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Abstract

To keep pace with the increasing velocity of
large language models (LLM) development,
model output evaluation has transitioned away
from time-consuming human evaluation to au-
tomatic evaluation, where LLMs themselves
are tasked with assessing and critiquing other
model outputs. LLM-as-judge models are a
class of generative evaluators that excel in eval-
uating relatively simple domains, like chat qual-
ity, but struggle in reasoning intensive domains
where model responses contain more substan-
tive and challenging content. To remedy ex-
isting judge shortcomings, we explore train-
ing judges with reinforcement learning (RL).
We make three key contributions: (1) We pro-
pose the Equivalent Initial State Group Rel-
ative Policy Optimization (EIS-GRPO) algo-
rithm, which allows us to train our judge to be
robust to positional biases that arise in more
complex evaluation settings. (2) We introduce
ReasoningJudgeBench, a benchmark that eval-
uates judges in diverse reasoning settings not
covered by prior work. (3) We train Judge for
Reasoning (J4R), a 7B judge trained with EIS-
GRPO that outperforms GPT-40 and the next
best small judge by 6.7% and 9%, matching
or exceeding the performance of larger GRPO-
trained judges on both JudgeBench and Rea-
soningJudgeBench.

1 Introduction

Large language models (LLMs) and LLM-powered
agentic systems have been tasked with solving in-
creasingly difficult problems that require strong
reasoning abilities (Ke et al., 2025). As LLMs are
deployed for reasoning intensive-tasks, evaluation
methods have come under mounting pressure to ef-
ficiently and accurately evaluate and critique LLM
outputs, especially when the outputs are not easily
verifiable with rules. While human evaluation re-
mains the gold-standard in such cases, automatic
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evaluation approaches, whether it be reward mod-
els (RMs) or LLM-as-judges, have been deployed
as a more scalable alternative. However, these ap-
proaches have shortcomings (Cemri et al., 2025):
Current verifiers tend to lock onto stylistic details
over substance (Feuer et al., 2024; Liu et al., 2024,
Zeng et al., 2023). RMs are incapable of explaining
their decisions, while judge models are prone to
various biases such as positional (Li et al., 2023;
Wang et al., 2023a) and length bias (Zeng et al.,
2023; Park et al., 2024). In all, these drawbacks
lead to evaluators that struggle to evaluate in rea-
soning settings (Tan et al., 2024; Zhou et al., 2025).

This work explores using reinforcement learning
from verifiable rewards (RLVR) (Lambert et al.,
2024; Shao et al., 2024; Guo et al., 2025) to im-
prove the evaluation ability of LLM-as-judge mod-
els in reasoning problems. Automatic evaluation is
a natural setting for RLVR: Reinforcement learn-
ing (RL) allows the model to learn how to generate
chain-of-thought (CoT) critiques without supervi-
sion from distilled CoT critiques, which are com-
monly used in judge model training (e.g., (Kim
et al., 2023, 2024b; Wang et al., 2024a; Ye et al.,
2024)). Furthermore, automatic evaluation outputs
have a limited set of final outcomes (e.g., “A” or “B”
for pairwise comparisons, 1-5 for single ratings),
making them naturally “verifiable”.

Before simply applying RL algorithms (Shao
et al., 2024; Guo et al., 2025) with judge data, we
take a step back and carefully analyze how judges
fail in reasoning settings. Our analysis in Sec. 4
shows that as task difficulty grows, existing judges,
including those trained with RL, suffer from in-
creasing positional inconsistency, where swapping
the order of the candidates does not lead to an equiv-
alent swap in judgment. This inconsistency indi-
cates that the judge is randomly guessing, rather
than substantively assessing. To remedy this, we
propose Equivalent Initial State Group Relative
Policy Optimization (EIS-GRPO), which explic-
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Figure 1: Our three contributions: (1) EIS-GRPO, a RL algorithm for training positionally robust judge models. (2)
ReasoningJudgeBench, a benchmark of 1,483 pairwise samples across diverse and underexplored reasoning settings.
(3) J4R-7B, a lightweight yet high-performing judge specifically for reasoning evaluation.

itly trains the model to treat equivalent transforma-
tions of the same initial state (i.e., input context)
as equivalent, instilling consistency and robustness
in judges with zero additional training overhead.
Using EIS-GRPO, we train Judge for Reasoning
(J4R), a 7B LLM judge that specializes in evaluat-
ing reasoning. J4R outperforms GPT-40 by 6.7%
and approaches the performance of 32B RL-trained
judges on a reasoning-focused judge benchmarks.

In our evaluation, we find existing bench-
marks of reasoning judges lack breadth. Notably,
JudgeBench (Tan et al., 2024) consists only of 350
pairwise samples sourced from MMLU-Pro (Wang
et al., 2024¢), LiveBench (White et al., 2024), and
LiveCodeBench (Jain et al., 2024), missing cov-
erage of different, uniquely challenging reason-
ing tasks, like inductive or commonsense reason-
ing. This leads us to create ReasoningJudgeBench
which covers new, challenging types of reasoning.
As shown in Fig. 1, our contributions are threefold:

* Methodology: We propose Equivalent Initial
State GRPO, a simple but effective data augmen-
tation method for GRPO that produces position-
ally robust judge models.

* Benchmark: We create ReasoningJudgeBench,
a benchmark of 1,483 challenging pairwise sam-
ples that is 4x larger and more diverse than exist-
ing reasoning-focused judge benchmarks.

* Model and Analysis: We train J4R-CJ-7B which
beats the next best < 14B judge by 13% and
9% on JudgeBench and ReasoningJudgeBench
and matches larger judge models. We quantify
the efficacy of EIS-GRPO and the benefits of
inference-time scaling, among other analyses.

2 Background and related work

Automatic evaluation. Advances in reasoning
have largely focused on settings where answers are
easily verifiable (e.g., math). However, many com-
plex problems, such as long-form report generation,
cannot be graded solely on answer correctness. As
a result, strong automatic evaluators are needed
for such reasoning tasks. Automatic evaluation
methods broadly fall under two paradigms: reward
models (RMs) (Zhong et al., 2025), which are non-
generative evaluators that output scaler scores, and
LLM-as-judge (Gu et al., 2024), which are gener-
ative. The latter has gained popularity, with a line
of work training specialized judge models using
supervised finetuning (SFT) (Li et al., 2023; Kim
et al., 2023, 2024a), preference optimization (Wang
et al., 2024a; Ye et al., 2024; Hu et al., 2024; Wang
et al., 2024b; Saha et al., 2025), and hybrid objec-
tives (Zhang et al., 2024; Mahan et al., 2024).

Only recently have methods for improving rea-
soning been applied to judges, with (Liu et al.,
2025¢) exploring inference-time scaling. More
recent works train judge models with RL (Chen
et al., 2025a,b; Whitehouse et al., 2025; Chan et al.,
2025; Hong et al., 2025), with a focus on analyz-
ing the effects of training pipeline, data, and re-
ward design; Our work can be seen as complemen-
tary to newer RL-training approaches: We propose
a novel training methodology, EIS-GRPO, which
was developed after analyzing key failure modes
of judges in reasoning settings. Furthermore, our
analysis in Sec. 4 reveals that using RL training
alone is insufficient for evaluating in more difficult
reasoning domains. Concretely, when evaluating
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Figure 2: Overview of EIS-GRPO: Each input q is first transformed via 7y to a substantively equivalent version of ¢
and used to sample a subgroup of responses. Responses are rewarded with outcome verification and advantages are
computed jointly across subgroups and within subgroups before being used to update the policy model with respect
to the transformed input. Joint subgroup advantage computation teaches the model to treat all transformed inputs as
equivalent, training the model to be robust to non-substantive transformations of the input.

challenging samples, RL-trained judges still ex-
hibit random guessing behavior, which manifests
as pairwise inconsistency: When the order of re-
sponses is switched, the judge’s chosen response
switches. As such, in contrast to past advances in
judge training, which simply apply the latest train-
ing algorithms (DPO, GRPO, etc.) for judges, we
propose a methodological advancement: To our
knowledge, our work is the first RL-based training
algorithm designed with training judges in mind.

3 Equivalent Initial State GRPO

Here we present Equivalent Initial State GRPO, a
policy gradient algorithm for training models to be
robust to input transformations. Our presentation
here is in a general manner, and we describe spe-
cific application to judge model training in Sec. 4.
While what we present is specifically motivated
via GRPO, the core ideas are generally applicable
other algorithms, like RLOO (Kool et al., 2019).

