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Abstract

As software projects depend heavily on open-
source libraries, developers use tests to ensure that
dependency updates remain behaviourally compat-
ible. However, such library tests are often incom-
plete or unavailable. Although automated test gen-
eration tools such as EvoSuite exist and Large Lan-
guage Models (LLMs) have shown promise in gen-
erating more readable tests, most evaluations have
been conducted on benchmark datasets or popu-
lar GitHub projects. This creates a gap in under-
standing how effective LLM-generated tests are for
released library artifacts. In this paper, we eval-
uate LLM-based test generation for released Java
libraries from Maven Central to assess its feasibil-
ity in dependency validation workflows. We im-
plement a pipeline that provides source code and
method context to a locally hosted LLM, validates
generated tests, and applies iterative repair when
needed. Our results show that tests generated by
the local model achieve substantially lower cov-
erage than EvoSuite, primarily due to compilation
failures, highlighting that symbol resolution errors
remain a key challenge in generating tests with
LLMs. We further show that iterative repair is ef-
fective at improving the coverage of generated tests
and a stronger cloud-hosted model even surpasses
EvoSuite in coverage. Overall, the findings indi-
cate that LLM-based test generation from source
code is a promising approach for dependency up-
date validation when combined with sufficiently ca-
pable models and iterative repair mechanisms.

1 Introduction
Modern software systems heavily rely on open-source li-
braries, which account for 70–90% of the code in typical soft-
ware projects [2]. Although this accelerates development, it
introduces maintenance challenges as dependencies must be
regularly updated for bug fixes, performance improvements,
and security patches [11]. These updates can also introduce
breaking changes in the client software [17]. Although au-
tomated dependency management tools such as Dependabot
assist developers by proposing updates, they do not guaran-
tee behavioural compatibility [11]. Consequently, validating
dependency updates through testing remains challenging, as
client tests often provide incomplete coverage while library
test suites are frequently unavailable [12; 21].

Automated unit test generation has long been proposed to
reduce the manual effort developers need to validate these up-
dates. Search-based software testing (SBST) tools such as
EvoSuite generate unit tests by employing search and opti-
mization algorithms to maximize code coverage objectives
[5]. Although achieving reasonable coverage, tests generated
by EvoSuite are often large, redundant, and less readable than
manually written tests, making it difficult for developers to
understand and use in practice [4; 7; 19; 20]. More recently,
LLMs have shown promising results for test generation from

source code context, and it can also produce tests that are
more readable and closer in style to developer-written tests [1;
24; 25; 26]. However, existing evaluations on LLM-generated
tests are largely limited to benchmark datasets or curated
GitHub repositories rather than real-world library artifacts.

This creates a gap in understanding how LLM-based test
generation performs in realistic dependency management set-
tings, where libraries are consumed as released artifacts rather
than curated repositories. This is a practical limitation as
without reliable automatically generated tests for libraries,
developers would need significant effort in validating depen-
dency updates which increases the risk of breaking changes.

In this paper, we investigate how effective LLM-based test
generation is for released Java libraries from Maven Central
when full source code is available. We therefore study the
following research questions:

RQ1: How does the coverage achieved by LLM-generated
tests compare with EvoSuite-generated tests?

RQ2: What proportion of LLM-generated tests compile and
execute successfully, and what are the main causes of
invalid tests?

RQ3: How does iterative repair affect the validity, coverage,
and computational cost of LLM-generated tests?

RQ4: How does pipeline performance differ between a lo-
cal open-source LLM and a more capable cloud-hosted
LLM?

Our goal is to explore whether LLMs can realistically
support dependency validation workflows by generating ex-
ecutable and meaningful tests at scale. To investigate this, we
design a pipeline that extracts source code and API context
from each class of a Java library, generates JUnit tests using
an LLM, executes and validates tests with Maven, and applies
an iterative repair loop to fix invalid tests.

The main findings of our study are: (RQ1) the local
Qwen2.5-Coder-7B model underperformed EvoSuite in cov-
erage; (RQ2) this was mainly due to compilation failures with
unresolved symbols the most common cause; (RQ3) iterative
repair improved validity and coverage up to two iterations;
and (RQ4) the stronger DeepSeek V4 Flash model substan-
tially improved test quality, surpassing EvoSuite in coverage.

This study makes the following contributions:

• An open-source pipeline for generating and evaluating
LLM-generated tests for released Java libraries.

• An analysis of coverage, validity, iterative repair effects,
and computational cost of LLM-generated tests.

• A source code baseline for future comparisons with
LLM-generated tests using different input settings (e.g.,
bytecode or bytecode with documentation).

