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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 billion!, underscoring the pivotal role that software plays in both
enterprise and consumer applications. However, this growing reliance introduces signifi-
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 fixing 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 effort, particularly in finding the specific
source code file that needs correction. Prior research shows that debugging can take up
to one-third of a developer’s time [16, |. 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, ]. 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 fixes,
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 files

Ihttps://www.precedenceresearch.com/software-market
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that require fixing based on bug reports [323]. These tools aim to reduce the manual
effort involved in the bug localization process, offering developers valuable time-saving as-
sistance [¢1]. They use a range of techniques, including the analysis of code changes [51],
test results [330], bug reports [359], and execution logs [15], 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 different
systems [187], can constrain their effectiveness and make widespread adoption difficult 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’ effectiveness:

Thesis Statement N

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.

W

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 Definitions

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 significantly enhance developer productivity [31]. 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 efforts and developers’ actual expec-
tations.

This thesis identifies 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’ FExpectations

The discrepancy between research objectives in bug localization and de-
velopers’ expectations undermines the productivity benefits these tools are



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 benefits or limitations.
A significant 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 insufficient 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, , , , , 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 effectiveness. The advent of more sophisticated models
like BERT [06], which incorporate both semantic and contextual information, offers a
promising new direction. Yet, these models introduce complex design considerations—such
as model architecture, pre-training strategies, and data sources—that significantly influence
the quality of the resulting embeddings. To develop effective BL tools that address the
practical challenges identified in Chapter 4, it is crucial to understand how different design
choices influence 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-specific data, pre-training methodology,
and sequence length, and their influence 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 affected the performance of the models in BL tasks.



1.2.3 Addressing Challenges in the Use of Bug Localization Tools

Traditional BL tools [317, , , ] predominantly rely on supervised learning ap-
proaches [189], which depend on labeled data for accurate bug identification and localiza-
tion. However, these tools often face issues with limited generalizability [327], requiring
retraining for each new project before they can be applied effectively. This retraining poses
significant challenges in practice: new projects frequently lack sufficient 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 identified 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, offering 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 effectively 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 significant margin of up to 38.3% in terms of Mean Average
Precision (MAP), offering 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 significant maintainability
challenge and increases overhead costs, ultimately diminishing the produc-
tivity gains these tools are designed to offer. 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



source code files. Our approach enables bug localization in new projects
without the need for additional training, effectively 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, significant 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 beneficial for junior developers, serving as an effective aid
in training and skill development, especially for those with limited experience (Chap-
ter 4).

3. Training embedding models with project-specific 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 different
projects, suggesting the need for careful resource allocation (Chapter 5).

5. Modeling the BL problem as a reinforcement learning (RL) problem can effectively
reduce the tools’ dependency on labeled data, offering a more flexible approach to
training (Chapter 6).

6. Directly optimizing performance metrics through RL can enhance the effectiveness 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 five programming languages,
providing a valuable resource for future research (Chapter 7).



8. We propose a hard example learning technique tailored for the software engineering
domain, specifically for bug localization. Our technique demonstrates a significant
performance boost, achieving up to a 120% increase in Top-1 accuracy, underscoring
its effectiveness 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 significantly enhances the ability to
process long source code files 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
definitions 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 benefits 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.



Chapter 2

Background and Definitions

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 BLL mechanisms.

2.1 Bug Localization Terms

To lay the foundation for the rest of this thesis, we define 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 fix the underlying problem
in the software. Figure 2.1 represents a sample bug report! 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.

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


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

[ﬂg 134471 Hadding whitespace to an aspect loses crosscutting

Status: RESOLVED FIXED Reported: 2006-04-03 05:32 EDT by Helen Beeken
Bug ID

Alias: None Modified: 2012-04-03 14:13 EDT (History)
CC List: 0 users

Product: Aspect]
Component: Compiler (show other

bugs) See Also: Version
Version: pEVELOPMENT (4] of the
Hardware: PC Windows XP codebase

Importance: P1 critical (vote)

Target
Milestone:

Assignee: Andrew Clement
QA Contact:
Helen Beeken 2006-04-03 05:32:01 EDT Description

1.52 &4

Given the following aspect:

package pkg;
Example
public aspect A { code snippet
pointcut p() : call(* pkg.*.*(..));
before() : p() {
} Textual
} description

Adding a whitespace (or anything else in the aspect) and saving results in an
incremental build and all crosscutting information is lost. Everything is regainded
after a full build.

This is a regression from Aspect] 1.5.0 and could be related to bug—333532.

Figure 2.1: An example bug report.

2.1.2 Pull Request

After a solution for a bug is identified, a contributor referred to as the submitter, submits
a request to integrate the change into the target branch [378]. This request is known as a
Pull Request (PR) or Merge Request (MR) and requires approval from project maintainers,
who have the authority to merge the code, often called mergers [375].

2.1.3 Bug Localization

Software bugs are deviations from intended behavior, leading to unwanted outcomes [159].
While bug localization and fault localization are two close concepts, there are subtle differ-
ences [ 12]. Fault localization involves identifying specific parts of the software responsible
for failures by analyzing test results, code coverage, and execution data. In contrast, bug
localization maps bug reports to relevant code sections using information retrieval or ma-



chine learning techniques. Consequently, bug localization tools can be applied even when
testing information is not available.

2.1.4 Types of Bug Localization

In a broader sense, software bug localization can be divided into seven categories [390],

o Spectrum-based fault localization (SBFL) [352, 2, 104]: using test coverage
information.

o Mutation-based fault localization (MBFL) [221, 245]: using test results from
mutating the program.

o Dynamic program slicing [275, 5]: using dynamic program dependencies.

« Stack trace analysis [339, 340]: using crash reports.

o Predicate switching [377]: using test results from mutating the results of condi-

tional expressions.

o Information-retrieval-based bug localization (IR-based BL) [333]: using bug
report information.

» History-based fault localization [117, 263]: using the development history.

The first five techniques rely on test cases; however, it is possible for bugs to remain
undetected even after these test cases have passed. Additionally, the effectiveness of these
techniques diminishes when test coverage is low or the test cases are insufficiently rigorous.
Furthermore, Zou et al. [396] observed that these five techniques are time-intensive, as they
necessitate processing the entire test set. The time required for these approaches ranges
from 80 seconds to 4800 seconds, in contrast to information retrieval and history-based
techniques, which require approximately 10 seconds per data point.

2.1.5 Document Vectorizer
The IR-based bug localization tools use vector similarity to determine the similarity be-
tween a query and a document. In the first step, the document is tokenized after necessary

pre-processing, and after that, they are vectorized. The most common approaches for
vector conversion are TF-IDF, BM25, and their variants.
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Term frequency-inverse document frequency (TF-IDF)

Term frequency represents the relative frequency of a particular term ¢ in a document d.
It is calculated using the following formula,

ftd
Et/ed ft/,d

Inverse document frequency measures how common a particular term ¢ in a document set
D. 1t is calculated using the following formula,

tf(t,d) = (2.1)

| D|

idf(t’D):log\deD:ted]

(2.2)

Finally, the TF-IDF of a document d and term ¢ is calculated by multiplying the term
frequency and the inverse document frequency.

tfidf (t,d) = tf(t,d) x idf(t, D) (2.3)

To use the TF-IDF-based similarity, the IR system vectorizes each document by replacing
each token with its corresponding TF-IDF score. Finally, the IR tool calculates similarity
using cosine similarity between two vectors.

BM25

BM25 is a more robust approach that uses a slightly different formula with parameters K1
and b. IR systems use the BM25 scoring with a pipeline similar to TF-IDF.

|D|—|deD:ted|+0.5
|de D:ted|+05
tf(t,d) x (K1+ 1)

tf(t,d)+ K1 x (1—b+bx %)

idf'(t, D) = In +1 (2.4)

BM25(t, d) = idf'(t, D) %

2.2 Overview of Bug Localization Process

Figure 2.2 provides an overview of BL tool’s working process. Below, we describe each step
of this process:

11
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Figure 2.2: Overview of bug localization tools” working process.

1. Bug Reporting: When a user, either a client or developer, identifies a discrepancy
in the existing system, they file a bug report. This report documents the unexpected
behavior and may include relevant details such as stack traces, logs, and steps to
reproduce the issue. Platforms like GitHub, GitLab, and Bugzilla are commonly
used to manage and track these reports. In Figure 2.2, step 1 illustrates the bug
reporting stage.

2. Initiation of Bug Localization Tools: Upon submission of a bug report, a BLL
tool will be triggered. Utilizing the information provided in the report, the tool will
analyze the code repository to pinpoint the source code files likely responsible for the
bug. This process may involve leveraging ad-hoc data, such as historical bug records,
previous file modifications, and the user’s past reports. The tool will then generate
suggestions for the developer, with recommendations ranging from the file level to
specific methods or lines of code. In Figure 2.2, steps 2—4 illustrate the suggestion
generation stage.

3. Developer Resolution: Based on the suggestions provided by the BL tool, the
developer will proceed to create a fix for the bug. This fix may involve updates
to one or multiple files within the code repository. The fix will be submitted as
a PR, which the repository maintainers review for code quality and compatibility
with existing test cases. Once the PR is merged into the repository, the developer

12



will update the bug report status from ‘open’ to ‘closed. In Figure 2.2, steps 5-7
illustrate the bug report resolution stage.

2.3 Chapter Summary

In this chapter, we presented an overview of BL tools and their role in the bug resolution
process. Additionally, we defined key terms relevant to this thesis. With this foundational
understanding of the essential concepts and terminology, we proceed to the next chapter,
where we discuss related studies to highlight the gap that this thesis aims to address.

13



Chapter 3

Related Work

In this chapter, we review the relevant research on bug localization systems. We categorize
the work into three major groups: data and embeddings, learning and models, experiments,
and applications.

3.1 Data and Embedding

3.1.1 Dataset

Available Dataset

In the development of ML/DL-based model, the dataset performs a crucial role. Models
trained on a good-quality dataset will learn to generalize better. Kim et al. [115] have
identified five unique datasets for IR based BL by investigating 50 different studies since
2012. These datasets are comprised of various programming languages. A short description
of the datasets is presented in Table 3.1. We can observe that Bench4bl [173] contains the
largest number of projects, and the dataset proposed by Ye et al. [363] contains the largest
number of bug reports. Moreover, most of the datasets cover only Java language.

Trustworthiness of the datasets

Kim et al. [115] have identified that most of the datasets used for IR-based BL are not
trustworthy. By untrustworthy, they mean the ground truths are not accurate. To measure

14



Table 3.1: Summary of the dataset.

Dataset # Source Files

# Projects 7 Bug Languages

Report Min Avg. Med Max
Zhou et al. [383] 4 3479 Java 391 4665 2986 12298
Dit et al. [74] 5 417 Java 531 2845 1069 10607
Sisman et al. [203] 2 5053 JAVA 10396 91433 21400 23540
C/C++
Moreno et al. [224] 13 599 Java 301 2366 2866 4457
Ye et al. [363] 6 22747 Java 382 5413 4692 10546
Bench4BL [173] 46 9459 Java 23 1510 654 14529

Table 3.2: Trustworthiness of the dataset.

Ambiguous Report

Dataset
Number Rate (%)
Zhou et al. [383] 201 5.8
Dit et al. [71] 18 43
Sisman et al. | 1031 20.4
Moreno et al. | 264 44.1
Ye et al. | 2260 9.9
Bench4BL [173] 4001 42.3

the quality of the ground truth, they sampled data from each of the datasets mentioned
in Table 3.1 and manually checked the ground truth from the corresponding repository.
Kim et al. have defined a new term, “ambiguous report.” According to their definition, an
ambiguous report is a bug report associated with both production and test source code.
They have argued that ambiguous bug report potentially has the wrong ground truth as
there is a low possibility that a bug is associated with both production and test source
code. The findings of Kim et al. have been presented in Table 3.2. Table 3.2 shows that
Bench4BIl contains the highest percentage of ambiguous reports, and the dataset proposed
by Ye et al. [363] contains the lowest rate of ambiguous reports. Kim et al. have also
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estimated the effect of ambiguous reports on the performance of an IR-based BL system.
They have found that the ambiguous bug report can falsely increase the performance of
the IR-based BL systems from 12.2% to 13.1%.

Data used in bug localization

All the research work we have found has used bug report-source code pairs for localiz-
ing bugs. However, some studies have used metadata (such as bug fixers’ information,
time) [165, 318] and history (including bug frequency and bug recency) [217, , , 348]
alongside bug reports to enhance the performance of localization models. While previous
studies claimed that incorporating history and metadata improves performance, there has
not been any controlled study to measure this impact. For example, history from bug
reports can be used to identify source code files that were updated to fix previous bugs
similar to the current one, thus prioritizing these files in the candidate set.

In addition to metadata, some studies have employed code structural information, such
as Abstract Syntax Tree (AST) and Control Flow information. The AST is a tree rep-
resentation of the syntactic structure of source code, while the control flow represents
the execution order of statements. ASTs are widely used to detect syntactic similarity
in code [15, 37]. For instance, CAST [188] employs a modified AST by removing li-
brary method invocations based on the intuition that user-defined methods are more likely

to contain bugs. This pruning simplifies the problem for deep learning models. They
then extracted Word2Vec embeddings for each AST node and used a Tree-based CNN

(TBCNN) [220] to represent the entire AST. Similarly, Kim et al.[118] included method
invocation and “import” statements as special edges, using TBCNN for representation.
Xiao et al. [318] trained Word2Vec embeddings for both bug reports and source codes,

vectorizing AST nodes and applying a CNN model to estimate similarity. Wang et al.[320]
used a Deep Belief Network to extract syntactic information from an AST, while CG-
CNN [122] used control flow graphs to extract structural information from code, applying
CNN and LSTM to estimate source code representation from the control flow graph. How-
ever, in this thesis, we focused on only bug reports and source code files and used them as
text.

3.1.2 Representation Learning
The first step of DL-based bug localization techniques is learning the representation of

text (source code, bug report). Bug reports are in natural language (NL), whereas source
codes are in the programming language (PL). Thus before applying any tools, we need
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to transfer them to the representation. The representation function is often referred as
an ‘Embedding’. Embeddings project both NL and PL in the same embedding space (a
multi-dimensional space). In the curated list of literature, we have observed three major
categories of embeddings.

Statistical Embeddings

TF-IDFs [217, 367, 317, 376, 344, 165, 318] and N-grams [96, 320] are examples of statistical
embeddings. In this approach, the studies tried to estimate the statistical property of
word(s) in a sentence and used that as the representation of that specific word. We can
say that the statistical value represents the word if the statistical property is calculated on
a large text dataset. One major drawback of this kind of representation is that they do not
consider context or inter-word relations. 39% of the literature used statistical embedding
in their bug localization (BL) model.

Vector Embedding

Word2Vec [53, , 124, 376, , 181,347, 249, 348], Doc2Vec [217, , 341], GloVe [195],
and FastText is example of vector-based embedding. Word2Vec and FastText generate
the representation of each word, whereas Doc2Vec generates the representation for each
document from a neural model. For similarity comparison, we need the representation
of the whole document (bug report, source code). Thus, studies used several approaches
like CNN, average, or weighted average of the word representation to get the document
representation if they were using Word2Vec or FastText. 57% of the literature used vector-
based embedding in their model.

Embeddings from autoencoder

Embeddings generated from BERT, GPT, or other Transformer [39] based systems are
often used as embeddings in BL models. We can observe that only a handful of the
studies have used embeddings generated from an autoencoder in their model. Yang et
al. [357] have used an autoencoder along with CNN to get the similarity score. However,
some of the studies have guessed that context-based embedding (embeddings from the
transformer) may contribute to increasing the performance. Kanade et al. [110] compared
the performance of the BERT-based language model with other embedding techniques (e.g.,
Word2Vec). They found that the performance of the BERT-based language model is higher
than the other embedding techniques. Feng et al. [33] proposed a multi-modal BERT-based
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language model [60] for both programming language and natural language. The proposed
language model supports multiple programming languages like Go, Java, Php, Javascript,
Python, and Ruby. For training the model, Feng et al. used a code-documentation pair
collected from Github. GraphCodeBERT is a follow-up work of CodeBERT by Guo et
al. [99]. In this model, they have incorporated data flow diagrams with text data (NL and
PL). Ahmad et al. [6] have proposed an encoder-decoder model for the PLUG (Program
and Language Understanding and Generation) task. Their model has an encoder to encode
information from NL and PL data and a decoder for generating text or code based on the
task. A BERT-based transformer model was used as the encoder, and the encoder was
trained on GitHub and Stack Overflow data. Lu et al. [201] proposed a large dataset
for ten tasks related to program understanding and generation. Moreover, they have
included baseline systems for these tasks. In their baseline system to understand the
programs, they have used CodeBERT [33] as the encoder and CodeGPT as the decoder.
Both the encoder and the decoder have been trained on the CodeSearchNet [126] dataset.
Previous studies proposed language models for programming language following different
architectures of transformers and training techniques. However, those studies do not answer
the impact of various transformer architectures and training techniques on the generated
embeddings or the performance of a bug localization system. Wang et al. [328] have used
the T5 architecture to develop the encoder-decoder model CodeT5. Their proposed model
uses token-type information to generate the code representation. There are two other
autoencoder models for source code. One is the GPT-based model Codex [17], and the
other one is the seq2seq-based model SPT-Code [239].

Thus, in this thesis, we conducted an empirical study to understand the impact of a
design choice on the performance of embedding models in BL task.

3.1.3 Embedding Granularity

Based on the granularity of embedding, Chen et al. [52] have classified the embeddings of
source codes into four levels

Embeddings of Token

. These types of embeddings [103, , 21, 51] are generally generated from a Word2Vec
model. First, the source code is tokenized, and then it is fed into a Word2Vec model to gen-
erate embeddings. The generated embeddings are used in various applications, including
bug localization/fault localization, automatic program repair, code clone detection, and
code search.
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Embeddings of Function/Method

Embeddings of function/method are mostly generated from code structure such as AST [15,

, 37] or control flow graph [65]. Alone et al. [15] have used AST and methods path to
generate the embedding of a method. Lu et al. [200] have proposed to generate embed-
ding from Function Call Graph (FCG). From Ricci’s curvature of the FCG, they identified
the underlying geometry of the FCG, which is a hyperbolic space. Later, they used the
Poincaré model to learn the embeddings. One problem with using the function/method
level embedding in bug localization is the lack of structural data in the input. In bug lo-
calization, we mainly use source code and bug reports as input. The source code contains
structural information, whereas the bug report does not contain such information. Em-
bedding of functions/methods mainly encodes the code’s structure in a multi-dimensional
space. Thus this kind of embedding may not be impactful in IR-based bug localization
using bug reports.

Embeddings of Sequence

Pradel et al. [250] have trained a Word2Vec-based model to generate the embedding of
source codes. In their training methodology, they created artificial buggy code and later
trained embeddings to increase the difference between buggy and non-buggy codes’ em-
beddings. Finally, those embeddings are used to detect name-based bugs in source codes.

Embeddings of Binary Code

Xu et al. [354] have converted binary functions into a control flow graph and later used
Struct2Vec to generate embeddings of binary code. Zuo et al. [397] have used a Siamese
network of LSTM to calculate the embedding of binary blocks. First, they have developed
binary instructions for different architectures (say, X86 and ARM). Later, they are fed into
the model. The study has optimized the model so that the representation of the code in
two platforms should have a minimum distance.

While prior studies have proposed embedding at different granularities, this thesis has
focussed on embedding at file and chunk levels. Our selection of chunks as granularity
allows us to change the granularity with higher flexibility.
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3.2 Learning and Models

3.2.1 Types of models

We can observe the use of two major model types in the BL task. In the first type of
model, the model is trained to estimate the similarity /probability that a source code file is
associated with a bug report. The other major type is the Learning to rank (LTR) model,
where the model predicts the rank of the candidate files. The two types of models are
described in detail below.

Similarity /probability Estimation Model

In our observation, most of the existing BL models [318, , , 93, , , | follow
this strategy. This approach first transforms the report and source code into a vector. Next,
they are fed into a deep neural network (CNN, LSTM, GRU, MLP) and associated data
(hierarchical information, history, or metadata). The output from the deep neural network
estimates the similarity between the bug report and source code or the probability that
the particular source code file is buggy. Finally, the source code files are ranked based on
similarity /probability. We have seen in earlier sections that word-vector-based embeddings
(e.g., Word2Vec, GloVe, FastText) are the most popular embedding technique in previous
studies. The BL tools need to find a way to generate the representation of the entire
document from the word embeddings. Studies have used CNNs for that purpose. Most
of the studies [300, , , , , , , , , , ] have used CNNs as
an intermediate layer for representation generation. However, some studies have extracted
hierarchical information from the source code using ASTs. They have used a specialized
CNN model to capture the hierarchical information for that purpose. Kim et al. [118]
used CNNATFIDF, Li et al. [181] used Graph-CNN, and Liang et al. [183] used Tree-based
CNN in their studies. Studies have used [53, : | deep neural network (multi-layer
perceptron) as the final layer or to combine different kinds of information such as metadata,
history, and hierarchical information with textual information. Li et al. [I81] and Xiao et
al. [344] have used recurrent units (e.g., LSTM, GRU) to generate the embedding of the
whole document in their study. Later, they are passed through an MLP to generate
the final prediction. Some studies have incorporated the encoding-decoding technique in
their tool to identify buggy files. Xiao et al. [311] have used LSTM-based encoder-decode
architecture. First, they used embeddings of the words in a bug report in LSTM to generate
the representation of the full bug report. Later, the bug report embedding has been used
as context (incorporated with subsequently generated context) and fed into an LSTM unit
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along with the word embeddings of a source code to generate the final predictions. In
another study, they [315] used a machine translation-based approach and LSTM in an
encoder-decoder architecture.

Learning To Rank Models

We have observed only “similarity estimation” models in our list of literature. However,
another popular model category, “Learning to Rank” (LTR), which is widely used in NLP,
is not present here. Liu et al. [196] have categorized LTR models into three categories.
Pointwise techniques transform the ranking problem into a regression problem, whereas
pairwise techniques approximate the problem by a classification problem: creating a clas-
sifier for classifying item pairs according to their ordinal position. Listwise techniques take
ranking lists as input and evaluate the ranking lists directly by the loss functions. However,
due to the large source code files and hardware size limitation, the listwise ranking may
not be viable for BL. For example, say we have 753 files in a repository, and following
the listwise method, we have to load 753 files in memory/GPU. In this method, the size
requirement of memory/GPU will be proportional to the number of files. In the similar-
ity estimation models, authors tried to estimate the similarity between a bug report and
source code files, and after that, they ranked them accordingly. Le et al. [22] have used
the listwise technique to rank buggy methods. However, they have used the clustering
technique to shortlist the candidate methods for their learning-to-rank model.

In this thesis, we proposed two BL tools, RLocator and BLAZE. RLocator is a RL based
agent, and BLAZE is an embedding-based model. However, regarding types, RLocator is
the LTR model, and BLAZE is the similarity estimation model.

3.3 Experiments and Applications

3.3.1 Experimental Setting

We have observed two experimental settings in previous studies. The two experimental
settings are in-project and cross-project training.

