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—— Abstract

Background. Targeted unit tests, which aim to reveal a bug at a specific location in the program,
are useful for various software development tasks, such as static analysis alarm validation, crash
reproduction, or patch testing. While automated unit test generation has progressed significantly,
existing approaches remain inefficient for targeted tests due to their reliance on manually-crafted
heuristics. To address this shortcoming, Large Language Model (LLM) agents emerge as a potent
solution that is free from predefined heuristics, owing to their superior reasoning and tool-use
capabilities. Moreover, prior studies have shown that LLM agents can achieve comparable perform-
ance across several software engineering tasks with only minor adaptations. However, whether this
adaptability extends to targeted unit test generation remains unexplored.

Aims. This study aims to investigate the capabilities and limitations of LLM agents in targeted
unit test generation under minimal custom setup.

Method. We evaluate various combinations of frontier agent scaffolds and models on a benchmark
featuring 210 real-world Java runtime exception bugs across 66 software projects. Specifically, LLM
agents are tasked with generating a unit test suite that reproduce a target bug given only its location
and the corresponding codebase.

Results. Our evaluation shows that the top-performing combinations achieve a 89.5% success rate
in target bug reproduction, surpassing the state-of-the-art unit test generation tools. Nevertheless,
we identify recurring failure modes that illustrate current LLM agents’ blind spots.

Conclusions. These findings underscore the potential of LLM agents in targeted unit test generation,
and provide valuable insights for further research in this area.
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1 Introduction

As software systems grow increasingly complex, rigorous testing has become more critical
than ever. To achieve this, unit testing serves as a foundational practice by validating
the correctness of individual units of code, such as methods or classes [15]. Within this
practice, there is a specialized need for targeted unit tests, which aim to expose bugs
at a specific program location (e.g., line) [13]. Such targeted tests provide benefits for
various tasks in software development, such as static analysis alarm validation [8, 17], crash
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reproduction [14, 36], or patch testing [5, 28]. To alleviate the burdens of developers on
writing unit tests, numerous automated tools have been proposed over the years. Among
them, heuristic-based tools, such as EvoSuite [11] and Randoop [33], have emerged as the
mainstream approach. While effective in checking the overall correctness of the program
under test, these tools lack efficiency in exposing bugs at a given program location, as
they employ heuristics that aim to achieve high code coverage, wasting resources exploring
unrelated locations. To address this, a recent study proposed UnitCon [13], which introduces
specific heuristics to prioritize candidate unit tests that are likely to reach the target location.
However, its reliance on heuristics limits its effectiveness in complicated scenarios [13].

Due to the limitations of traditional methods, alternative approaches are needed, and
Large Language Models (LLMs) emerge as a promising solution. LLMs have exhibited
remarkable proficiency in diverse software engineering tasks without the need for costly
fine-tuning [10, 24]. Such adaptability equips LLMs with the potential to address the complex
targeted unit test generation scenarios that existing tools could hardly handle.

But are LLMs a silver bullet for targeted unit test generation? Prior research has primarily
explored LLMs for general unit test generation via prompt engineering [42, 46, 7, 39, 1, 31].
By querying LLMs with fixed prompt templates within hard-coded algorithms, prompt
engineering serves as a low-cost application technology in several software engineering
tasks [31]. However, these explorations show that prompt engineering is far from a low-cost
solution in unit test generation due to the inherent limitations of LLMs. One major limitation
is the constraint on context length, posing the challenge of providing concise and precise
context in prompts. While recent LLMs support longer context windows, this challenge
remains due to economic costs and the lost-in-the-middle effect [23]. Another limitation lies in
insufficient validation mechanisms, causing LLMs to frequently generate incorrect tests with
compilation or runtime errors. As a result, efficiently repairing these errors becomes a critical
challenge. Beyond prompt engineering, LLM agents have recently emerged as a promising
paradigm for software engineering automation [6]. Operating as autonomous systems, these
agents leverage LLMs to iteratively reason through problems, invoke external tools, and
dynamically adapt their actions based on tool-generated feedback [37]. This agentic capability
eliminates the need for intricate prompt design. Moreover, some researchers have explored
LLM agents for some test-generation tasks with only minor adaptations [30], indicating their
potential for targeted unit test generation. Despite this, a comprehensive investigation has
yet to be conducted. These emerging possibilities and existing constraints, in combination,
directly motivate our research.

Problem. The fundamental objective of this study is to investigate the potential of LLM
agents in targeted unit test generation. Specifically, we focus on examining whether LLM
agents can achieve strong effectiveness in this domain with only minor adaptations. To this
end, we structure our study around three concrete goals. First, we aim to quantify the
effectiveness of LLM agents in targeted unit test generation. Second, we seek to identify the
capabilities that allow LLM agents to outperform existing unit test generation tools. Finally,
we conduct a detailed failure analysis to reveal the limitations of LLM agents in this context.

Methodology. To achieve the above-mentioned goals, we introduce a comprehensive bench-
mark by incorporating and refining benchmarks used in prior research on unit test genera-
tion [42, 46, 19, 13]. Specifically, LLM agents are tasked with generating a unit test suite that
reproduce a target bug given only its location and the corresponding codebase. For reliable
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evaluation, we focus on Java runtime exception bugs from a wide range of real-world projects,
as whether the generated unit tests trigger these bugs can be objectively verified without
subjective judgment. Using this benchmark, we evaluate three state-of-the-art agent scaffolds
and three frontier LLMs, both of which include commercial and open-source options from
leading companies. Furthermore, we guarantee a fair comparison by aligning the settings of
LLM agents, such as provided inputs and time budgets, with those used by existing tools in
previous research [13, 12].

Findings. Our evaluation reveals that the top-performing combination of agent scaffold and

model achieves an 89.5% success rate in target bug reproduction, surpassing traditional tools.

Notably, even combinations relying purely on open-source settings outperform all existing
tools. Compared to existing tools, LLM agents demonstrate three core capabilities. First,
they leverage direct code comprehension to synthesize complex structural inputs. Second,
they iteratively refine candidate tests via execution feedback. Third, they dynamically choose

between public call paths and Java reflection to reach buggy locations in internal APIs.

