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SWE-Bench+: Enhanced LLM Coding Benchmark
Anonymous Author(s)

Abstract
SWE-Bench has become one of the most widely used benchmarks
for evaluating whether large language models (LLMs) can resolve
real-world GitHub issues. However, despite its broad adoption, a
systematic evaluation of the quality of the benchmark remains
lacking. In this paper, we present SWE-Bench+, an enhanced bench-
mark framework that improves evaluation reliability by addressing
two benchmark-quality risks in SWE-Bench: solution leakage in
issue descriptions and weak tests that allow plausible but incor-
rect patches to pass. To construct SWE-Bench+, we first analyze
217 commonly resolved issues across three top-performing agents
in the SWE-Bench leaderboard during our study: SWE-agent 1.0,
OpenHands+CodeAct v2.1, and AutoCodeRover-v2.0), yielding
651 model-generated patches, and identify five quality-problem pat-
terns under the two broader risks of solution leakage and weak tests.
Based on this analysis, we develop two components: SoluLeakDetector,
which identifies solution-leaking content for issue sanitization,
and TestEnhancer, which strengthens test suites for more reliable
patch validation. Our results show that 60.83% of the commonly
resolved issues exhibit solution leakage, and 77.88% are problematic
overall. After removing leaked information from issue descriptions,
model resolution rates drop substantially, showing that leakage ma-
terially inflates reported performance. SoluLeakDetector achieves
80.45% accuracy on solution-leak detection, and TestEnhancer
identifies plausible patches for 97.11% of weak-test issues while
reducing average resolution rates by 27.00 percentage points on Lite
and 36.27 percentage points on Verified. These findings show that
existing SWE-Bench evaluations can substantially overestimate
true issue-resolution performance and that SWE-Bench+ provides
a more rigorous benchmark framework for LLM-based software
engineering agents.

Keywords
Benchmarking, Large Language Models, Issue Resolution
ACM Reference Format:
Anonymous Author(s). 2026. SWE-Bench+: Enhanced LLM Coding Bench-
mark. In Proceedings of 3rd ACM International Conference on AI-powered
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1 Introduction
The SWE-Bench dataset was created to systematically evaluate the
capabilities of large language models (LLMs) in resolving software
issues [14]. Given an issue description, the task for the LLM is to
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modify the corresponding codebase to produce a correct resolution.
Each task instance is derived from a GitHub pull request associated
with an issue and includes the issue text, the repository snapshot,
evaluation test cases, and the developer-written gold patch. The
original SWE-Bench contains 2,294 issues from 12 popular Python
repositories. To support different evaluation goals, later variants
such as SWE-Bench Lite1 and SWE-Bench Verified2 have been intro-
duced as smaller and curated subsets intended to provide faster and
more reliable assessment. Since its release in 2023, SWE-Bench has
become the central benchmark and been widely used for evaluat-
ing LLM-based SE agents [2, 4, 12, 16, 24, 29, 32, 35, 37, 39, 40, 42].
However, despite its broad adoption, the validity of the SWE-Bench
dataset remains underexplored.

In this paper, we introduce SWE-Bench+, an enhanced benchmark
framework built on top of SWE-Bench Lite and SWE-Bench Veri-
fied for more rigorous evaluation of LLM-based software engineer-
ing agents. SWE-Bench+ preserves the original real-world GitHub
issue-resolution setting of SWE-Bench, while refining benchmark
instances and their validation procedure to address two benchmark-
quality risks: solution leakage in issue descriptions and weak tests.
To construct SWE-Bench+, we analyze a subset of issues from
the SWE-Bench Lite & Verified that are commonly resolved by
three top-performing agents from the SWE-Bench leaderboard dur-
ing our study: SWE-agent 1.0, OpenHands+CodeAct v2.1, and
AutoCodeRover-v2.0. Specifically, we retain the instances for
which all three agents were marked as successful in their evalu-
ation logs, yielding 217 issues and 651 model-generated patches
(217 × 3). Using issue descriptions, gold patches, model-generated
patches, and model logs and trajectories, we identify five recurring
quality-problem patterns, which fall into two broader benchmark-
quality risks: solution leakage and weak tests.

