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—— Abstract

Background. LLM-as-Judge is increasingly adopted in automated program repair (APR) to assess
patch correctness, yet its validity as a measurement instrument remains unaudited: potential
benchmark-identifier leakage, evidence-presentation bias, and explanation unreliability have not
been systematically examined.

Aims. We investigate whether LLM Judge produces unbiased, stable, and well-grounded patch
correctness judgments across three validity dimensions: metadata leakage, evidence presentation,
and explanation reliability.

Method. On a balanced, paired dataset of 326 patches from 163 Defects4J bugs, we evaluate GPT-
40 and DeepSeek-V3 across a 12-setting prompt matrix covering benchmark-identifying metadata
exposure and evidence presentation variants. We further conduct a manual analysis of 60 GPT-40
explanations using a five-category failure taxonomy and three independent annotators.

Results. Under sanitized conditions, GPT-40 achieves an accuracy of 77.3% (MCC = 0.575, FPR
= 17.2%), while DeepSeek-V3 achieves 80.4% accuracy (MCC = 0.625, FPR = 22.1%), with no
statistically significant difference between the two models. Exposing combined benchmark-identifying
metadata yields a suggestive accuracy increase of 4.3 percentage points for GPT-40 and 1.8 percentage
points for DeepSeek-V3. Declaring that all tests have passed does not significantly bias either model;
in contrast, providing a developer reference patch leads to substantial and statistically significant
improvements for both models. Explanation failures are concentrated in misclassified cases, with the
false-positive quadrant showing a 93.3% failure rate, primarily driven by hallucinated evidence and
missed edge cases.

Conclusions. LLM Judge is useful as a triage aid but is insufficient as a standalone correctness
oracle. Reliable deployment requires prompt sanitization, explicit false positive rate reporting, clear
distinction between reference-assisted and standalone assessment, and treating LLM explanations as
investigative hypotheses rather than self-validating justifications.
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How Reliable Is LLM-as-Judge for Patch Correctness Assessment?
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Supplementary Material Software (Source Code and dataset): https://github.com/Polaris-sg/
11m_judge_Study; archived at swh:1:dir:c2d9£f88b0987fbddfd1b0ai14ba11089186dba88c

1 Introduction

Automated Program Repair (APR) aims to automatically generate patches that fix software
bugs, but assessing the correctness of these patches is a critical challenge for deploying APR
tools in real-world scenarios [26, 9, 39, 28]. While existing test suites can verify whether
a patch passes all tests, they cannot guarantee that the patch truly fixes the defect rather
than merely passing the tests [3]. This phenomenon, known as overfitting, occurs when a
patch may pass the tests but does not align with the developer’s intent. To address this
issue, Automated Patch Correctness Assessment (APCA) techniques have been proposed to
tackle the overfitting problem in APR [14].

In recent years, the rapid advancement of large language models (LLMs) has catalyzed
a paradigm shift within the APCA landscape, moving from the exploration of learning-
based classifiers toward the adoption of LLM-as-Judge (LLM Judge) approaches [36].
LLMA4PatchCorrect [40] demonstrated that in-context learning with LLMs outperforms
specialised classifiers on Defects4J, achieving over 84.4% accuracy. RePaCA [5] subsequently
reported 83.1% accuracy by combining reasoning LLMs with reinforcement learning for static
patch assessment. Beyond standalone APCA methods, LLM Judge is increasingly used
as a de facto assessment layer in agentic APR pipelines [23], in which a separate model
validates each candidate patch before it is accepted. The appeal is clear: LLM Judge re-
quires no task-specific training data, generalises across projects and languages, and produces
human-readable explanations that researchers can inspect.

Despite this widespread adoption, the reliability of LLM Judge as a measurement in-
strument has received virtually no rigorous scrutiny. Existing studies typically treat patch-
assessment accuracy as sufficient evidence of trustworthiness. However, accuracy alone cannot
rule out three fundamental threats to measurement validity. First, LLMs are trained on
large-scale corpora that may contain Defects4J bug reports, patches, and correctness labels.
Exposing a bug identifier or project name in the prompt may enable the model to rely on
metadata-induced shortcuts, including possible memorization signals, instead of reasoning
from the code alone. Such shortcuts can inflate apparent accuracy through benchmark
leakage [15]. Second, the order and content of presented evidence can affect LLM judgments
in general SE tasks [38]. In APR, a declarative statement that all tests passed, or the
inclusion of a developer reference patch, may systematically bias the LLM toward labeling
overfitting patches as correct. This bias can increase false positive rates in ways that remain
hidden when only aggregate accuracy is reported. Third, even when the predicted label
is correct, the accompanying natural-language explanation may include hallucinated code
references or unsupported reasoning steps. Such explanations can undermine the validity
of human-in-the-loop review processes that rely on them [8]. Wang et al. recently showed
that test-based patch assessment in SWE-bench has a 7.8% false-correct rate and 29.6%
behavioral divergence from human evaluation [27]. If test-based assessment is unreliable,
it remains unclear whether LLM Judge can serve as a trustworthy substitute or instead
introduces different forms of unreliability.

In this paper, we seek to clarify these questions by systematically examining the reliability
of LLM-as-Judge for patch correctness assessment. Specifically, we formulate four rigorously
controlled research questions to evaluate the stability, impartiality, and groundedness of
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LLM Judge from the perspective of empirical software engineering measurement. To address
these questions, we construct a balanced, paired dataset comprising 326 patches generated
by APR tools for Defects4]J [10] bugs. We evaluate GPT-40 and DeepSeek-V3 across
varied prompting configurations spanning two dimensions: benchmark-identifier leakage
and evidence-presentation bias. In addition, we conduct a manual analysis of 60 GPT-40-
generated explanations, applying a five-category failure taxonomy to assess the reliability
of the produced rationales. Our study newly raises and answers the following four research
questions.

RQ1: What is the agreement between LLM Judge and human ground-truth labels under
sanitized conditions? (3.1) This establishes the baseline reliability of LLM Judge when no
confounding information is present.

