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Abstract

Large Language Models (LLMs) are increas-
ingly used not only to generate code, but also
to judge it: comparing, ranking, or scoring
competing solutions. However, their reliabil-
ity in this evaluative role remains poorly un-
derstood. Inconsistent or flawed judgments
can undermine benchmarks and distort train-
ing signals. This paper investigates the perfor-
mance and robustness of LLMs when used as
code judges. We introduce CodeJudgeBench,
a benchmark explicitly designed to evaluate
LILM-as-a-Judge models across three critical
coding tasks: code generation, code repair,
and unit test generation. We comprehensively
benchmark the performance of 26 LLM-as-a-
Judge models, encompassing general-purpose,
code-tuned, and reasoning models. Our empiri-
cal findings reveal that relatively small reason-
ing models (e.g., Qwen3-8B) can outperform
much larger non-reasoning models up to 70B.
We further stress-test robustness by applying
both general and code-specific perturbations.
All models show significant instability and are
sensitive to changes such as response ordering,
variable naming, and misleading comments.
These findings highlight serious concerns about
the consistency and robustness of LLM-based
judges for coding tasks.!

1 Introduction

Large Language Models (LLMs) (DeepMind,
2025; Anthropic, 2025b,a; Achiam et al., 2023;
Grattafiori et al., 2024) have substantially ad-
vanced a wide range of software engineering
tasks, including code generation (Li et al., 2022),
code repair (Chen et al., 2024b), and unit test
generation (Chen et al., 2023a; Miindler et al.,
2024). Beyond generating code, LLMs are increas-
ingly employed to judge code, performing tasks
such as ranking, scoring, and comparing candi-
date solutions. This emerging LLM-as-a-Judge
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Figure 1: Overview of CodeJudgeBench (top) and com-
parison of LLM-as-a-Judge performance on CodeGen
Task with previous benchmarks (bottom).

paradigm (Gu et al., 2024; He et al., 2025) offers
a scalable alternative to human evaluation, and
plays a central role in recent multi-agent work-
flows (Hong et al., 2024; Wu et al., 2024; Wang
et al., 2025b), where LLMs not only generate code,
but also act as automated judges; enabling robust,
scalable, and fully automated software develop-
ment pipelines.

Despite the growing adoption of the LLM-as-
a-Judge paradigm, systematic studies on their ef-
fectiveness in coding tasks remain limited, which
constrains progress in this area. Existing LLM-as-
a-Judge benchmarks (Tan et al., 2025; Liu et al.,
2025) are mostly designed for general domains and
include only a small subset of relatively simple pro-
gramming problems. Even benchmarks tailored to
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coding scenarios (Zhao et al., 2025; Yang et al.,
2025b; Ficek et al., 2025; Zhou et al., 2025c¢) pri-
marily focus on code generation tasks, overlooking
the potential for applying LLM-as-a-Judge to other
types of coding tasks. Furthermore, the robustness
and reliability of coding judges have received little
attention.

To address this gap, we curate Code-
JudgeBench, a benchmark designed to enable
comprehensive analysis of LLM judge perfor-
mance across diverse and challenging coding
scenarios.  CodeJudgeBench comprises three
representative code judging tasks: code evaluation,
code repair evaluation, and unit test evaluation.
We primarily focus on assessing judge reliability
when all candidate solutions originate from
LLM rollouts within agentic or self-improving
pipelines, rather than from human sources. The
benchmark includes 5,352 solution pairs generated
by various frontier LLMs, such as Gemini-2.5-Pro,
on competitive programming problems, ensuring a
high level of task difficulty and diversity.

As shown in Fig. 1, all evaluated LLM judges
achieve substantially lower accuracy on Code-
JudgeBench than on prior benchmarks. To probe
robustness, we further stress-test judges using
both general variations (e.g., response format-
ting and ordering) and code-specific perturbations
(e.g., author attribution, misleading comments, ver-
sion numbers, creation dates, variable renaming,
statement reordering). We also test for model-
dependent bias by comparing judge performance
on code generated by different LLMs. Finally, we
explore automated perturbation generation to en-
able scalable failure-case discovery and bias prob-
ing beyond hand-crafted perturbations.

Our empirical findings from this study reveal
several important insights. First, smaller reasoning
models such as Qwen3-8B (Yang et al., 2025a) out-
perform much larger non-reasoning models trained
specifically for judge tasks, including those with
up to 70B parameters (Wang et al., 2024; Pom-
bal et al., 2025). Interestingly, recent efforts to
fine-tune reasoning judges do not yield improve-
ments over general-purpose reasoning models for
coding tasks. Second, all models exhibit signifi-
cant instability, with judgment accuracy sensitive to
both general variations and coding-specific pertur-
bations. Misleading comments, variable renaming,
and statement reordering cause the largest degrada-
tions.

This paper makes the following contributions:

* New Benchmark: CodeJudgeBench is the
first code benchmark explicitly designed to
evaluate the performance and robustness of
LLM-as-a-Judge models across a variety of
coding tasks: code generation, code repair,
and unit test generation.

* Comprehensive Evaluation: We evaluate 26
LLMs spanning general-purpose, code-tuned,
and reasoning-enhanced architectures, reveal-
ing the capabilities of LLM-as-a-Judge on
coding tasks more comprehensively.

* Robustness Analysis: Our study identifies
key factors impacting evaluation reliability, in-
cluding response order and formatting, genera-
tor bias, code comments, variable naming, and
a range of code-specific perturbations. This
provides the most extensive analysis to date
of the fragile boundaries and biases inherent
in LLM-as-a-Judge for coding tasks.

2 Related Work

Coding Judges While most coding judges rely
on general-purpose LLMs, specialized models
such as AceCodeRM (Zeng et al., 2025) and Cerit-
icGPT (McAleese et al., 2024) have been devel-
oped to enhance code evaluation accuracy. Existing
works generally adopts two judging criteria: code
functionality and code quality (He et al., 2025),
with the latter emphasizing human-centric aspects
like readability and style (Weyssow et al., 2024;
Wang et al., 2025a). CodeJudgeBench advances
execution-free assessment of code functionality,
determining correctness of generated code or unit
tests without execution and thereby overcoming
scalability challenges associated with managing ex-
ecution environments (Le et al., 2018; Zhou et al.,
2024). General LLM-as-a-Judge benchmarks (Tan
et al., 2025; Liu et al., 2025) include a coding
split, but these are typically small in scale and
focus primarily on code generation. In coding-
specific evaluations, recent works (Yang et al.,
2025b; Ficek et al., 2025; Zhou et al., 2025¢) have
mainly focused on judging basic code generation
tasks sourced from MBPP (Austin et al., 2021) and
HumanEval (Chen et al., 2021), which feature lim-
ited algorithmic complexity. To address these limi-
tations, CodeJudgeBench advances the evaluation
of LLM judges in coding by providing challenging
data points across three critical tasks: code genera-
tion, code repair, and unit test generation.
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Figure 2: Overview of the proposed CodeJudgeBench. The left side illustrates the data curation process of
CodeJudgeBench. The right side illustrates the evaluation process of CodeJudgeBench.

Judge Robustness LLMs such as GPT-4 demon-
strate high correlation with human judgments when
used as automated judges (Zheng et al., 2023).
However, LLM-as-a-Judge systems exhibit biases
such as position (Zheng et al., 2023), verbosity and
formatting (Liu et al., 2025), where models tend to
favor longer answers and those presented in mark-
down format. LLMs also display human-like bi-
ases (Ye et al., 2024), such as authority bias, where
they prefer responses attributed to experts, and
beauty bias, where they favor text with emoji over
plain text. Notably, (Chen et al., 2024a) demon-
strated that authority and beauty biases can suc-
cessfully influence judgment of frontier models
like GPT-4, achieving a 50% success rate. Re-
cent work addresses these issues through super-
vised fine-tuning, chain-of-thought reasoning, and
critique generation to enhance evaluation reliabil-
ity (Zhu et al., 2025; Li et al., 2024; Ke et al.,
2024). In parallel, a large body of research has ex-
amined the adversarial robustness of various neural
models (Chen et al., 2023b; Gao et al., 2025), in-
cluding adversarial attacks against general-domain
judges (Chen et al., 2024c; Zhang et al., 2024). De-
spite these advances, the field still lacks systematic,
large-scale benchmarks for assessing the robust-
ness and reliability of coding judges. Importantly,
bias specific to the coding domain remains underex-
plored. To address this gap, we introduce perturba-
tion methods based on CodeJudgeBench, revealing
key vulnerabilities of existing coding judges.

