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Abstract

Large Language Models (LLMs) have shown remarkable performance across a wide
range of natural language processing tasks, yet their effectiveness remains highly sen-
sitive to prompt formulation. Manual prompt engineering is often labor-intensive,
inconsistent, and difficult to scale. This thesis investigates the landscape of auto-
mated prompt optimization, analyzing recent advancements such as natural language
gradient-based refinement, Bayesian Optimization for discrete prompt tuning, evolu-
tionary strategies, and joint fine-tuning approaches. Through a comprehensive com-
parison of these techniques, the study identifies key trends, limitations, and opportu-
nities in existing methods. Building on these insights, we propose a novel framework
that aims to combine the interpretability of natural language-based refinements with
the efficiency of automated search strategies. Experimental evaluations demonstrate
improved task performance andprompt robustness acrossmultiple LLMbenchmarks.
This research contributes a unified perspective on automated prompt optimization
and paves the way for more adaptive and accessible prompt engineering methodolo-
gies.
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Chapter 1

Introduction

1.1 Introductory Information

Prompt engineering the art of designing inputs to get LLMs to do certain things, is
an unavoidable but delicate part of using these models. Small changes in wording,
presentation, or context can have a huge impact on outputs, creating instability and
volatility in downstream processes. This sensitivity presents very serious issues, es-
pecially in applications with high stakes such as healthcare, legal systems, or finance,
where dependability and predictability are critical.

To fill this, researchers have proposed a variety of methods for automatic optimiza-
tion of prompts. These include some gradient descent-inspired methods founded on
natural language feedback (such as ProTeGi), black-box optimization methods like
Bayesian Optimization with relaxed token representations, and even hybrid methods
that reconcile prompt tuning and model fine-tuning. Evolutionary algorithms have
also emerged as an extremely promising direction for prompt strategy optimization
between generations, and these come along with scalability and flexibility.

The consequences of auto-optimizing prompts in practical applications are signifi-
cant. In use cases such as clinical decision support, intelligent tutoring systems, and
document generation for the legal profession, minimizing the need to write prompts
manually not only saves time but also yields more consistent model behavior. In ad-
dition, the increasing deployment of LLMs in edge computing, user applications, and
low-resource environments makes efficient, generalizable prompt optimization tech-
niques even more critical.

Throughout this thesis, we explore the current state of the art in prompt optimization
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techniques for LLMs, analyze their strengths and weaknesses in a critical light, and
present a unified framework that combines the interpretability of natural language
feedback with the effectiveness of search-based methods. Our work aims to provide
both practical and theoretical contributions towards enhancing prompt engineering
with the development of progressively larger language models.

1.2 Motivations and Scope

The increasing use of Large LanguageModels (LLMs) in software engineering has cre-
ated novel possibilities for automating tasks such as code generation, documentation,
and test case creation. However, the effectiveness and usefulness of test cases gen-
erated by LLMs substantially depend on the way the task is defined and the prompt
given to the model. Despite the promise, there is no coherent understanding of how
prompt types influence the correctness, completeness, and usefulness of generated
test cases.

This research is driven by the need to reduce the disparity between human intent
and machine response in leveraging LLMs for software testing. Usually, the develop-
ers need to write good prompts that will drive LLMs to produce the right and help-
ful test cases. This project hopes to allow developers to make better use of LLMs so
they can automate the generation of tests. This would result in reduced develop-
ment times, higher-quality software, and increased adoption of AI-based testing in
real-world projects.

This thesis places specific focus on how the different types of prompts impact the
quality of test cases produced by LLM.It focuses on a narrower scope of testing Java
test cases , looking at various approaches to prompting like elaborative versus sparse,
formal versus conversational, in context versus out of context. The work isn’t about
building a new LLM or augmenting the base model itself; rather, it’s about how hu-
mans can better interact with existing models in a way that results in better output.

The investigation involves qualitative and quantitative evaluation of test cases pro-
duced automatically by means of coverage, correctness, and relevance. Though the
results are limited by current LLMs’ capabilities, the conclusions are likely to provide
developers and testers with pragmatic guidance on how to make better use of AI tools
in their profession.
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1.3 Problem Statement

As large languagemodels (LLMs) becomemore widely used in software development
tasks, including the generation of test cases, a new challenge has emerged: the qual-
ity and usefulness of the generated test cases heavily depend on how the prompt is
written. Although models like ChatGPT and others have impressive capabilities, the
response in most situations is still unpredictable, especially if the input query is sub-
par or lacks the right context.

This is a challenge for developers who want to leverage these tools for in-the-wild
testing; sometimes, theymay not even knowhow to properly ask forwhat they need so
that they’ll get useful and relevant test cases. Without proper guidance or prompting
techniques, generated test cases will be too shallow, miss edge cases, or fail to capture
the original code’s logic.

The core problem this thesis addresses is the lack of understanding and guidance
around how different types of prompts impact the quality of test cases generated by
LLMs. There is currently no clear standard or best practice, and the trial-and-error
approach many developers use is both time-consuming and unreliable. This research
aims to explore and identify more effective prompting strategies that can consistently
yield better results, making LLMs more practical and trustworthy tools in software
testing workflows.

Table 1.1: Test File Coverage Summary for LLMs

Test Method Gemini Copilot CODELLAMA
ZeroShot 100% 100% 55.19%
FewShot 100% 100% 87%
Cot 99% 100% 17%
Tot 26% 99% 69.33%

Cotself 100% 100% 85.86%

Aside from showing how unmanageable LLM test case generation becomes based on
prompting strategy, Table 1.1 contrasts coverage achieved between the different mod-
els (Gemini, Copilot, and CodeLlama) within different approaches towards how to
prompt them (ZeroShot, FewShot [3], Chain-of-Thought (Cot) [8], Tree-of-Thought
(Tot), and Cotself) . While Gemini and Copilot maintained solid coverage for most
prompts (in some cases getting as close as 100%), CodeLlama’s performance was in-
credibly inconsistent with only 55.19% coverage using ZeroShot prompting and as lit-
tle as 17% using Cot prompting. That inconsistency is a telltale sign of the primary
issue: even slight variations in prompt generation can lead to significantly different
quality levels of produced test cases, particularly between different LLMs. Lacking
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structured prompting techniques, developers stand to get suboptimal or incomplete
test suites, further affirming the imperative for structured guidance and inquiry into
prompt engineering methods.

1.4 Research Challenges

1. Defining and Measuring Test Case Quality

• Lack of standardizedmetrics to evaluate the effectiveness of LLM-generated
test cases.

• Trade-off between automatedmetrics (code coverage, mutation score) and
human-judged quality (readability, relevance).

• Difficulty in ensuring inter-rater reliability when multiple human evalua-
tors assess test cases.

2. Prompt Design and Variability

• High sensitivity of LLM outputs to minor changes in prompt wording.

• Difficulty in determining the optimal prompt structure (zero-shot vs. few-
shot vs. chain-of-thought).

• Risk of overfitting prompts to a specific LLM (e.g., GPT-4) without gener-
alization to other models.

3. Bias and Limitations in LLM-Generated Test Cases

• LLMs may produce repetitive, superficial, or unrealistic test cases due to
training data biases.

• Difficulty in generating edge cases and negative test scenarios without ex-
plicit guidance.

• Potential for false positives (incorrect test logic) or false negatives (missing
critical test cases).

4. Existing Dataset challenge

• Existing datasets primarily consist of isolated code snippets or individual
methods, which are insufficient for evaluating project-level or class-level
unit test generation and coverage analysis.
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• Comprehensive datasets containing complete, real-world software projects
are scarce.

• To address this gap, we collected 20 open-source Java projects fromGitHub,
ensuring a variety of code structures and complexities suitable for project-
level evaluation.
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Chapter 2

RelatedWorks

Research in optimizing prompts for large languagemodels (LLMs) has grown rapidly,
as the performance of these models can significantly vary based on how prompts are
constructed. Rather than treating each study individually, this section organizes ex-
isting literature into key thematic areas that align with broader challenges and inno-
vations in the space: Automatic Prompt Optimization, Search and Evolution-Based
Prompting, and Hybrid Strategies Combining Fine-Tuning and Prompting.

2.1 Constructing a Thematic Literature Narrative

1. Automatic Prompt Optimization Techniques
Zero of themain research areas is creatingmethods that automatically optimize
prompt formulations to reduce human effort and increase consistency between
tasks. ThePaper titled "ThePromptAlchemist: AutomatedLLM-TailoredPrompt
Optimization for TestCaseGeneration" [1] presents a systematic, iterative frame-
worknamed "MAPS" that guides LLMs to generate and optimize diverse, context-
aware prompts for test case generation using domain knowledge, performance
feedback, and error-driven refinement. Leverages LLM feedback and domain
info to improve prompt quality over iterations.

The paper titled "Automatic Prompt Optimization with ’Gradient Descent’ and
Beam Search" [4] introduces ProTeGi, an algorithm that simulates natural lan-
guage gradients to iteratively optimize prompts. This method employs a beam
search action to expand vague task descriptions into more defined instructions,
and it is especially useful in the case of annotation and data labeling. It shows
howprompt engineering can be reduced to amore scalable, data-driven process.
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Likewise, the research article "PromptOptimization in Large LanguageModels"
[5] employs Bayesian Optimization using continuous relaxation for efficiently
searching within the prompt space. The specific interest to black-box LLMs,
the research is particularly relevant to realistic situations where access to model
internals is not a possibility. Both research articles remedy the shared tendency
of deviating from trial-and-error prompt development towards systematic and
automated methods.