To address these issues, we introduce SWE-Bench+ through two
refinement stages. First, we develop SoluLeakDetector, an LLM-
based tool that identifies direct and hint-based solution-leaking
content in issue descriptions to support leakage sanitization, and
TestEnhancer, an LLM-based test-generation approach to strengthen
validation against weak-test problems. We then evaluate both the
benchmark-quality risks and the effectiveness of these two tools.
Our results show that 60.83% of the commonly resolved issues
exhibit solution leakage, and 77.88% are problematic overall. Af-
ter removing leaked information from issue descriptions, model
resolution rates drop substantially across the 132 leakage cases.
SoluLeakDetector achieves 80.45% accuracy in identifying solution-
leak issues, and TestEnhancer identifies plausible patches for 97.11%
of issues with weak tests and reduces resolution rates by 27.00 per-
centage points on SWE-Bench Lite and 36.27 percentage points on
SWE-Bench Verified across the three top-performing agents.

Overall, this paper makes the following contributions:
1https://www.swebench.com/lite.html
2https://openai.com/index/introducing-swe-bench-verified/
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• We introduce SWE-Bench+, an enhanced benchmark for
improving reliability by sanitizing solution-leaking in issue
descriptions and strengthening test suites.

• Wedesign and evaluate SoluLeakDetector and TestEnhancer,
two LLM-based tools that effectively detect solution leaks
and identify plausible patches caused by weak tests, en-
abling more trustworthy evaluation of LLMs.

• We provide a systematic analysis of benchmark-quality
risks in SWE-Bench to motivate and validate the design of
SWE-Bench+.

Replication Package and the Dataset: https://doi.org/10.5281/
zenodo.18005835

2 SWE-Bench+ Overview
SWE-Bench+ is an enhanced benchmark built on top of SWE-Bench
Lite and SWE-Bench Verified for more rigorous evaluation of LLM-
based software engineering agents. It is motivated by benchmark-
quality risks we identified in SWE-Bench, particularly solution
leakage in issue descriptions and weak tests; the empirical details
are presented in Section 3. It preserves the original real-world
GitHub issue-resolution setting of SWE-Bench while refining both
the benchmark instances and associated test cases. The construc-
tion of SWE-Bench+ has two main stages. SoluLeakDetector de-
tects direct and hint-based solution leakage in issue descriptions.
TestEnhancer then generates and validates stronger tests for patch
evaluation, producing stronger test suites.

Each instance from SWE-Bench+ remains centered on the same
essential software engineering task: given a natural-language issue
report and the associated buggy repository state, an LLM-based
system must produce a patch that resolves the issue and satisfies
the benchmark’s validation procedure. The key enhancement over
SWE-Bench is that SWE-Bench+ removes solution-leaking descrip-
tions from problem statements and uses stronger tests to improve
evaluation quality.

2.1 Building SWE-Bench+
Fig. 1 shows the construction pipeline of SWE-Bench+. We begin
with the source benchmark pool formed by SWE-Bench Lite & Ver-
ified. Since our goal is to study benchmark risks that can affect
reported agent success, we first collect the subset of issues that
were commonly resolved by the three top-performing agents from
the SWE-Bench leaderboard during the time of our empirical study:
SWE-agent 1.0, OpenHands+CodeAct v2.1, andAutoCodeRover-
v2.0. Using the agents’ evaluation logs, we retain the instances for
which all three agents were marked as successful, yielding 217 in-
stances in total. To determine which benchmark refinements were
necessary for these source instances, we analyze each issue using its
issue text, developer gold patch, model-generated patches, and the
corresponding model logs and trajectories. Fig. 2 shows our analysis
workflow.We compare the gold and model-generated patches by an-
alyzing the corresponding changed files, while logs and trajectories
provide additional evidence about the models’ patch-generation
process. To reduce bias in the comparison analysis, three authors
independently review patch validity and resolve disagreements
through discussion. This analysis revealed two benchmark-quality

risks in the source set: solution leakage in issue descriptions and
weak tests that fail to reject plausible but incorrect patches. SWE-
Bench+ addresses these two risks by applying two refinement stages
shown in Fig. 1. First, SoluLeakDetector identifies issue descrip-
tions that contain direct solutions or strong solution hints. For the
identified leakage cases, we automatically remove the leaked infor-
mation from the issue descriptions and then manually verify the
sanitized descriptions to preserve the original issue context while
reducing solution leakage. Second, TestEnhancer strengthens the
original test suites to better distinguish correct fixes from plausi-
ble but incomplete or incorrect patches. The prompt templates for
these two tools are shown in Figure 3. These two stages produce a
benchmark that better reflects true issue-resolution ability.

