Flexion/Extension B: Shoulder Adduction/Abduction  D: Complex motion (A+B+C)

P1 P2

W
ABC

Figure 50: Conceptual flowchart illustrating the two separate parts of the experimental protocol: P1,
comprising 3 uni-articular exercises (A, B, C); and P2, where a composite motion is repeated until exertion
(D). Generic synergies WABC are extracted from P1; In P2, classical and synergy analysis (4.3.4.5) is
conducted on each individual repetition of D.
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Figure 51: P1 exercises A, B and C (Top) and P2 exercise D (Bottom).
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Figure 52: Sequence of movements composing exercise D, as depicted in Figure 51 (Bottom), including
uni-articular motions from A, B and C; shoulder extension (C) is only performed after the first repetition.
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The goal of P2 is twofold: on one hand, to 1) progressively induce fatigue in the upper limb muscles,

allowing a step-by-step analysis of the evolution of muscular recruitment from a rested to fatigued state;

and to 2) demonstrate that complex movements can be represented by a combination of simpler MSs by

integrating generic motions A, B and C into the sequence.

Special care was taken to ensure that the sequence was easy to follow, in order to obtain similar

kinematic patterns among participants and repetitions. The research team demonstrated the correct

procedure before each exercise, and instructed subjects to remain focused throughout the duration of the

trial, and participants were allowed to practice, without any load, until confident enough to reproduce the

target movements without error. A metronome, hand-tuned to 40 bpm (A, B and C) and 60 bpm (D),

provided a reference to guide execution, and facilitated familiarization with the protocol.

For reference purposes, at the end of each exercise subjects were inquired about their perceived fatigue

level according to Borg’s Perceived Exertion Scale [Borg, 1998]; any time a fatigue level above 4 was

reported, rest time would extend by 5 minutes. Lastly, a preliminary correlation analysis was conducted

on the recorded data, with the goal of evaluating the degree of uniformity between different subjects,

understood to reflect the consistent execution of the experimental protocol and, potentially, identify outliers.

4.3.4 Data Processing

4.3.4.1 EMG Envelope Extraction

Following the guidelines found in relevant literature [Barzilay & Wolf, 2011; D’Alessio & Conforto, 2001;

Márquez-Figueroa et al., 2020; Oliveira et al., 2014; Reaz et al., 2006; Stegeman & Hermens, 2007], a 1)

4th-order Butterworth band-pass filter (20 - 450 Hz) was applied to recorded EMG trajectories em in order

to remove external disturbances (e.g. low-frequency sensor drift as well as high-frequency interference

i.e. movement artifacts or electrical noise) not associated with the myoelectric activity. The envelope Em

of the filtered EMG was then obtained through a combination of 2) full-wave rectification followed by 3)

a secondary 4th-order Butterwoth low-pass filter (<1 Hz); the former shifted the signal into the positive

range with the latter enhancing the underlying low-frequency component. This approach, conceptualized

in Figure 53, is in line with common envelope extraction methods that generally implement some form of

signal smoothing, implemented through low-pass filtering and/or integration steps [Barzilay & Wolf, 2011;

Olstad, 2015; Zhang et al., 1991], and was found to provide satisfactory results with the recorded data.

The raw experimental dataset is publicly available [André et al., 2024].

4.3.4.2 Kinematic Segmentation

Despite the stereotypical nature of the experimental protocol, inter- and intra-participant variability

between repetitions of the same exercise (e.g. range and duration) is expected to some extent. For a

consistent and uniform data analysis, each extracted envelope Em was divided into I segments, using

recorded kinematic data q as reference. In P1, a total of I = 10 consecutive segments were selected

from the 15 repetitions executed (4.3.3) while in P2, I denotes the number of repetitions each subject
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Figure 53: Conceptual flowchart describing the extraction of linear envelope Em for themth muscle under
study, from raw sEMG em recorded at fs = 2048 Hz; in P2 (–), classical EMG analysis is conducted on
filtered em within a fixed window ∆t clipped around the global maximum of Em.

High-pass

Differentiation Peak Detection Discretization
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Figure 54: Conceptual flowchart of the kinematic segmentation procedure; qREF denotes an exercise-
specific reference kinematic DoF, used to estimate I sets of L time values ι̂il, relating to the l

th sample of
the ith repetition executed during the trial, l ∈ {1, 2, . . . , L} and i ∈ {1, 2, . . . , I}.

was able to perform before exertion.

Similarly to the procedure in Chapter 3 (3.4.3.3), as outlined in Figure 54, recorded kinematics qREF

of exercise-specific reference joints4 (4.3.3) were 1) high-pass filtered (2nd order, Butterworth, >0.1 Hz)

in order to remove sensor drift and other low-frequency components; each sample in the resulting filtered

curve qHP was then used as reference in a 2) thresholding step discarding values in the original qREF:

q+t =

qREFt if qHPt > 0

0 otherwise
(74)

The resulting signal q+ was then 3) differentiated, highlighting zero-crossings in qHP as very steep

gradients, defining positive and negative peaks, which were located using a 4) peak detector algorithm that

accurately pinpoints local maxima on the data curve. The resulting array of I time stamps - associated

with the edges between consecutive repetitions - was linearly sliced into L equidistant target values:

ι̂il = ti +
l

L
(ti+1 − ti) , ∀ l ∈ {1, 2, . . . , L} (75)

which were used to interpolate Em into I fixed-width sets of L samples i.e. Ei
m, as will be described

in 4.3.4.4. In addition to temporal invariance between repetitions, this approach has the advantage of

balancing the contribution of each segment in subsequent processing and analysis procedures. In all

exercises L = 1000. The result of the segmentation procedure is illustrated in Figure 55.

4For reference, elbow (A) and shoulder (B and C) joints; in all cases, the z axis is used.
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Figure 55: Illustrative example of the kinematic segmentation procedure, for exercise C with S8.

4.3.4.3 Normalization

EMG is typically normalized by linearly scaling the values against a reference value that represents the

amplitude at maximal contraction, commonly the peak value recording during a MVC trial. However, in

the context of this work this comprises a practical challenge due to 1) the difficulty in finding a movement

that uniformly recruits all muscles under analysis at maximal contraction, 2) the high likelihood of the MVC

trial inducing unwanted muscle fatigue and finally 3) a gradual decrease on the maximal capacity of the

muscle assumed during D; as such the peak dynamic method of normalization [Bitzer & van der Smagt,

2006; Burden, 2010; Sousa & Tavares, 2012] is adopted instead, providing a relative measure of muscle

recruitment during each exercise. To that end, for each muscle m, all segments Ei
m were normalized

using the maximum value across all I repetitions:

Ei
m,l =

Ei
m,l

EREF
m

, EREF
m = max (Em) ∀ k ∈ {0, 1, . . . , K} (76)

This approach allowed direct comparison between repetitions of the same exercise - particularly rel-

evant during D - and simplifies the experimental protocol by discarding the need for repeated MVC trials

during the experiment.

4.3.4.4 Muscle Synergy Estimation

As presented in 4.2.4, the estimation of MSs generally relies on the factorization of the EMG envelope

Em into lower rank components W and H. As was illustrated in Figure 50, herein this was carried out on

the segmented envelopes Ei
m in two distinct phases: in P1, 1) using concatenated data from A, B and C,
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Figure 56: Cascade of processes applied to the EMG envelope in order to extract the synergistic organi-
zation of underlying muscular behavior with and without fatigue; in P2 (–), each repetition is processed
individually (bypassing concatenation) and NNMF is constrained to the global synergies WABC.

with the purpose of identifying generic synergiesWABC relating to uni-articular motions of the upper limbs;

and in P2, 2) using individual repetitions of D, while enforcing WD = WABC, in order to detect transient

or progressive alterations in how each generic MS was employed by the MSK system.

Figure 56 describes the procedure adopted in both cases: in P1, the complete set of I = 10 segments

were 1) interpolated from reference time stamps ι̂il (4.3.4.2), 2) serially concatenated, and 3) normalized

(4.3.4.3), leading to a reconstructed sequence totaling 3 × I × L = 30000 samples per muscle,

for each participant. Notably, despite adding non-negligible computational weight to factorization5, data

aggregation through concatenation was preferred over individual sample averaging, as the first ensured

that each sample was equally taken into account, while the latter may have attenuated variations between

different repetitions. The resulting concatenated sequences were used as input to a 4) factorization step,

employing NMF6 for the extraction of n ∈ {1, . . . ,M} MSs, with M = 8 i.e. number of muscles

under study. For each value of n, measured Variance Accounted For (VAF) was used to quantify the

quality of the factorization process, and ergo the quality of the reconstructed signal [Barroso, 2016; Saito

et al., 2018; Yaserifar et al., 2021]; using a fixed threshold of VAF ≥ 0.9, the minimum number of

synergies NABC required to accurately describe P1 data was identified, and fixed during P2, across all

participants. Moreover, for all values of n, in order to mitigate the stochastic and non-convex nature of NMF,

WABC obtained for S1 was used as an initial guess in the factorization step in the remaining participants;

discarding the need for functional sorting of the resulting synergies without constraining the optimization

process7 [Shourijeh et al., 2016; Smale et al., 2016]; this not only decreased convergence time, but also

lead to consistent MS indexing among different participants, relevant in subsequent analysis.

Conversely, in P2, the concatenation step (Figure 56) was bypassed and each sequential repetition of

D factorized individually while constrained to the generic synergies WABC identified in P1; this effectively

found Hi
D i.e. the set of NABC activation profiles hn,iD that best matched input Ei

m. As discussed, this

approach was grounded on the assumption thatWABC remain unaffected after fatigue onset [Hajiloo et al.,

2020; Ortega-Auriol et al., 2018; Thomas et al., 2023], with any alterations in EMG being reflected in Hi
D.

5As a result of a larger number of samples as input.
6scikit-learn implementation of NMF is used.
7Functional sorting between MSs is often not straightforward; strategies e.g. Concatenated NMF fix W across participants.
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Table 15: Metrics comprising the analysis of the synergy activation Hi
D in the i

th repetition, during P2; hn,i
l

represents the activation of the nth synergy at the lth sample and Si
hh[f ] the estimated PSD of hn,iD .

Metric Definition

Ti
m
e

Energy Activation Energy ≈
∑L

l=1 |h
n,i
l |2

RMS Root Mean Square
√

1
L

∑L
l=1(h

n,i
l )2

MAV Mean Absolute Value 1
L

∑L
l=1 |h

n,i
l |

iPk Index/Position of Peak argmaxl(h
n,i
l )

P2P Peak-to-Peak Amplitude max(hn,i
l )− min(hn,i

l )

WaHP Width at Half Peak |lpos − lpre|, {lpre, lpos} ≈ [h−1]n,il [1
2
max(hn,i

l )]

Int Integral ≈
∑L

l=1 h
n,i
l

Fr
.

TTP Total Power
∑fs/2

j=1 Si
hh[j]

4.3.4.5 Classical and Synergy Analysis

In P2, as illustrated in Figure 50, each repetition of D was processed individually. On one hand,

conventional indicators (Table 13) were computed from a fixed window of∆t = 0.250 s centered around

the recruitment peaks of em, identified from the maximum within each segment Ei
m (Figure 53), in order

to discard relaxed intervals and restrict analysis to contracted state in all muscles [Bamman et al., 1997;

Bolgla & Uhl, 2005; Burden, 2010; Farina et al., 2004]; in addition, beyond a qualitative comparison

of the I activation profiles Hi
D, multiple time- and frequency-domain metrics (Table 15) were employed

to objectively scrutinize alterations in how muscle synergies are recruited throughout P2 (Figure 56),

and, potentially, identify gradual meaningful trends over time. These metrics were computed for each

individual activation curve hn,iD , and were inspired by conventional EMG analysis (4.2.3, Table 13), with

the occurrence of muscle fatigue hypothesized to be reflected on the evolution of these metrics from a

non-fatigued state (i = 1) until the end of the exercise (i = I ). It is relevant to note that, as Hk
D generally

constitutes low frequency curves8, frequency-domain metrics other than Total Power (TTP) provide no

useful information.

4.3.4.6 Statistical Significance Analysis

Lastly, a straightforward analysis is conducted on the evolution of metric values, aimed at understand-

ing which 1) exhibit statistically significant variations during P2, and - when meaningful - 2) by how much

they change and 3) which vary linearly with time and cumulative effort.

In both classical and synergy analysis, results amount to ordered time series encoding metric values in

each repetition of D. While the presence of electrical noise is expected, gradual or progressive alterations in

muscular recruitment suggest the existence of underlyingmonotonic trends. As such, time- and frequency-

8As a consequence of factorizing the EMG envelope Eim.
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domain metrics that register significant variations can be identified as potential fatigue indicators. To that

end, two different methods are employed for each subject and dimension (i.e. sensor and synergy in

classical and synergy analysis, respectively): the 1) Mann-Kendall (MK) test [Gilbert, 1987; Kendall, 1970]

for the detection of (linear or non-linear) monotonic trends; and 2) linear regression analysis in order to

assess the linearity of meaningful trends.

Globally, to assert if detected trends occur consistently across different participants, muscles and

synergies, as well as discard potential trial- or participant-specific outliers, a one-sample t-test over the

normalized MK test statistic Z 9 is conducted:

t =
X̄ − µ

σ̂/
√
N

→ tZ =
Z̄

σ̂Z/
√
D

(77)

where Z̄ and σ̂ represent, respectively, the mean and the unbiased standard deviation in the values of

Z resulting from each MK test; and D the sample size i.e. D = 17 and D = NABC for muscle- and

synergy-specific analysis, respectively; D = 17 ×M = 136 for global muscle-specific analysis; and,

similarly, D = 17 × NABC in global synergy-specific analysis. In all cases, H0 entails that Z values

are noise around µ = 0 i.e. there is no meaningful trend consistent across trials. Moreover, this test is

conducted in two distinct ways: in two-tailed form, wherein only same-directional trends are deemed to be

relevant (either upward or downward); and in a one-tailed test over |Z|, as a way to infer the significance
of any trend (upward and downward) in the data.