In-Project Settings

In-project settings refer to scenarios where a model’s training and testing data are sourced
from the same project. This approach aligns with the ML principle that both train-
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ing and testing data should come from the same distribution. Most of the tools we
reviewed [53, , , , , , , , , , , , , , 22] have
adopted in-project settings, meaning they trained a separate model for each project in
their dataset. A preliminary step in applying DNN techniques involves projecting text into
a multi-dimensional space using an embedding model. A handful of studies have employed
both project-specific embeddings and models. However, the methodology often makes
it unclear whether project-specific embeddings were used. Only Globug [217] explicitly
mentioned using a global embedding for their models.

Cross-project Settings

Most of the proposed BL tools require project-specific training before they can be used
effectively. These models need to be trained on a particular project to perform well.
However, a significant challenge arises when these tools are applied in cross-project settings,
where their performance can drop dramatically (approximately 50%). This issue makes
project-specific training impractical in many situations. Cross-project models, on the other
hand, are designed to be trained on one project but used across different projects without
a loss in performance. Four studies have attempted to tackle this problem. Miryeganeh
et al. [217] addressed it by using a global embedding—an embedding trained from source
code across all projects—in their dataset. Kim et al.[118] approached the problem by
representing source code as a graph. They extracted tokens, AST, control flow graph,
and call graph, then added extra edges and nodes to combine the AST with the control
flow and call graphs, ultimately creating an embedding of the combined graph. TRANP-
CNN [124] used features from both in-project and out-project source code to train a CNN
model. However, because they partially used data from other projects during training, it
can be considered a partial cross-project BL tool rather than a fully cross-project one. Li
et al. [181] used both global and local contexts to determine whether a particular method is
buggy. Their tool outperforms the state-of-the-art in method-level BL. The global context
includes a program dependency graph and data flow graph, while the local context consists
of the AST. They combined these local and global contexts using an attention mechanism
to predict whether a method is buggy.

In this thesis, we identify that developers believe the inability to perform cross-project
is one of the major shortcomings of BL tools. To overcome this, we propose a cross-project
cross-language bug localizer BLAZE.
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3.3.2 Evaluation Metrics

There are two major criteria for measuring the performance of BL tools. The first one
is retrieval performance which measures how good the tool is in retrieving a relevant
document. The second one is the latency /inference performance which measures how fast
the tool can identify buggy files. To be used by developers, both types of performance
are required. A tool with good retrieval performance will not work if it takes too long to
identify the buggy files. The following sections will discuss the use of evaluation metrics
in previous studies.

Retrieval Performance

Most studies have approached the BL problem as an information retrieval challenge, with
only a few treating it as a classification problem. Common metrics used to evaluate in-
formation retrieval-based solutions include Mean Reciprocal Rank (MRR), Mean Average
Precision (MAP), and Top-K [363]. MRR focuses on the best (smallest) retrieved rank,
calculating the inverse of that rank, while MAP takes into account the ranks of all related
files to assess performance. For instance, if multiple buggy files are related to a bug report,
MAP evaluates the overall ranking of these files, not just the top one. This approach
highlights the importance of considering the rank of all relevant files in BL evaluation. On
the other hand, classification-based studies have typically used precision, recall, and F1
scores for evaluation. On the other hand, Top-K calculates the ratio of the cases where a
buggy file has been ranked in a position less than or equal to k.

Inference Performance

In addition to retrieval performance, it is crucial to consider inference performance in
BL tools. Many tools rely on similarity or probability estimation approaches, which may
require evaluating a large number of files—such as the 753 files in the dataset provided by Ye
et al. [303]—to identify the relevant source code files. Therefore, the time performance of a
BL tool is as important as its retrieval accuracy. However, only a few studies have reported
the time required for prediction per bug report. The inference times vary significantly
across different tools, ranging from 0.53 to 294.3 seconds, depending on the complexity of
the tool. For instance, simpler tools like MD-CNN [317] tend to have shorter inference
times, while more complex tools like CAST [188], which use AST to capture the structural
properties of code, require longer time for inference. Interestingly, increased complexity
does not always correlate with better retrieval performance, but it often results in longer
inference times.
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In this thesis, our evaluation focuses solely on retrieval performance, excluding inference
performance, as the latter often relies on the underlying hardware and the complexity of
the dataset.

3.3.3 Bug Localization System in Industry

Among forty studies in our literature set, only one study has proposed a solution that is
used in commercial settings. Scaffle [255] offered a BL tool to localize bugs from the stack
trace. It has been used in the Facebook codebase. One major problem with localizing bugs
from stack-trace is the stack trace is long, and there is a lot of unnecessary information
in the stack trace. To solve the issue, Scaffle [255] uses a trace line model to identify the
stack traces’ essential lines. The trace line model has been developed using Word2Vec
embedding and GRU. After identifying the critical lines, Scaffle uses an IR tool to retrieve
the relevant source code files. Scaffle [255] uses a proprietary dataset for evaluation, and
in that dataset, they have achieved MRR up to 0.8. Bug2Commit [229] is another tool
that has been proposed by Facebook and used by Facebook to localize bugs. However,
the goal of Bug2Commit [229] is to localize buggy commits, not the buggy files. Thus,
it is out of the scope of this study. In the proposed tool, they used FastText embedding
and calculated the similarity between embedding a bug report and commit diff. They
have achieved the highest MRR of 0.41 in a proprietary dataset. In this thesis, we have
identified the adoption rate of BL tools is low. The observation is further supported by
this analysis of the use of BL tools in industry.

3.3.4 Complete tool

In our review of the literature, we did not find a comprehensive tool designed for develop-
ers. By “comprehensive tool,” we mean a BL tool that can be seamlessly integrated into
any software project via a version control system or custom hook without requiring ad-
ditional training or infrastructure. We also conducted searches on platforms like GitHub,
GitLab, and the Git marketplace using keywords such as “Bug Localization” and “Fault
Localization.” Among these, we found only one tool, IncBL!, which provides an IR-based
BL service. IncBL leverages VSM similarity to localize bugs [359]. Similar to the previous
section, this observation bolsters our findings regarding the low adoption rate of BL tools
in the industry.

https://github.com/apps/incbl
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3.3.5 Chapter Summary

This chapter reviewed studies on BL, embeddings, and the quality of BL datasets, all of
which are relevant to the core chapters of this thesis. It also positioned our work within
the broader research context. In the next chapter, we begin the main body of the thesis
by presenting a study on the expectations from BL tools and addressing the associated

challenges.
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Chapter 4

Bug Localization Tools in Practice:
Developer Perspectives and
Expectations

Note. The work is prepared to be submitted at an upcoming software engineering
conference.

4.1 Introduction

A bug localization tool aims to boost productivity by automating the process of identi-
fying bugs. While previous studies have proposed various tools for automated bug local-
ization [1381, , , , ], their integration into the software development lifecycle
has been limited [253]. This limited adoption suggests a possible disconnection between
research efforts and developers’ needs.

Several studies have investigated developers’ expectations for fault localization tools |

]. However, fault localization differs slightly from bug localization [112]. Fault localiza-
tion involves identifying specific parts of the software responsible for failures by analyzing
test results, code coverage, and execution data. In contrast, bug localization maps bug re-
ports to relevant code sections using information retrieval or machine learning techniques.
Consequently, bug localization tools can be applied even when testing information is not
available. Furthermore, these studies are somewhat outdated and may not accurately
represent the evolving expectations of developers.
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Like many other fields, software development has been significantly impacted by the
recent emergence of Artificial Intelligence (Al) and Large Language Models (LLMs) [139].
AT assistants, such as GitHub Copilot [61] and Visual Studio IntelliCode [299], have be-
come invaluable assets. These tools assist developers in various tasks, including code
generation [212], bug fixing [29], refactoring [59], and testing [307]. They support nearly
every aspect of the software development lifecycle. Therefore, developers’ perceptions and
expectations may have been influenced by the emergence of these new technologies.

Thus, in this study, we aim to understand developers’ perspectives on bug localization
tools and their evolving expectations. We conduct a mixed-methods study combining
qualitative and quantitative approaches. We begin with in-depth interviews with six senior
software practitioners to understand their views on these tools. After transcribing the
interviews, we use open coding and card sorting to identify key themes.

To validate these themes, we design and distribute a survey to a broader community
of software developers, collecting 95 responses. This combination of qualitative interviews
and quantitative surveys allows us to comprehensively understand developers’ expecta-
tions and perceived challenges, providing valuable insights for future improvements in bug
localization tools. Our study revolves around the following research questions:

RQ1. What are developers’ current approaches and perspectives on bug local-
ization tools? This research question aims to understand the methods developers
currently use to localize bugs and their views on the advantages and disadvantages
of using bug localization tools. Understanding the current approaches will serve as a
baseline, helping us to better recognize developers’ expectations of bug localization
tools.

RQ2. What are developers’ expectations from automated bug localization tools?
Understanding these expectations is vital for enhancing bug localization tools’ use-
fulness and user satisfaction. This research question aims to understand developers’
expectations and thereby identify the reasons for the lack of adoption of bug local-
ization tools in the software development lifecycle. Furthermore, it will highlight
areas where current tools are particularly effective and where they require enhance-
ments, offering guidance for future development.

RQ3. Who are the primary users of bug localization tools, and what are the
tools’ focus areas? Identifying the target users and use cases will help researchers
design more effective tools and identify existing drawbacks. This question explores
the roles (e.g., developers, QA engineers) and experience levels (e.g., senior, ju-
nior) of users, as well as the complexity of the bugs addressed. Understanding
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these aspects is crucial for tailoring tools to meet user needs and improve their
functionality.

RQ4. What features do developers value in automated bug localization tools?
Previous studies suggest that developers’ low adoption of any technology may be
due to a lack of expected features in the tools [218]. To address this gap and guide
future research, we aim to identify the specific features developers value in bug
localization tools. Understanding these preferences will help us design these tools
to better meet developers’ needs and improve their adoption rates.

Our study finds that while developers are willing to adopt bug localization tools, they
face significant challenges. Approximately 76% of respondents expressed willingness to use
automated bug localization tools. The primary concern is the performance of these tools
in accurately localizing bugs, with 51% of respondents uncertain about the correctness
of outputs. Developers also expressed concerns about potential intellectual property (IP)
leaks, with 30% of respondents highlighting this issue.

Compared to prior studies, our findings suggest that developers’ performance expec-
tations have evolved to be more relaxed, with the expected timeframe for results ranging
from one to fifty-nine minutes and a median of eight minutes. Despite believing that these
tools can improve productivity, developers remain skeptical about their performance and
the dependency they might create. Notably, only 27.5% of developers are currently familiar
with advanced Al tools for bug localization.

This paper makes the following contributions:

o We conducted in-depth interviews and surveys with 95 software developers, providing
a robust understanding of their real-world challenges and needs.

o Our study identified critical features like an explanation of suggestion and workflow
integration and highlighted adoption barriers, including accuracy, performance, and
IP concerns.

o We offer insights for researchers and suggest future research directions based on
practitioners’ expectations and perceived challenges with bug localization.

4.2 Methodology

As illustrated in Figure 4.1, this study employs both qualitative and quantitative method-
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Figure 4.1: Research methodology.

ologies to comprehensively understand developers’ perspectives and their expectations of
bug localization tools. The data collection process includes two primary sources: (1) in-
2) survey responses from 95
software practitioners. To ensure transparency and facilitate further research, the interview
transcripts, survey questionnaire, and the corresponding responses are publicly accessible!.

depth interviews with six senior software practitioners and (

4.2.1 Interview guide

Before these interviews, we create an interview guide covering broad topics and questions.
sing questions to ensure that

After each interview, we refine this guide, clarifying any confu

they are clearer and easier to understand for the next participants.

https://t.ly/d9KtT
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4.2.2 Open Ended Interview

The following sections detail the protocol, participant selection, and data analysis method-
ologies employed in our open-ended interviews.

Protocol

We conduct six face-to-face interviews with senior software practitioners to understand
their views on bug localization tools. The interview consists of three distinct parts. In
the first part, we ask demographic questions about the interviewees, covering their age,
gender, educational background, and experience in software development and leadership
roles (e.g., senior software developer and software development manager). In the second
part, we introduce the concept of bug localization to ensure that interviewees’ understand-
ing is consistent with our definition. Here, we pose open-ended questions to capture the
interviewees’ experiences with bug localization tools, allowing them to freely discuss their
thoughts without bias. The questions include:

o What is your perception of a bug localization tool?
o Which feature of the tool do you appreciate the most?
o Which features or behavior of the tool do you dislike the most?

In the third part, we continue with open-ended questions to explore the interviewees’
expectations of bug localization tools. We ask them:

« What do you consider the lowest acceptable performance for a bug localization tool?
o What type of output do you prefer from these tools?

At the end of each interview, we thank the interviewee and briefly outline our next steps.

Participant Selection

We select our interviewees from the authors’ personal networks and professional networking
sites like LinkedIn. Our recruitment criteria include at least ten years of professional
experience and active involvement in software development. We continued the recruitment
process until we reached data saturation. Following these criteria, we have six interviewees
with diverse experiences. In this paper, we refer to these participants as P1 to P6.

Table 4.1 displays each interviewee’s gender, the highest level of education, and years
of experience.
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Table 4.1: Gender, educational level, and experience of the six interviewees.

Highest level # of years of

ID Gender
of education experience in SE

P1 Male Masters 12
P2 Male Bachelors 21
P3  Female Masters 20
P4  Female PhD 12
P5 Male Bachelors 17
P6 Male Bachelors 17

4.2.3 Qualitative Data Analysis

To gather insights from the interviews, we follow a structured process starting with tran-
scribing the recorded interviews. We use the Otter auto-transcription tool? to transcribe
the recordings after each interview. An author then reviews these transcriptions for accu-
racy by comparing them to the recorded videos and sends the transcription to the inter-
viewees for verification.

After completing all interviews, we code the transcriptions using NVivo software®. This
step generates 111 cards, with each interview yielding between 46 and 66 cards. Following
prior studies [1 70, ], we employ open card sorting to categorize these cards into common
themes. After three sorting sessions, we identify 34 distinct themes in the interviews. The
themes are available in the Appendix A.

4.2.4 Developers’ Survey

To validate the themes identified in the interviews, we conduct a survey targeting a
broader community of software developers. We adhered to Kitchenham and Pfleeger’s
guidelines [152] for personal opinion surveys and employed an anonymous survey to boost
response rates [310]. As an expression of our appreciation, participants had the opportunity

2https://otter.ai/
3http://portal.mynvivo.com/
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to enter a draw for one of 20 gift cards valued at 20 CAD each. We distribute the survey
via our personal networks, the interviewees’ connections, and professional networking sites,
resulting in a total of 95 responses. The questions included in the survey are detailed in
Table 4.2. To extract insights from these responses, we employ statistical analysis for the
quantitative data and open card sorting for the open-ended questions.
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Table 4.2: Survey Questions.

# RQ Question Text

# RQ Question Text

Q1 D How old are you?

Q2 D How do you identify your gender?

Q3 D  What is your highest level of formal education?

Q4 D Did you receive your highest level of formal ed-
ucation in the field of computer science?

Q5 D  How many years of experience do you have in
the software engineering field?

Q6 D How many years of experience do you have in
leading teams? (e.g., Senior developer, project
manager etc.)

Q7 RQ1 What is your current approach to bug localiza-
tion?

Q8 RQ1 Have you ever used an LLM based tool like copi-
lot or code whisperer for bug localization?

Q9 RQ1 On average, how long does it take you to locate
bugs in source code files manually?

Q10 RQ1 What do you think will be the benefits of a bug
localization tool?

Q11 RQ1 What do you think will be the harm of using a
bug localization tool?

Q12 RQ1 What are the concerns in adopting a bug local-
ization tool?

Q13 RQ2 What is the expected timeframe (in minute) for
the tool to identify the files responsible for a
bug?

Q14 RQ2 How many incorrect suggestions will you toler-

ate before a correct suggestion?

Q15 RQ4 Where do you want to integrate a bug localiza-
tion tool?

Q16 RQ3 Which category of developers do you believe
would benefit the most from the bug localiza-
tion tool?

Q17 RQ3 For which software development role do you
think the bug localization tool would be most
advantageous?

Q18 RQ3 Which types of bugs do you believe the tool

should prioritize and focus on?

Q19 RQ3 Which error do you consider to be more severe
than the other?

Q20 RQ4 What level of granularity would be the most
effective for you when using the tool?

Q21 RQ4 Please prioritize the following additional fea-
tures of a bug localization tool in the order of
their significance (most to least significant).

Q22 RQ1 Would you ever use a bug localization tool?




4.3 Demographics

To provide a proper context for the results, this section describes the demographics of the
interviewees and survey participants.

4.3.1 Interviewee Demographics

The interviewees were aged between 37 and 46 years, with a median age of 41. In terms
of gender distribution, 66.6% were male, and 33.4% were female. Regarding educational
qualifications, 50% held a bachelor’s degree, 33.3% had a master’s degree, and 16.6%
possessed a Ph.D., all specifically in computer science. Their professional experience in
software engineering ranged from 12 to 21 years, with a median of 16.5 years. Additionally,
their leadership experience varied from 4 to 17 years, with a median tenure of 11 years in
team leadership roles.

4.3.2 Survey Demographics

The age of survey respondents ranged from 24 to 70 years, with a median age of 34. The
demographic breakdown showed that 80% were male, 17.78% female, and 2.22% non-binary
or third gender. In terms of education, 49.45% reported a master’s degree as their highest
level of formal education, followed by 43.95% with a bachelor’s degree and 6.95% with a
Ph.D. A majority (81.81%) completed their highest level of education in computer science.

Survey participants also displayed a wide range of experience in the software engineering
domain, spanning from one to 40 years, with a median experience of 9.5 years. The range of
experience in leading teams was similarly broad, from one to 39 years, though the median
experience in this area was shorter, at three years.

4.4 Results

The following subsections present the results of our survey, addressing the four research
questions introduced in Section 4.1. Please note that respondents could select multiple
options for some survey questions. Additionally, in the qualitative analysis, each open-
ended response could correspond to multiple codes. As a result, the total percentages may
exceed 100%.
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Figure 4.2: Time required to localize a bug.

4.4.1 RQ1l: What are developers’ current approaches and per-
spectives on bug localization tools?

Our first research question investigates how developers currently localize bugs and their
views on using bug localization tools in software development.

Current Approach: According to the survey, the most popular method for manual
bug localization is reproducing the failing case, used by 62% of developers. Log analysis
is the second most common method at 44%, followed by using text search tools such as
‘grep,” employed by 30% of developers. Additionally, 29% of developers use assertions for
bug localization, and 14% rely on tools like LLVM, GDB, and hexdecoder. A smaller
percentage, 3% of developers, reported using other tools, including Sentry, a log-based
error tracking tool, and Logstash, a large-scale log processor.

Developers also noted that using their current methods, they can manually localize
a bug in one (minimum) to 46 hours (maximum), with a median time of four hours.
Figure 4.2 shows the distribution of time required to localize a bug using these approaches.

Familiarity with code assistance tools: Recent developments in artificial intelli-
gence [79] and their application in code assistance tools [171, 40, 88] have not yet signif-
icantly influenced developers’ practices. Only 27.5% of developers reported familiar with
LLM-based tools. Figure 4.3 illustrates the distribution of age and experience in relation
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Figure 4.3: Respondents’ familiarity with LLM-based tools in relation to age and experi-
ence.

to familiarity with these tools. The figure indicates that younger respondents, both in
terms of age and experience, tend to be more familiar with these modern tools. To com-
pare familiarity across different categories, we applied two-tailed unpaired Mann-Whitney
U tests [208] with a significance level of a = 0.05. The tests showed significant differences
for age vs. familiarity (p = 0.042) but not for experience vs. familiarity (p = 0.43). These
results suggest that a developer’s age can significantly influence their famil-
tarity with AlI-based code assistance tools, such as automated bug localizers.

Benefits and harms of using automated bug localization tools: Regarding the
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Figure 4.4: Perceived harms of bug localization tools by experience.

benefits of using a bug localization tool, the majority of respondents (72%) believe that the
primary advantage would be an increase in productivity. Additionally, 41% of respondents
feel that these tools would be helpful in training new developers. A small percentage (1%)
mentioned other benefits, such as automating manual steps in bug localization.

On the potential harms of using a bug localization tool, most respondents (67%) per-
ceive that the greatest risk is developers adopting shortsighted solutions due to a limited
understanding of the problem. Furthermore, 42% of respondents are concerned that re-
liance on these tools might hinder the development of their skills. In this context, P2
mentioned,

14

. the first few years, whenever you’re part of a new team, the best way to engage
a developer initially is to give them a couple of bugs. They solve the bugs, and walk
through the code, and then they get to learn about the code base and different function-
alities.” [# P2]

Furthermore, 22% of developers anticipate that these tools could negatively impact the
job market for developers. A small fraction (1%) of respondents noted that blindly trusting
these tools without verifying edge cases or considering downstream use cases can lead to
long-term consequences. P2 expressed a similar concern.

14

developer will not be aware, which can be caused in some other area. So, you
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Figure 4.5: Concerns of adopting bug localization tools by familiarity with code assistance
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know, there is a possibility of more of those incidents, so probably they will fix this bug
pretty quickly, but they are likely to introduce some other bugs” [# P2]

To understand how developers of varying experience levels perceive the harms of using
a bug localization tool, we present the data in Figure 4.4. The figure indicates that younger
developers are more concerned with the threat posed by automated tools to the job market,
whereas senior developers are more focused on shortsighted solutions and the potential
underdevelopment of developers’ skills.

Concerns regarding adopting bug localization tools: The primary concern about
adopting bug localization tools relates to their accuracy, with 51% of respondents uncer-
tain about the correctness of outputs. This specific concern was also observed among
interviewees, as illustrated by P2’s comment:

“I would use it, as long as I find it to be reliable.” [# P2]

The next significant concern, shared by 43% of respondents, is the tool’s performance,
particularly the time taken to deliver results. Additionally, 30% of respondents worry
about the potential disclosure of intellectual property (IP). This issue was also a major
concern among the interviewees, with half of them mentioning it. As P3 said,

“[T will use it] as long as it is not like consulting a server outside and like throwing
information out to somebody else.” [# P3|

Another 30% believe that experienced developers may not use these tools due to con-
fidence in their own abilities. P4 also echoed this sentiment.
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.. giving them [senior developers| a tool sometimes makes them feel like, probably,
other people do not have enough confidence in their abilities to track bugs.” [# P4/

Additionally, 29% of respondents are concerned about the effort required to integrate
these tools into the existing software development pipeline.

Another concern is that these tools may perform well when the codebase adheres to
best practices and conventions but poorly when those practices are lacking. However, in
a well-maintained codebase, the need for such tools is minimal. Developers would benefit
more if these tools delivered good results even in poorly maintained codebases. On this
point, P6 mentioned:

“.. a well-maintained codebase may not need such a [bug localization] tool. They may
have been able to localize the bug in a viable time without the help of any tool. On the
other hand, the tool may not work properly in a poorly maintained codebase.” [ # P6]

To determine if familiarity with coding assistance tools leads to different concerns,
we present the data in Figure 4.5. This figure shows that among developers who are
unfamiliar with these tools, the most common concern is their accuracy. In contrast,
developers who are familiar with the tools are mostly concerned about performance issues
(e.g., latency). This observation suggests that while AI-based assistance tools
(e.g., bug localizers) may be accurate enough, their performance is not yet
sufficient to convince developers.

