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Abstract

Recently, the role of LLM-as-judge in evaluat-
ing large language models has gained promi-
nence, emerging as an important method to
partially replace costly human assessment.
However, current judge models suffer from
narrow specialization and limited robustness,
undermining their capacity for comprehensive
evaluations. In this work, we decompose the
ability of a generalist and generative judge
model into three levels: objective verification,
subjective evaluation, and rubric refinement.
We present CompassJudger-2, a novel gener-
alist judge model that overcomes these limita-
tions via a task-driven, multi-scenarios data cu-
ration strategy. We conducted large-scale data
collection for each type of task and designed
tailored rejection sampling strategies to filter
the data, ensuring data diversity, accuracy, and
effectiveness. Empirically, CompassJudger-2
achieves superior results across multiple judge
and reward benchmarks, demostrating its ex-
cellent robustness and generalization ability.
These contributions advance robust, scalable
LLM judgment and establish new performance
and evaluation standards. !

1 Introduction

Large language models (LLMs) have advanced
rapidly with the development of new founda-
tion models such as DeepSeek-R1 (Guo et al.,
2025), GPT series (OpenAl, 2025a), and Qwen se-
ries (Yang et al., 2024). Innovations in architecture
and data scaling have enabled LLMs to achieve
state-of-the-art performance across diverse tasks,
including natural language understanding, code
generation, creative writing, and complex reason-
ing (Li et al., 2024; Jain et al., 2024; Dubois et al.,
2024; Lambert et al., 2024).

'This work is done when Taolin Zhang is on internship at
Shanghai Al Laboratory, * means equal contribution, © means
corresponding author, * means project lead.

As large language models (LLMs) become in-
creasingly integrated into real-world applications,
accurately evaluating the quality of their responses
has become more important than ever. Determin-
istic evaluators can work reliably on standardized
tasks with uniquely defined answers or verifiable
output constraints (Rein et al., 2024; Zhou et al.,
2023; Jain et al., 2024; Clark et al., 2019; Dua
et al., 2019). However, task-specific parsers and
validators do not readily transfer to open-ended
questions. To address these challenges, model-
based evaluation methods known as LLM-as-a-
Judge (Zhu et al., 2023; Ye et al., 2024; Yu et al.,
2025) have been proposed. These approaches
leverage the reasoning capabilities of LLMs to au-
tomate the evaluation pipeline and reduce the need
for human intervention. However, the broader
adoption of such methods is constrained by the
limited generalization abilities of current judge
models. Existing models are usually trained on
specific tasks and domains due to the lack of di-
verse training data and incomplete world knowl-
edge. Consequently, they may produce invalid or
even harmful analyses and explanations when ap-
plied to unfamiliar tasks or domains, which poses
a barrier to the continued evolution of LLMs.

Motivated by formative assessment’s emphasis
on multi-criteria quality judgments and feedback
(Sadler, 1989), we organize judging capability into
three progressively more advanced stages. First,
an effective judge model should be able to assess
the correctness of a candidate response against a
reference answer. This ability is especially impor-
tant in objective scenarios where ground truth is
clearly defined. Although current RLVR pipelines
often rely on rule-based reward systems, an ideal
judge model would possess the reasoning capacity
to interpret reference answers intelligently, avoid-
ing incorrect rejections of valid responses that
merely differ in form. Second, the judge model
should also function effectively in the absence of a
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Figure 1: Decomposition of Different Judging Abilities. We decompose the essential capabilities of a generalist
judge into objective verification, subjective evaluation, and rubric refinement.

reference answer. This is crucial for subjective and
open-ended questions, where no single correct an-
swer exists. In such instances, the model must ana-
lyze the content of responses and conduct compar-
ative evaluations across multiple answers to iden-
tify which one is more appropriate. At a more
advanced level, a capable judge model should
provide constructive feedback aimed at improv-
ing candidate responses with rubric-based evalu-
ations. To fulfill this role, the model must develop
a deep understanding of both the question and the
response and offer detailed suggestions that mean-
ingfully enhance the original answer.

In this paper, we establish a systematic frame-
work for developing the generalist judge models
defined above, in case of training pipeline and
evaluation benchmarks. Specifically, we design
distinct data construction pipelines for three dif-
ferent scenarios: objective verification, subjective
evaluation, and rubric refinement. To more effec-
tively evaluate the capabilities of subjective evalu-
ation and rubric refinement, we introduce Judger-
BenchV2 and RubricBench, paving the way for
standardized judge evaluation. For training data
construction, we adopt rejection sampling and a
delta-based strategy for rubric generation to en-
hance data quality. Furthermore, by incorporating
novel verifiable judge rewards into the supervised
fine-tuning process, we obtain CompassJudger-2,
which demonstrates strong performance across a
wide range of benchmarks. We summarize our
contributions as follows:

* We decompose judge ability into three different
scenarios: objective verification, subjective eval-
uation and rubric refinement.

We introduce JudgerBenchV2, which treats a
Mix-of-Judgers as the ground truth and deploys
new metrics that jointly assess accuracy and
rank fidelity, enabling more reliable evaluation.
We also introduce RubricBench to standardize
the evaluation of rubric refinement.

* We develop CompassJudger-2, which improves

judging performance across various scenarios,
paving the way toward a generalist judge.

2 Related Works

Objective Verifiers. Verifiers are typically devel-
oped to assess objective questions with standard
answers, and their outputs usually involve hard la-
bels such as “correct” or “incorrect” (Cobbe et al.,
2021; Kawabata and Sugawara, 2024). Main-
stream approaches often employ pattern matching
(e.g., extracting phrases like “The answer 1is
[1”) (Contributors, 2023; Gao et al., 2024; Ope-
nAl, 2023) or utilize specialized tools for math-
ematical expressions (e.g., Math-Verify (hugging-
face, 2024)). However, due to the unstructured na-
ture of generative model outputs, such character-
level matching methods are prone to failure. As
LLMs become increasingly powerful, researchers
have begun exploring the use of general LLMs or
developing specialized verifiers to achieve more
robust answer matching (Chen et al., 2025a; Ma
et al., 2025; Su et al., 2025). In contrast to these
task-specific verifiers, our model is capable of fol-
lowing more diverse prompts, thereby enabling
more robust and versatile verification capabilities.
Subjective Judgers. LLM judgers can play arole
in providing judgments on model responses for
open-ended questions. Unlike traditional reward
models that output a single scalar value, LLM-
based judges can provide richer feedback by ex-
plaining the logic and rationale underlying their
evaluations. However, many existing judge mod-
els (Zhu et al., 2023; Li et al., 2023b) are trained
on specific prompts, leading to poor generaliza-
tion and limited adaptability to varied evaluation
scenarios. Therefore, all-in-one generative models
have emerged, with CompassJudger-1 (Cao et al.,
2024) being the first to incorporate a wide range of
judge tasks into model training, greatly enhancing
the generalization ability. Con-J (Ye et al., 2024)
and RISE (Yu et al., 2025) have also conducted
all-in-one judge model training and achieved bet-
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ter judge performance through the DPO strategy.
Rubric Refiners. Recently, rubric-based re-
wards have gained significant attention due to their
ability to decompose evaluation into more inter-
pretable components. A rubric consists of ques-
tions focused on specific criteria for each task. In
general, rubrics provide a more fine-grained basis
for judgment, and many recent works have em-
ployed them as reward signals in RLVR. Rubicon-
Preview (Huang et al., 2025) introduces a frame-
work that leverages rubric-based rewards within
reinforcement learning to enhance large language
model performance on subjective, open-ended
tasks. RaR (Gunjal et al., 2025) employs struc-
tured checklists as reward signals to train language
models on complex tasks where correctness is sub-
jective and not easily verifiable. Our work builds
on this direction by treating rubric refinement as
a distinct judging capability that produces action-
able criteria for improving candidate responses.