2 Related Work
2.1 Existing LLMs vs. SBST Studies
EvoSuite is one of the most widely used SBST tools for au-
tomated unit test generation. It generates Java unit tests by
evolving whole test suites towards structural coverage goals
and adding assertions based on observed program behaviour



[5; 6]. Existing comparative studies reported mixed results
when comparing LLM-based test generation with EvoSuite.
Several studies found that LLM-generated tests achieve lower
line and branch coverage, often due to compilation failures [1;
25; 26]. In contrast, other work has shown coverage ex-
ceeding EvoSuite when including repair loops, feedback
mechanisms, or specialised prompting strategies [3; 9; 28;
29]. These mixed results indicate that quality of LLM-
generated test suites is highly sensitive to context provision-
ing, prompting strategy, and repair mechanisms.

For example, Abdullin et al. compared LLM-based test
generation with EvoSuite on the GitBug Java dataset, show-
ing that LLM-generated tests achieved lower structural cover-
age than SBST and symbolic execution, but higher mutation
scores [1]. Similarly, Tang et al. compared ChatGPT with
EvoSuite for unit test generation and reported that EvoSuite
generally achieved higher code coverage, whereas ChatGPT
produced tests that were more readable and closer to human-
written tests [26]. These findings suggest that LLM-based
and SBST approaches show different strengths in terms of
coverage versus test quality and readability.

2.2 LLM-Based Unit Test Generation
Several studies have evaluated LLMs for generating unit tests
from source code and rich contextual information. Schäfer et
al. introduced TestPilot, which generates tests for JavaScript
npm packages using function implementations and documen-
tation examples as context [24]. Their evaluation is relevant
because it considered real-world library packages.

For Java, Siddiq et al. evaluated LLM-generated unit tests
on the HumanEval and EvoSuite SF110 datasets using com-
pilation, correctness, coverage, and test smell metrics [25].
Their results highlighted the difficulty of generating valid
tests for strongly typed Java programs and the need for post-
processing model outputs. However, their evaluation was
conducted on benchmark datasets rather than released Maven
library artifacts.

Several approaches have improved LLM-based unit test
generation by integrating program context with validation and
repair mechanisms. ChatUniTest incorporates adaptive focal
context to provide relevant class- and method-level informa-
tion within prompt limits, followed by syntactic, compilation,
and runtime validation with iterative LLM-based repair [3].
ChatTester decomposes generation into intention understand-
ing and test construction, refining non-compiling tests using
compiler feedback and additional code context [29]. TestART
extends this idea by combining template-based repair of com-
pilation and runtime errors with coverage-guided feedback to
generate additional tests for uncovered behaviour [9]. These
studies collectively motivate our pipeline design, which uses
extracted API context, validation-guided iterative repair, and
evaluation using code coverage.

2.3 Knowledge Gap
Most existing studies on the performance of LLM-based test
generation for Java, as well as comparisons with EvoSuite,
evaluated their approaches on benchmark datasets such as
HumanEval, EvoSuite SF110 [25], Defects4J [16; 26], and
GitBug [1], or on popular GitHub projects [3]. Although
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Figure 1: Overview of the implemented pipeline for LLM-based test
generation and evaluation.

these popular benchmarks allow direct comparisons across
different studies, they do not reflect how developers typically
interact with software libraries in practice, where dependen-
cies are used as released artifacts from platforms like Maven
Central. While TestPilot [24] was evaluated on real package
distributions, its evaluation focused on JavaScript npm pack-
ages rather than Java libraries.

This paper addresses this gap by evaluating test generation
using LLMs on released Java library artifacts from Maven
Central with available source code, extending prior evalua-
tions beyond benchmarks and curated projects.

3 Methodology
We implemented a pipeline in Python to evaluate the effec-
tiveness of LLM-generated unit tests for Java libraries. Fig-
ure 1 presents the overall workflow, while the implementation
and reproduction details are available on GitHub.1

3.1 Step 1: Library Preparation
Initially, we obtained the top 1000 most popular Java li-
braries by querying libraries.io. This set was then filtered
to keep only libraries available on Maven Central Repository
(MCR) and had version-level popularity metrics available on
deps.dev, resulting in 930 libraries. For each remaining li-
brary, we selected a representative release based on recency
and popularity by choosing the most popular version within
the latest major release at the time of collection (specified by
evaluated at). Each selected library is uniquely identified
by its Maven coordinate (group ID, artifact ID, version).

These 930 libraries were further filtered to include only
those (i) present in the EvoSuite result set to ensure com-
parability with the baseline, and (ii) containing fewer than
40 testable classes (defined in Step 2) to limit runtime per
library and allow a broader set of libraries to be evaluated.
We refer to this filtering result as dataset A. From dataset A,
we randomly selected 20 libraries for RQ3 to determine the
optimal number of repair attempts. After this, an additional
14 libraries were randomly selected from dataset A to form
the final set of 34 libraries used in RQ1, RQ2, and RQ4. As
evaluating multiple repair attempts is computationally expen-
sive, RQ3 was conducted on 20 libraries to ensure feasibility

1https://github.com/caominhnguyen05/llm-test-generation

https://github.com/caominhnguyen05/llm-test-generation


within the project timeline, which may limit the generalis-
ability of its findings.