Willingness to adopt: The majority (76%) of respondents indicated they are willing
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to use an automated bug localizer. However, 5% are uncertain about using such a tool,
and 4% are not interested.

We also investigated the willingness to adopt these tools in conjunction with current
developer practices, as illustrated in Figure 4.6. The figure shows that developers inclined
to adopt a bug localization tool typically rely on the manual and time-consuming process
of reproducing cases to localize bugs. This observation highlights a significant
pain point for developers and suggests a potential use case for bug localizers.
By automating the process of reproducing failing cases, bug localizers can
enhance developers’ productivity and increase adoption rates. Among developers
unwilling to adopt the tool, the most common practice is using logs to identify bugs, often
with built-in search tools like ‘grep’ in file editors or operating systems. The availability
and familiarity of these tools likely contribute to their lack of interest in using a bug
localizer.

Takeaway 1: Developers mainly rely on reproducing failing cases and log analysis for
bug localization. Despite the availability of advanced Al tools, only 27.5% of developers
are familiar with them. Their primary concerns about adopting these tools are reliability,
output quality, and potential IP leakage.

4.4.2 RQ2: What are developers’ expectations from automated
bug localization tools?

In this research question, we investigate the performance expectations of developers from
bug localization tools.

Expected Timeframe for Bug Localization Tools: We asked respondents about
the expected timeframe for a bug localization tool to deliver results, particularly considering
its use in an interactive setting. The responses indicated an expected range of one to 59
minutes, with a median of eight minutes being deemed acceptable. Interviewees echoed
similar expectations, emphasizing the importance of timely results for usability. As one
interviewee noted,

“One hour is a pretty decent time to wait for. Yeah, like a day to fix anything on our
side is a pretty big time to just pay for.” [# P4]

We calculate the Pearson correlation [36] between the manual time developers take
to localize bugs and the time they expect an automatic bug localizer to deliver results.
The correlation is 0.76 (p < 0.001). This strong positive correlation suggests that
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developers expect an automatic bug localizer to perform at a similar level to
human efforts.

Expected results in TopK: Bug localization tools generate a ranked list of source
code files likely responsible for a given bug report. During interviews and surveys, we pre-
sented a scenario with an example and asked respondents about the maximum acceptable
rank for a buggy file (Top-K). The results revealed that respondents expect buggy files to
appear between the first and 20" positions on the ranked list, with a median rank of fifth.
Interviewees showed a similar preference, with 66% agreeing they would check up to the
fifth rank for the buggy files, ideally between the first and the 10" positions.

Takeaway 2: Developers expect bug localization tools to deliver results within eight
minutes and rank the correct files within the top five positions. These performance
expectations closely align with the time and accuracy of manual efforts.

4.4.3 RQ3: Who are the primary users of bug localization tools,
and what are the tools’ focus areas?

In this research question, we examine the user base of bug localization tools and identify
the types of problems these tools should prioritize.

Users of bug localization tools: Bug localization tools can be used by both software
quality assurance (QA) engineers and software developers, depending on the hierarchy and
domain of the work. However, 77% of respondents believe these tools are most beneficial for
developers, while 26% think they are most useful for QA engineers. Interviewees have mixed
views on the potential users: 50% believe the tools are primarily useful for developers,
whereas another 33.3%, including interviewee P6, believe they will benefit most the QA
engineers,

“A lot of people would rather prefer the QA engineer [to] file the bug report with all
the information. So the developer does not spend more time.” [# P6]

Only one interviewee believes that both roles could benefit from a bug localization tool,
depending on the organizational hierarchy.

Experience level of users: Survey responses indicate that the majority (77%) believe
new or junior developers will benefit the most from these tools, while 43% think experienced
or senior developers will gain significant advantages. Interviewees share a similar belief, as
noted by P4.
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also for fresh developers who have less experience in programming or software

engineering, they haven’t built that muscle memory on where to look for when a bug
comes in.” [# P}]

Severity of mistakes: Concerning errors made by bug localization tools, the majority
of respondents (46%) believe that marking a non-buggy file as buggy (false positive) and
marking a buggy file as non-buggy (false negative) are equally severe. However, 45.78%
of respondents consider false negatives to be more severe, while only 7.22% regard false
positives as more severe. Interviewees also perceive false negatives as more critical, noting
that such errors can undermine the trustworthiness of the tool; as P1 said,

“I think false negatives are much worse than false positives. To make you trust the
tool, being very sure of the negatives is quite important.” [# P1]

Focus areas of the tool: Respondents express a preference for bug localization tools
to prioritize complex bugs. Specifically, 54.11% of respondents believe the tool should focus
on complex bugs, while 45.44% think it should target easier bugs. Interviewees also had
mixed opinions on this matter: some argued that the tool should address easier bugs due
to their higher frequency, while others contended that it should concentrate on complex
bugs because they require more time to localize.

Takeaway 3: Bug localization tools are considered to be most beneficial for developers,
particularly junior ones, due to their limited experience in identifying bugs. The tools
should prioritize complex bugs, as these are more time-consuming to localize manually.

4.4.4 RQ4: What features do developers value in automated bug
localization tools?

In this research question, we explore the additional features developers expect in bug
localization tools.

Integration point: Bug localization tools can function either as assistants to devel-
opers or as automated tools with different integration points. These points can range from
the developer’s machine (e.g., Integrated Development Environments (IDE)) to Continu-
ous Integration/Continuous Deployment (CI/CD) pipelines. The majority of respondents
(65%) prefer integrating bug localization tools into their CI/CD pipeline, while 35% favor
integration with the IDE. Interviewees also had mixed opinions, with some supporting
CI/CD integration and others advocating for IDE integration.
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Figure 4.7: Additional features in bug localization tools.

Granularity of suggestion: Bug localization tools are available in various granulari-
ties, such as line-level, method-level, and file-level localization. Respondents indicated that
a line-level bug localizer would be the most beneficial, with 63.41% supporting this pref-
erence. Following this, 34.1% of respondents believed a method-level bug localizer would
be most useful. Only 2.4% of respondents preferred a file-level bug localizer. However,
most existing bug localization tools [3/7, 188, 53, 102, 37/] primarily offer
file-level granularity. This mismatch between user preferences and the solu-

tions provided may be one reason for the low adoption rate of bug localization
tools.

Expected additional features: Interviewees indicated that their current bug lo-

calization tools lack certain features, such as transparency through explanation. In this
regard, P3 mentioned,

“if you give me two files, and then info [explanation in this case]. How you arrived at
it would help.” [# P3]

Additionally, interviewees highlighted other desired features, such as suggestions for

similar bugs that have been previously fixed and recommendations for the best team mem-
ber to address a bug.
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Respondents were asked to rank these additional features based on their perceived
benefits (a lower rank indicates higher benefit). Figure 4.7 shows that the majority of
respondents (63%) believe explanations would be the most beneficial feature. Furthermore,
48% think the suggestion of similar bugs would be the second most beneficial, while 21%
consider the recommendation of an expert team member to fix a bug as the second most
beneficial. Finally, 53% of respondents ranked the suggestion of a team member as the
third most beneficial feature. One reason developers may not find expert suggestions highly
beneficial is because of the potential unavailability of team members.

Takeaway 4: Developers expect bug localization tools to be integrated into CI/CD
pipelines (65%) and prefer line-level suggestions (52%) from the tool. Furthermore, as an
additional feature, they prefer the transparency of the output by generating an explana-
tion.

4.5 Discussion

Several studies have surveyed developers to understand their perspectives on defect pre-

diction [310], fault localization [158], and the utilization of Al tools [288]. However, these
surveys were conducted more than five years ago. Since then, recent advancements in
artificial intelligence [79] have introduced a wide array of Al tools [88, 171] for developers,

potentially altering their perspectives. Therefore, in this section, we compare the results
of our survey with prior findings to observe any changes.

Kochhar et al. [158] conducted a survey involving 403 respondents to understand their
perspectives on fault localization tools, while Wan et al. [310] surveyed 395 respondents to
examine developers’ perceptions of defect prediction. For our comparison, we utilize the
publicly available survey responses from both studies*®.

4.5.1 Timeframe of results

In the survey by Kochhar et al., more than 50% of practitioners expected fault localiza-
tion tools to deliver results in less than a minute. In contrast, our findings indicate that
developers now have a broader tolerance, expecting the timeframe to range from one to

“https://github.com/smusis/automated-debugging
Shttps://github.com/zhiyuan-wan/defect_prediction_survey
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fifty-nine minutes, with a median of eight minutes. We tested this observation using the
Mann-Whitney U test and found that the hypothesis of increased tolerance levels is sta-
tistically significant (p < 0.001). This shift suggests a growing recognition of the
increasing complexity of modern software systems [9/, 11], where more de-
tailed analysis might take longer. Nonetheless, a quick turnaround remains crucial
for adopting bug localization tools in the software development lifecycle.

4.5.2 Expected results in TopK

Kochhar et al. also observed that over 80% of practitioners expected buggy files to be
within the top five positions of the ranked list. The observation underscores the need for
highly accurate tools to reduce manual bug localization efforts. In our findings, developers
preferred buggy files to appear between the 1% and 20" positions, with a median preference
for the 5" position. Using the Mann-Whitney U test, we found this observation to be
statistically significant (p < 0.001). This indicates a slightly broader tolerance for
the top ranks while still emphasizing the need for high accuracy.

4.5.3 Granularity of suggestion

Wan et al’s survey indicated that developers prefer feature-level granularity the most.
In contrast, Kochhar et al. found that respondents preferred method and statement-
level granularity almost equally, with file-level granularity following behind. Our findings,
however, show that respondents predominantly prefer line-level granularity. This shift
towards finer granularity underscores the increasing complexity [11] and the
size of modern codebases [270], where more detailed localization is required
to reduce debugging time effectively. Additionally, this evolution highlights a
growing demand for precision in bug localization tools.

4.5.4 Willingness to adopt

In Kochhar et al’s survey, nearly all respondents were willing to adopt a fault localization
tool if it met criteria such as trustworthiness, scalability, and efficiency. Unwillingness was
mainly due to disbelief in the tool’s potential success and the need for more information.
Similarly, Wan et al. found that the primary reason for not adopting defect prediction tools
was disbelief in their efficacy. Another prominent reason for not adopting bug localization
tools is the perceived lack of need; a theme echoed in a recent survey on Al tools [285]. Our
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findings show that 76% of developers are willing to use an automated bug localization tool,
with concerns focusing on accuracy, performance, and integration effort. This suggests
a significant market potential for improved bug localization tools, provided they meet
performance and reliability standards. The recurring “lack of need” theme implies
that developers may not see current tools as solving critical problems or may
be unconvinced of their benefits. This underscores the importance of not
only creating robust tools but also effectively communicating their value to
the developer community.

Takeaway 5: Developers’ expectations have evolved to tolerate more relaxed perfor-
mance standards for bug localization tools. Despite advancements, adoption remains
low. However, there is a strong willingness to adopt these tools if they meet the neces-
sary performance and reliability criteria.

4.6 Implication

In this study, we focus on understanding developers’ perceptions and expectations of using
bug localization tools. The results of our survey highlight areas for improvement and
suggest future research directions from the developers’ perspective. In this section, we
discuss the implications of these findings.

4.6.1 What Needs Our Focus Now?

Developer Productivity and Training: In this study, we identify that the primary
benefit of bug localization tools is their potential to increase developers’ productivity sig-
nificantly. These tools reduce the time spent on debugging, thereby allowing developers to
concentrate on writing new features and enhancing overall software quality [319]. Further-
more, 41% of our respondents believe bug localization tools can serve as effective training
aids for junior developers, facilitating their understanding of the codebase and improving
their debugging skills efficiently. This dual role of enhancing productivity and providing
training support can be leveraged to promote the broader adoption of bug localization
tools.

Accuracy and Performance Concerns: A major barrier to the adoption of bug lo-
calization tools is the concern regarding their accuracy and performance. The majority
of the respondents (51%) were uncertain about the correctness of the tools. Enhancing
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the precision and reliability of these tools is, therefore, essential. Future research should
prioritize refining algorithms to improve accuracy and ensure that the tools deliver reliable
results promptly. Addressing these concerns is vital for increasing developer confidence
and encouraging broader adoption.

Integration with Existing Workflows: The success of software tools largely hinges on
their integration points and usage patterns [329]. However, no prior studies have specifically
examined the integration points of bug localization tools. In this study, we found that
approximately 29% of respondents expressed concerns about the integration effort required
to incorporate these tools into their existing workflows. A potential solution to this issue
is to embed the tools within the development pipeline. Our findings indicate a strong
preference for integrating bug localization tools into CI/CD pipelines (65% of respondents)
and IDEs. Such integration could simplify workflows, reduce the learning curve, and
promote tool adoption by enabling developers to utilize them in familiar environments.
Future development efforts should prioritize seamless integration to enhance both usability
and effectiveness.

Transparency and Customization: Transparency in bug localization tools is crucial
for building trust among developers. According to our survey, 67% of respondents believe
these tools can lead to shortsighted solutions, and 42% think they may hinder skill devel-
opment. Generating explanations for the tool’s suggestions can mitigate these concerns,
preventing shortsighted fixes and serving as a training aid for newer developers to improve
their skills. Additionally, tools that clearly explain their processes and how they reach
conclusions are more likely to gain trust and adoption [133, |. Furthermore, offering
customization options—such as adjusting the granularity of bug localization (line, method,
or file level)—enables developers to tailor the tools to their specific needs, enhancing both
utility and user satisfaction.

4.6.2 What Needs to Change in the Future?

Enhancing Tool Accuracy and Contextual Understanding: Addressing the issue of
accuracy and contextual understanding in bug localization tools is crucial [133]. Our find-
ings reveal that while Al-powered tools, such as bug localizers, may achieve a reasonable
level of accuracy, their current performance is still not convincing enough for developers.
According to our survey, 4% of respondents expressed no interest in using bug localization
tools. For these tools to be effective, they must be capable of understanding the broader
context of the codebase, including project-specific documentation and internal knowledge
bases. Enhancing the tools’ capacity to handle large volumes of information and deliver
contextually relevant results will be a significant advancement. Previous studies have
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shown that, in addition to the codebase, other sources such as commit messages, commu-
nication channels, design documents, and documentation can provide essential information
for bug localization [1 16, , o4]. Therefore, besides improving the underlying algorithms,
researchers should ensure that tools can access and process all relevant information for ac-
curate bug localization.

Addressing Legal and Ethical Considerations: Legal and ethical considerations,
such as data privacy and security, are crucial [119, , |. In our survey, 30% of the
respondents are concerned about the security of their code and the potential for sensi-
tive information to be exposed. Developing local models that can operate on user devices
without sending data over the internet could alleviate these concerns. Additionally, en-
suring compliance with company policies and non-disclosure agreements is crucial for the
acceptance of these tools in practical environments [179].

Providing extensible information to Developers and Promoting Tool Benefits:
Another important area is providing information to developers about the capabilities and
limitations of bug localization tools. A recurring theme observed in both this study and
previous research is the perceived “lack of need” for bug localization tools. This perception
likely stems from an incomplete understanding of the tools’ potential benefits or how to
integrate them effectively into existing workflows. Providing comprehensive training and
resources can help bridge this knowledge gap and promote wider adoption. Additionally,
clear communication about the tools’ advantages and improvements can foster trust among
developers and encourage their use [178, 112].

4.7 Threats to Validity

Internal Validity Threats. The primary threats to validity are related to sample selec-
tion. As in previous studies [158], we recruited participants from professional networking
sites. This may result in a sample that does not fully represent all software developers,
potentially impacting the generalizability of opinions on bug localization tools. However,
we mitigated this by including interviewees with at least ten years of experience. Their
long-term experience will be able to cover developers’ perspectives from a variety of view-
points. Similarities in responses from both interviews and surveys further validate our
findings.

Construct Validity Threats. Our results may be influenced by non-response bias,
where the views of participants differ from those who chose not to respond. However,
the 95 responses we collected provide meaningful insights. Another potential threat is if
our methods do not accurately capture key constructs like perceptions and expectations
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of bug localization tools. To mitigate this, we followed prior studies [316, 41] and refined
our interview guide after each session. We also designed our survey questionnaire based
on established frameworks [91]. By combining qualitative interviews with quantitative
surveys, we ensured a well-rounded understanding of practitioners’ views. The convergence
of results from both methods further supports the validity of our conclusions.

External Validity Threats. We interviewed six participants and surveyed 95 software
engineering professionals. Although the sample size is small, it yielded valuable insights.
Additionally, all interviewees had at least ten years of experience, which helps mitigate
concerns about the limited sample size by ensuring depth and detail in their responses.

4.8 Conclusion

In this study, we systematically investigate developers’ perceptions and expectations of bug
localization tools through interviews and surveys. Our findings reveal that, while most de-
velopers are willing to adopt bug localization tools, they rely on manual methods for bug
localization. The primary expectations of developers include rapid and accurate bug local-
ization, particularly for complex issues. However, developers also expressed concerns about
the potential negative impact of bug localization tools on developers’ skill development, as
well as the risk of intellectual property leaks.

Furthermore, insights from this study underscore the importance of improving developer
training to bridge the gap between research advancements and real-world usage. Specifi-
cally, developers emphasized the need for transparency in tool operations and customiza-
tion options to address specific project requirements. Therefore, future research should
focus on addressing these challenges and promoting seamless integration to enhance the
effectiveness and acceptance of bug localization tools in software development.

4.9 Chapter Summary

In this chapter, we explore developers’ expectations for bug localization tools, focusing on
key areas of interest and desired features. Our findings indicate that while developers are
interested in utilizing these tools, they have significant concerns about their performance
and accuracy. Additionally, developers expressed doubts about the effectiveness of these
tools in non-standard cases, such as when there is no labeled data or when the data is
noisy. The next chapter will delve into the challenges of training these tools, examining
the design choices and their impact on model performance.
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Chapter 5

Exploring Design Choices in
Multi-Modal Transformer-Based
Embedding for Bug Localization

Note. An earlier version of the work in this chapter appears in the Proceedings
of the IEEE/ACM International Workshop on Natural Language-Based Software
Engineering (NLBSE 2024).

5.1 Introduction

DL-based bug localization techniques have achieved comparatively higher performance
than other techniques in recent years [318, , , 93, , , ]. Most DL-based
techniques use similarity measurement to identify buggy files. However, the bug reports
are in Natural Language (NL), and source codes are in Programming Language (PL).
Thus, there is a semantic and lexical gap between them. Previous studies used well-
known NLP techniques such as Word2Vec or FastText to project the source code and
the bug report in the same vector space. This vector representation was successful in
bridging the aforementioned gap to some extent. However, one of the drawbacks of such
techniques is that they do not consider the context in generating vector representation of
a source code file or a bug report. In recent times state-of-the-art large pre-trained models
such as BERT [06], RoBERTa [197] are used in Natural Language Processing (NLP) for
capturing the semantic and contextual representation of text as they consider the context
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Figure 5.1: Steps of training a transformer.

in generating vector representation. The advantage of using those models is that they are
more context-sensitive than before.

However, there are many design choices in creating a transformer-based embedding,
such as model architecture, pre-training strategies, and data sources for training the embed-
ding model. Figure 5.1 presents the steps of training a transformer. These design choices
can impact the quality of the embeddings generated by an embedding model. In the first
step of training transformers, we have to identify the appropriate data for pre-training. In
the second and third steps, we have to select the proper architecture of the transformers
and make the appropriate changes to fit the use case (e.g., sequence size, attention head).
In the third step, we have to identify the pre-training technique. So far, there are differ-
ent pre-training techniques Masked Language Model (MLM), Question-Answering (QA),
Next Sentence Prediction (NSP). However, the performance of the pre-training technique
is specific to the use case [197]. The final step is the selection of hyper-parameters such as
learning rate and batch size. Ontanén et al. [241] have focussed on the second step and
explored the impact of different types of positional encodings, different types of decoders,
and weight sharing. Zhu et al. [387] have also focussed on identifying the impact of design
choices in the second step. In their study, they used reinforcement learning to identify the
best design choices, for example, the number of layers in the transformer model and the
type of activation function. The performance of the bug localization model is dependent on
the embedding quality. There are too many types of architectures and training methods
for transformer-based models. Thus, knowing which architecture and training methods
produce the best quality embedding for bug localization task is important.

With the increment of the complexity of the modern bug-localization model, the re-
source (GPU size, training time) requirement is also increasing. Thus, a project-specific
bug localization model is a less popular choice than a cross-project bug localization model,
which can localize bugs in different projects. However, the performance of cross-project
bug localization models is comparatively lower than project-specific bug localization mod-
els. Thus, it is required to quantify the impact of project-specific data on bug localization
models’ performance to understand the trade-off and make better design decisions.
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This study aims to understand the impact of three design choices on embedding models’
performance and the generalization capability of those embedding models. The choices are
the use of domain-specific data, pre-training methodology, and the sequence length of the
embedding. Though the design space for a language model (embedding) is not limited,
we can say that the type of training data, model architecture, and training strategies are
the primary design choices. Prior studies have already identified some other design choices
such as learning rate, weight sharing [211], and other hyperparameters [132, ]. Thus,
in this study, we intend to identify the impact of three design choices by answering the
following research questions.

RQ1. Do we need data familiarity to apply the embeddings?

In this research question, we will test whether project-specific data is needed for the
embedding models or not. In the NLP domain, we have observed the use of transfer
learning. However, previous studies in the domain of bug localization used project-
specific embeddings [187] for their models. Using project-specific embeddings may not
be a viable approach in commercial settings. Thus we need to verify whether data famil-
iarity is required in using transformer-based embedding models. We trained embedding
models on two datasets to answer the question. We found that pre-trained embedding
models using project-specific datasets perform better in bug localization tasks than
those that are not pre-trained using those data.

RQ2. Do pre-training methodologies impact embedding models performance?

We will analyze whether pre-training impacts the performance of the embedding model
and which pre-training technique is better for bug localization in this research question.
We have seen different pre-training techniques such as MLM, QA, NSP, etc. However,
pre-training techniques have domain-specific use. Peter et al. [252] found that feature
extraction depends on the similarity of the pre-training and target tasks. Liu et al. [197]
found that the individual sentence NSP (Next Sentence Prediction) task hurts the per-
formance of the transformer model in a question-answer task. No other studies before us
have verified the effectiveness of the pre-training techniques in the domain of bug local-
ization which uses both programming language and natural language. Thus we need to
know the impact of pre-training techniques and identify the best technique for bug local-
ization tasks. For this, we pre-trained the embedding models using several pre-training
strategies. We found that certain pre-training methodologies, such as ELECTRA (Ef-
ficiently Learning an Encoder that Classifies Token Replacements Accurately) create
better embedding models than others.

RQ3. Do transformers with longer maximum input sequence lengths perform well
compared to the models with shorter maximum input sequences?
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We test whether the length of the input sequences of an embedding model impacts
the model’s performance in the bug localization task. Source codes are typically long
(~2000 tokens), whereas transformers typically support 512 tokens. Typical transformer
architectures can not be extended to higher sequence lengths as the action is computa-
tionally expensive(O(n?), where n is sequence length [26]). Thus we need to understand
the performance gain over using a long input sequence transformer in bug localization
tasks. We trained embedding models with different lengths and compared their perfor-
mance in the bug-localization task. In most experimental settings we conducted, the
embedding model with longer input sequences outperformed the embedding model with
shorter input sequences.