3 Methodology

In this section, we first present objective verifica-
tion, subjective evaluation, and rubric refinement,
then summarize training-data composition, and fi-
nally introduce JudgerBenchV2 and RubricBench
for evaluation.

3.1 LLM as Objective Verifier

Data Curation. We aggregated responses from
multiple models (e.g., Qwen3-Series (Yang et al.,
2025), DeepSeek-R1 and DeepSeek-V3 (Guo
et al., 2025; Liu et al., 2024), GPT-Series (Ope-
nAl, 2025a), and Llama3-Series (Grattafiori et al.,
2024)) across various datasets (e.g., MMLU-
Pro (Wang et al.,, 2024), CMMLU (Li et al.,
2023a), and GSM8K (Cobbe et al., 2021)) and uti-
lized DeepSeek-V3 and Qwen2.5-3B-Instruct to
verify these responses, determining their correct-
ness. We selected datasets based on their domain
and question types, while employing models of
varying scales to generate responses, aiming to
maximize the diversity of the verification data.

Rejection Sampling. We employ consistency-
based rejection sampling for large-scale training
data and enhance data difficulty while maintaining
accuracy. Specifically, we use both DeepSeek-V3
(DS-V3) and the Qwen2.5-3B-Instruct (Qwen?2.5-
3B-It) model to perform multiple verifications of
the same LLM’s response against the ground truth.
We then select data where DS-V3 consistently pro-

vided the same verification outcome across mul-
tiple trials, while Qwen2.5-3B-It shows inconsis-
tency. For the multiple CoT trajectories synthe-
sized by DS-V3, we randomly select one trajec-
tory per raw data sample to add to the training data
pool, ensuring the diversity of the training data.

3.2 LLM as Subjective Evaluator

3.2.1 Incorporating Verified Reward

Judge Reward. In the judge task, the model per-
forms binary classification by outputting its predic-
tion at designated positions, which enables us to
utilize the ground truth labels as explicit guidance
signals for optimization. Inspired by DeepSeek-
R1 (Guo et al., 2025), given an instruction-
response pair (z,y), a prediction position k, and
the corresponding ground truth label y; , we apply
arule-based reward r(x, y) defined as 1 if the mod-
els prediction at position k; matches the ground
truth label y;. , and O otherwise.

Policy Gradient Optimization. We formulate
the learning objective as maximizing the expected
reward over the response distribution and the gra-
dient of this objective can be derived as follows:

VoJ(0) = Vo [ExeDEymr, [1(2, )]
= B DEyr, [7(, ) Vo log mo (y|2)]

== EZ‘NDEyNﬂ'g T(l’, y) Z v@ log Uy (yt|x7 y<t)]

t=1

ey

This decomposition shows how the gradient propa-

gates through all sequence positions in autoregres-

sive models. Given that reward function only de-

pends on the prediction at position k,, the Judge-
PG loss can be further obtained as follows:

ﬁJudge—PG =
— E E |logmo(yk, |z, y<r,) . ] .
z~D Y~y Yky :ykz
(2)

Rejection Sampling. We observe that SFT
loss computes the conditional probability under
fixed prefixes to apply teacher forcing, while the
Judge-PG loss approximates the marginal proba-
bility by aggregating over diverse prefix to max-
imize expected rewards. To address this explo-
ration bottleneck, we leverage rejection sampling
to enhance model generalization through diversi-
fied prefix generation. Our approach systemati-
cally generates and filters diverse response candi-
dates based on quality metrics and reject the sam-
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Figure 2: Pipeline of Data Construction. We collect data from public datasets and employ rejection sampling to

filter high-quality training data across the three scenarios.

ples that do not match the ground truth label. For-
mally, for the iy, instruction (i € {1.., N'}) in the
dataset, we generate M response samples that sat-
isfy the ground truth label y(**) to approximate the
policy gradient loss:

| MM i
- = % (4)
Lpg NI ZEZI jEZl log 7T9(ykx |z

(&%)
7y<kx

)

3)
We further combine the SFT loss and policy gra-
dient loss as the total loss over the sampled re-
sponses:

Liotat =LsrT + LPG “4)

Mapping Function. The total loss can be decom-
posed with SFT loss over the prefix and a mapping
function g over the prediction position, as shown
in Table 1. We also design three different map-
ping loss functions as g over the ground truth an-
swer ylii]*) and the wrong answer y,(cz’j_)
three different mapping functions:

(1) DPO Mapping Loss w/o Reference Model
encourages the model to increase the probability
of true answer instead of wrong one. (2) Tempera-
ture Mapping Loss performs temperature scaling
to the logits before softmax, effectively sharpen-
ing the probability distribution around the ground
truth token with 7 as the temperature. (3) Margin
Mapping Loss introduces a margin v between the
correct token and other answer, making the ground
truth probability sufficiently higher.

3.2.2 Data Pipeline

Data Curation. We begin by collecting open-
source judge-related datasets, including Public

. We utilize

Judge Data that contain critiques and Public Re-
ward Data that only contain ground truth labels.
For Public Judge Data, we observe that many
judgments were generated by outdated models
such as ChatGPT, which may introduce misjudg-
ments and implicit errors. To address this issue,
we split the data into outdated and up-to-date sub-
sets based on the cutoff date of October 2024. For
outdated data, we use Qwen2.5-72B-Instruct to
reconstruct outdated judgment and verify correct-
ness by comparing the predictions with human-
labeled ground truth. For up-to-date data, we re-
place the original prompt templates with ones col-
lected from a large number of subjective datasets
available in the community, thereby enhancing
their diversity. For Public Reward Data, such
data lacks critique annotations, making it subop-
timal for training generative judge models. To
leverage this data effectively, we prompt Qwen2.5-
72B-Instruct to generate judgments for each data
instance. To further enhance the robustness and
versatility, we systematically design and synthe-
size data from Chat-based Datasets, aiming to
improve stylistic adaptability of the training data.
Specifically, we generate response pairs exhibiting
different styles and require Qwen2.5-72B-Instruct
to select the superior response according to spec-
ified style requirements, thereby creating style-
sensitive judge data.

Rejection Sampling. We apply the rejection sam-
pling strategy mentioned above to ensure the accu-
racy of the reasoning paths. Specifically, for each
question, we generate multiple judgments and fil-
ter out low-quality reasoning trajectories by check-
ing whether the final predictions match the ground
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Table 1: Total loss and mapping functions. We discuss three mapping functions to approximate g.

Loss Loss Function
Total Loss Liotat = = S0y SIS, Tog mo(yl ™20,y + g (log mayle 129, y 42 )]
. o ( ('w*)lz(]) (7».1))
DPO Mapping Loss Lpopo = — 347 Zl 1 Z] 1logo | Blog W
g olos (] >\x<f> S
Temperature Mapping Loss LTemp = — 37 ZZI\L 1 Z]Ai 1 i .

Margin Mapping Loss

£Margm - N]M Zz 1 ZJ 1 max (

z s exp(log m(y (), US,Z) )/7)

—log mo(y ki])\l“ 7y(<7£>)+10g7ro( b 1?4 50)

truth label provided in the original data.

