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ABSTRACT
This paper introduces a new method of Automated Program Repair

that relies on a combination of the GPT-4 Large Language Model

and automatic type checking of Haskell programs. This method

identifies the source of a type error and asks GPT-4 to fix that

specific portion of the program. Then, QuickCheck is used to au-

tomatically generate a large set of test cases to validate whether

the generated repair behaves as the correct solution. Our publicly

available experiments revealed a success rate of 88.5% in normal

conditions. However, more detailed testing should be performed to

more accurately evaluate this form of APR.
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• Software and its engineering→ Software testing and debug-
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1 MOTIVATION
Automated program repair (APR) is an emerging technique that

tries to automatically identify and suggest fixes for a bug in a given

program. The goal of APR is to aid developers in the process of

debugging, reducing their burden by automatically generating a

patch for a buggy program [4].

This process can be divided into three basic processes: Fault
localization, which attempts to find the code that must be modified

to fix the bug, patch generation, which alters the code in order

to produce a fixed version, and patch validation, which validates

the previously generated code to ensure that the patch is a valid fix
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for the program [5]. In this context, a patch is an altered or added

piece of code that fixes the faulty program.

With the recent popularity of OpenAI’s ChatGPT, Large Lan-

guage Models (LLMs) have entered the public spotlight, but they

were already being used for code generation and completion, with

models created specifically for this task [11].

Mentat [8] successfully used LLMs to generate patches for ill-

typed OCaml programs. The strategy leveraged OCaml’s type sys-
tem to identify candidate locations for the type error in the source

code. Each candidate was replaced by an insert tag which enables

GPT-3’s infilling capabilities to generate alternative expressions in

order to fix the program.

For this paper, we employed a similar approach for Haskell pro-

grams. Since Haskell and OCaml are statically typed languages,

compilers for these languages can already detect type errors during

the compilation stage. In fact, Haskell’s type system can be seen as

a fault localizer.

To better illustrate this advantage of statically typed languages,

let’s consider the following Haskell example:

addOne :: Int -> Int

addOne x = x + '1'

This simple function contains a type error. More specifically,

it’s trying to add an integer and a character. Since we know that

the return type of the function must be Int, the culprit must be

the character ’1’. This can be verified by trying to compile the

program.

* Couldn 't match expected type `Int ' with actual type `
Char '

* In the second argument of `(+)', namely '1'

In the expression: x + '1'

In an equation for `addOne ': addOne x = x + '1'

|

2 | addOne x = x + '1'

| ^^^

The compiler was able to locate and to identify the source of the

type error. By knowing where the error is, it’s then possible to ask

an LLM to generate a patch for that specific location.

Haskell’s compiler, GHC, already contains a feature to fix pos-

sible type errors, known as type holes [3]. In the above example,

by replacing the character with a type hole (represented by an

underscore) and then compiling the program, GHC tries to guess

possible values to fill the hole.

* Found hole: _ :: Int

* In the second argument of `(+)', namely `_'
In the expression: x + _

In an equation for `addOne ': addOne x = x + _

* Relevant bindings include
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x :: Int (bound at test_files\ex5\original.hs

:2:8)

addOne :: Int -> Int (bound at test_files\ex5\

original.hs :2:1)

Valid hole fits include

x :: Int

maxBound :: forall a. Bounded a => a

minBound :: forall a. Bounded a => a

|

2 | addOne x = x + _

| ^

However, this approach is limited, due to the fact that GHC only

suggests functions or known variables. In other words, it doesn’t

suggest compound expressions (e.g.: f (g x)) or constant values,
for example. In this case, the correct hole fit would be the number

1. The only possible way to know this would be by reading the

function name and deduce that the value to add must be 1. As

opposed to more traditional methods of APR, an LLM can infer

a function’s objective based on factors like its name. GPT-4, for

example, due to its very large training data, can fix a function even

if it has never seen that specific function before. LLMs can also

generate any kind of expression, unlike GHC with type holes.

2 PROBLEM
The main question that this paper tries to answer is: Could LLMs be
used effectively in the process of automated program repair of Haskell
type errors?

Although there are already some solutions for performing APR of

Haskell programs [2, 3], more specifically to generate possible fixes,

the use of a language model could allow for a deeper understanding

of the program, and therefore a more efficient method of patch

generation for APR.

3 APPROACH
Since the goal in this paper is to verify the efficacy of LLMs in the

Patch Generation process of APR, the two remaining steps, Fault

Localization and Patch Evaluation, would have to be manually

executed.

3.1 Fault Localization
Haskell’s compiler GHC can identify type errors. However, it can’t

always locate the exact expression that is causing the type error.

To give a specific example, this function contains a type error:

mysum :: Num a => [a] -> a

mysum [] = 0

mysum (h:t) = h ++ mysum t

Here, the list concatenation (++) function should be replaced

with the arithmetic addition (+) function, since the objective is to

add numbers, not join lists. When trying to compile this program,

GHC points to the entire expression h ++ mysum t as the fault of

the type error, which is not wrong, but could be more specific.

