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Abstract

This dissertation presents our study on effectively using large language mod-
els (LLMs) in software engineering tasks. Currently, the use of LLMs in
software engineering remains ad-hoc and is constrained by factors such as
input length limitations and limited capabilities of reasoning. We propose
to selectively apply LLMs to software engineering tasks by decomposing the
original task into smaller subtasks, enabling LLMs to process one or a few of
them more effectively. Specifically, we leverage LLMs as tools for processing
raw data or analyzing intermediate data. In this dissertation, we examine
two representative tasks through empirical studies to assess the effectiveness
of our proposed methodology. The tasks are: (1) detection of structurally-
similar cross-language code pairs among many candidates, and (2) retrieval
of the causes of software regressions in Python and JavaScript projects.

In study (1), we present a fast and reliable tool for detecting structurally-
similar cross-language code pairs by adopting a two-stage approach. Our ap-
proach utilizes LLMs as a tool for processing raw data and to generate more
informative intermediate representations. Our approach first uses models
trained on two-level generic abstract syntax trees (ASTS) to filter candi-
dates, and further uses tree-based editing-distance algorithm for accurate
comparison. Specifically, we adopt LLMs when designing two kinds of generic
ASTs to avoid human bias. To evaluate our tool, we create a new cross-
language dataset, including Java-Python, Java-C, Python-C structurally-
similar method body pairs. Our results show that LLMs generate satisfying
designs of two kinds of generic ASTs, and we manage to obtain a much
faster speed and similar detection accuracy in detecting structurally-similar
cross-language code pairs compared with the state-of-the-art technique.

In study (2), we provide a tool for locating the root causes of software
regressions, addressing the limitations of existing tools, such as low detection
accuracy. Our tool improves the accuracy of locating causes of software re-
gressions by proposing three new techniques. In this tool, LLMs are utilized
as pre-trained models for analyzing processed intermediate data. Our tech-
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niques are based on tracing source code changes during program execution.
To evaluate our techniques, we extend the current benchmark of software
regressions to include two programming languages, Python and JavaScript,
and compare our techniques against existing techniques on the extended
benchmark. Specifically, our LLM-powered technique achieves the state-of-
the-art accuracy in retrieving causes of software regressions.

Both studies presented in this dissertation provide evidence that our pro-
posal, which selectively applies LLMs to software engineering problems, is
effective in addressing tasks that are otherwise challenging for LLMs to han-
dle directly. Our approach may serve as a foundation or valuable reference
for future research in this area.
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Chapter 1

Introduction

1.1 Software engineering in the era of LLMs

Enabling software developers to efficiently create and maintain high-quality
software has been a long-standing and challenging research problem. Soft-
ware engineering as a discipline is dedicated to addressing these challenges.
It relates to the entire life cycle of software, including design, development,
testing, and maintenance, each involving a wide range of tasks, techniques,
considerations and trade-offs. As a discipline, software engineering has a very
long history and numerous methodologies and practices have been proposed
over time, enriching the discipline.

Traditionally, software engineering practices have often included heuris-
tic techniques and experiential knowledge, especially in areas lacking for-
malized procedures. For example, when designing test cases, although test
frameworks can automate the execution of tests, designing high-coverage
and efficient test cases still heavily relies on the experience of test engineers.
For another example from the area of code clone detection, traditional ap-
proaches |4] rely on comparing source code or abstract syntax trees using
heuristic-based algorithms. These heuristic-based algorithms are often tai-
lored to specific scenarios, such as particular clone types, and are difficult to
extend to other contexts.

Briefly, traditional approaches in software engineering, which depend on
heuristic techniques and experiential knowledge, although valuable in prac-
tice, often rely heavily on the intuition and expertise of individual develop-
ers or teams. Such reliance can lead to inconsistencies in implementation
quality, difficulties in knowledge transfer, and limited scalability across dif-
ferent projects. Moreover, heuristic methods may not always generalize well
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to novel or complex scenarios, especially when dealing with fast-changing
environments, such as the context of rapidly evolving software engineering
practices. These limitations have motivated researchers to explore more au-
tomated and data-driven techniques in software engineering. New techniques
include the use of machine learning and, more recently, large language models
(LLMs).

In the past decade, as machine learning techniques have gained popular-
ity in many research domains, software engineering has also begun to adopt
these techniques. Learning-based approaches typically rely on the collection
of large-scale datasets, from which machine learning algorithms or neural
network models can extract underlying patterns to address specific tasks or
problems. For example, researchers collect datasets consisting of faulty code
snippets and manually annotate them with bug types to create a constructed
dataset for studying automated program repair techniques |71, 12]. Follow-
ing data collection, the data must be preprocessed, and a suitable model
should be selected to learn from the data. Naturally, such learning-based
workflows consist of several stages: acquiring and cleaning relevant datasets,
performing feature engineering, selecting and fine-tuning appropriate mod-
els, and accurately formulating the task to ensure effective learning. In the
area of software engineering, extensive studies have been conducted focusing
on each stage of this workflow and have contributed a lot to the automation
and efficiency of software engineering.

Among many learning-based techniques, large language models, emerg-
ing as a more recent advancement, have attracted significant attention in
the past few years in the research of software engineering. Large language
models, abbreviated as LLMs, represent a major technological breakthrough
enabled by the combination of increased computational power, advances in
machine learning techniques, and access to massive-scale datasets. This tech-
nology has already evolved into a foundational element in many fields, such
as natural language processing and multi-modal image generation. In the
context of software engineering, LLMs have also demonstrated remarkable
capabilities in code generation, documentation, and even automated software
maintenance.

According to a recent survey [23|, there has been a significant increase in
the number of studies focusing on the utilization of large language models
for software engineering (LLMs for SE). The number of papers on this topic
(applying LLMs to software engineering) published in major software engi-
neering venues has increased rapidly in recent years: 13 in 2021, 56 in 2022,
273 in 2023, and over 300 in 2024. Following the surge in 2023, research
activity has remained at a consistently high level.
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Figure 1.1: The distribution of papers in SE using LLMs

Research on LLMs for software engineering spans all stages of the soft-
ware engineering lifecycle. In|Figure 1.1} it can be seen that researchers have
explored the use of LLMs to improve performance across the entire software
engineering lifecycle [23]. Among these studies, 56.65% of the studies focus
on software development, primarily involving code generation and code com-
pletion. Research on software maintenance accounts for 22.71% of the total,
primarily focusing on tasks such as code review, clone detection, and several
other related activities. Research on software quality assurance accounts for
15.14% of the total, mainly focusing on tasks such as test generation, bug
localization, and test automation. In addition to the three major stages of
software engineering, there are also studies targeting minor stages such as
requirements engineering, software design, and software management. In
summary, LLMs have been widely applied across various aspects of soft-
ware engineering activities. Compared with traditional machine learning
approaches, one major advantage of LLMs is that they have already been
pre-trained on massive corpora and therefore can be adapted to a variety of
downstream tasks with little supervision.

However, this does not necessarily imply that LLMs can be directly and
effectively applied to all software engineering problems. In many cases, their
performance may still fall short due to the complexity of the task, the struc-
ture of the input data, or the need for multi-step reasoning and domain-
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specific knowledge. For example, in the software development stage, code
generation remains an important and challenging problem. While significant
progress has been made in generating code for major programming languages
such as Java and Python, code generation for less common or domain-specific
languages, such as the Sparrow language EL remains insufficiently addressed
by current LLMs. Although Sparrow is designed as a general-purpose pro-
gramming language, it currently lacks a large user base and sufficient high-
quality code available for training. As a result, when attempting to generate
code in Sparrow, LLMs often produce incorrect syntax by confusing it with
constructs from more widely-used languages. Such phenomenon is regarded
as LLM hallucination. This highlights a key limitation of LLMs in handling
low-resource or underrepresented languages.

Another example arises in the software maintenance stage, where code
clone analysis plays a critical role. While code clone detection, which is typi-
cally formulated as a binary classification problem, has been extensively stud-
ied and shows promising results, code search, which involves ranking a set of
candidate code fragments based on their relevance to a given query, remains
a more challenging and less well-solved problem. The inherent complexity in
ranking problems pose difficulties for current LLM-based solutions. A simi-
lar situation is observed in the software quality assurance stage. While bug
localization within a single file is relatively well-handled by current LLMs,
identifying the root causes of software regressions, which represent a specific
and often more complex type of software bugs, remains a difficult challenge.
Software regressions typically involve complex interactions across multiple
files and revisions, which are hard for LLMs to reason about. Overall, LLMs
are not a silver bullet when it comes to software engineering.

In this sense, exploring how to effectively and efficiently apply large lan-
guage models to software engineering problems remains a largely unexplored
area. Our research aims to explore more effective ways of applying large lan-
guage models to software engineering problems, especially for tasks where
large language models cannot be directly applied due to various reasons, such
as input limits of large language models.

1.2 Contributions

The primary contribution of this dissertation lies in proposing an approach
to effectively apply LLMs to software engineering problems that are other-
wise difficult to address using LLMs directly. Our main idea is to decompose

Thttps://github.com/Sparrow-lang/sparrow
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the original task into smaller sub-tasks and selectively apply LLMs to sub-
tasks. Specifically, we decompose the task following the traditional pipeline
and consider stages of raw data processing and the application of appro-
priate algorithms to intermediate representations. We use LLMs as tools
to process raw data or analyze intermediate data to avoid their limitations
and make the problems easier to solve for them. By our approach, we can
improve the performance of individual sub-tasks using LLMs, thereby en-
hancing the overall performance of the original task. In this dissertation, we
select two practical and representative tasks and conduct empirical studies
to demonstrate the effectiveness of our idea.

Specifically, our first task is to retrieve structurally-similar cross-language
code pair from a number of candidates. The number of candidates can be
as large as several hundreds. Finding such code pair is important in soft-
ware maintenance. Traditionally, comparing a pair of code snippets requires
identifying appropriate intermediate representations and applying appropri-
ate algorithms. By using our proposal, we decompose the solution into raw
data processing and intermediate data analysis in this task, following the
traditional pipeline. Importantly, we utilize LLMs as a tool for helping pro-
cess raw data and generate informative intermediate data representations.
In detail, we develop a two-stage approach for detecting cross-language code
pairs with similar control structures. Our approach largely improves the
speed compared with the state-of-the-art technique [39|, while keeps very
close accuracy. In the first stage, our approach exploits neural-network mod-
els to pre-determine a few most-likely candidates. In the second stage, it
calculates tree-based editing-distances deterministically to select the most
similar code fragment in control structures. To promote the accuracy of the
first stage, we develop a new code representation technique called two-level
generic AST representation for neural-network models. We leverage LLMs
to design generic ASTs between different programming languages to avoid
human bias. We discover that constructing two different kinds of generic
ASTs and giving them to a neural-network model can significantly increase
the possibility that the true pair is within the pre-determined candidates,
and thus improve final accuracy. We also find that LLMs can assist in de-
signing unbiased generic ASTs without relying on ad-hoc design choices. The
contributions of our work to this task are two-fold:

e We improve the speed of detecting pairs of structurally-similar method
bodies written in different programming languages by developing a
two-stage approach. A unique feature of our approach is the use of
two different kinds of generic ASTs as inputs to neural network mod-
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els. To avoid ad-hoc design choices in constructing these ASTs, we
leverage LLMs to generate them in a more unbiased manner. Our ap-
proach for detecting structurally-similar cross-language code pairs in
Java, Python and C pairwise achieves comparable accuracy with the
state-of-the-art technique, but a much faster speed.

e We create a code-pair dataset for evaluating a tool for detecting cross-
language code pairs with similar control structures. The dataset in-
cludes similar Java-Python, Java-C and Python-C code pairs. To the
best of our knowledge, we are the first to create a dataset specially
targeting at structurally-similar code pairs.

Our second task is to locate the root cause of software regressions. Soft-
ware regressions are a type of software bugs in which previously functioning
software exhibits some faulty behaviour after an update. Finding the cause
of software regressions is important in software quality assurance. Tradi-
tionally, locating the root cause of software regressions requires analyzing
the complex relationships between source files, both statically and dynami-
cally, and heavily relies on human instinct. By using our proposed approach,
we delegate the analysis of complex relationships to LLMs by providing them
with intermediate data that is relatively easy to obtain. In other words, we
utilize LLMs to analyze pre-processed intermediate data in order to obtain
more accurate and reliable results. We extend the existing work [24] of this
task to address some previously unsolved limitations such as low accuracy
and limited coverage of programming languages. To do so, we dynamically
trace program executions between the base program and the faulty pro-
gram, and utilize only the order of function executions instead of input and
output information. We analyze the changes of source code in function ex-
ecution traces instead of input and output changes. We provide three new
techniques to improve the retrieval accuracy of the root causes of software
regressions, including two heuristic algorithms and one LLM-powered tech-
nique. Specifically, our LLM-powered technique achieves the state-of-the-art
accuracy compared with other existing algorithms. We also extend current
benchmark and support another programming language, Python. To do so,
we extract 12 real-world Python regressions from the BugsInPy [70] bench-
mark, and implement a Python-based tracer both for our algorithms and for
algorithms introduced by the previous work [24]. Along with 11 JavaScript
regressions introduced in the previous work [24], we conduct a detailed anal-
ysis about locating the cause of software regressions for both Python and
JavaScript projects. Our contributions to this task are also two-fold:
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e We improve the accuracy of existing approaches by providing three new
techniques. We validate our techniques on both Python and JavaScript
benchmark. Among these techniques, the one that is empowered by a
large language model achieves the best accuracy.

e We create a new dataset containing software regressions written in
Python. This is aimed for an extensive evaluation for tools that try to
detect the cause of software regressions. All regressions in the dataset
are based on open-source software projects and are suitable for real-
world analysis.

Through two practical example tasks, we empirically demonstrate the ef-
fectiveness of our proposed approach, which selectively applies LLMs to soft-
ware engineering problems. Our approach successfully broadens the range
of tasks that can be addressed by leveraging LLMs, even when applied only
partially. Our research provides a foundation for future work on effectively
applying LLMs to software engineering problems, such as Al agents, by
demonstrating a principled approach to task decomposition and selective
LLM application.

1.3 Organization

In this section, we present the overall organization of this dissertation. The
structure is summarized in Specifically, the dissertation incorpo-
rates content from several previously published works. The correspondence
between these publications and the respective chapters is also outlined in the
table.

In we present the background knowledge leveraged in this dis-
sertation. This includes fundamental concepts essential for understanding
the work, as well as key techniques used in the detailed implementation. In
we present the motivation of this dissertation. We aim to solve
software engineering problems that are difficult to address using LLMs di-
rectly. In[chapter 4, we give our proposal for addressing software engineering
problems that are difficult to solve when using LLMs directly. Specifically,
our proposal is to selectively apply LLMs to certain software engineering
sub-tasks in order to improve the overall performance of the original task.

