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Abstract—Unit testing is essential for software quality assur-
ance, yet writing and maintaining tests remains time-consuming
and error-prone. To address this challenge, researchers have
proposed various techniques for automating unit test generation,
including traditional heuristic-based methods and more recent
approaches that leverage large language models (LLMs). How-
ever, these existing approaches are inherently path-insensitive
because they rely on fixed heuristics or limited contextual
information and fail to reason about deep control-flow structures.
As a result, they often struggle to achieve adequate coverage,
particularly for deep or complex execution paths. In this work,
we present a path-sensitive framework, JUnitGenie, to fill this
gap by combining code knowledge with the semantic capabilities
of LLMs in guiding context-aware unit test generation. After
extracting code knowledge from Java projects, JUnitGenie distills
this knowledge into structured prompts to guide the generation
of high-coverage unit tests. We evaluate JUnitGenie on 2,258
complex focal methods from ten real-world Java projects. The
results show that JUnitGenie generates valid tests and improves
branch and line coverage by 29.60% and 31.00% on average over
both heuristic and LLM-based baselines. We further demonstrate
that the generated test cases can uncover real-world bugs, which
were later confirmed and fixed by developers.

Index Terms—Unit Test Generation, Large Language Models,
Path-sensitive Analysis, AI for SE

I. INTRODUCTION

Java remains a dominant programming language in 2025,
with over 90% of Fortune 500 companies employing it for their
software development needs [1]. Ensuring code quality [2],
identifying bugs [3]-[5], and maintaining code [6] become
challenging for Java developers as software grows in complex-
ity. In practice, developers use unit testing (i.e., a white-box
testing technique) as a cornerstone to ensure that their code is
correctly implemented. Unit testing plays an important role in
software development as: 1) it allows for early bug detection,
avoiding exponential costs in production; 2) it is fast, meaning
developers can run it frequently whenever a change is made
without slowing down the development process; 3) it serves
as a form of documentation, as every unit test explains how
individual units of code are expected to behave.

Given the aforementioned advantages, ideally, every func-
tion in a Java software project should be covered by unit
tests. However, writing and maintaining unit tests is a non-
trivial and time-consuming task, especially as modern soft-
ware evolves rapidly [7], [8]. For many developers, it can
take up around 15.8% of total development time, adding a
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noticeable overhead to the development process [9]. To tackle
this challenge, researchers began exploring ways to automate
the generation of unit tests, aiming to boost code coverage
and improve development efficiency [10]-[17]. For example,
Fraser et al. [10] proposed EvoSuite, which uses evolutionary
algorithms to generate test suites that maximize code and
statement coverage. Although EvoSuite speeds up automation
in unit test generation, it achieves only 28% average branch
coverage on real-world projects [18], struggling with methods
that have semantic complexity (e.g., loops, recursion, non-
trivial constraints). To address this problem, Xiao et al. [15]
further present an approach to leverage symbolic execution in
enabling structural test generation. Although the technique has
been demonstrated effective on small to medium benchmarks,
just like other symbolic execution tools, its scalability to large
industrial codebases with deeply nested structure is limited.
In addition, with the rise of recent large language models
(LLMs), researchers started to explore LLMs’ capabilities
in code understanding to automatically generate unit tests.
Specifically, Yuan et al. [19] and Chen et al. [20] simply feed
LLMs with the implementation of focal methods (i.e., target
methods for testing), together with the peer methods declared
in the same class. Their experiments demonstrate that LLMs
are able to handle diverse programming structures as they are
trained on a wide range of code examples.

To the best of our knowledge, the state-of-the-art (SOTA)
LLM-based tools are only as good as the data they are
trained on and do not possess true symbolic reasoning abilities,
i.e., the ability to reason about program constraints such
as determining input values to satisfy a branch condition.
As a result, they fail to generate tests that require precise
reasoning about the program’s behavior, leading to incorrect or
incomplete test case generation. In addition, these approaches
do not incorporate path-sensitive analysis, making it difficult
to reason about multiple execution paths, especially when
control-flow branches or deeply nested structures are involved.
Moreover, these SOTA methodologies are often prompted with
isolated method implementations with limited context, which
limits their ability to generate meaningful unit tests and reach
deeper execution paths. Even with full context, the SOTA tools
often require excessive prompt content, which distracts the
models’ focus from the focal method, resulting in poor code
coverage and low-quality test generation [21], [22]. Indeed,
despite these existing works, a fundamental question remains



unresolved: How can we enable path-sensitive unit test

generation through concise LLM prompts?

To address this, we design and implement JUnitGenie, a
path-sensitive framework that guides LLMs in generating high-
coverage test cases with minimal cognitive overhead, i.e., by
supplying only the essential context needed while filtering
out irrelevant information. Specifically, we first build a code
knowledge base (CKB) by extracting contextual knowledge
(i.e., type information, control flow, and data dependencies)
from a Java project under testing. We then traverse each
method one control-flow path at a time, retrieve path-specific
context from the CKB, and distill it into explicit instructions
to guide test generation for that specific path. JUnitGenie
applies multi-round refinement to resolve compilation and
runtime errors, iteratively generating test cases that are both
syntactically correct and executable.

Experimental results on thousands of methods under testing
from real-world projects show that JUnitGenie is effective in
generating test cases for Java projects. It achieves a 69.88%
success rate in generating valid cases, outperforming both
heuristic approaches [23], [24] and LLM baselines [19],
[25], [26], with 16.02-48.00% higher branch coverage and
20.08-49.25% higher line coverage, and the most tests gener-
ated. Our ablation study further reveals that simply providing
abundant context can be counterproductive, as it may over-
whelm the model and dilute its focus. Combining contex-
tual knowledge distillation with refinement achieves the best
performance, yielding an additional 22.42% improvement in
branch coverage and 22.75% in line coverage, highlighting
the importance of path sensitivity and the need for context
that is both sufficient and precise to generate executable tests.
Moreover, we assess the generalizability of JUnitGenie across
four foundation models. JUnitGenie consistently improves
both branch and line coverage across all models by effectively
leveraging structured context and iterative refinement. It’s also
worth noting that JUnitGenie also uncovers four major bugs in
real-world, which were promptly fixed by developers, demon-
strating JUnitGenie’s practical usage in software development.
Overall, this work makes the following main contributions:
We enable path-sensitive unit test generation by identify-
ing three types of contextual knowledge: type information,
control flow structure, and data dependencies, which can
effectively guide LLMs.

o We present JUnitGenie, a reusable framework that extracts
contextual code knowledge and distills it into explicit in-
structions to guide LLMs in generating high-coverage unit
tests with minimal cognitive overhead.

« We conduct an extensive evaluation to demonstrate the effec-
tiveness of JUnitGenie: (i) it significantly outperforms state-
of-the-art tools across real-world Java projects; (ii) ablation
studies confirm the contribution of knowledge distillation
and test case refinement; (iii) the approach generalizes
well across popular foundation models; (iv) it successfully
uncovers real bugs in production code.

