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Abstract

Large Language Models (LLMs) like GPT-4 and Llama 3 are transforming software de-
velopment by automating code generation and test case creation. This thesis investigates
two pivotal aspects of LLM-assisted development: the integration of Test-Driven Develop-
ment (TDD) principles into code generation workflows and the limitations of LLM-based
test-generation tools in detecting bugs.

LLMs have demonstrated significant capabilities in generating code snippets directly
from problem statements. This increasingly automated process mirrors traditional human-
led software development, where code is often written in response to a requirement. Histor-
ically, Test-Driven Development (TDD) has proven its merit, requiring developers to write
tests before the functional code, ensuring alignment with the initial problem statements.
Applying TDD principles to LLM-based code generation offers one distinct benefit: it en-
ables developers to verify the correctness of generated code against predefined tests. This
paper investigates if and how TDD can be incorporated into Al-assisted code-generation
processes. We experimentally evaluate our hypothesis that providing LLMs like GPT-4
and Llama 3 with tests in addition to the problem statements enhances code generation
outcomes. We experimented with established function-level code generation benchmarks
such as MBPP and HumanEval. Our results consistently demonstrate that including test
cases leads to higher success in solving programming challenges. We assert that TDD
is a promising paradigm for helping ensure that the code generated by LLMs effectively
captures the requirements.

As we progress toward Al-native software engineering, a logical follow-up question
arises: Why not allow LLMs to generate these tests as well? An increasing amount of
research and commercial tools now focus on automated test case generation using LLMs.
However, a concerning trend is that these tools often generate tests by inferring require-
ments from code, which is counterintuitive to the principles of TDD and raises questions
about their behaviour when the flawed assumption of the code under test being correct is
violated. Thus we set out to critically examine whether recent LLM-based test generation
tools, such as Codium CoverAgent and CoverUp, can effectively find bugs or uninten-
tionally validate faulty code. Considering bugs are only exposed by failing test cases, we
explore the question: can these tools truly achieve the intended objectives of software test-
ing when their test oracles are designed to pass? Using real human-written buggy code as
input, we evaluate these tools, showing how LLM-generated tests can fail to detect bugs
and, more alarmingly, how their design can worsen the situation by validating bugs in
the generated test suite and rejecting bug-revealing tests. These findings raise important
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questions about the validity of the design behind LLM-based test generation tools and
their impact on software quality and test suite reliability.

Together, these studies provide critical insights into the promise and pitfalls of inte-
grating LLMs into software development processes, offering guidelines for improving their
reliability and impact on software quality.
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Chapter 1

Introduction

Large Language Models (LLMs) over the past year have shown to be effective tools for tasks
involving multistep reasoning, such as generating code and addressing various stages of the
software development lifecycle [38,52,51]. Models have demonstrated strong performance
in not just code generation, but also issue resolution tasks, which involve localization
and patching [31]. This progress points to a shift towards an intent-driven programming
style, referred to as “Al-native Software Engineering” [24]. However, while these models
frequently produce syntactically correct code, logical errors or misinterpretations of the
underlying requirements remain common [/1]. This issue is particularly concerning, as
automated code generation gains traction in production environments.

Outsourcing code development has long faced challenges with misunderstood require-
ments and quality concerns [29]. Testing remains a critical component of software quality
assurance. Test-Driven Development (TDD) [7] is a well-established paradigm designed to
ensure that the code meets predefined requirements. By writing tests first and then produc-
ing code to pass them, TDD enforces a cycle in which correctness is continuously validated.
As LLMs integrate into software development workflows, leveraging human-written tests to
guide code generation becomes increasingly important. However, the question of whether
LLMs understand tests and if providing LLMs with test cases can improve code correctness
remains largely unexplored.

Meanwhile, research and commercial efforts are investigating the automatic generation
of test cases using LLMs [11,18,16,417]. These tools infer requirements from the code itself,
assuming the code under test is correct. This underlying assumption contradicts the core
purpose of testing: to detect, not confirm, incorrect behaviour. Tests that simply validate
existing code may overlook bugs, creating a false sense of security.



1.1 Problem Statement

Large Language Models (LLMs) are increasingly being used for code and test generation.
Two challenges that limit their adoption in production are:

e Correctness of Generated Code: LLMs often produce syntactically valid code
that fails to satisfy logical and functional requirements. This creates risks in produc-
tion, as undetected errors may lead to faulty implementations.

¢ Reliability of LLM-Based Test Generation: Existing tools for test generation
using LLMs commonly infer requirements from the code under test, assuming its
correctness. This approach can lead to engrained bugs within the test suite.

To address these challenges, this thesis emphasizes the role of Test-Driven Development
(TDD) as a design paradigm. TDD requires developers to write tests before generating
code, thereby establishing a clear “contract” that LLMs can follow during code generation.
This shift in workflow has the potential to improve the correctness of generated code and
enable developers to focus their efforts towards creating more effective test suites.

Thesis Statement: TDD, as a design paradigm, can address key challenges of LL.M-
based code generation by using pre-written tests as requirements, thus aligning auto-
mated workflows with established software engineering principles. In contrast, gener-
ating tests from code risks creating ambiguous or incomplete test suites, potentially
embedding errors into the testing process.

(.

We hypothesize this approach may offer several advantages:

1. Help establish a “contract” for the LLM, ensuring that generated code aligns with
predefined requirements.

2. Redefine the developer’s role, focusing on creating robust tests and specifications,
while delegating coding tasks to the Al agent.

3. Reduce reliance on post-hoc test generation tools, which may fail to capture under-
lying defects.

4. Eases integration of Al-generated code with the test suite as a set of guarantees that
are clear to the developer.



1.2 Thesis Overview

This thesis is structured around two main empirical studies that address the above research
questions, followed by a discussion of their implications for practice and future research.

e Chapter 2: TDD and LLM-Assisted Code Generation. This chapter examines
the role of TDD-inspired workflows in guiding LLM-based code generation. Can
TDD principles improve the correctness of code generated by LLMs? While writing
tests before code is a well-established practice in traditional software engineering, its
effectiveness in LLM-driven workflows has not been fully examined. We evaluate if
and how pre-written tests guide LLMs to produce logically correct implementations.

e Chapter 3: Evaluating LLM-Based Test Generation Tools. Existing LLM-
based test generation tools start from code instead of requirements and seem to
prioritize coverage and discard failing tests, which might inadvertently validate in-
correct implementations. This chapter investigates how these practices affect the
quality and reliability of generated test suites, once again making a case for TDD.

1.3 Contributions

The contributions of this thesis are both empirical and technical:

1.3.1 Empirical Contributions

This thesis provides the following empirical insights:

1. Impact of Tests on Code Generation: Introducing tests as input improves code
generation correctness across function-level benchmarks (MBPP and HumanEval) by
12.0% and 8.5%, respectively. Tests help LLMs resolve issues such as incorrect func-
tion signatures, logical errors in mathematical computations, and edge-case handling
(Chapter 2).

2. Effectiveness of Remediation Loops: Iterative remediation loops further enhance
problem-solving rates by an additional 5.26% (MBPP) and 5.49% (HumanEval). This
iterative approach addresses issues such as type mismatches, logical flaws, and edge-
case failures (Chapter 2).



. Private Test Validation: Code solutions developed using public tests do seem to
generalize to private test suites, still showing net gains of 18.04% (MBPP), 14.64%
(HumanEval), and 7.27% (CodeChef)(Chapter 2).

. Parameters that affect TDD: . We further manually inspect the data to highlight
the parameters that seem to affect TDD including the number of tests, coverage,
models used and difficulty (Chapter 2).

. Critical Gaps in LLM-Based Test Generation Tools: Current tools for au-
tomated test generation, such as GitHub Copilot, CoverAgent, and CoverUp, fail
to effectively detect bugs, with up to 68.1% of their test suites validating incorrect
implementations (Chapter 3).

. Key Challenges and Design Limitations: Filtering mechanisms in test genera-
tion tools often discard valuable bug-revealing tests and the prioritization of coverage
metrics as a cutoff leads to suites that aren’t as comprehensive as their manually writ-
ten counterparts (Chapter 3).

1.3.2 Technical Contributions

In addition to the empirical insights gained from this work, the thesis also introduces
a framework and an evaluation pipeline developed as a direct outcome of the empirical
studies:

1. TDD Framework for LLM-Based Code Generation: We propose a TDD-

inspired framework T'Gen, demonstrating that pre-written tests do improve LLM-
based code generation. This framework also incorporates remediation loops, enabling
iterative refinement of generated code until it meets predefined requirements (Chap-
ter 2).

. Evaluation Pipeline for Test Generation Tools: A systematic evaluation pipeline
is introduced to assess the effectiveness of test generation tools and we outline key
limitations and design flaws in existing tools (Chapter 3).



Chapter 2

Test-Driven Development and
LLM-based Code Generation

An earlier version of the work in this chapter
was presented at ASE 202/.
DOI: 10.1145/8691620.3695527

2.1 Introduction

Large Language Models (LLMs) are transforming software development. However, the
importance of correctness in this domain remains a challenge. Despite their advanced
capabilities, LLMs often exude deceptive confidence in their outputs, which can be mis-
leadingly erroneous [38,52,54]. This issue becomes especially critical when the cost of
failure is high. The potential pitfalls of LLMs, such as generating syntactically correct,
but logically flawed code or failing to adhere to specific requirements, underscore the need
for stringent validation mechanisms. Ensuring correctness is not just about preventing
errors. It is about building trust in machine-generated code and ensuring it meets the
rigorous standards required in real-world applications. Programmers will need to act as
quality assurance specialists, spending more time checking the validity of autogenerated
code, utilizing both traditional testing tools and advanced automated program repair tech-
niques to ensure code quality [11]

Generating tests has gained additional momentum with the emergence of LLMs, and
recent techniques boast testing performance similar to human-written tests. Past work,
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however, has questioned how coverage as a goal may not be an effective target to set
[22]. If LLMs fail to handle edge cases regarding code, generated tests derived from the
implementation can be as wrong as the generated code itself. While LLMs might be useful
in helping developers formalize intent, this work does not seek to answer the question,
“When and how should AT write tests?”. This work rather seeks to explore whether there
might be a better paradigm for utilizing tests in LLM-based code generation.

