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Abstract

Test suites in real-world projects are often large and achieve high
code coverage, yet they remain insufficient for detecting all bugs.
The abundance of unresolved issues in open-source project trackers
highlights this gap. While regression tests are typically designed
to ensure past functionality is preserved in the new version, they
can also serve a complementary purpose: debugging the current
version. Specifically, regression tests can (1) enhance the generation
of reproduction tests for newly reported issues, and (2) validate
that patches do not regress existing functionality. We present Test-
Prune, a fully automated technique that leverages issue tracker
reports and strategically reuses regression tests for both bug repro-
duction and patch validation.

A key contribution of TestPrune is its ability to automatically
minimize the regression suite to a small, highly relevant subset of
tests. Due to the predominance of LLM-based debugging techniques,
this minimization is essential as large test suites exceed context
limits, introduce noise, and inflate inference costs. TestPrune can
be plugged into any agentic bug repair pipeline and orthogonally
improve overall performance. As a proof of concept, we show that
TestPrune leads to a 6.2% − 9.0% relative increase in issue repro-
duction rate within the Otter framework and a 9.4%−12.9% relative
increase in issue resolution rate within the Agentless framework on
SWE-Bench Lite and SWE-Bench Verified benchmarks, capturing
fixes that were correctly produced by agents but not submitted
as final patches. Compared to the benefits, the cost overhead of
using TestPrune is minimal, i.e., $0.02 and $0.05 per SWE-Bench
instance, using GPT-4o and Claude-3.7-Sonnet models, respectively.
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1 Introduction

The purpose of regression tests is to ensure the code that worked
before keeps working: they check that the correct existing behavior
does not regress. New software engineering (SWE) issues typically
reveal cases where existing behavior is wrong in ways not covered
by regression tests. While this mismatch limits their effectiveness
for detecting existing bugs, regression tests can still provide valu-
able signals for debugging, in particular, for guiding the reproduc-
tion of reported issues and validating candidate patches. However,

exploiting regression suites in this way raises new challenges: they
are often large, time-consuming to execute, and too noisy to be
useful in full [43]. These challenges are exacerbated in the con-
text of agentic SWE pipelines, where input length, inference cost,
and reasoning accuracy all deteriorate with excessive or irrelevant
tests [5, 26].

This paper proposes TestPrune, which automatically extracts
a small, relevant subset of regression tests to make LLM-based
debugging workflows more efficient and reliable. We formalize
identification of relevant regression tests into the issue-based test-
suite minimization problem: given an issue description and existing
repository, TestPrune selects the minimum number of regres-
sion tests (to execute faster with lower likelihood of flakiness) that
are relevant to the issue (likely to cover the eventual generated
patches, especially newly added or modified statements). Unlike
prior test-suite minimization techniques that select a subset of tests
that maintain coverage or bug detection abilities of the existing
tests [28], TestPrune should use the relevance to the issue for
guiding the optimization. This is, however, tricky, since the patch
is unknown at the time of test suite minimization. To overcome this
challenge, TestPrune leverages a large language model (LLM) to
predict a list of suspicious methods given the issue description (Sec-
tion 3.1.1), and favors tests that cover suspicious methods during
their execution during selection (Section 3.1.3).

The key idea of TestPrune is simple, yet not explored by any
prior techniques. There are, in fact, several agentic repair work-
flows that have used regression tests to assist with automated issue
reproduction [5, 8, 12, 38] or automated issue resolution [15, 20,
27, 35, 40, 41]. Without selection of the small relevant subset of
regression tests, their performance is sub-optimal: Cheng et al. [12]
demonstrate that generating and executing large-scale bug repro-
duction tests (BRTs) drastically increases inference time and dilutes
the efficacy of downstream repair models—resulting in only a 28%
plausible reproduction rate, whereas more focused, filtered guid-
ance improves performance significantly. Xia et al. [41] report that
despite the agent generating the patch, the ranking of plausible
patches based on existing regression tests was not accurate enough
to rank the correct patch on top.

Our comprehensive evaluation of TestPrune demonstrates its
ability to select a minimized subset of relevant tests to the issues
of SWE-Bench Verified [13] and SWE-Bench Lite [2] problems,
reducing the size by over 1,000× compared to the original full test
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suite, on average, with a precision of 0.63 and coverage recall (the
fraction of buggy lines covered by TestPrune regression tests
relative to the lines covered by the whole test suite) of 0.71. We also
demonstrate the efficacy of TestPrune in practice: providing tests
selected by TestPrune to Otter [5], an agentic reproduction test
generation approach, compared to original regression tests, yielded
a 6.2% − 9.0% relative improvement in issue reproduction rate on
SWE-Bench Lite and SWE-Bench Verified benchmarks. TestPrune
tests also helped the patch selection step of Agentless [41] with
a relative improvement in issue resolution rate of 9.4% − 12.9%.
TestPrune is efficient; it only cost $0.02 and $0.05 per SWE-Bench
instance, using GPT-4o and Claude-3.7-Sonnet models, respectively.

This paper makes the following notable contributions:

(1) Identifying the problem of issue-based test minimization,
where the code that resolves the issue is not yet known, and
formulating the problem’s intrinsic success metrics.

(2) TestPrune, the first approach for localizing a minimized
relevant set of regression tests existing in a code repository
based on an issue description.

(3) Conducting a comprehensive evaluation of the effectiveness
and efficacy of TestPrune to improve automated issue re-
production and issue resolution.

Overall, this paper shows what happens when old (existing re-
gression tests) meets new (freshly-created issues): selecting the
right subset of old tests lets us leverage them to both reproduce
and resolve issues.

2 Problem Statement and Challenges

We formally define the issue-based test minimization problem as
follows:

Given: (1) A program 𝑃 = {𝑀1, 𝑀2, . . . , 𝑀𝑝 } consisting of 𝑝 meth-
ods and each method 𝑀𝑖 = {𝑠𝑖1, 𝑠𝑖2, . . . , 𝑠𝑖𝑘𝑖 } consisting of 𝑘𝑖 state-
ments; (2) an issue description 𝑑 and function F (𝑑) ⊆ 𝑃 mapping
the issue description to a subset of 𝑀𝑖s; and (3) a regression test
suite 𝑅𝑇 = {𝑡1, 𝑡2, . . . , 𝑡𝑙 } with each test represented as a coverage
vector ®cov𝑡 𝑗 = ⟨𝑐 𝑗1 , 𝑐 𝑗2 , . . . , 𝑐 𝑗𝑝 ⟩, such that 𝑐 𝑗𝑖 is the total number of
𝑀𝑖 ∈ F (𝑑) lines covered during execution (could be 0 if it does not
cover𝑀𝑖 ).