The source code and experimental results are all made
publicly available in our artifact package: [Link].
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II. MOTIVATION

Our research fellows have put efforts in developing au-
tomatic unit test generation tools to enhance testing cov-
erage, efficiency, ensuring overall software quality in Java
applications [19], [23]-[26]. These approaches either leverage
heuristic rules or Al-driven methods to achieve their purpose.
Unfortunately, heuristic approaches rely on pre-defined rules
to guide their test generation processes, lacking the capability
of semantic reasoning, which makes them short of handling
interdependent program constraints. For example, the SOTA
search-based technique, EvoSuite [23] may explore large, ir-
relevant input spaces and stall in cases where precise values are
needed, leading to poor coverage in such scenarios. Similarly,
Randoop [24] generates tests by randomly combining method
calls without understanding the program’s logic or the value
of required inputs. This randomness makes it unlikely to
produce specific values or sequences needed to satisfy complex
constraints. As a result, tests often fail early and provide
limited coverage for deeper or more constrained code paths.

On the other hand, researchers have begun utilizing the
semantic understanding capabilities of LLMs to generate test
cases, as seen in representative works such as ChatTester [19],
CoverUp [25], and HITS [26]. While those LLM-based ap-
proaches show promising improvement when compared to tra-
ditional heuristic approaches, these approaches still struggle to
achieve satisfactory code coverage on real-world projects [27]
for two main reasons: (1) they overlook critical information
required to generate effective tests, such as type annotations,
control-flow structures, and nested data-flow dependencies,
forcing the model to infer missing semantics; and (2) they
indiscriminately include the full implementation of the focal
method (i.e., the core method being tested), together with all
dependent method implementations without any filtering or
relevance analysis. This overwhelms the LLM with excessive
and irrelevant code, ultimately hindering its ability to focus
and generate effective unit tests, especially for exercising
deeper execution paths.

Therefore, we argue that there is a need to provide path-
sensitive and concise contextual information to LLMs to
enable more effective and accurate test generation. We now
present a concrete example in Fig. 1 to further elaborate.
Fig. 1 showcases a simplified code snippet excerpted from the
Java project commons-codec, incorporating the focal method
DoubleMetaphone.conditionC0() along with its calling context
and dependent code knowledge. The left section outlines
required contextual knowledge needed to generate executable
unit tests for the API under testing. Specifically, lines 11 to 17
show the implementation of the focal method conditionC0(),
which includes three conditional statements. Its control flow
logic is further detailed in the right section of Fig. 1, beginning
with a method call to contains() (i.e., line 9 in Fig. 1). If
true, the method returns immediately. If not, it proceeds to the
second conditional check on the value of index (i.e., line 14
in Fig. 1). When index < I, another early return is triggered.
Otherwise, the flow continues by computing a character via
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Fig. 1: Motivating example.

method charA#() (i.e., line 8 in Fig. 1) and passing it to
isVowel() (i.e., line 6 in Fig. 1). The final condition again
determines whether the method returns true or false.

To generate executable unit tests for the focal method
conditionCO() with high coverage, one needs to incorporate
three critical elements of contextual code knowledge: (1) Type
information, which determines how the test should invoke the
focal method. This includes handling access modifiers (e.g.,
private, protected, abstract), instantiating the host class based
on its declaration, and considering inheritance and polymor-
phism (e.g., abstract superclasses, overridden methods, and
dynamic dispatch); (2) Control-flow information, which cap-
tures the full spectrum of execution paths. Each path is defined
by conditional statements and requires tailored input values
to achieve full coverage; (3) Data-flow dependencies, which
must be analyzed to construct valid inputs that satisfy path
constraints. This involves understanding how values propagate
through constants, fields, and method calls that influence the
behavior of conditional branches.

Given that traditional heuristic approaches (e.g., EvoSuite,
Randoop) are designed on top of pre-defined rules or random
strategies to explore input spaces, they struggle to reason about
control flow or handle complex type constraints. For instance,
EvoSuite fails to generate any valid tests for conditionCO()
as it cannot mutate inputs to satisfy the condition at line 12
in Fig. 1, causing the search algorithm to stall. In addition,
the SOTA LLM-driven methods (e.g., ChatTester, CoverUp
and HITS), typically naively include the implementation of
focal method with limited context in the prompt, without
providing explicit instructions to guide the LLM in generating
effective test cases. This distracts the model and leads it to
ignore critical elements such as type information, control flow,
and data dependencies, which are essential for achieving high
coverage, resulting in invalid or shallow tests that fail to cover
paths with complex constraints or dependencies. For instance,
CoverUp fails to cover line 13 in Fig. 1 due to missing
control-flow and data-flow context. Reaching this line requires
inputs that bypass the condition on line 12, which depends
on understanding the behavior of contains() and requires
explicit instruction in the prompt. To summarize, the lack
of deep understanding of the structural and semantic context
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of focal method hinders SOTA tools from achieving high
coverage. In this work, we propose to generate unit tests by
learning contextual code knowledge and guiding LLMs with
structured representations of type, control-flow, and data-flow
information to enable effective and accurate test generation.

III. APPROACH

The ultimate goal of our work is to enable path-sensitive
unit test generation by providing minimal yet effective con-
textual code knowledge (i.e., type, control-flow, and data-
flow information) to LLMs, thereby achieving better coverage.
Fig. 2 outlines the process of JUnitGenie, which is made
up of three modules: Context Knowledge Extraction, Context
Knowledge Distillation, and Test Generation with Feedback
Loop Refinement. We elaborate on each module below.

The first module, Context Knowledge Extraction, takes as
input a Java project and extracts comprehensive code knowl-
edge from the source code. Here, we collect Type information
(including method signature, access modifiers, class hierarchy
information), and compile it into bytecode to build a call graph
to retrieve control-flow information and data-flow dependen-
cies. This extracted information is stored in a Code Knowledge
Base (CKB), which serves as a foundation for subsequent test
generation by enabling efficient, targeted context retrieval.

The second module, Context Knowledge Distillation, gen-
erates executable calling contexts for all CFG paths of a focal
method. Since a whole CFG may involve numerous constraints
and dependent methods, exhaustively analyzing all paths can
lead to exponential computational overhead and inflate the
prompt which scatters the LLM’s attention. So JUnitGenie
traverses each CFG path individually and retrieves the minimal
required calling context (i.e., type information, control-flow
structure, and data-flow dependencies) from the CKB. By
isolating path-sensitive information, JUnitGenie reduces the
prompt complexity and LLM reasoning burden. The distilled
context enables path-sensitive reasoning by providing guidance
that is both sufficient and concise for unit test generation.

The third module, Test Generation with Feedback Loop
Refinement, takes the distilled calling context as input and
composes it into a structured prompt, which is then submitted
to an LLM to generate unit test cases. As the generated tests
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Fig. 2: The working process of our approach.

may contain compilation or runtime errors (e.g., missing im-
ports or incorrect class references), JUnitGenie captures error
messages and iteratively refines the generated tests through a
feedback loop until a fully executable test case is produced.
We now detail these three modules of JUnitGenie below.

