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Abstract

Automatically generating issue-reproducing
tests is essential for debugging and regres-
sion prevention. Recent advances show that
large language models can effectively per-
form this task, but their reliance on extremely
large parameter scales limits practical deploy-
ment. In this paper, we propose SLIT, an
execution-grounded framework that enables
small language models to generate effective
issue-reproducing tests. SLIT formulates is-
sue reproduction as an execution-guided ex-
ploration problem and optimizes policies with
reinforcement learning over execution-based re-
wards. To improve inference-time exploration,
SLIT further introduces diversity-augmented
test construction and a learned scoring model to
select effective reproducing tests. Experimen-
tal results on SWT-Bench-Verified indicate that
the 14B-parameter model achieves a resolve
rate of 46.2%, achieving competitive perfor-
mance against prior approaches that rely on
larger models. These results demonstrate the
effectiveness of SLIT and highlight the via-
bility of execution-grounded small language
models for issue-reproducing test generation.

1 Introduction

Reproducing real-world software issues is a funda-
mental task in software engineering (Wang et al.,
2024a). Given an issue description, this task re-
quires generating tests that reliably trigger the re-
ported issue. Automatically generating such tests
can substantially improve developer productivity
by facilitating debugging and providing regres-
sion tests that prevent future regressions (Daka
and Fraser, 2014; Kang et al., 2023). Recent ad-
vances in large language models (LLMs) have
shown promising capabilities in generating issue-
reproducing tests from issue descriptions and code
snippets (Khatib et al., 2025; Ahmed et al., 2025;
Nashid et al., 2025). However, in realistic software
engineering settings, such as on-premise continu-

ous integration pipelines, privacy-sensitive enter-
prise codebases, or resource-limited testing envi-
ronments, deploying 100B+ parameter models is
often infeasible (Chen, 2024; Fan, 2026). These
constraints motivate the following research ques-
tion: Can specialized small language models
(SLMs) provide a practical alternative to large-
model-based issue-reproducing test generation?

This task poses two major challenges. @ Op-
timization Objective Mismatch. Issue repro-
duction remains challenging for SLMs without
task-specific fine-tuning. Unlike issue resolu-
tion (Tang et al., 2025; Wei et al., 2025), which of-
ten has a more constrained target correction, issue-
reproducing test generation focuses on whether the
target execution path is exercised and the expected
behavior is successfully asserted. Thus, a single
bug may admit multiple valid reproduction tests.
Consequently, standard optimization formulations,
i.e., token-level loss between ground-truth test and
generated test, are often ill-suited to this setting.
0 Reasoning Capacity Bottleneck. Existing is-
sue reproduction pipelines typically rely on LLMs
to handle large code contexts and follow complex,
multi-step instructions (Wang et al., 2024a; Khatib
et al., 2025). However, SLMs generally struggle to
follow such instructions reliably (Li et al., 2025c).

To address these challenges, we propose SLIT,
a framework that leverages SLMs to generate
issue-reproducing tests through Execution-Aware
Policy Optimization and Diversity-Augmented
Search and Selection. First, compared with rigid
token-level imitation, we reformulate issue repro-
duction as an execution-guided exploration prob-
lem. Specifically, we propose a reinforcement
learning (RL)-based optimization approach that
leverages execution feedback as the learning sig-
nal. Unlike prior execution-feedback methods that
primarily rely on binary outcomes such as compila-
tion success or test pass signals, our feedback is tai-
lored to issue reproduction by combining outcome-
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based rewards with execution-trace similarity to
reference reproducing tests. Second, to avoid com-
plex reasoning procedures, SLIT incorporates a
diversity-augmented test construction mechanism
that exposes the generator to diverse contextual
views to encourage diverse candidate tests. Finally,
we train a scoring model via preference learning to
select higher-quality tests from the candidate set.
We conduct extensive experiments to rigor-
ously evaluate the effectiveness of SLIT. Specifi-
cally, we fine-tune Qwen2.5-Coder-14B-Instruct as
both the issue-reproducing test generation model
and the scoring model. On the SWT-Bench-
Verified (Miindler et al., 2024) benchmark, our
approach achieves a resolve rate of 46.2%, outper-
forming many prior methods that rely on substan-
tially larger language models for issue-reproducing
test generation. To better understand the contribu-
tions of individual components, we perform com-
prehensive ablation studies. The results demon-
strate that execution-based feedback provides effec-
tive guidance for issue-reproducing test generation.
Our contributions are summarized as follows:

* We study the problem of issue-reproducing test
generation using SLMs and empirically demon-
strate that issue reproduction can be achieved
without relying on extremely large models.

* We propose an execution-grounded optimization
method that guides the test generator using fail-
to-pass outcomes and execution-trace rewards.

* We introduce a diversity-augmented search work-
flow and an execution-log-aware scoring model,
showing that execution logs provide strong evi-
dence for selecting reproducing tests.

* We evaluate on SWT-Bench-Verified, where a
14B model achieves a resolve rate of 46.2%, out-
performing many existing approaches that rely
on significantly larger models.

Code Availability. Our code and models are pub-
licly available at https://github.com/SLIT20/
SLIT.

2 Background and Related Work

Issue Resolution The capability of large lan-
guage models (LLMs) to resolve real-world GitHub
issues has recently attracted significant attention.
A representative benchmark in this line of research
is SWE-bench (Jimenez et al., 2023), which fo-
cuses on real GitHub issues in Python repositories.

A number of studies have reported strong perfor-
mance on SWE-bench (Mu et al., 2025; Yang et al.,
2025a; Aggarwal et al., 2025; Tao et al., 2025),
demonstrating the potential of LLMs for automated
issue resolution. Among these approaches, agent-
based methods have shown particularly promising
results (Antoniades et al., 2024; Gao et al., 2025;
Li et al., 2025b; Dong et al., 2025). Nevertheless,
pipeline-based approaches remain highly valuable,
as they impose predefined workflows on LLMs
and are often more stable and computationally effi-
cient (Xia et al., 2024; Zhang et al., 2024; Li et al.,
2025a).

In addition, a growing body of work has inves-
tigated leveraging small language models (SLMs)
for issue resolution. One line of research employs
supervised fine-tuning to enhance the model’s
issue-resolution capability (Ma et al., 2024; Xie
et al., 2025; Tang et al., 2025). Another line of
work explores reinforcement learning to further
strengthen such capability (Wei et al., 2025; Ma
et al., 2025). These studies typically place SLMs
within predefined workflows, thereby compensat-
ing for their limitations in long-horizon planning.
Motivated by these considerations, we design pre-
defined workflows tailored to SLMs for generating
issue-reproducing tests, instead of relying on agent-
based frameworks.

