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RESUME

Au fil des décennies, diverses recherches ont été entreprises pour développer des outils
d’assistance pour soutenir les équipes de développement logiciel a différentes étapes du cycle
de développement logiciel, allant de I'ingénierie des exigences aux taches liées aux tests et a la
maintenance du logiciel. L'importance de ces outils découle de leur impact sur la productivité
et I'éfficacité des développeurs et, par conséquent, sur la qualité du logiciel. Cependant, il est
crucial de noter que la fiabilité et 'efficacité de ces outils d’assistance jouent un role critique
dans la confiance que les développeurs accordent a ces outils ainsi que dans leur adoption.
Par conséquent, il est essentiel de bien comprendre les limites de ces outils et de savoir les

utiliser judicieusement.

De nos jours, des plateformes telles que GitHub hébergent une abondance de données de
développement logiciel. Ces données offrent de belles opportunités pour la création de méth-
odes et d’outils d’assistance aux développeurs logiciels basés sur les données, notamment
I'apprentissage automatique (ML) et l'apprentissage profond (DL). Ces approches peuvent
révolutionner la création d’outils d’assistance intelligents en génie logiciel (SE) et I’émergence

des grands modeles de langage (LLMs) a marqué un tournant important récemment.

Dans cette these, nous proposons des méthodologies qui utilisent ’apprentissage statistique
pour améliorer la justesse et 'efficacité des outils d’assistance intelligents. Trois taches cru-
ciales du génie logiciel (SE) sont visées : la génération de code, la génération de cas de test,
et l'identification d’experts. Nos études sont inspirées par les limitations que nous avons
observées dans les outils d’assistance de pointe qui existent présentement. Nous tirons des
enseignements des techniques établies en génie logiciel et des théories pertinentes, et pro-
posons des méthodes qui integrent les capacités des techniques d’analyse de code avec le

pouvoir génératif des LLMs, pour répondre a ces limitations.

Dans notre premiere étude, nous évaluons la qualité du code généré par un outil d’assistance
a la programmation incorporant un LLM, Github Copilot, en le comparant a des humains
pour la tache de génération de code. Nous mettons en lumiere ses limitations et ses capacités,
explorant comment, malgré ses limites, il peut efficacement servir d’outil de programmation
en bindme. Nos résultats révelent que bien que le code généré par des LLMs puisse contenir
plus de bogues que celui élaboré par des développeurs novices humains, le cotit de réparation
du code défectueux généré par un LLM est plus bas selon différentes mesures. S’appuyant
sur nos découvertes, nous proposons l'utilisation d’un outil de réparation de code défectueux

afin d’accroitre la fiabilité du code généré par un outil d’assistance a la programmation basé
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sur les LLMs, réduisant ainsi le besoin de vérification et d’intervention humaine. De plus,
nous construisons une taxonomie des bogues rencontrés fréquement dans du code généré par
LLMs. Cette taxonomie peut constituer une ressource précieuse pour des études futures
visant a améliorer les outils d’assistance et les techniques d’assurance qualité, telles que les
approches de Mutation Testing (MT), afin de leur permettre de s’adapter aux caractéristiques

des bogues qui se manifestent dans le code généré par LLMs.

Dans notre deuxieme étude, nous proposons une méthode qui integre les LLMs pour générer
des cas de test efficaces. Nous commencons par évaluer l'efficacité des cas de test générés
par les LLMs pour révéler des bogues, en utilisant du Mutation Testing (MT). Il s’agit
de la premiere étude a utiliser le M'T pour évaluer lefficacité des cas de test générés par
les LLMs pour la détection de bogues. Notre méthodologie comprend plusieurs étapes de
post-traitement visant a réduire 1’effort nécessaire pour valider la correction des cas de test
et évaluer leur efficacité. Sur la base de cette évaluation, nous proposons une approche
d’apprentissage basée sur 1'utilisation de “prompt” contenant des “mutants survivants”. Les
résultats de nos analyses montrent que cette approche permet d’améliorer I'efficacité des cas
de test générés par les LLMs, surpassant diverses techniques de référence et outils de pointe

provenant de la litérature et de I'industrie.

Une autre tache essentielle dans le développement et la maintenance de logiciels est I'identification
d’experts possédant les compétences nécessaires pour une tache ou un projet spécifique. Une
évaluation fiable de I'expertise des développeurs est une étape cruciale pour effectuer une
assignation de développeurs a des taches qui releve de leur champ d’expertise. Une assigna-
tion adéquate contribue a 'exécution efficace de diverses activités dans des délais optimaux.
Ainsi, dans les deux dernieres études de cette theése, nous proposons et évaluons des modeles
de représentation et d’évaluation de I'expertise des développeurs a partir de leurs contribu-

tions a des projets open source.

Dans notre troisieme étude, nous proposons une méthode permettant de représenter ’expertise
des développeurs dans un espace de plongements vectoriels (“embedding space”). Une
représentation numérique de I'expertise des développeurs est essentielle pour diverses tech-
niques d’apprentissage automatique, notamment la classification des développeurs dans dif-
férentes catégories ou la sélection de candidats pour des taches spécifiques. Nous utilisons
doc2vec et introduisons une méthode pour représenter 1'expertise des développeurs dans un
espace de plongements. Par rapport aux techniques de pointe existantes, nos résultats démon-
trent que cette méthode offre des performances supérieures pour 1’évaluation de 'expertise

et du domaine de spécialisation des développeurs.

Dans notre quatrieme étude, nous proposons une approche pour modéliser 1'expertise des
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développeurs en se basant sur la distribution des motifs syntaxiques dans leur code. Ce
concept s’inspire d’une théorie linguistique connue sous le nom de loi de Zipf. Nos résultats
révelent que la distribution des motifs syntaxiques dans le code rédigé par des experts peut
étre distinguée de celui des novices. La distribution Zipf du code des experts présente une
queue plus longue, tandis que dans le code des novices, elle présente un sommet plus large,

signifiant des motifs plus répétitifs.

Les résultats présentés dans cette these représentent des étapes importantes vers 'amélioration
de efficacité et de la fiabilité des outils d’assistance développés pour soutenir les équipes de
développement logiciel a différentes étapes du cycle de développement du logiciel. Nous
croyons que les limites que nous avons identifiées, ainsi que les méthodes proposées pour les

résoudre, aideront les chercheurs et les praticiens a améliorer la fiabilité de ces outils.

Les résultats présentés dans cette these représentent des étapes importantes visant a améliorer
la précision et l'efficacité des outils d’assistance intelligents. Nous croyons que les connais-
sances que nous avons identifiées aideront les chercheurs et les praticiens a automatiser dif-

férentes taches en génie logiciel.
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ABSTRACT

Over the decades, various research has been done on developing assistant tools for various
stages of the software development lifecycle, ranging from requirement engineering to tasks
related to software testing and maintenance. The importance of these tools stems from their
impact on developers’ productivity and, consequently, on software quality. However, it is
crucial to note that the correctness, and effectiveness of these assistant tools play a pivotal
role in shaping developers’ trust and willingness to integrate them. This underscores the
importance of comprehending the limitations of these tools and developing methods that can

be incorporated to improve them.

Nowadays, platforms such as GitHub host an abundance of data related to various types of
code development. This data presents significant potential for proposing methodologies to
enhance data-driven assistant tools for software development tasks. Additionally, Machine
Learning (ML) and Deep Learning (DL) have introduced new possibilities for developing
diverse methods that can revolutionize the creation of intelligent assistant tools in Software
Engineering (SE). A noteworthy milestone in this evolution is the emergence of Large Lan-
guage Models (LLMs).

In this thesis, we propose methodologies that employ statistical learning to enhance the
correctness and effectiveness of intelligent assistant tools in three pivotal tasks within SE:
code generation, test case generation, and expert identification. Our studies are inspired by
the limitations that we observed in state-of-the-art assistant tools. We draw insights from
established SE techniques and relevant theories and propose methods that incorporate the
capabilities of ML /DL techniques, alongside the generative power of LLMs, to address these

limitations.

