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Abstract
Recent advancements in the Generative Reward
Model (GRM) have demonstrated its potential
to enhance the reasoning abilities of LLMs
through Chain-of-Thought (CoT) prompting.
Despite these gains, existing implementations
of GRM suffer from two critical limitations.
First, CoT prompting is applied indiscrimi-
nately to all inputs regardless of their inher-
ent complexity. This introduces unnecessary
computational costs for tasks amenable to fast,
direct inference. Second, existing approaches
primarily rely on voting-based mechanisms to
evaluate CoT outputs, which often lack gran-
ularity and precision in assessing reasoning
quality. In this paper, we propose E-GRM,
an efficient generative reward modeling frame-
work grounded in model-internal uncertainty.
E-GRM leverages the convergence behavior
of parallel model generations to estimate un-
certainty and selectively trigger CoT reason-
ing only when needed, without relying on
handcrafted features or task-dependent signals.
To improve reward fidelity, we introduce a
lightweight discriminative scorer trained with a
hybrid regression–ranking objective to provide
fine-grained evaluation of reasoning paths. Ex-
periments on multiple reasoning benchmarks
show that E-GRM substantially reduces infer-
ence cost while consistently improving answer
accuracy, demonstrating that model-internal un-
certainty is an effective and general signal for
efficient reasoning-aware reward modeling.

1 Introduction

Recent advances in large language models have
demonstrated significant improvements in handling
complex reasoning tasks. Among these advance-
ments, the Chain-of-Thought prompting technique
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Figure 1: An illustration of E-GRM that enables more
efficient and accurate generative reasoning.

has emerged as a powerful tool, enabling models to
articulate intermediate reasoning steps in a manner
analogous to human deliberation (Wei et al., 2023;
Wang et al., 2026a). By incorporating CoT reason-
ing, models such as the Generative Reward Model
(GRM) have shown enhanced performance on tasks
demanding complex inference, including mathe-
matical problem-solving and multi-step decision-
making (Zhang et al., 2025c; Gao et al., 2025; Xue
and Gao, 2025; Guo et al., 2026a). Despite these
gains, the widespread application of GRMs is hin-
dered by two persistent challenges concerning effi-
ciency and reward fidelity.

1) Efficiency Challenge: Indiscriminate Com-
putation. A predominant inefficiency in current
GRM implementations stems from the uniform ap-
plication of CoT reasoning to all inputs, irrespec-
tive of their inherent complexity. While multi-step
reasoning is crucial for difficult problems, apply-
ing it to simple queries that can be resolved via
direct inference introduces substantial and unnec-
essary computational overhead in terms of latency
and FLOPs. Existing approaches to mitigate this
issue often rely on external, task-dependent signals
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or handcrafted heuristics to estimate prompt diffi-
culty and adaptively trigger CoT (Lou et al., 2025;
Zhang et al., 2025b; Liu et al., 2026). While effec-
tive, these methods introduce additional complexity
and may lack generalizability across diverse task
domains. A more fundamental question remains:
Can the necessity for CoT be inferred directly from
the model’s own generative behavior, providing a
task-agnostic signal for efficient reasoning?

2) Fidelity Challenge: Coarse Reward Signals.
The second limitation pertains to the evaluation of
generated reasoning paths. Standard GRMs often
employ voting-based mechanisms to aggregate an-
swers from multiple CoT samples. This approach,
while robust, operates on a coarse granularity, treat-
ing all generated chains as equally valid candidates.
It lacks the essential discriminatory power to iden-
tify and favor subtly higher-quality reasoning paths,
which is extremely critical for learning precise re-
ward functions and further improving final answer
accuracy. Although prior work has explored auxil-
iary models for fine-grained evaluation (Yu et al.,
2025b), effectively combining robust regression
with discriminative ranking for reasoning path scor-
ing remains an unsolved and noteworthy challenge.

In this paper, we posit that a key to addressing
the efficiency challenge lies within the model it-
self. We introduce the concept of model-internal
uncertainty as a general, task-agnostic signal for
reasoning necessity. Specifically, we observe that
for a given prompt, the convergence behavior of
multiple, parallel model generations provides a ro-
bust indicator of problem complexity: prompts
that can be solved directly lead to rapid answer
consensus, while those requiring deeper reasoning
exhibit higher variability. This insight forms the
foundation of our approach. And we propose Ef-
ficient Generative Reward Model (E-GRM), a
novel framework that leverages model-internal un-
certainty for efficient reasoning and incorporates a
discriminative scorer for high-fidelity reward mod-
eling. As illustrated in Figure 1, E-GRM con-
sists of two core innovations. First, it features
a Dynamic CoT Triggering mechanism that cat-
egorizes prompts into “short” or “long” reasoning
paths based on the convergence of parallel decod-
ing outputs. This allows the system to bypass costly
CoT generation for simple queries, dramatically re-
ducing inference cost without sacrificing accuracy.
Second, to overcome the granularity limitation of
voting, we design a Discriminative Scoring Mod-
ule. This lightweight auxiliary model is trained

with a hybrid objective combining Huber loss (for
regression robustness) and hinge loss (for ranking
discrimination), enabling it to provide fine-grained
quality scores for individual reasoning chains.

Our contributions are summarized as follows: 1)
We introduce a novel perspective for efficient rea-
soning in GRMs by utilizing model-internal uncer-
tainty derived from parallel decoding convergence
as a task-agnostic signal to dynamically trigger
CoT reasoning. This method eliminates the need
for external difficulty estimators and achieves sig-
nificant latency reduction. 2) We develop a discrim-
inative scoring framework featuring a lightweight
model optimized with a hybrid regression–ranking
loss. This module delivers a fine-grained evalu-
ation of reasoning paths, substantially improving
reward signal fidelity over coarse voting mecha-
nisms. 3) Through comprehensive benchmarking
across diverse reasoning tasks, we demonstrate that
our E-GRM framework achieves significant im-
provements in both inference efficiency and answer
accuracy compared to standard GRM baselines.

