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Abstract

Reward models play a critical role in guiding large language models toward outputs
that align with human expectations. However, an open challenge remains in
effectively utilizing test-time compute to enhance reward model performance. In
this work, we introduce Reward Reasoning Models (RRMs), which are specifically
designed to execute a deliberate reasoning process before generating final rewards.
Through chain-of-thought reasoning, RRMs leverage additional test-time compute
for complex queries where appropriate rewards are not immediately apparent. To
develop RRMs, we implement a reinforcement learning framework that fosters self-
evolved reward reasoning capabilities without requiring explicit reasoning traces
as training data. Experimental results demonstrate that RRMs achieve superior
performance on reward modeling benchmarks across diverse domains. Notably,
we show that RRMs can adaptively exploit test-time compute to further improve
reward accuracy. The pretrained models are available at https://huggingface.
co/Reward-Reasoning.
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Figure 1: Average accuracy of various reward models on Preference Proxy Evaluations [18] over the
MMLU-Pro, MATH, and GPQA subsets. The proposed reward reasoning model (RRM) outperforms
previous reward models across model sizes. We also conduct reinforcement learning on unlabeled data,
using RRM-32B and Skywork-Reward-Gemma-2-27B-v0.2 [40] as the reward models, respectively.
Even without ground-truth answers, reinforcement learning with RRM achieves significant and steady
improvements on MMLU-Pro, which evaluates general-domain reasoning.
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1 Introduction

Large language models (LLMs) such as GPTs [1, 9] have significantly transformed the field of
artificial intelligence. In recent years, the development paradigm of LLMs has evolved from primarily
scaling pre-training resources to emphasizing post-training techniques, driven by the dual imperatives
of aligning models with human preferences [47] and enhancing specific capabilities like reasoning
[6, 58]. This shift reflects a growing recognition that model performance depends not only on scale
but also on sophisticated methods to refine model behavior after initial training.

Reinforcement learning has emerged as a fundamental approach in LLM post-training, leveraging
supervision signals from either human feedback (RLHF) or verifiable rewards (RLVR) [15, 19, 22,
34, 47]. While RLVR has shown promising results in mathematical reasoning tasks, it is inherently
constrained by its reliance on training queries with verifiable answers [22]. This requirement
substantially limits RLVR’s application to large-scale training on general-domain queries where
verification is often intractable [16, 30, 60]. In contrast, RLHF typically employs a reward model as
a proxy for human preference, enabling more extensive application across diverse domains [7, 46].
Consequently, the development of accurate and broadly applicable reward models is critical for the
efficacy of post-training alignment techniques.

Recent work on reward models can be categorized into scalar reward models [40, 47] and generative
reward models [12, 56, 62, 82]. Scalar reward models typically replace the decoding layer, i.e., the
linear layer that projects hidden states to token logits, with a linear head to predict a single scalar
value. These models are trained to maximize the margin between the predicted scores of preferred and
rejected responses. Generative reward models have emerged as an alternative approach, harnessing
the capabilities of LLMs to produce interpretable and faithful feedback. These models offer enhanced
flexibility, enabling them to follow adaptive evaluation instructions to construct synthetic training
data, thereby facilitating self-improvement through iterative refinement [21, 80].

Despite the widespread application of current reward models, it remains an open challenge to effec-
tively scale test-time compute for reward estimation. To serve as general-purpose evaluators, reward
models should be capable of adapting to a diverse spectrum of queries, ranging from immediately
obvious questions to complex tasks that require extensive reasoning [20, 52]. However, existing
approaches apply nearly uniform computational resources across all inputs, lacking the adaptability
to allocate additional computational resources to more challenging queries. This inflexibility limits
their effectiveness when evaluating responses that require nuanced analysis or multi-step reasoning.

To address the aforementioned challenge, we propose Reward Reasoning Models (RRMs)2. Unlike
existing reward models, RRM frames reward modeling as a reasoning task, wherein the model first
produces a long chain-of-thought reasoning process before generating the final rewards. Since
supervised data providing reward reasoning traces are not readily available, we develop a training
framework called Reward Reasoning via Reinforcement Learning, which encourages RRMs to self-
evolve their reward reasoning capabilities within a rule-based reward environment. Furthermore, we
introduce multi-response rewarding strategies, including the ELO rating system [17] and knockout
tournament, enabling RRMs to flexibly allocate test-time compute to practical application scenarios.

Extensive experiments on reward modeling benchmarks show that RRMs consistently outperform
strong baselines across multiple domains, including reasoning, general knowledge, safety, and
alignment with human preference. Besides, we demonstrate the effectiveness of RRMs by applying
them in practical applications, specifically reward-guided best-of-N inference and post-training
LLMs with RRM feedback. More significantly, we conduct systematic analysis of the test-time
scaling behaviors of RRMs, revealing their capacity to adaptively utilize test-time compute to achieve
enhanced performance. Furthermore, our analysis reveals that RRMs develop distinct reasoning
patterns compared to untrained foundation models, suggesting that our Reward Reasoning via
Reinforcement Learning framework successfully guides models to develop effective reward evaluation
capabilities. These insights provide deeper understanding of reward reasoning processes and will
likely inspire the development of future reward reasoning models within the research community.