In [chapter 5| and [chapter 6] we analyze the first and second exempli-
fied task: structurally-similar cross-language code search and retrieval of
causes of software regressions. In each chapter, we begin by presenting the
motivation for addressing the problem and discussing the corresponding sig-
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Table 1.1: Organization and corresponding publications

Chapter Topic Publications
Chapter Introduction -
Chapter Preliminary knowledge -
Chapter Motivation of the dissertation -

Chapter Our proposal: selectively apply LLMs —

Structurally-similar

SAC’24, SAC’25
cross-language code search

Chapter |5

Chapter 6 Retrieval of causes of QRS'25

software regressions

Chapter @ Conclusions -

nificance. We then introduce our proposal, explaining the system design
and technical implementation. Finally, we present the experimental results,
including comparisons against baseline methods. In we present
our conclusions and summarize the key contributions of this dissertation.
Additionally, we discuss future directions and highlight potential areas for
further investigation.



Chapter 2

Preliminaries

In this chapter, we will introduce some background knowledge of our study
and position it within the broader context of research on software engineer-
ing. The background knowledge discussed is not merely introductory but
provides essential context and conceptual foundations that will be leveraged
in addressing the specific tasks mentioned before and presented later in this
dissertation.

2.1 Machine learning techniques

Machine learning is a field concerned with the development and study of
statistical algorithms that can learn from data and generalize to unseen data,
and thus perform tasks without explicit instructions. Traditional machine
learning algorithms include decision trees, supporting vector machines, and
Bayesian methods. Beyond traditional machine learning, deep learning has
emerged as a major direction in machine learning in recent years. Deep
learning, as a subdiscipline in machine learning, focuses on neural networks
and surpasses many previous machine learning approaches in performance. A
neural network consists of connected units or nodes called artificial neurons,
which loosely model the neurons in the brain. These are connected by edges,
which model the synapses in the brain. Fach artificial neuron receives signals
from connected neurons, then processes them and sends a signal to other
connected neurons. The signal is a real number, and the output of each
neuron is computed by some non-linear function of the sum of its inputs,
called the activation function. The strength of the signal at each connection
is determined by a weight, which adjusts during the learning process.
There are different types of neural networks, such as convolutional neural

9
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networks (CNNs) and recurrent neural networks (RNNs). One typical and
famous kind of neural network is long short-term memory (LSTM), which is
a type of recurrent neural network (RNN). The structure of an LSTM |[31] is
shown in An LSTM model performs well in processing sequential
data and capturing long-term dependencies by maintaining a hidden state
that captures information from previous time steps. The architecture of
LSTM involves a special module called the memory cell, including multiple
artificial neurons, and is controlled by three gates: the input gate, the for-
get gate and the output gate. These gates decide what information to add
to, remove from and output from the memory cell. In specific, the input
gate controls what information is added to the memory cell; the forget gate
determines what information is removed from the memory cell; the output
gate controls what information is output from the memory cell. This al-
lows LSTM networks to selectively retain or discard information as it flows
through the network which allows them to learn long-term dependencies.
The network has a hidden state which is like its short-term memory. This
memory is updated by using the current input, the previous hidden state
and the current state of the memory cell.

ft = O'(VVf . [ht—li xt] + bf)

iy = o(W; - [he—q, x¢] + by) @
C = tanh(W, - [h¢—1, %] + bc

@ > Co=fi*Cooq +irx G,

Ot —>(X) \ot = 0(Wp[ht—1, xc] + bo)

> ht = Ot * tanh(Ct)

Figure 2.1: The architecture of an LSTM with equations

Another typical and famous kind of neural network is Transformer [64],
which is based on the multi-head attention mechanism. The structure of a
Transformer is shown in Transformer is a neural network archi-
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tecture that can process sequential data such as texts, audios, videos, and
images (as a sequence of image patches) without using any recurrent or con-
volution layers. The fundamental layer of a Transformer is called Attention.
It also contains other basic layers such as fully-connected layers, normaliza-
tion layers, embedding layers, and positional encoding layers. Attention is
a mechanism that enables a neural network to focus more on relevant parts
of the input data and pay less attention to the rest of the input data by
computing the similarity between a query vector and a set of key vectors.
These similarity scores are then normalized (typically using a softmax func-
tion) to produce attention weights, which are used to compute a weighted
sum of value vectors. A higher similarity score leads to a higher attention
weight after normalization. The original Transformer architecture has both
encoder and decoder blocks, designed for sequence-to-sequence tasks such as
neural machine translation. However, subsequent research has introduced
encoder-only and decoder-only variants, which have been widely adopted in
practice to address different classes of problems.
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Figure 2.2: The architecture of a Transformer
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2.2 Large language models

Large language models (LLMs) are a type of machine learning models de-
signed for natural language processing tasks such as language generation,
translation and question answering. Fundamentally, an LLM is a pretrained
model that acquires knowledge by learning from massive text corpora. A
key innovation of LLMs lies in their scale. They consist of an enormous
number of parameters, often ranging from hundreds of millions to hundreds
of billions. These models are typically trained using self-supervised learning
on large-scale datasets. Their performance tends to improve significantly as
model size increases. The phenomenon of rapidly improving performance
with increasing model size is referred to as the scaling law [28]. We present
some representative models along with their number of parameters in
[ble 211

As the generative capabilities of LLMs continue to improve, a growing
concern is that the content they produce may sometimes violate human moral
or ethical standards. To address the misalignment between the outputs gen-
erated by LLMs and human preferences, researchers have investigated this
problem and developed several mitigation techniques, one of the most no-
table being reinforcement learning from human feedback (RLHF) [45]. In
brief, RLHF is a method that combines supervised learning and reinforce-
ment learning to fine-tune LLMs so that their outputs better align with
human preferences. The core process of RLHF includes three steps. The
first step is to collect human feedback. Human annotators are required to
rank different outputs generated by the language model based on quality or
preference. The second step is to train a reward model. The rankings from
the first step are used to train the reward model that predicts how well an
output aligns with human preferences. The reward model takes the language
model’s output and assigns a score representing how favorable it is accord-
ing to human feedback. The third step is to fine-tune the language model
with reinforcement learning. A reinforcement learning algorithm, typically
the proximal policy optimization algorithm(PPO), is used to fine-tune the
language model based on the reward from the reward model and the goal is
to maximize the reward as predicted by the reward model. RLHF guides a
language model to produce more human-aligned outputs.

Although a large language model is a pretrained model capable of per-
forming many tasks directly, researchers can further fine-tune these models
to better adapt them to specific downstream tasks. For example, CodeBERT
[13] is built upon BERT [9] and further trained on a large corpus of source
code, enabling it to handle programming-related tasks more effectively.
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Table 2.2: Input limits of major LLMs

Name Input limits Output limits
ChatGPT-40 128,000 16,384
GPT-3.5 Turbo 16,385 4,096
GPT-4 8,192 8,192
GPT-4 Turbo 128,000 4,096
OpenAl ol 200,000 100,000
OpenAl 03 200,000 100,000
Claude Opus 4 200,000 32,000
Claude Sonnet 4 200,000 64,000
Claude Sonnet 3.7 200,000 64,000
Gemini 2.5 Pro Preview 1,048,576 65,536
Gemini 2.0 Flash 1,048,576 8,192
deepseek-chat 64,000 64,000
deepseek-reasoner 64,000 64,000

Almost all large language models are subject to limitations on the length
of both input and output context, including some commonly-used LLMs such
as ChatGPT by OpenAl, Claude by Anthropic and Gemini by Google. They
are constrained by maximum input and output lengths, which can impact
their ability to handle long or complex tasks. In we present some
of the commonly-used large language models and their input and output
limits. As of the time of writing this dissertation, current models support
a maximum input size of 1,048,576 tokens, which corresponds to approx-
imately 750,000 English words. It is important to note that even though
some models claim to handle nearly one million English words in context,
their actual performance can still be affected, as they may sometimes gener-
ate hallucinations.

To improve the effectiveness of LLMs, a range of techniques, collectively
referred to as prompt engineering, have been developed. Some well-known
prompt engineering techniques include in-context learning [5| and chain-of-
thought prompting [69]. In-context learning refers to the ability of LLMs
to learn from examples provided directly in the input prompt, without any
parameter updates. By supplying a few input-output pairs, or known as
demonstrations, LLMs can generalize and produce appropriate outputs for
new inputs. Chain-of-thought prompting, on the other hand, guides LLMs
to generate intermediate reasoning steps before arriving at a final answer.
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This approach is particularly effective for tasks that require logical reasoning
or multi-step problem solving. However, it typically requires human inter-
vention in refining the prompts, and thus is not yet fully automated.

2.3 Abstract syntax trees

An abstract syntax tree (AST) is a data structure used to represent the
structure of a program or code snippet. It is a tree representation of the
abstract syntactic structure of source code written in a formal language.
Each node of the tree denotes a syntax construct occurring in the text. An
abstract syntax tree is different from concrete syntax trees, or parse tree,
because it does not represent every detail, but rather just the structural
details. For instance, grouping parentheses are implicit in the tree structure,
so they do not have to be represented as separate nodes. Similarly, a syntactic
construct like an if-condition-then statement may be denoted by means of
a single node with three branches. Abstract syntax trees are often used in
program analysis for various purposes, such as clone detection.
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Chapter 3

Motivation

In recent years, large language model (LLM) technologies, exemplified by
ChatGPT, have demonstrated strong capabilities in handling a wide range
of text-based tasks, such as text generation, question answering, language
translation, text summarization, and dialogue. In addition to natural lan-
guage text, LLMs are also capable of handling numerous code-related tasks
in programming languages, such as code generation, code completion, and
code understanding. Solving software engineering problems is one of the key
applications of LLMs. A survey [23]| has shown that there has been a sig-
nificant increase in the number of studies focused on the utilization of large
language models in software engineering (LLM for SE).

However, LLMs are not a silver bullet when it comes to software engi-
neering. Based on our literature review, there are still several problems that
LLMs struggle to handle effectively at this stage. Although improving the
capabilities of LLMs is a popular research topic, it is not the focus of this
dissertation. In this dissertation, we primarily focus on software engineering
problems that LLMs are not yet able to handle effectively and explore how
LLMs can be applied to address these challenges. In this chapter, we begin
with a retrospective overview of approaches to solve software engineering
problems. We then examine the limitations of current LLMs and identify
common characteristics of tasks that LLMs struggle to address. Finally,
we present our proposal for better applying LLMs to software engineering
problems.

17
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3.1 A retrospective overview of solving software en-
gineerting problems

Traditionally, before the usage of LLMs, software engineering problems were
usually solved through a systematic procedure. We present the traditional
solution of software engineering problems in First, raw data,
such as source code, commit logs, or documentation, is collected from the
software system or development environment. This raw data is often unstruc-
tured or noisy, so it must be processed and transformed into more informative
and structured representations to facilitate effective analysis. For example,
abstract syntax trees (ASTs) are a widely used data structure in software
engineering that captures the syntactic structure of source code, enabling
further tasks such as code analysis, transformation, and verification.

Once appropriate data structures are obtained, the next step involves
selecting suitable algorithms to solve the given tasks. These algorithms typ-
ically fall into two broad categories: heuristic-based algorithms, which rely
on manually crafted rules and domain knowledge, and learning-based algo-
rithms, which leverage machine learning techniques to automatically infer
patterns from data. The choice of algorithm depends on the specific require-
ments of the task.

By combining well-designed data representations with appropriate algo-
rithms, software engineers can derive meaningful insights or generate desired
outputs, thus effectively addressing various software engineering problems.
This traditional pipeline forms the foundation of many classic software en-
gineering tools and frameworks. In the following subsections, we present
related work that follows the traditional pipeline, focusing on the two exam-
ple tasks introduced earlier.

3.1.1 Related work for code clones

Similar code pair detection is a popular topic with a long history. Before,
people were more interested in single-language code clone detection, and
many techniques were developed for different types of code clones. For ex-
ample, some works [27], 58| develop token-based matching algorithms to find
clones, while other work [26] develops an AST-based matching algorithm to
detect clones. These approaches rely on pre-defined rules to generate match-
ing patterns, and use static-analysis algorithms to compare patterns. After
machine learning shows its dominating power in other fields, researchers
want to apply its power to code clone detection. One work [34] develops
a solely token-based clone detection approach using deep learning. Another
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work [68] builds a tree-LSTM model based on hashed features of information
about code structure and grammar extracted from ASTs. Specifically, this
work |74] splits ASTs into trees consisting of statement nodes as roots and
corresponding AST nodes of statements, and builds a Bi-GRU model upon
the encoded vectors of these statement trees. These approaches build neu-
ral network models based on code-related data structures, and rely on true
code clone labels. In the above works, researchers process raw data, specif-
ically source code in a single programming language, into more informative
structures, such as key tokens or ASTs. They then apply algorithms, such
as pattern matching or neural models, to analyze the processed data and
obtain final results. This is consistent with the traditional pipeline discussed
previously.

Compared with single-language code clone detection, cross-language code
clone detection has a shorter history, but faster growth in attention since de-
velopment in multiple programming languages becomes trendy. Perez et
al. [48] train an LSTM-based neural network using ASTs and uses tree-
based skip-gram algorithm to initialize node vectors. It also provides a large
cross-language code clone dataset based on competitive programming con-
test submissions. Nafi et al. [41] train a model based on API documentation
to detect clones. But these approaches still require true labels of code clones.
Tao et al. |62] adopt a contrastive learning objective to fine-tune the pre-
trained model CodeBert to detect clones. Specially, one work [59] questions
the generalizability of CodeBert, and points out that CodeBert performs less
than expected on unseen data in code clone detection task. There are also
some works avoiding using machine learning models. Cheng et al. |7] ana-
lyze revision logs and version control histories to find cross-language clones.
Vislavski et al. [65] analyze an enriched Concrete Syntax Tree, but requires
two code fragments to have the same code length. Kraft et al. 32| detect
cross-language code clones in the .NET language family by translating a
program in a .NET language into the .NET Code Document Object Model
(CodeDOM).

The above works also align with the traditional pipeline. Although the
raw data has evolved into cross-language source code and the intermediate
representations have become more diverse, such as incorporating API docu-
mentation and revision logs, the fundamental workflow remains unchanged.
It is worth noting that CodeBert is used to convert raw source code into nu-
merical vector representations |62]. Although CodeBert can be considered
as an early form of a language model, its capabilities are not sufficient to
support general-purpose dialogue tasks. Therefore, we regard this work as
part of the traditional pipeline.
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All above works [44, 32, 65, 41} |7, 48, 62| for traditional cross-language
code clone detection are not satisfying for various reasons. Some of these
works focus on functionality and neglect structural similarity, therefore are
not specialized for structurally-similar cross-language code pairs. Some of
them are only limited in .NET family of programming languages. Some of
them are not applicable for large structurally-similar cross-language code
pair detection. Specifically, these works [44, [32] detect cross-language code
clones in the .NET language family by translating a program in a .NET
language into the .NET Code Document Object Model (CodeDOM). They
can represent the logical structure of source code, but are limited in .NET
language family. Vislavski et al. [65] analyze an enriched Concrete Syntax
Tree [51], which is an intermediate state used by Budimac et al. [6], to detect
cross-language code clones. This method gives some consideration to control
structures, but still has some limitations. For example, this method requires
two code fragments to have the same code length. Cheng et al. |7] analyze
commit logs recorded in version control systems to detect clones, which does
not consider control structure similarity. Some works |62} 48, |41] train neural
network models for traditional cross-language code clone detection by using
data collected from competitive programming contest websites. The problem
of these methods is that they require large labeled datasets for training. The
dataset they use consists of different solutions by different programmers to
the same problem. These code fragments have the same functionality, but
not necessarily the similar control structures. It is difficult to collect a large
dataset with structurally-similar cross-language code pairs for supervised
model training. Moreover, the features these models choose for training the
models are more focused on code semantics instead of structures.

