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Abstract

Agentic reward models enhance large lan-
guage model (LLM) evaluation by incorpo-
rating external tool-use capabilities. How-
ever, their training is heavily constrained by
coarse-grained outcome supervision and the
high cost of process-level annotations. To
address these challenges, we propose SEAR
(Self-judging agentic reward models), a novel
training framework that enables agentic reward
models to self-judge their own judging pro-
cesses. SEAR introduces a dual-role adversar-
ial co-evolution framework, where the model
alternates between a judger and a self-judger
within a single generation process: the judger
is optimized to produce more rigorous reason-
ing trajectories that maximize self-judgment
scores, while the self-judger learns to provide
critical and discriminative evaluations. More-
over, SEAR further enables agentic RMs to
self-evolve without relying on external human
annotations. Extensive experiments demon-
strate that SEAR consistently improves the reli-
ability of agentic reward models across diverse
benchmarks. The source code is available at
https://github.com/RUCAIBox/SEAR.

1 Introduction

Reward models (RMs) play a critical role in pro-
viding reliable feedback in reinforcement learn-
ing (RL) for large language models (LLMs). Exist-
ing reward modeling paradigms mainly include
scalar reward models (Liu et al., 2025b; Wang
et al., 2024) and generative reward models (Chen
et al., 2025b; Hong et al., 2026; Chen et al., 2025a).
As evaluation scenarios become increasingly com-
plex and require external knowledge retrieval or
environmental verification, recent studies (Zhang
et al., 2026; Peng et al., 2025; Xu et al., 2025a;
Hu et al., 2025) have introduced agentic reward
models, which augment reward models with exter-
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nal tool usage (e.g., code interpreters and search
engines) to improve evaluation reliability.

Despite their promising capabilities, how to ef-
fectively train agentic reward models remains un-
derexplored. Traditional RM training primarily
rewards models for correctly identifying preferred
responses among candidates annotated by humans.
However, directly extending such paradigms to
training agentic reward models introduces two fun-
damental challenges: (1) Coarse-grained supervi-
sion: Agentic RMs perform multi-step reasoning
and tool use for judging, yet the supervision signal
in reward modeling is usually outcome-only and
defined over a relatively small answer space. Con-
sequently, diverse judging trajectories—including
low-quality or shortcut ones—receive the same re-
ward if they reach the correct final judgment. This
provides limited guidance for intermediate steps,
hindering the model from effectively exploring and
internalizing correct judging patterns. (2) Costly
supervision acquisition: One possible solution is
to introduce human-annotated high-quality judging
trajectories, potentially augmented with external
LLMs as meta-judges to provide fine-grained re-
ward signals over the judging process. However,
the acquisition of both meta-judging and outcome-
level supervision for reward modeling is expensive
and difficult to scale, limiting the scalability and
continual self-improvement of agentic reward mod-
els. Overall, the key bottleneck stems from the
insufficiency of outcome-level supervision and the
high cost of meta-level supervision. This motivates
a shift from external supervision to internal self-
supervision for training agentic reward models.

To this end, we propose SEAR (SElf-Judging
Agentic Reward Models), a novel framework that
equips agentic reward models with the ability of
self-judgment during training. Specifically, be-
yond performing response evaluation as a judger,
the agentic reward model is further trained to act
as a self-judger that explicitly evaluates and re-
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flects on the quality of its own judging trajectories,
producing corresponding self-judging scores that
are further used to self-supervise and refine the
judging process. To enable effective learning of
both capabilities, we first perform cold-start su-
pervised fine-tuning using distilled judging and
self-judging trajectories to initialize both capabili-
ties. We then introduce an adversarial co-evolution
framework, where the judger is encouraged to max-
imize self-judgment scores by generating more rig-
orous and verifiable reasoning trajectories, while
the self-judger is simultaneously optimized to main-
tain critical and discriminative evaluation capabil-
ity, leading to progressively improved judging and
self-judging quality. Finally, after sufficient co-
evolution, we further extend SEAR to fully unla-
beled settings, enabling continual self-evolution
purely through internal self-judgment signals with-
out relying on external human supervision, thereby
significantly improving scalability and reducing
dependence on costly annotations.

Overall, our main contribution is SEAR, a novel
agentic reward model training framework that en-
ables reward models to self-judge their own judging
processes. SEAR jointly trains the reward model to
perform judging and self-judging, with the two be-
haviors co-evolving through adversarial optimiza-
tion. The learned self-judging capability further
provides scalable internal supervision, enabling
continual self-evolution without additional human
annotations.

2 Preliminaries

Reward Modeling. Reward modeling aims to pre-
dict human preferences among candidate responses.
Given an input query q and two candidate responses
ya and yb, the reward model Rθ, parameterized
by θ, directly predicts the preference judgment
j ∼ Rθ(· | q, ya, yb), where j ∈ {a, b} indicates
whether response ya is preferred over yb. Given
the ground-truth human preference label j∗ from
dataset D, the reward model is trained to maximize
the preference prediction accuracy:

max
θ

E(q,ya,yb,j∗)∼D,j∼Rθ(·|q,ya,yb) [I(j = j∗)]

(1)

Agentic Reward Models. Agentic reward models
perform explicit multi-step reasoning and external
tool interactions before producing final decisions.
Formally, given an input query q and candidate

responses (ya, yb), the agentic reward model gen-
erates a judging trajectory pj ∼ Rθ(· | q, ya, yb),
where each step consists of intermediate reason-
ing ct, tool action at (e.g., search engine queries or
code execution), and tool observations ot. Based on
the complete judging trajectory pj , the model then
outputs the final preference judgment j: (pj , j) ∼
Rθ(· | q, ya, yb).

