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Abstract

Large language models (LLMs) have shown promising per-
formance in automated unit test generation, but existing
approaches often rely on large proprietary or reasoning-
oriented models, limiting their practicality for users with lim-
ited computational resources. We present SCOUT, a scenario-
guided unit test generation tool designed for compact open-
source LLMs. Rather than requiring LLMS to reason over raw
source code, SCOUT extracts program information through
static analysis and progressively provides concise, task-specific
contexts for specialized reasoning tasks, including scenario
construction and unit test generation. The tool further vali-
dates and refines generated tests using compilation, execu-
tion, and coverage feedback. Built on an extensible multi-
agent architecture, ScouT provides a fully automated work-
flow that enables practical unit test generation with locally
deployed open-source LLMs on commodity hardware.

CCS Concepts: « Software and its engineering — Soft-
ware testing and debugging,.
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1 Introduction

Unit testing is essential for software quality and regression
prevention [3]. Recent advances in large language mod-
els (LLMs) have enabled automated generation of effective,
human-readable unit tests [4, 5, 8? ]. However, the strongest
existing approaches often rely on large proprietary or rea-
soning models [1, 6, 7]. Their effectiveness can degrade with
compact open-source LLMs, which are less capable of si-
multaneously understanding large code contexts, inferring
testing objectives, and repairing invalid tests.

To address this challenge, we present ScouT, a scenario-
guided unit test generation tool designed to maximize the
effectiveness of compact open-source LLMs. The central idea
of ScourT is to reformulate unit test generation as a sequence
of compact, specialized reasoning tasks rather than a single
large generation task. Instead of directly forwarding raw
program artifacts to the LLM, ScouT continuously distills
program information, testing objectives, compilation results,
and coverage information into concise task-specific contexts.
These contexts are then consumed by specialized agents that
focus on scenario construction, test generation, validation,
and feedback-driven refinement.

In Scout (a SCenariO-guided Unit test generation Tool),
a testing scenario is a compact representation of a test intent.
It describes the behavior to be exercised, relevant precon-
ditions, expected outputs, and the program elements that
should be targeted. Scenarios serve as an intermediate ab-
straction between static program information and executable
unit tests. By making testing objectives explicit before code
generation, ScouT allows LLMs to reason over smaller and
more structured inputs while still preserving the semantic
information needed to generate meaningful tests.

To summarize, ScouT provides three key features.

e Context-Compact LLM Workflow: ScouT offloads
program inspection and artifact processing to light-
weight analysis components, invoking LLMs only for
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language-intensive reasoning tasks. Each LLM invoca-
tion receives a concise context tailored to its specific

role, reducing unnecessary reasoning burden on com-
pact models.

Scenario-Guided Test Generation: ScouT introduces
testing scenarios as intermediate representations that

bridge program information and executable unit tests.
By explicitly representing test intent before code gen-
eration, the tool helps LLMs generate tests that are

more focused, interpretable, and aligned with target

program behavior.

Feedback-Driven Automated Refinement: Scout

automates the complete generation loop, including

scenario construction, test synthesis, compilation, exe-
cution, repair, and coverage-guided refinement. Com-
pilation errors, runtime failures, and uncovered code

elements are summarized into structured feedback for

subsequent generation steps.

Intended Users. Scourt is intended for developers and
researchers who wish to perform automated unit test gen-
eration using locally deployable open-source LLMs on com-
modity hardware. Unlike approaches that rely on large pro-
prietary models or require substantial manual intervention,
ScourT provides an end-to-end workflow that can operate
under practical resource constraints. Its modular multi-agent
architecture also allows new components, such as static anal-
ysis techniques, validation strategies, and refinement agents,
to be integrated with minimal engineering effort.

Contributions. In summary, we contribute:

e We introduce a scenario-guided generation workflow
that decomposes unit test generation into specialized
reasoning stages connected by compact intermediate
representations.

e We present ScouT, a fully automated and extensible
implementation that integrates static analysis, LLM-
based scenario construction, unit test generation, vali-
dation, repair, and coverage-guided refinement.

e We evaluate Scout on real-world Java projects and
show that its staged, context-compact workflow im-
proves structural coverage when using compact open-
source LLMs.

2 Design and Implementation
2.1 System Architecture

Figure 1 presents the overall architecture of ScouT. The tool
adopts a modular multi-agent architecture composed of four
specialized agents that collaboratively generate unit tests for
a target Java project. The agents interact with a LLM and are
supported by static and dynamic analysis components that
continuously provide contextual information and runtime
feedback throughout the generation process.
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Figure 1. Workflow of our approach.
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Figure 2. CLI interface of ScouT, showing the current exe-
cution status, including the selected LLM, elapsed time, and
the numbers of valid and invalid unit tests generated during
execution.