We used two datasets to train the embedding and bug localization models. We collected
the first one by mining the bugs/issues from the Apache project and Github. The other
one has been offered by Ye et al. [363]. We have evaluated 14 transformer-based embedding
models on the bug-localization task using those two datasets.

Overall, our study finds a significant difference between the in-project and cross-project
performance of the embedding models. We also found that pre-training methodologies
impact embedding models’ performance. Our research found that in most cases, adver-
sarial techniques like ELECTRA pre-trained models performed better than others. This
study trained embedding models using bug report-source code pairs. Compared to the
documentation-source code pair-trained model, we found bug report-source code-trained
embedding models performed better. The dataset and code used in this study are publicly
available here !.

5.2 Dataset

We have used two different datasets for this study. The first one consists of mined projects
of the Apache project and public Github repositories. The following steps are followed to
extract data from JIRA (bug report repository of Apache projects).

1. Candidate project selection: In this step, we listed all Apache projects except those
included in the dataset prepared by Ye et al. [363] or Bugzbook [9]. The reason for
the exclusion is that we intend to use those datasets to test the proposed embedding’s
effectiveness in the future.

https://zenodo.org/record/6760333
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2. Extraction of bug reports: After creating the candidate project list, we have ex-
tracted all the fixed bug reports. For that purpose, we have used Jira Query Language
(JQL). However, not all Apache projects selected in the previous step have enough bug
reports. We have filtered out the project if that has less than ten bug reports in JIRA.
The list of the projects is available in the online Appendix *.

3. Extraction of source code: In this step, each bug report in JIRA, identifiable by a
unique id, was linked to its corresponding pull request in Git/Github using the bug id
and a regular expression heuristic, as done in prior studies [294]. Following this, the
commit hash id (SHA) of the fix, along with the pre- and post-fix file versions for each
change in the commit, were extracted.

For public repositories of Github, we first listed all repositories of Java language sorted
by the number of stars in descending order. Like the steps followed for extracting JIRA
data, we also excluded some of the repositories in this step. After that, we followed the
before-mentioned steps to extract bug reports and source codes from those repositories.

For this study, we have used only the Java language source code files and bug reports.
After filtering by language, we have 7,970 bug reports from 21 projects. From now on, we
will refer to this dataset as Bug Localization Dataset (BLDS). This dataset has been used
only for pre-training the language model.

The second dataset we used has been offered by Ye et al. [3063, ]. This dataset
contains 22.7K bug reports from Six popular Apache projects (AspectJ, Birt, Eclipse Ul,
JDT, SWT, and Tomcat) and associated source codes. From now on, we will refer to
this dataset as the Benchmark Dataset for Bug Localization (Bench-BLDS). We select this
dataset as prior study [145] showed that this dataset contains the lowest number of false
positive or negative cases among other datasets [173, ] in the literature. We have used
Bench-BLDS only for training and testing the bug localization model. The Bench-BLDS
dataset contains 12480 bug reports from six projects. The length distribution of the source
code files of BLDS and Bench-BLDS, along with the description of the projects, is available
in the online Appendix .

5.3 Methodology

In this study, we created 12 different transformer-based embedding models. Previous
studies have presented one multi-modal language model [33], and we have updated that
language model by extending the maximum supported sequence length. Next, we evaluated
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Figure 5.2: Multi-modal embedding training pipeline.

14 models (our twelve models along with one model from the previous study and the
extended version of that model) in the bug localization task. The embedding models
differ from each other in terms of the architecture and the pre-training methodology. The
methodology of this study has been presented in Figure 5.2.

Model Architectures. The first step of our methodology is the selection of the archi-
tecture for the embedding model. We have used two different architectures, RoOBERTa and
Reformer. The reason for selecting these two embedding models is that the methodology
for calculating attention is fundamentally different for these two architectures. RoBERTa
is a popular architecture; based on this architecture, many domain-specific embedding
models have been proposed in NLP. On the other hand, Reformer presented a new atten-
tion calculation method that reduces the complexity of attention calculation. The weights
of the models are initialized randomly. Besides these two architectures, we have also used
CodeBERT [33], which is a variant of the RoOBERTa model trained on multimodal (NL-
PL) data. As CodeBERT has already been trained, we have used the trained weights for
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CodeBERT. Furthermore, we extended the CodeBERT model by increasing the maximum
sequence length. In this process, we have followed the approach of Beltagy et al. [26] The
extended model will have a new maximum sequence length while using the trained weights
of CodeBERT. From now on, we will call this extended CodeBERT model LongCodeBERT.
We have selected CodeBERT [53] as it is the state-of-the-art multi-modal embedding model
for software engineering tasks. The reason behind using LongCodeBERT is it extends the
maximum sequence length of the original CodeBERT embedding model while not changing
the weights. After this step, we have four different architectures of the embedding model,
two of which (CodeBERT, LongCodeBERT') have already been trained in a previous study.

Training of the Embedding Model. The second step is the pre-training of the
embedding models. For pre-training the embedding models, we followed three methods:
Masked Language Modeling (MLM) [66], ELECTRA [58], and QA [92], and used the BLDS
dataset. After this step, we will have twelve different embedding models (four architecture
trained using three different methods). Moreover, we also wanted to know the performance
of the embedding models proposed in previous studies. Thus, we have included the Code-
BERT and LongCodeBERT embedding models without further fine-tuning/pre-training
steps, which increases the number of embedding models from twelve to fourteen (four ar-
chitecture trained using three different methods along with two architectures without any
further training).

Training of the Bug Localization Model. In this study, we referred to the language
models (DL models that generate multi-modal data embedding) as embedding models and
bug detection models (DL models that use embedding models to detect bugs) as emphbug
localization models. In the third step, we have used the embeddings generated from the
embedding models to train bug localization model. Following the practices of previous
studies [125, 317, 123, 341], we have used a Convolutional Neural Network (CNN) based
architecture for the bug localization model. This study aims not to find the best bug
localization model but the best embedding training technique for a bug localization model.
We have used the bug localization models as a performance measurement for the embedding
models. The bug localization model consists of three convolutional layers followed by a
perceptron layer. In training the bug-localization models, we have used two different
datasets. The input to the bug localization models is a vector of the bug report and the
source code corresponding to the bug report, concatenated together. The bug localization
task has been aimed for file-level bug localization and has narrowed down to the task of a
binary classification problem. The model is trained to learn whether the given pair of bug
reports and code snippet is a match or not. All the layers/weights of the embedding model
are unchanged (frozen) while training the bug-localization model. After this step, we will
have two bug localization models for each of the fourteen embedding models, which means
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we will have 28 bug localization models.

Evaluation of the Bug Localization Model. In the fourth step, we evaluated the
bug localization models’ performance on a held-out test dataset created from the Bench-
BLDS. The performance has been measured in terms of Mean Reciprocal Rank (MRR). We
have mentioned before that the BLDS and Bench-BLDS datasets has no common projects.
Thus, the model trained on the BLDS dataset and evaluated on the Bench-BLDS dataset
can be considered a cross-project bug localization model. All the models are trained for ten
epochs in our training setup with 32 samples per GPU separately. Later the performance
is evaluated on the held out Bench-BLDS dataset.

We have used all combinations of model architectures, training techniques, and data sources
to understand the impact and identify the best design choices. However, testing all com-
binations requires time. For example, to complete one row of Table 5.4 requires sixteen
days of training in a single GPU machine (Nvidia V100 Volta 32G GPU). This translates
to almost 2 months for the entire set of combinations reported in Table 1. Now, for any
small tweak that we make, we need to rerun the whole experiment again, which would take
anywhere between 4-56 days. Thus another contribution of this study is that future studies
do not have to go through the same time-consuming process and test all combinations to
find good design choices for embeddings.

5.4 Results

Table 5.2, 5.3 and 5.4 represents the average performance whether the bug localiza-
tion model is trained on project-specific data or not, the average performance of each
pre-training technique, and average performance of each architecture respectively. Each
column with the project name (AspectJ, Birt, JDT, SWT, and Tomcat) represents the
models’ performance in those respective projects. The overall column represents the over-
all performance of the model in these six projects. Table 5.2, 5.3 and 5.4 have been
calculated from Table A.2 and Table A.3, which are available in the online appendix [17].
Tables A.2 and A.3 represent the performance of all the bug localization models in terms of
MRR and MAP, respectively. Besides, we have also presented the performance of previous
IR-based studies in Table 5.1. However, those studies have not used Birt, Eclipse Ul, and
Tomcat. Thus, the performance of the tools on those projects was not presented.
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Table 5.1: Performance of the IR-based systems.

Study AspectJ | JDT | SWT
MRR

BugLocator [383] 0.38 0.26 | 0.50

BRTracer [339] 0.25 0.33 | 0.62

BLUIR [283] 0.41 0.38 | 0.59

AmalLgam [323] 0.33 0.33 | 0.62
MAP

BuglLocator 0.21 0.16 0.44

BRTracer 0.14 0.24 | 0.55

BLUIR 0.22 0.27 | 0.52

Amalgam 0.20 0.24 | 0.55

Table 5.2: Average performance with varying data familiarity.

Training Aspectd | Birt | Eclipse | JDT | SWT | Tomcat | Overall
Data (CNN Model)
MRR
BLDS 0.28 | 0.26 0.28 | 0.27 0.25 0.25 0.27
Bench-BLDS 0.37 | 0.32 0.37 | 0.37 0.35 0.30 0.35
MAP
BLDS 0.19 | 0.18 0.20 | 0.18 0.17 0.16 0.17
Bench-BLDS 0.28 | 0.23 0.29 | 0.27 0.27 0.21 0.25

58




Table 5.3: Average performance in different pre-training techniques.

HBmbedding Training |\ +3 | Birt | Eclipse | JDT | SWT | Tomcat | Overall
Strategy

MRR

ELECTRA 037 028 034] 035 0.33 0.30 | 0.33

MLM 036 020| 034] 037| 031 028 0.3

MLM and QA 027 030 032| 028 027 027 0.29

Without training 027 027 028 023] o027 025 027
MAP

ELECTRA 020 020 026] 026] 025 0.21 0.23

MLM 027 021 025] 028] 0.23 019 023

MLM and QA 019 022 024] 019] 0.19 018  0.19

Without training 018 018 020] 014| 0.19 016  0.17

5.4.1 RQ1l. Do we need data familiarity to apply the embed-

dings?

In the natural language domain, pre-trained embedding models are used in various down-
stream tasks such as question-answering, sentiment detection, etc. To use pre-trained
embedding models in downstream tasks, one needs to add a task-specific model (head) on
top of the embedding models. From a language model, we only receive the vector repre-
sentation of the text in the embedding space. However, in the context of source code, the
use of libraries, comment style, and coding style are not the same in all projects. Thus,
the relation between vector representation and bugginess may vary from project to project.
This variation may pose a problem if we intend to use a bug localization model in another
project without further training. The head is not familiar with the relation between the
vector of the source code-bug report pair and the bugginess of a file. Thus, the performance
may vary in a new project.

Let’s think about bug localization in commercial settings where a tool is used to localize
bugs from hundreds of different projects of an organization. Project-specific training seems
like a less viable approach. It will require a high amount of resources to maintain (train
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and deploy) a specific head for each project. The scalability of a bug localization system
depends on whether project-specific training is required or not. Past NLP research [117]
seems to indicate that transformer-based models are good at predicting when they are not
pre-trained on similar data. Thus, in this research question, we will test whether or not
project-specific training is necessary for the heads.

Table 5.2 represents the average performance in two cases, whether or not the bug
localization model is trained on project-specific data. From Table 5.2 we can observe that
the models trained on the Bench-BLDS dataset performed better than the model trained
on the BLDS dataset. To verify whether the observation is statistically significant, we
conducted a pairwise Mann-Whitney test between the model trained on BLDS and Bench-
BLDS. We found that the observation that Bench-BLDS trained models perform better is
statistically significant (p < 0.001) for both MRR and MAP. The observation may point
out that the embedding model used in the understanding of programming language is
learning more project-specific features than the ones in the NLP domain. For example, in
the text classification task using of ULMFit [117] without pre-training achieved a 5.63%
error, or the pre-trained embedding model with project-specific data achieved a 5.00% error
on the IMDB dataset. However, in this study, we have observed a maximum 76% drop
in performance. From a high-level understanding, we can say that the heads trained on
specific data representations struggle with generalization across projects, indicating a need
for more adaptable architecture for heads.

Takeaway 6: Data familiarity has an impact on embedding models’ performance. Train-
ing the embeddings with project-specific data (fine-tuning) can enhance the performance
of the bug localization models.

5.4.2 RQ2. Do pre-training methodologies impact embedding
models’ performance?

In NLP, many pre-training methodologies are used to understand the language model.
Methodologies like MLM, NSP, and dynamic MLM are widely used in NLP. However, we
do not know how the pre-training methodologies contribute to understanding program-
ming language. Though several pre-training methodologies are used for natural language
processing, we do not have any pre-training methods for a specific SE task (such as bug
localization).

Moreover, Liu et al. [197] have found that only some NSP pre-training is appropriate
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Table 5.4: Average performance with varying model architecture.

Model Aspect] | Birt | Eclipse | JDT | SWT | Tomcat | Overall
Name
MRR
CodeBERT 0241 024] 030| 025| 028 0.22 0.26
Long CodeBERT 040 | 032 036| 035| 029 0.29 0.34
Long RoBERTa 031 031 033] 035] 033 0.32 0.32
Reformer 035 028 033] 034] 032 0.29 0.32
MAP
CodeBERT 016 0.16| 021] 016] 0.19 0.13 0.16
Long CodeBERT 031 023 028] 026] o021 0.20 0.25
Long RoBERTa 022 023 024 025| 024 0.23 0.22
Reformer 026 | 019| 024 025| 024 0.21 0.22

for the question-answering task in the NLP domain. Furthermore, individual sentence NSP
hurts the performance of the model. However, we do not have any data about the impact
of pre-training in bug localization tasks.

Thus it is essential to know which pre-training methodology works best for creating
a joint (natural language, programming language) embedding space and how pre-training
methodologies impact embedding models performance. Table 5.3 shows the average perfor-
mance of the bug localization model where the embedding models are trained using different
pre-training methodologies. We observed that overall, ELECTRA pre-trained embedding
models produced a better result in the bug-localization task. To test the observation, we
compared the performance of the models using the pairwise Mann-Whitney U test. The
performance comparison between ELECTRA, QA methodologies was statistically signif-
icant for both MRR and MAP. For MRR, it was significant with p = 0.013 (Bonferroni
corrected a was 0.05/3 = 0.016) and for MAP it was significant with p = 0.009 (Bonferroni
corrected a was 0.05/3 = 0.016). However, the difference between ELECTRA and MLM
(p = 0.3 for MRR and p = 0.38 for MAP) and MLM and QA (p = 0.97 for MRR and
p = 0.98 for MAP) is not statistically significant. Though no specific pre-training technique
performed better (statistically significant) than other techniques, ELECTRA pre-trained
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Table 5.5: Average performance of the embeddings in six projects sorted by sequence
length.

Model Sequence AspectJ | Birt | Eclipse | JDT | SWT | Tomcat | Overall
Name Length

MRR

CodeBERT 512 0.24 0.24 0.30 0.25 | 0.28 0.22 0.26

Long RoBERTa 1536 0.31 0.31 0.33 0.35 | 0.33 0.32 0.32

Reformer 2048 0.35 0.28 0.33 0.34 | 0.32 0.29 0.32

Long CodeBERT 4096 0.40 0.32 0.36 0.35 | 0.29 0.29 0.34
MAP

CodeBERT 512 0.16 0.16 0.21 0.16 | 0.19 0.13 0.16

Long RoBERTa 1536 0.22 0.23 0.24 0.25 | 0.24 0.23 0.22

Reformer 2048 0.26 0.19 0.24 0.25 | 0.24 0.21 0.22

Long CodeBERT 4096 0.31 0.23 0.28 0.26 | 0.21 0.20 0.25
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embedding models achieved the highest MRR and MAP in 48% of cases. In contrast, MLM
and QA-trained embedding models achieved the highest MRR and MAP in 28% and 23%
of cases, respectively. For CodeBERT and LongCodeBERT, we have embedding models
offered by a previous study trained in a separate dataset. We have used those embedding
models as it is (without training). However, the performance difference between embed-
ding models without training and embedding models trained with ELECTRA (p = 0.02
for MRR and MAP) or QA (p = 0.87 for MRR and p = 0.83 for MAP) is not statistically
significant. Only the difference between embedding models without training and models
trained with MLM is statistically significant (p = 0.0001 for both MRR and MAP). One
reason for the statistically insignificant difference can be the low number of data points
for comparison. As ELECTRA pre-training is a discriminative pre-training approach, em-
bedding models trained by this technique generate a more generalized representation. The
reason for more generalization is that ELECTRA is defined over all input tokens, whereas
the MLM task is defined over a small subset of tokens. Because of the generalizability, we
believe the bug localization models that used ELECTRA trained representation performed
better.

Takeaway 7: Pre-training has an impact on the embedding model’s performance. Gen-
erally, the ELECTRA pre-trained embedding models performed better than the other
two pre-training techniques (MLM, QA) in bug localization tasks.

5.4.3 RQ3. Do transformers with longer maximum input se-
quence lengths perform well compared to the models with
shorter maximum input sequences?

Before using transformers for embedding, input texts have to go through some pre-processing
and tokenization steps. The text is split into tokens in the tokenization step, and a unique
ID is assigned to each token. The list of IDs is called “sequence”. Typical transformers
support short input sequences—for example, BERT, RoBERTa, and CodeBERT support
sequences up to 512 tokens. Nevertheless, source code files are usually long. The to-
ken length distribution of the source code files in our dataset is available in the online
appendix [17]. On the other hand, transformer architectures that support long input
sequences require high GPU resources. The number of parameters will increase quadrat-
ically [26] with the increase of maximum sequence length. For example, the RoBERTa
model has 124M trainable parameters (sequence length 512), whereas, for Reformer, it
is 149M (sequence length 4096). A higher number of parameters implies that the model
will require higher computing resources or longer training time (with the same computing

63



resource). Since short input sequence transformers cannot use the complete source code,
it is a common assumption that they produce low-quality embedding.

Ding et al. [70] have studied the use of BERT for long input sequences and identified
the attention decay of a typical transformer model. A typical attention mechanism requires
high resources and becomes less effective over a long sequence. Thus, we may not achieve
higher performance even after using higher resources.

Therefore, we need to know whether the cost of long input sequence transformers is
justified. In this research question, we will investigate whether long input sequence trans-
formers produce better embedding or not. This study has used transformer models with
different sequence sizes. The maximum sequence size supported by those models is pre-
sented in Table 5.5 along with the average performance of all the bug-localization of models’
performance in six projects. We can observe that there is no trend among the models’ per-
formance except that CodeBERT performed poorly than all other models. To check the
observation, we conducted a pairwise Mann-Whitney test among the models. We found
that the MRR and MAP of the CodeBERT model is less than the MRR and MAP of
Long RoBERTa (p < 0.001), Long CodeBERT (p = 0.002 for MRR and p = 0.004 for
MAP) and Reformer (p < 0.001 for both MRR and MAP) model (Bonferroni corrected
a was 0.05/6 = 0.008). The comparison among the other models was not statistically
significant. The significant difference in performance among models may stem from their
sequence lengths, which are 2 to 5 times longer than CodeBERT’s and even 8 times longer
in LongCodeBERT’s case. This implies a higher computational cost for LongCodeBERT
without notable performance improvements. This observation may help the developers of
a bug localization tool when they have to balance between resource usage and performance
gain.

Takeaway 8: Maximum sequence length has a mixed impact on generated embeddings’
quality. The performance of transformers varies from project to project.

5.5 Threats to Validity

This section discusses potential threats to the validity of our case studies.

Internal Validity. In our study, we have trained embedding models on the BLDS dataset.
For creating the BLDS dataset, we have to link bug reports with appropriate fixes. For
linking bug reports with fixes (pull requests), we have followed the approach of Liwerski
et al. [2941]. However, this methodology is based on a heuristic, and a bug report might be
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associated with wrong pull requests and source code files. Moreover, in some cases, issues
such as coding style violations are also reported as bug reports. However, to mitigate the
issues, we verified the link between a bug report and pull requests by checking the pull
request’s attachments (if they exist). In our manual check, we found that typically non-
software bug-related pull requests update many files at once. Thus we have filtered out
all the pull requests that updated more than ten files. In this study, bug localization was
approached as a binary classification problem using a CNN model on top of embedding
models. Although ranking-based models are an option, their comparison with classification-
based models requires further investigation, which is beyond the scope of this study.

External Validity. A possible threat to external validity is that we evaluated the per-
formance of the embedding on only six projects. Moreover, all of these six projects are
from the same community (Apache). Thus, it is possible that the performance may not
represent the actual performance. However, bug reports from these six projects are often
used to benchmark the performance of the bug localization model. Thus, even if the result
is not generalizable, we can compare the result with other studies.

5.6 Conclusion

Our key takeaway is that the design choices in embedding creation significantly affect the
performance of deep learning (DL) similarity-based bug localization models. In this study,
we explored various design options for constructing multi-modal embeddings and evaluated
the model’s performance in both in-project and cross-project settings. Notably, we found
that larger transformers do not always yield better performance.

Future research could investigate alternative techniques, such as chunking, to handle
longer source code files effectively. Additionally, enhancing the performance of cross-project
bug localization models presents a valuable direction, especially given the high cost asso-
ciated with project-specific training.

5.7 Chapter Summary

Before addressing developers’ concerns and designing bug localization tools, it was essential
to understand the design choices and their impact. This chapter examines the design
decisions involved in training embedding models and their influence on performance. Our
findings highlight that data familiarity is a critical factor in achieving strong performance.
While this aligns with current practices, it also presents the challenge of needing to retrain
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the model for each new project, especially when labeled data is scarce or unavailable. In
the next chapter, we will explore how reinforcement learning techniques can overcome this
limitation and improve bug localization tools.
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Chapter 6

RLocator: Reinforcement Learning
for Bug Localization

Note. An earlier version of the work in this chapter appears in the IEEE Transac-
tions on Software Engineering (TSE) Journal.

6.1 Introduction

To increase developer productivity and automate bug localization, various tools have been
proposed in previous studies (e.g., Deeplocator [311], CAST [188], KGBugLocator [371],
BL-GAN [390]). A common characteristic of these methods is their reliance on similarity-
based approaches for identifying bugs. These techniques assess the similarity between
bug reports and source code files using different methods such as cosine distance [54],
Deep Neural Networks (DNN)[163], and Convolutional Neural Networks (CNN)[185]. The
source code files are then ranked according to their similarity scores. During the training
phase, the model is designed to optimize these similarity metrics. In contrast, in the testing
phase, the model is tested with ranking metrics (e.g., Mean Reciprocal Rank (MRR) or
Mean Average Precision (MAP)).