However, the extent of these advantages varies across agent scaffolds and models. Despite
their overall success, current LLM agents still exhibit clear limitations. Our failure analysis
identifies four failure modes, with Insufficient Exploration (41.5%) and Inadequate Reasoning
(25.5%) together accounting for 67% of failures. These results underscore the potential of
LLM agents in targeted unit test generation and provide insights into future improvements
in agent scaffolds and models.

In summary, we make the following contributions:

We bridge the gap between state-of-the-art LLM technology and the urgent need for

effective targeted unit test generation, systematically measuring LLM agents’ capabilities

in this domain.

We refine existing benchmarks for targeted unit test generation and reveal their potential

design flaws. We open-source our benchmark for future research.

We identify gaps in current LLM agents’ capabilities for targeted unit test generation,

providing valuable insights for future agent design.

2 Background

2.1 Targeted Unit Test Generation

Unlike general unit test generation that checks overall correctness [15], targeted unit test
generation creates tests to trigger bugs at specific code locations [13].

Tools. We focus on tools that generate executable unit tests including sequences of method
calls. Heuristic-based tools are the mainstream approach among these tools. For instance,
Randoop [33] uses feedback-directed random testing and EvoSuite [11] uses genetic algorithms.
However, the heuristics in these tools primarily optimize for general code coverage. In
contrast, targeted unit test generation requires not only covering the target location, but also
constructing the specific program state needed to trigger the bug. UnitCon [13] addresses
this by using static analysis to infer bug-triggering conditions, yet its predefined heuristics
still fail on complex patterns such as loops or project-specific states [13].

Benchmarks. To evaluate targeted test generation capabilities, empirical studies commonly
adopt the task of reproducing known bugs, requiring generated tests to reach the target
location and trigger the expected failure. Researchers therefore use real-world bug benchmarks
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such as Defects4] [16] and BEARS [27], together with datasets from Genesis, NPEX, and
VFix [25, 18, 45]. However, applying these benchmarks to our task raises three challenges:
Subjective Oracles. Some bugs require human judgment to verify. Outdated Data. All
bug instances in these benchmarks are published before 2022, risking LLM memorization.
Limited Language Diversity. Most benchmarks focus on Java, precluding cross-language
evaluation. Our study also shares this limitation, as we focus on Java for a fair comparison
with existing tools. Section 3 describes how we construct a new benchmark to address the
first two challenges.

2.2 Capabilities of LLM Agents

Due to the limits of heuristics, LLMs offer a promising alternative by reasoning about code
semantics and adapting to bug contexts without manual rules [10, 24]. Prior work has explored
LLMs for unit test generation primarily through prompt engineering [42, 46, 7, 39, 31, 1, 41],
but this approach is costly for targeted generation: developers must manually select relevant
files, craft bug descriptions, and design repair loops for invalid tests [23].

LLM agents address these limitations by autonomously exploring the repository, invoking
tools such as code execution and file search, and iteratively revising outputs based on execution
feedback [6, 37], which automates precisely the manual effort that prompt engineering
demands. Recent work shows that such agents achieve strong results on general software
testing tasks with only minor adaptation [30], yet no systematic study has evaluated them
for targeted unit test generation. This gap directly motivates our work.

2.3 Motivation Example

To illustrate the limitations of existing tools, we examine a real NullPointerException bug in
Jackson-databind.? Listing 1 shows a simplified view of the relevant code.

Listing 1 Simplified code from Jackson-databind.

// Target NPE trigger condition:
// 1. "stackTrace": null appears BEFORE "message" in JSON input
// 2. Class has Throwable constructor
class ThrowableDeserializer extends BeanDeserializer {
public Object deserializeFromObject(JsonParser p, DeserializationContext ctxt) {
// Check Throwable constructor
boolean hasStringCreator = _valuelnstantiator.canCreateFromString();
if ('hasStringCreator &&
! _valueInstantiator.canCreateUsingDefault()) return ...;

Throwable throwable = null; Object[] pending = null;
for (...; ; ...) {
if (/* match "stackTrace": null */) {
if (throwable == null) // "stackTrace" BEFORE "message": Defer
pending[pendingIx++] = prop; pending[pendingIx++] = null;
} else if (PROP_NAME_MESSAGE.equalsIgnoreCase(propName)) {
throwable = _instantiate(ctxt, hasStringCreator, p.getValueAsString());
if (pending !'= null) // Replay deferred properties
for (int i = 0; i < pendinglx; i += 2)
// Trigger target NPE!
((SettableBeanProperty) pending[i]).set(ctxt, throwable, pendingl[i+1]);

2 https://github.com/FasterXML/jackson-databind/commit/df12d5cc7fab00855632462307bbf682-
afacbfbdl.
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class MethodProperty extends SettableBeanProperty {
public final void set(DeserializationContext ctxt, Object obj, Object value) {
// Calls Throwable.setStackTrace(null) -> NPE
_setter.get () .invokeExact (obj, value);

The bug is order-sensitive, "stackTrace": null must appear before "message" in the
JSON input. In that order, the deserializer stores stackTrace in pending, creates the

Throwable when reading message, and then replays the pending property through prop.set.

This call eventually invokes Throwable.setStackTrace(null), which throws the target
exception.

Why heuristics fall short. The three tools we compare against each fail for a distinct reason
rooted in their reliance on predefined heuristics. EvoSuite [11] optimizes for code coverage,
which may reach the parsing loop and the message branch, but coverage metrics provide no
guidance toward the specific value null or the required property order. Randoop [33] explores
random call sequences over constructors and parser APIs, but the failing state is encoded in

a specific JSON string, a semantic constraint that random sequence generation cannot infer.

UnitCon [13] derives heuristics from inferred crash conditions, yet the triggering condition
here spans two classes (ThrowableDeserializer and MethodProperty) and depends on
property ordering, making heuristic synthesis brittle.