Issue-Reproducing Test Generation LILM-
based test generation has achieved promising
results (Zhang et al., 2026; Fu et al.,, 2026),
and a growing body of work has investigated
issue-reproducing test generation. Among the
earliest systematic studies on LLM-based issue-
reproducing test generation, LIBRO (Kang et al.,
2023) demonstrates strong performance on De-
fects4J (Just et al., 2014). SWT-Bench (Miindler
et al., 2024) is a benchmark designed to evalu-
ate the ability of large language models to gen-
erate issue-reproducing tests, with test cases de-
rived from SWE-bench. Moreover, several ap-
proaches originally proposed for issue resolution,
such as OpenHands (Wang et al., 2024b) and SWE-
Agent (Yang et al., 2024), can also be adapted for
issue-reproducing test generation. Recently, an
increasing number of studies have focused explic-
itly on issue-reproducing test generation (Ahmed
et al., 2025; Nashid et al., 2025; Wang et al., 2024a;
Khatib et al., 2025). However, existing methods
predominantly rely on large-parameter models, and
the application of SLMs to issue-reproducing test
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generation remains underexplored.

3 Methodology

3.1 Overview

Problem Definition. We study the problem of
learning to generate issue-reproducing tests for real-
world software issues. Given (i) a natural-language
issue description I, and (ii) a buggy program ver-
sion V' 7, the goal is to generate a test case 7' that
triggers the reported issue. During training and
evaluation, we additionally have access to a cor-
responding patched version V. Following SWT-
Bench, we operationally regard a test I' as success-
fully reproducing an issue if it fails on V'~ while
passing on V1. We refer to such tests as fail-to-
pass (f2p) tests. Formally, an f2p test case T is
required to satisfy the following condition:

E(T, V™) = fail, E(T, V') =pass, (1)

where £(T', -) denotes the runtime execution out-
come obtained by executing test 7" on a given code
version. Accordingly, f2p serves as a scalable and
objective operational proxy for whether 7' triggers
the reported issue.

Overall Framework. To address the above prob-
lem, the proposed SLIT method is designed around
two key components. Section 3.2 presents the re-
inforcement learning procedure used to train the
test generator, while Section 3.3 describes the
inference-time workflow for small language mod-
els (SLMs). An overview of the overall framework
is illustrated in Figure 1.

3.2 Execution-Aware Policy Optimization for
Issue Reproduction

Several datasets, such as SWE-Gym (Pan et al.,
2024) and SWE-smith (Yang et al., 2025b), are de-
signed for issue resolution. They provide ground-
truth patches and f2p tests, where the tests serve as
correctness oracles. Following SWT-Bench, we use
these f2p tests as reference tests under the bench-
mark’s operational reproduction criterion, while
using the ground-truth patches to construct the
patched version. Based on this training data, we
further optimize the model using reinforcement
learning.

Specifically, we apply reinforcement learn-
ing with Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), which optimizes the
policy by comparing the relative performance of
samples within the same rollout group.

Let G = {x;}}¥, denote a rollout group sam-
pled from the current policy 7rg conditioned on an
identical prompt. GRPO updates the policy by
maximizing

Lerro(0) = Egmr, [log mo(a;) (R — Rg)]

) )
where Rg = @1| > jeg R; is the group-wise base-
line reward. Next, we describe how to compute the
execution-based reward R;.

To provide a scalable and objective signal for
issue reproduction, we employ a binary fail-to-pass
(f2p) signal. Specifically, a generated test receives
a positive reward if it fails on the buggy version and
passes on the patched version, and zero otherwise.
We denote the f2p reward of the i-th instance within
arollout as R™°. As a binary signal, however, f2p
is inherently sparse and provides limited guidance
for exploration.

To address this limitation, we incorporate re-
wards based on execution traces that offer interme-
diate supervision. In particular, we use execution
coverage as an auxiliary reward, which serves as
a coarse-grained proxy for a test case’s execution
trajectory by capturing program behaviors such
as module loading, parameter initialization, and
control-flow traversal. Given the prohibitive cost
of full path coverage, we adopt statement coverage
and branch coverage as tractable approximations.
Our optimization objective is to encourage gener-
ated tests to exhibit execution behaviors that are
closer to those of reference f2p tests.

Let Cp)p denote the reference coverage induced
by fail-to-pass tests in the dataset, and let C; repre-
sent the coverage obtained from the ¢-th instance
within a rollout. To emphasize execution behaviors
that differ across instances, we first compute the
intersection coverage Cipier = [ ); Ci N Crap. These
invariant coverage elements are then removed to
obtain the golden coverage set Coold = Crap \ Cinger-
For each instance ¢, we further define its refined
coverage as C! = C; \ Cinter-

Coverage precision and recall are defined as
Recall; = %%"]d‘ and Precision; = IC’TC%”',
respectively. We then compute a recall-biased F-
score as the coverage-based reward for the i-th
instance, denoted by F;:

(14 8?) - Precision; - Recall;

F =
’ 32 - Precision; + Recall;

Y

where S > 1 controls the relative importance of
recall; we set 8 = 2 in all experiments.
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Figure 1: Overview of SLIT. During the reinforcement learning (RL) stage, SLIT optimizes the policy using
multiple execution signals. The resulting preference data collected in this stage are subsequently used to train
a scoring model. At inference time, SLIT generates multiple candidate tests, and the scoring model selects the

highest-scoring one to reproduce the issue.

Beyond coverage, we further consider statement-
level execution distributions to capture loop exe-
cution intensity. Let F' denote the set of functions
modified by the ground-truth patch. For each func-
tion f € F), let p; and ¢; denote the normalized
execution distributions of statement j under the
reference and generated tests, respectively. We
compute the execution distribution similarity as

1 1
Df:l_i Z Ipj—q;l, Di:mZDf-

j€Elines(f) fer
3
The final reward is as follows:
1
R; = R{® + 5 (Fi + Di) )

This reward design ensures that execution-based
signals act as bounded auxiliary objectives an-
chored by the primary fail-to-pass signal. As a
result, the optimization process remains focused on
issue reproduction while benefiting from additional
guidance derived from execution information.

3.3 Diversity-Augmented Test Search and
Preference-Guided Selection

Existing approaches to issue reproduction typically
rely on complex, multi-stage workflows. While
such designs have demonstrated strong effective-
ness on LLMs, they are not well suited to SLMs.

In contrast, we propose a lightweight workflow
that avoids complex reasoning procedures and in-
stead enhances effectiveness through a diversity-
augmented search and selection strategy.

SLIT adopts the strategy proposed in Co-
PatcheR (Tang et al., 2025) to identify code snip-
pets relevant to the target issue. Specifically, Co-
PatcheR performs retrieval at both the file level
and the class/function level based on the issue de-
scription and the repository structure. The retrieved
code is subsequently parsed into an abstract syntax
tree (AST) and decomposed into a collection of
function-level units.