Test-driven development (TDD) [7] offers a structured approach to mitigate the risks
associated with code generation. This software development process revolves around the
repetitive cycle of writing a test for a specific function or feature, developing code to
pass that test, and subsequently refactoring the code to meet the desired standards of
quality and efficiency. Hence, TDD could serve as a critical framework for validating the
correctness and functionality of LLM-generated code.

There is extensive research into generating test cases from code, whether human or
machine-authored [34,19]. However, the reciprocal process has not been systematically
evaluated, particularly regarding how human-written tests (created as part of the TDD
process) can improve LLM-generated code. By examining how LLMs respond to the ad-
ditional context and constraints of test cases, we can gain insights into their potential
to enhance code correctness through a more informed code generation process. While
it may seem obvious to assume that including tests alongside problem statements will
inherently enhance the correctness of machine-generated code, this assumption requires
careful examination. The actual impact of human-written tests on improving the quality
of LLM-generated code remains underexplored. Specifically, the extent to which LLMs
can interpret and utilize these tests to refine their code outputs has not been thoroughly
investigated. This gap highlights a critical area for empirical study: measuring the effec-
tiveness of test cases in guiding LLMs toward generating more accurate code that captures
requirements which may not be explicitly stated (much like the goals of TDD).

In our empirical study, we create a simple framework T'Gen to evaluate our research
questions. T'Gen is rooted in TDD principles, requiring developers to precisely articulate
their coding intents through tests. T'Gen operates within a continuous self-improving
loop. Developers begin by detailing their requirements and intended functionalities through
a combination of problem statements and test cases. These test cases then serve as a
definitive guide for the expected behaviour of the code, allowing T'Gen to generate code
that adheres to these requirements. Integral to the framework is an LLM-based feedback
mechanism designed to iteratively refine and correct the generated code, ensuring it passes
all provided unit tests. By leveraging test cases as a benchmark for validation, T'Gen
attempts to generate code satisfying these requirements. In cases where TGen cannot
create correct code, by design, developers know that the code generated does not pass all



the test cases and, therefore, can correct the code before including it in their projects.

We investigate whether incorporating tests in the code generation process improves
the model’s ability to generate correct code and also discuss the impacts and challenges
of this approach. While we use T'Gen in our study for evaluation, it’s important to note
that our contribution is not the framework itself, but the empirical study we conduct. We
systematically explore whether the TDD paradigm works in Al-driven code generation,
under what conditions it is effective, and how tests can be useful. Our findings can support
or challenge the use of TDD in this context.

By integrating TDD, developers can continuously test the outputs of LLMs against
predefined specifications and use cases. This helps identify and correct errors early in
the development process and aligns the model’s outputs with the specific requirements
of the task at hand. Thus, the adoption of TDD for code generation could stand as a
promising strategy to enhance the practical utility of these advanced Al systems in software
development.

2.2 Research Questions

Our goal is to examine the baseline capabilities of neural code generation and the incre-
mental benefits introduced by incorporating tests. Specifically, we explore if and how tests
are helpful through the following four research questions:

RQ1: How good is basic code generation? Basic neural code generation, particularly
with LLMs, has shown promising results in various tasks. However, its efficacy in
complex coding scenarios without any test information remains a subject of explo-
ration. We aim to evaluate the fundamental capabilities of these models in generating
syntactically and logically correct code, especially in standard programming tasks.
This investigation will provide insights into the baseline performance of LLMs in code
generation, setting a benchmark for further discussions.

RQ2: Does providing test cases improve code generation? The foundational prin-
ciple of TDD is that software should be developed primarily by writing tests before
any functional code is written. This method has historically led to robust, well-
documented software that is closely aligned with user requirements. By requiring
developers to define explicit tests upfront, TDD ensures that all new code functions
as intended and adheres strictly to the specified requirements. This rigorous approach
to software development could be transformative when applied to the code-generation
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RQ3:

RQ4:

capabilities of LLMs. We hypothesize that by providing LLMs like GPT-4 with both
problem statements and corresponding tests, the generated code will achieve the re-
quired functionality and exhibit an enhanced adherence to the intended specifications
and requirements.

Can failed tests help LLMs fix their mistakes? We investigate the ability of
LLMs to learn from their errors through remediation loops. This involves assessing
whether LLMs can iteratively refine and correct their code outputs based on feedback
or error detection. The remediation loop in our study closely mirrors the iterative
cycle at the heart of TDD. In traditional TDD, the process involves initially writing
tests, which the new code then fails, leading developers to refine the function until it
passes the tests. We aim to explore the potential of LLMs to self-correct as reported
in past literature [58]and the ability to align better the code they generate with the
provided specifications.

Do the generated solutions only satisfy the supplied tests or even unseen
tests? This research question explores a critical aspect of Al-generated code: its
robustness and generalizability beyond the explicitly defined test cases. In tradi-
tional software development, the ability of code to perform well under a variety of
scenarios—especially those not explicitly anticipated during testing—is a hallmark
of high-quality software. TDD is grounded in the principle that tests are pivotal
in improving design and functionality. However, there remain questions about the
extent to which this principle applies when code is generated by LLMs.

In addition to these research questions, we delve deeper into the complexities of incorpo-
rating tests, discussing our findings further through the following additional explorations:

EXP1:

EXP2:

How does problem difficulty affect these results? We hypothesize that a prob-
lem statement’s difficulty could significantly impact an LLM’s performance in code
generation. We aim to explore how varying levels of problem complexity influence
the model’s ability to generate correct code that satisfies the requirements expressed
by the statement and supplied test cases. We curate our own dataset consisting
of competitive programming problems of different difficulty levels and attempt to
understand how increasing difficulty impacts our approach.

How many tests is good enough? Determining the optimal number of tests
necessary for effective code generation by LLMs is a key concern. In traditional
TDD, the number and quality of tests are crucial for ensuring robust software. We



EXP3:

aim to investigate how the quantity of provided test cases influences the correctness
of the code generated by LLMs. While intuitively, adding tests should only help
clarify the requirements. However, when working with LLMs, we are limited by the
context length of the model, which controls how much information we can feed the
model. By experimenting with varying numbers of tests, we wish to identify if there
exists a threshold that balances thoroughness and efficiency, guiding best practices
for using tests to enhance LLM-based code generation.

Do these results hold with an open model like Llama 37 While our approach
is LLM agnostic, the LLM itself plays a major role in our experiments, requiring the
ability to write correct code and review and fix incorrect code. While there may exist
an ideal combination of different LLMs specialized for each of these tasks, we wish
to explore if this structure would work with other models outside OpenAI’'s GPT
family of models as well. By evaluating Meta’s LLama 3 under the same conditions,
we can assess if similar patterns emerge, providing insights into the consistency and
reliability of our findings across different LLMs.

2.3 Methodology

w—c Verifier E ’ E
<__|_ == : [ LLM ' RQ3

Coder Agent '

A

Problem
Statement
Supplied
Tests

éRemediation
Loop

____________________________

Generated
Code

RQ1 (Baseline): Code generation with
problem statement alone

with problem statement and test cases

A

Iteration Limit: Loop "N" times or until
"M" repeated test failures for RQ3

Remediation
Agent

1
1
1
1
1
1
1
:
: RQ2 (Prompt + Test): Code generation
:
1
1
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1
1
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1
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N mr e m e r e, —,—,——————-

Private Tests

Figure 2.1: Overview of the evaluation pipeline
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We design our experiments to help evaluate the effectiveness of integrating TDD with



LLM-based code generation. We aim to determine if tests affect LLMs and when they
might be useful.

2.3.1 Datasets Used

Evaluating code generation typically employs benchmark datasets such as MBPP [1], Hu-

manEval [11], CodeContests [37], or APPS [25]. Recently, newer datasets have explored
class-level [17] and repository-level code completion [63], as well as automated software
engineering [30]. However, we focus on function-level generation datasets like MBPP and

HumanEval for two reasons.

1. MBPP and HumanEval datasets are standard benchmarks widely used to evaluate
LLMs on code generation leaderboards [17,38].

2. Repository-level code generation requires context about the codebase, making it com-
plex and less controlled. Class-level benchmarks can be evaluated in various genera-
tion configurations, introducing many variables complicating the analysis. Function-
level generation datasets like MBPP and HumanEval are relatively more straight-
forward. These involve generating the body of a function with a given signature,
providing a clear and manageable scope for evaluation. By focusing on MBPP and
HumanEval, we can systematically explore our research questions in a controlled
environment where we can focus on TDD and its effects.

By establishing the effectiveness of TDD in LLM-based code generation using these
datasets, we lay the groundwork for exploring more complex datasets focused on real-world
TDD data in future studies. Conversely, if TDD proves ineffective with these benchmarks,
it may indicate limited applicability in this context. We utilized refined versions of Hu-
manEval and MBPP datasets curated by EvalPlus [38], which adds additional tests to
allow for a more rigorous evaluation of the generated code.

