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Abstract

The unstructured and verbose nature of bug reports often impedes developers from
quickly comprehending the context of a problem and fixing underlying issues. While
bug report summarization can facilitate faster comprehension, existing methods often
rely on surface-level textual cues, leading to broken or disorganized summaries and
failing to capture deeper semantic nuances. Moreover, these methods often neglect
supporting code samples, which are critical for accurately detecting and understand-
ing software issues. In this work, we propose Chunk-and-Fuse, a novel progressive
code integration framework for LLM-based abstractive bug report summarization.
Chunk-and-Fuse addresses the challenge of lengthy bug-related code snippets that
exceed typical large language model (LLM) context windows by incrementally inte-
grating segmented code and textual content. We evaluate our approach on four bench-
mark datasets across eight LLMs, achieving 7.5%-58.2% improvements over extractive
baselines and performance comparable to leading abstractive techniques. Our find-
ings demonstrate that jointly leveraging textual and code information can improve
bug comprehension and accelerate software maintenance workflows.
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Chapter 1
Introduction

Bugs are an inevitable part of software development and maintenance [17], [93]. They
are unintended errors in a software program that lead to incorrect and unexpected be-
havior [36]. These bugs can arise from logic errors, incorrect assumptions, overlooked
edge cases or wrong requirements [20], [22], [54], [87]. The process of addressing bugs
begins with the creation of a bug report, which is a formal record submitted by users,
testers, or developers that describes an issue encountered during software usage [46].
Based on this report, developers analyze the problem and apply changes to fix the
issue [75].

A typical bug report includes several components, such as a summary or title, a de-
tailed description of the issue, steps to reproduce the bug, expected versus actual be-
havior, environment details (e.g., operating system, browser version), severity level,
stack traces, partial code snippets, comments from users or developers, and, in many
cases, attached logs or screenshots [19], [42], [59]. A sample bug report is illustrated
in Figure 1.1.

In collaborative environments like open-source projects or large software firms, these
reports are usually managed through issue tracking systems like JIRA, Bugzilla, or
GitHub Issues [14], [71], [90]. Bug repositories such as Bugzilla are widely adopted
and have become essential tools for managing development tasks. For instance, Bugzilla
has been publicly adopted by over 134 organizations and projects, including Mozilla,
Eclipse, Gnome, and GCC [38]. These repositories act as a centralized knowledge
base, storing information about defects, investigations, and resolutions for future ref-
erence [7], [79].

Understanding the life cycle of a bug report is essential in maintaining software sys-
tems [23]. The life cycle usually begins with the creation of the bug report, which



Title: Application crashes when saving a new user in the system

Description: When | try to add a new user to the system by filling out the form and clicking
the "Save" button, the application crashes without any error message. This happens
consistently every time | attempt to save a new user.

Steps to Reproduce:

Go to the "User Management" section in the admin panel.
Click on "Add New User."

Fill out all required fields (name, emall, etc.).

Click "Save."

=

Expected Result:: The new user should be saved and displayed in the list of users.
Actual Result: The application crashes, and no new user is added.
Environment:

e Browser: Chrome 95
e OS: Windows 10
e Version: v2.3.1

Error Logs: Error: Uncaught TypeError: Cannot read property 'save' of null at
UserController.js:45

Code Snippet (Buggy):
function saveUser(user) {
if (user I=null) {
user.save(); // Line 45
}
}

Figure 1.1: An example bug report

must be carefully read and understood by developers and testers. This is followed
by triaging, where it is categorized, prioritized, and assigned [8]. Developers then
analyze the issue, possibly request more information, and finally work on a fix [91].
Once resolved, the fix is tested and verified by the tester, and the report is eventually
closed. As such, bug reports serve as a primary medium for communication between
developers and testers. Figure 1.2 shows the sequential life cycle of a bug report from

creation, triaging, analysis, fixing, testing, verification, to closure.

Over time, these reports accumulate valuable historical data, enabling knowledge
transfer, process improvement, and duplicate issue prevention [33], [48]. For exam-
ple, earlier studies show that 200 Mozilla bug reports contained 275 references to other
bug reports, demonstrating the extent to which developers rely on historical reports to
resolve new issues [62]. In industrial projects, archived bug reports are indispensable
since many reported issues do not require code changes but stem from configuration
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Figure 1.2: A linear workflow depicting the life cycle of a bug report from creation to
closure.

or usage problems [63]. Quick access to similar past cases helps developers avoid re-
dundant work [18] and accelerates issue resolution.

As software projects grow, so does the number of bug reports they generate [73]. In
many cases, these reports are long, inconsistently written, and filled with redundant
or even unrelated information [12], [62], [98]. Developers and testers often have to go
through hundreds or even thousands of reports to find the information they need [32],
[38], [74]. This process can be repetitive, tiring, and time-consuming [63], especially
when a single bug goes through several revisions or involves multiple contributors and
unrelated discussions [9]. Since not all bug reports are written clearly, understanding
the actual issue takes effort. Past studies indicate that comprehending historical bug
reports is particularly challenging because of the sheer amount of knowledge involved
in each report and the need to cross-reference multiple historical bugs for context
[62]. Sometimes, the searching process incurs even more human-hours to filter out
redundant information or duplicates [86], [95]. Although bug report titles provide
a high-level summary [12], they are often insufficient for understanding the actual
issue [38]. In such situations, having a concise and informative summary of the report
can make a big difference by aiding comprehension [75]. It helps developers quickly
grasp the problem and decide what to do next, ultimately saving time and improving
productivity.

Text summarization is the process of creating a condensed version of a longer body
of text while preserving its essential meaning [83]. It helps readers quickly grasp the
main ideas with less effort and in less time. In the context of software engineering,
bug report summarization aims to produce a brief yet informative summary that cap-
tures the core issue and key details of a bug report [59]. This helps developers quickly
understand the nature, context, and main problem of a bug without having to read
through long and detailed reports. As an example, Figure 1.3 illustrates the summa-
rized version of the bug report presented earlier in Figure 1.1. While automatic text
summarization has been successfully applied in domains such as documents [96],
[102], news [67], [103], and emails [72], [88], bug report summarization presents
unique challenges due to technical jargon, inconsistent structure, and interlinked his-



The application crashes during user
creation due to a TypeError from
calling save on a null user object.

Figure 1.3: An example abstractive bug report summary

torical references, motivating the need for specialized approaches.
There are two major types of summarization approaches [31]:

« Extractive summarization: selects and compiles key sentences or phrases di-
rectly from the original text, as illustrated in Figure 1.4.

« Abstractive summarization: generates new sentences to paraphrase and con-
dense the content while preserving its original meaning [51], resulting in more
natural and human-like summaries, as illustrated in Figure 1.3.

Although straightforward, extractive methods often lead to summaries that are overly
verbose, fragmented, and sometimes incoherent [26]. They also tend to suffer from
redundancy and fail to resolve pronouns or maintain logical flow, limiting their use-
fulness in practical settings. In contrast, abstractive summarization has gained in-
creasing attention due to its ability to understand context, semantics, and conversa-
tion flow [21], [53]. However, despite these advantages, abstractive approaches re-
main challenging to implement due to the complexity of accurately capturing both
content and context [25], [80]. They require a deeper level of language understand-
ing and generation, making them more difficult to design and evaluate compared to
extractive techniques.

Natural Language Processing (NLP) techniques have increasingly been applied to au-
tomate various bug report tasks such as summarization, categorization, and localiza-
tion [11], [75], [100]. Earlier NLP-based approaches made use of machine learning
models, feature engineering, and rule-based systems [68]. Although these techniques
improved structure and relevance to some extent, they often struggled with under-

When [ try to add a new user by filling out the
form and clicking Save, the application crashes.
Go to User Management. Click on Add New User.
Fill out all required fields (name, email). Error:
TypeError: Cannot read property save of null.

Figure 1.4: A example extractive bug report summary

4



standing deeper semantic relationships within the text.

With the emergence of Large Language Models (LLMs), the quality of text summariza-
tion has advanced considerably [3], [97]. These models demonstrate strong capabil-
ities in understanding context, generating coherent natural language, and capturing
subtle semantic nuances that traditional NLP methods often overlook. Their ability to
produce fluent, context-aware, and human-like summaries makes them a compelling
solution for handling the complexity and volume of modern bug reports. As a result,
LLM-based abstractive summarization holds significant promise for enhancing soft-
ware maintenance workflows and reducing the time developers spend interpreting
lengthy and inconsistent bug reports.

1.1 Motivations and Scope

With the increasing scale and complexity of software systems, developers are often
overwhelmed by the volume and inconsistency of bug reports. While this challenge
has led to active research in bug report summarization, much of the existing work
remains focused on extractive methods [47]. These methods, although simple and
computationally efficient, tend to produce summaries that lack coherence, omit con-
text, and often fail to meet the practical needs of developers [26]. Abstractive sum-
marization, in contrast, offers a more flexible and semantically rich alternative [53].
However, it has seen limited adoption in the context of bug reports, likely due to its
complexity and the difficulty of preserving both accuracy and clarity in generated
summaries [25], [80].

One particularly underexplored yet critical aspect of bug report summarization is the
role of code snippets [68]. Many bug reports include partial code examples or refer-
ences to functions, classes, or variables, which often contain vital clues that the textual
description alone may not explicitly convey. Despite this, most existing summariza-
tion techniques focus solely on the textual components of bug reports. Even when
some methods consider embedded code fragments, they typically treat these snippets
in isolation, failing to capture the deeper relationships between the descriptive text
and the surrounding source code [56]. Consequently, summaries generated by tradi-
tional methods often miss important technical details, limiting their practical useful-
ness for debugging tasks [13]. Motivated by these challenges, this research seeks to
enhance bug report summarization by integrating both the textual content and the
relevant code snippets, enabling more context-aware and informative summaries.

At the same time, we leverage the powerful language understanding capabilities of



Large Language Models (LLMs) to perform more nuanced and context-aware sum-
marization. These models are trained not only on natural language but also on code-
related content, making them particularly well-suited for software engineering tasks,
and thus highly promising for bug report summarization, where understanding both
textual and code context is crucial. Although a few recent studies have explored LLM-
based bug report summarization, these efforts are still limited and do not incorporate
full code snippets, which restricts their ability to capture complete technical context
[24], [81], [92].

In addition, prompt engineering has emerged as a promising technique for steering
LLM behavior toward desired outputs. Prior work has shown that carefully designed
prompts can significantly improve the performance of LLMs across a range of tasks,
including reasoning, summarization, and question answering [16], [41], [43], [89],
[101]. However, in particular, while prompt engineering has been successfully applied
to general text summarization [76] and even to bug reports alone [60], no existing
work has leveraged it to explicitly guide models in combining textual bug reports with
their associated full code snippets for bug report summarization. Such integration can
help models focus on relevant technical details and generate clearer, more accurate
outputs.

Our thesis explores the application of LLMs and prompt engineering to generate con-
cise abstractive summaries that incorporate both textual and code-level information
from bug reports. Through this approach, we aim to enhance the quality and useful-

ness of bug report summaries for developers.

1.2 Problem Statement

Effective understanding of bug reports is critical for timely software maintenance and
debugging [104]. However, bug reports often vary significantly in quality and struc-
ture, making it difficult for developers to quickly grasp the core issues [12]. Most
existing bug report summarization techniques rely on extractive methods that merely
select parts of the original text [47]. These summaries tend to be fragmented, lack co-
herence, and frequently overlook essential contextual information that provides cru-
cial insights into the bug [26].

Current summarization approaches largely ignore or inadequately incorporate code
snippets, which are crucial for fully understanding the nature and root causes of bugs
[68]. Without integrating this code context, summaries fail to provide the depth nec-
essary for effective debugging [13], [65]. Additionally, abstractive summarization,



which can generate novel, flexible summaries while preserving meaning, remains

underutilized in this domain, limiting the potential for producing more natural and

insightful summaries [25], [80].

The objectives of our research are:

1.3

Develop an approach that effectively incorporates both bug report text and rel-
evant code snippets for summarization.

Explore the use of abstractive summarization techniques to generate coherent

and meaningful summaries beyond simple text extraction.

Utilize prompt engineering to guide LLMs in producing accurate, concise, and

contextually rich summaries.

Evaluate the proposed method against existing extractive and abstractive sum-
marization approaches to demonstrate improvements in summary quality for

developers.

Research Challenges

Our research addresses several key challenges in the domain of bug report summa-

rization:

One major challenge is the lack of high-quality datasets that include both bug
reports and their corresponding source code [70]. This absence limits the de-
velopment and evaluation of models capable of jointly understanding natural
language descriptions and the related code context.

Effectively understanding and integrating two fundamentally different modal-
ities, namely natural language descriptions and code snippets, is a significant
challenge in bug report summarization. Existing approaches often fail to cap-
ture the interaction between these components, and our research seeks to ad-

dress this gap.

Abstractive summarization introduces additional complexity. Unlike extractive
methods that select portions of the original text, abstractive approaches must
generate coherent, concise, and semantically faithful sentences. This requires
a deeper understanding of both language and code semantics. We chose this
challenging path for our research [49].

Another challenge lies in designing prompts that can effectively guide LLMs to



generate summaries with the necessary information developers need to under-
stand the bug. This involves a continuous, iterative refinement process to strike
the right balance between specificity and generalization.

« The use of large models introduces practical constraints, as they are resource-
intensive and require significant computational power for both inference and

experimentation, especially when processing combined textual and code inputs.

1.4 Contribution

Our key contributions in this thesis are as follows:

+ To the best of our knowledge, we are the first to incorporate full code snip-
pets alongside textual bug reports to enhance the contextual understanding and
quality of bug report summaries.

« We introduce the application of prompt engineering to integrate both bug re-
ports and code snippets for abstractive summarization, extending beyond prior
work that considered only bug report text.

« We demonstrate significant improvements in summary quality, supported by
quantitative evaluation metrics such as BERTScore [99], which measures the
semantic similarity between generated and ground truth summaries, highlight-
ing the effectiveness of our approach compared to existing methods.

These contributions advance the current state of research by addressing key limita-
tions in bug report summarization, particularly the lack of integration between textual
and code information, and by leveraging recent advances in LLMs through prompt
engineering. Our work provides a foundation for more context-aware and developer-
friendly summaries, potentially reducing debugging time and improving software main-
tenance workflows.

1.5 Organization

This report provides a comprehensive overview of our research. We begin with an in-
troduction in chapter 1, which outlines the research context and objectives. Follow-
ing this, chapter 2 presents a detailed Literature Review, critically examining existing
studies and methodologies relevant to our topic. In chapter 3, we describe our Pro-
posed Methodology, including the integration of code and bug reports and the use of
prompt engineering. Chapter 4 details the dataset and experimental setup used in our



study, as well as a detailed discussion of our results and analysis. Chapter 5 concludes
the paper.