4.4 Results

4.4.1 Self-rated Exertion

Table 16 presents the exertion levels reported by the participants after each exercise. Generally, all

17 participants reported a higher level of exertion (6-9) after D, when compared to the low to moderate

(3-6) values registered after A, B and C. This was found to be statistically significant10 at α = 0.05, with

t(37) = −14.612, p < .00001. Therefore it is possible to conclude that in all participants 1) no fatigue

is perceived at the end of P1; and that 2) P2 leads to significant exertion and/or physical limitations,

potentially caused by muscle fatigue.

4.4.2 Kinematic and Electromyographic Uniformity

In all exercises, a correlation analysis was conducted on 1) the EMG envelope Ei
m and 2) a subset of

right arm kinematics q (RightT4Shoulder, RightShoulder, RightElbow and RightWrist), in order to evaluate

movement and behavior uniformity among different participants. Figure 57 and Figure 58 illustrate the

magnitude of Spearman’s rank correlation coefficient |rs| in EMG and kinematic data across all partici-

9Z follows approximately a normal distribution [Kendall, 1970], allowing the use of parametric statistical tests.
10Using Welch’s one-tailed two-sample t-test due to different sample size; H0: X̄D > X̄ABC.
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Table 16: Self-perceived fatigue level [Borg, 1998] reported by each participant after each exercise.

Exer.
Participant

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17

P1
A 4 3 3 5 3 2 1 2 2 1 2 2 2 3 2 1 1
B 5 5 3 5 1 5 3 3 3 2 2 2 5 4 4 1 2
C 5 4 3 6 4 4 1 3 3 2 4 3 3 3 5 1 2

P2 D 9 8 9 9 8 8 7 7 6 6 7 6 8 8 7 7 7
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Figure 57: Illustration of Spearman’s rank correlation magnitude |rs| across EMG data recorded with
different participants; data from individual muscles is concatenated sequentially; values closer to 1 imply
greater correlation.

pants in different exercises, with participant-specific averages presented in Table 17. Overall, moderate

and strong levels of monotonic correlation11 were observed in both sets of data, suggesting a reason-

able degree of similarity and uniformity in how each exercise was executed as well and how muscular

recruitment occurred in different participants, with no clear outliers.

4.4.3 General Upper Limb Synergies

Figure 59 presents the variation of the reconstruction VAF with an increasing number of synergies

n ∈ {1, . . . ,M} (4.3.4.4). Overall, reconstruction quality was found to increase with n; using a threshold
of VAF ≥ 0.9, at least 4 MSs were required to accurately reconstruct the EMG input in all subjects, which

represents a dimensionality reduction of 50%. Notably, in all but S7, 3 MSs were enough to accurately

11Values 0.20-0.39 generally imply weak correlation, while the 0.40-0.59 range impliesmoderate correlation [Akoglu, 2018].
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Figure 58: Illustration of Spearman’s rank correlation magnitude |rs| across kinematic data recorded with
different participants; all axis of the RightT4Shoulder, RightShoulder, RightElbow and RightWrist joints are
concatenated sequentially; values closer to 1 imply greater correlation.
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Table 17: Average rank correlation magnitude |rs| of EMG and kinematic data across different participants
i.e. Figure 57 and Figure 58 column/row averages; higher values imply greater pairwise correlation.

Exer.
Participant

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17

EM
G P1

A 0.63 0.51 0.48 0.57 0.48 0.65 0.50 0.42 0.61 0.53 0.72 0.72 0.70 0.70 0.72 0.69 0.65

B 0.80 0.83 0.64 0.68 0.82 0.81 0.79 0.81 0.84 0.79 0.77 0.76 0.83 0.78 0.79 0.77 0.82

C 0.71 0.79 0.66 0.79 0.73 0.68 0.80 0.70 0.74 0.60 0.76 0.79 0.75 0.59 0.75 0.69 0.77

P2 D 0.65 0.80 0.69 0.73 0.73 0.78 0.75 0.77 0.74 0.62 0.79 0.82 0.72 0.74 0.74 0.70 0.75

K
in
em

at
ic
s

P1
A 0.63 0.72 0.71 0.65 0.66 0.75 0.65 0.76 0.67 0.62 0.71 0.77 0.62 0.59 0.65 0.76 0.73

B 0.73 0.78 0.77 0.57 0.77 0.74 0.60 0.75 0.78 0.75 0.74 0.78 0.79 0.59 0.72 0.51 0.69

C 0.77 0.81 0.80 0.71 0.80 0.67 0.78 0.80 0.74 0.76 0.79 0.73 0.70 0.68 0.77 0.74 0.70

P2 D 0.84 0.89 0.83 0.87 0.84 0.83 0.88 0.87 0.89 0.86 0.85 0.89 0.89 0.83 0.87 0.88 0.86

1 2 3 4 5 6 7 8

n
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Figure 59: Subject and average VAF obtained in P1 for n ∈ {1, . . . ,M}; values ≥ 0.9 were assumed
to represent an accurate reconstruction of the original EMG envelope E.

describe muscular recruitment; nevertheless, with a more in-depth analysis of fatigue effects in mind, the

remainder of the study will considerNABC = 4MSs as the basic primitives in muscular recruitment during

upper-limb movement.

As illustrated in Figure 60, the set of MSs WABC = [w1,w2,w3,w4] and the associated activation

HABC = [h1, h2, h3, h4]T provide relevant insight into the structural organization of the MSK system:

while a significant variance between participants was observed, generally, w3, with greater contribution

from lower-arm muscles, was recruited mostly during A; in similar fashion, w1 and w2 were, respectively,

mainly employed during B and C; conversely, w4 exhibited a greater inter-participant variation in both

muscle contribution and recruitment. Additionally, antagonistic relationships between different muscles

were expressed by their recruitment in contrasting synergies (e.g. BIC/BRR vs TRILON/TRILAT), while the

opposite was observed in agonistic muscle groupings (e.g. DELTA/DELTM/DELTP and TRILON/TRILAT).

When performing a localized - around peak activation - comparison of relevant upper-arm kinematics
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Figure 60: SynergiesWABC (left) and activation profile HABC (right) obtained in P1; for each of theNABC =
4 synergies, average and inter-participant variance (± std. deviation) is presented.

qk with envelopes Em and MS activation HABC, as presented in Figure 61 for the illustrative case of S14,

the functional role of each synergy is evident: w1 was responsible for shoulder abduction and adduction,

recruiting mostly DELTP and DELTM muscles, whose activation accordingly peaked in B synchronously

with an increase in all shoulder joints; recruitment of w2, representing shoulder flexion and extension (C),

was correlated with peak recruitment of DELTA, as well as pronounced variations in shoulder y and z

angles; w3 was related with lower arm movement, namely elbow flexion and extension (A), which reflected

in peak activation from BIC, BRR and TRILAT, concurrently with variations in the elbow angle along the z

axis; lastly, w4 exhibited consistent recruitment throughout P1, notably of agonist nature during A and B

(local maxima) and antagonist in C (local minima).

During P2, as presented in Table 18, large discrepancies were observed in I i.e. how long each

participant was able to reproduce D, and in measured VAF in each repetition i (Figure 62), which exhibited

a considerable range (0.43 - 0.96) across participants, and no clear noticeable trends. Notably, average

VAF (VAF) exhibited negligible rank correlation with I (rs(15) = −.11, p = .68) e.g. participants exhibited

both low I and high VAF (S2 and S10); high I and high VAF (S5 and S13); and above average I with

Table 18: Number of executed repetitions (I ) and average VAF obtained in exercise D by each participant.

Subject

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17

I 31 20 16 12 64 24 33 25 25 32 11 31 48 45 9 34 21

VAF 0.79 0.94 0.83 0.87 0.88 0.82 0.84 0.89 0.71 0.91 0.83 0.89 0.82 0.63 0.78 0.68 0.87
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Figure 61: Comparison between relevant right-arm kinematics qk, EMG envelope Em and MSs recruitment
HABC during P1 with S14, around exercise-specific maxima in Em(:).

low VAF (S14 and S16). When decreasing the previous threshold to VAF ≥ 0.7 - in order to account for

additional motions during D, given its composite nature - it was observed that only 14 out of the total 17

participants (82.4%) consistently yielded reasonable results. Under the assumption that this decreased

recruitment of WABC downplayed potential fatigue-induced alterations, data from S9, S14 and S16 was

discarded from synergy analysis (4.3.4.5).

On closer inspection of two extreme cases (high and low VAF) at i = 1 (Figure 63), it can be seen that

all MSs were recruited, and their functional relevance preserved; however, a decrease in the amplitude

of HD was evident at lower VAF (S14), suggesting that generic MSs WABC were not enough to describe

muscular activation, and hinting at an immediate functional reorganization of the MSK system in P2.

This is in line with what is presented in Table 18, and supports the notion that participants where this

phenomenon was observed may not exhibit relevant fatigue-related effects in MS recruitment.

Individual WABC, as well as similar functional analysis for P1 and P2, are provided in Appendix D:

Fatigue-related Alterations in Muscle Synergies for all remaining participants.

4.4.4 Classical Analysis

Generally, as depicted in Figure 63, an increasing trend can be identified in the RMS values of PECM,

DELTA, DELTM and BIC, as well as an apparent decreasing trend in the MDF of the DELTM, TRILAT and

TRILON muscles. Notwithstanding visual inspection being insufficient to draw meaningful conclusions

regarding the statistical relevance of observed variations, these observations are in accordance with the

resulting p-values of the aggregate t-tests (4.3.4.6), presented in Table 19. At a significance level of α =

.05, relevant trends were identified across all classical indicators; additionally, with the exception of Int and
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Figure 62: VAF obtained with each participant during exercise D, as well as resulting second-order poly-
nomial trend (over i) approximation.

−25

0

25

50

75

100

125

q k
(◦

)

S12 (VAF=0.91)

0.05

0.10

0.15

0.20

0.25

E
m

(m
V

)

15 16 17 18 19 20

t

0.0

0.5

1.0

h
n

PECM DELTA DELTP DELTM TRILON TRILAT BIC BRR
0.0

0.5

1.0

w
n

−25

0

25

50

75

100

125
S14 (VAF=0.43)

Shoulder X
Shoulder Y
Shoulder Z
Elbow X
Elbow Y
Elbow Z
Wrist X
Wrist Y
Wrist Z

0.02

0.04

0.06

0.08

0.10

0.12
PECM
DELTA
DELTP
DELTM
TRILON
TRILAT
BIC
BRR

17 18 19 20 21 22

t

0.0

0.5

1.0
1
2
3
4

PECM DELTA DELTP DELTM TRILON TRILAT BIC BRR
0.0

0.5

1.0

1.5

1
2
3
4

Figure 63: Comparison, for the first repetition (i = 1) of D for S12 (Left) and S14 (Right), of arm
kinematics qk with EMG envelope Em and MS activation HD; in P2, WD = WABC.
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Figure 63: Scale- and time-normalized (interpolated) variation of RMS (Top) andMDF (Bottom) (4.2.3)
during P2; average and inter-participant variation (± std. deviation) presented for each muscle.
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Table 19: p-values obtained when conducting the MK test over classical metric values computed during
P2; results presented for each muscle, and for all participants under a one-tailed test (any significant
trend) and two-tailed test (for same-direction trends); values colored according to the rejection (green
i.e. trend) or non-rejection (red i.e. no trend) of H0 under a significance level of α = .05.

Metric

RMS MAV Int MNF MDF TTP PkF FR

an
y

PECM 4.05 ·10-05 1.56 ·10-06 6.73 ·10-07 5.78 ·10-04 2.15 ·10-04 3.44 ·10-05 8.34 ·10-05 1.17 ·10-04

DELTA 4.21 ·10-06 6.67 ·10-06 6.59 ·10-04 5.89 ·10-04 1.23 ·10-03 4.74 ·10-06 2.91 ·10-04 4.85 ·10-05

DELTP 9.35 ·10-05 7.57 ·10-05 1.24 ·10-03 2.10 ·10-03 3.78 ·10-04 4.95 ·10-05 1.49 ·10-04 8.56 ·10-07

DELTM 1.46 ·10-06 2.38 ·10-06 6.14 ·10-05 1.56 ·10-08 2.00 ·10-07 1.09 ·10-06 3.86 ·10-06 1.83 ·10-05

TRILON 1.70 ·10-05 1.89 ·10-05 4.74 ·10-04 1.79 ·10-06 2.36 ·10-05 1.32 ·10-05 2.79 ·10-04 3.90 ·10-04

TRILAT 7.07 ·10-06 1.02 ·10-05 1.31 ·10-04 1.40 ·10-05 1.25 ·10-06 7.70 ·10-06 7.36 ·10-04 2.08 ·10-04

BIC 2.19 ·10-05 4.80 ·10-05 1.46 ·10-03 3.52 ·10-04 2.46 ·10-04 1.54 ·10-05 2.27 ·10-04 1.48 ·10-03

BRR 1.61 ·10-05 6.99 ·10-06 3.60 ·10-04 8.37 ·10-05 1.89 ·10-04 1.43 ·10-05 2.84 ·10-03 1.16 ·10-03

2.41 ·10-32 1.44 ·10-32 1.90 ·10-22 1.98 ·10-26 3.25 ·10-27 8.48 ·10-33 2.31 ·10-25 6.16 ·10-25

sa
m
e

PECM 1.47 ·10-02 1.44 ·10-02 2.25 ·10-01 5.35 ·10-02 8.84 ·10-02 1.58 ·10-02 5.33 ·10-02 2.76 ·10-01

DELTA 1.54 ·10-04 2.52 ·10-04 3.79 ·10-01 1.17 ·10-02 1.77 ·10-02 1.75 ·10-04 1.04 ·10-01 7.56 ·10-01

DELTP 5.79 ·10-01 6.00 ·10-01 2.18 ·10-02 1.78 ·10-01 1.38 ·10-01 4.73 ·10-01 9.24 ·10-02 4.09 ·10-01

DELTM 7.27 ·10-05 5.41 ·10-05 9.81 ·10-01 3.11 ·10-08 4.00 ·10-07 6.68 ·10-05 9.15 ·10-04 9.36 ·10-01

TRILON 4.07 ·10-01 4.44 ·10-01 1.17 ·10-01 3.57 ·10-06 4.72 ·10-05 4.31 ·10-01 8.79 ·10-03 9.17 ·10-01

TRILAT 7.63 ·10-01 7.59 ·10-01 1.44 ·10-01 2.00 ·10-04 9.16 ·10-04 8.16 ·10-01 5.61 ·10-01 1.07 ·10-01

BIC 2.07 ·10-02 3.33 ·10-02 4.27 ·10-01 3.19 ·10-01 7.60 ·10-01 2.59 ·10-02 7.75 ·10-01 7.17 ·10-01

BRR 5.22 ·10-02 1.90 ·10-01 3.48 ·10-01 4.46 ·10-01 4.14 ·10-01 5.14 ·10-02 3.63 ·10-01 8.82 ·10-01

7.84 ·10-09 5.65 ·10-08 8.64 ·10-01 3.81 ·10-13 6.91 ·10-11 8.04 ·10-09 1.30 ·10-05 9.74 ·10-01

FR, there is agreement in trend direction across all metrics. In each case, trend magnitude and direction

can be inferred from the sign of the normalized MK test statistic Z , as listed in Table 20: increasing trends

were prevalent in RMS, MAV and TTP values, particularly in DELTA and DELTM; conversely, decreasing

trends in frequency-domain metricsMNF,MDF and PkF were detected in all muscles under observation,

notably in DELTP, TRILON and TRILAT; on average, the magnitude of the detected trends was greater in

frequency-domain metrics.

