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Abstract

Large Language Models (LLMs) in Software Engineering (SE) can offer valuable assistance

for coding tasks. To facilitate a rigorous evaluation of LLMs in practical coding contexts,

Carlos et al. introduced the SWE-bench dataset, which comprises 2,294 real-world GitHub

issues. Several impressive LLM-based toolkits have recently been developed and evaluated on

this dataset. However, a systematic evaluation of the quality of SWE-bench remains missing.

In this thesis, we address this gap by presenting an empirical analysis of the SWE-bench

dataset. We manually screen instances where SWE-Agent + GPT-4 successfully resolved the

issues by comparing model-generated patches with developer-written pull requests.

Our analysis reveals two critical issues: (1) 33.47% of patches have solution leakage,

where the fix is directly or indirectly revealed in the issue report or comments; and (2)

24.70% of successful patches are suspicious due to weak test cases that fail to detect incorrect,

incomplete, or irrelevant fixes. Filtering out these problematic instances drops SWE-Agent +

GPT-4 ’s resolution rate from 12.47% to 4.58%.
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Motivated by these findings, we propose SWE-Bench+, a refined version of the benchmark

using two LLM-based tools: SoluLeakDetector to identify solution-leak issues and TestEn-

hancer to reduce weak test cases. SWE-Bench+ identifies solution-leak issues with 86%

accuracy and reduces suspicious patches by 19%.

To reduce the risk of potential data leakage, we collect a new set of post-cutoff GitHub

issues. We then evaluate models on this dataset, observing a consistent performance drop

across all models. This highlights the impact of solution leakage and weak tests in inflating

resolution rates in current benchmarks.
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Chapter 1

Introduction

1.1 Background and Context

SWE-bench is an evaluation framework designed to assess large language models (LLMs) in

code generation and issue resolution. Unlike traditional benchmarks, it incorporates complex,

real-world GitHub issues, providing an authentic dataset for evaluating LLM capabilities in

software development. This real-world focus has generated significant interest in the software

engineering community [1, 2, 3, 4, 5, 6, 7, 8]. SWE-bench is sourced from the 12 widely used

Python repositories. The dataset includes issues and pull requests (PRs) selected based on

their test cases and successful PR merges [1, 6, 4]. These issues cover various tasks such as

bug fixing, feature enhancements, and code refactoring, requiring an in-depth understanding

of project contexts and dependencies [2, 3, 8, 4, 5]. The SWE-bench dataset comprises 2,294

complex GitHub issues [1]. Given an issue description and PR reference, an LLM is tasked
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1.2 PROBLEM STATEMENT

to modify the corresponding codebase to resolve the issues. These issues include bug reports

and feature requests, with PRs containing developer-written code changes and test cases.

Two SWE-bench variants have been developed: SWE-bench Lite1 and SWE-bench Verified2.

SWE-bench Lite focuses on 300 bug-fixing issues with lower evaluation costs and increased

accessibility, while SWE-bench Verified includes 500 carefully validated issues with clear

descriptions and robust test cases.

A key contribution of SWE-bench is its evaluation of LLMs to resolve issues within a

live codebase [1, 4, 7, 8]. Unlike benchmarks that assess isolated code snippets, SWE-bench

evaluates an LLMs’ ability to navigate and modify an existing codebase while ensuring

correctness, handling dependencies, and avoiding new errors [1, 3, 6, 7]. Academic and

industry researchers have widely used SWE-bench and its variants to evaluate LLMs’ coding

abilities [2, 3, 4, 5, 6, 7, 8]. These approaches involve reasoning about bugs, analyzing root

causes, formulating fixes, and implementing patches. Within a year, resolution rates on

SWE-bench Full have improved from 0.17% (RAG+GPT3.5 ) to 33.83% (SWE-Agent 1.0 ).

However, LLMs still struggle to autonomously generate reliable patches for complex software

issues, emphasizing the need for further advancements in AI-driven code generation.

1.2 Problem Statement

Despite the promising emergence of SWE-bench as an evaluation benchmark and the increasing

number of LLMs with higher resolution rates on the SWE-bench Leaderboard, there remains
1https://www.swebench.com/lite.html
2https://openai.com/index/introducing-swe-bench-verified/
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1.3 OBJECTIVE

a critical question: Are the LLMs really resolving the issues in SWE-bench? SWE-

bench is becoming increasingly popular among developers as a benchmark for evaluating

LLMs in the context of code generation and issue resolution. However, no comprehensive

empirical study has been conducted on the SWE-bench dataset to validate its efficiency,

precision and general reliability. Due to the lack of validation, the effectiveness of LLMs in

solving complex real-world software problems becomes questionable.

Since there is no formal evaluation to verify the credibility of SWE-bench, it cannot be

considered a fully reliable benchmark for assessing LLM capabilities in resolving GitHub

issues. This underscores the need for a rigorous study to determine whether the reported

improvements on the leaderboard truly reflect advancements in LLM performance or whether

they are influenced by inherent limitations within the benchmark itself.

1.3 Objective

This study has three main objectives. The first objective is to carry out an empirical study

of state-of-the-art (SOTA) LLMs using SWE-Bench Full that explores: (1) the quality of

SWE-bench issues with a focus on the adequacy of the test cases used to validate patches, (2)

the quality of patches generated by LLMs to fix these issues, and (3) the impact of potential

data leakage on the performance of LLMs. This includes evaluating whether prior exposure

to benchmark instances influences the reported results.

The second objective is to present SWE-Bench+, a framework that improves the quality

of SWE-Bench by filtering solution-leak instances and strengthening test cases to eliminate

3



1.4 STUDY OVERVIEW

suspicious patches. This is achieved through two novel techniques: SoluLeakDetector and

TestEnhancer.

The third objective is to collect new GitHub issues created beyond the training cut-off

dates of the evaluated LLMs and assess their performance on this leakage-free dataset,

providing a more accurate picture of real-world generalization.

1.4 Study Overview

Our thesis follows a structured approach, beginning with an empirical study on the SWE-bench

dataset to assess its reliability by comparing developer-generated patches with LLM-generated

patches. We then analyzed key patterns in the generated patches and identified concerns

such as dataset reliability and test case adequacy. Then, we proposed novel approaches to

improve the quality of data and the effectiveness of test cases. Finally, we gathered new

instances from recent GitHub issues created after the training cut-off dates and evaluated

the performance of various LLMs on this new dataset.

Firstly, we selected instances that passed all tests and were marked as resolved by SWE-

Agent+GPT-4, as it was the top-performing open-source model on the SWE-bench leaderboard

at the time of our study. To confirm the resolution of selected instances by the model, we

reviewed the execution and test logs published by the SWE-bench to shortlist the instances

that passed all the tests after the generated patches were applied.

Secondly, we conducted a patch validation study, comparing patches generated by devel-

opers (through pull requests) with model-generated patches. This analysis reviewed patch

4



1.4 STUDY OVERVIEW

intent, changed lines and files, and code correctness. We manually reviewed the differences

between these patches to determine whether the model-generated solutions were correct,

incomplete, or unrelated to the original issue.

Thirdly, we summarized five problematic patterns found in the model-generated patches,

revealing two fundamental issues in the benchmark: (1) solution leaks leading to the models’

“cheating” instead of resolving the issues, and (2) weak test cases, where the generated patches

are either irrelevant, incomplete, or incorrect and yet still pass all the tests. Hence, the test

cases are too permissive, leading to higher resolution rates for the LLMs than what is truly

deserved.

Finally, to address these issues, we proposed two new approaches. SoluLeakDetector, an

LLM-based technique for detecting and filtering out instances with solution leakage. This

technique ensures a cleaner dataset to evaluate whether the models are truly resolving the

issues rather than simply copying the provided solutions. TestEnhancer, an LLM-based

technique to generate stronger test cases, preventing weak tests from allowing incorrect,

incomplete, or irrelevant fixes to pass. This approach ensures that model-generated patches

undergo more rigorous validation. TestEnhancer is designed as a diagnostic tool with a distinct

purpose from general-purpose test generators such as EvalPlus [9]. Rather than producing

more tests for generated code, it focuses on exposing inaccuracies and incompleteness in the

existing SWE-Bench test suites. It leverages key metadata, including the gold patch, modified

functions, and contextual diffs, to generate targeted FAIL-TO-PASS and PASS-TO-PASS

tests. These tests are crafted to reveal silent failure and invalid patches that pass due to

5



1.5 CONTRIBUTIONS

weak or incomplete test coverage. Unlike EvalPlus, which focuses on improving test suite

completeness, TestEnhancer identifies structural flaws in the benchmark itself that inflate

resolution rates.

By implementing the above enhancements, we refined the SWE-bench dataset into a more

reliable benchmark for evaluating LLMs in software engineering tasks.

To address issues related to the impact of data leakage, we collected a new dataset

using the same collection, filtering, and preprocessing techniques as SWE-bench. The newly

collected dataset consists of GitHub issues created after October 2023, which is the training

cut-off date for all the models we tested. Then, we applied SoluLeakDetector to identify and

remove instances with solution leakage. Finally, we evaluated the performance of different

LLMs on this dataset, ensuring that the reported results are not influenced by the information

learned previously.