¢ HumanEval: Contains 164 handwritten Python programming problems. Each
problem includes a function signature, docstring, body, and several unit tests. The
EvalPlus variant we use includes additional unit tests (80 times the original) for each
of the 164 problems, providing more extensive coverage and thorough testing.

e MBPP: Comprises around 1,000 crowd-sourced Python programming problems de-
signed for entry-level programmers. Each problem includes a task description, a
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System: You are an expert Python programmer, your job is to look at code and reason
why it doesn’t work as intended. Once you reason why it doesn’t work, you will provide a
prompt that highlights the key points that need to be fixed in the code. You will not write
the code yourself. IMPORTANT: Tests cannot be modified. Never make a suggestion
outside the scope of modifying the solution code snippet

Assistant: jCode Snippet under remediation;

User: This code is not correct as it led to the following issues:

jList of issues following test execution extracted by log-analyzers

Figure 2.2: Configuration of the Remediation Agent

code solution, and three automated test cases. The version we use includes 35 times
the original number of unit tests for each problem. It consists of 399 tasks, which
are a subset of the original MBPP dataset. This subset is selected by the authors
of EvalPlus from the sanitized MBPP (a set of 427 manually filtered by the orig-
inal MBPP authors), with further removal of low-quality and ill-formed tasks for
benchmark quality control.

We never supply the LLM with any additional test cases that EvalPlus added using
dynamic program testing techniques and only use them to test correctness. However,
existing work in the literature has questioned the accuracy of function-level benchmarks
for evaluating LLMs [9,48]. We also look at file-level generation to address this concern
and validate our findings. For this, we curate our own dataset of 1100 problems from a
popular competitive programming website, CodeChef, for the following reasons:

e We also wish to explore how difficulty impacts our results, and existing datasets do
not have a balanced set of problems spanning various difficulty levels

e CodeContests v2 is not public, and the older dataset is outdated and filled primar-
ily with Python 2 solutions and problems that no longer accept solutions on the
competitive programming platforms they were extracted from

e APPS dataset, which is a more recent dataset of coding challenge problems, does not
give a clear difficulty measure, but rather categorizes problems into abstract buckets,
which doesn’t work well for our purposes

11



Your task is only to write a Python function to satisfy requirements specified by the users
Prompt.

Only generate a single complete Python code snippet. Start generating after the
[PYTHON] tag. Your python solution should end with a [/PYTHON] tag.

| Multi-step prompting for case with tests supplied

1. Look at the “Prompt” and “Tests” provided to understand the users requirements.

2. Generate code based on requirements in the prompt and ensure the logic is such that it
would pass the corresponding tests provided.

3. Do not attempt to programmatically verify the tests. The test should not be part of
the generated code in any way.

4. Do not write code in order to satisfy the tests, primarily focus on satisfying the prompt.
5. Include necessary imports in the generated code.

6. Your code is expected to read input from stdin and write output to stdout as per the
requirements in the prompt.

7. Define additional helper functions if needed

8. Your output should be as shown in the sample tests. Ensure you do not return or print
any additional information that can cause the tests to fail.

| Dataset-specific guidelines for function-level case

If starting code is provided look at the issues mentioned and attempt to fix them
Ensure that the signature of the function is the same as the one provided by the user
And format your response as follows:

[PYTHON]

def function_name(parameters_as_provided_in_signature):

{

Ensure the function signature is the same as the one provided in the signature

Infer meaning of parameters from the prompt and tests

Valid python code with necessary imports if any that satisfies the prompt

Ensure the entry method is a function with the same name as the function name in the
tests

}
[/PYTHON]

Figure 2.3: Prompt used by the Coder Agent

12



2.3.2 TGen Framework

Figure 2.1 provides an overview of the proposed T'Gen framework’s pipeline, which we use
for evaluation. Each part of the pipeline is described below:

1. Input Phase: The evaluation pipeline starts by accepting two main inputs: the
problem statement describing the task and the tests containing the public unit tests
and the required signature, if any, to be enforced in the desired solution. These
tests serve both as specifications for the code to meet and as a verification tool for
the output. These tests serve as both specifications and verification tools. Tests
provided to the LLM during generation are labelled as supplied tests, while the rest
are private tests. For competitive programming problems, the challenge description
is the problem statement, and available public tests are supplied tests.

2. LLM Engine: The core reasoning engine, powered by state-of-the-art LLMs (e.g.,
Meta Llama 3, GPT-3.5 & GPT-4 Turbo), processes the structured input. The
foundational model leverages its own knowledge and any supplied context to generate
an output response. This study uses GPT-4 Turbo v1106 for all experiments, with
results validated using Meta Llama 3.

3. LLM Agents: In the context of Large Language Models (LLMs), “agents” are
systems that utilize LLMs as their underlying reasoning engine [3]. These agents are
designed with predefined prompts and thought patterns, enabling them to interact
intelligently with users or other systems. Agents in our pipeline utilize the intent
and available context from the input phase to guide the LLM engine in generating
code, reviewing snippets, and suggesting fixes.

(a) Coder Agent: This agent takes the supplied information and generates a code
snippet from it. The system prompt used when tests are supplied for function-
level generation cases is shown in Figure 2.3. The first part provides a rough
thought process to instruct the LLM on how to utilize the tests, and the second
part contains instructions specific to the structure of tasks in a dataset. Though
the overall structure of the prompt remains the same, variants of this are used in
different cases, namely, when no tests are supplied or when a file-level generation
task is performed.

(b) Remediation Agent: This agent looks at failures reported by the verifier
and attempts to suggest how to fix the code, which is then taken up by the
“Coder Agent” in the next iteration. The structure of the prompts is shown in
Figure 2.2.
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4.

Output Phase: The Generated Code is extracted from the LLMs output, which
is then subject to validation. The output is expected to satisfy both the functional
requirements and the constraints imposed by the tests, if any.

. Verification: The output of the coder agent is always run through the verifier

that uses PyTest, a Python unit-testing framework, to verify the generated code
against all available tests. The verifier collects crashes or test failures, and creates
a comprehensive list of failures for the LLM to inspect and address issues. The
verifier identifies any discrepancies and ensures only correct solutions are accepted
and returned to the user.

Remediation Loop: The system enters a remediation loop if the generated code
fails the tests. The remediation agent uses failure information (e.g., stack trace,
detected issues, executed lines) to refine feedback for the coder agent. This loop
runs for a fixed number of iterations or until the same tests fail repeatedly, showing
no progress. We limit the loop to five iterations and three repeated failures for
our experiments. We observed that the remediation advice often becomes repetitive
beyond three to four iterations, yielding diminishing returns on further attempts to
fix the code.

To conduct our experiments in a cost and compute-efficient manner, our pipeline exe-
cutes in the following fashion:

Solved without tests: The first solution is attempted with the problem statement
alone and verified for correctness

Needs tests: If the problem statement alone fails to generate a valid solution, the
pipeline is rerun, supplying all public tests, along with the problem statement. The
newly generated code is then verified against all tests

Needs remediation: If the previous step results in an invalid solution, the failure
data is collected from the verifier and the remediation loop is executed until a correct
solution is generated

Unsolved: If the remediation loop exits without generating a valid solution, the
problem is considered unsolvable by T'Gen

We provide a replication package !, which includes output and runtime details from
TGen for all cases we experimented with and code scripts for the experiments. Output

1https ://osf.io/e3jy6/7view_only=bc67e33bebd3435abf5537d56767401d
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from LLMs is often unpredictable. We use a seed value of “1106” and a temperature of 0
in our experiments to improve the replicability of our results.

GPT-4 Problem Resolution Analysis (Function-level Benchmarks)
100 - g N 1A
XXX XXX X XXX 5 AR XX

s T e
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60

a0 80.5% 82.3%

Percentage of Problems

20 1
Solved without Tests

# / Needs Tests

Needs Remediation

/N 7 Unsolved

T T
MBPP HumanEval
Dataset

Figure 2.4: GPT4: Problems resolved and strategies used for Function-level code genera-
tion benchmarks

2.4 Impact of TDD in Code Generation

In this section, we seek to answer the “IF” question: Do tests help the code generation
process? We also manually explore the data to assess the impact of tests and determine
which types of problems benefit from tests and which do not. The fraction of correct
solutions obtained following the aforementioned workflow with GPT-4 Turbo version 1106
as the LLM for the two function-level benchmark datasets MBPP and HumanEval can be
seen in Figure 2.4. RQs 1 through 4 break down these results further. Satisfying public
tests is considered the correctness criterion in RQs 1, 2 and 3. RQ4 dives into the notion
of private tests and uncaptured requirements. We also manually investigate the data to
highlight key details and insights. Please note that we refer to specific cases within the
dataset using the following notation “Dataset/Key” where the key is a unique identifier
for the problem within the corresponding dataset.
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2.4.1 How good is basic code generation?

GPT-4, being one of the most powerful LLMs available today, does reasonably well solving
80.5% of MBPP problems and an even higher 82.3% of HumanEval tasks, as shown in
Figure 2.4, both of which consist of function-level benchmarks. Section 2.5.1 discusses file-
level generation, which is inherently more challenging, and also how using another LLM
affects these results. These numbers are slightly lower than have been reported for GPT-4
Turbo v1106 in popular LLM coding benchmark leaderboards [38] by about 5%. The drop
in performance might be attributed to the removal of sample test cases if present in the
problem statement for this experiment and differences in the prompt and model parameters
like seed and temperature.

