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Abstract

Automated issue solving aims to resolve real-world issues in soft-
ware repositories. The most popular benchmarks for automated
issue solving are SWE-bench and its human-filtered subset SWE-
bench Verified, which are widely used to evaluate foundation mod-
els and software engineering agents. These benchmarks leverage
testing to validate generated patches. However, because testing is
rarely exhaustive, a patch may pass the tests but nevertheless fail to
match the developers’ expectations. Unfortunately, it is currently
unclear to what extent evaluations performed with SWE-bench
suffer from such plausible but incorrect patches. This paper presents
an in-depth empirical study of the correctness of plausible patches
generated by three state-of-the-art issue-solving tools (CodeStory,
LearnByInteract, and OpenHands) evaluated on SWE-bench Veri-
fied. We extensively test and inspect generated patches, and com-
pare them against human-written ground truth patches. The core of
our methodology is a novel technique for differential patch testing,
called PatchDiff, which automatically exposes behavioral discrep-
ancies between two patches. Our findings reveal critical weaknesses
in SWE-bench’s patch validation mechanism, which causes 7.8% of
all patches to count as “correct” while failing the developer-written
test suite. Moreover, our novel automated technique reveals that
even more (29.6%) plausible patches induce different behavior than
the ground truth patches. These behavioral differences are often
due to similar, but divergent implementations (46.8%) and due to
generated patches that adapt more behavior than the ground truth
patches (27.3%). Our manual inspection shows that 28.6% of behav-
iorally divergent patches are certainly incorrect. Combined, the
different weaknesses lead to an inflation of reported resolution
rates by 6.4 absolute percent points. Our findings are a call to arms
for more robust and reliable evaluation of issue-solving tools. We
envision our automated differential patch testing technique to be
useful for this purpose.
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1 Introduction

Automated issue solving aims to address real-world issues in
software repositories, and holds great potential to reduce mainte-
nance costs and improve software quality. SWE-bench [29] stands
out as the most popular benchmark for automated issue solving,
comprising 2,294 tasks from 12 well-maintained Python reposito-
ries. Each task is provided with an issue statement describing the
specific task to accomplish and the repository version where the
issue is to be solved. The tool to be evaluated is then required to
generate a patch to address the issue. SWE-bench evaluates the
generated patch by running tests associated with the issue, includ-
ing at least one fail-to-pass test to confirm the issue is resolved,
and, where available, several pass-to-pass tests to ensure no regres-
sion in existing functionality. Recently, OpenAI hired 93 developers
to manually identify and filter out those SWE-bench tasks with
overly specific and even issue-unrelated tests, and curated a sub-
set comprising 500 tasks, known as SWE-bench Verified [3]. The
SWE-bench leaderboard is getting immense attention. It has been
used to judge the merit of new techniques proposed in academic
papers [56, 63], and also to evaluate commercial tools for assessing
their potential value [4, 6, 11]. Moreover, SWE-bench Verified has
been widely used to evaluate the coding abilities of state-of-the-
art foundation models, such as OpenAI GPT-o1 [7] and Anthropic
Claude-3.5 [2].

However, due to practical limitations, test suites are rarely ex-
haustive and often suffer from weaknesses [50]. Following the lit-
erature on automated program repair [36], we refer to patches that
pass their corresponding validation process as plausible patches.
Validation with weak test suites can result in plausible but incor-
rect patches, inflating the performance of the evaluated tools, and
possibly leading to incorrect conclusions about their abilities. Al-
though others have noticed the problem of weak test suites in
SWE-bench [3, 13], it is unclear to what extent evaluations per-
formed with SWE-bench suffer from this problem, and there is a
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notable lack of effective methodologies for detecting plausible but
incorrect patches.

This paper conducts an in-depth empirical study of the correct-
ness of plausible generated patches on SWE-bench. We focus on the
high-quality, human-filtered, and widely used subset SWE-bench
Verified, and conduct this study on the plausible patches gener-
ated by the state-of-the-art issue-solving tools, i.e., CodeStory [5],
LearnByInteract [51], and OpenHands [54]. Our study addresses
four research questions:
RQ1: What is the impact of executing all developer tests in

SWE-bench?We first analyze the validation process of SWE-bench
and identify a flaw that weakens the test suites. Specifically, when
validating a generated patch, SWE-bench only uses the developer-
written test files modified in the pull request (PR) for fixing the
target issue, potentially leaving functionality covered by other test
files untested. To quantify the impact of this flaw, we execute all
available test files in the corresponding repository to re-validate
each patch. The results show that, on average, 7.8% of plausible
patches are incorrect, leading to an absolute drop of the issue reso-
lution rate of 4.5%, on average. This indicates that neglecting the
test files not modified in the PR weakens the test suite and can
inflate reported performance.

The findings from RQ1 further raise two critical questions: Are
there any patches that pass all developer tests but remain incor-
rect? If yes, how many? Answering these questions is non-trivial.
One option is to manually inspect generated plausible patches and
compare them with their corresponding developer-written ground
truth patch (hereon, oracle patches). However, this approach is
labor-intensive, error-prone, and does not scale. Another option is
to generate more regression tests based on the fixed repository ver-
sion to strengthen the validation [57, 62]. However, this approach
typically generates plenty of test cases with most of them unrelated
to the generated patch, suffering from limited effectiveness. More-
over, according to our investigation (Section 4.2.3), there is a lack
of robust and effective test generation tools for real-world Python
projects.

To enable this study, we present a novel differential patch testing
technique, named PatchDiff, which aims to generate test cases that
expose behavioral discrepancies between the plausible patch and
the developer-written oracle patch. We refer to such generated tests
as differentiating tests. PatchDiff leverages Large Language Models
(LLMs) for test generation and is enabled by a call-trace-based
method to identify appropriate target functions and construct useful
contextual information for LLMs. Specifically, we first leverage
PatchDiff to generate differentiating tests for each plausible patch
and identify behaviorally divergent patches, and then manually
assess the correctness of these suspicious patches with the help of
the differentiating tests. This approach provides concrete evidence
of invalid functionality, enables more focused and objective patch
validation, and reduces manual validation effort.

With the help of PatchDiff, we address the following research
questions:
RQ2: How many generated plausible patches exhibit behav-

ioral discrepancies compared to their oracle patches? To an-
swer this question, we leverage PatchDiff to generate differenti-
ating tests for the plausible patches assessed in RQ1. Our findings

reveal that, on average, 29.6% of plausible patches can be differ-
entiated from their oracle patches through the tests generated by
PatchDiff. We refer to such patches as suspicious patches. This
highlights that a substantial proportion of plausible patches are
likely to diverge from the expected behavior, raising concerns about
their correctness.
RQ3: What are the patterns of differences between plausible

and oracle patches that lead to behavioral discrepancies?

Understanding these patterns offers valuable insights into how
suspicious patches deviate from their oracle patches and can inspire
the development of more human-aligned issue-solving tools. To
answer this question, we sample 77 (30%) suspicious patches from
those identified in RQ2, manually compare them with their oracle
patches, and craft a taxonomy of the patch differences leading
to behavioral discrepancies. Our analysis reveals that behavioral
discrepancies between plausible and oracle patches are often due to
similar but divergent implementations (46.8%) and due to plausible
patches adapting more behavior than their oracle patches (27.3%)
RQ4: In cases of behavioral discrepancies, how many gener-

ated plausible patches are incorrect? A behavioral discrepancy
reveals incorrectness only when the behavior of the generated
patch violates the expected behavior. Therefore, the correctness
of a suspicious patch requires further validation. To answer this
question, we manually assess the correctness of each suspicious
patch evaluated in RQ3 based on its differentiating tests, developer-
written tests, the repository, the issue statement, and the oracle
patch. We find that 28.6% of suspicious patches are certainly in-
correct. If we assume that incorrect patches are distributed evenly
among suspicious patches, this result extrapolates to an approxi-
mated incorrectness rate of 11.0% among plausible patches, which
inflates the resolution rates of the studied tools by 6.4 absolute per-
cent points, on average. This result further raises concerns about
the reliability of SWE-bench’s validation mechanism.

