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Abstract

Build systems play a crucial role in software development and are responsible for com-
piling source code into executable programs. Despite their importance, build systems
often receive limited attention because their impact is not directly visible to end users.
This oversight can lead to inadequate maintenance, frequent build failures, and disrup-
tions that require additional resources. Recognising and addressing the maintenance needs
of build systems is essential to preventing costly disruptions and ensuring efficient software
production.

In this thesis, I explore whether applying a Large Language Model (LLM) can reduce
the burden of maintaining build systems. I aim to determine whether the prior content
in build specifications provides sufficient context for an LLM to generate subsequent lines
accurately. I conduct an empirical study on CodeGen, a state-of-the-art Large Language
Model (LLM), using a dataset of 13,343 Maven build files. The dataset consists of the
Expert dataset from the Apache Software Foundation (ASF) for fine-tuning (9,426 build
files) and the Generalised dataset from GitHub for testing (3,917 build files). I observe
that (i) fine-tuning on a small portion of data (i.e., 11% of fine-tuning datasets) provides
the largest improvement in performance by 13.93% (ii) When applied to the Generalised
dataset, the fine-tuned model retains 83.86% of its performance, indicating that it is not
overfitted. Upon further investigation, I classify build-code content into functional and
metadata subgroups based on enclosing tags. The fine-tuned model performs substantially
better in suggesting functional than metadata build-code. The findings highlight the po-
tential of leveraging LLMs like CodeGen to relieve the maintenance challenges associated
with build systems, particularly in functional content. My thesis highlights the limitations
of large language models in suggesting the metadata components of build code. Future
research should focus on developing approaches to enhance the accuracy and effectiveness
of metadata generation.
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Chapter 1

Introduction

Build systems automate the conversion of source code into executable programs [55]. By
interpreting a set of build files, build tools orchestrate the compilation, linking, and pack-
aging of code into a runnable form [75]. These build files detail the necessary steps, such
as downloading dependencies, compiling sources, linking libraries, and preparing other
prerequisites to create the final product. In modern software development, build systems
manage more than the production of deliverables. They also integrate testing [50] and as-
sist in deployment tasks to streamline the development life cycle [20]. This comprehensive
approach allows developers to focus on writing source code while the build system man-
ages the intricacies of producing, testing, and deploying updated versions of the software
system.

Prior work has proposed approaches to ease the process of build maintenance. Tools
like MAKAO helped software engineers better visualise build systems [5]. Another tool,
SYMake, assisted engineers in detecting code smells in build files [69]. Although these
studies help improve build maintenance, software engineers require significant involvement.
More recently, work has been done on automating fixes to build failures. For example, in
one study, HireBuild was created to fix build failures by generating patches based on
historical fixes [31]. Another study introduces BUILDMEDIC, which generates candidate
repair plans for build failures [16]. While these approaches have shown promising results,
they only aid after a build fails. Figure 1.1 shows the example of a Maven exception log.

To reduce the effort required by software engineers in maintaining build systems, I
explore the application of an LLM—CodeGen, on build code generation (see Figure 1.2).
Recent studies indicate that LLMs have shown promise in generating source code. One
notable example is PYMT5, an LLM specifically designed to generate Python methods



[INFO] BUILD FAILURE

[INFO] ---------—--——-— - mmmmmm e e -
[INFO] Total time: 10.362 s

[INFO] Finished at: 2017-08-04T08:52:44+02:00

[INFO] Final Memory: 25M/264M

[INFO] ---------———— - mm - oo
[ERROR] Failed to execute goal on project flux-core: Could
not resolve dependencies for project com.github.ptgoetz:
flux-core: jar:0.2.3-SNAPSHOT: Could not find artifact org.
apache.storm:storm-hbase: jar:0.11.0-SNAPSHOT in sonatypenexus -
snapshots (https://oss.sonatype.org/content/
repositories/snapshots) -> [Help 1]

Figure 1.1: Excerpt of a Maven build log showing a dependency resolution error from
Macho et al. [10].

from docstrings [11]. Similarly, the Codex model was fine-tuned for code generation [13].
Another study introduced CodeBERT, an LLM used to generate code documentation [24].
Lastly, another study highlights that CodeGen, an open-source LLM, is competitive with
the Codex model in generating source code [57].

Since CodeGen is primarily trained on natural language and source code, I fine-tune the
CodeGen model to specialise in the task of generating build code. Fine-tuning improves
the performance of a pre-trained model by continuing the training process on a specific
dataset, thereby adapting the model to the characteristic of that data [19].

My thesis aims to understand how much LLMs can support developers in maintaining
build systems. I apply CodeGen to an Expert dataset and a Generalised dataset.

(RQ1) How much fine-tuning is required by CodeGen to effectively infer build
specifications?

Motivation: Previous studies demonstrate the proficiency of LLMs in understanding
and creating code-related content [78]; however, their application to generating build
code remains largely unexplored. To address this gap, I conducted an experiment to
determine whether fine-tuning the CodeGen model is necessary for generating build
code and, if so, to what extent fine-tuning would be beneficial.

Results: Fine-tuning indeed improves the performance of our model when generating
build code in the Expert dataset. To achieve the biggest increase in performance,
our model requires 11% of the fine-tuning dataset. I also observe that all fine-tuned
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Figure 1.2: Sample of prompts and code generations by CodeGen by Nijkamp et al. [57].



(RQ2)

models improve predictability. Their median Interquartile Range (IQR) of BLEU
scores is 11.71 (representing a 29.24% decrease), and the median Confidence Interval
(CI) is 36.00 (representing a 27.44% decrease) compared to our base model.

How well does the fine-tuned CodeGen perform on an unseen dataset?