3.1 Background: GRPO

We use subscripts ¢ to denote token index, super-
scripts (7) to denote sample index (i.e., if multiple
outputs are generated for the same input).

Proximal Policy Optimization (PPO) (Schulman
etal., 2017) is a policy gradient algorithm that con-
strains policy updates, preventing large updates and
resulting in more stabilized training. When applied
by earlier works (Ouyang et al., 2022; Stiennon
et al., 2020) for finetuning LLMs, given a question
(prompt) ¢q , each output token o; is modeled as a
separate action, with (g, 0<¢) as the state. Specifi-

cally, given a dataset D = {q} of questions ¢, the
LLM is optimized with the PPO objective

ol

Z (mm {rt
ol | lo] =

clip (r¢(6);€) /h} - ﬂDKL(ﬂgHmef))] , (D
where € is the clipping value that controls the pol-
icy update range, Ay is the advantage estimate for
token t, Dk, is the KL divergence, which discour-
ages large deviation from a reference policy mpes,
and r4(0) and clip are defined as

Lepo(0) =

n(@) _ o (0t|Q7 O<t)
Toq(0t]q, 0<t)

clip(z; €) = min(1 + €, max(1 — ¢, x)),

@

3
respectively. The original implementation of PPO
estimated the advantage with Generalized Advan-
tage Estimation (GAE) (Schulman et al., 2015),
which uses a value function that is trained jointly
with the policy model and a reward model, typi-
cally trained in advance with labeled preference
data. At a very high level, PPO updates the model
by computing how much better or worse a partic-
ular action o, is than average via Ay, then updates
the model in a constrained region accordingly.

Group Relative Policy Optimization (GRPO)
(Shao et al., 2024) was proposed to simplify PPO
training, requiring instead a dataset D = {(¢,a)}
of question ¢ and answer a pairs, modeling an en-
tire output o as a single action, with original ques-
tion ¢ being the (initial) state. GRPO omits the
reward model and value function by sampling G
complete responses o), ... 0ol&) per question ¢
(known as a group of size G) from 7y, then com-
puting the reward R; for each o(?) using rule-based

1494



verification with answer a. Then, the advantage
AE” is computed as AE” = (RZ- — R) /o R, Where
R and o denote the mean and standard deviation
of the rewards { Ry, ..., Rg}. Above, each token
t is assigned the same advantage, and as such, we
drop the subscript ¢ moving forward. With this
advantage estimator, the GRPO objective is

Larro(8) =
G
2o

chp( ()( 0); )A( )} — ,BDKL(W0||7Tref))] , @

where rt( )(0) is defined the same as r4(#) in Eq. (2)
for output o). Many variants of GRPO have
recently been proposed, like DAPO (Yu et al,,
2025b) (using different values for high/low clip-
ping, among other changes) and DR-GRPO (Liu
et al., 2025b) (removing o in the advantage and
changing the loss normalization).

E{(qa)~D, {038 ~mg, Cla)

[0

Z (mln{ (9)/1 '

3.2 EIS-GRPO: Augmenting with State
Equivalence

The vanilla formulation of GRPO considers any
two questions ¢ and ¢’ as different states regard-
less of their specific contents. However, within a
real-world collection of inputs, some states may
exhibit equivalence structure (Li et al., 2006): Dif-
ferent questions may contain the same relevant
information while differing in irrelevant ways (e.g.,
stylistic). Consider the following toy example:

q = “Solve [problem]. Think step-by-step.”

¢’ = “Provide reasoning before answering: [problem]”
Above, ¢q and ¢’ contain the same relevant infor-
mation, i.e., the objective is to solve [problem],
which requires the same reasoning process (actions)
to solve. However, they differ in irrelevant ways
(e.g., exact CoT prompt). While identifying equiv-
alent problems in large-scale datasets may be diffi-
cult, transforming a given state (i.e., input) to a set
of equivalent versions is easy via hand-crafted data
augmentation strategies (e.g., via paraphrasing).

Rather than sampling G responses from
q, we transform ¢ into L equivalent versions,
T1(q), ..., Tr.(q), and then sample G/ L responses
{o1:0) olG/LOY from each Ty(q ), for a
total of G responses across all T;(q)!. We
call the set of responses sampled from a given
Te(q) a subgroup. Then, an

'In practice, one can vary the number of outputs sampled
for each Ty (q). However, for ease of notation and presentation,
we assume fixed subgroup sizes of G/ L.

is added
to the subgroup-only advantage, and used to
update the policy conditioned on the transformed
state Ty(q). Concretely, suppose each output
oY) receives reward R(M), and denote R =
(RUD,... RG/LD . ROL) . RG/LL)Y
as the set of rewards across subgroups and
RY = {RUH . RE/LOY a5 the set of
subgroup rewards. Define A(:¢) and rgi’é) (0) as

(i,6) (i) _ pt
(% ), (ROD - RY)
ORe
mo(0;" | Ti(a), 0%”)
7'r9o|d(0tZ e)|T( ), 0(<lt[>)
Then, the EIS-GRPO objective takes the form

A0 —

&)

ri(0) = ©6)

LErs- 0)=E .
msarro(0) =B ) o, {0 v (ITe( ),

|o<L )

(mm{ (@, Z) A(i’l),

chp( (@, /)(9) )A(’ [)} BDxL 7r9|\7rref)>} . (7

The advantage A comprises two terms: a
term computed across subgroups (i.e., a global ad-
vantage) and a term computed using only subgroup
rewards (i.e., a local advantage). These two ad-
vantages are complementary: The global term ties
together all subgroups, serving as the mechanism
that affirms state equivalence, whereas the local
term ensures that each subgroup’s responses are im-
proved independently. That is, the model is taught
that all initial states are equivalent and to improve
performance for each new initial state. Notably,
only using the global advantage may lead to perfor-
mance degradation, as we show in Sec. 5.2. Two
key behaviors arise from the above objective:

* Inherent output diversity: The set of outputs
across all subgroups is necessarily more diverse
than a set sampled from just the original state,
which helps in RL training (Liu et al., 2025a).

* Learned state equivalence: By comparing out-
puts from different 7;(q) against each other via

and , each transformed state is mod-
eled as equivalent in terms of outcome. Paired
with updating the policy with respect to 7;(q),
the model learns to be transformation invariant.

Some transformations may change the answer a
based on 7;, which we denote as a®). As an exam-
ple, consider applying EIS-GRPO to train a model
to be invariant to multiple choice answer choice
labels A, B, C, or D, where each 7, corresponds
to a different multiple choice ordering:
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Which animal flies? 77 : [A] Cat; [B] Dog; [C] Bird; [D] Pig
T2 : [A] Bird; [B] Pig; [C] Dog; [D] Cat
Here, the correct answer label must change with
each 7;: a(Y) = [C] and a(® = [A]. However,
the substance of the correct answer (‘“Bird”) is the
same across subgroups, making the subgroups com-
parable and initial states substantively equivalent.
Connections to existing work. Using data aug-
mentations is inspired by SimCLR (Chen et al.,
2020), a contrastive learning framework that maxi-
mizes representation similarity between different
augmentations (e.g., rotations) of the same im-
age. While SimCLR is explicitly contrastive, the
contrastive nature of EIS-GRPO is more implicit
through the advantage and policy update. EIS-
GRPO can be considered a policy gradient algo-
rithm that leverages state-equivalence, connecting
it to a line of work in exploiting such structure in
Markov Decision Processes (Li et al., 2006; Ravin-
dran and Barto, 2004; Abel et al., 2016; Asadi
et al., 2019) and RL (Brunskill and Li, 2013; Man-
del et al., 2016). Finally, we note that concurrent
work, NoisyRollout (Liu et al., 2025a), in Vision
Language Model RL has explored injecting noise
into the image prior to generating group outputs.
The key difference between NoisyRollout and EIS-
GRPO is that they do not condition on the trans-
formed initial state during the policy update, i.e.,
they use rf@ (0) rather than rf’e) (0) (Eq. (6)). This
difference may appear small but it is crucial, as
omitting state-specific conditioning may lead to
sub-optimal or incorrect policy updates. For exam-
ple, when 7;(q) results in a new answer a®), cor-
rect behavior is only encouraged when the policy
update is with respect to 7;(q). As such, NoisyRoll-
out does not explicitly teach models that augmented
initial states are equivalent; rather, as they note, it
serves as a group output diversification strategy.