Our findings provide actionable insights for users and main-
tainers of issue-solving benchmarks, such as carefully selecting
developer tests for patch validation, checking and filtering out
plausible but incorrect patches for more accurate evaluation, and
paying more attention to supplementary semantic changes in plau-
sible patches. In addition, the under-specified issue statements in
SWE-bench Verified call for better issue-solving tools that are ca-
pable of detecting and refining vague specifications and better
issue-solving benchmarks where issues are well specified. We also
envision PatchDiff to be useful for sustainably strengthening
issue-solving benchmarks. Specifically, practitioners can use the
differentiating tests generated by PatchDiff to ease their check
for incorrect patches. The generated tests that successfully identify
plausible but incorrect patches can be incorporated into the test
suites in benchmarks. Over time, as test suites continue to evolve
and become comprehensive, fewer manual efforts are required and a
sustainable and robust patch validation ecosystem for issue-solving
tools can be built.

In summary, the main contributions of this paper are as follows:
• In-depth study. The first in-depth study on the correctness of
generated plausible patches on SWE-bench.

• Technique. A novel differential patch testing technique PatchDiff
that can generate tests to reveal meaningful behavioral differ-
ences between patches.

2



def test_point2d_evaluate_false_with_complex_coordinate_patch_2():

  point = Point2D(I, 1, evaluate=False)

def test_point2d_evaluate_false_with_complex_coordinate_patch_2():
>   point = Point2D(I, 1, evaluate=False)
E    ValueError: Imaginary coordinates are not permitted.

Plausible Patch (Generated by CodeStory)

-    raise ValueError('Imaginary coordinates are not permitted.')
+  if evaluate:
+    if any(a.is_number and im(a) for a in coords):
+      raise ValueError('Imaginary coordinates are not permitted.')

-  if any(a.is_number and im(a) for a in coords):

Differentiating Test Generated by PatchDiff

Problem Statement: 
simpify gives `Imaginary coordinates are not permitted.` with evaluate(False)
## Issue
`with evaluate(False)` crashes unexpectedly with `Point2D`
## Code
import sympy as sp
with sp.evaluate(False):
  sp.S('Point2D(Integer(1),Integer(2))')

Oracle Patch

+  if any(a.is_number and im(a).is_zero is False for a in coords):
-    raise ValueError('Imaginary coordinates are not permitted.')

-  if any(a.is_number and im(a) for a in coords):

Figure 1: An example of plausible but incorrect patches

from the issue sympy-22714, where the exception is correctly

raised only under the oracle patch

• Insights. Insights for users andmaintainers of issue-solving bench-
marks towards more robust and sustainable evaluation.

• Replication package. A replication package [8] including the im-
plementation of PatchDiff and the results of our study.

2 Background and Motivating Example

This section first introduces SWE-bench and SWE-bench Verified
and then describes a motivating example.

2.1 SWE-bench and SWE-bench Verified

SWE-bench [29] is the most popular benchmark for automated
issue solving. As described in Section 1, to assess the effectiveness
of an issue-solving tool on SWE-bench, the user needs to generate
patches for each task based on the corresponding issue statement
and the buggy repository version. SWE-bench also provides a test
patch for each task, which includes the changes made to test files in
the PR that resolves the corresponding issue. The full set of SWE-
bench is shown to consist of low-quality and noise instances [3].
OpenAI curated a high-quality subset known as SWE-bench Veri-
fied, which consists of 500 samples.

To validate the correctness of a generated patch, both SWE-
bench and SWE-bench Verified run the test files modified in the
test patch after applying both the test patch and the generated
patch to the buggy repository version. If these test files all pass, the
patch is regarded as correct [9]. Although such test files are likely
to be relevant to the issue, they do not necessarily cover all the
functionalities that can be affected by the generated patches. As
a result, this validation process is weak and may accept incorrect
patches that violate the uncovered functionalities.

2.2 Motivating Example

Figure 1 presents an example of a plausible but incorrect patch gen-
erated by CodeStory. This patch attempts to address the issue that,
when a Point2D object is created under evaluate(False), the pro-
gram incorrectly raises a ValueErrorwith the message "Imaginary

coordinates are not permitted", even though there are no imagi-
nary inputs. To assess the correctness of this patch, we manually
compare the implementation of the two patches. The generated
plausible patch modifies the safety-checking code by introducing
a condition if evaluate:, and the oracle patch replaces im(a)
with im(a).is_zero(). However, this does not directly give us
enough information to determine the correctness of the generated
patch. We have to read the definitions of im() and is_zero() in
the repository to fully understand the issue. In fact, the underlying
bug is caused by the method im() consistently returning a truthy
value when evaluate is False, regardless of the input. The oracle
patch resolves the issue by explicitly invoking im().is_zero() to
determine the presence of imaginary numbers, while the generated
patch simply mutes the examination of imaginary inputs when
evaluate is False, allowing an invalid object creation to proceed.
This suggests that the generated patch fails to correctly locate and
fix the bug, and thus should be an incorrect patch.

The weak test suite used by SWE-bench for this issue leads
to such plausible but incorrect, which leads to performance over-
estimation and can cause misleading comparisons between tools.
Manually identifying such plausible but incorrect patches is chal-
lenging and labor-intensive, and the manual efforts are not reusable.
That is, another manual review is required if another similar but
not identical plausible patch is generated. Providing tests that can
expose meaningful behavioral differences between the plausible
and oracle patches can significantly ease the assessment of patch
correctness. In the above example, the differentiating test generated
by PatchDiff intentionally attempts to create a Point2D object
with imaginary coordinates while setting evaluate to False. The
oracle patch correctly triggers an exception, preventing the creation
of the invalid object, whereas the suspicious patch fails to trigger
this error. This test directly demonstrates that the generated patch
is incorrect, reducing manual efforts. Moreover, it can be added to
the test suite to strengthen the patch validation of this issue.

3 Methodology

This section describes the methodology of our study, including the
issue solving tools and patches we use and our differential patch
testing technique.

3.1 Issue Solving Tools and Patches

Our empirical study focuses on SWE-bench Verified, a high-quality,
human-validated subset of SWE-bench. The study is conducted
on the plausible patches generated by three state-of-the-art issue-
solving tools, i.e., CodeStory Midwit Agent + swe-search [5] (here-
inafter, CodeStory), Learn-by-interact [51] (hereinafter, LearnBy-
Interact), and OpenHands + CodeAct v2.1 [54] (hereinafter, Open-
Hands), on SWE-bench Verified. These tools are selected because
they open source their implementations and/or release their papers
or technical reports, making them suitable for further research.
Note that for each tool and each issue in SWE-bench Verified, there
is at most one plausible patch.