In our first study, we evaluate the quality of code generated by an Al programming assistant
tool incorporating LLM, comparing it to human-generated code. We shed light on its lim-
itations and capabilities and explore how, despite its limitations, it can effectively serve as
a pair programming tool. Our findings reveal that while LLM-generated code may contain
more bugs than code crafted by human novices, the cost of repairing LLM-generated buggy
code is lower in terms of different metrics. Building on our findings, we propose the use of
a programming repair tool to increase the reliability of code generated by an LLM-based
programming assistant tool, thereby diminishing the need for human verification and inter-
vention. Additionally, we extract a taxonomy of bugs in code generated by LLMs that can

serve as a valuable resource for future studies to enhance assistant tools and techniques, such
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as Mutation Testing (MT) approaches, to adapt them to the characteristics of the bugs that
arise in code generated by LLMs.

In our second study, we focus on developing a method that integrates LLMs to generate
effective test cases. We start by evaluating the effectiveness of the test cases generated by
LLMs in revealing bugs by using Mutation Testing (MT). This is the first study to employ
MT to evaluate the effectiveness of test cases generated by LLMs in revealing bugs. Our
methodology involves several post-processing steps aimed at minimizing the effort required
to validate test cases’ correctness and assess their effectiveness. Based on this evaluation, we
propose a prompt-based learning approach that uses surviving mutants to enhance the effec-
tiveness of LLM-generated test cases. Our proposed method outperforms various baselines

and state-of-the-art tools.

An essential task in software development and maintenance is identifying an expert with the
necessary skills for a specific task or project. Accurate assessments of developers’ expertise
are crucial steps toward assigning developers to the right tasks, contributing to the efficient
execution of various activities within optimal timeframes. Hence, in the next two studies of
this thesis, we explore the representation and the assessment of developers’ expertise based

on their contributions to open-source projects.

In our third study, we shift our attention to proposing a method to represent the domain
expertise of developers in an embedding space. Numerical representation of the domain ex-
pertise of developers is essential for various ML techniques, including developer classification
into different domains or the selection of candidates for specific tasks. We utilize doc2vec
and introduce a method for representing the domain expertise of developers in an embedding
space. Our findings demonstrate superior performance in representing developers’ expertise
and assessing their technical specialization compared to state-of-the-art techniques. The re-
sults of this study have applications as a step towards diverse downstream tasks, such as

developer task/issue assignment and job posting candidate selection.

In our fourth study, we propose an approach to modeling the expertise of developers based
on the distribution of syntactical patterns in their code. This concept draws inspiration from
a linguistic theory known as Zipf’s law. Our result reveals that the distribution of syntax
patterns in code written by experts can be distinguished from novices. This distribution in
experts’ code exhibits a longer tail, while in novices’ code shows a wider vertex, signifying

more repetitive patterns.

The results presented in this thesis are important steps toward enhancing the correctness
and effectiveness of intelligent assistant tools. We believe that the insights we have identified

will assist researchers and practitioners in automating different SE tasks.
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CHAPTER 1 INTRODUCTION

1.1 Research Context

Numerous techniques and tools have been proposed to assist developers and managers at
various stages of the software development process, ranging from the initial requirement
engineering phase to the ongoing maintenance. These techniques and tools while attempting
to ease the process of development, bear a profound influence on developers’ productivity and
software quality. However, their effectiveness in enhancing software quality and developer
productivity is closely linked to their inherent quality. Assistant tools that deliver low-
quality results, such as programming assistant tools generating low-quality code, can erode

developers’ trust in such tools.

Despite significant efforts invested in methods for developing effective assistant tools for
Software Engineering (SE) tasks, there is a notable reluctance among users, including both
developers and software project managers, to consistently integrate such tools into their daily
workflows [2-4]. This emphasizes the need for an understanding of the limitations of such

tools and the proposal of methods that can help improve their effectiveness.

The abundance of data available on various platforms, such as GitHub, and its processing
within the domain of Mining Software Repositories (MSR) [5], presents varied opportunities
for proposing methods to improve and augment assistant tools in various Software Engi-
neering (SE) tasks. Moreover, the emergence of Machine Learning (ML) and Deep Learning
(DL) techniques, notably the recent advancements in generative Artificial Intelligence (AT),
holds significant potential for advancing the development of methods that further enhance
intelligent assistant tools within the field of SE.

This thesis proposes methodologies that leverage statistical learning to improve the quality
and efficiency of intelligent assistant tools across three distinct categories of SE tasks: i) code
generation during the implementation stage, ii) test generation within the software testing
stage, and, iii) expert identification during development and maintenance stages. While
these tasks may not be exclusive to these stages, they find more frequent application in these
specific stages [6]. The rationale for concentrating on these tasks stems from their pivotal

roles in software development and maintenance as we discuss in the following.

The concept of automatic code generation has long been an aspiration goal in SE research,
ultimately aiming to speed up programming activities. Programming assistants aimed to

generate code automatically have yielded productivity gains and enhanced developers’ effi-



ciency [7,8]. Developers claim that they are motivated to use programming assistants to
accelerate coding tasks, allowing them to shift their focus from keystrokes and repetitive
code patterns towards higher-level design considerations and problem-solving tasks [3]. How-
ever, to ensure that these tools are used safely and efficiently, it is important to gain a
good understanding of their limitations and develop efficient mechanisms to mitigate these

limitations.

On the other side, software testing is also a crucial yet expensive step in the software de-
velopment lifecycle. Software testing can account for 30% to 80% of software development
costs [9,10]. Low-quality test cases can lead to low-quality software. However, generating
effective test cases is a time-consuming and often tedious task for developers. Developing
high-quality test cases plays a vital role in preventing software bugs. Therefore, developing
methodologies and automated assistant tools to support the effective generation of test cases

have been a significant focus in SE, intending to reduce the testing burden on developers.

Identifying developers’ expertise is also crucial when searching for an individual to hire, to
resolve a bug, or to contribute to a software project. The cost of poor recruitment decisions
is estimated to be as high as ten times the annual salary of an employee [11]. Large software
projects require technical experts across various domains [12]. An accurate assessment of
developers’ expertise profoundly impacts the quality of software projects [13]. This assess-
ment encompasses a thorough examination of their technical skills, including programming
languages [14,15]. A study by Zhang et al. [16] delves into the factors affecting bug-fixing
time and underscores the significance of the delay before bug assignment. One potential
cause for this initial delay is the time spent in finding the right developer to tackle the bug.
Consequently, the development of a model that can automatically assess developers’ pro-
gramming expertise is a crucial step toward the goal of identifying experts for a specific task

in the software development life cycle.

1.2 Problem Statement

Despite significant efforts in developing methods to enhance intelligent assistant tools for
code generation, test generation, and expert identification tasks, there remain notable gaps

in previous studies.

Code Generation — While the use of LLMs as the core of Al programming assistant tools
is promising, challenges persist in ensuring the quality of the generated code [17]. Evaluating
that code generated by LLMs is not only syntactically correct but also semantically efficient

and aligned with the intended functionality presents a significant challenge. Like human-



written code, code generated by LLMs can introduce bugs and may increase the effort required
for maintenance and testing. Previous studies primarily focused on the correctness of code
generated by such tools and the types of tasks they can handle, as well as their difficulty
levels [18,19]. However, beyond the correctness, the quality of the code generated by such
tools is also important since it can significantly impacts the code contributed by developers

to software projects and, consequently, software quality.

Test Generation — Developing methods to enhance intelligent assistant tools for test gen-
eration have different drawbacks and often produce tests with either random test inputs, no
assertions, overly general assertions, or assertions that cannot effectively assess the intended
behavior of the Program Under Test PUT [20,21]. Additionally, developers are often re-
luctant to use these tools due to the unreadable and non-comprehensive nature of the tests
generated by them [2]. Recent studies harnessing LLMs to generate test cases have pri-
marily concentrated on evaluating the efficacy of these test cases in terms of test coverage,
neglecting an assessment of their effectiveness in detecting bugs [22]. Nonetheless, previous
research indicates that while test cases generated by automatic test generation tools, such as

Evosuite [23], may achieve high test coverage, they may not be effective in fault detection [24].