A. Context Knowledge Extraction

As shown in Fig. 2, the first module of JUnitGenie,
namely Context Knowledge Extraction, extracts structured
code knowledge from a Java project to support subsequent
modules. Specifically, it extracts the following information:

1) Type information: Here, we leverage JavaParser [28],
which can effectively extract both structural (e.g., method dec-
larations) and semantic (e.g., inheritance relationships) code
knowledge by parsing the source code. Specifically, we extract
type information including method signatures (i.e., method
names, return types, and parameter types), access modifiers
(e.g., public, private), and class hierarchy information (e.g.,
superclass and implemented interfaces). These features are
critical for understanding how caller instances can be properly
instantiated or interacted with during test generation. For
example, the access modifiers determine whether a method can
be directly accessed or must be invoked reflectively. Similarly,
class hierarchy information reveals whether a class is abstract
(thus requiring a concrete subclass for instantiation) or whether
a method is inherited or overridden, which affects how test
inputs should be constructed and how method dispatch should
be handled. This information ensures that generated tests
respect the structural constraints of the code and can execute
the focal methods in a valid runtime context.

2) Control-flow information: We then use SootUp [29],
which offers precise features for code analysis. In particular,
it supports 3-address code intermediate representation Jimple
and accurate call-graph construction algorithm Spark [30].
On top of SootUp, JUnitGenie decomposes Java programs
into Jimple and decomposes expressions into control flow
graph (CFG) paths, modeling method calls as atomic nodes
and logical operators as branching edges. Each path has
distinct guard conditions, enabling input synthesis for diverse
execution scenarios. When extracting paths from a CFG, if a
loop is encountered (i.e., a node reappears), we only keep the
first iteration to preserve the loop’s logic, and skip subsequent
visits within the same path to prevent infinite path extraction.

3) Data-flow dependencies: We again adopt SootUp to
extract data-flow information such as variable definitions, field
accesses, and dependent method calls to capture how values
may influence branching conditions. Specifically, dependent
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methods are those whose return values affect subsequent
control decisions or outputs. For example, as shown in Fig. 1,
the return value of contains() (i.e., line 12) determines whether
the method proceeds to the following return true statement
at line 13. In addition, JUnitGenie also considers dependent
variables, including parameters, local variables, and static
fields whose values are referenced in conditional statements
within the focal method. For instance, the static string variable
VOWELS is used in isVowel() to determine whether a character
belongs to the set of vowels, thereby influencing the outcome
of the conditional branch at line 16. Understanding this
context knowledge and their data flow enables LLM to assign
appropriate values to variables when constructing test inputs.
Together, these dependencies provide a detailed view of how
data influences control flow, allowing JUnitGenie to generate
inputs that satisfy path-specific conditions and fully exercise
the focal method’s behavior.

All structured code knowledge is then stored in a Neo4J
graph database [31], which supports efficient querying and
retrieval by subsequent modules. Rather than relying on ad-
hoc analysis during test generation, the Code Knowledge
Base (CKB) offers rapid access to relevant context, thereby
improving both the scalability and accuracy of JUnitGenie.

B. Context Knowledge Distillation

The second module statically constructs concise calling
contexts for a given focal method, enabling LLMs to under-
stand its execution behavior with minimal cognitive overhead.
To achieve this, JUnitGenie leverages the control flow graph
(CFG) to identify the contextual code knowledge required
for the target method under test. Here, a CFG represents the
control flows within a single method, where nodes correspond
to statements (or a set of sequential statements), and edges
represent control transitions such as conditionals and loops.
The CFG enables path-sensitive analysis in JUnitGenie by
explicitly capturing distinct execution branches.

JUnitGenie traverses each control-flow path of the focal
method, capturing its diverse execution scenarios. For each
path, it selectively retrieves the relevant type, control-flow, and
data-flow information specific to that path, ensuring the prompt
is both sufficient and concise. Since a single path’s contextual
code knowledge (e.g., types, control flow, data dependencies)
can be complex, triggering a specific statement (e.g., line 17
in Fig. 1) may require inputs that satisfy conditions defined
earlier (e.g., line 16 in Fig. 1), which in turn depend on the
return value of a dependent method (e.g., isVowel). Including
the full implementation of methods like isVowel would over-



whelm the prompt, distracting LLMs. To reduce complexity,
we introduce a distillation step to prune the calling context,
retaining only the minimal code required to trigger each target
path. This is achieved through three strategies:

a) Focal Method Invocation Control: Given that the JVM
supports three types of method invocation (static call, special
call, and virtual call), we design a targeted handling strategy
to ensure correct invocation under different scenarios.

« Static calls are used for methods marked with the static
modifier. If the method is public, it can be invoked directly
via ClassName.method(...). For non-public static methods,
reflective invocation is required to bypass access restrictions.

o Special calls cover constructors and private methods. Con-
structors are handled by creating instances via direct instan-
tiation, while private methods are invoked via reflection [32].

« Virtual calls are instance method invocations that support
polymorphism. In such cases, the target method is resolved
through dynamic dispatch based on 1) the runtime type of
the receiver object and 2) the method signature at the call
site. Here, the dynamic dispatch process traverses the class
hierarchy of the receiver type to select the overriding method
in the lowest subclass that matches the call site’s signature.
If the resolved method is inaccessible from the test class
(e.g., private, package-private, or protected), JUnitGenie
marks the call for reflection to ensure correct invocation.
This strategy enables robust and accurate method invo-

cation across diverse method types and access constraints,

in accordance with JVM execution semantics. Importantly,

JUnitGenie targets methods at all access levels, as both public

and non-public (e.g., private) methods may contain faults

and thus require unit tests. Moreover, other SOTA heuristic

[23], [24] and LLM [19], [25], [26] baselines also support

non-public methods via reflection, either explicitly (through

configurations) or implicitly (through prompt design, where
the LLM is instructed or trained to generate reflection code
when needed). Here, reflection is used to access methods
not normally visible (e.g., private methods) so they can be
invoked without modifying the source code. In our design,
this stage relies entirely on static analysis. It examines method
modifiers and class hierarchy to determine reflection needs.

The resulting information is embedded into LLM prompts

as guidance. When it comes to generating tests for private

methods, the LLM inserts reflection code into generated tests,
and these reflective calls are executed at test runtime.

b) Dependent Variable Collection: Given a CFG path, its
control flow may be influenced by variables defined outside
the focal method. To ensure the intended execution of the path,
it is necessary to assign appropriate values to these variable
dependencies. JUnitGenie achieves this by identifying all
referenced dependent variables along the path and collecting
their declarations and access modifiers. If a dependent variable
is not public, JUnitGenie instructs the model to use reflection
to modify its value accordingly.

1Our empirical study shows that, out of all generated tests, EvoSuite,

Randoop, ChatTester, CoverUp, and HITS produced 338, 242, 915, 1,141,
and 213 reflection-based tests for private focal methods, respectively.
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c) Dependent Method Constraint Resolution: In the im-
plementation of a focal method, the control flow may depend
not only on variables but also on return values of other
methods, referred to as dependent methods. For path-sensitive
test generation, it is crucial to construct inputs that can exercise
specific execution paths within the focal method. To facilitate
this, JUnitGenie first identifies the return statement of each
dependent method and any intermediate statements along the
call chain that may influence the returned value. JUnitGenie
then traverses the CFG of each dependent method to identify
all execution paths that are capable of producing the desired
return value. These paths are used to guide the generation of
inputs capable of triggering the desired behaviors of the target
path in the focal method. As this step may still yield multiple
feasible paths, JUnitGenie then goes a step deeper to select
the simplest path, in order to minimize the LLM’s reasoning
time and resource usage. Here, simplicity is defined by the
following criteria: the selected path should involve the fewest
additional dependent methods, rely on the minimal number of
dependent variables, and have the fewest statements.