3.2 Differential Patch Testing

To enable this study, we proposes an automated differential patch
testing technique named PatchDiff. Given an issue-solving task
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providing the issue statement and the buggy repository version,
its test patch 𝑃𝑡 , its oracle patch 𝑃𝑜 , and a patch 𝑃𝑔 generated for
it, PatchDiff leverages an LLM to generate a set of tests that can
reveal the behavioral differences between 𝑃𝑔 and 𝑃𝑜 , i.e., differenti-
ating tests. We refer to the repository version with only 𝑃𝑡 applied
as 𝑅𝑡 and with both 𝑃𝑡 and 𝑃𝑔 or 𝑃𝑜 applied as 𝑅𝑔 or 𝑅𝑜 , respec-
tively. PatchDiff first checks whether 𝑃𝑔 and 𝑃𝑜 are syntactically
identical without considering comments, and omits identical 𝑃𝑔 .
Then, PatchDiff leverages a call-trace-based method to identify
appropriate target functions and extract contextual code. Finally,
PatchDiff prompts an LLM to generate and repair tests for target
functions, and filters out unqualified tests.
3.2.1 Target Function Identification. To generate tests, PatchDiff
first needs to determine the target function to be tested. It regards
a function that satisfies the following criteria as a target function:
(1) The function is a patch-modified function or a function that
directly or indirectly invokes a patch-modified function. (2) The
function is not defined within test files. (3) The function is directly
invoked by developer-written tests. Such a function is related to
patches and not related to tests, and developers usually have specific
expectations regarding its behavior. To identify target functions,
we first instrument each patch-modified function in 𝑅𝑔 and 𝑅𝑜 , and
run all test files in 𝑅𝑔 and 𝑅𝑜 to collect call traces. Each call trace
starts from a test function in 𝑅𝑔 or 𝑅𝑜 and ends at a patch-modified
function. The first non-test function in each call trace satisfies the
criterion mentioned above and PatchDiff annotates it as a target
function. Different call traces can have the same target function. So
a target function may correspond to multiple call traces.

3.2.2 Contextual Code Extraction. In each call trace, the functions
in test files provide information about how to invoke the target
function, and the functions in non-test files are either the target
function or illustrate how the target function utilizes the patch-
modified function. So all the functions in the call trace are useful
for generating differentiating tests. For each target function, we
extract the functions from the shortest call trace collected in 𝑅𝑔 and
the shortest one collected in 𝑅𝑜 . For each of these functions, we
further map it to its before-patch version in 𝑅𝑡 based on its class
and function names. The mapped functions provide the contextual
information before patches are applied and are referred to as context
functions. Only providing function definitions to the LLM may miss
critical contextual information such as class information. Therefore,
we extend context functions to construct contextual code. Specifi-
cally, we collect all Python files that contain the target function or at
least one context/patch-modified function from 𝑅𝑡 . We remove the
functions that are not target, context, or patch-modified functions
from these files. Any classes rendered empty after this deletion
are also discarded. In addition, in test files, we annotate code lines
where the target function is invoked with a comment to direct the
LLM’s attention. All the streamlined files form the contextual code
of this target function.

3.2.3 LLM-Based Test Generation. We prompt the LLM to generate
differentiating tests for one target function at a time. It is costly
to generate tests for many target functions with LLMs. Thus, we
select at most 10 target functions for test generation. In detail,
we calculate the number of non-test functions 𝑙 in each collected
call trace. For each target function, we assign its smallest 𝑙 as its

score. The 10 target functions with the smallest scores are selected.
The rationale behind this selection is that a smaller 𝑙 indicates a
simpler relationship between the patch-modified function and the
target function, easing the LLM to discern and trigger behavioral
discrepancies.

For each of the selected target functions, we construct a prompt
by incorporating itself, 𝑃𝑜 , 𝑃𝑔 , its contextual code, and its shortest
call traces obtained from 𝑅𝑜 and 𝑅𝑔 , respectively. The two example
call traces demonstrate how a developer test exercises the target
function, and how the target function eventually invokes the patch-
affected functions. In the prompt, we instruct the LLM to first
compare the two patches and reason how the patch-modified func-
tions affect the target function through a chain-of-thought analysis,
and then generate a new test file that (1) specifically tests the target
function and (2) passes under one patch but fails under another
patch. For each target function, we request the LLM to generate 10
responses in one request.

For each generated test file, if it fails to differentiate the patches
and some tests in it fail under both patches, we further prompt the
LLM with this test file and the test results under 𝑃𝑜 , and instruct it
to repair the tests so that they get passed on 𝑅𝑜 . This step aims to
repair the tests with erroneous implementations and the assertions
with expected output different from the output of 𝑅𝑜 . The repairing
process iterates for 2 cycles.

To balance costs and effectiveness, we employ the OpenAI gpt-4o-
mini-2024-07-18 model as the underlying LLM for test generation.
This model is configured with a temperature setting of 1, allowing
the generation of diverse outputs that enhance the likelihood of
identifying meaningful behavioral discrepancies.

3.2.4 Unqualified Test Filtering. PatchDiff aims at generating
tests for target functions to expose meaningful behavioral discrep-
ancies. However, since LLMs do not always follow the instructions,
the generated tests may not only examine the specified target func-
tion. To increase the probability of exposing meaningful behavioral
discrepancies, PatchDiff filters out such tests. Specifically, we
instrument patch-modified functions and execute each generated
differentiating test to collect call traces. For each differentiating test,
if there is a call trace where the function directly invoked by the
test function is not a target function, we filter it out. Because this
test does not only examine target functions. We further filter out
flaky tests. In detail, for each remaining differentiating test, we run
it under 𝑃𝑔 and 𝑃𝑜 for 20 times each. If it passes under one patch
for all 20 times and fails under the other patch for at least one time,
we regard it as valid. Otherwise, we filter out it. All the remaining
differentiating tests are regarded as the output of PatchDiff.

4 Empirical Study

4.1 RQ1: Impact of Executing All Developer

Tests

As described in Section 2, the validation process of SWE-bench
(Verified) assesses patch correctness only based on modified test
files, which can lead to plausible but incorrect patches. However,
the severity of this flaw remains unclear. In this RQ, we aim to
systematically evaluate the impact of this flaw on the reported
performance of issue-solving tools.
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Approach: To answer RQ1, for each generated plausible patch,
we first apply the test patch to the repository and collect all avail-
able test files from the repository. Next, we run these test files
sequentially after applying the generated patch or the oracle patch
separately. We then compare the test results of the two patches and
record any generated patch that shows inconsistent behavior with
the corresponding oracle patch, i.e., at least one test passes with the
oracle patch but fails with the generated patch. We further execute
the tests that trigger inconsistent behaviors 20 times with the ora-
cle patch to filter out flaky tests. We observe that some developer
tests focus on coding conventions rather than functionality, e.g.,
detecting trailing whitespace or ensuring files end with no more
than one newline. To prioritize functional correctness, we exclude
the generated patches that only show inconsistencies related to
coding conventions. The remaining generated patches introduce
regression errors and are therefore incorrect.

Table 1: Incorrect patches detected by running all developer

tests

Tool %Resolved #Incorrect Updated %Resolved

CodeStory 62.2% (311/500) 26 (8.4%) 57.0% (↓5.2%)
LearnByInteract 60.2% (301/500) 23 (7.6%) 55.6% (↓4.6%)
OpenHands 53.0% (265/500) 19 (7.2%) 49.2% (↓3.8%)

Results: Executing all available developer tests exposes notable
overestimation in the reported performance of issue-solving tools.
Among the plausible patches generated by the three tools, 7.2%
to 8.4% of them are functionally incorrect when subjected to all
developer tests. This translates to an absolute drop of 3.8% to 5.2%
in reported resolution rates, highlighting the systematic overesti-
mation inherent in the current validation process. These findings
confirm the existence of plausible but incorrect patches on SWE-
bench Verified and underscore the necessity of leveraging all avail-
able developer tests to enable a more robust and comprehensive
assessment of patch correctness.