Motivation: The primary objective is to assess the performance (i.e., accuracy of the
generations) of the fine-tuned model on data it has not been trained on. This evalu-
ation is crucial as it helps gauge the potential of the model in real-world applications
by testing its ability to generalise across various and diverse contexts. Understanding
how well the model adapts to unfamiliar data can significantly influence its deploy-
ment strategies and further development.

Results: When applied to the Generalised dataset, the performance of our fine-tuned

model decreases by 14.6%. On the other hand, our fine-tuned model improves in
terms of completely inaccurate recommendations by 24.18% and in completely accu-
rate recommendations by 15.02%.

Inspired by the results of our RQs, we conduct a follow-up analysis to investigate why
we observe an overall degradation in the performance of our model when applied to our
Generalised dataset. Our findings reveal that the lack of two metadata tags (i.e., tags that
do not affect the functionality of the build process), contributors and mailinglists,
contribute a disproportionate amount to the decrease in performance. Specifically, the
contributors tag never appears in the Generalised dataset, while the mailinglists tag
only exists in one project.



Chapter 2

Related Work

This section positions our research with respect to the existing literature on build systems,
applications of LLMs, CodeGen, and fine-tuning.

2.1 Build Systems

Build systems help software engineering practitioners automate the software delivery pro-
cess; however, studies have shown that build systems require maintenance, which can be
seen as overhead. Build maintenance refers to changes made to the build system of a soft-
ware project as it evolves [32]. Kumfert and Epperly [11] showed that the maintenance of
build systems can account for up to 35% of overhead in the software development process.
MeclIntosh [18] found that at Mozilla, build maintenance creates up to 27% overhead on
source code development and a 44% overhead on test development. Seo et al. [66] found
that improper maintenance of build systems can increase this overhead, as they can lead
to build breakages.

Build specifications define the dependencies and configurations necessary to compile and
execute source code [00]. Software engineers have various options of build tools available to
help build their source code. These build tools are written (or specified) in diverse formats,
including low-level (e.g., Makefiles for the make tool), abstraction-based, framework-driven
approaches (e.g., Maven pom.xml files) [52].

Previous work has focused on reducing the overhead acquired from maintaining build
systems. For example, Adams [!] created the MAKAO tool to visually represent and
analyse build dependencies. In another study, Hardt and Munson [32] created Formiga,
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a tool designed to perform basic Ant maintenance tasks. Hassan and Wang [31] created
Hirebuild, a tool that automatically uses historical data on build specification patches to
fix build failures. They do so by extracting 175 build failures and their corresponding fixes
from the TravisTorrent dataset and then using the first 135 fixes to generate fix patterns
and the remaining 40 failures as test samples. Their results found that their tool could fix
45% of the reproducible build failures used in their study.

It is also important to mention that build maintenance can introduce overhead during
execution. Companies like Google [32] and Microsoft [22] have deployed cloud-based build
systems that leverage distributed caching and dependency parallelisation to improve build
efficiency. In another study, Vakilian et al. [70] presented tools to decompose and refine
unused build segments by not re-invoking unnecessary build commands.

These previous works have explored build systems comprehensively and the efforts
to reduce overhead during maintenance or execution. My work continues in the same
direction, representing the first attempt to understand build systems through the lens of
LLMs. In the subsequent subsection, I highlight the capability of LLMs when applied to
various source code tasks.

2.2 Application of Large Language Models

Large Language Models (LLMs) are computational models capable of understanding and
generating human language and code [17, 28, 10]. These advanced language models feature
massive parameter sizes and exceptional learning capabilities [38, 83].

Prior work has explored the applicability of LLMs to source code. Chen et al. [13]
demonstrated that the Codex model was able to solve 70.2% of their problem set of gener-
ating correct Python code using repeated sampling (i.e., 100 samples per problem). Their
study showed that Codex outperformed other LLMs on this dataset, such as GPT-3 and
GPT-J. Similarly, Xu et al. [78] found that open-source LLMs (e.g., GPT-J, GPT-Neo,
and CodeParrot) achieved comparable results to the state-of-the-art Codex model in sev-
eral programming languages (e.g. C, Python, Java). Their study introduced PolyCoder, a
model based on GPT-2 architecture with approximately 2.7 billion parameters. It outper-
formed all other models, including Codex, specifically in the C programming language.

Recent studies have shown the ability to use LLMs to improve code maintainability.
For example, Dillmann et al. [18] evaluated how code generated by open-source LLMs
performed on a Likert scale for readability, understandability, complexity, modularity, and
overall maintainability. These evaluations were informed by domain experts, and their
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results indicated a correlation between the Logical Lines of Code (LLOC) and the cross-
entropy of the results generated by LLMs, with higher cross-entropy values correlating
with lower maintainability. Bouzenia et al. [9] introduced RepairAgent, which uses an
LLM agent concept for automated bug detection and code repair. Their approach solved
164 bugs, including 39 ones that prior techniques could not fix.

Despite these promising advances in applying LLMs to source code analysis, manage-
ment, and repair, a significant gap remains in their application on build code. Build
systems have complex dependencies, changing environments, and platform-specific needs,
presenting challenges beyond the usual tasks, such as generating code and fixing bugs.



Chapter 3

Study Design

This chapter consists of five main phases. First, I describe my Data Curation and rationale
for selecting the studied datasets (Section 3.1). Next, I describe my approaches to Data
Preprocessing (Section 3.2), Build Code Generation (Section 3.3), and Data Normalisation
(Section 3.4). Finally, I describe my Analysis and the rationale for conducting it in that
manner (Section 3.5).

3.1 Data Curation

This thesis aims to develop a framework to evaluate the effectiveness of CodeGen in gen-
erating build code. To do so, I use an Expert dataset, which is leveraged to fine-tune our
CodeGen model, and a Generalised dataset, which is used to test the performance of the
fine-tuned model. Figure 3.1 shows a sample of build code from expert and generalised
datasets. Figure 3.2 provides an overview of the three steps in the data curation process.
I describe each step below:

3.1.1 Collect data

In this step, I collect the datasets that I use in our study.