Regarding the nature of each of these variations, low determination coefficient R2 values were regis-

tered in the polynomial models obtained during linear regression (Table 21), highlighting significant non-

linearity in relevant trends; this was observed across all classical metrics. Notwithstanding, a slightly better

fit was obtained for RMS andMAV in DELTA, and forMNF andMDF in DELTM. On the other hand, Int

and FR - which did not exhibit significant trends during P2 (Table 19) - resulted in the lowest values.

Detailed participant-specific results (p, Z andR2) obtained for each classical EMGmetric are provided

in Appendix D: Fatigue-related Alterations in Muscle Synergies.
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Table 20: Average Mann-Kendall normalized test statistic Z across all participants for each muscle and
classical metric (Table 13); higher absolute magnitude (green) implies higher variation, while values closer
to 0 (red) suggest no significant trend; t-tests where p > .05 (Table 19) greyed out.

Metric

RMS MAV Int MNF MDF TTP PkF FR

PECM 4.24 3.41 1.12 -4.27 -3.35 3.96 -2.63 -1.70
DELTA 8.27 8.33 1.64 -5.54 -4.97 8.16 -2.17 -0.47
DELTP 1.05 1.00 -4.03 -3.64 -2.66 1.25 -3.08 -1.34
DELTM 5.95 6.08 -0.49 -9.97 -9.19 5.75 -3.88 0.31
TRILON 0.98 1.01 1.69 -6.15 -6.22 0.88 -3.65 0.61
TRILAT 0.46 0.47 -2.53 -7.29 -5.24 0.33 -1.32 2.24
BIC 4.76 4.36 -4.09 -3.02 -0.94 4.31 0.84 1.52
BRR 3.08 2.07 0.83 -1.16 -1.08 3.10 -2.12 -0.78

3.60 3.34 -0.73 -5.13 -4.21 3.47 -2.25 0.05

Table 21: Average determination coefficient R2 obtained for the polynomial models (4.3.4.6) for all clas-
sical metrics; higher values (green) imply a better model fit; values where p > .05 (Table 19) greyed out.

Metric

RMS MAV Int MNF MDF TTP PkF FR

PECM 0.27 0.29 0.06 0.23 0.19 0.26 0.08 0.06
DELTA 0.60 0.63 0.09 0.28 0.22 0.58 0.07 0.05
DELTP 0.28 0.27 0.05 0.24 0.18 0.27 0.11 0.06
DELTM 0.44 0.44 0.04 0.74 0.62 0.44 0.14 0.06
TRILON 0.25 0.24 0.05 0.36 0.34 0.25 0.13 0.05
TRILAT 0.33 0.32 0.07 0.52 0.38 0.32 0.11 0.04
BIC 0.33 0.30 0.03 0.27 0.23 0.31 0.01 0.06
BRR 0.26 0.30 0.04 0.18 0.12 0.23 0.11 0.09

0.34 0.35 0.05 0.35 0.29 0.33 0.11 0.06
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Figure 64: Scale- and time-normalized (interpolated) variation of RMS (Left) and WaHP (Right) values
computed fromHD during P2 across all subjects. Average and inter-participant variation (± std. deviation)
presented for each MS.

4.4.5 Synergy Analysis

As illustrated in Figure 64, across all different participants, the distribution of RMS values suggests

a slight amplitude increase in MS recruitment; conversely, WaHP did not exhibit any visually consistent

trend during P2.

A superficial analysis of potential cumulative effects muscle fatigue had on synergy recruitment during

P2 is presented in Figure 65 for the case of S5 (participant with highest K, Table 18), as an overlap

of Hi
D obtained during D for i ∈ {1, 2, . . . , I}. In general, it can be seen that the overall shape of Hi

D

was preserved across all repetitions. However, an amplitude increase is noticeable, in line with what was

expected from the results in time-domain metrics observed in conventional indicators (4.4.4). In addition,

peak recruitment (local maxima) appeared to gradually occur earlier with each repetition, which has been

shown to occur in postural control [Monjo & Forestier, 2016; Strang & Berg, 2007], although it is not clear

if this phenomenon was consistent throughout the whole dataset.

The results of the aggregate t-tests conducted over Z in P2 for all synergy metrics (Table 15) are pre-

sented in Table 22 and Table 23. Statistically relevant variations were observed in all metrics, consistently

in the same upward or downward direction with the exception of iPk and WaHP. On the other hand, no-

table inter-MS differences were observed: w2 exhibited significant and consistent directionalWaHP trends

throughout the data, while in w4 this only occurred with P2P; this aligns with the greater contribution of

DELTA, which registered greater magnitude trends in conventional indicators (4.4.4), in w2 (Figure 60).

Values of the MK normalized test statistic Z (Table 23) suggest strong increasing trends in most studied

metrics i.e. Energy, RMS, MAV, P2P, Int and TTP; in particular, w2 registered not only the greatest

trend magnitude in Energy, RMS, P2P and TTP, but also decreasing trends in WaHP.
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Figure 65: Synergy recruitment Hi
D for i ∈ {1, 2, . . . , 64} observed during D in the case of S5.

Table 22: p-values obtained when conducting the MK test over synergy metric values computed during
P2; Results presented for each synergy, and for all subjects under a one-tailed test (any significant trend)
and two-tailed test (for same-direction trends); Values colored according to the rejection (green i.e. trend)
or non-rejection (red i.e. no trend) of H0 under a significance level of α = 0.05.

Metric

Energy RMS MAV iPk P2P WaHP Int TTP

an
y

w1 6.70 ·10-07 1.12 ·10-06 3.11 ·10-05 1.95 ·10-03 8.00 ·10-09 7.73 ·10-04 4.35 ·10-05 3.87 ·10-06

w2 1.38 ·10-05 1.33 ·10-05 6.11 ·10-05 4.00 ·10-04 1.11 ·10-05 8.21 ·10-05 2.30 ·10-04 7.03 ·10-06

w3 5.80 ·10-05 4.40 ·10-05 1.14 ·10-04 2.37 ·10-06 3.84 ·10-05 3.21 ·10-04 3.42 ·10-04 1.06 ·10-04

w4 1.23 ·10-05 2.86 ·10-05 6.28 ·10-05 4.45 ·10-05 1.26 ·10-04 4.49 ·10-04 1.93 ·10-04 1.08 ·10-05

4.39 ·10-17 2.78 ·10-17 3.64 ·10-14 1.46 ·10-13 1.69 ·10-16 1.12 ·10-12 2.54 ·10-12 4.74 ·10-16

sa
m
e

w1 2.56 ·10-02 2.45 ·10-02 2.16 ·10-02 8.71 ·10-02 1.38 ·10-01 4.91 ·10-01 1.52 ·10-02 2.64 ·10-02

w2 2.75 ·10-05 2.66 ·10-05 1.22 ·10-04 3.42 ·10-01 1.07 ·10-04 4.76 ·10-02 4.60 ·10-04 1.41 ·10-05

w3 1.73 ·10-02 1.50 ·10-02 1.27 ·10-02 8.03 ·10-01 5.74 ·10-02 3.48 ·10-01 1.93 ·10-02 2.08 ·10-02

w4 5.09 ·10-02 7.84 ·10-02 1.07 ·10-01 2.87 ·10-01 2.85 ·10-02 2.69 ·10-01 2.98 ·10-01 6.52 ·10-02

7.60 ·10-08 9.42 ·10-08 6.51 ·10-07 4.17 ·10-01 1.25 ·10-06 1.14 ·10-01 6.15 ·10-06 2.07 ·10-07
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Table 23: Average Mann-Kendall normalized test statistic Z across all subjects for each MS and metric
(Table 15); higher absolute magnitude (green) implies higher variation, while values closer to 0 (red)
suggest no significant trend; t-tests where p > .05 (Table 22) greyed out.

Metric

Energy RMS MAV iPk P2P WaHP Int TTP

w1 3.08 3.18 4.24 -3.37 2.02 1.34 3.76 3.19
w2 6.77 6.67 5.43 -1.98 6.81 -3.90 5.42 5.80
w3 5.43 5.47 5.62 0.24 3.62 -1.55 5.80 4.98
w4 2.94 2.88 2.16 1.94 3.43 -1.71 1.21 2.65

4.557 4.55 4.36 -0.79 3.97 -1.45 4.05 4.15

Table 24: Average determination coefficientR2 obtained for the polynomial models (4.3.4.6) for all synergy
metrics; higher values (green) suggest a better model fit; values where p > .05 (Table 22) greyed out.

Metric

Energy RMS MAV iPk P2P WaHP Int TTP

w1 0.35 0.35 0.39 0.10 0.30 0.15 0.34 0.36
w2 0.43 0.45 0.38 0.10 0.47 0.21 0.35 0.42
w3 0.43 0.45 0.50 0.17 0.20 0.14 0.45 0.457
w4 0.32 0.33 0.34 0.12 0.23 0.11 0.32 0.33

0.38 0.39 0.40 0.12 0.30 0.15 0.36 0.39

Additionally, with regard to the linearity of observed trends, low R2 averages were obtained for all

metrics across all participants; it can thus be stated that, in all synergies, metric values varied nonlinearly

with time and thus the development of muscle fatigue.

Detailed participant-specific synergy analysis results (p, Z and R2 for each metric) are provided in

Appendix D: Fatigue-related Alterations in Muscle Synergies.

4.5 Discussion

Overall, the experimental methodology adopted in this study, including the fatigue-inducing experi-

mental protocol and the data processing pipeline, provided an objective analysis of the cumulative impact

of low-force repetitive movements on the MSK behavior and performance in healthy individuals, focusing

on the occurrence of muscle fatigue. Beyond demonstrating the compositional nature of the human MSK

system and how primitive elements can emerge as a strategy to circumvent its natural high-dimensionality

and redundancy, the results allowed the identification of multiple objective metrics as accurate fatigue in-

dicators with appeal in practical, real-world environments, and which can be exploited in the development

of effective long-term fatigue-management solutions.

Recorded experimental data, as well as the output of the processing pipeline, was in line with expec-

tations, considering the theoretical background on upper-limb muscular function and agonist-antagonist
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relationships [Gabriel, 1997; Sella, 2021; Wierzbicka et al., 1986]. Considerable uniformity was observed

in the dataset, and muscular fatigue was shown to occur through statistically significant variations in both

self-reported levels of exertion (4.4.1) as well as in conventional time- and frequency-domain fatigue indica-

tors (4.4.4). Subjective differences in the behavior of the MSK system during P1 and P2 were expected,

which can be explained by different degrees of muscular development between participants, as a result of

age, different exercising habits, rest state or stimulant consumption. Nonetheless, in general, low levels of

exertion were reported after P1 (4.4.1), despite the different levels of fatigue observed between participants

(Figure 62) in P2. While none of the exercises reproduced in this study is isometric - and therefore some

of the theoretical background (4.2.2) may not be applicable - care was taken to ensure all participants

reproduced them in a stereotypical and repetitive manner, minimizing variability; notwithstanding, the use

of a constant load in all participants was expected to influence fatigue onset during the experiment.

The generic MSs inWABC, identified during P1, were consistent across the whole dataset (Figure 60),

with NABC = 4 (representing a dimensionality reduction of 50% from M = 8) shown to be sufficient

to accurately (VAF > 0.9) describe muscular behavior in all participants; while, in the particular case of

S7, slightly lower values were obtained when compared to the remaining subjects, it should be noted that

reconstruction quality was still reasonable (VAF > 0.8) with n = 3; From a functional standpoint, as

demonstrated in Figure 60 and Figure 61, WABC agreed with the motions being performed; particularly,

each P1 exercise relied mostly on a single MS - potentially related with how gravity assists the downward

portion of each motion, decreasing muscular recruitment and overall effort - with some overlap observed

between w1 and w2, which was anticipated considering that B and C both focus on the shoulder joint.

Conversely, higher participant variability in w4, both in muscle contribution and overall activation during

P1, implies a general support role in upper limb movement; it can be hypothesized that an additional

synergy in w4 allows for greater functional consistency in w1, w2 and w3, by focusing on participant-

specific particularities (e.g. fitness) and residual noise. Moreover, antagonist and agonist relationships

between synergies can be identified in HABC, as, respectively, symmetrical and asymmetrical concurrent

activation peaks e.g. w1 and w2 are recruited concurrently during C, which correlated with local minima

in the activation of w3(Figure 61).

When fitting WABC to P2, varying degrees of reconstruction quality were obtained for different partic-

ipants, as presented in Figure 62 and Table 18. Generally, VAF was lower than during P1, which, con-

sidering the added complexity in the composite motion in D (Figure 52), was - to some extent - expected.

Nevertheless, as the simpler motions executed during P1 and reproduced during P2 were intended to be

represented byWABC, relatively high VAF values were expected across all subjects throughout the exercise.

Moreover, under the assumption that the underlying synergistic structure is preserved once muscle fatigue

occurs, reconstruction quality should not decrease as i increases. In practice, high VAF was indeed mea-

sured in most cases (Table 18) during D. From a functional standpoint, although activation is decreased

at lower VAF (Figure 63) all 4 MSs are employed at least once during each segment, and concurrently with

the kinematic primitives previously discussed. Therefore, it can be stated that simpler uni-articular MSs

are repurposed - fully or partly - in complex compound movements.