An example is the plausible patch produced by CodeStory to
resolve django-13279. This issue is to use legacy encode function
to decode session data when DEFAULT_HASHING_ALGORITHM is set
to sha1. Although the generated patch passes the tests in the PR-
modified test files, it fails on another developer test where the
_legacy_decode function is tested, suggesting that the implemen-
tation of legacy encode in the generated patch is not compatible
with the original _legacy_decode function.
Answers to RQ1: Executing all developer tests reveals that on
average 7.8% of plausible patches are incorrect, which leads to an
absolute performance drop of 4.5% on average. This emphasizes
the necessity of leveraging all developer tests for more robust
patch validation.

4.2 RQ2: Revealing Behavioral Discrepancies

Between Plausible and Oracle Patches

4.2.1 Differential Patch Testing with PatchDiff. The findings in
RQ1 indicate that the test suites used in SWE-bench’s validation
process is weak. Although the flaw mentioned in RQ1 is easy to
fix, it remains unclear whether using all developer tests is good

enough to avoid plausible but incorrect patches. To investigate this
question, our insight is that if a plausible patch is incorrect, it must
behave differently from its oracle patch in some scenarios. Thus
exposing and analyzing behavioral discrepancies between plausible
patches and their corresponding oracle patches can facilitate the
identification and understanding of plausible but incorrect patches.
Approach:We employ PatchDiff to generate tests to reveal be-
havioral discrepancies between each generated plausible patch and
its corresponding oracle patch. As discussed in Section 3.2.1, we
focus on the tests covering target functions. We refer to the tests
generated by PatchDiff as differentiating tests, and the plausible
patches with differentiating tests as suspicious patches.

Table 2: The number and the impact of the suspicious patches

generated by CodeStory, LearnByInteract, and OpenHands.

Tool %Resolved

#Patches %Resolved

Susp. Uniq. w/o Susp.

CodeStory 62.2% (311) 91 (29.3%) 74/91 44.0% (↓18.2%)
LearnByInteract 60.2% (301) 97 (32.2%) 81/97 40.8% (↓19.4%)
OpenHands 53.0% (265) 72 (27.2%) 60/72 38.6% (↓14.4%)

Susp. refers to suspicious. Uniq. patches refer to the suspicious patches not identified
by running all developer tests.

Results: Table 2 presents the number of suspicious patches gen-
erated by each evaluated tool. Based on the tests generated by
PatchDiff, on average 29.6% of the plausible patches are identi-
fied as suspicious patches, indicating that a substantial portion of
plausible patches exhibit behavioral discrepancies from their oracle
patches. If we filter out suspicious patches, the resolution rates of
the three tools drop by 17.3%, on average. Notably, although the
resolution rate of LearnByInteract (60.2%) is higher than that of
OpenHands (53.0%), it also generates more suspicious patches than
OpenHands (97 vs. 72), significantly reducing their difference in res-
olution rates (from 7.2% to 2.2%). This further raises concerns about
the robustness of SWE-bench. Moreover, among the suspicious
patches generated by each tool, on average 82.7% of them cannot
be identified by running all developer tests, indicating that the gen-
erated differentiating tests complement developer tests regarding
identifying suspicious patches.

Table 3: API costs of PatchDiff under different repair itera-

tion bounds

Max Repair Iter #Susp. Patches Cost/Patch($) Total Cost ($)

2 260/877 (29.6%) 0.105 91.716
1 250/877 (28.5%) 0.075 66.186
0 228/877 (26.0%) 0.039 33.962

Table 3 details the API costs of PatchDiff. To get more insightful
results in the empirical study, PatchDiff repairs the failed tests
for up to 2 times, leading to a cost of 0.105$ per patch. A lower
repair iteration bound can reduce the cost to a minimum of 0.039$
per patch, while only introducing an acceptable decrease (3.6%) of
suspicious patches. These results indicate that PatchDiff is both
effective and cost-efficient for large-scale use.
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Table 4: Detected suspicious patches using different underly-

ing LLMs (sampled 100 patches for each tool)

Model CodeStory LearnByInteract OpenHands Overall

GPT-4o-mini 26 (26.0%) 32 (32.0%) 26 (26.0%) 84 (28.0%)
DeepSeek-V3 34 (34.0%) 43 (43.0%) 40 (40.0%) 117 (39.0%)
Qwen3-A22B 45 (45.0%) 49 (49.0%) 49 (49.0%) 143 (47.7%)

4.2.2 Evaluating PatchDiff with Alternative LLMs. To further demon-
strate that PatchDiff is not tied to a specific underlying LLM,
we also evaluate its performance with two open-source models,
deepseek-v3 and qwen3-235b-a22b-instruct-2507. For this pur-
pose, we randomly sample 100 plausible patches from each of the
three evaluated tools and apply PatchDiff using these models.
Results:Table 4 presents the results. When powered by more capa-
ble LLMs, PatchDiff achieves substantially higher detection rates
of suspicious patches, showing that its effectiveness generalizes
across different underlying models. This confirms that PatchDiff
is not coupled with GPT-4o-mini and can work with open-source
models. Nevertheless, for the main study, we adopt GPT-4o-mini
as the underlying model because it offers both low cost and high
usability.
4.2.3 Comparison with Existing Test Generators. The tests gener-
ated by existing test generators may also reveal behavioral differ-
ences between patches. However, these generators aim to generate
regression tests to cover as much of the code under test as possible,
while our approach targets patch-modified code and focuses on
revealing behavioral discrepancies between patches. We compare
PatchDiff with existing test generators to evaluate its effective-
ness.
Approach:We use two representative test generators for Python
(i.e., Pynguin [39] and CoverUp [45]), along with an issue reproduc-
tion tool LIBRO [31]. Pynguin is the state-of-the-art search-based
test generation tool for Python. CoverUp is a representative LLM-
based test generation tool with its implementation publicly avail-
able and easy to use. Please note that both Pynguin and CoverUp
support only Python 3.10 or higher, a requirement met by only
14.8% of the 500 tasks in SWE-bench Verified. Consequently, our
evaluation is confined to the plausible patches generated by the
three tools that are under a compatible Python version, yielding
133 plausible patches. For both test generators, we designate the
patch-modified files as the target modules, and tests are generated
on the repository with the oracle patch applied. Since CoverUp
supports only PyTest and fails on the instances employing other
test frameworks (e.g., Django’s customized framework), we do not
provide original tests to CoverUp to ensure it can handle the 133
instances. Since LIBRO was originally implemented in Java, we
re-implemented it in Python. We omit its selection phase, as it only
ranks tests for developers and does not potentially increase dif-
ferentiating tests; instead, we execute all generated tests to check
for behavioral discrepancies between each plausible patch and its
oracle. We use the best-performing configuration from the original
paper (two examples,𝑛 = 50) [31]. For both CoverUp and LIBRO, we
follow PatchDiff ’s setting and adopt gpt-4o-mini-2024-07-18
as the underlying LLM for fair comparison.
Results: Table 5 presents the evaluation results for Pynguin and
CoverUp. Pynguin produces at least one test file for only 3 plausible

Table 5: Comparing PatchDiff with test generation tools.