While most of these approaches showed promising performance, they optimize a metric
that indirectly represents the performance metrics. Prior studies [330, 10, , | found
that direct optimization of evaluation measures substantially contributes to performance
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improvement of ranking problems. Direct optimization is also efficient compared to op-
timizing indirect metrics [308]. Hence, we argue that it is challenging for the solutions
proposed by prior studies to sense how a wrong prediction would affect the performance
evaluation measures [330]. In other words, if we use the retrieval metrics (e.g., MAP) in
the training phase, the model will learn how each prediction will impact the evaluation
metrics. A wrong prediction will change the rank of the source code file and ultimately
impact the evaluation metrics.

Reinforcement Learning (RL) is a sub-category of machine learning methods where
labeled data is not required. In RL, the model is not trained to predict a specific value.
Instead, the model is given a signal about a right or wrong choice in training [302]. Based
on the signal, the model updates its decision. This allows RL to use evaluation measures
such as MRR and MAP in the training phase and directly optimize the evaluation metrics.
Moreover, because of using MRR/MAP as a signal instead of a label, the problem of
overfitting will be less prevalent. Markov Decision Process (MDP) is a foundational element
of RL. MDP is a mathematical framework that allows the formalization of discrete-time
decision-making problems [29]. Real-world problems often need to be formalized as MDP
to apply RL.

In this paper, we present RLocator, an RL technique for localizing software bugs in
source code files. We formulate RLocator into an MDP. In each step of the MDP, we use
MRR and MAP as signals to guide the model to optimal choice. We evaluate RLocator
on a benchmark dataset of six Apache projects and find that, compared with existing
state-of-the-art bug localization techniques, RLocator achieves substantial performance
improvement. While pinpointing the exact reasons for RL’s superior performance over
other supervised techniques can be challenging, RL learns more generalizable approaches,
especially in dynamic and complex environments. In comparison to supervised learning, it
learns approaches that are more adaptable to a variety of situations [81, |, which is a
form of generalization. Additionally, RL. demonstrates proficiency in scenarios where the
optimal solution is not clearly defined, showcasing its versatility across various tasks and
domains [302]. These factors can contribute to the superior performance of RLocator.

The main contributions of our work are as follows:

o We present RLocator, an RL-based software bug localization approach. The key tech-
nical novelty of RLocator is using RL for bug localization, which includes formulating
the bug localization process into an MDP.

o We provide an experimental evaluation of RLocator with 8 316 bug reports from six
Apache projects. When RLocator can localize, it achieves an MRR of 0.49 - 0.62,
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MAP of 0.47 - 0.59, and Top 1 of 0.38 - 0.46 across all studied projects. Additionally,
we compare RLocator’s performance with state-of-the-art bug localization methods.
RLocator outperforms FLIM [187] by 38.3% in MAP, 36.73% in MRR, and 23.68%
in Top K. Furthermore, RLocator exceeds BuglLocator [333] by 56.86% in MAP,
41.51% in MRR, and 26.32% in Top K. In terms of Top K, RLocator shows improved
performance over BL-GAN [390], with gains ranging from 55.26% to 3.33%. The
performance gains for MAP and MRR are 40.74% and 32.2%, respectively.

6.2 Motivation

Reinforcement Learning (RL) stands out for its ability to learn from feedback, a char-
acteristic that empowers models to self-correct based on the outcomes of their actions.
This feature finds widespread application, exemplified by platforms like Spotify, an au-
dio streaming service using RL to learn user preferences [211]. The model evolves and
adapts by presenting music selections and refining recommendations through user inter-
actions. The versatility of RL extends beyond entertainment; various companies [51] and
domains [300] leverage its capacity for iterative learning and adjustment.

The proficiency required for bug localization is often acquired through experience, with
seasoned developers exhibiting a faster bug-finding aptitude than their less experienced
counterparts [338]. Recognizing the significance of experience in bug localization, we pro-
pose the integration of reinforcement learning into this domain. By employing RL, a model
can present developers with sets of source code files as possible causes for a bug and learn
from their feedback to enhance their skill in localizing bugs in the software. In contrast to
conventional machine learning approaches, which rely solely on labeled data and lack easy
adaptability, reinforcement learning presents two distinct advantages: firstly, the ability to
learn from developer feedback, and secondly, the elimination of the requirement for labeled
data in real-world scenarios. Therefore, our research aims to incorporate reinforcement
learning into bug localization, leveraging its capacity to adapt and enhance performance
through iterative feedback.

6.3 Background

In this section, we describe terms related to the bug localization problem, which we use
throughout our study. Also, we present an overview of reinforcement learning.
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6.3.1 Bug Localization System

A typical bug localization system utilizes several sources of data, e.g., bug reports, stack
traces, and logs, to identify the responsible source code files. One particular challenge of
the system is that the bug report contains natural language, whereas source code files are
written in a programming language.

Typically, bug localization systems identify whether a bug report relates to a source code
file. To do so, the system extracts features from both the bug report and the source code
files. Previous studies used techniques such as N-gram [326, 217] and Word2Vec [118, 10]
to extract features (embedding) from bug reports and source code files. Other studies
(e.g., Devlin et al. [67]) introduced the transformer-based model BERT which has achieved
higher performance than all the previous techniques. One of the reasons transformer-based
models perform better in extracting textual features is that the transformer uses multi-head
attention, which can utilize long context while generating embedding. Previous studies
have proposed a multi-modal BERT model [83] for programming languages, which can
extract features from both bug reports and source code files.

A bug report mainly contains information related to unexpected behavior and how to
reproduce it. It mainly includes a bug ID, title, textual description of the bug, and version
of the codebase where the bug exists. The bug report may have an example of code, stack
trace, or logs. A bug localization system retrieves all the source code files from a source
code repository at that particular version. For example, assume we have 100 source code
files in a repository in a specific version. After retrieving 100 files from that version, the
system will estimate the relevance between the bug report and each of the 100 files. The
relevance can be measured in several ways. For example, a naive system can check how
many words of the bug report exist in each source code file. A sophisticated system can
compare embeddings using cosine distance [321]. After relevance estimation, the system
ranks the files based on their relevance score. The ranked list of files is the final output of
a bug localization system that developers will use.

6.3.2 Reinforcement Learning

In Reinforcement Learning (RL), the agent interacts with the environment through obser-
vation. Formally, an observation is called ‘State’, S. In each state, at time ¢, .S;, the agent
takes action A based on its understanding of the state. Then, the environment provides
feedback /reward R and transfers the agent into a new state Sy;;. The agent’s strategy to
determine the best action, which will eventually lead to the highest cumulative reward, is
referred to as policy [37, 302].
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The cumulative reward (until the goal/end) that an agent can get if it takes a specific
action in a certain state is called ) value. The function that is used to estimate the @
value is often referred as () function or Value function.

In RL, an agent starts its journey from a starting state and then goes forward by picking
the appropriate action. The journey ends in a pre-defined end state. The journey from
start to end state is referred to as episode.

From a high level, we can divide the state-of-the-art RL algorithms into two classes.
The first is the model-free algorithms, where the agent has no prior knowledge about the
environment. The agent learns about the environment by interacting with the environment.
The other type is the model-based algorithm. In a model-based algorithm, the agent uses
the reward prediction from the model instead of interacting with the environment.

The bug localization task is quite similar to the model-free environment as we cannot
predict/identify the buggy files without checking the bug report and source code files
(without interacting with the environment). Thus, we use model-free RL algorithms in
this study. Two popular variants of model-free RL algorithms are:

o Value Optimization: The agent tries to learn the Q value function in value optimiza-
tion approaches. The agent keeps the QQ value function in memory and updates it
gradually. It consults the QQ value function in a particular state and picks the action
that will give the highest value (reward). An example of the value optimization-based
approach is Deep Q Network (DQN) [302].

o Policy Optimization: In the Policy optimization approach, the agent tries to learn the
mapping between the state and the action that will result in the highest reward. The
agent will pick the action based on the mapping in a particular state. An example of
the policy optimization-based approach is Advantage Actor-Critic (A2C) [230, ].

A2C is a policy-based algorithm where the agent learns an optimized policy to solve
a problem. In Actor-Critic, the actor-model picks action. The future return (reward) of
action is estimated using the critic model. The actor model uses the critic model to pick the
best action in any state. Advantage actor-critic subtracts a base value from the return in
any timestep. A2C with entropy adds the entropy of the probability of the possible action
with the loss of the actor model. As a result, in the gradient descent step, the model tries
to maximize the entropy of the learned policy. Maximization of entropy ensures that the
agent assigns almost an equal probability to an action with a similar return.
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6.4 RLocator: Reinforcement Learning for Bug Lo-
calization
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Figure 6.1: Bug Localization as Markov Decision Process.

In this section, we discuss the steps we follow to use RLocator. First, we explain (in
Section 6.4.1) the pre-processing step required for using RLocator. Then, we explain (in
Section 6.4.2) the formulation steps of our design of RLocator. We present the overview
of our approach in Figure 6.1.
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6.4.1 Pre-process

Before using the bug reports and source code files to train the RL model, they undergo a
series of pre-processing steps. The steps are described in this section.

Input:The inputs to our bug localization tool are bug reports and source code files
associated with a particular version of a project repository. Software projects maintain a
repository for their bugs or issues (e.g., Jira, Github, Bugzilla). The first component, the
bug report, can be retrieved from those issue repositories.

Each bug report is typically linked to a specific version or commit SHA of the project’s
repository. First, we identify the buggy version mentioned in the bug report and collect
all source code files from that version of the repository. Next, we extract and concatenate
the title and description of the bug report. Finally, the concatenated title and description
are used as a query to retrieve the second component: the source code. In the training
phase, we compile bug reports and source code files into a dataset for subsequent usage.
Our dataset contains a set of bug reports where each bug report has its own set of source
code files. In real-world usage, RLocator directly accesses bug reports and source code
files from the repository. In Figure 6.1, we illustrate the input stage where we get the bug
report and source code files from the dataset.

Shortlisting source code files: The number of source code files in different versions of
the repository can be different. All of the source code files can be potentially responsible
for a bug. In this step, we identify K source code files as candidates for each bug. We
limited the candidates to K as we cannot pass a variable number of source code files to
the RL model. Moreover, given that RLocator primarily learns from developers’ feedback,
its usage can prove challenging for a developer with many candidate source code files.
To illustrate the issue, consider a repository with 700 files. RLocator presents files to
the developer one by one for relevance verification. This sequential approach significantly
prolongs the time taken to find a relevant file, resulting in a waste of developers’ time.
Consequently, it is crucial to limit the number of files shown to developers by providing a
shortlisted set for assessment.

To identify the K most relevant files, we use ElasticSearch (ES). ES is a search engine
based on the Lucene search engine project. It is a distributed, open-source search and
analytic engine for all data types, including text. It analyzes and indexes words/tokens
for the textual match and uses BM25 to rank the files matching the query. We use the ES
index for identifying the topmost k source code files related to a bug report. Following the
study by Liu et el. [192] (who used ES in the context of code search), we build an ES index
using the source code files and then queried the index using the bug report as the query.
Then, we picked the first k files with the highest textual similarities with the bug report.
We want to note that the goal of bug localization is to get the relevant files to be ranked
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as close to the 1% rank as possible. Hence, metrics like MAP and MRR can measure the
performance of bug localization techniques. While one can argue why we not only rely on
ES to rank the relevant files, we find that the MAP and MRR of using ES are poor. Our
RL-based technique learns from feedback and aims to rerank the output from ES to get
higher MAP and MRR scores. In Figure 6.1, we illustrated the candidate refinement step
where we query ElasticSearch using the bug report and use outputs to refine the candidate
source code files.

Filtration of bug report and source code files: One limitation of ES is that it
sometimes returns irrelevant files among the top k& most relevant source code files. When
there are no relevant files in the first £ files, it hinders RLocator training using developer
feedback and introduces noise. Therefore, we use an XGBoost-based binary classifier [50)]
to identify cases where ES may return no relevant files in the top k files. The rationale for
using XGBoost is twofold: (1) to optimize developer time by not presenting irrelevant files
and (2) to filter out noise during training.

ES-based filtering is not used because its similarity values are not normalized, and
cosine similarity is inapplicable to text data. We provide the XGBoost model with the
bug report and the top k£ files retrieved by ES to determine if any are relevant. If the
XGBoost model predicts no relevant files in the set, we exclude those bug reports and
their associated files. Each bug report is associated with its unique set of source code files,
so filtering one does not impact others.

To build the model, we study the most important features associated with the prediction
task. We consult the related literature on the field of information retrieval [206, 205, 177]
and bug report classification [32] for feature selection. The list of computed features is
presented in Table 6.1. For our dataset, we calculate the selected features and trained
the model using 10-fold cross-validation. The results show that our classifier model has a
precision of 0.78, a recall of 0.93, and an F1-score of 0.85. Additionally, the model is able
to correctly classify 91% of the dataset (there will be relevant source code files in the top
k files returned by ES).

After filtration, we pass each bug report and its source code files to RLocator. In
Figure 6.1, we have depicted the operational procedure of RLocator. The workflow com-
mences with a curated dataset containing bug reports and source code files. Subsequently,
we index the source code files into the ES index. From ES, we obtain bug reports and
shortlisted K source code files linked to those bug reports. Following this shortlisting, we
employ the XGBoost model to predict the presence of a relevant file within the top K files.
If at least one relevant file exists, we proceed to the next step by passing the bug reports
and filtered source code files.
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Table 6.1: Description and rationale of the selected features.

Feature

Description

Rationale

Bug Report Length

Length of the bug report.

Fan et al. [32] found that
it is hard to localize bugs
using a short bug report.
A short bug report will
contain little information
about the bug. Thus it
will be hard for the Elas-
ticSearch to retrieve source
code file responsible for
this bug.

Source Code Length

Median length of the
source code files associated
with a particular bug.
Note that we calculate the
string length of the source
code files after removing
code comments.

Prior studies [200, ]
found that calculating tex-
tual similarity is challeng-
ing for long texts. Length
of source code may con-
tribute to the performance
drop of ElasticSearch.

Stacktrace

Availability of stack trace
in the bug report.

Schroter et al. [280] found
that stacktraces in bug re-
ports can help the debug-
ging process as they may
contain useful information.
Availability of stacktraces
may improve the perfor-
mance of ElasticSearch.

Similarity

Ratio of similar tokens be-
tween a bug report and
source code files

Similarity indicates the
amount of helpful infor-
mation in the bug report.
We calculate the similarity
based on the equation
presented in Section 7.4.
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6.4.2 Formulation of RLocator

In the previous step, we have pre-processed the dataset for training the reinforcement
learning model. We shortlist £ most relevant files for each bug report. After that, we
identify the bug reports for which there will be no relevant files in top k files and filter out
those bug reports. Finally, we pass the top k relevant files to RLocator. In this section,
we explain how RLocator employs Reinforcement Learning for its bug localization. Our
approach is grounded in the belief that each bug report contains specific indicators, such
as terms and keywords, aiding developers in pinpointing problematic source code files. For
example, in Java code, we can get a nested exception (the exception that leads to another
exception, and another; an example is available in the online Appendix [19]). A developer
can identify the root exception and which method call (or any other code block) caused
that. After that, they can go for the implementation of that method in the source code
files. The process indicates that developers can identify and use the important information
from a bug report. Following prior studies [23, |, we formulate RLocator into a Markov
Decision Process (MDP) by dividing the ranking problem into a sequence of decision-
making steps. A general RL model can be represented by a tuple (S, A, 7, R, m), which is
composed of states, actions, transition, reward, and policy, respectively. Figure 6.1 shows
an overview of our RLocator approach. Next, we describe the formulation steps of each
component of RLocator.

States: S is the set of states. The RL model moves from one state to another state until
it reaches the end state. To form the states of the MDP, we apply the following steps:

Input:

The input of our MDP comprises a bug report and the top K relevant source code files
from a project repository. We use CodeBERT [33], a transformer-based model, to convert
text into embeddings, representing the text in a multi-dimensional space. CodeBERT is
chosen for its ability to handle long contexts, making it suitable for long source code files
where methods may be declared far from their usage. Unlike Word2Vec, which generates
static embeddings for words, CodeBERT generates dynamic embeddings for sequences,
capturing context during inference. This is crucial in source code files where variable use
depends on scope.

CodeBERT, trained on natural language and programming language pairs, handles both
programming and natural languages. Its self-attention mechanism assesses the significance
of individual terms, helping link bug reports to relevant source code files. For example,
in a Java nested exception, developers can identify the main exception and pinpoint the
responsible code block. RLocator relies on this self-attention mechanism to identify and
leverage these informative cues effectively.
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In our approach, as shown in Figure 6.1, the embedding model processes bug reports
and source code files, generating embeddings for the source code files F}, I5, ..., F}, and the
bug report R.

Concatenation: After we obtain the embedding for the source codes and the bug
report, we concatenate them. As prior studies [109, | suggest combining distinct sets
of features through concatenation and processing them with a linear layer enables effective
interaction among the features. Furthermore, feature interaction is fundamental in deter-
mining similarity [388, |. Thus, with the goal of calculating the similarity between a
bug report and a source code file pair, we concatenate their embedding. Given our example
in Figure 6.1, we concatenate the embedding of Fy, F5, ..., and F}, with the embedding of
bug report R independently. This step leads us to obtain the corresponding concatenated
embedding F4, Es, ..., and Ej, as shown in Figure 6.1.

Note that each state of the MDP comprises two lists: a candidate list and a ranked list.
The candidate list contains the concatenated list of embedding. As shown in our example
in Figure 6.1, the candidate list contains Ey, Es, ..., and Fj. In the candidate list, source
code embeddings (code files and bug reports embedding concatenated together) are ranked
randomly. The other list is the ranked list of source code files based on their relevance
to the bug report R. Initially (at State;), the candidate list is full, and the ranked list is
empty. In each state transition, the model moves one embedding from the candidate list
to the ranked list based on their probability of being responsible for a bug. In the final
state, the ranked list will be full, and the candidate list will be empty. We describe the
process of selecting and ranking a file in detail in the next step.

Actions: We define Actions in our MDP as selecting a file from the candidate list and mov-
ing it to the ranked list. Suppose at the timestep ¢; the RL model picks the embedding Ej,
then the rank of that particular file will be ¢. In Figure 6.1 at the timestamp 1, the model
picks concatenated embedding of file 5. Thus, the rank of F5 will be 1. As in each times-
tamp, we are moving one file from the candidate list to the ranked list; the total number of
files will be equal to the number of states and the number of actions. For identifying the
potentially best action at any timestamp ¢, we use a deep learning (DL) model (indicated
as Ranking Model in Figure 6.1), which is composed of a Convolutional Neural Network
(CNN) followed by a Long Short-Term Memory (LSTM) [113]. Following [244, 125, 121],
we use CNN to establish the connection between source code files and bug reports and
extract relevant features. As mentioned earlier, developers acquire the ability to recognize
cues and subsequently employ them to establish the association between source code files
and bug reports. The CNN facilitates the second stage of bug localization, which involves
extracting important features. The input of the CNN is the concatenated embedding of
both bug reports and each source code file, and the output of CNN is extracted features
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from the combined embedding of bug reports and source code files. The features are later
used to calculate relevance.

On the other hand, LSTM [107] intends to make the model aware of a restriction,
which we call state awareness. That is, in each timestamp, the model is allowed to pick
the potentially best embedding that has not been picked yet, i.e., if a file is selected at
State;, it cannot be selected again in a later state (i.e., State;;;j > 1). The LSTM
retains the state and aids the RL agent in choosing a subsequent action that does not
conflict with prior actions. Thus, following previous studies [108, 25], we use an LSTM to
make the model aware of previous actions. The LSTM takes a set of feature vectors as
input and outputs the id of the source code file most suitable for the current state.

Transition: 7(S, A) is a function 7 : S x A — S which maps a state s; into a new state
Spv1 in response to the selected action a,. Choosing an action a; means removing a file
from the candidate list and placing it in the ranked list.

Reward: A reward is a value provided to the RL agent as feedback on their action.
We refer to a reward received from one action as return. The RL technique signals the
agent about the appropriate action in each step through the Reward Function, which can
be modeled using the retrieval metrics. Thus, the RL agent can learn to optimize the
retrieval metrics through the reward function. We consider two important factors in the
ranking evaluation: the position of the relevant files and the distance between relevant files
in the ranked list of embedding. We incorporated both factors in designing the reward
function shown below.

M % file relevance | ,
R(S,4) = log,(t + 1) * distance(s)’ if As

an action that has not been selected be fore

R(S, A) = —log,y(t + 1); otherwise (6.2)

distance(S) = Avg.(Distance between currently
picked subsequent related files) (6.3)

In Equations 6.1 and 6.2, t is the timestamp, S is State and A is Action. Mean reciprocal
rank (MRR) measures the average reciprocal rank of all the relevant files. In Equation 6.1,
% represents the MRR. The use of a logarithmic function in the equation is
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Figure 6.2: Effect of M in the reward-episode graph.

motivated by previous studies [100, 318], which found that it leads to a stable loss. When
the relevant files are ranked higher, the average precision tends to be higher. To encourage
the reinforcement learning system to rank relevant files higher, we introduce a punishment
mechanism if there is a greater distance between two relevant files. By imposing this
punishment on the agent, we incentivize it to prioritize relevant files in higher ranks, which
in turn contributes to the Mean Average Precision (MAP).

We illustrate the reward functions with an example below. Presuming that the process
reaches State Sg and the currently picked concatenated embeddings are Fy, Ey, E3, Ey, E5, Fg
and their relevancy to the bug report is (0,0,1,0,1,1). This means that these embeddings
(or files) ranked in the 37, 5™ and 6™ positions are relevant to the bug report. The
position of the relevant files are (3,5,6), and the distance between them is (1,0). Hence,
distance(Ss) = Avg.(1,0) = 0.5. If the agent picks a new relevant file, we reward the
agent M times the reciprocal rank of the file divided by the distance between the already
picked related files. In our example, the last picked file, Fy4’s relevancy is 1. Thus, we
have the following values for Equation 6.1: distance(Ss) = 0.5; logy(6 + 1) = 2.8074;
file relevance = 1. Note that M is a hyper-parameter. We find that three as the value
of M results in the highest reward for our RL model. We identify the best value for M by
experimenting with different values (1, 3, 6, and 9). Figure 6.2 shows the resulting reward-
episode graph using different values of M. Hence, given M = 3, the value of the reward
function will be R(S, A) = 5giat— = 2.14. The reward can vary between M to ~ 0. A
higher value of the reward function indicates a better action of the model. Finally, in the
case of optimal ranking, the distance(S) will be zero. We handle this case by assigning a
value of 1 for distance(S). Even though we are using MRR and MAP as optimization goals
we do not require labeled data. Instead, it learns from developers’ feedback. It presents a
limited set of files to the developer, seeking their feedback. If a developer deems a specific

79



file as relevant, they can click on it. This click feedback signifies the file’s relevance within
the set. RLocator leverages this input at Equation 6.1 and learns the process of bug local-
ization. Incorporating developers’ feedback may cause some inconvenience. However, all
machine learning models are prone to data drift [260, , 12], where initial training data
no longer matches current data, leading to declining performance. RLocator addresses this
by continuously updating its learning based on developers’ feedback. Please note that if
developers do not provide any feedback, we will not be able to use that particular session
for training.