2.4.2 Does providing test cases improve code generation?

For MBPP and HumanEval, including tests contributes to solving an additional 12.0% and
8.5% of problems, respectively, showcasing that tests as part of the input help the LLM
reach the correct solution. These percentages correspond to an additional 51 problems
in the MBPP dataset and 15 additional problems in the HumanEval dataset. Manually
inspecting the results of the evaluation with and without tests, several key insights emerged:

e Problems where the initial implementation had correct logic but incorrect
function signatures: benefited from tests as they helped identify mismatches and
ensure adherence to the required function signatures (e.g., MBPP/6, MBPP /90,
MBPP/233).

e Problems involving mathematical formulas or geometric calculations saw
improvements as tests helped catch errors in formula application and ensured the
correct implementation of mathematical logic (e.g., MBPP /14, MBPP/430).

e Problems requiring precise string manipulations or regular expressions
benefited from tests highlighting edge cases and incorrect pattern matching, leading
to more robust solutions (e.g., MBPP /16, HumanEval/48).

e Problems involving complex data structures such as nested dictionaries or
tuples. Tests helped ensure that the functions correctly handled various input formats
and edge cases. (e.g., MBPP/106, MBPP /299)
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¢ Edge Case Handling: Many problems initially failed due to unhandled edge cases.
Tests were instrumental in identifying these edge cases, prompting the system to
refine its logic to handle all possible scenarios (e.g., MBPP /170, HumanEval/5).

e Problems requiring specific algorithmic approaches, such as finding the max-
imum difference or sorting criteria, benefited from tests that guided the system to
correct logical flaws and align with the problem requirements (e.g., MBPP /63, Hu-
manEval/127).

LLMs seem to be able to improve their understanding of the requirements presented in
the problem statement using the provided tests. The tests also seem to have played a sig-
nificant role in validating mathematical logic, ensuring the correct application of formulas
to produce results indicated by the tests. Tests also seem to prompt the system to refine
its logic to accommodate a broader range of inputs and edge cases. Consistency in data
types, especially in output formats, was another area where tests highlighted discrepancies.
In some cases, adding tests led to simplifying logic, replacing initial complex approaches
presumably derived from misunderstanding the statement with more straightforward solu-
tions.

2.4.3 Can failed tests help LLMs fix their mistakes?

The remediation loop’s role as a corrective mechanism can also be observed, with further
improvements noted in problem-solving. For MBPP and HumanEval, the loop seems to
effectively refine the code, with an additional 2.8% and 3% of problems solved, respectively.
This corresponds to the correct code for 21 additional problems for MBPP, out of which
11 were remediated in the first attempt, seven on the second, two on the third and one on
the fourth. For the HumanEval dataset, nine additional problems were solved correctly,
of which seven were remediated on the first attempt and one each was remediated on the
second and third attempts. It should be noted that in our evaluation pipeline, we allowed
for up to five remediation attempts. Although a few cases utilized all five attempts, none
were solved. Manually inspecting the data, we find the following cases that are benefited
by remediation:

e Edge Case Handling: Many problems initially failed due to inadequate handling
of edge cases. Remediation loops allowed the system to incorporate specific checks
for these cases, leading to correct code generation (e.g., MBPP/92, MBPP/113,
MBPP/137)
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e Issues related to data type handling and logical errors were effectively ad-
dressed through remediation loops (e.g., MBPP /115, HumanEval/22)

¢ Problems requiring precise mathematical computations saw significant im-
provements through remediation. Initial attempts often failed due to issues like

integer vs. floating-point division, but remediation advice helped correct these errors
(e.g., MBPP /300, HumanEval /77)

¢ Problems involving text manipulation, such as punctuation handling, benefited
greatly from remediation loops. Initial attempts often failed due to improper handling
of punctuation, but iterative refinements led to progressively better solutions (e.g.,

MBPP/7)

e Problems requiring multiple remediation attempts highlight the importance
of iterative refinement. Errors with boundary checks, simple arithmetic corrections,
or basic input validation were often resolved through iterative remediation. Each
attempt built on the previous one, incorporating new insights and corrections until
the correct solution was achieved (e.g., MBPP /160, HumanEval/57)

The general trajectory from initial to final remediation attempts involved a progressive
refinement process. In most cases, the first remediation led to basic fixes and the handling of
straightforward errors highlighted by the crashes. This often addressed the most obvious
errors, such as missing imports or missing type conversions. In the case of a second
remediation attempt, more detailed adjustments were involved, addressing deeper logical
issues and additional edge cases. A few examples of cases remediation attempts to fix are
adjusting modulo operations to map to the correct character range, correcting base cases
and loop logic in recursive functions, and handling edge cases like empty arrays or specific
input formats.

The remediation agent did not have access to the history to prevent the context length
of the models from being exceeded during the evaluation, which means the LLM could
not review past fixes. There were cases where the remediation advice misled the gener-
ator and often failed to fully implement the remediation advice, leading to repeated er-
rors. We ignore cases like MBPP /462 and HumanEval/145, which occurred due to verifier
and environment-related issues, as these are limitations of the evaluator as implemented
presently. An interesting question is what kind of problems remain unsolved, manually
inspecting we find the following:

e Misunderstanding core logic or requirements often led to persistent errors
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across multiple remediation attempts (e.g., MBPP /83, HumanEval/38, MBPP /138,
HumanEval/83, MBPP/765).

e Handling specific data structures like empty arrays, negative numbers, nested
lists, and tuples remained challenging despite multiple iterations (e.g., MBPP /119,
MBPP/559, MBPP /431, MBPP/630).

e Logical errors and inadequate adaptation of remediation advice were com-
mon. Despite following remediation advice, the system consistently produced incor-
rect logic in cases such as rotating binary strings, renaming functions, and counting
and pairing differing bits often led to repeated mistakes (e.g., MBPP /109, MBPP /468,
MBPP/126, MBPP/595).

e Misinterpreting input/output formats and complex cases involving multi-
ple conditions or constraints frequently caused failures. These included handling
nested list inputs and incorrectly handling the input format for date validation (e.g.,

MBPP/278, MBPP /427, MBPP /102, MBPP/581).

e Performance bottlenecks and inefficiencies were encountered, particularly with
large inputs and complex logic, leading to timeouts and overly complex solutions
(e.g., MBPP /765, HumanEval/63).

2.4.4 Do the generated solutions only satisfy the supplied tests
or even unseen tests?

Table 2.1: Impact of private tests on GPT-4 based TGen results with improvement offered
by tests after validation highlighted

Function-Level File-Level
Category MBPP (#399) HumanEval (#164) | CodeChef (#1100)
Solved without tests 69.67% 78.66% 23.00%
Needs tests 82.45% (+12.78%) 87.81% (4+9.15%) | 26.09% (+3.09%)
Needs remediation 87.71% (+5.26%) 93.30%  (4+5.49%) | 30.27% (+4.18%)
Unsolved 12.28% 6.71% 69.73%
Improvement using tests 18.04% 14.64% 7.27%

An interesting question in our study is whether the generated solutions are tailored
merely to pass the provided tests or if they are robust enough to succeed against unseen
tests as well. This question becomes particularly pertinent when considering the potential
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for omitted requirements in the supplied test cases. While TDD advocates for the use of
tests as the primary specifications, the risk of overlooking certain criteria due to suboptimal
test quality cannot be ignored.

For the MBPP and HumanEval datasets, we employed their EvalPlus [358] enriched
variants with 35x and 80x more tests, respectively, offering a rigorous assessment platform.
EvalPlus seeds its test generator with high-quality inputs and extends them through type-

aware mutation to establish a robust framework for evaluating the true correctness of
LLM-synthesized code.

Our extended evaluation of the generated code utilizing private tests, summarized in
the first two columns of Table 2.1, indicates that including public tests still results in
improved performance across benchmarks. Even though there is a reduction in the number
of problems solved corresponding to each category once verified, the addition of public tests
yielded a performance increase of 12.78% for MBPP and 9.15% for HumanEval. Further
application of remediation loops led to additional improvements: 5.26% for MBPP and
5.49% for HumanEval. This demonstrates that even without the LLM having access to the
comprehensive test suites provided by EvalPlus, including some tests, it aids in enhancing
the correctness of the generated solutions over not using tests. We discuss the results
presented in the last column in Section 2.5.1 that discusses file-level generation in more
detail.

The occurrence of failures in some solutions when subjected to private tests highlights
a crucial point: the more exhaustive the test suites are, the better the results tend to
be. Our findings reveal that solutions developed with test information fare well against
private tests, underscoring the benefits of integrating tests in the code generation process
to bolster robustness. This effectiveness points to a nuanced balance: while incorporating
tests, even partially comprehensive ones, bolsters solution robustness, the ultimate success
hinges on the quality of these tests. Having a wide variety of tests ensures solutions are
not just tailored to meet the explicit criteria in the problem statement, but are also able
to capture implicit requirements.
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2.5 Parameters affecting TDD

In this section, we explore the “HOW” question: how do different parameters impact the
effectiveness of tests in code generation? We aim to understand the influence of problem
difficulty, the number of tests, and the LLM itself. RQs 5 through 7 address these aspects
in detail. RQ5 examines how problem difficulty affects code generation results. RQ6 in-
vestigates the optimal number of tests needed for effective code generation. RQ7 evaluates
whether the results hold when using an open model like Llama 3 as the reasoning engine.
This section builds on the findings from Section 2.4, providing a deeper understanding of
the factors that influence the success of integrating TDD with LLM-based code generation.
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2.5.1 How does problem difficulty affect these results?
Data collection

We curated a problem set of coding problems from CodeChef and their corresponding
human solutions. CodeChef assigns each problem on its platform a difficulty score and
classifies ranges of difficulties into 11 buckets, as depicted in Table 2.2. To ensure that our
study’s problem set has a good distribution with respect to difficulty, we fetched the 100
most popular problems from each difficulty level. Here, popularity refers to the number of
accepted solution attempts that existed when the data was scraped (November 2023). The
curated multi-level dataset of 1100 problems represents a spectrum of real-world coding
challenges of varied difficulties that require full program synthesis.

