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Abstract

A considerable share of resources and developers’ efforts is focused on addressing software
bugs. Identifying the root causes of these bugs within the codebase is crucial for their
resolution. Automated tools for bug localization aim to assist in this process. However,
their effectiveness is often limited, leading to low adoption rates. This low adoption rate
indicates the disparity between research goals and developers’ expectations, emphasizing
the need for improvements in bug localization tools.

This thesis explores and addresses the challenges faced by developers and tool-builders
in implementing practical bug localization tools. Our research focuses on understanding
developers’ expectations and enhancing the tools’ overall effectiveness.

Initially, we conduct a mixed-method empirical study to understand developers’ expec-
tations. The study reveals that while developers are willing to use bug localization tools,
they have concerns related to accuracy and potential leakage of intellectual property. We
found that only 27.5% of developers are familiar with these tools. The study indicates that
developers need more reliable performance, better integration, flexibility, transparency, and
contextual understanding to increase adoption and effectiveness.

We also examine performance issues in bug localization tools, particularly with their
base—the embedding model. We found that key factors such as pre-training strategies,
data familiarity, and input sequence length in embedding techniques significantly affect
performance. Our findings show that using project-specific data and pre-training methods
like ELECTRA can improve model performance by 25.9%.

Additionally, we explore the use of reinforcement learning (RL) in bug localization and
propose an RL agent called RLocator. RLocator learns from developer feedback, making it
suitable for low-data environments. We also propose BLAZE, an efficient bug localization
technique for cross-project and cross-language settings. By using dynamic chunking, a
technique that dynamically adjusts the size of the input data to the model, and hard
example learning, BLAZE achieves up to a 144% improvement in Mean Average Precision
(MAP) compared to previous tools.

In conclusion, our findings highlight the shortcomings in the adaptability and efficiency
of current tools. We advocate for highly adaptable cross-language, cross-project bug lo-
calizers to enhance adoption rates among developers. By leveraging our observations,
curated datasets, and proposed methods, tool builders can create more user-friendly bug
localization tools for software developers, inspiring a new wave of innovation in this field.
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Chapter 1

Introduction

The modern world is increasingly dependent on software for driving automation and en-
hancing reusability across various sectors. In 2023, the U.S. software market was valued
at approximately $607 billion1, underscoring the pivotal role that software plays in both
enterprise and consumer applications. However, this growing reliance introduces signi�-
cant challenges, particularly in ensuring the quality and reliability of software systems. A
report from 2020 estimated that software bugs alone cost the U.S. economy approximately
$194.7 billion [160]. These costs extend far beyond just �xing individual bugs, encompass-
ing failed projects, the upkeep of outdated systems, and operational disruptions. Ensuring
high software quality is thus not only a technical challenge but a critical economic imper-
ative.

Software bugs are deviations from intended behavior, leading to unwanted outcomes [159].
Fixing these bugs requires substantial developer e�ort, particularly in �nding the speci�c
source code �le that needs correction. Prior research shows that debugging can take up
to one-third of a developer's time [168, 306]. Often, the volume of bug reports surpasses
the available resources for addressing them, causing delays in resolution. These delays can
negatively impact customer satisfaction due to slower response times [77, 383]. The pro-
cess of locating the source of a bug is especially challenging and error-prone in large-scale
systems, which may consist of millions of lines of code [304, 209]. Any delay in identifying
the root cause of a bug can slow down the development process, escalate the cost of �xes,
and even result in extended periods of system downtime [212].

Modern approaches, such as automated bug localization (BL) tools and machine learn-
ing (ML) models, have been developed to help developers pinpoint the exact code �les

1https://www.precedenceresearch.com/software-market
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that require �xing based on bug reports [323]. These tools aim to reduce the manual
e�ort involved in the bug localization process, o�ering developers valuable time-saving as-
sistance [84]. They use a range of techniques, including the analysis of code changes [54],
test results [336], bug reports [359], and execution logs [45], to suggest the most prob-
able locations of bugs. However, despite these advancements, accurately localizing bugs
remains a complex and persistent challenge [173]. The high computational demands and
complexity of these tools, along with their often limited ability to generalize across di�erent
systems [187], can constrain their e�ectiveness and make widespread adoption di�cult in
practice.

1.1 Problem Statement

While automated BL tools have the potential to enhance developer productivity, their
practical application is hindered by several challenges. Overlooking these challenges can
limit the tools' e�ectiveness:

Thesis Statement
Practical challenges in bug localization tools, such as low accuracy, hinder their
widespread adoption by developers. Addressing these challenges through targeted
solutions can not only improve the precision and accuracy of these tools but also
enhance their appeal and usability, driving greater adoption.

This thesis addresses the gap between the current capabilities of BL tools and the
expectations of developers. We aim to empirically identify these expectations and incorpo-
rate them into the tools, enhancing their accuracy and relevance in real-world development
environments.