On the other hand, contrasting behavior was observed among trial participants, such as 1) consistently
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high or low VAF; 2) increasing, stationary or decreasing trends in VAF (Figure 62); as well as 3) large vari-

ance in I (Table 18). While, as previously mentioned, such variability can be explained in part by different

muscular fitness or force generating capability among the subject pool - which should in theory correlate

with variable fatigue resistance - the observed disparity in reconstruction patterns was not expected when

taking into account the moderate to high levels of kinematic and electromyographic correlation measured

during D. Objectively, higher VAF implies that WABC was able to better describe muscular recruitment

during P2 and, conversely, a lower value entails a partial or complete restructuring of the MSK system,

whether through additional (i.e. ND > NABC) or completely different set of MSs [Ivanenko et al., 2005].

While there is scientific basis for such a reorganization under fatiguing conditions [Smale et al., 2016;

Thomas et al., 2023], this contradicts the underlying premise of the present study; instead, structural

changes toWABC that may occur as a result of e.g. compensatory movements gradually adopted by partic-

ipants under significant exertion, were not expected in a rested state or during the early stages of muscle

fatigue. In this study, low VAF was observed in specific participants right from the start of D (i = 1); fur-

thermore, no clear decreasing trend was present across different participants. As such, any potential MSK

restructuring was presumed to not be fatigue-induced, but rather the result of participant-specific compen-

satory mechanisms or fatigue-management strategies employed by the MSK system. Alternative interpre-

tations of this phenomenon include 1) additional motions executed during P2 that were unaccounted for

in P1, either in the transition between elemental primitives or by deviations from the experimental protocol

(e.g. distractions, poor mind-muscle connection, unreported joint mobility or muscle tightness issues); 2)

the movement order (Figure 52), as well as the dynamic nature of the composite motion, influences CNS

and MSK organization e.g. transitions too fast to recruit specific MSs (as illustrated in Figure 63 (Right)

as decreased activation of w2 in contrast with its agonist w1), or 3) alternative synergistic relationships

provide better task performance. Particularly, in the case of S7, a noted lower VAF for n = 2 and n = 3

in P1 (Figure 59) hints at the relevance of additional MSs (increase in NABC) employed during P2 which

may be associated with increased fatigue resistance. All these observations highlight the subjective nature

of MSK behavior i.e. how each subject counteracts muscular fatigue, and how this impacts how long can

a specific motion be sustained (I ). It is thus established that fatigue resistance goes beyond muscular

capacity, with MSK systems adopting alternative strategies to counterbalance or accommodate fatigue, as

evidenced in the literature [Fuglevand, 1996; Taylor et al., 2016].

In accordance with the objective of the experimental protocol, the results of the classical analysis

(4.4.4) demonstrated that significant alterations occurred in all participants throughout P2. This supports

the hypothesis that muscles were fatigued towards by the end of the trials (4.4.1). As discussed in 4.2.2,

the expected compression of the EMG frequency spectrum would, in theory, be associated with a slower

response of the muscles, together with a higher activation peak; as shown in Figure 63, a noted increase

in average RMS amplitude and a simultaneous decrease in average MDF values, measured during P2

across all participants, attest to this phenomenon; statistically, increasing trends in RMS,MAV and TTP

and decreasing trends in MNF, MDF and PkF (Table 20) further substantiate this theoretical impact of

fatigue in EMG recordings. While themagnitude and significance of these trends differed betweenmuscles -

foreseeable due to varying degrees of fitness, capacity and exertion - generally, DELTA and DELTM exhibited
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a larger variation, in agreement with the pronounced average slopes depicted in Figure 63, and which can

be explained by the focus of the experimental protocol in the shoulder joint. In contrast, no significant

directional trend was observed in BRR, implying variable recruitment level in trial participants. Moreover,

a notable divide between time- and frequency-domain metrics was evident. Frequency-domain metrics,

namely MNF and MDF, exhibited the highest absolute trend magnitude (Table 20) and, contrary to the

time-domain metrics, presented a meaningful directional variation in the TRILON and TRILAT muscles.

Conversely, in PECM and BIC muscles, the opposite is observed since relevant trends were observed

only in time-domain metrics. Despite the fact that an EMG amplitude increase is often described as

byproduct of its spectral compression in the presence of muscle fatigue [D’Alessio & Conforto, 2001;

Farina & Falla, 2008; Hogrel et al., 2008], these results suggest that both phenomena may be dependent

on muscle fiber type, the dynamics of the executed task, as well as force generating capabilities and

exertion level; Notwithstanding, this contrasts with the notion that spectral alterations are described as

often not significant or statistically relevant [Chang, 2018], and highlights MNF and MDF as potential

fatigue indicators. Lastly, the low R2 values (Table 21) measured during linear regression analysis were,

on the surface, not surprising when considering that fatigue models found in the literature often follow

exponential capacitor-like models [Chang, 2018; Peternel et al., 2019].

Notably, synergy metrics (Table 15) were informed by the expected alterations to the temporal profile

of EMG recordings i.e. smaller slopes - implying slower activation of muscle fibers - and higher amplitude

peaks (4.2.2). In fact, when analyzing the evolution of values throughout D, as presented in Figure 64, a

slight increase in RMS average amplitude was observed in all MSs. On the other hand, no upwards or

downwards trend inWaHP was easily discernible. The first is particularly evident, for instance, in the case

of S5 (highest recorded I ), as shown when overlapping activation curves Hi
D (Figure 65). From a statistical

standpoint, the results of the MK test (Table 22 and Table 23), demonstrating non-negligible variations in

all metrics across the different participants, support the notion that muscle fatigue leads to significant

alterations in MS activation. However, in the case of iPk and WaHP, such variations did not occur in the

same direction across different MSs, hinting at synergy- or participant-specific covariates (e.g. prioritizing

certain MSs or different fatigue management behaviors) that influence the position and width of activation

peaks, respectively; the latter case is in accordance with the lack of visible trends in Figure 64 (Right).

While increasing tendencies were observed in all relevant metrics across different MSs (Table 23), in the

specific case of WaHP, a significant decreasing trend was observed in w2. In fact, w2 exhibited more

pronounced variations in most metrics, being therefore hypothesized that PECM and DELTA - its main

contributors - are less fatigue-resistant than the remaining muscles under study. This is supported by

the outcome of classical analysis (4.4.4), wherein DELTA displayed highest magnitude trends in time-

domain metrics. By contrast, in the case of w4 only P2P varied consistently in all participants, supporting

the previous allegations about its subjective support role in upper limb movement; this is coherent with

the lower recruitment observed throughout P1 and P2 - which, in theory, presupposes less pronounced

fatigue-induced alterations. Overall, the increase in amplitude-related metrics can be hypothesized to be

reflective of an increase in muscle coactivation, which has been shown to be correlated with an increase in

central (i.e. corticospinal) effort to counteract the increased difficulty in fatiguedmuscle recruitment [Tallent
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et al., 2021]. In that sense, while statistical analysis does not imply meaningful changes in both the iPk

andWaHP across trial participants, the increase of the corticospinal volley, which increases the likelihood

of recruitment of adjacent interneurons, may lead to wider and earlier peaks in the synergy activation in

some cases (Figure 65). These results suggests that, generally, in movements characterized by burst

contraction, muscle fatigue leads to an increased recruitment of generic MSs i.e. peaks in Hi
D become

gradually higher; as products of the envelope factorization process and thus reflective of alterations in

the original EMG, this is in line with the theoretical background and the outcome of classical analysis

(4.4.4). In addition, while it is not possible to draw general conclusions as to when or how long peak

recruitment occurs as muscle fatigue develops, the results presented herein reflect a localized decrease in

peak duration in MSs recruiting more fatigued or less fatigue-resistant units i.e. effort is sustained for less

time, potentially reflecting spectral alterations in EMG patterns. Nevertheless, from a practical perspective,

this phenomenon could potentially be seen as an indicator of extreme fatigue or near-failure conditions,

and validate the hypothesis that objective MS-based metrics can be used to identify muscle fatigue. Lastly,

in line with the nonlinearity measured in EMG classical metrics (4.4.4, Table 21), linear models were found

to not fit the evolution of synergy metrics, as evidenced in the low R2 values in Table 24 i.e. the gradual

cumulative effect of fatigue in Hi
D varied nonlinearly with time and effort.

Globally, all of these insights provide an objective answer to RQ3: repetitive, low-force motions induce

a nonlinear increase in the overall recruitment peaks of MSs, as objectively measured with Energy, RMS,

MAV,P2P, Int and TTP (Table 15) - exceeding the established KPI of >1 relevant marker. Notwithstand-

ing, practical applications, as well as a more extensive benchmark between different metrics, should be

evaluated on a problem- or task-specific basis.

4.6 Conclusion

In this work, the occurrence of muscular fatigue was investigated in the context of repetitive non-

isometric small-load movements of the upper limb, focusing on its impact on the synergistic and functional

structure of the MSK system. Under the assumption that, as fatigue gradually develops, the multiple

Muscle Synergies (MSs) underlying generic upper-limb movement are preserved, while primary motor

cortexes dynamically adjust their recruitment to compensate the diminishing force-generating capacity

of fatigued muscles, the procedure described in this manuscript successfully demonstrated that: 1) MSs

responsible for uni-articular motions are reused in compound movements, while preserving their functional

relevance, both before and after fatigue onset; 2) synergy recruitment suffers significant alterations with

fatigue; and 3) these changes can be accurately and consistently identified with objective metrics.

Employing a total of 17 healthy individuals, a two-stage experimental protocol gradually induced muscle

fatigue in right-arm muscles through repetitive motions until self-reported exertion or visible kinematic

degradation, while recording detailed kinematic and EMG data. MSs were estimated from simple uni-

articular motions in a non-fatigued state, then fit to gradually changing EMG patterns as fatigue develops,

and the resulting activation profile in each proceeding repetition characterized through multiple time- and

frequency-domain metrics. Non-parametric statistical testing and linear regression analysis were used
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to evaluate the significance of measured metric trends, and thus objectively assess the usability of each

metric as a muscle fatigue indicator: a nonlinear increase in Energy, RMS,MAV,P2P, Int and TTP was

observed, while classical EMG analysis validated the occurrence of muscle fatigue in trial participants.

Given the results, it was concluded that low-force, repetitive motions lead to a nonlinear increase in

the overall recruitment peaks of MSs, objectively answering RQ3. In a practical sense, the identification

of 6 synergy-based metrics as indicators of cumulative muscle fatigue went beyond the preset KPIs and

represents a notable scientific contribution of this study; moreover, framing synergy metrics (Table 15)

as contextual primitive-based markers, objective O6 was accomplished, and the estimation of similar

synergistic structures across multiple participants is understood to also achieve O1 and O5.

Conceptually, within the context of this thesis, this chapter explored a new category of primitive el-

ements in MSs, complementing the primitive paradigms explored in Chapter 2 and Chapter 3. Results

not only illustrate the highly modular and compositional nature of biological movement - reasserting the

general appeal of primitive theory at different levels of motor generation and control e.g. kinematic, dy-

namic, or neuromuscular - but also the generality of primitive elements, often task- and context-agnostic,

herein reflected in MSs reused in different exercises, and persistent after fatigue onset; most notably, it

is demonstrated that the adaptive nature of vertebrate MSK systems can be harnessed for the design

of better collaborative, assistive or rehabilitative automated systems, such as intelligent fatigue manage-

ment strategies, able to reliably predict fatigue onset, optimize long-term effort of human collaborators in

industrial settings, and - ultimately - reduce incidence of WRMSDs.

Nevertheless, the study described herein still presents just an initial step towards such an automated

fatigued detection and management solution; despite the relevant insights regarding the effect of muscle

fatigue in MS recruitment, and the validation on low-force non-isometric movements, the presented analysis

was performed offline and restricted to simulated right-arm tasks in an academic, structured environment.

In the short term, research should focus on 1) the construction of a more extensive dataset, potentially

exhibiting a greater demographic range, MSK pathologies, physical limitations and active lifestyles; 2)

developing and cross-validating a real-time fatigue detection strategy employing the MS metrics identified

in this work, providing an objective measure of detection time; 3) accurate modeling of the detected trends,

through higher-order regression analysis and different exponential, logarithmic or auto-regressive models;

4) exploring accurate surrogate MSK models, discarding the need for invasive and uncomfortable EMG

instrumentation; 5) validating fatigue detection in collaborative scenarios and industrial tasks.

137



Chapter 5
Conclusion

This thesis provided a multidisciplinary and practical overview of primitive theory across different ar-

eas of research and engineering. To that end, three studies, tackling different practical scientific and

engineering problems, demonstrated how primitive elements - whether as Motor Primitives (MPs), Per-

ceptual Primitives (PPs) or Muscle Synergies (MSs) - can be leveraged by researchers and engineers in

the development of novel, automated and intelligent systems, whose application ranges from domestic,

industrial and collaborative robotics to rehabilitation in clinical settings. With a particular focus on bipedal

locomotion (Chapter 2 and 3), robotic control (Chapter 2) and human behavioral monitoring (Chapter 3

and 4), the concepts and solutions presented herein exploit and repurpose dynamical systems theory,

flexible representations frameworks e.g. Dynamical Movement Primitives (DMPs) and learning techniques

e.g. Black Box Optimization (BBO) to develop adaptive and versatile strategies, models and tools.

In the remainder of this chapter, each study is summarily described, highlighting main takeaways

and outcomes, and presenting relevant scientific contributions in the overarching context of this thesis; in

addition, major shortcomings and limitations are identified, and framed as appealing avenues for future

scientific research.

