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LLM-driven insights with GA operators such as greedy selection, LLM-guided crossover, and semantic-
driven mutation. Multi-strategy test repair with hierarchical criteria progressively resolves syntactic and
semantic errors, improving both correctness and robustness. On the Defects4J benchmark as well as four Java
projects adopted from the experimental setup of ChatUniTest, LegaTest achieves 66.95% line, 54.37% branch,
and 74.16% method coverage with 93.3% generation success and 18.7% semantically meaningful assertions,
outperforming existing tools by up to 34.7% in coverage, 59.6% in generation success, and 16.5% in assertions,
while maintaining concise test suites.
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1 Introduction
As software systems continue to grow in complexity, ensuring quality through effective testing
becomes increasingly critical [75]. Among various quality assurance practices, unit testing plays
a foundational role by enabling early detection and localization of defects [47]. However, manu-
ally writing high-quality unit tests remains labor-intensive and error-prone, requiring deep code
understanding and significant domain expertise [67]. To reduce this burden, automated unit test
generation has attracted growing attention.
Early automated test generation tools, such as EvoSuite [17] and Randoop [48], exemplify

traditional approaches that employ a variety of software analysis techniques. These include search-
based strategies [17], random test generation [48], model checking [15, 20], and symbolic execution
[51], all of which are designed to systematically generate unit tests that achieve high code coverage
and strong mutation scores.

More recently, Large Language Models (LLMs) have been widely applied to automated test gener-
ation. Early seq2seq-based models, such as AthenaTest [67] and A3Test [1], generate tests directly
from code representations and apply lightweight post-processing to improve syntactic correctness.
Building on this foundation, a variety of prompt-driven and refinement-based approaches, includ-
ing ChatTester [78], ChatUniTest [9], TestPilot [58], CoverUp [3], TestART [21], HITS [70], and
SymPrompt [55], exploit structured prompts, iterative validation and repair, coverage feedback, and
symbolic reasoning to produce semantically meaningful and executable test cases. Together, these
methods highlight the potential of LLMs to generate tests with descriptive names, structured inputs,
and richer assertions, while effectively incorporating both syntactic and semantic information from
the code and its documentation.

Building on the capabilities of LLM-centric approaches, recent hybrid methods further integrate
LLMs with search-based software testing (SBST) techniques to leverage the strengths of both
paradigms. For instance, CodaMosa [33] combines LLM guidance with search heuristics to prioritize
unexplored code regions and optimize coverage, while UTGen [12] generates a high-coverage
baseline suite using EvoSuite and subsequently refines it with LLM-based transformations, including
rewriting test data, renaming variables, adding comments, and producing descriptive method names,
resulting in test cases that are both semantically meaningful and maintainable.
Despite the advances of both traditional and LLM-based approaches, existing automated test

generation tools still face fundamental limitations:
Limitation 1 – Test validity and executability. Existing tools often fail to produce compilable

and executable tests for complex Java projects. Traditional search-based methods struggle with
bytecode instrumentation for deeply nested builders, lambdas, or large methods, while generics,
abstract classes, or complex constructors can block compilation [55, 73]. LLM-based approaches
frequently lack precise reasoning about class hierarchies, field initialization, generic bounds, and
constructor dependencies, leading to syntactically invalid or semantically fragile tests [1, 4, 69, 70].
Consequently, large portions of code remain without runnable tests. For example, in our evaluation,
the search-based tool EvoSuite successfully generated tests for only 33.75% of classes, while the
LLM-based ChatUniTest succeeded on just 37.97% of classes.

Limitation 2 – Low coverage and inadequate exploration. Even when tests are executable,
traditional search-based tools often explore only shallow paths due to local heuristics and premature
convergence, generating redundant or overly simplistic test cases that cover limited branches. LLM-
based methods, while leveraging semantic understanding, generally lack systematic exploration
mechanisms and global path reasoning; they tend to generate tests along straightforward or
“obvious” code paths and may miss complex control-flow conditions, deeply nested branches, or
rare edge cases [1, 4, 69, 70]. Consequently, neither approach alone achieves sufficient coverage
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for complex, real-world systems, limiting the effectiveness of automated testing [8, 21, 57]. For
example, in our experiments across 403 benchmark classes, state-of-the-art LLM-based tools[9]
achieve only about 38.31% line coverage, 29.65% branch coverage, and 39.50% method coverage on
average, while traditional search-based tools EvoSuite reach around 58.66%, 53.41%, and 61.27%,
respectively, highlighting the substantial portion of program behaviors that remain untested.
Limitation 3 – Lack of iterative semantic optimization. Existing test generation methods

generally lack systematic feedback mechanisms that refine tests based on semantic correctness.
Traditional search-based approaches focus on structural coveragemetrics and provide little guidance
on program semantics, state-dependent behaviors, or protocol compliance. LLM-driven approaches
can perform multiple rounds of generation, validation, or repair, yet these iterations are typically
local, focusing on refining individual test cases rather than coordinating exploration across the
entire input space. As a result, existing tools rarely integrate global search, semantic reasoning,
and adaptive refinement into a unified process, limiting their ability to generate test suites that are
simultaneously high-coverage, semantically coherent, and robust across complex software systems
[55, 71, 73].
Limitation 4 – Weak assertion quality and limited semantic validation. Existing auto-

mated test generation methods struggle to produce assertions that go beyond superficial correctness
checks. Traditional search-based tools often generate trivial or generic assertions (e.g., constant
comparisons or assertTrue(true)), which provide little semantic value and fail to validate pro-
gram behaviors beyond structural coverage. While LLM-based approaches can generate more
natural and meaningful assertions, they frequently lack systematic grounding in program states
or domain-specific semantics. As a result, they may overfit to syntactic patterns, omit critical
property validations, or introduce fragile checks that do not generalize across inputs [30, 74, 80].
Consequently, the generated test suites tend to miss deeper behavioral guarantees, leading to
limited fault-detection capability and reduced confidence in software correctness.
While recent hybrid approaches such as CodaMosa [33] and UTGen [12] attempt to combine

search-based exploration with LLM-guided generation, they still inherit most of the above limita-
tions rather than resolving them. Specifically, CodaMosa invokes LLMs only when search stagnates
but provides no iterative repair: tests that fail due to type errors or semantic mismatches are simply
discarded instead of being fixed. Moreover, because CodaMosa does not encode type information
into prompts, the LLM often guesses parameter behavior from superficial cues (e.g., method names),
resulting in semantically inconsistent tests, runtime failures, or fragile assertions. UTGen, in turn,
is constrained by its reliance on EvoSuite: issues such as inability to handle complex constructors or
user-defined types persist, and the LLM’s refinements may inadvertently alter inputs or execution
paths, sometimes lowering coverage compared to raw EvoSuite output. For classes with many
parameters or tight coupling, UTGen struggles to enhance semantic validity, and its readability
improvements frequently come at the cost of redundant or overly generic comments that add little
to assertion quality.

To address the limitations of existing test generation tools, we propose LegaTest, a closed-loop
framework that tightly integrates a Genetic Algorithm with LLM guidance. Test generation is for-
mulated as an optimization problem: Genetic algorithm explores the search space efficiently, while
the LLM provides semantic reasoning to guide crossover and context-aware mutation, ensuring
structural validity and meaningful variations. Specifically, LegaTest generates initial tests via LLM
using a structured prompt framework that incorporates comprehensive information about class
hierarchies, constructors, field initialization, and domain-specific semantics. This rich contextual
guidance enables the generation of deep, semantically meaningful assertions. The initial tests are
then refined through a Generation–Repair–Optimization loop. Within this loop, iterative evolution
module drives population-based exploration to maintain diversity and quality, while repair module
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systematically corrects invalid tests using template-based heuristics and LLM-assisted strategies,
ensuring semantic correctness and executability throughout the iterative process.

We first evaluate the initial version of our tool on the widely used Defects4J [28] as well as four
Java projects adopted from the experimental setup of ChatUniTest [9], covering 403 complex public
classes. Experimental results show that our approach consistently outperforms state-of-the-art
baselines, including EvoSuite [17] and ChatUniTest [9]. On average, our method achieves 66.95% line
coverage, 54.37% branch coverage, and 74.16% method coverage, compared to 58.66%/53.41%/61.27%
for EvoSuite and 38.31%/29.65%/39.50% for ChatUniTest. In terms of generation success, runnable
tests are produced for 376 out of 403 classes (93.3%), whereas EvoSuite and ChatUniTest succeed
on only 136(33.75%) and 153(37.97%) classes, respectively. Even when executed, the tests remain
highly robust: 91.52% of our generated tests run successfully, which is close to EvoSuite’s 99.29%
and far higher than ChatUniTest. Moreover, our approach generates 16.5% and 3.2% more tests
with complex, semantically meaningful assertions than EvoSuite and ChatUniTest, while still
maintaining much smaller and more concise test suites.

To further demonstrate the effectiveness of our full framework, we additionally conduct experi-
ments on a selected subset of 100 classes, where we apply an iterative optimization strategy. This
extended evaluation complements the benchmark-wide comparison by showing the full potential
of our tool when optimization is incorporated. On this subset of 100 classes, the optimized version
of our tool substantially improves coverage under both LLM backends. With DeepSeek, average
line, branch, and method coverage increase from 62.11%→ 79.91%, 49.38%→ 67.75%, and 70.61%
→ 86.11%, respectively, while the average test suite size grows from 13.87 to 26.52. With GPT, the
corresponding improvements are from 73.21%→ 84.05% (line), 62.74%→ 72.90% (branch), and 79.2%
→ 89.82% (method), with test suite size increasing from 16.15 to 20.98. In comparison, EvoSuite
achieves 74.01% line, 68.93% branch, and 78.46% method coverage with an average of 24.69 test
cases. ChatUniTest reaches 47.89%/31.82% line, 41.53%/29.22% branch, and 48.27%/32.22% method
coverage, with 29.26 and 27.53 tests on average for DeepSeek and GPT, respectively. UTGen achieves
33.03%/41.51% line, 29.52%/36.41% branch, and 39.43%/47.73% method coverage, with 13.26 and
9.17 tests on average. Overall, the iterative optimization consistently improves coverage over the
initial version and outperforms these existing tools across both LLM backends, while maintaining
compact and practical test suites.
Overall, our method achieves broad generation applicability, markedly higher coverage, and

strong execution reliability, while producing more semantically meaningful assertions with superior
readability and maintainability.

This paper makes the following key contributions:

• We introduce LegaTest, an approach that combines a genetic algorithm with LLM guidance to
generate high-coverage, semantically meaningful, and structurally valid unit tests.
• We propose a structured prompt framework that leverages global behavioral rules and class-
specific contextual information to generate highly executable tests for complex classes while
producing deep, semantically meaningful assertions, improving syntactic correctness, semantic
validity, and overall test expressiveness, providing a robust foundation for subsequent iterative
refinement and broadening the applicability of LLM-based test generation to real-world Java
projects.
• We evaluate our approach on 403 classes from Defects4J as well as four Java projects adopted
from the experimental setup of ChatUniTest and demonstrate substantial improvements in
branch coverage, assertion quality, and maintainability compared to existing search-based and
LLM-based methods.
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Due to space limitations, the tool source code, additional experimental results, and concrete
examples are provided in [46].

2 Background
Genetic Algorithms: Swarm intelligence (SI) algorithms are bio-inspired, population-based opti-
mization methods that leverage the collective behaviors of decentralized agents to achieve global
optimization [7, 66, 72]. Unlike gradient-based methods, SI algorithms do not require continuity
or differentiability of the objective function, which makes them well-suited for high-dimensional,
nonlinear, and constrained problems [37, 38]. Among SI-inspired methods, Genetic Algorithms
(GAs) were first proposed by Holland in the 1970s [25], inspired by Darwin’s theory of natural
selection and the mechanisms of classical genetics. GAs simulate the evolutionary process by
maintaining a population of candidate solutions encoded as chromosomes, which evolve over
generations through biologically inspired operators such as selection, crossover, and mutation
[29, 32, 54]. Formally, given a search space Ω and an objective function 𝑓 : Ω → R, GA maintains a
population 𝑃𝑡 = {𝑐𝑡1, 𝑐𝑡2, . . . , 𝑐𝑡𝑁 } at generation 𝑡 . The evolutionary cycle can be abstracted as:

𝑃𝑡+1 =M
(
C(S(𝑃𝑡 , 𝑓 ))

)
, (1)

where S denotes selection of parents according to fitness 𝑓 (𝑐𝑡𝑖 ), C performs crossover to recombine
them, andM applies mutation to maintain diversity.
Applications of Genetic Algorithms in Software Engineering: Genetic Algorithms (GAs)

are population-based, bio-inspired optimization techniques widely used in software engineering [6].
Many tools leverage basic evolutionary operators—selection, crossover, and mutation—to explore
complex search spaces. GAs have been applied to automated unit test generation, fuzzing input
synthesis, API driver creation and Prompt optimization [13, 14, 35, 60]. Representative examples
include EvoSuite [17], which generates JUnit test suites for Java programs, and GA-based fuzzing
tools that evolve inputs to exercise different program behaviors. Through iterative evolutionary
operations, GAs can produce diverse, structurally valid inputs, improving the effectiveness of
automated testing [26].