3 Method

3.1 Overview of SEAR

Self-judgment for Agentic Reward Modeling.
Existing agentic reward model training paradigms
rely primarily on coarse-grained outcome supervi-
sion and costly meta-judging supervision, provid-
ing limited guidance for complex judging trajecto-
ries and scalable self-improvement. Hence, we in-
troduce self-judging into agentic reward modeling,
enabling the model to self-supervise its own judg-
ing behaviors. Specifically, we adopt a dual-role
training paradigm in which the same reward model
alternates between a judger Rj

θ and a self-judger
Rs

θ within a single generation process. Given an
input query and candidate responses, the judger
performs multi-step reasoning and tool interactions
to generate a judging process pj together with the
final judging outcome j. Conditioned on the judg-
ing process and outcome, the self-judger further
performs a self-evaluation process ps and produces
a self-judgment score s that reflects the quality of
the current judging behavior.

Training Pipeline of SEAR. Based on this frame-
work, we design an overall training pipeline, as
shown in Figure 1. First, we perform supervised
cold-start distillation to initialize both judging and
self-judging capabilities. Second, we introduce
adversarial reinforcement learning to jointly co-
evolve the judger and self-judger, encouraging the
judger to produce more reliable reasoning trajecto-
ries while continuously improving the critical eval-
uation capability of the self-judger. Moreover, after
sufficient co-evolution, the self-judger can provide
scalable internal supervision on unlabeled data, en-
abling continual self-evolution without relying on
external human annotations.

3.2 Multi-task Distillation Initialization

To equip the agentic reward model with initial tool-
augmented judging and self-judging capabilities,
we construct a small set of high-quality filtered su-
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Figure 1: The overall framework of SEAR.

pervision data for cold-start supervised fine-tuning.
We leverage a stronger teacher model, DeepSeek-
V3.2 (Liu et al., 2025a), to generate distillation
trajectories for both tasks.

For the judging task, the teacher model is
prompted to generate agentic judging trajectories
involving multi-step reasoning and tool interactions
for each pair of candidate responses. We apply re-
jection sampling and retain only trajectories with
correct final judgments and no more than four tool
calls, forming the judging dataset Djudge.

For the self-judging task, we collect both suc-
cessful and failed judging trajectories. The teacher
is further prompted to critique the judging process
and assign a self-judging score for each trajectory.
We filter the data to ensure coverage of diverse rea-
soning errors and failure modes, resulting in the
self-judging dataset Dself.

Finally, we jointly fine-tune the reward model
on both datasets using the following supervised
fine-tuning objective:

LSFT(θ) = −E(x,y)∼D [logRθ(y | x)] , (2)

where D = Djudge ∪ Dself.

3.3 Adversarial Reward Design

After cold-start initialization, we further improve
the judging and self-judging capabilities of agen-
tic reward models via reinforcement learning. The
judger is required to generate more reliable and
verifiable judging trajectories to obtain higher self-
judgment scores, while the self-judger is required
to continuously improve its capability to identify

flaws and weaknesses in judging behaviors. As a
result, the two roles form an implicit adversarial
relationship and should gradually co-evolve during
training. To achieve this, we design adversarial re-
wards to train the judger and self-judger, both with
external rewards from human annotations and inter-
nal rewards generated by the counterpart module.
The overall reward design encourages the judger to
produce more rigorous judging trajectories while si-
multaneously encouraging the self-judger to main-
tain critical and discriminative evaluation ability.

3.3.1 Reward Design for the Judger

For the judger Rj
θ, we first design external rewards

to encourage the model to better align with hu-
man preference annotations while improving the
structural quality of generated judging trajectories
and tool-use behaviors. Specifically, the external
reward consists of two components: (1) the cor-
rectness reward rcrt

j , which equals 1 when the pre-
dicted judgment matches the human preference
label and 0 otherwise; (2) the format reward rfmt

j ,
which equals 1 when the generated reasoning tra-
jectory, tool interactions, and final outputs satisfy
the predefined format constraints, and 0 otherwise.
The external reward is defined as:

rext
j = rcrt

j + rfmt
j . (3)

Besides outcome-level supervision, the judger
is also encouraged to generate more reliable and
verifiable judging processes that receive higher self-
judgment scores from the self-judger. Therefore,
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we train the judger to maximize the internal reward:

rint
j = αs, (4)

where s ∈ {2, 1,−1,−2} denotes the self-judging
score and α is a coefficient. The final reward for
the judger is rj = rext

j + rint
j .

3.3.2 Reward Design for the Self-Judger
For the self-judger Rs

θ, we similarly design both
external and internal rewards.

Considering the external reward, directly con-
structing high-quality supervision signals for self-
judging is inherently challenging, since accurately
annotating the quality of complex reasoning and
tool-use trajectories requires costly fine-grained
human inspection. Meanwhile, directly aligning
self-judgment scores with judging correctness is
also insufficient, because correct final outcomes
may still arise from flawed or shortcut reasoning
processes. In such cases, the self-judger would fail
to learn to identify potential weaknesses hidden
within judging trajectories.