The Advantage of LLM Agents. First, an LLM agent leverages its tool-use capabilities to
inspect both classes. Then, it applies its code reasoning capabilities to infer the underlying
pending-property mechanism directly from the source code and synthesize valid JSON
inputs such as {"stackTrace":null, "message":"test"}. Finally, it utilizes its iterative

refinement capabilities to continuously improve the generated test using execution feedback.

This example concretely illustrates our primary motivation, showing how these combined
capabilities of LLM agents effectively address scenarios where heuristic-based tools fail.

3 Study Design

This section presents the design of our empirical study. The rest of this section describes the
studied agents and models, the compared tools, the benchmark construction process, and
the evaluation framework.

3.1 Studied Agents and Models

We select the evaluated agent scaffolds and underlying foundation models based on three key
principles. First, we prioritize general-purpose software engineering agents over task-specific
prototypes to test whether modern agentic systems can handle targeted test generation under
minimal adaptation. By minimal adaptation, we mean that each agent receives only the path
to the buggy codebase and a raw description of the target bug location in its task prompt,
without relying on prompt engineering to introduce manually extracted context, pre-selected
relevant files, or repair guidance for invalid tests [42, 46, 31, 6, 37]. Second, we select leading
proprietary and open-source options for both scaffolds and models to capture practical
trade-offs regarding raw reasoning capabilities, deployment costs, and data privacy. Third,
we restrict our selection to models with pre-training knowledge cutoffs prior to October 2025,
which enables us to collect a sufficient set of post-cutoff benchmark instances to systematically
evaluate potential data contamination risks.

47:5

ESEM 2026



47:6

Rethinking Targeted Unit Test Generation in the Era of LLM Agents

For agent scaffolds, we evaluate Claude Code [3], OpenHands [43], and OpenCode [2].
Claude Code is a proprietary, production-grade coding agent optimized for autonomous,
multi-turn repository navigation. OpenHands provides an open-source platform for Al-
driven development with multi-agent orchestration capabilities. OpenCode is a lightweight
open-source agent focusing on flexible provider integration and transparent action execution.
Together, these scaffolds span proprietary production systems and customizable open-source
frameworks, covering distinct execution paradigms for general-purpose code repository
interaction.

For foundation models, we select GPT-5 [32], Claude-4.5-Sonnet [4], and DeepSeek-
V3.2 [9]. GPT-5 and Claude-4.5-Sonnet represent frontier proprietary models with state-of-
the-art long-context reasoning and complex tool-use efficiency. DeepSeek-V3.2 represents a
leading open-source model that offers competitive coding performance at substantially lower
deployment costs [10, 24].

Each scaffold is paired with each model, yielding nine combinations. Across all combin-
ations, we keep the buggy codebase, task specification, execution environment, and time
budget fixed. This factorial design helps isolate the contribution of scaffold and model
choices.

3.2 Compared Tools

We select UnitCon [13], EvoSuite [11], and Randoop [33] as baseline tools. Our selection
criteria require baselines to be robust, well-established Java unit test generators that cover
both targeted and general-purpose strategies, allowing us to accurately determine whether
LLM agents advance state-of-the-art tools. UnitCon serves as our primary and most directly
relevant baseline, as it represents the latest specialized technique designed specifically for
synthesizing targeted unit tests for Java runtime exceptions. EvoSuite is the most widely
used search-based Java unit test generator, and prior work shows it serves as a strong general-
purpose baseline when adapted for targeted unit test generation [13]. Randoop complements
EvoSuite with a different strategy, namely feedback-directed random generation. Together,
these three tools encapsulate the predominant non-agent paradigms for Java test generation,
spanning specialized heuristic guidance for target location, search-based optimization, and
random test exploration.

3.3 Benchmark Construction

To address the key challenges of existing benchmarks identified in Section 2.1, we construct
our benchmark by incorporating and refining existing benchmarks.

Benchmark Incorporating. To tackle the Subjective Oracles challenge, we incorporate
Java runtime exception bugs from existing benchmarks, as exception triggering provides an
execution-based oracle that can be objectively verified via execution stack traces. Specifically,
we first collect candidate bugs from widely used Java bug benchmarks [16, 25, 27, 18,
45, 13], such as Defects4J [16] and BEARS [27]. Then, we identify duplicate instances
targeting the same location, and randomly retain a single instance. Furthermore, two authors
collaboratively construct containerized execution environments for the buggy codebase of
each instance, and filter out any instance whose execution environment fails to build within
a 15-minute threshold. This phase yielded a initial benchmark of 169 bugs across 66 software
projects, including popular libraries such as Apache Commons 10 and Log4j2.

Benchmark Refining. To address the Outdated Data challenge and mitigate potential data
contamination, we refine the initial benchmark by collecting bugs disclosed after the pre-
training knowledge cutoffs of all studied models. Following the data collection methodology
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established in prior work [16], we gather runtime exception bugs disclosed between October
2025 and May 2026 from the 66 projects covered by initial benchmark. This refinement phase
added 41 newly disclosed bugs to our benchmark.

In total, our benchmark contains 210 bugs from 66 projects. Table 1 summarizes the
exception categories. NullPointerException is the largest category, which reflects the
real-world distribution of Java runtime failures rather than a deliberate design choice. The
remaining bugs span a broad range of failure modes, including array accesses, illegal states,
parsing failures, and user-defined exceptions.

Table 1 The runtime exception categories covered by our benchmark.

Type Total Type Total
ArrayIndexOutOfBoundsException 9  NumberFormatException 3
ArrayStoreException 3  OutOfMemoryError 3
ClassCastException 6 RuntimeException 4
Tllegal ArgumentException 13 StackOverflowError 3
IllegalStateException 6  StringIndexOutOfBoundsException 8
IndexOutOfBoundsException 2 UnsupportedOperationException 3
NullPointerException 126 Others (user-defined exceptions) 21

3.4 Evaluation Framework

Figure 1 summarizes our evaluation pipeline. For each benchmark instance, an LLM agent or
a compared tool receives a buggy codebase along with the target exception type and line-level
location information, and output a JUnit test suite. The generated suite is then executed
inside a Docker container containing a runnable environment for the buggy codebase and
all required dependencies. A task instance is marked as successful if and only if execution
triggers the target exception at the specified target line. Following prior studies [19, 13], this
execution-based criterion serves as an objective oracle, eliminating the need for subjective
human judgment.

