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Abstract—Unit testing is an essential but resource-intensive
step in software development, ensuring individual code units
function correctly. This paper introduces AGONETEST, an au-
tomated evaluation framework for Large Language Model-
generated (LLM) unit tests in Java. AGONETEST does not
aim to propose a novel test generation algorithm; rather, it
supports researchers and developers in comparing different
LLMs and prompting strategies through a standardized end-to-
end evaluation pipeline under realistic conditions. We introduce
the CLASSES2TEST dataset, which maps Java classes under
test to their corresponding test classes, and a framework that
integrates advanced evaluation metrics, such as mutation score
and test smells, for a comprehensive assessment. Experimental
results show that, for the subset of tests that compile, LLM-
generated tests can match or exceed human-written tests in terms
of coverage and defect detection. Our findings also demonstrate
that enhanced prompting strategies contribute to test quality.
AGONETEST clarifies the potential of LLMs in software testing
and offers insights for future improvements in model design,
prompt engineering, and testing practices.

Index Terms—Software Testing, Large Language Model, Au-
tomatic Assessment and Evaluation, Assessment and Evaluation
in Software Testing

I. INTRODUCTION

Software testing is a critical step in the software de-

velopment lifecycle, essential for ensuring code correctness

and reliability. Unit testing, in particular, verifies the proper

functioning of individual code units. However, designing and

building unit tests is a costly and labor-intensive process that

requires significant time and specialized skills [1]. Automating

this process is an active area of research and development.

Automated tools for generating unit tests can reduce the

workload of test engineers and software developers. These

tools typically use static code analysis methods to generate

test suites. For example, EvoSuite [2], a popular tool that

combines static code analysis with evolutionary search, has

demonstrated the ability to achieve adequate coverage.

Large Language Models (LLMs), efficiently exploited in

various aspects of software development, could also handle

the automatic generation of unit tests. Several empirical studies

on LLMs have highlighted their ability to generate tests for

simple scenarios, often limited to single methods [3]–[6].

Though directionally useful, these explorations often focus

on independent, small-scale test units and rely on manual

integration into projects, providing a limited view of LLM

performance in real-world software development scenarios [6],

[7]. This manual process restricts the number of tests that can

be executed and reduces overall efficiency.
To address these gaps, we have developed a framework ex-

plicitly focused on the evaluation of unit test suites generated

by LLMs. Rather than proposing a novel generation method,

our contribution lies in providing an end-to-end pipeline that

standardizes how LLM-based test suites can be assessed in

realistic software projects. A simple use case illustrates how

AGONETEST can be applied in a real-world scenario. Imagine

a developer or a researcher who needs to evaluate which

LLM and prompting strategy performs best for generating

unit tests. Doing this manually would require repeated project

setup, test execution, and metric collection, making the process

slow and error-prone. With AGONETEST’s standardized end-

to-end pipeline, the developer can automate the workflow and

directly compare LLMs under different prompting strategies.

The framework produces reliable and reproducible metrics,

revealing, for instance, that one model generates more com-

pilable tests while another achieves higher coverage. In this

way, AGONETEST turns ad hoc experimentation into system-

atic benchmarking. Our approach focuses on class-level test

code evaluation, which is closer to real-world practices as it

covers method interactions and shared state, reducing code

redundancy [8].
For instance, a simple ItemManager class with two

methods: addItem() and getItemCount(), illustrates

this point. A method-level test for getItemCount() in

isolation might only verify its behavior on an empty list,

ignoring how the state changes when new items are added.

In contrast, a class-level test naturally exercises the interaction

between addItem() and getItemCount(), ensuring that

the internal state is updated consistently across method calls.

This example highlights three key benefits of class-level test-

ing:

• Reduction of redundancy: common setup code (e.g.,

creating and initializing an object) can be reused across

multiple methods.

• Coverage of complex interactions: tests verify how
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methods behave together, capturing issues that method-

level tests may miss.

• Holistic view of class behavior: class-level tests reveal

whether the class as a whole fulfills its intended respon-

sibilities, beyond the correctness of individual methods.

In this work, we introduce AGONETEST, an automated

evaluation system for LLM-generated unit tests. AGONETEST

integrates project setup, context extraction, execution of gen-

erated tests, and quality measurement using standard metrics.

Leveraging the METHODS2TEST dataset [9], we developed

a new dataset specifically aimed at comparing human-written

tests with those produced by LLMs.

The main contributions of our work are as follows:

• AGONETEST1: we designed and developed a closed-

loop, highly automated software system supporting the

process of assessing LLM-generated unit tests, with au-

tomated project setup, prompt integration, and metrics

computation.

• A unified framework for comprehensive evaluation of a

variety of LLMs and relative prompting types and prompt

schemata in the task of developing unit tests, and a set

of metrics and test smells to assess the quality of the

generated test suites;

• CLASSES2TEST1: An annotated open source Java

project dataset extending METHODS2TEST [9], which

maps classes under test to their related test classes. This

extended dataset makes it possible to assess the test

performance of an LLM on a more complex scope (the

entire class) than the single method.

The paper is organized as follows. Section II sets the back-

ground and highlights differences between our work and re-

lated work. Section III gives an overview of AGONETEST and

its modules, detailing their functional scope. Then, Section IV

showcases how AGONETEST is applied in practice through

an end-to-end example. Section V presents the Research

Questions (RQs) guiding the experiment and the evaluation

settings, while Section VI answers the research questions and

discusses the results. Section VII discusses the limitations of

our approach, and Section VIII concludes the paper, outlining

potential directions for future work.

II. BACKGROUND AND RELATED WORK

A. Unit Test Generation

Unit test generation is the automated process of creating test

cases for individual software components, such as functions,

methods, or modules. These test cases are used to indepen-

dently verify the correct functioning of each unit.

Present techniques employ randomness-based [10], [11],

constraint-based [12], [13], or search-based approaches [14],

[15]. The core idea behind these methods is to transform

the problem into one that can be solved mathematically.

For example, search-based techniques convert testing into

an optimization problem, to generate unit test cases [16].

1https://anonymous.4open.science/r/classes2test

Consequently, the objective of these techniques is to generate

all potential solutions and then select those that achieve better

code coverage.

Tools like JUGE have been proposed to evaluate and

compare Java unit test generators comprehensively. JUGE

provides an infrastructure for benchmarking various Java unit

test generation tools by measuring their performance across

standard datasets and metrics, enabling a fair and systematic

evaluation [17]. While JUGE focuses on benchmarking and

comparing classical tools, AGONETEST not only allows unit

test generation using multiple tools and techniques, including

LLM-based approaches, but also integrates automated assess-

ment into a single, unified framework, making it a practical

solution for real-world software development workflows.

