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Abstract

Existing LLM-as-a-Judge systems suffer from
three fundamental limitations: limited adaptiv-
ity to task and domain-specific evaluation criteria,
systematic biases driven by non-semantic cues
such as position, length, format, and model prove-
nance, and evaluation inconsistency that leads
to contradictory judgments across different eval-
uation modes (e.g., pointwise versus pairwise).
To address these issues, we propose FairJudge,
an adaptive, debiased, and consistent LL.M-as-
a-Judge. Unlike prior approaches that treat the
judge as a static evaluator, FairJudge models judg-
ing behavior itself as a learnable and regu-
larized policy. From a data-centric perspective,
we construct a high-information-density judging
dataset that explicitly injects supervision signals
aligned with evaluation behavior. Building on this
dataset, we adopt a curriculum-style SFT-DPO—
GRPO training paradigm that progressively aligns
rubric adherence, bias mitigation, and cross-mode
consistency, while avoiding catastrophic forget-
ting. Experimental results on multiple internal
and public benchmarks show that FairJudge im-
proves agreement and F1 across several evalua-
tion settings, reduces selected non-semantic bi-
ases, and achieves competitive or stronger per-
formance than larger general-purpose LLMs on
judge-oriented tasks.

1. Introduction

Large language models are increasingly used as automatic
judges in model evaluation, preference learning, and su-
pervision pipelines, and have gradually become a critical

“Equal contribution 'College of Computer Science, Zhejiang
University, Hangzhou, China “School of Software Technology,
Zhejiang University, Hangzhou, China. Correspondence to: Shi-
jian Li <shijianli@zju.edu.cn>.

Proceedings of the 43" International Conference on Machine
Learning, Seoul, South Korea. PMLR 306, 2026. Copyright 2026
by the author(s).

Position Bias
input: [Ansl, Ans2] input: [Ans2, Ansl]

\ 4 \ 4

‘ @ Judger \

\ 4 ¥

Anslis Ans2 is
better better

Pointwise-Pairwise Consistency

[ S ]

Poin*twise Pairwise
Judger ({) I8 Judger
¥ Score Judge
[ Ansl:8;Ans2:9 ] A [ Ansl better ]

Mismatch

Figure 1. Motivation—Two representative issues in LLM-as-a-
Judge. Top: Position bias, where the judgment flips when the
order of answers is swapped. Bottom: Pointwise—pairwise incon-
sistency, where the same answers receive contradictory judgments
under different evaluation modes. Representative real-world exam-
ples are provided in Appendix Figure 6.

infrastructure component of modern machine learning sys-
tems (Zheng et al., 2023; Chiang et al., 2024). Recent
studies have proposed dedicated judge models, datasets, and
evaluation benchmarks, demonstrating that targeted training
can substantially improve automatic evaluation under spe-
cific settings (Zhu et al., 2023; Wang et al., 2023; Christie
et al., 2024; Liu et al., 2023; Kocmi & Federmann, 2023).
However, as illustrated in Figure 1, in more complex real-
world evaluation scenarios, existing LLM-based judges still
exhibit notable instability and limited generalization, which
constrains their reliability as general-purpose evaluators
(Tripathi et al., 2025; Shi et al., 2025; Wang et al., 2024).

These limitations are not merely a consequence of insuf-
ficient model capacity or data scale, but reflect a deeper
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challenge: judging is not a static prediction task, but a be-
havior decision process jointly constrained by evaluation
rules, context, and evaluation settings (Amodei et al., 2016;
Hadfield-Menell et al., 2017; Christiano et al., 2017). In
practice, evaluation criteria vary across tasks and domains,
judgments should be robust to non-semantic perturbations
such as answer order, length, or formatting, and evalua-
tion outcomes should remain self-consistent across different
evaluation modes (e.g., pointwise versus pairwise) (Tripathi
et al., 2025; Shi et al., 2025; Wang et al., 2024). Never-
theless, existing approaches often implicitly assume these
properties to emerge naturally, rather than treating them as
explicit learning objectives (Ouyang et al., 2022; Bai et al.,
2022; Rafailov et al., 2023; Gao et al., 2023).

We argue that the root cause of these issues lies in the fact
that judging behavior itself has not been systematically mod-
eled as a learnable and optimizable objective. While prior
work has introduced task-specific judge models and datasets,
adaptivity, fairness, and consistency in judging are typically
assumed rather than jointly constrained during learning (Zhu
et al., 2023; Wang et al., 2023; Liu et al., 2023). As a result,
LLM-based judges often fail to maintain stable and reliable
judgments under rule changes, non-semantic perturbations,
or evaluation setting shifts (Tripathi et al., 2025; Wang et al.,
2024; Rafailov et al., 2023).

Based on this observation, we propose FairJudge, a method
that explicitly treats judging behavior as a learning objec-
tive, aiming to systematically improve LLM-as-a-Judge
systems in terms of adaptivity, debiasing, and consistency.
(Gehrmann et al., 2021; Celikyilmaz et al., 2020; Bowman,
2024; Lin, 2004; Papineni et al., 2002; Achiam et al., 2023;
Gilardi et al., 2023).

Our main contributions are summarized as follows:

» FairJudge. We propose a new perspective that treats
judging behavior as a learnable and optimizable objec-
tive, and introduce FairJudge accordingly, together
with the publicly released FairJudge-16K training
dataset and FairJudge-Benchmark-1K evaluation
benchmark.

Adaptive Judging. FairJudge explicitly improves the
adaptivity of LLM-based judges to task- and domain-
specific evaluation criteria by enabling robust align-
ment with changing rules and contextual requirements.

Debiased Judging. FairJudge systematically mitigates
non-semantic biases induced by factors such as answer
order, length, and formatting, leading to fairer and
more reliable evaluation outcomes.

L]

Consistent Judging. FairJudge significantly enhances
judgment consistency across different evaluation set-
tings, including pointwise and pairwise modes, im-

proving the practical reliability of LL.M-as-a-Judge
systems.

Conflict of Interest Disclosure. The authors declare no
financial conflicts of interest or other substantive conflicts
that could reasonably be perceived to influence the work.

2. Related Work
2.1. LLM-as-a-Judge and Automated Evaluation

LLM-as-a-Judge has emerged as a practical paradigm
for model evaluation and preference-based alignment.
Benchmark-driven frameworks such as MT-Bench and Chat-
bot Arena establish scalable evaluation protocols based on
human preferences and pairwise comparisons (Zheng et al.,
2023; Chiang et al., 2024). Beyond benchmarks, several
works train or adapt LLMs as dedicated judges under fixed
evaluation settings, including JudgelLM (Zhu et al., 2023),
PandalLM (Wang et al., 2023), and tool-based evaluation sys-
tems such as FlexEval (Christie et al., 2024). More recent
approaches explore fine-grained or generative judging with
explicit rubric conditioning, exemplified by Prometheus
(Kim et al., 2023), Generative Judge (Auto-J) (Li et al.,
2023), and multilingual judge suites such as M-Prometheus
(Pombal et al., 2025). Surveys provide an overview of this
rapidly growing area and summarize open challenges in
robustness and generalization (Li et al., 2024; Gu et al.,
2024).