Problem. Find the smallest test suite R ⊆ 𝑅𝑇 , such that R covers
all 𝑀𝑖 ∈ F (𝑑) that are covered by 𝑅𝑇 , and for every other 𝑇 that
also covers all𝑀𝑖 ∈ F (𝑑), |R | ≤ |𝑇 | and

∑︁
𝑡 𝑗 ∈𝑇

𝑤 (𝑡 𝑗 ) ≤
∑︁
𝑡 𝑗 ∈R

𝑤 (𝑡 𝑗 ).

The goal of issue-based test-suite minimization is to find a mini-
mal subset of regression tests that cover the code that will eventu-
ally be modified to resolve the described issues. Therefore, a test
case that covers more methods (or more lines of methods) that
are potentially the culprit for the issues (i.e., those ∈ F (𝑑)) has a
higher significance compared to other regression tests. The function
𝑤 (𝑡 𝑗 ) = ∥ ®𝑐𝑜𝑣𝑡 𝑗 ∥ in the problem definition allows us to characterize
the importance of a test, i.e., assigning a higher significance to𝑀𝑖s
∈ F (𝑑), and among them, assigning a higher significance to those
that cover more lines during execution.

One of the challenges in this problem is that the issue descrip-
tions have an associated latent set of contributing methods, which

are not directly observed but can be predicted. That is, issue descrip-
tions are mainly in natural language and may include embedded
stack traces or code snippets to map to program methods. To over-
come these challenges, TestPrune prompts LLMs to determine a
list of suspicious methods to form F (𝑑) (§3.1.1).

Due to inherent intra- and inter-class dependencies, and hence,
the prevalence of call chains in real-world projects, several tests in
the regression test suite may cover the same method (or the same
lines of a method). As a result, the regression test can be partitioned
into subsets of𝑇1,𝑇2, . . .,𝑇𝑥 ⊆ 𝑅𝑇 , such that any test 𝑡 𝑗 belonging to
𝑇𝑖 covers the method𝑀𝑖 ∈ F (𝑑). A representative set of tests that
covers all of the𝑀𝑖s must contain at least one test from each𝑇𝑖 , and
is called the hitting set regression test partitions. Our issue-based
test-suite minimization problem, therefore, is an instance of the
weighted minimal hitting set problem, which is NP-hard.

Finding the optimal solution for an NP-hard problemmay require
exponential time or be infeasible. The goal of TestPrune is to
select the minimal set of relevant sets to issue descriptions for use
in agentic pipelines for reproduction test generation and patch
validation, demanding a faster solution. For this reason, it adopts a
greedy heuristic that sacrifices guaranteed optimality in exchange
for significantly quicker computation (§3.1.3).

TestPrune provides the first dedicated approach to issue-based
test minimization, leveraging large language models and coverage
analysis to systematically identify a test set that is both minimal
and relevant to the issue. Minimality is essential in our problem for-
mulation to reduce execution cost and avoid test flakiness. Solving
this problem is crucial for downstream tasks in automated software
engineering. A minimized, issue-relevant regression suite enables:

(1) Reproduction Test Generation. By providing focused
guidance on existing tests that cover suspicious functions, it
increases the likelihood that LLM-based systems can gener-
ate fail-to-pass reproduction tests.

(2) Patch Selection and Validation. By ensuring that selected
tests remain relevant to the issue, it improves the precision
of patch validation, reducing both false positives and false
negatives when ranking plausible patches.

3 Approach

Figure 1 shows the workflow of TestPrune and its downstream
applications. Starting from a GitHub issue and the corresponding
code base, TestPrune first prompts an LLM to retrieve a set of
suspicious functions and potentially relevant test files. It then com-
bines coverage information with a greedy algorithm to select a
minimized subset of regression tests. These minimized regression
tests can be applied to any reproduction test generation workflows
(e.g., Otter [5]) and patch generation and selection workflows (e.g.,
Agentless [41]).

3.1 TestPrune

3.1.1 Suspicious Function Localization. Figure 2 illustrates the
two-step localization procedure in TestPrune. Given a GitHub
issue description and the structure of the code repository, it first
localizes the issue to potentially relevant code files. Next, it prompts
the model to narrow down the search to suspicious functions within
those files.
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Figure 1: Overview of TestPrune and clients, reproduction test generation (yellow) and patch generation/selection (green), in

the end-to-end pipeline of fixing open-source issues
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Figure 2: Suspicious function localization

In contrast to existing agentic program repair techniques [15,
27, 41, 45], which employs a multi-step localization strategy, Test-
Prune focuses on identifying tests that are most relevant to the
issue. As a result, it does not attempt to further localize edits at the
line level. The rationale is that fixing the same issue does not always
require modifying the exact same lines of code. Overly restricting
localization to line-level edits risks overlooking tests that capture
the right functionality.

3.1.2 Test File Retrieval and Coverage Generation. After
identifying suspicious functions, TestPrune proceeds to locate
tests related to those functions. Since test suites in open-source
repositories can contain thousands of tests (see Section 4.3), exhaus-
tively generating and mapping line-level coverage for all of them
is expensive. To address this, TestPrune first prompts the LLM to
retrieve the top 𝑘 candidate test files. Figure 3 shows the template
used for this step. Specifically, it provides the model with (1) the
GitHub issue description, (2) the suspicious functions together with
their file paths, and (3) the list of test files in the repository along
with the dependencies they import. Including the imported modules
in the prompt provides the LLM with additional semantic context
about the dependencies exercised by each test file, thereby helping it
reason about which test files are more relevant. Once the candidate

INSTRUCTION QUESTION

You are an expert in code localization, debugging and 
regression testing.

Given a GitHub issue and a set of suspicious functions, 

your task is to identify the top ${k} most relevant test files 

from the provided list of potential test files.

###GitHub Issue Description###

${issue}
### Suspicious Functions###

${suspicious file - functions}
###Potential Test Files###

${potential_test_files - imports}
You should follow the format below to provide your 

answers …

Here is an example:

${Example}

Figure 3: Prompt template of test file selection

test files are retrieved, TestPrune collects all the passing test meth-
ods from these files and generates line-level coverage mappings to
the suspicious functions. If no coverage is obtained, i.e., none of the
tests exercise the suspicious functions, TestPrune reprompts the
model for additional test files and repeats until non-empty coverage
is collected.

3.1.3 Greedy Algorithm. After collecting line-level coverage
information of all suspicious functions, a greedy algorithm further
minimizes the test set. TestPrune implements two greedy algo-
rithms for test minimization: greedy-additional and greedy-total.