Chapter 2

Related Works

This chapter focuses on a comprehensive analysis of the most relevant research sur-
rounding the domain of bug reports. The aim is to position this thesis within the
broader context of existing works, identifying significant trends, emerging method-
ologies, and gaps in the literature. Rather than presenting a list of individual studies,
the chapter adopts a narrative approach that highlights key areas of progress and chal-
lenges, ultimately setting the stage for the contributions of this research.

During our exploration of literature related to the Software Development Life Cycle
(SDLC) and Natural Language Processing (NLP), we identified an opportunity to ex-
tend research in the area of bug report summarization. A review of existing studies
revealed that current approaches often exclude code snippets from bug reports and
place limited emphasis on abstractive summarization techniques using large language
models (LLMs). Based on these gaps, we decided to expand our work in this area.

In addition to summarization, bug reports have also been studied from multiple per-
spectives, including tasks such as localization, test case generation, bug detection,
and report quality improvement [15], [45], [55], [104]. These tasks play an impor-
tant role in supporting software maintenance and reducing the overall cost of the
SDLC. Among them, bug report summarization has become important as it directly
addresses the challenge of extracting concise, relevant, and actionable information
from lengthy and often noisy reports. Therefore, while this chapter briefly reviews
research on related bug report tasks, its primary emphasis is on the evolution of bug
report summarization techniques.
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2.1 Literature Reviews, Research Trends in Bug Re-

port

Bug reports are a crucial resource in software maintenance and have been studied
over the years for various tasks to help developers identify, understand, and resolve
issues efficiently [104]. These studies often rely on a variety of datasets, ranging from
well-established benchmarks to specialized collections focused on specific projects,
domains, or defect types. Table 2.1 provides an overview of widely used bug report
datasets in the literature, summarizing their size, purpose, and key components, which
range from textual descriptions to metadata.

Table 2.1: Summary of Bug Report Datasets used in Literatures

Dataset Count Content

SDS (Summary Dataset) | 36 Bug reports with human-annotated summaries

[39] across four open-source projects: Mozilla, Eclipse,
KDE, and Gnome.

ADS (Authorship Dataset) | 96 Bug reports with human-annotated summaries

[40] across four open-source projects: Mozilla, Eclipse,
KDE, and Gnome.

DDS (Duplicate Dataset) | 35 Duplicate bug reports and duplicate link.

[66]

BRC (Bug Report Corpus) | 36 General bug reports across multiple open-source

[75] projects.

BRS_BL (Tomcat, SWT, | 800 Bug reports for bug localization experiments.

Eclipse, JDT) [100]

APBRC (Apache Projects | 21 Apache project bug reports.

Bug Report Corpus) [42]

DB2-Bind Corpus 19 Bug reports from DB2 software.

Signal Repository Subset 30 Subset of signal repository used for bug report eval-
uation.

BugZilla 275, 639 Bug reports across multiple open-source projects:
Motzilla, Eclipse, Netbeans, and GCC.

OSCAR [32] 59 Open-source software bug reports.

Building on these datasets, researchers have proposed diverse approaches to analyze,
process, and extract information from bug reports. This section provides a review of
existing studies, highlighting the methods and techniques used to support different
bug report tasks, with particular attention to approaches for summarization.

2.1.1 LLM Approaches

These approaches leverage large pre-trained language models (LLMs) to process and
analyze bug reports. These models can extract relevant information, highlight key

patterns, and generate concise, actionable outputs for software maintenance tasks.
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The emergence of large pre-trained language models (LLMs) has opened new possi-
bilities for automating software maintenance tasks such as bug report summarization,
evaluation, reproduction, and quality enhancement [15], [43], [45], [52]. At first, re-
search focused on whether these models, trained primarily on natural language and
code, could be adapted to the specific demands of bug reports. For instance, RTA
[24] pre-trained a generative LLM on a large corpus of bug reports and then fine-
tuned it for summarization, achieving state-of-the-art performance on task-specific
datasets. Building on this foundation, SumLLaMA [92] extended CodeLLaMA [78]
by distinguishing relevant from irrelevant content through contrastive pre-training.
By drawing related information closer in its internal representation space and sepa-
rating irrelevant details, it improved the ability to prioritize key content in bug reports.
Crucially, instead of updating all parameters, SumLLaMA applied parameter-efficient
fine-tuning with Low-Rank Adaptation (LoRA), updating only a small subset of pa-
rameters to reduce computational and memory costs [34]. This line of work illustrated
the trade-off between specialization and efficiency, proving that even large models
could be effectively tuned for bug report summarization without prohibitive expense.

Once models could generate fluent summaries, the next challenge became assess-
ing their quality. Traditional metrics like ROUGE or BLEU are difficult to interpret
in a software engineering context and often do not correlate with human judgment
[77]. To address this, researchers began to repurpose LLMs themselves as evaluators
[52]. By prompting models such as GPT-4o [3], LLaMA-3 [28], and Gemini [84] to
judge summaries along dimensions like coherence, informativeness, and complete-
ness, studies showed that LLMs could provide nuanced evaluations that aligned well
with human judgments, even on complex tasks. This not only introduced a scalable
evaluation alternative but also highlighted a new dependency: evaluation outcomes
themselves were sensitive to prompt phrasing and model choice, underscoring the
importance of careful design.

However, generating fluent summaries came with a downside: hallucination [35].
LLMs could invent plausible but false details or omit crucial steps, creating outputs
that misled rather than helped developers. This limitation shifted attention toward
prompt engineering as a mechanism to guide and constrain model behavior. Instead
of retraining models for each scenario, researchers explored structured, role-based,
and progressive prompting techniques to reduce hallucinations and make outputs
more reliable [43].

Several systems demonstrated how well-crafted prompts could reshape LLM behav-
ior in bug report contexts. For example, ChatBR [15] used structured prompts that
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assigned roles like “senior software engineer,” specified output formats, and embed-
ded domain-specific instructions. This enabled the model to enhance low-quality bug
reports by clarifying ambiguous sentences, suggesting reproduction steps, and adding
missing environmental details, significantly improving readability and completeness.
Similarly, another study [2] investigated whether instruction-tuned LLMs could stan-
dardize casual, unstructured reports by transforming them into high-quality, action-
able bug reports. Using prompt templates with error messages, logs, and reproduction
steps, these models generated outputs that rivaled human-written reports in accuracy
and relevance.

Prompting was also shown to bridge the gap between natural language descriptions
and executable artifacts. The LIBRO framework [45] demonstrated how task-specific
prompts and few-shot examples could help LLMs reproduce bugs by generating ranked
test cases, easing a traditionally time-consuming process. Likewise, LLPut [6] re-
vealed that prompts could guide LLMs to extract failure-inducing input commands
from unstructured reports, outperforming earlier BERT-based approaches in trans-
lating ambiguous natural language into concrete inputs. Both studies highlighted
that LLMs excel when prompts anchor their generation to domain-relevant structure,
though they also made clear that verification against real code remains essential.

Other research sought to integrate LLM capabilities with established program anal-
ysis methods. LLIFT [55] combined in-context learning with progressive prompting
and task decomposition to handle token limitations. By revealing only necessary de-
tails step by step and breaking down complex bug detection into smaller tasks, LLIFT
allowed LLMs to understand function post-constraints more effectively and improved
practical bug detection in large codebases. This integration showed that prompting
strategies could complement static analysis, enabling hybrid systems that balance

symbolic rigor with language-model flexibility.

Beyond bug reports specifically, a parallel line of work explored how to make LLM
reasoning itself more efficient and controllable. Compressed chain-of-thought tech-
niques encoded intermediate reasoning as dense vector representations rather than
long textual chains, reducing token usage and computational cost while preserving
accuracy [89]. This matters for bug report workflows that require multi-step reason-
ing, such as diagnosing causes from logs or cross-referencing multiple files. Similarly,
foundational work on GPT-3 [16] demonstrated that few-shot prompting could teach
models new tasks from minimal examples, while probing studies revealed that model
knowledge is highly sensitive to prompt phrasing and format [41], [101]. Together,

these findings reinforced the centrality of prompt design: small changes in instruc-
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tions or exemplars can determine whether outputs are consistent, accurate, and com-

plete.

Building on this foundation, researchers developed prompt-based approaches for con-
trollable summarization. PromptSum [76] introduced prompts that explicitly specify
attributes like summary length, style, or focus, offering parameter-efficient alterna-
tives to fine-tuning. Meanwhile, automatic semantic augmentation enriched prompts
with contextual cues such as repository metadata, variable names, and data-flow in-
formation, enabling models to generate more meaningful and accurate summaries
without additional training [5]. These techniques demonstrated that both the struc-
ture and the content of prompts directly shape output quality, showing that prompting
is not merely about wording but about embedding contextual signals that ground the

model’s generation.

Similarly, recent work explored ChatGPT’s capabilities on vulnerability management,
including bug report summarization [60]. This study highlights challenges such as
prompt sensitivity and hallucination, and proposes self-heuristic prompting as a strat-
egy to improve output reliability, demonstrating how careful prompt design can en-
hance LLM performance in technical domains.

Across these diverse directions, a unifying theme emerges: while LLMs provide the
raw capacity to generate, evaluate, and even reason about bug reports, their utility
depends heavily on how they are guided. Domain adaptation methods like LoRA
and contrastive pre-training enhance specialization; evaluation methods using LLM
judges provide nuanced but prompt-sensitive quality checks; and prompt engineering
through role assignment, progressive disclosure, semantic augmentation, and task
decomposition serves as the bridge between general-purpose models and domain-
specific requirements. Together, these strategies illustrate a trajectory from capability
to reliability: moving from “what LLMs can do” toward “how to make them consis-
tently useful for developers.” Yet important challenges remain, including ensuring
faithfulness, developing standardized evaluation pipelines, and balancing efficiency
with controllability. The body of work thus suggests that the future of LLMs in soft-
ware maintenance will rely not only on more powerful models but on increasingly
sophisticated ways of structuring and guiding their use.

2.1.2 Graph-Based Approaches

These approaches leverage graph neural networks to capture and model relationships
between sentences, entities, or code segments within bug reports. They effectively
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capture the structural and relational information within reports.

One representative example is the Bug Report Summarization for Bug Localization
(BRS_BL) method [55], which directly ties summarization to the downstream task
of localizing buggy code. In this framework, bug reports are transformed into het-
erogeneous graphs with multiple node types such as sentences, keywords, and code-
related entities, with edges that encode their relationships. This design allows the
model to capture nuanced interactions across different report components. To han-
dle the challenge of large source files, where only a few lines may actually contain
the defect, BRS_BL splits code into smaller chunks, making feature extraction more
precise. Summarized bug reports are then matched to these code chunks using not
only semantic similarity but also software-specific features, such as the history of prior
bug fixes. A fine-grained matching module integrates these signals, and a fusion layer
computes a final relevance score that identifies the most likely faulty code segments.
In doing so, BRS_BL demonstrates how graph-based summarization can move beyond
text compression to actively support developer tasks like bug localization.

2.1.3 Neural Learning Approaches

These approaches leverage specialized deep learning architectures to process bug re-
ports, capturing sentence importance, contextual relationships, and domain-specific
patterns to generate more accurate and informative outputs.

Early neural methods emphasized identifying the most significant parts of a report.
One approach introduced the idea of computing sentence significance factors [50],
where a model assigns numerical importance scores to each sentence based on se-
mantic content, position within the report, and contextual links with surrounding
sentences. This mechanism naturally prioritizes sentences that align with the report’s
title or appear early in the description, producing concise summaries that capture es-
sential information such as the problem statement, reproduction steps, and environ-
mental details.

While this represented an important step, later research recognized that simply rank-
ing sentences was not enough. Bug reports often include multiple perspectives from
the initial description to developer comments, and extracting these in isolation risks
losing the coherence of the report as a whole. To address this, BugSum [59] was de-
veloped as a neural architecture that encodes different report components jointly. By
learning how titles, descriptions, and comments relate to each other, BugSum is able
to filter redundancy and highlight truly relevant content, resulting in summaries that
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are not only informative but also contextually coherent.

Building on this foundation, researchers explored how pre-training could further im-
prove summarization models. The Knowledge-Specific and Contrastive Learning Pre-
Training (KSCLP) framework [81] exposed models to large corpora of bug reports and
software development text, allowing them to develop familiarity with domain-specific
terminology and concepts. In addition, contrastive learning was used to train the sys-
tem to detect subtle differences between bug reports, improving its ability to discrim-
inate important details from irrelevant noise. This pre-training strategy allowed the
model to generate more accurate and discriminative summaries that better serve the
needs of developers.

Finally, a different line of research focused on ensuring that all critical attributes of a
bug report are preserved in the summary. The ClaSum [66] framework approached
the problem through multidocument summarization, treating elements such as the
description, reproduction steps, and environmental details as related but distinct sources
of information. By classifying and ranking sentences across these components, Cla-
Sum produced structured summaries that retained essential attributes often overlooked
in earlier methods. This approach ensured that summaries were not only concise but
also complete enough to support effective debugging.

Taken together, these neural learning approaches trace a progression in the field: from
identifying significant sentences, to modeling contextual relationships across report
components, to leveraging domain-specific pre-training, and finally to ensuring com-

pleteness through multidocument integration.

2.1.4 Information Retrieval Approaches

These approaches extract key information from bug reports by ranking sentences or
segments based on features like term frequency and relevance. These methods pro-
vide concise, interpretable summaries but may struggle to capture deeper contextual
relationships.

To address the challenge of extracting relevant information from lengthy bug reports,
an effective summarization approach combines keyword extraction with sentence-
level analysis [42]. Key terms are identified using the Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) method, highlighting words that are both frequent and
significant within the report. Sentences containing these high-value keywords are
then scored, ranked, and combined to generate concise summaries that emphasize
the core aspects of a bug report. By integrating keyword detection with sentence-level
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ranking, this approach improves bug review, prioritization, and developer compre-
hension. Its main limitation, however, is reliance on textual features alone, which
leaves out contextual information such as stack traces, runtime logs, and source code
that are often crucial for debugging.

2.1.5 Semantic Analysis Approaches

These approaches leverage semantic information to identify key sentences, using sim-
ilarity measures or semantic classes. Unlike information retrieval methods, which
rely on keyword frequency and sentence ranking and often fail to capture deeper
meaning, semantic analysis approaches focus on the relationships between sentences

and their roles in conveying critical information.