2. Evolutionary and Search-Based Approaches
Another potential solution is to pair evolutionary algorithms with search-based
solutions to fully leverage what LLMs can provide. In the paper "Deep Insights
into Automated Optimization with Large Language Models and Evolutionary
Algorithms" [9] the authors introduce a paradigm where LLMs handle gener-
ating or improving optimization techniques and evolutionary algorithms with
the task of finding the most optimal solutions. This two-stage method seeks
to push beyond the limitations of current optimization methods by combining
the inventive power of LLMs with the flexibility of evolutionary search. The
assumption that LLMs are actually capable of assisting in the process of op-
timizing their own optimization methods is an exciting area of research with
immense potential for future research.

3. Joint Optimization of Prompts andModel Parameters
Finally, some work explores combining prompt optimization with model fine-
tuning, showing that the two processes can reinforce Zero another. The paper
“Fine-Tuning and Prompt Optimization: Two Great Steps that Work Better To-
gether” [6] presents a method where prompts and model weights are optimized
in alternating steps. This is particularly impactful for multi-module systems
where intermediate outputs aren’t labeled or interpretable. It illustrates how
integrating prompt engineering with internal model adaptation can lead to im-
proved outcomes for complex NLP tasks.

2.2 Analysis of RelatedWorks

Research onprompt engineering for large languagemodels (LLMs) has rapidly evolved,
with multiple approaches emerging to optimize prompt design and maximize model
performance.This section categorizes the literature into three main thematic areas:
automated prompt optimization techniques, search and evolutionary-based strate-
gies, and combined fine-tuning and prompt strategies.
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The other main area of research is maximizing the efficiency and minimizing the re-
liance on human trial-and-error for prompt design. "Automatic Prompt Optimization
with ’GradientDescent’ andBeamSearch" [4] discusses ProTeGi, a system thatmimics
gradient descent with natural language feedback and optimizes prompts using beam
search. Its strength lies in automating prompt optimization usingmodel output learn-
ing, without the need for human-in-the-loop optimization. But the method makes an
assumption that there is enough good-quality data around, and it can be noisy with
regard to model output.

Similarly, "Prompt Optimization in Large Language Models"[5] solves the issue us-
ing Bayesian Optimization and a continuous relaxation technique to explore the vast
prompt space. This approach is very effective for black-box models, for which gradi-
ents aren’t available and hence gradient-based methods for tuning can’t be utilized.
Its primary strength lies in its efficiency and scalability, though the goodness of the
search heavily depends upon the initial sample space and objective function used.

Both papers prefer data-driven and automated prompt adjustment, but are in different
directions. ProTeGi focuses on natural language search and transformations, while
the latter adopts probabilistic modeling. They coincide, however, on a similar goal:
abolishing the human-initiated prompt creation bottleneck.

A more inquisitive and biologically driven approach comes in the article "Deep In-
sights into Automated Optimization with Large Language Models and Evolutionary
Algorithms." [9] The article proposes an LLM-EA hybrid where LLMs create or con-
struct optimization approaches and evolutionary algorithms (EAs) are used to opti-
mize towards well-performing solutions. The strength of this work is that it unites
the generative capability of LLMs with the adaptive search ability of EAs, potentially
scaling to problems for which traditional methods are insufficient.

This approach also predicts an exciting future: models that help optimize their own
optimization processes. Nevertheless, its success hinges on proper interaction be-
tween the LLM and the evolutionary algorithm, and it is too early to ascertain its scal-
ability on diverse NLP tasks. Unlike ProTeGi and Bayesians, the LLM-EA paradigm
allows for a more exploratory search process rather than converging optimization.

While the first two categories attempt to optimize prompts alZero, "Fine-Tuning and
Prompt Optimization: Two Great Steps that Work Better Together" [6] argues for a
more holistic pipeline. It explores alternating between fine-tuning LLM weights and
prompt optimization in iterative cycles. This strategy enables themodel to refine both
its internal representations and external task descriptions, which is especially valu-
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able in complex multi-module NLP systems where intermediate annotations are un-
available.

The novelty of this approach is its co-adaptive mechanism: prompts evolve while the
model itself improves, creating a feedback loop that strengthens task performance.
However, the process can be computationally expensive and assumes access to model
internals for fine-tuning, limiting its use with proprietary black-box LLMs like GPT-4.

2.3 Compare and Contrast Different Works

While ProTeGi applies a natural language "gradient descent" strategy for optimizing
prompts by beam search towards iterative human-readable improvement of prompts,
the Bayesian Optimization with continuous relaxation accomplishes the reverse by
formulating prompt engineering as a combinatorial optimization task over n-grams
and utilizing Bayesian techniques to conduct search in the discrete space efficiently.
ProTeGi emphasizes interpretability and usability by creating more transparent task-
focused instructions, whereas the Bayesianmethod focuses on black-box optimization
performance without the requirement of model internals.

Unlike this, the LLM-EA method extends beyond the optimization of prompts only
by proposing a generalized optimization framework where LLMs yield strategies and
Evolutionary Algorithms search. The strategy is customized to solve broader opti-
mization problems and reduces the amount of human effort that goes into designing
a strategy, unlike ProTeGi and Bayesian Optimization that are more tightly bound to
prompts. The LLM-EAparadigm is characterized by automating not only the prompts
but also task solution strategies themselveswith the aimof being adaptive across prob-
lem spaces.

By contrast, BetterTogether takes a different approach by interweaving prompt opti-
mization with LM weight fine-tuning, alternating between the two to enable a boot-
strapped form of self-improvement. Unlike ProTeGi, which treats prompt refinement
as a standalZero task, or theLLM-EAparadigm,which separates generation and search,
BetterTogether views the LM as a unified system that can be trained in parallel flat-
tening the model-centric vs. prompt-centric optimization dichotomy.

Hence, while all four works address the challenge of improving LLM performance
through the use of optimization, the four pieces differ immensely in scope, method-
ology, and assumptions. ProTeGi and Bayesian Optimization focus on optimizing
prompts in interpretable and computationally efficient ways. The LLM-EA paradigm
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generalizes optimization through the use of a hybrid AI approach, and BetterTogether
explicitly integrates prompt engineering intomodel learning, offering a new direction
towards modular LM systems for sophisticated NLP pipelines. Together, these papers
showa rich picture of solutions, fromquick-in parameters to integrated, adaptive LLM
optimization systems.

2.4 Gaps and Opportunities

Despite their achievements, currentmethodologies for rapidity and optimization strat-
egy enhancement in LLMsunveil several significant gaps that leave scope for improve-
ment.

Second, while ProTeGi emphasizes interpretability with natural language gradients,
it is largely set in the scenario of a limited beam search framework and may struggle
to scale with more prompt-complex or domain-specific applications. It also fails to
actively address multi-module LLM pipelines or cross-prompt dependencies, which
are increasingly relevant in state-of-the-art NLP systems.

The Bayesian Optimization with continuous relaxation method demonstrates out-
standing performance in black-box environments but is inherently constrained by de-
pendence on fixed-length n-gram sequences and inability to support responsiveness
to dynamically or semantically richer prompt structures. Also, the strategy prioritizes
performance over interpretability, withminimal explanation provided for why certain
prompts are superior. Rendering it less useful in human-in-the-loop usage.

The LLM-EA paradigm, though ambitious, is yet to be fully explored in task-specific,
real-world benchmarks. It frames optimization in general terms but will probably
suffer from lacking domain constraints and therefore find it difficult to determine the
appropriateness of the evolved strategies to highly specialized tasks. Its dependence
on successful representation and operator design also means the need for more for-
malization and experimentation across different domains.

BetterTogether offers a novel bootstrappingmethod via alternating prompt andweight
optimization, but it relies on the presence of rich training data and computational
resources to facilitate frequent fine-tuning a requirement that is not fulfilled in most
low-resource or real-time environments. Moreover, its application to tasks with non-
differentiable evaluation metrics remains an open area of research.

Taken together, these limitations suggest several research directions:

1. Engineering domain-adaptive prompt optimizationmethods that go beyond static
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forms and involve user or task context.

2. Engineering resource-lean optimization algorithms that can be applied in low-
data or real-time settings without fine-tuning the full LM.

3. Exploring interpretable optimization techniques that retain transparency while
maintaining performance gains, bridging usability and accuracy.

4. Scaling current models to accommodate multi-module LLM systems with de-
pendent prompts, which are now more and more common in advanced NLP
pipelines.

5. By bridging these gaps, future work can providemore solid, adaptable, and scal-
able means of LLM prompt and strategy optimization. Moving towards gener-
alized, human-centered AI systems.

2.5 The Role of Transition Words in Literature Syn-
thesis

2.5.1 CompareandContrast ofPromptOptimizationApproaches

ProTeGi, say, suggests a natural language "gradient descent"mechanism for iteratively
refining prompts via beam search. This focus on interpretability and usability differs
from the efforts in BayesianOptimization, which, instead, represent prompt tuning as
a combinatorial problem and employ a continuous relaxation approach for efficient
black-box search.

Conversely, the LLM-EA paradigm goes Zero step further by optimizing strategies
themselves, as opposed to prompt structures. While ProTeGi and Bayesian methods
are centered on prompting optimization to enhance performance, the LLM-EA ap-
proach leverages the generation potential of LLMs and Evolutionary Algorithms to
create optimization strategies, thereby reducing manual heuristic design needs.

Combining the limitations of prompt-only approaches, the BetterTogether framework
proposes an integrated strategy, alternating between prompt tuning andmodel weight
fine-tuning. This approach is novel in that it enables the model to effectively "teach
itself" with minimal supervision, a major advantage in modular NLP pipelines where
intermediate labels are not present.