* Couldn 't match expected type `a' with actual type

`[a0]'
* In the expression: h ++ mysum t

In an equation for `mysum ': mysum (h : t) = h ++

mysum t

* Relevant bindings include

t :: [a] (bound at test.hs :3:10)

h :: a (bound at test.hs:3:8)

mysum :: [a] -> a (bound at test.hs:2:1)

|

3 | mysum (h:t) = h ++ mysum t

| ^^^^^^^^^^^^

Therefore, in order to locate type errors more precisely, we de-

veloped an algorithm that, for a given Haskell program, generates

N variants. In each variant, one of the expressions (i.e., a function

name, a variable name, a constant value, etc.) is replaced with the

value undefined.
In Haskell, the value undefined is special because its type is

a 1
. Therefore, it can be placed anywhere within the code and the

program will still compile, it just might not execute accordingly.

This property can be applied here to check for the specific location

of a type error in a program.

By generating N variants, each with a different expression re-

placed with undefined, at least one of these variants won’t contain
the expression that was causing the type error, and that variant

will therefore successfully compile.

To generate these variants, we developed a program in Haskell

that recursively navigates through the abstract syntax tree (AST)

representation of the faulty program and replaces any expression

that it finds with undefined. Then, each AST is converted back

into Haskell code and this code is written to a file.

Then, every generated variant is compiled. If a variant success-

fully compiles, we know that, in that variant, the type error has

been removed. The location of the undefined expression within

that variant’s code is the probable location of the type error in the

original program.

Sometimes, more than one variant can compile successfully. For

the example shown in Listing 1, two variants can be produced:

tails :: [a] -> [[a]]

tails [] = [[]]

tails l = l ++ tails (tail l)

Listing 1: Original program

tails :: [a] -> [[a]]

tails [] = [[]]

tails l = undefined ++ tails (tail l)

Listing 2: Variant 1

tails :: [a] -> [[a]]

tails [] = [[]]

tails l = l `undefined ` tails (tail l)

Listing 3: Variant 2

By either replacing the undefined in the the variant from List-

ing 2 with [l] or in the variant from Listing 3 with :, we get a fixed
version of the program. Despite this, there are some cases where

multiple valid variants can be generated but only one of those will

lead to a valid fix. During the Patch Evaluation step, we’ll be able

to identify such cases and keep only the valid fixed programs. Al-

though these false positives can occur, that’s not the case for false

negatives. In other words, if a type error exists, it can always be

identified with this strategy.

1
in Haskell, polymorphic types are referred to with a lowercase variable name, most

commonly a letter like a or b.
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3.2 Patch Generation
To perform patch generation we rely on the GPT-4 LLM. GPT-4 is

used to generate the most likely patch that will fix the program.

It is given each of the valid variants generated in the previous

step, with the undefined statement being replaced with a special

<INSERT> tag. This replacement is done to make the prompt more

natural, which helps to produce better results [6]. Listing 4 shows

the prompt used to generate a patch using GPT-4. The system

message contains the request and the user message contains the

code.

%{

"role" => "system",

"content" => "Fill in the <INSERT > tag. Answer must

only contain the inserted text."

},

%{

"role" => "user",

"content" => "f :: Int -> Int\nf x = x + <INSERT >"

},

Listing 4: Example of a request sent to GPT-4 for the patch
method.

The two main objectives here are to give GPT-4 as little context

as possible and check if it’s able to produce a valid patch, while

asking it to only reply with the patch itself, so it can respond faster

and with fewer tokens.

After GPT-4 replies, the patch is then inserted into the respective

variant, which still needs to be evaluated before the program can

be considered "fixed".

3.3 Patch Validation
In order to automatically validate the generated patches, we use

QuickCheck, a property-based testing framework commonly used

to automatically test Haskell programs [1]. Quickcheck offers two

key ingredients that are important for our patch validation: genera-

tion of a large set of random inputs (test cases), so that we are able

to execute the produced variants, and the definition of properties,

so that we can define a simple property that verifies whether the

patch produces the same results as the (available) correct version

of the function.

For this process, we need two files: a "buggy" program and a

validator. The validator is a Haskell file that contains the correct

version of the program and a QuickCheck property function that

compares the output of a patched program with the correct version.

If they are the same, then the patched version is labeled as a fixed

version of the program.

4 EXPERIMENTS
After the main program was built, some experiments were con-

ducted with a small sample of Haskell programs. All of these pro-

grams are simple, with only one or two functions, due to the diffi-

culty of finding a large repository of complex Haskell programs that

contain only type errors. A QuickCheck validator file was manually

written for each of these tests
2
.

2
Automatic generation of this file was considered, but due to the small amount of tests,

it was faster to create them manually. However, it could be useful for future testing

with a larger sample of tests.

