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Abstract

Automatic program repair (APR) aims at reducing the manual efforts
required to identify and fix errors in source code. Before the rise
of Large Language Model (LLM)-based agents, a common strategy
was simply to increase the number of generated patches, sometimes
to the thousands, which usually yielded better repair results on
benchmarks. More recently, self-iterative capabilities enabled LLMs
to refine patches over multiple rounds guided by feedback. However,
literature often focuses on many iterations and disregards different
numbers of outputs.

We investigate an APR pipeline that balances these two ap-
proaches, the generation of multiple outputs and multiple rounds of
iteration, while imposing a limit of 10 total patches per bug. We ap-
ply three SOTA instruction-tuned LLMs — DeepSeekCoder-Instruct,
Codellama-Instruct, Llama3.1-Instruct — to the APR task. We fur-
ther fine-tune each model on an APR dataset with three sizes (1K,
30K, 65K) and two techniques (Full Fine-Tuning and LoRA), allow-
ing us to assess their repair capabilities on two APR benchmarks:
HumanEval-Java and Defects4].

Our results show that by using only a fraction (<1%) of the
fine-tuning dataset, we can achieve improvements of up to 78%
in the number of plausible patches generated, challenging prior
studies that reported limited gains using Full Fine-Tuning. How-
ever, we find that exceeding certain thresholds leads to diminishing
outcomes, likely due to overfitting. Moreover, we show that base
models greatly benefit from creating patches in an iterative fashion
rather than generating them all at once. In addition, the benefit of
iterative strategies becomes more pronounced in complex bench-
marks. Even fine-tuned models, while benefiting less from itera-
tions, still gain advantages, particularly on complex benchmarks.
The research underscores the need for balanced APR strategies that
combine multi-output generation and iterative refinement.
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1 Introduction

Software bugs are inevitable in the software development cycle, of-
ten leading to system failures and increased maintenance costs [11,
33]. Automatic Program Repair (APR) aims to reduce the man-
ual effort required to localize and fix errors in source code. Tra-
ditional APR methods can be broadly categorized into pattern-
based [18, 21, 22], heuristic-based [30, 36, 56], and constraint-based
approaches [6, 28]. However, they often faced challenges in scala-
bility and adaptability since they tended to not generalize beyond a
pre-set group of strategies. Consequently, researchers have started
to investigate different method to address these limitations.

In recent years, learning-based approaches have tried to address
some of these limitations. Neural Machine Translation (NMT)-based
tools [26, 48, 49] treat program repair as a translation task from
buggy code into correct code. This approach trains on historical
bug fixes but it is dependent on the quantity and quality of the data.

Large Language Models (LLMs) have demonstrated promising
results in code-related tasks thanks to their extensive pre-training
on code repositories. Models such as CodeLlama [35] or DeepSeek-
Coder [9] have shown high competency in code generation, trans-
lation, and completion. The use of LLMs for APR has become an
attractive and popular option [39, 58] often outperforming tradi-
tional APR methods [18, 21, 22]. Despite their competency, many
LLM-based APR approaches generate hundreds or even thousands
of patches for each bug [47, 52]. While this approach may improve
results, it increases the computational overhead and can overwhelm
developers who must sift through these outputs [32].

Recently, instruction-tuning [59] has emerged enabling LLMs to
follow commands, improving their ability to perform tasks asked
by the user. Instruction-tuned models have been key in the de-
velopment of LLM-based agents. These agents simulate the cycle
of debugging by generating patches, executing them, receiving
feedback, and refining their previous answers. They have the poten-
tial to improve repair quality by focusing on refining previous an-
swers instead of producing a large quantity of independent patches.
However, many of these works introduce complicated agent-based
pipelines that involve intricate control flows and arbitrary compo-
nents. Although these systems achieve even higher performance
than their non-agentic counterparts, they also introduce overhead
and complexity.
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Figure 1: High-level illustration of different APR strategies:
(Strategy X) generating a batch of patches all at once; (Strat-
egy Y) iterating over patches in two rounds; (Strategy Z) iter-
ating over one patch over four rounds.

In the following paper, our goal is to bridge the gap between gen-
erating too many independent patches and relying on overly com-
plex iterative pipelines. We propose a balanced, developer-centric
approach limiting the number of generated patches to a practical
maximum (e.g., ten patches per bug) [32], thereby mirroring real-
world constraints while still leveraging iterative refinement. We
assess how the size of fine-tuning data and technique used can
impact their ability to leverage iterative feedback. By varying these
factors, we explore whether a larger dataset always leads to better
outcomes or if there are caveats. Additionally, we perform a thor-
ough analysis on different generation strategies (e.g., generating all
patches at once, or generating a single patch and iterating over it
multiple times) as illustrated in Figure 1. By varying the number of
iterations and number of outputs per iteration, we aim to maximize
repair success while keeping the number of generated patches low,
aligning with constraints faced by developers.

To evaluate our approach, we conduct experiments on two com-
mon APR benchmarks: HumanEval-Java [15] and Defects4] [17].
For these two datasets, we apply three state-of-the-art instruction-
tuned LLMs: Llama 3.1 [5], CodeLlama [35] and DeepSeek-Coder [9].