RQ2: Does exposing benchmark-identifying information (bug ID, project name, repair
tool name, or developer patch) to LLM Judge systematically shift its judgments? (3.2)
If judgments shift toward ground truth upon receiving identifiers the model may have
encountered during pre-training, the effective accuracy may be influenced by metadata-
induced shortcuts rather than code reasoning alone.

RQ3: Does the type and content of evidence included in the prompt systematically
bias LLM Judge toward labelling overfitting patches as correct? (3.3) We distinguish
two sub-forms: test-passing bias (inflated FPR when the prompt states that all tests pass)
and reference-similarity bias (inflated correct-label rate for patches similar to the developer
reference).

RQ4: Do the natural language explanations produced by LLM Judge provide trustworthy
reasoning, or do they contain hallucinated or unsupported claims? (3.4) This question
assesses whether explanations can serve as a valid basis for human-in-the-loop review.
In summary, we make the following contributions:
We empirically demonstrate that LLM Judge judgments for patch correctness assessment
are sensitive to benchmark-identifying information exposed in the prompt, including bug
identifiers, project names, repair tool names, and developer patches.
We show that evidence presentation can systematically distort LLM Judge decisions by
separating test-passing bias from reference-similarity bias.
We introduce an explanation reliability analysis based on 60 manually annotated GPT-40
explanations, three independent annotators, structured adjudication, and a five-category
failure taxonomy. The analysis shows that explanation failures concentrate in misclassified
cases and differ substantially across confusion-matrix quadrants.
We provide concrete protocol recommendations for APR researchers who use LLM Judge
as a patch evaluation instrument.

2  Study Design

2.1 Dataset Construction

Our study dataset builds upon the dataset introduced by Lin et al. [16], which comprises
1,179 patches spanning 356 Defects4J bugs produced by 23 APR tools and human developers,
with ground-truth correctness labels established through rigorous manual inspection. Using
this raw source directly would introduce two confounds that are particularly harmful for a
reliability study: (1) Class imbalance (533 correct vs. 646 overfitting patches, with substantial
per-bug skew) would make precision, recall, and F1 difficult to interpret without controlling
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for prior probability. (2) Within-bug correlation would inflate agreement statistics: multiple
patches from the same bug share identical buggy code, test suites, and contextual information,
so LLM judgments on them are not independent observations.

To eliminate both confounds, we randomly retain only bugs that contain at least one
correct and at least one overfitting patch. When multiple candidate patches exist within a
given class, we prefer patches from APR tools over developer patches, as the former carry
an independent developer-written reference patch that is used in RQ3. The resulting main
dataset comprises 326 patches drawn from 163 Defects4J bugs (Chart: 18, Closure: 55, Lang:
29, Math: 53, Time: 8), with a 1:1 correct-to-overfitting ratio. Of the 163 correct patches,
54 originate from APR tools and are accompanied by an independent developer reference
patch, while the remaining 109 are developer patches. The 1:1 balance ensures that accuracy,
precision, recall, F1, and MCC are directly interpretable without class-prior adjustment, and
the paired structure enables within-bug McNemar’s tests to control for bug context.

2.2 Prompt Design

Sanitized Baseline Prompt (S0/E0.). All experiments share a common sanitized base
prompt that contains only information directly derivable from the patch itself: the buggy
function source code and the unified-diff patch. The LLM is instructed to output a strict
JSON object with three fields: label € {correct, overfitting, uncertain}, confidence € [1, 5],
and a 2—4 sentence explanation. The uncertain label allows the model to abstain when the
provided evidence is insufficient to classify a patch as either correct or overfitting; it is
not a ground-truth class in our dataset.

Leakage Settings for RQ2. The inputs of APCA tools may combine patch code with auxil-
iary artifacts, which may directly or indirectly expose benchmark-identifying information [40].
To measure benchmark-identifying information leakage, we define six main prompt variants
that progressively expose meta-information about the patch origin, plus two counterfactual
controls, as shown in Table 1. Each variant appends one or more information blocks to
80. 85 is treated as an upper-bound reference because the developer patch constitutes a
near-complete answer. The S4R control randomly reassigns the complete bug-ID /project/tool
metadata triple to a different patch using a fixed seed, while S4F replaces the real bug ID
with a non-existent benchmark-style identifier and keeps the real project and tool names.
These controls test whether any S4 shift depends on the correct metadata linkage or merely
on the presence of benchmark-looking text.

Table 1 Leakage prompt settings (RQ2). Each variant appends the listed information to the
sanitized baseline SO.

Setting Additional Information Purpose
S0 (none — sanitized baseline) Baseline
S1 Bug identifier (e.g., Math-1) Bug-ID leakage
52 Project name (e.g., Apache Commons Project leakage
Math)
S3 Repair tool name (e.g., TBar) Tool leakage
S4 Bug ID + project + tool Full ID leakage
S4R Shuffled bug ID + project + tool Counterfactual metadata control
SAF Fake bug ID + real project 4+ tool Fake-ID format control

S5 Developer /reference patch diff Reference leakage
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Evidence Settings for RQ3. To measure evidence-presentation bias, we define five prompt
variants that vary the type of evidence provided alongside the patch, as shown in Table 2. E2
is the critical test-passing bias probe: it exposes only the fact that all tests passed, without
any test code, so the LLM cannot reason about test semantics. E4 provides the developer
patch, enabling a reference-similarity bias analysis separate from the leakage experiment.

Table 2 Evidence prompt settings (RQ3). Each variant appends the listed evidence to the
sanitized baseline EO.

