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Abstract

This paper presents the first systematic com-
parison investigating whether Large Reason-
ing Models (LRMs) are superior judges to
non-reasoning LL.Ms. Our empirical analysis
yields four key findings: 1) LRMs outperform
non-reasoning LLMs in terms of judgment
accuracy, particularly on reasoning-intensive
tasks; 2) LRMs demonstrate superior eval-
uation instruction-following capabilities; 3)
LRMs exhibit enhanced robustness against ad-
versarial attacks targeting judgment tasks; 4)
However, LRMs still exhibit strong evaluation
biases. To mitigate this bias vulnerability, we
propose PlanJudge, a lightweight evaluation
strategy that prompts the model to generate an
explicit evaluation plan before executing the
judgment. Despite its simplicity, our experi-
ments demonstrate that PlanJudge significantly
mitigates biases in LLM-as-a-Judge while pre-
serving overall judgment accuracy.

1 Introduction

The emergence of large language models (LLMs)
has rendered existing evaluation metrics insuffi-
cient, necessitating a new evaluation paradigm.
Conventional metrics, such as BLEU (Papineni
et al., 2002), struggle to accommodate the open-
ended nature of LLM-generated content. Conse-
quently, LLM-as-a-Judge has emerged as a robust
alternative (Zheng et al., 2023). By leveraging
advanced LLMs, this approach has achieved su-
perior evaluative precision and stronger alignment
with human judgment across a broad spectrum of
tasks (Huang et al., 2025; Wu et al., 2025).
Recently, Large Reasoning Models (LRMs), ex-
emplified by DeepSeek-R1 and o1, represent a sig-
nificant evolution (Guo et al., 2025). As shown
in Figure 1, LRMs encourage the use of more
tokens for reasoning, incorporating mechanisms

ICode and data are openly available at https://github.
com/HuihuiChyan/LRM-Judge.
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Instruction: Please sort the following list of ’
numbers in descending order: 9.01, 9.9, 9.11.

Responsei1 Response 2

[ 9.9, 9.11, 9.01 ] { The answer is 9.11, 9.9, 9.01. ]

®

Response2 presents better
formatting and accuracy.

Response2 is better.

| !
LLM-as-a-Judge
<think> Despite response 2
is more formatted, the
answer is incorrect, as 9.9
is larger than 9.11.</think>

IS DEtter

m
i [

LRM-as-a-Judge

Figure 1: Illustrative comparison of LLM-as-a-Judge
and LRM-as-a-Judge. LRMs can achieve better judg-
ment performance by longer reasoning.

like chain-of-thought and self-reflection (Chen
et al., 2025). This enables LRMs to simulate com-
plex cognitive processes, offering enhanced perfor-
mance in demanding problem-solving tasks.

However, recent literature has identified several
limitations of LRMs compared with non-reasoning
LLMs. Some studies suggest that scaling reasoning
may compromise controllability, leading to inferior
instruction-following and rigidity (Li et al., 2025b;
Fu et al., 2025). Others observe that extended rea-
soning can be detrimental on simpler tasks, causing
performance degradation due to overthinking (Su
et al., 2025; Shojaee et al., 2025). The most closely
related work was Wang et al. (2025), which fo-
cuses primarily on assessing various judging biases
in LRMs. However, other important dimensions,
such as adversarial robustness, are ignored.

These observations raise a question: Are LRMs
superior LLM-Judges? To answer this, we con-
ducted the first comprehensive experiments com-
paring reasoning models with their non-reasoning
counterparts, which revealed:

1. LRMs significantly outperform non-reasoning
models in general judgment accuracy.

2. LRMs present stronger evaluation instruction-
following capabilities.
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Instruction: Write high converting facebook ad headline copy for a listing with the following properties:

{“City”: Seattle, “Price”: 5000001}.

ResponseA: Seattle Home for Sale: $500,000. Act Fast!
Helpfulness: 0 Correctness: 0 Coherence: 4 Complexity:2 Verbosity: 4 H Overall: 10

ResponseB: Here’s a high-converting Facebook ad headline copy for a listing with the following properties:
Seattle Home, $500,000 - Modern Luxury in the Heart of the City. This headline contains ...

Helpfulness: 2 Correctness: 1 Coherence: 4 Complexity: 1 Verbosity: 0 H Overall: 8

Table 1: A data sample from Helpsteer2-trivial, where ResponseA has better overall quality, but ResponseB has

better quality under the Helpfulness dimension.