Together, these approaches show the range of solutions currently available as attempts
to solve and optimize the prompt and strategy. Some emphasize interpretability and
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usability (e.g., ProTeGi), others performance within resource-limited environments
(e.g., BayesianOptimization), or propose unified frameworks for learning and reason-
ing (e.g., BetterTogether). Each, despite its heterogeneity, is trying to tackle different
features of the same fundamental problem: improving LLM performance via wiser,
automated prompting techniques.

2.5.2 Gaps and Opportunities in Existing Literature

While these improvements exist, there remain important lacunae in the literature that
contain high potential for future research. For example, while ProTeGi generates un-
derstandable improvements with natural language feedback, it does not yet scale to
extremely complex or domain-specific prompts.

Second, the Bayesian Optimization approach, as powerful as it is, can only work on
strict token orderings and lacks adaptive mechanisms to adjust task needs over time.
It also cannot produce human-interpretable reasonswhy certain prompts work better.
Something of crucial importance in human-in-the-loop systems.

Conversely, the LLM-EA paradigm, as abstract and flexible in theory, nZerotheless
lacks standards of actual deployment and testing in real-world settings. Hence, its
true effectiveness on domain-specific tasks remains uncertain. BetterTogether, as in-
novative in integrating the optimization of prompt and weights, relies on the avail-
ability of large training data and computing resources, which may be unavailable in
low-resource environments.

Taken together, these limitations necessitate new research directions. To be precise, it
can be explored how domain-adaptive, context-aware prompt optimization methods
can be explored; low-resource and real-time optimization methods can be developed;
and understandable but high-performing frameworks that can optimize prompts in
modular, multi-stage LLM architectures can be designed.

By solving these challenges, work in the future can close the gap between real-world
applicability and theoretical innovation andmaking efficient optimization techniques
not only effective but also practical, understandable, and able to be adapted to newuse
cases.

2.6 Summary

The current chapter has discussed the shifting momentum of prompt optimization
and automated processes in the domain of Large Language Models (LLMs). Under-
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pinning all of the literature in the field is a similar strand of increasing recognition
of prompt sensitivity as a performance predictor for LLMs and thus the necessity
for automated processes with the capacity to adapt to task-oriented demands. From
gradient-inspired methods like ProTeGi, to Bayesian Optimization for black-box op-
timization, to more general paradigms like LLM-EA, researchers are actively looking
into ways to reduce reliance on manual prompt engineering and improve efficiency,
interpretability, and adaptability.

Despite these advances, there are several notable gaps that still exist. Most existing
methods either sacrifice interpretability for performance or do not scale and gener-
alize in real-world settings. Moreover, techniques like BetterTogether, while new in
the sense of combining prompt and weight optimization, also tend to assume access
to large computational resources. Excluding their practical application in resource-
limited settings.

Collectively, these results highlight the pressing need for an adaptive and interpretable
efficient optimization paradigm that is capable of operating under low-resource con-
ditions and can be applied to modular or black-box LLM pipelines. These results also
reinforce the central problem being addressed in this thesis: discovering a generaliz-
able, low-latency, and human-aligned prompt optimization solution.

In the next chapter, we detail these deficiencies by describing our proposed method,
aimed at filling gaps identified in current literature and providing a valuable, scalable
contribution to the nascent field of LLM prompt engineering.
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Chapter 3

Proposed Methodology

The proposed methodology focuses on enhancing the quality of prompts to improve
Large Language Models’ (LLMs) performance in unit test generation. Unit test out-
puts from LLMs can vary significantly depending on the structure, clarity, and speci-
ficity of the input prompt. Therefore, this work emphasizes systematically processing
and refining prompts to create more precise and effective queries. By optimizing the
prompt structure, the goal is to achieve more accurate, consistent, and contextually
relevant unit test generation responses.

3.1 Overview of the Methodology

The Methodology can be divided into the following components.

3.1.1 Experiments

Initially, a series of experimentswas conductedusing a variety of prompt types, includ-
ing zero-shot, few-shot, chain-of-thought (CoT), tree-of-thought (ToT), and CoT with
self-thought prompting strategies. These prompts were utilized to generate unit tests
for Python methods, some of which involved inter-class dependencies. Observations
revealed that the quality and nature of the generated unit tests varied significantly
depending on the type of prompt used. For instance, CoT and ToT prompts often pro-
vided better explanatory depth but struggled to produce quality, executable test cases,
whereas few-shot prompts, despite offering less detailed reasoning, resulted in more
structurally sound and practically useful unit tests.
Moreover, it was observed that overly complex or irrelevantly large prompts often led
to hallucinations in the LLM responses, generating unnecessarily complicated and
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off-topic outputs. Such prompt constructions not only degraded the quality of the
generated unit tests but also introduced elements that were unrelated to the original
method, thereby complicating the overall outcome. [11], differentmethods responded
better to different prompt strategies; no single prompting style consistently performed
best across all cases. This further highlighted that unit test generation is highly sensi-
tive not only to the structure and clarity of the prompt but also to the characteristics of
the underlying code being tested, and that results remain inconsistent across different
LLMs and scenarios.

For quality analysis, each generated unit test was rigorously evaluated using Pylint,
which was instrumental in identifying syntax errors, semantic errors, code quality
warnings, and adherence to established coding conventions. To further assess the
comprehensiveness of the test cases, the Python Coverage library was employed to
measure the percentage of code lines covered by the tests, offering insights into their
depth and effectiveness. Alongside these tools, several key performance metrics were
systematically recorded for each prompt category. These included the number of test
failures and test successes, error counts in the generated tests, and the frequency of
warnings and convention break counts, which collectively provided ameasure of over-
all code quality. Additionally, success rate and error rate were computed to capture
the reliability of the test generation process, while branch coverage was monitored to
evaluate the extent to which different execution paths in the code were exercised.

We changed our method as the study progressed because our initial approach proved
insufficient for capturing the level of detail and reliability we needed. At the begin-
ning, we aimed to evaluate unit test generation at the project level, but most of the
available projects were written in Java, which led us to focus on Java projects specifi-
cally. From there, we selected 20 Java projects consisting of 442 classes to establish a
robust and diverse evaluation benchmark. In the first phase of experimentation, we
applied Chain of Thought (CoT), Zero-shot, Few-shot, Tree-of-thought (ToT), CoT
with self-thought (COTself) prompting to guide the LLM in reasoning through unit
test generation. However, we quickly observed that CoT alone was not providing
enough contextual information about the code, which limited the quality and cov-
erage of the generated test cases.

To address this, we shifted toward incorporating context retrieval techniques, with a
particular emphasis on the Abstract Syntax Tree (AST). Inspired by the insights from
The Paper named " TestBench: Evaluating Class-Level Test Case Generation Capabil-
ity of Large LanguageModels [10], we learned that by utilizingASTs, it was possible to
reduce unnecessary complexity while still preserving critical structural information.
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Specifically, TestBench demonstrated that removing all function bodies and variable
initialization statements, while retaining only declarations, effectively reduced the
length of contextual input without losing essential details. This transformation, re-
ferred to as the simple context, helped streamline the prompt while keeping it infor-
mative for the LLM.

After refining the prompt using the AST-based context, we introduced an additional
layer of improvement by designing an instruction set to guide the LLM more effec-
tively in generating high-quality unit test cases. [7] Initially, this instruction set was
created based on our own experience and observations during the early stages of ex-
perimentation. These rules primarily consisted of simple but essential guidelines that
we considered necessary for an LLM to produce meaningful and executable unit tests
from a given source code. However, we recognized the limitations of relying solely on
our own perspective and sought to validate and strengthen these rules against indus-
try standards.

Figure 3.1: Previous Vs Refined Rules

To achieve this, we conducted an expert evaluation of our human-made rules. We
collaborated with professionals from a reputed software company, engaging three ex-
perienced developers and two quality assurance (QA) engineers to review our instruc-
tion set. Their expertise and practical experience in software development and test-
ing allowed them to critically assess the effectiveness, completeness, and clarity of
the rules we had formulated. Based on their evaluation, they provided refinements
and improvements that transformed our initial rules into a set of industry-standard
guidelines.

16



This collaborative refinement process ensured that the instruction set not only aligned
with academic insights but also reflected real-world testing practices. As a result, the
rules became more robust, practical, and capable of consistently guiding the LLM in
generating unit tests that are both syntactically correct and effective in uncovering
potential defects in production code.

Figure 3.2: Our Proposed Piepline

3.1.2 Prompt Processing

Given the observed variability and inconsistency in unit test generation outcomes,
a dedicated prompt preprocessing stage was introduced into the methodology to en-
sure that the input provided to the Large Language Model (LLM) is well-structured,
context-aware, and optimized for producing high-quality results.

Instead of submitting raw user prompts directly to the model, this stage refines and
augments the input through a series of transformations. The process begins with the
detection of the programming language and its associated unit testing framework,
such as JUnit for Java, xUnit for C#, or Pytest and Unittest for Python, which ensures
that the generated test cases are aligned with the correct syntax and conventions.
Once the language is identified, the provided code snippet is parsed into an Abstract
Syntax Tree (AST), which captures the syntactic and semantic structure of the pro-
gram. For Java programs, this is achieved using the javac library in Python, which
allows the code to be transformed into a machine-interpretable representation.