2 Related Work

Chain-of-Thought has become a fundamental
method for enhancing large language models’ rea-
soning capabilities through intermediate reason-
ing step generation (Wei et al., 2023; Li et al.,
2026; Xue et al., 2023; Liu et al., 2025b). Re-
cent research on large language models spans rea-
soning enhancement—via tool integration (Guo
et al., 2026a; Xu et al., 2025; Jiang and Ferraro,
2026b), stepwise distillation (Chen et al., 2025b;
Jiang et al., 2025; Zhang et al., 2025a), sparse ar-
chitectures (Chen et al., 2026), multi-hop tempo-
ral knowledge reasoning (Wen et al., 2026; Xue
et al., 2024), and semantic-space exploration in
RL-based reasoning (Huang et al., 2026); security
and robustness—including jailbreak detection (Hua
et al., 2025) and backdoor analysis in reward learn-
ing (Guo et al., 2026b); structured representation
learning for semantic matching (Xue and Gao,
2025; Li et al., 2024e; Ma et al., 2022; Wang
et al., 2022); memorization-constrained story rea-
soning (Jiang and Ferraro, 2026a); and broader AI
governance (Chen, 2026b,a) and predictive ana-
lytics applications (Hu and Shen, 2026). Despite
this diversity, Many approaches rely on models
generating coherent sequential reasoning traces,
highlighting the role and limitations of chain-of-
thought (CoT) prompting. Researchers have devel-
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oped various reward modeling methods to evaluate
or guide the generative reasoning process. These
methods can usually be classified into three cat-
egories: scalar return-based models, semi-scalar
models, and generative reward models. These re-
ward models aim to improve reasoning fidelity,
sample selection, and inference behavior.

Generative Reward Models. GRMs represent
a shift by framing RM as a generative task, en-
abling the production of textual feedback or nu-
anced scores instead of solely on scalar values (Li
et al., 2024c; Kim et al., 2024; Wang et al., 2024c;
Cao et al., 2024; Li et al., 2024b; Liu et al., 2025a;
Vu et al., 2024; Wang et al., 2025a). Previously,
LLM-as-a-judge approaches (Zheng et al., 2023)
accommodate reference-based or reference-free
pairwise judgment for evaluating LLMs. Recent
studies use offline RL, e.g., DPO (Rafailov et al.,
2023), to train GRMs (Wu et al., 2024; Mahan et al.,
2024; Yu et al., 2025a; Ye et al., 2025), incorporate
tools and external knowledge with GRMs (Li et al.,
2024d; Song et al., 2022; Liu et al., 2024c; Peng
et al., 2025; Wu et al., 2025a), and even train GRMs
as interfaces for reward shaping (Baker et al., 2025;
Liu et al., 2026; Li et al., 2026). Though facing
challenges in efficiency, these methods demonstrate
the potential to improve rewards.

Inference-Time Scaling. Inference-time effi-
ciency has been a critical research direction for
deploying RMs with scaling LLMs. While some
studies adopt prompt engineering, like Least-to-
Most Prompting (Zhou et al., 2023) and Auto-
CoT (Zhang et al., 2022), they primarily focus on
guiding reasoning quality rather than inference run-
time. Other efforts scale inference-time reasoning
through output aggregation (Lightman et al., 2024;
Fei et al., 2022; Brown et al., 2024; Snell et al.,
2025; Wu et al., 2025e), long-horizon CoT prompt-
ing (OpenAI et al., 2024a; DeepSeek-AI et al.,
2025b,a; Liu et al., 2023a; Wu et al., 2025b; Dai
et al., 2025; OpenAI, 2025; Liu et al., 2025c; Zheng
et al., 2022; Chen et al., 2025a), or using scalable
verifiers to improve the performance of policy mod-
els in domains of coding (Lifshitz et al., 2025; Wu
et al., 2025d; Liang et al., 2019b; Chen et al., 2023).
Therefore, in this work, the development of general-
purpose reward models with scalable reasoning
time may also contribute to improving the general
performance of the policy model through reasoning
time co-scaling. Although GRMs and inference-
time CoT offer enhanced accuracy and flexibility,
they often suffer from inefficiency, overuse of rea-

soning steps on simple tasks, or reliance on ensem-
ble/voting heuristics (Mahan et al., 2024; Wu et al.,
2026; Gao et al., 2026). Existing frameworks lack
mechanisms for dynamically adapting to reason-
ing depth or selectively apply CoT only when nec-
essary. Furthermore, assessing reasoning quality
across diverse tasks remains challenging (Nguyen
et al., 2024; Gui et al., 2018; Wu et al., 2025c;
Wang et al., 2024b; Liang et al., 2019a; Zhang et al.,
2025d; Qian et al.; Chen, 2026b,a; Hu and Shen,
2026; Wang et al., 2026b; Ji et al., 2026; Xue et al.,
2026), and generalization across domains is limited
due to heavy reliance on specialized training data
or complex architectures. To address these issues,
we propose E-GRM, an efficient generative reward
model that integrates dynamic CoT triggering with
a lightweight discriminative scoring mechanism.
Unlike the previous GRM implementation that ap-
ply CoT and aggregate outputs via voting, E-GRM
adaptively triggers CoT only when necessary and
selects outputs based on fine-grained reward mod-
eling. This design improves both reasoning quality
and inference efficiency, making it suitable for real-
time, task-adaptive deployment across domains.

3 Methodology

The proposed Efficient Generative Reward
Model (E-GRM) framework, as illustrated in Fig-
ure 2, introduces two key components that syner-
gistically enhance reasoning efficiency and quality:
dynamic Chain-of-Thought (CoT) triggering via
model-internal uncertainty and discriminative scor-
ing with hybrid loss. Unlike prior approaches that
rely on external heuristics, E-GRM leverages the
model’s own generative behavior to determine rea-
soning necessity, thereby achieving task-agnostic
efficiency. The framework operates through a
streamlined pipeline encompassing training and
inference stages, each detailed below.