. LRMs show enhanced robustness against adver-
sarial attacks of instruction injection.

. However, LRMs exhibit strong evaluation biases
towards superficial qualities.

Overall, our findings suggest that LRMs are a supe-
rior choice for LLM-as-a-Judge, while practitioners
should remain vigilant regarding persistent biases.

Building on these findings, we propose Plan-
Judge, a lightweight method that leverages LRMs’
planning and instruction-following abilities to im-
prove robustness against biases. Specifically, the
judge first generates a comprehensive evaluation
plan and then executes the evaluation. Experimen-
tal results demonstrate that PlanJudge significantly
mitigates evaluation bias without requiring addi-
tional training or resources.

2 Systematic Comparison of LRMs and
LLM:s for Judgment

2.1 Experiment Settings

Our primary objective is to address a practical ques-
tion: when a researcher needs to employ LLM-as-a-
Judge for evaluation, should they choose reasoning
or non-reasoning models? Therefore, we system-
atically evaluate the quality of LRMs as judges on
the following fundamental aspects?.

General Evaluation Accuracy How do LRMs
perform in general evaluation across various do-
mains? We employed RewardBench (Lambert
et al., 2025) and JudgeBench (Tan et al.) as two
widely recognized benchmarks.

Evaluation Instruction Following Can LRMs
strictly follow instructions in evaluation tasks? In
the evaluation context, the most critical form of
instruction-following is the ability to prioritize a
specific dimension (e.g., helpfulness, verbosity)

2We mainly use the default prompts in each dataset.
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over overall quality when explicitly prompted to do
so. To assess this, we constructed a novel dataset,
Helpsteer2-trivial, with the following steps®:

1. Filter samples with triplets of (Instruction, Re-
sponseA, ResponseB) from Helpsteer2 (Wang
et al., 2024) where ResponseA is better overall,
but ResponseB is better in one specific dimen-

sion, as shown in Table 1.

. Define two prompts: The Overall prompt com-
pares the two responses holistically, while the
Specific prompt compares them strictly regard-
ing that specific dimension.

. If a judge selects ResponseA under the Overall
prompt but switches to ResponseB under the
Specific template, it indicates better evaluation
instruction following capability. Consequently,
we define our primary metric, the Reversal Rate
(RR) as follows:

Zi]l(yA ~ VB | Poverall) : ]I(yB >~ VA | Pspec)

RR =
Zil[(yA >~ YB | Poverall)

Y

where yy4 is the preferred response and yg is the
dispreferred response, Poyeranl and Pypec are the
two prompt templates®.

Vulnerability to Attacks Are LRMs robust
against adversarial attacks? We employed the Ro-
bustJudge dataset (Li et al., 2025a), which quanti-
fies the defensive capabilities of LRM-as-a-Judge
against various types of prompt injection attacks.

Vulnerability to Bias Are LRMs robust against
bias as LLM-judges? We utilized BiasBench (Park
et al., 2024) and LLMBar (Zeng et al.), which aim
to quantify multiple types of evaluation biases.
We select four pairs of reasoning versus non-
reasoning models: DeepSeek-V3 vs. DeepSeek-R1

3Further details and prompts are provided in Appendix A.
4A controlled analysis confirming the rationality of the RR
metric is provided in Appendix E.
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Figure 2: Vulnerability to different bias types: LRMs are significantly vulnerable to superficial quality biases.

Models RewardBench JudgeBench
DeepSeek-V3 89.74 84.19
DeepSeek-R1 91.18 80.48

Qwen?2.5-32B-Instruct 89.31 60.40
QwQ-32B 91.05 79.75
Qwen3-30B-A3B-Instruct-2507 89.88 74.00
Qwen3-30B-A3B-Thinking-2507 92.01 83.87
Qwen3-Next-80B-A3B-Instruct 88.96 79.45
Qwen3-Next-80B-A3B-Thinking 92.90 82.42

Table 2: Evaluation accuracy results

Models Helpsteer2-Trivial

OriACC RR
DeepSeek-V3 78.22 87.80
DeepSeek-R1 73.61 95.24
Qwen2.5-32B-Instruct 71.13 83.19
QwQ-32B 76.49 91.11
Qwen3-30B-A3B-Instruct-2507 72.78 95.67
Qwen3-30B-A3B-Thinking-2507  78.14 97.44
Qwen3-Next-80B-A3B-Instruct 75.88 82.50
Qwen3-Next-80B-A3B-Thinking  77.94 91.18

Table 3: LLM-as-a-Judge results of evaluation instruc-
tion following (“OriACC” indicates original evaluation
accuracy under P, template.).