To convert raw Java code into a structured and machine-readable representation, the
Abstract Syntax Tree (AST) was parsed using the javalang library and then serialized
into JSON format. During this process, several important fieldswere extracted, each of
which captures structural or behavioral details of the code. These fields are essential
because they form the foundation upon which the LLM can generate reliable and
context-aware unit tests.

The first layer of extraction involves capturing the package name and import state-
ments. The package name situates the class within its namespace and ensures that
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the generated tests remain consistent with the project’s organizational structure. Sim-
ilarly, the import statements highlight all external classes and libraries referenced by
the program. These imports are particularly important for identifying dependencies,
as they indicate external services or APIs that may require mocking or stubbing when
writing unit tests.

The next focus is on class declarations. From each class, the name and access mod-
ifiers (such as public, private, or abstract) are extracted. This information provides
structural context and determines whether methods are accessible for testing. In ad-
dition, class-level fields are recorded, including their names and types. These fields
often represent critical dependencies injected into the class, such as services or repos-
itories. Detecting these fields early is crucial, as they guide the choice of mocking
frameworks or strategies during test generation.

Constructors form another key component of the AST. For each constructor, the pa-
rameters along with their types and names are extracted, as well as the modifiers that
define its accessibility. Since constructors often establish dependency injection or ini-
tialize important class state, documenting them allows the LLM to generate tests that
properly instantiate objects under realistic conditions.

The methods of a class are the central elements of the extraction process. For each
method, the name, access modifiers, return type, and parameter details are captured.
These attributes define the behavior to be tested and form the primary input for unit
test generation. Beyond this surface-level information, the method body is analyzed
for deeper insights. All method invocations are extracted, including the object on
which the call is made (qualifier), the method name being called (member), and the
arguments passed during the invocation. These invocations reveal inter-class interac-
tions and dependencies, enabling the prompt to instruct the LLM whether mocking
or verification is required in the tests.

Finally, conditional statements such as if statements are also extracted from the AST.
For each conditional, the logical expression governing the branch is recorded, along
with whether an accompanying else branch exists. These conditional structures ex-
pose the internal decision-making logic of the method, and recognizing them is vital
for generating tests that cover not only the main execution flow but also boundary
conditions and exceptional cases.

Overall, the extracted fields include package and import information, class declara-
tions, fields, constructors, methods, method invocations, and conditionals. Together,
they provide a complete and structured view of the program that is far more infor-
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mative than raw source code. This structured representation ensures that the LLM
receives explicit context about dependencies, execution flow, and behavioral logic,
enabling it to generate unit tests that are accurate, comprehensive, and aligned with
the intended functionality of the code.
This structured JSON representation reduces ambiguity and provides the LLM with
a distilled view of the code, making it easier to focus on essential logic rather than
parsing unstructured syntax. In parallel, the instructional component of the orig-
inal prompt is analyzed and enriched with additional directives to improve clarity
and coverage, including explicit expectations around edge cases, exception handling,
boundary testing, and parameterized test design. Finally, the structured code repre-
sentation and the refined instructional segment are recombined into a coherent and
unified prompt, ensuring that the LLM receives both the semantic understanding of
the code and precise guidelines for unit test generation.
Through experimentation, it became evident that no single fixed prompting strat-
egy consistently produced reliable results across different coding contexts and LLMs.
Even advanced models specifically fine-tuned for code generation were highly sensi-
tive to the clarity, structure, and contextual relevance of the input prompt. As a result,
the integration of this multi-step preprocessing mechanism emerged as a critical in-
novation to enhance the reliability, consistency, and overall quality of automated unit
test generation.

3.1.3 Evaluation

For the evaluation, we focus on a set of well-defined metrics that allow us to measure
both the correctness and effectiveness of the generated unit tests. First, we analyze
syntactic correctness by checking whether the generated tests contain any syntax er-
rors that would prevent them from being parsed correctly. This is followed by com-
pilation correctness, where we dynamically compile the generated test cases using
Maven to verify that they can be successfully built and executed without issues re-
lated to missing variables, incorrect references, or unresolved dependencies.

Beyond compilation, we evaluate the execution correctness of the tests by running
them to see whether they produce meaningful results with valid assertions and with-
out misclassifying correct logic as failures. To further assess quality, we measure
branch coverage and statement coverage using JaCoCo, which provides insights into
how well the generated tests exercise different parts of the source code and whether
they address potential edge cases. Finally, we record the error count from test execu-
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tion, which helps in quantifying the robustness of the generated tests. Together, these
metrics provide a comprehensive picture of the reliability, coverage, and overall effec-
tiveness of the LLM-generated unit tests, enabling us to objectively compare different
approaches and configurations.

3.2 Chronological Breakdown of Components

3.2.1 Experiment Component

The primary objective of this component is to systematically evaluate the performance
of LLMs in generating unit tests across real-world Java projects. This phase investi-
gates how the use of structured preprocessing and refined prompting techniques in-
fluences the quality, correctness, and coverage of the resulting test cases.

The primary objective of this component is to systematically evaluate the impact of
different prompt techniques on the generation of unit tests by an LLM. This phase
investigates how variations in prompt structure affect code quality and test efficacy.

Preparation

• Project Selection: A total of 20 open-source Java projects were selected, con-
taining 442 classes in total. These projects were chosen to provide diversity in
complexity, coding style, and dependencies, ensuring a realistic and challenging
evaluation environment.

• Code Parsing: Each project was parsed using the javalang library to extract
abstract syntax trees (ASTs). From the AST, essential metadata such as class
names, method signatures, parameters, return types, and inter-class dependen-
cies were captured for further analysis.

• Environment Setup: The experimental pipelinewas designed to ensure repro-
ducibility. Maven was used for compiling generated test cases, while JaCoCo
was integrated to measure branch and statement coverage. All intermediate
results (ASTs, refined prompts, generated test cases, and execution logs) were
stored for evaluation.

Prompt Technique Application

• BaselinePrompts: Direct promptswithout preprocessingwere applied tomea-
sure the raw performance of LLMs in unit test generation.
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• AST-driven Prompts: Refined prompts enriched with AST-derived metadata
and simplified context (declarations only, without method bodies) were applied
to provide additional structural clarity to the LLM.

• Instruction-Enhanced Prompts: Prompts were augmented with rule-based
instructions, initially designed by the researchers and later refined through in-
dustry expert feedback, to evaluate the effect of structured guidance on test qual-
ity.

Thus, this experiment component establishes the foundation for evaluating how pre-
processing, structured context, and instruction refinement collectively impact the qual-
ity and reliability of LLM-generated unit tests.

3.2.2 Prompt Processing

In this phase, the user-provided prompt is systematically processed and refined through
a multi-step pipeline to ensure that the input provided to the LLM is structured, un-
ambiguous, and optimized for high-quality unit test generation. Each step is carefully
designed to reduce ambiguity, capture essential metadata, and enrich the testing re-
quirements. The following breakdown illustrates the complete preprocessing work-
flow:

Step 1: Language and Test Framework Detection The first step is to identify the
programming language of the given code snippet and determine the corresponding
unit testing framework.

• Programming Language Detection: Ensures that the model interprets the
code correctly, whether it is Java, Python, C#, or another language.

• Test Framework Mapping: Links the detected language to the appropriate
testing framework (e.g., JUnit for Java, xUnit forC#, Pytest/Unittest for Python).

• Purpose: This step guarantees that the generated unit tests follow the correct
syntax, conventions, and framework-specific features.

Step 2: Abstract Syntax Tree (AST) Extraction After detecting the language, the
code is parsed into its Abstract Syntax Tree (AST).

• Parsing: For Java, the AST is generated using the javac library of Python.

• Metadata Extraction:The AST captures essential structural information such
as:

– Class definitions and method signatures
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– Parameter types and return values

– Control flow constructs (loops, conditionals)

– External dependencies and imported libraries

• Purpose: By transforming the code into AST form, the system eliminates am-
biguity and creates a machine-readable representation of the program’s logic.

Step 3: Transformation into Structured JSONFormat The AST is then converted
into a standardized JSON structure for easier integration with the LLM.

• JSON Conversion: The AST nodes are serialized into key-value pairs.

• Content: The JSON includes:

– Class definitions and method signatures

– Parameter types and return values

– Control flow constructs (loops, conditionals)

– External dependencies and imported libraries

• Purpose: JSON provides a concise yet rich representation of the code, allowing
the LLM to consume structured data rather than parsing raw syntax.

Step 4: InstructionExtractionandRefinementThe instructional part of the prompt
is analyzed and improved to ensure completeness and clarity.

• Instruction Classification: User instructions are categorized into:

– Action Requests like “Generate unit tests,” “Mock dependencies”

– Constraints like “Use JUnit,” “Handle null pointer exceptions”

– Style/Format Requirements like “Provide output in markdown”

– Examples/Templates (few-shot demonstrations within the prompt)

• ReferenceResolution: Ambiguous references (e.g., “thismethod,” “these cases”)
are resolved by linking back to the extracted code metadata

• Constraint Handling: Specific requirements for libraries, frameworks, or test
strategies are incorporated.

• Handling Missing Information: Incomplete or ambiguous prompts are en-
riched by inferringmissing details from the code (e.g., automatically identifying
edge cases or exceptions to test).
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• Instruction Enhancement: Additional guidelines are added for:

– Edge case coverage

– Exception handling strategies

– Boundary value testing

– Parameterized test generation

• Purpose: Ensures that the LLM receives explicit and actionable instructions
rather than vague or incomplete requests.

Step 5: Final Prompt Recombination The last step combines the processed code
(in JSON format) and the refined instructions into a unified prompt.

• Integration: The JSON representation of the code and the enhanced instruc-
tion set are recombined coherently.