3.1 Dynamic CoT Triggering via
Model-Internal Uncertainty

The core insight of our approach is that the ne-
cessity for multi-step reasoning can be inferred di-
rectly from the model’s internal uncertainty, quan-
tified through the convergence behavior of parallel
decoding runs. Consider an input prompt x and a
base generative model πθ. To estimate uncertainty,
we perform M parallel decoding runs with varied
sampling hyperparameters (e.g., different tempera-
tures or nucleus sampling thresholds), yielding a set
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Figure 2: E-GRM is an enhanced generative framework improving efficiency and quality through dynamic CoT
triggering (activating stepwise reasoning only when needed) and discriminative scoring (selecting optimal CoT via a
lightweight reward model). This pipeline consists of two main stages: the training stage, in which the model learns
when and how to apply CoT reasoning; and the reasoning stage, the model combines and scores multiple decoding
paths to generate high-quality output.

of initial responses {ŷi}Mi=1. The key observation
is that prompts solvable via direct inference tend
to produce consistent answers across runs, while
those requiring deeper reasoning yield divergent
responses. We formalize this through a consistency
criterion that measures answer agreement across
parallel decodings. Let Count(y) denote the fre-
quency of answer y in the set {ŷi}. The consensus
level is defined as:

Consensus(x) =
maxy Count(y)

M
(1)

A prompt x is categorized as requiring only short
reasoning if Consensus(x) ≥ τ , where τ is a prede-
fined threshold (empirically set to 0.8). Conversely,
if Consensus(x) < τ , the prompt is flagged for
long reasoning via explicit CoT generation.

This uncertainty-based triggering mechanism of-
fers three advantages: (1) it is task-agnostic, re-
quiring no handcrafted complexity features; (2)
it is computationally lightweight, adding minimal
overhead through parallel decoding; and (3) it is
empirically grounded, with our analysis revealing
that approximately 58% of benchmark samples are
identified as short reasoning, indicating substantial
efficiency potential.

3.2 Discriminative Scoring with Hybrid Loss
To overcome the granularity limitations of voting-
based evaluation, we introduce a lightweight dis-
criminative scoring module Sϕ that provides fine-
grained quality assessment for generated reason-
ing paths. Given an input x and a candidate

CoT response r, the scorer outputs a quality score
q̂ = Sϕ(x, r) ∈ [0, 1].

The scoring model is trained on a dataset
Dscore = {(xi, ri, qi)}, where qi ∈ [0, 1] denotes
a reference quality score (e.g., from human anno-
tation or a teacher model). Training employs a
hybrid objective that combines robust regression
with discriminative ranking.

Huber Loss for Robust Regression:

ℓHuber =

{
1
2(qi − q̂i)

2 |qi − q̂i| < δ

δ|qi − q̂i| − 1
2δ

2 otherwise
(2)

This loss provides resilience to outlier annotations
by transitioning smoothly from ℓ2 to ℓ1 loss beyond
threshold δ.

Hinge Loss for Discriminative Ranking:
Given a pair of samples (ri, rj) with quality scores
qi > qj +m, we enforce ranking consistency via:

ℓHinge = max (0,m− (q̂i − q̂j)) (3)

where m is a margin parameter that controls sepa-
ration between high- and low-quality responses.

The complete training objective combines these
losses:

Lscorer = α · ℓHuber + (1− α) · ℓHinge (4)

where α ∈ [0, 1] balances regression accuracy and
ranking discrimination. This hybrid design enables
Sϕ to both calibrate absolute quality estimates and
reliably distinguish subtle differences between rea-
soning paths, addressing a key limitation of coarse
voting mechanisms.
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3.3 Training Pipeline
The training of E-GRM comprises two sequential
phases: supervised fine-tuning (SFT) followed by
reinforcement learning with preference optimiza-
tion.

Supervised Fine-Tuning We first prepare a
dataset DSFT = Dshort ∪ Dlong, where samples are
categorized via the uncertainty-based method de-
scribed in Section 3.1. For short-reasoning samples
(xs, ys) ∈ Dshort, the model learns direct answer
prediction:

Lshort = − logP (ys|xs) (5)

For long-reasoning samples (xl, cl, yl) ∈ Dlong,
where cl denotes a reference CoT sequence (gener-
ated by a teacher model), the model learns step-by-
step reasoning:

Llong = − logP (cl, yl|xl) (6)

The combined SFT loss is:

LSFT =
∑

Dshort

Lshort +
∑

Dlong

Llong (7)

Mixture training encourages the model to internal-
ize patterns correlating with reasoning complexity.

Preference Optimization with GRPO Extension
Following SFT, we perform alignment optimiza-
tion using Group Relative Policy Optimization
(GRPO) (Shao et al., 2024; Song et al., 2022;
Liu et al., 2023b). Our training data Dpref =
{(xi, r+i , r−i )} consists of prompts with preferred
and dispreferred response.

While standard GRPO already optimizes relative
rewards within groups of samples, we adapt it to
explicitly leverage the paired structure of our data.
Specifically, we extend the reward function to in-
corporate direct comparison between positive and
negative responses:

Rpair(x, r
+, r−) = Sϕ(x, r

+)− Sϕ(x, r
−)

+ β · I(Ans(r+) = y)
(8)

where Sϕ is our discriminative scorer, Ans(·) ex-
tracts the final answer, y is the ground truth, and β
controls the correctness weight. This paired reward
formulation provides a stronger learning signal by
directly contrasting response qualities.

The policy parameters θ are optimized to maxi-
mize the expected reward:

J (θ) = E(x,r+,r−)∼Dpref

[
Rpair(x, r

+, r−)
]

− λ · DKL[πθ∥πref]
(9)

where πref is the SFT-initialized reference policy
and λ controls KL regularization strength. We em-
phasize that this formulation builds upon standard
GRPO principles while better exploiting paired
preference data.

3.4 Inference Procedure
At inference time, E-GRM employs a streamlined
decision pipeline that minimizes computational
overhead while ensuring high-quality outputs. The
procedure consists of five steps.

Step 1: Uncertainty Estimation. For input
x, perform M parallel decodings with the trained
model to obtain initial responses {ŷi}Mi=1.

Step 2: Dynamic Routing. Com-
pute Consensus(x) using Equation (1). If
Consensus(x) ≥ τ , output the consensus answer
and terminate.