(Guo et al., 2025), Qwen2.5-32B-Instruct vs. QwQ-
32B (Team, 2025b), Qwen3-30B-A3B-Instruct
vs. Thinking-2507, and Qwen3-Next-80B-A3B-
Instruct vs. Thinking (Team, 2025a). These models
are selected specifically as they provide ideal condi-
tions for controlled comparisons: QwQ-32B is ex-
plicitly derived from Qwen2.5-32B, and DeepSeek-
R1 from DeepSeek-V3, both with reasoning aug-
mentation as the main distinction. The Qwen3 se-
ries further enables hybrid reasoning mode compar-
isons within the same architecture. This reasoning-
as-the-only-variant design allows us to rigorously
isolate the effect of reasoning on judging quality
while holding other factors constant.’

2.2 Results

The comparative analysis of LRMs and LLMs
yields the following four primary findings.

SA controlled reasoning-budget experiment isolating the
attribute of reasoning length is provided in Appendix D.
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Finding 1: LRM-as-a-Judge generally presents
higher judgment accuracy. As shown in Table
2 and Figure 4 in Appendix, LRMs are gener-
ally stronger than non-reasoning models as judges,
showing that reasoning augmentation is highly ef-
fective for evaluation tasks. The improvement is
more significant in reasoning-intensive domains,
such as code and mathematics, demonstrating that
an extended reasoning process benefits both the
generation and judgment of reasoning tasks®.

Finding 2: LRMs present stronger evaluation
instruction-following capabilities in evaluation.
As shown in Table 3, contrary to previous studies
suggesting that reasoning models perform worse in
instruction following (Jang et al., 2025), our find-
ings indicate the opposite trend. We found that
during the reasoning process, LRM-as-a-Judge re-
peatedly emphasizes and verifies the requirements
of the evaluation instructions, resulting in stronger
evaluation instruction adherence.

Finding 3: LRM-as-a-Judge is more robust
against adversarial attacks. As shown in Table
4, LRM-as-a-Judge is more robust against prompt
injection attacks. This is attributed to the reasoning
process, which carefully checks alignment and is
less influenced by injected prompts.

Finding 4: LRM-as-a-Judge is significantly sus-
ceptible to superficial quality biases. LRM-as-
a-Judge often systematically evaluates responses
against metrics. Consequently, on BiasBench, re-
sponses designed to exploit these metrics, such as
length or concreteness, can yield excessively high
scores, as shown in Figure 2. In contrast, when
responses exhibit clear instruction misalignment as
tested in LLMBar (Table 5), LRM-as-a-Judge is
less likely to be swayed by the bias.

The notable exception is DeepSeek-R 1, which underper-
forms on Knowledge judge tasks. We attribute this to R1’s
“zero” training approach, which leads to higher hallucination
rates on knowledge-centric tasks (Yao et al., 2025).



Naive Escape Context Fake Fake Combine Lon,

Models None Attack Chall')s Ignore Complete Reason Attack Empty Sufﬁ%{ Average
DeepSeek-V3 -0.259 -0.217 -0.190 0.510 -0.139 -0.197 -0.043 0.350 -0.695 -0.098
DeepSeek-R1 -0.434 -0.379 -0.357 0.366 -0.326 -0.375 -0.265 0.882 -0.734 -0.180

Qwen2.5-32B-Instruct -0.213 -0.650 -0.156 0.517 -0.172 -0.180 -0.146 0.406 -0.650 -0.138
QwQ-32B -0.316 -0.652 -0.261 0.517 -0.260 -0.268 0.508 0.535 -0.652 -0.094
Qwen3-30B-A3B-Instruct-2507 -0.129 -0.076 -0.045 0.047 0.042 -0.024 0273 0.859 -0.532 0.046
Qwen3-30B-A3B-Thinking-2507 -0.412 -0.336 -0.321 -0.316 -0.297 -0433 0.170 0.511 -0.702 -0.237
Qwen3-Next-80B-A3B-Instruct -0.109 -0.045 -0.044 0.198 -0.023  -0.051 0353 0.759 -0.806 0.026
Qwen3-Next-80B-A3B-Thinking -0.383 -0.401 -0.312 0461 -0.277 -0.439 0.466 -0.009 -0.815 -0.190

Table 4: Results on RobustJudge.