The approach proposed focuses on quality over quantity; we are
aiming to generate fewer, higher-quality patches so it can be feasi-
ble for developers to review them. The study of agentic pipelines
provides insights into the optimum generation strategies for itera-
tive tools with the goal of maximizing repair success while keeping
the number of generations low. Our contributions in this work are
as follows:

o We demonstrate the effectiveness of instruction-tuned LLMs
for APR with minimal fine-tuning, challenging prior studies
on the limited benefits of FFT and small-scale data.

o We investigate where plausible patches are found within the
sequence of generated outputs, providing insights into the
contribution of the different positions.

o We develop an iterative pipeline enhancing the capabilities of
instruction-tuned LLMs to perform APR through consecutive
iterations incorporating execution feedback.
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e This work shows how different dataset sizes (1K, 30K, 65K) af-
fect LLM performance on APR, identifying thresholds where
further fine-tuning conduces to diminishing results.

e We evaluate seven strategies for patch generation, comparing
batch generation vs. iterative refinement to determine the
optimal trade-off between number of iterations and outputs
per iteration.

o We release a replication package with the complete pipeline
to ensure reproducibility and facilitate future use.?

The remainder of this paper is organized as follows. Section 2
presents background information on tuning language models as
well as related APR approaches. In Section 3, we outline our exper-
imental design. This includes the research question we pursue as
well as studied models and datasets. In addition, we describe our
implementation details on how we use instruction-tuned models
for APR and how to use different iterative strategies to incorporate
feedback in the repair process. The experimental results are shown
in Section 4. Section 5 addresses threats to validity and Section 6
concludes our study.

2 Background and Related Work
2.1 Fine-tuning LLMs

Large language models are pre-trained for general purposes, and,
although skilled in many tasks, they may not excel in them. Fine-
tuning is a crucial step that allows LLMs to adapt to specialized
tasks. Traditional fine-tuning adjusts all model parameters based
on new task-specific data. As LLMs increase in size, fine-tuning can
become computationally costly and susceptible to overfitting [23].
This challenge typically appears in program repair, where collecting
diverse high-quality datasets can become difficult.

These issues can be addressed with approaches such as parameter-
efficient fine-tuning (PEFT). These methods propose updating only
a subset of the parameters in the fine-tuning process. One PEFT
method for fine-tuning LLMs is Low-Rank Adaptation (LoRA), pro-
posed by Hu et al. [14]. LoRA reduces the number of trainable
parameters by introducing novel weights for training, rather than
updating all weights of the model, as done by Full Fine-tuning (FFT).

In addition to fine-tuning LLMs to specialized tasks, they can
be tuned to follow instructions. Instruction-tuned LLMs have been
applied to various software engineering tasks, such as instruc-
tional code editing [2], program synthesis [19, 24] and secure code
generation [10]. Moreover, models have been trained on differ-
ent datasets and made publicly available. Shared instruction-tuned
models include the following: WizardCoder [25], OctoCoder [31],
InstructCodeT5+ [44], MagiCoder [46], PanguCoder [37], DeepSeek-
Coder [9], WaveCoder [55]. The sharing of models enables an easy
reuse and application to various tasks and studies.

While various works show the capabilities of instruction-tuning
on Natural Language Processing (NLP) tasks, Yuan et al. [57] eval-
uated 10 open-source models on four code related tasks: defect
detection, clone detection, assertion generation, code summariza-
tion. The 10 instruction models have been applied to the different
tasks under three settings: zero-shot, few-shot and fine-tuned. Their
findings showed that fine-tuning instruction LLMs can improve
performance over zero- and one-shot setting. Another work, by
Zhuo et al. [62], studied which PEFT method should be used for
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instruction-tuning. In particular, they considered 7 PEFT methods
and 4 model sizes of OctoCoder. Similarly, we set out to investi-
gate the performance of fine-tuning instruction-based models for
the program repair task. Additionally, we measure the impact of
training choices on fine-tuning performance (using LoRA, varying
training data sizes).

2.2 Iterative refinement for SE

Successive feedback loops in the generation process have been
shown to improve outcomes [3, 8]. This approach is very effective
in tasks where initial generations may fail but are close to the
desired output. Each cycle contains additional context, helping to
refine the output and adjusting it through successive iterations.

Self-feedback is a common approach in which an LLM gener-
ates feedback on its own outputs to refine them without external
supervision [27]. Alternatively, a different LLM can be specialized
on providing feedback for refinement. This multi-agentic approach
allows for more complex corrections by specializing an LLM on
generating concrete helpful feedback to resolve the remaining prob-
lems [16]. In addition to feedback from models, external tools like
test suites and compilers can also be used in the refinement process.
These tools provide execution feedback, through failed test cases or
compilation errors, which the LLM is able to leverage to fix concrete
errors in the code [1, 12, 54]. Furthermore, new approaches have
been trying to further train LLMs by leveraging execution feedback
in real time [7].

Recent work has curated datasets with iterative code-generation
goals in mind, featuring multi-turn interaction with human feed-
back [60]. However, these datasets rely on artificially introduced
errors, GPT-generated bugs, rather than real software faults, which
can limit their applicability in true APR scenarios. In contrast, our
research focuses on analyzing how different factors impact iterative
repair, yielding new insights into the trade-offs between generation
strategies, data size, and fine-tuning techniques.

2.3 LLMs for APR

Jiang et al. [15] investigated four LLMs (PLBART, CodeT5, CodeGen,
InCoder) with different number of parameters, and investigated
them with and without fine-tuning on a dataset with 143,666 buggy
functions and their fix. Fine-tuning improved the number of re-
paired programs for every model type and size. Moreover, they
investigated the impact of sharing information of the buggy line
in the prompt, which LLMs can learned to make use of after fine-
tuning. They shared their framework for testing LLMs on three
APR datasets (Defects4j, HumanEval-Java, Quixbugs).