2.2. Adaptive, Debiased, and Consistent Judging

A growing body of work has revealed that LLM-based
judges exhibit systematic limitations in adaptivity, debi-
asing, and consistency. Judgments may be influenced by
non-semantic factors such as answer position, length, and
formatting, resulting in biased or unfair evaluation outcomes
(Wang et al., 2024; Shi et al., 2025; Wang et al., 2025; Zhang
et al., 2025; Li et al., 2025; Liu et al., 2024b; Anghel et al.,
2025). Length bias, in particular, has been shown to signif-
icantly affect automatic preference evaluation, motivating
explicit debiasing strategies such as Length-Controlled Al-
pacaEval (Dubois et al., 2024), as well as additional mit-
igation analyses (Zhou et al., 2024). Beyond bias, recent
studies demonstrate that different evaluation protocols can
yield contradictory judgments: pointwise and pairwise eval-
uation modes may diverge under identical content due to
protocol-specific sensitivities (Tripathi et al., 2025). These
findings indicate that existing LLM judges often lack robust
adaptation to rule changes, effective debiasing against non-
semantic cues, and consistent behavior across evaluation
settings (Li et al., 2024; Gu et al., 2024).
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Figure 2. Data construction pipeline of FairJudge. Left (SFT data): Source evaluation records are organized into {Task, Reference,
Answer Pair} and augmented with explicit {Rubric, Reasoning, Judgment}. The rubric is used both as a conditioning input and, in selected
cases, as a prediction target. Middle (DPO data): Preference pairs (chosen/rejected) are constructed on the same evaluation instance
under targeted non-semantic perturbations, guiding the judge to be robust to non-semantic biases. Right (GRPO data): Cross-mode
samples are organized by jointly constructing pointwise (scores or labels) and pairwise (relative preference) evaluations for the same
instance, with consistency rewards aligning judgments across modes to enforce cross-mode consistency.

2.3. Preference Learning and Training Judges

From a training perspective, LLM judges are closely related
to preference learning and alignment methods. RLHF es-
tablishes a foundational paradigm for aligning models with
human preferences (Ouyang et al., 2022; Bai et al., 2022;
Christiano et al., 2017), while Direct Preference Optimiza-
tion (DPO) provides a simplified alternative without explicit
reward model training (Rafailov et al., 2023). Large-scale
Al feedback datasets such as UltraFeedback support scalable
preference supervision (Cui et al., 2023), and benchmarks
such as RewardBench enable systematic evaluation of re-
ward and judge models (Lambert et al., 2025). At the same
time, prior work highlights risks of reward overoptimization
and generalization failures, underscoring the need for prin-
cipled constraints when training judges (Gao et al., 2023).

3. Methodology

3.1. Problem Formulation: Judging as a Learnable
Decision Policy

In most existing LLM-as-a-Judge approaches, the judging
process is implicitly modeled as a deterministic mapping
from evaluation inputs to output judgments. In the common
pointwise setting, a judge directly assigns a score or label
to a given input:

Judgepl(a:) -,

where x denotes the evaluation input (e.g., a question—
answer pair) and y represents the final judgment, such as a
score, label, or preference. In pairwise evaluation, judging
is typically formulated as a comparison function over two
candidate answers:

Judge,,, (z1,22) = ¥,

where y indicates the relative preference between the two
inputs.

Under this function-based formulation, evaluation rules and
decision logic are implicitly encoded in model parameters
or prompts. Differences across tasks, rubrics, or evalua-
tion protocols (e.g., pointwise versus pairwise) are usually
handled through mode-specific prompts. As a result, the
judging behavior is largely fixed and difficult to control
systematically across varying evaluation settings.

In practice, judging behavior depends not only on the input
content itself, but also critically on the evaluation context,
including task-specific criteria, scoring rubrics, and evalu-
ation modes. The same answer may warrant different yet
logically consistent judgments under different rules or pro-
tocols. Modeling judging as a single fixed function makes
it difficult to capture this conditional dependence and often
leads to instability, bias, and inconsistency across settings.

To address this limitation, we explicitly model judging as a
conditional decision policy:

7Tjudge(y | x,C, m)7
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Figure 3. Training pipeline of FairJudge. The model is first trained with SFT data, where rubrics are used as conditioning inputs and, in
some cases, as prediction targets, enabling explicit modeling of evaluation criteria. It is then optimized with DPO data in the form of
chosen/rejected judgment pairs to reduce non-semantic biases. Finally, GRPO training applies consistency-oriented rewards, encouraging
judgments that remain stable across evaluation settings. This staged process yields a rubric-aware, debiased, and consistent judge.

where = denotes the evaluation input, ¢ represents the eval-
uation context (e.g., rubric or reference), m denotes the
evaluation mode (such as pointwise or pairwise), and y is
the judgment output. Under this formulation, the output y
is viewed as a sample from the judging policy conditioned
on the evaluation setting, rather than as the unique output of
a fixed scoring function.

This policy-based perspective shifts the modeling focus
from individual judgment outputs to the overall behavior
of the judge across conditions. Specifically, the goal of the
judging system becomes learning a policy that behaves in a
stable, controllable, and generalizable manner under varying
contexts and evaluation modes.

In FairJudge, we further characterize the quality of a judging
policy along three key dimensions: (1) Adaptivity, the abil-
ity to adjust judgments in response to different evaluation
criteria; (2) Debiasing, robustness against non-semantic
perturbations such as answer order, length, or formatting;
and (3) Consistency, the preservation of coherent judgment
logic across different evaluation modes. As illustrated in
Figure 4, this policy-based formulation provides a principled
foundation for subsequent data construction and training,
enabling explicit constraints on judging behavior rather than
implicit reliance on prompt design. Representative real
execution examples of our model are provided in Figure 7.
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3.2. Data Construction for Policy-Oriented Judging

To support modeling judging behavior as a learnable and
controllable policy, FairJudge does not simply collect pref-
erence pairs or scalar scores. Instead, we construct a high—
information-density training dataset. Representative exam-
ples of the various training data used are provided in Ap-
pendix Figure 5.

Canonicalizing Judging Records. As shown in Figure 2,
FairJudge-16K is constructed from JudgeLM-style evalua-
tion records (Zhu et al., 2023), rather than directly from raw
model outputs. Detailed statistics of data distribution and
filtering procedures corresponding to Figure 9, Figure 8, 10,
and 11 are provided in the Appendix.
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Table 1. Comparison of LLM-as-a-Judge performance across
three evaluation benchmarks. The table compares general-
purpose multimodal models and specialized judge models on three
test sets. PandalLM is a human-annotated benchmark, reflecting
alignment with human judgment preferences, while JudgeLM and
FairJudge-Benchmark-1K evaluate model robustness and consis-
tency in automated judging scenarios. Baselines include both

Table 2. Ablation Study of FairJudge. We evaluate the effect of
removing different training stages (SFT, DPO, GRPO) on three
test sets.