Since GPT-4 and other LLMs have proven to be very efficient

tools at fixing programs by themselves [10, 11], we also tested GPT-

4’s ability to fix type errors without telling it where the error was. In

other words, for each test, we also sent GPT-4 the original version

of the buggy program and asked it to fix the code, without the

<INSERT> tag. These tests can show us if the additional effort of

identifying the potential type error location provides a significant

advantage, in comparison with just asking GPT-4 to fix the error.

In total, 26 tests were conducted. The code needed to run these

tests, as well as the test programs themselves, are publicly available
3
.

As mentioned above, there was some difficulty in finding adequate

programs for testing. Therefore, these results should not be used as

definitive evidence for any kind of conclusion, only as a starting

point for more detailed validation.

5 RESULTS
For the method where we ask GPT-4 to generate a patch that re-

places the special tag in the program, which will be referred to in

this section as the patch method, 23 of the tests were successful. In

other words, this method was able to fix 88.5% of the faulty pro-

grams by generating at least one patch that passed the evaluations.

For some tests, more than one correct patch was able to be gener-

ated. However, to save resources and time, each test stopped once

the first correct patch was found. Further testing could also include

relevant statistics about these cases.

Curiously, the method where we just asked GPT-4 to fix the

program without checking for the error location, which we’ll call

the fix method, also had an 88.5% success rate, which could indicate

that both methods are equivalent. However, the cases where both

approaches failed differed.

The programs that the fix method was unable to fix all had one

thing in common: the function with the faulty code had the name

"func". The patch method, on the other hand, was able to fix all of

these programs, it only failed in other, more specific, cases.

type MSet a = [(a,Int)]

converteMSet :: MSet a -> [a]

converteMSet [] = []

converteMSet ((h,t):y) = t * h ++ converteMSet y

Listing 5: Example of a function that the patch method was
unable to fix.

For the function above, the patch method was unable to fix

the program, possibly because the type error lies in the * opera-

tor, which would need to be replaced by an infix version of the

replicate function, which isn’t very common in Haskell. Since

the fix method has more liberty to rewrite the entire program, not

just a small patch, it’s able to rewrite the expression t * h as

replicate t h.
These results could indicate that GPT-4 and other LLMs, when

asked just to fix a program, are more efficient when they can deter-

mine what a function should do by its name. To validate this idea,

we conducted a second round of tests, now with every function

name being replaced with a generic name (e.g.: f, g, etc.).

3
https://github.com/RisingFisan/Large-Language-Models-in-Automated-Repair-of-

Haskell-Type-Errors
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Table 1: Success rates of different APR methods.

APR Method Success Rate (%)

Patch 88.5

Fix 88.5

Patch (abstract function names) 80.8

Fix (abstract function names) 88.5

After this second round of testing, the results for the fix method

were identical. However, the results for the patch method were

worse than on the first set of tests. Now, only 21 programs were

successfully fixed, a success rate of 80.8%. All five of these programs

were successfully fixed when using the fix method.

From these results, it is safe to assume that the name of a function

has an impact on how an LLM interprets the code, but it’s more

pronounced when the LLM can’t see the faulty expression.

Despite its worse results, the patch method for APR might still

be preferrable in situations where the number of tokens generated

is important, since the fix method needs to output at least the entire

function that contained the error, as opposed to the patch method

that only needs to output the patch. Furthermore, the fix method

takes a longer amount of time to produce a result, since it needs to

generate an entire program.

In these tests, the patch method generated an average of 2.15

tokens, with 14 out of 26 tests (54%) generating only a single token.

Meanwhile, the fix method generated, on average, 51.23 tokens.

This value is highly dependent on the size and complexity of the

code for each test, but since these tests consisted only of one or two

simple functions, the amount of tokens generated in real scenarios

would likely be higher.

Another aspect to consider is that, since the fix method rewrites

the entire program, it can change the formatting of the code, which

might not always be desirable, or even the code itself in parts that

did not need to be changed.

Ideally, a combination of these two methods might be ideal, since

when one method failed a particular test, the other method passed,

showing that they might be better suited for different kinds of

programs.

6 FUTURE WORK
In the future, we aim to perform more tests with more complex

programs. We also intend to experiment with different kinds of

prompts. The current patch method just asks GPT-4 to insert the

correct patch where the <INSERT> tag is. However, the results from
the fix method indicate that GPT-4 might perform better when

given the full context of the buggy program. Therefore, improving

the prompt, by, for example, including the faulty code that was

replaced by the tag might lead to better results of the patch method.

The current patch generationmethod only asks GPT-4 to produce

one patch, but generating multiple patches and testing all of them

could lead to improved results.

Despite this, these results already show us that GPT-4 is a very

powerful tool. By discovering the best ways to interact with it, we

can develop very efficient methods of APR.

It could also prove interesting to test this method of APR on other

programming languages, more specifically dynamically typed pro-

gramming languages. However, when dealing with languages like

Python the process of finding type errors is more complicated [7],

since only after executing the patched program can one know if

the type error has been fixed. Hence, a different kind of fault local-

ization method would be needed.

Replication Package
All the necessary resources to replicate this study are public:

• Repository [9]: 10.6084/m9.figshare.24769038.v2
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