Table 2.2: Difficulty Levels of Selected CodeChef Problems

Level Range Count
Beginner 0-999 100

1* Beginner 1000 - 1199 100
1* Advanced 1200 - 1399 100
2* Beginner 1400 - 1499 100
2% Advanced 1500 - 1599 100
3* Beginner 1600 - 1699 100
3* Advanced 1700 - 1799 100
4* 1800 - 1999 100

5% 2000 - 2199 100

6* 2200 -2499 100

7% 2500 - 5000 100

1100

Results

A breakup of the problems and solution strategies is shown in Figure 2.5. The data shown
can be summarized as 35.72% (393) problems solved without providing tests, 7.72% (85)
additional problems solved with public tests being supplied to the LLM, and another 9.36%
(103) problems solved using the LLM to look into validation issues and remediating the
code. In contrast to function-level generation, where we can expect the function signature
and input and output schemes to be straightforward, file-level generation, as required for

22



the curated CodeChef dataset, allows for more flexibility in problem-solving approaches.
This flexibility can make CodeChef problems harder to solve, even without considering task
complexity. Performance on the CodeChef dataset is markedly lower, with success rates
sharply decreasing as problem difficulty escalates. Despite this, 35.72% of these problems
were solved correctly with just the problem statement. This highlights the challenges
associated with these problems as compared to function-level generation datasets we have
explored so far. We need to parse the input correctly and provide the output to the console
in the expected format, apart from the logical complexity of the tasks.

Providing test cases led to a consistent increase in the number of problems solved across
difficulty levels, increasing the total number of problems solved by 7.72%. This underscores
the importance of test cases in aiding code generation across all difficulty levels.

Remediation loops further enhance performance in the CodeChef dataset, with an im-
provement of 9.36%. This indicates the LLM’s capacity for self-improvement and its ability
to tackle increasingly sophisticated challenges, particularly for medium-difficulty problems.
The complexities associated with correctly handling input and output operations likely con-
tribute to the higher impact of remediation on full program synthesis required for CodeChef
tasks. Most of the CodeChef problems (47.18% or 519 problems) remained unsolved in
our testing configurations. Allowing more remediation attempts could potentially improve
these numbers, but our experiments show diminishing returns with increased iterations.

We consider private tests for additional validation to gauge the impact of supplied
tests. These tests, not disclosed beforehand, are used by grading systems on platforms like
CodeChef to determine correctness. We leveraged these private test suites to evaluate the
generated solutions by evaluating the solutions on the platform itself. The results can be
seen in the last column of Table 2.1. We note that we still observe a 7.27% improvement
in the correctness of solutions across the dataset comprising 1100 problems. It should be
noted that as shown in Table 2.3, most cases in CodeChef only had one sample test available
publicly. Further, full program generation is inherently more challenging as it introduces
more points for failure and has a verbose problem statement where the objective is not
laid out explicitly.

Our analysis, as illustrated in Figure 2.6, delves into the relationship between problem
difficulty and the success rate of generated solutions. The data reveals a clear trend: simpler
problems tend to be solved effectively using tests alone, while more complex problems often
require additional remediation for successful resolution. Notably, the most challenging
problems remained unsolved, indicating a direct correlation between problem difficulty
and the likelihood of resolution through our current methodological framework. We see
that a much less expensive operation of supplying tests quite significantly impacts the
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Figure 2.6: Distribution of difficulty levels associated with problems solved by each strategy

fraction of solved problems.

Lastly, the discrepancy observed between the success of solutions on public tests ver-
sus their failure on CodeChef’s private tests raises important concerns. Our analysis of
difficulty scores for problems that failed only on private tests yielded an average score of
1627.75, situating these problems within the medium difficulty range. The performance of
GPT-4 generated solutions on these tests, where 16 were partially accepted, two caused
judge errors, six resulted in runtime errors, and 25 exceeded time limits—underscores the
necessity of comprehensive testing. These findings highlight the importance of developing
more robust tests that can anticipate and mitigate such issues despite efficiency not being
the primary focus of this investigation.

Table 2.3: Overview of the number of public tests in each benchmark
Benchmark Avg. Medium Min. Max. #Tasks
MBPP 3.10 3.00 2.00  7.00 399
HumanEval 8.05 7.00 1.00  26.00 164
CodeChef 0.94 1.00 0.00  4.00 1100
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2.5.2 How many tests is good enough?
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Figure 2.7: Correctness with increasing number of tests supplied

The number of test cases available per problem varies widely across both function-level
generation benchmarks as shown in Table 2.3. Considering the scope of our study, we
choose to include only the human-written tests in these datasets and not those generated
by EvalPlus. To explore the impact of the number of these tests supplied to the LLM,
we work with a subset of both datasets so that as we vary the number of tests, we are
still commenting on the correctness observed for the same set of problems. The cutoffs are
picked so that we have enough cases to analyze while not dropping too many problems
from our analysis. For MBPP, we look at the subset of problems with at least three tests,
resulting in 398 problems, and only one case is removed. For HumanEval, we look for cases
with at least 4 tests, leaving us with 143 problems out of the initial 164. Since most of the
tasks in the CodeChef dataset only contains one test we refrain from including it in this
analysis.

We run the evaluation pipeline without remediation for each case in these subsets and
repeat the experiment while increasing the number of tests supplied. The variation in
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the fraction of correct solutions generated in each case is shown in Figure 2.7. We see
that the impact varies across the datasets, but we see an upward trend in both cases as
more tests are added. However, we do not observe a plateau in the case of HumanEval,
which might be attributed to the simpler nature of problems in MBPP, which seem to
suffer more from vagueness than complexity. Also, we note from our experiments that as
we continue increasing the number of tests, in some cases, we end up with incorrect code
being generated that had been correctly solved before. This could be because of the “lost
in the middle” problem reported in the literature, where the LLM starts ignoring context
in the middle as more and more information is supplied to the model.

Additionally, we look at the sample solution to each of the problems included in the
datasets and use it to compute line coverage contributed by each test case. We note that
75% of the cases in HumanEval and 92.4% of cases in MBPP achieve 100% coverage with
the addition of the first case itself. While high coverage is generally desirable, it’s important
to recognize that coverage alone doesn’t guarantee test quality or comprehensiveness. Tests
achieving full coverage might still miss important edge cases or fail to capture the full
functionality of the code. This could be another reason why the curve for MBPP is starting
to decline with just three tests. We need a better dataset with more human-written test
cases for more rigorous analysis, but we hypothesize, based on our results, that adding
more diverse test cases aids in the code generation process. It’s important to note that
the “quality” of tests plays a crucial role in evaluation. While we selected benchmarks
containing human-written tests to include a wide variety of tests, good and bad, this
approach has limitations. For instance, EvalPlus [38] has highlighted test insufficiency in
these datasets, leading to a reduction in pass@k by 19.3-28.9% when using the refined test
suite. This raises an interesting question about the potential impact of using lower-quality
tests, such as those automatically generated. However, there is currently no clear consensus
on what constitutes ‘low quality’ tests or a standardized dataset to evaluate them. Future
work could explore the comparison between generated tests and human-written tests, as
well as the impact of test quality on code generation performance.

2.5.3 Do these results hold with an open model like Llama 37

Apart from GPT-4 Turbo, we also experimented with GPT-3.5 Turbo v1106 and observed
similar trends. However, in our discussion so far, we presented only results from GPT-4,
as it represents one of the most powerful LLMs available for public use. An interesting
question is whether the benefits of TDD can be seen outside OpenAl’s GPT family of
models. To address this question, we pick Meta Llama 3 70B Instruct, another popular
model that shows promise for code generation, ranking among the best models in code
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Figure 2.8: Llama 3: Problems resolved and strategies used for Function-level code gener-
ation benchmarks

[17,38] and non-code LLM benchmark leaderboards [13]. The output from TGen for
GPT-3.5 Turbo is also included in our replication package.

The results observed by replacing GPT-4 with Llama 3 in the evaluation pipeline can
be seen in Figure 2.8. We see that the trends observed with proprietary models extend
to open models. Code generation using Llama 3 benefits from the additional tests and
remediation setup provided by T'Gen, and we even see a greater impact than we observed
with GPT-4. As compared to GPT-4, which had over 80% of the problems being solved in
the baseline, we see a lower performance of 52.6% and 67.7% in MBPP and HumanEval
benchmarks, respectively. Despite the worse code generation performance out of the box,
we note that the addition of tests and remediation both significantly improve the results.

The final measure of improvements observed after evaluating the correctness of gener-
ated solutions using the EvalPlus can be seen in Table 2.4. We see that after validating the
solutions on private tests, we see a 38.6% improvement in MBPP and a 21.95% improve-
ment in HumanEval as compared to their respective baselines, which is almost double the
improvement we saw in the case of GPT-4 shown in Table 2.1.
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Table 2.4: Impact of private tests on Llama 3 based TGen results with improvement offered
by tests after validation highlighted

Category MBPP (#399) HumanEval(#164)
Solved without tests 46.37% 62.20%

Needs tests 75.94% (429.57%) 75.61% (+13.41%)
Needs remediation ~ 84.96% (4+9.02%) 84.15% (+8.54%)
Unsolved 15.04% 15.85%

Improvement 38.60% 21.95%

2.6 Related Work

Evaluating code generation performance is an area that is being actively explored.
Liu et al.’s EvalPlus [38] proposes rigorous benchmark enhancements for evaluating LLM-
generated code’s functional correctness, highlighting the insufficiency of current bench-
marks in depth and breadth. Ding et al. present CrossCodeEval [15], which challenges
LLMs with multilingual, cross-file context code completion. Jimenez et al.’s SWE-bench
[30] uses real-world GitHub issues to test LLMs, with results showing current models solve
only a fraction of problems.