1.5 Contributions

Our study identifies and addresses key limitations in the existing benchmark evaluations

for automated program repair, particularly in SWE-bench. Current resolution rates for

model-generated patches are determined solely based on test case results. However, test cases

often lack comprehensive coverage, failing to capture edge cases and unintended side effects.

This reliance on test case outcomes alone can result in misleading success rates, where patches

appear correct but do not truly resolve the underlying issue.

6



1.5 CONTRIBUTIONS
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Figure 1.1: Comparison of performance metrics and patterns across SWE-bench datasets

Our analysis highlights the fundamental weaknesses in test-based evaluation and proposes

improvements to enhance benchmarking reliability. In contrast, developers have a more

comprehensive understanding of the problem context and can produce semantically correct

patches that align with the intended solution. This level of reasoning is challenging to

evaluate, making it difficult to determine whether LLM-generated fixes genuinely reflect the

correct approach.

Additionally, SWE-bench defines an issue as resolved if the associated test cases pass.

However, our study revealed that such an approach cannot guarantee the semantic correctness

or completeness of the fix. Without incorporating human code reviews or qualitative assess-

ments, the benchmark risks overestimating the real-world effectiveness of LLM-generated

patches.

As part of our contribution, we analyzed 251 patches generated by SWE-Agent+GPT-4

and identified six distinct patterns. These patterns broadly fall into two categories: suspicious

7



1.5 CONTRIBUTIONS

fixes and correct fixes. Our findings reveal that suspicious fixes account for 58.17% (146) of

the patches, with two dominant failure modes:

• Answer Leak. In 33.47% of resolved instances, the solutions were either explicitly

stated or subtly implied within the issue reports or comments. Some issue descriptions

directly include the correct code for fixing the reported bug, while others provide strong

hints guiding the solution.

• Weak Tests. In 24.70% of the resolved instances, the model-generated changes

were incorrect, incomplete, or applied to unrelated files or functions compared to the

gold patch. Despite these discrepancies, the modifications still passed the test cases,

suggesting that the test suites lacked the necessary rigor to catch such errors.

Given these findings, we classify fixes associated with answer leakage and weak tests as

suspicious fixes. Figure 1.1a illustrates the distribution of these failure cases across SWE-

Bench Full, SWE-Bench Lite, and SWE-Bench Verified. Figure 1.1b further demonstrates that

once these suspicious fixes are filtered out, the correct resolution rate of SWE-Agent+GPT-4

is significantly lower than initially reported, underscoring the need for more robust evaluation

methods.

Furthermore, we evaluated LLMs’ performance on a newly collected dataset of GitHub

issues created after the models’ training cut-off dates to eliminate the risk of data leakage.

Our results show a significant inflation in prior resolution rates. For example, SWE-Agent

+ GPT-4 declined from 3.97% to 1.99%. Similarly, SWE-RAG + GPT-4, SWE-RAG +

8



1.7 THESIS ORGANIZATION

GPT-3.5, and AutoCodeRover + GPT-4o achieved resolution rates of only 0.73%, 1.99%, and

3.83%, respectively.

These findings underscore the substantial impact of data leakage on LLM performance

and raise concerns about the extent to which models rely on prior knowledge to generate

seemingly correct solutions.

1.6 Significance of the Study

This study aims to validate the reliability of SWE-bench as an evaluation benchmark for

assessing the ability of LLMs to generate code patches for real-world software issues au-

tonomously. Without proper validation, SWE-bench cannot serve as an accurate measure of

LLM effectiveness in this domain. In particular, data leakage and weak tests raise concerns

about the validity of the benchmark’s reported performance.

The discrepancies identified in this study highlight the critical need to verify evaluation

benchmarks before relying on them to assess LLMs and draw conclusions about their capabil-

ities. By addressing these concerns, this study contributes to improving the trustworthiness

of LLM-based evaluations and strengthening their application in software engineering tasks.

1.7 Thesis Organization

The remainder of this thesis is divided into different chapters. Chapter 2 provides a compre-

hensive literature review, highlighting state-of-the-art prior work on large language models in

9



1.8 DATA AVAILABILITY

software engineering, benchmark datasets, and evaluation methods. Chapter 3 describes the

research design, including the methodology, analysis, and experimental results. Chapter 4

discusses threats to validity and examines the limitations of our study. Finally, Chapter 5

concludes the thesis and outlines directions for future work.

1.8 Data Availability

We release our experiments’ dataset and source code to enable other researchers to replicate

and extend our study in [10, 11].

10



Chapter 2

Literature Review

2.1 LLM for Software Engineering

Large Language Models (LLMs) have emerged as powerful tools and demonstrated impressive

capabilities in various software engineering tasks, including code generation [12, 13, 14,

15, 16], program repair [17, 18, 19], and bug detection [20, 21]. The development of code

generation benchmarks has been crucial for evaluating LLM performance. There are several

comprehensive studies that have explored LLM applications across various software engineering

domains [22, 23], delved into natural language to code generation [24], and analyzed the

evolution and performance of code LLMs across different tasks [25].

11



2.1.1 Code Generation 2.1 LLM FOR SOFTWARE ENGINEERING

2.1.1 Code Generation

The rise of LLMs in recent years has led to impressive progress in code generation. In

particular, a number of sophisticated models have been developed to generate code efficiently

based on user-provided specifications. One notable example is CodeT5+ [26], a powerful

encoder-decoder LLM family introduced by Wang et al., designed to tackle a wide range

of software engineering tasks, including code generation, summarization, and translation.

CodeT5+ is especially effective at translating natural language descriptions into functional

code and completing partial code snippets.

Building on this direction, Shen et al. introduced PanGu-Coder2 [27], which incorporates

ranking-based feedback to enhance LLM performance in code generation. It leverages feedback

from test cases to rank multiple generated solutions and prioritize higher-quality outputs.

In parallel, Xu et al. proposed an open-source alternative, CodeGen [28], a family of

decoder-only models designed to generate high-level code from natural language in multiple

programming languages, including Python, Go, and Java. CodeGen employs a transformer-

based architecture and is sequentially pre-trained on diverse datasets such as The Pile,

BigQuery, and BigPython to improve its generalization and multilingual capabilities.

Around the same time, OpenAI introduced Codex [14, 29], a decoder-only model fine-

tuned from GPT-3 on a large corpus of public GitHub code. Unlike CodeGen, which

prioritized open-source accessibility, Codex focused on practical usability and became the

foundation of GitHub Copilot. It processes natural language prompts through autoregressive

12



2.1.2 Program Repair 2.1 LLM FOR SOFTWARE ENGINEERING

token generation and can produce multiple candidate outputs, ranked using top-k sampling

techniques to select the highest-quality code.

Building on the foundation laid by Codex, ChatGPT [30] was developed with a focus on

instruction-based learning, enhanced through continual human feedback and reinforcement

learning. This approach made the model more interactive and user-focused. ChatGPT is

based on the GPT-3.5 and GPT-4 architectures, and it allows users to iteratively refine

the output, leading to a more user requirements focus. Similarly, Meta AI developed Code

Llama [31], an open-source LLM specialized in code generation and understanding. Built

by fine-tuning LLaMA 2, it supports multiple programming languages and is released in

various sizes (7B, 13B, and 34B) to accommodate different use cases, resource constraints,

and performance needs. Given this flexibility and accessibility, it provides a strong and

practical solution for a wide range of software engineering tasks.

2.1.2 Program Repair

Traditionally, automated program repair (APR) techniques relied on four prominent ap-

proaches: heuristic-based methods, which use genetic programming to explore the patch

space [32, 33]; constraint-based systems, which formulate repair as a constraint-solving task

[34]; pattern-based approaches, which apply predefined templates to fix known bug types

[35]; and learning-based models, which treat patch generation as a translation task using

deep learning [36, 37, 38].

13



2.1.2 Program Repair 2.1 LLM FOR SOFTWARE ENGINEERING

With the recent advancements in LLMs, research has increasingly shifted toward exploring

their effectiveness in program repair, often surpassing traditional techniques, especially when

fine-tuned on domain-specific data [39].

For example, AlphaRepair [40] employed a zero-shot learning approach that outperformed

conventional APR tools. AlphaRepair utilizes a pre-trained LLM to generate code fixes

by interpreting the surrounding code context and analyzing error messages. This allows

the solution to scale across different programming languages without requiring additional

domain-specific training. Compared to search-based techniques, it can address a broader

range of software defects with greater flexibility and accuracy.

Building on this, RepairAgent [41] expanded the scope of LLM-based APR by introducing

an autonomous, multi-turn repair agent. This agent interacts closely with the codebase,

looking for patterns, context, and relevant information to aid in the repair process. It also

applies test cases to validate patch correctness. Furthermore, RepairAgent uses a dynamic

prompt updating mechanism to support adaptive decision-making and employs a finite-state

machine to ensure the generated repairs are contextually appropriate. This multi-stage design

reflects how human developers reason through complex bug fixes.

GIANTRepair [42] further advanced this direction by combining LLMs with traditional

program analysis. It introduces a hybrid pipeline that generates patch skeletons and instanti-

ates them using contextual information from the codebase. This results in patches that are

not only correct but also semantically consistent with the surrounding code, offering a more

precise and robust approach to repair.

14



2.1.3 Bug Detection 2.1 LLM FOR SOFTWARE ENGINEERING

Recent work has focused on developing more autonomous tools to reduce costly human

involvement and push the boundaries of automated program repair.