2.2 SoluLeakDetector: LLM-based Solution Leak
Detection

We develop SoluLeakDetector, an LLM-based technique that sys-
tematically identifies instances that contain either direct solution
leaks or solution-hint leaks. SoluLeakDetector leverages GPT-5-
mini to categorize instances into three distinct groups: (1) instances
containing direct solution leaks, (2) instances with hint-based solu-
tion leaks, and (3) instances free from any form of solution leakage.
The classification is performed using a three-shot prompting tech-
nique, where three clear examples of each category are provided to
guide GPT-5-mini in categorizing SWE-Bench instances accordingly.
The model is prompted with issue descriptions extracted from the
root of the instance’s pull request. Additionally, SoluLeakDetector
identifies and extracts potential hints or direct solutions from the
issue description, generating an explanation that details why the
extracted fragment is classified as either a hint or a direct solution.

2.3 TestEnhancer: LLM-based Tests
Enhancement

To strengthen validation, we develop TestEnhancer, an automated
test generation and validation process designed to enhance the
original SWE-Bench test patches by improving the coverage. As
shown in Fig. 1, we begin by selecting specific attributes from
the SWE-Bench dataset. Specifically, we extract the following at-
tributes: instance_id, gold_patches, test_patches, and base_commits.
The base_commits represent the commit IDs leading to the buggy
version of each instance before the corresponding pull request (PR).
To retrieve the buggy code patches, we trace these base_commits
and extract the affected source code files from the repository. Next,
we identify the specific files modified in the gold patch and apply
regex-based pattern matching to extract the functions or methods
that were changed.

After applying the gold patch and running the original tests,
TestEnhancer analyzes coverage gaps inmodified files and prompts
GPT-5-mini to generate enhanced tests that follow repository con-
ventions, exercise uncovered behavior, and include regression tests
that fail on the buggy version but pass on the gold patch. Iteratively,
it generates candidate tests, deduplicates overlaps, and runs them
in isolated Docker containers to retain only those that meet the
fail-to-pass criterion. Across rounds, it accumulates a curated set
of tests that maximize behavioral coverage.
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Figure 1: SWE-Bench+ Build Pipeline.

Figure 3: Prompt templates, i.e., the left side is SolutionLeak Detection Prompt,
and the right side is TestEnhancer Prompt

Table 1: Issue quality problems found among the 217 common fixed issues by
the three agents

Quality problems Numbers (percentage) Root cause
Solution leak 70 (32.26%) solution leakage
Solution hint leak 62 (28.57%) solution leakage

Incorrect fixes 43 (19.82%) weak tests
Different files/functions
changed

22 (10.14%) weak tests

Incomplete fixes 39 (17.97%) weak tests

3 Why SWE-Bench+ Is Needed
Building on the benchmark construction described in Section 2,
we now present the empirical findings that motivate SWE-Bench+.
We first analyze the benchmark-quality problems in SWE-Bench,
then quantify the impact of solution leakage and weak tests, and
assess the effectiveness of SoluLeakDetector and TestEnhancer
in addressing them.

3.1 Quality Deficiencies in SWE-Bench
We analyzed 217 commonly resolved issues across the three agents,
yielding 651 (217∗3) patches. An issue is considered problematic if it
meets either of two mutually exclusive conditions: (a) Solution-leak
(direct or hint), or (b) Weak-test-only, where at least one patch is in-
correct, incomplete, or touches different files/functions among the
remaining issues. Under this definition, 132/217 issues (60.83%) ex-
hibit solution leakage, 32/217 issues are weak-test-only, and 77.88%
of the commonly resolved issues are problematic overall. Figure 4
presents the distribution of issues in SWE-Bench Lite (300 instances)
and SWE-Bench Verified (500 instances). On Lite, 15.67% of all its
issues exhibit solution leakage problems, while on Verified, the
proportion is 22.6%, including both direct leaks and hint-based