Greedy-Additional Algorithm. Algorithm 1 outlines this process.
It takes the set of suspicious functions and candidate test methods
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Algorithm 1: Greedy-Additional Algorithm of Regression
Tests Minimization
Input :Suspicious functions F ; candidate tests T ;
Output :Minimized regression tests R

1 R ← ∅;
2 L ← AllLines(F )
3 while L ≠ ∅ do
4 foreach 𝑡𝑒𝑠𝑡 ∈ T do

5 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 (𝑡) ← |getCoverage(𝑡) ∩ L|
6 end

7 𝑡𝑒𝑠𝑡𝑠★← max𝑡 ∈T 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 (𝑡);
8 T ← T \ {𝑡𝑒𝑠𝑡𝑠★};
9 L ← L \ getCoverage(𝑡𝑒𝑠𝑡𝑠★)

10 if len(𝑡𝑒𝑠𝑡𝑠★) ≤ 3 then
11 R ← R ∪ {𝑡𝑒𝑠𝑡𝑠★};
12 else

13 R ← R ∪ModelBreakTie(𝑡𝑒𝑠𝑡𝑠★);
14 end

15 end

16 return R;

as input, and produces a minimized regression suite as output.
The algorithm begins by initializing the uncovered line set with
all lines from the suspicious functions (line 2). In each iteration,
it computes the coverage of each candidate test over these lines
(lines 4–5) and selects those achieving the highest coverage (line 7).
The selected tests are then removed from the candidate pool, and
their covered lines are eliminated from the uncovered set (lines 8–
9). When multiple tests achieve the same maximum coverage, if
fewer than three tests exist in the tie, they are directly added to
the minimized suite (lines 10–11); otherwise, an LLM is invoked
to break the tie and select top candidates among them (lines 12–
13). This process continues until all lines are covered or no further
useful tests remain. In the end, the minimized regression tests are
returned.

Greedy-Total Algorithm. We further introduce a greedy-total
variant algorithm (Algorithm 2). Unlike the greedy-additional algo-
rithm (Algorithm 1), it does not consider test coverage against the
uncovered lines in previous iterations; instead, it ranks tests by their
total coverage of all lines in suspicious functions. The algorithm
first collects each test’s total number of covered lines (lines 3–5).
At each iteration, it identifies the set of tests tied for the highest
total coverage (line 9), and updates the cumulative coverage with
the lines covered by this set (line 10). If coverage increases, the
non-improvement counter is reset (lines 11–12) and tie handling
proceeds: when the tie size is at most three, those tests are added
directly to the minimized suite (lines 13–14); otherwise, an LLM
breaks the tie and selects the top candidate test methods (lines 15–
16). If no new coverage is added, the non-improvement counter is
incremented (lines 18–19). The tests in tie are removed from the
pool (line 21) at the end of each iteration. This process terminates
after three consecutive non-improving iterations or when no test

Algorithm 2: Greedy-Total Algorithm for Regression Test
Minimization
Input :Suspicious functions F ; candidate tests T .
Output :Minimized regression tests R.

1 R ← ∅;
2 C ← ∅;
3 foreach 𝑡𝑒𝑠𝑡 ∈ T do

4 Cov(𝑡𝑒𝑠𝑡) ←
��getCoverage(𝑡𝑒𝑠𝑡)��

5 end

6 noImprove← 0;
7 while T ≠ ∅ and noImprove < 3 do
8 Cprev ← C;
9 𝑡𝑒𝑠𝑡𝑠★← max𝑡𝑒𝑠𝑡 ∈T Cov(𝑡𝑒𝑠𝑡);

10 C ← Cprev ∪ getLinesCoveredBy(𝑡𝑒𝑠𝑡𝑠★);
11 if |C| > |Cprev | then
12 noImprove← 0;
13 if len(𝑡𝑒𝑠𝑡𝑠★) ≤ 3 then
14 R ← R ∪ {𝑡𝑒𝑠𝑡𝑠★};
15 else

16 R ← R ∪ModelBreakTie(𝑡𝑒𝑠𝑡𝑠★);
17 end

18 else

19 noImprove← noImprove + 1;
20 end

21 T ← T \ {𝑡𝑒𝑠𝑡𝑠★};
22 end

23 xreturn R;

methods remain, and finally returns the minimized regression test
suite (line 23).

Figure 4 highlights the difference between the two greedy al-
gorithms. For greedy-additional, after Iter 1 selects 𝑇1, the lines
covered by 𝑇1 are removed from the uncovered set; the coverage of
the remaining tests is recomputed on the remaining lines, which
can reshuffle the ranking (e.g., 𝑇3 becomes the best choice in Iter 2).
This repeats until no test adds new coverage. For greedy-total, tests
are ranked once by their total coverage over all suspicious lines
and then taken in that fixed order across iterations (e.g.,𝑇1, then𝑇2).
During each iteration, previously covered lines are not removed.
The process stops after three consecutive non-improving iterations
or when no more tests remain in the loop.

3.2 Reproduction Test

Reproduction test generation is an essential component for fixing
open-source issues. Without reproduction tests, accurate localiza-
tion is unlikely. Existing techniques either use zero-shot prompting
of LLMs for reproduction test generation or use existing tests as
additional context for reproduction test generation. Recent stud-
ies [5, 30] have shown that zero-shot approaches perform worse
than methods that use relevant parts of the existing codebase as
context. More advanced reproduction test generations still suf-
fer from incompleteness, i.e., missing relevant functions to test
due to the initial name-based file or function localization step [5].
TestPrune can mitigate the limitations of prior reproduction test
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Figure 4: Example of greedy-additional algorithm (a) and greedy-total algorithm (b).𝑀 denote suspicious functions, 𝑆 are their

lines, and 𝑇 denotes tests

generation work in two complementary ways: (1) providing the
minimized regression tests to give a richer context to the LLMs/a-
gents of the reproduction workflow; and (2) in agentic systems,
e.g., Otter [5], presenting the agent with both focal localization and
test localization during the self-reflective action planning phase
(see Section 4.2.2), We refer to this new variant a “testPrune”. If any
regression test is already present in the prior localization, Test-
Prune drops it from the context to avoid duplication and increase
the false-positive rate (§4.5).

3.3 Patch Selection and Validation

Existing program repair techniques [41] employ a multi-stage patch
selection and validation. At the first step, they run all or selected
regression tests on all generated patches and only keep those with
the lowest number of regression test failures. At the next run, if
applicable, they execute reproduction tests on these patches, se-
lecting any patch that turns failing tests into passing ones. If no
patch qualifies, they fall back on the regression test results for
ranking the patches. In case of a tie, they either randomly select a
patch or follow a majority-voting strategy to choose the final patch.
TestPrune can enhance patch selection and validation faster and
more effectively: By minimizing to more relevant regression tests,
TestPrune focuses on running tests that are highly likely to be
related to the code, thereby improving patch selection by excluding
patches that break correct functionality and reducing the noise
from unrelated tests that could otherwise favor incorrect patches.

4 Evaluation

4.1 Research Questions

This work proposes a dedicated solution to the issue-based test
minimization problem. In addition, it aims to investigate how mini-
mized test sets aid in issue reproduction and issue resolution. As
discussed in the problem statement in Section 2, the test set should
be minimal to ensure efficiency, and it should also be relevant. The
first research question explores the level of minimization we can
achieve and how it impacts the overall execution time.