1 <project xmlns="http://maven.apache.org/POM/4.0.0"

2 xmlns:xsi="http://www.w3.0rg/2001/XMLSchema-instance"
3 xsi:schemalocation="http://maven.apache.org/POM/4.0.0
4 http://maven.apache.org/xsd/maven-4.0.0.xsd">

5 <modelVersion>4.0.0</modelVersion>

6 <groupld>org.apache.maven</groupId>

7 <artifactId>maven</artifactId>

8 <version>4.0.0-SNAPSHOT</version>

9 <packaging>pom</packaging>

10 <name>Apache Maven</name>

11 <properties>

12 <mavenVersion>4.0.0</mavenVersion>

13 <encoding>UTF-8</encoding>

14 </properties>

15 .

16 <contributors>

17 .

18 </contributors>

19

20 </project>

<project xmlns="http://maven.apache.org/POM/4.0.0"
xmlns:xsi="http://www.w3.0rg/2001/XMLSchema-instance"
xsi:schemalocation="http://maven.apache.org/P0OM/4.0.0
http://maven.apache.org/xsd/maven-4.0.0.xsd">

<groupId>com.example</groupld>
<artifactId>short-sample-app</artifactId>
<version>1.0-SNAPSHOT</version>

1
2
3
4
5 <modelVersion>4.0.0</modelVersion>
6
7
8
9

10 <properties>
11 R

12 </properties>
13

14 <dependencies>
15 R

16 </dependencies>
17

18 <build>

19 R

20 </build>

21

22 </project>

Figure 3.1: Example of Expert dataset (top) and Generalised dataset (bottom).

Expert dataset

The primary objective of the Expert dataset is to fine-tune our CodeGen model and en-

hance its build code generation capabilities.

Hence, to control for confounding factors

(e.g., differing release practices), I focus on a software community that meets two inclusion
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Figure 3.2: An overview of our study design approach.

criteria:

Criterion 1: Homogeneity of build tool adoption. Build tools use a variety of rep-
resentations (e.g., XML, plain text) and subscribe to different paradigms [52] (e.g.,
abstraction-based, framework-driven). Effort is required to analyse each tool cor-
rectly. As an initial study of CodeGen for build systems, I focus on a deep analysis
of a single tool. Should the results prove promising, future work can explore gener-
alizability to other build tools.

Criterion 2: Varying project characteristics. To ensure that the results are not overly
specific to a small set of projects, I study a community that develops a large number
of projects of varying sizes and domains.

I choose to study projects from the Apache Software Foundation (ASF), which satisfies
Criterion 1 because a large proportion (67%) of ASF projects are built using Maven. The
ASF also satisfies Criterion 2, with projects of varying sizes spanning 24 domains, such as
big data analysis and web frameworks."

http://apache.org/index.html#projects-list
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Generalised dataset

I curate a second dataset of projects. Since the Expert dataset adopts Maven as its build
tool, I collect a comparable set of projects using Maven. Unlike the Expert dataset, this
dataset includes public projects on GitHub that are not part of the ASF organisation. This
broader scope helps validate my observations on build specifications in a non-ASF setting.

To collect the Generalised dataset, I begin by querying the GitHub Search tool? for
Java projects that were updated in 2023. The query returns a list of 1,563 projects. To
extract build files, I begin by cloning these repositories. I successfully clone 1,548 projects.
The 15 other projects could not be accessed because they are no longer publicly available
(e.g., due to deletion or being made private).

3.1.2 Filter projects

I describe the procedure and rationale for filtering projects from the Expert and Generalised
datasets.

Expert dataset

Select top-level projects. Projects fully endorsed and actively governed by the ASF are
called Top-Level Projects (TLPs). To provide a path for other incoming projects to become
TLPs (e.g., projects in early development phases or external projects becoming familiar
with ASF governance), the ASF provides “podling” status in the Apache Incubator.® T
aim to study mature projects that have build systems of substance. Therefore, I begin by
selecting the 204 TLPs as candidates.

Select projects built with the most prevalent technology. Build tools follow differ-
ent paradigms [52] that have implications for what must be expressed in build code. For
example, low-level technologies like make explicitly define dependencies between input and
output files (and recipes to be executed when inputs are updated), whereas framework-
driven build technologies like Maven assume conventions are being respected (e.g., input
and output files are stored in default locations) unless otherwise configured.

These different paradigms impact the shape that build specifications take. While the
CodeGen model can theoretically be applied to any technology, this thesis focuses on

’https://seart-ghs.si.usi.ch/
3https://incubator.apache.org/
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Figure 3.3: The number of Java and Maven non-comment lines in each TLP. I study the
39 TLPs with at least 10,000 lines of Maven code (above the horizontal dashed line).

analysing a single technology to control for the confounding impact that technology will
have on our results.

To select the build tool for analysis, I study the prevalence of build tools among the
TLPs. T identify the build tools used within each TLP using file name conventions. I
identify that 136 of the TLPs (67%) adopt Maven, which is more than double the adoption
rate of the next most popular technology. Therefore, I focus our analysis on TLPs that
adopt Maven.

Select projects with substantial build code. Not every project requires complex build
code. For some projects, the default build behaviour is sufficient. In such cases, Maven’s
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“convention over configuration” philosophy reduces the build code that must be written
and maintained. Modelling simple build systems is not the goal of this thesis. If simple
build systems are included in the sample, they may skew the results. Thus, I set out to
select sufficiently complex build systems for further analysis.