4 Judge Training with EIS-GRPO.

EIS-GRPO, as presented above, is a general-
purpose policy-gradient algorithm. Here, we de-
scribe its application for judge training. Concretely,
our goal is to train a pairwise judge, which takes
input a triplet (x, y1, y2) of user input x and model
responses 41 and ¥y, parsed into prompt template
T(x, A, B), and generates a natural language output
o = {c¢,j}, where c is a chain-of-thought critique
and j is the final judgment (A or B). The prompt
template T(x, A, B) includes evaluation and for-
matting instructions; x is the user input, A is the

Judge Consistency

50 1 ® Non-reasoning benchmark
Reasoning benchmark

4040 Sb 60 7‘0 Bb §0 100
Judge Accuracy
Figure 3: Judge pairwise consistency is inversely corre-

lated with task difficulty, with very poor consistency in
reasoning tasks. Plot of 11 judges, with marker size indi-
cating model size across 3 non-reasoning (HHH, LFQA,
InstruSum) and 1 reasoning benchmark (JudgeBench).

first response, and B is the second response. In
what follows, (A = y;, B = y;) means that re-
sponse y; is presented to the judge first, and re-
sponse y; is presented second. Without loss of gen-
erality, we assume that y; is the better response. To
train a judge model, we utilize a judgment dataset
D = {(z,y1,y2)} of pairwise responses.

When judging reasoning, are judges just guess-
ing? Past work (Li et al., 2023; Wang et al., 2023a)
has shown that judge models are sensitive to the
order of responses. For each pairwise sample, there
are two possible orderings: (A = y1, B = y2) and
(A = y2, B = y1). Merely swapping the order can
elicit a different chosen response y from the judge.
As a result, past work has measured consistency,
the fraction of pairwise samples where the same
response is chosen in both orderings. In Fig. 3, we
visualize judge performance on 3 non-reasoning
benchmarks (HHH (Askell et al., 2021), LFQA (Xu
et al., 2023), InstruSum (Liu et al., 2023)) and a
reasoning-focused benchmark, JudgeBench (Tan
et al., 2024). The trend is clear: Reasoning evalu-
ation is uniquely difficult, with judges exhibiting
behavior more akin to random guessing than sub-
stantive assessment, as shown by low consistency.

Judge inconsistency is not a newly discovered
phenomenon, with recent judge work taking at
proactive measures to mitigate this bias during
training, coalescing around using data duplica-
tion (Li et al., 2023; Park et al., 2024; Saha et al.,
2025) or simply ensuring balanced datasets at
larger data scales (Wang et al., 2024a; Cao et al.,
2024). The former involves including both (4 =
y1, B = y2) and (A = y2, B = y1) orderings in
the training set as separate samples, doubling the
size of the training set, whereas the latter does not
explicitly expose swapped order pairs to the judge
to save on training time. Despite targeted training
strategies, judges are still not able to consistently
assess as task difficulty grows as shown in Fig. 3.
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EIS-GRPO for judge training. Data-duplication
methods suffer from a key drawback: They do not
explicitly link together samples with their position-
swapped counterparts; rather, the model consumes
each sample independently during training. EIS-
GRPO uniquely addresses this drawback by explic-
itly linking order-swapped training samples, lead-
ing to higher consistency and better accuracy, as
shown in Sec. 5.2. To instill order invariance in the
judge, we use 2 subgroups where subgroup 1 or-
ders uses transformation 71 (z, y1,y2) = T(x, A =
y1, B = 15) with a(!) = A, and subgroup 2 uses
transformation 73 (z, y1,y2) = T(x, A = y2, B =
y1) with a® = B. To train J4R, we employ both
a judgment reward R ; and format reward R ;:

. 1L, j=a
Rj(]7a)_{0 j?éa
0.5, o correctly formatted
R:(0) =
1(0) {—0.5, otherwise

We compute the final reward R

R;(009 a®) + Rp(0)) and use G = 32,
with 16 for each ordering. For training data,
we construct a compact training set of 10K
pairwise samples by sampling 20 outputs from
Qwen2.5-7B,72B (Yang et al., 2024) and Llama-
3.3-70B (Dubey et al., 2024) using the ReClor (Yu
et al., 2020) and MATH (Hendrycks et al., 2021)
train sets and pairing together correct and incorrect
responses. We train two judges: J4R-CJ-7B,
initialized from CompassJudger-7B (Cao et al.,
2024), and J4R-Qwen-Inst-7B, initialized from
Qwen2.5-7B-Instruct. ~ As shown in Sec. 5,
EIS-GRPO is effective for both continual and
from-scratch judge training. See App. B.1 for
hyperparameters and App. E for prompt template.

4.1 ReasoningJudgeBench

Recent judge benchmarks have focused on eval-
uating robustness to stylistic factors (Liu et al.,
2024; Zeng et al., 2023), with reasoning splits us-
ing (relatively easy) math and coding problems
(e.g., using HumanEvalPack (Muennighoff et al.,
2023) prompts). JudgeBench (Tan et al., 2024)
takes a step in diversifying reasoning tasks cov-
ered, including knowledge-based reasoning (via
MMLU-Pro (Wang et al., 2024c)) and more dif-
ficult data sources (e.g., LiveBench (White et al.,
2024)). The key insight of JudgeBench is that if a
strong model struggles to answer a question, that
same question will be difficult to assess. Based
on this insight, JudgeBench is constructed by: (1)

Sampling multiple outputs from a strong LLM for
a question with an objectively correct answer (e.g.,
math questions) and (2) pairing together a correct
and incorrect model response (determined by final
output) to form a pairwise test sample.

While JudgeBench is challenging, it contains
only 350 pairwise samples that cover only a subset
of the myriad of available reasoning tasks. To di-
versify evaluation, we use the JudgeBench pipeline
with GPT-40 to produce ReasoningJudgeBench,
which consists of 1,483 response pairs sourced
from both established (ARC-Challenge (Clark
et al., 2018), ReClor (Yu et al., 2020), Strate-
gyQA (Geva et al., 2021), Folio (Han et al., 2022))
and newer benchmarks (OlympiadBench (He et al.,
2024), AIME 2024 and 2025, SuperGPQA (Du
et al., 2025), BIG-Bench Extra Hard (Kazemi et al.,
2025)). In all, ReasoningJudgeBench consists of 4
splits: Math, multi-hop, domain-specific, and “ev-
eryday” reasoning (inductive, causal, and common-
sense); See Fig. 1 (center) for a split-level break-
down and App. C for further details.

5 Experimental Results and Analysis

Baselines. @ We compare J4R against multi-
ple strong, contemporary pairwise judge mod-
els: Prometheus-7B, 8x7B (Kim et al., 2024b),
CompassJudger-7B, 14B, 32B (Cao et al., 2024),
RISE-Judge-7B, 32B (Yu et al.,, 2025a), Self-
Taught-Evaluator-70B (Wang et al.,, 2024b),
EvalPlanner (Saha et al.,, 2025), JudgeLRM-
7B (Chen et al., 2025a), and RM-R1-7B, 14B,
32B (Chen et al., 2025b). We report official num-
bers when they exist, or run each judge with its
provided prompt template otherwise. We also
evaluate o1, 03-mini, GPT-40, 40-mini, Qwen2.5-
7B (Yang et al., 2024), and DeepSeek-R1 (Guo
et al., 2025) on all benchmarks using our prompt
(App. E). In App. C.2, we present results for a suite
of prompted models on ReasoningJudgeBench.