One of the most recent works is done by Mathew and Stolee [39], which
utilizes static analysis of code text and ASTs and dynamic analysis of in-
put/output results to find clones. This work provides an approach to detect
structurally-similar cross-language code pairs, which is consistent with our
first example problem. However, the drawback of this approach is that it
is very slow. We include this work as a baseline in our comparative analy-
sis. Its technical details and relevance to our study are further elaborated
in As far as we know, there is not yet a fast and accurate tool
targeting at detecting structurally-similar cross-language code pairs.

3.1.2 Related work for software regressions

Regression testing techniques are getting more important because of the
emergence of new approaches for developing software, such as the agile move-
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ment |54]. Regression testing consists of rerunning the previously executed
tests when the software under test evolves to verify that no new failures, or
regressions, has been introduced [16]. Unit testing frameworks |14}, 63, |3]
play an important role in regression testing. Almost all major programming
languages have one or more corresponding unit testing frameworks.

A number of approaches have been investigated to make regression test-
ing more effective and efficient [16]. For example, test case prioritization
[30] determines an execution ordering that ideally gives precedence to the
most effective test cases; test case selection [29] takes a sample of test cases
for execution generally based on the recently introduced changes; and test
suite reduction 53| aims at removing reduntant test cases according to some
criterion, for instance code or requirements coverage. Moreover, Elbaum et
al. |11] provide techniques for improving regression testing in continuous
integration development environments. While these works are not directly
aligned with our example problem, they broadly adhere to the same tradi-
tional procedures, which process raw data and select suitable algorithms to
derive results, without incorporating LLMs.

Although detecting regressions is well studied [60], localizing the causes
of regressions requires further exploration. A number of techniques focus on
preventing regressions before release [15], but fewer tools effectively address
the causes of regressions post-release |[46]. This work [47] provides a tool
for regressions in C/C++ software. This work traces predicates and reports
suspicious differences between the base version and the upgraded version
by using GDB debugger. The drawback of this work is that it is unable
to implement universal tracing with complete data serialization because of
the limitations of a low-level and procedural programming language. As a
result, only a small subset of programs can be applied using this technique
to localize the causes of regressions. Maksimovic et al. [38| provides a tool
that adopts machine learning techniques to debug regressions. It utilizes
historical data from a version control system and the results from functional
debugging. They train models to rank revisions based on their probability
to be the cause of a certain failure. This work is also consistent with the
traditional pipeline. It leverages version control information as intermediate
data and employs a ranking algorithm to select appropriate results. However,
they use an undisclosed dataset to test their tool. Moreover, developers still
have to manually check function calls based on testing outputs and revision
histories. Such debugging is especially tedious when the project is large and
different components are interconnected with each other.

One of the most recent works |24] follows the traditional pipeline and
proposes a trace-based approach for locating the root causes of software
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regressions in JavaScript projects. They have proved that locating causes
of regressions by tracing runtime information is possible, but the accuracy
is not satisfying. Also, their approach is limited in JavaScript projects. We
provide more details about this work in where it is treated as a
competing approach in our evaluation.

3.1.3 Limitations of traditional procedures

All related works mentioned before follow the traditional procedures for solv-
ing software engineering problems, as illustrated in This typ-
ically involves transforming raw data into structured representations, such
as abstract syntax trees, followed by the application of heuristic or learning-
based algorithms to solve specific tasks.

While effective in certain well-defined scenarios, these methods fail to
effectively address the two example tasks discussed in this work, namely
structurally-similar cross-language code search and retrieval of causes of soft-
ware regressions. The limitations include two aspects. The first one is related
to performance. Traditional methods often exhibit unsatisfactory results in
terms of either accuracy or computational overhead, and in some cases, both.
The second one is related to limited generalizability. It is often difficult to
adapt them to new settings, such as supporting additional programming lan-
guages. As a result, their applicability remains constrained. In the following
chapters, we provide overviews of related state-of-the-art approaches and
explain how our proposed methods address the example tasks.

3.2 The use of LLMs in software engineering

Large language models have been foundational for natural language text gen-
eration and understanding. Due to the success of LLMs in natural language
processing, many researchers have sought to apply them to source code, or
software engineering problems. The number of studies exploring the applica-
tion of LLMs in software engineering has been increasing year by year, and
many of these studies have produced promising results [23]. The utilization
of LLMs in software engineering is largely driven by a novel perspective that
reinterprets many software engineering challenges as problems of data, code,
and/or natural language analysis [67]. Typical tasks include code summa-
rization and code generation, which yield a natural language description from
a code fragment and a code fragment from a natural language description,
respectively.
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In most cases, the popular utilization of LLMs involves presenting tasks
in a plain-text format, with corresponding data that is raw or minimally pro-
cessed attached directly to the prompt. This approach tends to treat LLMs
as an all-powerful solution, often overlooking their inherent limitations. Since
such a method is direct and straightforward, as shown in and
it may fail to take advantage of structured information and may result in
inadequate performance on complex tasks.

These tasks often share common characteristics that align with the known
limitations of LLMs. As discussed in examples of such tasks in-
clude code generation for less common programming languages, code search,
and localization of the root causes of software regressions. A key challenge
across these tasks is the involvement of a large number of files, with complex
interactions occurring between the files, either statically (e.g., text similarity
comparison) or dynamically (e.g., through runtime behaviors). Additionally,
some tasks may require domain-specific or rarely encountered knowledge,
which LLMs may not have been sufficiently exposed to during training. This
lack of such knowledge further limits their effectiveness in handling scenarios
where minor knowledge is needed.

These characteristics correspond to several known weaknesses of LLMs.
First, context limits remain a fundamental constraint. Although state-of-
the-art LLMs can now handle inputs of up to one or two million tokens,
this is still insufficient for processing entire codebases in large-scale software
projects, where relevant information may be distributed across numerous
files and modules. Even in cases where an LLM is technically capable of pro-
cessing the entire codebase, the results are often unsatisfactory, which leads
to the second weakness. Limited reasoning capability is another challenge.
Even when large inputs are supported, LLMs often struggle to maintain a
coherent understanding of complex inter-file relationships. This frequently
leads to reasoning failures and hallucinated outputs, particularly when the
dependencies between files are implicit. Third, generalization beyond train-
ing data is not guaranteed. When LLMs are exposed to knowledge that was
absent in their training datasets, such as domain-specific code or obscure
programming languages, their performance becomes unreliable.

In the following subsections, we present related work about the use of
LLMs with particular relevance to the two example tasks mentioned before.
However, it is important to note that these works do not directly address
the example tasks themselves, but rather explore adjacent or similar areas
that is relevant to our example tasks.
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3.2.1 Related work for code clones

Some attempts |10, 76| have been made to use LLMs for code clone detection,
which is a binary classification problem. In these works, LLMs are treated
merely as simple conversational engines, and the prompt design is relatively
straightforward. The raw input data and problem statements are directly
provided to LLMs, which are then expected to produce a binary decision
regarding whether the given code fragments represent a clone. As a result,
these attempts also have some limitations. For example, they are typically
designed to determine whether a given pair of code snippets constitutes a
specific type of clone. They do not consider scenarios where similar code
fragments need to be retrieved from a large pool of candidates. Moreover,
these methods are designed for single-language scenarios and do not address
cross-language scenarios. According to the results, the ability of LLMs to
detect code clones differs among various programming languages. LLMs’
performance in code clone detection is unclear and needs more study for
accurate assessment. Although some techniques such as chain-of-thought
prompting are employed to improve the accuracy of LLM responses, these
approaches do not attempt to decompose the problem or perform deeper
analysis for a more fine-grained utilization of LLMs. As a result, they re-
main relatively straightforward. Due to the input limitations of LLMs, it
is currently difficult to solve cross-language code search by simply adopting
LLMs.

3.2.2 Related work for software regressions

Some works [36, 57| target at regression testing with the help of LLMs,
although the problem settings in these works differ from our work. One
work [36] provides a feedback-directed, zero-shot LLM-based regression test
generation technique, and tries to generate easy-to-understand bug-revealing
or bug-reproduction test cases for commits even when only a commit message
is given. They try to generate test cases to prevent future potential software
regressions instead of locating the causes of software regressions when they
occur. Further, this technique has to take highly structured and human-
readable inputs, which limits the generalizability of this technique.

Another work [57] presents a code-aware prompting strategy for LLMs in
test generation based on recent work that demonstrates LLMs can solve more
complex logical problems when prompted to reason about the problem in a
multi-step fashion. In specific, they generate test cases by deconstructing
the testsuite generation process into a multi-stage sequence, each of which is
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driven by a specific prompt aligned with the execution paths of the method
under test, and exposing relevant type and dependency focal context to the
model. They intend to improve test coverage in a regression setting. In
this setting, they assume that the code currently under test is implemented
correctly. Their objective is to generate a suite of tests that will effectively
detect future bugs that may be introduced into the codebase during later
development, causing a regression. They also do not focus on the problem
of locating the root cause after a regression occurs.

Although these works are not directly related to our example task, our
investigation into their use of LLMs reveals a rather straightforward appli-
cation. For instance, in the second related work [57], although the task is
decomposed and multi-step prompting is employed, the use of LLMs in each
step remains relatively direct, as the problem statements are provided to
the model without additional intermediate processing or abstraction. This
limits the range of problems that LLMs can effectively address. Moreover,
repeated use of LLMs increases the likelihood of hallucinations.

3.2.3 Limitations of direct usage of LLMs

From the related works discussed above, we observe that while some soft-
ware engineering problems have been effectively addressed using LLM-based
solutions, our two example tasks remain largely unexplored in this context
and currently lack well-established LLM-based approaches.

In our first task, structurally-similar cross-language code search, the goal
is to compare a large number of code pairs based on their structural sim-
ilarity. This process often involves analyzing hundreds of source code files
simultaneously. For LLMs, which are static text analyzers, such a task is
challenging because the context limit restricts the number of files that can be
processed at once, and their limited reasoning capability makes it difficult to
accurately capture and compare the structural relationships across multiple
files. As a result, LLMs struggle to solve large-scale structural comparison
effectively.

In our second task, retrieval of causes of software regressions, the objec-
tive is to compare two versions of a codebase in chronological order. This
process typically involves analyzing a large number of source code files across
both versions. Traditionally, identifying the root cause of a regression re-
quires dynamic analysis and execution tracing, which remain challenging for
LLMs. Moreover, the context limits and reasoning capabilities of LLMs are
insufficient for analyzing an entire codebase to locate the potential causes of
software regressions. As a result, although LLMs can provide general sugges-



3.3. SUMMARY 27

tions about code differences or generate test cases to prevent potential future
regressions, they are currently unable to accurately pinpoint the exact cause
of a regression.

At the same time, the direct use of LLMs also presents several chal-
lenges. For example, their performance is not always reliable, and repeated
or continuous use can increase the likelihood of hallucinations. Addressing
the limitations of current approaches requires a more sophisticated method
for leveraging LLMs in software engineering tasks, as opposed to relying on
direct and naive usage.

3.3 Summary

In this chapter, we begin with a retrospective overview of how software en-
gineering problems have traditionally been addressed, along with some rep-
resentative literature that follows the traditional pipeline. We then explore
recent research that applies LLMs directly to software engineering problems
and discuss the limitations of these approaches, including the weaknesses of
current LLMs in handling complex software engineering tasks. These ob-
servations motivate our goal: to expand the scope of software engineering
problems that can be effectively addressed with LLMs. In next chapter,
we will give our proposal about how to effectively address more software
engineering problems with LLMs.
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Chapter 4

Proposal

In this work, we aim to expand the scope of software engineering prob-
lems that can benefit from the use of LLMs. The position of our attempts
are illustrated in To address the limitations of both traditional
approaches and the straight-forward, end-to-end use of LLMs of solving soft-
ware engineering problems, we propose a selective strategy. In this chapter,
we first introduce our proposal in detail. While writing this dissertation, we
have identified several related works that share similar ideas with ours but
are developed independently and in parallel with us. We introduce these
works in the later section.

4.1 Selectively Applying LLMs to SE Problems

To address software engineering problems more effectively, we propose an
approach with selective application of LLMs. In this approach, LLMs are se-
lectively applied to specific sub-part of the SE problem where their strengths
can be effectively leveraged. An overview of our proposed methodology is
illustrated in

In short, rather than using LLMs as end-to-end solvers, we integrate
LLMs into traditional software engineering pipelines by empowering only
certain parts of the original task and the original task is improved corre-
spondingly. By doing so, we leverage the strengths of LLMs, such as code
understanding and pattern recognition, without being limited by their weak-
nesses. More specifically, we use LLMs simply as tools to either assist in
processing raw data (e.g., transforming unstructured code into intermediate
representations) or serve as pre-trained models like neural networks, rather
than making them responsible for solving the entire task.

29
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Our
attempts

e a

Solved by LLMs

Software development

Software maintenance

Software quality assurance

Requirement engineering
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Software management

Figure 4.1: The position of our research

Traditionally, solving software engineering problems requires to reformu-
late tasks and analyze the underlying data structure of the original task.
Subsequently, the raw data is transformed into an intermediate data struc-
ture that is more informative or easier for processing. Such reformulations
can occur at different levels of granularity, depending on the specific task
and its objectives.

Due to the impressive performance of LLMs, many people tend to regard
them merely as simple conversational engines. They present their questions
in a relatively straight-forward manner and expect LLMs to be an end-to-
end solver. This approach can sometimes yield satisfactory results for tasks
with relatively simple formulations and simple data structures. However,
some software engineering problems have complex descriptions and intricate
data structures, and they heavily rely on logical reasoning. Without careful
task analysis, these problems suffer from the weaknesses of LLMs discussed
before. The direct use of LLMs fails to generate effective responses and
produce satisfactory results.

Our proposal combines the strengths of traditional procedures with the
capabilities of LLMs. In the reformulated subtasks, we leverage LLMs
as powerful conversational engines to enhance specific components of the
pipeline. By improving the performance of these individual subtasks, we
aim to improve the overall performance of the original task.
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4.2 Related work

Some recent works make similar attempts in parallel, although these works
do not address our two example tasks directly. For example, two works |50,
35 try to solve the project-level bug localization problem, which localizes a
bug within the extire codebase.