Engineering Significance of JUnit5: JUnit5’s modular design (Platform, Jupiter, Vintage) offers
greater flexibility than JUnit4, supporting dynamic tests [19, 62], parameterized execution, and
extensibility through annotations like @ExtendWith [22, 24]. It integrates well with modern Java
frameworks (e.g., Spring), improves readability via AssertJ, and supports features like nested tests
and concurrent execution. These capabilities make JUnit5 especially suited for complex testing
scenarios in modern CI/CD pipelines [53] and microservice environments [77].

3 Methodology
To address the limitations of existing test generation techniques, we propose LegaTest, an Orches-
trated Framework for Automated Unit Test Generation via LLM and Genetic Algorithm Fusion.
This framework integrates the natural language understanding capabilities of LLMs with the global
search and local optimization strengths of Genetic Algorithms. Through a synergistic design,
LegaTest orchestrates the full lifecycle of test generation, from initial generation to repair and
iterative optimization. The overall workflow of the framework is illustrated in Figure 1.

3.1 Initial Test Generation
Although LLM-generated tests often provide high readability and reduce manual effort [21], many
fail to compile or execute in complex, real-world systems due to hallucinations [27, 81] and insuffi-
cient semantic grounding. Moreover, existing LLM-based approaches frequently target individual
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Fig. 1. The overall workflow of LegaTest

Table 1. Prompt Specifications for JUnit 5 Test Generation

(a) System Prompt Specifications

Category Requirement Description
Core Test Genera-
tion Rules

Write full Java test class, JUnit 5 annota-
tions, test only public methods, include
edge cases, follow naming convention,
each with clear assertions.

Most Critical Rule ONLY test public methods; NEVER pri-
vate/protected or reflection.

Test Uniqueness Each suite must be unique, follow focus,
no reuse of methods/scenarios/asserts.

Package/Class Dec-
laration

Use exact package of CUT, never
org.example, correct package declara-
tion.

Annotation Usage Annotations before methods, @Test al-
ways, @BeforeEach for setup.

Code Quality Readable, independent tests, comments
if needed, proper formatting.

Access Control Forbidden: private access/reflection. Al-
lowed: via public API only.

Public API Usage Respect signatures, only use given public
methods/fields.

Output Format Only Java code, start with package, in-
clude imports + test class.

(b) User Prompt Specifications

Prompt Section Description
CLASS INFORMATION Metadata: package, name, Java

version, imports.
METHODS SECTION Public methods with optional

call relations.
METHOD CALL
HIERARCHY

Relationships for indirect cover-
age.

FIELD USAGE Fields with access and visibility.
DEPENDENCIES Inheritance, interfaces, instanti-

ations.
VARIABLE INFORMATION Tracks variables and modifica-

tions.
CONSTRUCTOR DEPS Constructor signatures and init

usage.
TESTING SCOPE Strict: public APIs only, no re-

flection.
TEST FOCUS Strategy (e.g., boundary, happy

path).
CODE Full Java CUT implementation.
TEST GUIDELINES High-level test writing rules.
OUTPUT INSTRUCTIONS Expected output: complete JU-

nit 5 test class.

methods in isolation, overlooking class-level semantics, object states, and inter-method dependen-
cies. This results in limited test diversity and reduced industrial applicability. To overcome these
limitations, we design a structured prompt framework that integrates static analysis-derived seman-
tic contexts with globally enforced rules, explicitly emphasizing readability, maintainability, and
expressive assertions to ensure that generated tests are both practical and semantically meaningful.
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To enhance reliability and semantic correctness, we incorporate both global rules and code-
specific contextual information into the prompt. As shown in Table 1a, the System Prompt defines
overarching behavioral and structural requirements, such as Core Test Generation Rules, Annotation
Usage, and Public API Usage, which apply uniformly across all generated tests. Complementarily, as
listed in Table 1b, the User Prompt provides class-specific semantic details extracted through static
analysis, including CLASS INFORMATION, METHOD CALL HIERARCHY, and DEPENDENCIES.
By combining these two components, the prompt embeds both general principles and fine-grained
semantics, enabling the generation of executable and type-correct tests even for complex cases such
as abstract classes instantiated via subclasses, generics, nested builders, or lambda expressions.

To further improve the diversity and rigor of generated tests, we integrate the Test Focus Control
mechanism into the prompt design. This mechanism systematically directs the exploration of
multiple testing strategies to achieve broader and more fine-grained coverage. Specifically, Test
Focus Control (i.e. TEST FOCUS in Table 1b) distinguishes different testing emphases for each class
under test. Among these, the first group of five strategies is explicitly aligned with well-defined
focus methods (e.g., boundary value analysis, exception path validation, dependency injection
coverage, and state transition testing), ensuring targeted coverage. In contrast, the latter five
strategies encourage large language models to autonomously explore potential scenarios, thereby
fostering creativity and uncovering unanticipated cases. The integration of these complementary
strategies within the prompt establishes a rich foundation for subsequent crossover operations and
increases coverage of complex and rare behaviors.

To prioritize meaningful and well-targeted test suites, we incorporate semantic summarization
and method complexity analysis before test generation. Functional intent is inferred from class
names, annotations, and identifier semantics, with naming conventions employed as a fallback when
documentation is unavailable. Method complexity is evaluated through visibility, logic density, and
parameter usage, which provides a principled basis for prioritization. This high-level understanding
is then encoded into the User Prompt to guide context-aware test generation.

To ensure readability and maintainability, the prompt enforces explicit coding conventions and
structured test patterns. Each test method adopts a Behavior-Driven Development (BDD)–style
@DisplayName, where the naming format Verify [functionality] should [expected result]
when [condition] expresses the intended behavior in a human-readable manner. This BDD-style
convention makes tests easier to understand by clearly linking functionality, expectation, and
context. Test bodies adhere to the Arrange–Act–Assert (AAA) pattern, maintaining separation
across its three phases. Test classes inherit the original package structure, ensuring seamless
integration into Maven-based projects.

Finally, to strengthen assertion generation, the prompt directs the framework to perform assertion
completion. Beyond shallow existence or equality checks, it synthesizes semantic-aware, boundary-
driven, and behavior-oriented assertions. By leveraging static analysis and semantic information
from the User Prompt, the framework incorporates method signatures, call chains, field usage,
constructor dependencies, and edge cases or constants (e.g., Long.MIN_VALUE, Double.NaN, multi-
dimensional arrays) into deep assertions that validate both object behavior and business constraints.
Compared with prior approaches, this design yields more precise, expressive, and executable
postconditions, thereby increasing both robustness and real-world utility of the generated tests.

All information within the prompt is either pre-defined or automatically collected by LegaTest.
Concrete examples illustrating the prompt construction are presented on the project website [46].

3.2 Unit Test Repair
In test generation systems, the compilability and executability of test classes are crucial metrics
for quality assessment. To ensure these properties, we propose a test repair mechanism based on
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a multi-strategy approach with hierarchical success criteria and phased strategy coordination. It
systematically repairs failed test classes at both structural and semantic levels, ensuring syntactic
correctness and behavioral consistency.
The repair pipeline follows four phases with gradually relaxed success criteria to maximize

recovery of usable tests while maintaining suite quality. In the first phase, all generated tests are
executed, and those that compile and pass are accepted immediately. In the second phase, common
build errors such as import conflicts or duplicate definitions are addressed through conservative
rule-based repair using predefined templates. If rule-based fixes fail, the third phase invokes LLM-
based semantic repair, where compilation logs are leveraged to guide the LLM in performing
targeted repairs with up to two attempts, focusing on salvaging syntactically valid classes. Finally,
the fourth phase discards tests that remain uncompilable, preventing noise from degrading the
overall suite.
The key innovation of our approach lies in its Error Extraction and Categorization Mechanism,

which enhances repair accuracy by supplying LLMs with structured and semantically filtered
diagnostic context rather than raw logs. The compilation logs are first normalized into standard-
ized error objects, each mapped to fine-grained categories such as missing symbols, constructor
mismatches, unresolved classes or packages, access violations, type errors, or test failures. These
categories are hierarchically abstracted into two diagnostic classes—compilation errors and test

failures—which drive distinct repair strategies.
For test failures, assertion traces provide sufficient semantic cues and are used directly. For

compilation errors, contextual analysis is performed: self-contained categories like missing imports
or duplicate methods are handled without source augmentation, while more complex cases undergo
selective source snippet extraction. To ensure token efficiency, a value assessment filters snippets
by length, relevance, and code density; only valuable fragments are retained. Depending on error
semantics, the mechanism extracts relevant members, reconstructs class signatures, or preserves
method headers, while abstracting away method bodies to reduce noise. Extracted errors are then
serialized into structured repair prompts that include canonical diagnostic headers, concise error
descriptions, and dynamically injected repair strategies. For example:

Compilation Error:
- Missing import: 'X'
- Syntax issue: incompatible types (String → int)
- API issue: cannot find method 'someMethod'

Test Failure:
- Method someTest: expected <A> but was <B>

This end-to-end mechanism achieves a principled balance between diagnostic precision and
token efficiency: it suppresses redundant verbosity while preserving semantically critical cues,
thereby enabling LLMs to perform targeted, interpretable, and robust program repair. Unlike
prior approaches that rely solely on raw error logs or undifferentiated prompting, our mechanism
explicitly categorizes errors and selectively integrates source context, improving both repair hit
rate and reliability.

3.3 Iterative Test Evolution
The Iterative Optimization employs evolutionary strategies—selection, crossover, and mutation—to
progressively refine the test suite, aiming to improve coverage and quality. The workflow of
the Iterative Evolution is outlined in Algorithm 1. Each generation begins with an evaluation
against predefined termination conditions. The optimization process terminates upon reaching the
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Algorithm 1 Iterative Evolution for Test Suite Refinement
1: Input: 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒init: Initial test suite,𝑚𝑎𝑥𝐺𝑒𝑛: Maximum generations, 𝑁 : Population size
2: Output: 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒opt: Optimized test suite
3: 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒 ← 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒init
4: 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ← 1
5: while True do
6: EvaluateFitnessAndCoverage(𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒)
7: if 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ≥ 𝑚𝑎𝑥𝐺𝑒𝑛 or (BranchCoverage ≥ 0.98 andMethodCoverage ≥ 0.98) then
8: break
9: end if
10: (𝑝𝑎𝑟𝑒𝑛𝑡1, 𝑝𝑎𝑟𝑒𝑛𝑡2) ← SelectMostDiverse(𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒)
11: 𝑜 𝑓 𝑓 𝑠𝑝𝑟𝑖𝑛𝑔← Crossover(𝑝𝑎𝑟𝑒𝑛𝑡1, 𝑝𝑎𝑟𝑒𝑛𝑡2, hybrid_prompting)
12: for 𝑖 ← 1 to Length(𝑜 𝑓 𝑓 𝑠𝑝𝑟𝑖𝑛𝑔) do
13: if BranchCoverage < 0.95 then
14: 𝑟𝑎𝑡𝑒 ← 𝐵𝑎𝑠𝑒𝑀𝑢𝑡𝑎𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒 ×MutationFactor(𝑜 𝑓 𝑓 𝑠𝑝𝑟𝑖𝑛𝑔[𝑖] .𝑓 𝑖𝑡𝑛𝑒𝑠𝑠)
15: if Random(0, 1) < 𝑟𝑎𝑡𝑒 then
16: 𝑜 𝑓 𝑓 𝑠𝑝𝑟𝑖𝑛𝑔[𝑖] ← Mutate(𝑜 𝑓 𝑓 𝑠𝑝𝑟𝑖𝑛𝑔[𝑖], hybrid_prompting)
17: end if
18: end if
19: end for
20: 𝑏𝑒𝑠𝑡 ← GetBestIndividual(𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒)
21: if BranchCoverage < 0.95 then
22: 𝑒𝑙𝑖𝑡𝑒_𝑚𝑢𝑡𝑎𝑡𝑒𝑑 ← Mutate(𝑏𝑒𝑠𝑡, hybrid_prompting)
23: 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒 ← 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒 ∪ 𝑜 𝑓 𝑓 𝑠𝑝𝑟𝑖𝑛𝑔 ∪ {𝑒𝑙𝑖𝑡𝑒_𝑚𝑢𝑡𝑎𝑡𝑒𝑑}
24: else
25: 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒 ← 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒 ∪ 𝑜 𝑓 𝑓 𝑠𝑝𝑟𝑖𝑛𝑔
26: end if
27: EvaluateFitnessAndCoverage(𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒)
28: 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒 ← SelectTopN(𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒, 𝑁 )
29: 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ← 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 + 1
30: end while
31: return 𝑇𝑒𝑠𝑡𝑆𝑢𝑖𝑡𝑒

maximum number of generations, a parameter that can be adjusted to meet different experimental
objectives. Otherwise, the algorithm proceeds to the next iteration. In each iteration, the two most
diverse tests are selected as parents to maximize variety, and crossover and mutation are guided by
LLM to generate new candidates. Among all candidates, individuals are ranked according to their
fitness values, and the top-N tests are retained for subsequent cycles. This fitness-driven elitist
preservation retains only the best candidates, steering evolution toward semantically valid and
coverage-optimized test suites.