EvoSuite [2] generates unit tests for Java by applying

search-based algorithms that evolve candidate test suites to-

ward coverage objectives such as line and branch coverage.

The tool evaluates test fitness iteratively through variation,

selection, and optimization, and it automatically produces

JUnit test cases along with detailed reports on metrics like

code coverage and mutation score. Despite its popularity,

EvoSuite has notable limitations. It often produces tests that

lack clarity and readability [18], which hinders their practical

usefulness. Moreover, EvoSuite only supports Java 9 or earlier

versions and appears to be no longer actively maintained,

restricting its applicability to modern Java projects. In contrast,

AGONETEST overcomes this barrier by supporting all Java

LTS versions.

Randoop [11] is a feedback-directed random test generator

for Java programs. It works by repeatedly selecting sequences

of method and constructor invocations, executing them, and

using the observed program behavior to guide further genera-

tion. Randoop is lightweight and can quickly produce large

numbers of test cases that expose common programming

errors such as null dereferences, assertion violations, or un-

handled exceptions [19]. However, the generated tests often

require additional curation: they may include redundant or

uninformative assertions, depend on specific runtime states, or

fail to integrate smoothly into existing build systems. Unlike

AGONETEST, which emphasizes project-level integration and

automated assessment, Randoop is typically applied at the

level of individual classes with per-class configuration, making

large-scale, unattended evaluation less practical.

B. Large Language Models for Test Generation

Since the emergence of LLMs, they have been used for test

suite generation. The first techniques exploiting LLMs were

thought of as solutions to neural machine translation problems

[20], [21]. Such approaches work by translating from the

primary method to the appropriate test prefix or test assertion

while also fine-tuning the LLMs using the test generation

dataset. For instance, AthenaTest [21] optimizes BART [22]

using a test generation dataset in which the source is the

primary method along with its corresponding code context,

and the result is the complete test case.
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AthenaTest focuses mainly on generating method-level tests

by fine-tuning a single model, while AGONETEST shifts the

focus to the generation of class-level tests. Our approach

makes it possible to use up-to-date LLMs and not constrain

prompt design (our prompts can be customized), thereby

handling more complex, real-world scenarios.

In light of the rapid evolution of instruction-tuned LLMs,

the proliferation of methods for generating tests is on the

rise, exploiting guided LLMs through appropriate prompts, as

opposed to model fine-tuning [23], [24]. Several proposals for

evaluating LLMs in test suite generation have emerged. For

example, CHATTESTER [6] proposes a tool for evaluating and

improving LLM-generated tests based on ChatGPT.

ChatTester focuses on improving and evaluating tests gen-

erated by a specific LLM (ChatGPT), but requires human

intervention to evaluate the generated code and does not

provide an evaluation of class-level tests on multiple LLMs.

AGONETEST provides support instead for a variety of LLMs

and evaluates each LLM’s performance on a wide range of

real-life Java projects. TESTPILOT [4] is also focused on

generating and improving tests using LLMs on JavaScript

code. Although TestPilot performs an automated evaluation,

it lacks wider applicability to projects other than the 25

repositories it considers in the work provided as reference here.

AGONETEST offers far broader applicability by using a dataset

of 9,410 GitHub repositories, and automatically integrating

test libraries into them. CEDAR [25] instead proposes a prompt

construction strategy based on few-shot learning [26] and the

Codex model2 to generate tests.

Cedar uses a specific prompt construction strategy but does

not incorporate a structured mechanism to evaluate multiple

LLMs and prompt types in a unified framework. AGONETEST

provides this by allowing the integration and evaluation of

various prompt engineering techniques and LLMs, offering

a more holistic approach to test generation. Guilherme and

Vincenzi [3] use gpt-3.5-turbo in analyzing the impact

of variation in model hyperparameters.

The study by Guilherme and Vincenzi presents an initial

assessment but lacks automation in evaluating comprehen-

sive test quality metrics like mutation score and test smells.

AGONETEST goes a step further by automating these evalua-

tions, integrating advanced metrics to provide a deeper analysis

of the generated tests. Siddiq et al. [5] offer a new proposal

for evaluating tests generated using common datasets and

experimenting with the use of new metrics [27].

Although Siddiq et al. use Test Correctness (but not mu-

tation score) on top of all the metrics that AGONETEST

uses, their approach does not fully automate the test

generation-execution-evaluation loop or focus on class-level

tests. AGONETEST fills this gap by providing end-to-end au-

tomation and focusing on generating and evaluating complex,

class-level test suites.

A number of other LLM-based test generation tools

have been proposed, but they suffer from limitations

2https://openai.com/index/openai-codex/

that make them unsuitable for systematic comparisons

with AGONETEST. For instance, A3TEST [28], CHATU-

NITEST [29], TESTSPARK [30], and PROJECTTEST [31]

proved unusable in our experiments due to critical issues

such as non-functional setup scripts, token limit errors even

on small inputs, inability to generate a single compilable

test without extensive manual intervention, and disregard

for project-specific dependencies. Similarly, our analysis of

TESTBENCH [32] revealed that its provided codebase was not

functional out-of-the-box, producing immediate compilation

errors and lacking the necessary requirements for systematic

evaluation.

Other tools differ in goals or scope: for example, TESTGEN-

LLM [33] requires manual validation for each test, thus

breaking the automated loop that is central to AGONETEST.

MUTAP [34] uses mutation score to improve prompt engi-

neering, whereas AGONETEST employs mutation score as a

final quality metric for assessing the robustness of the entire

generated test suite. Finally, tools such as QODO COVER3 and

UTBOT4 focus primarily on the generation process and have

their target LLMs hard-coded, preventing comparative studies

across multiple models and prompting strategies.

C. Limits of Current Approaches in Applying LLMs to Unit
Test Generation

While promising, current approaches in applying LLMs to

unit test generation exhibit several limitations:

a) Limited Scope: Current methods for assessing how

useful LLMs are in test code generation are mostly limited to

the generation of code segments, rather than whole modules

or components (e.g., whole classes in Java). Consequently,

until very recently, the research community lacked mature

and widely adopted datasets for evaluating class-level test

generation. Some early benchmarks have now started to ap-

pear, including TESTGENEVAL [35], TESTBENCH, and PRO-

JECTTEST. These works confirm the importance of class- and

project-level testing, but they differ from our contribution in

scope and maturity: TESTGENEVAL focuses on single classes

and limited metrics, TESTBENCH provides a prototype imple-

mentation with limited usability, and PROJECTTEST explores

project-level mappings but lacks full automation.