5.1 Summary

Generic Primitive-based Legged Control

Tackling the problem of adaptive and stable walking in humanoid robots, Chapter 2 aimed to answer

RQ1: How can a generic primitive-based controller generate functional locomotion patterns in different

platforms? To that end, building upon previous research, a generic high-level control structure was pro-

posed, designed on top of Dynamical Movement Primitives (DMPs), and with a particular focus on MP

sharing across different robotic platforms, exploiting primitive theory to simplify and generalize motor gen-

eration and skill acquisition. Using bioinspired locomotive limit cycles based on Central Pattern Generators

(CPGs), a versatile Imitation Learning (IL) strategy is developed employing Black Box Optimization (BBO),

and used to teach functional, stable locomotion on flat terrain to two simulated anthropomorphic plat-
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forms. The notable aspect of the solution was that in both robots lower-limb control patterns were defined

as simple combinations of only P = 3 generic MPs, with the resulting gait exhibiting over 90% average

similarity in selected gait metrics including distance traveled, average velocity, total energetic expenditure

and Cost of Transport (CoT)1. In addition to highlighting how MPs can effectively simplify representation

and dimensionality without sacrificing stability and performance, the generic nature of the control archi-

tecture - formalizing generic MP and robot-specific skill libraries - fits generalized adoption in other robotic

tasks, as well as in L2 strategies during the design of autonomous adaptive machines. While the design of

fast and stable i.e. highly-performant locomotion was not the primary focus of the study, the methodology

presented provided an objective answer to RQ1: generic bioinspired MP-based control, exploiting non-

linear dynamical systems for motor generation, can effectively be used to imitate complex, highly-dynamic

and high-dimensional behaviors such as walking in multiple platforms. Within the broader context of this

thesis, the study accomplished O1 through an IL approach to motor skill learning from CPG presets, O3 by

achieving stable walking in different platforms, and provided the general structure for a unified DMP-based

knowledge database that would be repurposed in Chapter 3, thus partially fulfilling O2.

Dynamical Perceptual Memory Model

Focusing on identifying an objective answer to RQ2: How can dynamical systems encode stereo-

typical episodic information associated with different perceptual contexts, while accounting for primitive

elements?, the DMP-based trajectory introduced in Chapter 2 was repurposed for a different - albeit comple-

mentary - application, providing the basis for a dynamical episodic memory model targeting stereotypical

perceptual input in a generic sensor-agnostic (i.e. amodal) representation, while borrowing insights from

decades of research in human cognition. The appealing properties of DMP are carried over, leading to

a data-driven, compact and time-invariant representation of perception which can complement high-level

cognitive architectures. Most notably, the existence of shared Perceptual Primitives (PPs) across different

sensor dimensions, modalities as well as - potentially - different tasks and agents/platforms. The pre-

vious motor skill learning approach is reframed as a memory consolidation procedure and, additionally,

practical algorithms are proposed for memory recall, memory matching and perceptual context identifi-

cation. Cross-validation was conducted in a kinematic dataset of human locomotion; in practice, when

modeling motion capture data as perceptual input, the proposed setup was able to accurately identify walk-

ing velocity and terrain incline with, on average, 89% accuracy1 and over 95% specificity; and perturbed,

non-stereotypical gait was detected with 79% accuracy and up to 30 ms in advance. At the same time,

substantial dimensionality reduction of over 20%1 was achieved when sharing P = 5 PPs across a total of

K = 18 perceptual inputs. Beyond verifying established KPIs, the resulting performance demonstrates

how primitive structures can be exploited in perceptual modeling, and how stereotypical experiences can be

efficiently represented with dynamical systems, answering RQ2: coupled DMP systems can be harnessed

to uniquely encode stereotypical perceptual patterns, as well as efficiently represent PPs in sensor data..

O1 is once again realized by creating perceptual memories from recorded kinematic demonstrations; O2

1 Established Key Performance Indicator (KPI).
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is completed by adopting a similar structure to encode motor and perceptual patterns, O4 through the con-

struction of a perceptual memory library and O5 by integrating generic PPs into the dynamics underlying

episodic memories.

Impact of Muscle Fatigue in Musculoskeletal Primitives

A complementary study was conducted on repetitive and stereotypical human upper-limb movement,

and primitives at neuromuscular level i.e. Muscle Synergies (MSs) were exploited in the identification of

muscular fatigue from Electromyography (EMG) recordings in dynamic, low-force movements, investigating

RQ3: What cumulative effect do low-force repetitive movements have in the activation profile of muscle

synergies?. Muscular fatigue is contextualized as a relevant socioeconomical issue in industrial settings,

where human-robot collaborative strategies can contribute to minimize long-lasting impact in work perfor-

mance and Musculoskeletal (MSK) disorders. To that end, an experimental protocol was designed with

the aim of gradually inducing muscular fatigue in a total of 17 healthy individuals, as well as validating the

compositional nature of the human MSK system. Operating under the well-documented premise that the

synergistic structure of the MSK system is preserved after fatigue onset, an elaborate processing pipeline

was able to comprehensively profile muscular activity of trial participants over time i.e. as fatigue devel-

oped. This stage included conventional EMG markers, functional and kinematic assessment of different

exercises, and detailed statistical and regression analysis over multiple time- and frequency-domain met-

rics, regarding the level of significant alterations observed from a non-fatigued to a fatigued state. The

work concluded that Energy, RMS, MAV,P2P, Int were able to identify fatigued state1; in addition,

observed variations were non-linear across all tested metrics, formulating a concrete answer to RQ3: low-

force, repetitive motions lead to a nonlinear increase in the overall recruitment peaks of MSs. In a practical

sense, these results can be used in the development of dynamic fatigue models and exploited by high-level

fatigue management strategies, with particular appeal in adaptive robots closely interacting or coexisting

with human collaborators. At a higher, conceptual level, this study complements the previous explored

primitive modalities (MPs and PPs) by further reinforcing the appeal of primitive elements in the design of

intelligent adaptive machines. Through the use of experimental data in the extraction of upper-limb MSs,

O1 and O5 are achieved, and their use to identify muscle fatigue accomplishes O6.

Overall, all practical objectives were fulfilled, with O1 and O5 achieved in multiple chapters. At a

global, conceptual level, the research conducted within the context of this thesis exemplifies multiple fea-

tures of bioinspired Lifelong Learning (L2) systems [Kudithipudi et al., 2022], as summarized in Table 25:

• Transfer and Adaptation when fitting learned behaviors and preset motor policies to different

robotic platforms, illustrated in the skill learning (Chapter 2, 2.4.3) and two-stage memory consoli-

dation (Chapter 3, 3.4.4) procedures, and when extracting similar MSs across different individuals

(Chapter 4, 4.3.4.4);

• Exploiting Task Similarity through the use of a shared MP library in different platforms (Chap-

ter 2, 2.4.3), two-stage memory consolidation (Chapter 3, 3.4.4), and reusing uni-articular MSs in
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composite movements (Chapter 4, 4.3.4.4);

• Overcoming Catastrophic Forgetting by implementing compact, data-efficient episodic mem-

ories of stereotypical experiences (Chapter 3, 3.3), allowing the incorporation of associative seman-

tics between motor skills S and perceptual memoriesM;

• Task-agnostic Learning which, while not directly addressed in this work, can be conducted

through offline extrinsic learning (Chapter 2, 2.3.3) of generic primitive elements used in different

tasks and platforms/agents.

• Noise Tolerance through the use of stable attractor dynamics as the base for motor control

(Chapter 2, 2.3.1) and perceptual memories (Chapter 3, 3.3), as well as modeling stochasticity in

episodic, stereotypical perceptual input (Chapter 3, 3.3);

• Resource Efficiency as a result of primitive sharing, achieving notable dimensionality reduction

in motor and perceptual representation structures, and modular learning processes; moreover,

employing time-invariant parametric representations allow continually archiving motor skills and

episodic memories in an open-ended format.

Concurrently, other perspectives are highlighted, particularly when complementing the motor control

strategy formalized in Chapter 2 with the episodic memory model proposed in Chapter 3, whereby this work

provides a practical foundation - or a powerful complement - for flexible reasoning and knowledge

processing, as highlighted by Tenorth & Beetz [2009], by addressing i) action-centered representation

based on MP combinations, ii) automated acquisition through observation in the use of IL methods for

skill learning and memory consolidation, iii)managing uncertainty by encoding stochasticity and variability

observed in sensor patterns, and exploiting stable dynamical systems for online robustness, and iv) fast

inference achieved with low-dimensional dynamic representations; and, similarly, for robust represen-

tation of motor memory, namely through the features identified by Žabkar & Leonardis [2016] i.e. i)

being compact i.e. resource-efficient, and ii) reusing information across different domains i.e. exploiting

task (and platform/agent) similarity; ultimately, iii) fast online learning as a result of reduced dimensionality

and versatile learning strategies, and iv) association of low-level motor commands with high-level symbolic

abstract knowledge, by means of high-level S ↔M coupling, can be implemented. From the viewpoint

of human cognition and high-level cognitive architectures, the motor libraries introduced in Chapter 2 can

be viewed as proceduralmemories, while knowledge stored with the memory model proposed in Chapter 3

represent episodic memories, which, in egocentric implementations, encode stereotypical proprioceptive

information. In general, associative semantics between both represent a practical, data-driven, modular

representation of implicit, long-term, grounded Associative Skill Memories (ASMs).

Overall, the most relevant takeaway of the present thesis is how primitive-based approaches, illustrated

in the tools and models proposed herein, can contribute to and complement existing cognitive architectures

at different levels of abstraction (semantic, emergent and hybrid) and, in the long term, the creation of

truly autonomous L2 machines, able to coexist, interact and grow safely and dynamically with and around

humans.
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Table 25: Overview of hallmark features in Lifelong Learning (L2) systems [Kudithipudi et al., 2022] and
where each is addressed in this work; task-agnostic learning, while not directly addressed, is achievable
with the outcomes of Chapter 2 and Chapter 3.

Chapter 2 Chapter 3 Chapter 4

Transfer and Adaptation • •
Exploit Task Similarity • •

Overcoming Catastrophic Forgetting •
Task-agnostic Learning • •

Noise Tolerance • •
Resource Efficiency • • •

5.2 Outcomes and Contributions

In line with what was initially presented in Chapter 1 (1.2), relevant scientific contributions of the

present thesis are reflected in the form of different theoretical frameworks, algorithms, practical applica-

tions and resulting experimental datasets.

Algorithms and Theoretical Models

A generic, multi-level and modular primitive-based control structure, employed for motor control (Chap-

ter 2, 2.3) and perceptual modeling (Chapter 3, 3.3) incorporate and different scientific concepts explored

in previous works; Exploiting this structure, i) a generalized and versatile IL strategy (specifically as a form

of BC), employed for motor skill learning and transfer, as well as offline memory consolidation, and ii) differ-

ent methods for perceptual context tracking (Algorithm 3), search (Algorithm 4) and bootstrap (Algorithm 5)

were developed. Practical implementations, described in Appendix A, are provided as generic, extensible

C++ libraries, in addition to high-level Python bindings, front-end packages for the ROS ecosystem, and ex-

tensive documentation of their public API. Lastly, iii) multiple time- and frequency-domain fatigue indicators

constitute a valuable foundation for the design of robust and efficient fatigue management solutions.

Applications

The adoption of existing methodologies and frameworks in novel applications and/or engineering prob-

lems was illustrated in the generalized use of DMPs for i) robotic bipedal locomotion, notably not common

given the complexity and dynamic nature of the movement (Chapter 2, 2.4); ii) efficient data-storage,

exploited in episodic memory modeling (Chapter 3, 3.3); and iii) detection of slip-like perturbations in

human walking (Chapter 3, 3.4). In addition, a novel BC strategy for learning bipedal walking from preset

dynamical trajectories, as opposed to the common kinesthetic teaching approach often adopted in manip-

ulation tasks (Chapter 2, 2.4.3). And, lastly, in the MS-based analysis of dynamic, low-force movements

(Chapter 4, 4.3.3), while research mostly focus on isometric conditions.
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Datasets

An extensive i) dataset including right-arm kinematic and electromyographic patterns, for a total of 17

participants executing 1) multiple short, uni-articular, upper-limb motions and 2) composite movements

until self-perceived exertion or kinematic non-conformity (Chapter 4, 4.3.3), was recorded during the study

of fatigue-induced alterations in MS recruitment (Chapter 4), is publicly available (hosted in Zenodo). The

dataset includes segmented2 raw3 recordings, as well as self-perceived fatigue levels at the end of each

exercise reported by trial participants, according to Borg’s Perceived Exertion Scale [Borg, 1998].

5.2.1 Publications

From a dissemination perspective, the research conducted within the context of this doctoral thesis

led to the following publications in peer-reviewed scientific journals:

• Using dynamical systems to accurately detect gait context and perturbations, André, J., Ribeiro, N.,

Santos, C., Journal..., 2025 [...]

• Exploring the impact of fatigue in muscle synergies, André, J., Cerqueira, S., Gizzi, L., Santos, C.,

Journal of Neural Engineering, 2025, [...]

5.3 Limitations and Future Work

Broadly, given the focus on bioinspired (Chapter 2) and biological (Chapter 3 and 4) movement through-

out this work, the different categories of primitive elements studied - MPs, PPs and MSs - can be viewed

as different manifestations of the same underlying core elements i.e. functional MPs within biological MSK

systems; while this does not invalidate the results, discussion and conclusions presented herein, it war-

rants further research into a wider range of practical applications, including comprehensive validation in

different motor skills, tasks and/or platforms and systems, ideally in a real-time context. Particularly, a

unified approach to grounded skill learning and representation, through the associative combination of mo-

tor and perceptual libraries and contextual perceptuomotor coupling e.g. with RL techniques, is a natural

next step in the research work described in this thesis.

Regarding robotic control (Chapter 2), the i) validation of the proposed strategy outside simulation i.e. in

real platforms and in more challenging terrains, would further attest to the practical appeal of MP-based

control; furthermore, motor skill learning can be improved with the ii) generalization of learned behaviors

with contextual RL e.g. using perceptual context Ct (Chapter 3, 3.3.2) as input; and in the specific case

of robotic walking, iii) conventional and/or cutting-edge DRL techniques would be able to autonomously

improve performance i.e. stability, velocity and/or energetic footprint in real time;

The perceptual memory model (Chapter 3), in its turn, was only validated with kinematic input, de-

spite its sensor-agnostic nature. As such, iv) validation with multimodal perceptual inputs and modalities

2Following the kinematic segmentation procedure (Chapter 4, 4.3.4.2).
3Acquired with the experimental setup (4.3.2), including post-processing of body kinematics and preliminarily filtered EMG.
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e.g. tactile, auditory and visual perception - beyond motion capture where the overlap with kinematic MPs

is plausible - is necessary, with particular focus on the dynamic nature of contextual identification and

the tracking and bootstrapping mechanisms in Algorithm 3 and Algorithm 5, respectively. Moreover, its

theoretical formulation can be extended to v) incorporate scale-invariance through existing DMP extensions

(Chapter 2, 2.3.1), further generalizing episodic memories and increasing data efficiency.