Expert Identification — Previous studies in this category have heavily relied on heuristics
such as the Line 10 Rule and quantitative metrics like the number of commits in different
source files [25-27], or the count of distinct API calls [28,29] to represent the expertise
of developers. While these methods demonstrate good performance in identifying experts
within a specific software project, they encounter challenges when employed to represent
the expertise of developers across various activities and diverse software projects [30]. In
addition, they often lack a solid theoretical foundation and remain susceptible to biases. For
instance, as highlighted by Verdi et al. [31], even a highly upvoted code snippet may exhibit
low quality and harbor bad practices. Another qualitative study [32] also underscores the
significance of “Depth of Knowledge” and “Breadth of General Programming skills” as vital

factors contributing to the expertise of developers.

1.3 Thesis Statement

The main objective of this thesis is to propose methodologies that leverage statistical learning
to evaluate and enhance the intelligent assistant tools for SE tasks in three key categories:
code generation, test generation, and expert identification. This thesis is primarily motivated
by the importance of these assistant tools in enhancing software quality and developers’
productivity, the existing gaps in state-of-the-art intelligent assistant tools and techniques,

and the role and benefits of applying Al techniques to identify and address these gaps.



For tasks that involve code generation, such as code generation and test generation, we lever-
age the power of LLMs to generate code. The first step before proposing methodologies to
enhance the techniques and tools on code/test generation is to comprehend their limitations
thoroughly. Hence, our work involves an initial evaluation of the quality and effectiveness of
the code/tests generated by LLM-based assistant tools. Subsequently, we present methods
to improve the generated code/test and provide recommendations on how to employ these
methods to enhance the overall efficiency of the studied coding assistants. Finally, we intro-
duce a taxonomy of bugs that arise in code generated by LLMs, offering guidance for future
studies on adapting various SE quality assurance tasks to the specific characteristics of bugs
generated by LLMs.

For tasks that consist of assessing the expertise of developers and identifying experts, we
employ ML/DL techniques and draw inspiration from theoretical concepts. Recognizing the
gap of prior studies in representing and evaluating the expertise of developers across various
software projects, we start by introducing a method to represent the domain expertise of
developers. Subsequently, we propose a method to assess the expertise of developers based
on their contributions to different software projects, as an initial step towards the objective

of identifying experts for SE tasks.

1.4 Thesis Overview

1. Automatic Code Generation. To highlight the limitations of Al programming assis-
tants and facilitate the development of more effective programming assistant tools, our
approach begins with an evaluation of the code quality generated by programming
assistants incorporating LLMs, comparing it to human-written code. This evaluation
employs various metrics, including the cost of bug fixing. Subsequently, we propose
an approach to improve the reliability of code generated by these tools by drawing
insights from Automatic Program Repair (APR) efforts, to repair their buggy code and
reduce the verification burden on developers. Given that our results indicate variations
in bug-fixing efforts between code generated by LLM-based tools and human-written
code, in addition, we build a taxonomy of bugs for code generated by LLMs. This
taxonomy can serve as a valuable resource for future studies to enhance assistant tools
and techniques, such as Mutation testing approaches, to adapt them to the bugs that
arise in code generated by LLMs.

2. Automatic test generation. To propose a method for enhancing the quality of test
cases generated by assistant tools, we begin by evaluating the effectiveness of test

cases generated by state-of-the-art tools and LLMs, highlighting their limitations in



revealing bugs. Subsequently, we introduce a methodology to enhance the quality of
test cases generated by LLMs through a series of post-processing and prompt-based
learning steps. The proposed method improves the quality of test cases generated
by LLMs with initial steps in syntax fixing and repairing the intended behavior. It
further enhances the effectiveness of test cases generated by LLMs in bug detection by

leveraging the potential of Mutation Testing (MT).

3. Representing the domain expertise of developers. While previous efforts show different
limitations in representing the domain expertise of developers across different projects,
we have devised a method that harnesses the “doc2vec” technique [33] to automatically
represent the domain expertise of developers with a deeper understanding of semantics
in their specific domains across different software projects. We generate embedding
vectors using diverse sources of information, extracted from developers’ contributions
within their GitHub activity. This information spans repository metadata related to
their contributions, their bug-resolving history, and the list of APIs applied by devel-
opers to various source files. To evaluate the effectiveness of this representation, we
undertake a classification task involving the classification of developers into distinct job

roles.

4. Assessing the expertise of developers. To represent developers’ expertise, we consider
the mastery of programming language syntax patterns as a proxy for programming
expertise. We identify expert developers by evaluating their proficiency in employing
a larger and less frequent set of programming syntactic patterns in their code. Our
fundamental assumption lies in the fact that a part of the developer’s knowledge can
be defined by the subset of programming constructs they have mastered. This subset
includes elements such as syntactic patterns and lexical expressions within their arti-
facts. This idea is motivated by a linguistic theory known as Zipf’s law [34]. Zipf’s
law explains the distribution of words within a corpus. The model we propose relies
on the Zipf distribution of syntactic patterns present in artifacts created by developers
to evaluate their mastery of programming syntax patterns and differentiate between

experts and novices.

1.5 Thesis Contribution
This thesis makes the following original contributions:

1. Conduct an empirical evaluation of code generated by Copilot as an intelligent pro-

gramming assistant tool, in comparison to code written by humans (the first study of



its kind). (Presented in Chapter 4)

2. Propose a method to enhance the reliability of code generated by Copilot by leveraging
an existing SE tool to repair its buggy suggestions and compare the cost of repair with

buggy code written by humans. (Presented in Chapter 4)

3. Introduce a taxonomy of bugs in code generated by various LLMs, shedding light on
the diverse types and root causes of bugs that may be present in LLM-generated code
(the first study of its kind). (Presented in Chapter 4)

4. Propose an approach to assess the quality of tests generated by LLMs in detecting bugs
using Mutation Testing (MT) (the first study of its kind). (Presented in Chapter 5)

5. Propose a novel method that harnesses MT and the potential of surviving mutants to
enhance the effectiveness of test cases generated by LLMs in terms of bug detection.
(Presented in Chapter 5)

6. Propose a method for representing the domain expertise of developers across various
projects by applying doc2vec to three different sources of their contributions on GitHub,

referred to as “dev2vec”. (Presented in Chapter 6)

7. Propose a novel method to theoretically assess developers’ expertise based on the dis-

tribution of syntax patterns in their code. (Presented in Chapter 7)

1.6 Thesis Organization

The remainder of this dissertation is organized as follows. Chapter 2 provides background
information, while Chapter 3 provides a comprehensive review of related studies and re-
search work in the field. Chapter 4 presents an empirical study evaluating the quality of code
generated by intelligent programming assistant tools in comparison to human-generated code.
Additionally, it introduces a method to improve the reliability of code generated by such tools,
followed by a taxonomy of bugs commonly found in code generated by LLMs. Chapter 5
outlines a method for the automatic generation of test cases using LLMs and introduces ap-
proaches for enhancing the effectiveness of the generated test cases through MT. Chapter 6
introduces a technique for representing the domain expertise of developers in an embedding
space using doc2vec. It also includes an evaluation of this representation in comparison to
state-of-the-art approaches for assessing the technical specialization of developers. Chap-
ter 7 offers a theoretically grounded method for assessing developers’ expertise across dif-

ferent projects, drawing inspiration from Zipf’s law. Chapter 8 provides a summary and



conclusion of the thesis, while also addressing its limitations and suggesting avenues for

future work.



CHAPTER 2 BACKGROUND

2.1 Chapter Overview

In this chapter, we provide essential background materials relevant to this thesis. First, we
explain the concepts of LLMs. Subsequently, we introduce various LLMs for code generation.
Lastly, we present an overview of Zipf’s law and other relevant metrics that we used in this

thesis.