Task Input and Output. We formalize each task instance as a tuple (P, e,[), where P is
a buggy program version, e is the target exception type, and [ is the target line-level code
location. The desired output is a JUnit test suite 71" such that executing 7" against P triggers
exception e at location [. This formulation focuses on bug reproduction rather than broad
coverage or assertion generation.

For the compared tools, we adhere to the input formats used in their original studies,
as redesigning their interfaces strengthens construct validity. UnitCon receives the buggy

program alongside the target exception information expected by its implementation [13].

Tools like EvoSuite and Randoop, which are not intrinsically designed for line-level targeted
unit test generation, receive the class containing the target line, following the same adaptation
used in prior work [13].

For LLM agents, we convert the target information into a concise task prompt (as
illustrated in Figure 1) specifying the buggy codebase path, target exception type, target line,

and instructions to generate a reproducing JUnit test suite without altering the codebase.

Agents are given access to codebase files and a controlled execution interface to inspect code,
run candidate tests, and iteratively revise based on feedback.
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Evaluator

Create a Junit unit test suite with test cases for revealing
a bug based on the information listed below. The test
suite should be a single java file without a package
statement, and be placed in the workspace and should
not catch any exceptions.

Buggy Program | e e o
Directory "repo-src” contains source code of the buggy
program, and you **can not** modify the content of this
directory

Target Bug

Monitor

oo
. 32 o oS
java.lang.Illegal ArgumentException Lol ,\.\A\‘(\" \6\
at example.Checker.checkAlphabet(Checker.java:25) We. @ TS
Submission Instructions A Generate ¥ Success
Submit and test the test suite file on the execution server X Generat
with “python submit.py /path/to/testsuite’, stop when
you trigger the crash related to the bug, i.c., the Unit Test
nit lests

\exit_code in the response is not 0. /

g

Generation & Refinment Loop
Buggy Codebase

Figure 1 Overview of the evaluation framework. The sample task prompt given to LLM agents
is shown in the figure.

Evaluation Metrics. Our primary metric is the bug reproduction success rate, defined as
the percentage of benchmark instances where a generated test suite successfully reproduces
the target failure. Specifically, a task instance is marked as successful if and only if executing
the test suite triggers an exception that matches the target exception type and contains the
target location at the top of its execution stack trace. Additionally, we record completion
time and monetary cost for agent-based approaches to evaluate economic efficiency.

Experimental Design Decisions. All approaches are evaluated in the same Dockerized
environment with preinstalled dependencies and a unified compilation script. For LLM
agents, we set the temperature to 0 and disable extended reasoning modes by default to
ensure deterministic behavior and control API costs. We intentionally adopt a single, minimal
prompt template across all agents, as our goal is to evaluate their intrinsic capability to adapt
to targeted unit test generation under minimal custom setup, rather than measuring gains
from complex prompt engineering. We apply two per-instance resource limits: a 15-minute
time budget, following prior time-based test generation evaluations [12], and a $2.00 monetary
cap. Compared tools use recommended settings from prior work [13] with the same 15-minute
time budget. All experiments were conducted on Linux machines with 512GB RAM and Intel
Xeon 2.90GHz processors, repeated five times, and reported as averaged results. Moreover, we
discuss whether alternative design decisions could significantly affect our overall conclusions
in Section 5.

4 Experiment and Results

We structure our evaluation around three research questions.

RQ1: How effectively do LLM agents perform in targeted unit test generation?
This question establishes a baseline understanding of what current agents can achieve
on this task. We measure success rate, completion time, and monetary cost across all
nine scaffold-model combinations, and examine whether open-source models can reach
performance levels comparable to proprietary ones.
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RQ2: How do LLM agents compare to state-of-the-art tools? Beyond raw
success rates, we want to understand why agents outperform traditional tools on certain
bugs. We compare agents against UnitCon, EvoSuite, and Randoop, and analyze the
agent behaviors that explain the performance gap.

RQ3: What are the common failure modes of LLM agents in targeted unit
test generation? Even the best-performing agents fail on a non-trivial fraction of cases.
Understanding the root causes of these failures is essential for guiding future agent design
and identifying where current LLM capabilities fall short.

4.1 RQ1: Effectiveness of LLM Agents

To answer RQ1, we evaluate how well state-of-the-art LLM agents perform on targeted unit
test generation, assess the associated costs and efficiency, and determine whether open-source
alternatives can achieve comparable performance. We evaluate nine combinations of three
agent scaffolds (Claude Code, OpenHands, OpenCode) and three models (Claude-4.5-Sonnet,
GPT-5, DeepSeek-V3.2) on our benchmark. The overall performance is summarized in
Table 2.

Table 2 Overall performance of LLM agents on targeted unit test generation across different
agent scaffolds and models.

Agent Scaffold  Model Success Rate (%) Avg. Time (s) Avg. Cost ($)
Claude-4.5-Sonnet 83.8 263.6 1.35
Claude Code GPT-5 89.5 325.8 1.09
DeepSeek-V3.2 67.1 794.2 0.05
Claude-4.5-Sonnet 81.4 230.4 1.26
OpenHands GPT-5 87.6 315.8 0.98
DeepSeek-V3.2 63.8 788.3 0.05
Claude-4.5-Sonnet 82.9 279.3 1.17
OpenCode GPT-5 87.1 312.5 0.93
DeepSeek-V3.2 65.2 774.1 0.04

Main Results. As shown in Table 2, The best-performing combination, Claude Code paired
with GPT-5, achieves an 89.5% success rate with an average cost of $1.09 per instance.
All combinations using proprietary models demonstrate strong effectiveness, consistently
exceeding an 81% success rate.

To assess result stability across runs, we repeated each experiment five times. The success
rates across runs show no significant variation, with the highest p-value across all nine
combinations reaching 0.43 via Fisher’s exact test.