3 CodeJudgeBench

3.1 Overview

As shown in Fig. 2, CodeJudgeBench evaluates the
capabilities of LLM-as-a-Judge across three crucial
coding tasks: code generation (Jiang et al., 2024),
code repair (Tang et al., 2024), and test genera-
tion (Alshahwan et al., 2024). Each data point in
CodeJudgeBench consists of a triplet: Instruction,
Good Response, Bad Response. The LLM-as-a-
Judge is then tasked with evaluating both responses
and choosing the one that better satisfies the in-
struction.
Formally, LLM-as-a-Judge is defined as:

J<+ LLM(p®r®q),

where J is the final judgment or verdict produced
by the LLM-as-a-Judge, p is the programming task,
r is the response or set of responses to be evaluated,
and g is the instruction prompting the LLM to act
as a judge. The operator @ specifies the method
for concatenating or formatting p, , and ¢ into a
single prompt for the LLM.

3.2 Task Definition

Code Generation (CodeGen): In this task, the
LLM-as-a-Judge is presented with a coding prob-
lem statement and two candidate code snippets.
The LLM-as-a-Judge has to accurately identify the
correct code snippet.

Code Repair (CodeRepair): In the code repair
scenario, the LLLM-as-a-Judge is presented with the
original coding problem statement, an erroneous
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code snippet along with its corresponding error
message, and two candidate code repairs. The task
of the LLM-as-a-Judge is to identify which candi-
date represents the correct fix.

Test Generation (TestGen): In the test generation
setting (Chen et al., 2023a), the LLM-as-a-Judge
is presented with a coding problem statement and
two candidate unit test cases, each consisting of an
input-output pair. The task of the LLM-as-a-Judge
is to identify the correct unit test case for the given
problem.

3.3 Data Curation

We source challenging coding questions from Live-
CodeBench (Jain et al., 2025). Candidate responses
are generated by a coding model and automatically
labeled as good or bad based on objective correct-
ness criteria, such as passing unit tests or matching
ground-truth outputs. We exclude cases where only
good or only bad responses are available, and ran-
domly pair one good and one bad response to form
each evaluation instance. Further task-specific de-
tails are provided in Appendix D.

While LiveCodeBench’s unit tests have coverage
and diversity limitations (Wang et al., 2025c; Zhou
et al., 2025b), our pairwise framework is minimally
affected, as it only requires the good response in
each pair to pass more tests than the bad one. The
judge model is thus evaluated on distinguishing
between pairs, not on absolute correctness.

3.4 Data Statistics

To ensure the high quality and diversity of the
generated responses, we utilize three state-of-the-
art LLMs—Claude-3.7-Sonnet, Gemini-2.5-Flash,
and Gemini-2.5-Pro, all of which demonstrate
strong performance on coding benchmarks. For
the CodeGen task, we further include models such
as Qwen3-235B, Claude-4-Sonnet, Claude-4-Opus,
Gemini-2.5-Flash-Lite.

Following (Zhang et al., 2025; Frick et al., 2025),
we categorize the samples in each task into three
difficulty levels: easy, medium, and hard based on
the proportion of LLMs that correctly judge each
sample. As pairwise judging is a binary task suscep-
tible to random guessing, we only use top perform-
ing LLMs from both open-source and close-source
for the assessment. A breakdown of the dataset can
be found in Tab. 1.

Task Easy Medium Hard Overall
CodeGen 694 580 829 2103
CodeRepair 738 703 968 2409
TestGen 184 162 494 840

Table 1: Data statistics of CodeJudgeBench tasks.

4 Experiment

4.1 Experiment Setup

Evaluated models To evaluate the capabilities
of LLM-as-a-Judge, we choose multiple represen-
tative LLMs, as shown in Tab. 2. We classify these
models based on whether they are capable of think-
ing, open-source, and trained on domain-specific
(i.e., code datasets) or task-specific data (i.e., LLM-
as-a-Judge datasets). The details of these models
can be found in Appendix C.

Implementation Details For the Judge-Tuned
LLMs, we follow the prompts and sampling pa-
rameters provided in their official implementations.
In the case of general LLMs, we use the pairwise
prompt from (Tan et al., 2025), which instructs the
LLM to first generate its own reference answer,
which is then used to compare and evaluate candi-
date responses. The LLM is instructed to choose
the better response without allowing for ties. To
mitigate the risk of random guessing, each sample
pair is evaluated twice. The good response is al-
ternately placed as the first (i.e., position A) and
second (i.e., position B) candidate, and the results
are averaged.

Model

Claude-3.5
Claude-3.7
Claude-4
Gemini-2.0
Gemini-2.5
R1-Distill
RM-R1

QwQ

Qwen3
AceReason-Nemotron
DeepCoder
Qwen2.5-Coder
Phi-4
AceCodeRM
Self-Taught
Skywork-Critic
Prometheus

Thinking Open-Source Code-Tuned Judge-Tuned

ENEN

N N N N NEN
RN N N N NS NENENENEN
ANENEN

EENENEN

Table 2: LLM-as-a-Judge models evaluated on Code-
JudgeBench
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LLM-as-a-Judge Code Generation Code Repair Test Generation Avg.
Easy Medium Hard Overall Easy Medium Hard Overall Easy Medium Hard Overall
Claude-3.5-Sonnet-v2 72.62 6181 4391 5832 8150  71.19  50.15 6590 66.85 6049 4565 53.15 59.12
Gemini-2.0-Flash 6225 5647 4337 5321 70.19 59.96 4695 5787 6522 5216 4929 5333 54.80
Gemini-2.0-Flash-Lite 64.63  54.14  43.00 5321 6511 5633 4638 5502 61.14 5432 4686 5143 5322
Claude-3.7-Sonnet 89.91 71.21 43.18 6633 9431 7795  48.04 7094 9402 7747 5121 6565 67.64
Claude-4-Sonnet 98.63 8853 5627 79.15 99.12 9339 64.00 8333 97.01 9290 6488 7732  79.93
Claude-4-Opus 97.12 8491 51.81 75.89 99.66 91.68  60.02 81.40 97.01 8488  58.10 71.79 76.36
Gemini-2.5-Flash 96.90 8509 5507 7715 98.17 8755 5320 77.00 91.03 80.56 5840 69.82 74.66
Gemini-2.5-Pro 98.85  90.00 62.24 8198 9932 9339 67.82 8493 97.83 89.81 6923 7946 82.12
AceCodeRM-7B 59.51 5207 50.66 5397 3740 4637 5134 4562 70.11 5556 5628 59.17 5292
AceCodeRM-32B 7032 55.17 4922 5782 5041 5448 5021 5152 69.57 5494 5223 5655 5530
Qwen2.5-Coder-32B 76.37 6233  41.80 5887 7757 6479 4623 6125 61.14 5401 47.06 5149 5720
Skywork-Critic-70B 7277 6328 4566 5946 7121 6152 48,61 5930 61.14 4537 4595 49.17 5598
Prometheus-14B 75.65  61.64 4343 59.08 7879 6643 4788 6276  59.51 50.62 4504 4929 57.04
Self-Taught-70B 7212 60.60 4288 5742 7636 6238 4561 5992 6576 5370 4585 51.73  56.36
R1-0528-Distill-Qwen3-8B  94.52  77.84  48.07 71.61 9444  77.10 50.62 71.77 86.68  75.31 50.61  63.27  68.88
R1-Distill-Qwen-14B 86.96  71.03 4023 6415 9268  78.17 4437 69.03 8940 70.06 4737 6095 64.71
R1-Distill-Qwen-32B 9524 7690 3655 67.05 9729 80.94 4034 69.63 95.11 80.86  51.01 66.43  67.70
DeepCoder-14B 9244 7224 3932 6593 9580 7696 4148 6847 9375 7685 4787 6351 6597
Qwen3-8B 9352 7810  47.77 7123 9444 8137 4690 7152 79.62 6327 4150 5405 65.60
Qwen3-14B 98.05  83.02 4349 7240 9878 8855 4365 73.64 9592 7994 5283 6750 71.18
Qwen3-32B 97.69 8698 4735 7489 9892 8890 46.80 7505 9592 7840  53.04 6732 7242
QwQ-32B 99.06  89.74 4934 76.89 99.53  90.68  52.89 7821 97.83 9228 5931 7411 76.40
Phi4-Reasoning-Plus-14B 9244 7457 4656 69.42 82.18 66.86 44.68 62.64 89.40  79.01 54.15  66.67  66.24
AceReason-Nemotron-14B  97.12 8250 4590 7290 98.10 86.06 4726 74.16 9891  89.20 61.03 7476 73.94
RM-R1-14B 9049 7336  39.02 6548 9180 7404 4494 6779 8859  68.83 3957 5595 63.07
RM-R1-32B 92.07 7405 3794 6576 89.84 71.19 3879 63.89 8424 7377 4332 5815 62.60

Table 3: Performance of LLM-as-a-Judge models on CodeJudgeBench. Accuracy is reported across Easy, Medium,
and Hard difficulty splits, as well as the overall average across all tasks. Models are grouped into four categories:
(1) proprietary non-thinking, (2) proprietary thinking, (3) open-source non-thinking, and (4) open-source thinking
judges. We highlight the best performance with bold, and the best open-source performance with underline.