Figure 3.3 shows the number of non-comment lines of code in the Java source code
(X-axis) and Maven build systems (Y-axis) of the 136 candidate TLPs using a hexbin
plot. Hexbin plots are scatterplots that control overplotting by grouping data points into
hexagon-shaped bins. The darker the shade, the more data points (i.e., projects) within
the bin. The plot is logarithmically scaled to lessen the influence of outliers. The plot
shows that projects with more source code also tend to have more build code; however,
the correlation is only moderate (Spearman’s p = 0.65, p < 2.2 x 10716),

The dashed line in Figure 3.3 shows that by selecting a threshold of 10,000 lines of
Maven code, I not only filter out the projects that have too few build lines to be of
interest, but also, the projects that have little Java code as well. After applying this filter,
39 TLPs have been selected for analysis.

Generalised dataset

The filtering process for our Generalised dataset has fewer requirements than the Expert
dataset, as it is primarily used for testing our model. This approach better represents the
characteristics of real-world projects, which I consider crucial for evaluating the perfor-
mance of our model.

To do so, I exclude projects that do not use Maven by removing projects that do not
include any pom.xml file, leaving us with 717 projects. Additionally, I remove projects
with fewer than two pom.xml files, as I consider these projects lacking substantial build
code. After this process, 316 projects are selected.

3.1.3 Validate Maven build files

To filter out syntactically incorrect build files in both datasets, I validate the pom.xml
files of these projects using 1xml,* a Python library for processing XML files. I parse
each pom.xml file and validate its syntax using the current schema of Maven.® After this
validation process, I exclude no pom.xml file from the Expert dataset and five syntactically

“https://1xml.de/
Shttps://maven.apache.org/xsd/maven-4.0.0.xsd
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incorrect pom.xml files from the Generalised dataset. Consequently, the Expert dataset
includes 9,426 pom.xml files that span 39 projects, while the Generalised dataset includes
3,197 pom.xml files that span 315 projects.

3.2 Data Preprocessing

I describe the process of mitigating noise from our datasets and engineer prompts alongside
their references.

3.2.1 Mitigate noise

I set out to analyse the content of Maven files that specify the software build process.
Therefore, I filter out comments and whitespace characters before performing our analyses.
More specifically, I apply the following filters:

Remove comments. Fang et al. [23] showed that comments in code can introduce biases
in code generation. To counteract this bias, I remove comments from build files before
analysis. Comments in Maven files are written using standard markup language style.

Remove empty lines. A key use case I explore is next-line prediction. I create prompts
based on each line within the studied build files. Since empty lines do not affect the
behaviour of the Maven build process, I filter them out.

Remove extraneous whitespace. I further reduce noise by stripping whitespace from
the beginning and end of each line. Removing unnecessary tokens retains only the content
that specifies build behaviour.

3.2.2 Engineer prompts

The last step in the Data Processing phase involves parsing the studied pom.xml files to
create prompts and corresponding references. In the context of this thesis, a prompt is
a line or a concatenation of lines of build code from the studied build files. A prompt
concatenates the current line and all preceding lines, while the reference is the subsequent
line. The

Listing 3.1 depicts the relationship between a prompt and a reference of a sample
pom.xml file. Given a build file with L lines of build code, where L represents a set
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Listing 3.1: Sample pom.xml file from the Apache Maven Project. Lines 1-2 depicts a
prompt and Line 3 highlights the corresponding reference.

1 <project>

2 <modelVersion>4.0.0</modelVersion>
3 <groupId>com.mycompany.app</groupId>
4 <artifactId>my-app</artefactId>
) <version>1</version>
6 </project>
of lines L = {ly,ls,15,...,l,}. At any line, [; T represent a prompt and reference as;

prompt(l;)={l1,...,l;_1} and reference(l;)=l;. Figure 3.4 shows examples of the prompts
used in this study.

Choosing A Model

Below, I explain the criteria for selecting CodeGen, then introduce CodeGen itself, and
describe how I apply it to generate build code. The primary reasons for selecting CodeGen
are:

Criterion 1: Open-source model. Open-sourced LLMs provide access to their source
code, enabling fine-tuning, which is crucial in this thesis, as it allows to optimise the
model specifically for generating build code.

Criterion 2: Optimised for code generation. Although most LLMs can generate code
and natural language, I prioritise those that specialise in code generation due to the
similarities between source code and build code.

Criterion 3: Runnable on commodity hardware. Given that the primary task in-
volves fine-tuning and generating build code for developers working on projects of
various sizes, I want to choose an LLM of modest size that can be deployed on
commodity developer machines.

I choose CodeGen as our LLM because it satisfies all three criteria. CodeGen meets
Criterion 1, as it is an open-source LLM created by Salesforce [57]. As part of an open-
source project, it provides access to the source code of the models. CodeGen satisfies
Criterion 2 by matching or outperforming the Codex model by OpenAl in code generation
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. <project> !
.<modelVersion>4.0.0</modelVersion>E

1. <project>: > Prompt #1

.<modelVersion>4.0.0</modelVersion>

. <groupId>com.mycompany . app</groupId>
.<artifactId>my-app</artifactId>
.<version>l</version>

.</project>

—> Prompt #2

_______________________________________________________

. <groupId>com.mycompany . app</groupId>
.<artifactId>my-app</artifactId>
.<version>1l</version>

. </project>

Figure 3.4: Examples of Maven build code prompts.
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tasks [07], underscoring its potential in this domain. CodeGen also satisfies Criterion
3, as its smallest model is 797 MB in size; however, even with the smallest model, the
experimental runs still consume 1183.89 hours of compute time spent on 3 V100 GPUs,
each with 64 GB of available VRAM.

I also consider the Code Llama model from Meta Al; however, the smallest version of
their model is 18 times larger than CodeGen, and Code Llama also has 20 fold more pa-
rameters than the selected CodeGen model. This would impose even larger computational
demands on our equipment and may not yet be practical to fine-tune and generate build
code on commodity development machines (Criterion 3).

CodeGen is a transformer-based LLM designed for code synthesis, which is the process
of generating code to satisfy the intention of a user [31]. As a transformer-based model,
CodeGen leverages transformer capabilities to handle sequential data efficiently, allowing
for parallelisation and capturing long-range dependencies in text [71].