We instantiate contextual diversification by con-
structing multiple distinct subsets from these units.
In each iteration, the functions that have appeared
least frequently in previously constructed subsets
are preferentially selected, while the remaining
functions are uniformly partitioned at random. This
process continues until a predefined context bud-
get is exhausted. For each resulting subset, SLIT
generates a corresponding unit test. The generated
tests may still suffer from common issues, such
as syntax errors or missing imports. To mitigate
these problems, we further prompt the SLM to au-
tomatically repair the generated tests and treat the
repaired versions as additional candidate tests.

This strategy improves the diversity of generated
tests and increases the likelihood of reproducing
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the target issue, without imposing complex long-
horizon reasoning on the model. However, SLMs
often struggle to identify which candidate test is
most effective for reproducing a given issue, which
limits the overall effectiveness of the workflow.

To address the challenge of identifying effec-
tive tests, we learn a test-selection signal from
execution logs. This design is motivated by the
observation that execution logs produced by f2p
tests on buggy program versions are often semanti-
cally aligned with the corresponding issue descrip-
tions. During the reinforcement learning rollouts
described in Section 3.2, we automatically con-
struct a large collection of preference pairs. For
each issue I, we collect two categories of tests: (1)
f2p tests, denoted as T},, which fail on the buggy
version but pass on the patched version; and (2)
f2f tests, denoted as T’r, which fail on both the
buggy and the patched versions.

We denote a test execution instance as x =
(T, L), consisting of a test case 7" and its exe-
cution logs L. Based on this partition, we con-
struct preference-based training samples of the
form (I y T, T f), where x,, is instantiated from an
f2p test and x ¢ from an f2f test. Following prior
work on pairwise preference learning (Ouyang
et al., 2022), we train the scoring model by op-
timizing the following objective:

Lsv = —loga(fg(f,acp) — fo(I, xf)) 5)

This strategy requires no human annotation and
compensates for the limited semantic discrimina-
tion of SLMs. At inference time, SLIT first filters
out tests that pass on the buggy version, as such
uninformative tests cannot reproduce the bug; the
trained scoring model is then employed to select
the best candidate from the remaining tests.

4 [Experiments

4.1 SLIT vs. Baselines on SWT-Bench

Experimental Setup We adopt Qwen2.5-Coder-
14B-Instruct (Hui et al., 2024) as the base model
for both the test-generation model and the scoring
model, and refer to the resulting test-generation
model as SLIT-trained-14B. From the SWE-smith
dataset, we sample 6k training instances from 97
repositories to train the test-generation model. We
explicitly cross-check these repositories against
the SWT-Bench repository list and confirm that
there is no repository-level overlap. The 60k pref-
erence pairs used to train the scoring model are col-

lected from RL rollouts over the same 6k training
instances and therefore inherit the same repository-
level disjointness from SWT-Bench.

We evaluate our approach on both SWT-Bench-
Verified and SWT-Bench-Lite. For each issue, we
conduct six sampling runs and allow up to five
repair attempts in total, retaining one test for eval-
uation. Following SWT-Bench, we report two pri-
mary evaluation metrics. The resolve rate measures
the proportion of issues for which the generated
tests satisfy the f2p criterion. The change cover-
age (AC) measures the coverage achieved by the
model-generated tests on lines that differ between
the buggy version and the patched version.

Baselines To the best of our knowledge, no prior
work has specifically investigated the use of small
language models for generating issue-reproducing
tests. Co-PatcheR (Tang et al., 2025) can generate
proofs of concept (PoCs), but these PoCs may lack
executable assertions and are therefore not directly
comparable to our setting. Therefore, we select sev-
eral representative baselines from the SWT-Bench
leaderboard that are based on large-scale models
for comparison. To provide a more direct and intu-
itive assessment of our approach, we further evalu-
ate a variant of SLIT in which the test generator is
replaced with GPT-40 on both benchmarks.

Results Table 1 compares SLIT with existing
baselines. Although these methods demonstrate
strong empirical performance, they incur substan-
tially higher usage costs than our framework and
may be difficult to deploy in resource-constrained
environments. Despite employing a comparatively
small 14B-parameter model, SLIT achieves re-
solve rates of 46.2% and 44.2% on SWT-Bench-
Verified and SWT-Bench-Lite, respectively, with
AC of 46.4% and 46.5%, outperforming most prior
work. Notably, when the test generation model is
replaced with GPT-40, performance decreases on
both SWT-Bench-Verified and SWT-Bench-Lite.
This observation suggests that, after targeted fine-
tuning, a specialized 14B-parameter model can
outperform proprietary large-scale models such as
GPT-4o0 in generating issue-reproducing tests.

To verify whether existing scaffolds are well
suited to SLMs, we evaluate AssertFlip and AEGIS
with Qwen2.5-Coder-14B-Instruct. For AssertFlip,
we set both the regeneration and retry parameters
to 5, and it achieves a resolve rate of only 2.3%
on SWT-Bench-Verified. We also evaluate AEGIS,
an agent-based method, which achieves a resolve
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SWT-Bench-Verified

SWT-Bench-Lite

Scaffold Model
Resolve (%) AC (%) Resolve (%) AC (%)

AEGIS - - - 47.8 26.0
AssertFlip GPT-40 45.5 47.4 38.0 44.2
Otter++ GPT-40 37.4 42.8 - -
Otter GPT-40 31.6 37.6 - -
OpenHands Claude Sonnet 3.5 27.7 52.9 22.8 43.6
LIBRO GPT-40 17.8 38.0 - -
SWE-Agent+ GPT-4 - - 18.5 27.6
AEGIS Qwen2.5-Coder-14B-Instruct 5.8 4.6 - -
AssertFlip Qwen2.5-Coder-14B-Instruct 2.3 2.9 - -
SLIT GPT-40 40.2 47.0 35.1 45.3
SLIT SLIT-trained-14B 46.2 46.4 44.2 46.5

Table 1: Performance comparison on SWT-Bench-Verified and SWT-Bench-Lite. “~” indicates that the correspond-
ing results are not reported on the official SWT-Bench leaderboard. The model used by AEGIS on SWT-Bench-Lite
is not specified. Since AEGIS adopts a script-based execution protocol, whereas the other methods use unit-test-
based execution, its AC' is not directly comparable with those of the other methods.

rate of only 5.8% under the same backbone model.
Both results are markedly lower than the 28.4%
achieved by SLIT under the same backbone model,
as reported in Section 4.2. These results further
indicate that the framework adopted by SLIT is
better suited to SLMs.