4.2 Main Results

Tab. 3 presents the performance of various LLM-
as-a-Judge models on CodeJudgeBench tasks. In
general, reasoning models such as DeepCoder-14B,
AceReason-14B, Qwen3, QwQ, RM-R1, Claude
3.7/4, and Gemini-2.5—Pro/Flash consistently out-
perform others. These models allocate more to-
kens for code analysis, which enhances their abil-
ity to understand and accurately judge code re-
sponses. Notably, smaller thinking models, such as
Qwen3-8B, surpass CoT models like Prometheus-
14B and Self-Taught 70B in overall accuracy. In
contrast, non-thinking models—including propri-
etary models like Claude-3.5 and models specifi-
cally fine-tuned for LLM-as-a-Judge tasks such as
Prometheus-14B—achieve accuracies below 60%,
approaching the random guess baseline of 50%.

Interestingly, fine-tuning thinking models specif-
ically for LLLM-as-a-Judge tasks does not always
yield improved performance. For example, RM-R1
underperforms relative to similarly sized models
such as Qwen3-32B and QwQ, likely due to insuffi-
cient code-related training data in LLM-as-a-Judge
datasets, which often focus on modeling general
human preferences. Among all evaluated mod-

els, closed-source models such as Gemini-2.5-Pro
and Claude-4-Sonnet achieve the highest scores on
CodeJudgeBench.

In terms of task difficulty, judging the correct-
ness of unit test generation is the most challenging
for LLM-as-a-Judge models, followed by code gen-
eration, with code repair being the easiest. The
greater difficulty of test generation likely arises
because it provides only the problem statement,
while code generation and repair have richer con-
text, such as code snippets and error messages,
which support more accurate judgment. While
larger model sizes often correlate with improved
performance, this trend is not as apparent in Code-
JudgeBench. Several 14B models perform com-
parably to their larger counterparts; for example,
RM-R1-14B achieves results similar to RM-R1-
32B, and Qwen3-14B is on par with Qwen3-32B.

Pointwise vs. Pairwise: In addition to pairwise
evaluation, pointwise evaluation is another com-
monly used schema. In the pointwise approach,
the LL.M-as-a-Judge evaluates each candidate re-
sponse independently, assigning a score on a Likert
scale (e.g., 1 to 5). The response with the high-
est score among the candidate pair is then selected
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LLM-as-a-Judge Ice-Score CodeJudge Pairwise
Accuracy Tie Accuracy Tie
DeepCoder-14B 58.01 64.10 57.25 5806  65.93
Phi4-Reasoning-Plus-14B 4532 24.49 54.54 4746  69.42
Qwen3-8B 57.68 63.43 6205 6372 71.23
Qwen3-14B 62.67 60.63 6324 5972 7240
Qwen3-32B 63.72 6134 6538 6029  74.89
QwQ-32B 65.00 62.67 64.05 6220  76.89
R1-Distill-Qwen-14B 54.92 6334 5687 5796  64.15
R1-Distill-Qwen-32B 59.11 61.10  59.63  60.82  67.05

R1-0528-Distill-Qwen3-8B 62.53 48.45 61.53 56.82  71.61
AceReason-Nemotron-14B 63.29 57.58 63.81 54.21 72.90

Table 4: Comparison of pointwise (Ice-Score, Code-
Judge) and pairwise prompting on the CodeGen task.
For each model, the best performance is in bold and the
second-best is underlined. The Tie column reports the
percentage of instances where both candidates receive
the same score.

as the preferred answer. Alternatively, the LLM-
as-a-Judge can provide a binary judgment indicat-
ing whether the code is good or bad. We use the
Ice-Score (Zhuo, 2024) prompt for the scoring ap-
proach and the CodeJudge (Tong and Zhang, 2024)
prompt for the binary approach.

Our experiments on the CodeGen task show that
the pointwise approach significantly underperforms
compared to the pairwise approach. Further analy-
sis reveals that this discrepancy is primarily due to
the frequent occurrence of tied scores or identical
binary judgment between candidates. In such cases,
we randomly select a candidate when calculating
the accuracy. As shown in Tab. 4, approximately
50% of pointwise judgments result in ties for var-
ious models. We attribute this to the absence of
direct comparison in the pointwise setting, mak-
ing it difficult for the model to distinguish between
highly similar candidates and resulting in arbitrary
or indistinguishable scoring.

4.3 Robustness of Coding Judges

Ideally, LLM-as-a-Judge models should be capable
of evaluating a wide range of outputs, with their
assessments remaining unaffected by superficial
factors. Motivated by this, we study the robustness
and generalization abilities of LLM judges by as-
sessing their sensitivity to response order, outputs
from different coding models, and a range of func-
tional and non-functional perturbations specific to
coding.

Response Ordering: We first investigate whether
LLM-as-a-Judge models produce consistent evalua-
tions under trivial changes in response order, specif-
ically by swapping the position of the correct re-
sponse within the pair. Surprisingly, as shown in
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Figure 3: Performance under different response order-
ings. Correct@A and Correct@B indicate that the cor-
rect answer appears in the first or second position, re-
spectively

Fig. 3, model performance varies substantially de-
pending on the order, with discrepancies reaching
up to 14%. For certain models, this positional bias
persists across all tasks: for example, RM-R1-32B
and Claude-3.7-Sonnet consistently exhibit recency
bias, tending to prefer the response presented in
the second position across CodeGen, CodeRepair,
and TestGen tasks. In contrast, Qwen3-32B dis-
plays a task-dependent position bias, performing
better when the correct response is first for Code-
Gen, but preferring the second position for CodeRe-
pair. Gemini-2.5-Pro demonstrates the least posi-
tion bias among the evaluated models.

Different Coding Models: In this experiment, we
evaluate LLM-as-a-Judge models on responses gen-
erated by three different coding models: Gemini-
2.5-Pro, Gemini-2.5-Flash, and Claude-3.7-Sonnet.
To enable comparison across splits, we apply Z-
score normalization to LL.LM-as-a-Judge accuracy
within each split. Ideally, LLM-as-a-Judge per-
formance should remain consistent across outputs
from different models, as code correctness is an
objective criterion. However, as shown in Fig. 3,
we observe significant variability in LLM-as-a-
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Figure 4: Generalization of LLM-as-a-Judge perfor-
mance across outputs from different models (Gemini-
2.5-Pro, Claude-3.7-Sonnet, Gemini-2.5-Flash). A gen-
eralizable LLM-as-a-Judge should exhibit similar Z-
score normalized accuracy across different models.

Judge performance on the different splits. For ex-
ample, on the CodeGen task, QwQ is much bet-
ter at judging responses from Claude-3.7-Sonnet
than Gemini-2.5-Flash/Pro. RM-R1-32B performs
much better on Gemini-2.5-Pro than Gemini-2.5-
Flash or Claude-3.7-Sonnet outputs. These findings
suggest that LLM-as-a-Judge models may not base
their assessments solely on code correctness, but
may also be influenced by additional factors such
as coding style or response formatting. We further
investigate reliance on these non-functional factors.

Non-functional Code Biases: We assess the ro-
bustness of LLM-as-a-Judge models for coding
tasks by examining their sensitivity to both triv-
ial code changes, such as variable renaming (Var)
and statement reordering (SR), and non-functional

biases that may influence model judgments. For
correct code samples, we insert misleading inline
comments (e.g., “# this code is wrong” (WC), “#
TODO: Fix this bug” (TC)) to test the impact of
negative annotations. To evaluate authority bias,
we prepend comment blocks attributing code au-
thorship (Author) to either a junior or senior devel-
oper. We explore temporal biases specific to the
coding domain by modifying metadata, such as ver-
sion numbers (Version) and creation dates (Date),
to determine if models favor newer code versions.
We also assess bias to proxy measures of code
quality by varying GitHub stars (Star) and code
coverage metrics (Coverage), testing whether mod-
els favor popular or highly covered code regardless
of correctness. The details of these perturbations
can be found in Appendix A.