Figure 2: Overview of our analysis for SWE-Bench datasets

guidance. Additionally, 13.33% of all issues in Lite and 15.2% in Ver-
ified are identified as problematic due to weak test cases. To better
understand these benchmark-quality problems, we categorize them
into five patterns: two solution-leak-related and three weak-test-
related, which are summarized in Table 1, with definitions, counts,
and root causes discussed below.
1. Solution leak: refers to instances where the issue description
substantially reveals the fix. In such cases, the problem statements
may expose direct solutions about the intended changes, allowing
the agents to reproduce solution content that is already present in

3
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description of the issue:

1 The SQLCompiler is incorrectly
removing "order by"
clauses because it
determines the clause was
already "seen" in
SQLCompiler.get\_order\_by
(). The issue occurs with
expressions written as
multiline RawSQL.The bug
is located in SQLCompiler.
get_order_by (),
specifically at:
without_ordering = self.
ordering_parts.search(sql)
.group (1)

2
3 As a quick/temporal fix I can

suggest making sql
variable clean of newline
characters , like this:

4 sql_oneline = ' '.join(sql.split
('\n'))

5 without_ordering = self.
ordering_parts.search(
sql_oneline).group (1)

(a) A Direct Solution Leak example
(django-11001)

description of the issue:

1 A security vulnerability exists
in the password reset
functionality where tokens
remain valid even after a
user changes their email

address. The current
implementation of
PasswordResetTokenGenerator
does not consider email

address changes when
validating tokens.

2
3 The fix is to add the user email

address into
PasswordResetTokenGenerator
._make_hash_value ()

4 Nothing forces a user to even
have an email as per
AbstractBaseUser. Perhaps
the token generation
method could be factored
out onto the model , ala
get_session_auth_hash ().

(b) An example of Hint Leak (django-
13551)

Figure 6: Side-by-side examples of (a) direct solution leak and (b) hint leak in
problem statements.

Figure 7: Incorrect fix generated by the model for sympy-19637

0 10 20 30 40 50
Solution Leak

Weak Tests

15.67

13.33

22.6

15.2

All Issues (%)

SWE-Bench Lite SWE-Bench Verified

Figure 4: Distribution of problematic issues among all instances in SWE-Bench
Lite (300 instances) and SWE-Bench Verified (500 instances)

Figure 5: Solution Leakage in issue report for sympy-16669

the task input rather than deriving it independently from repository
understanding. In our study, 32.26% of the successfully resolved
issues followed this pattern, making it the most common among
resolved patches. This raises concerns about whether success in

these instances reflects genuine issue-resolution ability and the va-
lidity of the SWE-Bench instances as benchmarks. If a model simply
copies the solution it already has access to, it isn’t demonstrating
true problem-solving capabilities, but rather replicating what is
provided, thus limiting the assessment of its ability to generate new
solutions. For example, Figure 6a and Figure 5 show a sympy issue
whose problem statement provides the exact solution code patch
required to resolve the issue, which makes it possible for the model
to directly copy the solution from the issue report and generate the
same solution as provided.
2. Solution Hint Leak: refers to the instances where the issue
description contains partial information or indirect suggestions
that guide models toward the solution without explicitly providing
the complete fix. This pattern was present in 28.57% of issues. As
illustrated in Figure 6b, such hints can influence how a model ap-
proaches the solution evenwhen the complete patch is not explicitly
provided.
3. Incorrect fixes: refer to caseswhere themodel-generated patches
provide incorrect solutions, yet pass the test cases when they should
have failed. This pattern was present in 19.82% of the passed in-
stances, suggesting a weakness in test cases that do not correctly
capture the functionality of the issue resolution. The fact that in-
correct patches can pass the test cases raises suspicion about the
relevance and accuracy of the test cases in assessing whether the
issue has been fully resolved. Figure 7 shows a comparison between
themodel-generated patch and the gold patch for sympy-19637. The
model-generated patch avoids the original kern-before-assignment
error by moving hit = kern in s inside the branch where kern is
defined. However, it fails to initialize hit when the input string
contains no spaces. In contrast, the gold patch explicitly sets hit =
False in that case. Therefore, the model patch does not fully fix the
issue and may still leave the function in an invalid state for later
execution.
4. Mislocalized fixes: This pattern refers to cases where the model-
generated patches modify files or functions unrelated to the issue
at hand. These files differ from those altered in the gold patch, yet
the model’s patches still pass the test cases despite this discrepancy.
This pattern appears in 10.14% of the passed instances. This pattern
highlights a weakness in the model’s ability to accurately locate
and address the source of the issue. The fact that the test cases
pass, even though changes were made in irrelevant files, suggests
that the test cases are either weak or irrelevant and should have
failed in detecting the incorrect modifications. Figure 8 presents
an example from matplotlib-26093 of the Matplotlib project, where
the model-generated patch modifies the cbook.py file, while the
gold patch makes changes to the _axes.py file. This shows that the
model’s patch affects a completely different file from the gold patch,
highlighting the model’s inability to accurately identify the correct
file containing the bug.
5. Incomplete fixes:This pattern refers tomodel-generated patches
that offer incomplete implementations compared to the gold patches,
often omitting critical details. This pattern appears in 17.97% of
passed instances. For instance, some patches include only partial
if-else statements, neglecting edge cases that the gold patch ad-
dresses. Although the model-generated patches follow the correct
implementation approach, they overlook important aspects that
could lead to failures in production or when handling edge cases.
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Figure 11: Resolution rates after leakage removal