3.3 LLM as Rubric Refiner
3.3.1 Rubric Refinement Task

An effective generalist judge model should not
only be able to judge the responses, but also be
capable of generating high-quality critiques that
offer insightful analysis and explanations. For a
given candidate model, it is crucial to evaluate
the quality of feedback it provides in its role as a
teacher during test time. For objective tasks, rule-
based rewards are obtained in RLVR, which is not
suitable for open-ended tasks. Therefore, we fo-
cus on the test-time improvement of student mod-
els for open-ended questions in our setting.

To make the refinement pipeline formalized and
applicable, we transform the task into rubric gener-
ation. Specifically, we leverage rubrics generated
by the candidate model to guide student models in
refining their original responses. To quantitatively
measure the improvement brought by the rubrics,
we introduce a reference model and its responses
as a point of comparison. We compute the win rate
of the student model against the reference model
both before and after refinement. The change in
win rate reflects the effectiveness of the candidate
model as a rubric refiner.

3.3.2 Data Pipeline

Our subjective evaluation data combines re-
curated public judge / reward datasets with style-
sensitive data synthesized from chat queries, fol-
lowed by rejection sampling for quality control.
Data Curation. We collect high-quality prompts
from Condor (Cao et al., 2025) and utilize Qwen3-
8B and Qwen3-30B-A3B to obtain student re-
sponses, which are then fed into the teacher model
Qwen3-235B-Instruct for rubric generation.

In practice, however, we observe that LLMs
tend to produce generic and superficial sugges-
tions when only the question and response are pro-
vided, due to the lack of reference. Therefore, we

adopt a delta-based strategy in our pipeline to im-
prove the quality of the generated rubrics. Specif-
ically, we first prompt Qwen3-235B-Instruct to
generate an answer to the given question. Then,
we ask the model to produce a rubric for poten-
tial improvement by comparing the student’s re-
sponse with its own generated answer. We require
the model to avoid mentioning any reference to
the self-generated answer, which facilitates the re-
placement of the prompt to obtain rubric-related
training data based solely on the student’s re-
sponse.

Rejection Sampling. We adopt a rejection sam-
pling strategy to filter for high-quality rubrics. Fol-
lowing the evaluation pipeline in RubricBench, we
generate student responses alongside reference an-
swers produced by DeepSeek-V3.1 at the initial
stage. After the student responses are refined
with rubric, we compare the improved responses
against the original reference answers and select
only those rubrics that successfully elevate the
student response from being worse than to bet-
ter than the reference answer. To prevent reward
hacking, we use Qwen3-235B-Instruct itself as
the judge, instead of GPT-OSS-120B as used in
RubricBench.

We further analyze the quality control effect of
rejection sampling during rubric generation. As
shown in Table 2, the two candidate pools have re-
jection rates of 81.5% and 80.7%, with only 18.5%
and 19.3% of raw samples retained. This indi-
cates that rejection sampling does not directly ac-
cept teacher outputs as training data, but filters out
many raw candidates that may be incorrect, too
verbose, or unsuitable for student-model training.
The retained rubrics are also more compact and
their median length is about 3.1K characters, com-
pared with 6.4K characters for rejected samples.

3.4 Overall Training Data Composition.

Prior studies (Cao et al., 2024; Liu et al., 2025)
have also demonstrated that incorporating general
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Table 2: Rejection sampling statistics for rubric re-
finement training data.

Refonfion  Reioctod Refained

Raw Rejection j
Length

Samples Rate Rate

Qwen3-8B 212,770 81.5% 18.5% 6,437 3,131 3,306
Qwen3-30B-A3B 212,770 80.7% 19.3% 6,352 3,116 3,236

Length
Length  Reduction

Model

instruction data helps maintain generalization ca-
pability while preserving judge performance.

Therefore, we include general instruction data
collected from CompassJudger-1 and the final
training data consists of four components: (1)
Objective verification data from knowledge-based
datasets, (2) Subjective evaluation data from pub-
lic judge and public reward datasets, (3) Rubric
refinement data from delta-based strategy, (4) Gen-
eral supervised fine-tuning data.

3.5 More Robust Evaluation

JudgerBenchV2 for subjective evaluation.
There are several limitations in existing bench-
marks for judge models, such as insufficient
coverage of judgment scenarios and noisy ground
truth (GT) derived from a single source. To
address these issues, we propose JudgerBenchV2,
aiming to enhance the evaluation landscape for
judge models by providing a more comprehensive
and accurate benchmark. We first collect real-
world user queries in both Chinese and English
through CompassArena (Contributors, 2023). An
LLM is then employed to classify each query by
difficulty level, after which we manually select
100 queries per scenario, ensuring a balanced dis-
tribution of languages and difficulty levels. Next,
we select 10 high-performing models with com-
parable capabilities and generate their responses
to these queries. We then use GPT-40-mini as
the policy model and pair it with each of the 10
models to create response pairs. A judge model
evaluates these pairs in a pairwise manner, and
we derive its performance scores by comparing its
decisions with GT.

Evaluating open-ended questions is inherently
subjective, as different individuals and models
may produce varying judgments. Relying solely
on the judgment from a single human or a single
model as GT therefore risks introducing bias. To
address this issue, we introduce the Mixture of
Judgers strategy, which leverages the judgments
of DeepSeek-R1, DeepSeek-v3-0324, and Qwen3-
235B-A22B and considers the majority consen-
sus among these models as GT. Besides, tradi-
tional judge evaluation metrics primarily focus on

sample-level accuracy and fail to capture essential
dimensions such as ranking consistency. For in-
stance, while human raters may disagree on indi-
vidual samples, they often converge on the overall
ranking of models. A comprehensive evaluation
framework should therefore consider both fine-
grained judgment accuracy and high-level ranking
fidelity. We therefore calculate the score based on
both accuracy and ranking. Please refer to Ap-
pendix for more details. Additional human vali-
dation results for JudgerBenchV2 Mol labels are
reported in Appendix C.

RubricBench for rubric refinement.  Based
on the settings mentioned above, we introduce
RubricBench, a new benchmark for evaluat-
ing rubric refinement. We first collect high-
quality real-world prompts from Arena-Hard (Li
et al.,, 2024), AlpacaEval (Dubois et al., 2024),
and CompassArena (Contributors, 2023) to con-
struct our RubricBench dataset. We finally ob-
tain 500 English questions and 500 Chinese
queries. We then select Qwen3-8B, Qwen3-30B-
A3B, Qwen3-4B-Instruct (Yang et al., 2025), and
Llama3.1-8B (Grattafiori et al., 2024) as student
models to generate corresponding responses and
use DeepSeek-V3.1, based on the DeepSeek-V3
model family (Liu et al., 2024), to generate ref-
erence answers. We then employ GPT-OSS-
120B (OpenAl, 2025b) as the judger to determine
which answer is better and compute the win rate
of the student models against the reference model.

For each given question and student response,
the candidate model is required to generate a
rubric consisting of 4 to 6 evaluation dimensions.
Each dimension should be scored on a scale from
0 to 10, followed by a weighted overall score. In
addition, the model should identify 1 to 2 weaker
dimensions in the student’s response, and pro-
vide targeted improvement suggestions for each
of these identified areas. In this setting, the can-
didate model is expected to generate rubrics with
scoring logic in a structured evaluation pipeline
rather than merely listing scoring dimensions. We
utilize models from different families as students,
including Qwen, LLaMA, Gemma, and Kimi. Fi-
nally, we utilize the average of the relative im-
provement as the overall score of the candidate
model. Additional human and multi-judger vali-
dation experiments for RubricBench are reported
in Appendix B.
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Table 3: Main results on judge benchmarks and frontier general LLMs. CompassJudger-2 performs best
across all the scenarios. All RubricBench scores in this table use the bounded metric, and Avg is the average of
VerifyBench, Subjective Avg, and RubricBench Bounded Overall.