1.2 Thesis Overview

We now provide the scope of this thesis. Figure 1.1 highlights the overview of this thesis.
First, we start by providing the necessary background information:

Chapter 2: Background and De�nitions

In this section, we provide the reader with background information regard-
ing the components of bug reports and an overview of the BL technique.
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Figure 1.1: An overview of the scope of this thesis.

Chapter 3: Related Works

In order to situate this thesis with respect to prior research, we present a
survey of research on software BL tools.

Next, we shift our focus to the main body of the thesis, concentrating on understand-
ing developers' expectations from BL tools and tackling the associated challenges (blue
boxes). For each objective, we aim to identify key outcomes (violet boxes). Our studies
are organized into the chapters outlined below.

1.2.1 Understanding Developers' Expectation from Bug Local-
ization Tools

Automating the process of identifying errors and tracing them to their root cause has the
potential to signi�cantly enhance developer productivity [84]. Despite the development of
various automated BL tools in previous research [181, 347, 188, 374, 390], their integra-
tion into the software development lifecycle remains limited [253]. This limited adoption
indicates a potential disconnection between research e�orts and developers' actual expec-
tations.

This thesis identi�es practical challenges faced by developers in adopting BL tools
through a combination of user surveys and qualitative interviews. These insights will
ensure that the proposed BL tools address practical challenges faced by developers.

Chapter 4: Understanding Developers' Expectations

The discrepancy between research objectives in bug localization and de-
velopers' expectations undermines the productivity bene�ts these tools are
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designed to provide. To investigate this gap, we conducted a mixed-methods
study comprising qualitative interviews with six senior software practition-
ers and a quantitative survey of 95 developers. Our study provides valuable
insights into developers' views on BL tools, including practical challenges,
performance expectations, use cases, and perceived bene�ts or limitations.
A signi�cant concern raised by developers is the low accuracy of current
tools, which hampers their widespread adoption. In particular, they worry
that these tools struggle in cases where historical data is insu�cient or
contains noise, further diminishing their reliability. Additionally, concerns
about potential intellectual property (IP) leakage during the training pro-
cess also contribute to practitioners' reluctance to adopt such tools.

1.2.2 Exploring Design Choices for Building Bug Localization
Tools

Deep learning (DL)-based techniques [124, 123, 317, 135, 388, 344] have recently surpassed
traditional methods in BL by using semantic similarity. However, the semantic and lexical
gap between NL and PL remains a persistent challenge.

Previous approaches, such as Word2Vec [215] and FastText [33], have made progress
in narrowing the gap by mapping bug reports and source code into a shared vector space.
However, these methods fall short by not fully capturing the contextual nuances of the
text, which limits their overall e�ectiveness. The advent of more sophisticated models
like BERT [66], which incorporate both semantic and contextual information, o�ers a
promising new direction. Yet, these models introduce complex design considerations|such
as model architecture, pre-training strategies, and data sources|that signi�cantly in
uence
the quality of the resulting embeddings. To develop e�ective BL tools that address the
practical challenges identi�ed in Chapter 4, it is crucial to understand how di�erent design
choices in
uence model performance.

Chapter 5: Exploring Design Choices

To investigate the impact of design choices, our research focused on three
critical factors: the use of domain-speci�c data, pre-training methodology,
and sequence length, and their in
uence on the performance and general-
ization of embedding models in BL tasks. The study involved training and
evaluating 28 transformer-based models across two datasets using three dif-
ferent training methods. This chapter presents an analysis of how these
design choices a�ected the performance of the models in BL tasks.
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1.2.3 Addressing Challenges in the Use of Bug Localization Tools

Traditional BL tools [317, 135, 388, 344] predominantly rely on supervised learning ap-
proaches [189], which depend on labeled data for accurate bug identi�cation and localiza-
tion. However, these tools often face issues with limited generalizability [327], requiring
retraining for each new project before they can be applied e�ectively. This retraining poses
signi�cant challenges in practice: new projects frequently lack su�cient labeled data for
proper model training [56], and training separate models for each project can become eco-
nomically taxing and lead to long-term maintenance problems, as continual retraining and
updates are required [142]. In Chapter 4, we have identi�ed developers' concerns about
the low accuracy of these tools, particularly in cases of limited or noisy historical data,
restricting their real-world applicability. Additionally, concerns about IP leakage during
training present further obstacles to adoption.

To address these challenges, we propose two BL tools: RLocator and BLAZE. These
tools are designed to enhance generalizability and reduce the dependency on extensive
retraining for new projects, o�ering a more scalable and maintainable solution for BL in
diverse and dynamic software environments.