2.2 Large Language Model

Large Language Models (LLMs) represent a revolutionary advancement in natural language
processing, demonstrating capabilities for general-purpose language understanding and gen-
eration [35]. LLMs acquire these remarkable abilities by leveraging massive datasets to learn
billions of parameters during training, necessitating substantial computational resources for

both training and operational phases [36].

These models are artificial neural networks, with the transformer architecture [37], such as
BERT (Bidirectional Encoder Representations from Transformers) [38] which are (pre-)trained
using self-supervised learning and semi-supervised learning. The transformer architecture,
characterized by self-attention mechanisms [37] serves as the fundamental building block for

language modeling tasks.

The autoregressive nature of LLMs involves taking an input and predicting the subsequent
word or token in a sequence. This approach has demonstrated effectiveness across broad
applications, ranging from language translation to code generation. Notable examples of
these models include OpenAl’'s GPT [39] series (including GPT-3.5 and GPT-4, utilized in
ChatGPT), Google’s PaLLM [40] (deployed in Bard), and Meta’s LLaMa [41].

Pre-training: Pre-training in LLMs denotes the initial training phase, encompassing both
self-supervised learning, where the model predicts missing words or sequences in unlabeled
data, and semi-supervised learning, integrating labeled data to fine-tune the model for specific
tasks. The term “pre-training” is employed because it anticipates the need for additional

training or post-processing steps to adapt the pre-trained model to the desired task [35].

Fine-tuning: Fine-tuning involves taking pre-trained models and refining them through
additional training on smaller, task-specific labeled datasets [35]. This process adapts the

models’ capabilities and enhances their performance for a particular task or domain. Essen-



tially, fine-tuning transforms general-purpose models into specialized ones. An example of
such a task is fine-tuning CodeBERT for defect detection task [42].

In-context Learning: Large Language Models (LLMs) demonstrate an ability for in-
context learning, meaning they can learn effectively from a few examples within a specific
context. The fundamental concept of in-context learning revolves around the model’s capacity
to learn the patterns through the examples and subsequently make accurate predictions [43].
One advantage of in-context learning is the possibility of engaging in a dialogue with the
model. Secondly, in-context learning closely aligns with the decision-making processes ob-
served in humans by learning from analogy [44]. In contrast to traditional training and
tuning approaches, in-context learning operates as a training-free framework, significantly
reducing the computational costs associated with adapting the model to new tasks. More-
over, this approach transforms LLMs into black-boxes as a service that can be integrated
into real-world tasks [45]. Different methods have been proposed in this category, including
few-shot learning [39], Chain of Thought (COT) [46], and self-planning [47]. In few-shot
learning, diverse task-representative examples, as input/output pairs are incorporated into
the prompt. The COT is motivated by the natural step-by-step thinking ability of humans
and it improves the performance of LLMs in solving problems that involve multi-step rea-
soning. The self-planning approach involves breaking down original tasks into smaller steps

using LLMs and calling them plans and the call the model on the provided steps.

2.3 Large Language Models for code generation

Various LLMs exhibit remarkable performance in the realm of code generation in SE. Ta-
ble 2.1 shows a list of well-known LLMs for code generation tasks, along with their prevalent
use cases. An early undertaking on pre-training transformers with code content is Code-
BERT [48]. CodeBERT is an auto-encoding LLM based on BERT architecture [38]. Its
pre-training phase encompasses 6M (Million) code snippets and 2M pairs of natural lan-
guage and code snippets, spanned across 6 programming languages. Its pre-training data are
all extracted from the CodeSearchNet [49] dataset gathered from GitHub public repositories.
It has found application in diverse code classification tasks such as code review classifica-
tion [50], predicting flaky tests [51], defect detection [42] , code clone detection [52] and
also in code retrieval tasks [53]. While CodeBERT continues to stand out as a practical,
open-source, and lightweight model, well-suited for a variety of tasks that require code rep-
resentation [54,55], its maximum length of tokens limits its usage for diverse code generation
tasks.

One of the very powerful LLMs is OpenAl’s Codex [56], extensively applied across various
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SE tasks involving code generation [22,57]. Codex is a GPT-based auto-regressive LLM [39].
with up to 12B (Billion) parameters that is fine-tuned on 54M public repositories from
GitHub. OpenAl provides two versions of Codex: code-davinci-002 and code-cushman-001.
The former stands as the more capable model, with a maximum context length of 4k, whereas
the latter is limited to 2k. Notably, Codex powers GitHub Copilot!, an in-IDE developer
coding assistant that was released on June 29, 2021 and is adept at generating code in

response to the context provided by the user.

A new release of GitHub Copilot is “Copilot Chat”? which is tuned with human feedback
for dialog use cases. Copilot Chat can be employed for a wide range of coding-related
tasks. Depending on the specific context of the task, it offers responses such as generating
code snippets to implement specific functionalities, providing natural language explanations
for code segments, suggesting unit tests, or repairing a buggy code. Although Codex and
its collaborative tool, Copilot, demonstrate promising performance across a range of code
generation tasks, their lack of open-source availability renders them unsuitable for tasks that

involve the tuning step.

CodeT5 operates as a sequence-to-sequence LLM [58]. CodeT5 employed code-specific knowl-
edge and proposed a novel type identifier-aware approach as part of its training objective.
It is built upon the T5 architecture and is well-suited for tasks revolving around the gener-
ation of a new sequence in response to an input sequence. An illustrative example of such
tasks including code translation [59], code summarization [60], or generative question an-
swering [61]. It learns the representation of identifiers and their respective type by masking
them during the training since usually in code developers use identifiers in a way that saves
a lot of semantics about the functionality of the code [58]. The model is initially trained on
CodeSearchNet [49] data and then refined on various tasks within CodeXGLUE [62], which
includes tasks like detecting code defects, identifying clones, and performing generative tasks
such as code summarization, translation, and refinement. The updated version of CodeT5,
called CodeT5+, has been trained on a larger volume of data, encompassing 115M code files

3 and it is configurable to decode-only or encode-only architecture

sourced from GitHub
as well. Although CodeT5 is an open-source model that makes it suitable for studies that

require fine-tuning, it cannot compete with Codex in Code generation tasks.

Llama-2 is a powerful and open-source LLM that has been introduced by Meta. It is an auto-
regressive model, available from 7B to 70B parameters [41]. This auto-regressive model is pre-

trained on a mix of publicly available data, ending up to 2T (Trillion) tokens. The fine-tuned

https://copilot.github.com/
’https://docs.github.com/en/copilot/github-copilot-chat
3https://huggingface.co/datasets/codeparrot/github-code
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Table 2.1 Common LLMs for SE tasks involving code generation.

Model Architecture | Transformer Type | Parameter Size | Max Length Common Use Case
CodeBERT BERT Encoder-only 125M 512 Classification tasks: code vulnerability classification

(auto-encoding) ° Information Retrieval tasks: code search

Codex GPT De(ioder»on}y 12M-12B 4K Generation Task 4(left-to-right): code completion
(auto-regressive) and code generation

CodeT5 T5 Encoder-Decoder 60M, 220M 1K Code Translation, Code Summarization, question/answering

(sequence-to-sequence) and 770M
Decoder-only . Dialog use case on variety of generative tasks including code
Llama-2-chat Llama (auto-regressive) 7B-708 4K generation, code summarization, code translation

version of llama-2, known as llama-2-chat, is iteratively tuned using Reinforcement Learning
with Human Feedback (RLHF). This process optimizes the model specifically for dialog use
cases, spanning different types of tasks, including programming [41]. The dialog model gives
the possibility of defining three roles: System, User, and Assistant. The system role helps to

specify the task type or the programming language that meets the user’s intention.

2.4 Zipf’s law

This section provides a brief background on Zipf’s law, which is a fundamental concept

underpinning the proposed approach in Chapter 7.