Gen. Tests and Diff. Tests refer to generated tests and differ-

entiating tests, respectively.

Tool #Patches /w Gen. Tests #Patches /w Diff. Tests

PatchDiff 117 / 133 56 / 133
Pynguin 3 / 133 0 / 133
CoverUp 40 / 133 0 / 133

patches because it frequently encounters exceptions during genera-
tion. For example, for 93 patches, Pynguin raises an AttributeError
which states that in the file pynguin/testcase/execution.py, at-
tribute IN cannot be found in enum Compare, which may be a bug
in Pynguin. CoverUp produces at least one test file only for 40
patches due to the difficulties it has in constructing appropriate
execution environments (such as the database setup required by
Django). None of the tests generated by Pynguin or CoverUp reveal
behavioral discrepancies between the plausible and oracle patches,
i.e., none of these tests are differentiating tests. In contrast, PatchD-
iff produces at least one test file for 117 patches and successfully
generates differentiating tests for 56 of them. Note that among the
133 plausible patches, PatchDiff only attempts to generate tests
for 117 of them. 15 of them are identical to their corresponding
oracle patches and are omitted by PatchDiff, and 1 patch con-
tains syntax errors and cannot be correctly parsed by the unidiff
library [10]. Table 6 summarizes the evaluation results for LIBRO.
Even under its best-performing configuration, LIBRO is able to gen-
erate differentiating tests for only 5.9% of the plausible patches, in
contrast to 29.6% achieved by PatchDiff. This limited performance
can be attributed to LIBRO’s reliance solely on issue descriptions
for test generation, without considering the actual patch content.
By contrast, PatchDiff explicitly targets the patch-relevant code
and aims to generate tests that expose subtle behavioral differences
between patches. These results underscore the effectiveness and
necessity of PatchDiff in generating differentiating tests.

Table 6: Suspicious patches detected by PatchDiff and LI-

BRO

Tool CodeStory LearnByInteract OpenHands Overall

PatchDiff 91 (29.3%) 97 (32.2%) 72 (27.2%) 260 (29.6%)
LIBRO 18 (5.8%) 20 (6.6%) 14 (5.3%) 52 (5.9%)

Answers to RQ2: PatchDiff generates differentiating tests
for 29.6% of the plausible patches. This suggests that a signif-
icant proportion of plausible patches behave differently from
the oracle patches. In contrast, test generation baselines can
only generate differentiating tests for up to 5.9% of the plausible
pathces.

4.3 RQ3: Patterns of Patch Differences Leading

to Behavioral Discrepancies

Behavioral discrepancies revealed by generated differentiating tests
provide evidence for assessing the correctness of plausible patches.
This RQ aims to investigate the patterns of the differences between
patches that lead to behavioral discrepancies. The answer to this RQ
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can help us better understand the cause of the observed behavioral
discrepancies and provide insights into developing more robust
issue-solving tools.
Approach: We sample 77 (30%) of the suspicious patches detected
in RQ2 for investigation and manually derive a taxonomy of patch
difference patterns leading to behavioral discrepancies.

To analyze such patch difference patterns, we need to identify the
commonalities and differences between each suspicious patch and
its oracle patch. However, this comparison is non-trivial, because
the two patches tend to have divergent syntactical implementa-
tions. To address this, we introduce the concept of atomic semantic
changes (called, sem-changes for brevity). Sem-changes refer to a
set of code line edits in a patch that alter program execution be-
haviors by adding or modifying a specific behavior (e.g., handling
errors under certain conditions, processing specific input types or
special cases, or implementing the algorithm to compute a value),
as opposed to purely structural or syntactical changes. These sem-
changes directly impact whether and how the patch addresses the
requirements of the targeted issue. Sem-changes that add or modify
the same behavior (maybe in different ways and may not be seman-
tically equivalent) are manually aligned between the suspicious
patch and the oracle patch, providing a foundation for identifying
the key patch differences that lead to the observed behavioral dis-
crepancies. Figure 2 illustrates an example of aligned sem-changes.
In this case, the two diff hunks in the generated and oracle patches
form two sem-changes that modify the same behavior, i.e., when the
variable arg is of type tuple, an extra comma is added before the
closing parenthesis at the end of the returned string. Thus they are
aligned although these edits are syntactically different and occur at
different positions.

The first author (A1) performs the labeling process. For any case
with uncertain categories, A1 discusses with another author (A2)
and reaches a consensus as the final result. Specifically, for each
suspicious patch, we first read it and its corresponding oracle patch,
making our best effort to understand how this two patches try to
solve the issue based on their context in the repository. Then, we
extract sem-changes in the two patches that add or modify the same
program behavior and align them. It is possible that a sem-change
in one patch does not align with any sem-change in another, i.e.,
it is unaligned. If there is no alignment established between the
patches, the patch difference pattern is classified as ❶ No Align-
ment. Otherwise, we further review the differentiating tests of this
suspicious patch and the different testing outputs under the two
patches, and then determines which sem-change directly leads to
the observed behavioral discrepancies. We refer to such change
as root change. Based on the root change, the patch difference is
classified into one of the three categories: ❷ Supplementary Sem-
Change, ❸ Absent Sem-Change, and ❹ Divergent Implementations
of Sem-Change. We further manually analyze the patches under the
category of Supplementary Sem-changes, and classify them into
subcategories based on the program behavior that the root change
is adding or modifying. Theoretically, there can be cases where the
observed behavioral discrepancies are attributed to hybrid patch
difference patterns. However, we do not observe such cases in the
sampled suspicious patches, possibly because the generated plausi-
ble patches typically correspond to issues that are not very complex.
Therefore, we exclude hybrid patterns from our discussion.

Table 7: Taxonomy for patterns of patch differences that lead

to behavioral discrepancies. Sem-change refers to atomic

semantic change.

Category #Cases

Total 77

Absent Sem-Change 4 (5.2%)

Supplementary Sem-Change 21 (27.3%)

– Explicitly Handling More Possible Situations 13 (16.9%)
– Supplementary Change of Application Logics 8 (10.4%)

Divergent Implementations of Sem-Change 36 (46.8%)

No Alignment 16 (20.8%)

Results: Table 7 presents our derived taxonomy of patch difference
patterns. We elaborate on each pattern as follows:

❶ No Alignment (20.8%). This pattern refers to the cases where
there is no alignment of automatic semantic changes between the
suspicious and oracle patches. Figure 3a illustrates an example. In
this example, the suspicious patch changes the base class of IsNull
and adds a new class member, while the oracle patch modifies the
condition under which an error should be appended to the errors
list. The two changes are not aligned.

❷ Supplementary Sem-Change (27.3%): This pattern refers to
the cases where an unaligned Sem-change in the suspicious patch
directly leads to the observed behavioral discrepancies. In other
words, the suspicious patch alters the program behavior in a way
that the oracle patch does not. Figure 3b illustrates an example,
where the change of handling input 0 in _check_vector does not
align with any change in the oracle patch. This category is further
divided into two subcategories: Explicitly Handling More Possible
Situations (16.9%), where a behavior added only in the generated
patch leads to the observed behavioral discrepancies (e.g., explicitly
handling inputs of special cases, extra safety checks); and Supple-
mentary Change of Application Logics (10.4%), where a behavior
modified only in the generated patch leads to the observed behav-
ioral discrepancies (e.g., modifying the algorithm to calculate a
value, which stays unchanged under the oracle patch).