For each sampled library, the pipeline downloads its bi-
nary JAR and -sources.jar from Maven Central and cre-
ates a Maven test project containing JUnit 4.13.2 and Mockito
4.11.0. Generated tests are later executed against the binary
JAR, which is also used by JaCoCo for coverage measure-
ment. The source JAR is extracted into a prompt sources
folder for LLM prompting only and is not compiled.

3.2 Step 2: Source File Selection

To reduce computational cost and execution time, the pipeline
uses pattern matching to filter out classes that are unlikely to
produce meaningful tests. The pipeline excludes the follow-
ing files: package-info.java and module-info.java,
files without a matching top-level declaration, annotation
types, interfaces without executable default or static
methods, enums containing constants only, and classes with-
out detectable method or constructor bodies. These crite-
ria are motivated by prior LLM-based test generation studies
which define the generation target as an executable function,
method, or class under test, and construct prompts around the
focal code implementation [3; 24; 25].

3.3 Step 3: API Context Extraction

Prior work on LLM-based test generation highlights the im-
portance of providing relevant focal context in the prompt.
For example, ChatUniTest parses Java classes into Abstract
Syntax Trees and extracts class- and method-level infor-
mation, including imports, fields, method signatures, and
method bodies, to support test generation [3]. Motivated by
this approach, our pipeline constructs a compact API sum-
mary for each focal class and includes it in the prompt along-
side the source code. To generate this summary, the pipeline
uses JavaParser [15] to parse each Java class and record the
signatures of its public constructors and methods. This pro-
duces a lightweight representation of the class’s callable API.

Figure 2 illustrates an example of the extracted API sum-
mary and how it is incorporated into the LLM prompt.

3.4 Step 4: Test Generation & Postprocessing

LLM Setup
The main experiments use the locally hosted Qwen2.5-Coder-
7B model [13] through Ollama. This model was selected af-
ter preliminary trials with several code-oriented models avail-
able in the hardware environment, including CodeLlama-7B,
DeepSeek-Coder-6.7B, and Qwen3.5-9B. Among these mod-
els, Qwen2.5-Coder-7B provided the most practical balance
between test quality, generation time, and memory usage.

To ensure experimental results are reproducible, the
model’s temperature is set to 0 [24; 25] and its random seed
to 42. Additionally, we selected a context window of 6000 to-
kens because it was the largest size tested that avoided CPU
offloading on the available 6 GB GPU hardware. Each LLM
call is limited to a generation timeout of 360 seconds to pre-
vent long generations from blocking the experiment.

Example LLM Prompt for Test Generation (class JSONArray)

Generate a complete, compilable JUnit 4 test class for the following Java
source code.
Target: org.json.JSONArray

Requirements:
- Output only Java code in a single “‘java block
- Use only APIs present in the provided source context
- Every test method must use @Test annotation & include explicit assertions
- Focus on boundary cases, branches, and exceptions
- Do not test private methods

API Summary (truncated):

• Constructors

– JSONArray()
– JSONArray(String)
– JSONArray(Object)

• Methods

– Object get(int)
– int getInt(int)

Source Code (truncated):

package org.json;
public class JSONArray implements { ... } {

public JSONArray() { ... }
public Object get(int index) { ... }
public int getInt(int index) { ... }

}

Figure 2: Truncated example of the LLM prompt used for initial test
generation, including the extracted API context.

System Prompt for LLM-Based Test Generation and Repair

You are generating JUnit 4 tests for an existing Maven project.

Generate deterministic, compiling, passing tests using only behaviour and
APIs supported by the provided source context. Do not invent members,
dependencies, or expected behaviour.

Output only one complete Java test file inside a single “‘java code block. Do
not include explanations or analysis outside the code block.

Figure 3: System prompt used for LLM-based test generation and
repair in the pipeline.

Prompt Design
Each LLM call consists of a shared system prompt and a task-
specific user prompt. The system prompt is shown in Fig-
ure 3. It defines high-level constraints for test generation, in-
cluding output format requirements and behavioural ground-
ing, and is inspired by the TestART approach [9].

For initial test generation, the user prompt follows the
structure in Figure 2. It combines the class name, package
name, extracted API summary, and source code to form the
input to the model. The prompt requests JUnit 4 tests to match
the format of the EvoSuite baseline, and explicitly instructs
the model to restrict generation to the provided API context
to reduce hallucination.

When validation identifies a compilation or runtime failure,
the repair prompt reuses the focal class context and addition-
ally includes the previously generated test code and Maven
error output. The repair priorities are to produce a compil-



ing test class, obtain passing tests, preserve valid existing
tests, and retain or improve meaningful behavioural coverage
where safely possible.

This design is informed by prior LLM-based test genera-
tion studies, which emphasise the importance of relevant code
context as input [3; 24; 29]. The validation-guided repair
process is motivated by ChatTester’s iterative prompt refiner
strategy, which uses compiler feedback and additional code
context to repair non-compiling tests [29].