Lastly, detection of muscle fatigue (Chapter 4) can be improved with vi) dynamical models that can

accurately describe fatigue onset over time, predicting physical impairment and thus allowing long-term

fatigue management, in line with similar generalized solutions in the literature. In parallel, the vii) validation

of identified fatigue metrics in different motions and limbs would further reinforce the validity of the results.

In summary, this thesis has advanced the understanding and application of primitive theory in distinct

areas of research, with a particular emphasis on robotic control, but whose generality ultimately allows

application beyond robotics and automated systems, as was demonstrated in the validation procedures

presented. It bridges theoretical constructs to practical implementations, providing tools for dynamic and

adaptable motor control and behavioral monitoring. Going forward, it is hoped that these findings will in-

spire continued innovation in both robotics and interdisciplinary studies of human and artificial movement,

which will enhance the capability of robots to operate in shared human-machine environments.
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Practical Implementation

This chapter provides a brief high-level summary of the practical implementation developed in this

thesis, supplementing the studies described in Chapter 2 and 3, comprised of generic C++ libraries and a

specialized Robot Operating System (ROS) environment used to control locomotion in simulated humanoid

platforms.

A.1 Core Libraries

As illustrated in Figure A.1, the core implementation comprises a set of 3 generic libraries, organized

in a modular structure:

• mplibrary Base implementations of different dynamical systems, discrete and rhythmic multidi-

mensional DMPs, and compound structures for convenience i.e. skill and primitive libraries;

• mplearn Generic learning-oriented implementations to parametrize DMP classes in mplibrary;

• mpmemory Higher-level extensions to mplibrary providing episodic memory classes and context

identification algorithms.

Development followed a generic OOP paradigm, specifically through polymorphic derivations of a min-

imal set of base abstract interfaces. For computational efficiency, a pass-by-reference approach was

adopted, and all implementations are thread-safe. Moreover, for additional convenience, high-level bind-

ings for python are also provided using pybind111 [REF].

A.1.1 mplibrary

As illustrated in Figure A.2, different dynamical systems are implemented as derivations of the Dy-

namicalSystem interface, describing generic time-scalable first- and second-order dynamics. By default,

1v. 2.13.6.
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Figure A.1: Conceptual flowchart of the C++ implementation developed in this work; core classes and
definition as defined on mplibrary, with higher-level extensions provided by mplearn and mpmemory;
core libraries written in C++, with high-level Pythin bindings provided through pybind11.

DynamicalSystem

+ value: float

+ dvalue: float

+ dvalue: float

+ tau: float

+ update (step: float)

+ reset(value: float, dvalue: float, ddvalue: float)

SpringDamper

+ goal: float

+ parameters: Damping

+ update(step: float)

LinearPacer

+ pace: float

+ update(step: float)

QuadraticDecay

+ decay: float

+ update(step: float)

Damping

+ alpha: float

+ alpha: float

+ beta: float

+ zeta(): float

...

Figure A.2: Illustrative UML diagram describing OOP implementation of different dynamical systems.
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BasisFunction

+ parameters: BasisFunction::Parameters

+ operator() (phase: float): float

+

Gaussian

+ parameters: BasisFunction::Parameters

+ operator()(phase: float): float

vonMises

+ parameters: BasisFunction::Parameters

+ operator()(phase: float): float

...

Parameters

+ center: float

+ width: float

Figure A.3: Illustrative UML diagram describing OOP implementation of different RBFs.

DynamicalSystem operates on a step-by-step basis, wherein states are synchronously updated - using Eu-

ler’s method - according to a given time step. Among other general-purpose systems, QuadraticDecay and

LinearPacer classes implement canonical systems for discrete and rhythmic DMP (6) used in the classi-

cal formulation [Ijspeert et al., 2013, 2003]; in addition, the SpringDamper class provides second-order

attractor dynamics in DMP transformation systems (1), with a separate Damping structure encoding the

system damping.

Similarly, different Radial Basis Functions (RBFs) are implemented through a minimal abstract Basis-

Function interface, employing a generic Parameters class aggregating center and width (Figure A.3). Of

note are the Gaussian and VonMises derivations, describing the DMP kernels in the discrete and rhythmic

cases (5), respectively.

At a higher level, in a hierarchical, compositional structure, the Primitive, Skill and DMP classes pro-

vide the core implementations in mplibrary (Figure A.4) as unique elements in motor libraries (2.3.2):

Primitive as a generic collection of RBFs (12), Skill as a combination of different Primitive instances (20),

and DMP as a specialization of the Multi class template implementing a container of multiple Spring-

Damper instances, while associated with a specific Skill instance. These classes derive from UniqueType,

a minimal interface generating Universally Unique Identifiers (UUIDs) on construction as well as allowing

custom text-based labels for convenience.

Convenience containers are also provided (Figure A.5) as both a generic Archive template aggregating

multiple same-type UniqueType instances i.e. Primitive, Skill and DMP, and a top-level multimodal Library

class holding specialized Archive instances for each unique type, as primitives, skills, policies members,

respectively.

Lastly, serialization of these structures through their parametrization to/from a custom Extensible

Markup Language (XML) format (.mpx) is provided, allowing instances of Library, Archive, and different

UniqueType derivations to be stored in portable, human-readable local files.
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Primitive

# basis: BasisFunction[0..*]

# weights: float[0..*]

+ basis(): BasisFunction[0..*]

+ weights(): float[0..*]

+ setParameters(parameters: BasisFunction::Parameters[0..*])

+ addBasis(weight: float, basis: BasisFunction)

+ removeBasis(idx: int)

+ setWeights(weighs: float[0..*])

+ operator()(phase: float) : float

+ size() : int

Skill

# primitives: Primitive[0..*]

# weights: float[0..*]

# delays: float[0..*]

+ primitives(): Primitives[0..*]

+ primitive(idx: int): Primitive

+ weights(): float[0..*]

+ delays(): float[0..*]

+ addPrimitive(primitive: Primitive, weights: float[0..*], delays: float[0..*])

+ removePrimitive(idx: int)

+ operator()(phase: float) : float

+ clear()

+ nDims() : int

+ nPrimitives() : int

UniqueType

# uuid: Boost::UUID

# label: string

+ uuid(): Boost::UUID

+ label(): string

DMP

# skill: Skill

+ goals(): float[0..*]

+ setGoals(goals: float[0..*])

+ update(step: float)

+ skill(): Skill

+ setSkill(skill: Skill)

+ clear()

+ tau(): float[0..*]

+ setTau(tau: float)

Multi

# systems: DT[0..*]

+ systems(): DT[0..*]

+ operator[](idx: int) : DT

+ value(): float[0..*]

+ dvalue(): float[0..*]

+ ddvalue(): float[0..*]

+ update(step: float)

+ add(system: DT)

+ remove(idx: int)

+ reset(values: float[0..*], dvalues: float[0..*], ddvalues: float[0..*])

+ reset(value: float, dvalue: float, ddvalue: float)

+ size(): int

DT

DynamicalSystem

BasisFunction

SpringDamper

SpringDamper

Figure A.4: Illustrative UML diagram describing OOP implementation of modular unique elements in motor
libraries.

Archive

# elements: UT[0..*]

+ add(element: UT)

+ remove(idx: int)

+ operator[](idx: int) : UT

+ operator[](label: string) : UT

Library

+ primitives: Archive< Primitive >

+ skills: Archive< Skill >

+ policies: Archive< DMP >

UT

UniqueType

Figure A.5: Illustrative UML diagram describing OOP implementation of high-level containers for unique
elements.
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BasicPolicyLearner

# agents: BasicPolicPerformer[0..*]

+ attach(agents: BasicPolicyPerformer[0..*])

+ learn(from: float[0..*]): float[0..*]

+ nPerformers(): int

BasicPolicyPerfomer

+ dim(): int

+ lbounds(): float[0..*]

+ ubounds(): float[0..*]

+ run(parameters: float[0..*]): float

CMAESLearner

+ learn(from: float[0..*]): float[0..*]

+ nPerformers(): int

BasicDMPRollout

# dmp: DMP

+ config: BasicDMPRollout::Parameters

+ dim(): int

+ lbounds(): float[0..*]

+ ubounds(): float[0..*]

+ policy(): DMP

+ parametrize(dmp: DMP, parameters: float[0..*], config: BasicDMPRollout::Parameters)

DMPReferenceMatch

# reference: float[0..*]

# phase: float[0..*]

+ reference(): float[0..*]

+ phase(): float[0..*]

+ run(parameters: float[0..*]): float

DMP

Parameters

+ share_damping: bool

+ share_primitives: bool

+ shift_primitives: bool

+ fix_basis_weights: bool

+ fix_basis_centers: bool

+ fix_basis_widths: bool

+ share_basis_width: bool

+ integration_step: float

+ n_passes: int

+

Figure A.6: Illustrative UML diagram describing OOP implementation of learning-oriented structures.

A.1.2 mplearn

Built on top of mplibrary structures, mplearn provides a uniform interface for optimization and

learning implementations, by defining virtual abstract BasicPolicyLearner and BasicPolicyPerformer inter-

faces (Figure A.6), from which different learning techniques and problem-specific cost functions can be

derived, respectively. In the specific case of the works described in Chapter 2 and 3, a CMAESLearner was

derived from BasicPolicyLearner, wrapping around libcmaes’s [Beniz, nd] implementation of Covariance
Matrix Adaptation - Evolutionary Strategy (CMA-ES). Concurrently, BasicDMPRollout extended BasicPoli-

cyPerformer to implement customizable parametrization of a multidimensional DMP system, according to

a specific Parameters subclass. DMPReferenceMatch, in its turn, implemented Root Mean Square Error

(RMSE) computation between a sequence of DMP states and a reference trajectory, according to (23).

Notably, mplearn allows compounding multiple PolicyPerformer instances for multi-objective, chained

implementations, similar to what is proposed in (25), as depicted in Figure A.7. Such a generic interface

allows implementation of different learning paradigms, such as BBO and RL, while also being inherently

extensible, with ongoing development in other robotic problems, whereby new BasicPolicyLearner and

BasicPolicyPerformer derived classes can be integrated.

A.1.3 mpmemory

Also extending mplibrary, mpmemory defines an additional UniqueType derivation in a Footprint

class coupling two dmp instances (66) and implementing the memory matching through (69) (Figure A.8).

Separate Context and Tracker classes provide public and static member functions implementing the up-

date (i.e. tracking Algorithm 3) operation as well as the search (Algorithm 4) and bootstrap (Algorithm 5)
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Learner Performer

(a)

Learner Performer Performer Performer ...

+

+

+

(b)

Figure A.7: Conceptual flowchart illustrating possible learning strategies implemented in mplearn; learner
types can be attached to single (a) or multiple (b) performer instances for multi-objective optimization.

Footprint

# reference: DMP

# stdev: DMP

+ reference(): DMP

+ stdev(): DMP

+ update(step: float): float[0..*]

+ reset()

+ reset(phase: float, step: float, psystem: DynamicalSystem)

+ match(data: float[0..*], z: float): float

+ size(): int

UniqueType

ArchiveExtLibrary

+ primitives: Archive< Primitive >

+ skills: Archive< Skill >

+ policies: Archive< DMP >

+ memories: Archive< Footprint >

Library

Figure A.8: Illustrative UML diagram describing OOP implementation of generic perceptual memories.

algorithms (Figure A.9). Library is extended to ExtLibrary to also include a memories member aggregat-

ing different perceptual memories. Retroactively compatible with the structures in mplibrary, namely
the learning approach provided by mplearn, used for memory consolidation (Chapter 3, 3.4.4), and the
generic serialization implementations for convenience.

A.2 ROS Environment

A ROS2 workspace was constructed for the walking simulations described in Chapter 2, comprised

of different C++ packages exploiting mplibrary in the control of humanoid platforms, as illustrated in

2v. Noetic Ninjemys.

Context

+ index: float

+ d: float

+ phase: float

+ tau: float

+ operator bool(): bool

Tracker

# parameters: Tracker::Parameters

# current: Context

# memories: Archive< Footprint >

+ current(): Context

+ update(data: float[0..*]) : bool

+ search(data: float[0..*]) : bool

+ bootstrap(data: float[0..*]) : bool

+ next(noise: bool): float[0..*]

+ update(memories: Archive< Footprint >, data: float[0..*], prior: Context) : Context

+ search(memories: Archive< Footprint >, data: float[0..*], prior: Context) : Context

+ bootstrap(memories: Archive< Footprint >, data: float[0..*], prior: Context) : Context

Parameters

+ z: float

+ d_min: float

+ d_max: float

+ step: float

+ search_tau: float

+

Figure A.9: Illustrative UML diagram describing OOP implementation of perceptual context identification.
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Figure A.10: Conceptual flowchart of the ROS C++ pacakges developed in this work; roswalker employs
the generic implementations in mplibrary to load and/or generate walking command trajectories, while
roscontrol_utils and roshumanoid allow abstraction from platform-specific models and drivers.

Figure A.10:

• roscontrol_utils Generic tools to simplify and streamline the development of control-related

ROS packages, wrapping ROS topic and service interfaces into a high-level code API;

• roshumanoid Package built on top of roscontrol_utils, establishing a uniform humanoid

topic and service interface, allowing a plug-and-play approach to the control of different humanoid -

i.e. morphologically similar - platforms; configuration presets for the OP and the NAO are included;

• roswalker Locomotion-oriented, platform-agnostic package employing mplibrary, that loads
and publishes high-level control patterns to leg actuators, using roshumanoid to interface with

different robot models; CPG and DMP controllers are included;

• OP simulation model and ROS drivers (low-level PID implementation):

– darwin_description

– darwin_control

• NAO simulation model and ROS drivers (low-level PID implementation):

– nao_description (as part of nao_robot)

– nao_control (as part of nao_virtual)

– nao_meshes

A.2.1 roscontrol_utils

Commonly, joint control in ROS is implemented resorting to the controller_manager package that

handles low-level PID control and advertises topics for control commands and joint state; similarly, sensor

plugins (in simulation) or hardware drivers publish data to sensor-specific topics (at a preset sampling

rate). For general convenience, roscontrol_utils wraps ROS topic interface through Actuator and
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Actuator

# node: ros::NodeHandle

# prefix: std::string

# state: float

# velocity: float

# torque: float

# min: float

# max: float

# multiplier: float

# publisher: ros::Publisher

# subscriber: ros::Subscriber

+ state(): float

+ velocity(): float

+ torque(): float

+ set(target: float, wait: float, n_steps: int)

+ setUntil(target: float, wait: float, err: float, alpha: float)

+ waitForState(state: float)

BasicSensor

# subscriber: ros::Subscriber

+ topic(): std::string

Publisher Subscriber

MultiInterface

# data: IT[0..*]

+ add(args...)