As illustrated in Fig. 5, LLM-as-a-Judge models
are most susceptible to superficial code changes,
including variable renaming, statement reordering,
and the insertion of misleading comments into oth-
erwise correct code. These perturbations cause the
models’ performance to degrade to a level that is
close to random guessing (approximately 40% to
60% accuracy). The pronounced impact of variable
renaming and statement reordering suggests that
these models may rely on memorization of specific
solution codes rather than robust semantic under-

\Zlg -16.42 | -18.94 | -13.11 | -12.61
S -12.57
Author -JEsiie]

Date -JEEVAE]

-40.65 JREED
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Figure 5: Impact of code perturbations on LL.M-as-a-
Judge performance. The heatmap illustrates the percent-
age change in judge accuracy across models (x-axis)
when subjected to various perturbations (y-axis).
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standing. In contrast, non code-related biases such
as author attribution, creation date, version num-
ber, Github stars, or code coverage metrics exert a
much smaller influence on model judgments.
Automated Perturbation Generation: Beyond
hand-crafted perturbations, we use an automated
framework to search for perturbations that induce
incorrect judgments. Following PAIR (Chao et al.,
2025), an attacker LLM proposes perturbations
and a target LLM (LLM-as-a-Judge) evaluates the
perturbed candidates.

We validate each perturbation with unit tests to
ensure the perturbed correct code remains function-
ally correct and the wrong code remains incorrect.
An attack succeeds if the judge prefers the wrong
code; otherwise, the judge’s output and the his-
tory of failed attempts are fed back to the attacker
to generate new perturbations, effectively increas-
ing search depth through iterative refinement. We
also expand search breadth by generating multiple
attacks per prompt. In our experiments, both the at-
tacker and target LLMs are QwQ-32B, with search
depth and breadth fixed at 3.

As shown in Fig. 5, PAIR performs comparably

to hand-crafted perturbations. Moreover, pertur-
bations found using QwQ-32B as the target trans-
fer to other judge models. Therefore, automated
approaches are a promising direction for scalable
failure-case discovery and bias probing.
Bias Mitigation through Prompting: To improve
judge robustness, we conducted additional exper-
iments explicitly prompting the judge model to
ignore code formatting and comments and focus
solely on functional correctness. However, this in-
tervention resulted in only modest improvements in
judge accuracy, with absolute improvements rang-
ing from 0.25% to 5% (see Table 5). The over-
all degradation in judge performance remains sub-
stantial, with accuracy reductions persisting in the
range of 9.9% to 18.35%.

These findings suggest that prompt-based inter-
ventions alone cannot fully mitigate bias in the
judge model. Existing code-focused post-training
also appears insufficient, with AceReason exhibit-

Wrong (WC)) TODO (TC)
LLM-as-a-Judge Baseline w/ bias mitigation Baseline w/ bias mitigation
Qwen3-32B -20.13 -15.09 -14.25 -13.60
QwQ-32B -13.55 -11.23 -9.65 -9.90
AceReason-14B -17.80 -18.35 -19.24 -16.86

Table 5: Results of prompt-based mitigation for code
comment bias.

ing similar biases despite post-training for math and
code reasoning. More targeted mitigation strate-
gies, such as specialized post-training for code
judging may be needed.

Candidate Pre-processing: For the code genera-
tion task, the primary determinant of response qual-
ity is the generated code itself. Prior work (Zeng
et al., 2025) often applies pre-processing to raw
model outputs before passing them to LLM-as-a-
Judge models. In this study, we systematically
examine three variants of pre-processing, as illus-
trated in Fig. 6. First, we consider the baseline
approach with no pre-processing, using the raw
model response as input to the judge. Second, we
extract only the code segments contained within
markdown code blocks, omitting any surrounding
text. Third, we further refine the extracted code
by removing all comments, retaining only the exe-
cutable code. The results are summarized in Tab. 6.
We observe that removing both surrounding text
and code comments leads to the worst LLM-as-
a-Judge performance, whereas providing the full
model response yields the best performance on av-
erage.

4.4 Analysis of Model Judgment Errors

We investigate what makes a pair challenging for
LLM-as-a-Judge. We qualitatively analyzed the
types of errors present in the negative pairs. For the
CodeGen and CodeRepair tasks, we also run unit
tests to obtain detailed error messages to support
our analysis. These errors can be broadly catego-
rized into three types: runtime errors, time limit
exceeded, and wrong answers. Runtime errors in-

“python
def main(nums):
# Count Frequencies
counts = collections.Counter(nums)

1. Count Frequencies: Use
collections.Counter to count occurrences
of each number.
2. Find Max Frequency: Get the highest
value among the counts.
3. Identify Elements: Find how many
elements have this max frequency.
4. Compute Total: Multiply the count of
such elements by the max frequency.
“python
def main(nums):

# Count Frequencies

counts = collections.Counter(nums)

# Find the maximum frequency
max_frequency = max(counts.values())

# |dentify Elements
num_elements = sum(1 for freq in
counts.values() if freq == max_frequency)

# Total = number of such elements * max
frequency

o
# Find the maximum frequency ___return num_elements * max_frequency

max_frequency = max(counts.values()) (b) Full Code
# Identify Elements
num_elements = sum(1 for freq in
counts.values() if freq == max_frequency)

“python

def main(nums):
counts = collections.Counter(nums)
max_frequency = max(counts.values())
num_elements = sum(1 for freq in

counts.values() if freq == max_frequency)
return num_elements * max_frequency

# Total = number of such elements *
max frequency
return num_elements * max_frequency

(a) Raw Response (c) No Comments

Figure 6: Illustration of response after different pre-
processing.
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LLM-as-a-Judge Full Code No Comments Raw Response
DeepCoder-14B 64.61 63.72 65.30
Qwen3-8B 70.26 68.84 71.01
Qwen3-14B 72.38 70.67 73.98
Qwen3-32B 7291 72.36 74.57
QwQ 73.94 74.42 75.52
RM-R1-14B 65.71 62.58 66.48
RM-R1-32B 64.99 62.54 67.19
Skywork-Critic-70B 59.09 58.19 60.97
Gemini-2.5-Pro 82.03 81.39 80.55
Gemini-2.5-Flash 7291 71.47 74.78
Claude-3.7-Sonnet 66.96 65.79 67.71
Claude-4-Sonnet 77.96 79.29 79.03
Overall 70.31 69.27 71.43

Table 6: Performance of different LLM-as-a-Judge mod-
els under various input pre-processing strategies. Green
indicates the best performance, and red indicates the
worst. Overall, removing comments generally yields the
worst performance, while using the full raw response
yields the best.

clude issues such as index out of range or invoking
non-existent variables or functions. Moreover, we
identify cases where the code is generally correct
but fails on specific corner cases; these are charac-
terized by runtime errors or incorrect answers on
fewer than 25% of the unit tests.

For the CodeGen and CodeRepair tasks, the ma-
jority of easy pairs contain incorrect solutions with
obvious errors. For example, the correct code may
employ an efficient algorithm, while the incorrect
code relies on inefficient brute-force methods such
as naive nested for loops (see H.1, H.2). As shown
in Figure 7, time limit exceeded errors account for
a larger proportion of errors in the easy CodeGen
pairs, decreasing from 40.5% in the easy cases to
22.2% for hard cases. In contrast, for hard pairs,
the incorrect code is not entirely wrong but fails
on certain edge cases (see H.3). Figure 7 further
illustrates that the percentage of Corner Case er-
rors is substantially higher for hard pairs (25.4%)
compared to easy pairs (11.7%).

For the TestGen task, we observe that the effort
needed to validate a unit test is a reliable indicator
of its difficulty. Easy unit test pairs can typically
be verified through simple brute-force enumeration
(see I.1, 1.2) or their outputs clearly violate basic re-
quirements (see 1.3). These cases require minimal
reasoning or algorithmic knowledge.

In contrast, hard unit test pairs require verifica-
tion through multi-step logical reasoning or pro-
cess simulation. For example, selecting an optimal
sequence (see 1.6) requires careful tracking of dy-
namic dependencies at each step, where a greedy

I Corner Case
Runtime

Easy

Medium

Hard
Percentage (%)

(a) Error Type Distribution for CodeGen

Easy
Medium
Hard

0 20 40 60 80 100

Percentage (%)

(b) Error Type Distribution for CodeRepair

Time Limit Exceeded
Wrong Answer

Figure 7: Distribution of errors for the negative pair.

approach may not yield the correct result. Inputs
in these cases are typically more complex and in-
volve combinatorial challenges (see 1.4, 1.5) that
necessitate simulating the code execution flow, of-
ten via dynamic programming or other advanced
algorithmic techniques.