Model Agreement Precision Recall F1

PandalLM Test Set (Human Annotations)

With 2. We furher report Faiudge reslts i (e model scales Ao QUens VLEB) 6963 3431 3084 5403
(2B /4B /8B), all initli)alized fromgthe corresponding Qwen3-VL x;g ]S)I;g ;;H;g 3(7)23 2(9)49? gggg
backbones, to analyze how judging performance scales with model ’ ’ ’ ’
capacity. The best result in each column is highlighted in bold. W/,O GRPO 74.50 68.53 71.21°69.45
FairJudge-8B 76.83 71.87 72.54 72.18
Model Agreement Precision Recall F1 JudgeLM Test Set
PandalLM Test Set (Human Annotations) BASE(Qwen3-VL-8B) 73.84 59.89 60.51 59.93
Qwen3-8B 70.05 63.69 6480 63.79 gﬁ 8 ]s;g ;gg; gg'gg 2‘7" i;‘ 22-??
GLM-4-9B 70.02 69.86 57.69  59.55 ) ) : )
InternVL3-14B 66.67 6507 6867 6227  W/OGRPO 76.78 6413~ 64.0263.95
LLaVA-1.5-7B 37.13 40.11 3924 2898 FairJudge-8B 78.82 66.77 66.93 66.78
LLaVA-1.5-13B 29.89 43.16 41.67 28.28 FairJudge-Benchmark-1K
g;vee;nszezk7\2/1§ 6718 % gg:ig 2?:?(3) gg:gg BASE(Qwen3-VL-8B)  66.35 59.65  59.54 59.54
W/O SFT 68.62 71.00 56.12 57.86
FlexVL-7B* 71.34 64.30 62.18  63.00 ‘W/0O DPO 68.15 64.12 58.13 59.64
JudgeLM-7B* 66.77 63.83 7195 6392 W/O GRPO 68.85 72.32 57.39 59.69
PandalLM-7B* 65.82 44.56 4893 46.24 FairJudge-8B 71.50 71.15 66.92 67.63
FairJudge-2B 71.53 67.75 59.99 61.68
FairJudge-4B 69.31 64.65 61.02 62.18
FairJudge-88 76.83 7187 7254 7218 Euch source record is restructured into a canonical evalu-
JudgeLLM Test Set ation instance consisting of a rask, reference information,
Qwen3-8B 7215 5877 5878 5872 answer pair, rubric, reasoning, and final judgment. This
GLM-4-9B 7242 59.06 5331 52.54 canonicalization explicitly exposes the contextual condi-
LLaVA-1.5-7B 40.80 43.11 41.16 34.34 tions under which judgments are made, transforming previ-
LLaVA-1.5-13B 48.59 41.61 4045  39.69 ously implicit evaluation criteria into learnable signals.
InternVL3-14B 71.96 62.26 64.69 61.23
Qwen2.5-72B 79.59 71.31 60.95 61.92
DeepSeek-V3-671B 72.04 59.38 60.37 59775 Structured Construction for Debiasing. To address non-
FlexVLTB* 77.44 1.8 5749 5742 ]s:zr;?lrllziic bila6s§(s .commonly observeq in LLM-l?ased judges,
JudgeL M-7B* 73.00 66.02 67.61 6666 . ge- 1ntroduges systematlc contras.tlve constr.uc—
PandaL. M-7B* 67.42 44.99 4853  46.66 tions at the data level (middle of Figure 2). While preserving
Fairfudge 2B 2120 5088 236 5148 semantic eq}liva.lence,. evaluation inputs are perturbed along
Fairludge 4B 7507 7103 5050 60.95 non-.sernantlc dlmenswns such as answer order, length, for-
FairJudge-SB 73.80 66.77 6693  66.78 matting, reasoning style,.and teac.hf:r model provenance.
—— — These structured perturbations explicitly constrain the judg-
FairJudge-Benchmark-1K ing policy to be invariant to non-semantic factors, allowing
Qwen3-8B 63.93 62.85 56.45 58.35 debiasing to be learned as a behavioral property rather than
GLM-4-9B 64.40 60.79 56.29 57.75 enforced through prompt heuristics.
InternVL3-14B 58.31 57.76 62.30 55.11
LLaVA-1.5-7B 40.34 3742 3549 3257
LLaVA-1.5-13B 45.86 38.93 4195 39.03 Cross-Mode Consistency Supervision. Beyond bias mit-
Qwen2.5-72B 67.45 69.23 57.39  59.72 igation, FairJudge-16K explicitly targets consistency across
DeepSeek-V3-671B 55.97 49.97 51.66  50.26 evaluation modes. As illustrated on the right side of Figure 2,
FlexVL-7B* 59.58 4956  46.01 44.72 the same evaluation content is paired with both pointwise
JudgeLM-7B* 69.56 65.27 6741  66.11 and pairwise supervision, enabling direct alignment between
PandalL.M-7B* 52.46 35.00 39.23  36.99 different judgment formats. This cross-mode pairing pro-
FairJudge-2B 6217 5889 5815 5637 vides the necessary foundation for consistency-oriented op-
FairJudge-4B 67.74 7219 5997 6257 timization in later training stages, preventing contradictory
FairJudge-8B 71.50 71.15 66.92  67.63 judgments across evaluation protocols.
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3.3. FairJudge-Benchmark-1K

During the construction of the FairJudge training data, we
simultaneously curated and froze a scale-controlled eval-
uation subset, referred to as FairJudge-Benchmark-1K.
Rather than being created post hoc after model training, this
benchmark naturally emerged as a by-product of the data
generation pipeline, and is designed to characterize judge
behavior under realistic evaluation conditions.

Specifically, FairJudge-Benchmark-1K is independently
sampled from the normalized evaluation records, covering
diverse task types, evaluation rubrics, and evaluation modes
(e.g., pointwise and pairwise). Each instance preserves the
full evaluation context, candidate answer pairs, and their
canonicalized judgments, enabling systematic analysis of
adaptivity, debiasing, and cross-mode consistency in LLM-
based judges.

To ensure evaluation reliability and strict separation from
training, we incorporate a human-in-the-loop auditing pro-
cess during the construction and freezing of this subset.
Human inspection is limited to verifying structural integrity,
consistency of evaluation metadata, and potential data leak-
age risks, without re-annotating or subjectively modifying
judgment outcomes. Once verified, the benchmark is fully
frozen and excluded from all stages of model training, pref-
erence optimization, and policy learning.

Since FairJudge-Benchmark-1K shares the same unified
data generation and normalization pipeline as the training
corpus, it remains distributionally aligned in terms of task
structure and evaluation format, while being strictly disjoint
at the instance level. This design allows the benchmark to
reliably reflect judge performance in practical evaluation
scenarios without introducing additional assumptions or
confounding factors.