Table 2: The accuracy of SoluLeakDetector on solution-leak detection.

Dataset # Solution-Leaks Correctly Detected Accuracy (%)

SWE-Bench Lite 47 40 85.11
SWE-Bench Verified 113 88 77.88

Figure 8: Different files changed by model for matplotlib-26093

Figure 9: Incomplete fix generated by the model for django-12155
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Figure 10: Distribution of Patterns Across Models. Counts per category for
AutoCodeRover-v2.0, OpenHands+CodeAct-v2.1, and SWE-Agent-1.0.

This underscores a weakness in the test cases, as they fail to capture
the finer details necessary for a comprehensive issue resolution.

The example provided in Figure 9 uses the instance django-
12155, which concerns a rendering error in Django’s admindocs
when a docstring’s first line is not empty. The gold patch provides a
complete fix by replacing the legacy docstring normalization logic

with inspect.cleandoc() in django.contrib.admindocs.utils, and also
updating django.contrib.admindocs.views callsite to apply clean-
doc(verbose) when formatting method docstrings (removing the de-
pendency on utils.trim_docstring). In contrast, the model-generated
patch provides only a partial fix: it modifies the trimming logic in
utils.py but fails to update the views.py callsite. As a result, the
model patch misses an essential part of the end-to-end fix, ensur-
ing that the view rendering path uses the corrected normalization
method, so it can still trigger docutils rendering issues that are
exposed by our stronger tests.

3.2 Impact of Solution Leakage and
Performance of SoluLeakDetector

To quantify how solution leakage affects model performance, we
re-evaluated the 132 commonly resolved leakage cases after remov-
ing the leaked information from their issue descriptions. Before
leakage removal, all 132 instances were successfully resolved by
the models. We then automatically removed solution-related infor-
mation, including direct code solutions, suggestions, and hints, and
re-ran the three models to assess whether they could still resolve
the issues without leaked guidance.

Figure 11 shows that resolution rates dropped substantially after
removing leaked information. OpenHands+CodeAct v2.1 resolved
52/132 instances (39.39%, a 60.61-point drop), AutoCodeRover-
v2.0 resolved 87/132 (65.91%), and SWE-agent 1.0 resolved 70/132
(53.03%), demonstrating the positive impact of solution leaks. Exam-
ining leakage types, for 70 solution-leak-direct instances, AutoCodeRover-
v2.0 led with 70% (49/70), SWE-agent 1.0 65.71% (46/70), and Open-
Hands+CodeAct v2.1 35.71% (25/70). For 62 solution-leak-hint
instances, AutoCodeRover-v2.0 achieved 61.29% (38/62), Open-
Hands+CodeAct v2.1 43.55% (27/62), and SWE-agent 1.0 38.71%
(24/62). Higher resolution rates for direct-solution issues indicate
that direct solutions were particularly helpful for the models.