Silva et al. [38] proposed the fine-tuned model RepairLLaMA and
investigated different combinations of code representations for the
input and output for LLMs and their impact on APR performance.
RepairLLaMA is based on CodeLlama-7b and fine-tuned on the
Megadift dataset [29]. To avoid overfitting, RepairLLaMA was fine-
tuned with LoRA, which achieved better performance than full fine-
tuning and the use of models without fine-tuning. RepairLLaMA
was even able to outperform GPT-4 on the Defects4] v2 dataset.

In contrast to conventional APR approaches with LLMs, which
generate a range of patches and validate them on tests, one can
perform APR in an iterative fashion. An example of this are the
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works by Xia and Zhang [50, 51] who advocated for conversational
APR. In their work, patches are validated and failing tests are used
as feedback to prompt LLMs again with additional information.

The two most closely related works to ours are from Li et al. [20]
and Yang et al. [53]. Li et al. [20] addressed a lack of APR-specific
datasets for instruction tuning. Unlike existing datasets to teach lan-
guage models code instructions, they created the APR-INSTRUCTION
dataset focused on the single task of APR and the use of enriched
instructions. Training samples are enriched with problem descrip-
tions and bug causes. Proceeding, they fine-tuned four pre-trained
base LLMs (CodeLLama-7B, CodeLlama-13B, DeepSeek-Coder-6.7B,
Llama-2-7B) on this dataset and have evaluated them on three APR
datasets (Defects4j, Quixbugs and HumanEval). Moreover, Li et al.
investigated the impact of four PEFT techniques on the performance
of fine-tuned models in contrast with full model fine-tuning. In con-
trast to this work, which used base LLM models and trained them
on an APR instruction-dataset, we further fine-tuned an instruction-
model for the APR task. Thereby, the language models are able to
learn one task at a time (first, the base-model is fine-tuned for in-
structions and then further tuned for APR), rather than multiple
tasks at once (instructions and APR).

Yang et al. [53] proposed a novel multi-objective fine-tuning ap-
proach for instruction models on the APR task (MOREPAIR). MORE-
PAIR is used to fine-tune instruction LLMs to learn 1) to repair
code; 2) provide explanations for the repair. In addition to the train-
ing procedure MOREPAIR, Yang et al. created TUTORLLMCODE,
a dataset of 1600 samples with buggy and fixed codes, as well as
guidance written by GPT-4. To fine-tune with fewer parameters,
QLoRA is used. MOREPAIR is applied to four LLM (CodeLlama-
13B-instruct, CodeLlama7B-instruct, StarChat-alpha, and Mistral-
Instruct7B-v0.1) and tested on new benchmarks (EvalRepair-C++
and EvalRepair-Java), which correspond to HumanEval with ad-
ditional tests. Results show that fine-tuning instruct models with
MOREPAIR is able to improve performance over base models, stan-
dard fine-tuning, as well as existing works which used larger datasets.

Although Li et al. [20] and Yang et al. [53] rely on LLMs to gen-
erate their datasets, our approach leverages an existing dataset,
rephrasing the samples (buggy and fixed code) to conform with an
instruction format. More importantly, we investigate several repair
strategies incorporating execution feedback over multiple rounds,
under a practical budget of patches. This real-world constraint en-
sures that the pipeline is developer-friendly, in contrast to methods
that generate a large number of candidates patches. In doing so,
this work contributes to a deeper exploration on how fine-tuning,
iterations, and constraint patch generation interplay to improve
APR outcomes.

3 Experimental Design

3.1 Research Questions
We address the following research questions in our study:
(RQ1) What impact does fine-tuning instruction models on auto-
matic program repair have on their performance?
(a) How does the size of the dataset impact the model’s abili-
ties to repair bugs?
(b) Where do models find plausible patches within the se-
quence of generated outputs?



EASE 25, June 17-20, 2025, Istanbul, Turkiye

To address this question, we fine-tune three instruction-tuned mod-
els using subsets of three sizes composed of 1K, 30K, and 65K sam-
ples from an APR dataset. We evaluate the base and fine-tuned
models on two APR benchmarks (Section 3.3). The evaluation fo-
cuses on the LLM ability to generate plausible patches - patches
that pass the test suite associated with the problem. During the
evaluation, we do not only analyze the success rate but also the
position within the output sequence where plausible patches were
found. We aim to understand the impact of further fine-tuning on
the models’ repairs by comparing the performance across the differ-
ent variants of the models and analyze the placement of plausible
patches withing the generated outputs.

(RQ2) How does the relationship between the number of outputs
per iteration and the total number of iterations influence the
effectiveness of APR using LLMs?

(a) How do base and fine-tuned models respond to variations
in outputs per iteration and total iterations?

(b) What is the optimal combination of outputs per iteration
and total iterations with a fixed total output limit?

To explore this question, we implement multiple generation
strategies consisting of different combinations of number of itera-
tions and number of outputs generated per iteration (Section 3.5).
These strategies are applied to base models and fine-tuned models
within our iterative repair pipeline, incorporating feedback in each
subsequent iteration. We again evaluate the success on the same
two APR benchmarks as in RQ1. We assess the success of each
strategy by measuring the number of plausible patches generated
and further analyze the uniqueness of the problems solved between
the strategies.