Human language is characterized by various patterns, structures, and grammatical rules. The
arrangement of words, symbols, and spaces in language adheres to hidden rules. Researchers
have discovered different statistical laws in linguistics. One well-known example is Zipf’s law,
first discovered by George Zipf [34]. Zipf’s law is grounded in the concept of “least effort”,
which governs the transmission of information from speaker to listener [34]. This principle

asserts that people tend to solve problems in a manner that minimizes their effort [63].

Zipf’s law argues that when words in a text are sorted by their frequencies, the frequency
of each word exhibits an inverse relationship with its rank. Equation 2.1 demonstrates this
relationship, where f,, and r,, denote the frequency and rank of word w and C' represents a
constant [34,64].

fw=Cry, (2.1)

Equation (2.2) shows the same relationship but using probability of words instead of their
frequency, where Pr(r,;«,n) represents the probability of a word w, r,, denotes its rank, n
stands for the number of distinct words, and « is an exponent that typically approximates
to 1 [65]. It is worth noting that a probability distribution can exhibit av < 1 under certain

circumstances, particularly when n is constrained by an upper limit [66]. The term H,
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represents a Harmonic series utilized for normalization in the equation.

1

re ok Hy o

Pr(ry;a,n) = (2.2)
If we apply a logarithm to both sides of (2.2), we obtain (2.3), which is a linear representation
of Zipf’s law. This transformation converts a power-law function into a straight line when

plotted in a log-log space, with an intercept of log H, , and a slope of «.

log Pr(ry) = —alogry, —log H,, o (2.3)

Zipf’s law has been observed in both natural language contexts such as English corpus [67]

and also programming language source files such as Java and C++ [65].

2.5 Automatic Program Repair

One of the common techniques in automatic program repair (APR) is known as the generate-
and-validate approach [68]. In generate-and-validate approaches, a predefined search space
is explored to generate a candidate patch until the candidate patch successfully passes all
the test cases. Several studies have utilized correct programs to construct the search space
and derived the minimum-size patch required to repair the buggy program. An example tool
that leverages such an approach in Python is “Refactory” [69]. “Refactory” employs dynamic
analysis and introduces a fully automated method for generating repairs in introductory
programming tasks. For a buggy program, it first compares it to a refactored correct program
based on its control-flow structure. Then, the method infers the input-output specifications
for the buggy program from the executions of the correct program. Finally, it employs
the inferred specifications to modify the blocks of the buggy program through search-based
synthesis. Notably, this tool demonstrates better performance compared to other state-of-
the-art APR tools like Clara [70]. Despite other techniques that need a large and diverse
range of correct programs, “Refactory” can repair the buggy program even with one or two

references (i.e., correct code).

Given that in code snippets generated by Copilot for a programming task, we often encounter
one or more correct suggestions (such as students’ submissions), and each programming task
in our dataset has a corresponding current solution, we leverage “Refactory” as a suitable tool
to repair buggy code generated by both Copilot and students. This tool offers an additional
advantage by providing useful metrics for reporting repair costs, enabling us to compare the

quality of code generated by Copilot and humans in terms of repair cost. Following our study,
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other research endeavors have also utilized this tool to repair the buggy code of LLMs or to

employ it as a baseline tool for evaluating the potential of LLMs as APR tools [71,72].

2.6 BLEU Score

The BLEU (Bilingual Evaluation Understudy) score quantifies the similarity between a
machine-generated text or code (referred to as a hypothesis) and one or more ground truths.
Equation 2.4 demonstrates how the BLEU score is computed. It takes into account precision,
which measures the number of overlapping n-grams between the tokens of the hypothesis and
the ground truth, as well as brevity, which penalizes differences in length. The BLEU score

yields a value between 0 and 1, with higher scores indicating greater similarity [73,74].

BLEU_score = BP.en109(FD)+-+og(Pu)} (2.4)

In Equation 2.4, BP represents the brevity penalty, which penalizes the hypothesis context if
its length is significantly shorter than the closest match in the ground truths. To calculate P;,
we assess the overlap between the bag of n-grams in the hypothesis context and the ground
truth, as depicted in Equation 2.5. If we denote S}, as the set of n-grams in the hypothesis

and S;t as the set of n-grams in ground truth, then P; is measured as follows:

o _ ISl nsyl

i ; (2.5)
Sh

While BLEU is a common metric for evaluating text and code generated by LLMs, it may not
always align perfectly with human judgment. This is because it primarily relies on n-gram
overlap, which, in the case of text, does not account for factors like fluency, grammar, or
meaning, and in the case of code, it does not consider functional correctness. Nevertheless,
it remains widely used for LLM evaluation [75]. To address this limitation in evaluating
code, a metric called CodeBLEU measures the BLEU score in terms of code syntax and
semantics. As part of this metric, CodeBLEU computes the BLEU score between the AST
of two code snippets [74]. While the BLEU score is commonly used to evaluate machine-
generated text quality, particularly in machine translation tasks, it also finds applications in
assessing program synthesis approaches such as text-to-code, code summarization, and code
prediction [73,74].
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2.7 Cyclomatic Complexity (CC)

Cyclomatic Complexity (McCabe’s Cyclomatic Complexity or CC) serves as another code
quality metric that assesses the understandability of a code snippet. CC quantifies the
number of independent paths in a code component, specifically, the number of decision points
within the source code [76,77]. Measuring code snippet understandability enables us to

estimate the effort required for adding new features to the code or making modifications [78].

Several studies have employed CC to evaluate the readability and understandability of small
code snippets [17,79,80]. When comparing solutions for a problem, a lower CC value signifies

more readable and understandable code.
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CHAPTER 3 LITERATURE REVIEW

3.1 Chapter overview

In this chapter, we delve into the landscape of literature encompassing multiple aspects of
automation in SE tasks as assistant tools, specifically focusing on different aspects of code
generation, test generation, and program repair using LLMs. The chapter also delves into
the concept of developers’ expertise, discussing various expertise models, the approaches and
challenges to evaluate the effectiveness of these models, and the methods to represent the
domain expertise of developers. We explore the intriguing phenomenon of Zipf’s law and its
presence in both natural language and programming languages. Additionally, we investigate

the use of embedding vectors within the software domain.

3.2 Automatic Code Generation

Code generation involves the transformation of an intended logic into executable programs [81].
There is a long history of efforts for automatic code generation. Previous research used sev-
eral heuristics extracted by humans for automatic code generation [82]. Early efforts in this
field have modeled centered around an assistant tool that framed code generation tasks as a
search problem, where the goal was to discover a program within a predefined search space
of a programming language that satisfied all constraints derived from task specifications [83].
Subsequent efforts shifted towards input/output task specifications, involving the collection
of a set of expressions from the pool of possible expressions in a programming language that

transforms input examples into output examples [84].

The advent of generative Al has brought a profound transformation to the conception of
developing intelligent assistant tools for automatic code generation assistants. Various ini-
tiatives have concentrated on leveraging LLM to generate code that aligns with a natural

language description of a programming task, called prompt [8,85,86].

There are studies that empirically investigate the diverse capabilities of Al programming
assistant tools incorporating LLMs like Copilot. Sobania et al. [87] compared Copilot with
a Genetic Programming (GP)-based approach that achieved high performance in program
synthesis. Their findings reveal that GP-based approaches require more time to generate a
solution. Furthermore, training GP-based models is expensive due to the high cost of data
labeling. Additionally, these approaches are unsuitable to support developers in practice since

GP typically generates code that is bloated and challenging for humans to comprehend.
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Vaithilingam et al. [88] conducted a human study involving 24 participants to gain insight
into how Copilot can assist programmers in completing tasks. They specifically focused
on three Python programming tasks: 1) editing CSV files, 2) web scraping, and 3) graph
plotting. Their findings indicate that while Copilot did not necessarily lead to improvements
in task completion time and success rates, programmers prefer to incorporate Copilot into
their daily tasks because it provides valuable starting points for addressing the tasks. It’s
worth noting that the tasks in this study required less problem-solving effort compared to
the typical programming tasks in our first study (Chapter 4), as they mainly involved the
use of programming language libraries. Additionally, the study did not involve a comparison
of Copilot’s suggestions with those made by the participants when they worked without the

assistance of Copilot.