3.4. Training Paradigm: Curriculum Optimization of
Judging Policies

As illustrated in Figure 3, FairJudge is trained through a
three-stage curriculum that progressively aligns the judging
policy with explicit evaluation rules, debiasing constraints,
and cross-mode consistency requirements. Rather than treat-
ing training as a generic SFI-DPO-RL pipeline, each stage
in FairJudge introduces a distinct and necessary supervision
signal that targets a specific property of judging behavior.

Stage I: Supervised Fine-Tuning for Rubric-Aware Judg-
ing. The first stage aims to establish a stable and con-
trollable judging behavior space. We perform supervised
fine-tuning (SFT) using high-quality canonical evaluation
records. Each training instance includes the evaluation
task, reference context, candidate answer(s), and an ex-
plicit rubric. The model is trained to generate structured

judgments that explicitly condition on the provided rubric
and context.

This stage serves two purposes. First, it enforces rubric-
following behavior by making evaluation criteria an explicit
part of the model input. Second, it stabilizes the output
format (e.g., reasoning followed by judgment), which is
essential for subsequent preference-based optimization. At
this stage, the judge learns how fo judge, but not yet how to
judge robustly.

Stage I1: Debiasing via Direct Preference Optimization.
While SFT aligns the judge with evaluation rules, it does
not prevent the model from exploiting non-semantic cues
such as answer length, position, or formatting. To mitigate
such biases, we introduce a debiasing stage based on Direct
Preference Optimization (DPO). Details about DPO are
provided in Appendix A.1.

We construct preference pairs where the chosen judgment
adheres to the rubric while remaining invariant to non-
semantic variations, and the rejected judgment exhibits
systematic bias. DPO then optimizes the judging policy
to prefer unbiased evaluation behaviors without requiring
an explicit reward model. This stage reduces sensitivity to
spurious cues while preserving rubric adherence learned
during SFT.

Stage III: Consistency Optimization via Group-Relative
Policy Optimization. The final stage addresses a critical
but underexplored challenge: maintaining consistent judg-
ments across different evaluation modes, such as pointwise
and pairwise settings. Instead of relying on prompt engi-
neering or post-hoc calibration, FairJudge explicitly encodes
cross-mode consistency as an optimization objective.

We adopt Group-Relative Policy Optimization (GRPO),
where multiple judgments are sampled for the same evalua-
tion instance under different modes. A consistency-aware
reward assigns higher scores to judgment groups that yield
logically equivalent outcomes across modes, and penalizes
contradictory decisions. By optimizing group-relative ad-
vantages, GRPO encourages stable and self-consistent judg-
ing behavior while avoiding reward overfitting. Details
about GRPO objective and GRPO reward are provided in
Appendix A.2 and Appendix A.3.

Overall Objective. The full training objective combines
the three stages in a curriculum manner:
L = Lsrr + AproLppro + AcrRPOLGRPO, (H

where each component corresponds to a distinct behavioral
constraint. Together, this curriculum enables FairJudge to
learn a judging policy that is adaptive to evaluation rules,
robust to non-semantic biases, and consistent across evalua-
tion protocols.
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Table 3. Multimodal Benchmarks (MLLM-as-a-Judge, Human Annotations). Accuracy (%) on diverse multimodal evaluation suites.

Model COCO Cha.QA Co.Cap. Visit. WIT Di.DB Infog. LLaVA. MathV. T.vqa Avg
Qwen3-VL-8B  73.17  47.62 73.03 77.46 67.86 53.06 7692 73.61 65.07 64.52 67.23
InternVL3-8B 67.07  38.10 69.66 62.86 58.93 53.06 61.04 70.83 4589 51.61 5791
LLaVA-1.5-7B  24.53  25.00 17.19 2245 2791 1250 4194 2093 2727 39.58 25.93
InternVL3-14B  50.00  39.68 62.92 61.43 48.21 67.35 74.03 6250 50.00 50.00 56.61
Qwen3-VL-30B 69.51  36.51 67.42 73.24 6491 83.67 7143 70.83 5822 69.35 66.51
FlexVL-7B* 75.61  57.14 7439 7439 7273 4792 84.13 67.14 59.85 70.97 68.49
JudgeLM* 36.59 22.22 53.93 45.07 5439 2449 9.09 43.06 2397 17.74 33.05
PandalL. M* 63.41  52.38 60.67 66.20 61.40 63.27 6234 68.06 50.68 56.45 60.49
FairJudge-8B 78.05  53.97 69.66 74.29 76.79 61.22 79.22 70.83  65.07 66.13 69.52

Table 4. Pointwise—Pairwise Consistency Scores on FairJudge-
Benchmark-1K.

Table 5. Reward-Bench Results. Performance comparison on
Reward-Bench using Agreement, Precision, Recall, and F1.

Model Consistency (%) Model Agreement Precision Recall F1
InternVL3-8B 48.52 LLaVA-1.5-7B 42.07 39.57 30.29 25.73
GLM-4-9B 51.71 Qwen3-8B 77.25 53.17 51.67 52.11
Qwen3-8B 54.21 Qwen3-VL-8B 82.08 55.99 5471 55.34
Qwen3-VL-8B 60.59 InternVL3-8B 76.38 54.91 50.96 52.80
InternVL3-14B 53.08 GLM-4-9B 68.24 46.68 45.54  46.05
Qwen2.5-72B 53.76 LLaVA-1.5-13B 40.28 36.12 25.71 28.36
FlexVL-7B* 46.00 InternVL3-14B 75.23 58.26 50.03 53.70
DeepSeek-V3-671B 52.85 DeepSeek-V3-671B 83.34 57.29 5548 56.33
FairJudge-8B 65.52 FlexVL-7B* 75.55 50.49 50.41 50.41
JudgeLM-7B* 46.57 41.43 30.89 35.27
PandaLM-7B* 53.00 54.53 53.77 51.30
4. Experiments and Results FairJudge-8B 84.79 58.14 56.34 56.94

Benchmarks. We evaluate LL.M-as-a-Judge models on
three primary test sets: the PandalLM Test Set (Human
Annotations) (Wang et al., 2023), the JudgeLM Test
Set (Zhu et al., 2023), and FairJudge-Benchmark-1K. In
addition, multimodal judging performance is evaluated on
the MLLM-as-a-Judge benchmark (Chen et al., 2024a),
which aggregates multiple vision—language evaluation tasks
into a unified test suite with human annotations.

Baselines. We compare FairJudge with two groups of
baselines. General-purpose models include InternVL (Chen
et al., 2024b), Qwen2.5-VL (Bai et al., 2025), LLaVA (Liu
et al., 2024a), as well as larger general-purpose models
where available, including Qwen2.5-72B, Qwen3-VL-30B,
and DeepSeek-V3-671B. Judge-oriented models include
PandalLM (Wang et al., 2023), JudgeLM (Zhu et al., 2023),
and Flex-Judge (Ko et al., 2026). FairJudge is evaluated at
three scales (2B/4B/8B), each trained from the correspond-
ing Qwen3-VL backbone.