Other studies often provide only punctual and anecdotal

evaluations of the generated results, evaluating LLMs in the

task of generating tests only at the method level or in contexts

limited to sections of code [4], [6], [21].

b) Lack of Automation: While some prior works (e.g.,

TESTGENEVAL, TESTBENCH, PROJECTTEST) have started

exploring aspects of automated evaluation, none provide a

fully automated end-to-end framework that integrates project

setup, test generation, execution, and metric computation in a

reproducible pipeline. AGONETEST fills this gap by offering

an extensible evaluation framework rather than a one-off

benchmark.

3https://github.com/qodo-ai/qodo-cover
4https://github.com/UnitTestBot
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c) Subjective Choice of Prompts: In most cases, the

choice of prompts to get LLMs to generate testing code re-

mains subjective. There is no thorough evaluation of alternate

prompting techniques compared to those initially proposed,

leaving room for further exploration and optimization in

prompt engineering. [5], [24], [25].

Table I summarizes the characteristics of these works and

compares them with ours.

d) Contribution of AGONETEST: In contrast to these

limitations, AGONETEST provides three distinctive features

that set it apart from prior work. First, it offers full automation,

covering the entire loop from repository setup to prompt

instantiation, test generation, execution, and quality assess-

ment, without requiring manual steps. Second, it explicitly

targets class-level testing, which more closely reflects real-

world development practices by capturing interactions between

methods and shared state within classes, going beyond the

common focus on isolated methods. Finally, AGONETEST is

designed as an extensible framework, allowing researchers

and practitioners to integrate new LLMs, prompt strategies,

and datasets with minimal effort, thus serving as a reusable

infrastructure rather than a one-off experiment.

III. OVERVIEW OF AGONETEST

The term agone, originating from ancient Greece and

Rome, signified a contest wherein philosophers debated their

ideas, with the audience determining the victor. We adopt

the term agone metaphorically to represent the competitive

evaluation of LLMs and their respective prompting strategies

within an arena aimed at generating optimal unit test suites.

AGONETEST determines the optimal strategies based on stan-

dard test quality metrics, see Sec. III-E.

AGONETEST is designed to provide software testers with a

system for generating and assessing unit tests. This assessment

focuses on key metrics such as code coverage, defect detection

rate, and the presence of known test smells, thereby offering

a comprehensive assessment of test suite quality.

AGONETEST operates on the principle that the evaluation

of LLMs in the task of generating high-quality unit tests can

be performed through the collaboration of test engineers and

data scientists (or prompt engineers). However, in practice, a

single experienced test engineer familiar with generative AI

can perform both roles, allowing the focus to be only on

defining new prompt types and the comparison of LLMs. This

is the persona that we evoke when we refer to the AGONETEST

user (alternatively, “the test engineer”) in the remainder of this

paper.

Figure 1 provides a high-level diagram of the architecture of

AGONETEST, showing the operating modules that streamline

the test generation and evaluation process. The framework can

be described as follows:

1) Strategy Configuration:
a) Sample Projects Selection: As an initial configuration

step, the user chooses which repositories to generate test suites

for. This initial phase leverages a comprehensive dataset of

Prompt Creator

Strategy Configuration Automated Test Generation Strategy Evaluation

YAML

Sample Projects Selection

Configuration Parameters
Elicitation

LLM(s)

Test Suite Generation

Automatic integration of libraries

Test Suite Assessment

Prompt types

Generated
test suites

Project Context
Information

Fig. 1. Overview of AGONETEST framework

open-source Java repositories, which we contribute to the

community.

b) Configuration Parameters Elicitation: In this phase,

configuration parameters are elicited from the selected repos-

itories (e.g., the project Java version, the used testing frame-

work, etc.) and processed to create prompt templates that will

be handed over to the LLMs.

2) Automated Test Generation:
a) Prompt Creator: During this phase, the prompt tem-

plates built in the previous phase are fully instantiated and

then used to generate unit test suites in the next step.

b) Test Suite Generation: Here, AGONETEST orches-

trates the interaction with the user’s selected LLMs, feeding

them the instantiated prompts to produce the unit test code.

Each LLM generates test classes, which are then automatically

integrated into the project structure.

3) Strategy Evaluation:
a) Test Suite Assessment: This phase assesses the quality

of the test suites by computing various metrics and identify-

ing (if any) test smells. This assessment enables a detailed

analysis of the effectiveness and quality of the automated test

generation strategies.

In the following, we describe each phase of the process in

detail.

A. Sample Projects Selection: CLASSES2TEST dataset

We note that the AGONETEST tool can import and process

any Java industrial project. For the purpose of evaluating our

system, we built a comprehensive and annotated dataset of

open-source Java repositories from GitHub, which we leverage

in this phase. Unlike popular datasets in the literature, our

dataset enables the generation and validation of unit tests at the

Java class level, rather than at the individual method level. To

collate and annotate our dataset, we built on METHODS2TEST

[9]. The METHODS2TEST dataset was originally built from an

initial pool of 91,385 GitHub repositories. To ensure realism

and maintainability, only projects satisfying strict criteria were

retained, yielding approximately 10% of the initial corpus

(9,410 repositories). The filtering procedure excluded repos-

itories that:

• “had not been updated in the past five years,”

• “were forks or duplicates,”
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TABLE I
COMPARISON BETWEEN AGONETEST AND RECENT CLASS-/PROJECT-LEVEL TEST–GENERATION BENCHMARKS/FRAMEWORKS.

Work Language(s) Input scope Primary aim
End-to-end
automation

(setup→metrics)

LLM/ prompt
configurable

Reported metrics
Build/ deps
integration

Post-gen
repair/ compile

boost

AGONETEST (this work) Java
Class-level within
full project

Evaluation framework
(multi-LLM, multi-prompt)

Yes Yes
Line, Branch, Method Coverage
Mutation score,
18 Test smells

Yes (Maven/Gradle)
Yes (enhanced
prompting for
imports/paths)

TESTGENEVAL [35]
Primarily
Python

Single class
(not full project)

Benchmark of
generation quality

No No
Line Coverage,
Mutation score

N/A (no project build) No

TESTBENCH [32] Java
Class-level
(repo subset)

Benchmark/analysis
of LLM tests

No No
Line, Branch, Method Coverage,
Mutation score

No No

PROJECTTEST [31] Java
Project-level
mapping focus

Project-level
benchmarking

No No
Line, Branch, Method Coverage,
Mutation Score

No No

• “failed to compile successfully after dependency resolu-

tion,”

• “or did not contain a sufficient number of paired

method–test mappings.”

This process ensured that the resulting dataset captures

actively maintained, compilable, and representative real-world

projects. For CLASSES2TEST, we extracted information not

only on classes and their mapped test classes under test but

also on test frameworks and Java versions used across projects:

JUnit 4 (55%), JUnit 5 (41%), and others (4%, including

TestNG). Regarding Java versions, the majority of repositories

target Java 11 (42%), followed by Java 17 (25%), newer LTS

versions such as Java 21 (18%), and Java 8 (14%). We chose

METHODS2TEST as the starting point, as it contains not only

the test methods to be tested, but also the corresponding test

methods written and validated by humans. Human-written tests

are a valid evaluation benchmark to evaluate the effectiveness

of different LLMs in building a test suite.