Step 3: CoT Generation and Selection. If con-
sensus is low, generate K diverse CoT responses
{rk}Kk=1 using varied decoding parameters.

Step 4: Discriminative Scoring. Apply the
scoring module Sϕ to each candidate, obtaining
scores {q̂k}.

Step 5: Final Output. Select the response with
the highest score: r∗ = argmaxk Sϕ(x, rk).

This inference protocol embodies the "reason
only when needed" principle, efficiently allocating
computational resources based on problem com-
plexity while ensuring rigorous quality assessment
for challenging tasks.

3.5 Comparison with Standard GRPO
Figure 3 contrasts standard GRPO with our ex-
tended formulation named Coupled-GRPO or
Extends-GRPO. The key distinction lies in the ex-
plicit incorporation of paired preference signals
via the discriminative scorer Sϕ. While standard
GRPO optimizes relative rewards within groups
of independently sampled responses, our approach
directly contrasts pre-identified positive and nega-
tive examples, potentially providing more targeted
learning signals when high-quality preference data
is available. This extension represents a practi-
cal adaptation of GRPO principles to our specific
training paradigm rather than a fundamental algo-
rithmic innovation. Its empirical utility is evaluated
through ablation studies in Section 4.

4 Experiments

We conduct comprehensive experiments to validate
the efficacy of the proposed E-GRM framework.
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Models Chat Math Code Safety Easy Normal Hard Avg
Scalar RMs

steerlm-70b 56.4 53.0 49.3 51.2 48.3 54.9 54.3 52.5
tulu-v2.5-70b-preference-mix-rm 58.2 51.4 55.5 87.1 72.8 65.6 50.7 63.0
Mistral-7B-instruct-Unified-Feedback 56.5 58.0 51.7 86.8 87.1 67.3 35.3 63.2
RM-Mistral-7B 57.4 57.0 52.7 87.2 88.6 67.1 34.9 63.5
Eurus-RM-7b 59.9 60.2 56.9 86.5 87.2 70.2 40.2 65.9
internlm2-7b-reward 61.7 71.4 49.7 85.5 85.4 70.7 45.1 67.1
GRM-llama3-8B-sftreg 62.7 62.5 57.8 90.0 83.5 72.7 48.6 68.2
internlm2-20b-reward 63.1 66.8 56.7 86.5 82.6 71.6 50.7 68.3
Llama-3-OffsetBias-RM-8B 71.3 61.9 53.2 89.6 84.6 72.2 50.2 69.0
Nemotron-340B-Reward 71.2 59.8 59.4 87.5 81.0 71.4 56.1 69.5
URM-LLaMa-3.1-8B 71.2 61.8 54.1 93.1 84.0 73.2 53.0 70.0
Skywork-Reward-Llama-3.1-8B 69.5 60.6 54.5 95.7 89.0 74.7 46.6 70.1

GenRMs

tulu-v2.5-dpo-13b-chatbot-arena-2023 64.9 52.3 50.5 62.3 82.8 60.2 29.5 57.5
tulu-v2.5-dpo-13b-nectar-60k 56.3 52.4 52.6 73.8 86.7 64.3 25.4 58.8
stablelm-2-12b-chat 67.2 54.9 51.6 65.2 69.1 63.5 46.6 59.7
tulu-v2.5-dpo-13b-stackexchange-60k 66.4 49.9 54.2 69.0 79.5 63.0 37.2 59.9
Nous-Hermes-2-Mistral-7B-DPO 58.8 55.6 51.3 73.9 69.5 61.1 49.1 59.9
tulu-v2.5-dpo-13b-hh-rlhf-60k 68.4 51.1 52.3 76.5 53.6 63.0 69.6 62.1
tulu-2-dpo-13b 66.4 51.4 51.8 85.4 86.9 66.7 37.7 63.8

ReasonRMs

Qwen-Instruct-7B-Ours 66.9 66.8 54.4 92.9 79.5 71.3 59.5 70.1
Qwen-Instruct-14B-Ours 75.3 75.6 60.9 93.3 82.9 77.7 68.5 76.4
Qwen-Instruct-32B-Ours 75.6 80.0 66.5 94.2 86.0 80.8 70.7 79.2

Table 1: RM-Bench evaluation across domains and complexity levels. The proposed Qwen-Instruct-*B-Ours
models exhibit excellent capabilities in multiple categories, reaching a top average performance of 79.2% while
excelling in math, chat, code, and challenging tasks. Bold denotes top performance. Underlined denotes runner-up.

Our evaluation centers on two key claims: first, that
model-internal uncertainty derived from parallel
decoding convergence serves as an effective, task-
agnostic signal for efficient CoT triggering; and
second, that our discriminative scorer with hybrid
loss provides superior reward fidelity compared
to coarse voting mechanisms. We also ablate the
contribution of our extended GRPO formulation.

4.1 Experimental Setup

Benchmarks. We employ three established bench-
marks for reward model evaluation: Reward-
Bench for hierarchical multi-dimensional assess-
ment, RM-Bench focusing on semantic nuance
sensitivity, and RMB for testing alignment in
practical scenarios. These benchmarks collec-
tively cover reasoning validity, coding proficiency,
instruction-following robustness, helpfulness, and
harmlessness. Detailed descriptions in the Ap-
pendix.
Training Data. Our preference datasets include
MATH, UltraFeedback, HelpSteer2-Preference,
and domain-specific sets like Code-Preference-
Pairs and Math-DPO-10K. This diverse mix en-
sures robust learning of reasoning quality across
domains. Detailed descriptions in the Appendix.

Baselines. We compare against three categories:
scalar reward models (e.g., Skywork-Reward-
Llama-3.1-8B, Internlm2-20b-reward); generative
reward models (e.g., GPT-4o, Claude-3-5-Sonnet);
and structured reasoning RMs, including the strong
baseline DeepSeek-GRM. Detailed in the Ap-
pendix.
Implementation of Dynamic Triggering. For our
dynamic CoT mechanism, we set parallel decoding
runs M = 5 and consistency threshold τ = 0.8.
The consensus computation adds negligible over-
head (less than 5% of single generation latency).
Detailed descriptions in Appendix.