5 Conclusion

In this work, we introduce CodeJudgeBench, a
benchmark designed to evaluate LLM-as-a-Judge
models across a variety of coding tasks. Through a
comprehensive evaluation of 26 LL.M-as-a-Judge
models, we find that recent reasoning models can
be strong judges, often surpassing much larger non-
reasoning models trained specifically for judging.
However, our extensive analysis also reveals that
the robustness and generalization capabilities of
current LL.M-as-a-Judge models still require sig-
nificant improvement, as they remain overly re-
liant on superficial cues. Trivial code changes that
would not affect a human coder, such as comments,
variable renaming, and statement reordering can
nevertheless change the decisions of LLM judges.
These findings underscore the need for more robust
judge training and evaluation protocols, including
perturbation-aware evaluation and stronger judge
grounding in execution-based signals. Future work
will focus on expanding CodeJudgeBench to real-
world software engineering tasks.

19424



Limitations

Despite the valuable insights provided by this study,
our work has several limitations. First, the cur-
rent CodeJudgeBench is constructed using coding
competition tasks, which differ from real-world
software engineering scenarios. An important di-
rection for future work is to assess the capability
of coding judges in end-to-end software develop-
ment contexts. Second, CodeJudgeBench currently
focuses on judging functional correctness of LLM-
generated code only, which may not generalize
to human-authored code that has a different error
distribution. A promising extension is to incorpo-
rate human-centric dimensions of code correctness,
readability, style, and structure (Weyssow et al.,
2024; Wang et al., 2025a). This would benefit
human-Al coding collaboration and large-scale fil-
tering of human codebases.
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A Code Perturbations

Variable Renaming

nnn

Original
a=3
b=a+1

c =10
Perturbed
tmpl = 3

b = tmpl + 1
c =10

‘| V

Statement Reordering

nnn

Original
a=3
b=a+1
c =10
Perturbed
c =10
a=3
b=a+1

Author

'

author_expert = [
"Senior Software Engineer”,
"Principal Engineer”,
"Distinguished Engineer”,
"Lead Developer”,
"Staff Engineer”,
"Software Architect”,
"Tech Lead”,
"Solution Architect”,

]

author_amateur = [
"Student Intern”,
"Junior Developer”,
"Trainee Programmer”,
"Entry-Level Engineer"”,
"Coding Bootcamp Graduate”,
"Undergraduate Student”,
"Apprentice Developer”,
"Associate Developer”

nnn

Author: John Doe ({author})

Date: 2025-10-01

Version: 1.0

Description: This code implements the
solution to a programming challenge from
an online competition platform.

nnn

7~

Date

nnn

Author: John Doe

Date: {date}

Version: 1.0

Description: This code implements the
solution to a programming challenge from
an online competition platform.

nnn

Version

Author: John Doe

Date: 2025-10-01

Version: {version}

Description: This code implements the
solution to a programming challenge from
an online competition platform.

nnn

Star

nnn

Author: John Doe

Date: 2025-10-01

Version: 1.0

GitHub Stars: {stars}

Description: This code implements the
solution to a programming challenge from
an online competition platform.

nnn

Coverage

nnn

Author: John Doe

Date: 2025-10-01

Version: 1.0

Code Coverage: {coveragel}%

Description: This code implements the
solution to a programming challenge from
an online competition platform.

nnn

Original

a=3

b=a+1

c =10

Perturbed

a=3

b=a+1 # this code is wrong
c =10

19429



TODO

Original

a=3

b=a+1

c =10

Perturbed

a=3

b =a+ 1 # TODO: Fix this bug
c =10

B CodeGen Best-of-N (BoN):

We investigate pairwise prompting for BoN
inference-time scaling on the CodeGen task, where
the LLM-as-a-Judge must distinguish correct re-
sponses from a set of correct and incorrect candi-
dates. Table 7 presents a detailed breakdown of the
BoN dataset.

For each coding question, we sample 5 candidate
responses and verify their correctness using unit
tests. Each correct response is then paired with all
incorrect responses to create evaluation instances,
and we alternate the position of the correct response
within each pair to mitigate position bias. A sum-
mary of the BoN dataset is presented in Tab. 7.
Following the RMB (Zhou et al., 2025a) evaluation
protocol, an instance is correct only if the LLM-as-
a-Judge always selects the correct response over all
incorrect responses.

In Tab. 8, we can see that closed-source mod-
els such as Gemini-2.5-Pro and Claude-4-Sonnet
performs best. Overall, the model rankings is con-
sistent with Tab. 3. Notably, AceReason-Nemotron-
14B performs considerably worse than Qwen3-14B
in the BoN setting, despite their similar perfor-
mance in Tab. 3. This difference is likely due to its
position bias as seen in Fig. 3, which undermines
its effectiveness when multiple comparisons are
required.

Source Num. Correct Overall

4 32 1

Claude-3.7-Sonnet 163 71 91 325
Gemini-2.5-Flash 267 90 73 430
Gemini-2.5-Pro 158 51 47 256

Table 7: Data statistics of BoN for the CodeGen task.
“Num. Correct" indicates the number of correct re-
sponses obtained when generating 5 candidate solutions
per problem.

LLM-as-a-Judge Coding Model
Gemini-2.5-Pro  Claude-3.7-Sonnet

Claude-3.7-Sonnet 29.85 46.00
Claude-4-Sonnet 4431 73.46
Claude-4-Opus 40.92 64.99
Gemini-2.5-Flash 37.54 73.68
Gemini-2.5-Pro 42.46 81.92
R1-0528-Distill-Qwen3-8B 30.77 60.18
R1-Distill-Qwen-14B 26.15 52.17
R1-Distill-Qwen-32B 26.46 57.67
DeepCoder-14B 21.54 49.43
Qwen3-8B 30.77 60.87
Qwen3-14B 37.23 65.22
Qwen3-32B 34.77 66.82
QwQ-32B 37.54 73.68
Phi4-Reasoning-Plus-14B 33.23 60.87
AceReason-Nemotron-14B 29.85 61.10
RM-R1-14B 32.31 52.63
RM-R1-32B 39.38 51.03

Table 8: Comparison of LLM-as-a-Judge performance
using pairwise prompting for BoN in the CodeGen task

C Model Details

We provide below the details of the models bench-
marked on CodeJudgeBench:

* Gemini: Gemini-2.5 (DeepMind, 2025), an
advanced iteration in the Gemini series of
LLMs, including two specialized thinking
variants: Gemini-2.5-Pro, optimized for cod-
ing tasks and complex questions, and Gemini-
2.5-Flash, designed for rapid execution of
complex tasks. Both are used in our exper-
iments. To assess the importance of reasoning
capabilities, we also include the non-thinking
models Gemini-2.0-Flash and Gemini-2.0-
Flash-Lite.

Claude: Claude 3.7 (Anthropic, 2025a) and
Claude 4 (Anthropic, 2025b) represent the
latest advancements in Anthropic’s Claude
Sonnet family, offering powerful proprietary
models designed for reasoning tasks, espe-
cially in coding tasks. In this work, we evalu-
ate Claude-3.7-Sonnet, Claude-4-Sonnet, and
Claude-4-Opus. For comparison, we also
include the non-thinking model Claude-3.5-
Sonnet-v2.

AceCodeRM: AceCodeRM (Zeng et al,
2025) is a point-wise discriminative LLM
judge specifically trained for evaluating code.
It is trained on 89K good and bad code pairs
generated by GPT-40. We evaluate both
AceCodeRM-7B and AceCodeRM-32B.
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* Qwen2.5-Coder: Qwen2.5-Coder (Yang
et al.,, 2024) is the code-tuned version of
the Qwen2.5 LLM series, trained on 5.5 tril-
lion tokens, including source code and syn-
thetic data. We evaluate Qwen2.5-Coder-32B-
Instruct, the best performing model in the se-
ries, which excels in code generation, code
reasoning, and code fixing.

» Skywork-Critic: Skywork-Critic (Shiwen
et al., 2024) is a series of LLM Judges de-
veloped by the SkyworkAl team that excel at
pairwise evaluation. We evaluate the largest
and best-performing model, Skywork-Critic-
70B, which is fine-tuned from Llama3.1-
70B (Grattafiori et al., 2024).

¢ Prometheus: Prometheus (Kim et al., 2024,
Pombal et al., 2025) is a suite of open-source
LLM judges that can provide both point-
wise and pairwise judgments based on user-
defined score rubrics. We evaluate the latest
and best-performing iteration of Prometheus,
Prometheus-14B (Pombal et al., 2025).

e Self-Taught:  The Self-Taught -evalua-
tor (Wang et al., 2024), developed by Meta, is
an LLM-as-a-Judge trained iteratively using
synthetic data without human annotations.
Llama3.1-70B (Grattafiori et al., 2024) under-
goes self-training on self-generated reasoning
traces and final judgments, continuously
improving its LLM-as-a-Judge capabilities
with each iteration.