Project-level bug localization problem also requires to process a large
number of source files simultaneously and analyze the logic between files.
The traditional pipeline struggles to address this problem effectively. This
is because different bugs exhibit different characteristics, making it difficult
to define a suitable intermediate representation and algorithm for accurate
bug localization. At the same time, the direct use of LLMs is insufficient for
handling a large number of issues and reasoning over complex file relation-
ships.

The approaches proposed in these two related works are consistent with
the proposal presented in this dissertation. They both try to filter the large
number of files by heuristics and reduce the context length. For example,
one method first narrows down relevant class files and then further localizes
methods within those classes. Semantic embeddings are employed to match
error reports with potentially related source code files. After the input con-
tent is reduced, LLMs are applied to a smaller set of files to identify the
bug. In other words, they selectively apply LLMs to the problem, using
them as an algorithm to analyze a limited number of files. Prior to utilizing
LLMs, intermediate files are obtained through heuristic methods. The key
to solving the problem is that how to break down the task into manageable
subtasks.

In we provide an overview of existing literature that is relevant
to our tasks but does not directly address them. Our goal is to fill in this gap
by demonstrating the feasibility and effectiveness of our proposed approach.
This table also helps position our research within the broader landscape of
software engineering studies involving LLMs.

4.3 Summary

To tackle the challenge, we present our proposal in which LLMs are selec-
tively applied to specific sub-parts of a software engineering task, rather than
being used to address the entire task end-to-end. The core of this proposal is
to decompose the original complex problem into smaller, more manageable
sub-tasks, where LLMs can be utilized more effectively. By improving the
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performance of one or more sub-tasks through the use of LLMs, the overall
effectiveness and efficiency of solving the original task can be enhanced.

In the following chapters, we present two representative tasks as case
studies to demonstrate our approach. We begin by introducing the motiva-
tion behind each task and reviewing related work. Then, we analyze each
task in detail by examining their underlying data structures. Finally, we
show how LLMs can be selectively incorporated into the solution, either
in handling raw data and helping generate intermediate representations, or
supporting specific sub-tasks, to improve the overall performance of the task.



Chapter 5

Structurally-similar
Cross-language Code Search

In this chapter, we will present our approach for structurally-similar cross-
language code search. We will start with the motivation for this task by
introducing its significance. After that, we introduce the state-of-the-art
approach for this task and analyze the limitations of this approach. To ad-
dress the limitations of the current state-of-the-art approach, we introduce
a novel approach that incorporates LLMs as a key component of the solu-
tion. Specifically, we will develop a new code intermediate representation
called two-level generic ASTs, and train a model based on two-level generic
ASTs to improve search speed without losing too much accuracy. During
the generation of two-level generic ASTs, we leverage an LLM to perform
the mapping between two language-specific ASTs, which results in the final
design of the generic AST.

5.1 Significance of structurally-similar cross-language
code search

Similar code pairs are a non-negligible issue in software maintenance [18].
Researchers have studied detection of similar code pairs with the same pro-
gramming language for decades. This task is also referred as code clone
detection. Based on the degree of similarity, [56] classifies code pairs with
the same language into four types. Among them, type-1 pairs means identi-
cal code fragments, ignoring differences in white-space, code formatting and
comments. Types-2 pairs means structurally or syntactically identical code
fragments, ignoring differences in identifier names and literal values, as well

35
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as differences in white-space, code formatting and comments. Type-3 pairs
are these with statement-level insertions, deletions and substitutions, and
type-4 pairs are these with the same functionality while ignoring implemen-
tation details. Many approaches |27, 58, [26} 55, |34] have been developed to
solve the detection for each type of similar code pairs.

With the advancement of software development technologies, detecting
similar code pairs across different programming languages is attracting prac-
titioners’ interests. This trend is driven by the growing prevalence of polyglot
programming in large software projects. A representative scenario is web-
service development. A web-service project usually includes a server side
and multiple client sides. Programmers often use multiple languages for dif-
ferent platforms, such as Java for servers, JavaScript for browsers, Kotlin for
Android and Swift for iOS. In such settings, cross-language code pairs with
similar control structures are of particularly interests. These structurally
similar pairs are often indicators of reusable functionality. We will elaborate
on the practical significance of these code pairs in detail.

When software development is polyglot, cross-language code pairs with
similar control structures are important causes of source code refactoring
and software maintenance. A typical scenario can be found in micro-service
development where multiple languages are used for different modules. In
micro-service development, an important principle is single-responsibility
principle, which states that a microservice should do one thing only, such as
user management, order processing, or email notification, and own all the
logic and data related to that responsibility. If a service breaks the single-
responsibility principle, code pairs with similar control structures may ap-
pear. For instance, a service which is responsible for managing the user posts
in a bulletin board system (BBS) may implement some authorization logic,
and another service responsible for managing user comments may also imple-
ment a similar authorization logic. This will result in code duplication, and
such duplication of responsibilities violates the single-responsibility principle.
Although the two services implement different functionalities, the authoriza-
tion logic should ideally be extracted and consolidated into an independent
service.

Another typical scenario is modern web-based service development. In
web-based service development, different clients often share the same busi-
ness logic. In such cases, the shared logic should be consolidated to reduce
code duplication. For example, client-side functions across platforms that
share similar logic may correspond to a common server-side implementation.
Usually, such functions share similar structures and they should be reconsid-
ered and grouped into a function on the server side. We provide a concrete
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example in a web-based message system as shown in In this
message system, users can freely send messages through different platforms,
such as mobile devices or web browsers. However, the grouping-messgae fea-
ture was not part of the initial application design in the system, and has
been added later on. In the initial design, the backend API only provides
an HTTP endpoint with a GET method to return a list of ungrouped user
messages, and the frontend clients need to group the messages by themselves.
Since the logic is the same across different clients, this leads to unnecessary
duplicated code fragments. For maintenance efficiency and system stabil-
ity, such pairs of code fragments should be grouped into a common API in
the backend server. In [Figure 5.2| and [Figure 5.3 we show the two code
snippets for grouping user messages. The two code snippets are written
in different programming languages, and we can see a clear correspondence
between their control structures: both the code fragments contain an assign-
ment statement, a for statement and a return statement. Within the for loop
body, the logic of processing the dict/HashMap is also similar. This pair of
code snippets is supposed to be detected and merged into the server side.

While fine-grained requirements engineering and increased collaboration
among development teams can help mitigate code duplication to some ex-
tent, these approaches alone are insufficient to completely eliminate the issue.
In large-scale software systems, duplication often arises due to evolving re-
quirements, inconsistent team practices, or historical design decisions. Con-
sequently, detecting and reducing code duplication during software mainte-
nance remains a tedious and non-trivial challenge for developers.

One reason why detecting structurally-similar cross-language code pairs
is challenging is that, even if two code fragments share the same control
structure, they are not identical at the token level. Although there exist
some works for traditional cross-language code clone detection, these works
have some limitations. For example, some works [65, |41} |7, 48, 62| are
not suitable for structurally-similar cross-language code pair detection be-
cause they ignore the importance of control structures and only focus on the
same functionality. Code pairs with the same functionality do not neces-
sarily share similar control structures, which makes the techniques in these
works potentially biased. Some works [44], [32] realize the importance of sim-
ilar structures. However, they utilize .NET Code Document Object Model
(CodeDOM) and thus are only useful in .NET language family. As a result,
these techniques are difficult to extend to other programming languages such
as Java or Python.

Our goal is similar to traditional cross-language clone detection, as both
try to find a similar code pair. However, we are more focused on similar
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Let's Chat
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Daniel
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Daniel
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Figure 5.1: The frontend of a message system

control structures while traditional cross-language clone detection mainly
considers the same functionality and ignores detailed implementations. In
real-world development, it is important to detect similar structures as they
are good candidates for code refactoring. Finding a pair of code fragments
with only the same functionality is also an important research topic, but it is
out of the scope of this paper. If two functions have the same functionality
but with different algorithms, such difference might be intended by the pro-
grammers, and might not be refactored or merged. Therefore, we are more
interested in similar control structures.
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def group_posts:

1
2 res = {}
3 for post in posts:
A bucket = res.setdefault(post.owner, [])

5 bucket .append (post)
6 return res

~

Figure 5.2: A structurally-similar code pair in web-services: Python code

I public Map<String, List<Post>> groupPosts(List<Post>

posts){
Map<String, List<Post>> grouped = new HashMap<>();
for (Post post: posts){

w N

4 if (!grouped.containsKey(post.getOwner ())){

5 grouped.put (post.getOwner (), new ArraylList<
Post>());

6 }

7 grouped.get (post.getOwner ()) .add(post);

8 }

9 return grouped;

0 ¥

Figure 5.3: A structurally-similar code pair in web-services: Java code

5.2 State-of-the-art method

To the best of our knowledge, the state-of-the-art technique for detecting
a structually-similar cross-language code pair is proposed by Mathew and
Stolee [39]. It notices the importance of similar control structures between
code pairs, and successfully develops a technique to find such similarity. This
work develops a common representation across different programming lan-
guages called generic abstract syntax trees (ASTs), and adopts tree-based
editing-distance algorithm to calculate similarity scores between different
generic ASTs. It takes control structures into consideration by calculating
the number of edits to make two generic ASTs identical. Although a trans-
former from an original AST to a generic AST must be developed for every
source language in advance, developing such a transformer is not expensive
since the transformation is simple node-by-node mapping. The accuracy of
this technique is ideal, but a drawback of the technique is its detection speed.
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Since computing a tree-based editing distance is highly time-consuming, the
technique is not applicable for a large code base.

In detail, this technique first transforms a given AST in a source language
into a generic AST, which is common tree-representation among multiple
languages to absorb syntactical differences between them. Then, tree-based
editing distances are computed to discover similar trees. The code fragments
with similar trees are a potential pair with similar control structures. By
mapping features from different programming languages into generic nodes,
this technique creates language-agnostic common intermediate representa-
tions, and can encompass syntactic features from different languages while
abstracting away syntactical differences. For example, when detecting code
pairs between Java and Python, the if statements in Java and Python are
mapped to the same kind of tree node representing an if statement. A list
comprehension in Python is mapped to a loop node in the generic AST. If
a feature is only supported in some of the languages, an exclusive node is
still created in the generic AST, such as a switch statement in Java. The
capability of this technique relies on how the transformation is done and how
the generic ASTs are designed. This work provides a simple design and a
straight-forward node-to-node mapping and shows that their design works
well. Although designing such a generic AST for Java and Prolog would be
difficult, it is feasible for an Algol-like language family, in which a program
consists of nested blocks and procedures.

This technique achieves good accuracy in finding cross-language code
pairs with similar control structures. However, there are some drawbacks.
The first one is the speed of detection. Constructing a generic AST is not
expensive but computing editing distances between generic ASTs is heavily
compute-intensive. If the number of generic ASTs is n, n x n distances must
be computed. Due to this problem of being time-intensive, it is unrealistic
to use this technique for large-scale detection. The second drawback is that
their design of generic ASTs is ad-hoc, which makes it a bit difficult to
migrate to a third language.

5.3 Owur proposal

In this section, we present our proposed approach to overcome the limitations
of the existing state-of-the-art solution. Before the system design details,
we first explain how our approach aligns with the general proposal of this
dissertation, namely, selectively applying LLMs to specific sub-components
of the solution pipeline to improve the overall performance of the task.
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As illustrated in we leverage LLMs as a tool to assist in gen-
erating an intermediate representation from raw data, which can be further
processed by later algorithms. With the help of this intermediate represen-
tation, we develop a two-stage approach that enhances both the efficiency
and accuracy of structurally-similar cross-language code search.

5.3.1 System overview

We develop a two-stage approach to detect structurally-similar cross-language
code pairs. The system overview is shown in In the first stage,
we use neural network models to pre-determine a few most-likely candidates,
instead of calculating editing-distances of all candidates. In the second stage,
we only calculate editing-distances with the pre-determined candidates. Our
uniqueness is leveraging LLMs to develop a new code representation tech-
nique called two-level generic ASTs as inputs for models to improve the
accuracy of the first stage. The technique uses two kinds of generic ASTs
with different abstraction levels, one is coarse-grained and another is fine-
grained, to model source code. After getting vector representations of source
code, we calculate aggregated cosine similarity scores and compare them to
pre-determine candidates. In this work, we use Java, Python and C as ex-
amples for structurally-similar cross-language code pair detection.

5.3.2 Two-level generic ASTs

In the first stage, we use two-level generic ASTs as inputs for models to fo-
cus on different aspects of syntactic features. A generic AST is a mapping
from language-specific AST nodes to generic AST nodes with deletion, addi-
tion and modification. The coarse-grained generic ASTs focus on high-level
structural features, and the fine-grained generic ASTs focus on low-level se-
mantic features. The mapping rules for coarse-grained generic ASTs and
fine-grained generic ASTs are different. In this work, we use JavaParseﬂ
Python’s a31E| library, and pycparsevﬂ to generate original Java-, Python-
and C-specific ASTs. We will introduce how to generate generic ASTs in
detail.

A fine-grained generic AST is a rough union of syntactic features from two
languages, and it preserves both common syntactic features and language-
specific syntactic features. A language-specific syntactic feature means a

'https://javaparser.org/
Zhttps://docs.python.org/3.7/library /ast.html

3https://pypi.org,/project/pycparser,/
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Figure 5.5: System overview

syntactic feature that exists in one programming language, but not neces-
sarily exists in other languages. For example, type declaration is enforced
in Java, but Python does not have static types. Therefore, type declaration
is a language-specific feature for Java. A common syntactic feature means
a syntactic feature that exists in both languages. For example, a for state-
ment exists in Java, Python and C. A common syntactic feature for two
programming languages could also be a language-specific feature for a third
language. For example, both Java and Python are object-oriented languages
and support class definitions. However, such feature does not exist in C.

The way of generating a fine-grained generic AST is to map common syn-
tactic features into common generic AST nodes, and keep all other language-
specific syntactic features as what they are. To do so, we look into the
documentation of original ASTs and extract all syntactic features. Then,
we adopt a large language model (LLM) EI to generate a mapping between
syntactic features from two languages. We simply adopt the mapping by
the LLM. If one syntactic feature does not have a corresponding mapping in
another language, we regard it as a language-specific feature. The prompt
we use is shown in

A coarse-grained generic AST is a rough intersection of syntactic fea-

4We use gpt-4-turbo API from OpenAl in this work.
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1 There are some AST node types in C:ID, Constant,
BinaryOpBitXor, UnaryOpInvert, Goto, ...; Also,
there are some AST node types in Python: Name,
Call, Num, FunctionDef, body, Str, BinOpSub,

> Can you generate a mapping of the common syntactic
features between two languages? If some node
types are specific in one particular language,
just ignore them.