One strategy measures the semantic similarity between sentences using vector-based
text representations, allowing the model to identify which sentences are most closely
related in meaning [27]. Sentences with the highest centrality in this semantic net-
work are then selected to form a summary, ensuring that the core aspects of the bug are
preserved while redundancy is minimized. This method effectively captures impor-
tant contextual information that purely statistical approaches may overlook, though it
remains limited to textual descriptions and does not incorporate additional data such

as code snippets.

Building on this idea, more advanced techniques have explored the use of seman-
tic classes to better identify informative content. For instance, a Two-Layer Semantic
Model (TSM) [95] distinguishes between sentences that describe actions performed by
people, labeled as Anthropogenic, and those that detail steps to reproduce a bug, la-
beled as Procedural. The first layer of the model filters out less informative sentences,
while the second layer applies a supervised logistic regression model to rank and select
the most relevant sentences. By combining semantic class distinctions with a struc-
tured ranking process, this approach produces concise summaries that highlight the
information most critical for debugging, offering a more targeted and context-aware
alternative to earlier methods.

2.1.6 Supervised Approaches

These approaches leverage supervised learning, a method where models are trained
on labeled data to learn which sentences are important. They often use logistic re-
gression with engineered features or attributes to rank and select key sentences from
bug reports.
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A key insight in this domain is that duplicate bug reports often contain overlapping
or complementary information, which can be leveraged to generate more informative
summaries. PageRank-based Summarization Techniques (PRST) [32] exploit this by
computing sentence importance using similarity metrics across both master and du-
plicate bug reports. A supervised logistic regression model then predicts the likelihood
that each sentence belongs in the summary, and these scores are combined to select
the top-ranked sentences, ensuring that critical details are retained while redundancy
is minimized.

Another direction involves incorporating human insight to enhance attribute design.
Crowd-Attribute (CA) method [38] systematically infers new features from summary
sentences elicited from volunteers. By reviewing bug reports, volunteers identify sen-
tences they consider important and provide reasoning for their choices. Heuristic
rules are then applied to extract, filter, and merge these candidate attributes, which
are fed into a logistic regression model to predict sentence importance. This approach
demonstrates that leveraging diverse human perspectives can improve the quality
and accuracy of automatically generated summaries, especially in capturing subtleties
that purely statistical features might miss.

Beyond duplicate reports and crowdsourced attributes, supervised methods have also
explored applying general conversation-based summarization techniques to bug re-
ports [75]. Classifiers trained on bug report corpora use logistic regression over a wide
range of features, including structural elements, participant involvement, sentence
length, and lexical content. Summaries are generated by selecting the top-ranked sen-
tences up to a fixed portion of the report’s length. Task-based evaluations with devel-
opers have shown that these summaries facilitate tasks such as duplicate detection,
enabling faster completion without sacrificing accuracy. This confirms the practical

usefulness of supervised approaches in real-world software maintenance scenarios.

2.1.7 Unsupervised Approaches

These approaches leverage unsupervised learning, where models identify important
sentences without relying on labeled data, making them particularly useful when an-
notated corpora are scarce. Techniques include clustering based on semantic and syn-
tactic features, cognitive-inspired heuristics to mimic human reading patterns, and
deep representation learning to capture contextual relationships.

One early insight is that developers often do not read bug reports line by line but in-
stead scan them quickly to locate critical details [62]. Emulating this "hurried” read-
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ing process, some methods incorporate cognitive-inspired heuristics to prioritize sen-
tences that are more likely to be noticed under time constraints. Positional bias, which
favors sentences appearing earlier, and keyword density are used to highlight the most
salient content, producing concise summaries that retain essential elements such as

problem descriptions and reproduction steps.

Other unsupervised techniques leverage deep learning to capture richer semantic and
contextual relationships. By representing sentences as embeddings, models can com-
pute pairwise similarities and identify clusters of related content, ensuring that sum-
maries reflect both centrality and diversity of information. Approaches like Deep-
Sum [56] illustrate this strategy, modeling deeper representations that are robust to
variations in vocabulary and domain-specific phrasing. Clustering then selects rep-
resentative sentences that cover the most important aspects of the report, producing
summaries that are more informative and comprehensive than those generated by tra-
ditional extractive methods, though some redundancy may persist when semantically
similar sentences are scattered throughout the report.

Industrial bug reports often contain additional noise, including email dumps, chat
transcripts, which can reduce the effectiveness of summarization. To address this,
certain unsupervised frameworks classify sentences into categories such as questions,
investigative statements, code snippets, and others, filtering out irrelevant content
before applying clustering or selection algorithms [63]. This noise reduction ensures
that the final summaries focus on meaningful, actionable information.

Finally, some approaches adopt a multi-view, multi-objective perspective [64], recog-
nizing that both semantic and syntactic features contribute to sentence importance.
Sentences are clustered independently based on semantic embeddings, such as those
generated by BERT, and syntactic features like TF-IDF. Multi-objective optimization
then reconciles these different views, forming consensus clusters from which key sen-
tences are selected. This strategy allows summaries to capture diverse and relevant
content across the report, balancing coverage, centrality, and relevance, and repre-

senting an advanced evolution of unsupervised summarization techniques.

2.2 Critical Analysis and Synthesis of Existing
Approaches

In this section, we move beyond a simple overview to critically examine the literature
on bug report summarization in software development. By assessing the strengths,
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limitations, and underlying methodologies of existing approaches, we identify recur-
ring themes, methodological patterns, and gaps in the field. This critical synthesis not
only provides a deeper understanding of how bug report summarization has evolved
but also sets the stage for situating the contributions of this thesis within the broader

research landscape, highlighting where novel insights and improvements are needed.

LLM Approaches Fine-tuning, contrastive learning, LLMs as
evaluators and assessors

Prompt engineering: chain-of-thought
prompting, few-shot and zero-shot learning

Graph-Based Graph representations, graph-based relevance
Approaches ranking
Neural Learning De:lep Iearmng_ u}rlth gentence mgmflcance_.- .
A h scoring, pre-training with knowledge-specific
pproaches objectives
Information Retrieval Keyword extraction, sentence ranking and
Approaches similarity-based selection
Semantic Analysis Sentence semantic similarity computation,
Approaches clustering
Unsupervised Modeling reading behavior, unsupervised
Approaches representation learning without labels
Supervised PageRank-based (PRST), crowdsourcing elicited
Approaches attributes, supervised training on labels

Figure 2.1: A taxonomy of bug report summarization approaches, categorizing exist-
ing techniques into LLM-based, graph-based, neural learning, information retrieval,
semantic analysis, and supervised/unsupervised methods

2.2.1 Comparison of Different Approaches

A dominant trend in bug report summarization is the prevalence of extractive meth-
ods [47], alongside the emerging use of LLM-based abstractive approaches [97]. Ex-
tractive methods such as SSBRSS [27], TSM [95], Hurried [62], AUSUM [63], Deep-
Sum [56], BugSum [59], ClaSum [66], Automatic Keyword and Sentence-Based [42],
PRST [32], Crowd-Attribute [38], Automatic Summarization [75], Multi-View Multi-
Objective Optimization Framework [64], and Sentence Significance Factor-based ap-

proaches [50] focus on selecting the most relevant sentences from bug reports rather
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than generating new text. While SSBRSS emphasizes semantic similarity and sen-
tence centrality, TSM extends this paradigm by introducing Anthropogenic and Proce-
dural classes, allowing it to capture critical sentences that other extractive techniques
tend to overlook. Similarly, cognitive and human-in-the-loop strategies, such as Hur-
ried and Crowd-Attribute, simulate developer reading behavior or incorporate crowd-
sourced insights. This makes them more adaptive than purely statistical approaches
like the Automatic Keyword and Sentence-Based method, which are prone to missing

nuanced contextual details.

Within extractive methods, there is a clear distinction between supervised and un-
supervised strategies. PRST, Automatic Summarization, and Crowd-Attribute exem-
plify supervised approaches, where annotated datasets and engineered features en-
able higher accuracy. In contrast, unsupervised techniques such as Hurried, Deep-
Sum, AUSUM, and the Multi-View Multi-Objective Optimization Framework avoid
the need for labeled data by relying on embeddings, clustering, or heuristics, offering
scalability at the cost of occasional precision loss. Neural extractive models, such as
DeepSum and Sentence Significance Factor-based approaches, further improve cov-
erage by embedding contextual information, outperforming simpler keyword-driven
methods like Automatic Keyword and Sentence-Based. Hybrid models like BRS_BL
[100] go a step further by integrating semantic, software-specific, and code-contextual
features. Unlike most extractive methods, however, BRS_BL does not use summariza-
tion as its primary goal but rather as a supporting mechanism to enhance bug local-
ization, demonstrating the broader utility of summarization in downstream software
engineering tasks.

In contrast, abstractive approaches such as RTA [24], SumLLaMA [92], KSCLP [81],
and PromptSum [76] represent a shift toward generating fluent, human-like sum-
maries. RTA serves as an early benchmark, pre-training a generative LLM pre-trained
on bug reports and achieving strong task-specific performance. SumLLaMA enhances
this by combining contrastive pre-training with LoRA fine-tuning, efficiently adapt-
ing to bug-report summarization. KSCLP, however, emphasizes knowledge-specific
pre-training and contrastive learning, capturing domain-specific semantics that are
difficult for generic models. Unlike both, PromptSum reduces the need for fine-tuning
by focusing on prompt engineering, controlling aspects like length, style, and content
focus. In comparison, recent work exploring ChatGPT’s capabilities in vulnerability
management [60] also leverages prompt-based techniques for bug report summariza-
tion, but highlights additional challenges such as prompt sensitivity and hallucina-
tion. The study proposes self-heuristic prompting as a strategy to mitigate these issues,
illustrating how prompt design can influence both effectiveness and reliability. Com-
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pared to extractive approaches, these LLM-based methods offer superior fluency and
readability but struggle with ensuring technical accuracy and balancing brevity with
detail, an especially critical concern in technical domains where minor omissions can
obscure root causes or mislead developers.

Several interconnections can be observed across these approaches. For example, both
TSM and BRS_BL demonstrate the advantages of integrating semantic modeling with
supervised ranking or multi-source features such as code awareness, thereby improv-
ing precision. Likewise, unsupervised models like DeepSum and Hurried conceptu-
ally align with SSBRSS in leveraging semantic similarity for sentence selection, though
they differ in whether human feedback is included. Neural extractive models and hy-
brid strategies often outperform simpler statistical or keyword-based systems, rein-
forcing the theme that semantic richness and contextual embeddings enhance cov-
erage and informativeness of summaries. Beyond traditional extractive approaches,
LLM-based and prompt-driven techniques also share conceptual links. PromptSum
and recent studies exploring ChatGPT’s capabilities demonstrate that controlling sum-
mary content through prompts or self-heuristic strategies can focus on relevant infor-
mation, without requiring extensive model retraining.

Table 2.2 provides a comparative overview of the major bug report summarization ap-
proaches, highlighting their year of introduction, techniques, and focus areas. Over-
all, extractive methods continue to dominate due to their reliability, accuracy, and
interpretability, whereas abstractive approaches, particularly LLM-based ones, show
promise in improving fluency and readability. However, abstractive methods face the
critical challenge of maintaining technical accuracy. Building on insights from hy-
brid extractive approaches like BRS_BL, which leverage code-contextual information
to enhance downstream tasks such as buglocalization, future work should emphasize
abstractive prompting strategies that integrate code context alongside textual content
to produce summaries that are both readable and technically comprehensive. Such
directions hold the potential to close the gap between informativeness and accuracy

in bug report summarization.
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Table 2.2: Comparison of Bug Report Summarization Approaches

Category Paper Name Year | Technique | Key Focus
LLM RepresentThemAll: A | 2023 Abstractive | Pre-trained LLM for
Approaches Universal Learning bug reports with
Representation of Bug multi-task capabilities
Reports [24] using masked
language modeling
and contrastive
learning
SumLLaMA: Efficient | 2024 | Abstractive | LLM fine-tuning with
Contrastive adapters
Representations and
Fine-Tuned Adapters
for Bug Report
Summarization [92]
PromptSum: 2023 Abstractive | Prompt-based
Parameter-Efficient controllable
Controllable summarization
Abstractive
Summarization [76]
Exploring ChatGPT’s | 2024 Abstractive | Prompt-based
Capabilities on general-LLM
Vulnerability
Management [60]
Graph-Based | Enhancing Bug 2023 Extractive | Graph-based bug
Approaches Localization through localization aided by
Bug Report summarization
Summarization [100]
Neural Deep Learning-Based | 2022 Extractive | DL model with
Learning Bug Report significance factor
Approaches Summarization Using weighting

Sentence Significance
Factors [50]
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Category Paper Name Year Technique | Key Focus
BugSum: Deep 2020 Extractive | Contextual deep
Context learning for
Understanding for summaries,
Bug Report believability score
Summarization [59]
Enhancing Bug 2024 Abstractive | Contrastive and
Report Summaries knowledge-specific
Through pretraining
Knowledge-Specific
and Contrastive
Learning Pre-Training
[81]
A Multidocument 2024 Extractive | Rule-based scoring,
Summarization classification
Technique for
Informative Bug
Summaries [66]
Information | Automatic Keyword 2020 Extractive | Keyword extraction,
Retrieval and Sentence-Based sentence scoring,
Approaches Text Summarization statistical features
for Software Bug
Reports [42]
Semantic Summarization of 2024 Extractive | Semantic
Analysis Software Bug Report similarity-based
Approaches based on Sentence summarization
Semantic Similarity
(SSBRSS) [27]
Towards an 2018 Extractive | Extending semantic

Improvement of Bug
Report
Summarization Using
Two-Layer Semantic
Information [95]

model with
anthropogenic and
procedural
information
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Category Paper Name Year Technique | Key Focus
Unsupervised | Hurried: Modelling 2012 Extractive | Cognitive-inspired
Approaches the ‘Hurried’ Bug unsupervised
Report Reading summarization
Process to Summarize
Bug Reports [62]
DeepSum: 2018 Extractive | Unsupervised DL
Unsupervised Deep model for bug report
Bug Report summarization
Summarization [56]
AUSUM: Approach 2012 Extractive | Noise reducer,
for unsupervised bug unsupervised
report summarization algorithms
[63]
Bug Report 2022 Extractive | Multi-view (semantic
Summarization using and syntactic)
Multi-View multi-objective
Multi-Objective optimization
Optimization approach
Framework [64]
Supervised PRST: A 2017 Extractive | PageRank-based
Approaches PageRank-Based scoring for duplicate
Summarization bug reports
Technique for
Summarizing Bug
Reports with
Duplicates [32]
Towards Better 2018 Extractive | Crowd-sourced
Summarizing Bug attributes for heuristic
Reports with scoring
Crowdsourcing
Elicited Attributes
[38]
Automatic 2014 Extractive | Feature-engineered

Summarization of
Bug Reports [75]

supervised learning
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2.2.2 Strengths and Weaknesses of Existing Approaches

Bug report summarization has evolved from basic keyword-based extraction to so-
phisticated neural and LLM-based methods, each with distinct strengths, limitations,
and application contexts.