The CodeGen model has three variants (a.k.a., pre-training checkpoints). I select the
mono variant because it is the pre-trained model that was exposed to the most data,
i.e., the Pile dataset [29], GitHub activity data within the BigQuery Dataset,® and the
BigPython dataset [57]. To minimise the cost of fine-tuning and generating build code,
I select the codegen-350M-mono’ model for our study. The model is the smallest one
being offered; however, it still has 350 million trainable parameters.

3.3 Build Code Generation

To generate build code, I load our model for causal prediction of the next-line of the prompt
and tokenise our prompts, using features that are provided by the transformer module of
the Hugging Face AP1L.® Given that the model has a maximum token size of 2048, I left-
truncate prompts exceeding this limit. After generating the build code, I extract the line
by excluding the prompt and selecting the first generated line.

Shttps://console.cloud.google.com/marketplace/product/github/github-repos?project=
gold-chassis-225408

"https://huggingface.co/Salesforce/codegen-350M-mono

8https://huggingface.co/docs/transformers/en/index
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Table 3.1: The size of the studied datasets.

Dataset # projects # pom.xml files # prompts
Expert dataset (fine-tune sample) 27 7,211 N/A
Expert dataset (test sample) 12 2,215 282,408
Generalised dataset 315 3,917 287,711

3.4 Data Normalisation

I normalised the generated build code and references to remove expressions that might
vary in different build files. Below, I describe the two steps in this normalisation process.

Normalise paths & version numbers. Maven specifications frequently include precise
file system paths and version numbers. Since generating these precise details requires
plenty of project-specific contexts that LLMs are unlikely to have, I replace each instance
with generic placeholders to exclude their impact from our model performance estimates.

Remove angle brackets. I position this thesis to focus on the content within the angle
brackets (i.e., <, >) to evaluate the performance of our models. Hence, I remove angle
brackets from our build files.

3.5 Analysis

In this phase, I measure the performance of our models using the “Bilingual Evaluation
Understudy” (BLEU) metric. This metric is known for assessing the quality of machine-
generated text, with a primary focus on machine translation. BLEU has gained widespread
recognition in Natural Language Processing (NLP) and machine translation research for
evaluating translation system performance [5%]. It has also been used as a metric in other
studies on code generation [35].

In this thesis, I use the sacreBLEU tool” on our generated normalised build code and
normalised references to calculate the BLEU score. The BLEU score value ranges between
0-100, with a higher score indicating greater similarity between the generated build code
and its references.

Table 3.1 shows an overview of the studied datasets. The Expert dataset is divided
into two segments, one for fine-tuning (27 projects with 7,211 pom.xm1 files) and the other

9https://github.com/mjpost/sacrebleu
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for testing (12 projects with 2,215 pom.xml files and 282,408 prompts). The Generalised
dataset includes 315 projects with 3,917 pom.xml files and 287,711 prompts. The Expert
dataset for fine-tuning does not include the number of prompts because I only use them
to fine-tune our base model.
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Chapter 4

Study Results

This section presents the approach and findings for each research question.

4.1 RQ1. How much fine-tuning is required by Code-
Gen to effectively infer build specifications?

4.1.1 Approach

To address RQ1, I use the Expert dataset to explore whether and to what extent CodeGen
requires fine-tuning to generate build code effectively. From the fine-tuning sample of
the Expert dataset, I start by selecting three projects (11% projects) to fine-tune our first
model. For each subsequent model, I increase the number of projects used for fine-tuning by
three. This process is repeated until our largest fine-tuned model, which uses 24 projects. I
randomly select the remaining projects for the validation process, such that the cardinality
of the validation set is 10% of the cardinality of the fine-tuning set (rounded up).

In this thesis, we use the run_clm.py module from the Hugging Face transformers API
library—! a widely adopted template for fine-tuning pre-trained models. The module uses
an autoregressive training method where the model learns to generate the next token(s)
in a sequence based on the preceding tokens [7]. This approach, which focuses solely on
the left context of the sequence, is particularly suited for our build code generation tasks
because we model our problem on next-line generation. A limitation of this will be using
our model to predict build code between lines.

https://huggingface.co/docs/transformers/index
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Figure 4.1: BLEU score distributions for our base and fine-tuned models on the test sample
of the Expert dataset, varying by the proportion of fine-tuning data. Interquartile ranges
(Q1, Q2, and Q3) and confidence intervals (2.5th percentile—LCL and 97.5th percentile—
UCL) are highlighted. The Q2 line represents the median BLEU scores, indicating that
the most significant performance gain comes from the first 11% of the fine-tuning dataset.
Additional data yields diminishing improvements

To evaluate the performance of each model, I generate build code for each prompt
(Subsection 3.2.2) from the projects in the testing sample of the Expert dataset. These
generated lines of build code are used to create build files, which I compare to their cor-
responding reference files using the BLEU metric. Given the presence of outliers in our
results, I use the median BLEU score as a measure of the central tendency of these scores.
The median BLEU scores across our eight fine-tuned models range from 57.69 to 61.11, all
representing improvements over our base model, which has a median BLEU score of 50.64.
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4.1.2 Results

Observation 1: Fine-tuning on a small portion of the fine-tuning dataset pro-
vides the largest improvement in performance for build code generation. Fig-
ure 4.1 shows the distribution of the BLEU score for each build file within the testing
sample of the Expert dataset. The figure highlights a 13.93% performance increase from
the base model to the model fine-tuned with 11% of the fine-tuning sample of the Expert
dataset, with subsequent iterations showing diminishing returns. This quick plateau in
performance was not expected, as we expected subsequent fine-tuning to match or exceed
the performance increase of the model trained with 11% of the fine-tuning dataset.