Objective Verification

Subjective Evaluation Rubric Refinement

Model
. .. RubricBench
VerifyBench JudgerBenchV2 JudgeBench RewardBench Subjective Avg Bounded Overall Avg
General LLMs
Llama3.1-8B-Instruct 46.90 57.64 33.23 73.64 54.84 21.45 41.06
Qwen2.5-7B-Instruct 60.90 57.14 23.23 79.69 53.35 17.05 43.77
InternLM3-8B-Instruct 58.40 57.71 24.19 80.62 54.84 25.26 46.17
Qwen?2.5-32B-Instruct 72.00 62.97 59.84 85.61 69.47 26.86 56.11
GPT-40-Mini 72.30 57.71 56.13 78.66 64.19 48.47 61.65
Qwen3-235B-A22B-Instruct-2507 70.60 63.93 71.40 87.79 74.37 58.69 67.89
GPT-4.1-2025-04-14 76.20 62.40 70.44 86.21 73.02 59.20 69.47
GPT-0SS-120B 87.90 56.95 81.61 91.59 76.72 62.41 75.68
Verifier Models
xVerify-0.5B-1 77.90 - - - - -
x Verify-8B-I 83.20 - - - - -
xVerify-9B-C 83.20 - - - - -
Tencent-Qwen2.5-7B-RLVR 82.40 - - - -
Scalar Reward Models
InternLM2-7B-Reward - 49.14 59.40 87.60 65.38 - -
InternLM2-20B-Reward - 45.89 63.40 90.20 66.50 - -
Skywork-Reward-Gemma-2-27B - 39.70 59.70 93.80 64.40 - -
Skywork-Reward-Llama-3.1-8B - 47.76 62.30 92.50 67.52 - -
7B Judge Models
CompassJudger-1-7B-Instruct 60.40 57.96 46.00 80.74 61.57 25.89 49.29
Con-J-7B-Instruct 70.00 52.35 38.06 87.10 59.17 19.06 49.41
Skywork-Critic-Llama-3.1-8B 38.80 51.43 53.40 89.00 64.61 13.83 39.08
RISE-Judge-Qwen2.5-7B 61.70 46.12 40.48 88.20 58.27 22.17 47.38
RM-R1-Qwen2.5-7B 69.52 50.13 37.26 83.06 56.81 20.32 48.88
CompassJudger-2-7B-Instruct 85.50+1.04 61.25+0.32 61.13+0.45 89.14+0.39 70.51+0.39 46.03+0.43 61.99
32B+ Judge Models
CompassJudger-1-32B-Instruct 66.10 60.33 62.29 86.17 69.60 25.72 53.81
Skywork-Critic-Llama-3.1-70B 64.80 52.41 57.40 93.30 67.70 24.92 52.47
RISE-Judge-Qwen2.5-32B 72.00 56.42 63.87 92.70 70.99 26.42 56.47
RM-R1-Qwen-Instruct-32B 77.50 60.78 62.10 88.52 70.46 32.73 60.23
CompassJudger-2-32B-Instruct 85.60+0.87 63.45+0.28 64.84+0.34 91.35+0.28 73.21+0.30 63.00+0.51 65.55

Table 4: Results on general benchmarks. CompassJudger-2 achieves state-of-the-art performance under different

model scales across all the scenarios.

Model MMLU Pro GPQA Diamond AIME25 LiveCodeBenchv5 IFEval ArenaHard ChemBench ProteinLM
7B Judge Models

Qwen2.5-7B-Instruct 55.43 34.85 6.67 12.57 73.20 47.86 57.20 57.52

Con-J-7B-Instruct 44.74 27.27 3.33 6.59 54.90 23.49 45.11 57.63

RISE-Judge-Qwen2.5-7B 51.56 3232 6.67 12.57 44.18 35.99 57.72 54.24

CompassJudger-2-7B-Instruct 52.55 39.39 6.67 14.37 74.49 53.49 59.37 54.66
32B Judge Models

Qwen2.5-32B-Instruct 68.92 42.93 16.67 30.54 79.85 70.16 71.75 61.23

RISE-Judge-Qwen2.5-32B 67.88 42.93 13.33 27.54 62.85 61.52 73.18 60.38

CompassJudger-2-32B-Instruct 69.22 50.51 23.33 25.15 79.48 83.31 72.42 61.65

4 Experiments

4.1 Experimental Setup

Evaluation Datasets. We evaluate
CompassJudger-2 on leading judge bench-
marks, including VerifyBench (Yan et al., 2025),
RewardBench (Lambert et al., 2024), JudgeBench
(Tan et al., 2024), as well as our JudgerBenchV2
and RubricBench. Besides, we compare our
method with other judge models over popular
objective and subjective benchmarks, including
MMLU Pro (Wang et al., 2024), GPQA (Rein
et al., 2024), AIME2025, LiveCodeBench v5

(Jain et al., 2024), IFEval (Zhou et al., 2023) and
ArenaHard (Li et al., 2024).

Experiment Settings. In practice, we generate
8 candidate responses for filtering during rejection
sampling. For model training, we utilize Qwen-
2.5 series as the checkpoint and adopt 6e-5 as the
learning rate. For Judge-PG loss, we set § = 0.1
in DPO Mapping Loss, 7 = 5 in Temperature
Mapping Loss and v = 10 in Margin Mapping
Loss. We apply DPO Mapping Loss on only the
candidate answer and Margin Mapping Loss on
the top 10 logits. During evaluation, we perform
three runs using different random seeds. We report
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Table 5: Ablation results of task data. CompassJudger-2 benefits from different kinds of task data.

Objective Verification

Subjective Evaluation

Rubric Refinement

Model Avg
VerifyBench JudgerBenchV2 JudgeBench RewardBench Avg RubricBench
Objective Data Only 86.60 57.52 52.74 49.94 53.40 34.13 58.04
Subjective Data Only 72.50 60.36 62.42 89.11 70.63 2697 56.70
Rubric Data Only 69.60 57.75 50.16 4425 50.72 42.00 54.11
CompassJudger-2-7B-Instruct 85.50 61.25 61.13 89.14 70.51 46.03 67.35
Table 6: Different mapping loss. Margin Mapping 90
Loss performs better compared to others. 75
Mapping Loss JudgerBenchV2 JudgeBench RewardBench Average o 60
Baseline 58.57 60.32 87.68 67.52 s
DPO 60.46 62.10 88.90 70.49
Temperature 60.93 61.61 88.58 70.37 30
Margin 61.25 61.13 89.14 70.51 1s
0
. _ JudgerBenchV2  JudgeBench RewardBench Average
the average performance with error bars. All com o Jdge-RFT Data M w/o G.SFT Data ool Data
pared models are rerun with the OpenCompass doe benchmatk
. ] a) Judge benchmarks.
evaluation framework (Contributors, 2023) under (2) Judg
the same environment, input subset, prompt tem- %
plate, parser, and metric computation scripts. Un- 75
less specified, the inference parameters are fixed to o 60
o
temperature=0.6, top_p=0.95, and top_k=20. & 45
30
4.2 Main Results 15
0 MMLU Pro GPQA  AIME2025 LCBvV5 IFEval  ArenaHard

Judge Ability Analysis. To verify the judge abil-
ity of our method, we conduct evaluation across
multiple benchmarks and compare our method
with different models including the RM-R1 (Chen
et al., 2025b) and RISE (Yu et al., 2025) se-
ries. As presented in Table 3, GPT-OSS-120B
achieves the highest bounded average among fron-
tier general LLMs, while CompassJudger-2-32B-
Instruct achieves the highest bounded average
among 32B+ judge models and CompassJudger-
2-7B-Instruct substantially outperforms other 7B
judge baselines, demonstrating significant ad-
vancements in the generalization ability. Notably,
CompassJudger-2-7B-Instruct outperforms RISE-
Judge-Qwen?2.5-Instruct-7B  and RM-R1-Qwen-
Instruct-7B by 15.48% and 13.39% on average, re-
spectively. The detailed metric definition is pro-
vided in Appendix A.2.