Setting Additional Evidence Bias Probe

EO (none — patch only) Baseline

E1 Failing test source code Test-semantic reasoning

E2 Declaration that all tests passed Test-passing bias

E3 Passed/failed test list (execution Execution evidence
summary)

E4 Developer /reference patch diff Reference-similarity bias

2.3 LLM Configuration

In the main experiments for RQ1-RQ3, we evaluate two judge models, GPT-4o [7] and
DeepSeek-V3 [2], both configured with a temperature of 0 to reduce sampling variability [21].
GPT-4o represents a widely used closed-source model, whereas DeepSeek-V3 represents a
widely used open-source model. Both models receive identical prompts and are evaluated
on the same 326-patch dataset across the complete prompt matrix (S0-S5, S4R/S4F, and
EO0-E4); because EO is identical to S0, this yields 12 executed settings per model.

2.4 Explanation Failure Taxonomy

For RQ4, we define a five-category failure taxonomy, summarized in Table 3. Three annotators
(three authors of this paper) independently apply this taxonomy to a stratified sample of 60
explanations drawn from the SO results, with 15 explanations sampled from each confusion-
matrix quadrant (TP, TN, FP, and FN). For each explanation, annotators record whether
any failure is present, assign zero or more taxonomy-defined failure types, and rate the
severity on an ordinal scale (none, minor, major, critical).

2.5 Experimental Metrics

In RQ1, we report Accuracy, macro-F1 [22], Matthews Correlation Coefficient (MCC) [18],
Cohen’s Kappa [1] (against human labels), False Positive Rate (FPR: proportion of overfitting
patches mislabelled as correct), and uncertain rate (proportion of patches labelled uncertain).
Because the dataset contains only correct and overfitting ground-truth labels, uncertain
predictions are counted as errors for accuracy, macro-F1, MCC, and Cohen’s Kappa. Note
that FPR is the primary safety-critical metric in this setting: each false positive accepts an
overfitting patch as correct, thereby inflating reported repair effectiveness.

To analyze the impact of benchmark-identifying information leakage and evidence presen-
tation bias on LLM Judge judgments, we introduce Label Flip Rate, Flip Direction, Odds
Ratio (OR), AAcc and AFPR metrics in RQ2 and RQ3. Here, Label Flip Rate denotes the
proportion of patches whose predicted labels change relative to the baseline setting (S0 or
E0); Flip Direction indicates the number of flips toward the ground-truth label (Better) or
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Table 3 Explanation failure taxonomy.

Failure Type Definition
Hallucinated Explanation references variables,
Evidence methods, logic, or behavioral

claims absent from or unsupported
by the provided code.

Test Overtrust Explanation uses “tests pass” as
the primary or sole justification for
correctness (circular argument).

Behavioral Explanation mischaracterises what

Misunderstanding  the patch actually does
semantically.

Missed Edge Explanation fails to identify

Cases boundary-input behavior where the
patch diverges from the correct fix.

Contradictory Explanation is internally

Explanation inconsistent, or contradicts the
final label.

away from it (Worse) relative to the baseline; Odds Ratio is the ratio of toward-ground-truth
flips to away-from-ground-truth flips; and AAcc and AFPR represent the changes in accuracy
and FPR relative to the baseline setting, respectively.

We further apply McNemar’s test [19] (paired nominal, two-sided) to each baseline—variant
label pair, comparing SO with each S; for RQ2 and EO with each E; for RQ3. We report
Holm-corrected p-values (proim) to assess whether the observed label shifts relative to the
baseline are statistically significant. For RQ3, we additionally compute a Test-passing Bias
Index = (FPRg2 — FPREo)/FPREo, and for E4 we stratify patches by token-level similarity
to the developer patch and examine whether flip rate correlates with similarity quartile. In
RQ4, we assess inter-annotator agreement using Fleiss’ Kappa [4] for the binary failure label,
Krippendorff’s Alpha [12] for nominal failure types and ordinal severity ratings.

3 Results

3.1 RQ1: Baseline Agreement

We begin by examining how closely the two LLM judges (i.e., GPT-40 and DeepSeek-V3)
align with human ground-truth labels when all benchmark-identifying information has been
removed from the prompt. Table 4 reports the agreement metrics for GPT-40 and DeepSeek-
V3 under the sanitized SO setting on the 326-patch balanced dataset. As shown in Table 4,
DeepSeek-V3 obtains slightly higher accuracy, Macro-F1, MCC, and Cohen’s Kappa than
GPT-40; however, this advantage comes at the cost of a higher false-positive rate, indicating
that DeepSeek-V3 is more prone to accepting overfitting patches as correct.

To better understand where these aggregate differences originate, Table 5 presents the
full confusion matrices. GPT-40 correctly identifies 125 of 163 correct patches (recall =
76.7%) and 127 of 163 overfitting patches (recall = 77.9%), yielding a relatively symmetric
error profile. DeepSeek-V3, by contrast, exhibits an asymmetric pattern: it achieves higher
recall on correct patches (140/163 = 85.9%) but lower recall on overfitting patches (122/163
= 74.8%). This asymmetry is directly reflected in its elevated FPR (22.1% vs. 17.2%):
DeepSeek-V3 is more inclined to label patches as correct, which recovers more true positives
at the expense of also admitting more overfitting patches.
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Table 4 RQ1 baseline agreement metrics (S0).

Metric GPT-40 DeepSeek-V3
Accuracy 77.3% 80.4%
Macro-F1 0.796 0.817
MCC 0.575 0.625
Cohen’s Kappa 0.571 0.620
FPR (overfitting—correct) 17.2% 22.1%
Uncertain rate 5.8% 3.4%

Table 5 RQ1 confusion matrices (S0). Rows are ground truth; columns are LLM predictions.

Model Corr. Overfit. Unec. ‘ Total
Correct 125 27 11 163

GPT-do Overfitting 28 127 8 163
Correct 140 17 6 163

DeepSeekV3 o verfitting 36 122 5 163

The uncertain label is used sparingly by both models, though GPT-40 invokes it
more frequently than DeepSeek-V3 (5.8%, 19 patches vs. 3.4%, 11 patches). Despite these
distributional differences, a paired cross-model McNemar comparison on the same 326 patches
reveals no statistically significant difference in overall accuracy (p = 0.164). DeepSeek-V3 is
correct where GPT-40 is wrong on 26 patches, whereas GPT-40 is correct where DeepSeek-V3
is wrong on 16 patches (OR = 1.63); the two models produce different labels on 48 patches in
total. In other words, the two models exhibit comparable baseline reliability, albeit through
markedly different error profiles.