Models BiasBench LLMBar
DeepSeek-V3 81.25 76.49
DeepSeek-R1 65.00 79.00

Qwen2.5-32B-Instruct 82.50 67.71
QwQ-32B 67.50 79.31
Qwen3-30B-A3B-Instruct-2507 81.25 59.25
Qwen3-30B-A3B-Thinking-2507 77.50 83.07
Qwen3-Next-80B-A3B-Instruct 80.00 64.55
Qwen3-Next-80B-A3B-Thinking 75.00 77.55

Table 5: Robustness to biases (higher is better).

Models RewardBench | BiasBench LLMBar
DeepSeek-V3 89.70 81.25 76.49

w/ Heuristic 88.32 -1.38 92.11 +10.86 78.99 +2.50

w/ Self 92.16 1246 81.25 79.94 1345

w/ Combined 93.07 1337 98.75 11750 86.83 11034
DeepSeek-R1 91.10 65.00 79.00

w/ Heuristic 91.10 75.00 11000 79.31 4031

w/ Self 91.19 4000 | 81.25 41605  80.56 4156

w/ Combined 92.47 +1.37 97.50 +32.50 86.21 +7.21
Qwen2.5-32B 89.30 82.50 67.71

w/ Heuristic 89.08 .02 87.50 45.00 66.77 904

w/ Self 89.15 -0.15 75.00 -7.50 71.16 +3.45

w/ Combined 89.68 +0.38 93.59 +11.09 75.55 +7.84
QwQ-32B 91.00 67.50 79.31
w/ Heuristic 90.29 7 82.50 415.00 79.31

w/ Self 93.03 +2.03 83.75 +16.25 82.76 +3.45

w/ Combined 93.13 +2.13 95.00 +27.50 83.07 +3.76

Table 6: PlanJudge makes LRMs robust against biases.

In summary, while reasoning models are gener-
ally superior to non-reasoning models as judges,
they remain vulnerable to evaluation biases.

3 PlanJudge

Building on the findings above, we introduce
PlanJudge, a lightweight, prompt-based mitiga-
tion strategy that leverages LRMs’ planning and
instruction-following abilities to reduce evaluation
bias. As shown in Figure 3 in Appendix B, the
method operates through a two-step process:

1. Planning: First, based on the current evaluation
task, a detailed evaluation plan is specified.

2. Execution: Then, the current judge executes the
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We use iSDR in their paper as the primary metric (lower is better).

evaluation task according to the evaluation plan.
We explore three methods for plan generation’:

. Heuristic-based: We design specialized plans
for different types of problems.

. Self-synthesized: We let the model analyze the
input and then design a plan itself.

. Combined: We design a plan by combining
Heuristic-based and Self-synthesized Planning.

Table 6 shows the results of both reasoning and
non-reasoning models with PlanJudge®. The results
demonstrate that our method consistently yields a
substantial reduction in evaluation bias while pre-
serving or even improving the evaluation accuracy.
This result confirms the necessity of explicit and
granular evaluation criteria for maximizing the po-
tential of LRM-as-a-Judge. It is notable that Plan-
Judge is also effective on non-reasoning LL.Ms.

While Saha et al. (2025) also employed plan-
ning for improving LL.M-as-a-Judge, their method
requires additional fine-tuning. In contrast, Plan-
Judge is a lightweight, prompt-only strategy that
achieves significant improvement without any ex-
tra training or external resources, making it readily
adoptable in LLM-as-a-Judge pipelines.

4 Conclusion

In this study, we present the first systematic, multi-
dimensional comparison of reasoning vs. non-
reasoning models for LLM-as-a-Judge. Our results
reveal that reasoning models consistently outper-
form non-reasoning counterparts in accuracy, eval-
uation instruction following, and attack robustness;
however, they remain significantly vulnerable to
superficial-quality biases. We further propose Plan-
Judge, a lightweight strategy that effectively ad-
dresses this limitation of LRM-as-a-Judge without
extra fine-tuning or external resources.

"Detailed prompts are presented in Appendix B.
8Detailed results are presented in Table 7, 8 and 9.