3.3.1 Fitness Definition. In evolutionary test generation, the fitness function serves as a quantitative
measure of the quality of each individual test suite, determining which candidates are retained
for subsequent iterations and thereby driving the selection of high-quality tests for ongoing
optimization.
To effectively guide this selection process, the fitness function is designed as a multi-objective

[83] evaluator that prioritizes coverage while incorporating failure rate and execution time as
auxiliary constraints. Unlike single-objective schemes [52], this design encourages the generation
of test suites that not only achieve high coverage but also maintain reliability and efficiency, better
aligning with the practical demands of automated testing in real-world scenarios. The fitness score
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is computed as:
Fitness(𝑖) = max

(
0,𝐶 (𝑖) + 𝐵(𝑖) − 𝑃𝑓 (𝑖) − 𝑃𝑡 (𝑖)

)
(2)

Here, 𝐶 (𝑖) denotes the base coverage score for individual 𝑖 , calculated as a weighted sum of line
(𝐶𝑙 (𝑖)), branch (𝐶𝑏 (𝑖)), and method (𝐶𝑚 (𝑖)) coverage:

𝐶 (𝑖) = 𝛼𝑙 ·𝐶𝑙 (𝑖) + 𝛼𝑏 ·𝐶𝑏 (𝑖) + 𝛼𝑚 ·𝐶𝑚 (𝑖) (3)

By default: 𝛼𝑙 = 0.5, 𝛼𝑏 = 0.4, 𝛼𝑚 = 0.1.
To reward high-quality test suites, a coverage bonus term 𝐵(𝑖) is introduced, which assigns up

to 𝛽max points for coverage levels beyond 𝛾 , with diminishing rewards for lower coverage bands.
By default: 𝛽max = 0.3, 𝛾 = 95%.
The failure penalty 𝑃𝑓 (𝑖) is defined based on the observed failure rate of test case 𝑖 and capped at

𝛿max, ensuring that unstable tests are discouraged without excessively penalizing rare failures.When
failure information is unavailable, a default penalty of 𝛿default is applied. By default: 𝛿max = 0.05,
𝛿default = 0.05. The time penalty 𝑃𝑡 (𝑖) accounts for execution cost and is computed as:

𝑃𝑡 (𝑖) = min
(
𝜏max,

𝑡 (𝑖)
𝜏scale

)
, (4)

where 𝑡 (𝑖) is the execution time of test case 𝑖 in seconds, and penalties are applied only when
𝑡 (𝑖) > 𝜏threshold. By default: 𝜏max = 0.02, 𝜏scale = 10, 𝜏threshold = 10.

This fitness formulation ensures non-negativity and balances the competing objectives of maxi-
mizing coverage while maintaining robustness and efficiency. It effectively steers the evolutionary
process toward selecting tests that are both high-coverage and practically executable.

3.3.2 LLM-Guided Crossover with Greedy Selection. In evolutionary test generation, the effective-
ness of crossover highly depends on the quality and diversity of parent test suites. Traditional
methods such as Roulette Wheel [36], Tournament [5], and Random Selection [63] often suffer
from premature convergence, reduced exploration, and lack of semantic awareness. They typically
ignore key distinctions in test suite semantics, coverage, and structural features. To address these
limitations, we propose a greedy selection strategy based on a divergence metric, which quantifies
differences between test suites in terms of semantics, method coverage, and execution paths. Instead
of random pairing, the strategy prioritizes high-divergence pairs for crossover, thereby promoting
structural diversity and complementary test behaviors. The selection process is carried out in
three stages to ensure diversity while maintaining feasibility: (1) parent pairs are initially selected
without repetition, so that each individual participates in at most one pair; (2) if the number of
available candidates is insufficient to form all pairs, some individuals may be selected multiple
times; (3) in extreme low-sample scenarios, previously selected individuals can be re-paired under
carefully controlled constraints to allow crossover to proceed.
We define the divergence between two unit tests 𝐷 (𝑎, 𝑏) as a weighted combination of three

dimensions:

𝐷 (𝑎, 𝑏) = 𝜃sem · 𝐷sem (𝑎, 𝑏) + 𝜃meth · 𝐷meth (𝑎, 𝑏) + 𝜃path · 𝐷path (𝑎, 𝑏), (5)

where:
𝐷sem: Semantic Divergence, quantifying differences in test method names and associated display

names or comments;
𝐷meth: Method Coverage Divergence, comparing the sets of methods each test covers;
𝐷path: Path Coverage Divergence, reflecting differences in the sets of entry(first) method signa-

tures of execution paths covered by each test.
By default, the weights are set to 𝜃sem = 0.4, 𝜃meth = 0.3, and 𝜃path = 0.3, ensuring a balanced

contribution from each dimension.
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Each component is computed using the Jaccard distance [31]:

𝐷sem (𝑎, 𝑏) = 1 − |𝑇𝑎 ∩𝑇𝑏 ||𝑇𝑎 ∪𝑇𝑏 |
(6)

where 𝑇𝑎 and 𝑇𝑏 are token sets extracted from method names and comments.

𝐷meth (𝑎, 𝑏) = 1 − |𝑀𝑎 ∩𝑀𝑏 |
|𝑀𝑎 ∪𝑀𝑏 |

(7)

𝐷path (𝑎, 𝑏) = 1 − |𝑃𝑎 ∩ 𝑃𝑏 ||𝑃𝑎 ∪ 𝑃𝑏 |
(8)

All divergence values are normalized to [0, 1], with 1 indicating maximal divergence and 0
indicating full similarity.
While divergence-guided selection ensures high-quality and diverse parent candidates, the

crossover operator itself remains a critical bottleneck. Traditional random crossover methods [50]
are often ineffective in practice. They struggle to ensure structural and semantic complementar-
ity, frequently resulting in redundant paths, limited coverage gains, and invalid combinations.
Additionally, faulty logic in parent tests may be inherited, generating large numbers of invalid
offspring and wasting computational resources. To overcome these limitations, we introduce an
LLM-guided crossover approach based on structural and semantic analysis. Building on the selected
high-divergence parent pairs, the crossover process leverages LLM as both a semantic interpreter
and a structural reassembler. This approach begins with multi-dimensional static analysis, extract-
ing information such as covered and uncovered methods as well as test class metadata including
imports, field declarations, and setup methods. A coverage complementarity analysis is then per-
formed to identify high-value fusion candidates by quantifying differences between parent test
suites, including methods unique to each parent and shared uncovered paths. These structured
insights are subsequently utilized to instruct the LLM to perform effective crossover. Guided by
such information, the LLM synthesizes a merged test class that integrates the most effective tests
from both parents. In addition, it generates new tests for previously uncovered methods. Together,
these steps ensure semantic coherence, structural completeness, and enhanced overall coverage.

Crossover Prompt Illustration. Listing 1 presents the core prompt used for LLM-guided crossover.
The prompt provides LLM with parent test suites, coverage information, and uncovered code
regions, and instructs it to generate new tests by merging parent test suites while maintaining
semantic correctness:
Crossover Objectives:
1. Preserve all valid tests from both parents.
2. Merge complementary test logic to improve coverage.
3. Generate new test methods to exercise uncovered code regions.
Constraints:
- Ensure semantic coherence.
- Avoid duplicating existing test logic.

Listing 1. LLM-Guided Crossover Prompt

3.3.3 Intelligent Mutation. Mutation introduces structural variations into offspring following
crossover, facilitating both exploration and convergence in evolutionary test generation. To con-
trol mutation effectively, we consider both the global mutation schedule and individual-level
adjustments.

A global, exponentially decaying mutation rate [59] is employed:

𝜇 (𝑡) = 𝜇min + (𝜇max − 𝜇min) · 𝑒−𝑘 ·𝑡 (9)
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where 𝜇max = 0.3, 𝜇min = 0.1, 𝑘 = 0.1 and 𝑡 denotes the iteration number. This schedule encourages
stronger mutations in early generations for exploration and reduced mutations in later generations
to enhance stability and facilitate convergence.

Each individual’s mutation rate is further adjusted based on its fitness. Let 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 (𝑖) denote the
fitness of individual 𝑖 , then the effective mutation rate 𝜇𝑖 is defined as:

𝜇𝑖 =


0.5 · 𝜇 (𝑡), if 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 (𝑖) ≥ 0.8,
1.2 · 𝜇 (𝑡), if 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 (𝑖) ≤ 0.3,
𝜇 (𝑡), otherwise.

(10)

Specifically, high-fitness individuals adopt reduced rates to preserve structural advantages, while
low-fitness individuals increase mutation to promote diversity. Intermediate individuals retain the
baseline rate. Notably, elite individuals are always subjected to mutation, ensuring that the most
promising solutions are refined further.

The aforementioned adaptive mutation strategy primarily addresses the first core issue of which
test to mutate (theWhich) by applying varying mutation rate. However, the equally critical question
of how to mutate (the How), i.e., generating new and effective test code, has received comparatively
less attention and remains inadequately resolved in traditional methods. Traditional methods [23],
whether random [18] or rule-based, often lack semantic awareness and generate invalid or irrelevant
tests. To address this problem, we propose a semantic-prompt-driven intelligent mutation strategy
with an adaptive mutation rate control mechanism based on code context, failure information,
existing tests, and logic flow.

Our approach begins by analyzing uncovered code regions, focusing on conditional branches and
entry methods. To ensure a focus on meaningful code, the system first applies a rule-based filtering.
Specifically, this filtering process retains critical branches such as conditional jumps (including
those with keywords like if, goto, or branch), exception handling, and exception construction, while
discarding trivial ones like pure assignments, unthrown exceptions, and JVM internal operations.
Similarly, methods are filtered to exclude simple getters/setters, internal helpers, and utility routines,
preserving instead important public APIs and critical business logic. Given an uncovered method
or branch, LegaTest perform mutation by first identifying tests of those methods. These test
exemplars serve as concrete templates, guiding the LLM to adapt and extend them for generating
new tests that exercise the missing branches. Concurrently, failing test cases are extracted, and
the LLM is provided with the names of the failing methods, the type of failure, and detailed error
messages. This enables the generation of mutations that simultaneously extend code coverage and
repair existing test errors.
By combining adaptive, fitness-based mutation rate control with semantic guidance that lever-

ages existing tests and failure information, the proposed strategy preserves effective solutions
while generating high-quality, targeted test cases that improve coverage, repair failing tests, and
strengthen the overall test suite.

Mutation Prompt Illustration. Listing 2 presents the core prompt used for LLM-guided mutation.
The prompt provides LLM with a test suite, coverage gaps, and failure information, and instructs it
to generate or repair tests to improve branch and path coverage:
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Mutation Objectives:
1. Identify uncovered branches or paths in the code under test.
2. Repair any failing tests using failure diagnostics.
3. Generate new tests to cover previously uncovered branches.
Constraints:
- Preserve the intent of existing tests.
- Ensure semantic correctness and structural validity.

Listing 2. LLM-Guided Mutation Prompt

The following concrete example illustrates LLM-guided crossover and semantic, branch-aware
mutation through a worked, code-level case on a DiscountPolicy class with conditional logic and
boundary constraints.

1 public class DiscountPolicy {
2 public int compute(int price , boolean premium , boolean holiday) {
3 if (price <= 0) throw new IllegalArgumentException("Invalid price");
4 // [Logic A] Premium users get 15, others get 5
5 int discount = premium ? 15 : 5;
6 // [Logic B] Holiday bonus adds 10 (Condition: price > 100)
7 if (holiday && price > 100) discount += 10;
8 // [Boundary] Maximum discount is capped at 20
9 return Math.min(discount , 20);
10 }
11 }

Target Class Under Test (Business Logic & Boundary)

Phase 1: Divergence-Guided Parent Selection. Two parents are selected based on divergence.
Parent A covers basic/error paths, while Parent B covers premium features. The combination path
(15 + 10) is missing.

1 @Test
2 @DisplayName("Invalid price inputs should

throw IllegalArgumentException")
3 void testInvalid () {
4 DiscountPolicy p = new DiscountPolicy ();
5 assertThrows(IllegalArgumentException.

class ,
6 () -> p.compute(0, false , false));
7 }
8 @Test
9 @DisplayName("Standard user receives default

discount of 5")
10 void testStandard () {
11 DiscountPolicy p = new DiscountPolicy ();
12 assertEquals (5, p.compute (50, false ,

false));
13 }

Parent A (Basic & Error)

1 @Test
2 @DisplayName("Premium user receives higher

base discount of 15")
3 void testPremium () {
4 DiscountPolicy p = new DiscountPolicy ();
5 assertEquals (15, p.compute (80, true , false

));
6 }
7
8 @Test
9 @DisplayName("Holiday bonus applies when price

exceeds threshold")
10 void testHoliday () {
11 DiscountPolicy p = new DiscountPolicy ();
12 assertEquals (15, p.compute (120, false ,

true));
13 }

Parent B (Premium & Holiday)

Phase 2: LLM-Guided Crossover (Fusion). The LLM merges the logic but initially misses the
hidden boundary cap (predicting 25 instead of 20).
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# Input:
- Parent A (Basic Logic)
- Parent B (Premium Logic)
# Uncovered Path Analysis:
- Condition 1: premium == true
- Condition 2: holiday == true
- Condition 3: price > 100
- Goal: Verify combined discount logic.