Table 6 Confidence-stratified RQ1 results under S0. FP/OF denotes false-positive acceptances
over all overfitting patches in the confidence band.

Model Conf. N Acc. FP/OF FPR
1-3 19 0.0% 0/8  0.0%
GPT-40 45 307 82.1%  28/155 18.1%
1-3 16 31.3% 0/10  0.0%
DeepSeek-V3 - 310 82.9%  36/153 23.5%

As shown in Table 6, confidence provides only a limited triage signal: lower-confidence
predictions should be prioritized for human review, but false-positive acceptances from both
models still occur among high-confidence predictions. Therefore, confidence cannot validate
a correct judgment or exempt high-confidence accepted patches from verification.

Answer to RQ1

LLM Judge provides a useful but incomplete signal under sanitized conditions. GPT-40
achieves 77.3% accuracy (MCC = 0.575) with FPR = 17.2%, while DeepSeek-V3 achieves
80.4% accuracy (MCC = 0.625) with FPR = 22.1%; the difference in overall accuracy is not
statistically significant (p = 0.164). The two models fail in different ways: GPT-4o is more
conservative, whereas DeepSeek-V3 accepts more correct patches but also more overfitting
patches. Thus, neither model is reliable enough to serve as an unsupervised patch-correctness
oracle, although both can provide a triage-level assessment signal.
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3.2 RQ2: Benchmark-ldentifying Information Leakage

In RQ2, we investigate whether exposing benchmark-identifying metadata alters model
judgments beyond what is already inferable from the sanitized patch context alone. Table 7
summarizes the effect of progressively reintroducing such metadata into the prompt. Specif-
ically, each row reports the change in accuracy, the change in FPR, the number of label
flips relative to S0, and the Holm-corrected McNemar p-value. GPT-40. For GPT-4o0, the

Table 7 RQ2 leakage results. “Better” / “Worse” count patches that flip to / from the ground-
truth label vs. S0. “OR” is the odds ratio of flipping toward vs. away from ground truth. proim
applies Holm correction within each model’s test family.

Model Setting AAcc AFPR Better Worse OR  puoim
S1 +bug ID +2.1 +1.8 14 7 2.00 0.946
S2 +project +0.6 +2.5 10 8§ 1.25 1.000
S3 +tool +2.1 —5.5 18 11 1.64 0.946

GPT-40 S4 +all IDs +4.3 —5.5 20 6 3.33 0.056
S4R +shuffled IDs —-1.5 —4.9 16 21 0.76 1.000
S4F +fake ID +2.1 —4.9 16 9 1.78 0.946
S5 +dev patch +10.4 —11.0 40 6 6.67 <0.001
S1 +bug ID +1.2 —0.6 12 8 1.50 1.000
S2 +project —-0.6 +2.5 5 7 0.71 1.000
83 +tool +2.1 —5.5 15 8 1.88 1.000

DeepSeek-V3 S84 +all IDs +1.8 —0.6 11 5 220 1.000
S4R +shuffled IDs +0.3 —-2.5 12 11 1.09 1.000
S4F +fake ID +2.1 —4.9 14 7 2.00 1.000
S5 +dev patch +7.1 -9.8 32 9 3.56 0.003

individual identifiers in S1-S3 produce only small, non-significant changes, indicating that
no single metadata field yields a measurable shift. Combining the identifiers in S4 instead
produces a positive shift that is marginal after Holm correction; we therefore interpret it as
suggestive rather than conclusive evidence of metadata sensitivity. The shuffled-metadata
and fake-ID controls do not reproduce the full S4 pattern, so this signal is not explained
solely by benchmark-looking text and does not constitute direct evidence of memorisation.
By contrast, S5 produces the largest, statistically significant improvement, showing that
developer-reference access substantially amplifies agreement.

DeepSeek-V3. DeepSeeck-V3 shows a similar directional tendency under S3 and S5, but
its metadata-only effects are more attenuated. Neither the individual identifiers nor their
combination in S4, including the counterfactual controls, is significant after Holm correction.
This provides little evidence of identifier-driven sensitivity for this model on our dataset. In
contrast, S5 again produces a large, significant improvement, confirming that the developer-
reference effect is robust across both models.

Cluster-aware robustness. Because each bug contributes one correct and one overfitting
patch, we additionally resampled bug-level pairs with replacement and computed 95%
bootstrap confidence intervals for the core comparisons. For GPT-4o0, the S4 accuracy shift
remains positive, while S4R and S4F cross zero. For DeepSeek-V3, all three metadata-only
intervals cross zero . By contrast, the developer-reference conditions are stable across clusters
for both models. These intervals support a conservative reading: S4 is a suggestive GPT-40
metadata shift, whereas S5 is a robust reference-patch effect.
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Figure 1 RQ2 metadata-leakage effects for GPT-40 and DeepSeek-V3. The left panel reports
false-positive rates; the right panel reports label-flip rates relative to SO.

Fig. 1 visualises these patterns from two complementary perspectives. As shown in
the left panel of Fig. 1, DeepSeek-V3 consistently maintains a higher FPR than GPT-40
across all metadata exposure conditions, even when accuracy is comparable. The right panel
shows that the label-flip rate is highest for 85 (developer patch) for both models, with a
pronounced skew toward flipping overfitting patches to correct, which is consistent with a
strong reference-similarity effect.