To address this issue, we instead construct par-
tial but reliable supervision signals for self-judging.
The key observation is that, although a correct
judging outcome does not necessarily imply a
correct judging process, an incorrect judging out-
come always indicates flawed judging trajectories.
Therefore, we treat trajectories with incorrect judg-
ing outcomes as reliable negative supervision sig-
nals and encourage the self-judger to assign lower
scores to such trajectories.

Formally, the external reward is defined as:

rext
s = rfmt

s + racc
s , (5)

where the self-judging accuracy reward racc
s is de-

fined as I
(︂
(j ̸= j∗ ∧ s < 0) ∨ (j = j∗)

)︂
. In-

tuitively, when the judging outcome is incorrect,
the self-judger is encouraged to assign negative
evaluation scores to the corresponding judging tra-
jectory. In contrast, when the judging outcome is
correct, we do not explicitly constrain the polarity
of the self-judgment score, allowing the self-judger
to freely identify potentially flawed reasoning tra-
jectories even when the final prediction is correct.

Besides external supervision, we introduce an
internal regularization mechanism to prevent de-
generation of the self-judger, where it may assign
uniformly high or low scores and lose discrimina-
tive ability. Specifically, we monitor the ratio of
negative self-judgment scores ρ within the sampled

rollout batch ρ =
∑︁B

i=1 I(si<0)
B , where B denotes

the sampled rollout batch size. The internal reward
is defined as:

rint
s =

⎧
⎪⎪⎨
⎪⎪⎩

(︂
1− ρ

kmin

)︂
(−s), ρ < kmin,

0, kmin ≤ ρ ≤ kmax,(︂
ρ−kmax

1−kmax

)︂
s, ρ > kmax.

(6)

where kmin and kmax denote the lower and upper
bounds of the target negative-score ratio.

When the ratio of negative scores is excessively
low, the self-judger becomes overly lenient and is
encouraged to provide stricter evaluations. Con-
versely, when the ratio is excessively high, the self-
judger becomes overly harsh and is encouraged to
soften its evaluation behaviors. The final reward
for the self-judger is rs = rext

s + rint
s .

3.4 Dual-role Reinforcement Learning
Optimization

Given the reward functions above, we propose
a dual-role reinforcement learning framework to
jointly optimize the judger and self-judger modules
within a single policy. Specifically, during train-
ing, we prompt Rθ to generate both judging and
self-judging trajectories within a single rollout. We
then apply the corresponding reward signals to the
respective segments of generated tokens, enabling
fine-grained optimization of two modules within
the same generation process.

By leveraging labeled preference data and ad-
versarial rewards, the framework enhances both
judging and self-judging capabilities, enabling ef-
fective co-evolutionary learning. Furthermore, we
extend this adversarial paradigm to unlabeled set-
tings, allowing scalable self-evolving optimization
without additional human annotations. The detailed
optimization procedures are described below.

3.4.1 Co-evolving under Labeled Data
Under labeled settings, both the judger and self-
judger are optimized using external rewards derived
from human annotations together with internal re-
wards generated by their counterpart module.

For the judger, we leverage GRPO for optimiza-
tion. Given an input query q and candidate response
pair (ya, yb), the judger samples G judging trajecto-
ries. Rewards are normalized within each group to

obtain relative advantages: Ai
j =

rij−µ(rj)

σ(rj)+ϵ , where
µ(·) and σ(·) denote the mean and standard devia-
tion of rewards within the group.
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The optimization objective for the judger is:

Jj(θ) = −E

[︄
1

G

G∑︂

i=1

min
(︂
rt(θ)A

i
j ,

clip (rt(θ), 1− ϵ, 1 + ϵ)Ai
j

)︂]︄
, (7)

where rt(θ) is the policy likelihood ratio.
For the self-judger, since self-judging is condi-

tioned on independent judging trajectories rather
than multiple rollouts under a shared prompt,
GRPO-style group-relative optimization is not ap-
plicable. We formulate the advantage of self-judger
as As = rs−b, where b denotes the reward baseline
within the sampled rollout batch. The optimization
objective becomes:

Js(θ) = −E

[︄
min

(︂
rt(θ)As,

clip (rt(θ), 1− ϵ, 1 + ϵ)As

)︂]︄
. (8)

Overall, this design enables joint optimization
of both roles within a unified policy, allowing the
judger and self-judger to mutually improve through
shared generation while being updated with their
respective reward signals.

3.4.2 Self-evolving under Unlabeled Data
After sufficient adversarial co-evolution, the self-
judger gradually develops strong discriminative ca-
pability and can serve as a reliable internal evalua-
tor of judging quality. Based on this observation,
we further extend SEAR to fully unlabeled settings.

Specifically, we retain the same dual-role rein-
forcement learning framework while removing all
external rewards derived from human annotations.
The judger and self-judger are therefore optimized
purely using internal self-judgment signals:

Ai
j =

rint,i
j − µ(rint

j )

σ(rint
j ) + ϵ

, As = rint
s − b. (9)

In this fully unlabeled setting, the adversarial
interaction between the judger and self-judger be-
comes particularly important for preventing degen-
erate optimization and reward hacking. The self-
judger continuously raises the standard of evalua-
tion, while the judger is forced to improve its rea-
soning and verification behaviors to obtain higher
self-judgment scores.

As a result, the agentic reward model can con-
tinually self-improve without relying on additional
human annotations, enabling scalable self-evolving
reward modeling on large-scale unlabeled data.