Postprocessing of Generated Tests
Each raw LLM response is normalised before validation to
reduce syntax and compilation failures, following prior prac-
tices that postprocess model outputs before executing tests [3;
10]. Normalisation first extracts the Java test class from the
model output, then corrects its package declaration and class
name to match that of the class under test. To maximise
compilation success, it also inserts required JUnit 4 imports,
copies imports from the focal source file, and automatically
adds imports for recognised Java utility classes used in the
generated code. Finally, each generated test method is as-
signed a @Test(timeout = 2000) timeout to prevent non-
terminating tests from blocking the library validation process.

3.5 Step 5: Validation and Iterative Repair
For each class under test (CUT), the pipeline evaluates the
generated test class through a generation–validation–repair
loop. The initial output is repaired up to the configured max-
imum number of repair attempts.

Each generated test class is evaluated through three stages:

1. Structural validation. The pipeline first checks
whether the post-processed LLM output contains
public class <ClassName>Test and at least one
@Test annotation. Outputs failing this check are re-
jected and the pipeline proceeds with the next class.

2. Compilation validation. If a generated test class is
structurally valid, the pipeline stores the class under
src/test/java and compiles it with Maven.

3. Runtime validation. If compilation succeeds, Maven
executes the test class. The class is considered success-
ful only if all tests pass; otherwise assertion failures and
runtime errors trigger iterative repair if attempts remain.

When validation fails and repair attempts remain, the
pipeline constructs a repair prompt using the Maven error
message. The repaired output is then post-processed and
re-evaluated through the same three validation stages. This
approach follows iterative repair mechanisms used in popu-
lar LLM-based test generation frameworks including ChatU-
niTest [3], TestSpark [23], ChatTester [29], and TestPilot
[24].

Tests that still contain compilation errors after the last re-
pair attempt are deleted to avoid breaking the final coverage
run [10], while the error messages are recorded for analysis
in RQ2. Test classes that compile but still fail at runtime are
kept for validity analysis, with their failing methods ignored
before measuring coverage.

3.6 Step 6: Evaluation

Once generation and repair are complete for all testable
classes in a library, the pipeline evaluates the tests across four
dimensions: test coverage, test validity, compilation failure
categories, and computational cost.

Coverage Measurement
After all test classes are saved, the pipeline annotates failing
and erroring test methods with JUnit’s @Ignore to exclude
them from coverage measurement. The remaining tests are
executed with JaCoCo [14] to compute the library’s code cov-
erage. We ignore failing methods to prevent invalid tests from
inflating the reported coverage. An alternative approach con-
sidered was to remove failing test methods entirely, but this
was less reliable because it occasionally introduced syntax er-
rors. Another option is to discard any test class containing at
least one failing test, but this would also remove valid pass-
ing tests and potentially underestimate the coverage. Ignoring
only failing methods preserves valid tests while excluding in-
valid behaviour.

The main coverage metrics reported are line and branch
coverage as these are commonly used for evaluating LLM-
generated tests [1; 22; 24; 28]. For comprehensive compar-
ison with the EvoSuite baseline, we also record instruction,
complexity, method and class coverage provided by JaCoCo.

Validity Metrics
Prior work on LLM-based test generation commonly uses
compilation status and runtime outcomes as test correctness
metrics [9; 24; 25]. Following this, test validity is measured at
both the class and method levels. Let NCUT be the number of
classes under test and Ncompiled the number of generated test
classes that compile after repair. The compilation success rate
is defined as: Ncompiled/NCUT.

Let Nrun be the number of generated test methods, and
Npass, Nfail, and Nerror denote passing, assertion failures, and
runtime errors, respectively. We report Runtime Success Rate
(RSR), Assertion Failure Rate (AFR), and Runtime Error
Rate (RER) as:

RSR =
Npass

Nrun
, AFR =

Nfail

Nrun
, RER =

Nerror

Nrun

Other Evaluation Metrics
Test classes that still fail to compile after the maximum num-
ber of repair attempts have their final Maven error recorded
for compilation analysis in RQ2. Compilation failures are
categorised from Maven error messages using rule-based pat-
tern matching, following the error breakdown methodology
of ChatTester [29]. Recorded categories include unresolved
symbols, signature mismatches, missing imports, access vio-
lations, and structural errors.

For RQ3 and RQ4, computational cost is calculated as the
average per class under test. The pipeline records the number
of LLM calls, repair calls, tokens consumed (prompt and out-
put), LLM generation time, and total runtime for each CUT.
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Figure 4: Distribution of coverage achieved by LLM-generated tests
and EvoSuite-generated tests across 34 libraries

Table 1: Mean and median coverage percentages achieved by LLM-
generated tests and EvoSuite-generated tests across 34 libraries

LLM EvoSuite

Coverage Metric Mean Median Mean Median

Line 34.28 28.14 63.92 68.17
Branch 20.06 14.78 50.95 54.81
Method 38.78 34.38 66.49 72.42
Class 50.57 50.00 80.01 92.82
Instruction 32.18 28.97 61.41 64.28
Complexity 31.87 23.27 61.89 60.92

4 Experimental Results
In this section, we present our results for the four research
questions, examining coverage, test validity, the effect of it-
erative repair, and the influence of model capability on the
proposed pipeline.