# Fusion Instructions:
1. Merge Parent A and B logic.
2. Synthesize NEW test for Uncovered

Path (Premium + Holiday).
3. Predict assertion values based on

logic flow.

Crossover Context (LLM Prompt Inputs)

1 class DiscountTest {
2 // ... Merged tests from A & B ...
3 @Test
4 @DisplayName("Synthesized path combining

Premium and Holiday logic")
5 void testPremiumHoliday () {
6 // Logic Fusion:
7 // Premium (15) + Holiday (10) = 25
8 // LLM Prediction Error:
9 // Misses Math.min(x, 20) cap
10 assertEquals (25,
11 new DiscountPolicy ()
12 .compute (150, true , true));
13 }
14 }

Offspring (Intermediate Result)

Phase 3: Coverage-Driven Mutation. The offspring executes and fails (expected: <25> but
was: <20>). Mutation repairs the failure and targets the uncovered boundary.

# Execution Feedback:
- Test: testPremiumHoliday
- Status: FAILED
- Msg: expected <25> but was <20>

# Coverage Gap Analysis:
- Method: Math.min(discount , 20)
- Gap: Boundary Saturation not taken.

# Mutation Objectives:
1. REPAIR failing assertion using

feedback from execution.
2. GENERATE new test for

saturation boundary.
3. ENSURE all branches and paths

are fully covered.

Mutation Context (Gap & Failure)

1 class DiscountTest {
2 // ... Other tests ...
3 @Test // 1. REPAIRED based on feedback
4 @DisplayName("Premium and Holiday

combination should cap at 20")
5 void testPremiumHoliday () {
6 assertEquals (20,
7 new DiscountPolicy ()
8 .compute (150, true , true));
9 }
10 @Test // 2. NEW BOUNDARY TEST
11 @DisplayName("Saturation boundary

explicitly validates max cap")
12 void testSaturationBoundary () {
13 assertEquals (20,
14 new DiscountPolicy ()
15 .compute (300, true , true));
16 }
17 }

Final Mutated Individual

4 Experiment
In this section, we systematically evaluate the performance of LegaTest by answering the following
research questions.
• RQ1: Are the generated tests syntactically correct, compilable, and executable?
• RQ2: How adequate and effective are the generated test suites in terms of coverage?
• RQ3: How does the Iterative Evolution influence the quality and coverage of test suites?
• RQ4: Can the generated tests produce deep, semantically rich assertions beyond shallow
ones, and to what extent does this enhance test quality?
• RQ5:What is the time and computational cost of the proposed approach compared to baseline
techniques?

Benchmark and Class Extraction: We select Defects4J v2.0.1 [28] as our experimental bench-
mark due to its wide adoption and well-curated real-world Java bugs. To ensure representativeness
and experimental feasibility, we use five projects—Math_5f, Lang_6f, Collections_25f, Compress_6f,
and Csv_16f—covering diverse project sizes and defect types such as numerical errors, concurrency
issues, null pointer exceptions, and parsing bugs. The project and version selection prioritizes
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high citation frequency, defect diversity, Java 8 compatibility (EvoSuit only support Java 8), and
non-overlapping functionality. Besides Defects4J, we additionally evaluate our approach on four
Java projects—Commons-Cli, Commons-Csv, Ecommerce-Microservice, and Binance-Connector-
originally used in the ChatUniTest study[9]. This supplementary benchmark is included to enable a
direct comparison with ChatUniTest, one of our baselines, under identical experimental conditions.
Building on these projects, we construct our final benchmark subjects by applying a rigorous

class extraction process to ensure that retained classes exhibit meaningful behavioral complexity
rather than merely serving as utility or data-holding structures. Specifically, we focus on Java
source files under the src/main directory, excluding paths containing utils or enums. Moreover,
classes with names containing patterns such as Utils, Helper, Test, DTO, VO, POJO, Entity, Bean,
Model, Adapter, Factory, or Builder are discarded, as they typically represent lightweight or
auxiliary components. In addition, since LegaTest focus on test generation for complex classes,
each class must satisfy the following conditions: (1) it contains at least two complex methods; (2)
it includes at least three functionally meaningful methods; and (3) the proportion of getter/setter
methods does not exceed 50%. Through this multi-stage filtering, we finally obtain 403 classes
that capture semantically meaningful, behaviorally complex modules, providing a reliable and
representative benchmark foundation for evaluating LegaTest.

Baseline and Configuration: To evaluate the effectiveness of LegaTest, we compare it against
two baselines on the full benchmark: EvoSuite [17], a representative traditional SBST tool, and
ChatUniTest [9], a recently proposed LLM-based test generation approach. EvoSuite serves as a
strong baseline from conventional search-based testing, while ChatUniTest reflects the potential of
state-of-the-art LLM-driven techniques. We note that ChatTester [78] follows a similar LLM-based
paradigm as ChatUniTest, but empirical studies[70] have shown that its performance is generally
inferior to ChatUniTest. To avoid redundant comparisons with methods of the same family, we
select ChatUniTest as the representative and stronger LLM-based baseline.
Moreover, UTGen [12], a hybrid approach that combines EvoSuite-based test generation with

LLM-driven refinement, is evaluated only on a randomly selected subset of 100 classes. Due to
its substantially higher runtime and resource consumption, UTGen is not evaluated on the full
benchmark. This design reflects practical computational constraints and is explicitly reported for
transparency.

To ensure fair comparison, all tools are evaluated under consistent settings. For each run, LLM-
based tools perform one generation round followed by up to two repair rounds if applicable.
LegaTest, generates 10 test suites per class. For the baselines, we follow the default configuration
of ChatUniTest to generate 10 test methods per focal method. UTGen is also configured to generate
10 test suites per class. EvoSuite is evaluated using its latest stable release (v1.0.6), which supports
Java 8 and JUnit 4; all default settings are used, and it is also configured to generate 10 test suites
per class. Besides, all experiments are conducted in a unified environment using project-specific
Java versions (Java 8 or Java 11 as required), Maven, JUnit, and JaCoCo. Line, method, and branch
coverage and pass rate are computed using the same evaluation scripts to ensure consistency across
tools.
Implementation: LegaTest is implemented as a Python-based orchestration framework tai-

lored for Maven-based Java projects, aiming to automatically generate high-quality unit tests that
improve both diversity and effectiveness. The system leverages a dual-prompt strategy for initial
test generation, which guides large language models to produce tests with deep assertions, high
readability, and semantic alignment to the class under test (CUT). To further enhance coverage,
the iterative optimization module integrates information across previously generated tests, com-
plementing their strengths to exercise additional execution paths. Unlike existing approaches,
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LegaTest can effectively generate tests not only for complex classes but also for abstract classes
that carry practical testing value.

From a technical perspective, the framework incorporates both lightweight and fine-grained static
analysis. Javalang is used to extract high-level structural information such as package declarations,
imports, and completemethod signatures (including names, parameters, and return types), providing
an architectural overview of the CUT. Complementarily, Tree-sitter enables robust parsing at the
method level to capture semantic elements such as invocations, variable references, constructor
calls, and exception handling blocks, which together characterize the CUT’s behavioral flow and
external dependencies.
For LLM integration, we employ DeepSeek-Chat V3, an open-source chat-based model trained

on a large-scale multi-language code corpus. It is selected for its strong reasoning capabilities
and proficiency in generating code, while also providing an accessible and reproducible research
setting. All model interactions are performed through its official API using default configurations.
To ensure fairness, the baseline method is also evaluated using DeepSeek-Chat V3 under the same
setup. In addition, we also evaluate our approach using GPT-5-mini on a randomly selected subset
of 100 classes. This subset evaluation includes both test generation and iterative evolution. Due
to the higher cost and resource consumption associated with GPT-based models, GPT-5-mini is
not used for the full-benchmark evaluation. All baselines involved in this subset experiment are
evaluated under the same model setting to ensure fairness.

Finally, LegaTest incorporates a lightweight repair module to ensure executability of generated
tests by automatically handling common issues such as import conflicts, duplicate definitions based
on compiler and runtime feedback. The complete system is orchestrated to follow a full lifecycle:
initial test generation, iterative optimization, repair, and final compilation and execution. The
implementation, along with datasets and evaluation scripts, will be released on GitHub to facilitate
replication and future research.

4.1 Correctness and Executability of Generated Tests
This research question investigates whether the generated test suites are syntactically valid, compi-
lable, and executable at runtime. We compare our approach (LegaTest) with two representative
baselines: the LLM-based ChatUniTest and the search-based tool EvoSuite. The evaluation focuses
on key correctness and executability metrics: (i) Successful Generation measures the proportion
of classes for which at least one valid test case is generated. (ii) Assertion Errors measures the
proportion of generated test cases containing failing assertions. (iii) Runtime Failures measures
the proportion of test cases that fail during execution due to runtime exceptions, including Null-
PointerException, IndexOutOfBoundsException, ClassCastException, and other runtime errors. (iv)
Successful Executions measures the proportion of test cases that run successfully without assertion
or runtime failures.
Table 2 reports the results across nine benchmark projects and the aggregated totals. Overall,

LegaTest consistently achieves the highest test generation capability, successfully producing tests
for 376 out of 403 classes (93.3%), whereas ChatUniTest and EvoSuite succeed on only 153 (37.97%)
and 136 (33.75%) classes, respectively. This demonstrates a clear advantage of our LLM-guided
generation strategy in terms of breadth of applicability, as it can reliably cover almost all classes
in the benchmark. Such generation capability is crucial, since only classes for which tests can be
successfully generated can later benefit from repair and optimization.

Regarding execution reliability, EvoSuite achieves very low runtime failure rates (0.35%) and the
highest successful execution ratio (99.29%). This is expected, as EvoSuite leverages well-engineered
search-based heuristics tightly integrated with the Java ecosystem. However, this comes at the
cost of limited generation success: it fails to generate tests for the majority of benchmark classes
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Table 2. Experimental Results Comparison

Project Name Method Successful Generation Assert Errors Runtime Failure Successful Executions # Test Cases

Math_5f(162)
LegaTest (Initial) 142 (87.65%) 1057 (7.07%) 477 (3.19%) 13426 (89.74%) 14960
ChatUniTest 22 (13.58%) 368 (14.32%) 38 (1.48%) 2164 (84.20%) 2570
Evosuite – – – – –

Collections_25f(136)
LegaTest (Initial) 132 (97.06%) 612 (3.96%) 326 (2.11%) 14530 (93.93%) 15468
ChatUniTest 49 (36.03%) 1581 (9.14%) 51 (0.30%) 15659 (90.56%) 17291
Evosuite 76 (55.88%) 40 (0.49%) 33 (0.41%) 8056 (99.10%) 8129

Lang_6f(38)
LegaTest (Initial) 38 (100%) 277 (5.09%) 47 (0.86%) 5116 (94.05%) 5440
ChatUniTest 38 (100%) 1159 (8.39%) 37 (0.27%) 12623 (91.34%) 13819
Evosuite 35 (92.11%) 42 (0.45%) 2 (0.02%) 9253 (99.53%) 9297

Compress_6f(15)
LegaTest (Initial) 15 (100%) 73 (5.97%) 162 (13.24%) 988 (80.79%) 1223
ChatUniTest 14 (93.33%) 152 (8.12%) 93 (4.97%) 1626 (86.91%) 1871
Evosuite 15 (100%) 2 (0.08%) 4 (0.15%) 2581 (99.77%) 2587

Csv_16f(2)
LegaTest (Initial) 2 (100%) 43 (10.51%) 14 (3.42%) 352 (86.07%) 409
ChatUniTest 2 (100%) 30 (7.20%) 27 (6.47%) 360 (86.33%) 417
Evosuite 2 (100%) 0 0 506 (100%) 506

Commons_Cli(9)
LegaTest (Initial) 9 (100%) 64 (5.48%) 51 (4.37%) 1063 (90.15%) 1178
ChatUniTest 6(66.67%) 177 (14.32%) 6 (0.49%) 1053 (85.19%) 1236
Evosuite 8 (88.89%) 0 41 (1.64%) 2459 (98.36%) 2500

Commons_Csv(2)
LegaTest (Initial) 2 (100%) 48 (13.26%) 16 (4.42%) 298 (82.32%) 362
ChatUniTest 2 (100%) 152 (23.31%) 36 (5.52%) 464 (71.17%) 652
Evosuite – – – – –

Ecommerce(15)
LegaTest (Initial) 14(93.33%) 17 (2.65%) 165 (25.74%) 459 (71.61%) 641
ChatUniTest 15 (100%) 161 (10.87%) 353 (23.84%) 967 (65.29%) 1481
Evosuite – – – – –

Binance(24)
LegaTest (Initial) 22(91.67%) 89 (3.94%) 17 (0.75%) 2153 (95.31%) 2259
ChatUniTest 5 (20.83%) 67 (9.11%) 18 (2.45%) 650 (88.44%) 735
Evosuite – – – – –

Total
LegaTest (Initial) 376 (93.30%) 2280 (5.44%) 1275 (3.04%) 38385 (91.52%) 41940
ChatUniTest 153 (37.97%) 3847 (9.60%) 659 (1.64%) 35566 (88.76%) 40072
Evosuite 136 (33.75%) 84 (0.36%) 80 (0.35%) 22855 (99.29%) 23019

(only 33.75% coverage). In contrast, LegaTest achieves a much broader generation scope while still
maintaining strong executability (91.52% successful executions), demonstrating that the generated
tests are not only broadly applicable but also robust in practice. Compared to ChatUniTest, LegaTest
yields both significantly higher generation success (93.3% vs. 37.97%) and lower error rates.
It is important to emphasize that the results reported here correspond to the initial version

of LegaTest, evaluated across all 403 benchmark classes. Presenting these results establishes a
comprehensive baseline of raw generation capability across the benchmark, which is critical for
subsequent analysis: broad generation coverage is a prerequisite for any optimization, as only
successfully generated tests can be further refined and enhanced. As shown in Table 2, LegaTest
achieves the highest generation success across the full benchmark while maintaining robust
executability and low error rates, demonstrating its overall superiority in automated test generation
compared to the baselines.