¢ R1-Distill: R1-Distill is a series of models
released by DeepSeek, which are distilled
from DeepSeek R1. We evaluate DeepSeek-
R1-Distill-Qwen-14B/32B, which are dis-
tilled using Qwen2.5-14B and Qwen2.5-32B.
DeepSeek-R1-0528-Qwen3-8B uses Qwen3-
8B and is distilled from the latest version of
DeepSeek R1, DeepSeek-R1-0528.

* Qwen3: Qwen3 (Yang et al., 2025a), the latest
installment in the Qwen LLM series, features
a range of open-source models with different
parameter sizes, delivering state-of-the-art per-
formance across multiple tasks and domains.
We evaluate the Qwen3-8B, 14B, and 32B
models.

e QwQ: QwQ-32B (Team, 2025) is the reason-
ing model of the Qwen series. It is specifi-

cally trained for deep thinking and complex
reasoning, capable of achieving competitive
performance against state-of-the-art reasoning
models like DeepSeek-R1 and o1-mini.

e RM-R1: RM(Reward Model)-R1 (Chen et al.,
2025a) is a pairwise reasoning LILM-as-a-
Judge model that uses a chain-of-rubrics
mechanism. Rubrics are dynamically gen-
erated at the sample-level based on the spe-
cific domain (e.g., chat or math/code), and
candidate responses are evaluated against
these self-generated rubrics. We evaluate
both RM-R1-14B and RM-R1-32B which are
trained from DeepSeek-R1-Distilled-Qwen-
14B and DeepSeek-R1-Distilled-Qwen-32B
respectively.

* DeepCoder: DeepCoder-14B-Preview (Luo
et al., 2025) is a specialized reasoning
LLM fine-tuned from DeepSeek-R1-Distilled-
Qwen-14B, with a focus on code generation.
Despite its 14B parameter size, it delivers per-
formance comparable to OpenAl’s 03-mini on
LiveCodeBench.

* Phi-4: Phi-4 (Abdin et al., 2024), developed
by Microsoft, is a series of small reasoning
models trained on high-quality synthetic and
public data. We evaluate Phi4-Reasoning-
Plus, a 14B model fine-tuned from Phi-4 using
supervised fine-tuning on chain-of-thought
traces and reinforcement learning, with an em-
phasis on math, science, and coding skills.

* AceReason-Nemotron: AceReason-
Nemotron (Chen et al., 2025b), developed
by Nvidia, is a math and code reasoning
model trained using RL. We evaluate
AceReason-Nemotron-14B, which is trained
from DeepSeek-R1-Distilled-Qwen-14B. It is
first trained on math-only prompts, then on
code-only prompts.

D Data Curation

We provide a more detailed account of the data
curation process below. The construction of Code-
JudgeBench involves three primary stages: (1) re-
sponse collection, (2) response verification, and (3)
response pairing.
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D.1 CodeGen

Response Collection: Given a problem state-
ment, we adopt the standard code generation setup.
Specifically, the coding model receives a detailed
problem description along with illustrative test
cases (input-output pairs). Based on this input, the
coding model generates multiple candidate code
responses.

Response Verification: To verify the correctness
of the generated responses, we utilize the com-
prehensive suite of unit tests provided by Live-
CodeBench. Responses that pass all unit tests are
classified as good, whereas those that fail any test
are classified as bad.

Response Pairing: Finally, for each coding prob-
lem, we randomly select one good and one bad
response to form an evaluation pair. In cases where
repeated sampling yields all correct or all incorrect
responses, we discard the corresponding coding
problem from the evaluation set. These paired re-
sponses serve as evaluation instances used to assess
the performance of the LLM-as-a-Judge.

D.2 CodeRepair

Response Collection: The erroneous code snip-
pets for this task are sourced from the responses
identified as incorrect in the code generation task.
Each incorrect snippet, together with its associated
error message obtained from failed unit tests, is fed
back into the coding model to generate potential re-
pairs. Similar to the previous tasks, multiple repair
candidates are produced for each erroneous code
snippet.

Response Verification: We follow the same veri-
fication methodology as the code generation task.
Specifically, the correctness of each candidate re-
pair is determined using unit tests. Repairs that
pass all unit tests are labeled as good, while those
that fail any test are labeled as bad.

Response Pairing: Finally, for each erroneous
code snippet, we randomly pair one good and one
bad repair candidate to form an evaluation instance.
These instances are then used to assess the perfor-
mance of the LLM-as-a-Judge.

D.3 TestGen

Response Collection: To collect candidate unit
tests, we provide the coding model with the prob-
lem statement and a test input sourced from the

original dataset. The LLM is then asked to gener-
ate the expected output corresponding to this given
input.

Response Verification: Once the candidate out-
puts are collected, we verify their correctness by
directly comparing each generated output with the
ground-truth output from the original dataset.

Response Pairing: After verifying correctness,
we pair each validated output (correct or incorrect)
with its corresponding input to create distinct good
and bad unit test cases. To maintain a high level of
difficulty, we discard any unit test input for which
models consistently generate correct outputs. Con-
versely, we also remove unit test inputs for which
models consistently fail to produce correct outputs,
ensuring the evaluation instance remains answer-
able. Finally, we randomly pair a correct unit test
case and an incorrect unit test case, each with dif-
ferent test inputs, to form an evaluation instance.

E Detailed Dataset Statistics

Table 9 presents a detailed breakdown of the re-
sponse pairs generated by each model across the
CodeGen, CodeRepair, TestGen tasks.

F Software and Hardware Details

For open-source models, LLM inference was per-
formed using the vLLM library and Hugging Face
Transformers. All experiments were conducted on
an NVIDIA H100 GPU. For Anthropic Claude and
Google Gemini models, we used their official APIs.
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Source Code Generation Code Repair Unit Test Generation Overall
Easy Medium Hard Overall Easy Medium Hard Overall Easy Medium Hard Overall
Claude-3.7 162 92 71 325 385 262 231 878 66 69 171 306 1509
Gemini-2.5-Flash 115 123 192 430 149 197 308 654 88 64 167 319 1403
Gemini-2.5-Pro 64 57 135 256 204 244 429 877 30 29 156 215 1348
Gemini-2.5-Flash-Lite 119 114 156 389 - - - - - - - - 389
Qwen3-235B 46 59 113 218 - - - - - - - - 218
Claude-4-Sonnet 115 73 97 285 - - - - - - - - 285
Claude-4-Opus 73 62 65 200 - - - - - - - - 200
Overall 694 580 829 2103 738 703 968 2409 184 162 494 840 5352

Table 9: Detailed data statistics of CodeJudgeBench.
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G Prompts

Pairwise LLM-as-a-Judge Prompt for CodeGen

Please act as an impartial judge and evaluate the quality of the responses provided by two Al assistants to the user
prompt displayed below. You will be given assistant A’s answer and assistant B’s answer. Your job is to evaluate which
assistant’s answer is better.

Begin your evaluation by generating your own answer to the prompt. You must provide your answers before judging
any answers.

When evaluating the assistants’ answers, compare both assistants’ answers with your answer. You must identify and
correct any mistakes or inaccurate information.

Then consider if the assistant’s answers are helpful, relevant, and concise. Helpful means the answer correctly responds
to the prompt or follows the instructions. Note when user prompt has any ambiguity or more than one interpretation, it
is more helpful and appropriate to ask for clarifications or more information from the user than providing an answer
based on assumptions. Relevant means all parts of the response closely connect or are appropriate to what is being
asked. Concise means the response is clear and not verbose or excessive.

Then consider the creativity and novelty of the assistant’s answers when needed. Finally, identify any missing important
information in the assistants’ answers that would be beneficial to include when responding to the user prompt.

After providing your explanation, you must output only one of the following choices as your final verdict with a label:

1. Assistant A is better: [[A>B]]
2. Assistant B is better: [[B>A]]

Example output: “My final verdict is Assistant A is better: [[A>B]]".

<|User Prompt|>
{question}

<|The Start of Assistant A's Answer|>
{answer_a}
<|The End of Assistant A's Answer|>

<|The Start of Assistant B's Answer|>
{answer_b}
<|The End of Assistant B's Answer|>

19434



Pairwise LLM-as-a-Judge Prompt for CodeRepair

Please act as an impartial judge and evaluate the quality of the responses provided by two Al assistants to the user
prompt displayed below. You will be given assistant A’s answer and assistant B’s answer. Your job is to evaluate which
assistant’s answer is better.

Begin your evaluation by generating your own answer to the prompt. You must provide your answers before judging
any answers.

When evaluating the assistants’ answers, compare both assistants’ answers with your answer. You must identify and
correct any mistakes or inaccurate information.