Improving code generation using tests has emerged as a popular trend among
other works that have explored other methods, such as improving the reasoning ability of
LLMs by using diverse prompts, voting, and other reasoning verification strategies apart
from tests [36]. Wang et al. employ test execution feedback while training the model to
enable the model itself to discern incorrect code [56]. Chen et al.’s Codex [ 1] demonstrates
the limitations of single-sample code generation and suggests that one could similarly
exploit multiple test iterations to refine code quality. There have also been attempts at
making compilable code by incorporating feedback from compilers [57]. Shinn et al.’s
Reflexion [71] method allows agents to learn from past mistakes, emphasizing the need for
approaches that can iterate over code generation and testing for improved decision-making
in software development. Recent agentic systems like Yuntong et al.’s AutoCodeRover
have also explored utilizing test cases for spectrum-based fault localization when retrieving
context for code generation [(41]. However, most of these explore the problem in a program
repair setting.

Generating tests is another way tests for code generation are being explored re-
cently [19]. Lever [11] attempts to rank generations based on trained verifiers derived from
the prompt. A comprehensive exploration is presented by Codet, where they assess the
quality of generated test cases and their impact [10]. Lahiri et al. [32] explore the use of
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test cases for user intent formalization, but they rely on developer feedback for mutating
and ranking test and code suggestions effectively using generated tests. Fakhoury et al.
build upon this by leveraging user feedback through LLM-generated tests to improve the
correctness of generated code presented as Ticoder [20]. While Lahiri et al. and Fakhoury
et al. present ‘test-driven’ methodologies, they focus on intent formalization during which
both tests and code are generated iteratively, adapting to user feedback. In contrast,
our approach aligns more closely with traditional TDD principles by starting with user-
provided tests that formalize initial requirements. Their user study [20] highlights the
correct evaluation of Al-generated code for entry-level tasks but, also shows participants
failing to distinguish wrong tests surfaced by the recommender, which is concerning. We
thus refrain from leveraging user feedback during generation or commenting on the effort
and accuracy tradeoffs involved. Similarly, 3DGen [19] uses LLMs to formalize user intent
into test cases, but emphasizes symbolic techniques for exhaustive test generation and for-
mal verification. However, both methods still focus on generating tests rather than starting
from user-written test cases. A key gap in the current literature is a lack of user studies
evaluating the impact and effectiveness of such approaches in the long run.

The aforementioned works showcase the potential for using verification and validation
techniques to improve the performance of LLMs across different complexity levels and tasks.
Further, they also hint at the efficacy of using LLMs for program repair through feedback-
based techniques. None of these studies, however, answers key questions surrounding the
impact of including human-written test information and how these mechanisms can be em-
ployed in a test-driven workflow. We wish to bridge this gap and structure our experiments
to explore how to use tests efficiently and how test-driven development principles can be
used to improve code generation.

2.7 Threats to Validity

Prompt engineering, while a powerful tool to guide LLMs, is also subject to limitations.
Poorly designed prompts can lead to sub-optimal results, skewing the model’s results and
potentially misleading it. To minimize this, we keep the prompt structure consistent across
our experiments and vary only the parameters under consideration. Using popular bench-
mark datasets, such as MBPP and HumanEval, has inherent limitations. These bench-
marks do not capture the full complexity and variability of real-world programming prob-
lems but help shed light on the impact of tests. We also use our own dataset of problems
with a clear notion of difficulty, but this might not be representative of the difficulty of
tasks in software engineering.
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A significant threat to validity in evaluating LLMs on benchmark datasets is the poten-
tial for data leakage. Given the closed nature of training data for models like GPT-4, we
cannot guarantee the absence of overlap between the benchmarks and the model’s training
data. This is a common concern for all evaluation benchmarks used with LLMs. To par-
tially mitigate this, we curated an additional dataset from the competitive programming
website CodeChef. While this doesn’t completely eliminate the possibility of leakage, it
provides a different source of problems that may be less likely to have been included in the
model’s training data. It’s important to note that our study focuses on the incremental
improvements achieved by incorporating tests, which we believe provides valuable insights
into LLM capabilities regardless of the exact composition of their training data.

This study focused on human-written tests from established benchmarks or competitive
programming websites to include a wide variety of tests. However, these tests might not
be representative of those found in real-world projects. Future work should investigate
the quality of the test suite and its impact on code generation. Further, our assumption
that test runs serve as ground truths for the corresponding problems may not always
hold, particularly for non-deterministic problems. We excluded such problems from our
curated dataset and filtered out errors through manual inspection. Recent literature also
suggests that the tests used in widely adopted benchmarks may not be robust enough for
evaluating code generation. To address this, we used the refined versions of the HumanEval
and MBPP datasets curated by EvalPlus [38], which include additional tests for more
thorough evaluation. The performance of TDD with LLMs might vary with different
models, architectures, or training data. Further, the inherent variability in LLM outputs
can introduce inconsistencies. We employ a fixed seed value and temperature setting to
improve the reproducibility of our results, but some degree of unpredictability remains.

2.8 Conclusion

In the rapidly evolving landscape of LLMs for code, where these models are being increas-
ingly used for code generation and remediation, embracing TDD emerges as a strategic
paradigm shift. TDD enables us to use tests in the generation phase and for validation.
By incorporating test cases, and employing remediation loops, we are able to solve com-
plex problems that the LLM cannot solve normally. Using GPT-4, we observe a significant
increase in the correctness of the code generated. We find that this improvement is more
pronounced for less performant models that can only solve a much lower fraction of prob-
lems initially. We also highlight the cases in which these approaches work well and the
kind of tasks that present-day LLMs struggle with. Our experiments with GPT-4 and
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Llama 3 show that merely providing the LLM with tests during generation improves cor-
rectness by 9.15 to 29.57%. Adding remediation loops results in an additional gain of 5.26
to 9.02% across popular function-level benchmark datasets after rigorous evaluation with
private tests. We also find that the proposed approach improves correctness by 7.27% on
our dataset of 1100 file-level generation tasks where GPT-4 performs poorly and struggles
with more difficult problems. Our findings validate the impact of tests, and we therefore
advocate for the widespread adoption of test-driven methodologies to maximize the ben-
efits of LLMs in code generation. While our results demonstrate the benefits of TDD in
LLM-based code generation, future work should focus on quantifying the tradeoffs between
the effort required to write tests and the resulting increase in accuracy. A user study could
provide valuable insights into how this approach affects overall development time and code
quality in real-world scenarios.
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Chapter 3

Evaluating LLM-based test
generators on buggy code

3.1 Introduction

Software testing remains a critical yet time-consuming aspect of software development.
With the advent of Large Language Models (LLMs), there has been a significant shift
towards automating various software engineering tasks, including test case generation.
Tools like GitHub Copilot, which serves millions of developers [16], are increasingly being
adopted for automated test generation. This trend is further visible in recent research
efforts [11, 18,16] and commercial tools like CodiumATI’s CoverAgent [17]. While there are
various approaches to automated test generation, including fuzzing and crash-based testing,
our study focuses on LLM-based tools that generate complete test cases with oracles and
assertions.

LLM-based test generation tools [10,17] promise to improve code coverage and generate
tests by observing the existing implementation and filtering out or attempting to “fix”
failing tests. Such an approach raises critical concerns about their effectiveness in achieving
the primary goal of software testing: detecting bugs. This challenge aligns with the broader
“test oracle problem”, where distinguishing correct from faulty behaviour requires reliable
oracles [5].

Unlike Test-Driven Development (TDD), which generates tests based on requirements
before implementation, these LLM-based tools generate tests based on the code itself. It
should be noted that this reliance on code-driven test generation fundamentally differs
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from requirement-driven approaches like TDD, potentially limiting their usefulness to just
detecting bugs. This study explores how current LLM-based test generation tools handle
buggy implementations, highlighting the risks of relying on such automatically generated
tests. We present empirical evidence demonstrating how these tools can inadvertently
validate incorrect behaviour through their test generation and filtering mechanisms. Our
findings suggest that current LLM-based test generation approaches may be fundamentally
misaligned with the core objective of software testing (revealing bugs), pointing to a critical
gap that must be addressed before these tools can be reliably integrated into software
testing practices.

3.2 Related Work

Automated test generation has been extensively studied, with approaches ranging from
specification-based to search-based software testing (SBST) [21]. For Python specifically,
Pynguin [39] employs SBST techniques, using genetic algorithms to evolve test cases for
improved coverage. Recent work has enhanced these traditional approaches with LLMs,
as demonstrated by CodaMosa [31], which uses LLMs to overcome stalled search states in
Pynguin’s genetic algorithm. It however explicitly refrains from using LLMs for generating
oracles and only uses them to generate inputs. While Pynguin itself can generate oracles
by running the program on the input, this approach relies solely on runtime behaviour
rather than leveraging LLMs for oracle generation.

The success of LLMs in Software Engineering has led to the development of several
specialized test-generation tools. MuTAP [11] focuses on mutation testing, iteratively
prompting LLMs to generate assertions for surviving mutants. MuTAP suffers from the
same problems highlighted for other tools in this study as it follows a similar filtering
mechanism. However, MuTAP is not designed to be easily executable on an arbitrary
codebase hence we instead include a much more recent research tool Coverup [16]. Tools
like Codium CoverAgent and CoverUp take different approaches to coverage-driven test
generation, with CoverUp specifically using coverage measurements to guide LLM prompt-
ing and maintaining an iterative dialogue for test refinement. These tools represent a shift
from traditional automated testing approaches to LLM-assisted generation, though their
effectiveness and reliability remain areas of active research.

Recent work by Huang et al. raises critical concerns about LLM-based test generation,
showing that incorrect code can significantly mislead LLMs in generating reliable and bug-
revealing tests [28]. Our work builds upon these findings by specifically examining if and
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how LLM-based test generation tools might not only fail to detect bugs, but potentially
validate faulty code through their design.

3.3 Methodology
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Figure 3.1: Overview of the evaluation pipeline

We design our experiments, such that we can analyze both the passing and failing tests
generated by recent LLM-based test generation tools. We aim to understand how different
approaches, adopted by these tools affect the generated test suite and if these tests would
validate bugs or unintended behaviour when given potentially buggy code.