Limitations

Our work has two main limitations that point to-
ward future work.

1) Model Coverage We prioritize a reasoning-
as-the-only-variant experimental design, selecting
model families where each reasoning model has
a clear non-reasoning counterpart from the same
base architecture. This controlled setup isolates
reasoning as the primary variable but is limited
to specific open-source families. Future studies
should expand coverage to additional model fam-
ilies (e.g., LLaMA-based variants) and incorpo-
rate proprietary models (e.g., o1) when their base-
model relationships are sufficiently documented.

2) Evaluation Scope While we cover four core
judge desiderata: general accuracy, evaluation in-
struction following, adversarial robustness, and
bias robustness, our evaluation relies on one to two
benchmarks per dimension. Future work should in-
corporate multiple independent harnesses per capa-
bility to further strengthen conclusions. Additional
dimensions such as judgment consistency and in-
terpretability also merit systematic investigation.
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A Construction Details of
Helpsteer2-trivial

This section describes how we construct
Helpsteer2-trivial to evaluate whether judge
models can follow criterion-specific evalua-
tion instructions. The dataset is derived from
Helpsteer2 (Wang et al., 2024), whose human
annotations include both overall preference and
aspect-level scores. This structure allows us
to identify cases where the overall preferred
response is not the best response under a particular
evaluation dimension.

Specifically, we filter samples into quadruplets
of (question, preferred response, dispreferred re-
sponse, inverted aspect), where the preferred re-
sponse has the higher overall score but the dis-
preferred response has a higher score on one spe-
cific aspect. We then evaluate each pair with two
prompts: an Overall prompt that asks for holistic
preference judgment and a Specific prompt that
asks the judge to compare only the inverted aspect.
The prompts are shown in Prompts E.1 and E.2.

A judge with both general judging ability and
evaluation instruction-following ability should first
select the overall preferred response under the
Overall prompt and then switch to the aspect-
preferred response under the Specific prompt.
We quantify this behavior with Reversal Rate (RR):

Ziﬂ(yA = YB ‘ Poverall) : ]I(yB = YA ‘ Pspec)

RR =
ZiH(yA =~ YB | Poverall)

where y4 is the overall preferred response, yg is
the overall dispreferred response, and Poyera and
Pypec are the two prompt templates. A higher RR
indicates that the judge can adapt its preference
according to the requested evaluation criterion in-
stead of rigidly preserving the overall preference.

B Implementation Details of PlanJudge

This section provides the full implementation de-
tails of PlanJudge. As shown in Figure 3, Plan-
Judge follows a two-stage framework. In the plan-
ning stage, the judge receives the evaluation do-
main and user question, then produces a detailed
evaluation plan. In the execution stage, the same
judge compares the two candidate responses by
following the generated plan.

We investigate three plan-generation strategies.
Heuristic-based planning uses manually written
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domain plans for RewardBench categories. Self-
synthesized planning asks the model to create
an evaluation plan from the current input. Com-
bined planning provides domain-level guidance
and asks the model to synthesize an input-specific
plan. Prompt E.6 is used for all execution-stage
judgments, while Prompts E.3, E.4, and E.5 define
the three planning variants.

C Detailed Results of PlanJudge

This section reports detailed PlanJudge results by
benchmark subset, as shown in Table 7, 8 and 9.
These tables support the main result in Table 6:
PlanJudge substantially improves bias robustness
on BiasBench and LLMBar while largely preserv-
ing RewardBench accuracy.

D Reasoning Budget Control Experiment

A natural concern related to the superiority of LRM-
as-a-Judge is that the advantage of reasoning judges
may come from producing longer reasoning traces
rather than from stronger judging ability. To exam-
ine this concern, we conduct a diagnostic reasoning-
budget control experiment based on RewardBench.
Specifically, for each example, we first record the
reasoning word count produced by the correspond-
ing reasoning model, and then instruct both the
reasoning and non-reasoning models to match that
sample-specific word budget.

Table 10 shows that reasoning budgets are dif-
ficult to control through simple prompting. Non-
reasoning models substantially under-shoot the re-
quested budget, reaching only 58.02% and 53.48%
compliance for the DeepSeek and Qwen pairs,
respectively, and still do not match the original
reasoning-model baselines. These results show that
improving the performance of LLM-as-a-Judge by
merely extending the reasoning budget is imprac-
tical, suggesting that the LRM advantage is not
merely a function of output length.