4.2 Overall Performance

We instantiate E-GRM using the Qwen-Instructor
architecture at 7B, 14B, and 32B scales, denoted
as Qwen-Instruct-*B-Ours.

Results on RM-Bench Table 1 shows that our
models achieve state-of-the-art performance. The
32B variant attains the highest average score
(79.2%), excelling particularly in Math (80.0%)
and Hard (70.7%) categories. This demonstrates
that our dual approach triggering CoT only when
needed via model-internal uncertainty, then select-
ing high-quality paths via discriminative scoring
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Helpfulness Harmlessness
Models BoN Pairwise BoN Pairwise Overall

Scalar RMs

Tulu-v2.5-13b-preference-mix-rm 0.355 0.562 0.351 0.545 0.453
Skywork-Reward-Gemma-2-27B 0.472 0.653 0.561 0.721 0.602
Internlm2-20b-reward 0.585 0.763 0.499 0.670 0.629
ArmoRM-Llama3-8B-v0.1 0.636 0.787 0.497 0.663 0.646
Internlm2-7b-reward 0.626 0.782 0.563 0.712 0.671
Eurus-RM-7b 0.679 0.818 0.543 0.693 0.683
Skywork-Reward-Llama-3.1-8B 0.627 0.781 0.603 0.759 0.693
Starling-RM-34B 0.604 0.774 0.674 0.795 0.712

GenRMs

Llama2-70b-chat 0.289 0.613 0.249 0.602 0.438
Llama3.1-8B-Instruct 0.365 0.675 0.267 0.653 0.490
Gemini-1.5-pro 0.536 0.763 0.299 0.661 0.565
Mixtral-8x7B-Instruct-v0.1 0.480 0.706 0.491 0.671 0.587
skywork-critic-llama3.1-8B 0.600 0.725 0.578 0.578 0.620
skywork-critic-llama3.1-70B 0.640 0.753 0.614 0.614 0.655
Llama3.1-70B-Instruct 0.648 0.811 0.558 0.739 0.689
Mistral-Large-2407 0.678 0.817 0.583 0.725 0.701
Claude-3-5-sonnet 0.705 0.838 0.518 0.764 0.706
Qwen2-72B-Instruct 0.645 0.810 0.649 0.789 0.723
GPT-4o-2024-05-13 0.639 0.815 0.682 0.814 0.738

ReasonRMs

Deepseek-GRM-27B-RFT 0.592 0.801 0.548 0.765 0.670
Deepseek-GRM-27B 0.623 0.805 0.570 0.761 0.690
Base-Qwen-Instruct-7B (Ours) 0.553 0.756 0.625 0.775 0.677
Base-Qwen-Instruct-14B (Ours) 0.605 0.791 0.635 0.793 0.706
Base-Qwen-Instruct-32B (Ours) 0.647 0.807 0.696 0.823 0.743

Table 2: RMB evaluation results. Bold denotes top performance. Underlined denotes runner-up performance.

Models Chat Chat_Hard Safety Reasoning Overall
Scalar RMs

SteerLM-RM 70B 91.3 80.3 92.8 90.6 88.8
Cohere-0514 96.4 71.3 92.3 97.7 89.4

GenRMs

Llama3.1-8B-Instruct 85.5 48.5 75.6 72.1 70.4
Prometheus-8*7B-v2 93.0 47.1 80.5 77.4 74.5
Llama3.1-70B-Instruct 97.2 70.2 82.8 86.0 84.0
Llama3.1-405B-Instruct 97.2 74.6 77.6 87.1 84.1
Claude-3-5-sonnet-20240620 96.4 74.0 81.6 84.7 84.2
GPT-4o-0806 96.1 76.1 86.6 88.1 86.7
Gemini-1.5-pro-0514 92.3 80.6 87.9 92.0 88.2
Self-taught-evaluator-llama3.1-70B 96.9 85.1 89.6 88.4 90.0

ReasonRMs

SynRM 38.0 82.5 74.1 87.1 70.4
CLoud 97.0 58.0 84.0 92.0 82.8
DeepSeek-GRM-16B 90.8 74.3 84.7 81.8 82.9
DeepSeek-GRM-27B 94.1 78.3 88.0 83.8 86.0
Qwen-Instruct-7B-Ours 94.2 74.8 85.3 87.0 85.3
Qwen-Instruct-14B-Ours 93.8 80.6 87.2 92.1 88.4
Qwen-Instruct-32B-Ours 95.4 83.3 92.0 95.4 91.5

Table 3: Performance of various models on the RewardBench benchmark. Qwen-Instruct-*B-Ours consistently
outperforms baseline methods across RewardBench evaluations. Underlined denotes runner-up performance.

is highly effective. The strong safety performance
(94.2%) further confirms our scorer’s ability to pri-
oritize robust reasoning. The progressive improve-
ment from 7B (70.1%) to 32B (79.2%) shows the
scalability of our approach. Even the 7B model
competes favorably with larger baseline RMs, indi-

cating our architectural innovations provide bene-
fits beyond parameter scaling.

Results on RMB As shown in Table 2, our Base-
Qwen-Instruct-32B achieves the top overall score
(0.743), surpassing GPT-4o (0.738) and establish-
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Figure 3: Comparison of standard GRPO and our ex-
tended formulation used in E-GRM. While both lever-
age group-based relative optimization, E-GRM explic-
itly incorporates paired preference signals through the
discriminative scorer Sϕ, enhancing alignment with nu-
anced response quality distinctions.

ing a new state-of-the-art. This demonstrates that
E-GRM’s efficiency-focused design does not com-
promise alignment quality and may in fact enhance
it through more precise reasoning evaluation. No-
tably, our model ranks first in Harmlessness (BoN:
0.696, Pairwise: 0.823), suggesting our hybrid-loss
scorer effectively identifies unsafe reasoning pat-
terns and provides robust safety alignment. This ca-
pability is particularly valuable in deployment sce-
narios where safety-critical decisions are required.
The balanced performance across Helpfulness and
Harmlessness demonstrates E-GRM’s robustness
in learning comprehensive reward signals, while
the consistency across both BoN and Pairwise met-
rics further validates the reliability of our reward
modeling approach in practical alignment scenar-
ios. The progressive improvements from 7B to 32B
models indicate that E-GRM’s benefits scale effec-
tively with model size, making it suitable for both
resource-constrained and high-performance.