A prominent example is SWE-agent, developed by Wang et al. [43], an autonomous

framework that uses a user-selected LLM as its backbone to fix software defects. Designed to

operate on real-world GitHub repositories, SWE-agent behaves like a human developer in its

repair process. The framework follows four main steps to generate and validate a fix: (1)

planning a strategy based on the issue and test failures, (2) editing the identified buggy code,

(3) running tests to evaluate correctness, and (4) iterating through these steps until the bug

is successfully resolved. This structured and self-directed approach makes SWE-agent one of

the earliest and most effective LLM-based agents for realistic program repair tasks.

In a similar direction, Yu et al. [44] introduced AutoCodeRover, a context-aware, retrieval-

augmented framework designed for program repair in multi-file, complex issues. The frame-

work performs task decomposition to break down complex bugs into file-specific problems

and solutions, leveraging a user-selected LLM backbone such as GPT models. It retrieves

relevant information and code segments from the software project to address issues at the file

level. Additionally, AutoCodeRover employs iterative patch validation by applying test cases

to ensure that the generated fixes are correct.

2.1.3 Bug Detection

Traditionally, static analysis tools were the dominant method for detecting software bugs,

with numerous studies [45, 46, 47, 48, 49] focusing on their effectiveness in real-world settings.
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Developed by Meta, Infer [50] is a prominent static analysis tool designed to detect bugs in

the backend and mobile applications [51]. It supports Java, C, C++, Objective-C, and C#,

and performs interprocedural analysis along with integration into CI pipelines to catch issues

early in development. Similarly, SpotBugs [52] inspects bytecode to detect specific types of

bugs. It relies on predefined bug patterns with a set of rules and definitions to identify issues.

However, it only supports Java, limiting its scalability. Another widely-used static analysis

tool is ErrorProne [53], developed by Google. It integrates directly into the Java compiler,

enabling proactive detection of bugs during compilation. This allows developers to catch and

address issues early in the development cycle before code is deployed.

While static analysis tools played a significant role in bug detection, their rule-based

nature and limited contextual understanding restricted their effectiveness in complex software

environments. The emergence of LLMs in software engineering has introduced advanced bug

detection approaches that go beyond traditional static methods. These models enable deeper

contextual reasoning, natural language understanding, and improved flexibility and scalability.

This shift has inspired novel techniques such as FUzzGPT [54] and TitanFuzz [55], which

leverage these models to generate edge-case test inputs and perform mutation-based fuzzing

for deep learning libraries.

During the fuzzing process, FUzzGPT utilizes natural language descriptions to generate

complex test cases with LLMs, enabling a broader exploration of edge cases. This increased

coverage enhances accuracy and improves the detection of vulnerabilities that are typically
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difficult to uncover. In contrast, TitanFuzz refines the fuzzing process by integrating LLM-

generated test cases with adaptive mutation strategies. This approach contextually identifies

deeply embedded defects within project-specific details, making it more effective at uncovering

hard-to-detect issues. By embedding LLMs into the fuzzing process, both FUzzGPT and

TitanFuzz outperform traditional fuzzing techniques, achieving higher efficiency and accuracy

in bug detection due to their improved contextual awareness.

Beyond fuzzing-based techniques, several recent efforts have explored using pre-trained

LLMs for direct bug detection and localization. For example, BugLab [56], this technique

works using a self-supervised approach. It leverages two LLMs, a detector model to detect

bugs and repair them, and a selector model that automatically generates artificial bugs

in the code. This co-training strategy allows the model to learn from a wide variety of

bugs, enhancing its ability to resolve real-world software defects. Recent general-purpose

approaches have also demonstrated strong capabilities in bug detection. Notably, CodeBERT

[57], a general-purpose pre-trained model, has been fine-tuned for tasks such as bug detection,

localization, and code understanding. It remains one of the top-performing and most widely

cited models in this space.

In summary, while recent LLMs have shown remarkable progress in code generation,

repair, and bug detection, their evaluation still relies heavily on benchmark datasets. This

thesis shifts the focus from proposing new models to ensuring the reliability of existing ones

by analyzing their behavior in real-world scenarios, using SWE-bench. We argue that data
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quality can significantly impact perceived model performance and must be carefully addressed

to enable fair and meaningful comparisons.

2.2 Benchmark Dataset Quality in Software Engineering

Recent studies have shown the importance of high-quality benchmarks in software engineering.

Moreover, many works have demonstrated that existing benchmarks often contain a significant

amount of noise and low-quality labels [58]. Sun et al. [59] focused on improving the

quality of code search datasets. They removed noise, including invalid or incomplete queries,

redundant tokens, and non-natural-language queries, using a combination of rule-based

syntactic and model-based semantic filters. After cleaning the dataset, they observed a

significant improvement in the performance of a popular code search model, DeepCS. On

the other hand, Gro et al. [60], focusing on code-comment datasets, demonstrated that

high repetition (e.g., frequent trigrams) in these datasets can inflate model performance,

highlighting the need to address such noise for more reliable evaluation. In another study, Shi

et al. [61] showed that both the size of benchmark datasets and the choice of preprocessing

techniques have a noticeable direct impact on model performance. More interestingly, Huang

et al. [62] highlighted that the data selected in many benchmarks can suffer from noise

and bias, particularly due to the missing documentation in many real-world codebases.

They observed that only a small fraction of code is well documented, which can limit the

effectiveness of models trained on such data. To address this, they proposed a machine
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learning technique that automatically adds comments to under-documented code, helping to

enhance both data quality and model performance.

Beyond data quality, multiple studies have questioned the reliability of evaluation metrics

used for assessing model outputs. Several studies examined the reliability of BLEU, one of

the most widely used metrics for evaluating code generation and summarization. Roy et al.

[63] show that minor increases (less than 2 points) in metric scores are not actually reflective

of real code improvements, as judged by human annotators. Similarly, Mahmud et al. [64],

it was observed that semantically correct auto-generated comments may be scored poorly

simply because they don’t match the exact wording of the reference. Furthermore, some

minor variations in BLEU implementations have been shown to produce significantly different

performance scores [60, 61]. These issues raise concerns about the reliability of BLEU-based

evaluations and the validity of model performance claims based on them.

Reliable assessment of LLMs in software engineering tasks is heavily dependent on the

quality of evaluation benchmarks, not only during training but also during the evaluation

stage [1]. Xu et al. [65] highlight the critical role of benchmark dataset quality in evaluating

models for software engineering tasks, with a particular focus on code summarization. They

developed an automated code-comment cleaning tool to reduce noise in four widely used

benchmarks. Their results demonstrate that with reduced noise, models perform significantly

better. This highlights the importance of high-quality, noise-free evaluation datasets for

reliably assessing model capabilities.
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With the growing interest in applying LLMs across various software engineering tasks,

including code generation, program repair, and bug detection, there is a critical need for

trustworthy and reliable evaluation benchmark datasets [1, 8]. To tackle these challenges,

SWE-bench was developed to assist in evaluating LLMs using real-world GitHub issues [1].

Unlike other state-of-the-art evaluation datasets that rely on synthetic issues, SWE-bench

is built entirely from real-world GitHub issues, ensuring that the benchmark reflects actual

software development challenges. Additionally, it incorporates both developer-generated code

changes and requires models to submit their generated code fix patches. This creates a more

precise and transparent assessment of LLM capabilities in automated code fixing, providing

a more reliable measure of their effectiveness in real-world settings.

A critical component of a high-quality dataset is ensuring it is representative of real-world

software challenges [2, 66]. Multiple recent studies also reinforce the need for realistic and

challenging benchmarks. Li et al. [2] showed that even sophisticated multi-agent systems, like

CodeR, struggled with SWE-bench Lite, resolving fewer than 28.33% of issues—mainly due to

the dataset’s strict evaluation criteria and complexity. These findings highlight the natural

complexity of real-world software engineering tasks as captured by SWE-bench, in contrast

to synthetic benchmarks such as HumanEval [14] and EvalPlus [67, 68], where models tend

to achieve much higher performance.

The “Diversity Empowers Intelligence” (DEI) framework [3] further shows how diversity

and comprehensiveness of data can enhance the performance of LLMs in code generation

tasks. By leveraging diverse SWE agents, DEI capitalizes on the complementary strengths
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of these agents in software engineering tasks such as bug fixing and patch generation. This

broad spectrum of expertise significantly improves the collective performance [3], highlighting

the importance of including a wide range of issues that represent real-world variability in

software engineering.

Given the critical need for high-quality benchmark datasets in evaluating code generation

models, Liu et al. [68] introduce EvalPlus, a framework specifically designed to improve the

evaluation of LLM-generated code. This framework addresses challenges like insufficient tests

and noisy benchmarks by augmenting existing datasets with automated test input generation

using LLMs and mutation-based strategies. Their findings show the need for more rigorous

testing in LLM code generation to improve benchmark quality in the field.
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Chapter 3

Research Design

3.1 Robustness Analysis of SWE-bench

We conducted an empirical study on patches generated by SWE-Agent + GPT-4 for issues

in the SWE-Bench Full dataset. We selected SWE-Agent + GPT-4, a state-of-the-art agent-

based model that, at the time of our study, held the highest resolution rate (12.47%) among

all open-source models on the SWE-bench Leaderboard. The benchmark is used in software

engineering to provide a standardized metric for evaluating the performance of automated

patch generation models. The leaderboard tracks resolution rates across various datasets,

offering insights into how different models approach complex software issues.