To build the CLASSES2TEST dataset, we extracted all

references to the open-source repositories present in METH-

ODS2TEST in order to map the Java classes, referred to as

classes under test, to their corresponding test classes.

Here is the process we followed to create CLASSES2TEST:

1) Extract the repository reference, GitHub URL, and se-

lected branch;

2) Select the classes considered in METHODS2TEST;

3) Clone the repository and save the commit hash;

4) Map and save the classes under test along with their

respective test classes.

To map classes under test to their corresponding test

classes in CLASSES2TEST, we adopted a conservative two-

step procedure. First, candidate test classes are identified

by common Java naming conventions (e.g., MyClassTest,

TestMyClass) within the src/test/java folder, also

considering mirrored package structures. Second, these candi-

dates are statically validated through AST analysis to confirm

that they actually exercise the class under test, checking for

imports, constructor calls, method invocations, or mocking

references. Only pairs with sufficient structural evidence are

retained. In cases where a test class references multiple classes

under test, we compute an evidence ratio and keep the mapping

only if one class under test dominates (≥60%of references);

otherwise, the test class is discarded. Ambiguous or conflicting

mappings (e.g., two classes under test pointing to the same

TABLE II
CLASSES2TEST DATASET CHARACTERISTICS

Characteristic Value

# Test Classes 147,473
# Unique Repositories 9,410
Average Lines of Code per Class 1,178 (IQR: 420–1,960)
Average Cyclomatic Complexity per Class 55.3 (IQR: 18–92)
Test Framework Distribution JUnit 4 (55%), JUnit 5 (41%), Other (4%)
Java Version Distribution 8 (14%), 11 (42%), 17 (25%), 21+ (18%)

test class with comparable evidence) are excluded to ensure

precision. In the rare cases where a candidate test class

exhibited comparable structural evidence for multiple classes

under test (i.e., no dominant mapping could be established),

we conservatively excluded the mapping altogether to avoid

spurious links. This situation occurred only in 3 instances

out of the entire corpus (≈0.002% of all analyzed classes),

and the affected pairs were removed from CLASSES2TEST.

This process was inspired by the methodology used in METH-

ODS2TEST.

The resulting dataset contains 147,473 test classes extracted

from 9,410 unique repositories. A summary of the dataset’s

characteristics is shown in Table II.

B. Configuration Parameters Elicitation

Before unit test generation can begin, the system extracts

some parameters from the projects selected in the previous

step. These parameters are then fed into the module that

instantiates prompts and selects LLMs. To query the model

under examination, various prompting techniques are available

and can be chosen by the test engineer [36].

The configuration parameters include:

• class_under_test: This variable contains the Java

class for which the test suite must be generated;

• testing_framework: This variable provides the

name and version of the project’s testing framework

(e.g., JUnit 4), directly extracted from the project during

execution;

• java_version: This variable allows you to retrieve

the version of Java that the project uses.

• example_class_under_test &
example_test_class: These variables contain

an example class under test and the corresponding test

class extracted from a reference repository, useful to

provide an example to the LLM if one wants to use the

few-shot prompting technique;
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• example_testing_framework &
example_java_version: These variables provide

the information about the example repo. The example

consists of a class under test and a test class extracted

from an open sample repository5. Future iterations of

AGONETEST will automate exemplar selection to reduce

bias and better reflect real-world scenarios.

See Sec. IV-A for an example of a real implementation.

C. Prompt Creation

In this phase, the prompt templates described in the previous

phases are fully instantiated to create viable prompts to guide

the LLM in generating unit tests. We populate the user-

supplied prompt types by replacing the variables outlined in

Sec. III-B.

It has to be noted that, in order to make sure our experiments

and findings are reproducible, we prepared CLASSES2TEST by

saving the commit hashes of the repositories used as sources.

This allows AGONETEST to consistently extract information

such as the Java version used, the type of test framework (e.g.,

JUnit), and its version.

Unlike previous approaches to creating unit testing with

LLMs that require human intervention to input code infor-

mation [3], [6], AGONETEST automates the process to a far

greater degree. AGONETEST employs ElementTree [37] and

a parser to read and modify the Maven and Gradle build

(see Sec. III-E). It analyzes the libraries present and the Java

version used in each build system. The prompting engine

of AGONETEST is designed to be extensible and flexible.

Beyond the zero-shot and few-shot strategies illustrated in

our examples (see Sec. IV-A), the YAML-based configuration

supports custom variables that users can freely define to adapt

prompts to new scenarios. This design makes it straightforward

to incorporate advanced prompting techniques such as multi-

shot prompting (with multiple test pair examples) or retrieval-

augmented generation [38] (injecting external context). The

engine does not hard-code prompt types, but instead provides

a generic schema that researchers and practitioners can extend

for novel experimental setups.

D. Test Suite Generation

At this point in the process, we have everything we need for

the selected LLMs to generate test suites for each class under

test of the project. To ensure each model has an appropriate

number of tokens, we use tiktoken6, a BPE tokenizer [39],

to evaluate the token count in the prompt. When the token

limit of a target model is exceeded, AGONETEST provides

configurable fallback strategies rather than failing silently. By

default, the system notifies the user of the excess and the

number of tokens required. The user can then: (i) truncate the

input, for instance by shortening comments or omitting less

relevant methods; (ii) manually adjust the prompt template to

reduce verbosity or context.

5https://github.com/junit-team/junit5-samples
6https://github.com/openai/tiktoken

We remark that AGONETEST allows users to automatically

choose and evaluate a wide range of LLMs. This capability

is provided by the open-source LiteLLM library7, which

facilitates communication with more than 100 models8 using

a standard interaction based on the OpenAI API format9.

Integration is made easier by LiteLLM, which translates inputs

to satisfy the unique endpoint needs of each provider. This is

crucial in today’s environment, where the absence of standard

API specifications for LLM providers makes it challenging to

incorporate several LLMs into projects.

After invoking the LLM, AGONETEST selects relevant

information from the LLM’s answer (i.e., the generated test

class). This step is crucial for automating the entire process,

since LLMs can provide detailed descriptions or explain how

the code should be structured without actually generating it

[29]. In this component, AGONETEST removes unnecessary

parts (like outline descriptions) and creates a new file to

integrate the test class into the project.

E. Test Suite Assessment

Here, we evaluate the quality of the test suite according to

the quality metrics described in the following. Unlike previous

methods [5], [6] that require manual or partial automation, our

framework provides a fully automated evaluation of the gener-

ated tests through systematic integration of evaluation metrics,

representing a distinct step forward in automated evaluation.