Our main contributions are as follows:

2We use the term “reward model” following prior work (e.g., PairJudge RM [41], GenRM [45]), although
our model produces pairwise choices rather than scalar rewards.
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• We propose Reward Reasoning Models (RRMs), which perform explicit reasoning before producing
final rewards. This reasoning phase enables RRMs to adaptively allocate additional computational
resources when evaluating responses to complex tasks. RRMs introduce a novel dimension for
enhancing reward modeling by effectively scaling test-time compute, while maintaining general
applicability and effectiveness across diverse evaluation scenarios.

• We develop a framework named Reward Reasoning via Reinforcement Learning. This framework
encourages RRMs to self-evolve reward reasoning capabilities without requiring explicit reasoning
traces as training data.

• We conduct extensive experiments demonstrating not only the remarkable performance of RRMs in
reward modeling but also their promising test-time scaling properties.

2 Related Work

Reward Models Reward models can be characterized along two dimensions: reward formulation
and scoring scheme [46, 81]. Formulation strategies include numeric only, which assigns scalar
scores to query-response pairs [40, 47, 64, 65], and generative, which produces natural language
feedback from which rewards may be extracted [3, 5, 11, 12, 42, 59, 73, 77]. Scoring schemes
typically follow either absolute approaches, evaluating individual query-response pairs independently
[16, 20, 23, 68, 75, 76], or discriminative methods that compare candidate responses to express
relative preferences [29, 36, 41, 49, 56, 61, 82].

Generative Reward Models Generative reward models (GRMs), conceptually aligned with the
LLM-as-a-Judge paradigm [69, 79], offer nuanced, interpretable feedback with flexibility for both
single-instance evaluation and multi-response comparison [33, 45]. This approach addresses lim-
itations of traditional evaluation methods like ROUGE [39] and BLEU [48], which struggle with
open-ended tasks requiring sophisticated judgment [53]. GRMs can support judgment across diverse
tasks, including multimodal inputs [32, 36, 82], and contemporaneous work on GRMs demonstrates
promising scalability in both model capacity and inference-time compute [14, 26, 42]. However,
concerns persist about evaluation reliability, as LLMs may produce biased or hallucinated judgments
that diverge from human standards [1, 10].

Inference-Time Scaling Inference-time scaling dynamically adjusts computational resources dur-
ing model inference based on input complexity, inspired by human adaptive reasoning [31, 57, 70].
Recent approaches include parallel scaling strategies such as multi-sampling [8] and reward model-
guided aggregation [38, 57, 78], which combine outputs to enhance quality. Alternative approaches
use horizon-based scaling to extend reasoning traces [66]. Advanced systems like OpenAI’s o1 and
DeepSeek’s R1 series demonstrate spontaneous computational allocation that adjusts “thinking hori-
zons” in response to task complexity [22, 28]. These methods collectively underscore the importance
of inference-time adaptability for model performance, particularly on complex reasoning tasks.

3 Reward Reasoning Model

3.1 Input Representation

Figure 2 provides an overview of reward reasoning models (RRMs). RRMs utilize the Qwen2 [71]
model architecture with a Transformer-decoder as backbone. We formulate the reward modeling task
as a text completion problem, wherein RRMs take queries and corresponding responses as input, and
autoregressively generate output text consisting of a thinking process followed by a final judgment.
Unlike existing reward models, RRMs perform chain-of-thought reasoning before producing rewards,
enabling them to leverage test-time compute adaptively. We refer to this process as reward reasoning.

Each input of RRMs contains a query and two corresponding responses. The goal of RRMs is to
determine which response is preferred, with ties not allowed. We employ the system prompt from
the RewardBench repository3, which guides the model to perform a systematic analysis of the two
responses according to several evaluation criteria, including instruction fidelity, helpfulness, accuracy,
harmlessness, and level of detail. The model is also explicitly instructed to avoid common biases,

3https://github.com/allenai/reward-bench
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Figure 2: An overview of reward reasoning model (RRM). RRM adaptively leverages test-time
compute through chain-of-though reasoning before producing rewards.

such as response order or length, and must justify its judgment through structured reasoning before
outputting its final decision in the format ‘\boxed{Assistant 1}’ or ‘\boxed{Assistant 2}’. The detailed
prompt template is provided in Appendix A.1.

The input of RRMs is restricted to exactly two candidate responses, thereby reserving output length
capacity for reward reasoning. Section 3.3 introduces methods by which RRMs assign rewards to
scenarios involving multiple candidate responses for a given query.

3.2 Model Training with Reinforcement Learning

We develop a training framework called Reward Reasoning via Reinforcement Learning to train
RRMs. Unlike conventional supervised fine-tuning approaches, which rely on existing reasoning
traces, our framework encourages RRMs to self-evolve their reasoning capacities within a rule-based
reward environment. The reward function is defined as follows:

R =

{
+1, RRM selects correct response
−1, otherwise

(1)

Note that the reward R evaluates whether RRM correctly prefers the ground-truth response, rather
than scoring its own outputs. Despite the simplicity of reward signals, such rule-based rewards can
effectively supervise policy models to develop reasoning patterns that lead to correct final judgments.