Benchmarks. To assess judge performance in
reasoning domains, we use 3 benchmarks: PPE
Best-of-K (Frick et al., 2024) (MBPP, MATH, and
GPQA splits), JudgeBench (Tan et al., 2024), and
ReasoningJudgeBench. PPE Best-of- K contains
~?2,500 pairwise samples per split, with judges as-
sessing responses sampled from multiple weaker
generators. In contrast, JudgeBench and Reason-
ingJudgeBench require judges to assess responses
from a stronger model (GPT-40). For all bench-
marks, we adopt a consistent accuracy setup: Each
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PPE JudgeBench

ReasoningJudgeBench

Model Avg. Avg. Av Overall
Prometheus-2-7B 30.09 24.86 18.88  24.61
CompassJudger-7B 44.02 49.14 37.76  43.64
4 RISE-Judge-7B 46.35 44.57 3473 41.88
= JudgeLRM-7Bf 31.37 33.71 11.87  25.65
E RM-R1-Distill-7B" 33.96 16.29 15.10 2178
@ CompassJudger-14B 45.64 50.29 37.69 4454
RM-R1-Distill-14B 47.80 46.86 4370  46.12
':;7 J4R-Qwen-Inst-7B (Ours)  20.10 6043 4395 4395 5130 6250 5204  42.86 5229 3806 5962 3138 4633 4174 4599
S J4R-CJ-7B (Ours) 49.14 56.86 45.04  50.35
RISE-Judge-32B 52.53 46.86 4235 4725
§ CompassJudger-32B 50.66 54.57 46.53  50.59
2 RM-RI-Distill-32B 54.71 54.29 4639  51.80
&  Prometheus-2-8x7B 31.79 38.57 2596  32.11
3 Self-Taught-70B 44.57 48.57 38.64 4393
EvalPlanner-3.3-70B - 56.6 -
»,  Qwen2.5-7B-Instruct 38.61 38.86 30.21 35.89
—_,i" GPT-40-mini 45.66 50.86 4039 4224
< GPT4o 50.86 50.29 4525 4718
;:m ol 72.90 83.71 7310 76.57
E 03-mini 70.64 76.28 65.14  70.69
Deepseek-R1 71.89 74.86 5853 6843

Table 1: J4R-CJ-7B is the best small judge, almost matching the best large judges despite being 4.5x smaller in
size. Best and second-best in each size range are bolded and underlined. Avg. is a microaverage across benchmark
splits, Overall is an average of the 3 Avg. scores. Highlighting indicates training method: SFT, DPO, and RL.
indicates that a judge had systematic issues with output format. All values are consistent accuracy.

pairwise sample is evaluated twice, with the order
of responses swapped on the second run. Then,
a judge is only considered correct if both orders
are evaluated correctly. This setup is the default
for JudgeBench, but differs from the original PPE
setup, which fixes an ordering; as such, our results
for PPE differ from their reported results.

5.1 Main results

Our main results are presented in Sec. 4.1. J4R-CJ-
7B outperforms all small (< 14B) judge models
in aggregate (50.35 vs. the next best 46.12) and
roughly matches the performance of the best large
judge models. In particular, despite being 4.5x
smaller in size, J4R-CJ-7B (50.35) almost matches
RM-R1-32B (51.80), which was trained with both
warm-up SFT with DeepSeek-R1 reasoning traces
and GRPO. Such small gap shows that RL-training
alone is insufficient for ensuring robust reasoning
evaluation. As we show later, when given equal
compute, J4AR-CJ-7B is able to greatly surpass all
larger models. J4R-Qwen-Inst-7B (45.99), initial-
ized from a weaker checkpoint, is a strong perform-
ing small judge, surpassing GPT-40-mini (42.24)
and nearly matching the twice as large RM-R1-
14B (46.12). ReasoningJudgeBench is a significant
challenge for judge models, with many capable
judges failing to crack 45%. Judges are relatively
strong in assessing math, but struggle on the other
three splits, showing that evaluating complex natu-
ral language reasoning is still an open problem.

Training algorithm

Acc.  Cons. Acc Cons,
CompassJudger-7B (Initial) 49.14 68.86 37.69 68.58
+SFT 4286 62.86 3297  57.11
+DPO 46.57 68.29 38.84  69.66
. Norm.  Norm. Acc. Cons. Acc. Cons.
Training data strategy . .
data. size  time
CompassJudger-7B (Initial) - - 49.14 68.86 37.69  68.58
+GRPO w/ [Bal.]. G = 32 Ix Ix 5200 7343 4134 7552
+GRPO w/ [Dup.], G = 16 2x 1x 51.14 76.00 3884 7161
+GRPO w/ [Dup.], G = 32 2x 2x 5171 7771 4201 77.95
+GRPO w/ global adv., G = 32 Ix 1x 49.14 6943 3796  68.58
+EIS-GRPO, G = 32 (ours) Ix 1x 56.86 81.14 45.04  80.51

Table 2: Comparison of EIS-GRPO against (top) various
common judge training recipes and (bottom) data-driven
ways to improve consistency. Both results showcase the
benefits of training with EIS-GRPO.

5.2 Additional analysis.

How does initial model impact performance?
As discussed in Sec. 4, we start training from
CompassJudger-7B for J4R-CJ-7B and Qwen?2.5-
7B for J4R-Qwen-Inst-7B. From Sec. 4.1, we
find that starting from a stronger judge check-
point yields results in better aggregate performance
(50.35 vs. 45.99). This result is perhaps not sur-
prising given recent analysis (Yue et al., 2025),
which suggests that a primary benefit of RLVR is
modifying the model output distribution to favor
correct reasoning chains that are already within the
initial model’s capabilities. Hence, initializing RL
training from a trained judge provides a “higher
floor” from which RL can incentivize correct judg-
ments. However, this does not mean EIS-GRPO
fails with weaker initial models: J4R-Qwen-Inst-
7B improves Qwen2.5-7B from 35.89 aggregate
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J4R Acc.
(FLOP-matched)

Baseline Model ~ Size Avg. tokens  djpr Baseline
(M) (Tinp) Acc.

J4R-CJ 7B 270.28 1.0 56.86

CompassJudger 14B 21348 2.0 50.29 57.87
CompassJudger 32B 21287 4.0 54.57 62.00
RISE-Judge 32B 532.62 9.0 46.86  64.10

(+ 7.58)
(+ 743)
(117.24)

RM-R1 14B 1621.83 12.0 46.86 64.48 (117.62)
Self-Taught 70B 39455 15.0 48.57 64.59 (116.02)
RM-R1 32B 1792.37  30.0 5429 64.94 (1 10.65)

Table 3: FLOP-matched evaluation on JudgeBench com-
paring J4R-CJ-7B to larger judges that may produce
longer outputs. With equal compute (last column), J4R-
CJ-7B outperforms larger baselines by up to 17.24%.

accuracy to 45.99, a 28% gain, and outperforms all
other 7B judges, some trained with 20x more data.
In all, we show that existing judges optimized for
non-reasoning settings were not trained in vain, as
they can be continually trained with EIS-GRPO.
How does EIS-GRPO compare with existing
judge training recipes? Here, we quantify the
advantage EIS-GRPO brings over two common
judge training recipes, SFT and DPO. Prior work
samples CoT judgments from a teacher model, then
uses either SFT (e.g., (Kim et al., 2023; Cao et al.,
2024)) or DPO (e.g., (Wang et al., 2024a; Hu et al.,
2024)). Using our training set, we follow the ap-
proach of (Wang et al., 2024a; Hu et al., 2024;
Ye et al., 2024) and distill CoT judgments from
Llama-3.1-70B to form both a SFT training set
and a paired DPO training set. We ensure each of
these training sets are label-balanced, and train for 1
epoch starting from CompassJudger-7B; App. B.3
contains complete details. Sec. 5.2 (top) shows
the fundamental limitations of current judge model
paradigms: Even using targeted reasoning data,
SFT and DPO actually decrease performance on
JudgeBench relative to the baseline performance.
This perhaps surprising result likely stems from
two factors: teacher-model responses (1) are out-
of-distribution and (2) place an upper-bound on
performance, as instruct models are relatively weak
reasoning evaluators (See App. C.2).

How does EIS-GRPO improve over other data-
driven consistency strategies? As discussed
in Sec. 4, past work has used label-balanced train-
ing (Wang et al., 2024a; Cao et al., 2024) or data
duplication (Li et al., 2023; Park et al., 2024; Saha
et al., 2025) to mitigate inconsistency. Here, we
show that EIS-GRPO improves upon both of these
approaches. From our train set, we form a data
balanced version ([Bal]), where we assign 50% of
our dataset to have label A and 50% label B, and a
duplication variant ([Dup]), which doubles the size

of our training set by including each ordering of
responses. For [Bal], we run GRPO with the same
training setup as J4R-CJ-7B (Sec. 4). For [Dup],
we consider two setups. The first uses G = 16 and
doubles the rollout batch size, resulting in the same
number of model updates and training steps as J4R.
The second applies the exact same training setup
as J4R, resulting in twice the training steps.