It is important to note that this component is separate from the

experimental evaluation discussed later. Instead, it serves as an

additional tool provided by AGONETEST to assist engineers

in assessing the quality of the generated tests.

1) Code Coverage: we calculate several coverage metrics,

specifically: Line coverage, Method coverage, and Branch cov-

erage [40]. To measure code coverage in test suite execution,

we integrated in AGONETEST the JaCoCo10 library.

2) Defect detection rate: to measure the robustness of the

test suite, we use mutation score. The mutation score evaluates

the capability of tests to detect syntactic changes (mutants)

artificially introduced in the code. This provides a widely used

and reliable proxy for test suite robustness, as shown in prior

literature [41].

3) Test Smells [27]: we decided to identify test smells

in the generated test suite as proxy indicators of potential

quality and maintainability issues in the test code. Although

test smells do not directly measure functional correctness,

their presence often correlates with problematic patterns that

could negatively affect the effectiveness and readability of the

generated tests. To identify these smells in the generated test

suite, we integrate the library TSDETECT [42]. AGONETEST

determines whether the following test smells are present in

the code: Assertion Roulette (AR) [43]; Conditional Test

Logic (CTL) [44]; Constructor Initialization (CI) [45]; Default

7https://github.com/BerriAI/litellm
8https://docs.litellm.ai/docs/providers
9https://platform.openai.com/docs/guides/text-generation/chat-completions-

api
10https://www.jacoco.org/jacoco/index.html
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Test (DT); Duplicate Assert (DA) [45]; Eager Test (EA)

[43]; Empty Test (EM) [45]; Exception Handling (EH) [45];

General Fixture (GF); Ignored Test (IT) [45]; Lazy Test (LT)

[43]; Magic Number Test (MNT) [44]; Mystery Guest (MG);

Redundant Print (RP) [45]; Redundant Assertion (RA) [45];

Resource Optimism (RO) [45]; Sensitive Equality (SE) [43];

Sleepy Test; Unknown Test (UT) [45].

After adding the necessary libraries, AGONETEST runs a

build and test to ensure that there are no compilation errors.

The assessment phase of the test suite of our process presents

a high degree of automation, as we describe below.

In this phase, AGONETEST automatically includes these li-

braries into the project. For each run, AGONETEST checks the

configuration files of the supported build systems (Maven and

Gradle, Sec. III-C) to determine if the necessary libraries are

already present. If they are not, it modifies the configuration

to add the required dependencies.

AGONETEST provides a high degree of automation, for

example, in its handling of the PiTest library. Specifically,

if the repo uses the JUnit 5 test framework, an additional

library, “pitest-junit5-plugin”, is required. Utilizing informa-

tion extracted from the repo in the Prompt Creation module

(Sec. III-C), AGONETEST automatically identifies the test

framework in use and adds this dependency without any

human intervention.

AGONETEST generates a report with the results of the

quality metrics computed for the LLM-generated test suite.

To achieve this, the tool automatically retrieves detailed infor-

mation from the reports produced by the libraries, compiling

this data for each class within each project.

Failure handling.: All coverage and mutation metrics

are computed on the full evaluation set by assigning a value

of 0 to non-compiling generations (Sec. V-A). Test smell

counts are build-penalized in the same way (non-compiling

→ 0 contribution). We also report the compilation rate to

contextualize the aggregated scores.

It is important to note that AGONETEST is not limited to the

CLASSES2TEST dataset. Thanks to its modular architecture,

the framework can seamlessly integrate with alternative bench-

marks such as DEFECTS4J [46] or any other curated corpus of

Java projects. Researchers need only adjust the configuration

files to extend the evaluation to new projects.

IV. AGONETEST IN PRACTICE

In this section, we will demonstrate how AGONETEST

operates in practice by describing an end-to-end run of a

practical example.

We will skip the repository selection phase in our account

and move straight to the configuration phase, which concerns

LLM selection and prompt specification. Then, we will exem-

plify how the results are presented back to the user for further

analysis.

A. Configuration
As described in Sec. III-B, AGONETEST utilizes a YAML11

file as input, where it is possible to specify information

related to two elements: llms and prompts. The YAML

file represented in the Listing 1 is an example configuration

for AGONETEST that will be used in Sec. IV.

Listing 1. Setup of the YAML configuration file: setting of variables for two
different LLMs and two different prompts.
l l m s :
− model: gpt −4o− mini

t e m p e r a t u r e : 0
− model: gemini −1.5 − pro

t e m p e r a t u r e : 0
− model: l l a m a 3 . 1 :70b

t e m p e r a t u r e : 0
prompts :
− name: zero − s h o t

v a l u e :
- r o l e : sys tem

c o n t e n t : You a r e p r o v i d e d wi th Java c l a s s . C r e a t e a t e s t
c l a s s t h a t f u l l y t e s t s t h e p r o p o s e d J a v a c l a s s

u s i n g t h e p r o j e c t i n f o r m a t i o n f o r i m p o r t s . Reply
wi th code only , do n o t add o t h e r t e x t t h a t i s n o t
code .

- r o l e : u s e r
c o n t e n t : "The project uses {{testing_framework}} and

Java {{java_version}} and Java class is: \n<code>\
n {{class_under_test}}\n</code>"

− name: few − s h o t
v a l u e :
- r o l e : sys tem

c o n t e n t : You a r e p r o v i d e d wi th an example wi th a Java
c l a s s and i t s t e s t c l a s s . You a r e t h e n p r o v i d e d
wi th a new Java c l a s s . Take a cue from t h e example
and c r e a t e a t e s t c l a s s t h a t f u l l y t e s t s t h e new
p r o p o s e d J a v a c l a s s . Reply wi th code only , do n o t
add o t h e r t e x t t h a t i s n o t code .

- r o l e : u s e r
c o n t e n t : "#Example:\nThe example Java class is:\n<code>\

n {{example_java_class}} \n</code>\nThe example
test class is: \n<code>\n {{example_test_class}} \n
</code>.\nThe Java class you must create the test
for is: \n<code>\n{{class_under_test}}\n</code>"

The LLM is specified by setting the model name in the

model field, selecting from the available models supported

by LiteLLM12. In the temperature field, you can set the

temperature at which the model will operate. The temperature

can have a value between 0 and 2. Higher values (e.g., 2)

produce more random outputs, while lower values (e.g., 0)

make the outputs more targeted and deterministic [3].
The prompts field consists of two sections: name and

value. The former is an identifier for labeling the type of

prompt (zero-shot, few-shot, etc.); the latter, value, is an

array of message elements of type OpenAI13. Each individual

message includes a role and a content.
For the role field, there are two possible values:

• system: used to instruct the model on the behavior it

should adopt.