Supervised extractive approaches [32], [75], [95] provide higher accuracy but rely on
labeled data, whereas unsupervised approaches [27], [42], [56], [63], [64] offer scala-
bility but sometimes at the cost of precision. Human-in-the-loop and cognitive meth-
ods [38], [62] contribute valuable insights but are limited in automation and scal-
ability. Neural and hybrid methods [50], [59], [66], [81] show that contextual em-
beddings and code-awareness enhance coverage and downstream utility. Abstractive
LLM-based methods [24], [60], [76], [81], [92] prioritize fluency and readability but
require careful design to preserve technical correctness. BRS_BL [100] exemplifies
how summarization can serve broader goals, bridging content extraction with soft-
ware engineering tasks like bug localization. To provide a more detailed perspective,
Table 2.3 summarizes the key strengths and limitations of prominent bug report sum-
marization approaches. The table highlights not only the methodological diversity
from rule-based and statistical methods to neural and LLM-based approaches, but
also the practical trade-offs in terms of accuracy, scalability, computational cost, and

applicability to downstream software engineering tasks.

Table 2.3: Strengths and Limitations of Bug Report Summarization Approaches

Paper

Strength

Limitations

Summarization of
Software Bug Report

based on Sentence

Captures sentence importance
using semantic similarity and

centrality; Lightweight and

May miss deeper contex-
tual nuances compared to

transformer-based embeddings

Semantic  Similarity | easy to implement without

(SSBRSS) technique | deep models

[27]

Automatic Keyword & | Fast, simple extraction Focuses on surface features;

Sentence-Based Text
Summarization for
Software Bug Reports

[42]

fuzzy clustering may mis-
group sentences; redundancy
removal may discard semanti-
cally important sentences
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Paper

Strength

Limitations

Hurried:  Modelling
the ‘Hurried’ Bug Re-
port Reading Process
to Summarize

Reports [62]

Bug

Human-like cognitive model-
ing; light-weight and useful in

real-time settings

Simplified heuristics; lacks se-
mantic/contextual representa-

tion

Towards Better Sum-
marizing Bug Reports
with Crowdsourcing
Elicited Attributes
[38]

Incorporates  crowd-sourced

insights; heuristic-based ap-

proach integrates human

understanding

Performance depends on vol-
unteer quality; no deep learn-
ing

Towards an Improve-
ment of Bug Report
Summarization Using
Two-Layer

Information [95]

Semantic

Dual-layer semantic modeling
(Anthropogenic & Procedural);
better context capture

May be computationally more
complex; depends on proper
classification of sentences

AUSUM:

for unsupervised bug

Approach

report summarization
[63]

Noise reducer to filter content

May not generalize across
projects; noise-reduction
heuristics require reconfigura-

tion for each subject

PRST: A PageRank-
Based Summarization
Technique for Sum-
marizing Bug Reports
with Duplicates [32]

Supervised;  high precision

with annotated data

Requires high-quality labels;
limited generalization

Automatic Sum-
marization

Reports [75]

of Bug

Supervised; engineered fea-

tures improve accuracy

Label-dependent; may not gen-
eralize well

Deep Learning-Based | Contextual embedding-based | Outdated architecture; may not
Bug Report Sum- | ranking consider bug report-specific
marization Using characteristics

Sentence Significance

Factors [50]

DeepSum: Unsuper- | Embedding-based cluster- | Time-consuming ( 5.66 min on

vised Deep Bug Report

Summarization [56]

ing improves coverage; goes
beyond lexical similarity

average per report); ignores
inter-sentence semantic flow

27




Paper

Strength

Limitations

Enhancing Bug Local-

Integrates semantic, software-

Computationally  intensive;

ization through Bug | specific, code features; en- | summarization is secondary
Report Summariza- | hances bug localization objective

tion [100]

A Multidocument | Rule-based scoring ensures | Lacks generalization; limited
Summarization Tech- | consistency semantic capture

nique for Informative
Bug Summaries [66]

BugSum: Deep Con-
text Understanding for
Bug Report Summa-
rization [59]

Designed specifically for bug-
related threaded discussions;
believability scoring from dis-

cussion replies

Depends on availability and
quality of discussion replies

Bug Report Summa-

rization using Multi-

Multi-objective optimization;
diversity (semantic and syn-

Computationally intensive

View Multi-Objective | tactic representations) and

Optimization Frame- | relevance

work [64]

SumLLaMA: Effi- | Contrastive pre-training with | High  computational cost;
cient Contrastive | LoRA; fluent summaries lacks standard zero/few-shot
Representations and prompting

Fine-Tuned Adapters

for Bug Report Sum-

marization [92]

Enhancing Bug Report | Knowledge-specific pretrain- | Computationally  expensive
Summaries Through | ing;  contrastive learning; | contrastive pretraining
Knowledge-Specific domain semantics

and Contrastive

Learning Pre-Training

[81]

PromptSum: Prompt-based control over | Requires careful prompt de-
Parameter-Efficient summary style/length sign; may miss technical de-

Controllable Abstrac-
tive
[76]

Summarization

tails; not specifically adapted to
bug reports
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Paper Strength

Limitations

Exploring Chat- | Flexible across tasks;
GPT’s Capabilities | summaries

fluent

Sensitive to prompt design;
hallucination; requires self-

on Vulnerability heuristic prompting

Management [60]

2.3 Identifying Gaps and Opportunities

Despite significant progress in bug report summarization, several limitations remain
in the existing literature. A recurring issue is the reliance on narrow or domain-
specific datasets such as BRC [75], SDS [39], and ADS [40]. While these datasets have
enabled model development and evaluation, their limited scope reduces generalizabil-
ity, causing models to struggle with bug reports from diverse software environments
or with greater complexity.

Another key gap is the lack of multimodal integration. Most studies focus solely on
textual content and neglect code snippets, which are critical for understanding the
full context of a bug [13], [65], [68]. Traditional extractive methods and neural ap-
proaches typically emphasize semantic or statistical features derived from text [61],
[68], producing summaries that may miss essential technical details necessary for ac-
curate bug reproduction and resolution.

Abstractive LLM-based approaches address fluency and readability but face additional
challenges [4], [57]. They are sensitive to prompt design, prone to hallucinations, and
often struggle to maintain technical precision [35], [41], [101]. Furthermore, these
models are rarely evaluated on heterogeneous datasets, limiting confidence in their
generalizability and reliability. Existing LLM approaches also largely ignore code con-
text [24], [60], [76], [81], [92], leaving the multimodal challenge unresolved. Due
to their computational requirements, they may be impractical for real-time or large-
scale bug report summarization [25], [80]. Compared to extractive methods, research
on abstractive LLM-based summarization remains limited, leaving many questions
about their effectiveness and applicability open [30].

Algorithmic and methodological limitations persist across other approaches as well.
Methods such as Deep Learning-Based Sentence Significance Factors [50], ClaSum
[66], and the MVMO Optimization Framework [64] can be computationally intensive,
affecting scalability. Human-in-the-loop or crowd-sourced approaches, like Crowd-
Attribute [38], provide valuable insights but are constrained in automation and re-
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producibility, making them difficult to deploy at scale.

Overall, the major gaps include limited datasets, insufficient focus on abstractive meth-
ods, inadequate integration of code context, high computational costs, and challenges
in maintaining technical precision and generalizability. Addressing these gaps presents
opportunities for future research and motivates this thesis’s focus on developing bug
report summarization methods that effectively combine textual and code information

to produce accurate, informative, and reliable summaries.

2.4 Summary

Bug report summarization has progressed from simple extractive methods to neural
and LLM-based approaches. Extractive techniques are reliable and interpretable but
often miss context, while semantic, graph-based, and hybrid models improve cover-
age and informativeness by capturing relationships among sentences and code. Su-
pervised methods achieve high accuracy, whereas unsupervised methods offer scala-
bility. Abstractive LLM-based approaches provide fluent, human-like summaries and
multi-task capabilities but face challenges in technical accuracy, prompt sensitivity,
code integration, and computational cost. Key gaps remain in dataset diversity, mul-
timodal integration, and balancing readability with correctness. These insights mo-
tivate this thesis to develop a method that combines textual and code information to
generate concise, accurate, and informative bug report summaries.
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Chapter 3
Proposed Methodology

In this chapter, we present the methodology that we developed to generate abstrac-
tive summaries of software bug reports. Our approach combines information from
both textual bug descriptions and corresponding code snippets, allowing us to pro-
duce summaries that are contextually meaningful and technically precise. We first
provide a high-level overview of the methodology and then describe its components
in chronological order in the subsequent sections.

3.1 Overview of the Methodology

The goal of our work is to design a system that generates summaries of software bugs
by combining natural language bug reports with their corresponding buggy code snip-
pets. These summaries aim to capture the essential aspects of the bug, with emphasis

on the root cause.

To achieve this goal, we developed a staged pipeline in which each component pro-
gressively refines the input into a concise, meaningful summary. The pipeline inte-
grates both textual and code-based information, enabling the system to provide out-
puts that are technically precise yet easy for developers to interpret during debugging.

Our methodology consists of four sequential stages: data pre-processing, prompt engi-
neering, fine-tuning, and evaluation. In the pre-processing stage, we clean, filter, and
align bug reports with the corresponding code snippets to ensure data quality. We
then apply prompt engineering to leverage the capabilities of pre-trained large lan-
guage models (LLMs) in a cost-effective way, enabling us to obtain early results with-
out the computational expense of full retraining. Building on this, we fine-tune the

models to incorporate domain-specific knowledge of software engineering, thereby
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improving their ability to understand bug reports and code changes. Finally, we eval-
uate the generated summaries using automated metrics to ensure that the outputs
are accurate, fluent, and relevant. Figure 3.1 illustrates an overview of our proposed
approach.

When designing this methodology, we were motivated by several considerations. First,
we combined bug reports with code snippets because these two sources provide com-
plementary perspectives: bug reports capture the context of the issue, while code snip-
pets reveal the technical details of the fault. Second, we chose abstractive summariza-
tion over extractive methods to generate summaries that are not simple fragments of
the original text, but instead coherent and informative narratives. Third, we adopted
a staged pipeline to balance efficiency with performance. By starting with prompt en-
gineering, we were able to quickly adapt LLMs to the task, while fine-tuning allowed
us to inject domain-specific knowledge for more accurate results.

3.2 Chronological Breakdown of Components

3.2.1 Data Preprocessing

The first step in our methodology involved preparing the dataset for use in the sum-
marization pipeline. Although Defects4]J [44] provides links to bug reports and code
snippets [82], the raw data was not structured for immediate processing. We therefore
designed a preprocessing procedure to extract, clean, and organize the data.

Extraction

The initial task was to extract relevant information from Defects4] [44]. While the
dataset provides URLSs pointing to bug reports and code snippets [82], we implemented
a scraping process to automatically parse, retrieve and store content locally. Due to
variations in how different projects present their bug reports and code changes via
different interface layouts, the scraping procedure required project-specific handling.
We ensured that both bug reports and their corresponding buggy and fixed code snip-
pets were successfully collected.

Figure 3.2 illustrates the extraction process for both bug reports and code snippets.
Subfigures 3.2(a) and 3.2(b) show a bug report in its original URL form and the cor-
responding content obtained after scraping, respectively. Similarly, subfigures 3.2(c)
and 3.2(d) display a patch code snippet as provided in URL form and the structured

content extracted from it. These examples demonstrate how the scraping process
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Figure 3.1: End-to-end pipeline for bug report summarization. The methodology
consists of three stages: (1) Chunking and summarizing buggy code - a long buggy
code snippet is divided into smaller code chunks that fit within an LLM’s context
window. Each chunk is independently summarized, and the chunk-level summaries
are aggregated into a final code-level summary. (2) Integrating bug reports and
code summaries - the bug report and the aggregated code summary are combined
through structured zero-shot, one-shot, or few-shot prompts, producing the com-
plete abstractive summary. (3) Fine-tuning with parameter-efficient adaptation - an
LLM is adapted using Low-Rank Adaptation (LoRA), yielding two fine-tuned vari-
ants: one trained on bug reports only and another trained on bug reports with code
summaries. This pipeline enables systematic experimentation with prompting strate-
gies and efficient model adaptation, ensuring concise summaries that capture both
natural-language and code-level bug contexts.

transforms raw web-based data into organized, locally stored text and code, making it
suitable for subsequent preprocessing and model input.

Cleaning

Although the scraped data was generally well-structured, we verified that all textual
content and code snippets were consistently formatted and free from extraneous HTML
tags or other artifacts. This ensured that the data remained organized and compatible
with subsequent model processing steps.
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bug_report
Title: #983 Potential NPE in AbstractCategorytemRender getl egenditems()
Status: closed-fixed

report.url
https://sourceforge net/pl/ifreechart/bugs/983

amp: 2010-02-
nt: Good spot. That was the result of a careless commit by me. Tve commitied the fix

id Gi

ilbert
p: 2010-02-09
Content labels: —> General assigned_to: nobody —> mungady status: open --> closed-fixed

(a) An example of a bug report in URL
form (b) Bug report content after scraping

patch_code

Commit Message: fixed files form Chart#1
Files Changed: projects/Chart/ java

Changes in file: projects/Chart/ v
@@ -1794,7 +1794,7 @@ public LegenditemCollection getLegenditems() {

}
intindex=this.plot.getindexOf(this);
CategoryD: plot.getD:
- if(dataset!=null) {
+if(dataset==null) {
returnresul;

}
intseriesCount=dataset.getRowCount();

Added lines:
+ if(dataset==null) {
Removed lines:

- if(dataseti=null) {

(c) An example of a patch code snippet in
URL form (d) Patch code content after scraping

Figure 3.2: An example of an extracted bug report and a code snippet.

Processed Dataset

After extraction and cleaning, we compiled a structured dataset, pairing each bug re-
port with its associated buggy code snippets. During this stage, we observed that only
about half of the records contained complete pairs (bug report with code snippets); in-
complete entries were therefore discarded. The final dataset consists of high-quality

text-code pairs suitable for model input.