Evaluation Metrics. We report Agreement, Precision,
Recall, and F1 scores for all experiments. Agreement mea-
sures the overall consistency between model predictions

and reference annotations. The F1 score is computed as
a macro-F1 over three judgment categories (A, B, tie), by
averaging per-class F1 scores rather than deriving it from
aggregated Precision and Recall.

We analyze the performance of FairJudge from five com-
plementary perspectives: overall judgment quality, contri-
butions of different training stages, cross-mode consistency,
reward modeling capability, and inference efficiency.

4.1. Main Results: Structured Training Improves
Judging Reliability

As shown in Table 1, FairJudge achieves consistently strong
performance across all three evaluation benchmarks. In
particular, on the PandaLM test set with human annota-
tions, FairJudge substantially outperforms comparably sized
general-purpose multimodal models in both Agreement and
macro-F1, indicating better alignment with human judgment
preferences.

Importantly, these gains cannot be attributed solely to model
scale. Larger general-purpose models such as Qwen2.5-72B
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Table 6. Inference Efficiency Wall-clock time measured on a
single RTX 4090 GPU with 1,000 evaluation samples. The Full
mode outputs complete reasoning and judgment, while the Fast
mode outputs only the final decision.

Mode Time Speedup
PandalLLM(Full Mode) 18 min 40 s -
JudgeLM(Full Mode) 16 min 46 s -
FairJudge-8B (Full Mode) 16 min 52 s -
FairJudge-8B (Fast Mode) 1 min 19 s x12.8
FairJudge-4B (Full Mode) 8 min 24 s -
FairJudge-4B (Fast Mode) 39s x12.9
FairJudge-2B (Full Mode) 4min5s -
FairJudge-2B (Fast Mode) 18 s x13.6

and DeepSeek-V3-671B do not exhibit uniformly superior
judging performance, and their results vary considerably
across datasets. In contrast, FairJudge achieves strong per-
formance across the 2B, 4B, and 8B settings, suggesting that
judge-specific data construction and staged training provide
benefits beyond parameter scale alone. We do not interpret
these results as a strictly monotonic scaling trend, since
different benchmarks and metrics exhibit heterogeneous
behavior across model sizes.

Compared with prior judge-oriented models (e.g., PandalLM,
JudgeLLM, and FlexVL), FairJudge achieves higher or com-
parable scores across the evaluated benchmarks, suggesting
that judge-specific training generalizes across these settings
rather than only fitting a single evaluation setup.

4.2. Ablation Study: Complementary Effects of Staged
Training

The ablation results in Table 2 show that the three train-
ing stages contribute complementary improvements to Fair-
Judge. Across all three benchmarks, the full FairJudge-8B
model achieves the best Agreement and macro-F1, indicat-
ing that no single reduced variant fully matches the complete
SFT-DPO-GRPO training pipeline.

A more careful reading of the results suggests that SFT
plays the most fundamental role in establishing overall judg-
ing ability. Removing SFT leads to the largest macro-F1
degradation on all three benchmarks: from 72.18 to 68.74
on PandalLM, from 66.78 to 63.86 on JudgeLLM, and from
67.63 to 57.86 on FairJudge-Benchmark-1K. This indicates
that rubric-aware supervised training is essential for learning
the basic judgment format, task conditioning, and alignment
with reference annotations.

DPO and GRPO further improve the model beyond this
supervised foundation, but their effects are reflected differ-
ently across metrics and datasets. Removing DPO or GRPO

generally results in lower Agreement and F1 than the full
model, showing that debiasing-oriented preference optimiza-
tion and consistency-oriented policy optimization both pro-
vide useful additional constraints. At the same time, some
individual metrics exhibit non-monotonic behavior, such as
the slightly higher Recall of W/O DPO on JudgeLM and the
higher Precision of W/O GRPO on FairJudge-Benchmark-
1K. Therefore, the ablation should not be interpreted as
showing that one post-SFT stage uniformly dominates the
others.

Overall, Table 2 supports the necessity of the staged design:
SFT provides the core judging capability, while DPO and
GRPO refine the judge toward more robust and consistent
behavior. The full pipeline yields the most balanced perfor-
mance across Agreement, Recall, and macro-F1, suggesting
that FairJudge benefits from combining these supervision
signals rather than relying on any single training objective.

4.3. Multimodal Evaluation: Judging Does Not Sacrifice
Understanding

Table 3 reports results on multimodal benchmarks. Fair-
Judge achieves competitive or superior accuracy compared
with strong multimodal baselines, demonstrating that ex-
plicitly training a model as a judge does not degrade its
multimodal understanding ability.

On tasks requiring both visual perception and high-level rea-
soning (e.g., InfographicsVQA and MathVista), FairJudge
remains robust, indicating that judgment strategy learning
can coexist with, and even complement, multimodal rep-
resentation learning. This suggests that LL.M-as-a-Judge
models should be viewed as a distinct capability class rather
than a weakened variant of generation-oriented models.

4.4. Consistency Analysis: Resolving
Pointwise—Pairwise Conflicts

Table 4 directly evaluates consistency between pointwise
and pairwise evaluation modes. FairJudge significantly out-
performs all baselines on this metric, validating the effective-
ness of explicitly enforcing cross-mode consistency during
training. This result is particularly important in practice, as
pointwise—pairwise inconsistency is a common yet under-
explored failure mode of existing LLM-as-a-Judge systems.
By modeling judging as a policy rather than an implicit
function call, FairJudge substantially reduces contradictory
decisions across evaluation settings.

4.5. Reward-Bench: Toward More Reliable Reward
Signals

On Reward-Bench (Table 5), FairJudge achieves the best
overall Agreement and macro-F1 among models of compa-
rable scale. Compared with both general-purpose models
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and prior judge-specific approaches, FairJudge provides
more stable and consistent reward signals.

This property is especially desirable for downstream prefer-
ence optimization and reinforcement learning, where unsta-
ble reward models often lead to training instability.

4.6. Inference Efficiency: Balancing Quality and Cost

Finally, Table 6 reports inference time comparisons between
the Full and Fast modes. FairJudge achieves a consistent
12x-13x speedup in Fast mode across different model
scales, with only marginal performance degradation.

This efficiency makes FairJudge practical for large-scale au-
tomated evaluation and online assessment scenarios, where
both reliability and throughput are critical.

Overall, FairJudge achieves a favorable balance among judg-
ment quality, behavioral consistency, and inference effi-
ciency, demonstrating its effectiveness as a general and
deployable LL.M-as-a-Judge framework.

5. Conclusion

We present FairJudge, a unified framework for LLM-as-a-
Judge that mitigates evaluation bias and improves cross-
mode consistency through structured data construction and
staged training. Experimental results show that FairJudge
achieves more stable and reliable automatic judgments
across multiple benchmarks, while maintaining strong mul-
timodal generalization and efficient inference.