RQ1: How does the coverage achieved by
LLM-generated tests compare with
EvoSuite-generated tests?
To assess how well LLMs generate tests for released Java li-
braries, we ran the pipeline with Qwen2.5-Coder-7B on the
34-library sample defined in Section 3.1. The local LLM’s
performance was compared with EvoSuite in terms of code
coverage, using two repair attempts selected from the results
of RQ3. As coverage varies considerably across libraries, me-
dian coverage is used as the primary summary statistic. Fig-
ure 4 shows the coverage distributions and Table 1 reports the
mean and median values of the two approaches.

From Table 1, EvoSuite achieved substantially higher cov-
erage than the local LLM across all six coverage metrics. At
the mean level, the largest difference was 30.89 percentage
points for branch coverage, where EvoSuite achieved 50.95%
compared with 20.06% for the LLM. The largest median dif-
ference was in class coverage, where EvoSuite outperformed
LLM by a significant 42.82 percentage points. EvoSuite also
exceeded the LLM by an identical 40.03 percentage points
for both median line and branch coverage. The particularly
low median branch coverage achieved by the local model

Table 2: Validation outcomes of LLM-generated tests by Qwen2.5-
Coder-7B across 34 sample libraries

Metric Count Percentage

Test-class level
Classes under test (testable sources) 350 –
Test classes that compiled 197 56.29%

Test-method level
Generated test methods 1043 –
Passed test methods 816 78.24%
Assertion failures 191 18.31%
Runtime errors 34 3.26%

(14.78%) suggests that generated tests have lower complexity
and exercise relatively few alternative execution paths.

Figure 4 further illustrates that EvoSuite consistently
achieved higher coverage across the sampled libraries.
Among the 26 libraries with non-empty line and branch cov-
erage results, the local LLM outperformed EvoSuite on both
metrics in only two cases, whereas EvoSuite achieved higher
coverage on both metrics in 21 cases. For the LLM, class
coverage shows the widest variability across libraries. This
may be partly due to compilation failures, as non-compiling
test classes were discarded and did not contribute to coverage.
More broadly, median method, line, branch, and complex-
ity coverage all remained below 35%, indicating that LLM-
generated tests explored only a limited portion of each li-
brary’s functionality.

RQ2: What proportion of LLM-generated tests
compile and execute successfully, and what are the
main causes of invalid tests?
To better understand the low coverage observed in RQ1, RQ2
evaluates the validity of LLM-generated tests by measuring
compilation and execution outcomes and analysing the causes
of compilation failures. These insights inform the design of
repair mechanisms and prompting strategies to improve test
validity.

We recorded compilation success rate, runtime success
rate, assertion failure rate, and runtime error rate of LLM-
generated tests, as defined in Step 6. Table 2 summarises
these outcomes across the 34 sampled libraries with 350
classes under test.

Table 2 indicates that compilation was a major limitation
of the local LLM. Of the 350 CUTs, only 197 generated test
classes compiled successfully (56.29% compilation success
rate). Since non-compiling test classes were removed before
recording coverage, these failures prevented all test methods
in those classes from contributing to coverage. This helps
explain the lower coverage achieved by the LLM in RQ1, as
a substantial proportion of the generated test suite could not
exercise the target library.

Among the 1043 generated test methods in test classes
that compiled, 816 passed (78.24% runtime success rate),
while assertion failures (18.31%) were much more common
than runtime errors (3.26%). Two additional test methods
(0.19%) were skipped during execution. In general, compi-
lation failures prevented a large number of LLM-generated
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Figure 5: Compilation failure categories of LLM-generated test
classes across 34 sample libraries using Qwen2.5-Coder-7B with
two repair attempts

test classes from being executed, while incorrect assertions
were the dominant problem among executable tests.

To further investigate why more than 40% of test classes
failed to compile, Figure 5 summarises the causes of the non-
compiling test classes.

The most frequent failure category was cannot find sym-
bol, accounting for 51 cases (33.55%). This was followed
by access modifier error and structure error, each occurring
in 22 cases (14.47%). Access modifier errors occurred when
generated tests attempted to access non-public members of
the target class. Structural errors occurred when the model
response did not conform to a valid Java test class format,
most commonly because it returned explanatory text or re-
fused the request. This may partly reflect the local model’s
limited 6000-token context size when processing larger focal
classes. The remaining failures primarily consisted of method
signature mismatches and generic type mismatches, indicat-
ing that the local model often struggled to correctly interpret
and use library APIs.