We limit the number of actions to 31 in RLocator. Since the number of states equals the
number of actions, we also limit the number of states to 31. The prediction space of a
reinforcement learning agent cannot be variable, and the number of source code files is
variable. Thus, we must fix the number of actions, k, to a manageable number that fits
in memory. We use an Nvidia V100 16 GB GPU and found that with more than 31 ac-
tions, training scripts fail due to out-of-memory errors. Therefore, we set K = 31 to keep
the state size under control. As mentioned in Section 6.4.1, we select the top 31 relevant
source code files from ES and pass them to RLocator, ensuring the number of states and
files remains the same.

6.4.3 Developers’ Workflow

™
CoNet A
""""""""""" > Localizable | <>
@ ® Developer's
Bug Report . ® Action
File,
File,
) Fileg
Filey ®
File, RLocator File
Files Ranked Source Developer's
Code Files Feedback
Filek
Source Code
Files

Figure 6.3: Developer interaction flow.

Figure 6.3 illustrates the interaction flow of developers using RLocator, which is rep-
resented as a central black box in the diagram. Details of RLocator are presented in
Figure 6.1. The process begins with RLocator receiving two primary inputs: a bug report
and all the source code files, labeled as 1 and 2, respectively, in the figure. After processing
these inputs, RLocator outputs a ranked list of 31 source code files, indicated by step #4.
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Developers then review this list to identify and select files that may contain bugs; an ex-
ample is shown when a developer selects F'iles, noted as step #5. This selection serves as
feedback to RLocator, marked by step #6, aiding in refining its bug localization strategy.
The feedback from developers is expressed as a binary value: files that developers open
are marked with a 1, and all other files are marked with a 0. Additionally, the system can
also indicate its inability to localize a bug for a given report, as shown by step #3. This
ongoing loop allows RLocator to stay updated with changes in techniques and patterns,
enhancing its bug localization performance.

6.5 Dataset and Evaluation Measures

In this section, we discuss the dataset used to train and evaluate our model (section 6.5.1).
Then, we present the evaluation metrics we use for evaluation (section 6.5.2).

6.5.1 Dataset

In our experiment, we evaluate our approach on six real-world open-source projects [363],
which are commonly used benchmark datasets in bug localization studies [187, 374]. Prior
work has shown that this dataset has the lowest number of false positives and negatives
compared to other datasets [173, 73, , , ]. Following previous studies, we train
our RLocator model separately for each of the six Apache projects (AspectJ, Birt, Eclipse
Platform UI, JDT, SWT, Tomcat). Table 6.2 shows descriptive statistics on the datasets.

The dataset contains metadata such as bug ID, description, report timestamp, commit
SHA of the fixing commit and buggy source code file paths. Each bug report is associated
with a commit SHA /version, and we use a multiple version set matching approach to
exclusively utilize the source code files linked to each specific report [173]. This approach
closely resembles the bug localization process done by developers and reduces noise in the
dataset, improving tool performance.

We identify the version containing the bug from the commit SHA and collect all relevant
source code files from that version, excluding the bug-fixing code. This ensures our bug
localization system closely mimics real-world scenarios.

For training and testing, we use 91% of the data, sorting the dataset by the date of
bug reports and splitting it 60:40 for training and testing, respectively. Unlike previous
studies [347] that used a 60:20:20 split, we repurpose validation data for testing to shorten
the training duration.
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Table 6.2: Dataset statistics.

7# of Bug Avg. # of Buggy

Project
Reports Files per Bug
AspectJ 593 4.0
Birt 6,182 3.8
Eclipse Ul 6,495 2.7
JDT 6,274 2.6
SWT 4,151 2.1
Tomcat 1,056 2.4

6.5.2 Evaluation Measures

The dataset proposed by Ye et al. [363] provides ground truth associated with each bug
report. The ground truth contains the path of the file in the project repository that
has been modified to fix a particular bug. To evaluate RLocator performance, we use the
ground truth and analyze the experimental results based on three criteria, which are widely
adopted in bug localization studies [383, , , , H4].

« Mean Reciprocal Rank (MRR): To identify the average rank of the relevant
file in the retrieved files set, we adopted the Mean Reciprocal Rank. MRR is the
average reciprocal rank of the source code files for all the bug reports. We present
the equation for calculating MRR below, where A is the set of bug reports.

1 1
MRR = +—
1%

Least rank of the relevant files

(6.4)

Suppose we have two bug reports, report; and report,. For each bug report, the
bug localization model will rank six files. For report; the ground truth of the re-
trieved files are [0,0,1,0,1,0] and for report, the ground truth of the retrieved files
are [1,0,0,0,0,1]. In this case, the least rank of relevant files is 3 and 1, respectively,
for report; and reports. Now, the M RR = %(é + %) =0.67
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o Mean Average Precision (MAP): To consider the case where a bug is associated
with multiple source code files, we adopted Mean Average Precision. It provides a
measure of the quality of the retrieval [383, ]. MRR considers only the best rank
of relevant files; on the contrary, MAP considers the rank of all the relevant files
in the retrieved files list. Thus, MAP is more descriptive and unbiased than MRR.
Precision means how noisy the retrieval is. If we calculate the precision on the first
two retrieved files, we will get precision@2. For calculating average precision, we
have to figure precision@1, precision@2,... precision@k, and then we have to average
the precision at different points. After calculating the average precision for each bug
report, we have to find the mean of the average precision to calculate the MAP.

r

MAP =
Al

> AvgPrecision(Report;) (6.5)
A

We show the MAP calculation for the previous example of two bug reports. The
Average precision for report; and reporty will be 0.37 and 0.67. So, the MAP =
£(0.36 + 0.67) = 0.52

» Top K: For fare comparison with prior studies [121, 125] and to present a straightfor-
ward understanding of performance we calculate Top K. Top K measures the overall
ranking performance of the bug localization model. It indicates the percentage of
bug reports for which at least one buggy source appears among the top K positions
in the ranked list generated by the bug localization tool. Following previous studies
(e.g., [121, 125]), we consider three values of K: 1, 5, and 10.
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Table 6.3: RLocator performance.

. Top 1 Top 5 Top 10 MAP MRR
Project Model
91% 100% 91% 100% 91% 100% 91% 100% 91% 100%
RLocator 0.46 040 0.69 0.63 0.75 0.70 056 046 0.59 0.50
BugLocator 0.36 0.28 0.50 045 056 051 033 031 049 048
AspectJ
FLIM 051 036 0.65 0.60 0.72 0.67 041 035 047 045
CodeBERT 0.4 035 059 055 0.65 0.61 049 039 051 044
BL-GAN 0.41  0.38 0.6 055 071 0.65 033 031 042 0.39
RLocator 0.65 025 046 041 053 048 047 038 049 041
BugLocator 0.61 0.15 027 021 034 029 030 030 039 0.38
Birt
FLIM 049 018 039 034 047 042 029 025 031 0.28
CodeBERT 0.33 022 039 035 046 043 041 033 042 0.35
BL-GAN 0.17 0.16 0.33 0.3 046 042 032 0.29 0.4 0.37
RLocator 045 037 069 063 078 073 054 042 0.59 0.50
BugLocator 045 0.33 054 049 063 058 029 030 038 0.35
Eclipse Platform UI
FLIM 048 041 072 0.67 080 075 051 048 0.52 0.53
CodeBERT 0.39  0.32 0.6 055 0.68 0.62 047 036 052 044
BL-GAN 0.34 0.31 0.53  0.49 0.66 0.61 032 0.3 0.4 0.36
RLocator 0.44 033 067 0.61 078 075 051 044 053 045
BugLocator 0.3¢ 021 051 045 060 055 022 020 031 0.28
JDT
FLIM 040 035 0.65 0.60 0.82 0.77 042 041 051 049
CodeBERT 0.38 029 0.59 054 068 066 044 038 046 0.39
BL-GAN 0.3 027 053 048 0.64 059 035 032 044 041
RLocator 0.40 030 057 051 0.63 058 048 042 051 0.44
BugLocator 0.37 0.25 050 045 056 051 042 040 046 043
SWT
FLIM 051 037 070 0.65 0.83 0.78 043 043 048 0.50
CodeBERT 0.34  0.27 0.5 045 054 051 042 037 045 0.39
BL-GAN 0.31 0.29 0.53  0.48 0.6 0.55 0.37 0.34 044 04
RLocator 046 039 061 055 073 068 059 047 0.62 0.51
BugLocator 0.40 029 043 038 055 050 031 027 037 0.35
Tomecat
FLIM 0.51 042 070 0.65 0.76 0.71 052 047 0.59 0.60
CodeBERT 039 034 053 049 0.62 0.6 051 041 053 044
BL-GAN 0.38 0.35 0.61 0.55 0.65 0.61 043 04 0.55 0.5




6.6 RULocator Performance

We evaluate RLocator on the hold-out dataset using the metrics described in Section 6.5.2.
As there has been no RL-based bug localization tool, we compare RLocator with three
state-of-the-art bug localization tools: BugLocator, FLIM, and BL-GAN.

A short description of the approaches is presented below.

« BuglLocator [333]: an IR-based tool that utilizes a vector space model to identify the
potentially responsible source code files by estimating the similarity between source
code file and bug report.

o FLIM [I187]: a deep-learning-based model that utilizes a large language model like
CodeBERT.
o BL-GAN [390]: uses generative adversarial strategy to train an attention-based trans-

former model.

We use the original implementations to assess the performance of BugLocator [383]

and FLIM [187]. Additionally, we fine-tune a CodeBERT [33] model as a baseline to
demonstrate the benefits of using reinforcement learning. For tools like CAST [1858], KG-
BugLocator [371], and BL-GAN [390], which lack replication packages, we refer to their

respective studies. These studies show that KGBugLocator outperforms CAST, and BL-
GAN outperforms KGBugLocator. Consequently, we replicate BL-GAN based on its study
descriptions.

Regarding FBL-BERT [54], a recent technique, we do not compare it with RLocator.
This is because FBL-BERT performs bug localization at the changeset level, and applying
it to our file-level dataset would disadvantage FBL-BERT, as it is designed for shorter
documents. Therefore, comparing it with RLocator would be unfair.

Furthermore, other studies, such as DeepLoc [317], bjXnet [102], CAST [1858], KGBu-
gLocator [371], and Cheng et al. [53], also propose deep learning-based approaches but do
not provide replication packages. Although these studies evaluate similar projects, the lack
of available code or pre-trained models prevents further comparison. However, to ensure
comprehensive information, we include a table in our online appendix [19] displaying their
performance alongside RLocator.
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6.6.1 Retrieval performance

We use k=31 relevant files in RLocator, allowing us to rerank files for 91% of the bug re-
ports. Table 6.3 shows RLocator’s performance on 91% and 100% of the data. RLocator is
not designed for 100% data as it cannot rerank files if no relevant files are in the top k files.
For such cases, we estimate performance assuming zero contribution, providing a lower
bound for RLocator’s effectiveness. This conservative approach ensures we do not over-
estimate the technique’s effectiveness. Table 6.3 showcases that RLocator achieves
better performance than BugLocator and FLIM in both MRR and M AP across
all studied projects when using the 91% data. On 91% data, RLocator outperforms
FLIM by 5.56-38.3% in MAP and 3.77-36.73% in MRR. Regarding Top K, the performance
improvement is up to 23.68%, 15.22%, and 11.32% in terms of Top 1, Top 5, and Top 10,
respectively. Compared to BuglLocator, RLocator achieves performance improvement of
12.5 - 56.86% and 9.8% - 41.51%, in terms of MAP and MRR, respectively. Regarding
Top K, the performance improvement is up to 26.32%, 41.3%, and 35.85% in terms of
Top 1, Top 5, and Top 10, respectively. The results indicate that RLocator consistently
outperforms BL-GAN in 91% settings across all metrics. Specifically, in the TopK mea-
surements, RLocator’s performance exceeded that of BL-GAN, with improvements ranging
from 55.26% to 3.33%. Additionally, RLocator achieved performance gains of 40.74% in
MAP and 32.2% in MRR, respectively.

The results point out that RLocator outperforms BL-GAN across all the metrics in
91% settings. Specifically, in TopK, RLocator achieved better performance than BL-GAN,
ranging from 3.33% to 55.26%. The performance gain is 40.74% and 32.2% for MAP and
MRR, respectively.

Compared to the CodeBERT model trained as a classifier (CodeBERT), RLocator
achieves better performance across all the metrics. CodeBERT model archives consistently
lower performance across all the metrics. The performance drops up to 17.65%, 15.63%,
17.95%, 17.14%, and 16.67% for Topl, Top5, Top 10, MAP, and MRR, respectively.

When we consider 100% of the data, RLocator has better MAP results than FLIM in
three out of the six projects (AspectJ, Birt, and JDT) by 6.82-34.21%, equal to FLIM in one
project (Tomcat) and worse than FLIM in 2 projects (Eclipse Platform UI and SWT) by
2-14%. The underperformance of RLocator in the Eclipse Platform Ul and SWT projects
can be linked to the poor and inconsistent quality of bug reports, which creates a significant
lexical gap between the reports and the source code. By applying the IMaChecker [290]
approach, we discovered that AspectJ reports are of the highest quality, whereas those for
Eclipse Platform UI, SWT, and Tomcat rank among the lowest. For a detailed analysis of
bug report quality, please refer to the online Appendix [19]. In terms of MRR, RLocator is
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better than FLIM in 2 projects (AspectJ and Birt) by 10-31.71% and worse than FLIM in
the remaining four projects (Eclipse platform UI, JDT, SWT, and Tomcat) by 6-18%. In
terms of Top K, RLocator ranks 4.29-12.5% more bugs in the top 10 positions than FLIM
in two projects. On the other hand, in the rest of the four projects, FLIM ranks more bugs
in the top 10 positions, ranging between 2.74 - 34.48%. When comparing RLocator with
BugLocator for the 100% data along MAP, we find that the RLocator is better in five of
the six projects and similar in just the Tomcat project. With respect to MRR, RLocator is
better than BugLocator in all six projects. In terms of Top K, RLocator ranks more bugs
than BugLocator in the top 10 position, where the improvement ranges between 12.07
-39.58%. The results demonstrate that RLocator consistently surpasses BL-GAN in all
metrics in the 100% setting. Specifically, in the TopK metric, RLocator’s performance was
better than BL-GAN, with improvements ranging from 3.33% to 36%. The performance
enhancements for RLocator are 32% in MAP and 1.96% in MRR, respectively.

It is important to note that MAP provides a more balanced view than MRR and top
K since it accounts for all the files that are related to a bug report and not just one file.
Additionally, in our technique, we optimize to give more accurate results for most of the
bug reports than give less accurate results on average for all the bug reports. Thus, by
looking at the MAP data for the 91%, we can see that RLocator performs
better than the state-of-the-art techniques in all projects. Even if we consider
100% of the data, RLocator is still better than other techniques in the majority
of the projects. Only with 100% of the data and when using MRR as the evaluation
metric, RLocator does not perform better than the state-of-the-art in most projects.

RLocator performs the worst in the Birt project, with a performance drop of 10.47%
in MAP, 11.71% in MRR, and 41.42% in the top 10 compared to its average on 91% of
the data. Despite this, RLocator outperforms FLIM by 38.3% in MAP, 36.73% in MRR,
and 11.32% in the top 10. It also surpasses BugLocator by 36.17% in MAP, 20.41% in
MRR, and 35.85% in the top 10. Factors like bug report quality, amount of information
in the bug report, and source code length may contribute to the performance drop. We
measure helpful information in bug reports using a similarity metric, which calculates the
ratio of similar tokens between source code files and bug reports, indicating the potential
usefulness of the report for bug localization. The metric is defined in equation 6.6.

Bug Report Tokens N File T'okens
# of Unique Tokens in Bug Report

(6.6)

Similarity =

The median similarity scores for the Birt, Eclipse Platform Ul, and SWT projects are
0.29, 0.30, and 0.33, respectively, making them the lowest among the six projects. This
observation suggests that the lower quality of bug reports (reflected in their similarity to

87



StackTrace

Bug Report Length

Features

Source Code Length

Similarity

0 25 50 75 100 125 150 175 200
Weight

Figure 6.4: Feature importance of classifier model.

source files) may contribute to the decreased performance of RLocator in these projects.

To effectively use RLocator in real-world scenarios, we employ an XGBoost model
(Section 6.4.1) to filter out bug reports where relevant files do not appear in the top K (=31)
files. We then compute the importance of features listed in Table 6.1 using XGBoost’s
built-in module. The importance score indicates each feature’s contribution to the model,
with higher values signifying greater importance. Figure 6.4 shows that similarity is the
most crucial feature, followed by source code length and Bbg report length. These findings
highlight the importance of similarity in text-based search systems and suggest that high-
quality bug reports can influence localization performance.

6.6.2 Entropy Ablation Analysis: Impact of Entropy on RLoca-
tor performance

We conduct an ablation study to gain insights into the significance of each component of
RLocator. The main two components of RLocator are the ES-based shortlisting step and
the reinforcement learning step.

In RL, we have used the A2C with entropy algorithm. Entropy refers to the unpredictability
of an agent’s actions. A low entropy indicates a predictable policy, while high entropy
represents a more random and robust policy. An agent in RL will tend to repeat actions
that previously resulted in positive rewards while learning the policy. The agent may
become stuck in a local optimum due to exploiting learned actions instead of exploring
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Table 6.4: RLocator performance with and without Entropy for A2C.

Project Model Top 1 Top 5 Top 10 MAP MRR
ES 0.15 020 028 023 027
AspectJ A2C 027 039 048 040 0.52

A2C with Entropy  0.46  0.69 0.75  0.56 0.59

ES 0.10 0.14 0.17 0.18 0.23
Birt A2C 0.21  0.30 0.43 0.31 0.42
A2C with Entropy  0.38  0.46 0.53 0.47  0.49
ES 0.09 0.15 0.19 0.25 0.31

Eclipse
Platform UI A2C 0.25 0.38 0.51  0.39 0.51

A2C with Entropy  0.45  0.69 0.78 0.54  0.59

new ones and finding a higher global optimum. This is where entropy comes useful: we
can use entropy to encourage exploration and avoid getting stuck in local optima [7].
Because of this, entropy in RL has become very popular in the design of RL approaches
such as A2C [134]. In our proposed model (Section 6.6.1), we use A2C with entropy to
train the RLocator aiming to rank relevant files closer to each other. As entropy is part
of the reward, the gradient descent process will try to maximize the entropy. Entropy will
increase if the model identifies different actions as the best in the same state. However,
those actions must select a relevant file; otherwise, the reward will be decreased. Thus,
if there are multiple relevant files in a state, the A2C with entropy regularized model
will assign almost the same probability in those actions (actions related to selecting those
relevant files). This means that when the states are repeated, a different action will likely
be selected each time. This probability assignment will lead to a higher MAP.

The observed performance of RLocator in achieving higher MAP can be interpreted due
to two factors: 1) the way we design our reward function, given that we define a function
that aims to encourage higher MAP; 2) the inclusion of entropy, as entropy regularization
is assumed to enable the model to achieve higher MAP.
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Hence, to provide a better understanding of our model, we measure the performance
of three different steps of our model separately. The ES-based shortlisting step, the A2C-
based RL model (without entropy), and the A2C with entropy model. Due to resource
(time and GPU) limitations, we limit our evaluation to half of the total projects in our
dataset, i.e., AspectJ, Birt, and Eclipse Platform UI. We observe a similar trend in those
three projects. Thus, we believe our results will follow a similar trend in the remaining
projects.

Table 6.4 presents the performance of the three choices (i.e., ES, A2C only, and A2C
with Entropy). Table 6.4 shows that ES archives the baseline performance, which is 53-
61% lower than the A2C with entropy model in terms of MAP and 47-54% lower in terms
of MRR. We also find that the MRR and MAP of the models without entropy are lower
than those of the A2C with entropy models. Table 6.4 shows that in terms of MAP, the
performance of A2C with entropy models is higher than A2C models by a range of 27.78-
34.04%. In MRR and the top 10, the A2C with entropy model achieves higher performance
by a range of 11.86-13.56% and 18.87 - 36%, respectively. Such results indicate that entropy
could substantially contribute to the model performance regarding MAP, MRR, and Top
K. Moreover, this shows that the use of entropy encourages the RL agent to explore possible
alternate policies [219]; thus, it has a higher chance of getting a better policy for solving
the problem in a given environment than the A2C model.

6.7 Threats to Validity

RLocator has a number of limitations as well. We identify them and discuss how to over-
come the limitations below.

Internal Validity. One limitation of our approach is we are not able to utilize 9% of our
dataset due to the limitation of text-based search. One may point out that we exclude the
bug reports where we do not perform well. But our the XGBoost model in our approach
automatically identifies them and we say that we would rather not localize the source code
files for these bug reports than localize them incorrectly. Hence, developers need to rely
on their manual analysis only for the 9%. Moreover, as a measure of full transparency, we
estimate the lower bound of RLocator performance for the 100% data and show that the
difference is negligible.

External Validity. The primary concern for the external validity of the RLocator evalua-
tion stems from its limitation to a small number of bugs in six varied, real-world open-source
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projects, potentially impacting its broad applicability. However, those projects are from
different domains and used by prior studies [34, , , , , |. Furthermore, the
A2C without entropy model was only evaluated on three projects because of the substantial
resources required for training—taking about four days on an Nvidia V100 16GB GPU.
The uniform outcomes across these projects indicate that similar results could be expected
in the remaining projects. Additionally, due to the absence of a replication package, we
replicated BL-GAN based on its description in the original study, which may lead to slight
performance deviations. Nevertheless, after experimenting with various hyperparameters,
we selected a set that achieves comparable performance to that reported in the original
study.

Construct Validity. Finally, our evaluation measures might be one threat to construct
validity. The evaluation measures may not completely reflect real-world situations. The
threat is mitigated by the fact that the used evaluation measures are well-known [51,

, , | and best available to measure and compare the performance of information
retrieval-based bug localization tools.

6.8 Conclusion

In this paper, we propose RLocator, a reinforcement learning-based (RL) technique to rank
the source code files where the bug may reside, given the bug report. The key contribution
of our study is the formulation of the bug localization problem using the Markov Decision
Process (MDP), which helps us to optimize the evaluation measures directly. We evaluate
RLocator on 8,316 bug reports and find that RLocator performs better than the state-
of-the-art techniques when using MAP as an evaluation measure. Using 91% bug reports
dataset, RLocator outperforms prior tools in all the project in terms of both MAP and
MRR. When using 100% data, RLocator outperforms all prior approaches in four of six
projects using MAP and two of the six projects using MRR. RLocator can be used along
with other bug localization approaches to improve performance. Our results show that
RL is a promising avenue for future exploration when it comes to advancing state-of-
the-art techniques for bug localization. Future research can explore the application of
advanced reinforcement learning algorithms in bug localization. Additionally, researchers
can investigate how training on larger datasets impacts the performance of tools in low-
similarity contexts.
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6.9 Chapter Summary

This chapter introduces a reinforcement learning-based approach aimed at reducing bug
localization tools’ reliance on labeled data. By learning directly from developer feedback,
our method becomes more effective for new projects, particularly those lacking high-quality
or sufficient labeled data. This addresses a key concern from developers regarding the
performance of bug localization tools in such scenarios. In the next chapter, we will
explore how to scale bug localization tools for cross-project and cross-language applications
by enhancing the model’s generalizability.
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Chapter 7

Bug Localization in Cross-Language
and Cross-Project Settings

Note. An earlier version of the work in this chapter is under submission in the IEEE
Transactions on Software Engineering (TSE) Journal.