Despite these gains, our evaluation does not exhaustively
cover all possible rubrics, domains, or subtle bias types.
FairJudge-Benchmark- 1K is instance-disjoint from the train-
ing data but remains aligned with the same data construction
pipeline, and larger-backbone training is left for future work.
We therefore view FairJudge as a practical step toward more
reliable automated evaluation, rather than a complete solu-
tion to all LLM-as-a-Judge reliability issues.
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Impact Statement

This work focuses on improving the reliability and con-
sistency of LLM-as-a-Judge systems used for automatic
evaluation of machine learning models. By reducing evalua-
tion bias and inconsistency, FairJudge has the potential to
improve the fairness, stability, and reproducibility of model

assessment in research and development settings.

The proposed method does not introduce new capabilities
for content generation, nor does it directly interact with
end users or sensitive personal data. As such, we do not
anticipate significant negative societal impacts beyond those
already associated with large language models. Potential
misuse risks, such as over-reliance on automated evalua-
tion without human oversight, can be mitigated by using
FairJudge as a supporting tool rather than a sole decision
maker.

Overall, we believe this work contributes positively to the
responsible use of machine learning systems by promoting
more reliable and transparent evaluation practices.
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A. Appendix
A.1. Direct Preference Optimization (DPO)

Direct Preference Optimization (DPO)

We construct a preference dataset D,,er consisting of tuples (g, y ™",y ), where g denotes the evaluation input (e.g.,
task, reference, answer pair, and evaluation context), and y* and y~ represent preferred and dispreferred judgment
outputs, respectively. In our setting, preference pairs are constructed from bias-targeted evaluation instances. The
preferred output ¢y corresponds to a rubric-consistent judgment that satisfies the desired invariance constraints under
controlled non-semantic perturbations, while the dispreferred output y~ exhibits bias-related behaviors or violates
these constraints. Teacher judgments are used as additional supervision signals to identify and verify high-quality
preferences.

Following DPO, we define the probability that the policy 7, prefers y™ over y~ as a logistic model of the relative
log-likelihood ratio against a fixed reference policy ms:

Pyt =y |q) = a(ﬁ[log Te(y" | q) —logme(y™ | @) —log mret(y™ | q) + log met(y ™ | q)]), 2)

where o (+) is the sigmoid function and 8 > 0 is a temperature parameter.

The DPO objective minimizes the negative log-likelihood of the observed preferences:

Lopo(¢) = E(qy+ y-)~Dpr [ 1082 (y™ =y~ [ )] - €)

Optimizing Eq. (3) increases the policy’s relative preference for rubric-consistent and bias-robust judgments while
regularizing against excessive deviation from 7,¢¢ through the reference-normalized log-ratio in Eq. (2).

A.2. GRPO-Based Consistency Optimization

GRPO-Based Consistency Optimization

In the final training stage, we adopt Group-Relative Policy Optimization (GRPO) to further optimize the judging policy.
For each evaluation input ¢, multiple candidate judgments are sampled and assigned scalar rewards. The rewards are
normalized within each group to obtain group-relative advantages, which are then used to update the policy following
the standard GRPO objective.

Rather than introducing a new policy-optimization algorithm, our contribution lies in the consistency-oriented reward
design used during GRPO training. Specifically, aligned supervision signals from pointwise and pairwise evaluation
settings are used to encourage judgments that remain compatible across evaluation modes. The detailed reward
construction is described below.

A.3. Consistency-Oriented Reward Design

Consistency-Oriented Reward Design

To instantiate the reward signal used during GRPO training, we design a consistency-oriented hybrid reward
function that adapts its scoring rule to different evaluation formats. Let ¢ denote a model completion, ¢ €
{pp, sp-point, sp_pair} denote the task type, and g; and g denote the corresponding ground-truth supervi-
sion signals. The reward is designed to encourage predictions that remain compatible with the same underlying
preference relation across pointwise and pairwise evaluation settings. Specifically, pp evaluates whether a pairwise
judgment agrees with the relative ordering implied by g; and g9, while sp_point and sp_pair evaluate agreement
with their corresponding pointwise supervision signals. In this way, cross-mode consistency is encouraged through
aligned ground-truth supervision rather than by directly matching the surface forms of outputs generated under different
modes.
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Pairwise Preference (pp). For pairwise comparison tasks, the model outputs a structured response containing specific
sections (e.g., Rubric, Reasoning, Judgment). We employ a regex-based extractor £(+) to locate the final decision token
9 € {A_win,B_win, tie} within the “Judgment” section. The reward is binary: it assigns 2.0 if § is consistent with
the numerical ground-truth scores g; and g2, and 0.0 otherwise.

Scalar Point Regression (sp_point). For numerical scoring tasks, we penalize the absolute deviation between the
predicted integer value and the ground truth. The reward decays linearly with |g; — Int(c)| and is clipped at zero.

Exact Matching (sp_pair). For short-answer or label generation, we apply strict exact matching.

The unified reward function R(c,t, g1, g2) is defined as:

ift = pp,
if t = sp_point,

2.0 - I[Consistent(&(c), g1, g2)] ,
max(0, 2 — |g1 — Int(c)]),

R(c,t,01,92) = 2.0 - I[c = g1]

0.0,

4
ift = sp_pair, @

otherwise.

where I[] is the indicator function. The consistency predicate is defined as:
Consistent(9, g1,92) <= (§=2winAg1 >g2) V (§=BwinAga>q1) V (§=tieAgi =g2)). (5)

Algorithm 1: Consistent Hybrid Reward Calculation

Require: Completion c, Task Type ¢, Ground Truths g1, g2
Ensure: Reward r € [0, 2]

r < 0.0
if parsing succeeds then
if { =pp then
Extract judgment section from ¢ using regex
Parse label § € {A.win,B.win,tie}
if g1 > g2 and §y =A._win then r + 2.0
else if g2 > g1 and y =B.win then r + 2.0
else if g1 = g2 and y=tie then 7+ 2.0
end if
else if t=sp_point then
v <+ Int(c)
r < max(2.0 — |g1 — v, 0.0)
else if { = sppair then
if c=g1 then r <+ 2.0
end if
end if
else
r <« 0.0
end if
return r
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SFT Data Distill- - -pair-wise
Question:
how to calculate standard deviation or missing percentage of a variable in a dataframe.

Answer 1:
Standard deviation quantifies the spread (variability) of a dataset. To
calculate the standard deviation of a subset N of the full dataset...

Answer 2:
From a data analysis perspective, we first use numpy.nanpercentage to calculate the missing data
percentage...

Distill Judgement
Rubric:

: Must correctly =xplam methods/functions for calculating standard deviation and missing

percentage of a du?uframe variable.
: Direct, well ion with no
Provide :xecumbl: steps or usable cnde references.
Directly address the core question without substantial unrelated information.

or irrelevant content.