RQ 1. To what extent can TestPrune reduce the number of tests to
run and how efficient are the selected regression tests with respect
to execution time?

The second research question investigates the relevance of our
tests to the issue description. Note that a function can be covered by
multiple tests, and some of themmay not even touch the line(s) that

need to be covered. We aim to find out how capable our selected
tests are at covering the suspicious function to expose regressions
in the newly proposed candidate patches. We use two metrics,
precision and coverage recall, to investigate this research question
(detailed in Section 4.4).

RQ 2. To what extent are the minimized regression tests relevant to
the buggy functions with respect to precision and coverage recall?

As the title suggests, we want to see how old tests can perform
new tricks in downstream tasks such as issue reproduction and issue
resolution. This paper shows ways to incorporate our minimized
set into issue reproduction, and we observe how it can improve
issue reproduction capability. We use the fail-to-pass (𝐹→𝑃 ) rate to
evaluate this research question.

RQ 3. How effectively can TestPrune assist in generating repro-
duction tests?

Finally, we show how our selected tests help in patch validation
to improve the performance of existing issue resolution systems.
These techniques often generate tens of patch candidates for resolv-
ing the issue. Patch validation is crucial for selecting a good patch
in such scenarios where several samples are generated. Following
prior research, we use the issue resolution rate as the metric to
answer this question.

RQ 4. How effectively can TestPrune aid in selecting correct
patches during issue resolution?

4.2 Experiment Setup.

To avoid long test suite runs while ensuring the quality of selected
tests, we set 𝑘 = 10 (Section 3.1.2) in TestPrune after perform-
ing small-scale empirical experiments to balance efficiency and
test quality. We conducted experiments on two datasets: SWE-
Bench-Lite [2] and SWE-Bench-Verified [3], both derived from
SWE-Bench [23]. We used two models, GPT-4o [18] and Claude-
3.7-Sonnet [4], with temperature set to 0.8 following best practice
in prior work [41]. For reproduction test generation, we used Ot-
ter [5]. For patch selection, we directly leveraged the buggy function
localization and patches provided by Agentless [41]. We briefly dis-
cuss these two approaches and highlight their limitation for better
analysis of the results.
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4.2.1 Patch Selection and ValidationWorkflow: Agentless. We chose
Agentless due to the availability of its artifacts. Agentless employs
a hierarchical bug localization process. Initially, it identifies suspi-
cious files using both LLM-based prompting and embedding-based
retrieval (with filtering to exclude irrelevant files). Next, it refines
the search to relevant classes or functions using a concise skele-
ton representation of the files. Finally, it pinpoints precise edit
locations with line-level accuracy. For repair, Agentless generates
multiple patches in a lightweight Search/Replace diff format rather
than rewriting entire code blocks. This approach reduces hallucina-
tions and improves cost-efficiency. Agentless generates 40 candidate
patches for each issue, making patch validation a critical task, which
the authors address using both reproduction and regression tests.

Agentless automatically generates reproduction tests and com-
bines them with regression tests to select the best patch through
majority voting. For regression testing, Agentless first runs all ex-
isting tests in the repository to identify a set of passing tests in the
original codebase. It provides the list of passing tests to the LLM
and asks it to identify any tests that should not be used to verify
whether the issue has been correctly fixed. After removing the LLM-
identified tests, Agentless obtains a final subset of old regression
tests. Then it runs them on all generated patches, retaining only
those with the fewest regression failures.

Running the whole test suite is time-consuming and can take
more than half an hour for each issue, making it harder to apply
in real development settings. Tests can fail due to flakiness [39]
and dependency issues. Failing tests that are irrelevant to the issue
can mislead the patch validation process. Besides, repeating test
execution to mitigate the impact of test flakiness is not desirable
due to time and resource constraints. To address this problem, we
propose replacing the Agentless test selection step with TestPrune.
Running only the selected test subset from TestPrune saves time
by eliminating the need to run the entire test suite, and provides
signals from tests that are more relevant to the issue description.
Our results show that, apart from saving time, this small subset
also increases patch validation accuracy in Agentless.

4.2.2 Reproduction Test Generation Workflow: Otter. Besides issue
resolution, this paper explores issue reproduction as a second down-
stream client for test minimization. This is also an active research
field with several approaches [5, 8, 12, 38] leveraging old regression
tests while generating new reproduction tests. The metric 𝐹→𝑃

measures the rate of generated reproduction tests that are fail-to-
pass, meaning they fail on the original code to reproduce the issue
and pass on the new code to validate the fix. We use Otter [5] as
a representative issue reproduction system because of its strong
𝐹→𝑃 rate.

Otter is a pipeline that combines LLM-based and rule-based steps.
It consists of three main components: a localizer, a self-reflective
action planner, and a test generator. The localizer identifies rele-
vant files, test functions, and focal functions by querying the LLM
with context-aware prompts. The action planner then iteratively
constructs a plan of actions—categorized as read, write, and mod-
ify—guided by a self-reflective loop and validation checks. Finally,
the test generator creates complete test functions using localized
code and structural cues such as test signatures and imports. It
also includes mechanisms for repairing hallucinated or incomplete

imports and integrates static analysis tools (e.g., the Flake8 Python
linter) to ensure syntactic and semantic correctness.

Otter++ enhances Otter by generating five test candidates using
heterogeneous prompts, each varying in the inclusion of localized
context. It selects the best candidate by analyzing execution out-
comes (e.g., assertion failures vs. syntax errors) on the original code.
Otter++ achieves higher 𝐹→𝑃 rates than prior systems, while re-
maining cost-efficient and generalizable. The five prompt variants
in Otter++ are planner, full, testLoc, otterPatchLoc, and none. For
example, the “full” prompt variant presents the model with both
localizations (focal and test) and asks it to generate the tests, while
the “testLoc” variant presents the model with test localization but
does not expose the focal localization.

One of the key limitations in Otter is that localization depends
solely on file names and function names, not on real execution. Us-
ing TestPrune, we can expose more functions relevant to the issue
to the planner, which can help create a better plan in the planning
phase. In this work, we found that incorporating TestPrune can
improve Otter’s performance (detailed results in Section 4.5).

4.2.3 Evaluation Benchmarks: SWE-Bench Verified and SWE-Bench
Lite. SWE-Bench [23] is a benchmark that tests how well LLMs can
fix real GitHub issues by looking at an issue description and the old
version of the code, then creating a patch that solves the problem.
To make this easier and faster to use, SWE-Bench Lite provides a
smaller set of 300 carefully chosen tasks that still cover the same
variety and difficulty as the full benchmark, but with lower cost
and quicker turnaround for researchers. LLM agents have made
steady progress, but some tasks in the original benchmark are too
hard or even impossible, which can make models look weaker
than they really are. To address this, OpenAI worked with the
creators of SWE-Bench on a new release with 500 samples (SWE-
Bench Verified [13]) that gives more reliable evaluations, helping
researchers better measure the ability of models for solving SWE
tasks autonomously.