RQ3: How does iterative repair affect the validity,
coverage, and computational cost of
LLM-generated tests?
Many LLM-based testing frameworks use iterative repair
mechanisms where test errors are fed back to the LLM to im-
prove test correctness [3; 23; 24; 29]. Although this approach
is widely adopted, few studies have analysed how test effec-
tiveness changes with different numbers of repair iterations
or how many repair attempts are needed before diminishing
returns occur. Motivated by this gap and the low coverage
seen in RQ1, RQ3 evaluates the effect of iterative repair on
the quality of LLM-generated tests and provides preliminary
evidence on an optimal maximum number of repair attempts.

The pipeline was executed with Qwen2.5-Coder-7B on 20
libraries with 214 CUTs, using maximum repair budgets of 0,
1, 2, and 3 attempts. Table 3 reports validity, median line and
branch coverage, and average computational cost per CUT
for each repair budget.

From Table 3, iterative repair considerably improves the
compilation success rate of LLM-generated tests, increasing
from 43.93% with no repair to 58.41% at two attempts. Run-
time success rate also improves steadily across repair bud-
gets, though much more modestly, increasing from 73.32%

Table 3: Summary of validity, coverage, and computational cost
under different maximum numbers of repair attempts across 20 li-
braries and 214 classes under test

Metric 0 1 2 3

Validity
Compiled test classes 94 113 125 124
Compilation success rate (%) 43.93 52.80 58.41 57.94
Runtime success rate (%) 73.32 76.60 77.57 78.58

Coverage
Median line coverage (%) 22.30 30.32 34.57 33.40
Median branch coverage (%) 12.84 19.63 22.53 19.50

Computational cost per class under test
LLM calls/class 1 1.7 2.27 2.82
Tokens/class 2488.6 5145.3 6904.2 8900.5
LLM generation time/class (s) 15.98 31.45 42.74 54.40
Pipeline runtime/class (s) 23.05 41.87 55.63 68.98

to 77.57% over the same range. Overall, validation feedback
corrected a large proportion of invalid tests, although bene-
fits decreased with additional repair attempts while incurring
additional computational cost.

Repair iterations also improve test coverage: median line
coverage increases from 22.30% to 34.57% and median
branch coverage from 12.84% to 22.53% when moving from
zero to two repair attempts. However, these gains come
at considerable cost as token consumption nearly triples
(2,488.6 to 6,904.2) and pipeline runtime more than doubles
(23.05s to 55.63s).

Notably, increasing the repair budget from two to three at-
tempts results in diminishing returns. Pipeline runtime in-
creases by 13.35s and token consumption grows by nearly
2,000 tokens per CUT, yet median line and branch coverage
decreases by 1.17 and 3.03 percentage points respectively, in-
dicating that additional repair iterations can occasionally dis-
card previously valid tests. Compilation success rate also de-
creases slightly. Consequently, two repair attempts provide
the best trade-off between validity, coverage, and computa-
tional overhead, and were selected as the repair budget for
RQ1, RQ2, and RQ4.

RQ4: How does pipeline performance differ
between a local open-source LLM and a more
capable cloud-hosted LLM?
Prior work has shown that model choice can significantly in-
fluence test generation quality, with more capable models of-
ten producing syntactically correct tests with higher coverage
[1; 8; 25]. Motivated by the limited test validity and cov-
erage observed for the local model in RQ1-RQ3, RQ4 in-
vestigates whether these limitations are primarily caused by
model capability. We therefore provide an exploratory com-
parison between the local Qwen2.5-Coder-7B model and a
stronger cloud-hosted model, DeepSeek V4 Flash via Open-
Router. DeepSeek V4 Flash is a mixture-of-experts model
with 13 billion activated parameters and a 1 million-token
context window [18]. The experiment used the same 34 li-
braries and 350 CUTs as RQ1 and RQ2, with two repair at-



Ins
tru

cti
on

Bran
ch Lin

e

Com
ple

xit
y

Meth
od

Clas
s

0

20

40

60

80

100
Co

ve
ra

ge
 (%

)

29.0

14.8

28.1
23.3

34.4

50.0

75.5
67.7

80.5
73.2

85.5

96.5

64.3
54.8

68.2
60.9

72.4

92.8
Qwen 2.5-Coder-7B
Deepseek V4 Flash
EvoSuite

Figure 6: Median coverage achieved by the proposed pipeline us-
ing Qwen2.5-Coder-7B and DeepSeek V4 Flash with two repair at-
tempts, with EvoSuite included as a baseline, across the 34 sample
libraries.

Table 4: Validity and computational cost of the proposed pipeline us-
ing Qwen2.5-Coder-7B and DeepSeek V4 Flash across 34 libraries
and 350 CUTs, with two repair attempts

Metric Qwen2.5 DeepSeek

Test validity
Compiled test classes 197 313
Compilation success rate 56.29% 89.43%
Executed test methods 1043 5245
Passed method rate 78.24% 98.47%

Computational cost per class under test
LLM calls/class 2.34 1.85
Tokens/class 6778.97 11825.39
LLM generation time/class (s) 47.26 67.39
Pipeline runtime/class (s) 62.27 83.50

tempts applied in both settings. Figure 6 and Table 4 present
the resulting comparisons in terms of coverage, validity, and
computational cost.