Thinking:
Answer 2 correctly identifies numpy.nanpercentage/numpy.std (slightly fragmented
standard deviation explanation) ...Verdict: Answer 2 is far more accurate.
Answer 1 is repetitive, ambiguous and unfocused, while Answer 2 names core
functions upfront with minor flaws; Verdict: Answer 2 is clearer.

Answer 2 provides actionable function names, while Answer 1 has no implementable content:

Verdict: Answer 2 is practical; Answer 1 has no value.
Answer 1 deviates from the "how-to-calculate” core, while Answer 2 directly addresses it
with minor tangents; Verdict: Answer 2 aligns with the question's core.

Final judgement:

Rationale: Answer 2 correctly specifies the exact functions required to calculate standard deviation and
missing percentage, ensuring factual accuracy and actionability. In contrast, Answer 1 is repetitive,

SFT Data Distill- -point-wise

Question:
how to calculate standard deviation or missing percentage of a variable in a dataframe.

Answer :
Standard deviation quantifies the spread (variability) of a dataset. To calculate the standard deviation of a subset N
of the full dataset...

Distill Judgement

Rubric:
of ions for standard deviation and missing percentage in a dataframe.
of practical i ion instructions.
c|amy and relevance to the original question.
Technical specificity regarding dataframe operations.

Thinking:

Against rubric criteria ( ical specificity) for practical Python/pandas
instructions to calculate dataframe variable's standard deviation/missing percentage, the answer only gives trivil
correct abstract standard deviation definitions but fully fails: no pr g steps, missing pe ge coverage,
dataframe operations or code examples, plus repetitive/unclear language and vague function references (no named
libraries/syntax).

Final judgement:

The answer is very poor because it is largely irrelevant to the practical how-to question, omits the missing
percentage topic completely, and provides no usable technical guidance despite the question's clear context of
dataframe operations. The repetitive explanation of standard deviation is minimally correct but does not fulfill the
request.

ambiguous, and lacks any practical guidance.

DPO Data

System:
You are a strict and impartial judge. You will compare two answers (A
and B) to the same question.

Output format requirements (MUST follow exactly):

- Line 1: output ONLY one of the following labels: A_win, B_win, tie
- Line 2 and onward: provide the justification for your decision (brief
but specific).

- Do NOT output anything else (no JSON, no markdown, no extra
headers).

- If both answer:
choose, output "ti
- If one answer contains significant repetition, hallucination, or
irrelevant content, penalize it heavily.

re similarly good/bad and it is genuinely hard to

Question:
“I'd like to get a tattoo. What are some of the best tattoo ideas for
men?"

Answerl:(long but not fine)

\dentical to the reference answer (same wording and recommendations).

Answer2:(short but nice)
A response that does not give ideas directly; it welcomes the user and
asks for more information about preferences (theme/symbol) o help
pick a design.

Rejected Answer :
B_win

Explanation:Both assistants correctly identified influential Islamic
scholars who discussed rebellion against unjust rulers. ...

Chosen Answer :

A_win

Assistant A provides a more accurate and nuanced answer by correctly
identifying **Ibn al-Qayyim** as the.....

GRPO Data-Cross-mode Output Consistency

System:
You are an expert evaluator. You will be given a question and TWO
answers. Compare them and decide which is better.

If a reference answer is provided, freat it as a high-quality target
answer and use it to assess factual correctness and alignment. If no
reference is provided, judge based only on the task instruction and the
answers themselves.

Output MUST be EXACTLY one of the following tokens on a single line:
A_win, B_win, tie

Do NOT output anything else (no rubric, no thinking, no headings, no
explanation, no extra spaces, no punctuation).

Question:
I am trying to lose weight, but I have a lot of weight to lose. What
are the best ways to get rid of weight?

Answerl:
No single approach works for everyone, since effective weight-loss
strategies depend on factors like age, sex, and overall health

Answer2:
The top ways to lose weight include eating a balanced diet with plenty

of fruits and vegetables, reducing calorie intake, exercising regularly. ..

Reference:

There is no one-size-fits-all answer to this question as weight loss
approaches will vary depending on various factors such as age, gender,
and health status.....

Type :sp_pair

6T: A_win

GRPO Pointwise-Pairwise Consistency

System:
You are an expert evaluator. You will be given a question and TWO
answers. Compare them and decide which is better.

If a reference answer is provided, treat it as a high-quality target
answer and use it to assess factual correctness and alignment. If no
reference is provided, judge based only on the task instruction and the
answers themselves.

Output MUST be EXACTLY one of the following tokens on a single line:
A_win, B_win, tie

Do NOT output anything else (no rubric, no thinking, no headings, no
explanation, no extra spaces, no punctuation).

Question:
“I'd like fo get a tattoo. What are some of the best tattoo ideas for
men?"

Answerl:
Identical to the reference answer (same wording and recommendations).

Answer2:

A response that does not give ideas directly; it welcomes the user and
asks for more information about preferences (theme/symbol) to help
pick a design.

Reference:
There is no one-size-fits-all answer to this question as weight
loss approaches will vary depending on various factors such as
age, gender, and health status.....

Type :Point_Pair_Consistency

6T1: 10 6T2: 2

Figure 5. Representative data formats used in different training stages of FairJudge, including distilled judgment examples for supervised
fine-tuning (SFT) (top: pair-wise and point-wise), as well as training data for preference alignment and consistency optimization via DPO
and GRPO (bottom).
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DeepseekV3 REAL Failure Case Show

Question:
Rewrite the following paragraph using fewer words and no loss of meaning.\nManufacturers all around the globe are fighting a battle to

reduce their waste and increase the sustainability of their production.

Answerl :
Manufacturers are working hard to reduce waste and increase the sustainability of their production.

Answer2 :
Manufacturers are constantly striving to reduce waste and increase sustainability in their production processes.\n\nInstruction: .....

DeepSeek Judgement
DeepSeek Answer2 Pointwise judgement:

The answer successfully reduces the word count and retains the essential meaning. The loss of \"all around the globe\" slightly reduces specificity
but does not constitute a loss of core meaning, and the substitution for \"fighting a battle\" is acceptable. It is a good, effective rewrite.

DeepSeek Answerl Pointwise judgement:
Justification: The answer is significantly shorter and captures the main actions, but it loses the important detail about the effort being
global, resulting in a partial loss of the original meaning. This places it in the average category.",

DeepSeek Pairwise judgement:
Both answers successfully reduce word count by similar margins while preserving meaning and clarity. The minor differences in phrasing do

not meaningfully advantage one over the other."

Figure 6. A real cross-mode inconsistency case of DeepSeek-V3. The example is drawn from real evaluation data. Although DeepSeek-
V3 assigns different quality scores to the two answers in pointwise evaluation, it predicts a tie in pairwise evaluation, revealing inconsistent

judgments across evaluation modes.
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pair-wise

Question:

How do I write a resume for my dream job?