We report normalized training time with re-
spect to J4R-CJ-7B, along with judge performance,
in Sec. 5.2 (bottom). Both [Bal] and [Dup] re-
sult in some gains in accuracy and consistency, but
fall significantly short of EIS-GRPO. For the same
number of model updates, EIS-GRPO improves
JudgeBench accuracy 9.4% and 11.2% over [Bal]
and [Dup], respectively. Further, EIS-GRPO re-
sults in more positionally robust judges, as shown
by significantly higher consistency values. We also
ablate using only the global advantage (i.e., only
the first term of A9 in Eq. (6)), and find that its
performance lags all other strategies, highlighting
the necessity of both global and local information.
We present a deeper exploration in App. D.1.

Given equal inference-time compute (FLOPs),
how does J4R match up with larger judges?
Here, we present a FLOP-matched evaluation on
JudgeBench using the common FLOP approxima-
tion 2MTi,s (Snell et al., 2024; Sardana et al.,
2023), where M is the model size and T, is
the number of inference tokens. For J4R-CJ-7B
and all judges of size > 148, we compute the
average number of output tokens per sample on
JudgeBench, allowing us to compute a FLOP-
scaling ratio Ji,r = %, where subscript b
denotes baseline and J4R denotes J4R-CJ-7B. We
then sample diys parallel responses from J4R-CJ-
7B with temperature 1.0 and aggregate via majority
vote (i.e., self-consistency (Wang et al., 2022)). To
reduce compute time, we sample a fixed set of 128
responses from the J4R-CJ-7B and randomly sub-
sample for each djr. We repeat each subsampling
100 times and report mean and standard deviation.
Sec. 5.2 shows the benefit of matched compute: the
performance of J4R-CJ-7B improves up to 14%.
Given the same compute as RM-R1-32B, J4R out-
performs RM-R1-32B by 10.65 absolute percent.

How does reasoning-specific training affect
other domains? We measure the difference be-
tween J4R and initial models on LFQA (Xu et al.,
2023) (long-form QA), HHH (Askell et al., 2021)
(safety and helpfulness), and InstruSum (Liu et al.,
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Model HHH LFQA InstruSum
CompassJudger-7B 83.26  70.00 64.23
J4R-CJ-7B 77.83  67.69 66.91

Qwen2.5-7B-Instruct  72.40  50.77 51.82
JAR-Qwen-Inst-7B 7647 62.69 60.83

Table 4: Group size G ablation.

G 16 24 32 64

Acc. 4093 40.66 4504 4471
Cons. 7492 7249 80.51 79.97

Table 5: Reasoning-specific training improves weaker
models, but degrades chat eval. for stronger models.

2023) (summarization quality). Our results, shown
in Sec. 5.2, are in-line with expectations: Special-
izing a strong model for a specific domain reduces
general abilities, as shown with degradations in
chat-focused settings (HHH and LFQA), but im-
proves performance when the task is reasoning-
demanding, like contextual comprehension. How-
ever, when the initial model is weak, “low-hanging
fruit” gains are available, and reasoning specific
training holistically improves performance.

How does group size affect EIS-GRPO? In Ta-
ble 4, we use ReasoningJudgeBench to quantify
the effect of group size G. We find that perfor-
mance increases as (G increases, with the largest
gain occurring from 24 and 32. This highlights the
importance of using sufficient G to ensure strong
contrastive signals between subgroups. Using a
larger group size of 64 does not yield further gains.

6 Conclusion

We demonstrate the effectiveness of EIS-GRPO
for training positionally robust judges, improving
evaluation in reasoning settings. We diversify exist-
ing judge benchmarks with ReasoningJudgeBench,
which reveals that judges have significant room for
growth in evaluating in reasoning settings.

Limitations

Our work demonstrates the effectiveness of EIS-
GRPO for training positionally robust judge mod-
els. As our work is focused on quantifying the
performance of our methodology (analyzing model
initialization, quantifying advantages over other
training approaches, etc.), our complete training
pipeline has under-optimized components. For ex-
ample, we did not optimize our training dataset,
opting for a simple approach for generating train-
ing pairs used in past work (Saha et al., 2025).
We additionally did not employ recent develop-
ments building on GRPO, such as those presented

in DAPO (Yu et al., 2025b). We note, however,
that EIS-GRPO is easily adaptable to such devel-
opments.

We additionally chose to focus on the pairwise
evaluation setting, as it is a common setting for
judges. As such, our work does not explore how
to exploit state-equivalence in settings such as sin-
gle rating evaluation or process reward modeling.
We consider finding modeling state-equivalence in
these settings an exciting line of future work.

Finally, we note that EIS-GRPO is naturally im-
pacted by choice of group size GG, as shown in our
last experiment. EIS-GRPO takes inspiration from
contrastive learning frameworks enforce similarity
and dissimilarity within batches of samples (Chen
et al., 2020; He et al., 2020; Lee et al., 2019); The
group size GG in EIS-GRPO can be thought of as
analogous to contrastive learning batch size. A
common criticism of such contrastive learning ap-
proaches is that they require large training batch
sizes (Gao et al., 2021; Chen et al., 2022), necessi-
tating large amounts of GPU VRAM. While EIS-
GRPO requires relatively large G, a key difference
between EIS-GRPO and contrastive learning ap-
proaches is that the minimum required GPU VRAM
does not increase as G increases. This is because
policy updates occur sequentially. Complications
with gradient accumulation for contrastive learning
approaches, described in (Gao et al., 2021), are
absent in EIS-GRPO. That is, sampling higher G
does not increased hardware minimums. However,
we acknowledge that sampling sufficiently large G
may result in relatively longer training times.
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A Extended Related Work and Discussion

A.1 Related work: Pointwise generative
verification.

While pairwise evaluation forms the focus of our
work, evaluation can also be done in a pointwise
manner. Pointwise generative verifiers are another
subset of the generative judge paradigm that assess
one response at a time. Earlier work (Kim et al.,
2024b) explored using per-instance references and
rubrics to stabilize evaluation, while more recent
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Figure 4: Reward and length dynamics of training J4R-
CJ-7B.

work (Hu et al., 2024) explores larger-scaled train-
ing with preference optimization. Pointwise eval-
uators do not necessarily need to be standalone
models: Many pairwise judges (e.g., (Wang et al.,
2024a; Vu et al., 2024; Hu et al., 2024; Kim et al.,
2024b; Li et al., 2023)) are also capable pointwise
evaluators, assigning scores of 1-5 or binary pass/-
fail scores based on certain evaluation criteria. Past
work (Park et al., 2024) has also found that point-
wise training can improve pairwise performance.
Concurrently, long CoT distillation has been used
to improve such models (Khalifa et al., 2025) for
math evaluation. Closely related are critic models,
which are models trained at providing feedback to
models. Such models are typically trained with hu-
man critiques (Wang et al., 2023b), distillation (Xi
et al., 2024) or more recently, RL (McAleese et al.,
2024; Akyiirek et al., 2023; Yao et al., 2023; Xie
et al., 2025).

The efficient pointwise nature makes such eval-
uators attractive choices in settings like inference-
time verification. However, recent work has high-
lighted the difficult nature of single-instance verifi-
cation in reasoning intensive domains (Zhou et al.,
2025). The pairwise paradigm offers stability in as-
sessment, as relative comparisons a valuable “other
item” to anchor assessment against. Broadly, rel-
ative (ordinal) assessment has been shown to be
easier for humans that pointwise (cardinal) assess-
ment (Shah et al., 2016), a fact that also appears to
carry over to generative verifiers.

B Model training details
B.1 EIS-GRPO training details

To train our judge to be strong in reasoning do-
mains, we create a reasoning-based training set
of pairwise model responses. In particular, we
sample responses from both weaker (Qwen2.5-7B)
and stronger models (Qwen2.5-72B and Llama3.3-
70B) to ensure diversity. We choose two datasets
with training sets, MATH (Hendrycks et al., 2021)
and ReClor (Yu et al., 2020) with objectively cor-

rect answers. We then prompt each model to an-
swer each question in the training set after out-
putting a CoT, sampling 20 responses using tem-
perature of 1.0. Based on final outputs, we form
pairs of “correct” and “incorrect” responses. This
can be viewed as a form of synthetic data genera-
tion, as employed by prior work, e.g., (Wang et al.,
2024b; Saha et al., 2025). All training was con-
ducted on an 8xH200 GPU node. We use rollout
batch size of 256, train batch size of 128, constant
learning rate of le — 6, clip ¢ = 0.2, and the KL
£ = 0.0001.