4 Experiment

4.1 Experiment Setup

For evaluation, we evaluate reward models on three
general judging benchmarks: JudgeBench (Tan
et al., 2025), RMBench (Liu et al., 2025d), and
three challenging subsets from RewardBench-
v2 (Malik et al., 2025). All evaluations are con-
ducted under pairwise settings. We compare SEAR
with four categories of baselines, including LLM-
as-a-Judge methods, scalar reward models, gener-
ative reward models, and tool-augmented agentic
reward models. For training, we use Qwen3-8B
and Qwen3-14B as the backbone models. More
details about implementation, baselines, and data
construction are provided in the Appendix A.1.

4.2 Main Results

SEAR-enhanced agentic reward models consis-
tently outperform existing reward modeling ap-
proaches. As shown in Table 1, SEAR-enhanced
agentic reward models consistently outperform
strong baselines across all three benchmarks. In
particular, Qwen3-14B(SEAR) achieves the high-
est overall average score of 78.8%, demonstrating
that incorporating and jointly training self-judging
capabilities enables agentic reward models to learn
more effective judging patterns and produce more
accurate reward judgments.

SEAR consistently outperforms traditional re-
ward model training paradigms across model
scales. Compared with traditional reward model
training methods that rely solely on outcome-level
supervision from preference labels, SEAR consis-
tently improves the judging accuracy of agentic
reward models across different model sizes. As
shown in Table 1, SEAR brings substantial gains
over the corresponding baselines on both the 8B
and 14B models. These results suggest that the
benefits of self-judging supervision can generalize
well across different model capacities.

4.3 Ablation Study

In this section, we conduct ablation studies to eval-
uate the contribution of key components in SEAR,

20595



Model JudgeBench RMBench RewardBench-v2 Average
Knowledge Reasoning Math Code Overall Chat Math Code Safety Overall Factuality Math IF Overall

LLM-as-a-Judge
GPT-4o 50.6 54.1 75.0 59.5 59.8 67.2 67.5 63.6 91.7 72.5 56.8 62.3 33.1 50.7 61.0
Claude-3.5-Sonnet 62.3 66.3 66.1 64.3 64.8 62.5 62.6 54.4 64.4 61.0 52.8 56.8 38.8 49.5 58.4
Gemini-2.5-Flash 70.1 72.4 85.7 88.1 75.4 78.5 75.6 80.0 93.7 81.9 67.4 85.2 57.5 70.0 75.8

Scalar RM
Skywork-Reward-Gemma-2-27B 59.7 66.3 83.9 50.0 65.0 71.8 59.2 56.6 94.3 70.5 73.7 70.5 40.3 61.5 65.7
Skywork-Reward-Llama3.1-8B 59.1 64.3 76.8 50.0 62.5 69.5 60.6 54.5 95.7 70.1 69.7 60.1 40.6 56.8 63.1

GenRM
RM-R1-32B 76.0 80.6 88.1 70.5 78.8 74.2 91.8 74.1 95.4 83.9 40.8 61.8 26.3 42.9 68.5
RM-R1-14B 68.1 72.4 87.8 84.2 78.1 71.8 90.5 69.5 94.1 81.5 40.0 61.2 26.3 42.5 67.4
RewardAnything-8B 61.0 57.1 73.2 66.7 62.6 76.7 90.3 75.2 90.2 83.1 / / / / /
RRM-32B 79.9 70.4 87.5 65.0 75.7 66.6 81.4 65.2 79.4 73.1 53.9 81.4 38.8 58.0 68.9
RRM-7B 64.3 64.2 83.2 61.9 67.0 58.4 81.8 56.7 84.9 70.5 16.8 38.8 23.8 26.5 54.6

Tool-augmented RM
Agentic-Reward-Model / / / / 59.4 75.4 58.8 53.9 90.7 69.7 / / / / /
ToolRL-8B 68.0 68.0 90.2 76.4 72.6 78.6 89.0 67.7 93.5 82.2 63.8 72.7 58.1 64.9 73.2
Qwen3-8B(Outcome-only) 66.2 72.4 82.1 83.3 72.6 76.6 89.5 71.8 89.8 81.9 62.5 77.6 51.8 64.0 72.8
Qwen3-14B(Outcome-only) 65.6 81.6 85.7 85.7 75.7 76.1 90.8 75.9 91.1 83.5 64.4 82.0 54.4 66.9 75.4

Self-judging Supervision
Qwen3-8B(SEAR) 69.5 78.6 87.5 88.1 77.1 79.2 91.1 75.7 90.5 84.1 65.1 81.4 58.7 68.4 76.5
Qwen3-14B(SEAR) 70.8 85.7 89.3 92.9 80.5 79.9 93.2 81.3 92.7 86.8 65.7 84.2 57.5 69.1 78.8

Table 1: Performance comparison of our method with other approaches on JudgeBench, RMBench, and
RewardBench-v2. Values represent scores (%) across different evaluation domains. Bold indicates the best
performance and underlined indicates the second-best performance within each column.

as shown in Table 2. (1) w/o SI removes the inter-
nal self-judging reward, resulting in a performance
drop from 87.5 to 83.9 in JudgeBench-Math. This
demonstrates that adversarial optimization on the
self-judger is important for maintaining discrim-
inative self-evaluation capability and preventing
overly lenient judging behaviors. (2) w/o SE elim-
inates the external self-judging reward, further re-
ducing the performance. This verifies the impor-
tance of explicit supervision for self-judging, es-
pecially for identifying flawed judging trajectories
and providing reliable self-supervision signals. (3)
w/o JI removes the internal judging reward, lead-
ing to a performance decline. This result highlights
the necessity of directly optimizing the judger with
self-judging feedback for learning robust reasoning
and judging patterns beyond sparse outcome-level
supervision. (4) w/o JI + SI removes both the
internal judging and self-judging rewards. This
variant further decreases the overall performance,
indicating that the interaction between the judger
and self-judger serves as the major source of im-
provement in SEAR.