❸ Absent Sem-Change (5.2%). This is the opposite of the second
category, where an unaligned sem-change in the oracle patch di-
rectly leads to the observed behavioral discrepancies. Figure 3c
presents an example. In this example, the sem-changes of pre-
venting deprecation warning when values is empty in function
convert are aligned, while an unaligned change in oracle patch
which modifies another function update is not found in the suspi-
cious patch.

❹ Divergent Implementations of Sem-Change (46.8%). In this case,
different implementations of aligned sem-changes directly lead to
the observed behavioral discrepancies. Figure 2 illustrates an exam-
ple. In this case, the left sem-change only adds the comma when
the arg is not empty, while the right one always adds the comma.
Note that the upper part of the oracle patch is for refactoring, and
thus is not a sem-change.

We can see from Table 7 that behavioral differences between
suspicious and oracle patches are often due toDivergent Implementa-
tions of Sem-Change (46.8%) and due to Supplementary Sem-Change
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sympy/utilities/lambdify.py

Suspicious Patch (Generated by LearnByInteract)

@@ -961,7 +961,12 @@ def _recursive_to_string(doprint, arg):

    else:

      raise NotImplementedError("unhandled type: %s, %s" % (type(arg), arg))

-    return left +', '.join(_recursive_to_string(doprint, e) for e in arg) + right

+    elements = [_recursive_to_string(doprint, e) for e in arg]

+    joined = ', '.join(elements)

+    if isinstance(arg, tuple) and len(arg) == 1:

+      joined += ','

+    return left + joined + right

  elif isinstance(arg, str):

    return arg

sympy/utilities/lambdify.py

Oracle Patch

@@ -956,9 +956,9 @@ def _recursive_to_string(doprint, arg):

  elif iterable(arg):

    if isinstance(arg, list):

-      left, right = "[]"

+      left, right = "[", "]"

    elif isinstance(arg, tuple):

-      left, right = "()"

+      left, right = "(", ",)"

    else:

      raise NotImplementedError("unhandled type: %s, %s" % (type(arg), arg))

    return left +', '.join(_recursive_to_string(doprint, e) for e in arg) + right

Aligned

Figure 2: Example of aligned sem-changes (sympy-23262)

@@ -485,17 +485,13 @@

django/db/models/lookups.py

Suspicious Patch (Generated by LearnByInteract)

@Field.register_lookup

-class IsNull(BuiltinLookup):

+class IsNull(Transform):

  lookup_name = 'isnull'

+  output_field = BooleanField()

  prepare_rhs = False

django/db/models/base.py

Oracle Patch

@@ -1747,7 +1747,9 @@ def _check_ordering(cls):

            _cls = None

        except (FieldDoesNotExist, AttributeError):

-          if fld is None or fld.get_transform(part) is None:

+          if fld is None or (

+            fld.get_transform(part) is None and fld.get_lookup(part) is None

+          ):

            errors.append(

              checks.Error(

UnalignedUnaligned

Unaligned

(a) No alignment (django-12858)

+  if other == 0:

+    return Vector(0)

sympy/physics/vector/vector.py

Oracle Patch

@@ -57,6 +57,8 @@

  def __add__(self, other):

    """The add operator for Vector. """

+    if other == 0:

+      return self

    other = _check_vector(other)

    return Vector(self.args + other.args)

Unaligned

sympy/physics/vector/vector.py

Suspicious Patch (Generated by OpenHands)

@@ -57,6 +57,8 @@

  def __add__(self, other):

    """The add operator for Vector. """

+    if other == 0:

+      return self

    other = _check_vector(other)

    return Vector(self.args + other.args)

…

@@ -721,6 +726,8 @@

def _check_vector(other):

  if not isinstance(other, Vector):

    raise TypeError('A Vector must be supplied')

Aligned

(b) Supplementary sem-change (sympy-14711)

l ib/matplotlib/category.py

Oracle Patch

@@ -58,7 +58,7 @@ def convert(value, unit, axis):

               for v in values)

-    if is_numlike:

+    if values.size and is_numlike:

      _api.warn_deprecated(

        "3.5", message="Support for passing numbers through unit "

@@ -230,7 +230,7 @@ def update(self, data):

        self._mapping[val] = next(self._counter)

-    if convertible:

Unaligned

+    if data.size and convertible:

      _log.info('Using categorical units to plot a list of strings '

l ib/matplotlib/category.py

Suspicious Patch (Generated by LearnByInteract)

@@ -53,17 +53,21 @@ def convert(value, unit, axis):

    values = np.atleast_1d(np.array(value, dtype=object))

+    if values.size == 0:

+      return np.array([], dtype=float)

    with _api.suppress_matplotlib_deprecation_warning():

      is_numlike = all(units.ConversionInterface.is_numlike(v)

              and not isinstance(v, (str, bytes))

              for v in values)

    if is_numlike:

      _api.warn_deprecated(

Aligned

(c) Absent sem-change (matplotlib-22719)

Figure 3: Three examples of patch difference patterns

(27.3%). Interestingly, there are much more suspicious patches in
Supplementary Sem-Change than in Absent Sem-Change (27.3% v.s.
5.2%). This suggests that suspicious patches tend to introduce addi-
tional changes rather than omitting necessary changes. In addition,
16.9% of the suspicious patches in Supplementary Sem-Change add
extra behaviors to explicitly handle more possible situations. Al-
though these additional behaviors could make the suspicious patch
more robust, they could also be unnecessary, violate user require-
ments, or even introduce new defects.

Answers to RQ3: Behavioral differences between suspicious
and oracle patches are often due to similar, but divergent imple-
mentations (46.8%) and due to suspicious patches contain more
semantic changes than the oracle patches. There are much more
cases where the suspicious patches introduce supplementary se-
mantic changes than those with absent semantic changes (27.3%
vs. 5.2%).
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Table 8: Results of manually validating patch correctness

Category #Cases

Total 77

Incorrect Patches Detected in RQ1 11 (14.3%)

Incorrect Patches 22 (28.6%)

– Regressive Patches 11 (14.3%)
– Partial Fixes 6 (7.8%)
– Patches with Irrelevant Behavioral Changes 3 (3.9%)
– Patches with Erroneous Modifications 2 (2.6%)

Correct Patches 4 (5.2%)

– Irrelevant Changes in Oracle Patch 2 (2.6%)
– Invalid Differentiating Tests 2 (2.6%)

Patches with Uncertain Correctness 51 (66.2%)

4.4 RQ4: The Correctness of Suspicious Patches

Suspicious patches are not necessarily incorrect patches. For exam-
ple, the program behavior with illegitimate values as inputs can be
undefined. If a differentiating test triggers different behaviors with
such illegitimate inputs, the corresponding suspicious patch can
also be correct. In this RQ, we aim to analyze the correctness of sus-
picious patches and identify the reasons for correct and incorrect
suspicious patches.
Approach: We utilize the suspicious patches sampled in RQ3. For
each sampled suspicious patch, the first author (A1) manually ana-
lyzes the user requirements in the issue statement, the results of
running all developer-written regression tests (identified in RQ1),
and the results of running the generated differentiating tests, and
then compares the implementations of the suspicious and oracle
patches. A patch is considered correct if it satisfies the require-
ments specified in the issue statement without introducing errors.
In cases of ambiguity, A1 discusses with another author (A2) until
a consensus is reached.
Results: After manual inspection, each sampled patch is classified
as incorrect, correct, or with uncertain correctness, as summarized
in Table 8.