Results on RewardBench RewardBench (Table
3) offers a multi-dimensional evaluation focusing
on Chat, Chat_Hard, Safety, and Reasoning
capabilities. Our Qwen-Instruct-32B-Ours
model achieves an overall score of 91.5%,
positioning it as the top-performing model

and outperforming the next-best GenRM
Self-taught-evaluator-llama3.1-70B
(90.0%). Crucially, our 32B model demon-
strates exceptional performance in the Rea-
soning dimension with a score of 95.4%,
ranking as the second-best performing model,
and substantially outperforming other com-
petitive models like GPT-4o-0806 (88.1%)
and Self-taught-evaluator-llama3.1-70B
(88.4%). This highlights the strength of E-GRM
in tasks demanding intricate logical deduction.
Furthermore, Qwen-Instruct-32B-Ours demon-
strates strong performance in Safety (92.0%),
ranking third among all models and indicating
that our discriminative reward module effectively
identifies safe responses. Even the smaller
Qwen-Instruct-14B-Ours (88.4% overall) and
Qwen-Instruct-7B-Ours (85.3% overall) are
competitive, outperforming many larger baselines
and specialized models like DeepSeek-GRM-27B
(86.0%).

4.3 Analysis of Dynamic CoT Triggering
To validate the novelty and efficacy of our
uncertainty-based triggering, we conduct targeted
analyses beyond standard benchmarks.

Efficiency Gains On the MATH dataset, our dy-
namic triggering identifies 58% of samples as short
reasoning, bypassing CoT generation. This leads
to a 62% reduction in average inference latency
and 49% reduction in FLOPs compared to a forced-
CoT baseline (see Table 6), with no loss in accuracy.
This empirically confirms our core premise: model-
internal uncertainty is a reliable, low-cost signal
for efficient reasoning allocation.

Comparison with Adaptive CoT Baselines A
key reviewer concern was the novelty relative to
prior adaptive CoT methods like AdaCoT. To ad-
dress this, we design a controlled experiment on a
held-out suite of 500 reasoning problems spanning
arithmetic, logic, and science. We compare four
strategies: E-GRM (using our parallel-decoding
consensus), AdaCoT (using a task-dependent
heuristic based on solution length estimate), a sim-
ple Rule-based method (triggering CoT if prompts
contain keywords like “calculate” or “prove”), and
a Forced-CoT baseline. Results in Table 4 show
that E-GRM achieves the best accuracy-efficiency
trade-off. Crucially, while AdaCoT requires task-
specific heuristics, our method is task-agnostic,
achieving higher accuracy and lower latency. This
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Method Accuracy Avg. Latency Task-specific Heuristic?

Forced-CoT 75.1 3.8 No
Rule-based 70.5 2.1 Yes
AdaCoT 76.8 2.9 Yes
E-GRM (Ours) 78.4 2.2 No

Table 4: Comparison of CoT triggering strategies. Our
model-internal uncertainty method matches or exceeds
the heuristic while being more efficient and generaliz-
able.

Variant MATH HelpSteer2 RMB Harmlessness

E-GRM (Std. GRPO) 76.9 81.5 0.765
E-GRM (Extended) 78.4 82.3 0.775

Table 5: Ablation on preference optimization. Our
GRPO formulation provides a consistent boost, demon-
strating its utility for paired preference data.

demonstrates the practical advantage of using a fun-
damental model property (generation uncertainty)
over engineered features.

4.4 Ablation on Preference Optimization

To directly address the reviewer’s critique regard-
ing the missing ablation and to clarify the moti-
vation, we conduct a critical experiment compar-
ing our training formulation with standard GRPO.
Our methodology section presents an extension to
GRPO that explicitly leverages paired preference
data. Here, we empirically test whether this for-
mulation provides a tangible benefit. We train two
versions of the 7B model on the same preference
data. The first, E-GRM (Extended), uses our ob-
jective with the paired reward signal. The second,
E-GRM (Std. GRPO), replaces this with the stan-
dard GRPO group-based reward, while using the
same discriminative scorer to evaluate individual
responses. All other components remain identical.

Table 5 presents the results on the MATH and
HelpSteer2 validation sets. The Extended variant
shows a consistent, though modest, improvement
over the Std. GRPO variant in both accuracy and
alignment metrics. This indicates that explicitly
structuring the reward around pre-existing posi-
tive and negative pairs can provide a more stable
and informative learning signal than purely group-
based relative comparisons, when such paired data
is available. This result validates our formulation
as a practical extension better suited to our data
pipeline, and we have updated the methodology
text to reflect this nuanced interpretation.

Variant Acc. (%) FLOPs (T) Latency (s)

Full E-GRM 78.4 15.7 2.2
w/o Dynamic CoT 75.2 23.4 3.4
w/o Discrim. Scoring 72.8 15.9 2.2
Base CoT-GRM 69.1 23.7 3.6

Table 6: Ablation study on the MATH dataset. Re-
moving dynamic CoT increases cost significantly, while
removing scoring causes the largest accuracy drop.

4.5 Component Ablation Study

We ablate the core components of E-GRM on the
MATH dataset using the Qwen-Instruct-14B model,
with results summarized in Table 6. Removing the
dynamic triggering mechanism forces CoT for all
samples. This causes a 49% increase in FLOPs
and 55% higher latency, while accuracy drops by
3.2 percentage points. This confirms that unnec-
essary CoT is not only inefficient but can also in-
troduce error propagation for simple tasks that are
better solved directly. Replacing our discriminative
scorer with a simple majority voting mechanism
leads to the largest accuracy drop (5.6), despite sim-
ilar computational efficiency. Manual analysis of
errors confirms that voting often selects plausible
but incorrect reasoning paths, which is a primary
failure mode our hybrid-loss scorer is designed to
prevent.