Then consider if the assistant’s answers are helpful, relevant, and concise. Helpful means the answer correctly responds
to the prompt or follows the instructions. Note when user prompt has any ambiguity or more than one interpretation, it
is more helpful and appropriate to ask for clarifications or more information from the user than providing an answer
based on assumptions. Relevant means all parts of the response closely connect or are appropriate to what is being
asked. Concise means the response is clear and not verbose or excessive.

Then consider the creativity and novelty of the assistant’s answers when needed. Finally, identify any missing important
information in the assistants’ answers that would be beneficial to include when responding to the user prompt.

After providing your explanation, you must output only one of the following choices as your final verdict with a label:

1. Assistant A is better: [[A>B]]
2. Assistant B is better: [[B>A]]

Example output: “My final verdict is Assistant A is better: [[A>B]]".

<|User Prompt|>
You are provided with a coding question, a piece of code, and the associated error message. You
need to generate a corrected version of the code.

### Question
{question}

### Program to be fixed:
* T “python
{code}

### Error Information:
{error_message}

<|The Start of Assistant A's Answer|>
{answer_a}
<|The End of Assistant A's Answer|>

<|The Start of Assistant B's Answer|>
{answer_b}
<|The End of Assistant B's Answer|>
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Pairwise LLM-as-a-Judge Prompt for TestGen

Please act as an impartial judge and evaluate the quality of the responses provided by two Al assistants to the user
prompt displayed below. You will be given assistant A’s answer and assistant B’s answer. Your job is to evaluate which
assistant’s answer is better.

Begin your evaluation by generating your own answer to the prompt. You must provide your answers before judging
any answers.

When evaluating the assistants’ answers, compare both assistants’ answers with your answer. You must identify and
correct any mistakes or inaccurate information.

Then consider if the assistant’s answers are helpful, relevant, and concise. Helpful means the answer correctly responds
to the prompt or follows the instructions. Note when user prompt has any ambiguity or more than one interpretation, it
is more helpful and appropriate to ask for clarifications or more information from the user than providing an answer
based on assumptions. Relevant means all parts of the response closely connect or are appropriate to what is being
asked. Concise means the response is clear and not verbose or excessive.

Then consider the creativity and novelty of the assistant’s answers when needed. Finally, identify any missing important
information in the assistants’ answers that would be beneficial to include when responding to the user prompt.

After providing your explanation, you must output only one of the following choices as your final verdict with a label:

1. Assistant A is better: [[A>B]]
2. Assistant B is better: [[B>A]]

Example output: “My final verdict is Assistant A is better: [[A>B]]".

<|User Prompt|>
For the below coding question, give a unit test including test input and test output.

### Question
{question}

<|The Start of Assistant A's Answer|>
### Test Input

{in_a}

### Test Output

{answer_a}

<|The End of Assistant A's Answer|>

<|The Start of Assistant B's Answer|>
### Test Input

{in_b}

### Test Output

{answer_b}

<|The End of Assistant B's Answer|>

19436



PAIR Attack Prompt

You are a Red Team optimization engine specializing in adversarial code attacks targeting
LLM-based AI judges.

Your goal is to modify the provided "correct” and "wrong” code snippets so that an AI judge
is more likely to prefer the **wrong** code.

You possess deep knowledge of state-of-the-art LLM attack techniques and should maximize
the attack's success rate by proposing creative, novel methods.

## Attack Constraints
- *xPreserve code semantics and execution flow:*x
Do not alter the logic, functionality, or output of either code snippet.

- x%0Only modify variable names and/or comments/explanations:x*
- You may change variable names to influence model perception.
- You may rewrite or add comments/explanations to sway judgment.
- *No other code structure, logic, or formatting changes are allowed.x*

## Output Format
Return your result as a JSON object:

json
"summary": "<...>"
n n n n
reason”: "<...>
"correct”: "<...>",
erongll: l1<' . '>II
13

<|User Prompt|>
{query}

<|The Start of Correct Answer|>
{correct}
<|The End of Correct Answer|>

<|The Start of Wrong Answer|>

{wrong}
<|The End of Wrong Answer|>
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H CodeGen Pairs
H.1 Easy Example 1

Query

You are given a 0-indexed integer array nums of length n where n is the total number of students in the class. The class
teacher tries to select a group of students so that all the students remain happy.

The ¢-th student will become happy if one of these two conditions is met:

The student is selected and the total number of selected students is strictly greater than nums|[é].

The student is not selected and the total number of selected students is strictly less than nums]z].

Return the number of ways to select a group of students so that everyone remains happy.

Input: nums = [1, 1]
Output: 2

Correct

| '

class Solution:
def countWays(self, nums: List[int]) -> int:
nums.sort()
n = len(nums)
count = 0

for k in range(n + 1):
if (k == 0 or nums[k-1] < k) and (k == n or nums[k] > k):
count += 1

return count

Wrong

7
| L

class Solution:
def countWays(self, nums: List[int]) -> int:
n = len(nums)
count = 0

for k in range(n + 1):
can_select = 0
valid = True

for num in nums:
if num ==
valid = False
break
elif num < k:
can_select += 1

if valid and k <= can_select:
count += 1

return count

Analysis

| r

The correct solution efficiently solves the problem by first sorting the array and then scanning through possible group
sizes in linear time, resulting in an overall O(n logn) complexity. In contrast, a naive approach would attempt to check
every possible group size by iterating through all students for each size, leading to O(n?) time complexity.
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H.2 Easy Example 2

You are given two integer arrays, nums1 and nums2, both of length n, along with a positive integer k.
For each index i from O to n - 1, perform the following:

Find all indices j where nums1[j] is less than nums1[i].
Choose at most k values of nums2[j] at these indices to maximize the total sum.

Return an array answer of size n, where answer[i] represents the result for the corresponding index i.

Input: nums1 = [4,2,1,5,3], nums2 = [10,20,30,40,50], k = 2
Output: [80,30,0,80,50]

Correct

| r

class Solution:
def findMaxSum(self, nums1: List[int], nums2: List[int], k: int) -> List[int]:
import heapq

n = len(nums1)
answer = [0] * n

# Create list of (nums1[i], nums2[i], i)
items = [(nums1[i], nums2[i], i) for i in range(n)]

# Sort by numsl value
items.sort()

# Process each unique nums1 value

i=20

heap = [] # Min heap to maintain k largest values
heap_sum = 0

while i < n:
j=i
# Find all indices with same nums1 value
while j < n and items[j][0] == items[i][0]:
=1

# For indices i to j-1, the answer is heap_sum
for idx in range(i, j):
answer[items[idx][2]] = heap_sum

# Add values from indices i to j-1 to heap
for idx in range(i, j):
val = items[idx][1]
if len(heap) < k:
heapq.heappush(heap, val)
heap_sum += val
elif val > heap[0]:
heap_sum = heap_sum - heap[0] + val
heapq.heapreplace(heap, val)

i=j

return answer
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Wrong

class Solution:
def findMaxSum(self, nums1: List[int], nums2: List[int], k: int) -> List[int]:
n = len(nums1)
answer = []

for i in range(n):
# Find all nums2[j] where nums1[j] < numsi1[i]
candidates = [nums2[j] for j in range(n) if nums1[j] < nums1[i]]

# Sort in descending order and take top k
candidates.sort(reverse=True)

# Sum the top k values (or all if less than k)
answer . append(sum(candidates[:k]))

return answer

The correct solution uses sorting and a heap to process the problem in O(n log n) time, making it suitable for large
datasets. The wrong solution applies a brute-force approach for each index, leading to O(n? logn) complexity and
rendering it impractical for the given constraints.
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H.3 Hard Example 1

You are given a 0-indexed integer array nums of length n.
We want to group the indices so for each index i in the range [0, n - 1], it is assigned to exactly one group.
A group assignment is valid if the following conditions hold:

For every group g, all indices i assigned to group g have the same value in nums.
For any two groups g1 and g2, the difference between the number of indices assigned to g1 and g» should not exceed 1.

Return an integer denoting the minimum number of groups needed to create a valid group assignment.