We selected this model because of its leading performance, which offers a valuable

opportunity to analyze how top-tier models approach patch generation and issue resolution.
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Figure 3.1: Overview of robustness analysis for SWE-bench datasets

The primary goal of our thesis was to assess whether the generated patches contained potential

issues and, if so, to categorize these issues into distinct patterns.

Figure 3.1 outlines the major steps we followed in our thesis. The input is the set of all

issues in SWE-bench. Each issue contains a description and a patch to address the issue.

Each patch is a diff of code changes, which we call a “gold patch.” We used SWE-Agent

+ GPT-4 to generate fixes for each issue. We refer to the model output for an issue as

a “generated patch.” We then compared the gold and generated patches by analyzing the

corresponding files changed in the pull requests on GitHub with the same instance_id. As we

studied the model-generated patches, we also examined the logs and trajectories generated

by the model. Logs provide the step-by-step execution of the model. The trajectory data

provide a detailed record of the model’s decision-making process while producing a patch,

showing how it iterated through possible solutions before arriving at a final version.

The comparison between the gold and generated patches was essential to evaluate how

closely the model’s output aligned with the developer-generated patches and to assess the

quality of the solutions provided.
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To reduce potential bias, three developers with background in Python programming

and code analysis independently conducted the patch validation study. Each annotator

carefully examined the modified files and lines, reviewed issue descriptions, and analyzed the

implementation styles and intentions behind both model-generated and developer-generated

patches. The goal was to identify patterns in the model’s performance, whether it handled

certain types of issues well or struggled with others. For example, the model might successfully

resolve well-defined, simpler issues but struggle with more ambiguous ones. Additionally,

we assessed whether the model’s patches were of higher or lower quality compared to those

created by developers.

Any disagreements among the annotators were resolved through group discussions. This

analysis aimed to determine whether the model’s performance varied based on issue complexity,

description clarity, or the overall quality of its generated solutions.

For the model-generated patches, we focused on instances where the generated patches

resolved the issue and passed all associated tests. As a result, we identified 251 instances from

the SWE-Bench Full dataset. Note that, to ensure the patches passed all tests, we reviewed

the evaluation logs of 286 instances initially marked as resolved by SWE-Agent + GPT-4 in

the results.json file from the SWE-Bench Full evaluation repository and selected only those

with logs confirming that all tests passed following the application of the generated patches.
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Table 3.1: Patterns found among the 251 successful patches generated by SWE-Agent +
GPT-4

Type Pattern Numbers (percentage) Root cause

Suspicious fixes

Solution Leak 57 (22.71%) solution leakage
Solution hint leak 27 (10.76%) solution leakage
Incorrect fixes 19 (7.75%) weak tests
Different files/functions changed 10 (3.98%) weak tests
Incomplete fixes 33 (13.15%) weak tests

3.1.1 Solution Leak and Weak Tests

Among the 251 generated patches that passed all test cases in the SWE-Bench Full dataset,

we found around 58.17% of the successful patches to be problematic/suspicious, which can be

summarized into five different patterns. Table 3.1 outlines five patterns of suspicious patches

in the 251 generated patches. To explain each pattern, we provide definitions, including the

number of instances associated with each pattern and the likely root causes. We discuss each

pattern below.

1. Solution Leak: This represents instances where the solution to the issue is clearly

outlined in the issue description or comments on GitHub. Since both the issue descriptions

and comments (referred to as hints_text in the SWE-bench study) are provided as input

to the models, these LLM models can extract the solutions directly from this information

instead of generating it independently. 22.71% of the successfully resolved issues followed

this pattern, making it the most common among resolved patches. This raises significant

concerns about the model’s actual performance and the validity of the SWE-bench instances
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Figure 3.2: Solution leakage in issue report for sympy-16669

as a benchmark. If a model is simply copying the solution it already has access to, it isn’t

demonstrating true problem-solving capabilities but rather replicating what is provided, thus

limiting the assessment of its ability to generate new solutions.

The example shown in Figure 3.2 illustrates issue report 166693 from the sympy project,

where the issue description provided the exact solution code patch required to resolve the

issue, making it possible for the model to directly copy the solution from the issue report

and generate the same solution as provided.

2. Solution Hint Leak: This pattern emerges when issue descriptions or comments contain

partial information or indirect suggestions that guide models toward the solution without

explicitly providing the complete fix. This pattern was present in 10.76% of instances. For

instance, as shown in Figure 3.4, a solution hint is provided in the problem description.

While it does not provide the complete implementation, it gives a clear direction about which
3https://github.com/sympy/sympy/issues/16669
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Problem Statement:

1 The SQLCompiler is incorrectly removing "order by" clauses because it
determines the clause was already "seen" in SQLCompiler.get\_order\
_by(). The issue occurs with expressions written as multiline
RawSQL.The bug is located in SQLCompiler.get_order_by(),
specifically at: without_ordering = self.ordering_parts.search(sql).
group(1)

2 As a quick/temporal fix I can suggest making sql variable clean of
newline characters, like this:

3 sql_oneline = ’ ’.join(sql.split(’\n’))
4 without_ordering = self.ordering_parts.search(sql_oneline).group(1)

Problem Statement After Solution Removal:

1 The SQLCompiler is incorrectly removing "order by" clauses because it
determines the clause was already "seen" in SQLCompiler.get\_order\
_by(). The issue occurs with expressions written as multiline
RawSQL.The bug is located in SQLCompiler.get_order_by(),
specifically at: without_ordering = self.ordering_parts.search(sql).
group(1)

Figure 3.3: Analysis of Direct Solution Leak in Problem Statement

function should be used and where it should be applied. Such hints can influence how a

model approaches the solution, unintentionally simplify the task.

3. Incorrect Fixes: This refers to cases where the model-generated patches provide incorrect

solutions, yet pass the test cases when they should have failed. This pattern was present in

7.75% of the passed instances, suggesting a weakness in test cases where the functionality

of the issue resolution is not correctly captured. The fact that incorrect patches can pass

the test cases raises suspicion about the relevance and accuracy of the test cases in assessing

whether the issue has been fully resolved.

Figure 3.5 shows a comparison between the model-generated patch and the gold patch
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Problem Statement:

1 A security vulnerability exists in the password reset functionality
where tokens remain valid even after a user changes their email
address. The current implementation of PasswordResetTokenGenerator
does not consider email address changes when validating tokens.

2 The fix is to add the user email address into
PasswordResetTokenGenerator._make_hash_value()

3 Nothing forces a user to even have an email as per AbstractBaseUser.
Perhaps the token generation method could be factored out onto the
model, ala get_session_auth_hash().

Problem Statement After Solution Removal:

1 A security vulnerability exists in the password reset functionality
where tokens remain valid even after a user changes their email
address. The current implementation of PasswordResetTokenGenerator
does not consider email address changes when validating tokens.

Figure 3.4: Analysis of hint leak in problem statement

Figure 3.5: Incorrect fix generated by the model for django-32517

for django-325174. According to the issue description, a new functionality is needed to

reverse a Python OrderedSet by implementing the __reversed__ function. The gold patch

demonstrates the correct behavior, where the entire dictionary is reversed, while the generated

patch only reverses the dictionary’s keys. As a result, the two patches produce entirely different

outputs, as they apply different methods to the dictionary.
4https://code.djangoproject.com/ticket/32517
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Figure 3.6: Different files changed by model for issue-26093 of Matplotlib

4. Different Files/Functions Changed: This pattern refers to cases where the model-

generated patches modify files or functions unrelated to the issue at hand. These files differ

from those altered in the gold patch, yet the model’s patches still pass the test cases despite

this discrepancy. This pattern appears in 3.98% of the passed instances. It highlights a

weakness in the model’s ability to accurately locate and address the source of the issue. The

fact that the test cases pass, even though changes were made in irrelevant files, suggests that

the test cases are either weak or irrelevant and should have failed in detecting the incorrect

modifications.

Figure 3.6 presents an example from issue-26093 of the Matplotlib project5, where the

model-generated patch modifies the cbook.py file, while the gold patch makes changes to the

_axes.py file. This shows that the model’s patch affects a completely different file from the

gold patch, highlighting the model’s inability to accurately identify the correct file containing

the bug.
5https://github.com/matplotlib/matplotlib/issues/26093
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Figure 3.7: Incomplete fix generated by the model for django-31056

5. Incomplete Fixes: This pattern refers to model-generated patches that offer incomplete

implementations compared to the gold patches, often omitting critical details. This pattern

appears in 13.15% of passed instances. For instance, some patches include only partial if-else

statements, neglecting edge cases that the gold patch addresses. Although the model-generated

patches follow the correct implementation approach, they overlook important aspects that

could lead to failures in production or when handling edge cases. This underscores a weakness

in the test cases, as they fail to capture the finer details necessary for a comprehensive issue

resolution.