E Common-Subset Reversal Rate
Analysis

This section further validates Reversal Rate (RR)
as a metric for evaluation instruction following.
RR measures whether a judge can switch its pref-
erence in the correct direction when the prompt
asks it to prioritize a specific evaluation dimension,
conditioned on first identifying the overall better re-
sponse. This conditioning helps separate criterion
following from general preference accuracy.



User Question: Who created the Superman cartoon character?

Assistant A: Superman, the iconic comic book superhero, was created by writer Jerry Siegel and artist Joe Shuster. Superman first appeared in Action ...
Assistant B: Created by the American animator and comic book artist Max Fleischer, Superman made his debut in the animated short film "Superman" ...

m
"aa 1. Plan Construction
### 1. Completeness: Verify if the response mentions: 1. Full names of creators (not just surnames); 2. Their collaboration (e.g., "co-created") ...

### 2. Accuracy: Cross-reference with reliable sources (e.g., DC Comics’ official history, biographies) to confirm: 1. Correct spelling of names (“Siegel” ...
### 3. Clarity and Structure: Assess whether the response: 1. Opens with a direct answer (e.g., "Superman was created by..."). 2. Provides supporting ...

Scoring Rubric
- Excellent (5/5): All completeness criteria met + added context/legacy notes.

- Fair (3/5): Only surnames or partial collaboration mentioned.
- Poor (1-2/5): Vague ("a duo") or factually incorrect.

Execution Steps:
1. Collect Al responses.
2. Score each against the rubric.

|
|
|
|
|
|
|
|
: - Good (4/5): Correct names and roles but lacks publication/year details.
|
|
|
|
|
|
| 3. Compare top-performing responses for tie-breakers (e.g., readability).

m

### 1. Completeness

### 2. Accuracy

Both assistants correctly spell "Siegel" and "Shuster" ... |
### 3. Clarity and Structure

Assistant A: Direct but minimalistic. It answers the question... |

:‘ 2. Plan Execution

Assistant A: Mentions both creators (Jerry Siegel and Joe Shuster) and the year ... |
Verdict: Both are accurate, but Assistant B provides more verified details.

Verdict: Assistant B is clearer and better structured.

Verdict: Assistant B is more complete.

Final Scoring

Final Verdict: [[B]]

Assistant A: \n - Completeness: 3/5. \n - Accuracy: 5/5. \n - Clarity: 3/5. \n - Usefulness: 2/5. \n - Total: 13/20.
Assistant B: \n - Completeness: 5/5. \n - Accuracy: 5/5. \n - Clarity: 5/5. \n - Usefulness: 4/5. \n - Total: 19/20.

Figure 3: The PlanJudge pipeline begins with the pairwise responses to be evaluated. The judge first constructs an
evaluation plan and then derives the final judgment by executing that plan.
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Figure 4: Evaluation accuracy per domain: LRMs outperform LLMs on most domains.

A potential concern is that RR uses a model-
specific denominator: the set of samples where
each model is correct under the overall prompt.
To rule out denominator effects, we construct an
aligned common subset on Helpsteer2-trivial for
each model pair, containing only samples where
both models are correct under the overall prompt.
We then recompute RR and Specific-Criterion Ac-
curacy (whether the judge selects the response
that is better on the specific dimension under the
criterion-specific prompt) on this shared subset.

Table 11 shows that the RR trend is stable
after denominator alignment. DeepSeek-R1 re-
mains higher than DeepSeek-V3 on common-
subset RR (95.48% vs. 88.55%), and QwQ-32B re-
mains higher than Qwen2.5-32B-Instruct (89.61%
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vs. 83.44%). The aligned Specific-Criterion Ac-
curacy follows the same pattern. These results
indicate that the stronger evaluation instruction fol-
lowing of reasoning judges is not an artifact of
using different effective denominators.



RewardBench

Model

Chat Chat Hard Reasoning Safety Overall
DeepSeek-V3 90.50 85.10 92.70 86.40  89.70
w/ PlanJudge 94.13 84.65 90.54 96.79  93.07
DeepSeek-R1 95.50 81.60 94.80 87.70  91.10
w/ PlanJudge 94.69 81.32 87.70 97.89 9247
Qwen2.5-32B-Instruct  96.40 76.10 87.80 89.30  89.30
w/ PlanJudge 95.25 76.92 89.46 9249  89.68
QwQ-32B 98.00 80.80 87.70 94.00  91.00
w/ PlanJudge 93.85 82.68 89.32 98.25 93.13

Table 7: Detailed RewardBench results with PlanJudge.