Chapter 6: Reinforcement Learning-Based Bug Localizer

The scarcity of labeled data presents a challenge for applying BL tools in
new projects. Reinforcement Learning (RL) can e�ectively address this is-
sue. By allowing an RL agent to learn directly from user feedback, the
reliance on labeled data is eliminated [302]. In this chapter, we address the
BL problem by formulating it as a Markov Decision Process and utilizing
RL techniques for bug localization. Our evaluation demonstrates that this
approach not only addresses the lack of labeled data but also directly re-
sponds to one of the key concerns developers have regarding the adoption
of bug localization tools: accuracy. The proposed method improves perfor-
mance by a signi�cant margin of up to 38.3% in terms of Mean Average
Precision (MAP), o�ering a dual solution that tackles both data scarcity
and accuracy challenges commonly encountered in BL tools.

Chapter 7: Enhancing Generalizability Through Hard Example Learning

The limited generalizability of BL tools poses a signi�cant maintainability
challenge and increases overhead costs, ultimately diminishing the produc-
tivity gains these tools are designed to o�er. In this chapter, we investigate
the use of hard example learning to improve generalizability. Furthermore,
we propose methods to overcome challenges related to modeling lengthy
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source code �les. Our approach enables bug localization in new projects
without the need for additional training, e�ectively alleviating developers'
concerns about potential IP leakage, as highlighted in Chapter 4. Further-
more, our evaluation on 31k bugs demonstrates that the proposed solution
outperforms six state-of-the-art BL tools by up to 144% in terms of MAP.

1.3 Thesis Contribution

This thesis demonstrates that:

1. Although developers are open to adopting BL tools, signi�cant challenges remain due
to concerns about accuracy, performance, and the risk of intellectual property (IP)
leakage. BLAZE addresses this by eliminating the need for training on proprietary
code, thus ensuring no risk of IP leakage (Chapter 4, and 7).

2. BL tools are particularly bene�cial for junior developers, serving as an e�ective aid
in training and skill development, especially for those with limited experience (Chap-
ter 4).

3. Training embedding models with project-speci�c data greatly improves the perfor-
mance of BL models, with models trained on relevant datasets showing up to a 76%
improvement compared to those trained on generic datasets (Chapter 5).

4. Longer sequence transformers, like LongCodeBERT, have demonstrated improved
performance in BL tasks. However, the performance gains vary across di�erent
projects, suggesting the need for careful resource allocation (Chapter 5).

5. Modeling the BL problem as a reinforcement learning (RL) problem can e�ectively
reduce the tools' dependency on labeled data, o�ering a more 
exible approach to
training (Chapter 6).

6. Directly optimizing performance metrics through RL can enhance the e�ectiveness of
BL tools, achieving up to a 38% improvement in key performance indicators (Chap-
ter 6).

7. We contribute the largest cross-language and cross-project BL dataset to date, en-
compassing over 26,000 bugs from 29 projects across �ve programming languages,
providing a valuable resource for future research (Chapter 7).
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8. We propose a hard example learning technique tailored for the software engineering
domain, speci�cally for bug localization. Our technique demonstrates a signi�cant
performance boost, achieving up to a 120% increase in Top-1 accuracy, underscoring
its e�ectiveness in challenging scenarios. (Chapter 7).

9. Dynamic chunking is introduced as a new method to overcome the context window
limitations of Large Language Models (LLM). It signi�cantly enhances the ability to
process long source code �les while minimizing continuity loss (Chapter 7).

1.4 Thesis Organization

The structure of this thesis is as follows: Chapter 2 begins by establishing the foundational
de�nitions and key terms necessary for understanding the subsequent work. Chapter 3
reviews related research, situating this thesis within the broader academic context. In
Chapter 4, we delve into developers' expectations of bug localization tools, marking the
start of the main body of the thesis. Chapter 5 addresses another practical challenge by
examining the impact of design choices on training embedding models for bug localization.
Chapter 6 explores the application of reinforcement learning to bug localization tasks.
In Chapter 7, we assess the bene�ts of learning from hard examples in enhancing the
generalizability of bug localization tools. Finally, Chapter 8 concludes the thesis and
suggests directions for future research.
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Chapter 2

Background and De�nitions

This chapter will discuss the various types of BL tools, outline the generalized methodolo-
gies employed by these tools, and provide essential information necessary for a comprehen-
sive understanding of BL mechanisms.

2.1 Bug Localization Terms

To lay the foundation for the rest of this thesis, we de�ne key terms related to BL process
in this section.

2.1.1 Bug report

A bug report is a documented record submitted by users, testers, or developers that de-
scribes an issue or defect in a software application. It typically includes details such as a
summary of the problem, steps to reproduce the issue, the expected versus actual behavior,
and any relevant system information or logs [391]. The goal of a bug report is to provide
enough information for developers to identify, diagnose, and �x the underlying problem
in the software. Figure 2.1 represents a sample bug report1 from the AspectJ project. It
mainly includes a bug ID, title, textual description of the bug, and version of the codebase
where the bug exists.

1https://bugs.eclipse.org/bugs/show_bug.cgi?id=134471
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