Figure 5.6: An example of prompt in generating mappings between two
languages

tures from two languages. It ignores language-specific syntactic features,
and keeps essential features that refer to common key control structures.
The way of generating a coarse-grained generic AST is as follows. We first
use a large amount of source code and generate original ASTs for all the
source code. Then, we count the number of occurrences of each syntactic
feature, and sort them based on their number of occurrences. Finally, based
on the mapping in fine-grained ASTs and a hyper-parameter node_ num, we
only keep the most-frequently occurring common nodes, and ignore all other
nodes. If one node is not included in coarse-grained ASTs, its children are
directly concatenated to its parent, and this node is deleted. One certain
rule about coarse-grained ASTs is that all kinds of binary operations and
unary operations are ignored and they are mapped into common BinaryOp
and UnaryOp nodes. This is to increase the variety of key control struc-
tures in the most-frequently occurring nodes. After a coarse-grained generic
AST is generated, unnecessary information is ignored, and only key control
structures are kept.

5.3.3 Model training and usage

To train the models in the first stage, a code fragment is first transformed
into two generic ASTs designed in [subsection 5.3.2] and these ASTs are given
as inputs to neural models after being vectorized by the path-based encoding
[2]. We use an LSTM-based encoder-decoder model [8] to generate a vector
representation for the given AST, since LSTM processes sequences of data
with long-range dependencies. This model is trained to predict a method
name for the given AST representing its method body. In other words, it
is trained so that its decoder’s output will be a method name. Thus, the
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model training involves no true structurally-similar code pair labels.

After the training, when we detect code pairs, the decoder is not used;
only the encoder is used. The vector representation from the encoder’s out-
put is used as the representation of the given AST to calculate similarity
between coarse-grained or fine-grained ASTs, and finally to calculate simi-
larity between code fragments. We below give details about how the models
are trained and used. The model overview is shown in

We use path-based encoding [2] to transform ASTs into model inputs. A
path means a shortest sequence of AST nodes from a leaf node to another
leaf node with all intermediate nodes through parent-child connections. Since
every node can only have one parent, every pair of leaf nodes must be able to
trace back to one common ancestor, making a path between two leaf nodes
unique. If an AST has n leaf nodes, it has n x (n—1)+2 paths. For practical
training, We randomly sample m paths as inputs.

After paths are extracted from an AST, we use look-up tables [40] to
vectorize the paths, which transfer tokens in paths into numerical vectors for
models. In our system, there are three different look-up tables. Two of them
are for generic AST nodes. As the mapping rules for coarse-grained generic
ASTs and fine-grained generic ASTs are different, they have independent
look-up tables, and each of them has all nodes in corresponding generic
ASTs. Besides them, there is a method name look-up table. A method
name look-up table is consisted of method names either by camel-case or by
snake-case. We split them into subtokens and use subtokens for the look-up
table. Specifically, <UNK > is used for unknown subtokens that are not in
the look-up table.

After paths and method names are vectorized, we put them into the
encoder-decoder model for training. Both the encoder and the decoder are
based on LSTM [20|, and the architectures are referred from [2]. Given a
generic AST path, the encoder gives nodes embedded by the look-up table
to a bi-directional LSTM (bi-LSTM) sequentially, and use the final state
from the bi-LSTM as the vector representation of this path. We incorporate
attention mechanism to aggregate vector representations of paths from the
same generic AST as the vector representation of this generic AST. This
representation will also be used for further calculation of cosine similarity
scores. The decoder gets the vector representation from the encoder for a
generic AST, and it predicts a method name. During training, the predicted
method name is compared with the true method name, and if it is not correct,
back-propagation is used to modify the weights of models. When the model
converges, the vector representation of a given generic AST can successfully
be used to predict a method name.
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When using the trained models to detect structurally-similar code pairs,
we use the vector representations from the encoders to calculate cosine simi-
larity scores. We get two vector representations of a code fragment, one from
the model for coarse-grained generic ASTs and one from the model for fine-
grained generic ASTs. To compare two code fragments, four generic ASTs
are generated, and then four vector representations are generated from the
ASTs by the models. By using cosine similarity, their similarity scores are
calculated for the pair of coarse-grained ASTs and the pair of fine-grained
ASTs. The final score is the sum of the two scores. In detail, given a target
code fragment ¢ and a candidate code fragment ¢, we calculate score] ™
and scoref®¥ ¢, and add the fine-grained similarity score and coarse-grained
similarity score together to get an aggregated similarity score score;?". The
higher the score, the higher possibility the candidate is similar to the target.
Since cosine similarity is always between 0 and 1, the aggregated similarity

score score;??" is always no larger than 2.

5.3.4 Design rationale

The rationale behind our system design is that, to achieve our goal, we
first need to consider the underlying data structure of the task itself. Since
our focus is on structurally similar code pairs, the Abstract Syntax Tree
(AST) is the most appropriate representation for analyzing code structure.
Furthermore, because we are dealing with cross-language code pairs, it is
necessary to develop a method that enables effective comparison between
ASTs from different programming languages. However, according to the
findings reported in [39], generic AST comparison based solely on heuristic
algorithms is computationally expensive and suffers from substantial time
consumption, making it impractical for large-scale or real-time applications.
Therefore, we adopt a machine learning-based approach to reduce the time
consumption.

Moreover, using a single generic AST often leads to significant infor-
mation loss, which can reduce search accuracy in a machine learning con-
text. To address this issue, we decompose the overall problem into two
sub-problems. First, we design two types of generic ASTs and apply par-
allel learning on both representations to improve search accuracy. Second,
we combine learning-based and heuristic-based approaches in a two-stage
framework, further enhancing the precision of the code search.

Finally, when designing generic ASTs, we aim to minimize subjective
bias, as we are dealing with multiple programming languages. Since LLMs
possess prior knowledge of various languages and their syntax, we leverage
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LLMs to assist in the design of generic ASTs. This helps reduce the influence
of individual subjectivity and enhances the consistency and objectivity of
the overall algorithm. In fact, our experiments show that the generic ASTs
designed with the help of LLMs outperform those manually designed by the
authors in terms of performance.

5.4 Experiments

We want to evaluate both accuracy and speed of our tool against other
approaches in detecting structurally-similar cross-language code pairs. The
first competitor is tree-based editing-distance algorithm from [39], and it is
the state-of-the-art approach. It calculates the edits needed to transform
an ordered labeled tree to another. Specifically, this work uses Zhang-Sasha
algorithm to calculate tree-based editing distance between two generic ASTs.
Since |39] provides their source code to generate Java and Python generic
ASTs, we reuse their design in this algorithm. However, |39] does not provide
code to generate generic ASTs for C language. We use our coarse-grained
ASTs for C in this algorithm.

The second competitor is token-based Jaccard similarity algorithm from
[39]. It calculates the frequency of common tokens between two code frag-
ments by Jaccard similarity coefficient. To avoid rare tokens and limit vo-
cabulary size, it splits identifiers to address nomenclature, and removes un-
necessary tokens from source code, such as English stopwords and tokens
shorter than a certain length.

The third and fourth competitors are pre-trained large neural network
models. One is CodeBert [13|. The other one is Unixcoder |17], which is
fine-tuned on code search dataset based on CodeBert. They both use a
linear token sequence of source code as input. The sequence is generated
by tokenizing source code using a lexical analyzer, and splitting camel-case
or snake-case identifiers into subtokens. The models will output a vector
representation of the sequence. We calculate cosine similarity of two vectors
as the similarity of two code fragments.

We also do ablation study for our approach. The fifth to seventh competi-
tors utilize neural network models only and do not combine editing-distance
algorithm. We train the models on only one kind of generic ASTs (fine-
grained and coarse-grained) and two-level generic ASTs respectively, and
evaluate the performance of these models. The rest two competitors com-
bine neural network models with editing-distance algorithm, but the models
are trained on single kind of generic ASTs.
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To train models on generic ASTs, we use Java-small [1], py150k [52] and
CodeNet [49] datasets. They are large code collections based on open-source
projects. The training requires no similarity labels. We only need the source
files and process them into corresponding generic AST formats.

5.4.1 Evaluation metrics

Our approach outputs a similar code fragment among a set of candidates,
which is similar to an information retrieval system. Therefore, we use av-
erage rank (AR), quantile rank, SuccessRate@k and mean reciprocal rank
(MRR) |66] to measure the accuracy of approaches. Consider a given target
and multiple candidates, we try to find the most structurally-similar code
fragment to the target among all the candidates. In our experiment setting,
there is one and only one ground truth among the candidates in a single
detection. By sorting all candidates according to their similarity scores with
the target, the ground truth is ranked among the candidates. If the ground
truth is ranked higher, the approach is more powerful in structurally-similar
code pair detection.

Consider a detection d in a set of detections D. R(d) is the rank of
ground truth. ¢ is the indicator function which returns 1 if the input is
less than or equal to k and 0 otherwise. SuccessRate@k or SRQk is the
percentage of detections for which the ground truth exists among the top-
k candidates. Mathematically, AR, MRR and SRQk are defined as AR =

S aep R(d) _ Yaep m@  Yuep Sk(R(d)
e 20 MRR = =50 §RQk = S=4ebiino),

Quantile rank means the rank at a certain point after sorting the ranks of
all detections ascendingly. For example, 25% quantile rank means the worst
rank of the most well-performing 25% detections. Quantile rank represents
the accuracy of the system on a certain proportion of well-performing cases.

We use the average inferring time of all detections to measure the speed
of approaches. The inferring time of one detection is the time to calculate the
similarity scores between the target and all candidates. To note, for machine
learning models, we do not consider training time. Once a model finishes
training, it can be used multiple times, and the inferring time is independent
of training process.

For hardware configurations, we use an 11th Gen Intel(R) Core(TM) i5-
11400 CPU with a total of 6 cores and 12 threads, a 32GB memory, and an
Nvidia RTX A6000 GPU. For software configurations, we use PyTorcfH to

SPyTorch version: 1.10.0
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implement all machine learning models, and Numpyﬁ for calculation.

5.4.2 Evaluation dataset

This work focuses on detecting structurally-similar cross-language code pairs.
To this extend, we find that there is not an appropriate dataset for evalu-
ation. One of the most famous dataset available for cross-language code
clone detection is AtCoder dataset organized by Perez et al. [48]| and used
by Mathew and Stolee |39]. It comprises solutions of competitive program-
ming problems from a competitive programming contest platform AtCoder,
and the solutions are contributed by different programmers independently.
Although solutions from the same problem implement the same function-
ality, they might have different algorithms, structures and number of code
lines. Therefore, it is not suitable for evaluation of structurally-similar cross-
language code pair detection. We did rough estimation and over 70 percent
cases in current dataset are not suitable.

To conduct proper evaluation, one of the authors organized a new dataset
based on the original AtCoder dataset with the help of a graduate student
with industrial experiences. Specifically, we look into all programming con-
test problems in current dataset, and select solutions written by the same
author. We find that the same author tends to use the same algorithm but
different programming languages for the same problem. We manually check
the solutions for each problem to ensure that they have similar control struc-
tures. Our criteria include number of code lines, number of key structures
such as loops and conditions, and how they are structured. As a contri-
bution, we manage to organize a dataset with 310 pairs of code fragments
written in Java and Python, 100 pairs of code fragments written in Java and
C and 100 pairs of code fragments written in Python and C. All these pairs
have the same functionality with similar control structures. We show the

number of lines of code (LoC) in [Table 5.1

5.4.3 Results
The results are presented in [Table 5.2} [Table 5.3| and [Table 5.4, In Java-

Python experiments, our approach can successfully pick up the most structurally-
similar code fragment to the target in 63% of the cases. It achieves the best
accuracy in terms of AR, SR@Q1, SR@3 and MRR, and outperforms all other
approaches including editing-distance algorithm. Meanwhile, our approach

SNumpy version: 1.17.2
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Table 5.1: Lines of code of datasets

Metrics Java Python C

Average 17 12 18
25% quantile 10 6 10
50% quantile 14 10 15
75% quantile 21 15 23

is 20 times faster for a single detection compared with editing-distance al-
gorithm. In Java-C experiments and Python-C experiments, our approach
also leads a large advance over all other approaches except editing-distance
algorithm, but is very close to the tree-based editing-distance algorithm.
However, compared with tree-based editing-distance algorithm, our tool is
10 times faster for a single detection, and still keeps a very close accuracy.

The results show that our tool improves the accuracy a lot compared
with other approaches in detecting structurally-similar cross-language code
pairs. It achieves close accuracy compared with tree-based editing-distance
algorithm, but with a much faster speed. Although our model is trained
on a single Nvidia RTX A6000 GPU card for around 15 hours, the model
can be used to inferring cases at a large scale. Tree-based editing-distance
algorithm can not be used at the same scale because the time consumption is
unacceptable. Therefore, our tool is of practical use in detecting structurally-
similar cross-language code pairs.