3.2 Models

Llama 3 [5] is the most recent version of the Llama models [41, 42]
created by Meta. In contrast to Llama 2, the models are trained on
higher quality and quantity of data (i.e., 15T tokens as compared to
1.8T tokens for Llama 2). After pre-training, several rounds of post-
training are performed to align Llama 3 with human instructions.
This is achieved by supervised fine-tuning and Direct Preference
Optimization. In addition to teaching Llama 3.1 models instructions
in a post-processing stage, the models are enhanced with coding
capabilities. We chose the 8B parameter variant of the Llama 3
model.!

CodeLlama [35] presents a specialized version of Llama 2 for
coding tasks. In particular, CodeLlama is initialized with Llama 2
models and further trained on 500B tokens from code data present in
the Llama 2 training dataset. Overall, three model types are shared,
covering four sizes (7, 13,34, 70B)2: foundation/base models, Python
specialized models, instruction-based models. For instruction tun-
ing, CodeLlama models are fine-tuned on two data sources: 1) pro-
prietary dataset; 2) self-instruct. The proprietary dataset is based
on the instruction-tuning dataset for Llama 2 to teach CodeLlama
to follow instructions and abide safety properties. The self-instruct
dataset consists of interview-style programming questions created

!https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
Zhttps://huggingface.co/codellama
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by Llama 2 and solutions as well as tests created by CodeLlama. We
chose the 7B parameter variant of the CodeLlama model.3
DeepSeek-Coder [9] presents a range of open-source code mod-
els with 1.3B, 6.7B and 33B parameters. The models are based on
the DeepSeek LLM architecture [4] and are trained from scratch,
on 2 trillion tokens from 87 programming languages. To allow
DeepSeek-Coder to understand instructions, the base models have
been fine-tuned on instructions following the Alpaca Instruction
format [40] and 2B tokens. The performance of DeepSeek-Coder
models is competitive, being able to perform similar to larger models
or even outperforming GPT-3.5 Turbo in several benchmarks. We
chose the 6.7B parameter variant of the DeepSeek-Coder model.

3.3 Datasets

Fine-tuning: The training data for the fine-tuning process is col-
lected from commits of open-source GitHub Java projects [61]. The
dataset contains a total of 143,666 samples of single-hunk fixes.
From this larger dataset, we create three subsets consisting of 1K,
30K, and 65K samples. These three different subsets allow for the
study of the impact of variant scales of fine-tuning data.

Benchmarks: The evaluation of the models is done through two
APR benchmarks in Java: Defects4] [17] and HumanEval-Java [15].
Defects4] v2.0 consists of 835 real-world bugs extracted from open-
source Java projects. We follow the classification of previous work
and select a subset of 217 single-hunk bugs [15]. On the other
hand, HumanEval-Java is a bug benchmark containing 164 single-
function bugs. Due to its recency, it reduces the risk of data leakage
in the pre-training. Both benchmarks contain buggy code and one
fix along with unit tests to assess the plausibility of the patches
generated.

3.4 Implementation

The pipeline for these experiments starts with the problems from
the benchmarks. Each input consists of functions where the buggy
code is delimited using the tokens <bug_start> and <bug_end>.
We adopt a beam-based search decoding strategy without stochas-
tic sampling to maintain reproducible and deterministic outputs
across all experiments. The pipeline uses the following template to
generate the initial prompt for the LLM:

nwmnn

The input is buggy code. The bug starts from
'<bug_start>' and ends at '<bug_end>'.

Please fix the following code. Return the fixed
complete method.

{buggy_function}

nwnn

The output generated is parsed by looking for the triple back-
quote symbol (" * *) that may be followed by the keyword (" * * java)
to extract the generated code.

In the validation phase, the output generated is inserted into
the original problem from the benchmark and the related tests are
executed. This execution results in four possible outcomes:

3https://huggingface.co/meta-llama/CodeLlama-7b-Instruct-hf
“https://huggingface.co/deepseck-ai/deepseek-coder-6.7b-instruct
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e Plausible: All tests pass.

e Wrong: At least one test fails.

e Timeout: At least one test times out.

e Uncompilable: The generated program cannot be compiled.

If the result is plausible, no further processing is done. The other
results extract feedback for the next iteration. In case of a wrong
or timeout result, the pipeline extracts the name of one of the tests
that fails or times out. The pipeline then retrieves the source code
of the corresponding test. If the patch is deemed uncompilable,
the pipeline extracts the compilation errors from the logs. This
information is referred to as feedback from the validation step.

After the validation step is completed, the pipeline starts the
iterative process for the non-plausible patches. If a patch is marked
as Wrong or Timeout, the model is prompted with the previous
chat context and extended with the following template:

nwn

The code is still not correct.
It fails the following test.

{failed_test_code}

Fix the original code so it passes the test.

wn

If a path is deemed Uncompilable, the following template is
used:

nwn

The code is still not correct. It does not compile.
This is the compilation error.

{compilation_error}

Fix the original code.

nwn

This iterative process continues until all problems are solved or
the maximum number of patches is generated.

3.5 Generation Strategies

Recent work in automatic program repair generates a prohibiting
amount of patches, sometimes in the thousands, for every prob-
lem [47, 52]. Generating a large number of patches is resource
intensive and further increases the computational cost. Further-
more, developers were found to be unlikely to consider more than
10 patches [32]. When designing the experiments, we take into
account the practical limitations of computational resources and
evaluation time. To address these concerns, we are limiting the
number of patches generated per bug to a maximum of 10. This
approach not only reduces computational costs, but also aligns
with common practices in APR research, allowing comparison with
previous work [15, 20, 38, 53].