« Minimal Dependent Methods: the selected path should
involve the fewest additional dependent methods;

o Minimal Dependent Variables: the selected path should
involve the minimal number of dependent variables;

« Shortest Path Length: the selected path should have the
fewest statements.

This yields a control-flow path that satisfies the return con-
straints of the dependent method while minimizing the number
of involved dependencies and the overall path complexity.

Given an optimal control-flow path within a dependent
method, JUnitGenie determines parameter values necessary to
follow that path and yield the expected return. We formulate
this task as a constraint-solving problem: based on the selected
CFG path and return constraint, the LLM is prompted to
infer parameter predicates that satisfy the path’s execution
conditions. If the selected path involves further dependent
calls, JUnitGenie recursively applies the Dependent Method
Constraint Resolution process until all constraints are resolved.
For example, to reach the branch at line 16 in Fig. 1,
isVowel(...) must return true. Since isVowel returns true when
indexOf{...) # —1, JUnitGenie selects a CFG path in indexOf
that ensures a return value # —1. It then derives the parameter
constraints required to execute that path. Any input satisfying
these constraints makes indexOf return # —1, which in turn
makes isVowel return true, thereby reaching the target branch.

When the same dependent method is invoked multiple times
along a single CFG path, each invocation may require different
return values for the CFG path to execute successfully. We an-
alyze each invocation to determine what parameter constraints
(e.g., parameter > 3, parameter < 5) would produce these
required return values. Then we compute their intersection. If
the intersection is empty, the path is discarded. If non-empty,
the intersection (e.g., 3 < parameter < 5) becomes the final
parameter constraint, ensuring all invocations are satisfied.
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Fig. 3: A running example of JUnitGenie.

C. Test Generation & Feedback Loop Refinement

With the distilled context knowledge, JUnitGenie generates
unit tests via an iterative pipeline where structured prompts
are submitted to an LLM, and the outputs are refined through
error checking until valid and runnable tests are obtained.

a) Prompt Construction: The process begins with
Prompt Construction, where JUnitGenie transforms the dis-
tilled context knowledge into a structured prompt comprising
three key components, as illustrated in Fig. 3 (8):

o @persona: Instructs the model to behave as an expert Java
developer tasked with writing unit tests.

+ @terminology: Defines domain-specific concepts to ensure
consistent and precise references throughout the prompt.

o @instruction: Provides structured execution guidance:

— @command: A four-step chain-of-thought (CoT)
prompting strategy [33]: (i) analyze the focal method and
its CFG path; (ii) determine the correct invocation form
(e.g., Class.method(...) for static methods); (iii) create
or modify variables to satisfy control-flow conditions;
(iv) construct input values that fulfill the parameter
constraints of dependent methods.

@rule: Enforces generation constraints, such as avoiding
duplication of the focal method, assuming the test class
resides in the fest directory, and using the JUnit library.

To maintain input clarity and eliminate bias, JUnitGenie adopts
a zero-shot prompting approach, which encourages the LLM to
focus solely on the structured prompt without reference to in-
context examples. Due to page limits, all AI prompt templates
are provided in the prompts/ directory of the artifact [34].

b) Feedback Loop Refinement: The generated tests may
fail to compile or trigger runtime exceptions, often due to
inaccuracies in generation (e.g., hallucinated LLM-inferred
parameter predicates, missing dependencies, or type mis-
matches). To address this, JUnitGenie applies a two-stage
generate—validate—repair loop with up to five refinement at-
tempts per test (default). 1) Syntax validation and repair:
The generated test is first compiled using javac [35]. If
compilation fails, JUnitGenie collects the compiler diagnostics
along with the faulty source code and forwards them to
the Refinement module, which produces a corrected version.
This process repeats until the test compiles successfully. 2)
Runtime validation and repair: Once compiled, the test is
executed via JUnit to verify if the focal method is reachable.
On runtime exceptions, the stack trace and source are sent
to the Refinement module for automated repair. This process
iterates until the test runs without error. This step ensures that
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no exceptions are thrown before reaching the focal method,
allowing it to be executed as intended.

D. Running Example

To illustrate JUnitGenie’s workflow, Fig. 3 presents a step-
by-step example for generating a test case targeting condi-
tionCO. Fig. 3 (1) shows its CFG, with the red-highlighted
path [0]—[1]—[2]—[3]—[7]. To reduce LLM cognitive load,
JUnitGenie processes one path at a time and retrieves three
types of context: (2) type information, (3) control-flow con-
straints (e.g., to traverse edge [2]—[3], the condition if (var
== true) must yield false, hence var must be false); and (4)
data dependencies (e.g., var is the return value of contains(...),
therefore contains(...) must return false when var is required
to be false). These are distilled into structured instructions.
Since conditionC0 is non-static and private, it must be invoked
via reflection as shown in (5). The host class is public, non-
abstract, and has a no-argument constructor, so it can be
instantiated with new DoubleMetaphone(). Variable analysis
in (6) finds no relevant data along this path and is skipped.
JUnitGenie then resolves constraints for the dependent method
contains() in (7), which must return false to satisfy the
branch condition at node [2]. Among its six CFG paths, four
return false; JUnitGenie selects the shortest valid one, which
returns false when index < 0. Thus, index must be negative,
while value is unconstrained. Finally, JUnitGenie assembles a
structured prompt in (8) using the focal method, selected CFG
path, and distilled context. Driven by this prompt, the LLM
generates executable tests, one of which is shown in (9).

IV. EVALUATION

JUnitGenie automates unit test generation by extracting
and distilling contextual knowledge, enabling the LLM to
reason about and explore deeper control- and data-dependent
paths within the focal method. To assess its effectiveness, we
propose to answer the following research questions (RQs):

« RQ1 How effective is JUnitGenie in generating executable
unit test cases and how does it compare with existing tools?

« RQ2 What types of contextual knowledge contribute most
significantly to improving the performance of LLMs in
automated test generation?

« RQ3 How well does JUnitGenie generalize across different
foundation models for automated test generation?

Experiments are conducted on a 16-core workstation with
Intel Xeon Gold 6226R CPU @ 2.90GHz, 192GB RAM, and
8XNVIDIA A800 80GB GPUs, running Ubuntu 20.04.1 LTS.



TABLE I: Java projects used for evaluation.

Project Name Abbreviation | Version | # Methods | # Classes
commons-codec CodeC 1.18.1 132 45
commons-collections Collections 4.5.0-M4 261 112
€cOmMMmons-compress Compress 1.28.0 294 133
commons-csv CSV 1.13.1 52 6
jackson-core JCore 2.19.0 280 62
jackson-databind JDataBind 2.19.0 329 143
jackson-dataformat-xml JXML 2.19.0 113 22
commons-jxpath JxPath 1.4 247 75
commons-lang Lang 3.18.0 283 70
joda-time JodaTime 2.13.1 267 94
Total - - 2,258 762
A. Dataset

To evaluate the effectiveness of JUnitGenie, we use real-
world Java projects from Defects4] [36], a widely adopted
benchmark for automated testing research. We use the latest
versions of these projects to reflect modern development
practices. In addition, we observe Defects4]J includes 17 Java
projects with varying JDK requirements. To ensure a consis-
tent and controlled experimental environment, we standardize
on JDK 8 as the target platform, given its continued prevalence
in open-source libraries and enterprise systems [37]-[39].
Based on this criterion, we exclude five projects (JFreeChart,
Commons-CLI, Gson, Jsoup, and Math) that require JDK
versions beyond 8 and cannot be compiled under our configu-
ration. Additionally, we exclude two projects (Mockito and
Closure-Compiler) that are not Maven-based and therefore
cannot be built using our toolchain. As a result, 10 Java
projects remain and are used as our experimental dataset, as
shown in Table I.