We use Deepseek-R1 distilled models [22] as base models, applying group relative policy optimization
(GRPO) [72] for training, implemented with the verl library [55]. More implementation details and
hyperparameters can be found in Section 4.1 and Appendix A.2.

3.3 Multi-Response Rewarding Strategies

Although the input structure of RRMs strictly accepts two candidate responses, RRMs can adaptively
reward multiple responses of a specific query. We introduce two rewarding strategies: the ELO rating
system and knockout tournament.

ELO Rating System For applications requiring full ratings rather than just identifying the best
response, we implement a round-robin tournament structure. In this approach, each candidate is
compared with all others pairwise. The resulting win-loss records are converted to rating scores using
the ELO rating system [17], a rating methodology commonly used in chess and other competitive
games. While this strategy can process

(
n
2

)
= O(n2) pairwise comparison results, computational

cost can be reduced by sampling a subset of the pairwise matchups. The resulting ratings can serve
as rewards in reinforcement learning. Experiments demonstrate that we successfully post-train an
LLM using these ratings as rewards (See Section 4).
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Knockout Tournament Inspired by the knockout tournament structure [41], we design a knockout
tournament strategy for RRMs that organizes multiple candidates into a competition bracket. Candi-
dates are paired randomly in successive rounds, with winners advancing to subsequent stages. In each
pairwise comparison, RRMs determine a preferred response that will participate in the tournament in
the next round. Given n candidates, this requires n− 1 pairwise comparisons with O(n) complexity
and O(log(n)) sequential rounds. Experiments show that the knockout tournament strategy can
effectively guide LLMs to perform best-of-N sampling (see Section 4.3 and Appendix B.2).

Both strategies can be combined with majority voting to further leverage test-time compute. To
integrate majority voting, we first sample RRMs multiple times for each pairwise comparison. Then,
we perform majority voting to obtain the pairwise comparison results, enabling seamless integration
of majority voting with both approaches. This combined methodology enhances the robustness of the
reward assessment while effectively utilizing additional computational resources at test time.

4 Experiments

We design our experiments that evaluate RRMs on both reward modeling benchmarks and practical
applications, including reward-guided inference and LLM post-training. Additionally, we analyze
how RRMs utilize additional test-time compute to achieve better performance and examine the
reasoning patterns exhibited by RRM across multiple domains.

4.1 Training Details

Training Data Training RRMs requires diverse pairwise preference data spanning capabilities and
aligns with human preference. In addition to preference pairs from Skywork-Reward [40], we further
synthesize preference pairs from diverse data sources. We randomly sample 80K queries from the
Tülu 3 prompt dataset [34], generate two responses for each using Deepseek-R1-Distill-Qwen-1.5B
[22], and annotate preference labels with GPT-4o [27]. Besides, we synthesize preferences pairs using
verifiable question-answer pairs from WebInstruct-verified [44], Skywork-OR1 [24], Big-Math-RL
[2], and DAPO-Math [74]. We prompt Deepseek-R1 distilled 1.5B and 7B Qwen models to generate
several responses for each question, and then apply a rule-based verifier to assess the responses. If at
least one response is correct and another is incorrect, we add the correct-incorrect pair to the training
data. We remove intermediate thinking steps from all responses before processing. The final training
dataset comprises approximately 420K preference pairs: 80K each from Skywork-Reward, Tülu 3,
and our-synthesized data using Tülu 3 prompts, along with 180K synthesized from other sources.

RRM Training We use DeepSeek-R1-Distill-Qwen models as the base models for RRMs in all
the experiments. The training hyperparameters are detailed in Appendix A.2. The RRM training
framework is implemented using the verl library [55], and we train both RRM-7B and RRM-32B
models on AMD Instinct MI300X Accelerators. For RRM-32B, we employ a weighted mixture of
datasets with a sampling ratio of 5:1:1:1 across Skywork-Reward, Tülu-80K, our GPT-4o-labeled
preference pairs, and the other synthetic data. The RRM-7B model is trained on a similar dataset
mixture using a 5:1:1 ratio of Skywork-Reward, Tülu-80K, and GPT-4o-labeled preference data.

4.2 Evaluating Agreement with Human Preference

4.2.1 Setup

Benchmarks We evaluate RRMs on widely-used benchmarks for reward modeling, namely Re-
wardBench [35] and PandaLM Test [62]. (1) RewardBench is a curated evaluation suite for reward
models, consisting of prompt-chosen-rejected triplets across domains such as chat, reasoning, and
safety. It emphasizes fine-grained comparisons where one response is subtly but verifiably better,
enabling rigorous testing of reward models’ capabilities to capture nuanced human preferences.
(2) PandaLM Test features a diverse human-annotated test set where all prompts and responses
are written by humans and labeled with fine-grained preferences. Unlike purely correctness-based
benchmarks, PandaLM Test covers subjective dimensions such as clarity, adherence to instructions,
and formality, providing robust ground truth for for evaluating alignment with human preferences.
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Table 1: Evaluation results on RewardBench benchmark and PandaLM Test. Bold numbers indicate
the best performance, Underlined numbers indicate the second best.