« Input: Raw Defects4] [44] dataset (URLs pointing to bug reports and code snip-
pets [82]).

« Output: Cleaned and structured text-code pairs.

We selected Defects4] over other datasets because it includes real-world bug reports
and code changes across a variety of Java projects, making it highly relevant for this
task.

3.2.2 Prompt Engineering

After data preprocessing, we performed prompt engineering to prepare the inputs for
our models. Since the design of prompts strongly affects the quality of summaries pro-
duced by large language models, we experimented with multiple prompting strategies
to identify the most effective approach for summarizing bug reports and code snip-
pets. Instead of modifying the models themselves, we relied on carefully structured

prompts to shape how the models generated outputs. This approach allowed us to im-

34



prove summary quality without additional training or fine-tuning, thereby reducing

computational cost.

Zero-shot prompting

We began with zero-shot prompting by providing the model only with the bug report
and task instructions, without any examples of prior summaries. We structured the
prompt to clearly highlight the underlying issue of the bug while keeping the wording
concise. Figure 3.3 illustrates an example of a zero-shot prompt we used.

prompt = f"""Given the bug report, Write a one-sentence summary of the core issue using no more than 1@ words.
Bug Report:

{bug_report}

Summary :"""

Figure 3.3: An example of a zero-shot prompt for bug reports

One-shot prompting

We implemented one-shot prompting by including a single example of a bug report
and its corresponding summary alongside the task instructions. We carefully struc-
tured the prompt to guide the model without biasing it toward the wording or struc-
ture of the example. This helped the model generate summaries that were consistent
in style but not overly influenced by a single example. Figure 3.4 shows an example

of a one-shot prompt we used.

prompt = f"""Here is an example of a bug report and its summary:

Example Bug Report:
{example_bug_report}

Example Summary:
{example_summary}

Now, Write a one-sentence summary of the core issue using no more than 1@ words.
Avoid copying example text unless they naturally apply ; tailor the summary to the new bug report.\n\n

Bug Report:
{bug_report}

Summary """

Figure 3.4: An example of a one-shot prompt for bug reports

Few-shot prompting

We then extended our experiments to few-shot prompting, providing the model with
multiple randomized example summaries along with the bug report. This approach
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allowed the model to identify patterns and generate more accurate and coherent sum-

maries. Figure 3.5 illustrates a few-shot prompt we designed.

few_shot_examples = filtered_df.sample(3, random_state=42)
example_prompt = "Here are some examples of bug reports and their summaries:\n\n"
for _, row in few_shot_examples.iterrows():

example_prompt += f"Example Bug Report:\n{row['bug_report']}\n\n"

example_prompt += f"Example Summary:\n{row['ground_truth_summary']}\n\n"

example_prompt += "Now, Write a one-sentence summary of the core issue using no more than 18 words.\n
Avoid copying example text unless they naturally apply; tailor the summary to the new bug report.\n\n"

Figure 3.5: An example of a few-shot prompt for bug reports

Chunking and Summarizing Code

When we incorporated code snippets, we observed that most exceeded the input limit
of the models. To address this, we divided each code snippet into smaller chunks and
prompted each of our models to summarize the chunks individually in a zero-shot
setting, assuming the role of a senior software engineer. Figure 3.6 illustrates a zero-
shot prompt we designed.

prompt = f"""You are a senior software engineer helping to analyze this buggy code.\n
Summarize this piece of buggy code in 1-2 sentences:

Buggy Code:
{chunk}

Ssummary:

Figure 3.6: An example of a zero-shot prompt for code chunks

We then aggregated all chunk summaries into a single summary using a zero-shot
prompt, capturing the key technical aspects of the code relevant to the bug while keep-
ing the wording concise. Figure 3.7 illustrates a zero-shot prompt we designed.

combined_summary_prompt = (
"Write a summary describing the main context of the bug using minimal words in 1 sentence.\n\n"
f"Chunk Summaries:\n{chunk_summaries_text}\n\nSummary:"

Figure 3.7: An example of a zero-shot prompt for final code summary

Combining Bug Reports and Code

Finally, we designed prompts in zero-shot, one-shot, and few-shot settings that com-
bined the bug report with the aggregated code summaries. By providing the models
with both sources of information, we ensured that the final summary integrated the
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context from the bug report with the technical details from the code, resulting in a
coherent and developer-friendly output. Figures 3.8, 3.9, and 3.10 illustrate the zero-
shot, one-shot, and few-shot prompts we designed.

final_prompt = f"""
Now, Given a Bug Report with Buggy Code Summary, Write a one-sentence summary of the core issue using no more than 16 words.\n

Bug Report:
{bug_report}

Buggy Code Summary:
{combined_code_summary}

Final Summary:"""

Figure 3.8: An example of a zero-shot prompt for combined bug report and code
snippet summary

™ v ¢ @ E

final_prompt = f"""Here is an example of a bug report, summarized buggy code and its summary:
Example Bug Report:
{example_bug_report}

Example Buggy Code Summary:
{example_combined_code_summary}

Example Summary:
{example_summary}

Now, Given a Bug Report with Buggy Code Summary, Write a one-sentence summary of the core issue using no more than 1@ words.\n
Avoid copying example text unless they naturally apply ; tailor the summary to the new bug report.\n

Bug Report:
{bug_report}

Buggy Code Summary:
{combined_code_summary}

Final Summary:"""

Figure 3.9: An example of a one-shot prompt for combined bug report and code snip-
pet summary

few_shot_examples = code_summary_gemma_df.sample(3, random_state=42)
example_prompt = "Here are some examples of bug reports, buggy code summaries and their summaries:\n\n"

for i, (_, row) in enumerate(few_shot_examples.iterrows(), 1):
bug_report = row['bug_report']
ground_truth = row['ground_truth_summary']
combined_code_summary = row['code_summary']

example_prompt += (
f"Example {i}:\n"
f"Bug Report:\n{bug_report}\n\n"
f"Buggy Code Summary:\n{combined_code_summary}\n\n"
f"Summary : \n{ground_truth}\n\n"
+ "="*19 + "\n\n"

example_prompt = example_prompt.strip()

Figure 3.10: An example of a few-shot prompt for combined bug report and code
snippet summary
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Evaluating Prompt Effectiveness

We evaluated the prompts qualitatively by examining the coherence, relevance, and
completeness of the generated summaries. Through iterative testing, as illustrated in
3.11, we found that prompts guiding the model to generate concise summaries gen-
erally performed best. These experiments confirmed that well-designed prompts can

significantly improve summary quality even before fine-tuning the model.
« Input: Preprocessed bug reports and code snippets.

« Output: Prompted samples ready for model fine-tuning.

0
i Summarize the following bug report concisely:

i {bug_report} !

You are an expert summarizer. Please provide a
concise and informative summary of the following

Bug report: {bug_report}
Summary: (in one or two sentences)

Given the bug report and the summarized buggy
code, write a final summary including the bug’s
cause, its impact, and the method where it occurs.
{bug_report} {buggy_code_summary}

Given a bug report with buggy code summary,
write a summary describing the core of the issue
using minimal words in 1 sentence. {bug_report}
{buggy_code_summary}

Given the bug report and buggy code summary,
write a one-sentence summary of the core issue
using no more than 10 words. {bug_report}
{buggy_code_summary}

Figure 3.11: Overview of the iterative prompt refinement process. Prompts were pro-
gressively adjusted based on the quality of model-generated summaries to improve ac-
curacy, completeness, and readability. The figure illustrates representative examples;
for clarity, not all prompt permutations, including zero-, one-, and few-shot settings
with bug reports and bug reports plus code, are shown.

In summary, we carefully experimented with zero-shot, one-shot, few-shot, and code
chunk summarization strategies. These efforts allowed us to optimize the prompts
and prepare the model to produce high-quality abstractive summaries in the subse-
quent stages of our methodology. We applied this entire pipeline consistently across
all models to ensure comparability and to achieve high-quality outputs for each ap-
proach.

3.2.3 Fine-Tuning

Following preprocessing and prompt engineering, we extended the pipeline by fine-
tuning pre-trained LLMs, adapting them specifically for abstractive bug report sum-
marization. The goal was to make the models more context-aware, enabling them to
capture the technical characteristics of bug reports and code snippets effectively. To
achieve this efficiently, we employed parameter-efficient fine-tuning with Low-Rank

38



Adaptation (LoRA) [34], which updates only a small fraction of parameters while re-
taining pre-trained knowledge.

Dataset Formulation

We constructed two dataset variants for fine-tuning, allowing a direct comparison be-
tween text-only and code-augmented inputs:

« Variant1 (Bug Report Only): Each input consisted of a bug report paired with
its ground-truth summary.

+ Variant 2 (Bug Report + Code): Each input combined a bug report and its
corresponding code-level summary, paired with the ground-truth summary.

Training and Learning

We fine-tuned two model variants using structured prompt-target pairs to ensure con-
sistency with the earlier prompt engineering stage.

+ Variant 1 (Bug Report Only): Trained solely on bug reports and ground-truth

summaries.

+ Variant 2 (Bug Report + Code): Trained on bug reports combined with code
summaries, paired with ground-truth summaries.

This design allowed us to compare the effectiveness of summarization when relying
only on bug reports versus when integrating both bug and code contexts.

« Input: Bug report (and optionally code snippet summaries), formatted into
structured prompts.

« Output: Fine-tuned models adapted for bug report summarization with or with-
out code context.

Prediction
Once fine-tuned, both variants were applied to unseen bug reports for summarization.

« Input: New bug report and (optionally) code snippet summaries, structured as
prompts.

« Output: Summaries that captured textual bug context, with Variant 2 addition-
ally leveraging code information for more precise and technically aligned out-
puts.
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While large pre-trained models are already capable of general text summarization,
our fine-tuning process enhanced their ability to focus on the unique characteristics
of software bugs. By comparing bug-only and bug+code variants, we were able to
highlight the contribution of code context in producing precise, developer-friendly

summaries.

3.2.4 Evaluation

To assess the generalization ability of our proposed approach, we evaluated the fine-
tuned models on both the primary dataset and additional datasets that were not used
in the initial analysis. This step ensured that the models were not only effective on
the prepared dataset but could also handle unseen bug reports and code contexts.

The evaluation involved both fine-tuned model variants:

+ Variant 1 (Bug-Only): Tested on bug reports without any accompanying code
summaries.

+ Variant 2 (Bug + Code): Tested on bug reports with integrated code snippet

summaries.

By comparing these two configurations across unseen datasets, we aim to assess the
contribution of code context to the summarization process. This evaluation frame-
work supports the practical application of the models to new bug reports, ensuring
that the methodology is capable of handling real-world scenarios where both textual
and code information may be available.

3.3 Integration and Interconnections

The methodology is structured as a cohesive pipeline, where each stage builds upon
the outputs of the previous component, as illustrated in Figure 3.1 and Algorithm 1.
Data preprocessing transforms raw dataset URLs into a clean, well-structured dataset
of bug reports and associated code snippets, ensuring that subsequent stages operate
on reliable and consistent inputs.

Prompt engineering prepares the inputs for the models, using zero-shot, one-shot,
and few-shot strategies to guide the models’ understanding of textual bug reports.
Processed code summaries are integrated alongside bug reports, allowing the models
to consider both the natural language description and the relevant technical details
when generating outputs. This integration ensures that the models capture the full
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Algorithm 1 Chunk-and-Fuse for Abstractive Bug Report Summarization

1: Input: Bug report, buggy code, instructions, examples (optional), pre-trained
LLM, bug report dataset, bug report + code dataset
Output: Abstractive summary, fine-tuned LLMs
Split the buggy code into smaller chunks that fit within the LLM’s context window
for each code chunk do

Generate a chunk-level summary using the pre-trained LLM

end for
Aggregate all chunk summaries into a single code-level summary
Combine the bug report and the code-level summary using structured prompts to
produce the final abstractive summary
9: for each LLM do

10: Fine-tune on the bug report dataset
11: Fine-tune on the bug report + code dataset
12: end for

13: return Final abstractive summary and fine-tuned LLMs

context of each bug.

Fine-tuning adapts the models to generate context-aware summaries by training on
structured prompt-target pairs. The two variants, bug-only and bug plus code, demon-
strate the impact of including code context, highlighting how code summaries com-

plement bug reports to improve clarity and technical accuracy.

Evaluation applies the models to unseen datasets, testing their ability to generalize.
By comparing outputs from both variants, we can observe how the inclusion of code

information enhances the informativeness and developer relevance of the summaries.

The pipeline forms an interconnected framework where the output of one component
directly informs the next. For example, the quality of prompt engineering depends
on the structure of the preprocessed dataset, and the quality of the final summaries

depends on the integration of bug report and code information.
The overall data flow can be summarized as:

Raw dataset — Structured and cleaned dataset — Prompted bug reports with
integrated code summaries — Fine-tuned models (with 2 variants) —

Generated summaries

Figure 3.1 presents an architectural flowchart of the methodology, showing how each
module integrates to achieve accurate and informative bug summaries, with bug re-

ports and code summaries contributing complementary information.
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3.4 Summary of the Methodology

The proposed methodology integrates three key components: data preprocessing, prompt
engineering, and model fine-tuning. Preprocessing organizes and cleans raw bug re-
ports and code snippets from dataset, creating a structured dataset suitable for model
input. Prompt engineering guides the models using zero-shot, one-shot, and few-
shot strategies, explicitly combining bug reports with code summaries to enhance
summary quality. Fine-tuning then adapts pre-trained language models to generate
coherent, developer-friendly summaries that leverage both textual and code informa-

tion.

Each stage builds on the previous one, forming a cohesive pipeline where data flows
seamlessly from raw input to prompted representations and finally to generated sum-
maries. This structured approach ensures that the system produces high-quality ab-
stractive bug summaries while maintaining consistency and reliability across different
datasets.
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Chapter 4
Results and Discussion

This chapter presents the experimental findings of the proposed approach and pro-
vides a critical discussion of their implications. The results demonstrate the perfor-
mance of large language models (LLMs) in generating summaries for bug reports,
both with and without code context, under various prompt strategies. The discussion
interprets these outcomes in relation to the research objectives and compares them
with existing literature, highlighting the strengths and limitations of the approach

while emphasizing its practical relevance.

4.1 Datasets and Experimental Setup

4.1.1 Datasets

We evaluate our approach using four benchmark datasets that offer different perspec-
tives. Defects4] [44] serves as the primary dataset because it provides both textual
bug reports and associated code snippets, enabling evaluation of code-aware summa-
rization through prompt engineering. In contrast, SDS [39] and ADS [40] primarily
support extractive benchmark comparisons, while Fang et al.’s corpus [24] enables
large-scale generalization. While all datasets include textual information such as bug
descriptions, statuses, and technical metadata, only Defects4]J contains complete code
snippets, whereas the others include partial or none.