• ControlledRandomization: Slight variations can be introduced to avoid repet-
itive outputs and encourage diversity in test generation.

• Purpose: This ensures the LLMreceives both the structured semantic represen-
tation of the code and precise testing directives, leading to high-quality, reliable,
and context-aware unit tests.

By following this structured five-step process starting with language and framework
detection, moving through AST parsing and JSON transformation, and ending with
instruction refinement and prompt recombination, the methodology ensures that the
LLM is not left to infer or guess critical details. Instead, it operates on awell-prepared,
context-rich prompt that minimizes hallucinations, improves coverage of edge cases,
and enhances the overall consistency and quality of unit test generation.

3.2.3 Evaluation Metrics and Tools

We measure the effectiveness of the generated test cases based on the following as-
pects:

• Error Count: We assess the number of errors raised during the execution of the
generated test cases. This metric provides a direct measure of the stability and
reliability of the generated tests by capturing runtime anomalies, unexpected
behaviors, and assertion failures. A higher error count indicates lower test reli-
ability, while fewer errors suggest that the generated cases are structurally and
logically sound.
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• Branch Coverage: To evaluate the thoroughness of the generated tests, we cal-
culate branch coverage, which measures whether all possible decision paths in
the source code are executed at least once. This ensures that the generated tests
are not limited to simple paths but also address conditional logic, improving
defect detection capabilities. The measurement of branch coverage is carried
out using code instrumentation tools, allowing precise assessment of decision
coverage.

• Statement Coverage: Beyond branches, statement coverage is measured to
determine the proportion of source code statements executed during test case
execution. This metric evaluates the extent to which the generated tests exer-
cise the production code. [2] High statement coverage indicates that the test
suite effectively validates the majority of the program logic, while low coverage
highlights gaps where the code is left untested.

• Compilation Correctness: Static analysis alone cannot capture errors related
to identifiers, class references, or library dependencies. Therefore, we verify
compilation correctness by dynamically compiling the generated test cases. Only
test cases that compile without errors are considered valid for execution and fur-
ther evaluation. This step ensures that the generated tests are both syntactically
accurate and contextually compatible with the production codebase.

3.3 Integration and Interconnections

3.3.1 User Prompt Preparation

In this initial stage, a diverse set of prompts is constructed to simulate real-world vari-
ations and complexities.

The process begins with the user prompt, which typically contains amixture of source
code and natural language instructions. At this stage, the prompt is prepared by de-
tecting the programming language and identifying the associated testing framework.
This ensures that the subsequent steps can handle the input in a standardized man-
ner. The user prompt serves as the raw input to the system and acts as the foundation
for all downstream components. However, in its unprocessed form, the prompt often
lacks the clarity and structure needed by an LLM to generate high-quality test cases.
Therefore, the prepared prompt is immediately passed into the prompt processing
component, where it undergoes structured analysis and refinement.
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3.3.2 Prompt Processing

The prepared prompt is then systematically transformed through the prompt process-
ing component, which acts as the bridge between raw user input and optimized LLM
input. First, the source code portion of the prompt is parsed using the javalang library,
where the abstract syntax tree (AST) is extracted. The AST is then converted into a
structured JSON representation that retains critical metadata such as class names,
method signatures, parameters, return types, and inter-class dependencies. This struc-
tured context significantly reduces ambiguity and provides the LLM with a precise
understanding of what needs to be tested.

In parallel, the instruction part of the prompt undergoes classification and refinement.
Here, rules and guidelines are applied initially designed through researcher experi-
ence and later refined with feedback from industry experts to ensure that the LLM
receives consistent, unambiguous instructions. Once processed, the refined code con-
text and enhanced instructions are recombined into a single coherent prompt. This
refined prompt is then fed into the test generation phase of the pipeline, ensuring that
all subsequent outputs benefit from the structured preprocessing.

3.3.3 LLM Execution

The processed prompt is then submitted to a selected LLM for response generation.
This stage represents the core interaction between the systemand the languagemodel,
where the structured code context and enhanced instruction set guide the model to
generate unit tests. The activities in this component include feeding the optimized
prompt into the LLM, retrieving the generated outputs, and filtering out incomplete or
irrelevant responses. Since multiple test cases may be produced, the execution stage
also ensures that only syntactically valid Java test classes are forwarded to the next
stage. The effectiveness of this step heavily depends on the clarity achieved during
prompt processing, which demonstrates the interdependence between components.

3.3.4 Evaluation and Analysis

Once the output is generated, it undergoes a comprehensive evaluation using both
automated quality assessment tools and manual response evaluation strategies. The
evaluation and analysis component is responsible for systematically assessing the qual-
ity of the generated unit tests. Once the candidate test cases are produced, they are
subjected to multiple layers of evaluation. First, syntactic correctness is verified using
static analysis tools to detect parsing errors. Next, compilation correctness is checked
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usingMaven to ensure that the test cases integrate properly with the project code. Ex-
ecution correctness is then assessed by running the test cases and recording whether
they produce valid results with meaningful assertions. To measure coverage, JaCoCo
is used to calculate both statement and branch coverage, providing insights into how
thoroughly the test cases explore the code under test. Finally, error counts and ex-
ecution logs are analyzed to capture failure rates and robustness. This component
closes the loop by producing detailed evaluation metrics that can be compared across
different prompt strategies and models.

3.3.5 Multi-Model Evaluation Loop

To strengthen the generalizability of the findings, the system incorporates a multi-
model evaluation loop. Instead of relying on a single LLM, the refined prompts are ex-
ecuted across multiple models with varied architectures and training objectives. This
loop allows us to compare how different LLMs respond to the same refined prompt
structure andwhether prompt processing strategies generalize beyond a singlemodel.
After each round of generation and evaluation, results are aggregated and compared
to identify patterns in correctness, coverage, and overall effectiveness. The loop also
introduces controlled variation by applying both basic and refined instruction sets,
allowing us to assess the impact of instruction quality across models.

3.4 Clarity and Comprehensiveness in Visual Aids

Figure 3.3: Prompt Pre-Processing
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3.5 Conclude with a Summary of the Methodology

Rather than being independent modules, preprocessing, execution, and evaluation
continuously interact, reinforcing the system’s goal of generating higher-quality, more
insightful outputs.

• Prompts are consistently structured for better model handling.

• Models are fairly and uniformly tested under controlled settings.

• Evaluations yield quantitative, comparable data across models.

User Prompt Preparation

Prompt Processing

Send to LLM for Response

Capture and Save Response

Evaluate Output

Repeat with Different LLM

Figure 3.4: Flowchart for Processing User Prompts and Evaluating LLM Outputs
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Chapter 4

Results and Discussion

4.1 Datasets and Experimental Setup

4.1.1 Database Setup

• Project Selection: A total of 20 open-source Java projects were selected, con-
taining 442 classes in total. These projects were chosen to provide diversity in
complexity, coding style, and dependencies, ensuring a realistic and challenging
evaluation environment.

• Code Parsing: Each project was parsed using the javalang library to extract
abstract syntax trees (ASTs). From the AST, essential metadata such as class
names, method signatures, parameters, return types, and inter-class dependen-
cies were captured for further analysis.

• Source Code Format: The provided methods were stripped of comments, de-
scriptions, and any extraneous context. This minimalist approach ensured that
the models were not influenced by any additional information, focusing purely
on the method’s structure and functionality. The code was provided in its raw
form to prevent any bias or external input from affecting the test generation pro-
cess.

• Prompt Strategies: To evaluate the impact of different input formats on test
case generation, two prompt strategies were selected:

– AST+SRC: This strategy combines the abstract syntax tree (AST) with the
raw source code (SRC) to provide the model with both structural and tex-
tual context. It was chosen to investigate whether richer, structured input
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improves test coverage and reduces generation errors.

– SRC only: This strategy provides only the raw source code as input, serv-
ing as a baseline to assess the effect of adding AST information. It helps
determine the advantage of structural guidance over plain source code.

4.1.2 Experimental Setup

• Model Used: We selected these three models to cover a diverse spectrum of
large language models in terms of size, specialization, and accessibility:
GPT-OSS-120B: This open-source, large-scale LLM (120B parameters) was in-
cluded to evaluate how an open-access, general-purposemodel performs in gen-
erating unit tests for Java projects. Its large parameter count allows us to observe
capabilities typical of state-of-the-art models available to the research commu-
nity.
Gemini-2.5-Pro: A general-purpose proprietary LLM, Gemini-2.5-Pro repre-
sents commercially optimized models. Including it allows for comparison be-
tween open-source and commercial systems in terms of code understanding,
coverage, and error generation.
Qwen-2.5-Coder-32B-Instruct: As a code-specialized LLM, Qwen-2.5-Coder-
32B-Instruct is designed specifically for programming tasks. Evaluating this
model highlights the potential advantages of domain-specializedmodels for au-
tomated unit test generation, especially in handling code structure, method cov-
erage, and error minimization.

• Human Intervention: Due to the lack of API access for GPT andGoogle Gem-
ini, human interventionwas required tomanually input themethods andprompts
into their respective web interfaces. Extra caution was exercised not to provide
any additional data or alter the input in any way. This ensured that the prompts
remained as close as possible to the intended test setup, mimicking the way they
were fed to the Python script.