We used SWE-Bench Lite and SWE-Bench Verified for both
issue reproduction and issue resolution. For issue reproduction
evaluation, there are two similar benchmarks: SWT-Bench [30]
and TDD-bench Verified [7]. Both benchmarks indicate whether a
generated test reproduces the issue by checking whether the test
fails on the existing code base (𝑐old) before applying the golden
patch and passes afterward. One difference between their imple-
mentations is that TDD-Bench only runs contributing tests (tests
that were added or updated), whereas SWT-bench runs the whole
test files that contain the contributing tests. We use the harness of
TDD-bench Verified because of its speed, but instead of evaluating
on the 449 samples proposed by the benchmark, we evaluate on
300 (SWE-Bench Lite) and 500 (SWE-Bench Verified) samples to
maintain consistency.

4.3 RQ1: Efficacy of minimized regression tests.

Figure 5-a shows the distribution of test sizes across three con-
figurations: the complete test suites, the ten-file test sets, and the
minimized regression tests generated by TestPrune. The original
repositories contain thousands of regression tests, with an average
of 9,012 tests for SWE-Bench-Lite and 11,769 tests for SWE-Bench-
Verified. Reducing to ten files significantly reduces the size of the
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Figure 5: Comparison between the original test suite and TestPrune-minimized regression tests in terms of (a) test size and (b)

test runtime. The y-axis scales differ across the configurations for varying magnitudes.

test sets, yielding test suites that range from tens to hundreds of
tests, with an overall average of 117 across all models and datasets.
Finally, with TestPrune, the number of executed tests is further
reduced to an average of 9 tests per instance under the greedy-
additional algorithm and 11 tests under the greedy-total algorithm.
TestPrune reduces the size of tests by over a thousand times rel-
ative to the full test suites and by around 13 times relative to the
ten-file test sets. To demonstrate the effectiveness of reducing run-
time cost, Figure 5-b reports the average runtime across all models
and datasets. Running the full test suite takes 23m49s on average
across all datasets. Among the projects, scikit-learn exhibits
the highest average runtime at 37m31s. In contrast, executing our
minimized regression tests requires only 52 seconds on average,
achieving a 27× reduction in runtime compared to the original
suite.

Finding 1. With only 9 tests and an average runtime of 52 seconds
per instance, TestPrune achieves a reduction of over 1,000×
in test suite size and a 27× improvement in runtime efficiency
compared to the original full test suite.

4.4 RQ2: Quality of localized test coverage.

To evaluate the effectiveness of our minimized regression tests,
we construct a set of golden regression tests as the baseline for test
quality, defined as all tests that exercise the actual buggy functions.
Figure 6 illustrates this process: starting from the buggy version
of the code in the dataset, we run the full test suite and collect
line-level coverage information for all buggy functions. Every test
that covers any buggy function is included in the regression test
set tests_buggy. We then repeat the process on the fixed version of
the code after applying the golden patch to obtain tests_fixed. The
union of these two sets forms the final golden regression tests. As
shown in Figure 7, the golden regression tests contain on average
322 tests for SWE-Bench-Lite and 528 tests for SWE-Bench-Verified.

We refer to the TestPrune minimized regression tests as MRT,
and the golden regression tests as GT. We define two evaluation
metrics of precision and coverage recall as follows:

Precision =
|MRT ∩ GT |
|MRT | (1)

Let L(𝑇 ) denote the set of lines covered by a test set 𝑇 . Then,
coverage recall is defined as:

Coverage Recall =
|L(MRT ) |
|L(GT ) | (2)

Precision measures how relevant the minimized regression tests
are to the ground truth set of regression tests, while coverage recall
quantifies the extent to which tests cover the buggy lines.

We compare two variants of our approach, TestPrune-Additional
and TestPrune-Total, against Agentless regression tests and a
BM25-based baseline [1]. For the BM25 baseline, we retrieve the
top 20 most relevant tests using the issue description and the com-
plete list of tests from the original repository. We choose a size of 20
to match the typical size range of our minimized test sets. Figure 8
shows the results: TestPrune-Additional achieves the highest pre-
cision, with an average of 0.63, followed by TestPrune-Total at
0.60. One possible reason for not reaching even higher precision
is that our suspicious function sets may include more beyond the
actual buggy function, thereby introducing more tests that may
not exercise the actual buggy one. Agentless has a lower precision
of 0.28, which can be attributed to its larger test set size, with an
average of 79.5 tests per instance. The BM25 baseline performs the
worst, with an average precision of only 0.10.

For coverage recall, TestPrune-Additional also outperforms all
other methods, achieving an average of 0.71 with a median of 0.98
across all datasets and models. TestPrune-Total follows with an
average coverage recall of 0.67. Our greedy algorithm ensures that
all lines covered by tests from the original ten selected test files are
preserved, though these ten files may miss some lines compared to
the full test suite. Agentless achieves a comparable coverage recall
of 0.66, while BM25 achieves only 0.13. Despite having the smallest
number of tests, TestPrune covers the largest number of relevant
buggy lines. Since the greedy-additional algorithm demonstrates
higher performance than greedy-total, we use the regression tests
from TestPrune-Additional in the following experiments, and refer
to TestPrune-Additional as TestPrune throughout.
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Finding 2. TestPrune achieves the highest precision with an
average of 0.63 and the highest coverage recall of 0.71, further
confirming the effectiveness of TestPrune.

4.5 RQ3: Effectiveness of TestPrune on Issue

Reproduction

Table 1 shows that our regression tests increase Otter’s fail-to-
pass rate from 31.2% to 34.0% on SWE-Bench Verified with the
Claude-3.7-Sonnet model. For other variants generated by masking
localization information, the fail-to-pass rates range from 22.4% to
27%. Thus, Otter with TestPrune’s minimized tests (“testPrune”)
achieves the best performance compared to the other variants. Some
recent works [6, 25, 31, 38] on reproduction test generation have
achieved higher performance than Otter by leveraging execution
feedback and inference scaling. In this work, however, our primary
goal is to demonstrate the effectiveness of TestPrune for reproduc-
tion test generation. A direct comparison of testPrune with other
approaches is beyond the scope of this study. That said, we believe
that other reproduction test generation techniques could also ben-
efit from incorporating TestPrune. We repeat the process with

Table 1: Effectiveness of TestPrune on reproduction test

generation

Benchmark Model Approach 𝐹→𝑃 @ 1 Change

SWE-Bench
Verified

Claude
planner 156(31.2%) NA
testPrune 170(34.0%) +9.0%

GPT-4o
planner 145(29.0%) NA
testPrune 154(30.8%) +6.2%

SWE-Bench
Lite

Claude
planner 81(27.0%) NA
testPrune 88(29.3%) +8.6%

GPT-4o
planner 71(23.7%) NA
testPrune 76(25.3%) +7.0%

another model (GPT-4o) and on another benchmark (SWE-Bench
Lite), and observe a similar performance improvement.