We explore different generation strategies by varying the number
of outputs in the initial generation (n,), the number of outputs in
subsequent generations (n;), and the total number of iterations (i).
We ensure that n, + (n; X i) < 10.

To avoid exponential growth in the number of patches, we focus
the iterative process on the first patch generated, as the first patch
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represents the output LLMs deem most likely to be correct. We
refine the first patch through iterations rather than iterating on all
generated patches. This approach ensures that the total number of
outputs remains manageable.

e Strategy A (10x1): Generate ten outputs in a single itera-
tion.

o Strategy B (8-2): Generate eight outputs in the first iteration,
and two outputs in the next iteration.

e Strategy C (5x2): Generate five outputs per iteration over
two iterations.

o Strategy D (6-2-2): Generate six outputs in the first iteration,
and two outputs in the next two iterations.

e Strategy E (4-3-3): Generate four outputs in the first itera-
tion, and three outputs in the next two iterations.

e Strategy F (2x5): Generate two outputs per iteration over
five iterations.

e Strategy G (1x10): Generate one output per iteration over
ten iterations.

3.6 Evaluation Metric

In our APR pipeline, we evaluate the effectiveness of our approach
by measuring the number of problems for which at least one plau-
sible patch is generated. A patch is plausible if it (1) compiles suc-
cessfully and (2) passes all tests associated with the targeted bug.
Otherwise, the patch is considered implausible. We work with 12
models, each generating up to 10 outputs per problem for multiple
strategies. Although some of the outputs may overlap between the
strategies, the test suite of each problem allows us to efficiently
assess tens of thousands of patches across the experiments.

Manual Assessment and Transparency: Across all experi-
ments, we produced over 9,000 plausible patches. Given the exten-
sive number of generated patches, manual checking of each one
would be prohibitively labor-intensive. To further confirm correct-
ness, we manually inspected 3,298 plausible patches. Of these, 3,167
were confirmed to be correct, while 131 were found to be overfitting
to the test suite. To promote transparency and reproducibility, all
generated patch files, the code including the seed used to randomly
sample these patches, and manual assessments are released in our
replication package, enabling other researchers and practitioners
to examine or extend our work.

4 Experimental Results
4.1 Results of RQ1

4.1.1  Influence of data size on fine-tuning. In RQ1, we investigate
the impact of fine-tuning instruction models for APR. We first focus
on the influence of the fine-tuning dataset size. For that purpose,
we present the results in Table 1 and Table 2 with the number
of problems with plausible patches by each model variant using
Strategy A (i.e., generating 10 outputs in a single iteration).

The results show that fine-tuning, even using a relatively small
dataset, enhances the APR performance of LLMs. For HumanEval-
Java, the performance of CodeLlama increased the number of fixed
problems to 107 (78% improvement) after FFT with 1K examples.
Similarly, an improvement of 70% and 59% is observed for DeepSeek-
Coder and Llama3.1 respectively. Although small data sets led to
substantial performance gains, increasing the dataset beyond 1K
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CodeLlama DeepSeek-Coder Llama3.1
Base 60 76 68
FFT (1K) 107 129 108
FFT (30K) 104 121 113
FFT (65K) 100 122 112
LoRA (1K) 75 79 68
LoRA (30K) 98 128 118
LoRA (65K) 100 126 109

Table 1: Number of unique problems with at least one plausi-
ble patch in HumanEval-Java. The best performing training
set size is highlighted per model and training regiment (i.e.,
FFT and LoRA).

samples did not always result in improvements. In some models,
performance plateaued or even decreased with larger datasets. For
instance, CodeLlama FFT and DeepSeek-Coder decreased from 107
and 129 problems solved with 1K examples to 100 and 122 problems
with 65K examples respectively. We can observe similar results for
the Defects4] datasets. The best performing FFT variants are trained
on 1K or 30K samples rather than 65K. These findings suggest that
there is a threshold beyond which, results diminish. This problem
has been documented for APR [15, 20].

Finding 1: Full fine-tuning can achieve large improvements
with relatively small datasets, such as 1K samples.

The causes of this can be narrowed down to: 1) Data quality, 2)
Overfitting, 3) Limited model capacity. Li et al. [20] curated a higher
quality dataset that suffers from the same problem, therefore lower-
ing the likelihood data quality being the cause. Moreover, previous
work indicates that instruction-tuned models are good Zero-Shot
Learners [45] and LLMs are usually undertrained [13] which would
suggest that the issue is not due to limited model capacity. As a
result, we believe this problem to be caused by overfitting with
large datasets with small degree of variations.

Finding 2: Results suggests that there is a threshold beyond
which adding more data yields limited improvements, likely
due to overfitting.

Our results using LoRA confirm these findings. Both, FTT and
LoRA methods, achieved substantial performance increases. How-
ever, the number of samples required for each method to achieve
successful results differs. While one thousand samples appear to
be sufficient for FFT, the LoRA counterparts do not achieve similar
results. For example, the best results for Defects4] and LoRA are
achieved by training on 65K samples for each of the three mod-
els. Previous work on APR focused on PEFT fine-tuning [20, 38]
due to promising results compared to FFT. Li et al. [20] performed
an analysis on the size of the fine-tuning dataset only for a PEFT
approach after discarding FFT given its lower results after being
finetuned on a 30K sample dataset. Although our work uses a differ-
ent dataset, we also achieve similar results on a similar dataset size
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CodeLlama DeepSeek-Coder Llama3.1
Base 31 24 28
FFT (1K) 98 97 9
FFT (30K) 85 109 85
FFT (65K) 84 104 82
LoRA (1K) 32 33 36
LoRA (30K) 89 81 93
LoRA (65K) 91 83 103

Table 2: Number of unique problems with at least one plausi-
ble patch in Defects4]. The best performing training set size
is highlighted per model and training regiment (i.e., FFT and
LoRA).

for a PEFT approach but not on FFT. Our work shows that similar
performance can be achieved with a fraction of the training data if
FFT is performed.