• Test Evaluation: The generated unit tests were saved as Java files and system-
atically evaluated using tools such as JaCoCo and compiler checks. This allowed
us tomeasure both the correctness and the coverage of the test cases. The evalu-
ation was applied consistently across all LLMs and prompt strategies, ensuring
that results reflect the true impact of AST+SRC versus SRC prompts without
influence from external or unintended factors.
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4.2 Presenting the Results

4.2.1 Metric: Coverage

Table 4.1: Code Coverage Comparison Across LLMs for AST+SRC and SRC Prompts

LLM Prompt Type Branches (%) Lines (%) Methods (%)

GEMINI AST+SRC 46.04 56.79 68.38
SRC 35.84 49.06 65.33

GPT AST+SRC 47.80 67.13 80.26
SRC 38.05 58.18 70.53

QWEN AST+SRC 55.59 62.34 73.28
SRC 37.93 45.23 67.80

Results on Prompt Comparison (LLM Gemini)

To examine the impact of AST-based prompts(AST) versus raw source (SRC) prompts,
we analyzed LLM Gemini’s coverage across branches, lines, and methods. As shown
in Figure 4.1, AST prompts consistently outperform SRC prompts. Branch coverage
increases from 35.8% to 46.0%, line coverage from 49.1% to 56.8%, and method cov-
erage from 65.3% to 68.4%. The bar and line charts clearly show that AST prompts
improve overall coverage, with the largest gains in branch coverage, indicating better
handling of decision logic. Overall, using AST context helps the LLM generate more
comprehensive tests than using the raw source alone.

Figure 4.1: Prompt Coverage Comparison: Gemini

Results on Prompt Comparison (LLM GPT)

We compared AST-based prompts(AST) with raw source code (SRC) prompts for LLM
GPT. Figure 4.2 shows the results as a bar chart for branch, line, and method cover-
age. The bar chart shows that Prompt_AST gives higher coverage than Prompt_SRC.
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Branch coverage rises from 38.05% (SRC) to 47.8% (AST), meaning AST prompts help
with conditional logic. Line coverage increases from 58.18% to 67.13%, showing AST
prompts allow tests to cover more code. Method coverage improves the most, from
70.53% to 80.26%, reflecting better testing of methods. The largest gap appears in
method coverage, highlighting the benefit of AST context. In summary, AST-based
prompts significantly improve coverage in LLM GPT, especially for methods, making
tests more thorough and complete.

Figure 4.2: Prompt Coverage Comparison: GPT

Results on Prompt Comparison (LLM Qwen)

For LLM Qwen, AST-based prompts outperform raw source (SRC) prompts across
all coverage metrics. In figure 4.3, Branch coverage improves from 37.93% (SRC) to
55.59% (AST), line coverage rises from 45.23% to 62.34%, and method coverage in-
creases from 67.8% to 73.28%. These results show that AST prompts provide better
structural context, helping themodel handle conditional logic and exercisemore code
and methods. The bar chart clearly shows the AST curve above the SRC curve in all
metrics, with the largest improvement in branch coverage, highlighting the effective-
ness of AST-based prompts for generating deeper andmore comprehensive test cases.

Summary

In this analysis, we computed the average code coverage across all three LLMs (Gem-
ini, GPT, and Qwen) for two types of prompts: AST-based prompts and raw source
code (SRC) prompts. We considered three metrics branch coverage, line coverage,
and method coverage and calculated the mean percentage for each metric across the
models.
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Figure 4.3: Prompt Coverage Comparison: Qwen
Table 4.2: Comparison of Metrics Across LLMs for AST+SRC and SRC Prompts

LLM Prompt Type Branches (%) Lines (%) Compilation Success (%) Average Errors per Class

GEMINI AST+SRC 46.04 56.79 61.90 5.64
SRC 35.84 49.06 63.16 3.96

GPT AST+SRC 47.80 67.13 72.22 2.17
SRC 38.05 58.18 54.68 9.25

QWEN AST+SRC 55.59 62.34 51.02 3.57
SRC+SRC 37.93 45.23 38.57 12.94

The bar graph figure 4.4 shows the average code coverage across all LLMs for AST-
based and SRC prompts. For eachmetric, branch coverage, line coverage, andmethod
coverageAST-based prompts consistently achieve higher percentages than SRCprompts.
Branch and line coverage show the largest improvements, indicating thatASTprompts
help the models better handle conditional logic and exercise more executable code.
Method coverage also improves, though slightly, suggesting a broader reach in test-
ing methods. Overall, the bar chart clearly highlights that AST-based prompts lead to
more comprehensive coverage across all metrics.

Figure 4.4: Prompt Coverage Comparison Among all The Models
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4.2.2 Metric: Error

Table 4.3: Error Type Percentages Across LLMs for AST and SRC Prompts

LLM Prompt Cannot Find Symbol (%) Syntax Error (%) Incompatible Types (%) Execution Error (%)

GEMINI AST 87.31 22.64 11.09 12.24
SRC 37.04 37.04 22.22 8.47

GPT AST 39.27 17.42 15.45 5.52
SRC 28.57 39.29 30.36 12.43

QWEN AST 47.28 7.61 7.61 7.76
SRC 34.21 9.97 12.97 14.08

Table 4.4: Error Type Percentages Across LLMs for AST and SRC Prompts After Nor-
malizing

LLM Prompt Cannot Find Symbol (%) Syntax Error (%) Incompatible Types (%) Execution Error (%)

GEMINI AST 65.51 16.98 8.32 9.18
SRC 35.35 35.35 21.21 8.08

GPT AST 50.57 22.43 19.89 7.11
SRC 25.82 35.51 27.44 11.23

QWEN AST 67.30 10.83 10.83 11.04
SRC 48.02 14.00 18.21 19.77

The first step is to ensure that the error percentages for each prompt type sum to 100%.
This is done so that the pie charts later accurately represent relative proportions of
different error types. The code creates a deep copy of the original dataset to avoid al-
tering the raw data. Then, it iterates over each LLM (GEMINI, GPT, QWEN) and each
prompt type (prompt_AST, prompt_SRC).For each error type within a prompt (e.g.,
cannot_find_symbol, syntax_error), the values are divided by the total sum of errors
and multiplied by 100. This normalization makes the error distributions comparable
across prompts and LLMs. Purpose: This step ensures consistency in visualization
and prevents misinterpretation due to differing scales of raw error counts.

The error analysis shows clear differences between AST and SRC prompts across all
three LLMs. For GEMINI in figure 4.5, AST prompts cause a high number of symbol-
related errors (around 87%), while syntax and type errors remain low. SRC prompts
reduce symbol errors but increase syntax and typing mistakes. For GPT in figure
4.6, AST prompts lower symbol errors to 39% with moderate syntax and type errors,
whereas SRC prompts increase syntax and type issues. QWEN in figure 4.7 shows a
more balanced pattern: AST prompts still have the highest symbol errors (47%), and
SRC prompts reduce symbol mistakes but increase execution errors to 14%. Over-
all, AST prompts tend to produce more symbol resolution errors due to abstraction,
while SRC prompts reduce these but can introduce syntax, type, or runtime errors.
This highlights the trade-off in prompt design between symbol handling and overall
correctness.
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Figure 4.5: Error Percentage in Gemini

Figure 4.6: Error Percentage in GPT

Figure 4.7: Error Percentage in Qwen

Results on Prompt Comparison (LLM Gemini)

The bar charts figure 4.8 show the error distribution for LLM GEMINI with AST and
SRC prompts. The AST prompt produces a very high number of cannot_find_symbol
errors (about 87%), while syntax and type errors remain low. The SRC prompt reduces
symbol errors to around 37%, but syntax and type errors increase, with incompatible
types around 22%. The line chart confirms these trends, showing that AST errors
are dominated by symbol issues, while SRC errors are more balanced. Overall, these
charts highlight that prompt design strongly affects the types of errors generated, with
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AST favoring symbol resolution and SRC introducing more syntax and type mistakes.

Figure 4.8: Prompt Error Comparison Gemini

Results on Prompt Comparison (LLM GPT)

The bar chart figure 4.9 show error trends for LLM GPT with AST and SRC prompts.
The AST prompt has the highest proportion of cannot_find_symbol errors ( 39%),
while syntax and type errors are lower ( 17% and 15%), and execution errors are mini-
mal ( 5.5%). The SRCprompt reduces symbol errors ( 28.%) but increases syntax ( 39%)
and type errors ( 30%), with execution errors rising to 12%. The line chart confirms
these trends, showing AST errors dominated by symbols, while SRC errors are more
balanced. Overall, AST prompts help with syntax and type correctness but struggle
with symbols, whereas SRC prompts improve symbol handling at the cost of more
syntax and type issues.

Figure 4.9: Prompt Error Comparison GPT
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Results on Prompt Comparison (LLM GPT)

The chart figure 4.10 show error trends for LLM QWEN with AST and SRC prompts.
With the AST prompt, cannot_find_symbol errors dominate ( 47%), while syntax and
type errors are low ( 7.6% each) and execution errors are 7.8%. The SRC prompt
reduces symbol errors ( 34%) but slightly increases type ( 13%) and execution errors
( 14%), with syntax errors remaining low ( 10%). The line chart highlights that AST
errors are concentrated on symbols, while SRC spreads errors more evenly. Overall,
ASTminimizes syntax and type issues, whereas SRC improves symbol handling at the
cost of slightly higher runtime and type errors.

Figure 4.10: Prompt Error Comparison Qwen

4.3 Summary of Results

4.3.1 Evaluation Metrics

1. StatementCoverage: Thismetricmeasures the percentage of executable state-
ments in the code that are executed by the generated test cases. We choose it be-
cause it provides a fundamental indicator of how thoroughly the LLM-generated
tests exercise the code. High statement coverage ensures that most parts of the
program logic are executed at least once, which helps in detecting errors that
may otherwise remain hidden in untested statements. It is simple to compute,
widely used in software testing, and provides a baseline for evaluating the effec-
tiveness of automated test generation.