B.2 EIS-GRPO training dymanics

We visualize training dynamics Fig. 4, we present
the judge response length and average reward dy-
namics during training. Response length grows
steadily as training progresses, with the final judge
response length nearly 50% longer than the starting
point. Reward grows steadily over the first quarter
of training before transitioning to a more gradual
increase. We additionally find that JudgeBench and
ReasoningJudgeBench performance, both accuracy
and consistency, both improve relatively steadily
over the course of training.

B.3 DPO and SFT judge baseline details

From our train set, we distill 20 CoT judgments
from Llama-3.1-70B-Instruct per prompt using a
temperature of 0.7 and divide the 20 teacher out-
puts into correct and incorrect outputs based on
ground-truth label. We then form DPO pairs by
selecting one correct and incorrect response. We
ensure that the dataset has balanced labels. For sam-
ples where the teacher model produces the same
judgment for all 20 samples (i.e., all correct or all
incorrect), we include the sample as a non-CoT
training sample: We remove the requirement for
CoT judgment in the prompt, asking the judge to
respond directly with "A" or "B" without CoT. This
type of data sample was found to help judge train-
ing (Wang et al., 2024a) and allows us to use all of
our training data, for fair comparison. We addition-
ally add an SFT loss during DPO, as is commonly
done in judge training (Wang et al., 2024a; Ye et al.,
2024). For DPO, we use 8 = 0.1. For SFT, we
use the correct samples from the DPO train set. We
train both SFT and DPO models for 1 epoch using
TRL (von Werra et al.) with commonly found hy-
perparameters (e.g., (Li et al., 2023; Ivison et al.,
2023)). We use an effective batch size of 64 and
utilize AdamW and a cosine learning rate scheduler
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with peak learning rates of 1e — 5 (SFT) and 5e — 7
(DPO).

C ReasoningJudgeBench: Details and
additional results.

Constructing ReasoningJudgeBench follows a
three stage approach: (1) We select a challeng-
ing benchmark with objectively correct outcomes,
(2) We prompt a strong LLM (GPT-40) to provide
20 CoT responses for each input, (3) We construct
pairs using outcome verification, keeping one cor-
rect and one incorrect response per prompt. We
samples prompts where the model gets all 20 re-
sponses correct or incorrect. Because judges are
known to exhibit length bias (Zeng et al., 2023;
Park et al., 2024), when constructing our pairs, we
keep the pair of positive and negative responses
with minimal difference in length in order to create
more challenging pairs.

We chose both established and recent bench-
marks as our source datasets. This allows us to
balance challenging, newer samples with existing
samples that are fundamentally challenging, i.e.,
are still difficult to answer for models despite being
publicly released for some time. In particular, we
use

¢ ARC-Challenge (Clark et al., 2018): An estab-
lished multiple-choice QA benchmark.

¢ ReClor (Yu et al., 2020) (Validation set): A
multiple-choice QA benchmark focused on read-
ing comprehension, sourced from professional
standardized tests.

* StrategyQA (Geva et al., 2021): An implicit,
multi-hop reasoning QA benchmark.

e Folio (Han et al., 2022) (Validation set): A
human-written first-order logic benchmark

* AIME 2024 and 2025: Competition-level math
problems

* OlympiadBench (He et al., 2024) (Text-only):
Olympiad-level math problems.

¢ SuperGPQA (Du et al., 2025) (Random subsam-
ple): An expanded version of GPQA (Rein et al.,
2024), scaled to 285 disciplines.

e BIG-Bench Extra Hard (Kazemi et al.,
2025) (Boolean Expressions, Causal Understand-
ing (Nie et al., 2024; Kiciman et al., 2023), Dis-
ambiguation QA, Hyperbaton, Multi-step arith-
metic): A harder variant of BigBench-Hard (Suz-
gun et al., 2022).

The above selection of benchmarks was cho-
sen to fill the gaps of evaluation. Namely,

JudgeBench (Tan et al., 2024) draws from a small
number of benchmarks, limiting the types of rea-
soning covered. ReasoningJudgeBench represents
an expansion of reasoning domains evaluated, in-
cluding the myriad of unique reasoning tasks from
BIG-Bench Extra Hard. Due to the limited size and
difficulty of AIME 2024 and 2025, GPT-40 was
only able to generate 15 valid pairs. As a result,
we utilized GPT-4.1-mini to augment math subset.
Both models’ responses are included in the Math
subset. The per-split data source breakdown is as
follows, where we abbreviate BIG-Bench Extra
Hard as BBEH.

* Multi-hop reasoning [598 samples]: ARC-
Challenge (60), BBEH Boolean Expressions
(161), Folio (88), ReClor (289)

* Math [260 samples]: AIME 2024 and 2025 (38),
BBEH Multi-step arithmetic (38), Olympiad-
Bench (184).

* Domain [300 samples]: SuperGPQA (300)

* Everyday [325]: BBEH Causal Understanding
(89), BBEH Disambiguation QA (68), BBEH
Hyperbaton (114), StrategyQA (54).

C.1 Model inference details.

All models of size 72B or smaller were run
locally on vLLM (Kwon et al., 2023) on nodes
of 1,4, or 8xA100s. OpenAl model infer-
ence was run using their Batch API with the
following endpoints: gpt-40-2024-08-06,
gpt-40-mini-2025-04-16,
03-mini-2025-01-31, 01-2024-12-17, and
04-mini-2025-04-16. All reasoning mod-
els are evaluated with “reasoning effort” set
to medium (default). DeepSeek-R1 and V3
and Llama-3.1-405B were accessed through
together.ai.

C.2 Additional evaluation results

Here, we evaluate a suite of instruct and reasoning
models on ReasoningJudgeBench. For judges that
allow ties, we follow (Tan et al., 2024) and consider
a run with a tie to be correct if the non-tie response
is correct. We present results in App. C.2. We
find that reasoning models tend to perform well on
evaluation, with top performers being ol at 73.10%
and o4-mini at 69.39%. The top models are also
the most consistent, most exceeding 80%. Among
instruction-tuned judges, GPT-4.1 performs well,
passing the performance of DeepSeek-R1.
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together.ai

Model Multi-hop Math Everyday Domain Avg. Consistency
Prometheus-2-7B 16.56 29.23 17.23 16.33  18.88 47.61
CompassJudger-7B 34.95 50.38 32.62 38.00 37.76 67.16
g RISE-Judge-7B 28.60 51.15 31.69 36.00 34.73 66.82
E JudgeLRM-7BT 5.52 20.77 14.77 13.67 11.87 54.28
:E: RM-R1-Distill-7Bf 12.37 35.38 14.46 3.67 15.10 48.11
2 CompassJudger-14B 37.29 51.54 28.92 36.00 37.69 63.79
RM-R1-Distill-14B 47.16 68.08 34.77 2533 43.70 65.54
J4R-Qwen-Inst-7B (Ours) 41.97 59.62 31.38 36.33  41.60 73.57
J4R-CJ-7B (Ours) 43.81 61.15 36.92 4233 45.04 80.98
s RISE-Judge-32B 45.65 55.38 27.69 4033 4235 73.23
%" CompassJudger-32B 49.16 60.77 38.15 38.00 46.53 74.04
™ RM-R1-Distill-32B 52.51 69.23 33.85 28.00 46.39 66.35
Esb Prometheus-2-8x7B 20.74 38.08 26.46 25.33  25.96 54.89
Self-Taught-70B 45.32 39.62 28.31 35.67 38.64 63.32
Qwen2.5-7B-Instruct 29.60 33.85 29.85 28.67  30.21 57.79
Qwen2.5-14B-Instruct 41.30 39.23 31.69 25.67  35.67 62.58
Qwen2.5-32B-Instruct 48.49 38.46 35.69 4033 42.28 68.64
% Qwen2.5-72B-Instruct 50.33 48.46 32.31 39.00 43.76 72.76
é‘b Llama-3.1-8B-Instruct 25.75 33.85 20.00 17.67 24.28 48.89
; Llama-3.1-70B-Instruct 48.66 38.08 28.92 30.67 38.84 67.16
5 Llama-3.3-70B-Instruct 51.51 45.00 28.31 10.00  36.88 72.15
2, Llama-3.1-405B-Instruct 57.53 55.00 32.00 36.67 47.27 73.50
§ GPT-40-mini 40.13 45.77 40.00 36.67 40.39 70.47
a GPT-40 51.34 54.23 32.31 39.33  45.25 73.50
GPT-4.1-nano 26.25 42.31 32.00 27.00  30.48 50.51
GPT-4.1-mini 59.03 77.69 42.15 49.00 56.57 80.31
GPT-4.1 68.39 76.54 42.15 46.67  59.68 81.73
Deepseek-V3 55.52 58.85 36.92 42.00 49.29 74.51
- ol 77.59 90.38 58.15 65.33  73.10 87.53
é ;6 03-mini 65.72 91.92 49.85 5733 65.14 83.41
j2 § E 04-mini 74.92 89.62 52.31 59.33  69.39 82.87
Deepseek-R1 65.05 86.15 40.00 41.67  58.53 72.89