Observation 2: Across all models, fine-tuned models yield more predictable
outcomes. As shown in Figure 4.1, there is a noticeable reduction in the breadth of
BLEU scores for the fine-tuned models compared to the base model. To show this, I use an
interquartile range (IQR = Q3— Q1) and 95% confidence interval (CI = UCL— LCL). The
fine-tuned models show improvements, with reductions in the interquartile range of 32.49%
to 32.82% (11.18 to 11.77 BLEU score points) and reductions in the confidence interval of
24.18% to 29.04% (35.16 to 37.58 BLEU score points). These reductions indicate greater
stability in model performance for the fine-tuned models compared to the base model. This
improvement reduces variability in output quality, ensuring that the model produces more
reliable and predictable results.

Fine-tuning with a small proportion of the available data provides most of the ben-
efits, but further fine-tuning yields diminishing returns. Nonetheless, fine-tuning
enhances performance and reduces uncertainty, leading to more predictable and re-
liable results when generating build code.

4.2 RQ2. How well does the fine-tuned CodeGen per-
form on an unseen dataset?

4.2.1 Approach

To address RQ2, I first select the model fine-tuned with 11% of the fine-tuning sample
of the Expert dataset, which demonstrates the largest performance improvement, and use
both datasets to validate the generalisability of our model on unseen data using the concept
of optimism [33]. Optimism is the difference between training and testing accuracy. In this
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Figure 4.2: Comparative performance of our fine-tuned model on both datasets. The
dotted lines represent the median BLEU score, and the line between them represents the
optimism of our fine-tuned model on both datasets, highlighting an optimism score of 9.31
BLEU score points.

thesis, I evaluate the accuracy using the BLEU metric on both datasets. A lower optimism
score suggests better generalisation and indicates that the model is less prone to overfitting
[31]. T follow a similar approach as in RQ1 to evaluate the performance of each model. I
calculate the BLEU score for each file in both the test sample of the Expert dataset and
the Generalised dataset. Then, I compute optimism as the difference in the median BLEU
scores of both datasets:

Optzmzsm = BLE UEzpert dataset — BLEUGenemlised dataset

Additionally, to understand how fine-tuning impacts the performance on unseen data,
I study the improvement at the granularity of lines of build code, assuming that the
performance might not improve uniformly. I compare the build code generated by our
base and fine-tuned models in the Generalised dataset, allowing me to draw comparisons
between the distributions of BLEU scores of the base and fine-tuned models.
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Figure 4.3: The BLEU score distribution of generated build code from our base model and
fine-tuned model on the Generalised dataset. The main difference between both models
occurs at the two extremes of the plot.

4.2.2 Results

Observation 3: Model performance decreases by 16.13% when it is applied to
the Generalised dataset. Figure 4.2 illustrates the distribution of the BLEU scores, with
median BLEU scores of 57.69 and 48.38 for Expert and Generalised datasets, respectively.
The optimism score is 9.31, highlighting a 16.13% drop in performance on the Generalised
dataset. This decrease underscores the difference between the two datasets, which I suspect
is attributed to differences in the type of content that they store. For example, I observe
that there are no contributor tags in the Generalised dataset.

Observation 4: Fine-tuning decreases entirely inaccurate suggestions by
24.18% and increases completely accurate build suggestions by 15.02%. Figure
4.3 shows a reduction as the curve approaches a BLEU score of 0 (i.e., completely incorrect
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build code generation) in the fine-tuned model, indicating fewer inaccurate build sugges-
tions are generated when the model is applied to our Generalised dataset. In contrast,
the area increases as the curve approaches a BLEU score of 100, reflecting more accu-
rate build suggestions. This change underscores the performance improvements achieved
through the fine-tuning process. The results reveal a multi-modal distribution with three
peaks.The central peak remains relatively consistent between the two models, while the
extreme peaks, representing BLEU scores of 0 and 100, appear at minimum and maximum
points of the spectrum. This pattern highlights that both models mostly suggest build
code lines that are either completely accurate (i.e., a BLEU score of 100) or completely in-
accurate (i.e., a BLEU score of 0). Comparing the fine-tuned and base models, we observe
an increase in completely accurate build code generation by 5.56 percentage points and a
decrease in completely inaccurate build code generation by 8.29 percentage points.

The fine-tuned model improves accuracy in generating build code, and it achieves
sufficiently general performance to serve as a strong foundation for researchers to
build upon.
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Chapter 5

Follow-Up Analysis

In Observations 3 and 4, I note that overall performance declines when our fine-tuned model
is applied to the Generalised dataset. Upon closer inspection, I observe that the models
often generate lines that are completely accurate (i.e., BLEU score of 100) or completely
inaccurate (i.e., BLEU score of 0).

I hypothesise that while characteristics are shared between both datasets, there are also
characteristics that are distinct between the datasets. To understand the characteristics of
the datasets, I analyse the frequency at which tag types appear in build files of projects,
and compare those distributions between the two datasets.

I extract tags from build files using the 1xml' library. Inside the build file, the root
element is the project tag, which contains information related to the build system of that
project. I then extract the first-level child tags within the project tag to obtain a list of
child elements (i.e., tags) within each build file. Next, to analyse the size of each tag in
the build file, I count the number of lines within each tag and then calculate its proportion
relative to the total number of lines in the build file.

To understand which tags are associated with accurate or inaccurate predictions, I
inspect samples of the results from RQ1 and RQ2. I stratify the results along the type
of tag, which may be functional, i.e., tags that affect the outcome of the build, or and
metadata, i.e., tags that do not affect the outcome of the build.