7.1 Introduction

While previous works (e.g., [184, , , , 390]) have introduced numerous bug local-
ization tools, they rely heavily on labeled data and often require retraining for each new
project, which limits their cross-project applicability[156, 284]. Although progress has been
made with tools that leverage transfer learning to generalize across different projects (e.g.,
[125, ]), they still require labeled data from new projects for retraining. Furthermore,
these tools have primarily been tested in single-language environments, raising questions
about their effectiveness in cross-project bug localization across multiple programming
languages.

Recent studies have highlighted that Large Language Models (LLM) provide detailed
and context-rich representations for code retrieval tasks and bug diagnosis [33, 99]. This
improved representation can enhance the ability of bug localization tools to accurately
link bug reports with the corresponding source code files by integrating context-sensitive
semantic understanding [54, 75]. However, such methods still encounter two major chal-
lenges. Firstly (Challenge 1: Limited Context Window), the typical context window
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of LLMs, which ranges from 512 to 2,048 tokens, is insufficient when compared to the
average token length of 2,536 for a single source code file in common datasets [363].

Secondly (Challenge 2: Mapping Accuracy), such methods struggle to accurately
map bug reports to the relevant buggy source code file, as illustrated in Figure 7.1a, where
the ideal non-overlapping distribution between buggy and non-buggy source code is not
achieved. For this challenge, we highlight the need to prioritize the importance of source
code files within projects. Consider the scenario depicted in Figure 7.2, where a font issue
involves four files. The model erroneously associates the bug with ‘ThemeManager.java,’
an irrelevant file, and misses ‘FontController.java,” which is crucial to the issue. Focused
learning from such challenging examples can improve the model, aligning the representa-
tions of buggy source code files more closely with the bug report.

To overcome the above two challenges, we propose BLAZE, an approach that employs:

- Dynamic Chunking: Using dynamic programming, BLAZE segments source code
at the boundaries of source code component declarations (e.g., class, interface, and
method) to minimize continuity loss and adhere to context length constraints. We
design these segments to be placed at component edges to prevent overlapping, resolv-
ing issues of continuity loss and excessive resource consumption caused by repetitive
tokens.

- Hard Example Learning: BLAZE employs a GPT-based bug localization model
tailored for identifying bugs across multiple languages and projects. We fine-tune
it by prioritizing complex bugs (hard examples). BLAZE identifies such cases while
tuning out less relevant outliers, which enhances the ability of BLAZE to generalize
across different projects and languages and identifies critical misclassifications [258,

]. As demonstrated in Figure 7.1b, we find that the fine-tuning method could
minimize the similarity overlap between buggy and non-buggy code files.

BLAZE localizes bugs at the file level, narrowing the search space for faster bug lo-
calization and seamless integration with version control systems [272, . We chose
file-level localization for BLAZE to avoid the complexity (e.g., tracking changes in finer
granularity [294, 38|, hierarchical dependency of changes [105]) and overhead associated
with method or commit-level approaches. This balance enhances both accuracy and us-
ability [262, |. Additionally, higher granularity bug localization often leads to more
false positives, which negatively impacts developers’ experience [395].

To evaluate the capability of BLAZE across languages, we compile BEETLEBOX, the most
extensive cross-language and cross-project bug localization dataset to date, to the best of
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Figure 7.1: Kernel Density Estimate plot showing the distribution of similarities between
buggy and non-buggy source code files and bug reports.

our knowledge. BeetleBox comprises 26,321 bugs that we mine from 29 real-world and
thriving projects across five widely used programming languages: C++, Java, JavaScript,
Python, and Go.

We evaluate the performance of BLAZE using three bug localization benchmarks, namely
SWE-Bench [136], Ye et al. [363], and BEETLEBoX, which together encompass 31,745
bugs from 36 real-world software projects. BLAZE achieves up to 141% better Top 1
accuracy and 107.69% better MAP than three traditional cross-project bug localization
tools [125, 383, 388]. Compared to modern language model-based tools [54, 75, 235],
BLAZE achieves improvements of up to 63% in Top 1 and 69% in MAP. Moreover, we
conduct an extensive ablation study, which confirms that our newly designed pipeline and
fine-tuning techniques enhance performance. The results show that different components of
our pipeline substantially contribute to improving bug localization performance to different

degrees.

Contributions. In summary, this paper makes the following key contributions:

« We introduce a novel bug localization technique (i.e., BLAZE). In this technique,

— We propose a dynamic chunking technique to overcome the limitation of transformer-
based approaches (limited context window).
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— We fine-tune BLAZE by learning from hard examples. BLAZE focuses on com-
plex and frequently misclassified cases to enhance model performance in cross-
language, cross-project settings.

o We create BeetleBox, the largest to-date cross-language and cross-project bug local-
ization dataset.

o We conduct an ablation study to understand the importance of each component of
the BLAZE pipeline.

7.2 Methodology

In this section, we describe our approach to designing BLAZE, which consists of three phases:
Phase A introduces a fine-tuned language model to associate textual (bug report) and
code elements (source code files). Phase B implements a dual-indexing system for source
code files using both text and vector data from the fine-tuned model to facilitate a more
effective retrieval of relevant files. Finally, in Phase C, we leverage the fine-tuned model
from Phase A and the resulting indexed databases from Phase B together to facilitate the
full process of matching incoming bug reports with the corresponding source code files.
Below, we describe each phase in detail.

Phase A. Fine-tuning of Language Model

Figure 7.3 presents the steps we follow to fine-tune the model used in BLAZE. Each step of
this process is detailed below.

Extraction of Source Code Elements. Our process begins with obtaining bug reports,
the specific repository version where the bug exists, and all the source code files from
that version provided in the targeted dataset (more details on how we collect and process
the dataset in this study are described in Section 7.3.2). In this initial step, we focus
on extracting details such as the names and roles of components (e.g., methods, classes,
and interfaces) from the collected source code files. Drawing on insights from prior re-
search [191], which indicates that separate indexing of source code files enhances lexical
retriever’s performance in code search tasks, we index source code files separately in the
next phase of our pipeline (Phase B).

Moreover, we extract positional information, such as line numbers, which is essential
for subsequent analysis stages. To identify all components within the source code, we use
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Figure 7.2: Example of mining hard examples.

tree-sitter,! a tool that structures code into a graph format. From this tree-sitter graph,
we extract all components along with their types, positions (line numbers), and names.

Dynamic chunking of source code file. In this step, we address the challenge of
segmenting lengthy source code files into smaller segments that are suited for context-
aware embedding models [(7, , 27]. We employ a dynamic programming approach for

1https://github.com/tree—sitter/tree—sitter
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Algorithm 1: Dynamic Chunking.
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Input :
cost_map: Map containing costs for each code component type.
total_lines: Total number of lines.
window _size: Maximum chunk size.
Output :
dp: Array containing minimum costs and corresponding breakpoints
Function dynamic_chunk(cost_map, total_lines, window_size)
line_map < get line number to component type map
split_cost_map < get line number to cost map
for i < 1 to total_lines do
minimum cost «<— INFINITY
breakpoint <— —1
for j « MAX(i - window size, 0) to i do

cost = dp[4][0] + split_cost_map[i] or DEFAULT_COST

if cost < minimum_cost then

minimum_cost = cost
L breakpoint = j

dp[i] = (minimum_cost, breakpoint)

return dp
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Figure 7.3: Fine-tuning of language model (Phase A).

chunking. This method segments files at natural boundaries (e.g., classes, interfaces, and
methods), ensuring continuity and preventing overlaps—issues commonly associated with
the traditional static chunking method and the sliding window technique.

Our algorithm, outlined in Algorithm 1, details the pseudo-code for our dynamic chunk-
ing approach. In the algorithm, we define ‘DEFAULT_COST’ as the cost of a random line.
The approach begins by assigning each line of code a specific cost and categorizing it by
component type. It then calculates the least expensive way to segment the code up to
each line iteratively. It evaluates all potential breakpoints within the predefined window
size (maximum context window supported by the intended model), updates to the mini-
mum cost when a less expensive option is identified, and records the optimal breakpoint.
The final output of the algorithm includes a list of the minimal costs associated with each
breakpoint, alongside the breakpoints themselves. These are used to divide the source code
files into smaller chunks.

Learning from hard examples. We fine-tune a Large Language Model (LLM), called
CodeSage [371]. CodeSage is a GPT-based multi-modal embedding model. We adopt
CodeSage to align bug reports and source code files within the same embedding space,
drawing on its proven effectiveness in zero-shot code search tasks [371]. However, its ef-
fectiveness in bug localization is still limited, as shown in Figure 7.1a. A crucial difference
between CodeSage and BLAZE lies in their strategies for mining hard examples; BLAZE
mines in the embedding space, while CodeSage targets hard examples from docstrings and
code. Mining in the embedding space enables BLAZE to detect hard examples across
different contexts, enhancing its ability to generalize across a variety of programming lan-
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guages and projects. To optimize CodeSage for bug localization, we implement contrastive
learning, which helps to distinguish between similar and dissimilar data pairs, i.e., this
technique adjusts the model to minimize the distance between embeddings of bug reports
and their corresponding buggy files (positive) while maximizing the separation from non-
buggy files (negative). This distinction is guided by the Normalized Temperature-scaled
Cross-Entropy (NT-Xent) loss [16], defined as:

eXpsim(zi 125)]T

Zgﬂ L) expsim(zizk) /T

Ei,j = — IOg (71)

where z; is the embedding of the bug report, z; is the embedding of the positive (buggy)
source code file, and 7 is the temperature parameter that scales the similarity. This loss
function distinguishes between positive and negative examples by comparing similarity
scores.

However, the standard NT-Xent loss may fall short in distinguishing between positive
and negative source code files, potentially causing a bug report to align closer with a
negative file. To mitigate this, we incorporate in-batch hard example mining into our
training loop. This strategy prioritizes the most challenging cases: positive files with
low similarity to the bug report and negative files with unexpectedly high similarity. We
identify these hard examples by calculating the median similarity of all pairs in each batch.
Negative source code files with similarity above this median and positive source code files
below the median are considered hard examples. These cases are then given priority in the
training process, with their impact on the loss function adjusted as follows:

stm(zi,25)/T

M; ; * exp
(0] -
® SN L exp a7 M,

»Cz',j = -1

a, if z, negative and sim(z,,, z,) > median(sim(zy, z,))
M., = {3, if z, positive and sim(zy,, z,) < median(sim(z,, z,))

)

1, otherwise
a>L>L1<uv<N

In an average project, approximately 700 source code files exist, with only 1-2 directly
related to a reported bug, as evidenced in Apache project dataset [363]. This rarity of
relevant files presents a considerable challenge in bug localization. Our approach of hard
example mining and scaling enhances the gradients from challenging cases and helps main-
tain a balanced learning environment, preventing the model from being overwhelmed by
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Figure 7.4: Offline indexing phase of BLAZE (Phase B).

outliers. Moreover, the continuous nature of the scaling multiplier preserves the conver-
gence properties of the NT-Xent loss. By employing median-based scaling, our method
could improve the model learning from difficult examples, thereby enhancing its conver-
gence. Henceforth, we refer to the fine-tuned language model as the BLAZE model.

Phase B. Offline Indexing

We introduce the offline indexing phase to enhance bug localization by proactively process-
ing and indexing source code files. As mentioned earlier, repositories contain (on average)
about 700 source code files, and without this phase, developers could face delays due to
real-time data processing.

As depicted in Figure 7.4, upon receiving a bug report, BLAZE employs two distinct
indexing strategies: the deep retriever stores data in the Milvus vector database [320],
while the lexical retriever uses the no-SQL database ElasticSearch [95]. Having two types
of retrievers can help to offset their weaknesses and take advantage of their strengths.
Note that this phase builds upon the earlier phase of extracting names and positions of
components (see Phase A). Below, we describe each retriever in detail.

Indexing for lexical retriever. Lexical retrievers are fast and use keyword matching to
assess similarity. After extracting component names and positions as detailed in Phase A),
each source code file is indexed in ElasticSearch. ElasticSearch leverages the Okapi BM25
algorithm [279] to compute similarity scores, a technique well-documented in previous
studies for applications in code retrieval [191, |. Additionally, we index filenames and
file paths to match logs and stack traces within bug reports.

Indexing for deep retriever. Deep retrievers integrate semantics to calculate the sim-
ilarity between bug reports and source code files. Starting with the dynamically chunked
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Figure 7.5: Retrieval phase of BLAZE (Phase C).

source code files—as outlined in Phase A—each chunk is transformed into an embedding
using the BLAZE model. These embeddings are then indexed in Milvus, an open-source vec-
tor database specifically optimized for storing and retrieving embedding vectors in artificial

intelligence applications.

Phase C. Retrieval Pipeline

Figure 7.5 illustrates the retrieval phase of BLAZE. We leverage a combination of lexical
and deep retrievers along with the fine-tuned BLAZE model. As shown in the figure, upon
the arrival of a bug report, we query the Milvus and ElasticSearch indices to pinpoint
the relevant source code files. We then integrate the rankings from both indices using a
technique known as Reciprocal Rank Fusion (RRF). Next, we provide a detailed description

of these steps.

Retrieval using deep retriever. Deep retrievers have demonstrated superior perfor-
mance in ranking tasks compared to traditional vocabulary matching approaches [1]. To
use a deep retriever, we first calculate the embedding of the bug report using our fine-tuned
BLAZE model. Then, we retrieve the embedding of all the source code files from Milvus,
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a vector index we built during offline indexing. Milvus delivers the top K most similar
chunks to the bug report embedding. We use cosine similarity to assess the similarity
between embeddings. Finally, we sort the source code files based on decreasing similarity.

Retrieval using lexical retriever. In the lexical retrieval process, we query the Elas-
ticSearch index with the bug report, which returns similarity scores for each source code
file based on lexical matches. We use these scores to rank the source code files, leveraging
ElasticSearch text searching capabilities to localize files potentially containing the bug. By
directly using the bug report as a query, we ensure that the retrieval is tightly focused on
the textual content relevant to the bug.

Reciprocal rank fusion. While deep retrievers demonstrate superior performance in
capturing semantic similarity, they sometimes struggle with lengthy documents and may
face challenges such as domain shifts when applied across different projects [202, ].
These shifts can lead to outdated understandings of new domains. Conversely, lexical
retrievers are immune to domain shifts but can encounter difficulties with vocabulary
mismatches due to their lack of a semantic understanding. To address these limitations
and harness the strengths of both retrieval types, we employ Reciprocal Rank Fusion
(RRF) [62]. RRF integrates the rankings from both the lexical and deep retrievers by
considering the position of each source code file in the rankings rather than merging their
numerical scores. This method, supported by prior research [62, 28, 19], has proven to
be a reliable and powerful technique for creating robust ensembles that enhance overall
retrieval performance.

Given a bug report r, a source code file s, and a set of retrievers M, where 7™ (r, s)
represents the ranking by retriever m for source code file s and bug report r, the RRF
score is defined as follows:

1
RRF M) = —_— 7.3
(s M) = ¥ s (73)
Here, k is a hyperparameter. Based on prior studies [62, 19], & = 60 has been found to

provide the highest mean average precision (MAP). We also experimented with &k values
ranging €[50, 70] in the BeetleBox dataset and confirmed that k& = 60 continues to yield
the highest MAP.
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7.3 Experimental Design

In this section, we present the Research Questions (RQs) we tackle in our study, the process
of our dataset collection, the subject baselines, and the performance metrics employed to
evaluate the performance of BLAZE.

7.3.1 Research Questions

Below, we present our RQs by explaining the motivation behind each one.

RQ1. How effective is BLAZE compared to state-of-the-art cross-project bug localization
tools?

A plethora of bug localization tools have been proposed (e.g., [390, , , ]), with
cross-project tools (e.g., [125, ]) being particularly effective. However, these tools still
require project-specific additional training. Our proposed approach, BLAZE, is designed
to function without such a requirement. This RQ evaluates how well BLAZE performs
compared to state-of-the-art cross-project bug localization tools.

RQ2. How effective is BLAZE compared to state-of-the-art embedding-based bug localization
tools?

Embedding-based techniques, which assess document similarity, are extensively used for
bug localization. These techniques differ from traditional bug localizers that provide binary
predictions by producing embeddings and employing metrics like cosine distance to evaluate
if a source code file contains bugs. Their ability to contextualize associations between bug
reports and source code enhances their effectiveness. This RQ explores how well BLAZE
performs compared to these embedding-based tools.

7.3.2 Dataset Curation of BeetleBox

We have compiled an extensive multi-language, multi-project bug localization dataset.
Previous research [303, , , 73] has proposed various datasets for bug localization, but
these have numerous shortcomings, such as support for only one programming language
and a limited range of projects. Additionally, some datasets, such as Bench4BL [173],
contain inaccuracies in their ground truth data [115]. To address these challenges, we
introduce BEETLEBoX. Below, we detail the process we follow for curating BeetleBox.

» Selection of repositories. We use the GitHub API search feature to collect reposi-
tory names. We search for repositories written in the top five programming languages,
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Java, Python, C++, JavaScript, and Go, as ranked in the StackOverflow Survey.? We
select the top 20 repositories for each language, sorting them in descending order by
their star ratings and most recent updates. This step guarantees that the repositories
are actively contributed to and popular within the open-source community.

o Linking pull-requests and issues. We gather ‘closed’ issues for each repository
and their corresponding fixing Pull Request (PR). We identify these PRs by using
predefined GitHub keywords.?

o Filtration of issues. An issue may have several PRs, but typically only one is
merged. To minimize errors in our ground truth, we filter out issues with the ‘dupli-
cate’ tag and verify using GitHub API that each issue is linked to a single, merged
PR. We initially started with 100 repositories. However, in certain projects, we found
no issues meeting all the criteria. Furthermore, to avoid potential data leakage [75],
we have to filter out 63 repositories. In the end, we are left with 29 repositories across
five programming languages.

For each bug report in BeetleBox, the dataset, we include the bug status, repository
name, repository URL, issue ID, a list of files modified during the fix, the title of the bug
report, its body, URL link to the merged PR, URL link to the issue, SHA values of before
and after the fix, the date and time the bug was reported, and the date and time of the
fixing commit. Overall, BeetleBox comprises 26,321 bugs extracted from 29 projects.

Finally, to assess the accuracy of the ground truth in BeetleBox, we use the method
outlined by Kim et al. [1415]. Our manual analysis reveals that BeetleBox has an error
rate of 0.06%, with a 95% confidence level.

7.3.3 Evaluation Benchmarks and Baselines

Benchmarks. In addition to our BeetleBox dataset, we employ SWE-Bench [13(], and
Ye et al. [363]. Similar to BeetleBox, Ye et al. dataset is also recognized for its low
error rate in its ground truth. While BeetleBox and Ye et al. are solely bug localization
datasets, SWE-Bench is a recent dataset that is a benchmarking suite for bug localization
as well as automatic patch generation.

’https://survey.stackoverflow.co/2022/#technology-most-popular-technologies
3https://docs.github.com/en/issues/tracking-your-work-with-issues/
linking-a-pull-request-to-an-issue
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Table 7.1: Statistics on the used datasets, showing the distribution of bugs across training
and testing, categorized by language for each dataset.

Dataset Purpose Language # Bugs
c++ 3,868

go 758

train java 3,369

javascript 1,974

BeetleBox bython 3,219
c++ 4,783

go 400

test java 2,270

javascript 3,085

python 2,599

SWE-Bench [130] test python 2,294
Ye et al. [363] test java 16,314

In our methodology, we fine-tune the language model using the training split of BeetleBox.
For evaluation, we use the test splits of BeetleBox, SWE-Bench, and the dataset from Ye
et al. Table 7.1 provides brief statistics of these three datasets.

Studied baselines. We compare BLAZE with state-of-the-art cross-project bug localization
tools, TRANP-CNN [125] and CooBa [388], which both use few-shot learning for cross-
project adaptation. TRANP-CNN, a CNN-based deep learning tool, and CooBa, which
uses dual encoders, train on a source project and are fine-tuned on a target project with lim-
ited samples. We also include BugLocator [333] as a baseline in our evaluation. Although
not designed for cross-project use, BuglLocator, like BLAZE, is an information retrieval-
based tool that does not require additional training for deployment in new projects. The
characteristics make it a relevant comparison in our evaluation.

In addition, we evaluate the performance of BLAZE compared to embedding-based bug
localizers, namely SemanticCodeBERT [75] and FBL-BERT [51]. Both are BERT-based
models, where SemanticCodeBERT incorporates semantic flow graph information into its
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training, and FBL-BERT incorporates changeset data. Recent advancements in generative
AT have also introduced models like openai-embedding [235], which have demonstrated
superior performance in tasks involving natural language and code. Therefore, OpenAl
embedding is also included in our baseline for comparison.

7.3.4 Configuration Setup

We fine-tune the BLAZE model in a distributed setting with eight cores, 128GB of RAM,
and fourteen Nvidia V100 32GB GPUs. We conduct inference on the same server using
an Nvidia V100 32 GB GPU, which allows for fast and efficient predictions. We use
PyTorch v.2.1.2, PyTorch-lightning v2.2.0, and the HuggingFace library v.4.36.2 to fine-
tune our model. We also use ElasticSearch v8.7.1 and Milvus v2.3.4 for efficient similarity
search. We fine-tune our language model on the BeetleBox dataset for 15 epochs, with
batches of size 80 and a decaying learning rate starting at 2E-07, as recommended in
prior work [67, 51]. More details about the hyperparameters are available in our online
Appendix [15].

7.4 Results

In this section, we present our results per each RQ.

RQ1: Comparison to Cross-Project Tools.

Approach. We train our model using BeetleBox on 13K bugs from five languages, cover-
ing 13 projects. Our evaluation dataset contains 31,745 bugs from five languages covering
29 real-world software projects. Following prior studies [136, 80], BeetleBox uses a com-
pletely different set of projects for training and testing splits. As previously presented in
Table 7.1, the SWE-Bench and Ye et al. datasets are used only for testing.

Result. Table 7.2 presents the performance of BLAZE compared to TRANP-CNN, CooBa,
and Buglocator, across the studied datasets. Overall, BLAZE demonstrates its highest
performance in the SWE-Bench dataset. Conversely, its performance is reduced in the
Ye et al. dataset, as indicated by both Top 1 and MAP scores. Nonetheless, BLAZE
consistently outperforms comparative baselines in this dataset and across all
evaluated datasets.
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Table 7.2: Comparative performance of BLAZE and cross-project bug localization tools.

Dataset Model Name Top 1 Top 5 Top 10 MAP MRR

BLAZE 0.18 0.37 0.45 0.22 0.27

TRANP-CNN 0.08 0.13 0.19 0.09 0.13
BeetleBox

CooBa 0.06 0.1 0.14 0.08 0.09

BugLocator 0.06  0.10 0.15 0.08 0.12

BLAZE 0.29 0.68 0.79 0.43 0.45

TRANP-CNN 0.13  0.28 042 026 0.34
SWE-Bench

CooBa 0.12  0.25 0.38 0.21 0.3

BugLocator 0.1 0.14 0.21 0.17 0.21

BLAZE 0.16 0.35 0.44 0.21 0.26

TRANP-CNN 0.09 0.17 023 014 0.15
Ye et al.