Table 6: Complete evaluation results for ReasoningJudgeBench, covering small and large judges (presented in main
body), prompted instruction tuned models, and prompted reasoning models. T denotes systematic issues with output

formatting.

D Additional analysis and qualitative
examples

D.1 Why does only using a global advantage
fail?

In Sec. 5.2, we showed that running EIS-GRPO

without individual advantages resulted in dramati-

cally different results. Concretely, if one retains the
subgroup sampling but calculates the advantage as

A(M), where
AGD = (RYD = 1) o0, ®)

the performance drops significantly (e.g., from
56.86 on JudgeBench to 49.14). Here we provide

an illustrative example into the drawbacks of only
using the global advantage.

Suppose we have two subgroups of 16 responses,
denoted subgroup A and subgroup B, where sub-
group A’s performance is very strong (12 responses
of reward 1.5 and 4 responses of reward 1.0) and
subgroup B’s performance is very poor (12 re-
sponses of reward 0.0 and 4 responses of reward
1.0). Now, consider the three candidates for ad-
vantage computation: (1) Separate groups (vanilla
GRPO), (2) Global advantage only, and (3) Global
and Local advantage (EIS-GRPO).
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Separate groups. Within subgroup A, the re-
ward 1.5 responses will receive advantage 0.577,
while the reward 1.0 responses receive advantage
-1.732. For subgroup B, the reward 1.0 responses
will receive advantage 1.732, while the reward 0.0
responses receive advantage -0.577. Each subgroup
behaves as expected: Better than average rewards
are encouraged, and worse than average rewards
are discouraged.

Global advantage only. Computing a mean and
standard deviation across both subgroups yields
the following. Within subgroup A, the reward 1.5
responses will receive advantage 1.044, while the
reward 1.0 responses receive advantage 0.285. For
subgroup B, the reward 1.0 responses will receive
advantage 1.732, while the reward 0.0 responses
receive advantage -1.234. At first glance, such
advantage assignment is intuitive: The reward 1.5
responses get encouraged heavily, while the reward
0.0 responses get heavily discouraged.

However, the key drawback is that the poor re-
sponses in subgroup B do not get the necessary
positive reinforcement. While a reward 1.0 may be
roughly average on a global scale, they are excep-
tional by subgroup B standards. However, these
responses are not getting as much positive advan-
tage because other, stronger responses exist in a
different subgroup.

Global and Local advantage (EIS-GRPO). By
summing both global and local advantages, we ar-
rive at the following advantage assignment. Within
subgroup A, the reward 1.5 responses will receive
advantage 1.621, while the reward 1.0 responses
receive advantage -1.447. For subgroup B, the re-
ward 1.0 responses will receive advantage 2.017,
while the reward 0.0 responses receive advantage
-1.811. The sum of the two advantages fixes the is-
sues with Global only: Now, reward 1.0 responses
within subgroup B are properly assigned advantage
that results in improvement, while the global ad-
vantage ties together responses across subgroups,
promoting state equivalence.

D.2 Qualitative J4R-CJ-7B output examples

Example 1: From ReasoningJudgeBench, source
dataset AIME 2024.

Question

Solve the following math problem step by step. The
last line of your response should be of the form
Answer: $Answer (without quotes) where $Answer is the
answer to the problem.
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Find the sum of all integer bases $b>9$% for which
$17_{b}$ is a divisor of $97_{b}$.

Remember to put your answer on its own line after
"Answer:".

Response A (Incorrect)

To solve this problem, we need to understand what the
numbers \(17_b\) and \(97_b\) mean in terms of the
base \(b\) and how \(17_b\) might be a divisor of
\(97_b\).

### Converting Numbers from Base \(b\)

1. *xConvert \(17_b\)xx:
- In base \(b\), \(17_b\) means \(1 \cdot b + 7\).
- So, \(17_b = b + 7\).

2. xxConvert \(97_b\)x*:
- In base \(b\), \(97_b\) means \(9 \cdot b + 7\).
- S0, \(97_b = 9b + 7\).

We require \(17_b\) to be a divisor of \(97_b\). Thus:
\[97_b = k \times 17_b\]

for some integer \(k\). Substituting the values we
found:

\[9b + 7 = k(b + 7)\]

Expanding the right side:
\[9b + 7 = kb + 7k\]

### Solving the Equation
Rearrange the equation:
\[

9b + 7 = kb + 7k \\

9b + 7 = kb + 7k \\

9 - kb =7k - 7

\]

Factor out \(b\) on the left:
\[

b(9 - k) =7k - 1)

\]

### Determine Appropriate Values

Since we need \(b > 9\), try small integer values for
\(k\) that could make \(b\) an integer greater than 9.
\[b = \frac{7(k - 1)}{9 - k}\]

#i#t##t Test Values of \(k\):
1. *xIf \(k = 2\):x*x \[b = \frac{7(2 - 1)}9 - 2} =
\frac{7}{7} = 1 \quad (\text{Not valid since } b > 9)\]

2. **If \(k = 3\):** \[b = \frac{7(3 - 1)}{9 - 3} =
\frac{14}{6} = \frac{7}{3} = 2.\overline{3} \quad
(\text{Not valid})\]

3. **If \(k = 4\):** \[b = \frac{7(4 - 1)}{9 - 4} =
\frac{21}{5} = 4.2 \quad (\text{Not valid})\]

4. *xIf \(k = 5\):*x \[b = \frac{7(5 - 1)}{9 - 5} =
\frac{28}{4} = 7 \quad (\text{Not valid})\]

5. %xIf \(k = 6\):%% \[b = \frac{7(6 - 1)H9 - 6} =
\frac{35}{3} = 11.\overline{6} \quad (\text{Not valid
as an integer})\]

6. **If \(k = 7\):** \[b = \frac{7(7 - 1)}{9 - 7} =
\frac{42}{2} = 21\]

A valid integer \(b\) is 21. Thus, \(b = 21\) is a
base greater than 9 for which \(17_b\) divides
\(97_b\) exactly.

### Conclusion

calculations, we conclude that the only base \(b > 9\)
that satisfies the condition is:

\[b = 21\]




Therefore, the sum of all such bases is:
\[\text{Answer: } 21\]

Response B (Correct)

To solve this problem, we first need to convert the
numbers \( 17_b \) and \( 97_b \) from base \( b \) to
their decimal equivalents:

1. **xConvert \( 17_b \) into decimal:*x The number \(
17_b \) represents \( 1 \times b + 7 \). Therefore, in
decimal, \( 17_b = b + 7 \).

2. **xConvert \( 97_b \) into decimal:** The number \(
97_b \) represents \( 9 \times b + 7 \). Therefore, in
decimal, \( 97_b =9 + 7 \).

The problem states that \( 17_b \) (which is \( b + 7

\)) is a divisor of \( 97_b \) (which is \( 9b + 7 \)).

This implies that:

\[ 9b + 7 = k(b + 7) \]

for some integer \( k \). Expanding the right-hand
side gives:

\[ 9b + 7 = kb + 7k \]

Subtract \( kb \) from both sides:

\[ 9b + 7 - kb = 7k \]

This simplifies to:

\[ (9 - k)b +7 =7k \]

Rearrange to solve for \( b \):

\[ 9 -Kb=7k-7\]

\[ b = \frac{7(k - 1)}{9-k} \]

Since \( b \) must be an integer greater than 9, we
find values of \( k \) such that \( 9-k \) divides \(
7(k=-1) \) and the resulting \( b \) is an integer
greater than 9.