Within these 10 projects, not all methods are equally mean-
ingful for evaluating test generation tools. Specifically, meth-
ods with trivial logic (e.g., no branching or dependencies) can
be easily covered by naive approaches and fail to showcase the
strengths of advanced tools. To ensure rigorous evaluation, we
focus on methods that are both challenging and representative
of real-world complexity. Specifically, we select focal methods
that meet two criteria: 1) contain at least one branching
condition; and 2) have data dependencies on variables or
methods defined outside its own body. These filters yield
8,367 candidate methods across the 10 projects. However,
generating tests for all would incur significant computational
and token costs. To balance cost with statistical significance,
we randomly sample” a subset of methods from each project,
as summarized in Table I. Hence, the overall dataset contains
2,258 focal methods spread across 762 classes.

B. RQI-Effectiveness

Our first research question concerns the effectiveness of
JUnitGenie in test case generation. To this end, we evaluate
JUnitGenie by measuring its ability to produce valid tests and
comparing its performance with existing SOTA tools. Here, we
consider a test case to be valid if (1) the generated code snippet
can be successfully compiled and (2) it does not throw an
exception before the execution point of the focal method. The
first condition ensures that the test case is syntactically correct.

The second condition guarantees that the execution context of
2The sample size is determined based on a confidence level at 95% and
a confidence interval at 5 (https://www.surveysystem.com/sscalc.htm).
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Fig. 4: Comparison of (a) valid generated tests and (b) test generation
time across all projects.

the focal method under test is properly constructed so that the
method can be successfully reached during execution.

In addition, for the comparison with SOTA tools, we
include both heuristic test case generation approaches (i.e.,
EvoSuite [23] and Randoop [24]) and LLM-driven methods
(i.e., ChatTester [19], CoverUp [25], HITS [26]) as baselines to
evaluate our approach. We run EvoSuite v1.2.0 and Randoop
v4.3.3 with default configurations, and execute all LLM-based
methods using GPT-40-Mini [40] as the foundation model.

To compute coverage, we discard non-compilable tests and
then measure coverage with JaCoCo, consistent with prior
studies [19], [26]. We then break down the results as follows:

TABLE II: Number of valid test cases generated by each tool.

Tool EvoSuite Randoop ChatTester CoverUp HITS  JUnitGenie
# Generated Tests 3,398 4,192 6,324 7,971 8,351 20,305
# Valid Tests 3,232 4,018 3,136 3,958 4,756 14,190

# Success Rate 95.11% 95.85% 49.59% 49.65%  56.95% 69.88%

Result. Across 2,258 focal methods, JUnitGenie identifies
and analyzes 14,132 CFG paths, with an average of 6.26 per
method. From these paths, JUnitGenie generates 20,305 test
cases. After compilation and execution, 14,190 are identified
as valid (i.e,, 6,115 of them are invalid), giving a success
rate of 69.88% in generating valid test cases. Compared to
other LLM-based tools, JUnitGenie achieves both the highest
number of valid test cases and the highest success rate. While
heuristic-based tools such as EvoSuite and Randoop attain
higher success rates (95.11% and 95.85%, respectively), their
total number of valid test cases they produce is significantly
lower. This indicates that JUnitGenie strikes a better balance
between generation volume and test validity, demonstrating its
practical effectiveness in automated test generation at scale.
For fairness, we verified that the baseline tools also generate
tests that explicitly treat private methods as focal methods and
invoke them via reflection, consistent with JUnitGenie.

In addition, Table II reports the number of valid test cases
generated by each tool. Specifically, EvoSuite and Randoop
generate 3,232 and 4,018 valid tests, while LLM-based tools
ChatTester, CoverUp, HITS, and JUnitGenie produce 3,136,
3,958, 4,756, and 14,190 valid tests, respectively. These results
highlight the superior effectiveness of JUnitGenie in generat-



TABLE III: Branch/line coverage across approaches. “—” denotes no test cases were generated by the tool.

Project EvoSuite Randoop ChatTester CoverUp HITS JUnitGenie
Branch Line  Branch Line  Branch Line Branch Line Branch Line Branch Line

CodeC 64.67%  69.90%  21.27%  2825%  59.65% 69.30% = 66.98%  1493% 7527% 81.79%  72.55%  83.95%

Collections ~ 51.94%  56.92%  3.89%  635% 5454% 60.36%  22.93%  23.69%  67.70% 73.06%  68.89%  175.58%

Compress  22.08%  19.58%  545%  6.16% 29.77% 29.62%  44.72%  4681%  4549%  4734% 54.58%  57.38%

Csv 462%  195%  15.18%  2273%  2079%  29.92%  66.34%  74.62% - - 7657%  85.98%

JCore 37.01% 3897%  642%  9.15%  1486% 1594%  21.69%  21.83%  19.67% 22.17% 4151% 43.25%

JDataBind 329%  239%  346%  376%  048%  0.66%  137%  1.72%  149%  1.77% 3925%  44.10%

JXML 144%  081%  544%  720% 19.84% 2556% 31.84% 3951%  28.32% 34.65%  2720%  34.92%

JxPath 49.47%  52.10%  667%  945% 1143% 1441% 2781%  3246%  32.23% 37.00% 4696% 53.93%

Lang 71.73%  7693%  1.38% 12.18%  3551%  3565%  33.06%  3620%  2677% 28.81% 87.10%  92.41%

JodaTime  70.52%  72.93%  27.00%  36.21% - - - - - - 7460%  79.82%

Average 40.84%  4137%  8.86%  1220%  23.70% 27.23%  30.78%  34.78%  32.13%  36.45%  56.86%  61.45%
ing executable test cases. o0.00% 54300 0% 59.00%

. . . . . . 0 289
Fig. 4a further summarizes the distribution of valid test 50.00% 7S 50.00% 47.49%
cases per project for each tool. Overall, LLM-based tools  4000% 42.02%  a0.00% é;é:ggg;z
tend to produce more valid test cases than heuristic-based 30.00% 32.73%  30.00% o
approaches. Specifically, the median number of valid test 20.00% 20.00%
cases per project is 323 for EvoSuite, 415 for Randoop, 260 10.00% 10.00%
for ChatTester, 332 for CoverUp, 432 for HITS, and 1,355 0.00% 0.00%
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(@ (b)

JUnitGenie may fail on focal methods with complex control or
data dependencies. Nonetheless, JUnitGenie is still capable
of generating more valid test cases than existing tools,
demonstrating its effectiveness in leveraging distilled context
across diverse codebases.