The example provided in Figure 3.7 shows the same change being made by the model

and the one made by the developers in the gold patch6. The gold patch provides a complete
6https://code.djangoproject.com/ticket/31056
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Figure 3.8: Analysis of solution leak impact on model performance

fix while the model patch provides a partial fix. Specifically, the gold patch properly handles

the detection of an event loop in the current thread by including a try-except block to catch

RuntimeError when an event loop is unavailable and checks if the event loop is running before

raising an exception. Additionally, it wraps the entire logic in a condition that checks the

environment variable DJANGO_ALLOW_ASYNC_UNSAFE. In contrast, the generated

patch is missing critical parts of this logic, such as the try-except block and the check for a

running event loop. As a result, the model-generated patch is incomplete, missing key error

handling and flow control that are necessary for ensuring safe operation.

Impact of Solution (Hint) Leak

To quantitatively assess the impact of solution leakage on model performance, we conducted

an empirical study using AutoCodeRover + GPT-4o. From the 94 issues initially successfully
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resolved by AutoCodeRover + GPT-4o, we identified 64 issues containing some form of

solution leakage (either direct solution leak or solution hint leak). We then manually removed

all solution-related information, including direct code solutions, suggestions, and hints (e.g.,

expected behavior) from the issue description and re-evaluated the model’s performance to

see if the model could still fix the issues. As shown in Figure 3.8, after removing the leaked

information, the model could still successfully resolve 39 out of 64 issues (60.94% resolution

rate), with 23 failed cases and 2 invalid patches. This indicates that a solution leak showed a

positive impact on the model in producing the correct fix. To further understand the impact

of different types of leaked information, we categorized the issues based on their leakage type.

Among 45 issues containing only hints (e.g., suggested approaches or expected behaviors), the

model maintained a 55.56% resolution rate (25 successful fixes) after hint removal. For the

16 issues containing direct solution leaks, the model achieved a resolution rate of 68.75% (11

successful fixes) after solution removal. For the 3 issues containing both hints and solutions,

the resolution rate was 33.33% (1 successful fix) after removing the information. These results

show that the highest resolution rate for issues with direct solutions suggests that direct

solutions were actually more useful for the model in fixing issues.

3.1.2 Updated Resolution Rate of SWE-Agent + GPT-4 on SWE-

bench Full, Lite, and Verified

After identifying the five suspicious patterns, we recalculated the resolution rate of SWE-Agent

+ GPT-4 by excluding these suspicious patches. This new resolution criterion resulted in
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a significant drop in the resolution percentage, as shown in Figure 1.1b. The performance

of SWE-Agent + GPT-4 decreased from 12.47% to 4.58% when considering only correct

fixes, those in which the model generated correct but different implementations from the

gold patch or more comprehensive fixes than the gold patch. We excluded all suspicious fixes,

including instances where the model generated incorrect solutions (7.75%), the issue report

contained a direct solution (22.71%), or provided a hint (10.76%). Additionally, we removed

cases where changes were made in files unrelated to the gold patch (3.98%) and instances

where the model produced incomplete fixes, omitting critical details of the solution (13.15%).

Two new variants of SWE-bench are recently developed, SWE-Bench Lite and SWE-Bench

Verified, each designed with different goals. SWE-Bench Lite focuses on instances with lower

evaluation costs and increased accessibility. On the other hand, SWE-Bench Verified aims

to provide a curated subset of SWE-bench, where human annotators filter out issues with

underspecified descriptions or weak unit tests that might reject valid solutions. However,

neither of these new datasets addresses the solution leakage problem, which was the primary

motivation for our thesis. To investigate this, three developers with background in Python

programming and code analysis reviewed all issue reports for the instances in SWE-Bench

Lite and SWE-Bench Verified for cases of solution leakage.

In SWE-Bench Lite, we identified 18 instances where the solution was directly provided in

the issue description or discussion on GitHub. Similarly, in SWE-Bench Verified, 30 instances

contained direct solutions in either the issue description or the discussion on GitHub. Table 3.2

shows more details.
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Table 3.2: Patterns found among SWE-Bench Lite (total passed: 54, 18.0%) and SWE-Bench
Verified (total passed: 112, 22.4%) datasets with successful patches generated by SWE-Agent
+ GPT-4.

Pattern SWE-
Bench
Lite

Percentage
(Lite)

SWE-
Bench
Verified

Percentage
(Verified)

Incorrect fixes 2 3.70% 8 7.14%
Incomplete fixes 5 9.26% 9 8.04%
Different Files/Func-
tions Changed

2 3.70% 2 1.79%

Solution Leak 18 33.33% 30 26.79%
Solution Hint Leak 3 5.56% 13 11.61%

We also observed additional suspicious fixes in both SWE-Bench Lite and SWE-Bench

Verified, as summarized in Table 3.2. Specifically, SWE-Agent + GPT-4 produced incorrect

fixes in 3.70% of cases in SWE-Bench Lite and 7.14% in SWE-Bench Verified. We also

observe that 3.70% of changes in SWE-Bench Lite were made in different files or functions

than the gold patches, and 1.79% in SWE-Bench Verified. Additionally, 33.33% of fixes in

SWE-Bench Lite and 26.79% in SWE-Bench Verified involved direct solution leaks. Hint

solution leaks were observed in 5.56% of fixes in SWE-Bench Lite and 11.61% in SWE-Bench

Verified.

The overall suspicious fix patterns led to 55.56% suspicious fixes in SWE-Bench Lite and

55.36% in SWE-Bench Verified, significantly reducing the resolution rates from 18% to 8.00%

in SWE-Bench Lite and from 22.4% to 10.00% in SWE-Bench Verified.
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3.2 Building SWE-Bench+

To address the issues of the current SWE-bench datasets and ensure a more accurate evaluation

of the models’ effectiveness in resolving issues, we created a more rigorous evaluation dataset,

SWE-Bench+, by filtering out suspicious patches in SWE-bench. Specifically, we introduce

an LLM-based solution leak detection tool, i.e., SoluLeakDetector, to filter out issues with

the solution leak problem, and an LLM-based test generation approach, i.e., TestEnhancer,

to enhance the test suite of issues and avoid the weak test problem.

The primary objective of SWE-Bench+ is to assess the models’ ability to generate accurate

patches for real-world GitHub issues without the risk of bias or prior exposure to the solution.

3.3 SoluLeakDetector: LLM-based Solution Leak Issue

Detection

Our study revealed the persistent presence of solution leakage in SWE-bench instances,

where issue reports often contain direct solutions or indirect hints regarding the resolution

of reported bugs. To mitigate this issue, we developed SoluLeakDetector, an LLM-based

technique designed to systematically detect and filter instances in SWE-bench that exhibit

either direct solution leaks or indirect solution hint leaks.

SoluLeakDetector leverages GPT-4 to classify instances into three distinct categories:

(1) instances containing direct solution leaks, (2) instances with hint-based solution leaks,

and (3) instances free from any form of solution leakage.
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As seen in Figure 3.9, the prompt defines direct solution leaks as being explicitly mentioned

in the issue description with code snippets and instructions on how and where these code

snippets should be applied in a step-by-step manner, and defines indirect solution leaks

as being subtly implied in the issue description by explaining a direction that the model

should take to resolve the issue. Any instance that does not include either of the solutions is

identified as a clean instance without any solution leak.

As illustrated in Figure 3.9, the prompt explicitly defines direct solution leaks as those

where the issue description contains code snippets along with step-by-step instructions

detailing how and where these snippets should be applied. Indirect solution leaks, on the

other hand, are subtly embedded within the issue description, guiding the model toward a

specific resolution strategy without explicitly stating the fix. Any instance that lacks both

types of leaks is classified as a clean instance without any solution leakage.

The classification process employs a three-shot prompting technique, wherein three well-

defined examples from each category are presented to guide GPT-4 in accurately categorizing

SWE-bench instances. The issue descriptions used for classification are extracted from the

root of the instance’s pull request. Each example is paired with an expected output label

corresponding to one of the three categories.

Furthermore, SoluLeakDetectoridentifies and extracts the solutions and hints from the

issue descriptions. It then generates a detailed explanation justifying why the extracted

fragment is categorized as either a hint-based or direct solution leak.
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You are a solution leakage detection expert.

Task
Analyze GitHub issue descriptions (problem_statement) and related comments (hints_text) for
solution leakage.

Definition
solution leakage occurs when:

1. The solution is explicitly mentioned, such as:

• Code snippets providing a direct fix.
• Step-by-step instructions leading directly to the solution.

2. The solution is subtly implied, for example:

• Explanatory text that indirectly leads to the correct fix.
• Comments hinting at how to resolve the issue.

Example 1
Description: I propose to add the following settings, with the following default values:

1 LANGUAGE_COOKIE_SECURE = False
2 LANGUAGE_COOKIE_HTTPONLY = False
3 LANGUAGE_COOKIE_SAMESITE = None

The default values maintain the current behavior. These settings do not provide much security value,
since the language is not secret or sensitive.
Expected Output:

1 {
2 "solution_leakage_detected": true - direct,
3 "reason": "The solution is explicitly provided in the description.",
4 "extracted_solution": "LANGUAGE_COOKIE_SECURE = False,

LANGUAGE_COOKIE_HTTPONLY = False, LANGUAGE_COOKIE_SAMESITE = None"
5 }
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Example 2
Description: Shape of coef_ is incorrect for linear_model.Lasso when using
fit_intercept=False.
Expected Output:

1 {
2 "solution_leakage_detected": false,
3 "reason": "The description identifies a bug but does not explicitly provide

a solution.",
4 "extracted_solution": null
5 }

Example 3
Description: A typo in Poly3DCollection.__init__() causes a TypeError exception.
Expected Output:

1 {
2 "solution_leakage_detected": true - hint,
3 "reason": "The solution is explicitly provided as a corrected code snippet.