Answer to RQ2

Benchmark-identifying metadata can shift LLM Judge outcomes, but the effect is uneven
across metadata types and models. Individual bug IDs, project names, and tool names do
not produce significant shifts; however, their combination in S4 yields a suggestive GPT-40
improvement, which becomes marginal after Holm correction (ppoim = 0.056) and does not
appear for DeepSeek-V3. The shuffled-metadata and fake-ID controls do not reproduce the
full S4 pattern, suggesting a cautious metadata-induced-shift interpretation rather than a
strong causal claim. By contrast, exposing the developer patch in S5 produces large and
significant gains for both models (p < 0.003). Therefore, including benchmark-identifying
information, especially developer patches, can overestimate LLM Judge reliability by up to

10 pp.

3.3 RQ3: Evidence-Presentation Bias

In RQ3, we investigate whether different forms of supporting evidence systematically alter
LLM Judge behaviour when benchmark-identifying metadata remains sanitized. Table 8
summarizes the effect of each evidence variant relative to EO. Both models are evaluated
under all four evidence conditions.

Test code (E1). As shown in Table 8, failing test source code produces model-dependent
behaviour: the two models move in different accuracy directions, while both show higher
FPR. Although neither within-model change is significant after Holm correction, the cross-
model paired comparison is significant, indicating that the models interpret raw test code in
qualitatively different ways.

Test-passing bias (E2). Contrary to our initial hypothesis, declaring that all tests passed
does not significantly alter either model’s judgments. The corresponding test-passing bias is
small and directionally inconsistent, indicating that a test-passing declaration alone is not
strong evidence of correctness for either model.
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Table 8 RQ3 evidence bias results. proim applies Holm correction within each model’s test family.

Model Setting AAcc AFPR Better Worse OR  puoim
E1 +test code —-2.8 +4.9 13 22 0.59 0.526

GPT-4o E2 +tests pass +1.2 +1.2 10 6 1.67 0.909
E3 +exec info +0.6 +6.1 17 15 1.13 0.909
E4 +dev patch +9.5 —11.0 40 9 444 <0.001
E1l +test code +0.9 +3.1 9 6 1.50 1.000
E2 +tests pass +0.9 —0.6 9 6 1.50 1.000

DeepSeek-V3 5o | execinfo  +0.6 +3.1 11 9 1.22 1.000
E4 +dev patch +7.1 -8.0 31 8 3.88 0.001

Execution information (E3). Including passed/failed test lists produces a directionally

similar but statistically weaker pattern: FPR increases for both models, but neither increase
remains significant after correction.

Reference patch (E4). Consistent with the S5 findings in RQ2, providing the developer
patch produces the largest and statistically significant effect among all evidence variants:
accuracy improves and FPR decreases for both models. This pattern indicates that the
developer patch serves as a strong reference anchor rather than ordinary contextual evidence.

The cluster-aware robustness analysis gives the same practical interpretation for the
two core RQ3 probes. For E2, accuracy intervals cross zero for both models, confirming
that a test-passing declaration alone is not a robust source of accuracy shift. For E4, the
developer-reference effect remains stable under bug-level resampling.

False-positive rate
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Figure 2 RQ3 evidence-presentation effects for GPT-40 and DeepSeek-V3. The left panel reports
false-positive rates; the right panel reports label-flip rates relative to EO.

To test whether the reference effect is simply driven by lexical similarity, we stratified
the patches with an available developer reference into token-similarity quartiles. Flip rates
under both E4 and S5 vary non-monotonically across these quartiles. Thus, the developer
patch clearly improves judgments, but the mechanism is not reducible to a simple token-level
similarity effect. Fig. 2 reinforces this contrast visually. As shown in the left panel of Fig. 2,
the FPR increases for both models under E1 and E3, while remaining relatively stable under
E2. The right panel of Fig. 2 shows that the label-flip rate is highest for E4 (developer patch)
for both models, with a pronounced skew toward flipping overfitting patches to correct, which
is consistent with a strong reference-similarity effect.
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Answer to RQ3

We find little evidence that a bare test-passing statement is sufficient to bias LLM Judge
decisions. Declaring that all tests passed (E2) does not significantly shift either model
(GPT-40 p = 0.909; DeepSeek-V3 p = 1.000), and the Test-passing Bias Index is small and
directionally inconsistent (+7.1% for GPT-40 and —2.8% for DeepSeek-V3). Raw test code
and execution traces have more model-dependent effects and tend to increase FPR, but
most within-model changes are not significant. The only consistently strong evidence effect
comes from the developer reference patch (E4), which significantly improves accuracy for
both models (p < 0.001). This effect is best interpreted as a near-oracle comparison signal
rather than ordinary evidence-presentation bias, and its benefit is not reducible to token-level
lexical similarity.

3.4 RQ4: Exploratory Explanation Reliability

To assess explanation reliability, we conducted an exploratory manual analysis of 60 LLM
explanations sampled from the SO results (15 per confusion-matrix quadrant) using the
five-category failure taxonomy defined in Table 3. Three annotators independently labelled
each explanation, and disagreements were resolved through a structured adjudication process.
Because the sample is limited to GPT-40 under SO and the annotation task exhibits low-to-
fair agreement, we treat RQ4 as an exploratory audit of explanation risks rather than as a
definitive estimate of explanation failure prevalence across models and prompts.

Table 9 RQ4 inter-annotator agreement (3 annotators, 60 samples).

Metric Value
Fleiss’ Kappa (has_failure) 0.237
Krippendorff’s @ (has_failure) 0.241
Krippendorff’s a (severity) 0.279
Exact 3-way severity agreement  28/60 (46.7%)
Full unanimous annotation 26/60 (43.3%)
Adjudication required 34/60 (56.7%)

Inter-Annotator Agreement. We first examine inter-annotator agreement (IAA) to assess
the inherent subjectivity of the annotation task, with the results reported in Table 9. As
shown in Table 9, agreement on the binary failure judgment is low to fair, with Fleiss’ Kappa
of 0.237 and Krippendorff’s Alpha of 0.241. Agreement on severity is similarly modest, with
Krippendorff’s Alpha of 0.279. Full three-way unanimity is reached for only 26 of the 60
samples (43.3%), while the remaining 34 samples (56.7%) require adjudication. These results
indicate that judging whether an LLM explanation is well grounded is an inherently subjective
and challenging task, even for trained annotators. They also highlight a practical concern for
human-in-the-loop review: the same explanation may be judged as hallucinated or acceptable
depending on how strictly evidential support is interpreted. To resolve disagreements, we
use a structured adjudication process. We first compute a majority-vote consensus and
then ask the three annotators to jointly review all 34 disagreement cases. Final updates are
accepted only when at least two annotators endorse the same revision. This process yields
five accepted adjudication updates, while nine minority concerns remain at the preliminary
consensus level.