3.3.1 Dataset

For our study, we utilize the Refactory dataset [27], a benchmark for Python bug repairing.
This dataset is particularly suitable for our exploration as it contains real-world buggy code
snippets generated by humans. We chose to focus on Python as it is widely used across
various domains and as a best-case scenario as LLMs have been shown to demonstrate bet-
ter performance in synthesizing Python code compared to other languages [11]. Refactory
comprises submissions from 361 undergraduate students for 5 programming assignments in
an introductory Python course at the National University of Singapore. It contains 2,442
correct and 1,783 buggy program attempts. All programs in Refactory are self-contained
and mostly involve the creation of a single function, allowing test generation tools to focus
on these alone, reducing factors that could influence the results we highlight in this study.
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This dataset allows us to evaluate test case generation on actual human-written buggy
implementations and a reference solution based on the same requirement (problem state-
ment here) and compare them across different tools, reflecting the reality that code is often
imperfect and prone to bugs. This dataset allows us to observe and comment on the per-
formance of these tools in a controlled yet realistic setting, without the added complexity
of seeded bugs in large-scale projects.

To prepare the dataset for our experiments, we performed the following steps:

1. We retained cases with at least one passing and one failing test to focus on imple-
mentations that are executable and partially meet the requirements of the original
test suite.

2. The existing input-output tests in the dataset were converted to the format expected
by the unit testing library PyTest to ensure compatibility with the tools under eval-
uation, which require a configured testing framework for execution.

3. To keep our analysis tractable, we removed duplicates and selected a subset of cases
where the test coverage, based only on passing tests, was less than 100%. This also
ensures that the selected cases provide opportunities for the tools to improve test
coverage.

Due to the complexity introduced by multiple target functions, we excluded assign-
ment 2 from our analysis which requires 3 functions to be implemented, unlike the other
problems. We also retained details about which tests passed and failed for each buggy
implementation to aid with manual inspection of the results. After applying these filters,
our final dataset consisted of 287 data samples across 4 questions, which we used to explore
our research questions.

3.3.2 Test Generation Tools

For our study, we picked three prominent LLM-based test generation tools: GitHub Copi-
lot, Codium CoverAgent, and CoverUp that represent different approaches to automated
test generation using LLMs that are available to Python developers today. We go over
other past approaches in Section 3.2.
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GitHub Copilot

GitHub Copilot is a widely adopted Al-powered code completion and generation tool that
integrates with various development environments. While primarily known for code gen-
eration, Copilot also offers capabilities for generating unit tests. As of writing it operates
on a pure generation model, suggesting test cases based on the context of the code in the
editor or highlighted snippets. Copilot can propose input parameters, expected outputs,
and assertions for functions, potentially aiding in creating test cases for edge cases and
boundary conditions [15].

However, it’s important to note that Copilot generates tests without executing them
or verifying their correctness against the implementation. While potentially time-saving,
this approach may lead to the generation of tests that don’t compile, fail to run, or don’t
increase code coverage.

Codium CoverAgent

Codium CoverAgent (now renamed to qodo-cover) is an open-source implementation' in-
spired by Meta’s TestGen-LLM research [2] which adopts an “Assured LLM-based Software
Engineering” approach aiming to augment existing test suites with additional test cases
while ensuring no regression. The tool employs an iterative process:

a) Measuring existing test suite coverage (if any)

b

Generate multiple test cases

c) Filter out tests that don’t compile or run

(¢

)
)
)
d) Discard tests that don’t pass on the current code
) Retain only tests that increase code coverage

)

f) Repeat the process while disincentivizing the creation of tests like the failing ones

This approach attempts to address common issues in LLM-based test generation, such
as hallucination and the generation of low-value or non-compiling tests. However, by
design, it may inadvertently reinforce existing bugs in the code by only keeping tests that

LQodo offers an enterprise version which we don’t have access to
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pass on the current, potentially faulty, implementation. Further, the explicit prompt to
not generate tests similar to the failing cases might end up with bug-prone regions being
ignored.

CoverUp

CoverUp represents a more recent approach in LLM-based test generation, focusing on
creating high-coverage regression tests for Python [16]. It employs an Agent [01] style
approach that interleaves coverage analysis with LLM interactions. The process involves:

Measuring existing test suite coverage (if any)

Identifying uncovered code portions

Verifying that new tests run and increase coverage

)
)
¢) Prompt the LLM to generate tests for each uncovered portion
)
) Refining prompts based on updated coverage information

)

In case of suite failure, test failure details are used to further engage in dialogue with
the LLM

g) Continue onto the next uncovered portion (if any) after the max iterations are reached

CoverUp aims to guide the LLM towards generating tests that specifically target un-
covered code, potentially leading to higher overall coverage compared to other approaches.
It also provides the LLM with the ability to collect context about different parts of the
codebase if it wishes to do so. As compared to CoverAgent, this design is potentially more
susceptible to creating bug-engrained tests as it attempts to “repair” failing test suites
iteratively.

These tools were chosen for our study due to their distinct approaches to test generation
and their potential impact on software testing practices. While each tool claims to improve
the efficiency and effectiveness of test creation, our research aims to critically evaluate
their performance, particularly in the context of potentially buggy implementations. By
examining these tools, we seek to understand the implications of relying on LLM-generated
tests for bug detection and code validation.
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3.3.3 Evaluation Pipeline

Figure 3.1 provides an overview of the evaluation pipeline adopted for this study. We utilize
the 287 buggy samples filtered from the Refactory dataset as described in Section 3.3.1 and
also collect the reference solutions associated with each of the four problem statements. We
deliberately utilize the default parameters wherever possible and only make the necessary
changes to have the tools work on our extracted samples. This also means we stick with
the default LLMs adopted by the tools which at the time of writing is OpenAI’s GPT40
(Version 2024-08-06) for CoverAgent and Coverup. The exact LLM used is not very impor-
tant in our study as we attempt to focus on the design and objectives of pipelines within
these tools rather than the power of the LLM itself, using GitHub copilot as sort of a
moving baseline being a popular pure generative approach to the problem providing the
bare minimum functionality for “one-click” test generation with machinery to collect the
required context from the project. We had each test generator write tests from scratch
effectively populating an empty test suite. A more detailed breakdown of the automated
test generation setups we used in each case is provided below:

GitHub Copilot

We implemented an automated framework to evaluate GitHub Copilot’s performance in
generating unit tests. Using Playwright, the script programmatically interacts with GitHub
Codespaces to ensure a consistent and reproducible process, this also helps us execute
Copilot commands as would be used by developers within VSCode without introducing any
variability. The framework begins by setting up the environment, including authentication
and session persistence, to streamline task execution.

Each task, described in a dataset with function signatures and sample content, is pro-
cessed iteratively one code snippet at a time, resetting the environment at the end of each
iteration. Source and test files are created automatically, and the specific method to be
tested is selected within the editor to provide context for Copilot. The Copilot command
’Github Copilot: Generate Tests’ is invoked to trigger test generation. User inter-
actions, such as accepting or applying generated suggestions, are automated to accept all
suggestions. Generated test files are then organized into a designated directory for further
evaluation.
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Codium CoverAgent

Our script iterates through directories containing buggy code samples and their corre-
sponding test files which contain blank templates with a dummy empty test but can also
be instantiated with existing tests if required. It invokes CoverAgent using the following
command structure:

cover-agent --source-file-path [source] --test-file-path [test] --code-
— coverage-report-path [report] --test-command [pytest] --coverage
— -type [cobertura] --desired-coverage [100]

CoverAgent is thus tasked to generate tests iteratively until the desired code coverage
or the maximum number of iterations is reached (defaults to 5). Each iteration filters out
tests that fail to compile or run, retaining only those that pass and contribute to increased
coverage. We instrument the implementation of CoverAgent such that we gain access to
all tests generated and also collect additional information surrounding rejection. Logging
is enabled to capture execution details and any errors encountered.

CoverUp

Our automated pipeline integrates CoverUp by processing buggy code samples and prepar-
ing a structured environment for its execution. For each code sample, the script creates a
dedicated directory structure with separate src and tests folders, copying the source files
and optionally generating blank test templates similar to the setup for CoverAgent.

The tool is executed using the command:

coverup --tests-dir [tests] --package-dir [src]

CoverUp iteratively measures coverage, identifies uncovered code segments, and gener-
ates tests to target those segments. It attempts to cover each uncovered segment It refines
the process by analyzing test failures and adjusting its prompts to improve coverage. Suc-
cess and failures on test suite execution are collected for analysis, and the process continues
until the tool exhausts its iterations or achieves the desired coverage.