",
4 "extracted_solution": "edgecolors in None should be edgecolors is None"
5 }

Figure 3.9: Prompt for SoluLeakDetector

3.4 TestEnhancer: LLM-based Tests Enhancement

Our thesis highlights that 24.70% of the suspicious fixes described in 3.1 are due to weak tests.

In other words, the generated patches pass the tests even when they are incorrect, incomplete,

or entirely irrelevant, indicating that the tests themselves may be overly permissive. To

address this issue, we developed TestEnhancer, an automated test generation and validation

process aimed at enhancing the original SWE-bench test patches. Once the relevant instances
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Figure 3.10: Methodology for TestEnhancer

are filtered, we prompt GPT-4 to generate enhanced test cases using the extracted data as

input. For each instance, we generate 20 PASS-TO-PASS tests and 20 FAIL-TO-PASS tests.

The generated test cases are initially structured in JSON format and later converted into

executable Python test files following the pytest format. After successful compilation, we run

the tests on the patches generated by SWE-Agent + GPT-4 to verify whether the generated

fixes successfully resolve the reported issues.

Figure 3.10 outlines the full methodology we used to create TestEnhancer. First, we begin

by selecting specific attributes from the SWE-bench dataset. Specifically, we extract the

following attributes: instance_id, gold_patches, test_patches, and base_commits. The

base_commits represent the commit IDs leading to the buggy version of each instance before
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the corresponding PR. To retrieve the buggy code patches, we trace these base_commits

and extract the affected source code files from the repository. Next, we identify the specific

files modified in the gold patch and apply REGEX-based pattern matching to extract the

functions or methods that were changed.

Now, we have the full list of attributes needed to provide the LLM with more context in

order to enhance the tests. To do so, we explain in the prompt the task required, which

is generating one PASS-TO-PASS and one FAIL-TO-PASS test per instance using pytest.

We provide the expected output and format to make it easier to summarize passing and

failing tests and ensure non-buggy code. We then give the model all the input attributes

extracted as described earlier and run the prompt twenty different times to generate twenty

PASS-TO-PASS and twenty FAIL-TO-PASS tests.

The generated tests are stored in JSON format and later converted into executable Python

test files following the pytest format.

In order to run the tests, we built each project from source with the test requirements. After

building the projects, we added the generated tests into the test suite of each project. We

wrote a script to summarize the output when running the tests with pytest in an Excel file,

showing the number of passing and failing tests per project.

Finally, we validate the generated patches by SWE-Agent + GPT-4 that were successful

over the newly generated tests. If at least one test fails, then the original tests are weak, and

that’s why all of them passed.
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You are an expert in generating runnable Python test cases using pytest.
TASK: Your task is to generate exactly two test cases per run:

• One pass-to-pass (ptp) test for valid inputs.
• One fail-to-pass (ftp) test for invalid inputs and edge cases.

EXPECTED OUTPUT:
1. Each test case must:

• test_ptp_ for pass-to-pass tests.
• test_ftp_ for fail-to-pass tests.
• Contain one or two assertions at most.
• Provide setup code and context before assertions.

2. Use proper pytest syntax, such as pytest.raises for exceptions.
3. Ensure the test is self-contained and runnable with pytest.

Buggy Code: buggy_code
Gold Patch: gold_patch
Original Tests: tests
OUTPUT FORMAT: Provide exactly two test cases in a Python code block. The test functions
should:

1. Begin with test_ptp_ or test_ftp_ depending on the category.
2. Include setup code and one or two assertions.
3. Only Python code (no comments or descriptions).

Figure 3.11: Prompt for TestEnhancer.

3.5 Evaluation of SWE-Bench+

3.5.1 Performance Analysis of SoluLeakDetector

To assess the accuracy of SoluLeakDetector, we first applied it to SWE-Bench Lite. To

ensure the reliability of the classification, three developers with background in Python

programming and code analysis independently reviewed the categorized instances. This

human evaluation process helped mitigate potential biases and verify the correctness of

SoluLeakDetector’s predictions.

The manual review confirmed that SoluLeakDetector achieved an 86% accuracy in correctly

classifying solution leaks within SWE-Bench Lite. Following this validation, we applied
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SoluLeakDetector to the full SWE-bench and SWE-Bench Verified datasets to categorize

all instances accordingly.

After categorizing all instances, we constructed SWE-Bench+, a refined benchmark that

excludes any instance exhibiting solution leakage. SWE-Bench+ consists of 707 instances

that were verified to contain no direct or indirect solution hints, ensuring a more reliable

evaluation dataset. By eliminating biased instances, SWE-Bench+ provides a fairer and more

robust framework for evaluating LLM-based models in real-world GitHub issue resolution.

3.5.2 Performance Analysis of TestEnhancer

To evaluate the performance of TestEnhancer, we filter out instances where at least one

PASS-TO-PASS or one FAIL-TO-PASS test fails. In other words, if a generated patch fails

one of the newly generated tests but passes all the original test patches in SWE-bench, this

indicates that the test patches in SWE-bench are too permissive.

To apply TestEnhancer on SWE-bench, we selected the suspicious instances whose root cause

is “weak tests” as shown in Table 3.1, while excluding instances from Django (since the project

migrated its issue tracking outside of GitHub), leaving us with 49 instances. We applied

TestEnhancer to these instances, but only 31 were successfully processed. The remaining

instances either exceeded the token limit for GPT-4 due to long gold and buggy patches or

produced non-runnable tests.

Our evaluation revealed that 6 out of 31 instances (19%) had at least one PASS-TO-PASS

test failing. This means that although the generated patches initially passed the original
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SWE-bench tests, they were later identified as incorrect when validated with the newly

generated tests. These results highlight that TestEnhancer enhances test robustness by

uncovering cases where the original test suite failed to detect faulty fixes.

3.6 Data Leak

During patch validation, we focused on the SWE-Agent + GPT-4 model, which is based on

GPT-4 (1106) with a training cut-off date of April 2023. In this process, we observed that

many issues arose after the model’s cut-off date. To investigate potential data leakage, we

developed a script to extract the creation dates of issues and pull requests for all SWE-bench

instances. We then categorized the instances into three groups: (1) both issues and pull

requests created before the cut-off date, (2) issues created before but pull requests after

the cut-off date, and (3) both issues and pull requests created after the cut-off date. The

distribution of these categories is shown in Figure 3.12.

As shown in Figure 3.12, approximately 94% of SWE-bench instances have both issues and

pull requests created before the model’s training cut-off date. This raises concerns about

potential data leakage, as the model may have been exposed to these solutions during training,

leading to inflated resolution rates.

To evaluate the performance of LLMs in generating code fixes without the risk of data leakage,

we curated a new dataset composed exclusively of issues created after the training cut-off

dates of a selected subset of models used in this study.
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Figure 3.12: SWE-Bench data distribution relative to GPT-4 cut-off date

Figure 3.13: Collection and evaluation methodology for data created post training cut-off
dates.

As shown in Figure 3.13, we followed a systematic process to collect new data and evaluate

model performance while minimizing the risk of data leakage. To do this, we selected a cut-off

date that falls after the training cut-off dates of several key models of interest. Specifically,

we focused on SWE-Agent with GPT-4 (1106), the primary model used in our study;

AutoCodeRover (v20240620) with GPT-4o (2024-05-13), the top-performing open-source

model on the SWE-bench leaderboard at the time; and two retrieval-augmented generation

baselines, SWE-RAG with GPT-4 (1106) and SWE-RAG with GPT-3.5 (turbo-16k-0613), to
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examine how retrieval methods perform on this new dataset. The respective training cut-off

dates for these models were September 2021 for GPT-3.5, April 2023 for GPT-4, and October

2023 for GPT-4o. Consequently, we set our data collection start date to after October 2023

to ensure that all extracted issues were created beyond these cut-off dates.

3.6.1 Data Collection

First, we selected the same 12 projects from SWE-bench, excluding Django, as its issues are

now tracked outside of GitHub.

As shown in Figure 3.13, we began by using the official SWE-bench collection pipeline provided

by the authors. This pipeline utilizes the GitHub API to retrieve closed issues labeled as

bugs along with their corresponding pull requests that resolve the issue. For each instance,

the script collects key metadata, including issue and pull request numbers, titles, descriptions,

comments, and creation and merge dates.

To prevent potential data leakage, we applied a strict cut-off, collecting only issues created

after October 2023, as described in the previous section.

After collecting, we applied the same filtering process used in the original SWE-bench study.

This involved attribute filtering to retain only issues that resolve a problem, contribute tests,

and consist of at least 90% Python code, followed by execution filtering to keep only instances

that install successfully and whose pull requests pass all tests.
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Figure 3.14: Distribution of collected instances compared to SWE-bench.