To examine whether the benefit of our training
strategy transfers across scaffolds, we further eval-
uvate AEGIS using SLIT-trained-14B as the test
generation model. The resolve rate increases from
5.8% to 17.1% on SWT-Bench-Verified. This re-
sult shows that the learned issue-reproduction ca-
pability transfers to a different scaffold, rather than
being specific to the SLIT workflow.

In addition to its effectiveness, our framework
demonstrates substantial cost efficiency. Under the
aforementioned experimental settings, deploying
GPT-40 within our framework incurs an average
cost of $0.41 per instance on SWT-Bench-Verified
and $0.44 per instance on SWT-Bench-Lite. In
contrast, according to the reported results of As-
sertFlip under its default configuration, the average
cost of using GPT-40 on SWT-Bench-Verified is
$1.00 per instance. Since all methods rely on the
same model, the observed cost reduction can be di-
rectly attributed to lower token consumption. This
indicates that SLIT benefits from a two-fold effi-
ciency gain: (1) a lightweight, specialized model,
and (2) a token-efficient test generation workflow.

To examine how far SLIT can scale down, we
further evaluate a 1.5B variant on SWT-Bench-

Verified. We initialize both the test generation
model and the scoring model from Qwen2.5-Coder-
1.5B-Instruct, while keeping the remaining work-
flow and experimental settings unchanged. As a
baseline, we use the base 1.5B model as the test
generation model while retaining the trained 1.5B
scoring model, which achieves a resolve rate of
5.3%. After training the 1.5B test generation model
with our proposed training strategy, the resolve rate
increases to 18.7%. These results indicate that the
benefits of the proposed training strategy remain
substantial even at the 1.5B model scale.
Additional analyses of inference stability and sta-
tistical significance are provided in Appendix B.8.

4.2 Effectiveness of Training Strategy

Experimental Setup We conduct experiments
on SWT-Bench-Verified using Qwen2.5-Coder-
14B-Instruct under three variants: (i) Instruct, with-
out additional training; (ii) SF'T, supervised fine-
tuning on 6k training instances; and (iii) F2P, an
RL ablation variant that uses only the fail-to-pass
criterion as the reward signal. For the SFT training
instances, we use Instruct to extract and refine the
fail-to-pass (f2p) tests from the dataset, and further
verify through execution that the refined tests re-
main valid f2p tests. All trained methods, including
SLIT, are initialized from the Instruct checkpoint
prior to training.

Since retrieval is not the main focus of this work,
we use identical code snippets retrieved by the In-
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struct model across all experiments, following the
procedure described in Section 3.3. In addition,
we set the temperature of both the test generation
model and the scoring model to 0 to further mini-
mize stochasticity. All models are evaluated within
the complete framework and with the same scoring
model adopted by SLIT.
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Figure 2: Effect of generator training strategies under
the same inference workflow.

Results The experimental results are summarized
in Figure 2. As shown, SFT outperforms Instruct
in terms of resolve rate, achieving an improve-
ment of 6.2%. This result indicates that super-
vised fine-tuning can improve the effectiveness of
issue-reproducing test generation to a certain ex-
tent. However, SFT exhibits a decrease of 1.7% in
AC, suggesting that improvements in resolve rate
do not necessarily align with gains in AC'.

In contrast, F2P improves both resolve rate and
AC over Instruct by 14.1% and 0.4%, respectively,
and achieves a 7.9% higher resolve rate than SFT.
These findings suggest that reinforcement learning
is more suitable for the reproduction test gener-
ation task than supervised fine-tuning. Although
RL requires greater computational resources during
training compared to SFT, the performance gains
justify the additional cost.

Compared to F2P, our method achieves a fur-
ther improvement of 3.7% in resolve rate and a
0.6% increase in AC. Although the f2p criterion
provides a direct signal of success under the bench-
mark’s operational definition, it serves as a binary
reward signal and can easily result in zero or low-
variance group-relative advantages, thereby limit-
ing training effectiveness. The execution-aware re-
ward introduced by SLIT alleviates this issue with-
out introducing substantial computational overhead
by incorporating additional execution information,
leading to further improvements in resolve rate.

4.3 Ablation Study on the Workflow of SLIT
4.3.1 Effect of Diversity-Augmented Search
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Figure 3: Resolve rate of SLIT under different sampling
strategies.

Experimental Setup To systematically analyze
the contribution of Diversity-Augmented Test
Search within our framework, we consider three
variants of SLIT: (1) Base, where the LLM directly
generates a single test case; (2) Sample, which
produces multiple candidate test cases through re-
peated sampling from the same code snippets; and
(3) Reorder, which uses the same full retrieved
context for all candidates but presents the retrieved
code units in different orders. All variants are eval-
uated with the same RL-trained model, ensuring
that the comparison isolates the effect of the test
search strategy. Furthermore, we investigate the
effect of varying the number of samples on the
overall resolve rate.

Results Figure 3 summarizes the experimental re-
sults on SWT-Bench-Verified. Even without multi-
sample search, the Base variant achieves a resolve
rate of 37.0%, demonstrating the strong capabil-
ity of the underlying model. The Sample variant
improves upon Base by 1.8%, suggesting that gen-
erating a set of tests and selecting among them
enhances the likelihood of producing an f2p test.

Furthermore, Reorder reaches 45.5% by varying
only the ordering of the same retrieved context,
yielding a 6.7% improvement over fixed-context
sampling. SLIT achieves 46.2%, only 0.7 points
higher than Reorder. These results suggest that the
main benefit comes from exposing the generator to
diverse contextual views.

As the number of samples increases, the resolve
rate gradually improves, as illustrated in Figure
4. The most significant gain is observed when in-
creasing the sample count from 1 to 6, yielding
an improvement of 9.2%. Beyond this point, the
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Figure 4: Resolve rate of SLIT under different sampling
scales.

performance gain begins to plateau. The resolve
rate reaches 47.6% at a sample count of 16 and re-
mains unchanged when the sample count is further
increased to 21. Considering the trade-off between
resolve performance and token consumption, we
adopt a sample count of 6 as the default setting.

4.3.2 Role of the Scoring Model

Experimental Setup To systematically investi-
gate the role of the scoring model in the overall
framework, we conduct a series of controlled ex-
periments. Specifically, we design three variants.
The first, Random, replaces the scoring model with
a random scoring mechanism. The second, Chat-
Select, performs pairwise comparisons among can-
didate tests, selecting the one that the LLM judges
to be the most suitable. The third, Chat-Score,
replaces the scoring model with the test-generation
model itself to assign scores to candidate tests.
Since Chat-Score may assign identical scores to
multiple candidates, the selection process degener-
ates into random selection in such cases.