2. BranchCoverage: Branch coveragemeasures the percentage of decision points
(like if, switch, or loop conditions) that are exercised by the generated tests. We
choose this metric because it ensures that all possible execution paths in the
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code are tested, not just individual statements. High branch coverage indicates
that the tests can catch logic errors and edge cases thatmay occur along different
branches of conditional statements.

3. Compilation Success Rate: This metric measures the proportion of generated
test cases that compile successfully without errors. We use it because successful
compilation is a prerequisite for executing tests. A higher compilation success
rate indicates that the LLM is generating syntactically correct and semantically
valid code, reflecting its ability to understand and produce correct programming
constructs.

4. Average Errors per Class: This metric tracks the average number of errors
(syntax, type, or runtime) per class in the generated tests. We include it because
it provides a direct measure of the correctness and reliability of the generated
tests. Fewer errors per class indicate that the LLM is producing cleaner, more
maintainable, and executable test code.

4.3.2 Results

This section presents the evaluation results of the three LLMs (GEMINI, GPT, and
QWEN) for automatically generated test cases using twoprompt strategies: AST-based
prompts (prompt_AST) and source-code-based prompts (prompt_SRC). The results
are analyzed in terms of code coverage, compilation success, and error type distribu-
tion.

Results of Prompting Strategies (LLM Gemini)

The grouped bar chart 4.11 compares AST-based prompts with SRC-based prompts
across four evaluation metrics for LLM GEMINI. For branch coverage, AST achieves
46.04%, while SRC lags behind at 35.84%. A similar trend is seen in line coverage,
where AST reaches 56.79% compared to 49.06% for SRC. Interestingly, the compila-
tion success rate shows the opposite pattern: SRC performs slightly better at 63.16%,
while AST achieves 61.90%. Finally, when looking at the average errors per class, AST
produces more errors (5.64) than SRC (3.96). The line chart reinforces these findings.
The AST curve stays consistently above SRC for both branch and line coverage, show-
ing its advantage in code coverage. However, SRC surpasses AST in compilation suc-
cess rate and average errors, suggesting that while AST prompts improve coverage,
they come with more compilation issues and errors.

Overall, for LLM GEMINI, AST prompts are stronger in test coverage, whereas SRC
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prompts provide more stable compilations with fewer errors.

Figure 4.11: Metrics Comparison Gemini

Results of Prompting Strategies (LLM GPT)

The comparison of AST-based prompts and SRC-based prompts in LLMGPT 4.12 was
evaluated across four metrics: branch coverage, line coverage, compilation success
rate, and average errors. SRC prompting consistently achieved higher branch cover-
age and line coverage than AST prompting in LLM GPT. This shows that giving GPT
direct access to raw source code enables it to generate test cases that cover a larger
number of execution paths and lines.SRC prompting also outperformed AST prompt-
ing in terms of compilation success rate. The test cases generated by GPT with SRC
prompts compiled more successfully, highlighting their practical advantage in real-
world execution. On the other hand, AST prompting led to fewer average errors com-
pared to SRC prompting in LLM GPT. Although coverage was lower, the structured
AST representation helped GPT avoid inconsistencies and invalid outputs. In LLM
GPT, SRC prompting provides broader and more executable test coverage, making it
suitable when maximizing coverage is the goal. Meanwhile, AST prompting reduces
generation errors, making it useful when correctness and stability are prioritized.

Results of Prompting Strategies (LLM Qwen)

AST prompting produced higher branch coverage and line coverage compared to SRC
prompting in QWEN 4.13. This indicates that QWEN benefits from the structured
nature of AST when it comes to exploring more execution paths and lines of code.
In terms of compilation success, AST prompting again outperformed SRC prompt-
ing. This suggests that test cases generated by QWEN with AST inputs are more
likely to compile successfully, pointing to better structural consistency in the outputs.
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Figure 4.12: Metrics Comparison GPT

The average errors per class were significantly lower in AST prompting compared
to SRC prompting for QWEN. SRC-based prompts introduced many more inconsis-
tencies and invalid outputs, reducing their overall reliability. Unlike GEMINI and
GPT, where SRC prompts dominated in coverage, QWEN performed better with AST
prompts across most metrics. This shows that QWEN responds more effectively to
structured AST inputs, achieving stronger coverage, higher compilation success, and
fewer errors.

Figure 4.13: Metrics Comparison Qwen

4.4 Challenges and Limitations

Throughout this research, numerous challenges and limitations were encountered
that might have influenced the results.
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4.4.1 Challenges

• Lack of Suitable Datasets: Existing datasets primarily consist of isolated code
snippets or individual methods, which are insufficient for evaluating project-
level or class-level unit test generation and coverage analysis. Comprehensive
datasets containing complete, real-world software projects are scarce.

• Custom Project Collection: One of the big challenges we faced was finding
the right open-source Java projects to use fromGitHub. We needed projects that
were complete, had different levels of complexity, and were suitable for project-
level evaluation. However, many repositories we came across were either in-
complete, poorly documented, or didn’t have proper test coverage, which made
them difficult to work with. On top of that, each project had its own structure
and setup, so we had to spend extra time preparing and validating them before
they could fit into our evaluation process.

• Dynamic Import Requirements: One of the first challenges we faced was
dealing with imports. Every generated test file needed a unique set of imports
based on the source code and its path. Since no two files were the same, it be-
came very difficult to create a uniform way of handling these imports. We often
had to adjust them manually, which slowed down our workflow.

• Running Java fromPython: Another big challenge was running Java projects
directly from Python. Managing classpaths, dependencies, and test execution
across two different environments wasn’t straightforward. Small mistakes often
caused failures, and the overall process felt unstable and complex to manage
smoothly.

• Manual Evaluation Effort: Evaluating the test cases manually took a lot of
time and energy. We had to check each generated test class, fix issues, and then
run it to see if it worked. This repetitive process wasn’t just inefficient but also
made it easy to overlookmistakes. It quickly became one of themost exhausting
parts of our experiment.

• Automation Complexity: We tried to solve some of these issues with automa-
tion, but building a reliable script was not simple. The script needed to handle
cleaning, compiling, managing dependencies, and running test files without er-
rors. Making sure all of this worked consistently was itself a challenge, and the
automation is still a work in progress.

40



4.4.2 Limitations

• LimitedProject Scope: Althoughwe collectedmultiple Java projects, the num-
ber of projects and classes we tested was still limited compared to the huge vari-
ety of real-world software systems. This means our results may not fully repre-
sent how the approach would perform onmuch larger or more diverse projects.

• Model Dependency: Our evaluation relied heavily on the specific LLMs we
used. Different models may behave differently, and improvements or updates
in future models could change the outcomes. This dependency makes it harder
to generalize our findings across all LLMs.

• EvaluationMetrics Coverage: While we measured important aspects like er-
ror counts, branch coverage, and compilation correctness, some qualitative fac-
tors like readability, maintainability, or long-term usefulness of the generated
tests were not deeply analyzed. This leaves part of the quality picture unex-
plored.

• Automation Gaps:A fully automated workflow for handling imports, compil-
ing, and running tests was not fully achieved. Because of this, some parts of
the evaluation still required manual intervention, which could introduce small
inconsistencies or human error.

• ContextualLimitations:EvenwithAST-based simplifications, providing enough
context to the LLM without exceeding input limits remained challenging. As a
result, some generated tests may have missed critical logic due to incomplete
context.

4.5 Implications and Significance of Findings

4.5.1 ComparativeResults ofPromptingStrategiesAcrossLLMs

The evaluation of AST-based prompts and SRC-based prompts across three LLMs
GEMINI, GPT, and QWEN, reveals distinct patterns in how different models respond
to structured versus source-based inputs. The analysis considers four key metrics:
branch coverage, line coverage, compilation success rate, and average errors
per class.
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Branch and Line Coverage

For LLM GEMINI and LLM GPT, SRC prompts consistently achieved higher branch
and line coverage, indicating that direct access to raw source code enables these mod-
els to generate test cases that explore more execution paths and lines of code. In con-
trast, LLMQWEN performed better with AST prompts, suggesting that its generation
process benefits more from structured representations than from raw source code.

Compilation Success Rate

Both LLM GEMINI and LLM GPT favored SRC prompts, achieving higher compila-
tion success rates and producing a greater proportion of compilable test cases. How-
ever, LLM QWEN displayed the opposite trend, with AST prompts yielding better
compilation outcomes. This highlightsmodel-specific sensitivities to the formof prompt-
ing.

Average Errors per Class

For LLMGEMINI andLLMGPT,AST prompts consistently reduced the number of er-
rors, even though they limited coverage. For LLMQWEN, AST prompts again proved
superior, leading to significantly fewer errors compared to SRC prompts, which intro-
duced a much higher rate of inconsistencies and invalid outputs.

Overall Trade-off

For LLM GEMINI and LLM GPT, SRC prompting offers broader coverage and better
compilability, making it more effective in scenarios where test completeness is priori-
tized. However, AST prompts remain useful when reducing inconsistencies is critical.
For LLMQWEN,ASTprompting is clearlymore effective across allmajormetrics, em-
phasizing that QWEN benefits more from structured representations than raw source
input.