3.6.2 Apply SoluLeakDetector

After collecting the new dataset post-cut-off dates, we apply SoluLeakDetector as the last step

to optimize data quality and remove solution leakage. As described in Section 3.3, this ensures

that instances containing direct solutions or hints within issue descriptions or comments are

filtered out, leaving a clean and leakage-free dataset. Following this pipeline, we curated a

dataset of 548 instances from the selected projects, consisting of real-world issues created

after the models’ training cut-off dates that passed all filtering criteria, ensuring a robust

and leakage-free evaluation.

The distribution of instances across the selected projects is shown in Figure 3.14. The figure

shows the ratio of the new instances collected per project relative to the number of instances

in the original SWE-bench dataset for each project.
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3.6.3 Running the Models on New Data

After collecting data and identifying the correct repository versions, the next step was to

run the selected models to generate patches that address the issues. As mentioned in the

previous section, the models selected for this task were SWE-RAG with GPT-3.5 (turbo-16k-

0613), SWE-RAG with GPT-4 (1106), SWE-Agent with GPT-4 (1106), and AutoCodeRover

(v20240620) paired with GPT-4o (2024-05-13).

To run the models, we followed the guidelines provided by the SWE-bench repository, which

includes versioning and performing inference on the instances.

As outlined in SWE-bench, each task must be linked to the correct version of the project

repository at the time of issuance, ensuring that the appropriate installation instructions

are followed. This versioning process is essential for enabling an accurate execution-based

evaluation. To obtain these versions, we used the script provided by the SWE-bench open-

source code, specifically get_versions.py, which ensures that the existing issue is selected

for each instance.

To execute the patch generation process, we used two primary scripts: the run_live.py

script for the RAG models on the SWE-Bench+ issue URLs, and the run.py script from the

SWE-bench open-source project for SWE-Agent + GPT-4. Both scripts were run with the

same configurations as used in the original SWE-bench setup. These scripts were responsible

for generating the model-generated patches (model_patches) intended to resolve the issues

collected from the dataset.
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3.6.4 Evaluating Model Performance on Post-Cutoff Issues

Our evaluation followed a four-step process, described in Figure 3.1, to ensure that the

resolution rates of the models on the new dataset accurately reflect their correctness.

Step 1: We stored all model-generated diff files as patches in separate json files and utilized

scripts from SWE-bench to evaluate them.

Step 2: We manually reviewed the resolved instances and filtered out cases where all tests

in PASS_TO_PASS and FAIL_TO_PASS were not passed.

Step 3: We analyzed the resolution rates of the models. Since the new dataset contains

issues that were unseen by the models earlier. This provided a more accurate assessment of

their real-world performance.

Step 4: We performed a patch validation study similar to Section 3.1, comparing model-

generated patches to developer-written patches.

On average, around 67.72% of the resolved instances did not truly resolve the issue, despite

passing all the tests. The most prominent pattern observed was the models’ inability to

accurately locate the buggy files or lines. This raises concerns about the ability of models to

identify the source of errors without prior knowledge. In other cases, the models generated

incomplete or incorrect fixes that did not resolve the issue. Findings suggest that the data

leakage issue has been addressed, whereas weak test cases remain a significant issue.

As a result of the patch validation analysis, the final resolution rates are described in Table

3.3
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Table 3.3: Resolution Rates of LLMs on Post-Cutoff Dataset

Model Resolution Rate (%)

SWE-RAG + GPT-4 0.73
SWE-RAG + GPT-3.5 0.55
SWE-Agent + GPT-4 1.99
AutoCodeRover + GPT-4o 3.83

As compared to the reported resolution rates on the SWE-bench leaderboard, we observed a

significant decline. The reported rates were 1.31% for SWE-RAG + GPT-4, 0.17% for SWE-

RAG + GPT-3.5, and 18.83% for AutoCodeRover + GPT-4o. This decline in performance

suggests that exposure to prior knowledge during LLM training influenced code generation,

which led to artificially higher resolution rates. By eliminating this factor, the models’ true

problem-solving capabilities are more accurately reflected.

3.6.5 Impact of Data Leak on Resolution Rates

Findings suggest that data leakage can significantly impact the evaluation of LLM performance

in code generation. As discussed earlier, approximately 94% of the SWE-bench instances

include issues and corresponding pull requests created before the GPT-4 (1106) training

cut-off date. This raises the possibility that models were exposed to these examples during

pretraining, which could artificially inflate resolution rates and give a misleading impression

of real-world performance.

To assess this impact, we evaluated selected models using our newly curated dataset composed

exclusively of issues created after the training cut-off dates of all models under study. The

results demonstrated a consistent and substantial decline in performance across the majority
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of the models. For example, AutoCodeRover + GPT-4o dropped from 18.83% on the original

benchmark to 3.83% on the new dataset. Similarly, SWE-Agent + GPT-4 declined from

4.78% to 1.99%, and SWE-RAG + GPT-4 decreased from 1.13% to 0.73%. The only model

that showed a marginal increase was SWE-RAG + GPT-3.5, rising from 0.17% to 0.55%;

however, the change is minor and remains under 1%.

These results strongly suggest that previously reported resolution rates were at least partially

influenced by the prior exposure to solutions during training. When evaluated on truly unseen

data, the models’ ability to reason about novel issues drops noticeably. This underscores

the importance of eliminating data leakage to obtain a more accurate measure of a model’s

generalization capabilities and practical utility in code generation.

Beyond the overall decline in resolution rates, patch validation on the new post-cut-off dataset

revealed that 67.73% of the model-generated fixes failed to solve the issues genuinely. In

many instances, the models could not identify the root cause correctly, locate the buggy

files or lines, or generate complete and relevant patches. It reinforces the notion that LLMs

significantly struggle when deprived of prior exposure to the issue during training. In other

words, when encountering unseen bugs, the models demonstrate limited problem-solving

ability.

This challenge becomes increasingly important as LLMs are continuously retrained with access

to more recent data. Without careful dataset curation, future benchmarks may inadvertently

evaluate models on examples already seen during training, thus undermining the validity

of reported performance. Ensuring benchmark instances are free from such leaks enables a
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Table 3.4: Average cost of different models on SWE-bench

Model Avg cost Cost per issue Avg time
per instance fixing per instance

RAG+GPT-4 $0.24 $10.00 30 sec
RAG+GPT-3.5 $0.05 $32.50 30 sec
SWE-Agent+GPT-4 $3.59 $655.00 4 min
AutoCodeRover+GPT-4o $0.46 $12.61 4.5 min

more faithful assessment of a model’s capabilities and drives more meaningful progress in

LLM-based software engineering research.

Findings suggest that there is a need for continuous dataset maintenance and stricter filtering

criteria when selecting benchmark instances. Filtering strategies must adapt dynamically

as the models evolve, this will mitigate leakage risks. Without such safeguards, bench-

marks like SWE-bench may reflect memorization rather than true generalization, ultimately

misrepresenting a model’s real-world problem-solving potential.

3.6.6 Effectiveness-aware Evaluation

While models demonstrated varying degrees of resolution capability, we observed that these

differences were also accompanied by significant variations in computational cost. Some

models achieved higher accuracy and resolution rates, but they did so at the expense of greater

computational resources, longer inference times, and higher monetary cost. Specifically, SWE-

Agent + GPT-4 and AutoCodeRover + GPT-4 had the longest code generation times, with

SWE-Agent + GPT-4 averaging approximately 4 minutes per instance, resulting in a total of

around 37 hours to generate patches for all SWE-Bench+ issues.
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This extensive runtime makes SWE-Agent + GPT-4 not feasible for real-world issue resolution,

where many issues are reported and require faster resolution. Developer-written fixes could

be faster, defeating the purpose of automation. Additionally, this compute-heavy inference

significantly limits its feasibility for large-scale or continuous deployment.

Similarly, AutoCodeRover + GPT-4 required an average of 4.5 minutes per instance, totaling

41 hours to generate patches for all SWE-Bench+ issues. Although it was one of the top

performers in issue resolution, its high computational cost and long processing time present

challenges for real-world adoption.

This disparity highlights the trade-offs between performance and cost-effectiveness, particularly

for models like SWE-Agent + GPT-4, where balancing time, cost, and resource allocation is

critical for practical applications.

To analyze cost efficiency, we considered two metrics: the average cost per instance and the

effectiveness-aware cost per instance (calculated by dividing the total cost by the number of

successfully resolved issues). The detailed cost breakdown of each model using these metrics

is presented in Table 3.4.

Among all models, SWE-Agent + GPT-4 was the most expensive, with an average cost of

$0.24 per instance and an effectiveness-aware cost of $655.00 per resolved issue, as shown in

Table 3.4. Although it outperforms other methods in resolution rate, it is very costly and

would not be feasible to adopt in real-world scenarios, especially for organizations operating

under budget constraints. In other words, developer-written fixes may cost less and take less

time to produce.
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Despite its high cost, SWE-Agent + GPT-4 performance is comparable to RAG + GPT-4,

which was significantly more cost-efficient, with an average cost of $0.24 per instance and an

effectiveness-aware cost of $10.00. On the other hand, AutoCodeRover + GPT-4 delivered

the highest resolution rate of 3.83% among all models. While its average cost was relatively

high ($0.46 per instance), its effectiveness-aware cost was relatively low at $12.61 per resolved

issue, making it more cost-effective than SWE-Agent + GPT-4.