Summary: LegaTest successfully generates tests for 376/403 classes (93.3%), significantly
outperforming ChatUniTest (153/403, 37.97%) and EvoSuite (136/403, 33.75%). Execution success
of generated tests is 91.52%, demonstrating both broad applicability and high robustness.
Compared to the baselines, LegaTest achieves higher generation coverage and lower runtime
failures, establishing its superiority in correctness and executability.
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Table 3. Coverage Results of Full Benchmark Classes (Average Values)

Project Name Method Line Coverage (%) Branch Coverage (%) Method Coverage (%) Avg. # Test Cases

Math_5f
LegaTest (Initial) 57.28 47.59 64.74 11.17
ChatUniTest 4.99 3.85 6.08 11.69
EvoSuite – – – –

Collections_25f
LegaTest (Initial) 76.96 65.72 81.94 12.54
ChatUniTest 25.23 24.31 25.75 35.29
EvoSuite 44.50 40.14 45.65 13.64

Lang_6f
LegaTest (Initial) 64.23 51.37 72.73 14.50
ChatUniTest 60.47 53.35 58.80 36.37
EvoSuite 78.69 72.74 81.20 30.39

Compress_6f
LegaTest (Initial) 69.50 48.68 82.48 9.74
ChatUniTest 37.35 30.33 45.78 13.39
EvoSuite 70.65 68.02 80.80 17.25

Csv_16f
LegaTest (Initial) 67.14 43.97 86.17 13.20
ChatUniTest 66.87 50.64 62.95 20.85
EvoSuite 93.54 87.43 100.00 25.30

Commons_Cli
LegaTest (Initial) 71.12 48.19 77.11 13.59
ChatUniTest 45.21 25.91 44.35 28.35
EvoSuite 74.27 59.05 76.20 31.97

Commons_Csv
LegaTest (Initial) 66.86 35.87 80.72 18.10
ChatUniTest 68.48 49.54 67.27 32.6
EvoSuite – – – –

Ecommerce
LegaTest (Initial) 71.49 – 77.98 7.34
ChatUniTest 72.21 – 78.84 9.87
EvoSuite – – – –

Binance
LegaTest (Initial) 67.54 44.18 79.82 11.9
ChatUniTest 13.39 1.67 13.01 24.49
EvoSuite – – – –

Total
LegaTest (Initial) 66.95 54.37 74.16 11.94
ChatUniTest 38.31 29.65 39.50 26.82
EvoSuite 58.66 53.41 61.27 19.60

4.2 Adequacy and Effectiveness of Test Suites
This research question investigates the adequacy and effectiveness of the generated test suites
in terms of code coverage. Specifically, we evaluate line, branch, and method coverage, as well
as the overall test suite size. For the initial assessment, we consider the raw test suites produced
by LegaTest and compare them against state-of-the-art LLM-based tools (ChatUniTest) and the
traditional search-based tool EvoSuite. By measuring coverage across all 403 benchmark classes, we
provide a comprehensive view of the effectiveness of raw test generation, as summarized in Table 3.
Considering that our benchmark contains 403 test classes in total, performing iterative optimization
on all of them would incur excessive computational costs and is unnecessary for addressing
the research question. Instead, we optimized about 100 test classes (≈ 25% of the benchmark)
following a balanced selection strategy. Specifically, when constructing the experimental dataset,
we prioritized classes for which all tools successfully generated tests, and, whenever feasible,
ensured that almost every package within each repository contributed at least one selected class.
For packages with multiple candidate classes, we randomly sampled representative instances to
cover diverse functionalities and structural characteristics. This approach enables broad coverage of
testing scenarios while remaining computationally feasible. By striking a balance between efficiency
and representativeness, the evaluation provides reliable evidence of the effectiveness of the genetic
algorithm–based iterative optimization strategy without exhaustively optimizing all 403 classes in
the benchmark.
Table 3 reports results on all 403 classes using the initial version of LegaTest, while Table 4

presents results on the selected 100 classes, where the iterative optimization strategy is applied
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Table 4. Coverage Results of Selected 100 Classes with Iterative Optimization (Average Values). For LLM-

based tools, results are reported under different LLM backends. EvoSuite is LLM-agnostic, thus its results are

independent of the LLM choice.

Project Name Method Line Coverage (%) Branch Coverage (%) Method Coverage (%) Avg. # Test Cases

DeepSeek GPT DeepSeek GPT DeepSeek GPT DeepSeek GPT

Math_5f

LegaTest (Initial) 43.07 59.53 29.77 46.48 52.29 69.16 13.75 20.54
LegaTest 70.15 75.02 51.0 59.8 75.18 81.3 30.75 21.63
ChatUniTest 8.00 11.38 8.77 8.76 8.20 10.76 16.52 19.28
EvoSuite – – – – – – – –
UTGen – – – – – – – –

Collections_25f

LegaTest (Initial) 67.72 78.31 62.78 74.59 72.16 80.6 15.11 16.67
LegaTest 81.05 87.91 75.47 83.53 84.31 89.33 26.14 19.96
ChatUniTest 49.77 34.94 48.04 32.75 51.08 35.89 38.70 32.08
EvoSuite 65.56 – 60.59 – 69.23 – 18.30 –
UTGen 46.19 30.67 39.40 26.31 52.43 34.95 11.39 9.87

Lang_6f

LegaTest (Initial) 66.35 78.66 53.67 68.83 73.79 83.69 14.58 17.92
LegaTest 83.94 89.86 71.81 78.94 90.72 96.06 26.1 24.07
ChatUniTest 60.48 28.31 53.66 28.03 57.98 27.23 37.24 33.12
EvoSuite 80.81 – 74.71 – 83.39 – 30.39 –
UTGen 15.52 48.62 15.24 42.13 17.16 51.89 15.80 7.91

Compress_6f

LegaTest (Initial) 58.69 60.12 42.84 50.45 75.91 71.04 11.8 10.86
LegaTest 80.19 67.61 70.6 58.23 91.39 78.14 29.15 15.69
ChatUniTest 34.91 46.87 27.85 43.06 42.97 50.78 13.25 19.25
EvoSuite 66.65 – 65.04 – 76.36 – 17.38 –
UTGen 47.55 40.47 41.34 37.54 65.97 57.6 8.77 9.83

Csv_16f

LegaTest (Initial) 67.14 83.38 43.97 62.01 86.17 92.93 13.20 13.35
LegaTest 89.10 93.16 68.43 74.14 99.62 99.58 39.05 21.3
ChatUniTest 66.87 62.45 50.64 46.03 62.95 64.21 20.85 15.65
EvoSuite 93.54 – 87.43 – 100.00 – 25.30 –
UTGen 90.09 48.08 86.52 43.13 96.53 50 22.42 19

Commons_Cli

LegaTest (Initial) 66.43 68.71 48.39 47.93 77.72 78.69 14.17 14.64
LegaTest 82.60 84.29 67.79 70.13 89.81 92.03 22.23 22.5
ChatUniTest 66.04 55.52 49.98 42.39 61.16 52.56 27.67 21.39
EvoSuite 81.65 – 71.53 – 87.70 – 41.77 –
UTGen – – – – – – – –

Commons_Csv

LegaTest (Initial) 66.86 64.23 35.87 36.53 80.72 71.63 18.10 14.28
LegaTest 87.12 82.55 55.49 53.57 97.83 88.47 28.80 23.01
ChatUniTest 68.48 34.13 49.54 25.00 67.27 39.20 32.6 26.25
EvoSuite – – – – – – – –
UTGen – – – – – – – –

Ecommerce

LegaTest (Initial) 88.73 83.6 – – 89.22 84.18 7.39 8.35
LegaTest 100 100 – – 100 100 14.93 13.91
ChatUniTest 82.39 7.69 – – 83.93 8.92 9.9 11.70
EvoSuite – – – – – – – –
UTGen – – – – – – – –

Binance

LegaTest (Initial) 14.34 73.96 7.47 46.63 16.82 81.59 9.71 12.97
LegaTest 21.88 75.72 10.82 49.6 23.06 88.47 12.21 19.23
ChatUniTest 9.58 28.15 8.57 0 8.56 27.11 6.33 24.70
EvoSuite – – – – – – – –
UTGen – – – – – – – –

Total

LegaTest (Initial) 62.11 73.21 49.38 62.74 70.61 79.2 13.87 16.15
LegaTest 79.91 84.05 67.75 72.90 86.11 89.82 26.52 20.98
ChatUniTest 47.89 31.82 41.53 29.22 48.27 32.22 29.26 27.53
EvoSuite 74.01 – 68.93 – 78.46 – 24.69 –
UTGen 33.03 41.51 29.52 36.41 39.43 47.73 13.26 9.17

to obtain the final version of the tool. This design ensures that the baseline evaluation covers the
entire benchmark, while the optimization-focused analysis provides a deeper view of the tool’s
full capabilities. The “Total” row reports weighted averages across all benchmark classes, where
each project’s coverage is weighted by its number of successfully covered classes. This avoids
smaller projects disproportionately influencing the overall results. For Ecommerce-Microservice,
branch coverage is reported as “–” because the selected classes do not contain explicit branch
constructs. These classes mainly implement thin service-layer logic that delegates functionality to
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external components without introducing conditional or loop-based control flow. As a result, branch
coverage is not applicable for this project and is excluded from the weighted average reported in
the “Total” row. For Math_5f, EvoSuite results are unavailable because this project heavily relies on
complex numerical routines (e.g., special functions such as Beta, Gamma, and Erf), extensive use
of abstract classes and generic types, and large static initializations. These characteristics make it
difficult for EvoSuite’s search-based strategy to synthesize meaningful inputs: randomly generated
values often violate strict mathematical domains, abstract or generic classes cannot be directly
instantiated, and heavy static initialization frequently leads to timeouts during analysis. As a result,
EvoSuite was unable to produce valid test suites for the majority of classes in this project. For
the additional projects adopted from the ChatUniTest benchmark, EvoSuite also fails to generate
valid test suites due to practical incompatibilities with project environments and dependencies. For
Commons-Csv, the failure is caused by dependency incompatibility with the H2 database library,
which is distributed as a multi-release JAR and compiled with newer Java versions. EvoSuite v1.0.6
relies on an outdated bytecode analysis library and cannot correctly parse such class files, leading to
bytecode analysis errors during test generation. For Ecommerce-Microservice and Binance-Connector,
EvoSuite fails because these projects require Java 11 or higher, whereas EvoSuite v1.0.6 only
supports Java 8 bytecode, preventing successful class analysis and instrumentation.

Since UTGen builds upon EvoSuite by first generating tests and then refining them using LLM-
based techniques, it inherits EvoSuite’s limitations. Consequently, UTGen also fails to generate
test suites for Commons-Csv, Ecommerce-Microservice, and Binance-Connector. Moreover, UTGen
incurs substantial computational overhead during refinement. To ensure experimental feasibility,
we impose a 30-minute timeout per class. Under this constraint, although EvoSuite can generate
initial tests for Commons-Cli, UTGen fails to complete refinement within the time limit, resulting
in unsuccessful runs for this project.