Finding 1. Modern LLM agents are highly effective for targeted unit test generation,
achieving up to an 89.5% success rate (Claude Code + GPT-5) with high stability across
execution runs.

Agent Scaffold Analysis. As shown in Table 2, while agent scaffolds differ in capabilities,
scaffold choice alone does not yield substantial variance in test generation success rates
compared to model capabilities. To uncover the underlying behavioral drivers, we randomly
sampled 30 bug instances and manually analyzed the execution trajectories of all nine scaffold-
model combinations on each bug. We observed that key behavioral differences primarily
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stem from tool invocation strategies, such as distinct mechanisms for file traversal. Moreover,
Claude Code employs a multi-agent architecture where a dedicated subagent handles code
exploration while the primary agent constructs tests. Although this separation leads to a
marked increase in execution cost, it translates into only slight success rate improvements
over OpenHands and OpenCode. Fundamentally, test generation across all scaffolds follows a
shared behavioral loop: including reading source code to infer exception-triggering conditions,
drafting targeted tests, and revising based on execution feedback.

Finding 2. Behavioral variations among agent scaffolds, such as distinct tool invocation,
do not significantly affect targeted unit test generation success rates. The overall
performance is predominantly driven by the capabilities of the underlying models.

Model Analysis. Proprietary models significantly outperform the open-source alternative
in success rate, whereas the open-source model provides substantial cost advantages. GPT-5
achieves the highest success rate across all scaffolds, outperforming Claude-4.5-Sonnet by
5.7 to 6.2 percentage points. DeepSeek-V3.2 lags behind proprietary models by 16.0 to 24.4
percentage points, yet reduces cost per instance to $0.04 to $0.05 compared to $0.93 to $1.35
for closed-source models. This performance gap likely stems from limitations in reasoning
speed and tool-use efficiency. For instance, when paired with OpenCode, successful test
generations using DeepSeek-V3.2 require 774.1 seconds on average, indicating that a large
portion of the 15-minute budget may be consumed by reasoning rather than test iteration. A
more comprehensive qualitative analysis of model behaviors and failure modes is presented
in subsequent sections.

Finding 3. Proprietary models demonstrate substantial advantages over open-source
models in both success rate and time efficiency, whereas open-source models achieve
drastically lower monetary costs.

Data Contamination Analysis. Since our studied LLMs are pre-trained on large-scale
internet datasets that may include bug instances in our benchmark, we investigate the
potential effect of data contamination. To ensure representative coverage, we stratified
and randomly sampled 30 pre-cutoff bugs (disclosed before 2022) and 30 post-cutoff bugs
(disclosed between October 2025 and May 2026) across exception categories, project domains,
and code complexity levels. We evaluated all nine scaffold-model combinations on both
subsets and computed the p-values using Fisher’s exact test and a Z-test for proportional
differences. Across all combinations, the p-values exceed 0.05, indicating no statistically
significant difference in success rates between pre- and post-cutoff splits. Due to space
constraints, we present the analysis results for OpenCode with all studied models in Table 3.

Table 3 Success rates and statistical test results for data contamination analysis.

Model Pre-cutoff (%) Post-cutoff (%) Fisher p-value Z-test p-value
Claude-4.5-Sonnet 83.3 80.0 0.74 0.74
GPT-5 86.7 83.3 0.71 0.72

DeepSeek-V3.2 63.3 66.7 0.77 0.79
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Finding 4. There is no statistically significant performance difference between pre-cutoff
and post-cutoff bugs for any model. This suggests that the agents’ performance reflects
genuine reasoning and generalization rather than memorization of training data.

4.2 RQ2: Comparison against SOTA Tools

We compare LLM agents with SOTA tools, including UnitCon, EvoSuite, and Randoop, on
our benchmark, and examine the scenarios where agents outperform traditional tools. We
evaluate the best-performing agent configurations against baselines and manually analyze
agent-generated test trajectories to identify the capabilities that explain the performance

gap.

Comparison of Generation Results. We compare success rates across SOTA tools. Our
experiments show that UnitCon achieves a 49.6% success rate, EvoSuite achieves 39.4%, and
Randoop achieves 21.3%, consistent with the capability differences among these three tools
observed in prior work [13].

LLM Models
BB Claude 4.5 Sonnet [ GPT-5  ESZ) DeepSeek-V3.2

Existing Tools
BEm Randoop  [EE3 UnitCon X2 Evosite

°
a

Success Rate
SRRRRRRRRY &

0‘:’0’&"&’0’0’0’0‘
X

2003
R

o%

1
X
RS

X

Claude Code OpenHands OpenCode

Figure 2 Generation Success Rate Comparison. Figure 3 Venn Plots of Overlap-
ping and Unique Successful Cases.

Figure 2 illustrates the success rate comparison between LLM agents and SOTA tools.
The top-performing configuration (Claude Code + GPT-5) achieves an 89.5% success rate,
surpassing UnitCon, EvoSuite, and Randoop by 39.9%, 50.1%, and 68.2% in absolute success
rate, respectively. Even the lowest-performing open-source configuration (OpenHands +
DeepSeek-V3.2, 63.8%) outperforms all SOTA tools by a significant margin.

To evaluate the uniqueness and overlap of successful bug reproductions between LLM
agents and SOTA tools, we analyzed the unique successful cases across all scaffold configura-
tions. Since we observed no statistically significant differences in the proportion of unique
bugs identified by different agent scaffolds, Figure 3 presents the Venn diagrams for the
representative OpenCode scaffold paired with the three studied models alongside SOTA tools.
Under this representative setup, 41.8% of the agent’s successful cases are unique, whereas
only 4.8% of UnitCon successes and 6.0% of EvoSuite successes are not covered by the
LLM agent. Qualitative inspection of the small subset where traditional tools succeed but
the agent fails reveals a consistent pattern: these cases typically feature shallow execution
paths where heuristic-based exploration rapidly hits the target state, whereas the LLM agent
occasionally consumes its execution budget on over-analyzing deep call sequences. These
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findings demonstrate that while LLM agents substantially expand coverage over complex,
semantics-heavy bug scenarios, traditional heuristic-based techniques remain complementary
for simple, shallow exploration targets.