Defects4J [44]: A benchmark dataset containing real-world Java bugs across 17 projects,
including both bug reports and corresponding code snippets. It has 854 entries in to-
tal, of which 372 include both bug reports and code. Only 133 entries from a single
project contain ground-truth summaries. These 133 samples form the core of our
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experiments, as they provide complete information: bug reports, code snippets, and
reference summaries. On average, bug reports in this subset are 289 words long, and
buggy code snippets span about 1,037 lines of code (LOC). The dataset primarily pro-
vides textual information, such as bug descriptions, statuses, comments, and technical
metadata. No major class imbalance was observed, as each report was treated as an in-
dependent instance. However, since this subset was selected based on the availability
of summaries, it may be biased toward better-documented bugs with richer context.
This could lead to slightly optimistic performance estimates compared to real-world

settings where bug reports are often less detailed.

Summary Dataset (SDS) [39]: An extractive benchmark dataset containing 36 man-
ually annotated bug reports from four open-source projects: Mozilla, Eclipse, KDE,
and Gnome. These reports contain a total of 2,361 sentences, averaging 65 sentences
per report. Each report was selected to include conversational content with at least
two contributors, avoiding reports dominated by long stack traces or large code snip-
pets. Each report was annotated by three graduate students to create gold standard
summaries (GSS), where sentences marked with a score of two or more were included.
The GSS serves as the reference for evaluating generated summaries.

Authorship Dataset (ADS) [40]: An extractive benchmark dataset containing 96
manually annotated bug reports from the same four projects as SDS. Reports are shorter
than in SDS, averaging 39 sentences, and include diverse authorship, enabling evalu-
ation on more concise inputs and varied writing styles. Each summary was annotated

similarly to SDS.

Public Bug Report Corpus by Fang et al. [24]: A large-scale corpus of 275,639 bug
reports from four open-source projects: Mozilla, Eclipse, NetBeans, and GCC. The
source reports an average length of 171 per report, but the unit is unspecified. For
the purpose of our study, we did not utilize the entire corpus. Instead, we randomly
sampled 500 bug reports from this dataset to create a manageable yet representative
subset for experimentation. While random selection helps reduce systematic bias,
the smaller sample size may not fully capture the diversity of the original dataset in
terms of bug complexity, language style, and project characteristics. This introduces a
potential sampling bias, which should be considered when generalizing the findings.
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4.1.2 Experimental Setup
Research Questions

We first compare our proposed approach with state-of-the-art bug report summariza-
tion techniques to evaluate its effectiveness (RQ1). Next, we perform an ablation study
to investigate the impact of integrating full code snippets with bug reports (RQ2). Fi-
nally, we examine the effect of prompt engineering compared to fine-tuning on the

quality of summarization across different LLMs and datasets (RQ3).

« RQ1: How effective is our approach compared to state-of-the-art bug report
summarization approaches?

« RQ2: How does the integration of full code snippets influence the quality of

abstractive bug report summaries?

« RQ3: How do prompt engineering and fine-tuning approaches affect summa-
rization performance across different LLMs and datasets?

Models

We selected eight large language models (LLMs) representing diverse architectures,
parameter scales, and specialization levels to evaluate their performance in bug re-
port summarization, both with and without code snippets. In selecting these models,
we aimed to balance general-purpose reasoning capabilities with code-aware under-
standing.

CodeLlama [78]: It is a generative text model designed for code understanding and
generation tasks. We used the 7B-Instruct-hf version, which contains 6.74 billion pa-
rameters. We included it to evaluate how strong code comprehension aids in gener-

ating bug report summaries including code context.

Llama-3.1 [28]: It is a general-purpose LLM designed for multilingual and reasoning
tasks. We used the 8B-Instruct version, which contains 8.03 billion parameters. We
used it as a baseline for general language understanding to see whether pure language

models can compete in structured technical summarization tasks.

Mistral [37]: We used the 7B-Instruct-v0.3 version, which contains 7.25 billion pa-
rameters. We selected it to explore how an instruction-optimized model performs on
bug report summarization across various prompt settings.

Phi-3 [1]: It is a small-scale model designed for lightweight deployments, with com-
petitive reasoning and instruction-following abilities given its size. We used the mini-
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4k-Instruct version, which contains 3.82 billion parameters. We included it to assess

whether small models can generate usable summaries under resource constraints.

Gemma [85]: Itis a lightweight model built on Google’s Gemini technology. We used
the 7B-Instruct version, which contains 8.54 billion parameters. We selected it for its

strong performance on a variety of text generation tasks, including summarization.

Qwen3 [94]: It is a non-thinking model, meaning it does not have self-reflective or
agentic capabilities, but is designed for improved reasoning, text comprehension, cod-
ing, and long-context understanding. We used the 4B-Instruct-2507 version, which
contains 4.02 billion parameters. We included it because its balanced design for rea-
soning and coding contexts is relevant to our multi-modal summarization experi-
ments.

DeepSeek Coder [29]: Itis a fine-tuned language model with coding capabilities. We
used the 6B-Instruct version, which contains 6.74 billion parameters. We included
it to analyze whether models explicitly trained for code tasks help us outperform
general-purpose models in bug report summarization when code context is available.

GPT-3.5 Turbo [69]: It is a proprietary OpenAl model, optimized for fast inference
and robust reasoning at scale. Although its parameter count is undisclosed, it rep-
resents a strong commercial baseline for natural language tasks. We included it as
a benchmark to compare open-weight models against widely used proprietary solu-
tions.

Experimental Configurations

We conducted our experiments on a cloud-based GPU rented via RunPod, using a
single NVIDIA RTX A6000 GPU with 48 GB VRAM, 50 GB system memory, and 9
vCPUs. The environment was set up in a Docker container, running PyTorch version
2.8.0, Python version 3.11, CUDA version 12.8.1, cuDNN version 90800, on Ubuntu
version 22.04, providing a ready-to-use development environment with JupyterLab.
We loaded all models in 8-bit precision using bitsandbytes (v0.47.0) to reduce memory
usage. We used Transformers version 4.55.4 and PEFT version 0.17.1 for fine-tuning.

We ensured consistent input formatting for all models, using a default placeholder
token where necessary. For LLaMA-3, we applied special handling to account for its
unique token configuration. We did not perform any additional preprocessing. Inputs
were tokenized with truncation and padding, using maximum lengths of up to 2,048
tokens for both bug reports alone and combined bug reports with code. For large code
snippets, we applied a chunking approach (maximum 1,024 tokens per chunk) and
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combined individual chunk summaries into a final summary. We applied zero-shot,
one-shot, and few-shot prompt settings across all models. Prompts were manually
designed and refined iteratively for optimal coverage and clarity. During text genera-
tion, we used beam search (beam size = 3), top-k sampling (k = 50), early stopping,
and constraints to prevent repeated sequences (n = 2). Maximum generation length
was set to 512 tokens.

For fine-tuning, we split the Defects4J [44] dataset into 90% for training and 10% for
validation. We conducted training with a batch size of 1 and gradient accumulation

of 4, using a learning rate of 5 x 107> for two epochs with FP16 precision.

4.2 Presenting the Results

We report results systematically using quantitative evaluation metrics, using ROUGE
[58] to evaluate baselines (both extractive and abstractive approaches) and BERTScore
[99] to assess semantic similarity between generated summaries and ground-truth
summaries. Since our task focuses on abstractive summarization, BERTScore is par-
ticularly appropriate, as it captures semantic similarity beyond surface-level overlap,
and we report Precision, Recall, and F1. In contrast, ROUGE relies on exact n-gram
matches, favoring lexical similarity but often failing to capture true meaning equiva-
lence in abstractive methods that may express the same idea differently [10]. Never-
theless, for consistency with prior work, we also report ROUGE-N and ROUGE-L as
familiar baselines for evaluating relative performance. The results are presented in
multiple tables, each corresponding to a distinct experimental setup, with all tables

clearly labeled and referenced in the text for clarity.

Table 4.1 presents a baseline comparison of ROUGE-1, ROUGE-2, and ROUGE-L
scores on the Fang et al. corpus [24], where models generate summaries using only
bug reports. This comparison includes prior state-of-the-art approaches alongside
various LLMs, most fine-tuned on Defects4] [44] and others evaluated under zero-
shot prompting.

Table 4.2 reports BERTScore performance for multiple LLMs under different prompt-
ing strategies (zero-shot, one-shot, few-shot). Results are shown both for bug reports
alone and for bug reports combined with buggy code, highlighting the effect of code
context.

To further examine the role of code input, we conducted an ablation study. Table 4.3

presents results when only buggy code is provided as input, while Table 4.4 considers
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Table 4.1: Comparison of ROUGE scores (ROUGE-1, ROUGE-2, ROUGE-L) for base-
line models and LLMs on the Fang et al. corpus dataset using solely bug reports as in-
put. All LLMs were fine-tuned on the Defects4]J dataset except GPT-3.5 Turbo, which
was evaluated in a zero-shot prompt setting. Scores reflect performance on abstrac-
tive bug report summarization.

Model | ROUGE-1 | ROUGE-2 | ROUGE-L
SUMLLAMA [92] | 0.4426 0.2515 0.4101
KSCLP [81] 0.4133 0.2202 0.3789
RTA [24] 0.3919 0.2057 0.3597
BugSum [59] 0.2591 0.1166 0.2469
DeepSum [56] 0.1760 0.0805 0.1700
CodeLlama 0.2641 0.0746 0.2206
Llama-3.1 0.1220 0.0293 0.0998
Mistral 0.2786 0.0747 0.2316
Phi-3 0.1246 0.0253 0.0988
Gemma 0.2016 0.0425 0.1596
Qwen3 0.0960 0.0189 0.0764
DeepSeek Coder 0.1049 0.0202 0.0821
GPT-3.5 Turbo 0.3225 0.1146 0.2731

the use of patch code alongside bug reports. The effect of input order is summarized
in Table 4.5, where we compare “Code -> Bug Report” versus “Bug Report -> Code”
sequences. CodeLlama was specifically evaluated in this ablation study.

Finally, Table 4.6 reports cross-dataset generalization results, comparing models fine-
tuned on Defects4]J [44] and evaluated on multiple datasets. These experiments assess
both bug report-only inputs and combined bug report + code settings, showing the
influence of fine-tuning and code context on abstractive summarization performance.

Overall, the results are presented to enable structured comparison across models,
prompting strategies, datasets, and input configurations. At this stage, the empha-
sis is on reporting the data rather than interpreting trends, which will be discussed in
the following section.

4.3 Interpreting the Results

4.3.1 Effectiveness of Our Approach Compared to Baseline Ap-
proaches (RQ1)

To evaluate the effectiveness of our approach, we compare the bug-report-only compo-
nent of our chunk-and-fuse framework against extractive and abstractive baselines for
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Table 4.2: BERTScore performance (Precision, Recall, F1) on the Defects4] dataset
across different prompting strategies (Zero-Shot, One-Shot, Few-Shot) for each LLM.
Results are reported for bug reports alone and for bug reports combined with corre-
sponding buggy code, highlighting the effect of including code context.

Prompting
Model Technique Bug Reports Bug Reports + Buggy Code
| | Precision | Recall | F1Score | Precision | Recall | F1Score
CodeLlama Zero-Shot 0.5553 0.6408 | 0.5859 0.4957 0.5350 | 0.5109
One-Shot 0.4194 0.5347 0.4618 0.5656 0.5627 0.5615
Few-Shot 0.6711 0.6880 0.6752 0.6326 0.6398 0.6337
Llama-3.1 Zero-Shot 0.4154 0.6015 0.4895 0.3765 0.5742 0.4509
One-Shot 0.3955 0.5995 0.4745 0.3815 0.5760 0.4561
Few-Shot 0.4005 0.6050 | 0.4795 0.5673 0.6546 | 0.5974
Mistral Zero-Shot 0.6574 0.6924 | 0.6719 0.6104 0.6212 | 0.6137
One-Shot 0.6783 0.6895 0.6816 0.6315 0.6082 0.6180
Few-Shot 0.6874 0.7032 0.6928 0.6593 0.6467 0.6509
Phi-3 Zero-Shot 0.4311 0.6058 0.4992 0.4965 0.5797 0.5304
One-Shot 0.4220 0.6299 | 0.5027 0.4758 0.5209 | 0.4925
Few-Shot 0.4506 0.6176 0.5171 0.4314 0.5767 0.4905
Gemma Zero-Shot 0.5662 0.6756 0.6132 0.5271 0.6307 0.5715
One-Shot 0.4154 0.5862 0.4844 0.5335 0.6054 0.5630
Few-Shot 0.5459 0.6463 0.5894 0.5477 0.6161 0.5768
Qwen3 Zero-Shot 0.4085 0.5992 0.4846 0.4159 0.5525 0.4709
One-Shot 0.4135 0.6005 0.4878 0.4202 0.5447 0.4705
Few-Shot 0.4059 0.5995 0.4829 0.4102 0.5583 0.4690
DeepSeek Coder | Zero-Shot 0.4132 0.6401 | 0.5002 0.4080 0.5871 | 0.4737
One-Shot 0.4050 0.6308 0.4902 0.4389 0.5880 0.4966
Few-Shot 0.4132 0.6401 | 0.5002 0.4107 0.5987 | 0.4789
GPT-3.5 Turbo | Zero-Shot 0.7478 0.7869 | 0.7640 0.6761 0.6763 | 0.6740
One-Shot 0.8398 0.8417 0.8388 0.7893 0.7787 0.7820
Few-Shot 0.8696 0.8536 0.8595 0.9108 0.8929 0.9003

a fair comparison. Prior studies on bug report summarization largely report ROUGE-
based evaluations [24], [56], [59], [81], [92], which tend to favor extractive methods
[10]. We adopt ROUGE scores for consistency with previous work, while noting that
these metrics may not fully capture the semantic quality of abstractive summaries.

As shown in Table 4.1, extractive baselines underperform on the Fang et al. corpus
[24], with BugSum [59] achieving ROUGE-1 0of 0.2591 and DeepSum [56] only 0.1760,
as these models rely on directly selecting sentences from the original bug reports,
which prevents them from producing the concise and paraphrased summaries that
the Fang dataset favors. Notably, our models, fine-tuned on solely bug reports, such
as Mistral and CodeLlama achieve ROUGE-1 scores 0of 0.2786 and 0.2641, respectively,
outperforming BugSum, while Gemma also surpasses DeepSum. Therefore, our ap-
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Table 4.3: BERTScore performance (Precision, Recall, F1) on the Defects4] dataset
across Zero-Shot prompting strategy using CodeLlama with solely buggy code as in-
put. Results illustrate the model’s ability to generate abstractive summaries without
accompanying bug report text, highlighting the context provided by code alone.