Method JudgeBench RewardBench-v2

Knowledge Reasoning Math Code Factuality Math IF

SEAR 69.5 78.6 87.5 88.1 65.1 81.4 58.7
w/o SI 68.2 77.6 83.9 85.7 64.6 79.8 56.3
w/o SE 68.2 73.5 85.7 81.0 63.2 78.1 54.4
w/o JI 66.9 76.5 80.4 83.3 64.2 79.2 53.1
w/o JI+SI 67.5 74.5 83.9 83.3 63.4 78.1 50.6

Table 2: Ablation study on Qwen3-8B. SE, SI, and JI
denote the external self-judging reward, internal self-
judging reward, and internal judging reward during train-
ing, respectively.

4.4 Further Analysis

4.4.1 The Effectiveness of Co-evolution on
Judging Ability

To further analyze the benefits of self-judging in im-
proving the judging ability of agentic reward mod-
els, we compare SEAR with a standard outcome-
based RL baseline from the perspectives of training
dynamics and judging behaviors.

Self-judging improves judging accuracy and
training efficiency. Figure 2(a) shows the train-
ing reward curves. Compared with the RL base-
line trained solely with outcome-level supervision,
SEAR consistently achieves higher rewards under
the same training steps, indicating that self-judging
provides more informative and fine-grained super-
vision signals. By introducing self-supervision on
intermediate judging trajectories, SEAR enables
the model to internalize more reliable judging pat-
terns and converge more efficiently toward effective
judging behaviors.

Self-judging improves the quality of judging be-
haviors. We further analyze whether self-judging
improves the quality of judging patterns via tool-
use behaviors. As shown in Figure 2(b), the
outcome-based RL baseline gradually reduces code
tool usage while over-relying on search tools, sug-
gesting shortcut-driven behaviors that optimize re-
wards without improving judging quality. In con-
trast, SEAR maintains more balanced tool usage
throughout training. Figure 2(c) evaluates the cor-
rectness of code tool invocations. SEAR achieves
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significantly higher tool-use accuracy and reaches
stable performance earlier during training. Finally,
we assess overall judging quality using structured
rubrics and an external LLM judge (DeepSeek-
V3.2) over sampled trajectories. As shown in Fig-
ure 2(d), SEAR consistently attains higher process-
quality scores, demonstrating that self-judging im-
proves not only outcome performance but also the
intrinsic quality of judging behaviors.

50 100 150 200
Training Steps

0.6

0.7

0.8

0.9

1.0

Re
wa

rd

(a)

50 100 150 200
Training Steps

0.2

0.4

0.6

0.8

Nu
m

be
r o

f T
oo

l C
al

ls

(b)

CI
Search

50 100 150 200
Training Steps

0.4

0.6

0.8

1.0

To
ol

 A
cc

ur
ac

y

(c)

0 50 100 150 200
Training Steps

0.6

0.7

0.8

0.9

Pr
oc

es
s Q

ua
lit

y 
Sc

or
e

(d)

RL Baseline SEAR

Figure 2: Training dynamics comparison between
SEAR and the RL baseline during agentic reward model
optimization. (a) Training reward curves. (b) Average
number of tool calls. (c) Tool invocation accuracy dur-
ing training. (d) Judging process quality during training.

4.4.2 The Effectiveness of Co-evolution on
Self-judging Ability
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Figure 3: Analysis of self-judging capability in
SEAR. (a) Comparison of different judging supervision
paradigms. (b) Ratio of judging trajectories with false
outcomes correctly identified as negative by self-judger
during training. (c) Ratio of judging trajectories with
correct outcomes classified as negative by self-judger
during training.

Self-judging provides more effective supervision

than external meta-judges. We first compare
different judging-process supervision paradigms,
including label-only supervision, external LLM-
as-a-Judge supervision using DeepSeek-V3.2, and
SEAR self-judging. As shown in Figure 3(a),
SEAR achieves the best performance on most
benchmarks. We attribute this improvement to two
key factors. First, compared with external meta-
judges that only provide scalar reward signals to in-
directly optimize the judging process, self-judging
explicitly requires and trains the model to gener-
ate self-judging processes. This direct supervision
enables the model to more effectively internalize
the criteria of high-quality judging patterns. Sec-
ond, self-judging is inherently co-evolving. As
training progresses, the self-judger continuously
becomes more discriminative, producing increas-
ingly informative supervision signals for improving
the judging ability of the agentic RM.

The quality of self-judging continuously im-
proves during training. We further analyze how
different reward designs affect self-judging quality.
Figure 3(b) shows the ratio of incorrect judging
trajectories that are successfully identified as neg-
ative by the self-judger. Removing the external
self-judging reward rext

s significantly weakens this
capability, demonstrating the importance of exter-
nal correctness supervision for learning reliable
discriminative signals. Figure 3(c) further studies
the effect of the internal self-judging reward rint

s .
After introducing rint

s , the self-judger produces con-
sistently stricter evaluations, even for trajectories
with correct final outcomes. This suggests that the
adversarial self-judging objective encourages the
model to identify subtle flaws in reasoning and veri-
fication processes, thereby continuously improving
self-judging quality during training.