Overall, the results show that even the initial version of LegaTest already achieves an excellent
balance between coverage and efficiency. On projects such as Lang_6f, Compress_6f, and Csv_16f,
EvoSuite does obtain higher raw coverage, but only by generating substantially larger test suites.
In contrast, LegaTest consistently delivers far smaller test suites—often less than half the size of
EvoSuite’s and ChatUniTest’s—while still maintaining competitive or superior coverage. Notably,
in Math_5f and Collections_25f, LegaTest achieves the highest coverage across all three metrics
with the fewest test cases, underscoring both its effectiveness and efficiency. Even in settings
where EvoSuite yields higher absolute coverage (e.g., Csv_16f ), LegaTest still achieves strong
method coverage (86.17%) with nearly half the number of test cases (13.20 vs. 25.30), highlighting
its practicality for concise yet effective test generation.
When aggregated across the full 403-class benchmark, the initial version of LegaTest already

attains the highest overall averages: line coverage (66.95%), branch coverage (54.37%), and method
coverage (74.16%). These results significantly outperform ChatUniTest (38.31%, 29.65%, 39.5%) and
also surpass EvoSuite (58.66%, 53.41%, 61.27%). Importantly, this superior coverage is reached with
the smallest test suites on average (11.94 cases), which is 39% fewer tests than EvoSuite (19.60) and
55% fewer than ChatUniTest (26.82). Thus, even without optimization, LegaTest demonstrates
clear advantages in both effectiveness and efficiency.
To assess the impact of the iterative optimization component—which completes the design of

LegaTest —Table 4 reports results on the selected 100 classes under two LLM backends, namely
DeepSeek and GPT. As a supplementary reference, we additionally include a raw zero-shot GPT-5-
mini baseline on the selected subset. Since our main comparisons focus on task-specific baselines,
we report its detailed results in Appendix A. The comparison between the initial and optimized
versions reveals consistent and substantial improvements across all projects for both backends. For
instance, in Compress_6f, line coverage increases from 58.69% to 80.19% under DeepSeek and from
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60.12% to 67.61% under GPT, and method coverage from 75.91% to 91.39% and from 71.04% to 78.14%,
respectively, while the average number of test cases grows from 11.8 to 29.15 (DeepSeek) and from
10.86 to 15.69 (GPT). Similarly, in Lang_6f, method coverage improves from 73.79% to 90.72% under
DeepSeek and from 83.69% to 96.06% under GPT, outperforming ChatUniTest (57.98%/27.23%),
EvoSuite (83.39%) and UTGen (17.16%/51.89%). In Csv_16f, LegaTest achieves 99.62% method
coverage under DeepSeek and 99.58% under GPT, very close to EvoSuite’s 100.00%.

Aggregated over the 100 optimized classes, the full version of LegaTest improves average line
coverage from 62.11% to 79.91% under DeepSeek and from 73.21% to 84.05% under GPT, branch
coverage from 49.38% to 67.75% and from 62.74% to 72.9%, respectively, and method coverage from
70.61% to 86.11% and from 79.2% to 89.82%. Compared with UTGen, which produces the smallest test
suites on average (13.26 cases under DeepSeek and 9.17 under GPT), LegaTest delivers substantially
higher coverage across all metrics. Specifically, UTGen attains only 33.03%/41.51% line coverage,
29.52%/36.41% branch coverage, and 39.43%/47.73% method coverage under DeepSeek/GPT, whereas
the optimized LegaTest nearly doubles these values while maintaining a practical test suite size.
Although the test suite size grows moderately (13.87→ 26.52 for DeepSeek and 16.15→ 20.98 for
GPT), it remains smaller than ChatUniTest (29.26/27.53) and competitive with EvoSuite (24.69).
These results confirm that the genetic algorithm–based iterative optimization strategy is a crucial
enhancement: it not only boosts coverage substantially but also preserves the compactness and
practicality of the generated suites across different LLM backends.

Statistical Significance Analysis. To further assess whether the observed improvements are statis-
tically significant, we perform paired statistical tests on the same set of 100 selected classes under a
unified evaluation protocol.

First, we analyze whether LegaTest significantly outperforms the baselines in successful class-
level result generation. Each class is treated as a binary outcome indicating whether the tool
successfully generates class-level coverage results, and McNemar’s exact test is applied. McNemar’s
test is a non-parametric test for paired nominal data that evaluates whether two methods differ
significantly on the same instances [44].

Table 5 summarizes the results. Here, each discordant pair indicates a class for which only one of
the two compared tools successfully produces class-level results. Under DeepSeek, the discordant
pair counts are 16 / 2 against ChatUniTest and 58 / 1 against UTGen, yielding exact p-values of
1.31 × 10−3 and 2.08 × 10−16, respectively. Under GPT, the discordant pair counts are 42 / 0 against
ChatUniTest and 53 / 0 against UTGen, with exact p-values of 4.55 × 10−13 and 2.22 × 10−16. These
results indicate that LegaTest significantly outperforms both baselines in successful class-level
result generation.

Second, we examine whether LegaTest achieves significantly higher per-class coverage values.
For each class, we use its coverage score (i.e., line, branch, and method coverage), assigning zero
when a tool fails to generate effective tests. We then apply paired t-tests, which assess whether the
mean difference between two paired samples is significantly different from zero [64].
Table 6 reports the results. Under both DeepSeek and GPT backends, LegaTest achieves sig-

nificantly higher line, branch, and method coverage than both baselines, with all p-values below
0.001.

Overall, these results consistently demonstrate that the improvements of LegaTest are statisti-
cally significant across different backends and evaluation metrics, and are highly unlikely to be due
to random variation.
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Table 5. Statistical significance analysis usingMcNemar’s exact test on successful class-level result generation.

Backend Comparison Discordant Pairs (Ours / Baseline) p-value

DeepSeek vs ChatUniTest 16 / 2 1.31 × 10−3
DeepSeek vs UTGen 58 / 1 2.08 × 10−16
GPT vs ChatUniTest 42 / 0 4.55 × 10−13
GPT vs UTGen 53 / 0 2.22 × 10−16

Table 6. Paired t-test results (p-values) on per-class coverage values.

Backend Comparison Line Branch Method

DeepSeek vs ChatUniTest 2.29 × 10−8 4.65 × 10−6 3.25 × 10−10
DeepSeek vs UTGen 1.65 × 10−22 4.91 × 10−17 7.24 × 10−21
GPT vs ChatUniTest 5.74 × 10−27 3.13 × 10−22 4.82 × 10−30
GPT vs UTGen 8.25 × 10−25 9.26 × 10−20 5.25 × 10−23

Summary: Across the 403 benchmark classes, LegaTest achieves 66.95% line coverage, 54.37%
branch coverage, and 74.16% method coverage, surpassing ChatUniTest (38.31%, 29.65%, 39.50%)
and EvoSuite (58.66%, 53.41%, 61.27%). Average test suite size is 11.94, 39% smaller than
EvoSuite (19.6) and 55% smaller than ChatUniTest (26.82). After iterative optimization on
100 classes, LegaTest improves line/branch/method coverage from 62.11/49.38/70.61% →
79.91/67.75/86.11% with DeepSeek, and from 73.21/62.74/79.2%→ 84.05/72.90/89.82% with GPT,
with corresponding test suite sizes increasing from 13.87→ 26.52 and from 16.15→ 20.98.
These results indicate that LegaTest is effective across different LLM backends.

4.3 Impact of Iterative Evolution
We examine the role of iterative evolution in enhancing the quality and adequacy of automatically
generated test suites using the 100 classes introduced in the previous section, under two LLM
backends: DeepSeek and GPT. The experimental setup of Iterative Evolution is as follows: the
population size 𝑁 is set to 10, and the maximum number of generations (𝑚𝑎𝑥𝐺𝑒𝑛) is 10. These
settings are fixed across all runs. The evolution of each class terminates when either the maximum
number of generations is reached or both branch and method coverage exceed 98%. Additionally,
when branch coverage reaches 95%, mutation operations are skipped, since the primary purpose of
mutation is to explore and cover previously uncovered branches, and further mutations beyond this
point yield limited additional coverage. This configuration ensures a balance between computational
efficiency and effective evolutionary refinement.

In particular, we investigate how successive generations influence test performance with respect
to line, branch, and method coverage, as well as the overall fitness score, for both LLM backends. By
systematically analyzing the evolutionary trends across generations, we aim to evaluate the effec-
tiveness of the proposed genetic algorithm–based iterative optimization strategy and demonstrate
its capacity to incrementally refine test quality through continuous iterative improvement.
The experimental results are presented in Figures 2a and 2b. Figure 2a illustrates the evolution

of fitness across generations for both DeepSeek and GPT. For both backends, fitness shows a clear
and consistent upward trend from Gen1 to Gen10, indicating steady improvement through iterative
evolution. With DeepSeek, the fitness increases from 0.62 at Gen1 to 0.87 at Gen10, while GPT
exhibits a similar trend, improving from 0.79 to 0.95. In both cases, the most notable improvements
occur in the early generations (Gen1–Gen4), followed by more gradual but consistent growth in
later stages. This pattern indicates that iterative optimization based on genetic algorithms effectively
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(a) Evolution of Fitness (b) Coverage Trends

Fig. 2. Comparison of Fitness and Coverage Trends Across Generations

enhances the adaptability of the generated test suites, with evolutionary refinement maintaining
its positive impact throughout the process.
Figure 2b reports the trends of line, branch, and method coverage over the same generations,

again for both LLM backends. All three coverage metrics demonstrate monotonic improvement
as evolution proceeds. Under DeepSeek, line coverage increases from 62.11% at Gen1 to 79.91%
at Gen10, branch coverage from 49.38% to 67.75%, and method coverage from 70.61% to 86.11%.
Under GPT, the corresponding improvements are from 73.21% to 84.05% (line), 62.74% to 72.90%
(branch), and 79.20% to 89.82% (method). These results suggest that iterative evolution not only
boosts overall fitness but also systematically improves coverage at multiple levels of granularity.
In summary, the findings confirm the effectiveness of the proposed genetic algorithm–based

iterative optimization strategy across different LLM backends. The progressive improvements in
both fitness and coverage metrics across generations validate the ability of iterative evolution to
enhance the quality and adequacy of test suites in a sustained manner. Compared to the baseline
performance at Gen1, the test suites at Gen10 achieve substantial relative improvements under
DeepSeek, with line, branch and method coverage increasing by 28.7%, 37.2%, and 22%, respectively,
while overall fitness improves by 39.7%. Under the GPT backend, similar upward trends are observed,
with relative improvements of 14.8% in line coverage, 16.2% in branch coverage, 13.4% in method
coverage, and 20% in overall fitness. These results highlight the sustained benefits of iterative
evolution and indicate that its effectiveness is robust across different LLM backends.

Summary: Iterative evolution over 10 generations increases line, branch, and method coverage
by 28.7%, 37.2%, and 22%, respectively, under the DeepSeek backend, and by 14.8%, 16.2%, and
13.4% under the GPT backend, compared to Gen1; overall fitness improves by 39.7% and 20%,
respectively. These results confirm that the genetic algorithm–based refinement improves
the quality and adequacy of test suites, and that the effectiveness of our approach is largely
independent of the underlying LLM. This continuous improvement validates the synergy
between the global exploration of crossover and the local refinement of mutation, confirming
that the complete evolutionary strategy is essential for achieving high coverage.

4.4 AssertionQuality and Expressiveness
To evaluate the quality of generated assertions, we introduce a three-level taxonomy of assertion
complexity:
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• Level 1 (Basic assertions) covers simple truth-value checks or direct equality comparisons,
such as assertTrue(result) or assertEquals(x, 5), representing the most superficial level
of validation.
• Level 2 (Property assertions) involves verifying object properties, collection states, or relational
expressions, such as .size(), .isEmpty(), .contains(), or comparisons like count != 0 and
value >= threshold.
• Level 3 (Complex assertions) captures deeper semantic validations, including two main
aspects: (i) structural depth, such as method call chains with a depth greater than two (e.g.,
obj.getChild().getParent().getName()) or use of assertThrows for exception handling,
and (ii) domain-specific semantic relevance, indicated by the presence of keywords reflecting
meaningful program states or critical properties (e.g., status, role, permission, token, password,
secure, order, exception, error). These keywords are chosen based on common software domain
practices, where such terms often correspond to important business logic, security checks, or
critical program invariants. While not exhaustive, their presence serves as a practical proxy for
semantic depth, helping to distinguish assertions that go beyond superficial value checks.