I reference the Maven project descriptor? to determine whether each tag type is func-
tional or metadata. Tags that, when modified, impact the build process or outcome are

https://1xml.de/
?https://maven.apache.org/ref/3.9.6/maven-model/maven.html
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Figure 5.1: Compares tag percentages of build files between the test sample of our Expert
dataset and the Generalised dataset. The violin plots illustrate the distribution of the
percentage of content each tag occupies across build files. Tags are arranged from top to
bottom based on decreasing median percentages, with the highest median at the top.

categorised as functional; otherwise, they are categorised as metadata. For example, the
modelVersion tag defines how Maven parses build files and thus directly affects the build,
making it a functional tag. In contrast, the name tag identifies the project name but
does not alter the build outcome, even if it contains an incorrect setting, so I classify it
as metadata. Tables 5.1 and 5.2 describe the encountered functional and metadata tags,
respectively. Figure 5.3 shows examples of functional and metadata tags.

Observation 5: Contributor information does not exist in the Generalised
dataset. Figure 5.1 shows the overall prevalence of different tags across both datasets.
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Figure 5.2: The BLEU score distribution of our fine-tuned model across both datasets,
categorised by tag type. The fine-tuned model exhibits a higher average BLEU in gener-
ating functional tags compared to metadata tags.

There are 28 tags (96%) out of 29 tags that appear in both datasets, whereas contributors
is exclusive to the test sample of the Expert dataset. Figure 5.1 shows that the contributors
tag is absent, and the mailinglists tag appears only once in the Generalised dataset.
These metadata tags provide details about contributors and communication methods. Con-
sequently, their absence or limited occurrence does not influence the functionality of the

build system. This discrepancy highlights different objectives between the Expert and
Generalised datasets.

Observation 6: The fine-tuned model underperforms in generating metadata
content. Figure 5.2 shows a concentration of BLEU scores at or near to zero for metadata
tags in both datasets. In the Expert dataset (test sample) and Generalised dataset, our
median BLEU score for metadata tags is Zero. Conversely, our model performs substan-
tially better in suggesting functional tags, achieving median BLEU scores of 55.34 and
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<proj =" : n.apache . org/POM/4.0.0">
<modelVersion>4.0.0</modelVersion>
<groupId>org.apache.cxf</groupIld>
<artifactId>cxf</artifactId>

<inceptionYear>2006</inceptionYear> Metadata tagS

<developers>

<developer>
<name>The Apache CXF Team</name>
<email>dev@cxf.apache.org</email>
<url>https://cxf.apache.org</url>
<organization>Apache Software Foundation</organization>
<organizationUrl>https://apache.org/</organizationUrl>
<properties>

<picUrl>https://cxf.apache.org/images/cxf.png</picUrl>

</properties>

</developer>

Functional tags

</project>

Figure 5.3: Snippet of Maven build code showing examples of functional tags and metadata
tags.

47.49 in the Expert and Generalised datasets, respectively.

Our fine-tuned model performs substantially better in generating functional tags
than metadata tags; furthermore, software developers can use the fine-tuned model
to generate functional build code with higher confidence than metadata tags.
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Table 5.1:

A summary of the Maven functional tags within our datasets.

Tag Name

Description

artifactId

build
dependencies

dependency-
Management

groupld

modelVersion

modules
packaging
parent
plugin-
Repositories
prerequisites
profiles
properties

repositories

version

It specifies the unique identifier for an artefact within a group, di-
rectly influencing the name of the generated artefact. It determines
the artefact’s base name in the output.

It directly influences the build process and final artefact through
plugin executions and settings.

It specifies the project’s direct dependencies, including external li-
braries in the build, affecting compilation and runtime behaviour.

It provides dependency inheritance to child projects, controlling ver-
sions of dependencies and affecting the consistency and outcome of
child builds.

It defines the unique identifier for the project’s group, crucial for ac-
curate dependency resolution and directly affecting the build process.
Specifies the Project Object Model (POM) version that the current
POM follows, guiding Maven in interpreting its structure and con-
tent.

It specifies the modules in a multi-module project, impacting the
overall build structure and outcome.

It specifies the packaging type of the project (e.g., jar, war), defining
the type of artefact produced and influencing the build output.

It allows the project to inherit dependencies and plugins from a par-
ent POM, potentially altering the build outcome.

Defines additional repositories for plugins, affecting the build if re-
quired plugins are retrieved.

Specifies the minimum Maven version required to build the project,
ensuring the build process utilizes appropriate Maven features.
Allows customization of build settings, altering the build outcome
when profiles are activated and enabling different configurations.
Defines custom properties used throughout the POM, influencing the
build process if configurations use these properties.

Defines additional repositories for dependencies, impacting the build
by providing access to dependencies not found in default repositories.
Determines an artefact’s version, influencing dependency manage-
ment and build reproducibility.

30



Table 5.2:

A summary of the Maven metadata tags within our datasets.

Tag Name

Description

ciManagement
contributors
description
developers
distribution-
Management
inceptionYear
issue-
Management
licenses
mailinglLists
name
organization

reporting

Scm

url

Information about the continuous integration system. It is provided
for informational purposes.

Lists the contributors involved in the project. It serves as acknowl-
edgement in generated sites.

It briefly describes the project and serves informational purposes in
the documentation.

Lists the developers involved in the project. It is used in documen-
tation and metadata.

It specifies where to deploy the project’s artefacts. It does not affect
the build output but determines deployment destinations post-build.
Indicates the year the project was started. It is used in generated
reports.

Information about the issue tracking system. It is included in the
documentation for user reference.

Provides information about the project licenses. It is included in the
metadata for legal compliance.

Information about mailing lists related to the project. It is used in
generated documentation.

It specifies the name of the project outcome used for display in the
generated documentation.

Information about the organization behind the project. It is included
for informational purposes.

Specifies the reporting settings, usually for site generation. It affects
the generation of reports.

Details of source control management for the project. It may affect
the build if certain plugins use SCM information; otherwise, it is
mainly for metadata.