4.4.3 Self-judging enables Self-evolving
Training on Unlabeled Data

Figure 4: Self-evolving training on unlabeled data. (a)
Training reward curves. (b) Evaluation results under
different training settings.
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Method JudgeBench RewardBench-v2

SEAR 77.1 68.4
SEAR + 1 round 78.9 68.8
SEAR + 2 rounds 79.4 69.5

Table 3: Inference-time scaling of agentic reward mod-
els via self-refinement.

To verify whether sufficiently strong self-
judging capability can replace human preference
annotations, we further study SEAR under unla-
beled training settings. As shown in Figure 4, we
remove preference labels from part of the training
data and compare the resulting training dynamics
and final performance with standard training on la-
beled data. Figure 4(a) shows that SEAR maintains
stable optimization even without external supervi-
sion, while Figure 4(b) further demonstrates that
unlabeled training achieves performance compara-
ble to labeled-data training. These results suggest
that, after sufficient co-evolution, the self-judger
can serve as an effective internal supervision signal,
enabling scalable self-evolving training without hu-
man annotations.

4.4.4 Self-judging enables Inference-time
Scaling for Agentic Reward Models

To further study the effect of self-judging during
inference, we investigate inference-time scaling
through iterative self-refinement. During infer-
ence, the model alternates between judging and
self-judging, where the self-judger critiques the
generated judging trajectory and provides refine-
ment feedback for the next round. As shown in
Table 3, increasing the number of self-refinement
rounds consistently improves performance on both
JudgeBench and RewardBench-v2. These results
suggest that the self-judger learned by SEAR can
serve as an effective internal verifier during infer-
ence, enabling scalable performance improvement
through iterative self-reflection and refinement.

4.4.5 Utilizing SEAR-enhanced RM for
Post-training

To evaluate whether SEAR improves downstream
policy alignment, we use the trained reward mod-
els for post-training optimization starting from the
same Qwen3-8B after SFT. Specifically, we com-
pare policy models optimized with agentic reward
models trained by standard GRPO and SEAR re-
spectively. As shown in Table 4, reward-guided
training consistently improves over the SFT base-
line. Moreover, policies optimized with SEAR-
trained reward models achieve better performance

Method MATH500 IFEval Average

SFT 65.2 82.6 73.9

ARM(GRPO) 70.2 84.4 77.3
ARM(SEAR) 72.4 85.2 78.8

Table 4: Evaluation results of Qwen3-8B trained with
different reward models.

on both MATH500 and IFEval than those trained
with standard GRPO reward models. These results
demonstrate that SEAR produces more effective
reward signals for downstream LLM alignment.
Training details are shown in Appendix A.1.4.

5 Related Works

Generative Reward Models. To address the
reward ambiguity and limited interpretability of
scalar reward models (Liu et al., 2025b; Wang et al.,
2024), recent studies have shifted toward genera-
tive reward models (Chen et al., 2025a). One line
of work improves evaluation quality by leveraging
the reasoning capabilities of large language mod-
els, encouraging explicit and step-by-step judging
processes before producing final judgments (Chen
et al., 2025b; Hong et al., 2026). Another line of
research further introduces agentic abilities into
reward models, such as tool use and environment
verification, enabling more reliable and verifiable
evaluation for complex tasks (Zhang et al., 2026;
Peng et al., 2025; Xu et al., 2025a; Hu et al., 2025).

Meta Verification. Meta-verification aims to as-
sess whether a verifier’s reasoning and judgments
are faithful and well-justified. DeepSeekMath-
V2 (Shao et al., 2025) instantiates this idea by
training a dedicated model to evaluate proof ver-
ification quality. This paradigm has further been
extended to generative reward models, where ex-
ternal LLMs and golden process annotations are
used to improve reasoning quality in reward mod-
eling (Wang et al., 2026d,b; Lai et al., 2026; Wang
et al., 2026a). Compared to these methods, we in-
ternalize meta-verification into the reward model
itself by enabling the judger to self-evaluate its own
judging trajectories.

6 Conclusion

In this work, we introduced SEAR, a self-evolving
training framework for agentic reward models that
equips reward models with explicit self-judging
capability. To jointly optimize judging and self-
judging behaviors, we further proposed a dual-
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role adversarial reinforcement learning framework
for co-evolution training. Extensive experiments
demonstrated that SEAR consistently improves
judging accuracy and reasoning quality across di-
verse benchmarks. Moreover, we have shown that
strong self-judging capability can provide effec-
tive internal supervision, enabling continual self-
evolution on unlabeled data and scalable inference-
time self-refinement. We hope this work inspires
future research on self-improving reward models.