TestPrune improves the 𝐹→𝑃 @ 1 rate, but for patch ranking
the more meaningful metric is 𝐹→𝑃 @ N, since six Otter-generated
tests are applied in this setting. In 𝐹→𝑃 @ N, if at least one test
among N changes from fail to pass, we count it as a success. Table 2
reports the 𝐹→𝑃 @ N results for both models and benchmarks. On
SWE-Bench Verified, Claude achieves a 49.8% 𝐹→𝑃 @ N rate with
N=6. This part of our work primarily focuses on how the Test-
Prune-supported variant, testPrune, contributes to this 𝐹→𝑃 @ N
performance. In addition to reporting the overall 𝐹→𝑃 @ N results
in Table 2, we also conduct an ablation study. In this experiment,
we remove one variant at a time and measure 𝐹→𝑃 @ 5. We find
that removing testPrune has the largest negative impact. For exam-
ple, on SWE-Bench Verified, performance drops by 8%, indicating
that testPrune is the most influential variant. Moreover, testPrune
alone generates 20 unique fail-to-pass tests, whereas other variants
generate only 3–10. We observe similar trends across other models
and benchmarks.

How is TestPrune increasing the performance of Otter?

To reproduce an issue, the test must fail on the existing version
of the code (𝑐old). However, the test may not always fail for the
reason described in the issue report. Chen et al. [10] reported that
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Figure 8: Precision and coverage recall

Table 2: Impact of TestPrune on 𝐹→𝑃 @N

Model Prompt N
SWE-Bench Verified SWE-Bench Lite

𝐹→𝑃 Unique Tests Change 𝐹→𝑃 Unique Tests Change

Claude

All 6 249(49.8%) NA NA 131(43.7%) NA NA
All - none 5 246(49.2%) 3 -1.2% 126(42.0%) 5 -3.8%
All - testLoc 5 244(48.8%) 5 -2.0% 126(42.0%) 5 -3.8%
All - patchLoc 5 241(48.2%) 8 -3.2% 124(41.3%) 7 -5.3%
All - full 5 241(48.2%) 8 -3.2% 124(41.3%) 7 -5.3%
All - planner 5 239(47.8%) 10 -4.0% 127(42.3%) 4 -3.1%
All - testPrune 5 229(45.8%) 20 -8.0% 123(41.0%) 8 -6.1%

GPT-4o

All 6 219(43.8%) NA NA 109(36.3%) NA NA
All - none 5 215(43.0%) 4 -1.8% 106(35.3%) 3 -2.8%
All - testLoc 5 217(43.4%) 2 -0.9% 103(34.3%) 6 -5.5%
All - patchLoc 5 215(43.0%) 4 -1.8% 107(35.7%) 2 -1.8%
All - full 5 215(43.0%) 4 -1.8% 106(35.3%) 3 -2.8%
All - planner 5 209(41.8%) 10 -4.6% 106(35.3%) 3 -2.8%
All - testPrune 5 204(40.8%) 15 -6.8% 101(33.7%) 8 -7.3%

Python execution errors during the issue resolution phase correlate
with lower resolution rates. They also identified the most prevalent
errors—such as ModuleNotFoundError and TypeError—in the gen-
erated code, which often differ significantly from the actual cause
described in the issue. Providing a regression test that covers the
suspicious function can help reduce such errors by supplying the

necessary code syntax for those functions. It also gives the model a
better understanding of relevant function usage and parameters.

Beyond syntax, TestPrune can mitigate the negative impact
of incorrect test localization. Ahmed et al. reported that, for Otter,
focal file localization accuracy is around 82%, while test localization
accuracy is about 70%. The model performs better at identifying
suspicious functions than at locating relevant tests. Incorporating
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regression tests can help the model compensate for errors in test
localization. For example, in several instances (e.g., sympy__sympy-
20154, django__django-13128, sphinx-doc__sphinx-9281), the model
attempted to write a new test, but the test did not transition from fail
to pass. In our experience, models are inherently better at modifying
tests than at writing new ones from scratch. When we provided the
TestPrune-selected tests, the model chose to modify an existing
test instead of writing a new one, which enabled Otter to generate
a proper fail-to-pass test. Thus, regression tests can play a crucial
role in improving reproducibility.

While regression tests can help models by providing relevant
context, they can also mislead models if the provided tests are ir-
relevant. When we consider our two primary variants—planner
and testPrune—their combined 𝐹→𝑃 @ 2 is 205. Planner and test-
Prune uniquely solve 35 and 49 fail-to-pass tests, respectively. This
means testPrune helps in 49 instances but also hurts performance
in 35 cases. Nevertheless, TestPrune is beneficial overall. It also
contributes by helping Otter generate 𝐹→𝑃 tests for additional
instances for which none of the prior Otter variants could generate
𝐹→𝑃 test. Note that the benefit in issue resolution can be increased
by running multiple tests.

Finding 3. TestPrune increases the 𝐹→𝑃 rate of Otter from 6.2%
to 9.0%, regardless of the benchmark or model. The TestPrune-
backed reproduction test generator testPrune also increases the
𝐹→𝑃 rate @ N by 6.0% to 8.0%.

4.6 RQ4: Effectiveness of TestPrune on Issue

Resolution

Table 3 shows the issue resolution rate of Agentless when using
TestPrune-selected regression tests and Otter-generated repro-
duction tests. Note that Agentless uses both regression tests and
reproduction tests in the patch ranking phase (discussed in Sec-
tion 4.2.1). When we replace the default regression test set with
TestPrune-selected tests, the issue resolution rate increases by
2.4%–4.1%. Although the GPT-4o model has a lower resolution rate
than the Claude model, it benefits more from regression tests on
SWE-Bench Verified. This suggests that running a small, relevant
test set instead of a larger set with irrelevant tests can improve the
issue resolution rate. In Section 4.5, we have already shown that
TestPrune improves the quality of the reproduction test gener-
ator, Otter. If we use Otter-generated tests instead of Agentless’s
default tests with TestPrune, performance improves by 3.3%–7.3%.
However, the best results are achieved when we use both Otter-
generated and default reproduction tests. Applying both sets of tests
requires minimal effort but results in a 9.4%–12.9% improvement in
the issue resolution rate.

Unlike reproduction tests, regression tests cannot be combined.
There is a high probability that TestPrune-selected tests are a
subset of the default regression tests, so combining them would not
add value. Furthermore, the primary goal of this paper is to obtain
a minimized test set to reduce execution time and increase the issue
resolution rate. Combining regression tests would diminish the
benefits of TestPrune.