Drori and Verma [18] conducted a study to assess Copilot’s ability to solve linear algebra
problems within the context of the MIT linear algebra course. In a similar line of work, Tang
et al. [89] explored Copilot’s capability to solve university-level probability and statistical
problems. Both of these studies primarily concentrated on evaluating the correctness ratio
of Copilot’s solutions and did not delve into an examination of the quality of the code it

suggested.

Finnie-Ansley et al. [19] employed Davinci(a version of Codex), in their study using two dif-
ferent datasets. The first dataset comprised 23 programming questions from a programming
course, students’ solutions to these questions, and their corresponding grades. This dataset
is not publicly accessible. The second dataset consisted of various descriptions of a well-
known problem, namely rainfall, without any accompanying human-generated solutions. For
the programming questions, the paper’s focus centered on grading the solutions provided by
Codex. This involved generating the correct solutions for the problems across multiple runs
(specifically, 10 runs) and subsequently comparing these results with the grades of the stu-
dents. In the case of the second dataset, apart from assessing code correctness, the authors
also examined the diversity of solutions by calculating the number of source lines of code
(SLOC). Their findings indicated that Codex outperformed most students, as evidenced by
the grades received for its proposed solutions. Furthermore, they observed that utilizing the
same input as a prompt on Codex could yield different solutions. This variability may stem
from the decoding mechanism in Codex, which involves sampling tokens from a probability

distribution after applying the temperature [39,56].

Nguyen and Nadi [17] evaluated Copilot on 33 LeetCode questions in 4 different programming
languages. They used the LeetCode platform to test the correctness of Copilot’s solutions.

The questions in their study included different levels of difficulty. Although they evaluated
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the correctness of Copilot’s solutions and compared their understandability.

Another set of studies delves into vulnerability-related issues in evaluating Copilot’s solutions.
As previously mentioned, Copilot is trained on a substantial volume of publicly available code
repositories on GitHub, which may contain bugs or security vulnerabilities. Pearce et al. [90]
conducted various scenarios focusing on high-risk cybersecurity problems. Their aim was to
investigate whether Copilot has the capacity to learn from flawed code and generate insecure
code. In another study, Asare et al. [91] explored how Copilot can replicate vulnerabilities
present in human-generated programs. To accomplish this, they initially employed a dataset
of vulnerabilities created by humans. They then reconstructed the entire code, excluding the
bug, and tasked Copilot with completing the code. The completed section was subjected to
manual inspection by three coders to determine whether Copilot reproduced the vulnerability
or fixed it.

Moroz et al. [92] examined the challenges and the potential of Copilot to improve the pro-
ductivity of developers. They highlighted the copyright problems and the safety issues of
its solutions. They discussed the non-deterministic nature of such models and the harmful
content that could be generated by them. Authors in [93] conducted a survey involving 2631
developers to assess the impact of Copilot on their productivity. They also emphasized vari-
ous metrics of users’ interaction with Copilot that can be used to predict their productivity.
To generate these metrics, the authors utilized the SPACE framework [94], which enabled
them to formulate 11 Likert-style questions for their survey. Additionally, they analyzed the
usage data of Copilot from the participants who responded to the survey. From this data,
they extracted various metrics, including the acceptance rate of solutions, persistence rate,
unchanged and mostly unchanged accepted solutions, and more. Their findings indicated
that the acceptance rate of solutions by developers stands out as the most relevant metric

for assessing the impact of Copilot on developers’ productivity.

In another study, the author discussed the opportunities and challenges of Al code generation
tools in an educational context [95]. This study is not an empirical study and there is no
experiment or evaluation of Copilot’s suggestions. The author was not specifically focusing
on Copilot and its competence or limitations, but on the opportunities/challenges that such
tools (code generation tools) bring into education such as exercise generation, illustrative

samples, example solutions, etc.

The authors in [96] evaluated Copilot’s capabilities in solving elementary coding problems
that are taught to students in an introductory programming course (CS1: Introduction to
Programming) and investigated the effect of modifying the task descriptions, also known

as prompt engineering, to address the unsuccessful attempts at solving the tasks using the
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original descriptions. They also categorized the areas of failure on those programming tasks.
The authors explored the impact of using different natural language descriptions in decreas-
ing the number of failures or wrong suggestions. Their focus was only on the correctness
(correct /fail) of Copilot’s suggestions, not their quality if used as an Al pair programmer.
They did not conduct a comparison between Copilot’s suggestions and those generated by

students.

In [97], the author studied Copilot’s capabilities on a handful of programming tasks designed
to test students’ knowledge of program design. The author also compared Copilot’s outputs to
those of Codex and assessed the correctness of their suggestions alongside the diversity of their
solutions. For diversity comparison, the author manually checked the different programming
structures used in those solutions. The author also assessed Copilot’s and Codex’s abilities

in generating test cases while explaining their own solutions.

Authors in [98] studied how Codex can be used to provide better programming error messages.
The authors provided a faulty program alongside the prompt asking the model to explain
why the program fails and to provide solutions. They analyzed the provided solutions in
terms of whether the solution is correct, understandable, contains a fix to the fault, and

whether it improves upon the original script.

In addition to the model’s performance, which can affect the correctness of the generated
code by such tools, another correlated factor that has been identified is the complexity or
ambiguity of the prompt [99,100]. Various approaches have been employed to address this

limitation, including few-shot learning [39] and self-planning [47].

The experiences of developers in using tools such as Copilot or ChatGPT demonstrate that
these tools assist them in quickly completing programming tasks [7,101]. Other studies show
these tools save developers’ efforts in online searching and offer a good starting point for

implementing task specifications [88,102].

Although LLM-based programming assistant tools provide numerous insights into complet-
ing programming tasks, the results of all these studies prove that the suggestions of these
tools can occasionally be plagued by bugs, non-compilable code, or misalignment with task
specifications [88]. Consequently, in addition to a set of test cases used to evaluate the cor-
rectness of suggestions, various tools, and methods are also necessary to filter out or repair

low-quality suggestions. This is the concentration of our study in Chapter 4.
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3.3 Automatic Test Generation

Unit tests are essential as they serve as the foundation of the test automation pyramid [103,
104]. Unit tests verify whether a function or component behaves as expected in isolation. A
unit test comprises two key components: the first component consists of test inputs for the
Program Under Test (PUT'), while the second component serves as the test oracle, which
defines the intended behavior (i.e., output) of the PUT and is capable of uncovering bugs by
verifying the correctness of the PUT when subjected to test inputs [105]. Test oracles often
take the form of assertions. Incorrect or incomplete test oracles can result in inaccurate test

results.

Diverse tools are available for the automated generation of unit tests and test suites, em-
ploying various methodologies such as random test generation [106,107], dynamic symbolic
execution [108,109], and search-based approaches [23,110]. Notably, Evosuite [23] for Java
and Pynguin [111] for Python have attracted significant attention within the research stud-
ies. EvoSuite, in particular, has been instrumental in popularizing the use of Evolutionary
Algorithms (EAs) for test suite generation [112]. Both Evosuite and Pynguin follow a similar
search-based approach, starting with a randomly generated test suite and iteratively mu-
tating it. They preserve mutated test suites that exhibit greater test coverage than others.
Mutations at the test suite level include altering (adding, removing, or inserting) different

variables and statements within test cases.

Following LLM’s good performance in code synthesis, another realm of code-related tasks
that have gained from the emergence of LLM is software testing. Automatic test generation
has been a longstanding research goal within the field of SE. Testing constitutes an important

yet costly phase in the SE development lifecycle.

Authors in [113] studied the impact of few-shot learning across various downstream tasks,
including test case and test oracle generation. They compared the performance of few-
shot learning with automatic test generation tools. The investigation was conducted on a
different set of Java methods sourced from different benchmarks. The outcomes indicated
that LLMs possess the capability to generate test cases and test oracles that exactly match (in
lexical terms) the ground truth tests within the benchmark projects. Furthermore, their test
coverage was found to be comparable with test cases generated by automatic test generation

tools.