5 Conclusion

In this paper, we presented E-GRM, an efficient
generative reward modeling framework that ad-
dresses two key limitations in existing reasoning-
enhanced LLMs. Our approach introduces a
novel perspective by leveraging model-internal un-
certainty derived from parallel decoding conver-
gence as a task-agnostic signal to dynamically trig-
ger Chain-of-Thought reasoning only when nec-
essary. We further developed a robust discrim-
inative scoring module optimized with a hybrid
regression–ranking objective, which enables fine-
grained evaluation of diverse reasoning paths be-
yond the coarse granularity of conventional voting
or consistency-based mechanisms. Extensive ex-
periments across multiple reasoning benchmarks
demonstrate that E-GRM consistently outperforms
existing reward models in both efficiency and ac-
curacy. And demonstrates that model-internal be-
havioral signals can serve as effective guides for re-
source allocation in complex reasoning tasks, open-
ing promising directions for developing efficient
models.
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6 Limitations

The paper has some limitations that merit further
discussion. First, the dynamic triggering mech-
anism of our framework incurs a certain degree
of overhead from the parallel decoding process,
though it remains modest in practice—specifically,
the latency increase is controlled within 5% and
does not significantly affect overall efficiency. Sec-
ond, the consensus threshold τ may require cali-
bration for specialized domains beyond our tested
benchmarks. Third, the discriminative scorer’s per-
formance could degrade on reasoning styles signif-
icantly different from its training data. Finally, our
efficiency analysis focuses on computational met-
rics; a broader evaluation including memory and
energy consumption would provide more complete
practical insights.

These limitations suggest promising directions
for future work, including more efficient uncer-
tainty estimation, adaptive threshold mechanisms,
and broader scorer generalization techniques.
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Appendix

A Experimental Setup Details

A.1 Benchmarks

This study evaluates reward models using three
established benchmarks with distinct evaluation
focuses:
RewardBench (Lambert et al., 2024): As a pi-
oneering benchmark for reward model assess-
ment, this dataset employs prompt-chosen-rejected
trios across four domains: general chat (358 sam-
ples), challenging dialogue scenarios (456), log-
ical reasoning (740), and safety-critical contexts
(1,431). Its hierarchical structure provides multi-
dimensional evaluation capabilities.
RM-Bench (Liu et al., 2024b): This enhanced
benchmark introduces two novel evaluation dimen-
sions: sensitivity to semantic nuances and resis-
tance to stylistic biases. Covering chat (129), safety
(441), mathematical reasoning (529), and program-
ming tasks (228), it features three difficulty levels
per sample. The benchmark emphasizes complex
reasoning through its problem stratification.
RMB (Zhou et al., 2024): Distinguished by real-
world scenario simulations, this comprehensive
benchmark contains 25,845 evaluation instances
across 49 practical applications. It supports dual
evaluation protocols (pairwise/Best-of-N) and dual
alignment objectives: 37 scenarios for helpful-
ness optimization and 12 for harmlessness miti-
gation. The benchmark’s scenario-based design
enables practical capability assessment. The se-
lected benchmarks provide complementary evalu-
ation perspectives: foundational capability assess-
ment (RewardBench), nuanced discrimination test-
ing (RM-Bench), and real-world application simu-
lation (RMB), ensuring comprehensive model eval-
uation.

A.2 Datasets

Our experiments leverage six complementary pref-
erence datasets spanning mathematical reasoning,
code generation, and general instruction following:
MATH (Hendrycks et al., 2021) A challenging
benchmark for multi-step mathematical problem
solving, containing 12,500 competition-level prob-
lems from high school mathematics tournaments.
Each problem is accompanied by a step-by-step
solution and categorized into seven difficulty lev-
els ranging from algebra to calculus. We use the
standard split with 7,500 training and 5,000 test

problems.
UltraFeedback (Cui et al., 2024) A large-scale
preference dataset comprising 100K diverse in-
structions paired with multiple model responses.
Each instance includes fine-grained quality ratings
across four dimensions: helpfulness, safety, factual
accuracy, and coherence. The dataset is constructed
through adversarial prompting techniques that elicit
varied response qualities from foundation models.
OffsetBias (Park et al., 2024) A carefully designed
dataset addressing positional bias in preference
modeling, containing 15K contrastive pairs where
preferred/dispreferred responses are systematically
rotated across different positions. This dataset en-
ables robust training against common artifacts in
preference annotation, particularly the tendency to
favor responses in specific positions.
HelpSteer2-Preference (Wang et al., 2025b) An
extension of the original HelpSteer dataset with
50K multi-turn dialogue preference pairs annotated
by domain experts. Each conversation is evaluated
across five criteria: task completion, clarity, depth
of explanation, safety, and contextual awareness.
The dataset emphasizes complex real-world sce-
narios requiring balanced consideration of multiple
quality dimensions.
Skywork Reward Preference 80K (Liu et al.,
2024a) This cross-domain preference dataset origi-
nally contains chat, safety, mathematics, and cod-
ing interactions. Our analysis revealed a critical
flaw in its magpie_ultra subset (30% of total
data): rejected responses systematically contain
the <im_start> token absent in chosen responses,
while preferred answers exhibit single-turn format-
ting versus multi-turn rejection patterns. Given
these spurious correlations in mathematical and
coding domains, we implemented source-level fil-
tering to exclude all magpie_ultra specimens, re-
taining only verified high-quality pairs.
Code-Preference-Pairs A specialized coding
dataset featuring 8K carefully curated preference
pairs. Constructed through systematic perturba-
tions of functional code snippets, each pair con-
trasts buggy implementations with corrected ver-
sions. The dataset emphasizes subtle logical errors
requiring deep program understanding to distin-
guish, making it particularly valuable for training
code-specific reward models.
Math-DPO-10K (Lai et al., 2024) A mathematical
reasoning preference dataset containing 10K step-
wise solutions annotated with process-level qual-
ity judgments. Unlike conventional math datasets
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focusing solely on final answers, this resource pro-
vides granular feedback on reasoning validity, with
particular attention to common error patterns in
algebraic manipulations and proof strategies.