Meanwhile, RAG + GPT-3.5 had the lowest average cost at $0.05 per instance, but due to

its lower resolution rate, its effectiveness-aware cost was high at $32.50. Thus, despite its cost

advantage per instance, it remains an inefficient choice when considering effectiveness-aware

metrics.

Future research efforts should emphasize not only enhancing model accuracy but also balancing

performance with financial cost associated with their deployment. As new models continue

to be added to the SWE-bench Leaderboard, it is crucial to evaluate not only their resolution

performance but also their cost-effectiveness. The focus should shift beyond just resolution

rates to identifying models that maintain strong performance while minimizing costs, ensuring

practical deployment at scale.
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Chapter 4

Threats to Validity

The threats to the validity of this thesis can be summarized in two major points:

(1) Test Case Reliability and Benchmark Limitations The resolution rates of the

models are determined solely based on test case results. However, test cases often lack

comprehensive coverage, failing to capture edge cases and unintended side effects. As a result,

relying exclusively on test case outcomes can lead to misleading success rates that appear

correct but overlook critical scenarios.

While our work improves test cases and demonstrates their validity, test outcomes alone do

not fully assess deeper semantic correctness. Developers possess a broader understanding

of the problem, enabling them to produce patches that align with the intended solution. In

contrast, LLM-generated patches may pass test cases but still be incorrect due to unintended

regressions, dependencies, poor code quality, security risks, or lack of developer acceptance.
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This highlights the need for evaluation methods beyond test case results to ensure correctness

and reliability.

Since issues are classified as resolved merely based on passing test cases, human code reviews

remain essential to validate whether LLM-generated patches are truly correct and acceptable.

However, manual reviews are costly and time-consuming, underscoring the need for automated

methods to assess code quality, maintainability, and correctness in a more efficient manner.

(2) Limited Scope of Patch Validation and Potential Model Bias Our patch validation

study is based solely on the 251 instances successfully resolved by SWE-Agent + GPT-4.

While this model was the top-performing open-source model on the SWE-bench leaderboard

at the time of our study and provided valuable insights, our analysis remains inherently

limited. Due to the high cost, time, and resource demands of manual patch validation,

we focused exclusively on this model. However, to generalize the findings, patterns, and

conclusions across the broader SWE-bench dataset, it is important to expand this validation

to include multiple models

The identified benchmark-level issues such as solution leakage and weak test cases are expected

to affect all models, as they reflect limitations in the dataset itself. However, other patterns

we observed, such as incorrect or incomplete patches, or patches modifying different files or

functions compared to the gold patch, may be specific to SWE-Agent + GPT-4. Different

LLMs may be creating more correct patches or may introduce new problematic patterns

not captured in our analysis. Since different models follow different reasoning paths and
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strategies, analyzing their outputs through patch validation may uncover additional insights

or limitations in the benchmark

This limitation also affects the scope of our benchmark enhancement proposals. The techniques

we introduce, SoluLeakDetector and TestEnhancer, are designed to address the specific

problems uncovered through GPT-4’s outputs. While these methods target general benchmark

flaws, their implementations may need to be expanded or adapted to remain effective when

applied to outputs from other models. A more dynamic and flexible framework may be

required to continuously capture and address emerging patterns as new LLMs are evaluated

In summary, while our patch validation study provides valuable insights into both dataset

and model behaviors, it represents only a partial view. To fully generalize the findings

and evaluate the robustness of SWE-bench across diverse LLMs, a broader validation effort

involving multiple models is necessary
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we present the first empirical study on the robustness and reliability of the

evaluation framework in the SWE-bench dataset. Our analysis reveals significant limitations

in the original SWE-bench, particularly in how model-generated patches are evaluated against

ground-truth developer fixes.

To investigate these limitations, we conducted an in-depth patch validation analysis of

instances resolved by SWE-Agent + GPT-4. Specifically, we compared model-generated

patches with gold patches from pull requests to identify systematic patterns. Through this

analysis, we observed five distinct patterns in the generated patches, which we categorized

into two groups: correct fixes and inaccurate, irrelevant or incomplete fixes that are labeled

as “suspicious fixes.”
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The suspicious fixes revealed two critical issues with the dataset:

1. Solution Leakage – In several instances, the issue description provides explicit solutions

or strong hints that guide the model toward the correct fix. This solution leakage allows

models to “cheat,” inflating their performance on SWE-bench significantly.

2. Weak Test Cases – In some cases, model-generated solutions are incorrect, incomplete,

or irrelevant, yet they still pass the provided test cases. This suggests that the test

suites lack the robustness needed to distinguish between correct and incorrect patches,

leading to misleading evaluation results on the SWE-bench Leaderboard.

We also investigated the potential presence of data leakage and found that it significantly

impacts model performance, highlighting that even models evaluated on this dataset may

have been exposed to the solution during the training.

These issues compromise the reliability of SWE-bench as a benchmarking dataset and highlight

the need for a more robust evaluation framework.

To address these challenges, we introduce SWE-Bench+, a refined evaluation dataset that

filters out suspicious patches from SWE-bench. Specifically, we propose two key enhancements:

• SoluLeakDetector – A solution leak detection tool that leverages a three-shot prompt-

ing technique with GPT-4 to systematically identify and remove issues affected by

solution leakage.

• TestEnhancer– A test augmentation approach that strengthens test suites to mitigate

weak test cases. TestEnhancer prompts GPT-4 with additional context extracted
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from SWE-bench to generate PASS-TO-PASS and FAIL-TO-PASS tests, ensuring a

more rigorous assessment of model-generated patches.

Our evaluation demonstrates that SWE-Bench+ achieves 86% accuracy in detecting solution-

leak issues and reduces the number of suspicious patches caused by weak tests by 19%.

Moreover, SWE-Bench+ establishes a framework for the continuous, automated refinement

of SWE-bench, paving the way for more reliable and robust benchmarking in the future.

5.2 Future Work

This thesis can be further strengthened with the following future explorations.

1. Enhancing Solution Leak Detection:

While SoluLeakDetector has been effective in identifying solutions described within issue

reports, its accuracy is influenced by the quality and design of the detection prompts.

This reliance on GPT-4 ’s contextual understanding and natural language processing

introduces limitations, potentially resulting in false positives or false negatives if subtle

hints or indirect descriptions of solutions are overlooked. Additionally, the approach

may struggle with issues that reference external documentation, previous commits, or

related discussions, where solutions are implied rather than explicitly stated.

Moreover, applying this technique to large datasets can become computationally expen-

sive due to the high cost of GPT-4.
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For future work, a more automated approach could be explored, such as fine-tuning

dedicated models that are context-aware and capable of detecting subtle hints with

higher accuracy. This would enhance the generalization of solution leak detection while

maintaining a cost-efficient and scalable method.

2. Improving Test Case Robustness:

TestEnhancer aims to address the weaknesses of existing test cases by generating

complementary tests using GPT-4. However, its effectiveness is constrained by the

model’s ability to comprehend issue reports, code behavior, and expected outputs.

In cases where GPT-4 lacks sufficient domain knowledge or a deep understanding of

the issue, it may generate test cases that are incomplete or irrelevant. Additionally,

while prompts explicitly instruct the model to cover edge cases, there is no verification

mechanism to ensure comprehensive coverage, leaving potential gaps in test robustness

that could further reduce the accuracy of the original test cases.

Moreover, the technique does not fully capture the broader project dependencies and

interactions between different files, as the model is limited to the information explicitly

provided in the prompt. This restriction may lead to generated test cases that fail to

account for critical details necessary for complete and correct validation, ultimately

weakening their effectiveness in evaluating code correctness.

Another key limitation is the computational cost associated with test generation. Since

TestEnhancer relies on GPT-4, scaling it to large datasets can be costly, making it

impractical to scale.
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5.2 FUTURE WORK

For future directions, one could explore fine-tuning a model specifically for test case

generation, edge-case detection, debugging, and coverage enhancement. A dedicated

fine-tuned model could improve test coverage, generate more relevant test cases, and sig-

nificantly reduce the cost associated with API usage, making automated test generation

more efficient and scalable.

3. Incorporating Cost-Effectiveness into Evaluation Metrics:

Currently, the SWE-bench Leaderboard primarily reports model performance in terms

of accuracy, without accounting for the associated computational costs. This omission

is significant, as cost plays a crucial role in real-world applications where resource

efficiency is a key consideration. As observed in our analysis, models like SWE-Agent +

GPT-4 achieve high resolution rates but come with substantial computational expenses,

whereas smaller models like RAG + GPT-3.5 offer a more cost-efficient alternative at

the expense of lower accuracy.

Future research should integrate cost-aware evaluation metrics to provide a more

comprehensive assessment of model performance. By explicitly considering the trade-

offs between accuracy and computational cost, researchers and practitioners can make

more informed decisions about model deployment, ensuring a balanced approach that

reflects real-world feasibility.

4. Adapting Data Leak Filtering for Evolving Model Cut-off Dates:
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5.2 FUTURE WORK

As new models continue to be released with increasingly recent training data, the risk

of data leakage grows, particularly as training cut-off dates approach or overlap with

the timeframe of evaluation datasets. Future work should establish dynamic filtering

methodologies that automatically adjust based on the cut-off dates of new models.

This would ensure that future evaluations remain leakage-free, regardless of the pace

of model updates, and maintain the validity of benchmarks as models become more

frequently retrained on up-to-date codebases.
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