Schafer et al. [114] undertook an effort to generate test cases by prompting Codex. Their
investigation was concentrated on 25 JavaScript packages. The prompt in their study en-

compassed the implementation of the PUT and also the usage examples of APIs extracted
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from documentation. In instances where a test case proved unsuccessful on the PUT, their
method incorporated the encountered error message into the prompt and re-prompted Codex.
Their findings demonstrated that the process of enhancing the prompt with such additional

information facilitated Codex in producing correct test cases with sufficient coverage.

LIBRO [115] used the issue reports (both title and body) as few-shot prompts to generate bug-
reproducing test cases. The final test cases were incorporated into appropriate test classes
and ranked based on their validity. The results revealed an enhancement in generating correct

test cases to reproduce bugs compared to state-of-the-art tools.

CEDAR [116], rather than employing fixed demonstrative examples in few-shot learning,
aimed to retrieve demonstrative examples related to each PUT and incorporate them into
the prompt. They assessed their method based on the lexical match, termed “exact match”,
between generated assertions and the ground truth in a benchmark. While their proposed
approach demonstrates enhanced performance in achieving exact matches between assertions
and the ground truth, it necessitates an extensive pull of code samples for the selection of

appropriate demonstrative examples for each PUT.

ATHENATEST [117] employed the BART transformer model [118], which they fine-tuned
using a collection of Java functions and their corresponding tests. They reported test coverage
comparable to those of EvoSuite [23] upon evaluating generating test cases for five Java

projects.

TOGA [55] engaged in fine-tuning CodeBERT using the PUT’s docstring along with the
prefix of a test case featuring a masked assertion. Their goal was to synthesize the assertion.
Subsequently, they formulated the whole test oracles by incorporating a test oracle grammar
and generating a set of assertions. This set was then subjected to ranking through a neural
network ranker based on their lexical match to ground truth test oracles. Although they
reported results akin to those of EvoSuite [23] in bug detection, their focus is only on syn-
thesizing the assertions. However, synthesizing assertion is not challenging but generating

effective and meaningful test oracles poses a significant challenge.

CODAMOSA combined the test cases generated by Codex with those derived from Pynguin
in cases where Pynguin’s test case generation halted and failed to enhance test coverage.
CODAMOSA achieves higher test coverage on various Python benchmarks [22] compared to
Pynguin. It is worth noting that, akin to other studies, CODAMOSA concentrated solely
on test coverage improvement, and its generated test cases lacked assertion oracles for bug

detection within programs.

Two additional studies employed Codex to simultaneously generate code and corresponding
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test cases based on a given problem description. Subsequently, they used these test cases
to filter out buggy suggestions produced by Codex [119,120]. For code generation, they
employed the problem description as a prompt, and for test case generation, they used the

same problem description along with the PUT and a natural language instruction.

Although prior research has explored diverse strategies for generating test cases using LLMs
like Codex and assessed them in terms of test coverage or lexical match with ground truth
tests, none of these studies specifically focused on leveraging MT to enhance the effectiveness

of the generated test cases.

3.4 Automatic Program Repair

Another domain within the SE development life cycle that has been influenced by LLM is
program repair. Automatic program repairs aid developers in enhancing code reliability. Var-
ious LLMs such as CodeT5 [121,122], Codex [123], or ChatGPT [124] have been employed
for programming repairs. Their results show that directly applying LLMs for automatic
program repairs outperformed different state-of-the-art tools across various levels of gran-
ularity: producing complete patches, inline repairs with provided prefixes and suffixes for

buggy functions, and repairing individual lines [121].

The adoption of retrieval few-shot learning, which exhibits improvements in test case genera-
tion, also yields interesting outcomes in the program repair [125,126]. Fine-tuning pre-trained
LLM with bug-repair datasets is another effort in this area [122]. While fine-tuning shows
some improvement in program repair compared to direct LLM prompting and state-of-the-art
program repair tools, it is expensive and demands a considerable volume of data. LLMs are
also employed for repairing bugs in both programs and test cases that have been generated
by LLMs themselves [114,127]. This is accomplished by re-prompting the LLMs with for

example the inclusion of error details in the prompt.

3.5 The expertise of developer

Previous research aimed at assessing programming expertise can be categorized into two
general groups: “Internal expertise”, which focuses on identifying experts within a software
project, and “Overall expertise”, which assesses developers’ expertise based on their contribu-
tions to various software projects. Research pertaining to “Internal expertise” of developers,
also known as “Implementation expertise” [27], seeks to identify experts capable of performing

specific tasks within a software project.
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On the other hand, “Overall expertise” studies concentrate on evaluating developers’ exper-
tise by analyzing their contributions across different software projects. The importance of
this group can be traced to the efforts of open-source project managers who rely on infor-
mation about developers’ contributions to projects hosted on platforms such as GitHub to
identify potential contributors. Despite a wide range of research falling into the first category,

there is a limited number of studies in the second category.

Both categories of expertise models face two main challenges: representing developers’ ex-
pertise and assessing the effectiveness of the representation models. In the following sections,

we will delve into how previous research has addressed these challenges.

3.5.1 Expertise model of developers

The initial step in constructing an expertise model for programming is the representation of
developers’ expertise. The majority of prior research in both expertise categories constructs
their models for assessing expertise based on various features, such as the number of commits,
votes, or changes in a file path. In defining internal experts, a commonly adopted heuristic
is the “Line 10 Rule” [25,26], applied in different contexts. This rule draws inspiration from
version control systems, which store the author’s name in line 10 of the commit log, signifying
that if a developer has previously modified a file, they are considered as a potential candidate
for addressing tasks related to that file. These methods cannot be expanded to model the
expertise of developers across different projects because they are limited to the path of a

source file.

For example, authors in [128] consider the number of changes made by developers in the
history of various files as a measure of their expertise. In other studies, such as [129] and [130],
researchers examine the locations of files and compile lists of experts based on the history of
file paths and the names of authors. In the work presented in [27], a network of experts is
established based on the names of developers found in the carbon-copy of bug reports, and

recommendations are provided as a list of developers capable of resolving bugs.

Studies seeking to identify experts in Question Answering (QA) or Crowdsourcing platforms
often rely on similar straightforward features. For instance, authors in [131] calculate the
number of questions and answers to represent an individual’s knowledge in QA platforms.
Other studies, such as [132] and [133], leverage the number of votes on different answers by an
individual to estimate their expertise. In Crowdsourcing platforms, the number of completed

tasks is collected to gauge expertise, as demonstrated in [134].

In an alternative approach, as seen in the study detailed in [135], the contribution of devel-
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opers on platforms like GitHub and StackOverflow is combined, and the tags associated with

questions or tasks completed by an individual are used to represent their knowledge.

Other studies go further, utilizing linguistic information within code or API calls to represent
developers’ knowledge. Certain studies gather comments, variable, or function names from
'diff’” files created by specific developers to define their expertise [14,136]. In the realm
of Question Answering (QA) platforms, one study focuses on the textual descriptions of
questions and answers to detect the expertise of members, calculating the similarity between
new question descriptions and previous ones to identify experts capable of providing answers
[137].

In addition, authors in [28] and [138] consider the number of distinct API calls as indicative
of developers’ domain expertise. Within QA platforms, a study [139] collects function and
method names from questions and answers to represent the knowledge of contributors. An-
other research [140] compiles all tags from Stack Overflow as technical keywords. Instead of
considering all linguistic information within bug report descriptions, they gather Stack Over-
flow tags from bug descriptions to rank developers based on their expertise in addressing new

bugs.

Heuristic approaches that gather quantitative features, such as the number of commits, votes,
API calls, or textual descriptions like comments and identifiers, can occasionally serve as
effective indicators of developers’ knowledge. However, these approaches often lack a strong
theoretical foundation and may be susceptible to biases. For instance, as highlighted by
Verdi et al. [31], even a highly upvoted code snippet may exhibit low quality and contain

vulnerabilities. Thus, a high voted response cannot be a good indicator of expertise.