CooBa 0.08 0.13 0.19 0.09 0.13

BuglLocator 0.09 0.11 0.16 0.07 0.12

In the BeetleBox dataset, BLAZE surpasses TRANP-CNN, with improvements ranging
between 107% to 144.44%. Specifically, BLAZE achieves a 125% increase in Top 1 accuracy, a
144.44% increase in MAP, and a 107.69% in MRR. When compared to CooBa, BLAZE shows
substantial gains: 200% in Top 1, 175% in MAP, and 200% in MRR. Against BugLocator,
BLAZE shows improvements of 200% in Top 1, 175% in MAP, and 125% in MRR.

In the SWE-Bench dataset, BLAZE performs better than TRANP-CNN with in-
creases between 32% and 123% across various metrics. The enhancements include a 123%
improvement in Top 1, 65% in MAP, and 32% in MRR. Against CooBa, BLAZE shows a
141% increase in Top 1, 104% in MAP, and 50% in MRR. Compared to BugLocator, BLAZE
shows improvements of 190% in Top 1, 52.9% in MAP, and 61.9% in MRR.

In the Ye et al. dataset, BLAZE shows an improvement over TRANP-CNN with gains
of 77% in Top 1, 50% in MAP, and 73% in MRR. In comparison to CooBa, BLAZE shows
increases of 100% in Top 1, 133% in MAP, and 100% in MRR. Against BugLocator, the
model posts gains of 77.7% in Top 1, 200% in MAP, and 25% in MRR.

Additionally, across the studied programming languages, BLAZE achieves Top 1 scores of
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Table 7.3: Comparative performance of BLAZE and embedding-based bug localization tools.

Dataset Model Name Top 1 Top 5 Top 10 MAP MRR
BLAZE 0.18 0.37 0.45 0.22 0.27
OpenAl 0.13 0.26 0.32 0.1 0.19
BeetleBox
SemanticCodeBERT 0.11  0.20 0.31 0.13 0.21
FBL-BERT 0.12 0.23 0.30 0.16 0.19
BLAZE 0.29 0.68 0.79 0.43 0.45
OpenAl 0.27 0.63 0.72 036 0.39
SWE-Bench
SemanticCodeBERT  0.23 0.5 0.64 031 0.33
FBL-BERT 0.20 0.57 0.51 0.31 0.30
BLAZE 0.16 0.35 0.44 0.21 0.26
OpenAl 0.17 0.36 0.43 0.19 0.25
Ye et al.
SemanticCodeBERT 0.13 0.24 0.30 0.17 0.22
FBL-BERT 0.10 0.24 0.28 0.14 0.18

0.18 in C++, 0.36 in Go, 0.26 in Java, 0.21 in JavaScript, and 0.3 in Python. These results
show an improvement of 50.9% to 135.6% compared to TRANP-CNN, with the highest
improvement observed in JavaScript and the lowest in Python. The trend is similar to
that of CooBa, with improvements ranging from 82% to 162%, with the highest increase
observed in C++ and the lowest in Python. Against BugLocator, the improvement ranges
from 87% to 160%, with the highest improvement in JavaScript and the lowest in Python.

RQ2: Comparison to Embedding-Based Tools.

Approach. We examine three embedding-based bug localization tools: SemanticCode-
BERT [75], FBL-BERT [54], and OpenAI [235]. For SemanticCodeBERT* and FBL-
BERT?®, we use their publicly available replication package to train the models and produce
embeddings. For OpenAl, we obtain embeddings for both bug reports and source code files

4https://github.com/IBM/semanticflowgraph
Shttps://anonymous.4open.science/r/fbl-bert-700C/README . md
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using the OpenAI APLS We employ cosine similarity to rank the source code files based
on their similarity scores, facilitating the identification of the buggy files.

Result. Table 7.3 illustrates the performance of BLAZE relative to the studied embedding-
based tools. From the table, we observe trends similar to those observed in Ta-
ble 7.2. We also observe that the performance across all models is strongest in the SWE-
Bench dataset, which comprises Python projects, and weakest in the Ye et al. dataset,
featuring Java projects.

In the BeetleBox dataset., BLAZE demonstrates superior performance to OpenAl,
with improvements ranging from 38% in Top 1 accuracy to 120% in MAP and 42.11% in
MRR. Similarly, when compared to SemanticCodeBERT, BLAZE achieves substantial gains,
with increases of 63% in Top 1, 69% in MAP, and 28% in MRR. It also shows notable
enhancements against FBL-BERT, including a 50% rise in Top 1 and improvements in
MAP and MRR by 37% and 42%, respectively.

The performance trend continues in the SWE-Bench dataset, where BLAZE outper-
fomrs OpenAl with gains from 7% in Top 1 to 19% in MAP and 15% in MRR. It also
outperforms SemanticCodeBERT with a 26% increase in Top 1 and even greater enhance-
ments in MAP and MRR. Against FBL-BERT, BLAZE shows substantial improvements of
45% in Top 1, 38% in MAP, and 50% in MRR.

In the Ye et al. dataset, BLAZE slightly lags behind OpenAl in Top 1 by a margin of
5%, but it still achieves better performance in MAP and MRR by 10% and 4%, respectively.
It demonstrates enhancements over SemanticCodeBERT, improving by 23% in both Top
1 and MAP, and 18% in MRR. Similarly, against FBL-BERT, BLAZE achieves substantial
performance increases of 60% in Top 1, 50% in MAP, and 44% in MRR.

When analyzing the performance of BLAZE across the studied programming languages,
we find that BLAZE consistently outperforms the studied models in Top-1 scores across
most programming languages. The exception is Go, where OpenAl slightly outperforms
BLAZE in Go projects. We find that Go projects contain only 758 bugs, the fewest in
our dataset. Additionally, the unique concurrency model and error-handling patterns of
Go may pose challenges for BLAZE and contribute to lower performance in this language.
Moreover, BLAZE surpasses OpenAl with improvements ranging from 14.24% to 16.86% in
all languages except Go, where it lags by 0.66%. Compared to OpenAl, BLAZE achieves
the highest improvement in Python and the lowest improvement in C4++. Compared to
SemanticCodeBERT, BLAZE shows consistent improvement between 15% and 41%, with
the highest being observed in JavaScript and the lowest in Go. The trend continues when

Shttps://openai.com/index/openai-api/
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Figure 7.6: Precision recall curves of the retrievers.

compared with FBL-BERT, where improvements range from 34.1% to 67.5%, peaking in
Java and being lowest in JavaScript.

7.5 Ablation Study

This section presents an ablation study to assess the influence of individual components in
the BLAZE pipeline on its overall performance. Key strategies contributing to the effective-
ness of BLAZE include (1) a combined pipeline of lexical and deep retrievers, (2) learning
from hard examples, and (3) dynamic chunking. For all the experiments in this ablation
study, we use BeetleBox as it contains bugs from five different languages. Next, we detail
the results of the ablation study to evaluate the impact of each component.

7.5.1 Impact of hybrid retrieval technique

In BLAZE, we use a hybrid technique by combining outputs from two types of retriev-
ers: lexical and deep. The lexical retriever is typically useful at finding exact matches
and managing simple searches, while the deep retriever is better suited for understand-
ing complex queries through their semantics. We assess their combined performance with
a precision-recall graph, as shown in Figure 7.6. The figure demonstrates how accurately
BLAZE identifies buggy source code files at various decision thresholds, with higher precision
and recall indicating better performance.
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Table 7.4: Performance comparison between Lexical, Deep, and Hybrid Retriever.

Retriver Type Top 1 Top 5 Top 10 MAP MRR

Lexical 0.07 0.12 0.19 0.11 0.13

Deep 0.12  0.25 0.31 0.14 0.18

Hybrid (BLAZE) 0.18 0.37 0.45 0.22 0.27

Figure 7.6 shows that the lexical retriever initially has high precision but low recall,
indicating it identifies relevant files well but may miss others. As it retrieves more files,
precision drops. Conversely, the deep retriever’s precision increases as it processes more
files, particularly at higher recall levels. By combining both retrievers in the BLAZE pipeline
(as denoted ‘Hybrid’ in Figure 7.6), we achieve a balance that enhances overall results.

Furthermore, we analyze the performance of each retriever and their combined effect in
the BLAZE pipeline on the BeetleBox dataset. From Table 7.4, we observe that the deep
retriever outperforms the lexical retriever, showing improvements of 71% in Top 1, 27% in
MAP, and 38% in MRR. Combining the retrievers further enhances performance, showing
improvements of 45% to 57% over the deep retriever alone. This result demonstrates that
combining both retriever types mitigates their individual weaknesses and enhances the
overall performance of BLAZE.

7.5.2 Impact of fine-tuning

In BLAZE, we fine-tune a GPT-based model [371] to better target hard-to-localize bugs
by adjusting how closely buggy (positive files) and non-buggy (negative files) source code
relate to bug reports (see Phase A). We assess the impact of this fine-tuning by comparing
the performance of the model at different stages: epoch 0 (CodeSage), epoch 5, and epoch
15 (BLAZE). We use t-SNE [312], a method that simplifies complex data into two or three
dimensions for easier visualization, to generate and display embeddings for a specific bug
report (i.e., Apache Dubbo-1216) and it is corresponding source code.

Figure 7.7 shows that the ability of the CodeSage model to distinguish between buggy
and non-buggy files in the analyzed bug report (i.e., Apache Dubbo-1216) evolves over time.
At the start (epoch 0), the model struggles to differentiate, with overlapping positive and
negative chunks. By epoch 5, there is a clear improvement: positive chunks start clustering
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(c) Epoch 15 (BLAZE)

Figure 7.7: Scatter plots showing the chunks of the buggy and non-buggy files associated
with the Apache Dubbo-1216 bug report. ® denotes bug report, ® denotes chunks
from buggy files, and ® denotes chunks from non-buggy files.

more closely, and negative chunks spread out, although some overlap remains. By epoch
15, the model has made substantial progress; positive chunks are well-grouped, and no
negative chunks are closer than the positives, indicating successful fine-tuning.

Also, we evaluate the CodeSage model on the BeetleBox dataset. Table 7.5 shows the
results of the CodeSage and BLAZE model with different types of retrievers. For instance,
CodeSagepeep reflects the performance with a deep retriever, while CodeSagerynria indicates
the results using a hybrid retriever combining deep and lexical retriever. Using only the
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Table 7.5: Performance of CodeSage vs. BLAZE.

Retriver Type Top 1 Top 5 Top 10 MAP MRR

CodeSagepeep 0.11  0.21 0.28 0.12 0.16
CodeSagerybrid 0.17 0.32 042 0.19 0.24
BLAZE Deep 0.12 0.25 0.31 0.14 0.18
BLAZE Hybrid 0.18 0.37 0.45 0.22 0.27

deep retriever, BLAZE achieves a performance improvement of 6.9%-12.5% over CodeSage,
including 9.1% for Topl, 16.7% for MAP, and 12.5% for MRR. The hybrid technique used
by the BLAZE pipeline leads to even more enhancements, ranging from 5.8% to 15.7%, with
gains of 5.8% in Topl, 15.8% in MAP, and 12.5% in MRR. These results support that
fine-tuning the model on challenging (hard) examples improves its effectiveness.

7.5.3 Impact of dynamic chunking

In BLAZE, we use dynamic chunking to manage the issue of limited context size while
reducing continuity loss. Previous research [271, 130] has used methods like sliding windows
and static chunking. The sliding window method overlaps chunks to maintain continuity
but complicates similarity calculations due to these overlaps. Static chunking, on the
other hand, avoids overlaps but can lead to a loss of continuity. Our approach uses dynamic
programming to find breakpoints that reduce continuity loss without shrinking the window
size. We trained and evaluated BLAZE using all three chunking methods to see the effects
of each.

Table 7.6 presents a performance comparison of various chunking techniques. For in-
stance, BLAZEgtatic + Deep represents the performance of static chunking paired with the
deep retriever. The table shows that BLAZEpynamic + Deep improves performance by 5.5
16% over static chunking and by 3.23-8.33% over the sliding window method. Within the
hybrid technique of BLAZE pipeline, dynamic chunking shows a performance increase of
7-18% compared to static chunking and 2-7.41% compared to sliding window.
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Table 7.6: Static vs. Sliding window vs. Dynamic chunking.

Model Top 1 Top 5 Top 10 MAP MRR
BLAZE giatic + Deep 0.11 0.22 0.26 0.13 0.17
BLAZE Sliding + Deep 0.11 0.24 0.3 0.13 0.17

BLAZE pynamic + Deep 0.12  0.25 0.31 0.14 0.18

BLAZE Static + Hybrid 0.15 0.33 0.37 0.18 0.25

BLAZE gjiding + Hybsia ~ 0-17 036 042 021  0.25

BLAZE Dynamic + Hybia 0-18  0.37  0.45 0.22 0.27

7.6 Threats to Validity

Below, we discuss the threats to the validity of our study.

Internal validity. One threat to internal validity is the hyperparameters we used to train
the models. To mitigate this, we use the same parameters used by several prior studies
that use large language models [(7, 54, , 156].

External validity. A threat to the external validity of our study lies in the generalizability
of the results. We assess cross-project capabilities using separate projects for training
and testing. Although the choice of test projects may affect performance, this approach
aligns with previous studies that evaluate zero-shot and cross-project capabilities [30, ].
Additionally, our evaluation of 31,745 real-world bugs ensures that our findings hold, even
with different project selections, due to the large scale of our dataset. To address potential
selection bias in the BeetleBox dataset, we collected project repositories based on star
ratings and recent updates, ensuring that the repositories are actively contributed to and
popular within the open-source community. This approach aims to include high-quality,
widely used projects across the selected top five programming languages. Additionally, due
to the absence of a replication package, we replicated TRANP-CNN and CooBA based on
their descriptions in the original study, which may lead to slight performance deviations.
Nevertheless, after experimenting with various hyperparameters, we selected a set that
achieves comparable performance to that reported in the original study.

Construct validity. Our selected evaluation metrics can threaten the construct validity
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of the study. We used Top N, MAP, and MRR as evaluation metrics. These are well-known
evaluation measures adopted in prior studies which are widely used when evaluating the
performance of bug localization tools that rely on information retrieval techniques [54, ,

, 383].

7.7 Conclusion

In this study, we introduce BLAZE, a bug localization tool that operates without project-
specific training, facilitating cross-project and cross-language bug localization. BLAZE
employs a dynamic chunking and hard example learning methodology to model lengthy
source code files. To support cross-project and cross-language bug localizers, we curate
BeetleBox—one of the largest (if not the largest) cross-project and cross-language bug lo-
calization datasets. We evaluate BLAZE with 31,745 bug reports from 34 real-world projects,
showing up to a 100% improvement in the Top 1 metric against cross-project localizers and
up to a 60% improvement over modern large language model approaches. Our results sug-
gest that the use of dynamic chunking and hard example learning is key in enhancing the
performance of bug localization tools.

7.8 Chapter Summary

In this chapter, we tackle two key challenges in embedding-based bug localization tech-
niques: (1) limited context window and (2) mapping accuracy. We present an approach
that enhances bug localization performance without the need for project-specific training.
The improved accuracy directly addresses developers’ concerns about the low accuracy of
existing bug localization tools. Additionally, the elimination of retraining requirements
resolves another major concern—potential IP leakage—making the adoption of bug local-
ization tools more feasible for developers.
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Chapter 8

Conclusion and Future Work

Bug localization tools automate the labor-intensive process of identifying bugs within a
software codebase. In addition to assisting with bug localization, these tools can serve as
valuable training aids for new developers.

Although these tools theoretically promise to accelerate the software development pro-
cess, their practical adoption rates often fall short of expectations. In this thesis, we
empirically examine developers’ expectations from bug localization tools, identifying key
challenges through user surveys and interviews. These insights inform the development of
solutions that enhance the tools’” maintainability and scalability.

One of the primary focuses of this thesis is understanding and solving the issues that
affect the adoption of bug localization tools. Our empirical analysis provides a deeper un-
derstanding of developers’ concerns, with accuracy emerging as a key practical challenge.
To address this, we developed BLAZE and RLocator, tools specifically designed to im-
prove accuracy, a factor critical for real-world adoption. We formulated and evaluated the
following thesis statement:

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.

.

We conducted a mixed-method study, combining a survey of 95 respondents and in-
terviews with six developers to empirically investigate their expectations. The findings
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provided valuable insights into how developers prioritize factors such as accuracy and con-
cerns over IP leakage. Additionally, we explored alternative techniques, including RL and
LLM, to address two major challenges: reliance on labeled data and the limited generaliz-
ability of current bug localization tools. These methods not only improved tool accuracy
but also mitigated issues like data leakage caused by the need for retraining. Therefore,
our studies validate the thesis statement.

8.1 Contributions and Findings

o Barriers in Adopting of Bug Localization Tools: Despite developers’ willing-
ness to adopt bug localization (BL) tools, significant barriers persist due to concerns
about accuracy, performance, and intellectual property (IP) leakage. These issues
highlight the need for tools that are better aligned with developers’ expectations and
offer enhanced security and reliability (Chapter 4).

o Benefits of Bug Localization Tools: Bug localization tools are particularly valu-
able for junior developers, providing an effective training resource. These tools help
less experienced developers improve their skills and understanding, accelerating their
learning process (Chapter 4).

o Impact of Project-Specific Training on Model Performance: Training bug
localization models with project-specific data significantly enhances performance.
Models trained on familiar datasets show up to a 76% improvement compared to those
trained on more general datasets, highlighting the importance of tailoring models to
specific project environments (Chapter 5).

e Performance Variability in Longer Sequence Transformers: Longer sequence
transformers, such as LongCodeBERT, demonstrate improved performance in bug
localization tasks. However, these gains are inconsistent across different projects,
indicating that resource allocation and project-specific factors need to be carefully
considered when using such models (Chapter 5).

+ Reinforcement Learning to Reduce Dependency on Labeled Data: Model-
ing bug localization as a reinforcement learning (RL) problem offers a flexible solution
to reduce reliance on labeled data. This approach allows for more adaptive training,
making the tools more versatile in varied development environments (Chapter 6).

e Optimizing Performance Through Reinforcement Learning: Directly opti-
mizing performance metrics using reinforcement learning can significantly enhance
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the effectiveness of bug localization tools, with improvements of up to 38% in key
performance indicators (Chapter 6).

e Contribution of a Large Cross-Language Dataset: We have contributed the
largest cross-language and cross-project bug localization dataset to date. This dataset
includes over 26,000 bugs from 29 projects across five programming languages, pro-
viding a valuable resource for future research in the field (Chapter 7).

e Improvements from Hard Example Learning: The use of a hard example learn-
ing technique greatly improves performance, particularly in challenging scenarios.
With up to 120% improvement in Top 1 accuracy, this approach demonstrates its
effectiveness in tackling difficult bug localization tasks (Chapter 7).

e« Dynamic Chunking to Solve the Issue of Limited Context Window: We
propose Dynamic Chunking, a novel method to address the limitations of large lan-
guage models (LLMs) related to context window size. This technique significantly
enhances the ability to process long source code files while reducing continuity loss,
making it a valuable tool for handling complex bug localization tasks (Chapter 7).

8.2 Prospects for Future Research

This thesis makes a contribution to understanding developers’ expectations and the prac-
tical challenges involved in making bug localization tools more scalable. However, many
questions remain unanswered, leaving room for further research. Below, we highlight sev-
eral promising directions for future work.

8.2.1 Customization and Personalization of Bug Localization Tools

Given that BL tools can significantly aid junior developers, a promising direction is to
explore how customizable and personalized versions of these tools could further enhance
learning and productivity for specific user profiles. This research could explore how ad-
justing BL tools based on the experience level and coding style of developers impacts both
efficiency and learning outcomes.
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8.2.2 Enhancing Bug Localization Tools Through Project-Specific
Insights

The substantial performance improvements observed when training models with project-
specific data suggest the need for deeper investigation. Identifying the key characteristics
that distinguish projects using the same programming language but operating in different
domains (e.g., mobile apps vs. web servers) could aid in designing more generalized bug
localization tools.

8.2.3 Expanding the Application of Reinforcement Learning in
Bug Localization

Reinforcement learning (RL) has demonstrated the potential to minimize reliance on la-
beled data. Future research should explore the application of advanced RL techniques,
including the use of continuous action spaces and the identification of optimal reward
functions, to develop more flexible and adaptable bug localization solutions.

8.2.4 [Explainable Reinforcement Learning for Bug Localization

An important area for future exploration is the development of explainable reinforcement
learning (XRL) within bug localization tools. By generating transparent explanations for
why the RL agent identifies a particular section of code as the likely source of a bug, devel-
opers can better trust and understand the tool’s recommendations. This approach could
involve visualizing decision pathways, highlighting features the agent considered or generat-
ing natural language explanations. Such improvements would enhance the interpretability
of RL-based tools, fostering greater developer confidence and accelerating adoption.

8.2.5 Investigating Bug Propagation Across Projects

A promising area for future research is the study of bug propagation across different projects
that share similar codebases, libraries, or dependencies. By developing models that can
trace how bugs in one project may propagate to others through shared components, bug
localization tools could preemptively identify and address bugs in related projects. This
approach would be particularly useful in large ecosystems where multiple projects rely on
common frameworks or third-party libraries, helping to prevent the recurrence of the same
bug in multiple places.
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8.2.6 Investigating Multimodal Approaches for Bug Localization

Another promising direction for future work is to integrate multimodal approaches into bug
localization tools. A more holistic understanding of the bug’s context could be achieved by
combining source code analysis with additional modalities, such as project documentation,
diagrams, and developer communication logs. This multimodal approach could improve
the precision and relevance of bug localization, especially in complex and collaborative
projects.
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Appendix A

Themes emerged from qualitative
study

A.1 Themes identified from developers interview

After conducting the interview, we transcribed the responses and employed an open coding
methodology to extract codes and identify overarching themes. Through this analytical
process, we derived the following key themes:

e The current debugging process is a tool-assisted manual effort.

o Developers expect better accuracy from a bug localization (BL) tool compared to
human developers.

o Concerns exist among developers about over-reliance on specific tools.
» Developers worry about low-quality solutions provided by the tool.
e Suggestions for similar bugs are seen as a productivity booster.

» Suggesting the best person to fix an issue may not be helpful due to team dynamics
and shifts.

e Developers expect the tool to integrate seamlessly into an automated pipeline.

e Some believe the tool might not add value if developers already understand the
problem.
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Past experiences with bug localization tools have not been favorable.
Developers recognize that bug localization speed improves with experience.

The tool may not perform well in poorly maintained codebases.

There is a preference for tools that do not transmit data to external sources.
Developers expect the tool to operate faster than manual debugging by humans.

Commit-time bug localization is considered more critical than issue-based localiza-
tion.

The tool should focus on automating failing test generation rather than just bug
localization.

Line-level functionality is a preferred feature for the tool.

The effectiveness of top-k suggestions is seen as dependent on code quality.
Developers value transparency in the tool’s workings.

The tool is expected to be more beneficial for identifying hard-to-localize bugs.
Junior developers are likely to benefit the most from the tool’s guidance.
Software developers overall would gain significant advantages from using the tool.
The tool could serve as a training aid for onboarding new developers.

Developers express concerns about losing essential soft skills due to reliance on such
tools.
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