Beyond measuring the impact of leakage on model performance,
we further evaluate whether SoluLeakDetector can accurately
identify solution-leaking issue descriptions in SWE-Bench Lite &
Verified. To ensure the classification’s reliability, two authors in-
dependently reviewed the categorized instances by examining all
issue reports for Lite & Verified cases of solution leakage. This hu-
man evaluation process helped mitigate potential biases and verify
the correctness of SoluLeakDetector’s predictions. The manual
review confirmed that SoluLeakDetector achieved an overall ac-
curacy of 80.45% in correctly classifying solution leaks across SWE-
Bench Lite & Verified. For each dataset, SoluLeakDetector achieves
85.11% on Lite and 77.88% in Verified as shown in Table 2. These
results show that solution leakage substantially inflates apparent
resolution rates and that SoluLeakDetector can reliably identify
such cases for leakage sanitization in SWE-Bench+.

3.3 Impact of Weak Tests and Performance of
TestEnhancer

We then quantify how weak-test-only cases inflate headline res-
olution rates. For each model and dataset (i.e., Lite and Verified),
we recompute resolution rates after excluding only weak-test-only
issues, while keeping solution-leak cases intact to isolate the im-
pact of weak tests. Following the weak-test breakdown in Table 1,

5

https://github.com/django/django/pull/12155
https://github.com/django/django/pull/12155


581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

AIware ’26, July 6–7, 2026, Montreal, Canada Anon.

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

Table 3: Patches Passing Due to Weak Test Cases (aka. plausible patches): SWE-
Bench Lite (82/300) vs. SWE-Bench Verified (179/500)

Weak tests AutoCodeRover v2.0
OpenHands+CodeAct

v2.1 SWE-Agent v1.0

SWE-Bench Lite (n=82)

Incorrect fixes 9 (10.98%) 8 (9.76%) 9 (10.98%)
Incomplete fixes 21 (25.61%) 14 (17.07%) 13 (15.85%)
Different
files/functions 3 (3.66%) 7 (8.54%) 5 (6.10%)

SWE-Bench Verified (n=179)

Incorrect fixes 22 (12.29%) 20 (11.17%) 25 (13.97%)
Incomplete fixes 19 (10.61%) 19 (10.61%) 16 (8.94%)
Different
files/functions 9 (5.03%) 10 (5.59%) 7 (3.91%)

Table 4: Resolution rates before (Orig.) and after (TE) the enhanced test suite
(values in %). Δ is the percentage-point drop.

Model Dataset Orig. TE 𝚫 (pp)

AutoCodeRover v2.0 Lite 37.33 10.00 27.33
Verified 45.00 9.20 38.80

OpenHands+CodeAct v2.1 Lite 42.00 15.67 26.33
Verified 52.40 18.20 34.20

SWE-Agent v1.0 Lite 47.00 19.67 27.33
Verified 57.60 21.80 35.80

Figure 13: Case study of weak vs. enhanced tests and the corresponding gold
patch for django__django-12155.
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Figure 12: Resolution rate changes (Original vs Weak Test Removed) for three
models.

Table 3 reports the distribution of weak-test patterns among passed
patches (Lite: n=82, Verified: n=179). Using the protocol from Sec-
tion 3.1, we manually review each passed patch, flag weak-test-only
cases, and recount them as failures while keeping the instance

set and denominator unchanged, yielding the weak-test-removed
resolution rate.

In SWE-Bench Lite, AutoCodeRover-v2.0 produced incorrect
fixes in 10.98% of cases, incomplete fixes in 25.61%, and fixes in-
volving different files or functions in 3.66%. OpenHands+CodeAct
v2.1 showed incorrect fixes in 9.76% of cases, incomplete fixes
in 17.07%, and different files/functions in 8.54%. SWE-agent 1.0
generated incorrect fixes in 10.98% of cases, incomplete fixes in
15.85%, and different files/functions in 6.10%. In SWE-Bench Veri-
fied, AutoCodeRover-v2.0 produced incorrect fixes in 12.29% of
cases, incomplete fixes in 10.61%, and fixes involving different files/-
functions in 5.03%. OpenHands+CodeAct v2.1 showed incorrect
fixes in 11.17% of cases, incomplete fixes in 10.61%, and different
files/functions in 5.59%. SWE-agent 1.0 generated incorrect fixes in
13.97% of cases, incomplete fixes in 8.94%, and different files/func-
tions in 3.91%. These suspicious fix patterns resulted in a substantial
reduction in the actual resolution rates across all models. Figure 10
also shows the distribution of weak-test-related patterns across
models.