Finding 5. LLM agents outperform the most effective SOTA tool UnitCon by a large
margin, with an 89.5% versus 49.6% success rate. Agents cover a substantially broader
range of bug scenarios, with 41.8% of their successes unreachable by any SOTA tool.

LLM Agents’ Advanced Abilities. To understand why agents outperform SOTA tools,
we randomly sampled 70 successful bug reproduction instances for each model paired with
the OpenCode scaffold, yielding 210 analyzed cases in total, and manually inspected their
execution trajectories alongside baseline tool logs. This analysis reveals three key capabilities
driving the performance gap.

Advanced Ability 1 — Direct Code Comprehension. Agents inspect source context around
the target location to infer necessary conditions. Moreover, agents integrated with closed
source models frequently search the repository for existing test cases that could reach the
target location, using these tests as references to accelerate generation. This ability is critical
when reproducing bugs that require precise input formats. For example, triggering a target
bug requires a JSON string with a specific structural layout. Coverage-guided tools like
EvoSuite and Randoop struggle to synthesize structurally valid payload semantics because
their reliance on random string generation makes generating such complex formats highly
improbable. UnitCon also fails to handle these inputs because its predefined static rules do
not cover complex JSON parameter synthesis.

Advanced Ability 2 — Adaptive Execution-Guided Refinement. When a generated unit
test suite fails to trigger the target exception, agents analyze the execution output to diagnose
root causes and iterate. Across successful cases, agents perform at least one refinement
round in 74.8% of instances. In contrast, tools like EvoSuite and Randoop adjust generation
based on code coverage metrics. If a candidate unit test suite covers the target line without
triggering the target exception, these tools pivot to explore uncovered code locations rather
than triggering the target exception at the covered target line. Meanwhile, UnitCon employs
a static generation pipeline with no execution feedback mechanism.

Advanced Ability 3 — Flexible Access to Internal APls. Many bugs reside in code locations
that are not directly accessible via public interfaces, such as private fields, package-private
constructors, or protected methods. To reach these target locations, tools like EvoSuite and
Randoop apply Java reflection using fixed heuristic rules, whereas UnitCon performs static
call graph analysis to discover execution paths starting from public methods. LLM agents
demonstrate superior flexibility by adaptively choosing between public interface calls and
Java reflection. For example, when agents cannot retrieve any viable test cases or public
entry chains in the repository that reach the target location, they dynamically fall back to
synthesizing candidate tests via Java reflection. Building upon direct code comprehension
and execution-guided refinement, agents produce higher quality reflection logic than the
heuristic techniques in EvoSuite or Randoop, thereby achieving a higher success rate in
triggering target exceptions.
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Finding 6. LLM agents demonstrate three core capabilities that SOTA tools lack,
namely direct code comprehension for complex structural input synthesis, adaptive
refinement driven by execution feedback, and dynamic choice between public call paths
and Java reflection. These capabilities explain why agents achieve a clear competitive
advantage over heuristic-based SOTA tools.

4.3 RQ3: Failure Modes of LLM Agents

To understand the common failure modes of LLM agents in targeted unit test generation, we
conduct a root-cause analysis on 200 randomly sampled execution trajectories that fail to
generate unit test suites for target bugs across all nine scaffold-model combinations. Two
authors independently categorized these failures, achieving an initial agreement rate of 81.5%
with a Cohen’s kappa of 0.76 that indicates substantial agreement [42]. Disagreements were
resolved through qualitative discussion. Through this analysis, we identify four core failure
modes.

Failure Mode 1: Insufficient Exploration. Accounting for 41.5% of failures, the agent
correctly identifies the target location but fails to sufficiently explore the necessary program
space, such as repository contexts, input spaces, or runtime execution states, within the
allotted time budget. Two representative manifestations illustrate this issue. First, regarding
codebase context exploration, open-source models like DeepSeek-V3.2 frequently attempt to
parse global directory structures and build configurations to comprehend project context.
On large codebases, this exhaustive traversal exhausts the time budget before test synthesis
begins. Conversely, frontier closed-source models such as GPT-5 and Claude-4.5-Sonnet
extract targeted keywords directly from the target location to perform localized file retrieval,
drastically reducing context exploration overhead. Second, regarding test input space
exploration, traditional heuristic-based tools like EvoSuite execute thousands of candidate
inputs per second, whereas LLM agents can only evaluate a sparse set of inputs under strict
time constraints. Although this execution bottleneck can easily lead to insufficient input
exploration, stronger code reasoning capabilities can compensate for limited sample volumes.
In successful cases, we observe that GPT-5 and Claude-4.5-Sonnet explore significantly fewer
test inputs than DeepSeek-V3.2 before triggering the target exception.

Failure Mode 2: Inadequate Reasoning. Accounting for 25.5% of failures, the agent estab-
lishes an operational test execution environment but fails due to flawed logical deductions
regarding program logic, implicit repository context, or runtime system states. Two represent-
ative manifestations illustrate this reasoning boundary. First, regarding implicit repository
context inference, while target projects exist across multiple versions, our task prompts omit
specific version indicators for the buggy codebase. Consequently, agents frequently synthesize
method calls corresponding to wrong project versions without first inspecting local buggy
codebase specifications. Although execution-guided refinement helps agents correct these
failures, initial version misjudgments consume valuable time budgets. Furthermore, frontier
closed-source models like GPT-5 mitigate this issue by proactively searching existing test
cases in the codebase to confirm correct method signatures prior to generation. Second,
regarding deep execution logic and data flow reasoning, agents struggle to trace intricate
multi-step dependencies across complex call hierarchies. A representative failure occurs when
a bug requires tracing subtle state mutations across multiple classes, such as a case where a
key hash code changes between map insertion and subsequent lookup, causing a metadata
retrieval to return null.
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Failure Mode 3: Tool Misuse. Accounting for 14.0% of failures, the agent struggles to
correctly interface with external toolsets, encompassing both scaffold-provided tools and
system-level execution harnesses. This issue manifests in two primary aspects. On the one
hand, agents experience difficulty utilizing scaffold-level tools. Even when agent scaffolds
furnish a rich suite of tools, models may struggle to select and use them effectively. For
instance, DeepSeek-V3.2 frequently exhausts its entire time budget attempting to locate
tools that can help traverse the file structure of the buggy codebase, yet fails to find and
invoke them successfully. On the other hand, agents face friction with execution environment
harnesses. A representative case is the failure to generate test suites that conform to
JUnit specifications. While both open-source models like DeepSeek-V3.2 and proprietary
models like GPT-5 and Claude-4.5-Sonnet make initial mistakes regarding harness rules,
their self-correction efficiency varies markedly. Closed-source models efficiently leverage
execution-guided refinement to correct framework violations within one or two iteration loops,
whereas open-source models tend to exhaust their iteration budget on repetitive, superficial
syntax modifications without constructing a functional test suite.