Moreover, we compare the branch and line coverage
achieved by each tool across the 10 Java projects, as shown in
Table III. JUnitGenie consistently achieves the highest average
coverage, with 56.86% for branch and 61.45% for line cover-
age, outperforming both heuristic and LLM-based baselines.
It delivers particularly strong results on complex projects such
as Lang (87.10% branch coverage, 92.41% line coverage)
and CSV (76.57% branch coverage, 85.98% line coverage),
demonstrating its ability to generate tests that exercise diverse
and deep execution paths. Although tools like EvoSuite and
Randoop perform well on a few individual projects, their
overall average coverage remains substantially lower. Among
LLM-based methods, HITS achieves the second-best perfor-
mance with 32.13% branch and 36.45% line coverage, falling
notably behind JUnitGenie. These results further validate the
effectiveness of JUnitGenie in producing high-coverage test
suites across a range of real-world Java applications. We then
break down the comparative results as follows:

We further manually inspect the invalid test cases generated
by existing tools and observe that their reliance on fixed
heuristics and random input generation limits their ability
to reason about control flow or handle complex type and
context constraints. As a result, these tools often fail to explore
deeper execution paths and tend to produce trivial or non-
executable tests when the required input conditions are not
satisfied. LLM-based methods, while flexible, often suffer
from high rates of invalid test generation due to insufficient
and undistilled context. They commonly omit key elements
such as dependent variables or nested method calls, which
forces the model to infer missing details and often results
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Fig. 5: Comparison of the average (a) branch coverage and (b) line
coverage under different time budgets across all projects.

in incorrect reasoning. Also, they lack explicit guidance on
aspects like using reflection for private methods or targeting
specific branches, leading to poor reasoning and test failures.
In contrast, JUnitGenie combines context-aware knowledge
extraction and distillation with an iterative refinement loop that
repairs invalid tests. This combination enables JUnitGenie to
generate substantially more usable and executable test cases.

Comparison with baselines under unified time budgets.
To ensure fairness, we further evaluate JUnitGenie and base-
lines under the same time budgets. To this end, we run all tools
on the entire dataset, applying timeouts of 60s, 300s, 600s,
and 1,200s for each focal method. Fig. 5 presents the com-
parative results. Overall, JUnitGenie outperforms all baselines
in branch and line coverage except at 60s, where EvoSuite
is slightly better. In addition, its advantage becomes more
pronounced with longer budgets, indicating that JUnitGenie
scales more effectively with extended testing time and achieves
higher overall coverage across real-world projects.

With a 60s timeout, EvoSuite achieves slightly higher
branch coverage (40.84%) and comparable line coverage
(41.37%) to JUnitGenie (39.33% branch coverage, 43.72%
line coverage), while other tools perform noticeably lower.
Here, EvoSuite achieves quick gains under short budgets
through heuristic-driven evolutionary search, whereas JUnit-
Genie requires more time due to its path-sensitive CFG anal-
ysis. This situation is dramatically changed when the timeout
is extended to 300s and 600s, where JUnitGenie begins to
outperform all baselines on both branch and line coverage.
Given more time, JUnitGenie resolves more complex path
constraints and refines outputs through feedback loops that
fix early syntax or runtime errors, improving effectiveness. In
contrast, heuristic tools (i.e., EvoSuite and Randoop) quickly



TABLE IV: Effectiveness of knowledge acquisition and utilization
in LLM-based test generation (CKD: context knowledge distillation,
CKE: context knowledge extraction, TCR: test case refinement).

CKD

w/o CKD ~ . i

Project w/o ’(Tjgll;: CKE w/o CKD JUnitGenie

Branch Line Branch Line Branch Line Branch Line
CodeC 41.17% 51.26% 54.48% 68.26% 54.48% 64.61% 72.55% 83.95%
Collections  33.30% 41.89% 55.53% 6221% 53.74% 61.15% 68.89% 75.58%
Compress 10.48% 11.29% 2991% 36.43% 29.63% 31.03% 54.58% 57.38%
CSV 891% 1439% 50.17% 63.64% 53.47% 72.35% 76.57% 85.98%
JCore 5.81% 6.82% 13.55% 1648% 15.17% 18.85% 41.51% 43.25%
JDataBind ~ 14.87% 18.12% 29.39% 34.60% 2037% 21.08% 39.25% 44.10%
JXML 5.92% 9.36% 848% 11.88% 1552% 20.16% 27.20% 34.92%
JxPath 9.71% 13.28% 17.50% 24.60% 12.62% 20.16% 46.96% 53.93%
Lang 66.50% 68.35% 75.29% 79.18% 65.08% 68.65% 87.10% 92.41%
JodaTime 49.56% 57.34% 63.06% 71.58% 57.37% 64.24% 74.60% 79.82%
Average 24.74% 27.84% 37.65% 4297% 34.44% 38.710% 56.86% 61.45%

reach their achievable coverage, and additional time provides
little benefit for complex paths. For example, from 300s to
600s, EvoSuite’s branch and line coverage increased by only
0.69% and 0.91%, while Randoop’s increased by just 0.83%
and 0.87%. LLM-based baselines also improve with longer
budgets (e.g., at 1,200s HITS reaches 42.09% branch and
46.15% line), but consistently underperform JUnitGenie due
to lacking distilled context and explicit path guidance. When
the timeout is extended to 1,200s, the improvements of all
tools gradually converge and JUnitGenie still achieves the
highest coverage on both metrics (54.30% branch coverage and
59.00% line coverage), highlighting its better performance.

Efficiency. We further look at the efficiency of JUnitGenie
by reporting its time consuming when generating test cases.
As shown in Fig. 4b, Randoop is the fastest, followed by
EvoSuite, which completes within 5 hours per project. All
LLM-based methods require over 10 hours on average, with
JUnitGenie taking around 13.68 hours per project. The main
bottleneck lies in the code refinement phase, which accounts
for over 60% of the total time. In terms of median generation
time, ChatTester, CoverUp, and HITS take 15.40, 13.35, and
17.85 hours, respectively, while JUnitGenie requires 12.80
hours. The fact that JUnitGenie spends relatively less time than
other LLM-based tools suggests that it achieves a practical
balance between efficiency and effectiveness, while producing
the highest number of valid tests among all methods.

Answers to RQ1: JUnitGenie outperforms SOTA heuristic
tools (e.g., EvoSuite) and other LLM-based approaches by
generating more valid test cases and achieving higher line
and branch coverage on real-world Java projects.

C. RQ2-Knowledge Acquisition and Utilization

While JUnitGenie demonstrates strong performance in gen-
erating high-coverage test cases, the specific contributions of
its core components remain unclear. To answer this question,
we conduct an ablation study to assess the impact of three key
steps: Context Knowledge Extraction (CKE), Context Knowl-
edge Distillation (CKD), and Test Case Refinement (TCR).
The study aims to clarify how each component contributes to
the overall effectiveness of the test generation process.
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Fig. 6: Evolution of valid test rate over refinement rounds.

Here, we design four ablation baselines to assess the
contribution of each component in JUnitGenie. The most
basic variant (w/o CKD+CKE+TCR) removes all modules,
providing only the focal method and its signature. The second
(w/o CKD+CKE) retains only test case refinement, using error
messages to repair tests without any contextual input. The third
(w/o CKD) includes both context extraction and refinement but
omits distillation, presenting raw context without structured
guidance. The full JUnitGenie configuration includes all three
components. All baselines use GPT-40-Mini and are evaluated
on 2,258 focal methods from 10 real-world Java projects.