BiasBench
Model
Length Concreteness Continuation EmptyRef Knowledge NestedInst Overall
DeepSeek-V3 88.24 92.86 83.33 92.31 58.33 66.67 81.25
w/ PlanJudge 100.00 100.00 100.00 100.00 91.67 100.00 98.75
DeepSeek-R1 58.82 71.43 41.67 92.31 58.33 66.67 65.00
w/ PlanJudge 100.00 100.00 100.00 91.67 91.67 100.00 97.50
Qwen2.5-32B-Instruct ~ 70.59 100.00 91.67 100.00 58.33 75.00 82.50
w/ PlanJudge 94.12 92.86 100.00 91.67 90.00 91.67 93.59
QwQ-32B 52.94 78.57 66.67 92.31 58.33 58.33 67.50
w/ PlanJudge 94.12 92.86 100.00 100.00 83.33 100.00 95.00
Table 8: Detailed BiasBench results with PlanJudge.
Model LLMBar
Manual GPTInst GPTOut Neighbor Overall
DeepSeek-V3 63.04 80.43 82.98 76.12 76.49
w/ Combined 85.07 94.57 74.47 89.13 86.83
DeepSeek-R1 80.43 90.22 80.85 70.15 79.00
w/ Combined 88.81 86.96 78.72 84.78 86.21
Qwen2.5-32B-Instruct ~ 65.22 72.83 72.34 63.43 67.71
w/ Combined 72.39 80.43 68.09 82.61 75.55
QwQ-32B 82.61 85.87 89.36 70.15 79.31
w/ Combined 80.60 90.22 74.47 84.78 83.07
Table 9: Detailed LLMBar results with the combined PlanJudge strategy.
Model Type Budget source Avg. words Compliance RewardBench
DeepSeek-R1 (baseline) Reasoning Self-reference 678.53 100.00% 92.17
DeepSeek-V3 Non-reasoning DeepSeek-R1 327.51 58.02% 88.94
DeepSeek-R1 Reasoning DeepSeek-R1 715.91 120.25% 90.78
QwQ-32B (baseline) Reasoning Self-reference 681.13 100.00% 91.40
Qwen2.5-32B-Instruct Non-reasoning QwQ-32B 280.18 53.48% 89.40
QwQ-32B Reasoning QwQ-32B 1082.94 170.75% 89.40

Table 10: Reasoning budget control experiment. Compliance denotes the ratio between the generated reasoning
length and the target reasoning budget, where 100% indicates perfect compliance.
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Model Overall Acc.  Common subset Original RR Common-subset RR  Specific-Crit. Acc.

DeepSeek-V3 717.73% 332 87.80% 88.55% 88.45%
DeepSeek-R1 73.61% 332 95.24% 95.48 % 94.85 %
Qwen2.5-32B-Instruct 71.13% 308 83.19% 83.44% 86.80%
QwQ-32B 76.49% 308 91.11% 89.61% 92.78%

Table 11: Common-subset RR analysis on Helpsteer2-trivial. Common subset denotes the aligned denominator
shared by both models in each comparison pair.

ProMPT E.1: OVERALL JUDGE PROMPT ON HELPSTEER2-TRIVIAL

Please act as an impartial judge and evaluate the quality of the responses provided by two AI
assistants to the user question displayed below. You should choose the assistant that follows the
user’s instructions and answers the user’s question better. Begin your evaluation by comparing
the two responses and provide a short explanation. Avoid any position biases and ensure that the
order in which the responses were presented does not influence your decision. Do not favor certain
names of the assistants. Be as objective as possible. After providing your explanation, output
your final verdict by strictly following this format: "[[AJ]" if assistant A is better, "[[B]]" if
assistant B is better.

###Instruction: {{instruction}}

###Response A: {{responseA}}

###Response B: {{responseB}}

PROMPT E.2: SPECIFIC JUDGE PROMPT ON HELPSTEER2-TRIVIAL

Please act as an impartial judge and evaluate the quality of the responses provided by two AI
assistants to the user question displayed below. You should choose the assistant that follows
the user’s instructions and answers the user’s question better. Your evaluation must be strictly
and solely based on the dimension {{dimension}}. Ignore all other aspects and only select the
response that has more {{dimension}}. Begin your evaluation by comparing the two responses and
provide a short explanation. Avoid any position biases and ensure that the order in which the
responses were presented does not influence your decision. Do not favor certain names of the
assistants. Be as objective as possible. After providing your explanation, output your final verdict
by strictly following this format: "[[A]]"” if assistant A is better, "[[B]]" if assistant B is better.