In addition to this categorical classification, we assess two complementary metrics: average method-
call depth, which reflects the structural complexity of assertions, and average object count, which
measures the number of distinct semantic entities referenced in assertions. Together, these metrics
provide a quantitative perspective on the richness and expressiveness of the generated tests.
To ensure fairness, we selected the same set of test classes for all tools, such that ChatUniTest,

EvoSuite, and both the initial and optimized versions of LegaTest were evaluated on an identical
basis. UTGen is not included in this assertion quality analysis. As reported elsewhere in the paper,
UTGen is evaluated only on a randomly selected subset of 100 classes due to its substantially higher
runtime and resource consumption. Including UTGen here would require restricting all tools to the
intersection of this subset, resulting in a significantly reduced sample size and undermining the
robustness and statistical reliability of the comparison. Therefore, we exclude UTGen from this
analysis to ensure fairness and stability of the results. Figure 3 presents the results as a normalized
stacked bar chart combined with bubble visualization: the stacked bars represent the distribution of
assertions across Levels 1–3, while the bubble size encodes the average object count and the color
encodes the average method-call depth. This design highlights both the categorical distribution of
assertion types and the structural-semantic complexity achieved by different tools. The results show
that LegaTest consistently outperforms the baselines in producing deeper and more expressive
assertions. EvoSuite’s assertions are dominated by basic checks (52.7% at Level 1), with only
2.2% falling into Level 3, indicating shallow validation. ChatUniTest performs slightly better, but
still relies heavily on basic assertions (51.6% Level 1) with only 15.5% at Level 3. In contrast, the
initial version of LegaTest already demonstrates a substantial advantage, achieving 26.7% Level 3
assertions, the highest among all tools, alongside the greatest average method-call depth (1.49) and
object count (3.28). After iterative optimization, LegaTest maintains a balanced distribution with
46.1% Level 1, 35.2% Level 2, and 18.7% Level 3 assertions, reflecting a deliberate trade-off: iterative
evolution aims to enhance coverage, reduce runtime failures, and improve overall test stability while
preserving the semantic richness of assertions. Highly complex Level 3 checks remain valuable
for deep semantic validation, but the algorithm retains a mix of more robust Level 1 and Level 2
assertions to ensure that tests execute reliably across diverse inputs. This adjustment improves the
practical executability and reliability of the test suites, while still maintaining meaningful Level 3
validations that contribute to the expressiveness and fault-detection capability of the generated tests.
while still surpassing EvoSuite (0.84/2.28) and ChatUniTest (1.14/2.91) in average depth (1.25) and
object richness (3.14). These results indicate that LegaTest not only generates a larger proportion of
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Fig. 3. Assertion Complexity Levels and Structural Metrics Comparison

semantically rich, deep assertions, but also sustains a balanced andmeaningful assertion distribution
after repair and optimization. Overall, the advantage of LegaTest in assertion quality directly
translates into stronger semantic expressiveness and higher reliability of the generated test suites.

Mutation Testing Analysis. To further validate the effectiveness of the generated assertions
beyond syntactic correctness and structural complexity, we conduct a mutation testing analysis
using PiTest[11] to ensure consistency with the assertion quality analysis above, this experiment
is performed on the same set of complex classes. The mutation scope is explicitly configured to
target only these classes, allowing us to directly verify whether the structurally complex assertions
(Levels 2 and 3) translate into actual fault-detection capability.

The analysis generated a total of 5,401 mutants across the target classes. The test suites gener-
ated by LegaTest successfully detected (covered) 3,277 mutants, out of which 2,518 were killed.
Consequently, the tool achieved an overall Mutation Score of 46.62% and a notably high overall
Test Strength of 76.84%.

The divergence between these two metrics provides important context regarding the tool’s
performance. TheMutation Score (46.62%) is constrained by the intrinsic difficulty of the selected test
targets. Since we specifically evaluated semantically complex classes, achieving full path coverage
is inherently challenging; many mutants reside in deep execution paths that are difficult to reach
within standard execution time limits, leading to coverage gaps or timeouts duringmutation analysis.
However, the critical metric for evaluating assertion quality is Test Strength, which measures the
ratio of killed mutants strictly within the covered code paths (𝑘𝑖𝑙𝑙𝑒𝑑/(𝑘𝑖𝑙𝑙𝑒𝑑 + 𝑠𝑢𝑟𝑣𝑖𝑣𝑒𝑑)). A Test
Strength of 76.84% demonstrates that once a code path is exercised, the accompanying assertions
are highly effective at constraining program behavior. This confirms that the high proportion of

, Vol. 1, No. 1, Article . Publication date: June 2026.



26 Yiwen Fu, Xiang Gao, Binhang Qi, Yuan Yuan, and Hailong Sun

Level 3 assertions in LegaTest is not merely ornamental; they impose rigorous semantic checks
that successfully distinguish between correct and mutated behaviors on covered paths.

Summary: LegaTest produces 18.7% Level 3 (complex) assertions after optimization, out-
performing ChatUniTest (15.5%) and EvoSuite (2.2%). Average method-call depth is 1.25 and
average object count is 3.14, exceeding the baselines(0.84/2.28 and 1.14/2.91). These results
demonstrate that LegaTest generates semantically richer and structurally deeper assertions.
This structural advantage is validated by mutation testing on the same dataset, where LegaTest
achieves a Test Strength of 76.84%. While the Mutation Score (46.62%) reflects the challenge
of fully covering these complex classes, the high Test Strength confirms that the generated
assertions impose effective semantic constraints, ensuring strong fault-detection capability
wherever coverage is achieved.

4.5 Performance and Computational Efficiency
This section evaluates the computational efficiency of LegaTest in terms of runtime and token
consumption, and compares it with representative baseline tools, including EvoSuite, ChatUniTest,
and UTGen. We first present a detailed analysis of LegaTest’s internal cost across different stages,
followed by an aggregate comparison with baseline approaches.

Efficiency of LegaTest. We analyze the computational cost of LegaTest by decomposing its work-
flow into two main phases: (i) the initial generation phase, which constructs the first population of
test suites from source code, and (ii) the iterative evolution phase, which applies crossover/mutation-
based generation to improve coverage.
Figure 4 illustrates the runtime distribution and time breakdown for these two phases. During

the initial generation phase, generating one test suite takes around 115 seconds on average, with
LLM inference dominating the cost (approximately 80.4%), followed by Maven compilation (10.2%)
and other overheads (9.4%), including file I/O, test parsing, and intermediate result processing. In
the iterative evolution phase, the average runtime increases to around 167 seconds per evolved test
suite, primarily due to more complex LLM-driven evolution optimization.

Figure 5 reports the corresponding token consumption for the two phases, further decomposed
into input and output tokens. For GPT-5-mini, reasoning-related tokens are included in the output
token counts. For the initial generation phase, each test suite consumes around 13.8K tokens on
average, including roughly 8.8K input tokens and 5K output tokens, where generation accounts for
approximately 72% of the total token usage and repair for 28%. In contrast, the iterative evolution
phase consumes around 21.2K tokens per test suite on average, with a more balanced distribution
between crossover/mutation (51.2%) and repair (48.8%), reflecting the increased complexity of
repairing newly synthesized tests.
Overall, the computational cost of LegaTest is dominated by LLM inference. At the test-suite

level, initial generation requires around 115 seconds and 13.8K tokens per suite, while iterative
evolution requires around 167 seconds and 21.2K tokens per evolved suite. Since LegaTest adopts
a population-based evolutionary strategy, the total cost at the class level depends on the configured
population size and number of generations.

Comparison with Baselines. We further compare LegaTest with baseline tools at an aggregate
level, focusing on average runtime per class and total token consumption per class. Figure 6
summarizes the comparison.

EvoSuite operates under a default 60-second time budget per class and does not involve LLM calls,
resulting in the lowest runtime and zero token consumption. ChatUniTest exhibits a similar average
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(a) Initial generation phase: runtime breakdown (b) Iterative evolution phase: runtime breakdown

Fig. 4. Time consumption of LegaTest across different phases.

(a) Initial generation phase: token consumption (b) Iterative evolution phase: token consumption

Fig. 5. Token consumption of LegaTest, decomposed into input and output tokens.

runtime to LegaTest (around 190.2 seconds per class) with comparable token usage (approximately
23K tokens per class). In contrast, UTGen incurs substantially higher computational cost, requiring
918 seconds (15.3 minutes) per test suite and consuming 43.6K tokens per suite on average. This
overhead is mainly attributed to its recursive retry mechanism, strict multi-stage validation, and
fine-grained per-method processing.

In summary, LegaTest achieves a balanced trade-off between computational efficiency and test
generation capability. Compared to traditional SBST tools, it introduces additional LLM-related
cost, while remaining significantly more efficient than refinement-heavy LLM-based approaches
such as UTGen. This makes LegaTest practical for iterative, coverage-driven unit test generation.
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(a) Average runtime per class (b) Average token consumption per class

Fig. 6. Efficiency comparison between LegaTest and baseline tools.

Summary: LegaTest incurs moderate LLM-driven overhead while maintaining practical
efficiency. Initial generation costs around 115 seconds and 13.8K tokens per test suite, and
iterative evolution costs around 167 seconds and 21.2K tokens per evolved suite. Compared with
baselines, LegaTest is substantially more efficient than refinement-heavy approaches such as
UTGen, while providing richer test generation than fixed-budget SBST tools like EvoSuite.

5 Threats to Validity
External Validity. The main threats to external validity relate to the generalizability of our results.
Our evaluation covers multiple Java projects, including five from Defects4J and four additional
real-world projects adopted from prior work. The Defects4J subset was selected to balance repre-
sentativeness, diversity of defect types, and experimental feasibility. Specifically, exclusions were
driven by two factors: (1) Baseline Stability and Benchmarking Standards: We distinguished between
projects presenting algorithmic challenges versus those with systemic environmental incompatibility.
We excluded projects where the baseline tool (EvoSuite) exhibits systemic failures due to architec-
tural conflicts (e.g., Mockito’s bytecode manipulation or Chart’s GUI dependencies) or excessive
scale (e.g., Closure). Conversely, we retained projects like Math—despite baseline difficulties—to
serve as algorithmic benchmarks, aligning with standard practices in automated test generation
literature; and (2) Domain Redundancy: We prioritized distinct defect types over repetitive domains
(e.g., excluding redundant XML/JSON parsers like Jackson or Gson) to optimize the computational
budget of the iterative LLM-GA process. Similarly, while evaluating across multiple programming
languages would further strengthen generalizability, our current implementation of LegaTest,
the baseline tools, and available benchmarks are all Java-based. Although the overall workflow of
LegaTest is language-agnostic in design, the results may not directly generalize to other program-
ming languages or arbitrary Java projects. Extending the approach to broader contexts remains a
direction for future work.

To mitigate the threat of model dependency, we additionally evaluated LegaTest using a multi-
model setup, incorporating a different LLM backend (i.e., gpt-5-mini). Experiments on a representa-
tive subset of 100 classes show consistent trends across models, indicating that the effectiveness of
LegaTest is largely independent of the specific choice of LLM.
Internal Validity. Threats to internal validity concern the experimental implementation and

causal relationships. The framework incorporates stochastic components, such as LLM-based
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generation and Genetic Algorithm (GA)–driven optimization. To mitigate nondeterministic results,
we performed repeated runs and quality checks.

Regarding the evolutionary components, crossover and mutation serve distinct but complemen-
tary roles within LegaTest: crossover drives global exploration by combining test structures, while
mutation is explicitly designed for local exploitation—fine-tuning elite individuals to reach specific
uncovered branches. We did not conduct a separate ablation study on mutation because, consistent
with evolutionary computation theory, this operator is fundamental for preventing premature
convergence. Removing mutation would structurally compromise the framework’s ability to refine
tests; therefore, its inclusion is justified by its intrinsic theoretical role in sustaining the iterative
optimization process described in RQ3.
Another potential issue is the computational cost comparison. While we provide detailed mea-

surements of runtime and token usage, the experiments do not enforce a unified wall-clock time
budget across tools. This design choice is motivated by the fundamentally different execution
models of SBST-based tools and LLM-based approaches. Strict time limits appropriate for SBST
might interrupt semantically complete LLM generation steps, introducing reproducibility issues.
Future work may explore standardized time-budget evaluations to further strengthen fairness.
Construct Validity. Threats to construct validity relate to the suitability of our evaluation

metrics and experimental design.
First, regarding the use of "fixed" versions: We evaluated LegaTest on the fixed versions of

Defects4J projects, treating them as the ground truth. This design explicitly models a regression
testing scenario[49, 76], where the objective is to capture the stable behavior of the current code to
prevent future regressions. We acknowledge that this assumption implies LegaTest may generate
tests that enforce existing bugs as correct behavior (if they are present in the fixed version). However,
prioritizing the creation of a high-coverage "safety net" for software evolution over latent bug
discovery is a standard trade-off in regression test generation research[16, 49]. Therefore, our results
reflect the tool’s effectiveness in generating robust regression suites rather than its capability to
discover new faults in existing code.

Second, regarding assertion quality, the optimization process may slightly reduce the proportion
of highly complex Level 3 assertions. This reflects a deliberate design trade-off: maintaining a
balanced mix of Level 1 (basic) and Level 2 (property) assertions improves test robustness and
executability during evolution. Importantly, the generated test suites still preserve a significant
portion of meaningful Level 3 checks, ensuring that semantic expressiveness is not sacrificed for
stability.
Third, to validate that these assertions effectively constrain program behavior, we employed

mutation testing. A potential threat lies in the use of a subset of complex classes (identical to those
used in the assertion analysis) and the resulting Mutation Score (46.62%). This score is constrained
by the intrinsic complexity of the target classes, which leads to unavoidable timeouts and coverage
gaps during mutation analysis. To mitigate this threat and ensure a valid assessment of assertion
quality, we rely on Test Strength (76.84%) as the primary indicator. By measuring the kill ratio
strictly within covered paths, Test Strength isolates the effectiveness of the assertions from coverage
limitations, confirming that LegaTest generates assertions capable of detecting actual faults when
the code is exercised.