Consensus Results. After adjudication, 20 of the 60 explanations (33.3%) were found
to contain at least one failure. As shown in Table 10, the contrast across quadrants is
pronounced but should be interpreted with caution. In this stratified sample, explanations
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Table 10 RQ4 explanation failure rate by quadrant.

Quadrant Failures Total Rate
TP (correct, pred correct) 0 15 0.0%
TN (overfitting, pred overfitting) 0 15 0.0%
FP (overfitting, pred correct) 14 15 93.3%
FN (correct, pred overfitting) 6 15 40.0%
Overall 20 60 33.3%

Table 11 RQ4 failure type prevalence and distribution by quadrant.

Failure Type Count Rate TP TN FP FN
Hallucinated Evidence 14 23.3% 0 0 9 5
Behavioral Misunderstanding 7 11.7% 0 0 5 2
Missed Edge Cases 10 16.7% 0 0 10 0
Test Overtrust 0 0.0% 0 0 0 0
Contradictory Explanation 0 0.0% 0 0 0 0

associated with correctly classified patches (TP and TN) contain no failures identified by
consensus, whereas failures are concentrated among explanations for misclassified patches:
93.3% in the FP quadrant and 40.0% in the FN quadrant. The Fisher exact test indicates
that the failure rate in the FP quadrant is significantly higher than that in the TP quadrant
(p < 0.001), and that the failure rate in the FN quadrant is also significantly higher than
that in the TN quadrant (p = 0.035). This result does not imply that all explanations with
correct labels are reliable; rather, it indicates only that our consensus process did not identify
formal failures among the 30 sampled TP/TN explanations.

Table 12 RQ4 severity distribution.

Severity Count Rate

None 40 66.7%
Minor 3 5.0%
Major 16 26.7%
Critical 1 1.7%

Table 11 presents the prevalence of each failure type. As shown in Table 11, Hallucinated
Evidence is the most prevalent category (23.3%), followed by Missed Edge Cases (16.7%)
and Behavioral Misunderstanding (11.7%). Notably, Test Overtrust and Contradictory
Explanation were not observed in the sample. Within the FP quadrant, Missed Edge Cases
is nearly universal (10/14 failed explanations), suggesting a tendency of the model to defend
overfitting patches by overlooking inputs on which the evaluated patch and the correct fix
diverge. In the FN quadrant, by contrast, Hallucinated Evidence dominates (5/6 failed
explanations), indicating that the model fabricates code-level criticisms to justify rejecting
actually-correct patches. Finally, Table 12 reports the severity distribution. Among the 20
failed explanations, 16 are rated as major and 1 as critical, indicating that the vast majority
of explanation failures are not minor annotation disagreements but substantive reasoning
errors that could mislead practitioners.
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Answer to RQ4

LLM explanations are reliable mainly when the underlying label is already correct. In our
exploratory GPT-40/S0 sample, 33.3% of explanations contain at least one consensus failure,
but the failures are concentrated in misclassified cases: 93.3% of FP explanations and 40.0%
of FN explanations contain failures, whereas no consensus failures appear in the sampled
TP/TN explanations. Hallucinated Evidence is the most common failure type (23.3%),
followed by Missed Edge Cases (16.7%), and most failures have major severity. The low
inter-annotator agreement (x = 0.237) further suggests that explanation reliability is difficult
to judge, making unverified LLM rationales a risky basis for human-in-the-loop patch review.

4 Discussion

4.1 LLM Judge as a Triage Aid, Not a Replacement

The RQ1 results demonstrate that both GPT-40 and DeepSeek-V3 achieve moderate agree-
ment with human ground-truth labels under sanitized conditions (77.3% and 80.4% accuracy,
MCC = 0.575 and 0.625, respectively), and that neither model significantly outperforms the
other (p = 0.164). Although this level of performance is useful for triaging large volumes
of candidate patches — reducing manual inspection effort by filtering out likely-overfitting
patches — it is insufficient for unsupervised deployment as a sole correctness oracle. False
positive rates of 17.2% (GPT-40) and 22.1% (DeepSeek-V3) indicate that between one in
five and one in six overfitting patches would be accepted as correct, potentially propagating
inflated repair accuracy claims throughout the research literature. The cross-model compari-
son reveals broadly similar reliability across the full prompt matrix: after Holm correction,
the only setting exhibiting a statistically significant patch-level accuracy difference is E1
(PHOIMm = 0.046). Accordingly, the primary concern is not which model achieves marginally
higher accuracy, but the fact that both models continue to accept a substantial proportion
of overfitting patches. We therefore recommend that LLM Judge be positioned as a triage
aid: a first-pass filter that ranks candidates for human review, rather than a replacement for
ground-truth verification.