We perform a McNemar test [29] to show the effectiveness of
TestPrune. It is a non-parametric statistical test used to com-
pare paired proportions. It is applicable to SWE-Bench because
the benchmark evaluates the correctness of two approaches on
the same set of GitHub issues. This setup ensures their predictions
are paired and directly comparable. We found statistical signifi-
cance for all benchmark–model pairs at the 95% confidence interval
(𝑝 < 0.05). This significance holds for three benchmark–model
pairs even at the 99% level (𝑝 < 0.01). However, we did not observe
statistical significance for SWE-Bench Lite using the GPT-4o model
at 99% confidence interval. This may be due to the fact that SWE-
Bench Lite is a relatively small benchmark with only 300 samples.
Overall, these findings confirm the effectiveness of our proposed
approach to issue resolution.

Finding 4. Replacing the default regression tests with the Test-
Prune-selected tests and incorporating the Otter reproduction
tests can increase the issue resolution rate of Agentless by
9.4%–12.9% with statistical significance at 95% confidence interval,
regardless of the benchmark and model.

5 Discussion

5.1 Cost Effectiveness of TestPrune

Agentless makes several calls to LLMs for localization, reproduction
test generation, regression test filtering, and candidate generation.
The authors reported a cost of $0.70 per sample for the GPT-4o
model [41]. The cost can go up to $1.50 with models like Claude-
Sonnet-3.7. Another client of TestPrune, Otter, costs only $0.09 for
each instance with the GPT-4o model [5]; with the additional cost
for the TestPrune variant, the total cost is $0.11 for each instance.
Therefore, with the GPT-4o model, the total cost for Agentless
plus Otter is $0.81. In TestPrune, we primarily make one LLM
call to retrieve test files and a few additional calls for tie-breaking
tests with the same coverage. From our estimation, for the GPT-4o
model, this should cost $9.50 for the 500 instances of SWE-Bench
Verified, which results in $0.02 per instance. Thus, the total cost
for TestPrune and the downstream tasks per instance is less than
$0.85 with GPT-4o, showing that TestPrune hardly introduces any
additional cost. For the Claude model, TestPrune also costs less
than $0.05 per instance.

5.2 Coverage of Reproduction Tests on

SWE-Bench Verified

Coverage is used to measure the adequacy of tests. We measure
how well a generated test covers the developer-written golden code
patch (note that this is not available during test generation) for
planner and TestPrune variants. To compute coverage, we locate
the deleted lines in 𝑐old and the added lines in 𝑐new and see whether
the test covers those lines. We take the total number of covered
lines and divide them by the total number of deleted and added
lines. Note that although regression tests are selected based on the
coverage of the suspicious function(s), they are unlikely to increase
the coverage of the reproduction test. The reproduction test only
uses them in the planning phase and as additional context. Though
the 𝐹→𝑃 rate increases for all benchmark and model pairs, the
coverage of the test does not increase much. Figure 9 shows that on
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Table 3: Impact of TestPrune on issue resolution

Benchmark Model
Regression Test Reproduction Test

Resolved % Resolved
Change from
BaselineDefault TestPrune Default Otter

SWE-Bench
Verified

Claude

✓ ✗ ✓ ✗ 254 50.8 NA
✗ ✓ ✓ ✗ 260 52.0 +2.4%
✗ ✓ ✗ ✓ 268 53.6 +5.5%
✗ ✓ ✓ ✓ 278 55.6 +9.4%

GPT-4o

✓ ✗ ✓ ✗ 194 38.8 NA
✗ ✓ ✓ ✗ 202 40.4 +4.1%
✗ ✓ ✗ ✓ 204 40.8 +5.2%
✗ ✓ ✓ ✓ 219 43.8 +12.9%

SWE-Bench
Lite

Claude

✓ ✗ ✓ ✗ 122 40.7 NA
✗ ✓ ✓ ✗ 127 42.3 +4.1%
✗ ✓ ✗ ✓ 126 42.0 +3.3%
✗ ✓ ✓ ✓ 135 45.0 +10.7%

GPT-4o

✓ ✗ ✓ ✗ 96 32.0 NA
✗ ✓ ✓ ✗ 99 33.0 +3.1%
✗ ✓ ✗ ✓ 103 34.3 +7.3%
✗ ✓ ✓ ✓ 105 35.0 +9.4%
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Figure 9: Coverage of the reproduction test

SWE-Bench Verified with the Claude model, the coverage increased
by a negligible amount for TestPrune. Prior research shows that the
coverage of a test is directly linked to the success of the test [5, 30].
We may be able to use these minimized regression tests to increase
the coverage of the reproduction test, whichwill increase the quality
of the reproduction test. We leave this for future research.

These findings on coverage are somewhat consistent with our
observations on the reproduction test set. The TestPrune variant
generates only 14 more 𝐹→𝑃 tests than planner with Claude on
SWE-Bench Verified, so the coverage is unlikely to increase. How-
ever, if we apply both tests (discussed in Section 4.5), both the 𝐹→𝑃

rate (156 → 205) and coverage go up (0.74 → 0.78). To compute
combined coverage, we take the coverage of planner and TestPrune
and keep the higher one.

SWE-Bench-Lite

Agentless TestPrune

Claude Claude

GPT-4o GPT-4o
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Figure 10: Comparison between patch selection of Test-

Prune and Agentless

5.3 Analysis of Patch Selection

To further investigate the patch selection results, Figure 10 shows
the overlap between the correct patches selected by TestPrune and
those by Agentless. On the SWE-Bench Lite dataset, TestPrune
exclusively fixes 15 instances with Claude and 11 with GPT-4o,
while on the SWE-Bench Verified dataset, it exclusively fixes 30
and 33 instances, respectively.

TestPrune regression tests assist patch selection by running
more relevant tests, patches that fail to preserve correct functional-
ity can be excluded (e.g., those failing on newly added tests). For
example, for the instance django__django-11964 in SWE-Bench
Lite, TestPrune was able to validate the correct patch while Agent-
less was not. In this case, the TestPrune test set included five tests
from classes absent in the Agentless test set (e.g., model_fields
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.test_integerfield.IntegerFieldTests), which successfully
failed the incorrect patch chosen by Agentless and allowed the cor-
rect patch for a higher rank.

Otter further helps patch selection by providing additional repro-
duction tests, which increase the likelihood of identifying correct
patches when the original reproduction test fails. For example, in
django__django-14608, Agentless was unable to reproduce the
issue, whereas a reproduction test generated by Otter successfully
reproduced it, enabling the correct patch to be returned. Including
multiple reproduction tests also helps prevent patch selection from
depending too much on a single reproduction test, which might
be wrong, and instead increases the likelihood of returning a good
patch.

We fail to validate some instances that the original Agentless
can handle, largely for the same reasons as other failures: many
of these cases are caused by tie-breaking issues, where multiple
patches achieve the same test passing rate; in such cases, majority
voting favors patches with higher occurrences. In addition, some
instances are misled by reproduction tests that prioritize the wrong
patch. Nevertheless, as shown in Section 4.6, TestPrune benefits
the issue resolution in general.