6 Related works
6.1 Search Based Software Testing (SBST)
Search-based software testing (SBST) employs metaheuristic algorithms to automatically generate
test cases, reducing manual effort and uncovering boundary values and exceptional inputs. A
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variety of tools embody this approach: EvoSuite [17], one of the most widely adopted tools, employs
evolutionary algorithms to generate JUnit test suites aimed at maximizing coverage. Randoop [48]
applies a feedback-directed random strategy, incrementally constructing sequences from previously
executed, non-failing statements. Sapienz [43], developed at Meta, applies multi-objective SBST
to large-scale Android app testing, optimizing for crash detection, coverage, and test efficiency.
Pynguin [41] is a search-based unit test generation framework for Python that leverages evolution-
ary algorithms and supports dynamically typed code. Stoat [65] performs stochastic model-based
testing for Android apps by combining dynamic analysis, static analysis, and Gibbs sampling to
guide UI exploration.

Despite significant progress, SBST still faces notable limitations. Existing methods often generate
boundary-oriented tests with trivial assertions, require costly regeneration after minor code changes,
and struggle in dynamically typed contexts due to reliance on type inference [42]. Complex
constructs—such as nested builders, lambda expressions, generics, or abstract classes—frequently
cause compilation or instrumentation failures, while the stochastic nature of search yields tests
with low readability and maintainability. To address these issues, our tool LegaTest integrates
semantic cues and uncovered code paths to guide test generation. It produces richer assertions
and systematically covers challenging scenarios, including generics, abstract classes, and nested
lambdas. By enforcing BDD-style @DisplayName conventions and the Arrange-Act-Assert pattern,
it enhances readability and maintainability, ultimately delivering more accurate and practical test
cases than conventional SBST techniques.

6.2 LLM-Based Unit Test Generation
Recently, large languagemodels (LLMs) have also been applied to unit test generation, and numerous
studies and tools show their strong potential in automatically producing effective test cases.

6.2.1 Pure LLM-Based Approaches. Most studies focus on leveraging LLMs as the primary engine
for test generation, optimizing performance through prompt engineering, feedback loops, or
fine-tuning. ChatTester [78] leverages structured prompts to guide LLMs in producing unit tests,
showing that prompt engineering can significantly improve quality over naive generation. TestPilot
[58] targets npm packages in JavaScript/TypeScript, using LLMs along with function signatures,
implementations, and documentation examples to generate practical unit tests. ChatUniTest [9]
introduces a refinement loop where LLMs iteratively improve generated tests by analyzing coverage
feedback. CoverUp [3] combines static analysis with LLM prompting to specifically target uncovered
code regions, improving coverage in difficult-to-reach areas. TestART [21] integrates LLM-driven
test generation with automated repair techniques, enabling generated tests to adapt when code
evolves. HITS [70] employs hierarchical prompting strategies to systematically generate diverse test
cases, enhancing coverage and fault detection. SymPrompt [55] augments LLM-based generation
with symbolic execution, steering the model toward semantically meaningful test inputs. AUTOE2E
[2] leverages LLMs to automatically generate feature-driven end-to-end (E2E) test cases for web
applications by inferring potential features and translating them into executable test scenarios.
IntUT [45] guides LLM-based test generation using explicit test intentions, including test inputs,
mock behaviors, and expected results, to systematically produce unit tests. Fine-tuned LLMs for unit
testing [61] apply fine-tuning techniques to LLMs to generate unit tests across different tasks and
benchmarks. STRUT [39] guides LLMs to produce structured test cases, which are then transformed
into executable unit tests.

6.2.2 Hybrid Approaches Combining LLMs with Traditional Techniques. To overcome the limitations
of pure LLM generation, researchers have integrated LLMs with search-based software testing
(SBST), fuzzing, retrieval augmentation, and advanced static analysis. CodaMosa [33] combines LLM
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guidance with search heuristics to prioritize unexplored code regions and guide test generation. UT-
Gen [12] generates a baseline test suite using EvoSuite and then applies LLM-based transformations
to refine it. TestSpark [56] fuses EvoSuite-based search and an IDE-LLM feedback loop to synthesize
compile-valid Java unit tests inside IntelliJ IDEA. RefTest [82] introduces reference-based retrieval
augmentation for unit test generation by retrieving existing tests of related methods under the
Given-When-Then structure, thereby improving the correctness, completeness, and maintainability
of generated tests. LLAMAFUZZ [79] adapts large language models as structure-aware mutators
for grey-box fuzzing by fine-tuning LLMs on effective fuzzing seeds, enabling the generation of
format-valid yet semantically diverse inputs that significantly improve coverage and bug discovery
when combined with AFL++. TitanFuzz [13] treats large language models as zero-shot fuzzing
engines, using prompt-based program synthesis and multi-site code mutation to automatically gen-
erate and evolve deep learning test programs, achieving substantially higher API and code coverage
without model fine-tuning. AwTest-LLM [68] leverages static code analysis to enrich LLM prompts
with structural and dependency information, enabling the generation of compile-valid C++ unit
tests for large-scale autonomous driving systems and improving build success and coverage over
naive prompting. Test4Py [40] enhances LLM-based Python test generation with call graph-guided
parameter summarization, behavior-guided type inference, type-aware prompting, and adaptive
repair to generate semantically valid tests for dynamically typed programs. PALM [10] couples
MIR-level CFG path analysis with LLM prompting: it extracts minimal condition chains for each
execution path, embeds them with contextual dependencies into per-path prompts, and iteratively
repairs compilation errors to yield high-coverage Rust unit tests without fine-tuning. PROBE [34]
extends LLM-based test generation to property-based testing by combining contextual grounding,
cross-function semantic planning, and adversarial refinement to synthesize stronger properties
and expose semantic loopholes in generated tests.

Limitations of Existing Works. While existing LLM-based test generation tools employ various
strategies, including prompt-driven generation, baseline suite refinement, or integration with
SBST—they face notable limitations. For instance, TestPilot does not adapt prompts based on type
information, and UTGen depends on EvoSuite to generate a baseline suite, which cannot handle
many complex classes. More generally, most approaches lack tight integration between search-
based strategies and LLM guidance, depend heavily on external heuristics, and fail to fully exploit
semantic and type information from prior tests. In contrast, LegaTest addresses these shortcomings
through a closed-loop framework that tightly couples a genetic algorithm with LLM guidance,
formulating test generation as an optimization problem: the genetic algorithm efficiently explores
the search space, while the LLM provides semantic reasoning to guide crossover and context-aware
mutation, producing structurally valid, semantically meaningful, and diverse test cases.

7 Conclusion
This paper presents LegaTest, a framework that integrates large language models (LLMs) with
genetic algorithms through a coordinated Generation–Repair-Optimization process to enhance
the quality, semantic soundness, expressiveness of assertions, and maintainability of unit test
generation. We introduce a dual-control prompting mechanism that combines structural analysis
with semantic context to guide LLMs in producing accurate, logically complete, and semantically
meaningful tests. In the optimization phase, LLMs are fused with genetic algorithms in a fitness-
driven evolutionary process augmented by runtime feedback. This enables broader exploration,
reduces redundancy, enhances structural and semantic coherence through LLM-guided crossover,
and supports fine-grained, goal-directed mutation with adaptive control. In the repair phase, a
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hybrid mechanism blends rule-based and LLM-driven strategies under hierarchical success criteria
to incrementally resolve structural and logical errors.
By coordinating LLMs and genetic algorithms during optimization, LegaTest shifts unit test

generation from static prompts to a feedback-driven evolutionary process, improving accuracy,
diversity, and adaptability. LLMs provide semantic reasoning, while iterative evolution ensures
effective global optimization. Practical design features such as BDD-style naming, AAA structuring,
and semantically rich assertions further improve engineering usability. Experiments on five open-
source projects demonstrate that LegaTest achieves higher branch coverage than state-of-the-art
baselines, while also improving readability, correctness, maintainability, and the semantic validation
power of generated assertions.
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A Raw Zero-Shot GPT-5-mini Baseline on the Selected Subset
To complement the evaluation on the selected subset under the GPT-based setting, we additionally
report a raw zero-shot GPT-5-mini baseline. We report line coverage, branch coverage, method
coverage, and the average number of test cases.
Table 7 presents the results of the raw zero-shot GPT-5-mini baseline, together with the GPT-

based results of LegaTest (Initial), the full version of LegaTest, ChatUniTest, UTGen, and EvoSuite
on the same selected subset.
Table 7 reports the additional raw zero-shot GPT-5-mini baseline on the selected subset under

the GPT-based setting. The results show that raw zero-shot GPT-5-mini is a meaningful baseline: it
outperforms some existing baselines on several projects, indicating that a strong general-purpose
LLM can already provide non-trivial test generation capability on this subset. However, it still
remains clearly below both LegaTest (Initial) and the full version of LegaTest. In the “Total”
row, raw zero-shot GPT-5-mini achieves 49.71% line coverage, 43.15% branch coverage, and 55.11%
method coverage, compared with 73.21%, 62.74%, and 79.20% for LegaTest (Initial), and 84.05%,
72.90%, and 89.82% for the full version of LegaTest. These results suggest that the improvements
of LegaTest cannot be explained solely by using a strong GPT backend in a raw zero-shot manner,
but instead come from the proposed structured generation and iterative optimization design.
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Table 7. Coverage Results on the Selected Subset under the GPT-based Setting, with an Additional Raw

Zero-Shot GPT-5-mini Baseline. EvoSuite is LLM-agnostic; its results are therefore identical to those reported

in the main text.

Project Name Method Line Coverage (%) Branch Coverage (%) Method Coverage (%) Avg. # Test Cases

Math_5f

Raw Zero-Shot GPT-5-mini 44.00 35.29 49.73 8.18
LegaTest (Initial) 59.53 46.48 69.16 20.54
LegaTest 75.02 59.80 81.30 21.63
ChatUniTest 11.38 8.76 10.76 19.28
EvoSuite – – – –
UTGen – – – –

Collections_25f

Raw Zero-Shot GPT-5-mini 71.77 69.64 72.94 6.89
LegaTest (Initial) 78.31 74.59 80.60 16.67
LegaTest 87.91 83.53 89.33 19.96
ChatUniTest 34.94 32.75 35.89 32.08
EvoSuite 65.56 60.59 69.23 18.30
UTGen 30.67 26.31 34.95 9.87

Lang_6f

Raw Zero-Shot GPT-5-mini 47.73 41.76 54.64 9.59
LegaTest (Initial) 78.66 68.83 83.69 17.92
LegaTest 89.86 78.94 96.06 24.07
ChatUniTest 28.31 28.03 27.23 33.12
EvoSuite 80.81 74.71 83.39 30.39
UTGen 48.62 42.13 51.89 7.91

Compress_6f

Raw Zero-Shot GPT-5-mini 32.92 26.87 43.11 5.76
LegaTest (Initial) 60.12 50.45 71.04 10.86
LegaTest 67.61 58.23 78.14 15.69
ChatUniTest 46.87 43.06 50.78 19.25
EvoSuite 66.65 65.04 76.36 17.38
UTGen 40.47 37.54 57.60 9.83

Csv_16f

Raw Zero-Shot GPT-5-mini 3.85 0 3.85 3
LegaTest (Initial) 83.38 62.01 92.93 13.35
LegaTest 93.16 74.14 99.58 21.30
ChatUniTest 62.45 46.03 64.21 15.65
EvoSuite 93.54 87.43 100.00 25.30
UTGen 48.08 43.13 50.00 19.00

Commons_Cli

Raw Zero-Shot GPT-5-mini – – – –
LegaTest (Initial) 68.71 47.93 78.69 14.64
LegaTest 84.29 70.13 92.03 22.50
ChatUniTest 55.52 42.39 52.56 21.39
EvoSuite 81.65 71.53 87.70 41.77
UTGen – – – –

Commons_Csv

Raw Zero-Shot GPT-5-mini 29.13 16.32 34.09 4
LegaTest (Initial) 64.23 36.53 71.63 14.28
LegaTest 82.55 53.57 88.47 23.01
ChatUniTest 34.13 25.00 39.20 26.25
EvoSuite – – – –
UTGen – – – –

Ecommerce

Raw Zero-Shot GPT-5-mini 86.21 – 86.67 5
LegaTest (Initial) 83.60 – 84.18 8.35
LegaTest 100.00 – 100.00 13.91
ChatUniTest 7.69 – 8.92 11.70
EvoSuite – – – –
UTGen – – – –

Binance

Raw Zero-Shot GPT-5-mini 10.38 5.27 14.60 3.9
LegaTest (Initial) 73.96 46.63 81.59 12.97
LegaTest 75.72 49.60 88.47 19.23
ChatUniTest 28.15 0.00 27.11 24.70
EvoSuite – – – –
UTGen – – – –

Total

Raw Zero-Shot GPT-5-mini 49.71 43.15 55.11 7.60
LegaTest (Initial) 73.21 62.74 79.20 16.15
LegaTest 84.05 72.90 89.82 20.98
ChatUniTest 31.82 29.22 32.22 27.53
EvoSuite 74.01 68.93 78.46 24.69
UTGen 41.51 36.41 47.73 9.17
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