Scour is built upon ChatUniTest [1], using its Java imple-
mentation. Since the original implementation is designed
primarily as a Maven plugin, we refactored it into a stan-
dalone Java framework with a modular architecture. This
redesign decouples the unit test generation pipeline from
project-specific build environments, allowing the tool to
be used independently and making it easier to integrate
new unit test generation techniques. Furthermore, the multi-
agent framework for Scour is also modularized, enabling
developers to readily add, replace, or customize individual
agents with minimal implementation effort.

The workflow starts with the Static Analyzer, which ex-
tracts project information and program information from the
target software. The Scenario Writer uses this information
to derive testing scenarios that guide the Code Generator in
producing unit tests with a LLM. The generated tests are
validated through compilation, execution, and coverage anal-
ysis. Rather than directly forwarding the runtime outputs
to the LLM, Scour first distills compilation diagnostics and
coverage reports into compact, task-specific contexts, which
can alleviate the burdens on LLMs. The Error Resolver and
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Coverage Optimizer then use this refined feedback to itera-
tively improve test quality. This iterative workflow enables
Scout to generate effective unit tests with compact open-
source LLMs while remaining extensible to future analysis
techniques and agents.

2.2 Core Components

ScouT adopts a modular multi-agent architecture that com-
bines lightweight program analysis with LLM-based reason-
ing for automated unit test generation. Rather than relying
on LLMs throughout the entire pipeline, Scout employs
static and dynamic analyses to extract program information
and execution feedback, invoking LLMs only for tasks that
require semantic reasoning, such as generating testing sce-
narios, synthesizing test code, repairing invalid tests, and
rewriting test codes for higher coverage. This design reduces
unnecessary LLM interactions while improving both the
validity and coverage of generated unit tests.

2.2.1 Analyzers. To support the multi-agent workflow,
ScouT incorporates static and dynamic analyzers that pro-
vide contextual information throughout the whole genera-
tion process. The static analyzer extracts structural infor-
mation before test generation, while the dynamic analyzer
collects execution feedback after tests are generated. These
analyzers continuously exchange structural and runtime in-
formation, producing refined feedback that enables the LLM
agents to iteratively improve both the validity and coverage
of generated unit tests.

Static Analysis. The static analyzer extracts structural
information from the target Java project, including method
signatures, field declarations, dependency relationships. This
information is provided to Scenario Writer and Code Gener-
ator to construct accurate prompts and generate valid unit
tests. If full coverage is not achieved, the analyzer further per-
forms lightweight dependency analysis on uncovered code
regions. The resulting dependency information highlights
relevant parameters, fields, and method invocations, which
are later used by Coverage Optimizer to generate additional
tests for unexplored branches.

Dynamic Analysis. The dynamic analyzer compiles and
executes generated unit tests, collecting execution outcomes
and structural coverage information. Rather than forwarding
raw execution results, it analyzes compilation failures, run-
time exceptions, and coverage to extract actionable feedback
for subsequent agents.

For invalid tests, the analyzer identifies the relevant error
locations and summarizes the underlying causes before pro-
viding the information to Error Resolver, enabling targeted
repair. For coverage improvement, it combines runtime cov-
erage information with dependency information obtained
from static analysis to identify unexplored execution paths
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and the program elements related to them. This refined feed-
back is then supplied to Coverage Optimizer, allowing it to
generate additional tests more effectively.

2.2.2 Agents. LLM agents perform the reasoning tasks
throughout the test generation pipeline. Guided by the re-
fined structural and runtime information produced by the
analyzers, each agent is responsible for a specific stage of
the workflow, including scenario generation, test synthesis,
error repair, and coverage improvement. This separation al-
lows ScourT to invoke LLMs only where semantic reasoning
is required while relying on lightweight program analyses
for contextual information.

Scenario Writer. Scenario Writer derives testing scenar-
ios from multiple levels of project context, including project
information, class information, and target method source
code. The resulting scenarios describe representative execu-
tion paths, input conditions, and expected behaviors of the
target method. By organizing these behaviors into explicit
testing objectives, the scenarios provide structured, high-
level guidance that helps the subsequent test generation
focus on diverse program behaviors rather than reasoning
directly over the entire program context.

Code Generator. Using the generated scenarios together
with method source code, dependency information, method
signatures, and object instantiation constraints, Code Gener-
ator synthesizes executable JUnit test cases. The additional
contextual information helps the LLM generate valid and
comprehensive tests while reducing compilation failures.