• user: used to indicate the request for the generation of

the test class.

Two types of prompts can be specified:

• zero-shot: refers to presenting the model with a

single instance of a request or task without any previous

11https://yaml.org/
12https://docs.litellm.ai/docs/providers
13https://platform.openai.com/docs/api-reference/chat/create#chat-create-

messages
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examples for the model to draw upon [47]. This method

emphasizes the model’s ability to comprehend and accu-

rately execute the given task.

• few-shot: unlike zero-shot prompting, few-shot

prompting involves providing the model with examples

demonstrating the expected inputs and outputs [26].

This technique aids in contextual learning by including

examples in the prompt, thereby guiding the model

towards improved performance. These examples serve as

a conditioning for the actual request, helping the model

generate more accurate and relevant responses.

This configuration file will instruct AGONETEST to perform

the steps described in Sec. III-C: it will fully instantiate

template variables, including class under test, test frameworks

used by the repos (and versions thereof), and version of the

JDK used in the repos.

B. Results presentation

After performing the generation step, AGONETEST pro-

duces a report containing, for each selected LLM and each

prompting mode, the quality metrics for the classes under

test and the entire project. Table III shows an excerpt of the

report that also contains human-written test results as they

were present in the CLASS2TEST dataset. The report provides

valuable information on the strengths and weaknesses of each

combination of LLM and prompt, showing the average value

for each metric.

In this way, software testers can accurately assess the

effectiveness of the LLM in creating usable and effective class-

level tests.

V. EXPERIMENT SETUP

In this experimental evaluation, our aim is to address the

following research questions:

• RQ1: How do the chosen LLMs and prompt types
perform in the test case generation task? We assess this

by computing the quality metrics defined in Sec. III-E.

• RQ2: How frequently do compilation errors occur,
and how do they impact the overall compilation
success rate? We study and classify the most common

errors that impact the unit test generation process.

• RQ3: Is there a strategy to increase the compilation
success rate? We study how to increase the compilation

success rate. In particular, we define an enhanced strategy

to improve the compilation success rate.

A. Evaluation protocol: compiled-only averaging (build fail-
ures excluded)

Let N be the number of classes under test (since we

performed the experiments on the entire CLASSES2TEST

dataset, the number of classes will be 147,473). For each class

i, let buildi ∈ {0, 1} indicate whether the generated tests

compile, and let mi ∈ [0, 100] denote a metric value (e.g.,

line, branch, method coverage, or mutation score) computed

only if buildi = 1. Define Ncomp =
∑N

i=1 buildi. We

report compiled-only averages (no penalty for non-compiling

generations):

m =
1

Ncomp

N∑

i=1

buildi mi.

For test smells, let sk,i ≥ 0 be the count for smell k on

class i (defined only if buildi = 1). We report compiled-only

averages:

sk =
1

Ncomp

N∑

i=1

buildi sk,i.

We additionally report the compilation rate Rbuild =
1
N

∑N
i=1 buildi to make the influence of failures explicit.

B. Model and Prompt Selection

We focus on evaluating the performance of LLMs in

generating test cases on different types of models. For this

purpose, we select gpt-4o-mini, gemini-1.5-pro, and

llama3.1:70b for our experimentation. gpt-4o-mini is

selected because of its excellent performance in code gener-

ation tasks [48] and has a number of parameters comparable

with the other selected models14; gemini-1.5-pro because

it is a model that can handle a context of 2 million tokens15

and allows us to understand whether there are differences

in performance based on context size; llama3.1:70b is

selected because it is the open-parameter model that has com-

parable performance with others in the code generation task16.

llama3.1:70b is hosted through Ollama17and queried lo-

cally, while gpt-4o-mini and gemini-1.5-pro models

are queried via API.

In addition to choosing LLM, it is crucial to set its

temperature parameter. By carefully setting the temperature

parameter, users can balance innovation and coherence in text

generation, ensuring that the output aligns with their specific

task or application requirements. As shown in Listing 1, we

set the temperature to 0 in our experiment to increase the

level of coherence in text generation (and to decrease the level

of randomness) and make the different test suites generated

reproducible; results are single-run per model/prompt, and

AGONETEST exposes temperature for repeated-run studies.

Regarding prompt types, we experimented with two of the

most popular techniques: zero-shot and few-shot, introduced

in Sec. IV-A.

VI. EVALUATION AND RESULTS

A. RQ1: How do the chosen LLMs and prompt types perform
in the test case generation task?

We analyze each LLM/prompt combination under the eval-

uation protocol in Sec. V-A, i.e., full-set averaging with non-

compiling generations contributing zeros. As Table IV shows,

14https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-
intelligence

15https://developers.googleblog.com/en/new-features-for-the-gemini-api-
and-google-ai-studio

16https://ai.meta.com/blog/meta-llama-3-1/
17https://ollama.com
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TABLE III
EXCERPT OF THE REPORT PRODUCED BY AGONETEST, SHOWING RESULTS FOR CLASSES UNDER TEST AND SELECTED COMBINATIONS OF LLMS AND

PROMPT TYPES. THE FULL REPORT IS AVAILABLE IN THE ONLINE APPENDIX. HERE WE DISPLAY ONLY A REPRESENTATIVE SAMPLE FOR ILLUSTRATION.
TEST SMELLS ARE REPORTED FROM COLUMN 10 ONWARDS (SEE SEC. III-E FOR ACRONYMS).

model
prompt
name

Project Class under test
branch

coverage
line

coverage
method

coverage
mutation

score
AR CTL CI DA EA EM EH IT LT MNT RP RA RO SE UT

gpt-4o-mini few-shot 145256500 Key 35.71 64.86 84.62 33.33 10 0 0 0 10 0 0 0 28 10 0 0 0 1 0

gemini-1.5-pro few-shot 145256500 Key 57.14 81.08 85.62 33.33 10 0 0 0 0 0 0 0 9 9 5 0 0 0 0

human - 145256500 Key 28.57 37.84 30.77 25.0 0 0 0 0 1 0 0 0 0 1 0 0 0 0 0

llama3.1:70b zero-shot 43246449 FileHandler - 100 100 0 1 0 0 0 0 0 0 0 4 4 0 0 1 0 0

human - 43246449 FileHandler - 100 100 100 1 0 0 0 0 0 0 0 4 4 0 0 1 0 0

gpt-4o-mini zero-shot 1341207 HexString 50 92.11 100 85.71 7 0 0 0 18 0 0 0 45 18 0 0 0 1 0

gpt-4o-mini few-shot 1341207 HexString 48.39 89.47 96.0 85.71 7 0 0 0 17 0 0 0 38 17 0 0 0 1 0

human - 1341207 HexString 25.81 44.74 44.0 51.43 1 0 0 0 1 0 1 0 0 1 0 0 0 0 0
... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ...