Figure 12 contrasts the original resolution rates with weak test
issues removed: we treat those instances with weak test patterns as
failures, leaving the instance set and denominator unchanged. The
difference shows how weak tests inflated the original rates. The
new resolution criteria led to significant reductions in resolution
percentages across all models. For AutoCodeRover-v2.0, the per-
formance drops by 21.33 percentage points (from 37.33% to 16%)
on SWE-Bench Lite and drops by 26 percentage points from 45% to
19% on SWE-Bench Verified. OpenHands+CodeAct v2.1 showed a
decline from 42% to 22% on Lite and from 52.4% to 26.8% on Verified.
SWE-agent 1.0 experienced a drop from 47% to 27.33% on Lite and
from 57.6% to 31.8% on Verified when considering only correct fixes.

We further evaluatewhether TestEnhancer can strengthen patch
validation by automatically generating enhanced tests. We apply
the enhanced test suite to patches generated by the three models for
issues in SWE-Bench Lite & Verified and measure the reduction in
resolution rate when applying the newly generated test cases. Our
evaluation reveals that TestEnhancer enhances patch validation
and identifies plausible patches for 97.11% of issues with the weak
tests. As shown in Table 4, the enhanced test suite causes substantial
drops in resolution rates across all models. The drops are consistent
on both Lite and Verified, and are larger on Verified, ranging from
34.2 to 38.8 percentage points, compared with 26.33 to 27.33 per-
centage points on Lite. Notably, TestEnhancer also substantially
improved coverage, raising average line coverage from 33.39% to
55.55% (a 22.16-point gain). These results show that TestEnhancer
effectively identifies plausible patches. The enhanced tests expose
flaws missed by the original SWE-Bench suite, showing that weak
tests inflate apparent LLM patch success and that TestEnhancer
provides a more robust framework for evaluating LLM-generated
patches.

Figure 13 illustrates how weak tests can inflate apparent patch
success and how TestEnhancer tightens the specification. In django-
12155, Django’s admindocs integration can trigger docutils render-
ing errors when a docstring’s first line is not empty, because doc-
string normalization is not consistently applied across the parsing
utilities and the view-level rendering path. The original SWE-Bench
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test patch is weak because it primarily checks a narrow parsing sce-
nario (e.g., parse_docstring and parse_rst on a short synthetic
docstring) and does not comprehensively enforce that the end-to-
end admindocs rendering pipeline uses the corrected normalization
(in particular, it does not strongly constrain the views.py callsite
that formats method docstrings). In contrast, the injected suite adds
explicit regression checks that (i) trim_docstring is removed, (ii)
utils.parse_docstring uses inspect.cleandoc, and crucially
(iii) django.contrib.admindocs.views uses cleandoc(verbose)
and does not reference utils.trim_docstring. These stronger
tests directly constrain the full fix and expose partial solutions: the
gold patch is complete because it updates both django.contrib.
admindocs.utils and the views.py callsite, whereas the model-
generated patch is incomplete because it only modifies utils.py,
leaving the view-level formatting path inconsistent and thus still
vulnerable to docutils rendering failures.