6 Threats To Validity

One of the major limitations of this work is that our experiments are
limited to Python only. SWE-Bench includes 12 repositories, so our
findings may not generalize to other repositories or programming
languages. However, works like SWE-Bench [23], Agentless [41],
AutoCodeRover [45], and CodeMonkeys [14] also have this limita-
tion, yet they have still been impactful and contributed significantly
to the field.

Model contamination/model memorization is a serious concern
in SWE-Bench related work. The model has likely already seen the
code repository during pretraining and may thus perform well on
these samples. SWE-Bench [23], SWT-bench [30], and Otter [5]
have addressed this problem and shown that the impact of contam-
ination is minimal. The SWE-Bench paper claims that “difficulty
does not correlate with issue resolution date”. Ahmed et al. [5]
show that Otter-generated tests differ substantially from developer-
generated tests. In this work, we use Otter-generated tests and
Agentless-generated code patches. We are not introducing any ad-
ditional contamination in the process. In TestPrune, we primarily
make one LLM call to retrieve the 10 most relevant test files, which
is a relatively easier task and works based on issue and file-name
matching. It does not require complex reasoning or syntactical
correctness, unlike test and code patches. After selecting the 10
files, the rest of the algorithm makes no further LLM calls. Since
TestPrune makes one LLM call, which does not generate code,
we believe our results are not highly impacted by the model con-
tamination problem. Note that we also make some additional calls
for tie-breaking tests with the same coverage. These calls are very
similar to test file localization and do not write any functions.

TestPrune uses a greedy algorithm on the output of the Python
“coverage” package. Greedy algorithms are simple to run, but they
certainly have some limitations and are not capable of providing
an optimal solution. However, since we achieve high precision and
coverage, we can infer that our results are not significantly impacted

by the lack of an optimal solution. Additionally, the “coverage”
package sometimes fails to generate correct coverage reports due
to dependency issues or parallel execution. Since we use a pre-built
Docker container, we did not encounter many dependency issues,
and coverage failed for fewer than 1% of samples.

Finally, LLMs sometimes generate different solutions even at
temperature 0. Agentless and Otter have reported their numbers on
different benchmarks using different models and found that their
approaches are effective in general. In our approach for test file
localization, we tried several runs but did not see noticeable changes
in the output. Note that the order of test files does not matter in our
setting. We use the coverage package, which neutralizes the impact
of file ordering. Additionally, the test file detection @ 10 accuracy
is very high in our case (around 95%). From these observations, we
believe that our results will not change much even if we re-run our
experiments. Besides, like Agentless and Otter, we tried multiple
models and benchmarks to show that our approach is effective in
general.

7 Related Work

This paper is the first to formulate issue-based test minimization and
to provide a dedicated solution. Prior work has addressed related
tasks that involve issues, often leveraging existing regression tests
along the way.

Agentic software engineering techniques take an issue descrip-
tion and a repository as input, and output a patch candidate. Agent-
less [41] selects regression tests (old tests) in two steps: filtering
to keep only tests that pass on buggy code, then applying an
LLM filter. It also uses the selected tests to rank candidate patches.
SpecRover [35] executes regression tests on each patch and uses
an LLM to interpret results. SWE-RL [40], R2E-Gym [20], PatchPi-
lot [27], and Trae Agent [15] all adopt regression testing similar to
Agentless, differing mainly in how selected tests are applied to filter
or rank candidate patches. Unlike these approaches, TestPrune
incorporates coverage into test selection, applies systematic mini-
mization, and evaluates selection not only for issue reproduction
but also through intrinsic metrics. Our empirical results highlight
the limitations of prior work, improving Agentless end-to-end as a
proof of concept.

A second line of work focuses on generating new tests to repro-
duce issues. While distinct from selecting old tests, several systems
combine both. Otter++[5] selects old tests by prompting an LLM at
both file and function granularity, then includes them in prompts
for generating new tests. AEGIS[38] uses a ReAct agent to locate
issue-related code, including tests, and places it in a prompt context
for test generation. USEAgent [8] employs a meta-agent that can
invoke sub-agents for test retrieval and execution, using results to
guide patch refinement. Similarly, BRT Agent [12] retrieves old tests
via code search and includes them in new test generation prompts.
Unlike these systems, TestPrune uniquely leverages coverage for
test selection, applies minimization, and evaluates test selection in
isolation. We demonstrate that TestPrune improves Otter++ with
stronger test selection.

There is also related research on localizing focal functions (not
tests) from issues—a subtask that strongly benefits SWE agents.
OrcaLoca [44] uses search APIs for focal localization. LocAgent [11]
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builds a code index for 𝑐old and applies an agent with a graph
traversal API, while CoSIL [22] constructs the graph index just-in-
time for efficiency. SweRank [34] fine-tunes two models: one for
embedding-based retrieval and another for ranking focal candidates.
In contrast to these function localizers, TestPrune focuses on
localizing tests, exploiting test-specific properties such as coverage.

Test suite minimization has also been widely used to reduce
the cost of regression testing while preserving original test suite
capabilities [43]. Existing works have explored the use of greedy
algorithms [17, 19, 21, 24, 42], integer programming [19, 28], meta-
heuristic search [9, 16, 32, 37], or machine learning [32, 33, 36] to se-
lect the minimal subset of test suites with comparable effectiveness.
Greedy algorithms are fast, but provide a near-optimal solution. The
integer programming and meta-heuristic search can take a longer
time to terminate, but provide the optimal solution. Prior works
mostly compare the effectiveness of the original and minimized test
suites concerning code coverage (lines, branches, and predicates),
requirement coverage, execution time, and fault-detection abilities.
Concerning preserving the fault-detection abilities of test suites,
they rely on historical data or runtime execution under mutation
testing. To the best of our knowledge, none of the prior work has
explored or implemented test suite minimization concerning de-
bugging abilities of future faults. This criterion is also adaptive, i.e.,
test suite minimization should be performed per issue, requiring a
scalable yet effective approach for quick test suite minimization.

8 Conclusion

This paper makes three contributions: (a) formulating the problem
of issue-driven test minimization, (b) introducing TestPrune, a
workflow that solves this problem; and (c) showing how to leverage
the resulting test subset for issue reproduction and issue resolution.
The minimization algorithm in TestPrune aims to minimize test
subset size while maximizing relevance as per our new coverage
recall metric. While some prior approaches include a basic test selec-
tion step as part of a larger workflow, they do not leverage coverage,
nor do they measure, let alone optimize, the intrinsic performance
of this step. This paper shows that using the old tests selected by
TestPrune as part of the prompt for generating new tests improves
the performance of the Otter++ issue reproduction workflow. Also,
this paper shows that using the selected tests as part of the patch
selection component of the Agentless issue resolution workflow
improves its performance. Overall, this work complements prior
work on test minimization by showing how to cover the new code
that resolves an issue without access to that code, instead using
only the issue description.
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