Result. Table IV presents the performance of four ab-
lation baselines, each designed to evaluate the individual
contribution of a specific component of JUnitGenie. The w/o
(CKD+CKE+TCR) setting performs the worst, achieving only
24.74% branch coverage and 27.84% line coverage. Without
contextual knowledge and refinement support, the model op-
erates with minimal information, relying solely on the focal
method. This limitation often leads to invalid tests caused by
unresolved variables, incorrect API usage, or missing imports.

Adding test case refinement (w/o CKD+CKE) improves
coverage by 12-15%, as it repairs syntactically invalid yet
semantically meaningful tests through iterative refinement of
compiler error messages. As illustrated by the red line in
Fig. 6, refinement raises the executable test rate from 33.49%
to 65.81% over five iterations. Other variants show substantial
gains over five rounds, with JUnitGenie improving from
45.60% to 69.88%, and w/o (CKD) from 20.32% to 63.44%.
These trends highlight the critical role of iterative refinement
in recovering test cases, especially when combined with con-
textual knowledge. It is also worth noting that JUnitGenie,
which incorporates both contextual knowledge and refine-
ment, achieves the highest improvement, reaching 69.88% by
round five. In comparison, w/o (CKD+CKE) and w/o (CKD)
plateau at 65.81% and 63.44%, respectively. These results
highlight the importance of both context and refinement:
while refinement alone substantially boosts test executability,
the combination with contextual knowledge yields the most
effective and consistent improvements.

Notably, enabling context extraction without distillation
(w/o CKD) results in a slight performance drop, with branch
coverage decreasing by 3.21% and line coverage by 4.27%
compared to using refinement alone. This decline is due to the
overhead of excessive, unfiltered information. For example, the
method withZone(DateTimeZone) in the org.joda.time project
involves 36 execution paths, 40 dependent methods, and 20



TABLE V: Comparison of branch and line coverage using basic prompting (Basic) vs. JUnitGenie (Ours) across four LLMs.

Project Branch Coverage

Line Coverage

GPT-40-Mini CodeLlama DeepSeek-Coder Qwen2.5-Coder GPT-40-Mini CodeLlama DeepSeek-Coder Qwen2.5-Coder
Basic Ours Basic Ours Basic Ours Basic Ours Basic Ours Basic Ours Basic Ours ‘ Basic Ours
CodeC 41.17% 72.55% | 13.82% 63.96% | 28.26% 72.36% | 47.55% 79.08% | 51.26% 83.95% | 25.80% 77.99% | 38.68% 79.03% 58.11% 90.03%
Collections | 33.30% 68.89% | 12.66% 53.24% | 15.59% 60.52% | 42.97% 68.10% | 41.89% 75.58% | 15.95% 58.97% | 21.91% 71.08% 48.97% 173.59%
Compress | 10.48% 54.58% | 3.91% 38.16% | 7.69% 4151% | 11.81% 54.23% | 11.29% 57.38% | 5.48% 42.02% | 9.35% 4525% 12.09% 55.36%
csv 891% 76.57% | 1.98% 67.33% | 1650% 61.06% | 42.90% 76.90% | 1439% 8598% | 1.14% 79.17% | 17.80% 75.00% 39.02% 85.61%
JCore 581% 41.51% | 2.38% 25.08% | 4.55% 27.86% | 8.19% 38.12% | 6.82% 4325% | 2.64% 30.43% | 5.00% 31.63% 10.38% 41.78%
JDataBind | 14.87% 39.25% | 442% 33.09% | 6.87% 3435% | 21.57% 35.90% | 18.12% 44.10% | 4.99% 38.14% | 7.91% 38.93% 2391% 40.61%
JXML 592% 27.20% | 1.92% 26.56% | 3.04% 24.16% | 10.08% 29.92% | 9.36% 34.92% | 297% 33.93% | 243% 31.05% 13.05% 36.90%
JxPath 971% 46.96% | 2.38% 30.12% | 8.72% 37.19% | 14.66% 46.04% | 13.28% 53.93% | 3.13% 3831% | 13.56% 43.12% 19.78% 52.29%
Lang 66.50% 87.10% | 3421% 75.61% | 47.30% 84.08% | 66.30% 87.42% | 68.35% 92.41% | 37.44% 82.78% | 52.72% 87.47% 68.05% 92.01%
JodaTime | 49.56% 74.60% | 21.23% 67.50% | 27.98% 173.09% | 57.10% 76.47% | 57.34% 79.82% | 25.56% 72.70% | 34.59% 71.75% 60.99% 80.94%
Average | 24.74% 56.86% | 1031% 44.91% | 16.20% 49.31% | 29.83% 56.38% | 27.84% 6145% | 1227% 50.67% | 19.04% 53.92% | 32.03% 60.68%
. T . TABLE VI: Bug detection results.
variables, yielding 9,489 tokens of raw context. The excessive £
volume of undistilled context hinders the model’s ability Project # Star  Issue ID(s) Confirm? Fix Commit Severity
to isolate and leverage relevant information, leading to test CodeC 469  CODEC-328 Yes dal6f36 Major
generation failure and zero coverage for the method. CodeC 469  CODEC-330 Yes c4d8365 Major
P . . P . CodeC 469 CODEC-331 Yes 59929c¢3 Major
Context knowledge distillation yields a significant im- J
g y g Lang 2.8k LANG-1771 Yes SalScch Major

provement in performance. JUnitGenie attains 56.86% branch
coverage and 61.45% line coverage, representing gains of
22.42% and 22.75% over w/o CKD, respectively. These results
highlight that simply providing abundant context is ineffective;
the information must be distilled into a structured form to
guide the generation process effectively. Effective integration
of contextual knowledge depends not only on its completeness,
but also on its accuracy and relevance.

Answers to RQ2: The combination of contextual knowledge
distillation and refinement yields the best results, enabling
path-sensitive test generation and showing the effectiveness
of targeted guidance for producing executable tests.

D. RQ3-Model Generality

The previous two research questions evaluated JUnitGenie
using GPT-40-Mini, leaving it unclear whether the observed
effectiveness stems from the method itself or the model. To
address this, we investigate whether JUnitGenie consistently
improves test generation across different foundation models.

We evaluate JUnitGenie across four foundation models:
GPT-40-Mini [40], and three widely adopted open-source
code models: CodeLlama [41], DeepSeek-Coder [42], and
Qwen2.5-Coder [43]. Specifically, we use the 34B version of
CodeLlama, the 33B version of DeepSeek-Coder, and the 32B
version of Qwen2.5-Coder, all running in fpl6 precision.

All models are configured with a maximum input length of
8,192 tokens and an output limit of 2,048 tokens. For each
model, we compare two settings: (1) Basic Prompting, which
provides only the focal method’s source code; and (2) JUnit-
Genie’s structured prompting, which applies the full pipeline
in Section III to build inputs enriched with distilled contextual
knowledge. The evaluation uses a shared benchmark of 2,258
focal methods from 10 Java projects.

Result. We report branch and line coverage across four
foundation models in Table V. The results show that our
method consistently outperforms the basic setting on all
models. For instance, using basic prompting, GPT-40-Mini
achieves only 24.74% branch coverage, whereas JUnitGenie
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raises it to 56.86%. Similar gains are observed across other
models, confirming the broad effectiveness of our approach.