Incorrect Patches (22): We identify 28.6% of the suspicious
patches as incorrect, which can further be divided into four sub-
categories. ❶ Regressive Patches (11): These patches successfully
satisfy the requirements mentioned in the issue statements, but
accidentally introduce faults into some functionalities that are un-
related to the target issues. Our motivating example in Subsection
2.2 falls into this category, where the issue is to fix the bug that
the ValueError of "Imaginary coordinates are not permitted" is
raised under with evaluate(False) when there is no imaginary
input. The generated patch satisfies the user requirement that this
ValueError is now not raised under ordinary inputs. However, it
also makes the object creation never raise this ValueError when
evaluate is set to False, even though there is an imaginary in-
put. This violates the original functionality, therefore this patch
falls into Regressive Patches. ❷ Partial Fixes (6): These patches
partially resolve the target issues but fail to satisfy the require-
ments in the issue statements for certain legitimate inputs. For
example, the patch produced by LearnByInteract to resolve scikit-
learn-14496 aims to fix a bug where the OPTICS::fit function

raises TypeError when the min_samples attribute of OPTICS is set
to a float between 0 and 1. However, the patch fails to locate and
fix every piece of relevant buggy code and makes OPTICS::fit
raise ValueError under certain min_samples between 0 and 1, vi-
olating the issue statement. ❸ Patches with Irrelevant Behavioral
Changes (3): These patches successfully satisfy the requirements
mentioned in the issue statements but also introduce some unneces-
sary changes. For example, the patch produced by LearnByInteract
for django-15104 changes a code line to safely remove the key
to from a dictionary when it exists, which successfully fixes the
bug. However, this patch additionally repeats another code line
fields_def.append(deconstruction), which introduces dupli-
cate items in fields_def. Different from Regressive Patches, which
introduces regression in their implementation to resolve the issue,
patches in this category contain changes that do not contribute
to resolving the issue. ❹ Patches with Erroneous Modifications (2):
These patches contain clear implementation errors. For example, the
patch produced by CodeStory to resolve sympy-20801 captures ex-
ceptions of type SympifyError, which is not defined before. These
patches are plausible because the original test suites fail to cover
the buggy branches and do not trigger runtime errors.

By sampling 30% of the suspicious patches for manual validation,
we identify 22 incorrect patches. If we assume that the incorrect
patches are distributed evenly among suspicious patches and con-
sider the incorrect patches that are discovered in RQ1 but are not
suspicious (which results in 23 patches), the estimated incorrect rate
will be 11.0% among plausible patches. This leads to the resolution
rates of the studied tools being inflated by 6.4 points on average,
further confirming the prevalence of performance overestimation
and necessitating tools like PatchDiff for detecting plausible but
incorrect patches. In addition, 11 (50.0%) of the 22 incorrect patches
cannot be identified by running all developer tests, underscoring
PatchDiff’s effectiveness in helping identify incorrect patches.
Among the 22 incorrect patches, 8 (36.4%) patches are attributed to
faulty supplementary semantic changes. This highlights the risk of
supplementary changes in plausible patches and emphasizes the
need for issue-solving tools to rigorously review and refine the
plausible patches.

Correct Patches (4): Only 5.2% patches are certainly correct,
which can be divided into two sub-categories. ❶ Irrelevant Oracle
Changes (2): In these cases, the observed behavioral discrepancy
arises from the changes in oracle patches that do not contribute to
issue resolution. So there is no evidence suggesting the plausible
patch fails to address the issue. ❷ Invalid Differentiating Tests (2):
In these cases, the differentiating tests rely on illegitimate inputs
where the program’s expected behavior is undefined. Such tests
should not lead to incorrect patches.

Patches with Uncertain Correctness (51): For 66.2% of the
sampled suspicious patches, we cannot determine their correct-
ness based on the information that we can find from SWE-bench
and the corresponding repositories. This uncertainty arises due
to the differences in implementation details between the plausi-
ble and oracle patches that are not explicitly specified in the issue
statement. In such cases, neither the issue-solving tools nor our
analysis can reliably infer user requirements regarding these im-
plementation details. The plausible patch generated by CodeStory
to solve matplotlib-25311 falls in this category. The issue aims
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at fixing a bug where pickling figures raises "TypeError: cannot
pickle FigureCanvasQTAgg object". This plausible patch introduces
__getstate__ and __setstate__ functions to ensure that the un-
pickable attribute canvas is set to None during serialization and
remains None upon deserialization, which is a common practice
for handling such issues. The oracle patch, however, transforms
canvas into a property using a lambda expression, so that the value
of canvas is dynamically retrieved when accessed and not stored
during pickling. The key difference is that the plausible patch ex-
plicitly sets canvas to None upon loading, whereas the oracle patch
makes it remain accessible after deserialization. Since there are
no explicit requirements dictating whether canvas should remain
accessible, we cannot determine the correctness of this plausible
patch. While some unspecified details may have negligible or no
impact, others could lead to unintended behaviors or latent issues.
These findings underscore a need to enhance issue-solving tools
with the capabilities to detect ambiguous or under-specified require-
ments and to proactively prompt users for clarification. They also
imply that the community may need a better benchmark, where
issues are well specified and leave less ambiguity.

Answers to RQ4: Among the manually validated 77 suspicious
patches, 22 (28.6%) patches are incorrect. This interprets to an
estimated incorrect rate of 11.0% in plausible patches, inflating
the reported resolution rate by 6.4 points on average. 51 (66.2%)
patches have uncertain correctness due to under-specified re-
quirements.

5 Discussion

5.1 Implications

Carefully selecting developer tests for robust patch validation. As
shown in RQ1, ignoring the test files not modified in the PR leads
to notable performance inflation. Yet, we also find some projects
contain some non-functional tests, e.g., tests related to code con-
ventions. These findings indicate that maintainers of issue-solving
benchmarks should carefully select developer tests for patch val-
idation. One suggestion is to use all developer tests by default
and exclude non-functional tests for benchmarks only focusing on
functional correctness.

Awareness of plausible but incorrect patches. The results on RQ4
show that the patches that pass all developer tests can still be
incorrect. This suggests that both the users and the maintainers
of SWE-bench should check plausible patches generated by issue-
solving tools and filter out incorrect patches for more accurate
evaluation, as is common in automated program repair [32].

Paying more attention to patches introducing supplementary se-
mantic changes. As shown in RQ4, 36.4% of the certainly incorrect
patches are attributed to faulty supplementary semantic changes,
suggesting that additional changes can be an indicator for incor-
rectness. Thus, the users and maintainers of SWE-bench should pay
more attention to patches with supplementary semantic changes
when checking the correctness of patches.

Handling under-specified issue statements. The result of RQ4
shows that a large proportion of suspicious patches have uncertain
correctness due to under-specified requirements in the issue state-
ment. These patches potentially introduce unintended or undesired

behaviors, compromising the robustness of the target project. This
calls for better issue-solving tools that are capable of detecting and
refining under-specified requirements collaboratively with users.

Building a new benchmark with well-specified statements. Al-
though the issue statements in SWE-bench are considered to be of
high quality by human annotators [3], vague issue statements with
under-specified requirements still exist, as shown in RQ4. Such
issue statements can misguide issue-solving tools in generating
incorrect patches, constraining the reliability of the benchmark.
Practitioners should consider building better benchmarks, where
issues are well-specified and leave less ambiguity.