Finding 3: While prior APR studies saw limited improve-
ments with large datasets using FFT, our results show that it
can achieve strong APR performance with less data.

4.1.2  Position of plausible patches. We further investigate which
of the 10 generated patches, in Strategy A, finds plausible patches.
Specifically, we count the positions where the first plausible patch
for each problem has been found, to show the contribution of each
patch position (i.e., 1-10) on the performance of the models. Figure 2
shows these results for the three models on HumanEval-Java and
Defects4j. For each model, we compare the positions of plausible
patches generated by the base models and the fine-tuned mod-
els. For this purpose, we average the results of the six fine-tuned
variants (as shown in Table 1 and Table 2).

For HumanEval-Java, we observe that fine-tuned models find
the majority of plausible patches in the first five positions. In total,
we found 90%, 92% and 92% of plausible patches in the first five po-
sitions for CodeLlama, DeepSeek-Coder and Llama3.1 respectively.
When comparing the base model to fine-tuned variants, we can
see that the plausible patches generated are focused on the earlier
positions, in particular, the first patch accounts for at least 80% of
patches as compared to 60% for fine-tuned models.

Plausible patches for Defects4] are more spread out than for
HumanEval-Java. For instance, the first five patches account for
approximately 80% of the plausible patches found, 10% less than the
first 5 patches for HumanEval-Java. Additionally, the performance
of the first generated patch by fine-tuned models is almost halved,
ranging from 36% to 43% for plausible patches found for the three
model types. The base models behave similarly for Defects4] as
our observations for HumanEval-Java. Patches are found earlier
than with fine-tuned models, and it is rare to find plausible patches
beyond the 5th patch.

Finding 4: Base models generate plausible patches in ear-
lier positions with almost no contribution from later patches,
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Figure 2: Position of the first plausible patches found for 10 outputs. Results are shown as proportion for all unique plausible
patches found summarized over the 6 fine-tuning configurations for each model. The base model is shown separately.

while fine-tuned models obtain plausible patches across the
first few outputs.

Overall, we observe that the later generated patches only con-
tribute a fraction of the whole set of solved problems. In particular,
the last 4-5 out of the 10 generated patches only account for 10% of
the solved problems for fine-tuned models (i.e., 10% of patches are
found in the last four patches for Defects4] and last five patches for
HumanEval-Java). For base models, there are almost no plausible
outputs found in the later patches, with the majority of patches
found in the first position. This leads us to believe that, given a
budget of 10 patches for evaluation, one can improve upon the
standard practice of generating all 10 patches at once by following
an iterative process. We investigate this in RQ2.

Finding 5: Efforts should be concentrated on early outputs,
as later patches contribute less than 10% to the overall repair
success.

4.2 Results of RQ2

In RQ2, we investigate the influence of fine-tuning on iterative
automatic program repair. In addition, we study the influence of
number of iterations and number of outputs per iteration when us-
ing iterative LLM-based agents for APR while limiting the number
of evaluated patches to 10. In accordance with RQ1, we start analyz-
ing the results on HumanEval-Java since it prevents data-leakage
and consists of simpler cases, and then move onto more complex
problems in the Defects4] benchmark.

To limit the models we investigate, we consider a total of three
out of the seven studied configurations for each of the LLMs (CodeL-
lama, DeepSeek-Coder, Llama3.1). In particular, we chose the base
model as well as the best performing variants trained with FFT and
LoRA on HumanEval-Java according to RQ1.

4.2.1 Influence of fine-tuning on iterations. To assess the influence
of fine-tuning on the models’ ability to integrate iterative feedback,
we use two strategies: Strategy A and Strategy G. We have selected
Strategy A as a baseline. Strategy A does not iterate and directly
generates 10 patches, while strategy G iterates 10 times over the
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generated patch. The results are illustrated in Figure 4a and Figure
4b.

The base models show a consistently improved performance
when iterative feedback is incorporated. This suggests that the
feedback is successfully incorporated in successive attempts when
failing to generate plausible patches.

In contrast, fine-tuned models achieve their highest performance
through fewer iterations. The number of plausible solutions gener-
ated decreased substantially when iterations are added. This trend
is observed across the different models and fine-tuning approaches.
This decreased performance suggests that further fine-tuning of
models not only enhances the model’s initial solution quality, but
it may also reduce their ability to leverage iterative feedback ef-
fectively. A possible explanation is that fine-tuned models quickly
become overfitted to a single task. This would make the models
reduce the probability of having diverse outputs in the initial or
subsequent iterations. Alternatively, the fine-tuning process may
over-specialize models to perform well under non-iterative condi-
tions, therefore reducing the zero-shot capabilities of the model of
incorporating feedback.

Finding 6: While iterative feedback consistently improve the
performance of base models, fine-tuned models solve a higher
number of problems but display reduced effectiveness with
iterations, likely due to overfitting.