+ remove(key: std::string)

+ remove(pos: int)

+ operator[](pos: int): IT

+ operator[](key: std::string): IT

Sensor

# value: MT

# update(value: MT)

+ value(): MT

MT

CameraSensor IMUSensor FSRSensor

sensor_msgs::Image sensor_msgs::Imu gazebo_msgs::ContactsState

Imu ImageContactsState

IT

MultiActuator

+ ready(): bool

+ set(targets: float[0..*], wait: float, n_steps: int)

+ set(keys: std::string[0..*], targets: float[0..*], spin_wait: float, n_steps: int)

+ setUntil(targets: float[0..*], wait: float, err: float, alpha: float)

+ state(): float[0..*]

+ velocity(): float[0..*]

+ torque(): float[0..*]

Actuator

sensor_msgs

NodeHandle

gazebo_msgs

MultiSensor

+ at(pos: int): ST

+ at(label: std::string): ST

ST

Figure A.11: Illustrative UML diagram describing OOP implementation of high-level general-purpose ROS
control utilities.

Sensor classes, aggregated in MultiActuator and MultiSensor container-like types (Figure A.11), providing

a minimal, high-level code API to streamline the design of generic control strategies, abstracted from

platform-specific implementations.

A.2.2 roshumanoid

Making use of the generic types provides by roscontrol_utils, roshumanoid introduces a

Humanoid class (Figure A.12) derived from MultiActuator and coupled with a MultiSensor instance. In

order to abstract control from robot morphology, a general uniform structure is assumed across different

humanoid platforms (Figure A.13) as a collection of biologically-plausible spherical joints. Up to 3 DoFs

can be defined at each joint (i.e. description of DoF-specific ROS topic), and platform-specific mappings

are provided in local configuration files (in the case of the OP and the NAO), which are loaded into the

ROS parameter server at runtime. Recursively, nested LimbInterface instances allow independent limb

control. Additionally, BasicHumanoidControl provides a base interface for generalized control of Humanoid

instances.

152



APPENDIX A. PRACTICAL IMPLEMENTATION

Humanoid

+ head: Humanoid::LimbInterface

+ left_arm: Humanoid::LimbInterface

+ right_arm: Humanoid::LimbInterface

+ left_leg: Humanoid::LimbInterface

+ right_leg: Humanoid::LimbInterface

+ sensors: MultiSensor

# name: std::string

# move_srv: ros::ServiceServer

# head_move_srv: ros::ServiceServer

# left_arm_move_srv: ros::ServiceServer

# right_arm_move_srv: ros::ServiceServer

# left_leg_move_srv: ros::ServiceServer

# right_leg_move_srv: ros::ServiceServer

+ add(actuator: Actuator, label: std::string)

+ remove(label: std::string)

+ name(): std::string

+ structure(): Descriptor< std::string >

+ hasFallen(): bool

+ hasArmSymmetry(): bool

+ hasLegSymmetry(): bool

+ footContact(): Lateral< bool >

+ loadControls(prefix: std::string): float[0..*]

Descriptor

# components: Descriptor< T >[0..*]

T

Lateral

+ left: T

+ right: T

T
LimbInterface

# parent: MultiActuator

+ add(actuator: Actuator, label: std::string)

+ remove(label: std::string)

MultiActuator

MultiSensor

ServiceServer

+ BasicHumanoidControl

# robot: Humanoid

# name: string

# node: ros::NodeHandle

# timer: ros::Timer

# enable_service: ros::ServiceServer

# disable_service: ros::ServiceServer

# update(event: ros::TimerEvent)

# enableSrv(trigger: std_srvs::Trigger): bool

# disableSrv(trigger: std_srvs::Trigger): bool

+ move(tstep: float)

+ ok (): bool

+ spin(frequency: float)

+ initialize()

+ disable()

+ setFrequency(frequency: float)

NodeHandle ServiceServerTimer Trigger

std_srvs

Figure A.12: Illustrative UML diagram describing OOP implementation of a general Humanoid class for
control of humanoid platforms, as well as a minimal control interface.
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Figure A.13: Default humanoid structure expected by the Humanoid class; different humanoid configura-
tions can define up to 3 DoFs per articulated joint, as well as multiple sensor inputs.
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WalkingPacer

# adjustment: PaceAdjustment

+ update(step: float)

RollCorrection

+ gain: float

+ left_sources: FSRSensor[0..*]

+ right_sources: FSRSensor[0..*]

+ get(): float

PitchCorrection

+ gain: float

+ back_sources: FSRSensor[0...*]

+ front_sources: FSRSensor[0...*]

+ get(): float

CoupledLinearPacer

BasicFeedbackMechanism

+ get(): T

+ operator()(): T

T

float float

FSRSensor

PaceAdjustment

+ gain: float

+ reference: DynamicalSystem

+ sources: FSRSensor[0...*]

+ get(): float

DynamicalSystem

float

Figure A.14: Illustrative UML diagram describing OOP implementation of different force-base feedback
mechanisms.

BipedGaitCPG

# basis: BasisFunction[0..*]

# parameters: BipedGaitCPG::Parameters

+ parameters(): BipedGaitCPG::Parameters

+ setParameters(parameters: BipedGaitCPG::Parameters)

+ update(tstep: float, phase: float)

+ motionValues(phase: float): float[0..*]

Parameters

+ alpha: float

+ omega: float

+ sigma: float

+ amplitude: float[0..*]

+ offset: float[0..*]

BasisFunction

Multi

PointAttractor

DynamicalSystem

+

Figure A.15: Illustrative UML diagram describing OOP implementation of CPG dynamics.

A.2.3 roswalker

Given theHumanoid interface provided by roshumanoid, roswalker defines a locomotion-oriented

DynamicalWalker class derived from BasicHumanoidControl, further extended in CPGWalker and DMP-

Walker in the case of CPG-based (2.4.1) and DMP-based (2.4.2) walking, respectively. Helper types Lat-

eral and Descriptor describe, respectively, the contralateral and hierarchical3 organization of a humanoid

robot. In the particular case of CPG control, the BipedGaitCPG class was developed using the base types

inmplibrary. Both walking controllers prescribe open-loop trajectories to the left_leg and right_leg limb in-

terfaces, according to the methodologies described in Chapter 2. Closed-loop control is achieved though a

WalkingPacer class extending DynamicalSystem implementing the coupled phase system with force feed-

back (47 - 48) used in both CPGWalker and DMPWalker. Simultaneously, the goal states of the ankle pitch

and roll joints are adjusted dynamically by the PitchCorrection and RollCorrection classes implementing

the ankle feedback mechanisms (53 - 54).

3Through the recursive design of Descriptor i.e. each instance as a collection of multiple Descriptor instances allows exten-
sion beyond humanoid and/or anthropomorphic organizations.
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DynamicalWalker

# phase: Lateral< WalkingPacer >

# phase_publisher: Lateral< ros::Publisher >

# roll_correction: RollCorrection

# pitch_correction: PitchCorrection

+ move(tstep: float)

+ initialize()

+ configure()

CPGWalker

# control: Lateral< BipedGaitCPG >

# command_pub: Lateral< ros::Publisher >

+ move(tstep: float)

+ initialize()

+ publishControl()

DMPWalker

# control: Lateral< DMP >

# command_pub: Lateral< ros::Publisher >

+ move(tstep: float)

+ initialize()

+ setDamping(damping: SpringDamper::Damping)

+ setSharedSkill(skill: Skill)

+ setSharedOffsets(offsets: float[0...*])

+ publishControl()

Parameters

+ update_rate: float

+ pace: float

+ phase_coupling: float

+ phase_feedback_gain: float

+ roll_correction_gain: float

+ pitch_correction_gain: float

+WalkingPacer

RollCorrection

PitchCorrection

Publisher

BipedGaitCPG

BasicHumanoidControl

DMP

Figure A.16: Illustrative UML diagram describing OOP implementation of CPG and DMP walking controllers.
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Appendix B
Humanoid Platforms

B.1 Robotis OP

The Robotis OP humanoid, previously Dynamic Anthropomorphic Robot with Intelligence - Open Plat-

form (DARwIn-OP), is mobile anthropomorphic robot manufactured by Robotis, with a total of 20 DoFs

(Figure B.1): 6 on each leg, 3 on each arm, and 2 on the neck, actuated by DC servos (Dynamixel MX28,

with a 193:1 reduction ratio, TTL interface, and encoder resolution of 12 bits∼0.1◦), which are controlled
by an ARM Cortex M3 (CM-730) board. In addition, a 3-axis Inertial Measurement Unit (IMU) is installed

on the central frame, and 4 FSRs sensors (0.1-10 N) in each foot. It is 46 cm tall and weighs nearly 3

kg (Table B.1), with a detailed overview of its physical dimensions illustrated in Figure B.1. Additionally, it

features an onboard computer with an Intel Atom Z530 CPU and a 4 GB SSD, which facilitates standalone

and/or autonomous operation.

B.2 Softbank NAO

The NAO robot, developed by Aldebaran (currently part of Softbank Robotics), is a 58 cm tall humanoid

platform with 25 DoFs (Figure B.2): 6 on each leg - with mechanically coupled hip yaw DoFs - 5 on each

arm, and 2 on the neck, actuated by brushless DC motors. It features a variety of sensors including 2

cameras, 4 microphones, an IMU, magnetic rotary encoders with 12 bit precision∼0.1◦, and 8 foot FSRs
(0-25 N). Similarly to the OP, low-level PID control is executed on an ARM Cortex M3 STM32 board, and

the robot is equipped with an onboard computer (Intel Atom Z530 CPU, 1 GB RAM, and a total of 2 GB

internal storage, extensible to 8 GB through a micro SDHC card slot) enabling autonomous movement.

OP NAO

Mass (kg) 2.9 5.3
Height (m) 0.4597 0.5791
L (m) 0.2195 0.2481

Table B.1: Mass, height and leg length (L) of both humanoid platforms used in this work.
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Figure B.1: Physical overview of the Robotis OP [ROBOTIS, 2019].

157



APPENDIX B. HUMANOID PLATFORMS

Figure B.2: Physical overview of the Softbank NAO V5 [Robotics, 2019].
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Appendix C
Stereotypical Kinematics in Human Locomotion

C.1 Kinematic References

Figures C.1 to C.36 depict the lower-limb kinematic references x̄REF and associated standard deviation

sREF, for all participants, velocities and inclines, using the methodology described in 3.4.3.3 and 3.4.4.

C.2 Shared Perceptual Primitives

The set of P = 5 PPs identified in all participants, for the different velocities and inclines, is presented

in Figures C.37 to C.72.

S2

Figure C.1: Lower-limb kinematic references x̄REF and sREF obtained with S1, for 5.4 km/h and 0◦ incline.
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S3

Figure C.2: Lower-limb kinematic references x̄REF and sREF obtained with S3, for 5.4 km/h and 0◦ incline.

S4

Figure C.3: Lower-limb kinematic references x̄REF and sREF obtained with S4, for 5.4 km/h and 0◦ incline.

S5

Figure C.4: Lower-limb kinematic references x̄REF and sREF obtained with S5, for 5.4 km/h and 0◦ incline.
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S7

Figure C.5: Lower-limb kinematic references x̄REF and sREF obtained with S7, for 5.4 km/h and 0◦ incline.

S8

Figure C.6: Lower-limb kinematic references x̄REF and sREF obtained with S8, for 5.4 km/h and 0◦ incline.

S9

Figure C.7: Lower-limb kinematic references x̄REF and sREF obtained with S9, for 5.4 km/h and 0◦ incline.
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S10

Figure C.8: Lower-limb kinematic references x̄REF and sREF obtained with S10, for 5.4 km/h and 0◦ incline.

S11

Figure C.9: Lower-limb kinematic references x̄REF and sREF obtained with S11, for 5.4 km/h and 0◦ incline.

S2

Figure C.10: Lower-limb kinematic references x̄REF and sREF obtained with S1, for 5.4 km/h and 10◦

incline.
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S3

Figure C.11: Lower-limb kinematic references x̄REF and sREF obtained with S3, for 5.4 km/h and 10◦

incline.

S4

Figure C.12: Lower-limb kinematic references x̄REF and sREF obtained with S4, for 5.4 km/h and 10◦

incline.

S5

Figure C.13: Lower-limb kinematic references x̄REF and sREF obtained with S5, for 5.4 km/h and 10◦

incline.
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S7

Figure C.14: Lower-limb kinematic references x̄REF and sREF obtained with S7, for 5.4 km/h and 10◦

incline.

S8

Figure C.15: Lower-limb kinematic references x̄REF and sREF obtained with S8, for 5.4 km/h and 10◦

incline.

S9

Figure C.16: Lower-limb kinematic references x̄REF and sREF obtained with S9, for 5.4 km/h and 10◦

incline.
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S10

Figure C.17: Lower-limb kinematic references x̄REF and sREF obtained with S10, for 5.4 km/h and 10◦

incline.

S11

Figure C.18: Lower-limb kinematic references x̄REF and sREF obtained with S11, for 5.4 km/h and 10◦

incline.

S2

Figure C.19: Lower-limb kinematic references x̄REF and sREF obtained with S1, for 5.4 km/h and 0◦ incline.
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S3

Figure C.20: Lower-limb kinematic references x̄REF and sREF obtained with S3, for 5.4 km/h and 0◦ incline.