Models RewardBench PandaLM Test
Chat Chat Hard Safety Reasoning Overall Agreement F1

Skywork-Reward-Gemma-2-27B-v0.2 [40] 96.1 89.9 93.0 98.1 94.3 76.6 76.4
JudgeLM-7B [82] 87.3 43.6 74.5 48.7 63.5 65.1 61.9
JudgeLM-33B [82] 92.7 54.2 85.8 58.3 72.3 75.2 69.7
Claude-3.5-Sonnet-20240620 [35] 96.4 74.0 81.6 84.7 84.2 - -
DeepSeek-R1 [42, 12] 97.1 73.7 73.3 95.6 84.9 78.7 72.5
DeepSeek-GRM-27B [42] 94.1 78.3 88.0 83.8 86.0 - -
GPT-4-0125-preview [35] 95.3 74.3 87.6 86.9 86.0 66.5 61.8
GPT-4o-0806 [35] 96.1 76.1 86.6 88.1 86.7 - -
RM-R1-DeepSeek-Distilled-Qwen-7B [14] 88.9 66.2 78.4 87.0 80.1 - -
RM-R1-DeepSeek-Distilled-Qwen-14B [14] 91.3 91.3 79.4 95.5 88.9 - -
RM-R1-DeepSeek-Distilled-Qwen-32B [14] 95.3 80.3 91.1 96.8 90.9 - -
DirectJudge-7B 86.0 69.7 85.5 79.5 80.2 70.3 70.2
DirectJudge-32B 96.1 85.1 89.5 90.9 90.4 76.7 77.4

RRM-7B 87.7 70.4 80.7 90.0 82.2 72.9 71.1
RRM-7B (voting@16) 92.1 71.5 81.3 93.8 84.8 75.9 77.8
RRM-32B 94.7 81.1 90.7 98.3 91.2 78.8 79.0
RRM-32B (voting@16) 96.1 81.4 91.6 98.6 91.9 80.2 81.9

Baselines We compare RRMs with the following baselines: (1) Skywork-Reward [40], a scalar
reward model that uses a regression head to output numerical preference scores without explanations
or reasoning traces, (2) Production-grade LLMs, including GPT-4o [27] and Claude 3.5 Sonnet
[4], which are prompted in an LLM-as-a-judge [80] manner to determine the preferred response,
(3) JudgeLM [82], which is trained to generate fine-grained reward scores along with explanations,
using synthetic training data generated by GPT-4 [1], (4) DeepSeek-GRM [42] and RM-R1 [14],
two concurrent approaches that also incorporate a reasoning phase prior to producing rewards.

In addition to these existing baselines, we introduce (5) DirectJudge, a pairwise judging model
implemented using the same training data and base models as RRMs. DirectJudge models receive the
same inputs as RRMs but are trained to directly generate judgment without explicit reasoning.

4.2.2 Results

Table 1 presents the evaluation results of baseline reward models and RRMs on the RewardBench
benchmark and the PandaLM Test. We observe that RRMs achieve competitive reward modeling
performance against strong baselines, demonstrating their effectiveness in producing rewards that
align with human preference. Notably, RRM-32B attains an accuracy of 98.6 in the reasoning category
of RewardBench. Comparing RRMs with DirectJudge models, which are trained on the same data,
reveals a substantial performance gap in reasoning. This difference indicates that RRMs effectively
leverage test-time compute, thereby enhancing performance on complex queries that benefit from
deliberate reasoning processes.

4.3 Evaluating Reward-Guided Best-of-N Inference

4.3.1 Setup

Preference Proxy Evaluations Preference Proxy Evaluations (PPE) [18] is a benchmark designed
to evaluate reward models through proxy tasks. Instead of conducting prohibitively expensive full
RLHF training runs, PPE proposes proxy tasks that correlate strongly with RLHF-trained model
quality. These tasks span large-scale human preference data and correctness-verifiable comparisons,
with 12 metrics covering 12 domains. We conduct experiments on reward-guided best-of-N inference,
evaluating whether reward models can identify correct responses from a set of candidates. Using the
response candidates provided by PPE, we focus on three representative datasets, namely MMLU-
Pro [18], MATH [18], and GPQA [18], which examine both general knowledge and mathematical
reasoning capabilities. Our evaluation protocol ensures that all models are presented with the identical
set of 32 candidate responses for each query.
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Table 2: Evaluation results on reward-guided best-of-N inference. For each query, we use the same
32 response candidates provided by PPE and apply reward models to choose the best response.

Models MMLU-Pro MATH GPQA Overall
Skywork-Reward-Gemma-2-27B-v0.2 67.0 56.3 44.0 55.8
GPT-4o-0806 64.8 56.9 46.3 56.0
RRM-7B 69.1 82.0 49.2 66.8
RRM-7B (voting@5) 69.4 86.1 49.0 68.2
RRM-32B 81.3 89.8 61.1 77.4
RRM-32B (voting@5) 83.0 91.8 64.3 79.7

Table 3: Evaluation results on binary preference classification following the protocol from Frick et al.
[18]. For each benchmark, we report accuracy over a single random permutation of paired responses.