General Ability Analysis. We further high-
light the improvements in general capabilities of
CompassJudger-2 compared to baselines across
objective and subjective benchmarks. Besides,
we evaluate the performance in several unseen
domains including ChemBench (Mirza et al,
2025) and ProteinLM (Xiao et al., 2021). As
shown in Table 4, CompassJudger-2 achieves
markedly superior performance over other judge
models on both objective and subjective datasets,
demonstrating its generalization ability.  No-

HEE w/o Judge-RFT Data B w/o G-SFT Data Full Data

(b) Subjective and objective benchmarks.

Figure 3: Data ablation on different benchmarks.

tably, CompassJudger-2 outperforms Qwen2.5-
32B-Instruct on several benchmarks, suggesting
that training for judgment does not degrade and
may even benefit general capabilities.

4.3 Ablation and Discussion

Task Ablation. To better understand how dif-
ferent task data components contribute to the per-
formance, we conduct additional ablation analy-
sis and report the results in Table 5. The results
show that different types of data lead to notice-
able improvements on their corresponding tasks.
Notably, although the all-in-one model achieves
performance comparable to ablation variants on
objective verification and subjective evaluation, it
significantly outperforms them on RubricBench.
This suggests that the rubric refinement task
builds upon both objective verification and sub-
jective evaluation, and that all three types of task
data jointly contribute to the improvement. On
RubricBench, the full model further improves by
11.90, 19.06, and 4.03 points over the objective-
only, subjective-only, and rubric-only variants,
respectively, showing that the three supervision
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Table 7: Results on RubricBench with unbounded and bounded overall. Qwen3-4B-IT, Gemma3-4B-IT, and
Kimi-Linear denote Qwen3-4B-Instruct, Gemma3-4B-Instruct, and Kimi-Linear-48B-A3B-Instruct, respectively.
The frontier-teacher rows are evaluated with GPT-OSS-120B as the pairwise judger.

Model Qwen3-8B  Qwen3-30B-A3B Llama3.1-8B Qwen3-4BIT Gemma3-4BIT Kimi-Linear KubricBench - RubricBench
U Overall Overall
Base Models
Base model 16.70 15.90 8.10 25.90 16.00 30.80 0.00 0.00
General LLMs
Qwen?2.5-Instruct-7B 25.00 23.10 6.35 39.70 18.80 36.60 27.17 17.05
Llama3.1-8B 24.60 26.80 6.50 41.60 19.90 40.10 35.22 21.45
InternLM3-8B-Instruct 24.10 23.90 8.10 43.60 21.00 40.00 37.35 25.26
Qwen?2.5-Instruct-32B 27.00 27.00 7.80 42.00 21.50 39.40 42.04 26.86
GPT-4.1-2025-04-14 46.50 48.20 16.58 67.54 39.50 63.90 150.23 59.20
GPT-40-Mini 39.60 39.20 10.41 58.22 31.90 57.00 103.58 48.47
Qwen3-235B-A22B-Instruct-2507 45.40 44.90 18.81 62.63 40.80 59.20 145.91 58.69
GPT-OSS-120B 58.20 53.40 20.53 67.84 39.10 63.50 175.04 62.41
7B Judge Models
CompassJudger-1-7B-Instruct 24.20 26.70 8.15 42.70 20.70 39.10 39.11 25.89
Con-J-7B-Instruct 23.10 25.50 6.70 39.70 19.50 37.20 29.56 19.06
Skywork-Critic-Llama-3.1-8B 23.70 21.50 7.80 36.80 14.40 35.30 20.02 13.83
RISE-Judge-Qwen2.5-Instruct-7B 27.20 24.80 6.60 42.50 20.40 38.80 36.32 22.17
RM-R1-Qwen2.5-Instruct-7B 26.00 26.60 6.20 42.60 18.60 40.20 35.13 20.32
CompassJudger-2-7B-Instruct 27.40 27.30 9.00 41.20 22.20 40.50 46.03 29.97
32B+ Judge Models
CompassJudger-1-32B-Instruct 25.40 26.20 8.00 43.00 20.30 39.00 39.19 25.72
Skywork-Critic-Llama-3.1-70B 23.90 26.20 8.10 43.40 19.50 39.40 37.54 24.92
RISE-Judge-Qwen2.5-32B 25.60 26.20 7.80 42.80 21.80 39.60 40.74 26.42
RM-R1-Qwen2.5-32B 27.50 27.30 9.60 45.70 23.00 41.60 51.69 32.73
CompassJudger-2-32B-Instruct 29.70 28.80 11.50 47.50 24.80 42.70 63.00 37.83

sources cover complementary capability dimen-
sions and cannot replace one another.

Judge-PG Loss. The detailed comparison among
Baseline, DPO, Temperature, and Margin Map-
ping Loss is summarized in Table 6. Margin Map-
ping Loss remains the best overall choice, so we
adopt it as the default setting in our study.

General Ability Benefits from Judge Data. To
investigate how general supervised fine-tuning
data (G-SFT Data) and rejection sampling judge
data (Judge-RFT Data) impact judge ability and
general ability, we perform ablation studies by sep-
arately removing each data type from the training
set. As illustrated in Figure 3, the results highlight
several key findings. Removing RFT data causes
a significant decline in judge performance. In ad-
dition, including RFT data enhances performance
across specific datasets, such as GPQA-Diamond
and ArenaHard, underscoring its role in boosting
general ability. In contrast, General SFT data pri-
marily maintain the general ability of the model,
with minimal impact on judge ability.

Generalization to OOD Rubric Refinement. In
Table 7, we present the performance improve-
ments achieved by various student models after
rubric refinement. The overall score is calculated
as the average relative improvement across all stu-
dent models. The performance of Qwen3-8B and
Qwen3-30B-A3B reflects in-distribution behavior,
as these models are involved in both training
data construction and evaluation. In contrast, the

performance of Qwen3-4B-Instruct, LLaMA3.1-
8B, Gemma3-4B-IT, and Kimi-Linear-48B-A3B-
Instruct, which are not included in the training
data construction, demonstrates CompassJudger-
2’s ability to generalize to out-of-distribution sce-
narios. As shown in the results, CompassJudger-
2’s rubric refinement capability is robust and gen-
eralizes well to student models it has never seen
before, demonstrating our superior performance.

5 Conclusions

In this work, we present CompassJudger-2, a se-
ries of all-in-one judge models that advance LLM-
as-judge performance through a unified training
paradigm combining diverse task-driven data com-
position, high-quality chain-of-thought supervi-
sion, and verifiable reward-guided optimization.
By strategically synthesizing and filtering judge
data and integrating policy gradient losses, our
model not only demonstrates competitive perfor-
mance with existing general models but also deliv-
ers robust critique feedback that demonstrably im-
proves downstream policy models. Furthermore,
we introduce JudgerBenchV2 and RubricBench
for more nuanced and reliable evaluation. Look-
ing forward, CompassJudger-2 paves the way for
more adaptable, interpretable, and efficient judge
services in real-world LLM deployments, and we
anticipate that extending this work to multi-modal
and interactive evaluation scenarios will further en-
hance its applicability and impact.
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6 Limitations

Despite the superior performance, there are still
some limitations of CompassJudger-2. Rejection
sampling incurs relatively higher inference costs,
and the hallucinations produced by the LLM when
synthesizing data may pose potential risks. These
issues need to be further addressed, which will in
turn enhance the performance of the judge models.
In addition, CompassJudger-2 should not be under-
stood as a full replacement for human judgment.
LLM judge models can still be affected by train-
ing labels, automatic evaluators, and application-
domain distributions. In high-risk settings, hu-
man review and domain-specific constraints re-
main necessary. For components involving public
data reuse, we discuss the associated construction
and interpretation risks so that automatic judgment
results are not treated as final decisions.