5.2 Towards Sustainable Patch Validation in

SWE-bench

We envision PatchDiff being useful for sustainably strengthening
SWE-bench and other issue-solving benchmarks. For users of SWE-
bench, before submitting the patches produced by their tools to
the SWE-bench leaderboard, it is advisable to assess the plausible
patches by utilizing PatchDiff to generate differentiating tests and
manually examine if the behavioral discrepancies exposed by tests
lead to incorrect patches. This would lead to a more accurate evalu-
ation. While such a practice undoubtedly imposes additional effort
and cost on users, it brings significant long-term benefits. Once
a user identifies plausible but incorrect patches with PatchDiff,
she can submit the differentiating tests that expose incorrectness
to the SWE-bench leaderboard. Incorporating these tests into the
benchmarks’s original test suite enables the identification of similar
incorrect patches in the future, thus strengthening the validation
process. This collaborative contribution facilitates a more rigorous
validation process for subsequent users. Over time, as the test suite
continues to evolve and becomes comprehensive, the additional
burden would also decrease. This fosters a sustainable and robust
patch validation ecosystem for assessing issue-solving tools.

5.3 Threats to Validity

Our study is subject to several potential threats to validity and in-
trinsic limitations: 1) To balance costs and effectiveness, the imple-
mentation of PatchDiff leverages GPT-4o-mini as the underlying
LLM. While this choice limits access to potentially more advanced
models, PatchDiff successfully generates differentiating tests for
29.6% of the plausible patches, establishing a solid basis for later
studies. 2) The analysis conducted in RQ3 and RQ4 involves manual
analysis, potentially introducing human bias. To reduce this risk,
the first author collaborates with another author to resolve ambigu-
ous cases and reach a consensus on uncertain assessments, thereby
enhancing objectivity. 3) For RQ3 and RQ4, we sample 30% (77) of
the suspicious plausible patches for analysis. This sample size may
introduce sampling bias. However, this sample size corresponds to
a confidence interval of 9.39% with a confidence level of 95%. Prior
work [27, 34] shows that it is sufficiently large to draw statistically
meaningful conclusions. 4) RQ3 and RQ4 are restricted to the sus-
picious patches identified by PatchDiff, potentially introducing
bias as this subset may not fully represent the characteristics of all
plausible patches. Despite threats 3) and 4), the observed trends and
patterns still provide meaningful evidence regarding the severity
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of performance overestimation and offer actionable insights into
patch correctness validation.

6 Related Work

Weak test suites. The problem of weak test suites has been well
studied in the area of test-based automatic program repair (APR) [37,
40, 46, 50]. For instance, Martinez et al. [40] manually assessed 84
plausible patches generated on the Defects4J benchmark [30], and
found that only 11 of them are correct. Qi et al. [46] found that
most of the plausible patches are equivalent to a single modification
that deletes the corresponding functionality, which is problematic.
Some prior work proposed actionable strategies to mitigate this
problem in APR [50, 58, 61, 62]. For example, Smith el al. [50] found
that using a test suite that is inaccessible to evaluated tools can help
detect plausible but incorrect patches. Xiong et al. [58] proposed to
incorporate execution behavior similarity under generated test in-
puts to detect incorrect patches that behave significantly differently
from their oracle patches. For test-based APR benchmarks, test
suites are provided to the evaluated tools, so plausible but incorrect
patches are also called overfitting patches. Different from these
studies, our work focuses on the issue-solving task, which aims to
resolve issues based on issue statements rather than test suites. For
issue-solving benchmarks, the evaluated tools cannot access test
suites during evaluation. Thus, prior conclusions may not apply
to SWE-bench. Recently, Aleithan et al. [13] also noticed the weak
test suite problem in SWE-bench. However, first, their study is
conducted on the patches generated by only one issue-solving tool
on SWE-bench full, which is shown to contain many low-quality
instances. In contrast, our study covers three state-of-the-art tools
and focuses on the human-filtered subset SWE-bench Verified. Sec-
ond, they focus on manually classifying plausible patches, while
we dig deeper into the patterns and types of plausible but incorrect
patches with our novel technique PatchDiff.

Automated test generation. Various automated test generation
approaches are proposed to alleviate testing efforts and help find
bugs[1, 26, 39, 44]. Traditional test generation approaches utilize
some predefined rules to generate tests and can be mainly cate-
gorized into search-based [26, 39], randomization-based [44], and
constraints-based [18, 52] approaches. Deep learning-based test gen-
eration approaches train deep learning models to generate natural
and human-understandable test cases [12, 22, 47, 53]. Recently, re-
searchers have proposed LLM-based test generation approaches [20,
45, 49, 55]. For example, CoverUp iteratively instructs LLMs to gen-
erate Python regression tests, improve coverage, and fix errors with
detailed coverage information. Liu et al. [35] proposed to augment
the test suites in the code generation benchmarks HumanEval [19]
and MBPP [14] based on LLMs and type-aware mutation. These
approaches aim to generate regression tests to cover as much of
the code as possible, while PatchDiff targets differentiating two
patches, which requires more targeted test generation. Differential
testing aims at generating tests to expose different behaviors be-
tween two versions of a program [24, 25, 33, 38]. Mokav [24] uses
execution feedback to iteratively guide an LLM in generating tests
to differentiate different solutions of programming competition
tasks. Existing LLM-based differential testing techniques focus on

function-level programs, while PatchDiff can generate differenti-
ating tests for large and complex projects. In addition, PatchDiff
targets differential patch testing, and leverages specially designed
methods to identify appropriate target functions and to construct
useful contextual information for revealing meaningful behavioral
differences, which are important for differential patch testing but
are not considered by prior work.

Software engineering agents. LLM-based agents promise to help
automate various software engineering tasks [48]. Agents for vari-
ous tasks have been presented, such as fault localization [28, 31, 59],
issue solving [56, 60, 63], automated program repair [15, 21], repos-
itory setup [17, 23, 41], and generating issue-reproducing tests [42,
43]. Researchers have started to study the behavior such agents to
better understand their strengths and weaknesses [16]. Our work
complements such efforts and will help improve future software
engineering agents by critically analyzing the patches produced by
the agents.

7 Conclusion

This paper presents an in-depth empirical study of the correctness
of plausible generated patches on SWE-bench. We first find that
the validation process of SWE-bench overlooks non-modified test
files, which leads to significant performance overestimation. Then
we extensively investigate the prevalence of plausible patches that
exhibit behavioral discrepancies from ground truth patches, the
patch difference patterns leading to behavioral discrepancies, and
the correctness of plausible patches that exhibit behavioral discrep-
ancies. The core of our methodology is the novel PatchDiff tech-
nique for differential patch testing, which automatically exposes
behavioral discrepancies between two patches. The results call for
carefully selecting developer tests for patch validation, checking
and filtering out plausible but incorrect patches for more accurate
evaluation, and paying more attention to supplementary semantic
changes in plausible patches. Our work will contribute toward bet-
ter issue-solving tools and benchmarks that address the problem of
under-specified specifications. PatchDiff can provide concrete ev-
idence for invalid functionality in patches through generated tests,
enabling more focused and objective patch assessment. The test
generated by PatchDiff can be continuously used to strengthen
issue-solving benchmarks with the help of benchmark users. We
envision PatchDiff to be useful for building a sustainable and
robust patch validation ecosystem for assessing issue-solving tools.

8 Data Availability

Our code and data are available: https://github.com/ZJU-CTAG/
PatchDiff
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