Limitations

While SEAR demonstrates strong performance un-
der both labeled and unlabeled training settings, it
still has several limitations. First, our evaluation is
primarily conducted on existing reward modeling
benchmarks such as RewardBench-style datasets,
which mainly focus on outcome-level preference
prediction. Although these benchmarks provide a
standardized evaluation protocol, they do not fully
reflect the agentic nature of SEAR, particularly its
ability in multi-step reasoning, tool-use trajecto-
ries, and self-judgment consistency. Second, the
current implementation of SEAR relies on a rela-
tively limited set of external tools, mainly including
search engines and code execution. While these
tools are sufficient to support basic forms of reason-
ing and verification, they do not cover the broader
spectrum of tool-use scenarios encountered in real-
world agentic systems, such as structured databases,
APIs, or environment simulators.
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A Appendix

A.1 Training and Evaluation Details

A.1.1 Training Data Composition

Data Collection. To equip the reward model with
judging abilities of multiple domains, we collect
and synthesize preference data mainly from the
following data sources: (1) Code: Ultrainteract-
coding (Yuan et al., 2025), CodeRM (Ma et al.,
2025); (2) Math: Magpie-pro (Xu et al., 2025b),
S1 (Muennighoff et al., 2025); (3) Instruction-
following: Tulu-3 (Lambert et al., 2024); (4) Rea-
soning & Knowledge: Ultrainteract-logic (Yuan
et al., 2025), Magpie-pro-information (Xu et al.,
2025b), HelpSteer-3 (Wang et al., 2026c); (5)
Safety: SafeRLHF (Dai et al., 2024).

Training Data Construction. As for SFT data,
we use the strong teacher model DeepSeek-V3.2
to generate judging trajectories and self-judging
trajectories, respectively. For judging trajectories,
we filter and retain only those samples whose fi-
nal judging results are correct and whose reason-
ing processes involve no more than four tool calls,
ensuring both reasoning quality and efficiency.
For self-judging trajectories, we selectively pre-
serve samples that can effectively identify and cri-
tique diverse judging failure patterns, enabling the
model to learn discriminative and fine-grained self-
evaluation capabilities. As for RL data, we in-
tegrate all benchmark subsets together with our
newly synthesized high-quality samples, while fur-
ther incorporating challenging instances that the
teacher model failed to solve during SFT data dis-
tillation, thereby increasing the overall difficulty
and diversity of the RL training data. The final
training data statistics are summarized in Table 5.

Category SFT(judger) SFT(self-judger) RL

Code 800 200 2750
Math 800 200 2750
IF 600 200 2250
Reasoning & Knowledge 1200 400 4500
Safety 400 150 1500

Total 3800 1150 13750

Table 5: Statistics of training data across SFT and RL
stages.

A.1.2 Implementation Details
We train the agentic reward model in two stages,
namely supervised fine-tuning (SFT) and reinforce-
ment learning (RL), using Qwen3-8B and Qwen3-

14B as backbone models. For SFT, we adopt Lla-
maFactory (Zheng et al., 2024) and train the model
for 2 epochs with a batch size of 32, a learning
rate of 5× 10−6, and a context length of 16K. For
RL, we utilize Verl and train the model with a mini-
batch size of 128 and 8 rollouts per sample for the
judging process. We set the clipping thresholds as
ϵlow = 0.2 and ϵhigh = 0.28, with a learning rate
of 1× 10−6, a context length of 16K, and training
for 2 epochs. For kmin and kmax in SEAR, we
set them to 0.15 and 0.25, respectively, prevent-
ing the self-judger from assigning overly lenient
or strict scores. All reported results are the best
performance among three independent training pro-
cesses. Specifically, to improve efficiency and sta-
bilize interaction trajectories, we terminate tool use
when the model exceeds four tool calls during a
rollout. In such cases, the trajectory is truncated,
and the model is prompted to directly produce the
final judgment based on the accumulated reasoning
steps and intermediate observations. This design
enforces efficiency constraints while preventing ex-
cessively long or redundant interaction chains. For
self-judging generation, we append a self-judging
prompt to the end of each rollout trajectory, allow-
ing the model to continue generation and evalu-
ate its own reasoning process. This mechanism
encourages the model to explicitly critique its in-
termediate steps and identify potential errors or
inconsistencies, thereby enhancing its fine-grained
self-assessment capability during training.

A.1.3 Baselines
We consider the following baselines: (1) LLM-
as-judges: GPT-4o (Hurst et al., 2024), Claude-
3.5-Sonnet and Gemini-2.5-Flash (Comanici et al.,
2025); (2) Scalar Reward Models: Skywork-
Reward-Gemma-2-27B and Skywork-Reward-
Llama3.1-8B (Liu et al., 2025b); (3) Text-based
Generative Reward Models: RM-R1-14B, RM-R1-
32B (Chen et al., 2025b), RewardAnything-8B (Yu
et al., 2025), RRM-7B and RRM-32B (Chen et al.,
2025a); (4) Tool-based Generative Reward Mod-
els: Agentic-Reward-Model (Peng et al., 2025) and
ToolRL-8B (Xu et al., 2025a).

A.1.4 Training Details for Post-training with
Agentic Reward Models

For post-training with our agentic reward mod-
els, we evaluate the resulting policy model on
MATH500 (Hendrycks et al., 2021) and IFE-
VAL (Zhou et al., 2023). To train the policy model,
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Figure 5: Cross-backbone generalization of SEAR
on Llama-3.1-8B. SEAR consistently outperforms the
outcome-only agentic reward model across JudgeBench,
RMBench, and RewardBench-v2.

we use data from Skywork (Liu et al., 2025c) and
Tulu-3 (Lambert et al., 2024). We adopt GRPO
as the optimization algorithm, with 4 rollouts per
prompt. During training, our pairwise agentic re-
ward model is used to iteratively compare sampled
rollouts and assign the final reward signal. For eval-
uation, we report avg@8 on Math500 and prompt-
level loose accuracy on IFEval.