Error Resolver. Error Resolver improves test validity
when generated tests fail to compile or execute. It first ap-
plies lightweight rule-based repairs for common syntactic
issues and missing imports. If errors persist, it invokes the
LLM with error-specific feedback to repair the generated
tests.

Coverage Optimizer. Coverage Optimizer leverages the
refined feedback produced by the analyzers to improve struc-
tural coverage. Using uncovered branches together with their
associated dependency information, it refines prompts and
requests additional tests that target previously unexplored
execution paths.

2.3 Command-Line Interface

Users can use ScouT with the following command-line in-
terface (CLI) command:

java -jar scout.jar -project <target_project>
-url <api_url> -model <model_name>
-phase <phase_name>
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Figure 3. Average coverage on threeten-extra project over
three trials.
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Figure 4. Average coverage on the industrial project over
three trials.

api_url specifies the endpoint hosting the LLM, which
can be either a public or local URL. model_name specifies
the LLM to use, while target_project denotes the root
directory of the target project. The phase_name option spec-
ifies the unit test generation strategy. As shown in Figure 2,
after execution, ScouT displays a status window for mon-
itoring the test generation process. It shows the current
generation phase, selected LLM, and estimated remaining
execution time. ScouT also provides optional arguments for
multithreading, targeting a specific class, and other advanced
configurations. Further setup and usage instructions are pro-
vided in the README of the project repository.

3 Evaluation

We evaluated the effectiveness of ScouT on both open-source
and industrial Java projects. Since ScouT is designed for de-
velopers with limited computational resources, our evalua-
tion focuses on compact open-source LLMs. In particular, we
investigate whether the scenario-guided generation strategy
enables such models to achieve competitive test-generation
performance without relying on substantially larger LLMs.
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Evaluation Setting. To evaluate ScouT, we first selected
the two highest-ranked officially released models with ap-
proximately 7 billion parameters on the Hugging Face Open
LLM Leaderboard’, namely Falcon3 and Qwen2.5. We focus
on 7B-scale models because they provide a practical balance
between performance and computational cost and can be de-
ployed more readily in resource-constrained environments.
For each model family, we additionally included the next
smaller and next larger officially released variants, resulting
in a total of six LLMs. This selection allows us to examine
whether the effectiveness of ScouT remains consistent across
different model families and parameter scales rather than
depending on a particular LLM. All results are averaged over
three trials to mitigate the randomness of LLMs.

As baselines, we selected ChatUniTest and CoverUP, both
of which are implemented on top of the same ChatUniTest-
Core framework as ScouT. Since these three tools share the
same underlying infrastructure, the comparison primarily
highlights the effectiveness of their respective test generation
strategies rather than implementation-specific differences.
In particular, CoverUP provides an informative comparison
because it also uses coverage feedback to iteratively improve
generated tests, but does not explicitly construct testing
scenarios before generation.

Open-Source Java Project. We first evaluated the tools
on threeten-extra, an open-source Java project containing 66
Java classes, 11,799 lines of code, and 1,074 target methods
for unit test generation.

Figure 3 compares the instruction, branch, and line cov-
erage achieved by the evaluated tools using Falcon3 and
Qwen2.5 of varying parameter sizes, measured using Ja-
CoCo. Solid, striped, and blank box plots correspond to
the tools ChatUniTest, CoverUP, and ScouT, respectively,
while the horizontal solid line indicates the performance of
ChatUniTest using the gpt-oss-20B model.

As shown in Figure 3, ScouT consistently outperformed
both ChatUniTest and CoverUP using the same LLM across
all three coverage metrics. More importantly, Scout en-
abled substantially smaller models to achieve comparable or
higher coverage than larger models used by the baselines.
For example, Falcon3-7B with ScouT achieved instruction,
branch, and line coverage of 50.3%, 39.7%, and 55.3%, respec-
tively, slightly exceeding the 48.3%, 39.0%, and 54.3% achieved
by ChatUniTest with the 20B gpt-oss-20B. This result is no-
table not for the absolute coverage gain, but because Scout
achieves it with a model nearly three times smaller. The
consistent improvement over CoverUP, which also employs
iterative coverage feedback, further supports the benefit of
explicit scenario guidance.

Uhttps://huggingface.co/spaces/open-llm-leaderboard/open_llm_
leaderboard
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Table 1. Number of fully covered methods in threeten-extra.
N denotes the total number of methods in each branch group.