It specifies the URL of the project’s website and is included in the
metadata for reference.
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Chapter 6

Threats to Validity

6.1 Construct Validity

Construct validity refers to how accurately the measurements in our study represent the
theoretical constructs they aim to assess. Given the similarities between source code and
build code, I considered using CodeBLEU [(5]; however, CodeBLEU does not yet support
build specifications, and developing such support is beyond the scope of this research.
Nevertheless, I use BLEU consistently as our evaluation metric, as it is an established
method in this field, e.g., [12, 53, 61, 79]. Conducting human evaluations would be the
next step to evaluate the models; we elaborate further on this in the section A.3.

6.2 Internal Validity

Internal validity refers to how our study accurately establishes cause-and-effect relation-
ships between variables, minimizing the influence of alternative explanations. In this study,
I collect Maven build files from GitHub to create the Generalised dataset; however, there
is a risk that the build files might be syntactically incorrect, which could affect the BLEU
evaluation. To mitigate this, I validate all Maven (see section 3.1.3) build specifications
against the official schema of Maven pom.xml to verify their correctness.
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6.3 External Validity

External validity refers to how well the results of our study generalise. In our research, I
fine-tune and test our model using our Expert dataset; however, this approach risks creating
a model that performs well on this dataset but may not generalise to other contexts. To
mitigate potential bias, I calculate the optimism score of our model using a Generalised
dataset to assess its performance on a different dataset. Like the Expert dataset, this
dataset consists of real-world Maven projects. While our study focuses on the Maven build
system, future research could expand this approach to other build systems like CMake,
Bazel, etc.
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Chapter 7

Conclusion

Maintaining build systems is an essential task in the software development process. With
the emergence of LLMs being used in source-code maintenance tasks, I explore their po-
tential to improve build system maintenance by applying an LLM to generate build code.
I conduct an empirical study of the CodeGen model when it is applied to the Maven build
system. The subjects include an Expert dataset hosted by ASF and a Generalised dataset
sample from GitHub. The Expert dataset is used for fine-tuning and testing, and the
Generalised dataset is used strictly for testing.

Our results show that LLMs can effectively maintain Maven build system specifications.
Fine-tuning the CodeGen model with a small subset of the Expert dataset (i.e., 11%) yields
the largest increase in performance. Furthermore, when applied to the Generalised dataset,
the fine-tuned model retains 83.86% of its performance, suggesting it has not been overfit.
Lastly, I categorise the content of our build files into functional and metadata content based
on their enclosing tags. Our model performs better at generating functional build content
than metadata content. This suggests that while the model is proficient in suggesting
functional build code, which is essential to run the build system, it exhibits limitations in
suggesting non-functional (supplementary) build code. Therefore, when using the model
to maintain Maven build specifications, developers can expect higher accuracy in generat-
ing functional content, while metadata content may require additional review. This may
be because metadata content tends to be project-specific or intra-company-specific, often
reflecting unique requirements or conventions not widely represented in functional build
content. This makes it more challenging for LLMs to generate metadata content reliably.
This highlights the need to fine-tune the model to project-specific or intra-company-specific
data.
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Appendix A

A.1 Large Language Models

Large Language Models (LLMs) are advanced computational systems designed to under-
stand and generate human language, distinguished by their large parameter sizes and ex-
ceptional capabilities [12]. LLMs use the transformer architecture (as shown in Figure A.1)
and the attention mechanism introduced by Vaswani et al. [71], which has significantly en-
hanced the learning capabilities of LLMs to manage long-range dependencies in natural
language texts. This design represents a significant shift from earlier models, like Recurrent
Neural Networks (RNN), allowing parallel processing and more direct interactions between
different sequence parts.

LLMs are typically pre-trained on large amounts of data to acquire a huge knowledge
base. During this phase, which is self-supervised, these models learn the intricacies of the
training data structure without explicit human-labeled examples. After pre-training, LLMs
can be fine-tuned to solve specialized tasks through a supervised training method, where
smaller labelled datasets guide the model to generate context-specific or domain-specific
outputs. This combination of self-supervised learning and targeted fine-tuning is key to
the versatility and effectiveness of modern LLMs.

A.2 Prompt Engineering

A prompt is a set of instructions given to an LLM to program it, customize its behaviour,
or enhance and refine its generation capabilities [11]. Such prompts range from simple
questions to more detailed specifications (see Figure A.2). By carefully crafting the prompt,
one can greatly influence the quality of the generation of the LLM.
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Figure A.1: The transformer model architecture, from ”Attention Is All You Need” by
Vaswani et al. [71].

Prompt engineering is the method of programming LLMs by crafting and using prompts
[73]. Prompt engineering enables practitioners to guide the output of an LLM through
systematic experimentation and iteration, often without retraining or modifying the LLM.
This approach leverages the knowledge acquired during pre-training or fine-tuning while
allowing on-the-fly adjustments to address diverse tasks such as text generation or sum-
marisation.

48



"Write a 500-word essay describing the
process of photosynthesis at a molecular
"Explain photosynthesis level. Include details about the roles of
in simple terms." chlorophyll, the light-dependent and light
-independent (Calvin) cycles, and glucose
production."

Figure A.2: Example of prompts — simple prompt (left) and complex prompt (right).

A.3 User-study Evaluation

A user study could be conducted with software practitioners, software developers, DevOps
engineers, and researchers who regularly write or maintain build code. The fine-tuned
model can be viewed as a specialized version of GitHub Copilot, tailored specifically to
generating build code. During the evaluation, participants would be asked to complete
tasks such as creating a build script from scratch or finishing a partially written script, all
with and without the help of this fine-tuned model.

The primary focus of the evaluation would be to measure how often the next-line gener-
ated by the fine-tuned model is accepted or rejected. Additionally, it would be valuable to
capture instances where generations are accepted but subsequently modified to distinguish
between minor and major edits. This approach would shed light on the accuracy of the
generations of the fine-tuned model and the nature of user interactions with its generated

build code.
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