7 Ethical Statement

All datasets used in this work (e.g., MMLU,
CMMLU, GSMS8K, ArenaHard, WildBench, MT-
Bench, JudgeBench, RewardBench, RMB, Al-
pacaEval, AlignBench, Condor, CompassArena)
are publicly released under research-permissive li-
censes, and we cite the original source for ev-
ery dataset. No private or personally identifiable
information was collected. CompassJudger-2 is
intended for automatic evaluation of LLM out-
puts; it inherits any biases of its Qwen2.5-Instruct
backbone, and we do not introduce additional
generation-side risks beyond those documented
for the base model. To mitigate single-model
bias in the construction of JudgerBenchV2 ground
truth, we adopt the Mixture-of-Judgers consensus
from three frontier models of different developers,
and the deployed judge is additionally evaluated
for style-prompt robustness in Section 4. Mod-
els will be released under a research-permissive
license accompanied by a model card describing
their intended use and known limitations.

Al assistant were used only for polishing the writ-
ing and checking grammar of this paper, and for
partial code completion during the implementation
of experiments; they were not used to generate sci-
entific claims, derivations, or experimental design,
and all content produced with such assistance has
been fully reviewed by the authors, who take full
responsibility for the correctness and integrity of
the work.
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A Evaluation Metric

A.1 JudgerBenchv2

In JudgerBenchV2, we conduct pairwise com-
parisons between a candidate model and GPT-
4o0-mini to determine which delivers superior re-
sponses. Each comparison is evaluated by both a
ground truth judge model and a test judge model.
A sample is considered correct if both judges agree
on the better-performing model. For each sam-
ple, the model deemed superior earns a score in-
crement of 1. The total number of pairwise sam-
ples is denoted by NV and C represents the num-
ber of samples where the GT and test judge mod-
els agree on the superior model. For a set of M
candidate models, let the GT judge model and
the test judge model generate score lists 57 =
{s1,m}mem and Sy = {52 }men, respectively,
where s; ., represents the cumulative score for
model m based on pairwise wins. Additionally,
let Ry = {r1,m}mem and Ry = {ro, }menr de-
note the rank lists, where r; ,,, is the rank of model
m according to judge 7. The performance of the
test judge model is evaluated using the following
metric:

P =100 -

{=1a

Sample-level
accuracy

100 |’I‘1’m — 7'2,m|
] 2 ( M[— 1
meM \ ,

Normalized rank
difference

(%)

|51,m - 52,m‘
maX,/e M ‘Sl,m’ - 82,m’| '

Normalized score
difference

The first term captures the sample-level accuracy
by measuring the agreements between the judges.
The second term penalizes discrepancies in rank-
ings and scores, with normalization to ensure eq-
uitable comparisons across different models.

A.2 RubricBench

In RubricBench, we use the average relative im-
provement compared with the Base model as the
metric to calculate the overall score of the teacher
model. It measures how much, on average, a given
teacher model improves over the baseline in rela-
tive percentage.

Let s; ; to be score of teacher model 7 under stu-
dent model j and spye,; to be score of the base
student model j. Then the relative improvement

for student model j is defined as:

ryy = 2 ed . 100%
Z’] - °
Sbase,j

We can then obtain the overall score for model
1 is the mean of these improvements across all N
student models:

N

1
szd‘.

j=1

Overall; =

Because the unbounded relative-improvement
metric can over-amplify gains when the base score
is small, we additionally report a bounded variant.
Let Siefine,i,; denote the score after refinement by
teacher model ¢. The bounded improvement for
student model j is:

quunded _ Srefine,i,j — Sbase,j _

Shbase,j
Z7j 1 .

Srefine,i,j Srefine,i,j

The bounded overall score is then:
1 Y

BoundedOverall; = N Z ragunded.
j=1

Both unbounded and bounded RubricBench met-
rics are multiplied by 100 in the reported tables.

B RubricBench Validation Details

To reduce the risk that RubricBench reflects only
the preference of a single automatic evaluator,
we conduct two complementary validation stud-
ies. First, we perform a blind human A/B evalu-
ation in which annotators compare complete A/B
rubrics and the associated judge reports without
seeing the candidate source or the A/B order.
The comparisons cover CompassJudger-2 against
same-size RM-R1 and RISE baselines at both 7B
and 32B scales. We report both the human pref-
erence rate and the agreement statistics among
annotators. Second, we conduct a multi-judger
consistency check on the same RubricBench set-
ting, using Qwen3-8B versus DeepSeek-V3.1 re-
sponse pairs. Qwen3-235B-A22B-Instruct, GPT-
4.1-2025-04-14, and GPT-40-mini independently
evaluate the same A/B responses. This analysis
reports each judge’s agreement with GPT-OSS-
120B, as well as its agreement with the multi-
evaluator mixture-of-judgers (MoJ), which tests
whether the results are stable across evaluators
rather than determined by one teacher model.
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Table 8: RubricBench human preference results.

Table 11: JudgerBenchV2 human validation results.

. . Human Choice for Human Choice for
Size Comparison

CompassJudger-2 Baseline
7B RISE 97.5% 2.5%
7B RM-RI 90.0% 10.0%
32B  RISE 93.7% 6.3%
32B  RM-RI 86.1% 13.9%

Table 9: RubricBench human-human consistency.

Human-h Agr
84.4%

t Human-human Kappa Fleiss Kappa
0.687 0.683

Table 10: RubricBench multi-judger results.

Agreement with Agreement with
GPT-OSS-120B  Multi-evaluator MoJ

100% 90.5%
82.8% 97.4%
83.9% 98.0%
79.3% 90.3%

Evaluator

GPT-OSS-120B
Qwen3-235B-A22B-Instruct
GPT-4.1-2025-04-14
GPT-40-mini

Blind Human A/B Evaluation. Table 8 reports
the human preference results. Annotators con-
sistently prefer CompassJudger-2 over both same-
size baselines: the preference for CompassJudger-
2 ranges from 86.1% to 97.5% across the four
comparisons. This pattern holds for both model
scales and both baselines, providing direct human
evidence that the rubric quality and judge reports
produced by CompassJudger-2 are preferred more
often than those from the competing systems.

Human-Human Consistency. To quantify the
stability of the human labels themselves, Table 9
reports human-human agreement together with
Cohen’s kappa and Fleiss’ kappa. Human-human
agreement reaches 84.4%, with kappa values of
0.687 and 0.683, respectively. These values in-
dicate strong annotation stability and provide a
human-consistency reference point for interpret-
ing the model and evaluator comparisons.