To more directly evaluate the effectiveness of
test selection, we construct 300 pairs of f2p and
fail-to-fail (f2f) instances from the SWT-Bench-
Verified evaluation process. These pairs span 205
unique issues and cover all 11 repositories; dur-
ing sampling, we prioritize issue-level diversity to
avoid concentrating the evaluation on a small num-
ber of issues. Since these instances are drawn from
SWT-Bench-Verified, no model has been trained
on this data. Using these 300 pairs, we measure
selection accuracy as the proportion of pairs for
which the f2p test is selected over the f2f test.

In addition, we design two ablated variants of
the scoring model to analyze the contribution of

different information sources. Score-Code trains
and infers the scoring model using only the issue
description and the test code. In contrast, Score-
Exec uses only the issue description and the test
execution logs for training and inference.
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Figure 5: Resolve rate of different scoring variants.

Results As shown in Figure 5, Random achieves
a 2% higher resolve rate than Base in Section 4.3.1.
This improvement arises because Random filters
out candidates that pass on the buggy version and
then selects from the remaining candidates.

Both Chat-Select and Chat-Score achieve no-
ticeable improvements over the Random setting.
Furthermore, SLIT consistently outperforms all
three variants on both resolve rate and selection
accuracy, as illustrated in Figure 6. Specifically,
SLIT surpasses Chat-Score by 17.2% in selection
accuracy and by 2.5% in resolve rate. These results
suggest a correlation between selection accuracy
and resolve rate, further demonstrating the benefit
of the learned scoring model.
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Figure 6: Selection accuracy of different scoring vari-
ants.

To further understand which types of informa-
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tion contribute most to accurate judgment, we com-
pare the results of Score-Code and Score-Exec.
The results show that Score-Exec outperforms
Score-Code by 13.33%. This finding suggests that
test execution logs encode richer semantic infor-
mation that is more directly related to the issue,
whereas the semantic relevance between test code
and the issue is difficult for the model to capture.

To evaluate whether the scoring model general-
izes across different logging formats, we further
examine its performance on the Django project.
The Django project employs a customized testing
and logging pipeline that differs from those used
by most other projects. Despite this variation, our
scorer achieves an accuracy of 94.1% on Django,
providing preliminary evidence of its robustness
across heterogeneous logging patterns.

We further evaluate the 1.5B scoring model in-
troduced in Section 4.1 under the same selection
setting. Despite the substantially smaller model
size, it achieves a selection accuracy of 84.7%, in-
dicating that the execution-log-based scoring mech-
anism remains effective at the 1.5B scale.

5 Conclusion

In this work, we propose SLIT, an execution-
grounded framework that enables small language
models (SLMs) to generate issue-reproducing tests.
We formulate issue reproduction as an execution-
guided exploration problem and design reward
functions grounded in execution outcomes and exe-
cution traces. Moreover, we develop a test gener-
ation framework tailored to SLMs that avoids re-
liance on long-horizon reasoning, instead enhanc-
ing effectiveness through a diversity-augmented
search and selection strategy. Experimental results
demonstrate that SLIT, instantiated with a 14B-
parameter model, outperforms several approaches
based on large language models.

6 Limitations

Despite achieving excellent performance, SLIT
still has limitations.  First, SLIT adopts a
lightweight workflow, a design intended for small
language models, but it may struggle with bugs
requiring multi-turn reasoning. Second, although
fail-to-pass is a practical proxy for issue reproduc-
tion, it may not fully capture whether a failure is
semantically caused by the reported issue.

Potential Risks. Our training data are primarily
collected from publicly available Python reposito-

ries, which may introduce ecosystem-specific bi-
ases into the model. Future work could explore
more diverse training sources to improve robust-
ness and reduce such biases.
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A Experiment Details

A.1 Experimental Environment.

All experiments were conducted on a Linux server
running Debian 12 with kernel version 6.1.0. The
server is equipped with two Intel Xeon 6759P-C
CPUs (60 cores per socket, 240 logical cores in
total) and a NUMA architecture with two nodes.
We used eight NVIDIA H20-3e GPUs, each with
140 GB of memory. The NVIDIA driver version
is 570.86.10, and CUDA 12.8 was used for GPU
acceleration. All experiments were performed on
x86_64 architecture.

A.2 Training Details

Supervised Fine-Tuning (SFT) All supervised
fine-tuning (SFT) configurations used in Section 4
are summarized in Table 2. We adopt full model
fine-tuning throughout without employing LoRA.
Training is conducted in bf16 precision with gra-
dient checkpointing enabled to reduce memory
consumption. We implement SFT using trl (von
Werra et al., 2020).

Parameter Value
Training epochs 3
Learning rate 2 x107°
Warmup ratio 0.1

Max sequence length 16,384

Effective batch size 16
Precision bfl6

Table 2: SFT Configuration

Reinforcement Learning (RL) with GRPO The
RL configuration is summarized in Table 3. All
model-generated tests are executed within the
Docker images provided by SWE-smith. We im-
plement GRPO using verl (Sheng et al., 2024).

Parameter Value
Training epochs 2

Actor learning rate 1x1076
Max prompt length 16,384

Responses per prompt 8
Effective batch size 32

Table 3: GRPO Configuration

Scoring Model Training We train the scor-
ing model separately, using Qwen2.5-Coder-14B-
Instruct as the backbone. The training configura-
tion is reported in Table 4. All 60k training in-
stances used for the scoring model are collected
from the reinforcement learning stage. We imple-
ment the training procedure using trl.

Parameter Value
Training epochs 1
Learning rate 1x107°
Warmup steps 100
Effective batch size 64
Precision bf16

Table 4: Scoring Model Configuration
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Training Compute. On the hardware described
in Appendix A.l, training the F2P generator re-
quired 716.0 GPU-hours, while training the full
SLIT generator required 729.6 GPU-hours. Train-
ing the scoring model separately required 66.4
GPU-hours, resulting in a total training cost of
796.0 GPU-hours for the complete SLIT system.

B Additional Evaluation Results

This appendix provides supplementary experiments
to complement the evaluations presented in the
main paper. Specifically, Section B.1 analyzes the
effect of different numbers of reinforcement learn-
ing training steps on the resolve rate. Section B.2
further evaluates the semantic validity of the {2p-
based operational criterion through a manual in-
spection of randomly sampled successful cases.
Section B.3 examines whether the effectiveness
of the SLIT workflow generalizes to a stronger
recent backbone. Section B.4 reports additional
evaluation metrics beyond resolve rate to provide
a more fine-grained comparison of different train-
ing strategies. Section B.5 examines the impact
of different scoring variants on change coverage.
Section B.6 evaluates the contribution of test repair
through an ablation study. Section B.7 analyzes
the quality of code localization and its impact on
downstream issue reproduction. Section B.8 evalu-
ates inference-time robustness across independent
runs and reports statistical significance tests for key
comparisons.