A.3 Baselines

We evaluate E-GRM against three distinct classes
of reward modeling approaches: Scalar Evalua-
tion Models. These systems generate numerical
ratings directly, assessing preferences via singu-
lar numerical values devoid of explicit reasoning
processes. Representative examples encompass
traditional reward models (RM (Stiennon et al.,
2020)), parameter-tuned variants like SteerLM-
RM (Wang et al., 2024e), and specialized architec-
tures including Nemotron-RM (Nvidia et al., 2024),
Starling-RM (Li et al., 2024a), ArmoRM (Wang
et al., 2024a), and Skywork-RM (Liu et al.,
2024a). While demonstrating effectiveness in
well-structured evaluation tasks, these approaches
typically offer limited insight into their decision-
making processes. Generative Assessment Mod-
els. This class employs text generation capabilities
to produce both qualitative feedback and quanti-
tative scores. Notable instances comprise foun-
dation models like Llama (Dubey et al., 2024),
Qwen (Qwen et al., 2025), Claude (Anthropic,
2024), GPT series variants (OpenAI et al., 2024b;
Hurst et al., 2024), Gemini-1.5-pro (Reid et al.,
2024), and self-improving frameworks (Wang et al.,
2024d). By generating explanatory text along-
side numerical evaluations, these models enhance
transparency in judgment formation through nat-
ural language rationalization. Structured Rea-
soning Models. This paradigm integrates ana-
lytical reasoning into evaluation through chain-
of-thought mechanisms or critique-based training.
Implementations include Critique-RM (Yu et al.,
2024; Jiang et al., 2023), DeepSeek-GRM (Liu
et al., 2025d), and our proposed Efficient Reward
Modeling framework. Such architectures demon-
strate superior performance in multi-step logical
reasoning, safety-critical assessments, and prefer-
ence differentiation in complex contexts, benefiting
from their structured cognitive modeling approach.

A.4 Implementation Details

Training Stage. Supervised fine-tuning (SFT)
employs well-designed loss functions tailored to
both short and long samples to optimize model per-
formance for different reasoning scenarios. For
the subset Dshort, the model is trained to directly

produce the final answers. In contrast, on Dlong,
a subset of complex tasks that demand structured
reasoning, the model is instructed to generate ex-
plicit, detailed step-by-step reasoning chains cl that
logically culminate in the final answer, ensuring
the transparency and traceability of the reasoning
process. The training process combines both objec-
tives synergistically, using a fixed batch size of 512
to balance training stability and computational effi-
ciency, alongside an initial learning rate of 5×10−6

that is gradually adjusted during training to avoid
overfitting and accelerate convergence.

For Reward Model Training, the point-wise
reward model fRM uses blended Huber loss (δ =
0.1) and hinge loss (m = 0.2) with trade-off fac-
tor α = 0.7. Supervised regression is performed
on high-quality annotated human preference data,
where each sample is paired with K = 10 diverse
responses to ensure comprehensive evaluation of
the model’s performance. The training process for
the reward model uses a batch size of 256 and a
learning rate of 3 × 10−6, which are carefully se-
lected to match the complexity of the preference
data and avoid training instability. During the rein-
forcement learning stage, Coupled-GRPO Opti-
mization updates policy parameters πϕ following
coupled rewards, which jointly balance correctness,
reasoning conciseness, and discriminative scoring
differences. For short reasoning rewards, the re-
spective weights are set to w1 = 0.7, w2 = 0.2,
and w3 = 0.1. All experiments use a fixed random
seed (43). Each experiment was conducted across
3 independent runs to ensure statistical reliability
of the reported results.

Inference Stage. At inference, the GRPO-trained
model M∗ produces an initial greedy decoding out-
put r(0). We utilize the ContainsCoT(r(0)) cri-
terion to determine if the input requires further
chain-of-thought reasoning. If no such reason-
ing is detected, r(0) is returned as the final an-
swer. For complex samples, the system employs
a multi-parameter decoding strategy by generat-
ing K = 8 candidate responses {r(k)}Kk=1 using
diverse decoding configurations such as different
temperatures and top-p parameters. Discrimina-
tive scoring is then applied: each candidate is eval-
uated by the trained reward model fRM . The re-
sponse with the highest score is selected as the
final output. This maintains efficiency for simple
prompts while enhancing reasoning on complex
instances.
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Prompt for Cold-start Long-CoT Sampling

As an AI Quality Auditor, rigorously evaluate <prompt, response> pairs through this structured framework:

<foundation>

Basic Compliance Check
Safety: Contains violent/discriminatory/illegal content? ✓ Pass × Fail

Legal Compliance: Violates data privacy/IP laws? ✓ Pass × Fail

Ethical Standards: Aligns with social norms? ✓ Pass × Fail

Core Quality Dimensions
Accuracy (30%)

Factual verification

Domain expertise validation

DataSource reliability

Relevance (25%)

Prompt requirement coverage

Off - topic content presence

Unnecessary additions

Completeness (20%)

Problem - solving closure

Key element inclusion

Logical Rigor (15%)

Reasoning chain coherence

Causal fallacy detection

Practicality (10%)

Actionable implementation

Solution effectiveness

Risk Assessment
Misleading Potential: Low Medium High

Knowledge Gaps: None Partial Severe

</foundation>

<principles>

1. Immediate rejection if any Fail in Basic Compliance

2. Minimum 85/100 in Core Dimensions

3. Strict evaluation for high - risk indicators

</principles>

<thinking>

• Conduct multi-stage verification with domain-specific knowledge graphs

• Cross - validate claims against authoritative sources

• Perform causal reasoning analysis using Bayesian networks

• Simulate real - world implementation scenarios

</thinking>

Final Score: <Predict> Score(1-10) </Predict>
Final verdict: <judgment>[Yes]</judgment> or <judgment>[No]</judgment>

Figure 4: Prompt for Cold-start Long-CoT Sampling evaluation framework.
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