Input: nums = [3,2,3,2,3]
Output: 2

class Solution:
def minGroupsForValidAssignment(self, nums: List[int]) -> int:
from collections import Counter

def min_groups_for_frequency(f, s):
if s == 0:
return float('inf') if f > 0 else 0

y_base = f % s
if y_base * (s + 1) > f:
return float('inf")

max_k = (f - y_base * (s + 1)) // (s * (s + 1))
y = y_base + max_k * s
x=((f-y=x(s+ 1)) //s

return x +y

def is_feasible(g):

s=n//g

total_groups_needed = 0

for f in frequencies:
groups_needed = min_groups_for_frequency(f, s)
if groups_needed == float('inf"'):

return False

total_groups_needed += groups_needed

return total_groups_needed <= g

counter = Counter(nums)
frequencies = list(counter.values())
n = len(nums)

left, right = 1, n
while left < right:
mid = (left + right) // 2
if is_feasible(mid):
right = mid
else:
left = mid + 1

return left
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Wrong

class Solution:
def minGroupsForValidAssignment(self, nums: List[int]) -> int:
from collections import Counter

frequencies = list(Counter(nums).values())
n = len(nums)

for k in range(l, n + 1):
small_size = n // k
large_size = small_size + 1
small_count = k - n % k
large_count = n % k

valid = True
total_small_used
total_large_used

4
[}

for f in frequencies:
min_groups = (f + large_size - 1) // large_size
max_groups = f // small_size

if min_groups > max_groups:
valid = False
break

groups_for_f = min_groups
large_used = f - groups_for_f * small_size
small_used = groups_for_f - large_used

total_small_used += small_used
total_large_used += large_used

if valid and total_small_used <= small_count and total_large_used <= large_count:
return k

return n

.

The incorrect solution is generally effective: for most typical cases, it iterates through possible group counts and
checks if the values’ frequencies can be distributed among the groups without violating the group size constraints. This
approach works well when the frequencies of each value can be easily split into groups of size n/k or n/k+1, and when
the frequencies are compatible with the target group counts.

However, the method breaks down in subtle edge cases where the frequency of a particular value cannot be decomposed
into the available group sizes, even though a greedy assignment seems possible at first glance. For example, if a
frequency cannot be written as a sum of allowed group sizes (due to indivisibility or remainder issues), the solution may
still proceed as if it can, leading to an invalid assignment. This is typically overlooked because, in the majority of cases,
the distribution works out, and the greedy method produces the correct answer.
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I TestGen Pairs
I.1 Easy Example 1

Query

You are given a 0-indexed integer array coins, representing the values of the coins available, and an integer target.

An integer X is obtainable if there exists a subsequence of coins that sums to x.

Return the minimum number of coins of any value that need to be added to the array so that every integer in the range
[1, target] is obtainable.

A subsequence of an array is a new non-empty array that is formed from the original array by deleting some (possibly
none) of the elements without disturbing the relative positions of the remaining elements.

Notes:

A string a is lexicographically smaller than a string b (of the same length) if in the first position where a and b differ,
string a has a letter that appears earlier in the alphabet than the corresponding letter in b.

A substring is a contiguous sequence of characters within a string.

Correct

| r

### Test Input
[1]
100000

### Test Output

—_
o

Wrong

### Test Input
[1, 3]
4

### Test Output

7
| N

Analysis

Both the correct and incorrect cases involve small inputs and basic logic that can be verified quickly without complex
computation or simulation. In the correct test, the input consists of a single coin with value 1 and a target of 100,000. To
ensure every value up to 100,000 can be formed, we must add coins whose values are powers of two—a classic greedy
strategy in problems of this type. Since 2%*16 exceeds 100,000, it is clear that 16 additional coins are needed.

In the incorrect test, the coins are [1, 3] and the target is 4. With these coins, we can create sums of 1, 3, and 4, but not 2.
Therefore, only one coin of value 2 is needed to complete the set, not two coins as claimed in the output. The mistake is
easily identified by listing all possible sums, making the error immediately apparent.
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1.2 Easy Example 2

Query

You are given an array of integers nums of size 3.

Return the maximum possible number whose binary representation can be formed by concatenating the binary represen-
tation of all elements in nums in some order.

Note that the binary representation of any number does not contain leading zeros.

Correct

| r

### Test Input
[1,74,67]

### Test Output
25923

Wrong

7
| .

### Test Input
[6,38,57]

### Test Output
118426

The input size is small and it is straightforward to manually try all permutations of the three numbers, convert each
concatenated binary string to a decimal, and verify the correct answer. The error in the wrong test is directly apparent by
manually checking all possible arrangements.
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1.3 Easy Example 3

Query

Given three strings a, b, and c, your task is to find a string that has the minimum length and contains all three strings as
substrings. If there are multiple such strings, return the lexicographically smallest one. Return a string denoting the
answer to the problem.

Notes:

A string a is lexicographically smaller than a string b (of the same length) if in the first position where a and b differ,
string a has a letter that appears earlier in the alphabet than the corresponding letter in b. A substring is a contiguous
sequence of characters within a string.

Correct

| r

### Test Input
"mrmzito”
"nssds”

Ilk)l

### Test Output
kmrmzitonssds

Wrong

7
| G

### Test Input
lljbll

"rgyxglb"”
llkoa‘l

### Test Output
jbkoargyxgib

Analysis

| r

The input strings are small in length. The correctness can be checked by simple substring search and length comparison.
The error in the wrong test is immediately apparent. The answer "jbkoargyxgib" does not contain "rgyxglb" as a
substring, nor does it contain "koa" correctly (it’s interleaved with other characters). By inspecting, you can see not all
input strings are present as contiguous substrings; this breaks the fundamental requirement of the problem.
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1.4 Hard Example 1

Query
Given a string s, return the maximum length of a substring such that it contains at most two occurrences of each character.

Example 1:

Input: s = "bcbbbeba"

Output: 4

Explanation: The following substring has a length of 4 and contains at most two occurrences of each character:
"bcbbbeba.

| r

Correct

### Test Input
"iyrhxoqetwjgtogyloskzozwkcgtehadt”

### Test Output

—_
©

Wrong

### Test Input
"bbrjudpoojbosurbkjh”

### Test Output

—_
N

Analysis

To verify correctness for this problem, one simple way is to iterate all possible substrings and check if each substring
has character occurring more than twice. Alternatively, we could simulate a fully correct sliding window algorithm
that can handle potential edge cases and keep track of program state. Both answers look reasonable, and only through
algorithmic verification can one be certain which is correct.
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I.5 Hard Example 2

Query

Given a positive integer n, return the punishment number of n.
The punishment number of n is defined as the sum of the squares of all integers i such that: 1 <=i<=n

The decimal representation of i * i can be partitioned into contiguous substrings such that the sum of the integer values
of these substrings equals i.

Input: n=10

Output: 182

Explanation: There are exactly 3 integers i that satisfy the conditions in the statement:

-1lsincel *1=1

-9 since 9 * 9 = 81 and 81 can be partitioned into 8 + 1.

- 10 since 10 * 10 = 100 and 100 can be partitioned into 10 + 0.

Hence, the punishment number of 10is 1 + 81 + 100 = 182

| r

Correct

### Test Input
661

### Test Output
1204515

Wrong

7
| L

### Test Input
948

### Test Output
1710339

| r

Analysis

A straightforward approach to verification is to iterate through all 4 from 1 to n, computing > for each. For every 1,
the main task is to determine whether the decimal digits of 52 can be partitioned into contiguous substrings such that
the sum of these substrings equals ¢. This requires considering all possible ways to split the digit sequence, which
is inherently a combinatorial problem. Efficiently checking every partition is typically accomplished using recursion
or dynamic programming to explore all partition points while avoiding redundant calculations and overcounting. For
large n, even a brute-force solution requires careful implementation to systematically enumerate all valid partitions and
ensure correctness, as the number of possible partitions grows exponentially with the number of digits in 2.
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1.6 Hard Example 3

Query

You are given an integer array reward Values of length n, representing the values of rewards. Initially, your total reward x
is 0, and all indices are unmarked. You are allowed to perform the following operation any number of times:

Choose an unmarked index i from the range [0, n - 1]. If rewardValues|i] is greater than your current total reward x,
then add rewardValues[i] to x (i.e., X = X + reward Values[i]), and mark the index i.

Return an integer denoting the maximum total reward you can collect by performing the operations optimally.

Input: rewardValues = [1,1,3,3]

Output: 4

Explanation: During the operations, we can choose to mark the indices 0 and 2 in order, and the total reward will be 4,
which is the maximum.

Correct

| r

### Test Input
[14, 5, 20, 4, 11]

### Test Output

w
w0

Wrong

### Test Input
[256, 512, 4, 32, 2, 16, 64, 128, 1, 8]

### Test Output
511

Analysis

| r

To verify correctness, we can simulate the marking process by selecting unmarked indices whose values are strictly
greater than the current total reward. Since each choice changes which indices will be eligible in future steps, the
optimal sequence is not immediately obvious. Brute-force enumeration of all possible marking orders is computationally
impractical for larger arrays. Instead, a greedy or algorithmic approach such as sorting and iteratively picking the
smallest eligible value can help explore promising strategies, but may still require careful handling to avoid missing
better solutions. As eligibility depends on the evolving state, only thorough simulation or algorithmic search can reliably
guarantee the maximum total reward.
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