B.1 Effect of Training Steps on Resolve Rate

Resolve Rate (%)
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Figure 7: Resolve rate at different training steps.

Following the experimental setup described in
Appendix A.2, we evaluate how the resolve rate
evolves across different numbers of RL training
steps. The results are presented in Figure 7.

As shown in Figure 7, the resolve rate increases
as training progresses. The most pronounced im-

provement occurs during the early stage (0-100
steps), where the initial policy exhibits substantial
coarse-grained deficiencies that can be effectively
distinguished and corrected by the reward signal.

B.2 Manual Validation of the F2P Criterion

To estimate the residual semantic noise of the f2p-
based operational criterion, we manually inspected
50 randomly sampled successful cases produced by
SLIT on SWT-Bench-Verified. Among them, 47/50
(94%) clearly reproduce the target issue. Two cases
exercise issue-relevant behavior but expose closely
related failures rather than the exact reported be-
havior, while one case reproduces the issue with
a weak assertion. These results suggest that the
f2p criterion is a reasonably accurate operational
proxy for issue reproduction, while still exhibiting
a small degree of residual semantic ambiguity.

B.3 Generalization of the SLIT Workflow to a
Stronger Backbone

To examine whether the effectiveness of the SLIT
workflow generalizes to a stronger recent back-
bone, we evaluate both SLIT and AEGIS using
DeepSeek-V4-Flash as the test generation model.
On SWT-Bench-Verified, AEGIS achieves a re-
solve rate of 53.8%, whereas the SLIT workflow
achieves 64.2%. These results suggest that the
advantage of the SLIT workflow persists with a
stronger recent backbone.

B.4 Additional Evaluation Metrics for
Training Strategies

In addition to the Resolve Rate, SWT-Bench re-
ports several complementary metrics. Applicability
measures whether the model-generated tests can be
applied successfully. The outcome-transition cat-
egories further characterize test behaviors: F—X
denotes tests that fail before applying the patch
but may exhibit any outcome on the patched ver-
sion; F—P indicates instances for which at least
one generated test satisfies the benchmark’s f2p
reproduction criterion; and P—P corresponds to
safe yet uninformative tests that pass both before
and after the patch.

Table 5 reports these metrics for the experiments
in Section 4.2. We observe that all models achieve
near-perfect applicability (close to 100%). SFT at-
tains the highest F—X. However, SFT exhibits a
relatively lower F—P, suggesting that SFT is more
prone to generating incorrect test cases, which neg-
atively impacts issue reproduction. Moreover, mod-
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Method Applicability (W) [%] Resolve Rate (R) [%] F—X[%] F—P[%] P—P[%]
Instruct 99.77 28.41 68.36 28.63 3.23
SFT 99.77 34.64 69.98 34.64 2.77
F2P 99.77 42.49 68.59 42.49 7.16
SLIT 99.54 46.19 69.75 46.19 5.08
Table 5: Performance comparison of different training strategies.
els trained with the two reinforcement learning Setting Repair  Resolve (%)
strategies show substantially higher P—P than SFT, w/o Repair  Disabled 443
indicating a tendency to generate safe but uninfor- SLIT (Full)  Enabled 46.2

mative tests, which is also undesirable for issue
reproduction. Compared with F2P, SLIT yields
fewer P—P cases, demonstrating its effectiveness.

B.5 Effect of Scoring Variants on Change
Coverage

As a complement to the analysis in Section 4.3.2,
we examine the change coverage (AC') achieved
by different scoring variants.

Scoring Variants
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Figure 8: AC of different scoring variants.

As illustrated in Figure 8, Chat-Select, Chat-
Score, and SLIT achieve AC' values of 46.5%,
49.6%, and 46.4%, respectively, compared with
42.4% for Random. Notably, although Chat-
Score achieves a higher AC' than SLIT, SLIT
attains a higher resolve rate, suggesting that higher
change coverage does not necessarily translate into
better issue reproduction.

B.6 Effect of Test Repair

To evaluate the contribution of test repair, we con-
duct an ablation study on SWT-Bench-Verified.
Specifically, we disable the repair stage while keep-
ing all other components and experimental settings
unchanged. Table 6 summarizes the results.
Disabling test repair decreases the resolve rate
from 46.2% to 44.3%, corresponding to a 1.9
percentage-point drop. This result demonstrates

Table 6: Ablation results of test repair on SWT-Bench-
Verified.

that test repair provides a measurable improvement
to the overall effectiveness of SLIT.

B.7 Impact of Code Localization Quality

SLIT adopts the strategy of Co-PatcheR. To quan-
tify its impact, we conduct additional analyses on
SWT-Bench-Verified. Unlike issue resolution, is-
sue reproduction does not have a unique oracle
context: a valid reproducing test may invoke public
APIs or higher-level call sites rather than directly
accessing patch-modified functions. We therefore
use patch-modified locations as an approximate
localization ground truth.

Table 7 reports file-level recall with respect to
patch-modified files. Successful reproduction cases
exhibit substantially higher localization recall than
failed cases: micro recall increases from 71.02% to
82.33%, while macro recall increases from 75.82%
to 86.32%. This indicates a clear positive associa-
tion between localization quality and downstream
reproduction success.

Subset Micro Recall (%) Macro Recall (%)
All instances 76.12 80.69
Failed 71.02 75.82
Successful 82.33 86.32

Table 7: File-level localization recall.

We further replace the retrieved context with the
patch-derived context while keeping all other in-
ference settings unchanged. As shown in Table 8,
this improves the resolve rate from 46.2% to 47.3%
and change coverage (AC') from 46.4% to 50.7%.
These results confirm that more accurate localiza-
tion benefits issue reproduction. However, the rel-
atively modest improvement in resolve rate also
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suggests that localization is not the sole bottleneck.

Context Resolve (%) AC (%)
Retrieved context 46.2 46.4
Patch-derived context 47.3 50.7

Table 8: Performance with retrieved context and patch-
derived context.

B.8 Robustness and Statistical Significance

The main paper reports the result from the primary
evaluation, while we additionally perform repeated
inference runs here to assess run-to-run stability.
Across three independent full inference runs us-
ing the same trained checkpoint, SLIT achieves
a mean resolve rate of 46.27 4+ 0.12% (95% CI
[45.98,46.55]) and a mean AC of 45.93 4+ 0.81%
(95% CI [43.93,47.94]). These results indicate sta-
ble performance across independent inference runs.

We further conduct paired significance tests on
per-instance resolve outcomes. Using McNemar’s
test with continuity correction, SLIT differs signifi-
cantly from the F2P variant (p = 0.0489) and from
the Sample variant (p = 2.59 x 10~%).