Figure 6 shows that DeepSeek V4 Flash substantially out-
performs Qwen2.5-Coder-7B across all coverage metrics,
with the largest gains in line coverage (80.5% vs. 28.1%)
and branch coverage (67.7% vs. 14.8%). Notably, DeepSeek
also surpasses the EvoSuite baseline in coverage, improving
median line and branch coverage by 12.3 and 12.9 percentage
points, respectively.

Table 4 further highlights improvements in test validity and
complexity. DeepSeek generates a much higher proportion of
compilable test classes (89.43% vs. 56.29%) and produces
over five times more test methods than Qwen2.5. This cor-
responds to 16.76 executed methods per class for DeepSeek,
compared with 5.29 for Qwen2.5. Combined with a substan-
tially higher test passing rate (98.47% vs. 78.24%), these re-
sults indicate that DeepSeek produces larger test suites with
more valid and passing tests.

Regarding cost, DeepSeek requires fewer LLM calls per
class than Qwen2.5, indicating that it more often produces
valid outputs within fewer repair attempts. However, the
gains in test quality come at the cost of 1.74× more tokens
and 1.43× longer LLM generation time.

5 Discussion
In this section, we discuss the research and practical implica-
tions of our findings regarding test validity, repair strategies,
and model capability in LLM-based test generation.

Compilation Failures as the Primary Limitation
A key contribution of our work is identifying test validity
as a primary limitation for LLM-based test generation on
released libraries. Results of RQ1 and RQ2 suggest that
coverage loss was mainly caused by compilation failures
rather than an inability to generate potentially useful tests.
In particular, unresolved symbols remained the most com-
mon compilation failure even when API context was pro-
vided in the prompt. This indicates that smaller models strug-
gle to reliably ground generated code in the available API
information and instead hallucinate non-existent types and
methods. Prior work also reported symbol resolution errors
as the primary cause of invalid tests created by LLMs [25;
29], and our results demonstrate that the problem persists in
a realistic library setting. Therefore, future research should
investigate techniques to improve test validity and API un-
derstanding, as reducing compilation failures appears to be
the most effective way to achieve higher coverage.

The prevalence of compilation failures also motivates fu-
ture work to use method-level test generation, as explored
by SymPrompt [22] and AthenaTest [27], where individual
methods are generated and repaired independently rather than
producing a complete test class in a single step. Although this
approach increases the number of LLM calls and associated
costs [1], it may reduce the impact of individual test errors
and improve overall test validity.

Benefits and Limits of Iterative Repair
Our findings in RQ3 provide preliminary evidence that itera-
tive repair is effective but exhibits diminishing returns. Cov-
erage and compilation success improve substantially from
zero to two repair attempts, while a third repair increases
computational cost but reduces coverage slightly. This
demonstrates that more repair iterations are not always bene-
ficial in automated testing pipelines. In particular, two repair
attempts provided the best balance between effectiveness and
cost, suggesting that future frameworks should use adaptive
repair strategies rather than fixed repair budgets, for example
by stopping when no improvement in compilation or cover-
age is observed between iterations to minimise computational
cost.

Regarding practical implications, the results suggest that
iterative repair should be a standard component of produc-
tion LLM-based testing systems, as even a single repair step
substantially improves the proportion of executable tests and
overall coverage. However, the benefits decrease quickly af-
ter one iteration, indicating that repair mechanisms should be
treated as a lightweight enhancement rather than the primary
strategy for ensuring test quality in open-source library set-
tings. This is because repair primarily addresses syntax and
compilation errors, while deeper limitations in API under-
standing and behavioural reasoning remain unresolved. Con-
sequently, practical deployment should combine automated



execution and error feedback with structural improvements
to test generation, such as method-level generation for more
fine-grained error handling, alongside the use of stronger
models with improved API grounding capabilities.

Model Capability Strongly Determines Test Quality
RQ4’s results indicate that LLM-based test generation
is strongly dependent on model capability. The local
Qwen2.5-Coder-7B model, with a 6000-token context win-
dow, achieved only 28.1% and 14.8% median line and branch
coverage, and in some cases refused to follow instructions
on more complex classes, responding with ”I’m sorry, but I
can’t assist with that request.”. These failures suggest that in-
creased task difficulty can cause smaller models to fail to fol-
low instructions, leading to incomplete test generation. Over-
all, model capability affects not only coverage but also the
reliability in task completion. This observation is consistent
with Abdullin et al., who found that 4–8k context sizes are
insufficient for real-world applications [1]. In contrast, the
stronger DeepSeek V4 Flash model substantially improved
compilation success, while also exceeding EvoSuite in cover-
age.

This opens directions for future research to study how
model size, context length, and prompting strategies each
contribute to performance, and whether smaller models can
close the gap through techniques such as retrieval augmenta-
tion or method-level generation. It also shows the trade-off
between cost and effectiveness when comparing SBST meth-
ods with more capable LLMs, especially in large-scale testing
scenarios, where strong models require significant financial
cost for token usage but can achieve higher coverage.