Moreover, from the ablation study, we find that using two kinds of generic
ASTs improves the accuracy compared to using only one kind of generic
ASTs for all language combinations. It indicates that using two kinds of
generic ASTs improves the representation quality for neural network models,
and helps better find code pairs with similar structures. We will provide a
discussion about this in later section. We also conduct an experiment to
analyze the influence of the hyper-parameter ¥ and see how the changes of it
can affect the results. The results are conducted on Java-Python experiments
and are presented in[Table 5.5 With the increase of k, the accuracy improves,
but the time also increases. The marginal change of accuracy decreases with
respect to k, and the time spent is linear to k. We notice that when & increases
to a certain extend, the changes of SR and MRR is very small or even zero.
Overall, there is a trade-off between accuracy and time when using our tool.
We should choose an appropriate hyper-parameter k& to balance the speed
and accuracy.
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Table 5.2: Comparison between our approach and other approaches for Java-Python pairs

Methods AR  25% Quan. 50% Quan. SR@1 SR@3 MRR Time

Token-based Jaccard similarity algorithm 67 1 15 0.34 041 0391 0.36s
Tree-based editing distance algorithm 11 1 1 0.51 0.64 0.605 131s
CodeBert 95 27 73 0.03 0.06  0.068 0.018s

Unixcoder 63 5 31 0.16 0.21 0.223  0.022s

Single-level (Coarse-grained generic ASTs) 32 3 14 0.14 0.25 0.238 0.021s
Single-level (Fine-grained generic ASTS) 16 2 8 0.21 0.34 0.326 0.026s
Two-level generic ASTs 12 2 6 0.24 0.41  0.366 0.047s
Coarse-grained + Editing distance (Top-15) 30 1 3 0.48 0.5 0.511  6.36s
Fine-grained + Editing distance (Top-15) 14 1 2 049 0.61 0596 6.37s
Our tool (Top-15) 11 1 1 0.63 0.67 0.665 6.39s
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Table 5.4: Comparison between our approach and other approaches for Python-C pairs

Methods AR  25% Quan. 50% Quan. SR@1 SR@3 MRR Time
Token-based Jaccard similarity algorithm 24 1 16 0.25 0.33 0.32 0.14
Tree-based editing distance algorithm 3 1 1 0.75 0.88 0.81 354s
CodeBert 12 5 6 0.21 0.24 0.329 0.022s
Unixcoder 13 4 6 0.16 0.21  0.223 0.027s
Single-level (Coarse-grained generic ASTs) 14 2 7 0.19 0.39 0.33 0.025s
Single-level (Fine-grained generic ASTS) 12 2 7 0.22 0.36  0.34  0.028s
Two-level generic ASTs 10 2 5 0.24 0.43 0.39 0.052s
Coarse-grained -+ Editing distance (Top-10) 12 1 1 0.57 0.61 0.6 35.42s
Fine-grained + Editing distance (Top-10) 10 1 1 0.6 0.63  0.63 35.43s
Our tool (Top-10) 3 1 1 0.76 0.88 0.82 35.49s
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Table 5.5: Comparison between different top-k

Methods AR 25% Q. 50% Q. SR@1 SR@3 MRR Time

Top-5 15 1 6 0.47 0.49 0.51  2.16s
Top-10 14 1 1 0.57 0.61 0.61  4.27s
Top-12 13 1 1 0.6 0.64 0.63 5.12s
Top-15 11 1 1 0.63 0.67 0.67  6.39s
Top-20 11 1 1 0.7 0.78 0.75 8.5s

Top-30 10 1 1 0.75 0.81 0.80 12.72s
Top-40 9 1 1 0.75 0.82 0.80 63.43s
Top-50 9 1 1 0.75 0.83 0.80 21.18s
Top-60 9 1 1 0.76 0.84 0.81 31.74s

5.5 Discussion

We empirically show that combining a neural-network model with heuristic
algorithms works well for detecting structurally-similar cross-language code
pairs. Here, we provide a discussion about our generic ASTs and our two-
stage approach. The results show that two kinds of generic ASTs work better
than single kind of generic ASTs. In fact, this phenomenon can be seen as
data augmentation. On the one hand, with only fine-grained generic ASTs,
we do focus more on low-level semantic features in certain languages, but
there are also some syntactic features that occur very rarely in the whole
corpus. Such features may add extra noise when trying to find code pairs
with similar structures. On the other hand, with only coarse-grained generic
ASTs, we focus on a high-level structure of source code, but some language-
specific code details are lost. For example, Python supports list compre-
hension that offers a shorter syntax to allow programmers to manipulate a
list within one line, but such syntactic feature is ignored in coarse-grained
generic ASTs. These details also help train a better model in finding code
pairs with similar structures. Finding a best design of generic ASTs is sub-
jective and difficult. We show that using two kinds of generic ASTs in an
objective way also works.

We also show that a two-stage approach improves the accuracy compared
with only using one stage. It is interesting that our two-stage approach works
better than the pure editing-distance algorithm. This is because the editing
distances of some candidates are smaller than the ground truth. After filter-
ing in the first stage, these candidates are blocked outside top-k candidates.
Therefore, the editing-distance algorithm in the second stage can success-
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Table 5.6: Comparison between two-level generic ASTs with other ap-
proaches on AtCoder Dataset

Methods AR 25% Q. 50% Q. 75% Q. Time

Jaccard sim. algorithm 86 6 45 158 0.35s
Tree-editing-distance 97 23 66 153 121s
Two-level generic ASTs 89 15 54 149 0.05s
Coarse-grained ASTs 98 27 72 155 0.016s
Fine-grained ASTs 104 26 72 174 0.33s
CodeBert 125 47 109 204 0.019s
Unixcoder 108 25 86 185 0.022s

fully pick up the ground truth. In fact, if we enlarge the hyper-parameter
k, the accuracy of our two-stage approach will not increase ultimately, but
approach the accuracy of the pure editing-distance algorithm.

One threat of validity is our dataset. It contains code pairs with both
similar control structures and the same functionality. Although we are tar-
geting at structurally-similar code pairs, it is extremely hard or impossible
to create a dataset with only similar structures without considering function-
ality. Therefore, we use this dataset for experiments. However, we conduct
another experiment to prove that the same functionality has limited im-
pact in the detection. The results are shown in This experiment
is conducted on Java-Python code pairs without similar control structures,
but only the same functionality. This dataset is also based on the original
AtCoder dataset and is manually created. We can see that all approaches
work badly on these code pairs, indicating that structural dissimilarity could
interfere the ability of these approaches a lot. It also indicates that the
same functionality has very limited influence on these approaches in finding
structurally-similar code pairs.

Further, the dataset is relatively small. Although we select the simi-
lar code pairs based on their authors, we still need human experts to read
code solutions, and make final decisions. These experts have experiences of
working in industries and writing code in multiple programming languages
and are trustworthy. But it is still very time-consuming to create a dataset
that contains structurally-similar cross-language code pairs in our work. To
better validate the effectiveness of our approach against other approaches, a
larger dataset is needed for massive evaluation.



Chapter 6

Retrieval of Causes of Software
Regressions

In this chapter, we will present our approach for retrieval of causes of software
regressions. We will start with the motivation for this task and introduce
the significance. We then introduce the state-of-the-art approach, along with
the limitations of this approach. To address the limitations, we present our
approach with LLMs incorporated. Specifically, instead of tracing inputs
and outputs as mentioned in the existing work [24], we trace only the execu-
tion order of functions and analyze the corresponding source code changes of
these functions. To further investigate these changes, we propose two heuris-
tic algorithms and one LLM-powered algorithm. Moreover, we extend our
implementation and experiments to another language, Python, to further
evaluate the generalizability of our algorithms.

6.1 Significance of retrieving root causes of soft-
ware regressions

Software regressions have been a persistent issue in software development.
Software regressions typically mean a certain type of software bugs where
previously functional software features exhibit new faults and stop function-
ing after updates. While many works have focused on detecting software
regressions or preventing regressions before release, locating the root cause
of software regressions is important but challenging |54} 16|, and still needs
exploration.

In we show an example of a real-world regression from a
JavaScript project called Express |21], which is a web framework for Node.js

o7
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providing a set of features for web and mobile applications. This example
involves the version with commit id 997a558 (referred as the base version)
and its subsequent commit with id c6e6203 (referred as the faulty version).
In this example, the green code belongs to the base version and the red code
belongs to the faulty version.

In this example, the faulty version implicitly introduces a regression by
mistakenly encoding the uniform resource identifier (URI) from the argu-
ments provided in the function. As shown in line 3 from the
faulty version assigns the argument to a variable address. Then the if state-
ments check whether there are two arguments and if the first argument is a
number. If yes, the first argument is assigned to status as status code and
the second argument is assigned to address as the url address. If there is only
one argument, the code would not enter these conditional branches. How-
ever, later at line 20, the faulty version does not use the parsed address but
the original argument url to encode the uniform resource identifier, which
makes the URI incorrect. To side with the modifications in [Figure 6.1} the
developers also change the corresponding test case in by deleting
the status code in line 7. Along with many other changes, the developers
commit this change without carefully reviewing the code. This bug is iden-
tified as a regression later and gets fixed by developers at a later commit
(6191416).

In most cases, addressing the root cause of software regressions requires
manually checking source code, and can be burdensome. Sometimes, even
if a programmer knows which unit test fails, it is still tedious. In the given
example, res.redirect is just a middle-ware function in response.js to handle
web requests, while response.js also relates to many other functions. All these
functions could be a potential candidate of the root cause of the software
regression when developers are given limited information from the failures of
unit tests by testing frameworks such as Mocha [14]. Moreover, the regression
is usually committed with many other changes. In we present an
analysis of code changes between a base version and a updated but faulty
version, which is collected from real-world regressions. It can be seen that
in average, 7 files are changed for Python projects and 5 files are changed
for JavaScript projects when regressions happen, and more than 300 lines
of code are changed for both languages. It is difficult for developers to
locate the root cause of a software regression among these changes manually.
The table shows the number of changed files and lines of code between two
consecutive commits. It is even harder if the regression is discovered after
a long period of time along with numerous commits covering the regression.
Given the complexity of pinpointing software regressions, an automated tool
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would become greatly convenient and time-saving for developers to resolve
the task efficiently.

6.2

State-of-the-art method

To the best of our knowledge, one recent work targeting at locating the
causes of software regressions is done by providing an automatic tool based
on runtime tracing. This work traces dynamic information during program
execution, including changes of arguments and return values. Specifically,
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res.redirect = function(url) {

var head = ’HEAD’ == this.req.method;
var address = url;

if (2 == arguments.length) {
if (Pnumber’ == typeof url) {
status = url;
url = arguments[1];
if (arguments.length === 2) {
if (typeof arguments[0] === ’number’) {
status = arguments[0];
address = arguments[1];
} else {

¥
}

this.format ({
text: function(){
body = statusCodes[status] + ’. Redirecting to
> + encodeURI (url);
},

P

Figure 6.1: Base (green) and updated (red) faulty version of function
res.redirect in response.js.
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Table 6.1: Changes between commits for software regressions

Avg.
Project Name /;regs h?jfi;f
involved
Regressions in youtube-dl (Python) 3 31
Regressions in Tornado (Python) 20 1420
Regressions in black (Python) 2 70
All regressions in Python projects 7 384
Regressions in Express (JavaScript) 4 188
Regressions in ESLint (JavaScript) 6 655
Regressions in hessian.js (JavaScript) 7 134
All regressions of JavaScript projects 5 305

the main idea of this approach is to trace the inputs and outputs of each func-
tion invocation during the execution of both a base version and an updated
but faulty version of the program when a regression occurs. By analyzing the
collected dynamic information, they aim to identify discrepancies between
the two versions. To achieve this, tracing statements are inserted into both
the base and faulty versions of the source code to record function behaviors
during runtime. Based on the recorded dynamic behaviors, a data structure

1 it (’should include the redirect type’, function(done
){

3 app.use(function(req, res){

4 - res.redirect (301, ’http://google.com’);

s

app.use(function(req, res){

res.redirect (’http://google.com’) ;
s

1
+ o+ o+

11 })

Figure 6.2: Base (green) and updated (red) faulty version of test case related
to function res.redirect.
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called a function call graph is constructed for each version, and the differ-
ences between the call graphs are then compared. Finally, using the identified
differences, two heuristic strategies are applied to locate the root function
that may have caused the software regression. Their heuristic strategies
are straight-forward. The first one is called the first-deepest-function algo-
rithm and the second one is called the top-n algorithm. The first algorithm
identifies the starting point of deviated behavior of the faulty program, and
the second algorithm identifies the most-occurred deviated function during
execution.

They implemented their approach in JavaScript and were able to success-
fully address the causes of several regressions. This work demonstrates that
detecting causes of software regressions by tracing software execution is pos-
sible. However, there are still some limitations about their approach. First,
the accuracy of their algorithms is less satisfying. Each of their heuristics
discovers only around half of real causes of regressions even by giving many
candidates. This still requires developers to manually check these candidates
to locate the true cause, which is trivial and time-consuming. Second, their
approach only covers projects written by JavaScript and heavily depends on
the serialization feature of JavaScript. It might not be easy to implement
such a tracer for other languages, especially on top of the off-the-shelf en-
gines. It is unknown how their algorithms perform when applied to projects
written in other programming languages.

6.3 Owur proposal

In this section, we present our proposed approach to overcome the limita-
tions of the existing state-of-the-art solution. At first, we explain how our
approach aligns with the general proposal of this dissertation by selectively
applying LLMs to specific sub-components in the solution of this task.

The overview is illustrated in We leverage LLMs as pre-
trained models to analyze the processed intermediate data, rather than di-

rectly handling large volumes of raw source code. By operating on a more
informative and structured representation of the input, LLMs are relieved
from the burden of extensive context and are able to perform more effectively
in reasoning and comparison. With the integration of LLMs, we are able to
improve the accuracy in identifying the root causes of software regressions.
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6.3.1 System overview

We extend the existing approach [24] to address the their limitations by
proposing three algorithms. Unlike the existing method, our approach traces
changes in the source code itself rather than relying on changes in inputs
and outputs. The system overview is shown in We first generate
execution traces of both the base program and the faulty program, and then
compare the execution traces. Instead of collecting inputs and outputs of
functions, we only requires the execution order of functions in each program.
We then analyze the corresponding source code changes of these functions.
Based on the hypothesis that the cause of a software regression could be
located in the differences between the base program and the faulty program,
we present three algorithms to improve the accuracy compared to the existing
algorithms [24]. Specifically, our algorithms include two heuristic algorithms
and one LLM-powered technique. Since we do not collect functions’ inputs
and outputs but only trace their execution order, we implement a customized
program tracer that differs from the one used in the existing work [24]. Our
implementation is simpler and more compatible with various off-the-shelf
engines.

It is important to note that our approach relies on a version control sys-
tem, such as Git, to manage source code versions. In our scenario, a software
regression is defined as a case where a previous version of the software passes
a given unit test successfully, but a later updated version fails the same test
due to some faulty behavior. We refer to the former version as the base ver-
sion and the latter one as the faulty version. Our approach aims to resolve
the root cause of such regressions.
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3 racing
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Figure 6.4: System overview
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6.3.2 Trace execution order of functions

First, we need to trace the execution order of functions as dynamic infor-
mation for analysis. In our approach, we trace the function execution order
of the base version and the faulty version seperately. We will obtain a tree
structure that represents the invoking relationships between functions in the
program. In this tree, a parent node is a function to invoke others and
a child node is a function being invoked by its parent within the function
body. Specifically, the root node indicates the entry point of a program,
which is artificially constructed. An example of the execution trace is shown
in In this example, the program executes function A, B and D
sequentially. Before the program executes function B, function A will invoke
function B and C first. To note, the same function can be invoked multiple
times by the same or by different functions.

The tracing is done by modifying the functions and inserting tracing
statements into the original source code. These statements will record func-
tion order during program execution. Moreover, when modifying the func-
tions, the original source code of each function is recorded for further com-
parison. In our experiments, we only modify the source code of each project
itself, without considering the libraries it depends on. An example of the
modification is shown in The original function is wrapped and
bound to its context so that its behavior remains unaffected. We do some
operations before and after its execution in order to construct a tree-like
execution structure. Specifically, Python does not have a this context like
JavaScript; instead, it uses self to refer to the instance within class methods.
We consider such things when modifying the source code.

Our tracer supports various types of functions in a program, including
module-level functions, methods, lambda functions in Python, function ex-
pressions and arrow functions in JavaScript, and so on. A unique identifier
is given to each function to represent this function. This identifier includes
the path of the source file, the line number in the source file, the name of the
function if any, and hash value of the function definition. The hash value
is calculated after pretty-printing to avoid the influence of formatting. An
example is shown below:

tornado/options.py@line99/Func@__init__,
75£93a90c.

It shows that the function is defined in line 99 of the file tornado/op-
tions.py. It is a module-level function and its function name is _ init
The hash value of this function is 75f93a90c.
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Figure 6.5: An example of the execution trace.