Models MMLU-Pro MATH GPQA Overall
Skywork-Reward-Gemma-2-27B [67] 55.0 46.2 44.7 48.6
Gemma-2-27B [42] 66.2 66.4 51.9 61.5
DeepSeek-GRM-27B (voting@32) [42] 65.5 69.4 56.0 63.6
DeepSeek-GRM-27B (MetaRM) (voting@32) [42] 68.1 70.0 56.9 65.0
Llama-3.1-8B-Instruct [67] 56.3 62.9 51.4 56.9
Llama-3.1-70B-Instruct [67] 72.1 73.1 61.2 68.8
J1-Llama-8B (SC@32) [67] 67.5 76.6 55.7 66.7
J1-Llama-70B (SC@32) [67] 79.9 88.1 66.5 78.2
RRM-7B 66.5 88.0 57.9 70.3
RRM-7B (voting@5) 68.3 90.5 58.3 72.4
RRM-32B 80.5 94.3 67.4 80.7
RRM-32B (voting@5) 81.3 95.4 68.4 81.7

Baselines For the first experiment, we employ the knockout tournament rewarding strategy to
identify the best-of-N response. We compare our method against several strong baselines, including
Skywork-Reward-Gemma-2 [40] and GPT-4o [27]. The prompt template for GPT-4o is detailed in
Appendix A.1.

In addition to best-of-N inference, we also evaluate our reward model following the standard protocol
from Frick et al. [18]. For this evaluation, we compare RRMs with established baselines including
J1-Llama [67], DeepSeek-GRM [42], Skywork-Reward-Gemma-2 [40], and various representative
reward models from recent literature. Specifically, we report accuracy over a single random ordering
of paired responses across different judgment benchmarks. This dual evaluation enables us to assess
reward model performance in both generative selection (via tournament-style decoding) and binary
preference classification tasks.

4.3.2 Results

Table 2 presents the evaluation results on reward-guided best-of-N inference. RRMs surpass all
baseline models, even without utilizing additional test-time compute through majority voting. The
results demonstrate that RRMs can accurately identify high-quality responses across diverse domains.
Moreover, incorporating majority voting leads to substantial performance improvements across nearly
all evaluated subsets, with the sole exception of RRM-7B on GPQA.

To further analyze the capabilities of RRMs across different domains, we provide detailed results
on each subset of the MMLU-Pro and GPQA benchmarks. As illustrated in Appendix B.1, we
compare RRMs against Skywork-Reward-Gemma-2-27B-v0.2 on each individual domain. The results
highlight the robustness and generalization capabilities of our models across a diverse range of
subjects, spanning from humanities to STEM fields. This comprehensive analysis demonstrates the
versatility of RRMs in accurately evaluating responses across varied knowledge domains.

Table 3 presents evaluation results on binary preference classification using the protocol from
Frick et al. [18]. RRMs maintain strong performance across all three benchmarks, consistently
outperforming baseline reward models and instruction-tuned LLMs. Notably, RRM-32B achieves
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state-of-the-art accuracy on all three benchmarks, even when compared against significantly larger
models such as J1-Llama-70B. Furthermore, incorporating majority voting further boosts performance,
with RRM-32B (voting@5) reaching peak results across all benchmarks. These further validate the
effectiveness of RRMs in classifying reason quality under diverse and challenging evaluation settings.

4.4 Post-Training with RRM Feedback

In addition to directly evaluating RRMs on reward model benchmarks, we further assess RRMs by
post-training LLMs with reinforcement learning or direct preference optimization, supervised by
RRM-generated rewards. This approach allows the downstream performance of the post-trained LLMs
to reflect the quality of reward signals. By measuring improvements in the resulting models, we can
indirectly validate the effectiveness of RRMs as preference models for guiding model optimization.

4.4.1 Reinforcement Learning with Unlabeled Data

We train Qwen2.5-7B [50] on WebInstruct [44] queries using group relative policy optimization
(GRPO) [54]. Instead of assigning rewards to each sample individually, we group response samples
generated from the same query and have them compete against each other. In each group containing
8 responses, we construct 4 × 8 pairwise matches by randomly selecting 4 competitors for each
response, and then obtain the pairwise preference results using RRM-32B. Finally, the rewards are
computed using the ELO rating system [17], as described in Section 3. Notably, this approach, named
as RL-RRM utilizes only unlabeled queries without requiring any answers or reference responses. As
comparison, we adopt a baseline RL method that uses scaler rewards from Skywork-Reward-Gemma-
2-27B-v0.2, named as RL-Skywork.

Following the evaluation protocols established by Ma et al. [44], we evaluate the post-trained models
on MMLU-Pro using greedy decoding with a maximum response length of 8K tokens. Table 4
reports the evaluation results. We find that post-training with RRMs consistently yields competitive or
superior performance compared to the scaler reward baseline. Specifically, RRM-32B feedback yields
stable gains, while the scalar score-based model shows degradation, suggesting potential reward
hacking. In terms of efficiency, training with RRM-32B for 600 steps required 1026 GPU hours,
compared to 265 GPU hours for RL-Skywork. Such overhead remains affordable in practice due to
efficient distributed training on modern accelerators. These results validate both effectiveness and
feasibility of RRMs as reward models for reinforcement learning, demonstrating their practical utility
in post-training pipelines.