4 Related Work
Code Generation Benchmarks LLMs have emerged as power-

ful tools and demonstrated impressive capabilities in various soft-
ware engineering tasks, including code generation [5, 11, 13, 18, 20],
program repair [7, 34, 41], test generation [25, 28], and bug detec-
tion [1, 8]. The development of code generation benchmarks has
been crucial for evaluating LLM performance, and recent work
has steadily pushed evaluation beyond simple function-level syn-
thesis toward more realistic software settings. Prior benchmarks
have expanded the structural scope of generation from standalone
functions to interdependent class implementations [11], incorpo-
rated contextual dependencies from libraries, files, and projects
to better reflect practical development environments [36], and in-
troduced repository-grounded, domain-sensitive, and periodically
refreshed tasks to reduce contamination and better capture evolving
real-world coding scenarios [17]. Other efforts have broadened eval-
uation across languages and task types through multilingual, mul-
titask, execution-based settings [33], highlighted non-functional
dimensions such as computational efficiency rather than correct-
ness alone [22], and proposed harder compositional tasks in which
models must reuse their own generated code to solve linked follow-
up problems [38]. These benchmarks show that code generation
ability is highly sensitive to task formulation, context, and eval-
uation dimension. However, greater breadth and realism do not
by themselves guarantee trustworthy evaluation. As highlighted
by recent reviews, benchmark results can still be distorted by nar-
row task distributions, dataset contamination, memorization, weak
metadata, and metrics that do not reliably reflect true utility or
functional quality [21]. Our work builds on this line of research
by shifting attention from benchmark breadth to benchmark valid-
ity, focusing specifically on SWE-Bench and showing that solution
leakage and weak tests can substantially inflate reported issue reso-
lution performance, thereby motivating a more rigorous benchmark
framework.

Dataset Quality for Software Engineering Tasks Dataset
quality significantly impacts the performance, reliability, and re-
producibility of empirical software engineering research and au-
tomated tools. Prior work has studied dataset quality issues in
vulnerability detection [6, 9, 31], defect prediction [3, 26], code

summarization [27], and code generation [10, 15, 19, 23, 30]. In vul-
nerability detection, Croft et al. [6] identify pervasive issues such as
incomplete metadata, inconsistent vulnerability labeling, duplicate
samples, and unclear dataset construction processes; Wu et al. [31]
show that mislabeled instances are common and can degrade model
performance and mislead evaluation results; and Ding et al. [9] find
that reported gains of code language models are often sensitive
to dataset artifacts, data leakage, and benchmark simplicity rather
than true semantic understanding. In code-related LLM evaluation,
recent work has increasingly highlighted contamination as a criti-
cal threat. Khan et al. [15] propose a naturalness-based approach
for detecting code contamination, Riddell et al. [23] quantify con-
tamination in code generation benchmarks and showed that even
partial exposure can inflate reported performance, and Liang et
al. [19] illustrate “SWE-Bench illusion”, showing that LLMs often
succeed by recalling previously seen solutions rather than reason-
ing about unseen software engineering tasks. Different from the
above studies, this paper presents the first in-depth empirical anal-
ysis of SWE-Bench. Beyond identifying potential shortcomings, we
analyze their impact on evaluation outcomes and explore practical
strategies to mitigate them.

5 Threats to Validity
The manual labeling process for identifying solution leaks and
weak-test patches introduces potential human bias. Although mul-
tiple authors independently reviewed the patches and resolved
disagreements through discussion, subjective judgments in classify-
ing leakage types (direct vs. hint) or patch correctness could affect
the consistency of our findings. To mitigate this, we employed a
structured protocol for patch comparison and provided clear def-
initions for each problem category. Additionally, the accuracy of
SoluLeakDetector (80.45%) indicates that some misclassifications
remain, which could influence the composition of SWE-Bench+.

Our study focuses exclusively on SWE-Bench, which, despite
its wide adoption, may not capture the full diversity of software
engineering tasks, programming languages, or project scales. Future
work should therefore examine benchmarks covering additional
languages (e.g., Java, JavaScript, C++), broader project types (e.g.,
systems software, web applications), and tasks beyond bug fixing to
assess whether our findings and tools generalize across the broader
software engineering landscape.

6 Conclusion
In this paper, we presented SWE-Bench+, an enhanced benchmark
for evaluating LLM-based software engineering agents. Built on
SWE-Bench Lite and SWE-Bench Verified, it addresses two threats
to evaluation validity in SWE-Bench: solution leakage in issue de-
scriptions and weak tests. By sanitizing leaked issue content and
strengthening test suites through SoluLeakDetector and TestEnhancer,
SWE-Bench+ provides a more reliable basis for measuring true issue-
resolution capability and for improving future software engineering
benchmarks.
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