The optimal prompting strategy depends on the LLM. While SRC prompts enhance
coverage and compilation for GEMINI and GPT, AST prompts are more effective for
QWEN, improving both coverage and correctness. This comparative evaluation un-
derscores that the design of prompting strategies should be tailored to the character-
istics of each LLM rather than assuming a one-size-fits-all solution.
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Chapter 5

Conclusion

5.1 Restating Research Objectives and Questions

The general purpose of this researchwas to examine the impact that different prompts
how engineering methods impact the quality and effectiveness of test cases automat-
ically by large language models (LLMs). Specifically, the project was seeking to iden-
tify which prompting strategies result in greater code cov-verage, reduced error rates,
and more stable outputs, hence making LLMs a better utility in automatic soft-ware
testing. To guide this research, the following key research questions were formulated:

• How does the prompt structure and complexity affect the statement and branch
coverage of test cases produced by LLM?

• Which of the prompting methods, Source Code and Source Code + AST, gener-
ates the most complete and accurate test cases?

• Are there prompting methods more robust across different LLMs like GPT and
Gemini, or model-specific calibration is necessary?

These questions and objectives guided the design of the experiments, the analysis cri-
teria, and the comparative analysis undertaken in the course of research. By revisiting
them here, the findings and implications discussed subsequently can be set clearly in
the context of the study’s scope and objectives.

5.2 Summary of Key Findings

1. Importance of Prompt Processing:
It was discovered that how it is set, as well as the quality, of a prompt signifi-
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cantly determines its effectiveness with which language models are able to per-
form unit testing. No single technique of prompting exceeded in all contexts.
Extremely composed prompts likeChain-of-Thought (CoT) andTree-of-Thought
(ToT) added the most amount of hallucinations, wrong imports, and semantic
errors, and far too elementary prompts like zero-shot gave incomplete guidance,
causing them to render incompletely correct answers. This points to the ne-
cessity to craft and process prompts in a way that achieves a balance between
simplicity, guidance, and clarity.

2. Findings for LLM GEMINI:
For LLM GEMINI, the SRC prompting strategy demonstrated higher effective-
ness in terms of branch and line coverage, as well as compilation success rate,
compared to AST prompts. However, AST prompts resulted in fewer average
errors per class, suggesting a trade-off betweenmaximizing coverage andmain-
taining stability. Error analysis revealed that AST prompts struggled with sym-
bol resolution, whereas SRC prompts introduced more syntax and type incon-
sistencies.

3. Findings for LLM GPT:
For LLM GPT, the AST prompting strategy provided the best overall perfor-
mance. It achieved higher line and branch coverage, the highest compilation
success rate among all models, and significantly fewer average errors per class
compared to SRC prompts. In contrast, the SRC strategy showed lower compi-
lation success and produced more syntax and type errors, indicating that GPT
benefits more from structured AST input rather than raw source code.

4. Findings for LLM QWEN:
For LLMQWEN, the AST prompting strategy again outperformed SRC prompts
in most evaluation metrics. AST prompts led to higher branch and line cover-
age, better compilation success, and substantially fewer average errors per class.
SRC prompts, although slightly improving symbol resolution, resulted in a sig-
nificant increase in errors, including runtime issues. This indicates that QWEN
ismore sensitive to raw source code input and performsmore reliably with AST-
based prompting.

5. Overall Findings:
Overall, the study demonstrates that prompting strategies have a decisive impact
on LLM performance in unit test generation. GEMINI benefits more from SRC
prompts for maximizing coverage, while GPT and QWEN perform better with
AST prompts, prioritizing stability and correctness. The findings highlight a
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fundamental trade-off between coverage and correctness, showing that no sin-
gle prompting approach is universally optimal across all models. Instead, the
choice of prompt strategy should be tailored to the specific strengths and weak-
nesses of the LLM being used.

5.3 Discussion of Implications

The findings of this research carry several important implications for both academia
and industry. From an academic perspective, the comparative analysis between AST-
based and SRC-based prompting strategies deepens the understanding of how prompt
design shapes the performance of large language models in test case generation. It
demonstrates that while source-based prompts maximize coverage and compilability,
abstract syntax tree prompts offer the advantage of reducing inconsistencies, high-
lighting a trade off that future research can build upon. From an industrial perspec-
tive, the study provides actionable insights for software engineers and quality assur-
ance teams who wish to integrate LLMs into automated testing workflows. By select-
ing prompting strategies that align with project needs—whether prioritizing coverage
or correctness organizations can enhance the reliability and efficiency of their test-
ing processes. More broadly, the research emphasizes the transformative potential of
LLMs in software engineering, suggesting that careful prompt engineering can bridge
the gap between theoretical capabilities and real-world applicability.

5.4 Contributions of the Research

This research makes several key contributions to the field of test case generation with
large language models (LLMs). These contributions can be summarized as follows:

• Empirical Insights: By systematically evaluating three LLMs (Gemini, GPT,
and Qwen) across four metrics, this study provides a clearer understanding of
how prompting strategies affect test case generation quality.

• ComparativeEvaluation: The researchhighlights the trade-offs between source-
based (SRC) and AST-based prompting, showing that SRC excels in coverage
and compilability, while AST reduces generation errors.

• Methodological Contribution: The study introduces a structured evaluation
framework combining coverage metrics with practical success rates, offering a
balanced way to assess LLM-driven test case generation.
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• PracticalRelevance: Thefindings can inform software engineers and researchers
about the strengths and weaknesses of different prompting strategies, enabling
better integration of LLMs into software testing workflows.

• Foundational Contribution: By documenting both strengths and limitations,
the research lays the groundwork for future studies to refine prompting strate-
gies and expand evaluation metrics in more complex, real-world settings.

5.5 Acknowledging Limitations

Like all research, this study is not without its limitations. First, the evaluation was
conducted on a limited set of large language models, which may not fully capture the
diversity of performance across the broader landscape of available models. As newer
models continue to emerge, their behavior may differ significantly from those studied
here.

Second, the scope of the work was restricted to a specific set of evaluation metrics,
namely branch coverage, line coverage, compilation success rate, and average errors.
While these metrics provide valuable insights, they may not represent the complete
spectrum of factors relevant to test case generation, such as maintainability, scalabil-
ity, or integration into real world workflows.

Third, the study relied on synthetic and controlled datasets rather than large-scale,
production level software systems. This constraint may limit the external validity of
the findings, as results might vary undermore complex or domain specific conditions.

Finally, technical challenges, including prompt design constraints and resource limi-
tations, shaped the experimental setup andmay have influenced outcomes. Acknowl-
edging these limitations helps contextualize the results and highlights areas where
future research can extend and refine the findings.

5.6 Suggestions for Future Research

While this study has provided meaningful insights into prompt engineering for test
case generation using large language models, several areas remain open for further
exploration. Future research could expand the scope by experimenting with a wider
range of models, including newer architectures or domain specific LLMs, to better
understand how model design impacts test generation. Additionally, investigating
hybrid prompting strategies that combine structural and contextual information may
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yield more balanced results in terms of correctness and coverage.

Another important directionwould be the creation of standardized benchmarkdatasets
specifically tailored to evaluating LLMs in software testing scenarios. Such datasets
would enable fairer comparisons across models and methodologies, ensuring that
improvements are measured consistently. Researchers may also consider examining
how fine-tuning or reinforcement learning techniques can further optimize LLM per-
formance in generating reliable and maintainable test cases.

Finally, integrating human feedback loops into the test generation process presents an
exciting opportunity. By combining the strengths of automated generationwith expert
validation, it may be possible to develop more practical, industry-ready solutions. To-
gether, these directions point toward a richer understanding of LLM capabilities and
their potential to transform software quality assurance practices.

5.7 Final Reflections

This research journey has been both challenging and rewarding. At the start, the
goal was clear: to explore how different prompting strategies influence large language
models in generating unit tests. Along the way, unexpected patterns emerged, such as
the trade-off between broader coverage and maintaining syntactic correctness, which
deepenedmy understanding of howLLMs process structured and unstructured input.

Beyond the technical findings, this process also shaped our perspective as a researcher.
Navigating through errors, adjusting methodologies, and analyzing results required
persistence and adaptability, teachingme that setbacks often lead to valuable insights.

In the broader research community, this study contributes to the growing conversa-
tion about effective prompt engineering strategies for software testing. While the re-
sults highlight specific strengths and weaknesses of AST and SRC prompts, they also
underscore the importance of tailoring approaches to individual models rather than
assuming one universal solution.

Looking back, the journey has been more than just an academic exercise it has been
an opportunity for personal and intellectual growth. The lessons learned here extend
beyond this thesis, preparingme to approach future challenges with a deeper appreci-
ation of the balance between innovation, experimentation, and practical application.
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5.8 Concluding Remarks

In this work, we have helped to shed light on one important aspect of using large lan-
guage models (LLMs) for software testing the way we craft prompts can significantly
impact the quality of test cases the models generate. Through careful consideration
of different prompting methods, we’ve reached insightful information that can have
practical ramifications for developers and organizations wanting to harness the po-
tential of LLMs for automatic testing. The findings of this study provide practical
guidance on how to better use these models, helping to ensure that the test cases de-
veloped are not only comprehensive but also accurate.

While we’ve made some important advances, there is still much to be learned here.
The research indicates exactly how important it is to thoughtfully craft the prompts
we provide and how they can influence the results. With LLMs continuing to evolve
and becoming more deeply embedded in development workflows, the insights from
this work will hopefully guide future advancements in this area.

From figuring out how to better prompt these models to understanding how to make
them perform better on more tasks and codebases, there’s a lot of room to grow. The
potential for LLMs to change how we test and develop is vast, and We hope that this
research is one step along the way to a future in which LLMs are more intelligent,
efficient, and accessible to developers across the globe.
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