3.4 Results

Table 3.1 shows the outcomes of evaluating test suites generated by each tool against both
the buggy implementations (OG) and reference solutions (REF) in each case. For each
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tool, we analyze how the generated test suites behave when executed against these two
implementations, capturing four possible outcomes that help us understand if the tests are

effectively identifying bugs or inadvertently validating them. These are:

Table 3.1: Evaluation Results of Generated Test Suites
OG Failed OG Success
Tool
REF Success | REF Failed | REF Success | REF Failed
GitHub Copilot 194 66 15 12
CodiumAlI 470%* 1296* 116 171
CoverUp 400* 235%* 29 62

OG - Original buggy implementation used to generate the suite
REF - Reference Implementation
* These test suites were rejected during the generation process.

e OG Failed, REF Success: Tests that fail on the buggy implementation, but pass
on the reference solution. These represent potentially valuable tests that correctly
identify bugs. For GitHub Copilot, 194 test cases (67.6% of generated tests) fall into
this category. However, both CodiumAI and CoverUp reject such tests during their
generation process, with 470 and 400 such tests being discarded respectively.

e OG Failed, REF Failed: Tests that fail on both implementations. These typ-
ically represent poorly generated tests that either don’t compile or contain invalid
assertions. GitHub Copilot generated 66 such cases (23% of its output), while Codiu-
mAI and CoverUp rejected 1296 and 235 such tests respectively during their filtering
process.

e OG Success, REF Success: Tests that pass on both implementations. These
tests exercise correct behaviour common to both implementations. This category
represents the smallest portion for all tools: 15 cases (5.2%) for Copilot, 116 cases
(40.4%) for CodiumAl, and 29 cases (31.9%) for CoverUp’s suites.

e OG Success, REF Failed: The most concerning category, is tests that pass on
buggy code but fail on correct implementations. These tests effectively validate
bugs by treating incorrect behaviour as expected. We found 12 such cases (4.2%)
in Copilot’s output, while CodiumAI and CoverUp produced 171 (59.6%) and 62
(68.1%) such cases respectively in their final test suites.
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It should be noted when looking at these numbers that in the first 2 cases (with OG
Failed), CoverUp and CoverAgent do not generate test suites and reject all tests. We collect
these “failed tests” by tapping into the tool’s inner workings. Additionally, CoverAgent
disincentivizes the creation of tests similar to the failed cases. CoverUp failed to generate
a test suite for 196 cases (68.3% of the dataset) as its repair attempts were unsuccessful.
This high failure rate, combined with the concerning proportion of tests that validate bugs
in the final suites (68.1%), suggests that current approaches to test generation might be
fundamentally flawed in their ability to handle buggy implementations and detect bugs
effectively.

3.5 Discussion

The results demonstrate a concerning trend: tools that implement filtering mechanisms
(CodiumAlI and CoverUp) tend to produce final test suites that are more likely to validate
bugs compared to pure generation approaches like GitHub Copilot. This is evidenced by
the higher percentage of “OG Success, REF Failed” cases in their final outputs, suggesting
that their filtering and fixing mechanisms might be counterproductive on real code that
tends to have bugs.

Simple experiments can expose fundamental issues with current LLM-based test gen-
eration approaches. Consider the example below:

# Buggy Implementation
def find_sum(a,b):
return (a+b+1) # Bug: Adds 1 to sum

# Copilot Generated Test Suite

def test_find_sum(self):
self.assertEqual (find_sum(1, 2), 4)
self.assertEqual (find_sum(-1, 1), 1)
self.assertEqual (find_sum(0, 0), 1)
self.assertEqual (find_sum(100, 200), 301)
self.assertEqual (find_sum(-5, -5), -9)

In this case, the function incorrectly adds 1 to every sum, yet the generated test suite
validates this incorrect behaviour by asserting the buggy outputs as expected results. While
GitHub Copilot might generate such tests through pure generation, tools like CodiumAlI
and CoverUp systematically retain these bug-validating tests while rejecting potentially
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valuable tests that could expose the bug. While one might argue that the incorrect be-
haviour could align with some specific use case, the lack of a docstring or other semantic
cues leaves the intended functionality ambiguous. Unlike Copilot, which can be directed
to write specific tests, tools like CodiumAlI and CoverUp infer requirements from the code
itself and make their sole objective to increase coverage. This reliance on inferred intent
introduces challenges when bugs are ingrained in the code. Such bugs may distort how
developers interpret test failures, as it becomes unclear whether the issue lies in a faulty
generated test (requiring updates to both the test and the code) or in the code itself (ne-
cessitating a code fix and a new test). This diverges from the typical development process,
where test failures primarily indicate code issues.

To ascertain the implications of this behaviour in the real world, we manually ran
and inspected the output of these tools on a few select issues from SWEBench [31], a
dataset used to benchmark LLMs on their ability to solve Software Issues. For instance,
we analyzed a bug in SymPy’s crypto module (Issue #16884) where an incorrect Morse
code mapping for the digit “1” persisted for over three years (January 2016 to May 2019).
The bug involved mapping “—" to “1” instead of the correct “.—". When presented
with this buggy implementation, both CoverUp and CoverAgent discarded tests involving
the encoding of “17, effectively masking the bug. Highlighting how the current approach
of filtering “failing” tests can systematically hide important edge cases and validation
scenarios.

Another issue we observed was with the use of code coverage as the primary objective for
test generation. Consider Django issue #34243, where the timesince () function crashed
with timezone-aware dates due to incorrect timezone handling. While the LLM-based tools
generated test suites achieving high coverage, they failed to test crucial functionality across
different timezones as test generation is prematurely stopped once coverage targets were
met. We also note that when generating from scratch the generated suite was much less
comprehensive compared to the human-written test class. We thus strongly believe that
as we move closer toward Al-native software engineering, code should be written from
requirements which may be expressed through tests in line with Test Driven Development
[13]. The design of test generation tools thus probably needs to be such that they assist
the developer in writing quality tests rather than attempting to infer the requirements of
the user.
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3.6 Threats to Validity

The primary threat to our study’s validity stems from the dataset composition. While using
student-written buggy implementations from Refactory provides us with controlled exam-
ples where we have both incorrect implementations and verified reference solutions, these
may not fully represent the complexity of bugs found in production systems. However, our
findings from real-world examples suggest that the identified issues persist in production
environments. Another consideration is our implementation of automated test execution
pipelines for each tool. To mitigate this, we maintained default configurations wherever
possible and documented necessary modifications in our replication package. While the in-
herent non-deterministic nature of LLM outputs could affect individual results, our focus
on systematic issues in test generation pipelines rather than LLM capabilities means this
variability does not significantly impact our main findings.

Our evaluation assumes that the reference solutions represent correct implementations,
and our interpretation of test failures and successes might be affected by implementation-
specific details of each tool’s test generation pipeline. To address these concerns, we manu-
ally verified a sample of the reference solutions and focused our analysis on clear-cut cases
where tests either definitively validate bugs or fail to detect them, rather than analyzing
borderline cases that could be subject to interpretation.

3.7 Conclusion

Our study reveals fundamental issues in the design of current LLM-based test generation
tools that could significantly impact software quality. Through empirical evaluation of
three tools GitHub Copilot, CodiumAI CoverAgent, and CoverUp, we demonstrate how
certain design choices can lead to the validation of bugs rather than their detection, with up
to 68.1% of their final test suites validating bugs by passing on incorrect implementations
while failing on correct ones. The use of code coverage as a primary objective and the
systematic filtering of failing tests can mask critical bugs and create a false sense of security.
While these tools show promise in reducing the effort required for test creation, their current
design philosophies need significant revision to make use of LLMs for oracle generation and
better serve the fundamental purpose of software testing. We strongly believe that code
should be written based on requirements and not the other way around. Until these issues
are addressed, developers should exercise caution when relying on automatically generated
tests, particularly during active development phases when code is most likely to contain
bugs.
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Chapter 4

Conclusion

This thesis situates its findings within the broader vision of Al-native software engineering.
Through empirical studies and TDD-inspired frameworks, we highlight both the promise
and the challenges of integrating LLMs into software development workflows.

Chapter 2’s conclusions underscore that TDD principles offer significant improvements
in LLM-generated code correctness, especially for complex tasks or less capable models.
These insights build a case for embedding human guidance, in the form of tests, into auto-
mated development workflows. Using tests as guiding constraints during code generation
leads to improvements of 9.15% to 29.57% across function-level benchmarks such as MBPP
and HumanEval. Incorporating remediation loops further enhances correctness by 5.26%
to 9.02%. These benefits are even more pronounced for file-level generation tasks, where
traditional LLM workflows struggle. Moving forward, researchers should consider the po-
tential tradeoffs between test creation effort and accuracy gains, and how best to integrate
TDD into practical development environments.

Chapter 3’s conclusions highlight critical flaws in the design of current LLM-based test
generation tools. By exposing how these tools that write tests from code frequently validate
bugs, we stress the urgency of rethinking test oracle generation and evaluation strategies.
As automated test generation continues to evolve, a future iteration of such tools must
better align with the fundamental purpose of testing: verifying requirements and exposing
defects, rather than deriving requirements based on the existing code’s behaviour. While
the current state of LLM-based test generation tools reveals significant limitations, it also
highlights opportunities for innovation.

We emphasize based on our findings that code should be written from requirements
which may be expressed through tests in line with TDD. This thesis underscores the
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potential of TDD to bridge critical gaps in LLM-assisted software development, offering a
design that could help build more robust, reliable, and developer-friendly workflows.

4.1 Opportunities for Future Research

Formalize Role and Code Bug
Intent )| Requirements || impact of @ | Tests Generation & | Code || Revealing
as Tests assistance? Remediation Test Gen?

Figure 4.1: General vision and opportunities for future work

This thesis highlights several opportunities for future research in the domain of LLM-
assisted programming workflows. Figure 4.1 depicts key questions that could be answered
by future work along with the proposed workflow based on the findings of this thesis.

4.1.1 Investigating the Tradeoff between Effort and Accuracy in
TDD Workflows

While our findings in Chapter 2 demonstrate the effectiveness of TDD-inspired workflows in
improving LLM-generated code correctness, the effort required to write high-quality tests
remains a key consideration. Conducting user studies in real-world settings by extending
to a full repo context could provide valuable insights into the tradeoff between the time and
effort needed to create tests versus the gains in accuracy and robustness of the generated
code. Such studies could also shed light on ways in which assistive tools can be built to
help developers in this process. TGen could be extended to assist developers in writing
high-quality tests before generation.

4.1.2 Improved Test Generation Frameworks
The analysis in Chapter 3 reveals significant limitations in current LLM-based test gener-
ation tools, such as their reliance on inferred requirements and the inadvertent validation

of bugs. Based on our findings, post-hoc test generation setups could be explored to find
bugs in code.
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