Failure Mode 4: Incorrect Focus. Accounting for 11.5% of failures, the agent understands
the high-level task objective but strays into irrelevant investigation pathways. This behavior
manifests in two primary aspects. On the one hand, agents exhibit attention drift by focusing
on unrelated exceptions or files. Although agents typically recognize this mistake and attempt
self-correction, the time budget consumed during these misdirected investigations prevents
them from successfully completing the task. On the other hand, agents exhibit goal confusion
where they attempt to patch or fix the target bug instead of generating a unit test suite to
reproduce it, which is likely an artifact of pre-training data containing abundant bug-fixing
tasks. Crucially, we observe that this tendency to mistake the objective for bug fixing appears
randomly across both closed-source models such as GPT-5 and open-source models such
as DeepSeek-V3.2. Even though our experiments set the temperature to 0, a configuration
commonly expected to ensure relatively consistent trajectories, this random focus drift still
persists. We suggest that running the generation task over multiple independent iterations
serves as a practical strategy to mitigate the impact of such incorrect focus.

Finding 7. Agentic unit test generation is primarily constrained by Insufficient
Ezploration (41.5%) and Inadequate Reasoning (25.5%). Proprietary and open-source
models exhibit distinct behavioral patterns and self-correction efficiencies across failure
modes, highlighting the need for tailored enhancement strategies.

5 Discussion

5.1 Implications for Research and Practice

Impact of Experimental Configuration Decisions. To address whether variations in our
experimental design choices could significantly affect our primary conclusions, we analyze the
potential impacts of different prompting strategies, reasoning modes, and resource budgets.
Incorporating targeted examples into the task prompt could potentially improve performance.
For instance, advanced models such as GPT-5 might search the codebase for existing test
cases reaching the target location to accelerate test synthesis. However, we intentionally
adopt a minimal zero-shot prompt design to evaluate the foundational capabilities of modern
agents under minimal adaptation. Extended reasoning modes like test-time compute scaling
allow agents to perform deeper chain-of-thought analysis before tool invocation. While
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this may help resolve complex multi-class data flow dependencies, it significantly increases
per-step latency and monetary cost, which can cause agents to exhaust their budget in
time-bounded execution setups. To quantify the effect of time budgets, we conduct an
empirical analysis on 30 randomly sampled benchmark instances using OpenCode across
the three studied models. Tightening the budget from 15 to 10 minutes decreases the
success rates of two closed-source models by approximately 7 percentage points, whereas
the open-source DeepSeek-V3.2 experiences a relative success rate drop of over 50% due
to inference latency. Relaxing the budget to 20 minutes yields no significant success rate
improvement for closed-source models but boosts DeepSeek-V3.2 by about 12 percentage
points, and the success rates for all models plateau at 25 minutes. Thus, while resource
limits affect open-source models to a larger extent, our 15-minute budget choice does not
significantly alter our core conclusions.

Quality of Generated Tests. To investigate the quality of agent-generated tests, we randomly
sampled 30 successful bug reproduction instances for each model paired with the OpenCode
scaffold, yielding 90 analyzed cases in total, and manually inspected the generated tests
alongside tests written by project developers. First, regarding bug reproduction validity, our
execution oracle checks not only whether target exceptions are thrown but also verifies whether
target locations appear precisely at the top of the stack trace, a mechanism that manual
analysis confirms completely eliminates accidental paths. Furthermore, only a small minority
of cases, specifically 5.6%, exhibit degenerate paths where exceptions are forced via artificial
inputs like passing raw nulls to internal methods, confirming that most generated tests
faithfully exercise intended failure scenarios. Second, regarding maintainability, generated
tests show structural fragility compared to developer tests. Around 16.7% of agent-generated
tests bypass public entry workflows to manipulate private APIs or internal singletons directly,
producing overly coupled code vulnerable to internal refactorings. Third, regarding readability,
generated tests suffer from low semantic clarity. Over 72.2% of generated tests employ
generic method and variable names, such as testBug or boom, along with cryptic hardcoded
parameters like complex JSON strings. This lack of explanatory comments obscures the
underlying domain semantics. In contrast, developer-written tests convey clear functional
intent through descriptive naming, inline annotations, and structured setup.

Generalizability to Other Bug Categories and Languages. While our empirical evaluation
focuses on Java runtime exceptions, the core underlying capabilities of LLM agents, such
as direct semantic reasoning, iterative execution feedback, and dynamic state manipulation,
operate independently of specific bug categories. For assertion failures and logical faults,
agents could leverage semantic context from specifications to infer preconditions and synthesize
bug-triggering inputs. Conversely, non-deterministic bug categories, such as concurrency
races, exhibit structural characteristics distinct from our experimental observations, as
reproducing them demands precise temporal control that intersects with observed reasoning
limits, necessitating further empirical investigation. Regarding cross-language applicability,
the agent capabilities driving performance gains, specifically direct semantic comprehension
and execution-guided refinement, are language-agnostic. In dynamically typed languages
such as Python or JavaScript, where strict type constraints are absent and traditional
heuristic-based methods struggle to infer implicit object structures, the semantic reasoning
and dynamic runtime feedback of LLM agents remain equally effective.
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Scaffold and Model Selection in Practice. Determining the best scaffold and model
combination depends on prioritizing target trigger success while considering time and cost
trade-offs. Under bug reproduction efficacy as the primary standard, Claude Code consistently
emerges as the top-performing scaffold, reaching peak effectiveness when paired with GPT-
5. Beyond maximum performance, different deployment settings dictate distinct optimal
choices. Claude Code with GPT-5 is ideal for high-precision scenarios demanding maximum
effectiveness. OpenHands with GPT-5 strikes a strong balance between high success and
lower resource overhead, delivering an 87.6% success rate at 0.98 dollars per instance. Finally,
OpenCode with DeepSeek-V3.2 offers the best open-source solution for local or budget-
limited deployments, achieving 65.2% success at 0.04 dollars per instance while surpassing
all traditional baselines.