Multi-Judger Consistency. Table 10 compares
agreement with the single GPT-OSS-120B judge
and agreement with the multi-evaluator MoJ. GPT-
OSS-120B agrees with itself by construction and
reaches 90.5% agreement with the MoJ. The other
teacher judges achieve 97.4%, 98.0%, and 90.3%
agreement with the Mol, despite lower pairwise
agreement with GPT-OSS-120B (82.8%, 83.9%,
and 79.3%). This result shows that individual
evaluators can differ while still converging with
the multi-evaluator consensus. Together with the
blind human preference results and the human-
human consistency upper bound, the multi-judger
analysis supports the reliability of RubricBench

Human-vs-MoJ H -vs-MoJ H -h H hi Fleiss
Agreement Kappa Agreement Kappa Kappa
74.2% 0.493 68.9% 0.424 0.419

beyond the preference of a single automatic evalu-
ator.

C Data Validation Details

This section collects the additional Judger-
BenchV2 human validation study moved out of
the main paper. Table 11 compares human-vs-Mol
agreement with human-human agreement to verify
that the labels are reliable.

JudgerBenchV2 Human Validation. To verify
the reliability of Mol labels, we conduct a human
validation study on multiple JudgerBenchV?2 cate-
gories. Human labels are constructed by strict ma-
jority vote among human annotators, while MoJ
labels are obtained by majority vote among the
LLM judges. Table 11 shows that human-vs-Mol
agreement reaches 74.2%, which is comparable to
68.9% human-human agreement. The correspond-
ing Kappa and Fleiss Kappa scores further indicate
that MoJ labels align with human majority labels
nearly as well as human annotators align with each
other.

D Deriving the Loss Function

Judge Reward. In the judge task, given an
instruction-response pair (x,y), prediction posi-
tion &, and ground truth label y;, we apply a rule-
based reward defined as:

1 ifyp, =y,
r(z,y) = * T, 6
(z,9) {O otherwise ©)

Policy Gradient Optimization. To optimize
the judge model’s performance, we formulate the
learning objective as maximizing the expected re-
ward over the response distribution:

J(0) = EenDEyrry [1(2, )] %

The gradient of this objective can be derived using
the policy gradient theorem:

VGJ(H) = EzwDEywﬂe [’I“(.’E, y)Vg log uy (y|$)]
- ECCNDEyN’Tl'g |:T’($, y)
Y Velogmo(y: | x, y<t)]

t=1

(®)
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This decomposition shows how the gradient propa-
gates through all sequence positions in autoregres-
sive models. The corresponding policy gradient
loss is:

Lpg =

n
(.ﬁU, y) Z lOg 7T9(:Ut|x> y<t)

t=1

©))

Given our binary reward function that only de-
pends on the prediction at position k,, we can sim-

plify:

—EINDEme) [7“

£PG - _EzNDEywﬂ’e I:T(x7 y)

-log 7 (yr, |z, y<i, )

= Yk.)

= *E:ENDEyNﬂ'Q |:]I(ykx

-log T (Y, |2, Y<ky)

ke =Yhoy }

(10)

Rejection Sampling for RL Generalization. We
further apply rejection sampling to approximate
the policy gradient loss. Formally, for the iy, in-
struction (¢ € {1.., N'}) in the dataset, we generate
M response samples that satisfy the ground truth
label (**) and obtain the following loss:

Yky —y,jm:|

1 N M
== 7 2 3 om0
=1j=1

= - EmeEywwg |:10g Uy (ykz ‘iL', y<k1)

Lpg = —Eqy [log 70 (Yreo [T, Y<his )

QY

(i’j):yffﬁ*)}
N M

Zzlogﬂ_e (2 )‘x( )7y<Z *I))

11]1

Similarly, we apply the SFT loss to the sampled
response candidates. To balance the standard se-
quence modeling objective with reward optimiza-
tion, we combine the SFT loss and policy gradient
loss through a mapping function f and derive an-

other mapping function g:

L = Lsrr + Lrc(f)
_ ~ il Z Z logﬂg(yt( ])lx(])7y(<t]))

i,J t#kij
- - [ogma (w1, u0)
i)

+ g(log mo(yy ey S )) }

where ¢ is a composite function that combines the
original mapping function f with the log proba-
bility term to provide a more flexible optimization
objective. In our method, the mapping function g
is approximated by DPO loss, Temperature Loss,
and Margin Loss.

E Better Robustness with Style Judging
Prompts.

An effective generalist judge model should also
maintain consistent performance with various
prompts. Therefore, we conduct style judge ex-
periment of different prompts by adding follow-
ing sentences: "Beyond this, users prefer a more
detailed response; therefore, you need to deter-
mine which models answer provides more com-
prehensive and useful information when both re-
sponses are correct and have completed the users
request". We present the results on different sub-
sets of RewardBench. As can be seen from the
results in Figure 4, RISE-Judge-Qwen2.5-32B suf-
fers from significant performance drop by 10.67%
in the Chat Hard subset. Compared with RISE,
CompassJudger-2 are less sensitive of judging
prompts and show better consistency and gener-
alization ability, indicating the superiority of our
method.

F Detailed Results on the Judge
Benchmarks

We list the detailed results of judge models on the
Judge Benchmarks. Table 12 gives the full Judger-
BenchV?2 breakdown under the same OpenCom-
pass evaluation setup (Contributors, 2023) used in
the main experiments, with the same prompt tem-
plate, parser, metric computation, and decoding
parameters, and Table 13 gives the corresponding
RewardBench breakdown, so readers can inspect
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Figure 4: Comparison of style judge performance between CompassJudger-2 and RISE. CompassJudger-2
demonstrates greater robustness than RISE across different judging prompts.

the benchmark-specific behavior beyond the ag-
gregate scores.
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CoT Synthesizing Prompt

Now we are reviewing a user’s interaction with two models. Your task is to evaluate the responses
from Model A and Model B by carefully analyzing the dialogue step by step, following a clear
and structured thought process:

1. User’s Demand:

- Carefully analyze the user’s request. What is the user specifically asking for? What are the
key aspects of the request that need to be fulfilled? Identify any constraints (e.g., time, format,
quantity) the user has provided.

2. Strengths of Model A:

- Identify the strengths of Model A’s response. Consider how well it addresses the user’s demand,
meets the users constraints, and how well it serves the intended purpose.

3. Weaknesses of Model A:

- Identify the weaknesses of Model A’s response. What aspects of the response fail to meet the
user’s request or constraints? What could have been improved?

4. Strengths of Model B:

- Identify the strengths of Model B’s response. Consider how well it addresses the user’s demand,
meets the users constraints, and how well it serves the intended purpose.

5. Weaknesses of Model B:

- Identify the weaknesses of Model B’s response. What aspects of the response fail to meet the
user’s request or constraints? What could have been improved?

6. Reasoning:

- Based on your analysis of both responses, explain which model better addresses the user’s needs.
Discuss which model’s response is more suitable given the user’s request and constraints.

7. Choice:

- Conclude with a choice between Model A and Model B based on your reasoning. Indicate which
model provides the more appropriate and useful response for the user’s request.

Your final reply must be structured in the following format:

{

"User’s Demand": "[The user’s request or need]",

"Strengths of Model A": "[Summary of the strengths of Model A]",

"Weaknesses of Model A": "[Summary of the weaknesses of Model A]",

"Strengths of Model B": "[Summary of the strengths of Model B]",

"Weaknesses of Model B": "[Summary of the weaknesses of Model B]",

"Reasoning": "[Explanation of which model is more suitable for the user’s demand]",

"Choice": "[Model A or Model B]"

}
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Delta-based Rubric Generation Prompt

[[ Instruction ]]

You will receive the following three inputs: a user question, a model-generated response, and a reference answer
(serving as an implicit quality benchmark). Your core tasks are:

1. **Generate a customized scoring rubric by rigorously comparing the model response to the reference answer** (all
dimensions must be derived exclusively from the user question, reflecting its core requirements; the reference answer
is only used internally to identify high-quality features, but must not be mentioned or implied in the rubric).