S4

Figure C.21: Lower-limb kinematic references x̄REF and sREF obtained with S4, for 5.4 km/h and 0◦ incline.

S5

Figure C.22: Lower-limb kinematic references x̄REF and sREF obtained with S5, for 5.4 km/h and 0◦ incline.
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S7

Figure C.23: Lower-limb kinematic references x̄REF and sREF obtained with S7, for 5.4 km/h and 0◦ incline.

S8

Figure C.24: Lower-limb kinematic references x̄REF and sREF obtained with S8, for 5.4 km/h and 0◦ incline.

S9

Figure C.25: Lower-limb kinematic references x̄REF and sREF obtained with S9, for 5.4 km/h and 0◦ incline.
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S10

Figure C.26: Lower-limb kinematic references x̄REF and sREF obtained with S10, for 5.4 km/h and 0◦

incline.

S11

Figure C.27: Lower-limb kinematic references x̄REF and sREF obtained with S11, for 5.4 km/h and 0◦

incline.

S2

Figure C.28: Lower-limb kinematic references x̄REF and sREF obtained with S1, for 5.4 km/h and 10◦

incline.
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S3

Figure C.29: Lower-limb kinematic references x̄REF and sREF obtained with S3, for 5.4 km/h and 10◦

incline.

S4

Figure C.30: Lower-limb kinematic references x̄REF and sREF obtained with S4, for 5.4 km/h and 10◦

incline.

S5

Figure C.31: Lower-limb kinematic references x̄REF and sREF obtained with S5, for 5.4 km/h and 10◦

incline.
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S7

Figure C.32: Lower-limb kinematic references x̄REF and sREF obtained with S7, for 5.4 km/h and 10◦

incline.

S8

Figure C.33: Lower-limb kinematic references x̄REF and sREF obtained with S8, for 5.4 km/h and 10◦

incline.

S9

Figure C.34: Lower-limb kinematic references x̄REF and sREF obtained with S9, for 5.4 km/h and 10◦

incline.
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S10

Figure C.35: Lower-limb kinematic references x̄REF and sREF obtained with S10, for 5.4 km/h and 10◦

incline.

S11

Figure C.36: Lower-limb kinematic references x̄REF and sREF obtained with S11, for 5.4 km/h and 10◦

incline.
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Figure C.37: P = 5 PPs shared across all K = 18 lower-limb DoFs of S1, for 5.4 km/h and 0◦ incline.
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Figure C.38: P = 5 PPs shared across allK = 18 lower-limb DoFs of S3, for 5.4 km/h and 0◦ incline.
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Figure C.39: P = 5 PPs shared across allK = 18 lower-limb DoFs of S4, for 5.4 km/h and 0◦ incline.
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Figure C.40: P = 5 PPs shared across allK = 18 lower-limb DoFs of S5, for 5.4 km/h and 0◦ incline.
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Figure C.41: P = 5 PPs shared across all K = 18 lower-limb DoFs of S7, for 5.4 km/h and 0◦ incline.
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Figure C.42: P = 5 PPs shared across allK = 18 lower-limb DoFs of S8, for 5.4 km/h and 0◦ incline.

S9

−π −π/2 0 π/2 π

φ

−250

−200

−150

−100

−50

0

50

100

f
p
(◦
/s

2
)

f 1 f 2 f 3 f 4 f 5

1 2 3 4 5

p

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

Λ

1 2 3 4 5

p

∆

−100

−80

−60

−40

−20

0

20

40

60

80

100

−π

0

π

Figure C.43: P = 5 PPs shared across allK = 18 lower-limb DoFs of S9, for 5.4 km/h and 0◦ incline.
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Figure C.44: P = 5 PPs shared across allK = 18 lower-limb DoFs of S10, for 5.4 km/h and 0◦ incline.
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Figure C.45: P = 5 PPs shared across allK = 18 lower-limb DoFs of S11, for 5.4 km/h and 0◦ incline.
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Figure C.46: P = 5 PPs shared across allK = 18 lower-limb DoFs of S1, for 5.4 km/h and 10◦ incline.
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Figure C.47: P = 5 PPs shared across allK = 18 lower-limb DoFs of S3, for 5.4 km/h and 10◦ incline.
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Figure C.48: P = 5 PPs shared across allK = 18 lower-limb DoFs of S4, for 5.4 km/h and 10◦ incline.
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Figure C.49: P = 5 PPs shared across allK = 18 lower-limb DoFs of S5, for 5.4 km/h and 10◦ incline.
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Figure C.50: P = 5 PPs shared across allK = 18 lower-limb DoFs of S7, for 5.4 km/h and 10◦ incline.
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Figure C.51: P = 5 PPs shared across allK = 18 lower-limb DoFs of S8, for 5.4 km/h and 10◦ incline.
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Figure C.52: P = 5 PPs shared across allK = 18 lower-limb DoFs of S9, for 5.4 km/h and 10◦ incline.
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Figure C.53: P = 5 PPs shared across all K = 18 lower-limb DoFs of S10, for 5.4 km/h and 10◦

incline.
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Figure C.54: P = 5 PPs shared across all K = 18 lower-limb DoFs of S11, for 5.4 km/h and 10◦

incline.
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Figure C.55: P = 5 PPs shared across allK = 54 lower-limb DoFs of S1, for 5.4 km/h and 0◦ incline.

177



APPENDIX C. STEREOTYPICAL KINEMATICS IN HUMAN LOCOMOTION

S3

−π −π/2 0 π/2 π

φ

−100

−50

0

50

100

f
p
(◦
/s

2
)

f 1 f 2 f 3 f 4 f 5

1 2 3 4 5

p

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

Λ

1 2 3 4 5

p

∆

−100

−80

−60

−40

−20

0

20

40

60

80

100

−π

0

π

Figure C.56: P = 5 PPs shared across allK = 54 lower-limb DoFs of S3, for 5.4 km/h and 0◦ incline.
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Figure C.57: P = 5 PPs shared across all K = 54 lower-limb DoFs of S4, for 5.4 km/h and 0◦ incline.
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Figure C.58: P = 5 PPs shared across allK = 54 lower-limb DoFs of S5, for 5.4 km/h and 0◦ incline.
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Figure C.59: P = 5 PPs shared across allK = 54 lower-limb DoFs of S7, for 5.4 km/h and 0◦ incline.
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Figure C.60: P = 5 PPs shared across allK = 54 lower-limb DoFs of S8, for 5.4 km/h and 0◦ incline.
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Figure C.61: P = 5 PPs shared across all K = 54 lower-limb DoFs of S9, for 5.4 km/h and 0◦ incline.
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Figure C.62: P = 5 PPs shared across allK = 54 lower-limb DoFs of S10, for 5.4 km/h and 0◦ incline.
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Figure C.63: P = 5 PPs shared across allK = 54 lower-limb DoFs of S11, for 5.4 km/h and 0◦ incline.
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Figure C.64: P = 5 PPs shared across allK = 54 lower-limb DoFs of S1, for 5.4 km/h and 10◦ incline.
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Figure C.65: P = 5 PPs shared across allK = 54 lower-limb DoFs of S3, for 5.4 km/h and 10◦ incline.
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Figure C.66: P = 5 PPs shared across allK = 54 lower-limb DoFs of S4, for 5.4 km/h and 10◦ incline.
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Figure C.67: P = 5 PPs shared across allK = 54 lower-limb DoFs of S5, for 5.4 km/h and 10◦ incline.
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Figure C.68: P = 5 PPs shared across allK = 54 lower-limb DoFs of S7, for 5.4 km/h and 10◦ incline.
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Figure C.69: P = 5 PPs shared across allK = 54 lower-limb DoFs of S8, for 5.4 km/h and 10◦ incline.
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Figure C.70: P = 5 PPs shared across allK = 54 lower-limb DoFs of S9, for 5.4 km/h and 10◦ incline.
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Figure C.71: P = 5 PPs shared across all K = 54 lower-limb DoFs of S10, for 5.4 km/h and 10◦

incline.
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Figure C.72: P = 5 PPs shared across all K = 54 lower-limb DoFs of S11, for 5.4 km/h and 10◦

incline.
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Appendix D
Fatigue-related Alterations in Muscle Synergies

This chapter presents the extensive set of results obtained during the study of how Muscle Synergies

(MSs) are impacted by muscular fatigue (Chapter 4), namely as the sequential computation of conventional

and MS-based metrics during D for all 17 trial participants.

D.1 Muscle Synergy Estimation

Figures D.1 to D.17 illustrate generic synergies WABC and their recruitment HABC during P1, for all

participants, using the methodology described in 4.3.4.4.

D.2 Classical Analysis

The evolution of the conventional metrics (Chapter 4, 4.2.3) for all participants is illustrated in Figures

D.18 to Figure D.34.
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Figure D.1: Generic synergies WABC and activation profile HABC extracted from P1 with S1.
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Figure D.2: Generic synergies WABC and activation profile HABC extracted from P1 with S2.
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Figure D.3: Generic synergies WABC and activation profile HABC extracted from P1 with S3.
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Figure D.4: Generic synergies WABC and activation profile HABC extracted from P1 with S4.
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Figure D.5: Generic synergies WABC and activation profile HABC extracted from P1 with S5.
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Figure D.6: Generic synergies WABC and activation profile HABC extracted from P1 with S6.
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Figure D.7: Generic synergies WABC and activation profile HABC extracted from P1 with S7.
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Figure D.8: Generic synergies WABC and activation profile HABC extracted from P1 with S8.
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Figure D.9: Generic synergies WABC and activation profile HABC extracted from P1 with S9.
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Figure D.10: Generic synergies WABC and activation profile HABC extracted from P1 with S10.
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Figure D.11: Generic synergies WABC and activation profile HABC extracted from P1 with S11.
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Figure D.12: Generic synergies WABC and activation profile HABC extracted from P1 with S12.
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Figure D.13: Generic synergies WABC and activation profile HABC extracted from P1 with S13.
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Figure D.14: Generic synergies WABC and activation profile HABC extracted from P1 with S14.
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Figure D.15: Generic synergies WABC and activation profile HABC extracted from P1 with S15.
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Figure D.16: Generic synergies WABC and activation profile HABC extracted from P1 with S16.
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Figure D.17: Generic synergies WABC and activation profile HABC extracted from P1 with S17.
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Figure D.18: Classical metrics measured for each individual repetition of D with S1.
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Figure D.19: Classical metrics measured for each individual repetition of D with S2.
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Figure D.20: Classical metrics measured for each individual repetition of D with S3.
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Figure D.21: Classical metrics measured for each individual repetition of D with S4.
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Figure D.22: Classical metrics measured for each individual repetition of D with S5.
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Figure D.23: Classical metrics measured for each individual repetition of D with S6.
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Figure D.24: Classical metrics measured for each individual repetition of D with S7.
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Figure D.25: Classical metrics measured for each individual repetition of D with S8.
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Figure D.26: Classical metrics measured for each individual repetition of D with S9.
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Figure D.27: Classical metrics measured for each individual repetition of D with S10.
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Figure D.28: Classical metrics measured for each individual repetition of D with S11.
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Figure D.29: Classical metrics measured for each individual repetition of D with S12.
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Figure D.30: Classical metrics measured for each individual repetition of D with S13.
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Figure D.31: Classical metrics measured for each individual repetition of D with S14.
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Figure D.32: Classical metrics measured for each individual repetition of D with S15.
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Figure D.33: Classical metrics measured for each individual repetition of D with S16.
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D.3 Synergy Analysis

Figures D.35 to D.51 depict synergy recruitment HABC during P2 for all participants, with NABC = 4.

The resulting evolution of the synergy metrics (Chapter 4, 4.3.4.5) in each case is illustrated in Figures

D.52 to Figure D.68.
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Figure D.34: Classical metrics measured for each individual repetition of D with S17.
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Figure D.35: Recruitment of generic synergies WABC during P2 with S1.
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Figure D.36: Recruitment of generic synergies WABC during P2 with S2.
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Figure D.37: Recruitment of generic synergies WABC during P2 with S3.
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Figure D.38: Recruitment of generic synergies WABC during P2 with S4.
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Figure D.39: Recruitment of generic synergies WABC during P2 with S5.
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Figure D.40: Recruitment of generic synergies WABC during P2 with S6.
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Figure D.41: Recruitment of generic synergies WABC during P2 with S7.
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Figure D.42: Recruitment of generic synergies WABC during P2 with S8.
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Figure D.43: Recruitment of generic synergies WABC during P2 with S9.
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Figure D.44: Recruitment of generic synergies WABC during P2 with S10.
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Figure D.45: Recruitment of generic synergies WABC during P2 with S11.
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Figure D.46: Recruitment of generic synergies WABC during P2 with S12.
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Figure D.47: Recruitment of generic synergies WABC during P2 with S13.
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Figure D.48: Recruitment of generic synergies WABC during P2 with S14.
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Figure D.49: Recruitment of generic synergies WABC during P2 with S15.
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Figure D.50: Recruitment of generic synergies WABC during P2 with S16.
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Figure D.51: Recruitment of generic synergies WABC during P2 with S17.
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Figure D.52: Classical metrics measured for each individual repetition of D with S1.
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Figure D.53: Classical metrics measured for each individual repetition of D with S2.
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Figure D.54: Classical metrics measured for each individual repetition of D with S3.
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Figure D.55: Classical metrics measured for each individual repetition of D with S4.
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Figure D.56: Classical metrics measured for each individual repetition of D with S5.
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Figure D.57: Classical metrics measured for each individual repetition of D with S6.
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Figure D.58: Classical metrics measured for each individual repetition of D with S7.
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Figure D.59: Classical metrics measured for each individual repetition of D with S8.
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Figure D.60: Classical metrics measured for each individual repetition of D with S9.
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Figure D.61: Classical metrics measured for each individual repetition of D with S10.
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Figure D.62: Classical metrics measured for each individual repetition of D with S11.
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Figure D.63: Classical metrics measured for each individual repetition of D with S12.
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Figure D.64: Classical metrics measured for each individual repetition of D with S13.
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Figure D.65: Classical metrics measured for each individual repetition of D with S14.
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Figure D.66: Classical metrics measured for each individual repetition of D with S15.
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Figure D.67: Classical metrics measured for each individual repetition of D with S16.
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Figure D.68: Classical metrics measured for each individual repetition of D with S17.
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