Falcon3 Qwen2.5

#Branch (N) Tool 38 7B 10B| 3B 7B 14B
ChatUniTest | 191 135 282 | 117 178 248
0 (633) CoverUP 41 160 213 | 55 179 342
Scout 422 301 551 | 278 423 470

ChatUniTest | 27 56 53 12 49 63
1-5(315) | CoverUP 14 56 49 16 61 134
Scout 124 96 194 | 85 153 194

ChatUniTest | 1 6 12 |0 9 10

>5(126) | CoverUP 0 6 7 |0 7 12

Scout 8 13 32 10 21 31

1 public boolean equals(@Nullable Object obj) {

2 if (this == obj) return true;

3 if (obj instanceof YearHalf) {

4 YearHalf other = (YearHalf) obj;

5 return year == other.year && half == other.half;
6 }

7

8

return false;

Figure 5. equals() method from YearHalf class.

SCENARIO: Testing the equals method

W N =

- Given a YearHalf instance 'yearHalfl' created with '2023-05'
- When compared with another YearHalf instance yearHalf1
- Then the result is true

- Given a YearHalf instance 'yearHalfl' created with 2023-05
- When compared with a null value
- The the result is false (null comparison)

S ©

Figure 6. Examples of scenarios generated for Figure 5.

Branch-Level Analysis. Table 1 reports fully covered
methods grouped by their number of branches. Overall,
Scour fully covers more methods than the baselines across
most LLMs and branch groups. The difference remains evi-
dent for methods with more complex control flow. Among
the 126 methods with more than five branches, Falcon3-
10B with Scour fully covers 32, compared with 12 and 7 for
ChatUniTest and CoverUP, respectively. Since fully covering
such methods requires tests to exercise multiple control-flow
paths, these results suggest that scenario guidance helps the
LLM identify and exercise diverse program behaviors rather
than merely increasing coverage on simpler methods.

Effectiveness of Scenario. Figure 5 shows the target
method, while Figure 6 presents a subset of the scenarios
generated by Scout for this method. These scenarios pro-
vide explicit testing objectives that guide subsequent test
generation, enabling ScouT to fully cover the method even
with 3B models. In contrast, despite the relatively simple
control flow, neither ChatUniTest nor CoverUP achieves full
coverage even with the larger Falcon3-10B and Qwen2.5-
14B models. This example illustrates how scenario guidance
helps compact LLMs exercise behaviors that may otherwise
be overlooked.

213

SPLASH Companion ’26, October 4-9, 2026, Oakland, CA, USA

Token Consumption. Scout incurs additional token
consumption due to its multi-stage reasoning process. For
example, Falcon3-3B with Scout consumed 82M tokens,
whereas Falcon3-10B with ChatUniTest and CoverUP con-
sumed 24M and 45M tokens, respectively. Despite this higher
token cost, ScouT with the 3B model achieved higher cover-
age than both tools using the substantially larger 10B model.
This suggests a practical trade-off for resource-constrained
environments: additional inference-time reasoning can en-
able compact models to achieve better test generation perfor-
mance without requiring the GPU memory needed to deploy
larger models.

Industrial Java Project. We additionally evaluated a
proprietary cryptographic library developed and used within
our organization, which has never been open publicly. This
library is utilized for critical security functions, such as data-
base encryption, and is certified under ISO/IEC 15408 (CC
certification) [2]. As it is a multi-module project, we selected
one representative module consisting of 95 classes, 255 target
methods, and 5,534 lines of code.

Similar to Figure 3, Figure 4 presents coverage achieved by
the evaluated tools on the industrial project. Since the indus-
trial project was not publicly available and therefore unlikely
to have appeared in the open-sourced LLMs’ training data, all
three tools with LLMs showed poor performance on achiev-
ing coverage compared to Figure 3. However, ScouT still
consistently achieved the highest coverage among the eval-
uated approaches across all three coverage metrics. These
results indicate that the scenario-guided workflow general-
izes beyond open-source software and remains effective on
real-world industrial systems.

4 Conclusion

We presented ScouT, a scenario-guided unit test generation
tool for compact open-source LLMs. By combining scenario
construction with feedback-driven refinement, ScouT en-
ables compact LLMs to generate tests with improved struc-
tural coverage. Our evaluation on open-source and industrial
Java projects shows that ScouT consistently outperforms
other tools using the same LLMs and often enables smaller
models to surpass substantially larger ones. We hope Scout
provides a practical solution for LLM-based unit test genera-
tion under limited GPU resources.

5 Tool Availability

The source code of Scout is publicly available on GitHub.
The repository includes the project overview, installation
instructions, usage documentation, and examples. A demon-
stration video of the current version is also available online.

e Project Repository:
https://github.com/samsungsds-research-papers/SCOUT
e Demonstration Video: https://youtu.be/xrrnUOMxcEc
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