Among the three open-source models evaluated with our
approach, Qwen2.5-Coder achieves the best overall results
with 56.38% branch and 60.68% line coverage, followed
by DeepSeek-Coder and CodeLlama. Qwen2.5-Coder also
produces the most valid tests and achieves the highest success
rate, with 7,247 valid tests at 46.03%, while DeepSeek-
Coder generates 5,443 valid tests at 36.67%, and Codel.lama
generates 3,961 valid tests at 34.95%. These results indicate
that stronger models are better at following instructions to
generate valid tests and achieve higher success rates, thereby
yielding greater coverage. At the same time, we observe
that CodeLlama benefits the most from JUnitGenie (34.60%
branch coverage increase and 38.40% line coverage increase).
This suggests that while Qwen2.5-Coder has the strongest
baseline performance, weaker models such as CodeL.lama gain
proportionally more from the structured context and distilled
knowledge introduced by JUnitGenie. Hence, JUnitGenie not
only improves strong models but also substantially boosts
weaker ones, narrowing the performance gap.

Interestingly, Qwen2.5-Coder performs on par with GPT-
40-Mini. Under basic prompting, it slightly exceeds GPT-40-
Mini in average coverage. Under our setting, it achieves the
highest branch coverage in five out of 10 projects and the
highest line coverage in three. These results show that with
proper enhancement, strong open-source models can match or
even surpass closed-source models, offering a cost-effective
solution for large-scale automated test generation.

Answers to RQ3: JUnitGenie consistently improves branch
and line coverage across all evaluated models by effectively
leveraging structured context and refinement.

V. DISCUSSION
A. Potential to Reveal Real-World Bugs

JUnitGenie is primarily designed to generate unit tests that
achieve high path coverage within focal methods. While it



is not explicitly intended for triggering bugs, its ability to
explore deeper and more diverse control-flow paths increases
the chance of exposing edge cases and latent issues. To assess
this potential, we execute all valid tests generated by JUnit-
Genie across the 10 projects. For each failed test execution,
we manually examine the expected and actual behaviors to
determine if the discrepancy reflects a genuine bug.

We discovered eight issues and reported them to the de-
velopers. Development teams have reacted to all these issues
and four of them are confirmed as real bugs and have been
fixed. We also noted that several of the confirmed bugs were
fixed shortly after our reports were submitted, suggesting that
test failures and accompanying details provided by JUnitGenie
are useful in helping developers identify and resolve real
bugs efficiently. In the future, we plan to incorporate issue-
related knowledge into JUnitGenie to guide context extraction
and distillation, enabling the generation of test cases that can
uncover real-world bugs or vulnerabilities.

B. Threats to Validity

The main limitation of JUnitGenie is scalability on highly
branching control flow. Path coverage is NP-hard: the number
of CFG paths grows exponentially with branches (e.g., n
branches yield up to 2" paths) [44]. Our analysis shows 99% of
methods in our dataset have fewer than 100 CFG paths, while
under 1% suffer severe path explosion. Although rare, such
methods remain challenging for automated test generation.

Second, some generated tests invoke version-incompatible
APIs or unavailable libraries, causing compilation or runtime
errors. While Feedback Loop Refinement repairs many cases
using diagnostics, some remain invalid since error messages
cannot resolve version mismatches or missing dependencies.
In future work, we plan to incorporate environment-specific
constraints and pre-installed library knowledge into prompting
to better match the runtime environment.

Third, in our evaluation (Section IV), we consider tests
valid if they reach the focal method as they contribute to
coverage regardless of whether exceptions indicate bugs or
incorrect inputs. A later exception may indicate a real bug or
an incorrect oracle, risking false positives. Nevertheless, our
path-sensitive context enables the LLM to infer useful ora-
cles, demonstrated by discovering unknown real-world bugs.
Automatic oracle generation remains an open challenge [45].
Future work will incorporate oracle-checking techniques into
JUnitGenie to produce more accurate oracles.

Finally, results may be influenced by randomness, as Evo-
Suite and Randoop use randomized search while LLM-based
methods rely on probabilistic generation. We mitigate this by
fixing the dataset and environment and checking consistency
under four different time budgets. Across all budgets, JUnitGe-
nie consistently achieves the highest branch and line coverage,
demonstrating robustness to stochasticity.

VI. RELATED WORK

Unit testing [46]-[50] validates whether a program unit
(e.g., a method) behaves as expected [46]-[49]. To find er-
rors early in the development process, researchers focus on
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automatically generating unit tests that cover all branches and
lines [7], [8], [26], [51]. To this end, many automated test
generation techniques have been proposed [52]-[56], includ-
ing search-based [10]-[12], [23], [52], [57]-[60], constraint-
based [13]-[15], symbolic execution-based [61]-[64], and
random-based strategies [16], [17]. For example, Fraser et
al. [10] proposed EvoSuite, which uses evolutionary algo-
rithms to evolve test cases, while Xiao et al. [15] applied
symbolic execution to systematically explore paths. However,
these heuristic methods struggle with complex type constraints
and semantic dependencies, lacking the deep reasoning needed
to handle inter-procedural logic, and thus often yield limited
coverage on complex methods [18], [58], [62], [65], [66].

To address these limitations, recent research has explored
deep learning (DL) for automated test generation. One ap-
proach trains task-specific DL models on large corpora of
human-written tests [67]—[74], allowing them to learn semantic
patterns from code—test pairs. For example, ATLAS [70]
uses neural machine translation to generate assertions, while
AthenaTest [71] fine-tunes BART [75] to generate tests from
method context. However, these methods require large datasets
and costly training. Recent works instead exploit the general-
purpose capabilities of LLMs [19], [20], [26], [27], [76]-
[85], generating tests by prompting with the focal method
and its context. For instance, ChatTester [19] includes class
and field/method signatures, while HITS [26] adds referenced
class declarations. However, focal methods often depend on
external elements such as variables and nested calls [76], [82].
Without this context, models must infer missing semantics,
often yielding invalid or unexecutable tests. SymPrompt [76]
partially mitigates this by adding type and dependency in-
formation in Python prompts, but lacks structured guidance.
In contrast, JUnitGenie extracts rich context and distills it
into explicit, path-sensitive guidance, enabling executable tests
with high coverage across complex paths. Recently, exLong
[86] also combines LL.Ms with path-condition analysis for
exceptional-behavior tests. It derives guard predicates from
execution traces and fine-tunes a model to synthesize tests
that hit throw sites. In contrast, JUnitGenie targets general
path coverage by extracting CFG path—sensitive context and
distilling it into structured prompts without fine-tuning.

VII. CONCLUSION

In this work, we present JUnitGenie, a prototype for path-
sensitive test generation in Java. It extracts contextual code
knowledge and distills it into structured instructions to guide
LLMs in generating high-coverage tests with minimal cogni-
tive load. Extensive experiments demonstrate that: (1) JUnit-
Genie outperforms both heuristic and LLM-based baselines,
achieving an average of 56.86% branch coverage and 61.45%
line coverage; (2) providing abundant context alone is insuffi-
cient; effective test generation requires distilling context into
explicit instructions; (3) JUnitGenie generalizes well across
closed- and open-source foundation models; (4) JUnitGenie
can uncover real-world bugs, highlighting its practical utility.
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