6.3.3 Compare execution traces

We propose three algorithms to compare two execution traces and retrieve
the cause of software regressions. Two of them are based on heuristic algo-
rithms and the other one is powered by a large language model (LLM).
Our heuristic algorithms are based on the assumption that a regression is
usually caused by the changes made in a certain function. We want to locate
such a change that causes the regression among various changes in various
files. In order to compare two different but homologous execution traces, we
set up two rules to avoid the influence of irrelevant functions. First, only a
pair of nodes with the same position in traces can be compared. The same
position means they have the same depth and breadth. Second, only a pair
of nodes with the same function type and name can be compared. These two
rules guarantee that a pair of nodes are always following the same execution
logic, despite the fact that they may have different behaviour. We compare
each pair of nodes in depth-first order. We give an example in
In this example, the blue node C on the left means a function with a name
C, and the blue node D on the right means a function with a name D. In
this case, they are at the same position, but have different function names.
Therefore, they are not compared although they are at the same position.
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function add(a, b) {returna + b; }

function add(a, b){ Wrap-up the
function original_add(a, b) { returna + b; } original function
build_exec_trace();

result = original_add.bind(this)(a, b);
complete_exec_trace();

return result;

Figure 6.6: An example of tracing statement insertion.

The red nodes E and E’ mean that they have the same function name E,
but the source code is changed. The red nodes F and F’ also have the same
name F but changed source code. In this case, both function pairs, E/E’
and F/F’, are compared as they are at the same position and have the same
name.

The other technique utilizes the power of LLMs to understand source
code. Recently, LLMs have demonstrated abilities in processing source code
and finishing code-related tasks, such as code completion [77]. Given two
execution traces and the source code, we want to know whether LLMs can
understand the logic of the programs and pinpoint the function that intro-
duces faulty behaviour. To this extend, we design the third technique as a
comparison. We will introduce our techniques in detail.

Deepest change with the same position The first heuristic technique
tries to find the deepest pair of functions in execution traces that have a
change in the source code. The deepest pair means that they have the
deepest depth compared with other different pairs, and they do not have
descendants that are different in their subtrees. If two pair has the same
depth, the first pair is reported. As shown in function F and F’
display discrepancy in source code and are the deepest in execution traces.
This pair is reported by this technique. The reasoning behind this technique
is that the deepest pair contains no further deviated behaviour in their nested
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) The base version. ) The faulty version.

Figure 6.7: A comparison between two callgraphs

calls to other functions, and they are responsible for the faulty behaviour
between the base version and the faulty version.

An example is shown in In this example, the create() function
from rule-tester.js calls the create() function from no-multi-spaces.js, and
the create() function from no-multi-spaces.js calls the Program() function
which is defined inside the create() function from no-multi-spaces.js. As
the source code of the Program() changes, the source code of the create()
function from no-multi-spaces.js changes correspondingly. By the deepest-
change algorithm, the Program() function is considered as the cause of this
regression. This is a real example from the project ESLint with bug id 307.
According to the results in the deepest-change algorithm reports
a correct cause of the regression.

First change with the same position The second heuristic technique
tries to find the first pair of functions in execution traces that has a change.
The first pair means that they appear first in the order of depth-first search
following the previous rules. As shown in function E and E’ are
the first pair with the same name and the same position, but are different in
source code. This pair is reported. The reasoning behind this technique is
that the first chronologically different pair identifies the beginning of deviated
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Figure 6.8: Deepest change with the same position.

behaviour between the base version and the faulty version and is the root

cause of the bug.

In the example shown in [Figure 6.8] the first-change algorithm should
report the create() function from no-multi-spaces.js as the cause of the re-

gression. However, this is not a correct report.

An LLM-powered technique The third technique utilizes an LLM to
locate the function that causes a regression. It relies on the power of LLMs
to understand source code. We want to know whether an LLM can correctly
pinpoint the cause of a regression if it is provided with the source code, the
order of functions executed and probably some other information. However,
due to context limits of LLMs, it is not possible to input source code of the
whole project into an LLM. Therefore, we use a sliding window through the
linearized execution trace to reduce the context.

The basic idea is to linearize the execution trace by depth-first-search
order, and extract a sub-trace from the linearized trace to give to the LLM.
As shown in the execution traces in are linearized by
depth-first-search order. To extract a sub-trace, we compare the functions
in two linearized traces one-by-one to find the first pair of functions that are
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different. This time, the pair of functions does not have to have the same
name or the same position in the original tree structures. The two linearized
execution traces start to deviate by such the first pair of different functions.
After getting such a pair, we expand the pair into a sub-execution trace
by including some pairs before and after this pair. This is for an LLM to
better understand the context of function executions. In this example, the
rectangle with dotted lines is the sub-execution traces we obtain. The sub-
execution traces are given to an LLM to locate the cause of the regression.
The window size is adjustable depending on the input size of the LLM. Also,
it is possible that the root cause of a regression is not contained in the sub-
execution trace. In such cases, the LLM is not able to locate the root cause
of a regression. A large window size reduces the chance of occurrences of
such cases. In our experiments, we include five functions before the starting
point and twenty functions after the starting point.

Moreover, to help an LLM better analyze the source code, we provide the
error messages of the unit test from the faulty version as an enhancement.
In real development, developers usually need error messages to help them
better locate where the bug happens. We wonder whether such messages
can improve the accuracy of an LLM as they usually help developers. To
find out, we do both experiments of using an LLM with and without the error
messages. We provide the prompt of using an LLM with error messages in
As a comparison, we also provide the prompt of using an LLM
without error messages in for experimental purpose.

6.3.4 Design rationale

To better solve the problem of locating causes of software regressions, we
need to consider the inherent data structure of software regressions. A soft-
ware regression fundamentally arises from changes introduced in the source
code. However, identifying the specific change responsible for the regression
among a large number of modifications goes beyond the capabilities of exist-
ing static analysis techniques. Even with the aid of text-based large language
models, it is currently infeasible to statically process and reason over an en-
tire codebase at once. Therefore, dynamic analysis with runtime information
becomes necessary. Existing dynamic analysis based on function inputs and
outputs is essentially a form of data-flow analysis. However, this approach
can generate a large amount of potentially irrelevant information, especially
when inputs contain random values or large binary files. Therefore, using
function execution order as a higher-level abstraction in place of function
inputs and outputs presents a viable alternative for analysis. In this work,
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Figure 6.9: A sliding window through the linearized execution trace.

we adopt a tracer to trace execution order of functions instead of inputs and
outputs to improve efficiency of locating causes of software regressions.
LLMs, on the other hand, although are not capable of analyzing an entire
codebase in a static manner, by providing the execution order of functions,
we can significantly reduce the search space and make it more feasible for
LLMs to reason about the relevant code fragments. Therefore, after trac-
ing execution order of functions, we provide such runtime context to LLMs
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and let LLMs offer general suggestions or summarize potential issues from
the differences. Our experimental results show that an LLM can achieve
higher accuracy than heuristic algorithms when provided with well-curated
information.

6.4 Experiments

In this work, we evaluate the accuracy and overhead of locating the cause
of software regressions of our techniques against the algorithms mentioned
in [24]. The authors mention two algorithms, first-deepest-function (FDF)
algorithm and Top-n algorithm. First deepest function algorithm identifies
the starting point of deviated behaviour of the faulty version. However, they
consider inputs and outputs of functions instead of source code. Top-n algo-
rithm counts the occurrences of each function that has different behaviour,
and selects the most-occurred n functions. This algorithm requires users to
spend more time investigating the candidates and determine the true cause.
In this work, we choose 2 as the number of n as we think that such kind of
algorithms should not provide many candidates for users to choose to avoid
false-positive issue. Since |24] does not provide a Python version tracer, we
implement a Python tracer to trace inputs/outputs based on the description
and source code provided in the work.

In this section, we will introduce our experiment settings, datasets and
experiment results.

6.4.1 Experiment settings

The experiments are conducted on a machine with an 11th Gen Intel(R)
Core(TM) i7-11700 @ 2.50GHz CPU and 32GB RAM, and the operating
system is Ubuntu 20.04.4 LTS. The versions of Node.js and Python we use
vary according to the requirements of each project of each respective regres-
sion. Our third technique utilizes a large language model for analysis. In
this work, we use gpt-4-turbo API from OpenAl as our backend model as it
is one of the most easily-available and state-of-the-art models on the market.

6.4.2 Evaluation dataset

Currently, there is no dataset with software regressions covering multiple pro-
gramming languages. The authors in [24] construct a dataset with 12 regres-
sions written in JavaScript based on an existing dataset BugsJS [19], which
contains over 450 manually-validated JavaScript bugs from 10 projects. The
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authors manually screen and extract 12 regression bugs. In this work, we
reuse the dataset but remove one regression from the original dataset (The
bug in Express with Bug-id 1). The reason of removal is that we find that
this regressions is not caused by the function provided in the dataset. In
fact, the causing function provided in the dataset is never invoked in both
base version and faulty version of this regression. In addition, we re-check
all other JavaScript bugs and make sure no further regressions can be found
in the dataset.

Moreover, we extend the existing dataset to cover a new programming
language, Python. We extract regressions based on an existing Python bug
dataset BugsInPy [70], which contains over 400 real-world Python bugs from
17 Python projects. The approach we adopt to extract regressions is as
follows. In detail, each bug in BugsInPy corresponds to a real Git commit,
a unit test and a fix. Starting from the commit of the bug, we traverse the
Git tree in reverse chronological order and execute the fixed unit test on all
preceding commits. All preceding commits should report faulty. If we ever
get a test success after a test failure in reverse chronological order, it could
be considered a regression as the same functionality works properly before
it stops working. The commit with the successful test result is the base
version, while the commit with the failed test result is the faulty version.
The function being updated in a later fix is identified as the cause of the
regression. We manually verify the extracted regressions again to ensure
the validity of the regressions, along with their corresponding unit tests and
fixes.

We manage to extract 12 regressions from three projects from BugsInPy.
We collect the commits of the base and faulty version, along with their fixes.
In detail, 7 regressions are from a project called youtube-dl, 3 regressions
are from a project called tornado and 2 regressions are from a project called
black. We also collect the error messages from the faulty version as sup-
porting materials, including the regressions from JavaScript projects. An
example of an error message is shown in In total, we have 23
real-world software regressions from two different programming languages.

The number of regressions is relatively small. This is because that in
a typical software development process, a software regression should be ad-
dressed before it is committed. In other words, software regressions should
not appear in the version control system such as Git. Therefore, it is highly
challenging to identify software regressions in publicly available Git reposito-
ries. However, this does not mean that our research topic is less important.
In fact, our tool is designed to help developers fix such regressions before
they are committed to the repository, which improves the quality of the soft-
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ware development process. Based on this reason, we construct a dataset
covering two programming languages to test the validity of our approach.
Some details of these regressions are summarized in [Table 6.2l The table
shows the number of changed files and lines of code between two consecutive
commits. Considering that regressions are often discovered several commits
after they are introduced, the actual numbers are likely even higher.

6.4.3 Results

We present the experiment results in [Table 6.3 and [Table 6.4l From the re-
sults, we successfully locate more causes of regressions against the algorithms
that trace I/O from [24]. For each regression, we demonstrate whether each
technique can successfully locate the cause of the regression. In Python ex-
periments, both our first-change algorithm and the LLM-powered technique
with error messages achieve the best accuracy against other techniques. Our
deepest-change algorithm can resolve 7 regressions, and first-change algo-
rithm can resolve 9 regressions. Moreover, our LLM-powered technique re-
solves 7 regressions if not provided with error messages, and 9 regressions
if provided with the error messages. As a comparison, the FDF algorithm
from [24] can locate 6 root causes of regressions, while Top-2 algorithm can
locate 8 causes.

In JavaScript experiments, our LLM-powered technique can successfully
locate 9 causes of regressions when provided with error messages, which
outperforms all other techniques. Our deepest-change algorithm and first-
change algorithm resolve 6 and 8 regressions respectively, and also outper-
form existing techniques from [24]. As a comparison, the FDF algorithm
resolves 6 regressions, while Top-2 algorithm only resolves 3 regressions.
However, our LLM-powered technique performs differently with and with-
out error messages. When not provided with error messages, LLM-powered
technique only resolves 3 regressions.

We also present the overhead of our techniques in The trans-
formation time indicates the time for modifying the source code to insert
tracing statements. The runtime of modified program indicates the time for
running the unit tests. The analysis time indicates the time for analyzing
the differences between the base version and the faulty version. Specifically,
all reported times correspond to the combined time of the base and faulty
versions. The size of trace files is also the combined size of the base and
faulty version. For easier understanding, we show the aggregation time of
all steps in It can be seen that in most cases, techniques that
trace source code consume less time than tracing inputs/outputs. This is
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Table 6.2: Number of files and lines changed in each regression

(a) Number of files and lines changed in Python regressions

Bug id

No. files changed No. lines changed

youtube-dl-19
youtube-dl-20
youtube-dl-25
youtube-dl-26
youtube-dl-29
youtube-dl-37
youtube-dl-41
tornado-2
tornado-9
tornado-12
black-3
black-19

Tt W Wk = W Ww

14
19

15
79
34
34
15
18
23
2618
155
1487
28
113

(b) Number of files and lines changed in JavaScript regressions

Bug id No. files changed No. lines changed
Express-8 4 35
Express-9 6 418

Express-13 ) 186
Express-16 4 232
Express-18 4 63

Express-27 ) 196
ESLint-10 12 1612
ESLint-134 4 93

ESLint-307 4 260
hessian.js-2 8 112
hessian.js-8 7 156
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Table 6.4: The results for regressions in JavaScript

Bug id WEMMWW_VM# WHM%MVM w_wm Deepest code change First code change LLM only m%ﬁw&b“,\mmwmm
Express-8 yes yes yes yes no yes
Express-9 no no no yes no yes
Express-13 no no no no no no
Express-16 no no no yes no yes
Express-18 no yes no yes no yes
Express-27 no no no no no no
ESLint-10 yes yes yes yes yes yes
ESLint-134 yes no yes yes no yes
ESLint-307 yes no yes no no yes
hessian.js-2 yes no yes yes yes yes
hessian.js-8 yes no yes yes yes yes
total 6 3 6 8 3 9
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because less time is spent on program modification and program execution.
However, in some cases, analyzing source code change might take slightly
longer time than analyzing changes between inputs and outputs. Moreover,
tracing source code consumes less memory than tracing I/O. This is because
we do not need to record the source code every time a function gets exe-
cuted. Instead, we just need to record the identifier of the function. The
source code of the executed functions only needs to be saved once.

There are five regressions where all techniques fail to resolve, including
two cases in tornado by Python with id 2 and 12, one case in black by Python
with id 19 and two cases in Express by JavaScript with id 13 and 27. We
look into these cases and find that the failures of these cases are related to
large-scale refactoring and many scattered changes in single commit.