C Case Analysis

C.1 Regression Tests as Noisy Supervision

@pytest.mark.parametrize('as_ndarray_mixin', [
True, False])
def test_ndarray_mixin(as_ndarray_mixin):
if as_ndarray_mixin:
a = a.view(NdarrayMixin)
class_exp = NdarrayMixin
else:
class_exp = Column

t = Table([al, names=['a'])
assert isinstance(t['a'], class_exp)

assert t['a'J[11[1] == a[1]1[1]
assert t[2]['a']J[0] == a[2][@]

assert t['a'J['x'1[1] == a['x'J[1]
assert t[11['a'I['y'] == al'y'I[1]

Listing 1: Existing regression test.

This case study demonstrates that regression-
oriented tests can introduce noisy supervi-
sion signals when they are repurposed for
reproduction-oriented test generation. Specif-
ically, the example is drawn from the SWT-
Bench benchmark, corresponding to the instance
astropy__astropy-13236.

Issue Description. The reported issue proposes
to change how structured numpy . ndarrays are han-
dled when added to an Astropy Table. Specifi-
cally, it suggests removing the automatic transfor-
mation of structured arrays into NdarrayMixin, as
this behavior is no longer necessary after improved
support for structured Columns.

Fail-to-Pass Test. To accommodate this change,
an existing regression test (as shown in Listing 1) is
revised to explicitly cover both the legacy and the
new behaviors, while also validating general consis-
tency properties. The reported issue focuses on re-
moving the automatic transformation of structured
arrays into NdarrayMixin. However, the modified
test simultaneously validates both legacy and fu-
ture behaviors and includes multiple assertions on
indexing and field access consistency that are not
required to reproduce the reported issue. Although
such tests are intended to assess the correctness
of a fix, directly using them for SFT may intro-
duce substantial bias. In contrast, SLIT focuses
on actual execution behaviors rather than token-
level differences, making it more robust to such
discrepancies.

C.2 Code-only Scoring vs Execution
Log-based Scoring

We present a case study demonstrating that eval-
uating issue reproduction based solely on test
code can lead to incorrect judgments, while ac-
cess to the execution log enables correct assess-
ment. Specifically, the example is drawn from the
SWE-bench benchmark, corresponding to the in-
stance django__django-16429. The target issue
concerns a bug in Django’s timesince() utility,
which raises a TypeError when USE_TZ=True and
the time interval exceeds one month. Listing 2
presents the test code that does not reproduce the
reported issue. From the code itself, the test ap-
pears to be well-defined and reasonable: it explic-
itly enables timezone support and verifies that the
output matches the expected result for a one-month
interval.
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@Qunittest.skipIf(
not timezone.is_aware(timezone.now()),
"This_test._requires_timezone_support."”
)
@override_settings(USE_TZ=True)
def test_long_interval_with_tz(self):
now = timezone.now()
d = now - datetime.timedelta(days=31)
self.assertEqual(timesince(d), "1_month")

Listing 2: Reproduction test code with implicit skip
condition

The execution report (Listing 3) reveals the
actual runtime behavior. The test is skipped
before execution, and the buggy code path
is never reached. The skip occurs because
skipIf is evaluated at import time, before
override_settings(USE_TZ=True) takes effect.
As aresult, timezone.now() returns a naive date-
time, causing the skip condition to evaluate to true.

Ran 1 test in 0.000s

OK (skipped=1)

Listing 3: Execution log indicating skipped test

This case study highlights a fundamental lim-
itation of code-only evaluation: static inspection
cannot reliably infer test execution semantics that
depend on runtime configuration and framework
lifecycle. In contrast, execution logs provide di-
rect evidence of whether the intended code paths
were actually exercised. Therefore, accurate assess-
ment of issue reproduction requires incorporating
execution-level signals rather than relying solely
on test code.

D Prompt Details
D.1 Test Generation Prompt

This prompt is designed for generating issue-
reproduction tests in both the training phase (in-
cluding the SFT and RL stages) and the inference
phase. Specifically, issue_description denotes
the issue description. During the training stage,
code_context corresponds to the issue-relevant
code snippets, defined as the union of functions
corresponding to the code changes from the buggy
version V™ to the patched version V' T:

U s, 6)

l; EV"’\V‘

S =

where [; denotes a modified or newly added line,
and f(l;) denotes the function containing [;. Dur-
ing the inference stage, code_context represents

a subset of the code snippets retrieved by SLIT,
thereby avoiding benchmark leakage.

Test Generation Prompt - Part one

System Prompt:

You are an expert software engineer and testing
specialist trained to generate high-quality,
executable test cases that precisely reproduce
software bugs.

Your task is to generate a minimal, deterministic,
self-contained unit test

that reproduces the issue described by the user, using
ONLY the information provided:

the issue description and the patch code context.

Key requirements:

1. Issue-focused minimal unit-test reproduction

- Design the smallest possible unit test using the
‘unittest. TestCase‘ format (or a very small number
of test methods within a single TestCase class) that
only aims to reproduce the described issue.

- The test should exercise a limited and well-scoped
surface (functions/methods/classes), not an end-to-
end system.

- Avoid additional scenarios, extra assertions, or
generic smoke testing.

- Use ‘unittest.TestCase* class structure with methods
starting with ‘test_°.

2. Strong alignment with the issue description

- The failing behavior and assertions must directly
reflect the bug described in the issue.

- Make the expected vs. actual behavior explicit in the
assertions. 3. Grounding in patch-related code

- Prefer to call functions/classes that appear in the
patch context.

- Use the patch context to choose inputs and assertions
that are tightly coupled to the changed behavior.

4. Execution semantics (FAIL-TO-PASS behavior)
- The test MUST deterministically fail on the buggy
(pre-patch) version and pass after the correct patch is
applied.

5. Use unittest framework format

- The test MUST be written using Python’s ‘unittest*
framework.

- Use ‘unittest.TestCase‘ class with test methods
named starting with ‘test_°.

- Use ‘unittest.main()‘ in the ‘if _ name ==
"__main__":* block to run the tests.

- Use ‘self.assert®‘ methods (e.g., ‘self.assertEqual‘,
‘self.assertTrue‘, ‘self.assertRaises®) for assertions.

Output format (strict):

- Test Intent: 1-3 sentences describing what specific
bug this test reproduces.

- Complete Test Code: a fully executable Python
script that uses the ‘unittest.TestCase* format with
test methods, and includes ‘unittest.main()‘ in the ‘if

"

__name__=="__main__":‘ block as the entrypoint.

User Prompt:
Issue Description:

{issue_description}

.
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Test Generation Prompt - Part two

Relevant Code Context:

{code_context}

Task:

Using ONLY the issue description and the retrieved
code context above, generate a minimal, executable
test case that reproduces the issue.