Prompting Technique | Buggy Code

| Precision | Recall | F1 Score

Zero-Shot | 04570 | 0.5005 | 0.4767

Table 4.4: BERTScore performance (Precision, Recall, F1) on the Defects4J dataset
across different prompting strategies (Zero-Shot, One-Shot, Few-Shot) using CodeL-
lama with bug reports and corresponding patch code. This setup highlights the impact
of incorporating only the corrected portions of code alongside textual bug reports for
abstractive summarization.

Prompting Technique \ Bug Reports + Patch Code

| Precision | Recall | F1 Score

Zero-Shot 0.5903 0.5940 | 0.5888
One-Shot 0.5613 0.5630 | 0.5592
Few-Shot 0.6286 0.6499 | 0.6368

proach is able to produce more concise, paraphrased, and contextually coherent sum-
maries compared to extractive baselines.

Abstractive baselines such as SUMLLAMA [92], KSCLP [81], and RTA [24] report
higher ROUGE-1 scores (0.4426, 0.4133, 0.3919) and ROUGE-L scores (0.4101, 0.3789,
0.3597) on the Fang corpus as they were fine-tuned directly on this dataset. In con-
trast, the bug-report-only component of our approach is fine-tuned on Defects4] [44]
and evaluated across multiple datasets, including a sampled subset of 500 bug reports
from Fang, without dataset-specific adaptation. This difference explains our lower
ROUGE-1 and ROUGE-L scores on Fang, though GPT-3.5 Turbo achieved ROUGE-1

Table 4.5: BERTScore performance (Precision, Recall, F1) on the Defects4]J dataset
across different prompting strategies (Zero-Shot, One-Shot, and Few-Shot) using
CodeLlama, comparing different input sequences: Code -> Bug Report versus Bug
Report -> Code. Results are reported, highlighting the impact of input order on ab-
stractive summarization performance.

Prompting Technique \ Code -> Bug Report \ Bug Report -> Code

| Precision | Recall | F1Score | Precision | Recall | F1 Score
Zero-Shot 0.6029 0.6087 0.6030 0.4957 0.5350 0.5109
One-Shot 0.5315 0.5667 0.5450 0.5656 0.5627 0.5615
Few-Shot 0.5992 0.6230 0.6087 0.6326 0.6398 0.6337

50



score of 0.3225 despite being used only in a zero-shot prompt setting without fine-
tuning. Crucially, while the baselines benefited from fine-tuning on Fang, our models
maintain strong semantic performance, even without fine-tuning, as reflected in Ta-
ble 4.6. Moreover, prior baselines did not report semantic measures such as BERTScore,
further limiting direct comparison and reinforcing the need to evaluate beyond token-

level overlap when assessing abstractive summaries.

Answer to RQ1: The bug-report-only component of our chunk-and-fuse approach
generates concise, coherent summaries that outperform extractive baselines and achieve
strong semantic performance (BERTScore), making it competitive with fine-tuned ab-
stractive models. Despite lower ROGUE score on the sampled Fang et al. subset, the
strong BERTScore demonstrates the effectiveness of our multi-stage summarization
framework.

4.3.2 Impact of Code Context (RQ2)

To assess the influence of full code snippets on abstractive bug report summarization,
we evaluate eight LLMs on the Defects4]J [44] dataset using both bug reports only and
bug reports combined with code snippets. Table 4.2 shows that adding code some-
times improves few-shot performance, though in several cases the scores are slightly
lower than using only bug reports. This outcome contrasts with our original hypoth-
esis that including code would enhance the model’s understanding of the bug context
and produce better summaries. This deviation is influenced by both the characteris-
tics of the dataset and the behavior of the models.

The ground truth summaries in Defects4J] present unique challenges: many are ex-
tremely short and abstract, while others follow inconsistent styles, emphasizing either
high-level concepts or specific code constructs and trigger conditions. This variability
makes it difficult for models to learn consistent summarization patterns. Additionally,
summaries generated with code context occasionally include relevant but unmatched
new content, which may be penalized despite being valid. These factors suggest that,
while code can enhance context, current evaluation metrics may not fully capture its
benefits in abstractive summarization.

With the exception of GPT-3.5 Turbo, Mistral, CodeLlama, and Gemma, other con-
versational models tend to produce verbose, assistant-like outputs, which reduces
overlap with the ground truth summaries and lowers evaluation scores. In few-shot
settings, GPT-3.5 Turbo achieves the highest F1 scores, reaching 0.9003 for bug re-
ports combined with code and 0.8595 for bug reports only, largely due to its outputs
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closely matching the ground truth. However, these high scores do not necessarily re-
flect qualitatively superior summaries, as the ground truth in Defects4] is often short
and inconsistent; thus, closely matching it does not always equate to better or more
informative summaries. In comparison, Mistral maintains a more balanced behavior,
with few-shot F1 scores of 0.6928 with bug reports only and 0.6509 with bug reports
and code, likely due to its instruction-tuned nature that encourages concise yet accu-
rate summarization. CodeLlama also balances accuracy and instruction adherence,
showing few-shot F1 scores of 0.6752 with bug reports and 0.6337 with bug reports
and code, with only a moderate dip when code is added. Gemma, despite being a
smaller-scale model with fewer parameters, exhibits strong performance, with few-
shot F1 decreasing only marginally from 0.5894 with bug reports to 0.5768 with bug
reports and code. Notably, Llama3’s F1 score improves from 0.4795 to 0.5974 with
few-shot prompting, likely because providing additional examples encourages more
concise outputs, reducing verbosity. DeepSeek, with few-shot F1 scores of 0.5002 for
bug reports only and 0.4789 for bug reports plus code, demonstrates that although it is
optimized for code understanding, its conversational style and focus on generating ex-
planations from code context do not align well with the short and abstract summaries
in Defects4].

To further analyze the role of code in summarization, we perform ablation studies on
CodeLlama.

Buggy code only: As illustrated in Table 4.3, when provided solely with buggy code,
CodeLlama achieves a few-shot F1 score of 0.4767. This is lower than using bug re-
ports alone (0.6752) or in combination with code (0.6337), indicating that code snip-
pets by themselves provide limited context for generating abstractive summaries. While
some information is captured, the absence of descriptive bug report text reduces the
model’s ability to produce complete and accurate summaries.

Patch code: Patch code refers to only the corrected or modified portions of the buggy
code, highlighting the specific changes made to fix the issue. As illustrated in Table
4.4, incorporating patch code along with bug reports slightly improves performance
compared to buggy code alone, achieving a few-shot F1 score of 0.6368. This suggests
that patch code provides additional context about the intended fix, helping CodeL-
lama better infer the nature of the bug and the summary content. Compared to the
standard bug report and buggy code setting (F1 = 0.6337), the difference is modest,
indicating that while patch code is informative, the descriptive bug report remains the
primary source of abstractive summaries.

Input sequence: As illustrated in Table 4.5, we also evaluated the impact of the in-

52



put sequence, testing Code Bug Report versus Bug Report - > Code for CodeLlama.
In few-shot settings, Code -> Bug Report achieves an F1 score of 0.6087, while Bug
Report -> Code improves to 0.6337, suggesting that presenting the bug report first al-
lows the model to prioritize descriptive context and better integrate code information.
However, in zero-shot settings, reversing the sequence increases the F1 from 0.5109
to 0.6030, demonstrating that input order can substantially influence summarization
performance even without examples.

Answer to RQ2: Integration of code snippets provides modest gains (highest F1
= 0.9003). Ablation studies with CodeLlama show that buggy code alone performs
poorly (F1 = 0.4767), patch code with bug reports slightly improves performance (F1
=0.6368), and input order further affects results. Overall, model behavior, influenced
by pre-training, instruction tuning, scale, and sensitivity to code context, along with
dataset characteristics, determines the effectiveness of code integration, though cur-
rent evaluation metrics may not fully capture qualitative improvements in abstractive

summaries.

4.3.3 Comparison of the Effects of Prompt Engineering and Fine
Tuning (RQ3)

To investigate the effect of prompt engineering versus fine-tuning on abstractive bug
report summarization, we evaluated multiple LLMs across four datasets. GPT-3.5
Turbo cannot be fine-tuned, so it was evaluated directly in zero-shot settings using
prompt engineering. The other models were fine-tuned on bug reports and bug re-
ports combined with code, as shown in Table 4.6.

Notably, on SDS [39] and ADS [40], which contain extractive ground truth summaries,
fine-tuned models with both bug reports only and bug reports combined with code
achieve moderate precision (45-60%) but low recall (35-45%). This means the gen-
erated summaries correctly include some relevant words from the reference but fail
to reproduce many exact phrases, because the ground truth is highly detailed and ex-
tractive, while the models generate more abstractive summaries. In both datasets,
the difference in performance between using only bug reports and adding code is
marginal, indicating that code provides limited additional benefit for these extractive

summaries.

In Fang’s Corpus [24], which contains abstractive and relatively concise summaries,
GPT-3.5 Turbo achieves the highest F1 in zero-shot prompt engineering (0.6394). Among
the fine-tuned models, Mistral reaches 0.6202 with bug reports only and 0.6170 with
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bug reports and code, CodeLlama achieves 0.5991 and 0.6010, and Gemma reaches
0.5779 and 0.5864. These results indicate that fine-tuned models on bug reports and
code provide only marginal gains. Llama3, Qwen3, and DeepSeek exhibit lower pre-
cision despite moderate recall (55-58%), reflecting that they capture relevant content
but generate more extraneous or less accurate words and phrases due to their con-
versational focus. Overall, models with a more conversational or verbose style tend to
struggle with precision, whereas models that are less prone to verbosity better balance
precision and recall on abstractive datasets.

On Defects4]J [44], which presents short and abstract ground truth summaries, fine-
tuned models tend to perform worse when incorporating bug reports and code com-
pared to using only bug reports. CodeLlama achieves an F1 of 0.6767 with bug reports
only but drops to 0.5308 when code is added, and similar patterns are observed for
Llama3 (0.4816 to 0.4588), Phi3 (0.4849 to 0.4728), and DeepSeek (0.4958 to 0.4933).
This indicates that adding code can sometimes introduce noise or irrelevant details
that reduce overlap with the concise references. In contrast, as illustrated in Table
4.2, zero-shot prompt engineering shows a smaller performance drop or even slight
improvements in some models: GPT-3.5 Turbo achieves the highest F1 (0.7640 with
bug reports only, 0.6740 with code), while Mistral, Gemma, and Phi3 show more sta-
ble performance compared to their fine-tuned counterparts. This effect is likely ex-
acerbated by the small size of the dataset (133 entries), so we prioritized generaliz-
ing across datasets rather than optimizing scores specifically on Defects4]. Overall,
Defects4] demonstrates that fine-tuning on code-augmented inputs does not always
guarantee better summarization and that zero-shot prompt engineering can be com-
petitive, particularly for models already strong in understanding bug report context.

Answer to RQ3: Fine-tuning yields moderate performance on extractive datasets but
provides only marginal gains when code is added. On abstractive datasets, prompt en-
gineering often rivals or surpasses fine-tuned models. The relatively small size of De-
fects4] likely limits fine-tuning effectiveness, contributing to its weaker results com-

pared to prompt engineering.

4.4 Challenges and Limitations

This study has several limitations that warrant careful consideration. First, fine-tuning
on the relatively small subset of 133 Defects4] [44] entries necessitates a trade-off
between benchmark performance and generalization. Consequently, the generated
summaries may not fully reflect the diversity and complexity of real-world bug re-
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ports. Second, the scarcity of datasets containing both bug reports and corresponding
buggy code constrains the evaluation of our approach and limits its broader applica-
bility. At the same time, generating such datasets is time-consuming, labor-intensive,
and prone to bias, as summaries often reflect the subjective views of annotators, which
can in turn affect evaluations due to variations in human judgment based on experi-
ence, fatigue, or interpretation. Third, aggregating code-level summaries into a single
report-level summary can result in content loss, highlighting the potential of progres-
sive prompting as a promising alternative. Additionally, prompt engineering remains
iterative; although our prompts were refined over multiple iterations, there is no guar-
antee that they are fully optimal.

The evaluation of abstractive summaries introduces further challenges. Existing auto-
mated metrics, such as ROUGE and BERTScore, have limitations: ROUGE primarily
measures lexical overlap, while BERTScore can penalize unmatched but semantically
relevant content, meaning that both metrics may fail to fully capture the true seman-
tic quality, adequacy, or usefulness of generated summaries [61], [77]. Evaluating
long buggy code snippets is especially difficult due to model context limitations, and
the resource-intensive nature of large language models demands significant compu-
tational resources.

4.5 Future Work

Several directions for future work emerge from this study. Human evaluation can
complement automated metrics by providing deeper insights into the quality and
practical usefulness of generated summaries. Developing a summarization frame-
work or tool integrated into real-world debugging workflows could enhance practi-
cal impact and directly assist developers. There is also clear potential for designing
evaluation metrics specifically tailored to bug report analysis, going beyond existing
general-purpose measures [61]. Finally, constructing larger and more diverse bug
report—code datasets would further support model training, evaluation, and general-
ization.

4.6 Implications and Significance of Findings

The findings of this study have several important implications for both research and
practice in bug report summarization.

First, the results demonstrate that multi-stage abstractive summarization frameworks,
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such as our chunk-and-fuse approach, can generate concise, coherent, and semanti-
cally meaningful summaries that outperform extractive baselines and remain compet-
itive with fine-tuned abstractive models. This suggests that, in some cases, effective
summarization can be achieved without dataset-specific fine-tuning, indicating po-

tential for applying such frameworks to other software projects and datasets.

Second, while integrating code snippets can provide additional context, our analy-
sis shows that the benefits are often modest and depend heavily on model behavior,
dataset characteristics, and input presentation. Ablation studies with CodeLlama re-
veal that buggy code alone provides limited context, patch code offers incremental
improvements, and input sequence affects performance. This insight underscores the
importance of carefully considering how code context is incorporated into abstractive
summarization pipelines, particularly when evaluation metrics may not fully capture

qualitative improvements.