2. **Use this rubric to objectively evaluate the quality of the given model response**. The evaluation must be based
solely on the model response and the users question. **You must not reveal the existence of the reference answer or
imply any comparison** (e.g., avoid phrases like "should include" or "correct approach").

3. **Provide specific, actionable improvement suggestions** based on the evaluation, directly guiding how to enhance
the response.

Strict rules for output:

- ** Absolutely no reference to the reference answer**: Avoid terms like "reference answer", "example", "benchmark",
"high-quality", "should include", or any implicit comparison. All conclusions must stem solely from the analysis of
the **given model response** against the scoring rubric, as if you only received the user question and model response
(i.e., pretend the reference answer does not exist).

- **Scoring rubric must be deeply customized to the question**: Dimensions must closely align with the question type
and be directly derived from it. Avoid generic templates. The reference answer may only be used as an internal aid
and must not be described or referenced in the rubric.

- **Scoring must identify real weaknesses**: In the step-by-step scoring, **not all dimensions may receive a perfect
10**. At least one dimension must score <=8 to demonstrate room for improvement. Even for high-quality responses,
potential optimization points must be identified.

- The scoring rubric must be presented in a **table format**, containing **46 specific dimensions**. Each dimension
must include:

- **Description** (how it serves the questions needs)

- #*Scoring criteria** (010 scale with clear judgment benchmarks)

- **Weight** (summing to 100%, reasonably allocated based on question priorities)

Final score = weighted average of dimension scores.

- Output must contain exactly three parts:

a. **Scoring Rubric Table**: Fully list dimensions, descriptions, criteria, and weights.

b. **Step-by-Step Scoring Process**: For each dimension, explain the score based on the given response, **citing
exact text from the response™*. **Explicitly state at least one dimension scoring <= 8§ and justify why**.

c. **Final Score and Improvement Suggestions**:

- Provide total score and brief summary.

- **Mandatory Weakness Identification**: List all dimensions with scores <=8 (at least one), and explain specific
weaknesses using quotes from the response.

- **Targeted Improvement Suggestions**: For each weak dimension, provide **12 actionable suggestions** that are:
- **Specific to text location** (e.g., in the section ’...”)

- **Executable** (clear steps to fix)

- **Not generic** (avoid ineffective phrases like could be more detailed or suggest improving logic)

[[ User Question Begin ]]

question

[[ User Question End ]]

[[ Model Response Begin ]]

response

[[ Model Response End ]]

[[ Reference Answer Begin ]]

reference

[[ Reference Answer End ]]
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RubricBench Evaluation Prompt

[[ Instruction ]]

You will receive the following two parts of input: a question posed by the user, and a model-generated response. Your
task is to:

1. **Generate a customized scoring rubric based on the user’s question** (dimensions must be derived from the
question and reflect its core requirements).

2. **Use this rubric to objectively evaluate the quality of the given response**.

3. **Provide specific, actionable improvement suggestions** based on the evaluation, directly guiding how to enhance
the response.

In your output, strictly adhere to the following:

- #*Do not mention any other models, comparative content, or external references** (e.g., avoid phrases like "better
than" or "correct answer"). All conclusions must be drawn solely from the analysis of the **given response** using
the scoring rubric.

- **The scoring rubric must be customized to the question**: dimensions must be closely tied to the question type;
avoid generic templates.

- **The evaluation must identify real weaknesses**: in the step-by-step scoring, **not all dimensions may score a
perfect 10**; at least one dimension must score <= 8 to reflect room for improvement. Even if the response is high-
quality, potential optimization points must be identified.

- The scoring rubric must be presented in **table format®*, containing **46 specific dimensions**. Each dimension
must include:

- **Description** (how the dimension serves the needs of the question)

- **Scoring criteria** (on a 010 scale, with clear judgment guidelines for each score)

- **Weight** (summing to 100%, reasonably allocated to reflect the priority implied by the question)

Final score = weighted average of dimension scores (E weights.

- Your output must contain the following three sections:

a. **Scoring Rubric Table**: fully list dimensions, descriptions, scoring criteria, and weights.

b. **Step-by-Step Scoring Process**: for the given response, explain the score for each dimension **with direct quotes
from the response**, and calculate the score per dimension. **Explicitly identify at least one dimension scoring <= 8
and explain why**.

c. **Final Score and Improvement Suggestions**:

- Provide the final total score and a brief summary.

- **Mandatory Weakness Identification**: list all dimensions with scores <=8 (at least one), and explain the specific
weaknesses using excerpts from the response.

- **Targeted Improvement Suggestions**: for each weak dimension, provide **12 actionable suggestions** that are:
- **Specific to the location in the response text**

- **Executable®*

- **Not generic** (avoid ineffective phrases like "could be more detailed" or "suggest improving logic")

[[ User Question Begin ]]

question

[[ User Question End ]]

[[ Model Response Begin ]]

response

[[ Model Response End ]]
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Table 12: Detailed results on JudgerBenchV2 benchmarks.

Model Accuracy  Normalized Diff  Rank Diff Score Diff  Final Score
7B Judge Models
CompassJudger-1-7B-Instruct (Cao et al., 2024) 77.41 61.48 11.40 83.40 57.96
Skywork-Critic-Llama-3.1-8B (Shiwen et al., 2024) 66.68 63.82 16.20 112.70 51.43
Con-J-Qwen2-7B (Ye et al., 2025) 71.30 66.61 17.60 85.20 52.35
RISE-Judge-Qwen2.5-7B (Yu et al., 2025) 70.08 77.85 14.00 202.50 46.12
CompassJudger-2-7B-Instruct 78.04 + 0.21 57.00 &+ 0.80 10.80 +0.02 76.90 +4.22 60.52 4 0.32
32B+ Judge Models
CompassJudger-1-32B-Instruct (Cao et al., 2024) 80.99 60.32 11.40 62.90 60.33
Skywork-Critic-Llama-3.1-70B (Shiwen et al., 2024) 70.27 65.44 15.20 97.30 52.41
RISE-Judge-Qwen2.5-32B (Yu et al., 2025) 74.00 61.15 10.60 88.80 54.42
CompassJudger-2-32B-Instruct 80.90 + 0.23 56.47 £ 0.52 8.60 +£0.07 64.10+3.15 62.21 £0.28

Table 13: Detailed results on RewardBench benchmarks.

Model Chat Chat Hard Safety Reasoning  Final Score
7B Judge Models
CompassJudger-1-7B-Instruct (Cao et al., 2024) 97.80 61.00 84.50 89.50 83.20
Skywork-Critic-Llama-3.1-8B (Shiwen et al., 2024) 93.60 81.40 91.10 89.80 89.00
Con-J-Qwen2-7B (Ye et al., 2025) 91.90 80.30 88.20 88.10 87.10
RISE-Judge-Qwen2.5-7B (Yu et al., 2025) 92.20 76.50 88.00 96.10 88.20
CompassJudger-2-7B-Instruct 91.20 £0.33 84.05+0.57 89.05+0.21 92.24+0.39 89.14 +£0.28
32B+ Judge Models
CompassJudger-1-32B-Instruct (Cao et al., 2024) 98.00 65.10 85.30 92.40 85.20
Skywork-Critic-Llama-3.1-70B (Shiwen et al., 2024) 96.60 87.90 93.10 95.50 93.30
RISE-Judge-Qwen2.5-32B (Yu et al., 2025) 96.60 83.30 91.90 98.80 92.70
CompassJudger-2-32B-Instruct 91.68 +0.23 87.50£0.55 90.00£0.28 96.23 +£0.41 91.35+0.39
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