To further analyze the impact of fine-tuning on the iterative capa-
bilities of the model, we study the problems solved by a base-model
and its fine-tuned counterpart. For simplicity, we have chosen one
model, Llama3.1, however, all results are disclosed in the replicabil-
ity package. We illustrate the problems solved with the different
strategies in Figure 3.

The diagram reveals that while the fine-tuned model solves a
higher number of problems, there are still problems that only an
iterative approach through a base model can solve. In the case of
HumanEval-Java, there are 10 unique problems that Strategy G
with a base model can solve that the fine-tuned version are not able
to. In other words, almost 12% of the plausible solutions proposed,
are unique to this combination. This percentage increases to 19%
in the Defects4] benchmark when comparing the strategies with
the most and least number of iterations.
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Figure 3: Venn diagram of problems with plausible patches
generated by the variants of Llama3.1 comparing the least
and most iterative strategies applied for each benchmark.

Finding 7: While fine-tuned models solve a greater number of
problems, there are certain unique problems that only iterative
models can address.

This suggest that there are certain problems that inherently
benefit from iterative feedback, and the fine-tuned model’s ability
to solve these is limited. While fine-tuning greatly enhanced the
overall efficiency by improving the initial candidates, it can reduce
the ability of the model to leverage iterative feedback. Therefore,
combining fine-tuned models with iterative strategies and designing
fine-tuning processes to preserve its zero-shot flexibility would lead
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to more robust APR models. To address the limitation of base and
fine-tuned models, we investigate how adjustments in the iterative
framework can influence APR effectiveness.

Finding 8: Combining fine-tuned models with iterative strate-
gies and/or defining fine-tuning processes to preserve zero-
shot flexibility may lead to more versatile and robust APR
models.

4.2.2  Influence of different strategies. In addition to the Strategy G,
we investigate the remaining iterative strategies, ranging from two
to five iterations (see Section 3.5). In terms of the problems solved
for each of the strategies, we have identified key trends that are
shared between the benchmarks from Figure 4.

Base Models’ Performance on HumanEval-Java: For base
models, increased iterations are beneficial. Strategies that empha-
size fewer outputs per iteration but spread them over multiple ones
consistently led to improved results. However, the highest num-
ber of iterations did not always equal better results even for base
models. Strategies like D and E, which balanced the number of iter-
ations and number of outputs per iteration led to the better average
performance across the models. Strategies F and G, which increased
iterations even further, led to diminishing returns in some of the
models. This suggests that while iterative refinement often leads
to improvement in base models, excessive iterations with minimal
output per iteration becomes counterproductive.

Fine-Tuned Models’ Performance on HumanEval-Java: Fine-
tuned models, with FFT and LoRA, performed best when more
outputs were generated in the initial iterations. Strategies A and B
consistently yield the highest number of plausible patches. When
the number of iterations are increased, the performance quickly
decreased. The decrease indicates that fine-tuned models have a
high probability of producing plausible patches early on. Addition-
ally, their ability to incorporate feedback is substantially reduced
compared to base models, in accordance with previous sections.

Finding 9: Base models benefit from iterative strategies, but
reach a point of diminishing returns when iterations are in-
creased too much.

Resource Allocation Implications: The selected strategy has
strong implication on the computational efficiency of the genera-
tion process. Generating 10 outputs in the same inference is less
computationally intensive than obtaining 10 outputs via 10 consec-
utive iterations. Furthermore, when incorporating feedback in each
new iteration, the GPU memory needed for the inference increases.
Given the length of the problems in the Defects4] benchmark, the
inference for one single problem may take up to 200GB of GPU
memory after repeated iterations. While GPU memory may be a
constraint in certain applications, testing can become a bottleneck
in some contexts. Therefore, the selection of the strategies is al-
ways depending on the context and the specific bottlenecks present.
Due to these considerations, we decided that the resource require-
ment for increased iterations outweighed the marginal gains in
performance. Consequently, we decide to drop Strategy G for the
Defects4] benchmark. This decision allowed us to still provide a
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Figure 4: Impact of different generation strategies on the number of unique problems with at least one plausible patch. The
heatmaps show the difference in the number of plausible patches with regard to the default strategy (Strategy A).

balanced view of the different strategies without excessive GPU
memory demands.

Finding 10: Increasing the number of outputs per iteration
while minimizing the number of total iterations reduces the
peak memory usage, making certain generation strategies
more efficient if testing is not a constraint.

Base Models’ Performance on Defects4): We see similar
trends where more iterations lead to improved performance for
base models. For instance, Llama3.1 Base increases its number of
plausible patches from 28 under Strategy A to 74 under Strategy F.
This trend suggests that the complexity of Defects4] may be ampli-
fying the benefits of iterative refinement. Similar to the previous
benchmark, the other base models do not achieve their highest
number plausible patches with the highest number of iterations,
reemphasizing that each model may have different optimum strate-
gies.

Fine-Tuned Models’ Performance on Defects4]: A similar
trend appears for fine-tuned models, where an increase in iterations
does not always result in improved outcomes. In some cases, per-
formance declines as iterations increase, with the negative impact
becoming more and more pronounced. For example, DeepSeek-
Coder FFT 1K generates 97 plausible patches under Strategy A,
but drops to 63 under Strategy F. CodeLlama and DeepSeekCoder
still present improved performance with low number of iterations.
However, Llama3.1 shows an improvement with a higher number of
iterations, but its peaked performance is reached in Strategy C and
D. These results show that even fine-tuned models may still benefit
from iterations if the problems are complex enough to require them.