To further demonstrate the effectiveness and generality of RRMs, we conduct additional experiments
with spanning base models and new training paradigm, i.e., test-time reinforcement learning, with
results provided in Appendix C.

4.4.2 Direct Preference Optimization

To further explore the utility of RRMs in post-training pipelines, we apply Direct Preference Optimiza-
tion (DPO) [51] on Qwen2.5-7B [50] using preference labels annotated by different reward models.
Specifically, we construct preference datasets from Tülu [35] with 80K queries and responses, and
obtain preference annotations from three different verifiers: RRM-7B, RRM-32B, and GPT-4o. Each
model independently labels the preferred response as the supervision signals for DPO.

The trained models are evaluated on the Arena-Hard benchmark [37], which contains challenging
instructions designed to test comprehensive model capabilities. As shown in Table 5, all post-trained
models outperform the original Qwen2.5-7B model, demonstrating the effectiveness of preference
supervision from reward models. Notably, the model trained with RRM-32B labels achieves the
highest Arena-Hard score, highlighting the practicality of using RRMs to produce high-quality
supervision signals for DPO.

4.5 Scaling Test-Time Compute

4.5.1 Parallel Scaling

We conduct parallel test-time compute scaling experiments on MATH [25] reasoning candidate
responses. We use Qwen2.5-Math-7B-Instruct [72] to generate 8 candidate responses for each query,
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Models RL Step MMLU-Pro
Qwen2.5-7B 0 47.85
RL-Skywork 200 49.51
RL-Skywork 400 48.26
RL-Skywork 600 34.76
RL-RRM 200 50.62
RL-RRM 400 51.12
RL-RRM 600 50.86

Table 4: Post-training MMLU-Pro results for
Qwen2.5-7B using feedback from RRM-32B vs.
Skywork-Reward-Gemma-2-27B.

Arena-Hard Score CI
Before Post-Training

Base Model 18.3 (-1.61, +1.66)

DPO with Preference Data Annotated by
Reward Models

GPT-4o 51.9 (-2.96, +2.93)
RRM-7B 53.8 (-1.72, +1.85)
RRM-32B 55.4 (-2.60, +2.67)

Table 5: Performance of DPO post-trained
Qwen2.5-7B models on Arena-Hard.

and then employ RRMs to perform reward-guided best-of-N inference. This setup allows us to
systematically study the scaling behavior of RRMs under increased test-time computational resources.

Scaling Properties We evaluate the effect of the number of pairwise comparisons used to rank
candidate solutions on MATH problems. For each problem, we select a subset of pairs from these
sampled candidates for pairwise comparison. As illustrated in Figure 3, increasing the number of
pairwise comparisons steadily improves the performance of reward-guided best-of-N inference on
MATH for both RRM-7B and RRM-32B. This consistent trend indicates that RRMs can adaptively
utilize dynamic test-time compute budgets to refine their final outputs. We also explore the effects of
majority voting, which leverages additional test-time compute by sampling RRM outputs multiple
times. Table 6 compares the performance on MATH, where RRMs are prompted on each comparison
pair either a single time or eight times, with the latter followed by majority voting. We observe
that majority voting serves as an effective method to translate increased test-time compute into
performance gains, further demonstrating the scalability of our approach.

Comparing Rewarding Strategies Table 6 compares the scoring strategies, specifically using
RRMs to evaluate candidates through either knockout tournament or ELO rating systems. Results
demonstrate that ELO rating consistently outperforms knockout tournament with both RRM-7B
and RRM-32B. Nonetheless, the knockout tournament yields only slightly lower performance while
requiring fewer computational resources—only O(n) comparisons. This efficiency-performance
tradeoff highlights the flexibility of our approach in adapting to different computational constraints.

101 102
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M
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RRM-7B
RRM-32B

Figure 3: MATH accuracy with varying
number of pairwise comparisons.

RRM-7B RRM-32B
Majority Voting No Yes No Yes
Tournament 88.2 88.7 90.0 90.4
ELO Rating 88.5 88.8 90.3 90.5

Table 6: Comparison of scoring strategies using RRM
verifiers. Accuracy refers to the correctness of the top-
ranked (for ELO rating) or final-selected (for Tourna-
ment) response. ELO rating consistently outperforms
Tournament scoring in terms of accuracy for both RRM-
7B and RRM-32B.

4.5.2 Sequential Scaling

We study the impact of enabling longer chains of thought [66] before finalizing an answer. We
evaluate RRMs on RewardBench, where we control the thinking budgets by setting a maximum token
limit. If no transition signal is generated before the limit, the phase is truncated. We also set a small
post-thinking budget to prevent compute hacking, i.e., ensuring that performance improvements
genuinely reflect the effectiveness of the reasoning capabilities of RRMs rather than merely increasing
output length. The detailed design of the post-thinking budget can be found in Appendix D.1.
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Results Experiments on 7B, 14B, and 32B RRMs show that longer thinking horizons consistently
improve output accuracy across all model sizes (Figure 4). The improvements are consistent across
different model capacities, demonstrating that RRMs are capable of effectively utilizing extended
thinking budgets to progressively enhance rewarding accuracy. This finding confirms that the
reasoning capabilities of RRMs can be scaled through additional sequential computation, providing a
flexible approach to improving the performance of reward models that requires neither larger model
sizes nor additional inference passes.