Constraints:

- Follow the system rules strictly.

- The test must deterministically fail under the buggy
version and pass after the correct patch.

D.2 Test Repair Prompt

This prompt is used to modify test cases. Specifi-
cally, issue_description denotes the issue descrip-
tion; current_test_code and execution_report re-
fer to the test code to be modified and the execution
log of the modified test, respectively.

Test Repair Prompt - Part one

System Prompt:

You are an expert software engineer and testing
specialist trained to generate high-quality,
executable test cases that precisely reproduce
software bugs.

Your task is to improve an existing test case based on
feedback from execution and scoring,

using ONLY the information provided: the issue
description, the patch code context, the current test
case, and the execution report.

Key requirements:

1. Issue-focused minimal unit-test reproduction

- Design the smallest possible unit test using the
‘unittest. TestCase* format (or a very small number
of test methods within a single TestCase class) that
only aims to reproduce the described issue.

- The test should exercise a limited and well-scoped
surface (functions/methods/classes), not an end-to-
end system...

2. Strong alignment with the issue description

- The failing behavior and assertions must directly
reflect the bug described in the issue.

- Make the expected vs. actual behavior explicit in the
assertions.

3. Grounding in patch-related code

- Prefer to call functions/classes that appear in the
patch context.

- Use the patch context to choose inputs and assertions
that are tightly coupled to the changed behavior.

4. Execution semantics (FAIL-TO-PASS behavior)
- The test MUST deterministically fail on the buggy
(pre-patch) version and pass after the correct patch is
applied.

5. Use unittest framework format

- The test MUST be written using Python’s ‘unittest*
framework...

Test Repair Prompt - Part two

6. Address execution issues

- Pay close attention to the execution report and error
messages.

- Ensure the test will fail for the right reasons
(reproducing the bug) before the patch is applied.

Output format (strict):

- Test Intent: 1-3 sentences describing what specific
bug this test reproduces.

- Complete Test Code: a fully executable Python
script that uses the ‘unittest.TestCase*‘ format with
test methods, and includes ‘unittest.main()‘ in the ‘if
__name__=="__main__":‘ block as the entrypoint.
User Prompt:

Current Test Case (to be improved):

{current_test_code}

Execution Report (from running test without patch):

{execution_report}
Issue Description:
{issue_description}

Relevant Code Context:

{code_context}

Task:

Using ONLY the issue description and the retrieved
code context above,

generate a minimal, executable test case that
reproduces the issue.

Constraints:

- Follow the system rules strictly.

- The test must deterministically fail under the buggy
version and pass after the correct patch.

D.3 Refinement Prompt

This prompt is used to instruct the model to refine
existing reproduction tests in the dataset and is
employed only during SFT training.

Refinement Prompt - Part one

System Prompt:

You are an expert software engineer and testing
specialist trained to generate high-quality, executable
test cases that precisely reproduce software bugs.
Your task is to generate a minimal, deterministic,
self-contained unit test that reproduces the issue
described by the user, using ONLY the information
provided: the issue description, the f2p test (for
environment setup), and the patch code context.

Key requirements:

1. Environment reuse from f2p test

- Reuse imports, fixtures, helpers, parametrization
patterns, and any necessary boilerplate
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Refinement Prompt - Part two Refinement Prompt - Part three

from the given f2p test so that the new test runs in the
same project environment.

- Do NOT copy over its original assertions or logic
that are unrelated to the current issue.

2. Issue-focused minimal unit-test reproduction

- Design the smallest possible unit test using the
‘unittest. TestCase‘ format (or a very small number
of test methods within a single TestCase class) that
only aims to reproduce the described issue

- The test should exercise a limited and well-scoped
surface (functions/methods/classes), not an end-to-
end system.

- Avoid additional scenarios, extra assertions, or
generic smoke testing.

- Use ‘unittest.TestCase* class structure with methods
starting with ‘test_°.

3. Strong alignment with the issue description

- The failing behavior and assertions must directly
reflect the bug described in the issue.

- Make the expected vs. actual behavior explicit in the
assertions.

4. Grounding in patch-related code

- Prefer to call functions/classes that appear in the
patch context.

- Use the patch context to choose inputs and assertions
that are tightly coupled to the changed behavior.

5. Execution semantics (FAIL-TO-PASS behavior)
- The test MUST deterministically fail on the buggy
(pre-patch) version and pass after the correct patch is
applied.

6. Use unittest framework format

- The test MUST be written using Python’s ‘unittest*
framework

- Use ‘unittest.TestCase‘ class with test methods
named starting with ‘test_*.

- Use ‘unittest.main()‘ in the ‘if _ name__ ==
"__main__":‘ block to run the tests.

- Use ‘self.assert*‘ methods (e.g., ‘self.assertEqual‘,
‘self.assertTrue’, ‘self.assertRaises‘) for assertions.

Output format (strict):

- Test Intent: 1-3 sentences describing what specific
bug this test reproduces.

- Complete Test Code: a fully executable Python
script that uses the ‘unittest.TestCase‘ format with
test methods, and includes ‘unittest.main()‘ in the ‘if
__name__ =="__main__":* block as the entrypoint.

User Prompt:
Issue Description:

{issue_description}

Existing FAIL-TO-PASS test:

{f2p_test_code}

Patch-related code context:

{code_context}

Task:

Using ONLY the issue description and the context
above (f2p test + patch code), generate a minimal
Python script using the ‘unittest.TestCase‘ format
that reproduces this issue.

The script must include ‘unittest.main()‘ in the ‘if
__name__ == .. main__:* block as the entrypoint.

Follow all requirements in the system instructions
and output format strictly.

D.4 Scoring Prompt

This prompt is used for training and inference in
the scoring model. Here, issue_description de-
notes the issue description, while test_code and ex-
ecution_report correspond to the evaluated test’s
source code and its execution log, respectively.

Scoring Prompt

System Prompt:

You are an expert software engineer and testing
specialist trained to evaluate

the quality of test cases that reproduce software bugs.

Key evaluation factors:

1. Issue reproduction accuracy: Does the test
accurately reproduce the bug described?

Note: If the test targets a sub-function or sub-feature
related to the issue,

it can also be considered as reproducing the issue.

2. Correctness: Does the test use proper unittest
format and assertions?

3. Execution: Will the test fail before patch and pass
after (F2P behavior)?

User Prompt:
Issue Description:

{issue_description}
Test Case Code:
{test_code}

Execution Report (from running test without patch):

{execution_report}

Task:
Please evaluate the test case above and provide:

The execution report shows what happened when the
test was run without applying the patch.

If the test passed, it should have failed (since it should
reproduce the bug).

If the test failed, analyze whether it failed for the
right reasons (reproducing the bug).
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