For example, both bug 2 and bug 12 from tornado introduce over a
thousand changes in lines of code. These changes make the execution traces
vary a lot between the base version and the faulty version. It is difficult
for both heuristic algorithms and an LLM to locate the correct cause of
the regression from such a lot of changes. Although the large amount of
changes does not necessarily mean the impossibility of locating the causes of
regressions, it surely increases the difficulty for analyzing the tracing results
and locating the true cause.

Specifically, as mentioned by |24], Bugfox cannot deal with cases in which
random data such as IP addresses or port numbers are generated. Such
randomly-generated data will interfere the judgement of algorithms when
tracing I/O. Our techniques are not influenced by these randomly-generated
data. An example is the bug 9 from the project Express, which contains
a lot of randomly-generated values. Our techniques successfully locate the
cause of this regressions while algorithms tracing 1/0 fail.

6.5 Discussion

We empirically show that tracing source code change instead of tracing in-
puts and outputs of functions provides better accuracy in locating the cause
of software regressions. Also, we empirically show that an LLM-powered
technique with error messages achieves the best accuracy. In this section, we
provide a discussion about our approach, as well as the threats to validity.

6.5.1 Tracing source code instead of I/O

There are several reasons about why we choose to compare source code
changes instead of comparing 1/O of functions. Generally, we think locating
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Table 6.5: The overhead for regressions in JavaScript

Runtime of

Hamsmwuagmioz modified Analysis time Size of
time trace files
program
Bug id Tracing MMNAWWM Tracing MMNWM@ Bugfox Our tool Tracing MMNWW@
I/0 code I/0 code (LLM-powered) I/0 code

youtube-dl-19  49.7s 43.1s 1.6s 1.4s 1.25s 2.6s 50.9 MB 6.8 MB
youtube-dl-20  35.8s 32.3s 0.2s 0.2s 0.24s 2.3s 3 MB 0.34 MB
youtube-dl-25  43.4s 38.5s 0.7s 0.5s 0.31s 3.0s 5.4 MB  0.86 MB
youtube-dl-26  44.3s 39.1s 0.7s 0.4s 0.18s 3.1s 54 MB 0.84 MB
youtube-dl-29  36.1s 32.6s 1.0s 0.5s 0.28s 1.5s 4.6 MB 0.36 MB
youtube-dl-37  26.5s 24.2s 1.3s 0.6s 0.27s 1.6s 22MB 0.04 MB
youtube-dl-41  26.7s 25.6s 0.6s 0.2s 0.13s 2.7s 1.9MB 0.08 MB
tornado-2 25.8s 24.1s 26.1s 5.7s 6.07s 3.2s 253.8 MB 2.5 MB
tornado-9 36.6s 29.1s 0.8s 0.3s 0.93s 0.8s 33.4 MB 0.56 MB
tornado-12 22.1s 21.1s 2.1s 0.7s 1.09s 3.58 51.8 MB 2 MB

black-3 8.2 6.7s 3.4s 0.7s 0.91s 1.6s 53.4 MB 0.49 MB
black-19 4.1s 3.6s 19.2s 1.1s 10.73s 3.7s 670.1 MB 0.36 MB
Express-8 4.2 s 3.9s 16.2s 8.3s 1.46s 3.4s 125 MB  0.27 MB
Express-9 4.1s 4.1s 3.1s 1.2s 0.59s 2.48 41 MB 0.34 MB
Express-13 3.9 3.4s 17.1s 11.1s 1.85s 3.2s 93 MB 0.31 MB
Express-16 2.7s 2.2s 20.5s 10.2s 2.86s 1.7s 132 MB  0.29 MB
Express-18 3.9s 3.7s 12.6s 7.2s 1.44s 2.5s 80 MB 0.36 MB
Express-27 3.6 s 3.98 21.4s 15.8s 3.26s 2.4s 99 MB 0.58 MB
ESLint-10 17.9 s 15.9s 1.1s 0.8s 0.43s 1.4s 24 MB 0.94 MB
ESLint-134 15.5 s 15.2s 2.3s 1.6s 0.56s 2.4s 7 MB 3.6 MB
ESLint-307 18.2 s 17.5s 1.1s 0.9s 0.55s 2.2s 8 MB 1.5 MB
hessian.js-2 1.2s 1.1s 1.2s 0.9s 0.47s 1.9s 39 MB 0.08 MB
hessian.js-8 1.1s 1.1s 1.5s 0.6s 0.54s 1.8s 41 MB 0.16 MB
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the cause of a software regression is about locating the key change in source
code that leads to the malfunctioning of a feature. First, some functions do
not have an explicit input or output. As an example, the function provided
in Section 7?7 does not have an explicit return value. In such cases, the
inputs or outputs never change and will cause false positives when analyz-
ing the changes of I/O. Such cases often happen when a function modifies
some global values or tries to pass wrong arguments to another function.
When a function invokes another function but passes wrong arguments to
that function, the I/O of the invoked function changes. The invoked function
is reported as the cause of the regression by tracing I/O. However, this is
wrong. The function that passes wrong arguments, instead of the function
being invoked, should be blamed. In this case, tracing inputs/outputs would
report a wrong cause of the regression, which is not what we expect. The
algorithms mentioned in [24] do not consider such cases where inputs and
outputs never change.

Second, tracing inputs and outputs may generate large tracing logs. Our
statistics in demonstrates the reduction in memory usage achieved
by tracing source code. Some benefits are introduced by smaller tracing
logs. One benefit is the time consumption. It can be seen that analyzing
source code spends less time than analyzing I/O to locate the causes of
regressions in most cases. Another benefit is that analyzing source code
improves the accuracy. For example, the regression from Express with bug
id 16 generates a large tracing log when tracing I/0, but a relatively smaller
one when tracing source code. However, both algorithms analyzing I/0 fail
while our algorithm analyzing source code succeeds in locating the cause.

Third, as mentioned in [24], randomly-generated values sometimes pre-
vent tracing I/O from successfully locating the true causes. Tracing source
code is not affected by such randomly-generated values.

Moreover, tracing inputs and outputs is dependent on the serialization
feature of each programming language. However, it may not be friendly to
some off-the-shelf engines. For example, a generator function in Python is
difficult to be serialized without changing its inner states, thus difficult to be
traced. Without tracing such features, the accuracy may be compromised.
Although we can develop some techniques to bypass these limits, it is out of
the scope of this work. In this work, we intend to develop a lightweight and
easy-to-use tool for detecting the causes of software regressions. Modifying
compilers or interpreters would be a harder and more systematic job, which
could be the future work of this work.

Although we prefer source code changes instead of input/output changes,
it is still necessary to trace program execution dynamically because we need
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the execution order of functions to locate the causes of regressions. In this
task, the execution order helps us exclude some functions with source code
changes but are irrelevant to the current test case, and helps us better locate
a true cause of the regression. In other words, a dynamic execution order
helps narrow the decision space.

6.5.2 The LLM-powered technique

A large language model combined with error messages shows better accuracy
in locating the causes of regressions. From [Table 6.3]and [Table 6.4] it can be
seen that most regressions can be resolved by our deepest-change-with-the-
same-position and first-change-with-the-same-position algorithms. However,
when these two algorithms do not align with each other, it is difficult to make
a decision about the true cause. Large language models have demonstrated
abilities in understanding source code [42], and dominated many code-related
tasks [43, [37]. In this regard, we try to examine whether utilizing an LLM
to help determine the true cause of software regressions is feasible.

Simply adopting an LLM is arbitrary and does not provide good accuracy.
We provide error messages as supporting materials to an LLM, and find out
that it achieves better accuracy than heuristic algorithms. The experiment
shows that naively using an LLM is not enough for locating the true causes
of regressions. Error messages help an LLM better analyze the source code
and make the decisions.

The window size of the sub-execution trace is another concern. From
our experiements, we find that a smaller window size would decrease the
accuracy when the nested function call is long. However, a larger window
size does not necessarily increase the accuracy. When the window size is
as large as 10 before the starting point and 50 after the starting point, the
accuracy decreases again due to LLM hallucination. Our choice of window
size is based on our experiment results. A systematic analysis of the window
size and prompting engineering might be the future work.

6.5.3 Threats to validity

There are some threats to validity of our work. First of all, the number of
regressions in our dataset is small. Although we cover two programming lan-
guages and collect these regressions from real-world projects, it is still limited
to evaluate tools specifically for locating the causes of regressions. This is
due to the difficulty of identifying software regressions in publicly available
datasets. Further benchmarking with more real-world regressions as well as
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more programming languages is needed to conduct a more comprehensive
evaluation.

Second, there are still some regressions that our techniques cannot re-
solve. One reason is the large-scale refactoring. When there are massive
scattered changes and the execution traces vary a lot, it is difficult for both
heurictic algorithms and LLMs to locate the true causes. Also, semantically-
equivalent changes may cause false positives by our algorithms. Although
we empirically show that our techniques perform better than previous tech-
niques, the boundary conditions of our techniques associated with these
refactorings require further research.
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1 You will be given a list of function

2 call pairs and an error message

3 {error_messages}. In each pair, one

4 is a function call from the correct

5 version, and the other one is a

6 function call from the faulty version.
7 The 1list is in the order of function

8 calls. Based on the list and the error
9 message, please tell me which function
10 might be the cause of the regression

11 bug.

12 The list is

13 {str(list_of_function_pairs)}.

14 Please be as precise as possible, and
15 just give me the function name.

(a) Prompts with error messages

1 You will be given a list of function
2 call pairs. In each pair, one is a

3 function call from the correct version,
| and the other one is a functiomn call
5 from the faulty version. The list is
6 in the order of function calls. Based
7 on the list, please tell me which

8 function might be the cause of the

9 regression bug.

10 The list is

11 {str(list_of_function_pairs)}.

12 Please be as precise as possible, and
13 just give me the function name.

(b) Prompt without error messages as a comparison

Figure 6.10: An example of prompts in finding the cause of software regres-
sions
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1) app should support empty string path:
TypeError: Router.use() requires callback function but
got a [object String]
at /.../lib/router/index. js:389:17
at /.../lib/router/index.js:405:113
at Array.forEach (<anonymous>)
at Function.INNERFUNC (/.../lib/router/index. js
:384:15)
at Function.use (/.../lib/router/index.js:418:45)
at /.../lib/application.js:174:25
at /.../lib/application.js:218:113
at Array.forEach (<anonymous>)
at Function.INNERFUNC (/.../lib/application.js:171:9)
at Function.use (/.../lib/application.js:231:45)
at context.Original (/.../test/app.use.js:10:13)
at context.<anonymous> (/.../test/app.use.js:32:113)

at Runnable.run (/.../node_modules/mocha/lib/runnable
.js:217:15)

at Runner.runTest (/.../node_modules/mocha/lib/runner
.js:373:10)

at /.../node_modules/mocha/lib/runner.js:451:12

at next (/.../node_modules/mocha/lib/runner.js
:298:14)

at /.../node_modules/mocha/lib/runner. js:308:7

at next (/.../node_modules/mocha/lib/runner.js
:246:23)

at Immediate.<anonymous> (/.../node_modules/mocha/lib

/runner.js:275:5)
at process.processImmediate (node:internal/timers
:476:21)

Figure 6.11: An example of an error message
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Figure 6.12: The aggregation time for analyzing a regression.




Chapter 7

Conclusions

In this dissertation, we present our proposal for effectively leveraging LLMs
in software engineering problems. As discussed in our approach
is to decompose the original task and selectively apply LLMs to particular
subtasks.

Our approach integrates the traditional pipeline for solving software en-
gineering problems with the use of LLMs, guided by the data structure of
the original task. Specifically, we decompose the task into stages of raw
data processing and the application of appropriate algorithms to interme-
diate representations. LLMs are employed either as tools to process raw
data or as reasoning engines to analyze intermediate data, thereby mitigat-
ing their limitations and making the problems more manageable for them.
By improving LLM performance on individual subtasks, we aim to enhance
the overall effectiveness on the original task. To validate our proposal, we
select two practical representative tasks as case studies.

In the first task, we improve the speed of detecting structurally similar
cross-language code pairs between Java, Python, and C (in pairwise com-
binations), while maintaining accuracy comparable to the state-of-the-art
approach. Our solution is a two-stage method: the first stage employs neu-
ral network models to identify a small number of high-probability candidate
pairs, and the second stage applies a deterministic edit distance algorithm
to select the most similar code fragment. To enhance the performance of
the neural models, we introduce a two-level generic AST representation as
model input. More importantly, in designing the two-level generic ASTs, we
leverage LLMs to reduce subjective bias in the design process. We evaluate
our approach on Java-Python, Java—C, and Python—-C code pairs, and the
experimental results demonstrate that our method is effective and general-

85
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izable across these language combinations.

In the second task, we provide techniques to improve the accuracy of
locating the root cause of software regressions compared with the existing
approach. First, we extend the existing dataset from JavaScript to Python
for better comparison, and conduct the experiments on both languages. We
achieve the improvement by tracing the order of function execution dynam-
ically, and comparing the source code of functions in the execution trace. In
detail, we provide three techniques. Two of them are based on heuristic algo-
rithms, namely the first code change with the same position and the deepest
code change with the same position. The other one is powered by a large lan-
guage model combined with error messages. Specifically, our LLM-powered
technique achieves the best accuracy compared with other techniques on
both JavaScript dataset and Python dataset.

Both tasks empirically demonstrate that selectively applying LLMs to
sub-tasks can improve the overall performance of the original task. Instead of
letting LLMs deal with the whole task, we propose to use LLMs as a powerful
but backend conversational engine and simply extract relevant knowledge
from LLMs. Our proposal provides a foundation for future research in this
area, such as the development of Al agents for effectively and efficiently
solving software engineering problems.

Future Work

The experimental results of the two tasks provide preliminary evidence sup-
porting the effectiveness of our proposal. To further validate and generalize
our approach, we aim to identify and formally describe the common char-
acteristics shared by these example tasks. By doing so, we hope to derive
general principles that reveal the typical properties of software engineering
problems that current LLMs struggle to solve effectively. In addition, we
aim to systematically investigate how task reformulation and decomposition
can improve the effectiveness of LLMs in solving software engineering tasks.
This may require additional case studies and a deeper investigation into the
inherent characteristics of software engineering tasks.

For the first task, addressing structurally-similar cross-language code
search more effectively requires larger and more diverse datasets. This in-
cludes not only increasing the number of code pairs but also incorporating
a wider range of programming languages. Currently, our two-level generic
ASTs are designed in a pairwise manner for specific language combinations.
An important direction for future work is to explore whether it is possible to
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design a unified generic AST representation that can simultaneously support
three or more languages.

For the second task, in order to more effectively address the problem of
locating the causes of software regressions, larger and more diverse datasets
are needed to further validate the effectiveness of our approach. Addition-
ally, our current method still faces challenges in handling large-scale software
refactorings. An important direction for future research is to explore how
to effectively integrate dynamic analysis with LLM-based static code under-
standing, in order to improve the robustness and generalizability of regression
localization techniques.
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