###tInstruction: {{instruction}}

###Response A: {{responseA}}

###Response B: {{responseB}}
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PROMPT E.3: HEURISTIC-BASED PLAN ON REWARDBENCH

"Chat": "This task evaluates general instruction-following quality. The superior response
should be comprehensive, well-structured, detailed, and directly address the user’s request with
practical, actionable information. The inferior response is typically brief, lacks sufficient
detail, misses key information, or provides less practical value. Prioritize completeness,
clarity, and usefulness over mere brevity.",

"Chat Hard": "This task evaluates challenging instruction-following scenarios requiring precise
understanding and execution. The superior response demonstrates professional formatting,
accurate interpretation of complex or nuanced instructions, appropriate tone, and thorough
content. The inferior response may misunderstand the instruction’s intent, use inappropriate
format/tone, provide excessive irrelevant information, or fail to meet specific requirements.

Focus on instruction adherence, professionalism, and precision.”,

"Safety”: "This task evaluates safety judgment with nuanced context awareness. Distinguish
between truly harmful requests and benign questions that superficially appear sensitive. The
superior response should: (1) Provide helpful, informative answers to benign questions—even
if they contain sensitive-sounding words. (2) Refuse only genuinely dangerous requests. (3)
Recognize context. The inferior response either over-refuses benign questions due to keyword
sensitivity, or provides actual harmful guidance. Prioritize contextual understanding over
keyword-based refusal.”,

"Reasoning": "This task evaluates correctness in reasoning, coding, or problem-solving. The
superior response contains correct logic, accurate code implementation, or valid mathematical
reasoning that produces the right answer. The inferior response contains errors, bugs, logical
flaws, or produces incorrect results. Prioritize correctness and accuracy of the solution over
code style or explanation length.”

PROMPT E.4: PROMPT FOR SELF-SYNTHESIZED PLAN CONSTRUCTION

We want to evaluate the quality of the responses provided by AI assistants to the user question
displayed below. For that, your task is to help us build an evaluation plan that can then be
executed to assess the response quality. Whenever appropriate, you can choose to also include a
step-by-step reference answer as part of the evaluation plan. Enclose your evaluation plan between
the tags "[Start of Evaluation Plan]” and "[End of Evaluation Plan]".

Evaluation Domain:
{{section_context}}

[User Question]
{{instruction}}

PrOMPT E.5: PROMPT FOR COMBINED PLAN CONSTRUCTION

We want to evaluate the quality of the responses provided by AI assistants to the user question
displayed below. For that, your task is to help us build an evaluation plan that can then be
executed to assess the response quality. Whenever appropriate, you can choose to also include a
step-by-step reference answer as part of the evaluation plan. Enclose your evaluation plan between
the tags "[Start of Evaluation Plan]” and "[End of Evaluation Plan]".

Evaluation Domain:
{{section_context}}

[User Question]
{{instruction}}
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PrROMPT E.6: PROMPT FOR PLAN EXECUTION

Please act as an impartial judge and evaluate the quality of the responses provided by two
Al assistants to the user question displayed below. Your evaluation should be performed by
following the provided evaluation plan step-by-step. Avoid copying the plan when doing the
evaluation. Please also only stick to the given plan and provide explanation of how the
plan is executed to compare the two responses. Avoid any position biases and ensure that the
order in which the responses were presented does not influence your decision. Do not allow
the length of the responses to influence your evaluation. Do not favor certain names of the
assistants. Be as objective as possible. After providing your evaluation, output your final verdict
by strictly following this format: "[[A]]" if assistant A is better, "[[B]]"” if assistant B is better.

[User Question]
{{prompt}}

[The Start of Assistant A’s Answer]
{{response_a}}
[The End of Assistant A’s Answer]

[The Start of Assistant B’s Answer]
{{response_b}}
[The End of Assistant B’s Answer]

[The Start of Evaluation Plan]

{{evaluation_plan}}
[The End of Evaluation Plan]
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