From a practical perspective, the results indicate that mod-
ern highly capable LLMs can already serve as viable alter-
natives or complements to SBST tools such as EvoSuite, es-
pecially in dependency validation workflows where readable
and maintainable tests are important. However, the weaker
performance of the local LLM suggests that smaller open-
source models are not yet reliable enough for fully auto-
mated use without additional support. Moreover, a promis-
ing direction is combining LLMs with EvoSuite, as the two
approaches offer complementary strengths. LLMs tend to
produce readable, semantically meaningful tests while Evo-
Suite systematically maximises structural coverage, poten-
tially achieving stronger overall test suites.

Threats to Validity
Several factors may affect the validity of our results.

Construct validity. Our study uses code coverage to mea-
sure test effectiveness. While coverage indicates how much
code is exercised, it does not capture fault detection capability
or assertion quality. Thus, coverage may not fully reflect the
practical effectiveness of the generated test suites. To mit-
igate this, we additionally report runtime success rates and
assertion failure rates, which provide complementary signals
about test correctness beyond structural coverage.

External validity. We ran the experiments on a sample of
34 libraries, each with a relatively small number of classes.
Although the libraries represent real Maven artifacts, the re-
sults may not generalise to larger libraries with more complex

dependency structures, broader APIs, or different application
domains. To partially mitigate this threat, the sample dataset
includes libraries from different domains and varying num-
bers of classes, allowing us to capture a range of real-world
usage scenarios.

Model validity. Using two LLMs (one local and one
cloud-hosted) enabled a useful comparison of how model ca-
pability affects test generation effectiveness. However, the
findings may not generalise to other models with different
training data, reasoning capabilities, or context sizes.

6 Responsible Research
Reproducibility and data availability. To support repro-
ducibility, the sample datasets, source code, prompt tem-
plates, complete experimental results, and execution instruc-
tions are publicly available on Zenodo at https://doi.org/10.
5281/zenodo.20718478. We set temperature and random
seeds for both LLMs to improve determinism across runs,
although exact reproducibility cannot be guaranteed for the
cloud-hosted model due to its reliance on external providers.
The dataset consists of 34 libraries from Maven Central se-
lected to represent a range of domains and project sizes; how-
ever, we acknowledge that this selection may introduce bias
towards simpler and smaller libraries and may not fully cap-
ture the diversity of all Java libraries.

Ethical and safety considerations. The study uses pub-
licly available open-source library artifacts from Maven Cen-
tral and does not involve human participants or proprietary
data. Executing LLM-generated tests introduces risks such
as unintended file operations, network access, and non-
terminating execution. These risks are mitigated through
prompt constraints and execution timeouts, but future use of
the pipeline should employ isolated or sandboxed environ-
ments to further reduce potential safety issues.

Computational cost and environmental impact. LLM-
based test generation incurs considerable computational cost
due to repeated model calls, iterative repair, and test execu-
tion. In particular, the stronger cloud-hosted model signif-
icantly increases token usage and runtime compared to the
local model. While we do not explicitly optimise for energy
efficiency, we report detailed computational cost metrics to
support future research on more sustainable and cost-effective
LLM-based testing approaches.

Use of LLMs. LLMs such as Codex and ChatGPT were
used to support pipeline implementation, debugging, and
code review. All generated code was manually reviewed and
modified where necessary before use. The final responsibil-
ity for the experimental design, implementation, and reported
results remains with the author.

7 Conclusion
While LLM-based test generation has been widely studied,
most existing evaluations focus on benchmark datasets rather
than released libraries that developers typically work with.
This study investigates whether LLMs can effectively gen-
erate tests for real-world Java libraries from Maven Central
to support dependency update validation, where reliable tests
are often missing or incomplete. We propose an automated

https://doi.org/10.5281/zenodo.20718478
https://doi.org/10.5281/zenodo.20718478


pipeline that extracts source code and API context of focal
classes, generates unit tests using LLMs, and applies valida-
tion and iterative repair.

Our results show that the local model underperformed Evo-
Suite due to frequent compilation failures, mainly due to un-
resolved symbols. Although iterative repair improved valid-
ity and coverage, its benefits diminished after two iterations
and could not fully address API understanding limitations. In
contrast, a more capable cloud-hosted model achieved sub-
stantially higher coverage, even surpassing EvoSuite.

Overall, our findings indicate that while LLM-based test
generation is promising for supporting the validation of real-
world Java libraries, its effectiveness strongly depends on
model capability and the ability to reliably ground outputs
in library APIs. Iterative repair is an effective strategy for im-
proving test quality and should be incorporated into produc-
tion LLM-based testing systems. This study motivates future
work on method-level test generation to better isolate errors
and reduce the impact of compilation failures, as well as on
integrating LLMs with EvoSuite to leverage the strengths of
both approaches.
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