5.2 Threats to Validity

We systematically analyze threats to validity following established empirical software engin-
eering guidelines [42, 46].

Internal validity. Internal validity concerns experimental factors that may introduce system-
atic bias into observed results. Two threats apply here. First, data contamination may inflate
bug reproduction performance if models memorized benchmark instances during pre-training.
To mitigate this threat, we incorporated 41 bugs disclosed after all models’ knowledge cutoffs,
and statistical hypothesis testing confirms no significant performance difference between
pre-cutoff and post-cutoff subsets. Second, qualitative failure mode analysis carries potential
analyst subjectivity, which could misclassify failure causes. To address this risk, two au-
thors independently categorized sampled failure trajectories using standardized operational
guidelines and resolved discrepancies through joint discussion to ensure high annotation
consistency.

External validity. External validity addresses the generalizability of our empirical conclusions
to broader software engineering contexts. Our evaluation dataset focuses exclusively on
Java runtime exception bugs from open-source projects. This scope restriction means our
quantitative findings may not directly extrapolate to different programming paradigms,
bug categories, or complex industrial codebases, such as dynamic languages like Python or
non-deterministic concurrency bugs. To address this limitation, our benchmark incorporates
diverse software repositories spanning a broad spectrum of runtime exception categories
to maximize the diversity of benchmark instances. Moreover, we explicitly analyze the
theoretical generalizability of our core findings to other programming languages and bug
categories in Section 5.

Construct validity. Construct validity concerns whether our operational measurements
accurately reflect the true capabilities of agents and baseline tools. Two threats apply here.
First, execution oracles may suffer from false positives if a test triggers the target exception
at the specified location through an accidental or degenerate path rather than reproducing
the genuine failure scenario. To mitigate this threat, our evaluator requires matching both
the thrown exception type and stack trace details, and our manual inspection confirms that
this mechanism effectively prevents false positive triggering. Second, tool configurations and
resource budgets may introduce measurement bias. For instance, search-based baselines like
EvoSuite feature extensive configurable parameters, while agents operate under fixed limits
like a 15-minute time budget and a zero-temperature setting. To minimize bias, we adopt
standard baseline configurations recommended by prior work [13], and our analysis shows
that our resource limits provide a stable evaluation platform without altering overall trends.
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6 Related Work

Automatic unit test generation. Automated unit test generation has been studied for
decades. Early work established the main technical directions, including symbolic and concolic
execution to derive path conditions [44, 40], feedback-directed random testing [33], and search-
based generation with genetic algorithms [11]. Subsequent work refines these approaches
through better search objectives, seed construction, and analysis-guided exploration [34, 21,
35, 26, 29, 20]. These tools are effective for checking overall program correctness, but their
heuristics optimize for code coverage rather than for reaching a specific buggy location, which
limits their usefulness for targeted unit tests. UnitCon [13] is the most directly relevant
prior work, targeting Java runtime exceptions by leveraging heuristic-based static analysis to
infer crash conditions and prioritize candidate tests toward the target location. Our study
investigates whether LLM agents can address the cases where such predefined heuristics fall
short, using SOTA tools including UnitCon, EvoSuite [11] and Randoop [33] as baselines for
comparison.

LLMs for unit test generation. Prior research on LLM-based test generation focuses either
on model fine-tuning [41] or on prompt engineering techniques such as context selection,
execution feedback loops, and intent-guided prompts [42, 46, 7, 39, 38, 31, 22, 1]. While
effective for general test generation, these techniques struggled with targeted bug reproduction.
Reaching a specified buggy location requires navigating large codebases, constructing complex
target states, and repairing failed tests dynamically, tasks that prompt engineering handles
poorly due to limited long-context capabilities [23]. Our work addresses this limitation by
investigating LLM agents that integrate iterative tool use with dynamic reasoning to handle
targeted unit test generation.

LLM agents for software engineering. Recent work demonstrates the broader applicability
of LLMs to tasks such as code analysis and vulnerability management without domain-specific
training [10, 24]. The paradigm shift toward agentic systems, where models iteratively reason,
execute tools, and process environment feedback, represents a major advance for software
engineering automation [6, 37]. Early evidence indicates that general-purpose agents perform
competitively on testing tasks with minimal adaptation [30]. Our work contributes a
controlled empirical evaluation of agent capabilities on a prevalent practical task unaddressed
by prior work, specifically targeted unit test generation for Java runtime exceptions.

7 Conclusion

We present the first empirical evaluation of LLM agents for targeted unit test generation.
Using a benchmark of real-world Java runtime exception bugs, our study systematically
measures the realistic applicability of LLM agents across diverse agent scaffolds and foundation
models. The results demonstrate that LLM agents significantly outperform state-of-the-art
traditional tools, driven by capabilities in direct code comprehension, execution-guided
refinement, and flexible access to internal APIs. Moreover, we identify four common failure
modes of LLM agents during test generation and discuss the implications of our findings for
future research and practice in agent scaffolds and models.
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Data Availability Statement

To facilitate future research, we have open-sourced the experimental dataset and evaluation
scripts. These artifacts are publicly available on Zenodo at https://zenodo.org/records/
20283766 (DOI: 10.5281/zenodo.20283766). The repository includes the benchmark of
210 real-world Java bugs from 66 projects, the containerized execution environment setup,
and detailed instructions for reproducing our experiments.
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