Contrasting Trends Between Benchmarks: We have show-
cased that different strategies are optimal for each benchmark. On
the simpler and straightforward HumanEval-Java benchmark, base
models showed improvement while fine-tuned models do not bene-
fit from increased iterations. On the other hand, Defects4] consists
of challenging and complex problems that benefit from iterative
strategies. Base models significantly improved with more iterations,
while fine-tuned models peaked earlier. These results emphasize
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that, while most fine-tuned models can address simpler bugs with
minimal iterations, base models can obtain more substantial gains
from the iterative refinement.

Finding 11: Complex problems benefit greatly from iterative
refinement, but each model has an optimal iteration threshold
after which gains decline.

5 Threats to validity

One key internal threat is the potential data leakage from the bench-
marks into the pretraining data of the models, specially for older
widely-known benchmarks like Defects4]. We mitigate this threat
by assessing the models on a complementary recent benchmark
specifically designed to address data leakage (i.e., HumanEval-Java),
and by including models like Llama3.1 which have shown less sus-
ceptibility to memorization [34]. Another internal validity threat
is the introduction of bias when selecting hyperparameters in the
fine-tuning and generation. We address this by using standardized
hyperparameters and generation setting across the different mod-
els, thus reducing performance variability attributable to tuning
decisions.

The main external threat is the use of two benchmarks on the
same programming language, which may limit the applicability of
our approach. To mitigate this threat, we select benchmarks that
are widely known in the literature and cover a range of real-world
bug types. The insights in this paper should generalize to arbitrary
programming languages.

A key construct validity threat arises from our reliance on plau-
sibility, a binary metric where a patch is considered successful if
it compiles and passes all the tests. Although practical, this metric
does not guarantee true correctness of the patch, since tests may
not cover all edge cases and outputs may overfit to the tests. To par-
tially address this limitation, we have manually analyzed over 3,000
of the 9,000 plausible patches generated across our experiments.
Manual checks are labor-intensive and subjective, since reviewers
may apply different standards [43]. We have published our manual
assessments alongside the patches in our replication package.’ This



EASE 25, June 17-20, 2025, Istanbul, Turkiye

step promotes transparency and has the potential to reduce future
validation efforts. Another construct threat relates to the stopping
criteria. The maximum number of iterations or outputs per iteration
could impact the evaluation. To mitigate this threat we selected
the fixed number of outputs based on empirical observations from
related work [15, 20, 38, 53].

6 Conclusion

In this work, we investigated the effectiveness of instruction-tuned
LLMs in APR tasks through an iterative repair pipeline. We focused
on three state-of-the-art models, CodeLlama, DeepSeekCoder, and
Llama3.1. With the help of these models, we studied the position
of the plausible patches within the generated batch. We explored
how fine-tuning said models with varying size of APR datasets
impacts their effectiveness. This work study the different generation
strategies to balance the number of iterations and the number of
outputs per iteration.

Our experiments on two widely recognized APR benchmark,
HumanEval-Java and Defects4], revealed that FFT with relatively
small datasets can lead to substantial improvements in repair per-
formance. This suggest that limiting the amount of data in the
fine-tuning can enhance the model’s ability to generate plausible
patches. In other words, increasing the fine-tuning dataset size
did not consistently yield better results and, in some cases, led to
declined performance. Moreover, the analysis of different genera-
tion strategies showed that base models benefit from an increased
number of iterations. Yet, we find also an upper threshold for the
number of iterations beyond which the process became counter-
productive due to excessive resource demands with diminishing
returns. On the other hand, fine-tuned models generated plausi-
ble patches in earlier iterations and benefited from less iterative
feedback, especially on simpler tasks. The optimal generation strat-
egy varies depending on the bottlenecks of the process and the
complexity of the task: while fine-tuned models achieved their best
results with fewer iterations, base models improved their outcomes
substantially with higher number of iterations.

Resource efficiency was a crucial factor in our study. By focusing
on generating fewer patches, our approach aligns with real-world
developer constraints and enhances computational efficiency. While
strategies that minimize iterations reduced memory usage, incor-
porating feedback in subsequent iterations was able to generate
plausible patches for unique problems that fine-tuned models could
not. Our emphasis on resource-efficient generation ensures that
the benefits of APR using LLMs can be put into practice without
imposing excessive computational costs.

This study contributes with insights into the optimization of
instruction-tuned LLMs for APR tasks. The work presented high-
lights the importance of selecting an appropriate generation strat-
egy based on the fine-tuning specification of the models and the
complexity of the problem. By displaying that significant perfor-
mance gains can be achieved with small datasets and suitable gener-
ation strategies, we present a path towards accessible and efficient
APR. This work does not only advance the field of APR, but it also
provides practical guidance for the deployment of LLMs in complex
pipelines.
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6.1 Future Work

This study opens multiple avenues for future research. Methods and
regularization to mitigate overfitting when fine-tuning with larger
datasets could further improve model performance. Additionally,
exploring hybrid generation strategies that can dynamically adapt
based on the problem complexity and feedback incorporated can
lead to enhanced repair effectiveness.

Incorporating different types of feedback, such as from devel-
opers, and integrating these models into development tools can
narrow the gap between research and industry. By continuing to
refine models and methodologies in an efficient manner, we can
move closer to realizing the potential of automatic program re-
pair, contributing to the end-goal of reliable and efficient software
development process.

7 Data Availability

The replicability package for this work is available online.’ This
package includes (1) the source code required to replicate the exper-
iments presented in this work, (2) the generated patches for both
benchmarks by all models used, and (3) the nine fine-tuned models.
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