Adaptive Compute Allocation In addition to studying fixed thinking budgets, we observe an
emergent adaptive-compute behavior in RRMs. During chain-of-thought reasoning, the model can
choose to terminate its reasoning phase early, explicitly signaled by a special </think> token. This
results in dynamic allocation of computational resources: simpler tasks in the Chat domain generally
produce shorter reasoning sequences, whereas more complex tasks in the Reasoning domain yield
longer sequences, as shown in Table 10 in Appendix D.2. While this behavior is not explicitly
designed, it reflects the model’s ability to adaptively use compute based on task complexity.

4.6 Scaling RRM Training Compute

We investigate how model size and training duration affect the performance of RRMs, exploring the
scaling properties of our reward reasoning approach across different compute dimensions. Figure 4
compares RRMs with model sizes of 7B, 14B, and 32B on RewardBench, showing consistent
performance gains with increased model size.

We further analyze how training duration affects model performance by tracking RRM-7B on Re-
wardBench throughout the training process. Figure 5 illustrates the performance trajectory across
different evaluation domains. We observe steady improvements across all domains, with no signs of
overfitting even after extended training. This stable learning curve validates the effectiveness of our
reinforcement learning framework in developing robust reward reasoning capabilities.

5 Conclusion

In this paper, we introduced Reward Reasoning Models (RRMs), incorporating explicit reasoning
processes prior to reward assignment. We demonstrated that incorporating chain-of-thought reasoning
into reward models leads to superior judgment accuracy across diverse domains, achieving competitive
performance on established benchmarks. Our rule-based-reward reinforcement learning successfully
enabled RRMs to develop sophisticated reward reasoning capabilities without requiring explicit
reasoning traces as supervision. Extensive experiments confirmed that RRMs efficiently leverage
test-time compute through both parallel scaling and sequential scaling approaches. More importantly,
we demonstrated the effectiveness of RRMs in practical settings such as reward-guided best-of-N
inference and post-training with RRM feedback. We will open source the code and models to support
and accelerate research within the LLM post-training community.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Both the abstract and beginning part of introduction indicate the scope of the
paper’s contributions.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [NA]

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This article is based on experiments and does not require strict theoretical
proof.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Results can be reproduced according to “Reward Reasoning Models” and
“Experiments” chapters.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Please find the code in homepage of RRM.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Please refer to the “Experiments” and “Appendix” chapter.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: Although we do not report explicit error bars or confidence intervals, our evalua-
tion procedures—such as majority voting over multiple runs with different seeds—implicitly
account for variability in predictions. These repeated trials provide a level of statistical
robustness and help ensure that the reported performance is stable and reliable, even in the
absence of formal error bar reporting.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: Please refer to the “Experiments” and “Appendix” chapter.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The authors have reviewed the NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Our work contributes to improving the evaluation quality of large language
models (LLMs) by developing a model that can assess the correctness and reasoning quality
of generated answers. Such reward modeling techniques are essential for aligning LLMs
with human preferences and promoting safer and more reliable AI systems. This line
of research may positively impact the broader LLM ecosystem by enabling more robust
evaluation, facilitating post-training, and reducing reliance on manual annotations.
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Guidelines:
• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: All assets used in this work are properly cited and used in compliance with
their respective licenses.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We release new models as part of this work.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A RRM Implementation Details

A.1 Prompt Template

Here we provide the detailed prompt template used to guide our Reward Reasoning Models (RRMs)
in performing systematic comparative analysis between two responses. We adapt the prompt template
from the RewardBench repository, which instructs the model to evaluate two responses based on
criteria including instruction following, helpfulness, accuracy, harmlessness, and level of detail. To
reduce bias, the model is directed to ignore response order, length, and stylistic differences unless
they affect helpfulness. The model must output its final verdict in the format ‘\boxed{Assistant 1}’ or
‘\boxed{Assistant 2}’, with no ties allowed.

RRM Prompt Template

You are a helpful assistant in evaluating the quality of the responses for a given instruction.
Your goal is to select the best response for the given instruction.
Select Assistant 1 or Assistant 2, that is better for the given instruction. The two responses are
generated by two different AI assistants respectively.
Do NOT say both / neither are good.
Here are some rules of the evaluation:
(1) If the instruction does not contain harmful content, you should prioritize evaluating whether
the output honestly/precisely/closely executes the instruction, then consider its helpfulness,
accuracy, level of detail, harmlessness, etc.
(2) If the instruction contains harmful content, prioritize the harmlessness and safety of the
response.
(3) Responses should NOT contain more/less than what the instruction asks for, as such
responses do NOT precisely execute the instruction.
(4) You should avoid any potential bias and your judgment should be as objective as possible.
Here are some potential sources of bias:
- The order in which the responses were presented should NOT affect your judgment, as
Response A and Response B are equally likely to be the better.
- The length of the responses should NOT affect your judgement, as a longer response does
not necessarily correspond to a better response. When making your decision, evaluate if the
response length is appropriate for the given instruction.
(5) Your output should only consist of “\boxed{Assistant 1}” if assistant 1 is better, or
“\boxed{Assistant 2}” if assistant 2 is better. Omit any other output.