Answer 1:

Write a targeted resume by mapping your experience to the job
description.

1) Start with a 2-3 line summary that matches the role.

2) Use bullet points with measurable impact (e.g., "Reduced onboarding
time by 25%"), not just duties.

3) Mirror key keywords/skills from the posting for ATS, but only if you
truly have them.

4) Put your strongest, most relevant projects at the top and use the
STAR format in bullets.

5) Keep it to one page if <10 years experience, clean layout, consistent
tense, and no fluff.

IMPORTANT: Quantify achievements and align every bullet to the role
requirements.

Answer 2:

To land your dream job, focus on the whole job search strategy:

- Network with professionals and ask for referrals.

- Optimize your LinkedIn profile and build a personal brand.

- Prepare for interviews with mock sessions and behavioral frameworks.
- Use job boards and track applications in a spreadsheet.

For your resume, keep it updated and make sure it looks professional.
Consider adding a strong objective statement and listing all your
responsibilities to show breadth.

IMPORTANT: Apply widely and follow up after interviews.

Rubric

1.Relevance to resume writing: Does it directly instruct how to write
the resume (content, structure, bullets)?

2.Correctness of resume best practices (ATS, quantified impact,
relevance over breadth)

3.Completeness of key resume components (summary, experience
bullets, tailoring, formatting)

4.Practicality/actionability

Our Full OutPut:(follow rubric and accurate)

Thinking:

Assistant A stays tightly on resume writing and provides a step-by-step
method: tailoring to the job description, quantified impact bullets, ATS
keyword alignment, STAR-style bullets, and formatting constraints. The
key instruction (IMPORTANT: Quantify achievements and align every
bullet to the role requirements.) directly solves the question.

Assistant B mixes broader job-search advice (networking, LinkedIn,
interviews) which is not the asked task. Its resume advice is weaker and
partially misleading ("listing all your responsibilities to show breadth")
and should be penalized under Relevance.

Judgement:

A_win

Our Fast OutPut:(follow rubric and fast)

A_win

1 )
OtherModel OutPut:(weak follow and error)

B_win

Assistant B is more comprehensive for achieving a dream job because it
covers networking, LinkedIn, interview preparation, and follow-up, which
are all important. Assistant A focuses narrowly on bullet points and
formatting. Therefore, B is more useful overall.

Figure 7. Comparison between FairJudge and a baseline model on real evaluation data. Under the same input and unified evaluation
rubric, FairJudge strictly follows task instructions and judging criteria, correctly selecting Answer A that is highly aligned with the query.
The figure also illustrates our two output modes—full reasoning output and fast decision output—which yield consistent judgments
while balancing interpretability and efficiency. In contrast, the baseline model overemphasizes surface-level coverage and generic advice,
incorrectly favoring Answer B despite its inclusion of task-irrelevant content, leading to a suboptimal decision.
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Figure 8. The figure illustrates the FairJudge data sampling pipeline. Starting from raw JudgeLLM preference data, we first extract the
core content fields (question, answer, answerz) together with their associated scores (answer; _score, answerz_score). In the tagging
stage, each instance is assigned to a domain cluster by computing text embeddings and applying KMeans clustering, and supervision
signals—including a difficulty label and a winner label—are derived from score-based comparisons. Finally, we perform stratified
sampling over the Cartesian product of domain cluster x difficulty x winner label to construct a balanced subset of size N, which
improves representativeness and diversity while mitigating label-distribution bias and filtering low-quality samples for training.
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Cluster Distribution Analysis

Cluster Categories (Sorted by ID)
[0] History, Politics & Society: 4.8%
[1] Health & Medical Consultation: 4.2%
[2] Lifestyle, Travel & Recommendations: 5.9%
[3] Programming & STEM Knowledge: 7.1%
[4] Practical Daily Life Solutions: 4.3%
[5] Technology & Internet Culture: 5.4%
[6] Personal Finance & Consumer Decisions: 5.3%
[7] NLP Tasks & Text Editing: 16.6%
[8] Food, Nutrition & Cooking: 5.5%
[9] Entertainment, Media & Pop Culture: 5.1%
[10] Resource Seeking & Information Lookup: 6.0%
[11] Math & Logic Puzzles: 4.7%
[12] Data, Geography & Classification: 5.1%
[13] Nature, Environment & Current Events: 6.0%
[14] Creative Writing & Scene Description: 8.8%
[15] Career & Personal Development: 5.2%

Figure 9. Cluster distribution of the sampled FairJudge data. The figure shows the semantic domain distribution obtained during the
data sampling process. The sampled data covers 16 diverse clusters, including NLP tasks and text editing, creative writing and scene
description, programming and STEM knowledge, resource seeking and information lookup, health and medical consultation, and other
common instruction-following domains. The largest cluster is NLP Tasks & Text Editing (16.6%), followed by Creative Writing &
Scene Description (8.8%) and Programming & STEM Knowledge (7.1%), while most other clusters remain within a moderate range
of approximately 4—6%. This distribution indicates that the sampling process preserves broad domain coverage and avoids excessive

concentration in a single topic category.
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Label Balance Comparison
Before (Original 100k) After (Sampled 7.9k)

Labels
A_win
B_win
tie
both_bad

Figure 10. Label distribution comparison before (Original 100k) and after sampling (Sampled 7.9k). The figure shows that the sampling
process largely preserves the balance between A_win and B_win labels while substantially improving data quality by removing low-quality
samples. In the original dataset, A_win and B_win account for 43.3% and 44.8%, respectively, with tie at 1.1% and both_bad (invalid
or low-quality comparisons) at 10.8%. After sampling, A_win and B_win slightly increase to 47.1% and 48.9%, tie rises to 3.9%, and
both_bad is completely eliminated (0.0%). This indicates that the sampling strategy effectively removes a substantial portion of low-quality
comparisons without introducing noticeable class bias, thereby improving the purity of supervision signals. Meanwhile, the increased

proportion of tie samples suggests a higher presence of fine-grained or borderline preference cases, which can help the model better learn
subtle preference distinctions.
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0 - Difficulty Shift: Focusing on Hard Problems

B Original (100k)

mmm Sampled (7.9k)
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Figure 11. Difficulty distribution shift induced by data sampling. The figure illustrates the change in difficulty composition from the
original 100k dataset to the sampled 7.9k subset. In the original data, EASY / MEDIUM / HARD samples account for 55.9%, 38.0%,
and 6.1%, respectively, whereas the sampled set exhibits a distribution of 38.9% / 44.3% / 16.8%. Compared to the original distribution,
the proportion of EASY samples decreases by 17.0 percentage points, while MEDIUM and HARD increase by 6.3 and 10.7 points,
respectively. Notably, the relative density of HARD samples is boosted by approximately 2.8 x (16.8%/6.1% = 2.8), indicating that the

sampling strategy effectively shifts the training focus toward more challenging instances, thereby increasing the information density for
learning under complex scenarios.
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