4.2 The Metadata Leakage Threat

RQ2 reveals that combining benchmark-identifying information (bug ID, project name, and
tool name in S4) produces a suggestive accuracy improvement for GPT-40 (+4.3 pp, OR =
3.33) but not for DeepSeek-V3 (+1.8 pp, OR = 2.20). This model-dependent asymmetry is
notable: although both models receive identical metadata, only GPT-40 exhibits a cluster-
robust metadata-induced shift, and even that shift remains marginal after the expanded
Holm correction (ppoim = 0.056). The individual metadata settings for DeepSeek-V3 are
likewise non-significant, suggesting that benchmark-identifying shortcuts exert a weaker
influence on this model within our dataset. One plausible explanation is that the training
data of GPT-40 contains more Defects4J-related content (e.g., from papers, repositories, and
tutorials) than the corpus of DeepSeek-V3, thereby enabling stronger shortcut recognition;
however, this result should be interpreted as a possible memorisation signal rather than
direct causal evidence. The two counterfactual controls reduce, but do not eliminate, this
ambiguity: shuffled metadata removes the GPT-40 improvement, while a fabricated bug ID
does not reproduce the full S4 shift. Regardless of the underlying mechanism, the implication
for experimental design is clear: studies that include file paths containing project names,
bug identifiers in variable names, or tool attribution in comments may inadvertently enable
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certain LLMs to short-circuit code reasoning — even when the effect is model-dependent. We
therefore recommend that all benchmark-identifying metadata be stripped from prompts
when evaluating LLM Judge reliability, in accordance with the SO sanitization protocol, and
that future leakage claims include counterfactual metadata controls.

4.3 Test-Passing Evidence: Limited Bias

Contrary to our initial hypothesis, the explicit declaration that all tests passed (E2) does
not significantly bias LLM judgments for either model (GPT-40: p = 0.909; DeepSeek-V3:
p = 1.000). This cross-model consistency suggests that both LLMs, at temperature 0, do not
naively equate test passage with patch correctness — a more sophisticated reasoning pattern
than anticipated. However, providing raw test code (E1) or execution traces (E3) trends toward
an increased false positive rate for both models. The most pronounced model-dependent
difference emerges under the raw test code condition: DeepSeek-V3 significantly outperforms
GPT-4o in patch-level correctness under E1 after cross-model Holm correction (pgoim = 0.046),
although its false positive rate remains elevated. This finding warrants caution: supplementary
test evidence may introduce model-specific noise rather than uniformly improving reasoning
quality.

4.4 The Developer Patch: Oracle or Leakage?

Both S5 (RQ2) and E4 (RQ3) demonstrate that providing the developer reference patch
substantially improves LLM accuracy for both models: GPT-40 gains +10.4 pp and +9.5 pp,
and DeepSeek-V3 gains +7.1 pp across both settings (p < 0.003). This improvement
is expected and legitimate when the developer patch is genuinely available, as similarity
comparison constitutes a valid reasoning strategy. However, the magnitude of the improvement
raises a critical concern: when a study reports LLM Judge accuracy with developer patches
included in the prompt, the reported figure reflects pattern-matching against a known
answer rather than the independent code-reasoning ability of the LLM. Notably, both models
converge to nearly identical accuracy under S5/E4 (~87%), despite differing by 3 pp under SO
— indicating that the reference patch effectively eliminates model-specific differences. Studies
should therefore clearly distinguish between reference-assisted assessment, which is legitimate
but requires a developer patch, and standalone assessment, which represents the common
use case in which no reference is available.

4.5 Explanation Reliability: An Exploratory Risk Signal

RQ4 yields an exploratory risk signal: explanation quality is strongly contingent on label
correctness. When the LLM classifies a patch correctly (TP and TN), the corresponding
explanations contain no consensus-identified failures across the 30 sampled TP/TN cases.
By contrast, when the classification is incorrect, explanation failures are substantially more
frequent — a failure rate of 93.3% for false positives and 40.0% for false negatives.

This asymmetry creates a particularly dangerous feedback loop. A practitioner reviewing a
false positive explanation encounters a plausible, well-structured argument that an overfitting
patch is correct. Such an explanation may reference specific code elements, discuss behavioral
semantics, and present a seemingly coherent conclusion; yet within the false positive sample,
93.3% of such explanations contain hallucinated evidence, missed edge cases, or behavioral
misunderstandings. The practitioner possesses no reliable signal to distinguish a trustworthy
explanation from a hallucinated one without independently verifying the underlying code
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reasoning — an effort that defeats the efficiency rationale for employing an LLM judge. The
low inter-annotator agreement (x = 0.237) on explanation failures further reinforces this
concern: even trained annotators struggle to reliably identify whether an LLM explanation
is well-grounded or subtly fabricated. If domain experts disagree on whether an explanation
contains hallucinated reasoning, practitioners with less domain expertise are unlikely to
detect such failures during review.

4.6 Practical Recommendations

Based on the findings of this study, we offer the following recommendations for APR
researchers employing LLM Judge:

4.6.1 APCA-specific recommendations

Sanitize prompts. Removing or masking benchmark-identifying metadata (bug IDs, project
names, tool names, and file paths) should be viewed as a prudent precaution to reduce

the risk of metadata-induced shortcuts, rather than as a universally validated requirement.

When investigating leakage, include shuffled-metadata or fabricated-ID controls so that
benchmark-formatting effects are not conflated with genuine metadata linkage.

Distinguish reference-assisted assessment from standalone assessment. When a developer
patch is used as evidence, this should be clearly stated, and the results should not be
generalized to settings in which no reference patch is available.

4.6.2 General principles for LLM-as-Judge evaluation

Report task-specific safety metrics alongside accuracy. Evaluation should expose the
decision error with the greatest task-level cost and report the full error profile. In APCA,
this safety-critical metric is the false-positive rate, together with the full confusion matrix.

Do not treat explanations as self-validating. LLM explanations are least reliable precisely
when they matter most — on misclassified patches. Explanations should be treated as starting
points for further investigation rather than as self-contained justifications.

Deploy LLM Judge as a triage filter. LLM Judge should be used to rank and filter
candidates for human review, not as a replacement for manual correctness assessment.