A survey study [141] involving 1,926 software engineers was conducted to collect top features
that distinguished great software engineers, revealing that the ability to write high-quality
code is one of the primary characteristics of good software developers. Another qualitative
study [32], underscores the significance of “Depth of Knowledge” and “Breadth of General
Programming” as vital factors contributing to the expertise of developers, in addition to their
soft skills.

However, prior investigations typically did not delve into the content of the code itself. In
our research, outlined in Chapter 7, we introduce a more theoretically grounded approach to
model developers’ expertise, primarily based on the content of the source code they produced.
Our emphasis is on programming mastery, and we do not factor in the soft skills of developers

when evaluating expertise.
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3.5.2 Assesing the effectiveness of the expertise model

To validate the effectiveness of models in representing developers’ expertise, studies focus-
ing on Internal Ezpertise use bug resolving history of developers [142] and task completion
history [143] to evaluate the performance of their models. This approach works well for
developers with an established activity history. However, it poses challenges for developers
with little or no record of past activities within the projects because these methods rely on
developers’ activity to estimate their expertise. Consequently, developers lacking activity

records might not be identified in the suggested developer lists.

The evaluation of Querall Expertise of developers is even more challenging due to the absence
of a concrete ground truth. One research effort [15], conducts a qualitative study to generate
such ground truth. They administer a self-evaluation survey, asking developers to assess their
expertise in three well-known Java libraries, using a rating scale from 1 to 5. The results
of these self-assessments reveal a tendency for overestimation or underestimation in certain
categories. In response, one of the authors performs manual searches on LinkedIn to verify
the expertise of a group of developers. Another set of studies seeks the evaluation of external
experts, such as groups of students in the relevant field or project managers, to assess the
outcomes of their models [138,144]. CVExplorer [145] validates its results by recommending

job candidates for positions in two companies.

We contend that the lack of ground truth and the primary challenge of evaluating models
representing developers’ expertise across different projects is the main reason for the limited

number of studies dedicated to assessing Ouverall Fxpertise of developers.

3.5.3 Domain expertise of developers

Numerous studies in the area of developer expertise models have concentrated on the task
of finding the topic of source code and identifying experts in specific domains, as expertise
is topic sensitive. studies such as [146] and [147] explored how to uncover different topics
within large software systems by employing Latent Dirichlet Allocation (LDA) on selected
contexts of code. For instance, keywords like “SQL”, “authentication”, and “db” often occur

in code snippets related to the database domain.

A noteworthy example is Topicy p [148], an Eclipse plugin that employs LDA to cluster classes
and libraries within a Java project into various topics. In a similar vein, authors in [149]
harness linguistic information within source code, including variable names, using Latent
Semantic Indexing techniques to reveal the code’s intention and cluster source code artifacts

into different topics. Developers who have authored artifacts related to a specific topic are
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subsequently recognized as experts in that domain. However, the authors acknowledge the

influence of arbitrary names on the accuracy of their model.

DRETOM [150] is a developer recommendation system for resolving bugs that rely on topic
modeling of developers’ bug resolution histories. It takes into account the textual descriptions
of bug reports and categorizes these reports into distinct topics. This system establishes
connections between developers who have resolved specific bugs and the topic associated
with those bugs to identify the developers’ areas of interest or domains of expertise. For new
bug reports, it ranks developers based on their domain of expertise and the relevant topic
of the bugs. It is essential to note that all these approaches primarily focus on predicting

developers’ domain expertise within a single software project.

While these methods excel in defining the domain expertise of developers within a single
software project, collecting such information across various software projects introduces ad-
ditional features, which, in turn, amplifies sparsity and impacts the performance of these
methods. Montandon et al. in [30] represent developers’ domain expertise by aggregating
their activities across various projects. They employ the bag-of-words technique to analyze
data sourced from developers’ Github biographies, repository descriptions, programming lan-
guages, and project dependencies as a means of representing their expertise. To mitigate
sparsity, they reduce the dimensionality of the collected data by calculating correlations be-
tween various features and selecting those with high correlations. We replicated this study

as a relevant state-of-the-art approach to compare it with our research in Chapter 6.

3.6 Zipf’s law in human and programming language

Zipt’s law, first observed in English text, has subsequently been identified in various lan-
guages, including German, Chinese, and Russian [67]. Notably, some studies have detected
Zipf’s law in programming languages as well. For instance, in [65], the author establishes
that the distribution of lexical tokens in Java, C++, and C source code adheres to a Zipfian
distribution. Another study, as presented in [151], illustrates that the fat-tailed distribution
of function calls and classes in software aligns more closely with Zipf’s law than with lognor-
mal or stretched exponential distributions. In the domain of software engineering, research
conducted in [152] applies the Pareto and Zipf law principles to software defects, revealing

that a mere 20% of source files are responsible for 80% of defects.

Some studies undertake a comparative analysis of Zipf’s law distribution in human language
and programming language, such as [153] and [154]. They find that the range of parameters in

Zipt’s law differs between humans and programming languages. The challenge of parameter
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fitting is a central aspect of Power law functions, and several studies have explored various
methods for parameter fitting and assessing goodness of fit [155-157]. They contend that
fitting Power laws through a least-squares approach based on a linear regression model in
a log-log space introduces bias, advocating the use of maximum likelihood for parameter

estimation and the Kolmogorov-Smirnov (KS) test to assess goodness of fit [158].

A psychologically grounded study in linguistics has uncovered a connection between the pa-
rameters of Zipf’s law and linguistic complexity [159]. The study reveals that the parameters
of Zipt’s law in children’s speech exhibit different ranges and fluctuations compared to those

in adult speech.

In Chapter 7, we will explore the Zipf distribution, employing it to represent the distribution
of syntax patterns in developers’ artifacts. This will enable us to distinguish between experts

and novices using a parameter within Zipf’s law.

3.7 Embedding vectors in Software Domain

In SE, vector embedding methods have gained widespread popularity for a variety of pur-
poses. Zhang et al. [160] employ average word embedding and document embedding for issue
knowledge acquisition. They generate embedding vectors for each issue by analyzing the
content in their titles and bodies. Subsequently, they establish connections between issues

and potentially related ones by computing the similarity between issue vectors.

Code2vec [161] transforms code into embedding vectors through model training using dif-
ferent paths obtained from the Abstract Syntax Tree (AST) of methods, with the aim of
predicting method names for code snippets in the test set. Another study applies the pre-
trained code2vec model to various commits, representing them as embedding vectors, and

then classifies commit vectors as either security-relevant or non-relevant [162].

In another study, APT calls in the source files of three programming languages (Java, JavaScript,
and Python) were represented as embedding vectors. To evaluate the performance of these
vectors in representing API calls, all APIs within a source file were considered as related.
The study found that the vectors of these APIs exhibited greater similarity than those of
APIs that never appeared together in a source file [163].

Dey et al. [164] collected API calls from developers’ commits across various projects in 17
programming languages. They acquired embedding vectors for three distinct entities: APIs,
projects, and developers, collectively termed the “API-related Skill Space” of projects and
developers. They observed that developers were more inclined to utilize new APIs or engage

in new projects with similar representations within the API-related Skill Space. However,
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they did not assess their model’s ability to predict the embedding vector for a new developer

who was not encountered during the training phase.

In Chapter 6, we employ a similar embedding technique to represent developers’ domain

expertise as demonstrated by their contributions to various projects.

3.8 Chapter Summary

This chapter offers an exploration of the literature focusing on the automation of various SE
tasks, with a particular emphasis on automatic code generation, test generation, program
repair, and developer expertise. It delves into the utilization of LLMs for automating tasks
that require code generation, highlighting their potential and applications. However, a note-
worthy gap in the existing research is revealed, as there is a limited investigation into the
assessment and enhancement of the quality of generated code, particularly concerning diverse
quality metrics. Moreover, within the domain of developer expertise, heuristic approaches
that collect quantitative features, such as commit counts, API calls, and textual descriptions
like comments and identifiers, have demonstrated th