TABLE IV
AVERAGE OF METRICS COMPUTED FOR EACH MODEL AND PROMPT TYPES USED AND FOR HUMAN-WRITTEN TESTS. IN BOLD, THE BEST RESULTS FOR

EACH METRIC. ONLY THE TEST SMELLS WITH NON-ZERO VALUES ARE SHOWN IN THE TABLE.18

model
prompt
name

branch
coverage%

line
coverage%

method
coverage%

mutation
score%

AR EH MG EA LT UT RO MNT

gpt-4o-mini
zero-shot 41.9%↓ 64.8%↓ 77.2%↑ 44.5%↑ 1.28 0.79 0.19 2.11 4.52 0.33 0.11 7.05

few-shot 62.1%↑ 71.3%↑ 81.1%↑ 61.0%↑ 1.01 0.36 0.08 1.54 3.18 0.26 0.08 6.60

gemini-1.5-pro
zero-shot 22.6%↓ 55.4%↓ 62.8%↓ 30.1%↓ 1.67 0.42 0.09 2.85 3.71 0.29 0.10 5.50

few-shot 44.6%↓ 89.8%↑ 92.9%↑ 72.0%↑ 1.96 0.41 0.03 2.92 3.25 0.03 0.19 5.15

llama3.1:70b
zero-shot 71.2%↑ 80.3%↑ 84.9%↑ 32.0%↓ 1.77 0.27 0.07 0.51 1.58 0.49 0.12 6.20

few-shot 79.8%↑ 85.6%↑ 90.3%↑ 89.2%↑ 0.55 0.30 0.05 1.31 1.72 0.10 0.03 3.85
human - 48.7% 73.2% 74.0% 40.4% 2.18 0.69 0.10 1.68 3.05 0.58 0.08 4.22

model and prompt choices materially influence all quality

metrics.
1) Coverage and mutation: The highest mutation score

is achieved by llama3.1:70b with few-shot prompting

(89.2%), which also leads to branch coverage (79.8%).

The highest line and method coverages are obtained by

gemini-1.5-pro with few-shot prompting (89.8% and

92.9%, respectively). gpt-4o-mini shows balanced results,

with few-shot outperforming its zero-shot configuration across

metrics.
2) Test Smells: Test smells are indicators of poor test code

quality and maintainability. Table IV reports the most relevant

smells. In general, LLM-generated tests are comparable to

human-written ones for Assertion Roulette (AR), Mystery

Guest (MG), and Resource Optimism (RO). However, they

exhibit better Exception Handling (EH), particularly with

llama3.1:70b. This model also shows fewer instances

of Eager Test (EA) and Lazy Test (LT) in its zero-shot

configuration. The Unknown Test (UT) smell is rare across

all LLM-generated tests. Conversely, LLMs tend to use fewer

hard-coded values (Magic Number Test - MNT), especially

with few-shot prompts, with the exception of gpt-4o-mini
(zero-shot).

3) Prompt Types Comparison: The choice between zero-

shot and few-shot prompting has remarkable effects: few-shot

18All values are full-set averages with build failures contributing 0. Arrows
indicate whether a model–prompt configuration performs better (↑) or worse
(↓) than the human baseline for that metric. Bold indicates the best score
across all configurations.

prompts improved performance in most models compared to

human-written tests, particularly in line and method coverage

for llama3.1:70b and gemini-1.5-pro. This effect

underscores that exposure to example inputs improves prompt

generation for class-level testing tasks.

RQ1 Findings

• Coverage and defect rate: llama3.1:70b (few-

shot) with 89.2% mutation score and 79.8% branch

coverage.

• Effect of context: The gemini-1.5-pro model

prompt performed well in line and method cover-

age when using few-shot prompts, highlighting the

importance of providing contextual examples.

• LLM vs human: LLM-generated tests matched

or exceeded human-written tests on some quality

metrics, when considering only the subset of tests

that compile.

B. RQ2: How frequently do compilation errors occur, and how
do they impact the overall compilation success rate?

After the initial experimental run, we observed relatively

low compilation success rates across all tested LLMs, limit-

ing the effective coverage analysis to successfully compiled

classes. Therefore, the coverage metrics reported reflect only

this subset of valid tests (see Table V). To investigate this
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TABLE V
PERCENTAGE OF BUILD SUCCESS ON THE FULL SET PER EXPERIMENT

model
prompt
name

Build%

gpt-4o-mini
zero-shot 28.6%

few-shot 25.3%

gemini-1.5-pro zero-shot 18.6%

few-shot 36.0%

llama3.1:70b
zero-shot 9.8%

few-shot 7.1%

human - 100%

issue, we systematically collected and analyzed errors that pre-

vented a successful compilation during our experiments. Two

developers worked to categorize the errors. Each developer

received a list of errors along with the corresponding generated

code that triggered these errors. They independently labeled

the errors without consulting each other. Upon completing

their independent labeling, they joined to compare and discuss

the results. A reconciliation process was conducted to resolve

discrepancies in their labels. If there are any mismatches, the

two developers discuss the differences to reach a consensus.

In cases where they could not agree, a third developer acted

as an arbitrator to make the final decision. The analysis of

the errors revealed several recurring patterns that impacted

the compilation success rate. These errors can be grouped into

three main categories:

1) Symbol and Reference Issues:
a) Cannot Find Symbol: This was the most frequent

error, occurring in 42.50% of cases. It typically involves

references to variables, methods, or classes that are not de-

fined or incorrectly named. This highlights the challenges the

LLM faced in accurately recalling or generating the necessary

components of the code.

b) Missing or Incorrect Imports: Errors due to missing

import statements or incorrect library versions account for

19.55% of the total errors. This issue often arose from a

mismatch between the generated code and the actual project

dependencies, highlighting limitations in the models’ under-

standing of the project environment.

2) Code Structure and Consistency Issues:
a) Override/Implementation Issues: Errors related to in-

correct overrides or failed implementation of interfaces con-

tribute to 13.87% of the errors. These errors often occur when

the generated methods do not match the expected signatures

or fail to fulfill the requirements of implemented interfaces.

b) Visibility/Access Issues: These errors, making up

7.69%, are due to incorrect access modifiers or attempts to ac-

cess private or protected members from outside their intended

scope. This indicates that the model sometimes struggled with

correctly applying Java’s access control rules.

c) Incorrect Data Types: Errors also arise from mis-

matched data types, accounting for 6.31% of the cases. This

typically happens when the generated code attempts to pass

arguments of one type to methods expecting a different type,

suggesting challenges in maintaining type consistency across

the generated test suite.

d) Instantiation Issues: Errors involving incorrect object

instantiation account for 3.66% of the total. These often come

up when the generated code uses the wrong constructor or

attempts to instantiate abstract classes.