5 Threats to Validity

Internal validity. The main internal threat is prompt sensitivity: different prompt wordings
or output formats may induce different LLM judgments. We reduce this threat by using
one prompt template across all settings, varying only the information content inserted into
that template, and set the temperature to 0 to reduce sampling variability. For RQ4, the
low inter-annotator agreement (x = 0.237) indicates that explanation-failure labels partly
depend on the adjudication protocol. We mitigate this risk through independent annotation,
majority-vote consensus, and a conservative adjudication rule in which label changes are
accepted only when at least two of three annotators agree on the change direction.
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External validity. Our dataset is drawn exclusively from Defects4J, a Java benchmark
covering five Apache projects. Results may not generalise to other programming languages
or APR benchmarks. Defects4J is a widely adopted benchmark in the APR community,
encompassing multiple real-world Java projects, and thus offers a degree of representativeness.
The present study focuses primarily on Java, the dominant language in this domain; future
work will explore broader language support, including Rust and Python. Furthermore,
GPT-40 represents a widely used proprietary model and DeepSeek-V3 represents an open-
source model with competitive performance. We deliberately selected this pair to contrast
proprietary and open-source LLMs, rather than to claim that two models cover the full LLM
landscape. Models with different architectures, training data, reasoning capabilities, or release
dates may exhibit different reliability profiles. Accordingly, the observed model-dependent
effects should not be generalised to all LLMs. Future work will repeat the protocol on
additional proprietary and open-source models as releases evolve.

6 Related Work

6.1 Automated Patch Correctness Assessment

The APCA technique is designed to address the overfitting problem in test-based APR,
wherein a generated patch may pass all available tests yet still fail to achieve the intended
repair. Existing APCA techniques can be broadly organized into dynamic and static methods,
depending on whether correctness evidence is obtained from program execution or code and
change representations [37, 20].

Dynamic APCA methods assess patches by observing their behavioral effects under
existing, generated, or augmented tests [31, 29, 30]. For instance, Opad [31] employs
mutation testing to augment test cases for patch validation, Diff TGen [29] generates tests
to expose test-suite-overfitted patches, PATCH-SIM [30] compares behavioral similarity
between generated and developer patches, Ye et al. [35] scale such checks to large APR
corpora, and xTestCluster [17] groups generated patches by their test-observed behavior.
Dynamic methods provide executable evidence and can reveal concrete counterexamples, but
their effectiveness remains constrained by test generation quality, oracle availability, and the
observability of the fault-relevant behavior.

Static APCA methods infer patch correctness from code, change, and contextual features
without requiring additional executions [34, 24, 16, 25, 11, 14]. For example, ODS [34] uses a
classifier over statically extracted code features, Tian et al. [24] learn representations for code
changes, Cache [16] develops context-aware code-change embeddings, Quatrain [25] explores
correlations between bug descriptions and patch descriptions, Kang et al. [11] leverage
language models for patch prioritization, Shibboleth [6] analyses production/test code impact.
Reliability-oriented studies further show that APCA labels and checking procedures can be
unstable, that current APCA methods still leave substantial error rates, and that existing
checking approaches vary widely in assumptions and coverage [13, 26, 32]. Overall, static
methods reduce dependence on generated tests and scale well to large patch corpora, but they
also introduce risks from dataset bias, feature leakage, and limited cross-project generalization.

More recently, LLMs have been introduced into APCA, recasting patch assessment as a
natural-language and code-understanding task [36, 40, 5, 33]. For example, APPT [36] fine-
tunes pre-trained models for patch correctness prediction, LLM4PatchCorrect [40] retrieves
similar patches and uses them as context to assist LLM predictions of patch correctness, Yang
et al. [33] apply parameter-efficient fine-tuning with attributed patch semantic graphs to
inject structured patch semantics into LLMs, RePaCA [5] employs reinforcement learning fine-
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tuned LLMs to generate chain-of-thought reasoning for patch correctness assessment. These
methods often report stronger predictive performance than earlier feature-based classifiers,
but most studies optimize accuracy rather than validating whether LLM judgments are
stable, unbiased, and grounded measurement outcomes. Our work therefore differs from prior
APCA research by auditing LLM-as-Judge itself: we examine how metadata leakage, evidence
availability, model choice, and explanation quality affect the reliability of LLM-based patch
correctness assessment.

6.2 LLMs as Judges in Software Engineering

The use of LLMs as evaluation instruments has expanded rapidly beyond APR into code
generation, code review, and software testing. CodeJudgeBench [8] evaluated LLM-as-Judge
for code generation and testing tasks, finding systematic biases in LLM evaluations. Liang et
al. [15] reported memorisation-related benchmark-recognition signals in SWE-bench, where
LLMs may recognise benchmark instances from pre-training data rather than reasoning from
first principles. Bias-in-the-Loop [38] audited LLM-as-Judge for software engineering tasks
and found evidence of position bias, verbosity bias, and self-enhancement bias. Our work
contributes to this growing body of evidence by providing a controlled, multi-dimensional
reliability audit specific to the APCA task, with particular attention to benchmark-identifying
information leakage and explanation quality.

7 Conclusion

This paper presents an empirical reliability study of LLM-as-Judge for automated patch
correctness assessment. Across a balanced Defectsd] dataset, GPT-40 and DeepSeek-V3
achieve moderate accuracy but still produce substantial false-positive rates, indicating that
LLM Judge is useful for triage but insufficient as a standalone correctness oracle. Benchmark-
identifying metadata can induce model-dependent accuracy shifts, which reinforces the need
for prompt sanitization and counterfactual metadata controls. Test-passing declarations
do not significantly bias judgments in our setting, whereas raw test code and execution
traces may increase false positives. Providing the developer reference patch substantially
improves accuracy, but this result should be interpreted as reference-assisted assessment
rather than standalone evaluation. Finally, our exploratory explanation audit shows that
one-third of sampled explanations contain failures, concentrated among misclassified patches,
with hallucinated evidence and missed edge cases as the dominant failure types.

Future work should extend this reliability audit to additional LLMs, programming
languages, and APR benchmarks, and investigate whether prompt engineering or fine-tuning
can reduce explanation failures without introducing new biases.

Data Availability Statement

To facilitate future studies, our code and data are available at: https://github.com/
Polaris-sg/1lm_judge_Study.
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