A.2 Supplementary Analysis

A.2.1 Generalization Across Backbone
Architectures

In the main experiments, we evaluate SEAR with
Qwen3-8B and Qwen3-14B, demonstrating consis-
tent improvements across different model scales
within the Qwen3 family. To further examine
whether the effectiveness of SEAR generalizes
across backbone architectures, we additionally
train SEAR on Llama-3.1-8B using the same train-
ing pipeline and hyperparameter configurations as
in the main experiments. As shown in Figure 5,
SEAR consistently outperforms the outcome-only
agentic reward model across all three evaluation
benchmarks. These improvements suggest that the
benefits of self-judging supervision are not specific
to the Qwen3 family and can generalize to different
backbone architectures.

A.2.2 Sensitivity Analysis of the Internal
Reward Weight

We further investigate the sensitivity of SEAR
to the internal reward weight α, which controls
the contribution of self-judging feedback to the
judger optimization. We vary α from 0.01 to 0.30
while keeping all other training configurations un-
changed. The results on JudgeBench and RM-
Bench are reported in Table 6.

As shown in Table 6, SEAR achieves the best per-
formance on both benchmarks with α = 0.1. Per-
formance first improves as the internal self-judging
signal receives a larger weight, but begins to de-
crease when α becomes overly large. This suggests
that a moderate internal reward weight is impor-
tant for balancing self-judging supervision with the
external outcome-based rewards. Based on these re-
sults, we use α = 0.1 throughout our experiments.

α 0.01 0.05 0.10 0.20 0.30

JudgeBench 74.9 76.3 77.1 75.4 72.8
RMBench 82.4 82.6 84.1 83.3 80.6

Table 6: Sensitivity analysis of the self-judging reward
weight α for training Qwen3-8B with SEAR.

A.3 Prompt Template
We provide detailed prompt templates for judging
and self-judging as follows.

Prompt for Judging

Instruction:
Please act as an impartial judge and evaluate
the quality of the responses provided by
two AI Chatbots to the Client’s question
displayed below.
You need to first think or use tools to help
with the evaluation, then provide the answer.
During thinking, you can write queries and
invoke the web-search tool or write Python
code and invoke a Python interpreter tool to
assist your evaluation.
The web-search tool is especially helpful for
searching or verifying factual information
to assess which response is more factually
consistent with real-world evidence.
The Python coding tool is especially helpful
for running test cases on coding responses,
verifying complex requirements such as
capitalization, counting words, letters,
keywords, or placeholders, as well as
checking the correctness of calculation
steps for math or reasoning problems.
The reasoning process and answer are
enclosed within <think></think> and
<answer></answer> tags respectively.
The search query and result are en-
closed within <search></search> and
<result></result> tags respectively.
The Python code and execution result are
enclosed within <python></python> and
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<result></result> tags respectively.

For example:
<think> reasoning process </think>
<search> search query </search>
<result> search result </result>
<think> reasoning process </think>
<python> code </python> <result>
execution result </result>

End with your final judgment in the
format: <answer>[[A]]</answer> or
<answer>[[B]]</answer>.

Important Notes:
- Your goal is to assess which response accu-
rately and completely follows the instruction
or addresses the query, focusing strictly on
correctness and fidelity.
- For web-search tools, prioritize queries that
best distinguish Response A and Response
B in factual accuracy.
- For Python tools, each code block is exe-
cuted independently; you must redefine vari-
ables and import necessary libraries in each
block.
- All Python outputs must be produced using
print(). Code without output is considered
incomplete.
- Be objective and base your evaluation only
on the content of the responses.
- Do not be influenced by response order,
length, or chatbot identity.
- Follow the required output format strictly.

Prompt for Self-Judging

Instruction:
After giving the reasoning rationale and the
final answer, you are required to act as a
professional RLHF data quality evaluation
expert tasked with assessing the quality of
your own reasoning process.
Your objective is to evaluate the reasoning
rationale generated before. This includes
assessing logical consistency, identifying
errors, and determining whether the reason-
ing process is sufficiently sound to support
a correct and well-founded judgment.
Note that tool calls may in-
clude <python></python> or

<search></search> tags.

Evaluation Steps:
1. Tool Calling Patterns: Assess whether
tools are used appropriately. Overuse or
underuse should be identified.
2. Comparison Logic: Evaluate whether
the model focuses on the most relevant
and discriminative factors when comparing
responses.
3. Tool Usage Quality: Check correctness
of tool execution, error handling, and
whether outputs are properly integrated into
reasoning.
4. Logical Consistency and Final Judgment:
Assess whether the final decision is fully
supported, coherent, and free from contra-
dictions, guesswork, or uncertainty.

Scoring Rubric:
- 2: Nearly flawless reasoning; strongly
aligned with evaluation standards.
- 1: Minor issues but overall correct.
- -1: Noticeable reasoning flaws.
- -2: Severe tool-use or reasoning failures.

Important Notes:
- The evaluation should focus on reasoning
quality, not only final correctness.
- Tool usage should be judged based on
necessity, not frequency.
- Be objective and avoid bias toward the
final answer.
- The evaluation must be consistent with the
observed reasoning trajectory.

Output Format:
<judge_think> detailed analysis
</judge_think> <judge_score> 2 / 1
/ -1 / -2 </judge_score>
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