Third, the comparison between prompt engineering and fine-tuning highlights that
zero-shot or few-shot prompt strategies can rival or even surpass fine-tuned models
in certain settings, especially when datasets are small or summaries are concise and
abstractive. This has practical significance for real-world deployment, as it reduces
the reliance on resource-intensive fine-tuning and enables faster adaptation to new

projects or bug report corpora.

Finally, the study emphasizes critical limitations and opportunities for the field: ex-
isting metrics may not fully capture semantic adequacy or usefulness; high-quality,
diverse bug report-code datasets are scarce; and human evaluation remains neces-
sary to validate model outputs. Addressing these challenges can lead to more robust
evaluation frameworks, improved models, and practical tools that assist developers in
debugging workflows.

Overall, our findings contribute to a deeper understanding of the interplay between
bug report text, code context, and model capabilities, and they provide guidance for
future research aiming to enhance abstractive bug report summarization in both aca-

demic and applied settings.

4.7 Conclusion of the Chapter

This chapter evaluated our chunk-and-fuse framework for abstractive bug report sum-
marization, analyzing the contributions of bug reports, code context, prompt engi-

neering, and fine-tuning. The bug-report-only component generates concise, coher-
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ent, and semantically rich summaries, outperforming extractive baselines and remain-
ing competitive with fine-tuned abstractive models. Code provides modest gains, with
ablation studies on CodeLlama showing that buggy code alone is insufficient, patch
code offers slight improvements, and input order can influence results.

Fine-tuning on small datasets like Defects4]J [44] yields limited benefits, while prompt
engineering often matches or surpasses fine-tuned models. Existing evaluation met-
rics provide useful insights but may not fully capture semantic quality or practical
usefulness, highlighting the need for human evaluation and task-specific measures.

Overall, these findings suggest that effective abstractive summarization can be achieved
with minimal dataset-specific adaptation, offering insights for integrating summariza-
tion frameworks into real-world debugging workflows and guiding future research on
specialized metrics and larger, more diverse bug report-code datasets.
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Table 4.6: BERTScore performance (Precision, Recall, F1) of LLMs on multiple
datasets, comparing bug reports alone versus bug reports combined with correspond-
ing buggy code. All LLMs were fine-tuned on the Defects4J dataset using a prompt
with the bug report, and optionally the associated code summaries, and then evalu-
ated across all datasets, except GPT-3.5 Turbo, which was only evaluated in a zero-
shot prompt setting. This table highlights the effect of fine-tuning and the impact of
including code context for abstractive bug report summarization.

Dataset | Model \ Bug Reports | Bug Reports + Buggy Code
‘ | Precision | Recall | F1 Score | Precision | Recall | F1Score
Defects4j [44] CodeLlama 0.6608 0.7002 0.6767 0.5110 0.5650 0.5308
LLama-3.1 0.4025 0.6064 0.4816 0.3812 0.5886 0.4588
Mistral 0.6764 0.7072 0.6877 0.5944 0.6220 0.6051
Phi-3 0.4056 0.6140 0.4849 0.4109 0.5665 0.4728
Gemma 0.5726 0.6756 0.6173 0.5932 0.6463 0.6160
Qwen3 0.4006 0.5868 0.4744 0.3955 0.5707 0.4658
DeepSeek Coder 0.4075 0.6416 0.4958 0.4109 0.6277 0.4933
GPT-3.5 Turbo 0.7478 0.7869 0.7640 - - -
SDS [39] CodeLlama 0.6072 0.3753 0.4620 0.6049 0.3582 0.4476
LLama-3.1 0.4969 0.4337 0.4624 0.4947 0.4148 0.4503
Mistral 0.5983 0.3539 0.4435 0.6133 0.3662 0.4575
Phi-3 0.5279 0.4001 0.4520 0.5131 0.4150 0.4563
Gemma 0.5821 0.3968 0.4702 0.5871 0.3893 0.4661
Qwen3 0.5532 0.4685 0.5070 0.5468 0.4673 0.5036
DeepSeek Coder 0.5124 0.4394 0.4721 0.5187 0.4442 0.4778
GPT-3.5 Turbo 0.6354 0.3745 0.4703 - - -
ADS [40] CodelLlama 0.6111 0.4054 0.4856 0.6141 0.3954 0.4795
LLama-3.1 0.4842 0.4405 0.4599 0.4856 0.4406 0.4607
Mistral 0.6176 0.3977 0.4827 0.6294 0.4116 0.4967
Phi-3 0.5165 0.4510 0.4797 0.5075 0.4477 0.4732
Gemma 0.5913 0.4408 0.5041 0.5971 0.4326 0.5004
Qwen3 0.5327 0.4884 | 0.5088 0.5351 0.4908 0.5113
DeepSeek Coder 0.5221 0.4853 0.5016 0.5081 0.4778 0.4910
GPT-3.5 Turbo 0.6536 0.4202 0.5104 - - -
Fang’s Corpus [24] | CodeLlama 0.6148 0.5912 | 0.5991 0.6185 0.5913 | 0.6010
LLama-3.1 0.3846 0.5452 0.4476 0.3911 0.5507 0.4542
Mistral 0.6297 0.6167 0.6202 0.6210 0.6195 0.6170
Phi-3 0.4249 0.5645 0.4816 0.4170 0.5673 0.4773
Gemma 0.5581 0.6063 0.5779 0.5746 0.6067 0.5864
Qwen3 0.3946 0.5484 0.4571 0.3949 0.5485 0.4576
DeepSeek Coder 0.3959 0.5801 0.4677 0.3898 0.5749 0.4614
GPT-3.5 Turbo 0.6519 0.6330 0.6394 - - -
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Chapter 5

Conclusion

5.1 Restating Research Objectives and Questions

To conclude, it is useful to briefly revisit the objectives and research questions that
guided this thesis. Our work set out to design a summarization approach that com-
bines bug report text with relevant code snippets, applies abstractive techniques through
large language models, and leverages prompt engineering to produce concise and con-

textually meaningful summaries.
The study was driven by three main research questions:

« How effective is our approach compared to existing bug report summarization
methods?

« What impact does integrating full code snippets have on the quality of sum-

maries?

« How does prompt engineering compare to fine-tuning across different LLMs in

terms of summarization performance?

By restating these aims and questions here, we bring the focus back to the founda-
tion of this work, which structured both our methodological choices and evaluation
strategy.

5.2 Summary of Key Findings

Our study produced the following key findings, organized around the research ques-

tions:
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« RQ1: The proposed chunk-and-fuse approach outperformed extractive base-
lines and achieved strong semantic performance, though fine-tuned abstractive
baselines reported higher ROUGE scores due to dataset-specific fine-tuning.

« RQ2: Incorporating code provided only modest gains, with benefits depending
on whether buggy or patch code was used and on the order of integration with
the bug report.

« RQ3: Prompt engineering proved highly effective, often rivaling or exceeding
fine-tuned models, particularly on smaller datasets where fine-tuning offered

limited advantage.

Overall, the results demonstrate that combining bug reports with selective code con-
text and using prompt-based LLMs can yield meaningful abstractive summaries, while
also underscoring the importance of better datasets and evaluation metrics for this
task.

5.3 Discussion of Implications

The findings of this study carry several important implications for both research and

practice.

First, they demonstrate that large language models, guided through prompt engineer-
ing, can produce abstractive summaries of bug reports that are coherent, semantically
rich, and useful for developers, even without dataset-specific fine-tuning. This high-
lights the potential of prompt-based methods as a lightweight and flexible alternative
to traditional fine-tuned approaches, particularly when annotated data is scarce.

Second, the limited but measurable impact of integrating buggy or patch code suggests
that while textual bug reports remain the primary source of summarization value,
code context can add nuance when incorporated selectively. This finding underscores
the need for future research to explore more sophisticated ways of aligning natural
language bug reports with source code, rather than treating them as parallel but in-

dependent inputs.

Third, the study contributes methodologically by systematically evaluating abstractive
summarization in the bug report domain using both lexical (ROUGE) [63] and se-
mantic (BERTScore) [99] metrics. The divergence between these metrics emphasizes
the importance of moving beyond surface-level overlap toward semantic adequacy in
evaluation, and points to the need for domain-specific evaluation frameworks tailored

to software engineering tasks.
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Finally, by situating the results within the broader discourse on software maintenance
and developer productivity, this research highlights the practical potential of auto-
mated summarization to reduce cognitive load and accelerate debugging workflows.
At the same time, the limitations identified particularly around dataset availability
and evaluation call for further community efforts to build richer corpora and more
robust benchmarks for this emerging area.

5.4 Contributions of the Research

This research has made several important contributions to the field of bug report sum-
marization:

« It demonstrates the value of integrating code context, specifically buggy code,
with textual bug reports to improve the semantic quality of generated summaries.

« It highlights the effectiveness of prompt engineering in guiding large language

models to produce concise and contextually rich abstractive summaries.

« It provides empirical evidence using BERTScore, demonstrating that the pro-
posed approach achieves strong semantic similarity and generates coherent,
contextually accurate summaries, highlighting its effectiveness for developer-

relevant abstractive summarization.

Overall, these contributions advance both the methodological and practical aspects of
automated bug report summarization, offering insights for future research and devel-

opment in developer-assistive tools.

5.5 Acknowledging Limitations

This study has several limitations that should be considered when interpreting the re-
sults. First, the small size of the Defects4]J [44] subset (133 entries) constrains general-
ization, and the generated summaries may not fully capture the diversity of real-world
bug reports. Second, the scarcity of high-quality datasets containing both bug reports
and corresponding buggy code limits evaluation and broader applicability. Creating
such datasets is also time-consuming, labor-intensive, and prone to annotation bias,
which can affect human evaluations. Third, aggregating code-level summaries into a
single report-level summary may result in information loss, while prompt engineering

remains iterative and may not be fully optimized.

Evaluation of abstractive summaries introduces additional challenges. Automated
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metrics, including BERTScore, provide valuable semantic insights but may penalize
valid content that does not directly match the reference [61]. Long code snippets re-
main difficult to summarize due to model context limitations, and resource require-
ments for large language models can be substantial. Acknowledging these limitations
provides context for the findings and highlights areas for future research and method-
ological improvement.

5.6 Suggestions for Future Research

Building on the findings and limitations of this study, several directions for future
research are apparent. Human evaluation could complement automated metrics to
provide deeper insights into the practical usefulness of generated summaries. Devel-
oping integrated summarization tools for real-world debugging workflows, designing
evaluation metrics tailored to bug report analysis, and creating larger, more diverse
bug report-code datasets would further enhance model performance, generalization,
and practical applicability.

5.7 Final Reflections

This study underscores the significance and broader impact of automated abstrac-
tive bug report summarization, highlighting its potential to improve developer pro-
ductivity and reduce cognitive load in debugging workflows. The research journey
has been both intellectually enriching and practically challenging. A significant con-
straint was the scarcity of computational resources, which necessitated renting exter-
nal GPU services at team expense to conduct experiments. Managing these limitations
required careful planning, resourcefulness, and persistence. These experiences not
only strengthened our understanding of large-scale abstractive summarization and
the integration of bug reports with code but also highlighted the practical challenges
of conducting research under resource constraints. Overall, the study underscores
both the potential of automated bug report summarization and the problem-solving
skills needed to advance such work in real-world conditions.

5.8 Concluding Remarks

This thesis presents a hierarchical, multi-stage pipeline that leverages LLMs to gen-
erate abstractive bug report summaries by progressively integrating buggy code with
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textual reports. Our experiments show that this approach achieves strong semantic
performance, as measured by BERTScore, and outperforms extractive baselines, while
prompt-engineered LLMs can, in some cases, rival fine-tuned models. Including full
buggy code can provide additional context that enhances summary quality, demon-

strating the potential of code-aware abstractive summarization.

Despite the promising results, limitations such as small code-aware datasets, variabil-
ity in ground-truth summaries, and evaluation metric constraints suggest caution in
interpreting quantitative gains. Future research should explore larger, more diverse
bug report-code datasets, tailored evaluation methods, and human-centered studies
to assess practical impact. Overall, this work lays a foundation for bridging natural-
language bug reports and source code, aiming to improve software maintenance and

developer productivity.
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Appendix A

Formulas and Important Definitions

A.1 Evaluation Metric Definitions

+ ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [58]: Mea-
sures the overlap between the predicted and reference summaries at the n-gram
level. It includes ROUGE-N (unigrams, bigrams, trigrams), ROUGE-L (longest
common subsequence), and other variants. The higher the value, the better the
model performance.

« BERTScore [99]: Measures the similarity between predicted and reference sum-
maries by comparing BERT embeddings. It uses cosine similarity between to-
ken embeddings and includes Precision, Recall, and F1 scores. The higher the
value, the better the model performance.

A.2 Mathematical Formulas

A.2.1 ROUGE-N Formula

The ROUGE-N score measures the overlap of n-grams (where N can be 1, 2, or 3)
between the system-generated summary and the reference summary. The formula is:

sesystem Count of N-grams in system summary

ROUGE-N = (A1)

> Count of N-grams in reference summary
rereference

Where: - The numerator is the count of overlapping N-grams in the system-generated
summary. - The denominator is the total number of N-grams in the reference sum-
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mary.

A.2.2 ROUGE-L Formula

The ROUGE-L score evaluates the similarity between a system-generated summary
and a reference summary based on the Longest Common Subsequence (LCS). It con-
siders both precision and recall, defined as:

P LCS(X,Y) (A2)
Les length of system summary X '
LCS(X,Y)
Rics (A.3)

- length of reference summary Y

(1+B%)-Pes R
Fics = ;CS e (A.4)
Rics + % Prcs

Where: - LCS(X,Y) is the length of the longest common subsequence between the
system summary X and the reference summary Y. - 8 is a parameter (commonly set
as the ratio of recall to precision, often 1) that balances precision and recall in the F-
measure. - P; g, R; g, and F; ¢ represent precision, recall, and F-score based on the
LCS.

A.2.3 BERTScore Formula

BERTScore measures the similarity between the system summary and the reference
summary by comparing the embeddings of individual tokens using BERT. It includes
three components: Precision, Recall, and F1 score:

1
BERTScore Precision = — Z max cosine_similarity(BERT(s), BERT(r))

|S | rereference
sEsystem

(A.5)

1 . c
BERTScore Recall = Il Z max cosine_similarity(BERT(s), BERT(r))

| | sesystem
r€reference

(A.6)
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Precision - Recall
BERTScore F1 = 2 - — o100 - Recd (A.7)
Precision + Recall

Where: - cosine_similarity(BERT(s), BERT(r)) measures the similarity between the
embeddings of tokens s and r in the system and reference summaries, respectively.
- |S| and |R| represent the total number of tokens in the system and reference sum-
maries, respectively.
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