**Test small values of \( k \):*x
1. %\ k =1 \):*xx \[ b = \frac{7(1-1)}{9-1} =
\frac{0}{8} = 0 \,\text{(not valid since } b > 9) \]

2. xx\( k = 2 \):x* \[ b = \frac{7(2-1)}{9-2} =
\frac{7}{7} = 1 \,\text{(not valid since } b > 9) \]

3. xx\( k = 3 \):*x \[ b = \frac{7(3-1)}{9-3} =
\frac{14}{63} \,\text{(not an integer)} \]

4. xx\( k = 4 \):*xx \[ b = \frac{7(4-1)3{9-4} =
\frac{213}{5} \,\text{(not an integer)} \]

5. x»x\( k = 5 \):** \[ b = \frac{7(5-1)}{9-5} =
\frac{28}{4} = 7 \,\text{(not valid since } b > 9) \]

6. **x\( k =6 \):**x \[ b = \frac{7(6-1)}{9-6} =
\frac{35}{3} \,\text{(not an integer)} \]

7. %\( k = 7 \):%% \[ b = \frac{7(7-1)}{9-7} =
\frac{423{2} = 21 \,\text{(valid)} \]

8. x*\( k = 8 \):x* \[ b = \frac{7(8-1)}{9-8} =
\frac{493{1} = 49 \,\text{(valid)} \]

9. #*\( k =9 \):*xx \[ b = \frac{7(9-1)3}{9-9} \1 is
undefined because this involves division by zero.

The valid integer bases \( b \) for which \( b > 9 \)
are \( b =21 \) and \( b = 49 \). Therefore, their
sum is: \[ 21 + 49 = 70 \]

Answer: 70

Judge explanation

Explanation: Both Assistant A and Assistant B provided
detailed solutions to the problem. However, there is a
critical mistake in the final step of Assistant A's
response. After correctly identifying that \( b = 21

\) is a valid base, Assistant A incorrectly concludes
that this is the only valid base. In contrast,
Assistant B correctly identifies both valid bases (\(
b =21 \) and \( b = 49 \)) and calculates their sum
correctly.

Assistant B's response is more accurate because it
correctly identifies all valid bases that satisfy the
given conditions and calculates their sum correctly.
Assistant A's response, while detailed, misses the
second valid base (\( b = 49 \)) and therefore
provides an incorrect final answer.

Verdict: [[B>A]]

Example 2: From ReasoningJudgeBench,
source dataset BIGBench Extra Hard, Disambigua-
tion QA split

Question

Answer the following multiple choice question. Think
step-by-step before outputting your answer. When you
output your answer, repeat your answer choice 5 times.
For example, if you select A, output your answer as
AAAAA.

Here is a sentence with pronoun(s) whose antecedent(s)
can either be derived from the context or is ambiguous.
Sentence: Two friends are travelling in Europe during
the summer. One of them proposed to go to London to
visit his uncle who lives there. He has not seen
members of his family for a while.

Which of the following options correctly explains the
antecedent(s) of the pronoun(s)?

(A) The uncle has not seen members of his family for a
while.

(B) One of the two friends has not seen members of his
family for a while.

(C) It is ambiguous who has not seen members of his
family.

(D) One of the two friends is a female.

(E) None of the above.

Output your answer strictly following this format:
Reasoning: Your reasoning here
Answer: Your choice, repeated 5 times

Response A (Correct)

Reasoning: Let's analyze the sentence step by step.
The sentence describes a situation involving two
friends traveling in Europe. One of them proposed
going to London to visit "his” uncle, which suggests
that the uncle belongs to one of the two friends. The
next part of the sentence states, "He has not seen
members of his family for a while.” The antecedent of
"He" could logically be the friend who proposed the
visit, implying that this friend has not seen members
of his family for a while. However, it could also be
interpreted that the uncle has not seen his family for
a while, making the antecedent ambiguous. Therefore,
without additional context, it is unclear who "he"”
refers to in this scenario, as both interpretations
are plausible. Hence, (C) is the correct choice,
indicating that it is ambiguous who has not seen
members of his family.

Answer: CCCCC

Response B (Correct)

Reasoning: In the given sentence, the pronoun "he"” is
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used in "He has not seen members of his family for a
while.” To determine the antecedent of "he,” we
consider the context provided. The sentence starts
with "Two friends are travelling...”, and later says
"One of them proposed to go to London to visit his
uncle who lives there.” Here, "his uncle” suggests the
uncle of one of the friends. We are trying to figure
out who "he" refers to in the last part of the
sentence. Since two male pronouns ("his” and "he") are
used, it's reasonable to think both times it refers to
the same person, meaning it refers to the same friend
who suggested visiting his uncle. Thus, "he"” most
likely refers to one of the two friends. Therefore,
the pronoun "he” in the final sentence does not
introduce ambiguity within the context, and it refers
to one of the two friends.

Answer: BBBBB

Judge explanation

Explanation: Both Assistant A and Assistant B provided
thoughtful analyses of the sentence to determine the
antecedent of the pronoun "he." However, their
conclusions differ. Assistant A correctly identifies
that the antecedent of "he" is ambiguous because it
could refer to either the friend who proposed the
visit or the uncle. Assistant B, on the other hand,
concludes that "he" refers to one of the two friends,
which is a valid interpretation but not the only one,
as the sentence does not provide enough context to
definitively determine who "he" is. Therefore,
Assistant A's answer is more accurate because it
acknowledges the ambiguity in the sentence, which is
the correct response given the options provided.

Verdict: [[A>B]]

E Prompt templates

E.1 J4R prompt templates.

We present the prompt template used to evalu-
ate J4R-CJ-7B, J4R-Qwen-Inst-7B, and Compass-
Judger below. Originally, CompassJudger evalu-
ates on JudgeBench using the ArenaHard prompt,
which first tasks the judge with solving the original
problem prior to evaluation. This prompt muddies
the waters between generation ability and evalu-
ation ability. As our goal is to precisely analyze
the degree to which our judges can evaluate, and
the degree to which EIS-GRPO improves evalua-
tion capabilities, we disentangle the two abilities
by prompting the judge to only evaluate.

Using our prompt, improves the 7B model per-
formance, but leads to slight degradations for the
14B and 32B versions, as noted in the main text.
Furthermore, we are unable to reproduce officially
reported CompassJudger numbers, the evaluation
of which was run by JudgeBench. For exam-
ple, JudgeBench reports that CompassJudger-7B
achieves 46.00%. Using JudgeBench’s own scripts,
we obtain a score of 34.43%, whereas with our own
implementation, we obtain a score of 45.71%. As

a result, we report deviations with respect to our
reproduced numbers: 45.71% for 7B, 54.29% for
14B, and 59.14% for 32B.

### System Prompt

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

When evaluating the assistants' answers, identify any
mistakes or inaccurate information. Focus on the
content each response, and select the response that
arrives at the correct response and with the most
sound and logical reasoning. Avoid any biases, such as
order of responses, length, or stylistic elements like
formatting.

Before providing an your final verdict, think through
the judging process and output your thoughts as an
explanation

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

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

Use the following template:

Explanation: Your detailed thought process as an
explanation.

Verdict: [[A>B]] or [[B>A]].

### User Prompt
<|User Prompt|>
{question}

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

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

E.2 Benchmark generation prompts

Below, we provide two sample prompts for gener-
ating model responses to (1) multiple choice ques-
tions and (2) math questions when constructing
ReasoningJudgeBench.

### Multiple choice prompt

Answer the following multiple choice question. Think
step-by-step before outputting your answer. When you
output your answer, repeat your answer choice 5 times.
For example, if you select A, output your answer as
AAAAA .

{optional context}
Question: {question}

{choices}
Output your answer strictly following this format:

Reasoning: Your reasoning here
Answer: Your choice, repeated 5 times
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#i## Math prompt

Solve the following math problem step by step. The
last line of your response should be of the form
Answer: $Answer (without quotes) where $Answer is the
answer to the problem.

{question}

Remember to put your answer on its own line after
"Answer:".
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