3) Syntax and Specific Rule Violations:
a) Syntax Errors: These include incorrect method signa-

tures, missing semicolons, and other syntactic issues, making

up 5.17% of the errors. Such errors suggest that, while LLMs

can generate logically coherent code, they occasionally fail to

adhere to the strict syntactical rules of Java.

b) Final Variable Issues: Errors related to improper

use of final variables represented 1.26% of the cases. These

typically involve attempts to reassign values to final variables,

reflecting misunderstandings in handling Java’s immutability

constraints. The gemini-1.5-pro model stands out for

achieving the highest compilation rate among the models

tested, reaching 36.0% in the few-shot configuration. This

outcome highlights the need to increase the compilation rate

further, which we address in RQ3.

RQ2 Findings

• The most common issues affecting the compilation

success rate are related to missing symbols and

incorrect references (62.05%).

• Code structure problems, including overrides, access

control, and data types, contributed 31.53%.

• Syntax and specific rule violations, such as improper

use of final variables, accounted for 6.43%.

C. RQ3: Is there a strategy to increase the compilation
success rate?

After analyzing the distribution of errors identified in the

generated test suites, we observed that a significant portion

of compilation failures were attributed to missing symbols

or incorrect references, categorized under symbols and ref-

erences issues. To address the compilation rate issues, we

implemented an enhanced prompting strategy, explicitly pro-

viding the full path of classes under test within prompts. This

refinement significantly increased compilation success rates

by enabling LLMs to generate more contextually accurate

import statements and symbol references. The enhanced strat-

egy involves expanding the set of configuration parameters

provided to the LLM by adding a new parameter, called

“class_under_test_path”. This parameter explicitly

specifies the path to the class under test within the project,

providing a clearer reference to ensure that the model has

access to accurate and correct imports and symbol definitions

related to the class under test. In addition, the prompts were

updated to include this parameter, which provided a more

grounded understanding of the model with respect to the

dependencies and structure of the class under test. A compact

before→after summary is reported in Table VI.
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TABLE VI
COMPACT PER-MODEL BEFORE→AFTER DELTAS. VALUES ARE ABSOLUTE

PERCENTAGE-POINT CHANGES.

model prompt Δ Build (pp) Δ Branch Δ Line Δ Method Δ Mutation

gpt-4o-mini
zero-shot +28.3 +3.9 +3.7 +2.8 +4.1
few-shot +26.8 +3.1 +3.4 +2.5 +3.2

gemini-1.5-pro
zero-shot +6.2 +1.3 +1.9 +1.5 +1.7
few-shot +28.6 +2.0 +2.2 +1.8 +2.6

llama3.1:70b
zero-shot +14.3 +1.8 +1.6 +1.2 +2.1
few-shot +13.8 +1.9 +2.0 +1.6 +2.7

These improvements demonstrate that providing more pre-

cise details during the test generation process can significantly

increase the chances of generating compilable code. The

focus on explicit class under test paths allowed the LLMs to

better handle project-specific imports and references, thereby

addressing one of the major limitations observed in our initial

experiments.

RQ3 Findings

• The enhanced strategy consistently raises build rates

for all models and yields small but systematic in-

creases in coverage and mutation score.

• Explicitly specifying the class under test path pro-

vides a more accurate reference, reducing errors

related to missing symbols and incorrect references.

• Despite these improvements, additional strategies

(e.g., automated post-generation repair or advanced

context-aware prompting) are still needed to ap-

proach higher compilation success rates and func-

tional correctness.

VII. LIMITATIONS

Although AGONETEST presents an innovative framework

for automating the generation and evaluation of unit test suites

using LLMs, we acknowledged some limitations of its current

first implementation and experimental results.

a) Compilation Success Rate: The low compilation suc-

cess rates observed represent a limitation inherent in the LLM-

based code generation process rather than the AGONETEST

framework itself. These limitations stem from the LLMs’

challenges in understanding complex contextual dependencies.

Future work could investigate new techniques to improve

compilation rates, potentially by extending AGONETEST to

incorporate automated code-repair strategies.

b) Dataset and Generalization: For our evaluation, we

relied on a newly created CLASSES2TEST dataset which in-

cludes Java projects. This makes our findings not immediately

generalizable to different programming languages. Moreover,

the repositories included in CLASSES2TEST were selected

based on their ability to compile without errors, potentially

introducing a bias towards well-structured codebases.

c) Quality Metrics: Coverage, mutation score, and test

smells are proxies of test effectiveness; they do not fully

capture functional correctness.

d) Data Leakage: Data leakage is a concern when eval-

uating LLMs. We mitigate this by using a recently created

dataset with projects updated after the training cutoff dates

of the models used. However, this could become a more

significant problem as models evolve.

e) Prompting: Our goal is an automated evaluation

framework for LLM-based unit test generation; current exper-

iments primarily illustrate how AGONETEST functions. The

framework allows selecting LLMs and specifying prompts,

but we explored only two prompting strategies, limiting full

insight into model capabilities. Additionally, manual exemplar

selection in one-shot prompts introduces subjectivity, raising

concerns about prompt sensitivity and potential overfitting

rather than genuine generalization.

f) Randomness/repeated runs: Results are from a single

run with temperature=0; repeated-run variance analysis is left

to future work and is supported by AGONETEST’s temperature

setting.

VIII. CONCLUSION AND FUTURE WORK

We introduced AGONETEST, an automated framework for

evaluating unit test suites generated by LLMs on real-world

Java projects. The main contribution of AGONETEST lies in

its ability to provide a reproducible and extensible evaluation

pipeline, integrating project setup, execution of generated tests,

and quality metrics computation. To support this evaluation,

we introduced the CLASSES2TEST dataset, which enables

systematic benchmarking at the class level and complements

existing resources such as METHODS2TEST. By focusing

on evaluation rather than generation, AGONETEST offers the

community a tool to compare LLMs, prompting strategies,

and future improvements in test automation. As illustrated

by our motivating use case, it transforms the ad hoc, error-

prone process of manual evaluation into a systematic and

reproducible workflow for developers and researchers. Our

findings indicate that LLM-generated tests achieve compa-

rable or superior code coverage and defect detection com-

pared to human-written tests, particularly when context-aware

prompting is used. This highlights the potential of LLMs

in automating software testing, despite existing limitations.

Future work will enhance AGONETEST by supporting more

languages and boosting compilation rates. We also plan to

expand the experimental scope with a wider variety of LLMs

and advanced prompting techniques. Such enhancements will

further empower developers, as described in our use case,

to not only benchmark models but also to select and refine

the optimal test generation strategy for their specific projects,

thereby improving overall software quality.
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