## Query

{Query}

## Assistant responses

### Assistant 1

{Response 1}

### Assistant 2

{Response 2}

## Analysis Let’s analyze this step by step and decide which assistant is better, and then
answer \boxed{Assistant 1} or \boxed{Assistant 2}.

In addition to the training prompt used for RRM models, we also include the evaluation prompt used
for querying GPT-4o on the PPE benchmark. We follow the prompt format from Liu et al. [42],
which instructs GPT-4o to select the best response from a set of candidates based on several criteria.
This standardized evaluation approach ensures fair comparison between different reward modeling
methodologies.
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LLM-as-a-Judge Prompt Template

You are a skilled little expert at scoring responses. You should evaluate given responses based
on the given judging criteria.\nGiven the context of the conversation (the last round is the
User’s query) and multiple responses from the Assistant, you need to refer to the [General
Evaluation Criteria] to score the responses. Based on the general evaluation criteria, state
potential other specific criteria to the query, the weights of different criteria, and then select
the best response among all candidates.\nBefore judging, please analyze step by step. Your
judgement needs to be as strict as possible.

#### Evaluation Criteria ####
1. Instruction Adherence:\n - Fully Adhered: The response fully complies with all instructions
and requirements of the question.\n - Partially Adhered: The response meets most of the
instructions but has some omissions or misunderstandings.\n - Basically Adhered: The
response meets some instructions, but the main requirements are not fulfilled.\n - Not
Adhered: The response does not meet any instructions.\n Example: If the question requires
three examples and the response provides only one, it falls under “Partially Adhered.”
2. Usefulness:\n - Highly Useful: The response provides comprehensive and accurate
information, fully addressing the issue.\n - Useful but Incomplete: The response provides
some useful information, but lacks details or accuracy.\n - Limited Usefulness: The response
offers little useful information, with most content being irrelevant or incorrect.\n - Useless or
Incorrect: The response is completely irrelevant or incorrect.\n Example: If there are factual
errors in the response but the overall direction is correct, it falls under “Useful but Incomplete.”
3. Level of Detail:\n - Very Detailed: The response includes ample details covering all
aspects of the issue.\n - Detailed but Slightly Lacking: The response is fairly detailed but
misses some important details.\n - Basically Detailed: The response provides some details
but is not thorough enough overall.\n - Not Detailed: The response is very brief and lacks
necessary details.\n Example: If the response provides only a simple conclusion without an
explanation, it falls under “Not Detailed.” 4. Relevance:\n - Highly Relevant: The response is
highly relevant to the question, with information closely aligned with the topic.\n - Generally
Relevant: The response is generally relevant but includes some unnecessary information.\n -
Partially Relevant: The response has a lot of content that deviates from the topic.\n - Not
Relevant: The response is completely irrelevant.\n Example: If the response strays from the
topic but still provides some relevant information, it falls under “Partially Relevant.”

#### Conversation Context ####
{conversation context & query}

#### Responses to be Scored ####
[The Begin of Response]
{the response}
[The End of Response]

#### Output Format Requirements ####

Output with three lines
Specific Criteria: <Other potential criteria specific to the query and the context, and the
weights of each criteria>.
Analysis: <Compare different responses based on given Criteria>.
Scores: <the index of the best response based on the judgement, in the format of <\boxed{x}>.

A.2 Hyperparameters for Training RRM

Table 7 presents the key hyperparameters used for training RRMs. These parameters were carefully
selected to optimize the reinforcement learning process and ensure effective development of reasoning
capabilities in our models.
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Table 7: Hyperparameters used for training RRMs.
Hyperparameters
Batch size 128
Mini-batch size 64
KL loss coefficient 10−3

Sampling temperature 0.6
Maximum prompt length 4096
Maximum response length 8192
GRPO group size 16
Learning rate (RRM-32B) 5× 10−7

Learning rate (RRM-7B) 10−6

B Reward-Guided Best-of-N Inference

B.1 Detailed Results on Subsets of MMLU-Pro and GPQA

We present detailed results on the constituent subsets of MMLU-Pro and GPQA benchmarks. Figure 6
illustrates the performance comparison among our RRM-7B, RRM-32B models and Skywork-Reward-
Gemma-2-27B-v0.2 across the 14 subsets of MMLU-Pro. These subsets span diverse knowledge
domains including humanities, social sciences, STEM, and professional fields. The results reveal
interesting patterns in model performance. Notably, RRM-7B outperforms Skywork-Reward-Gemma-
2-27B-v0.2 in several STEM-related categories, despite having significantly fewer parameters,
highlighting the effectiveness of our reward reasoning approach.
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Figure 6: Performance comparison of Skywork-Reward-Gemma-2-27B-v0.2, RRM-7B, and RRM-
32B on the 14 subsets of MMLU-Pro.

More impressively, our RRM-32B model demonstrates consistently superior or comparable per-
formance across all subsets compared to Skywork-Reward-Gemma-2-27B-v0.2. This consistency
highlights the robust generalization capabilities of our larger model across diverse knowledge do-
mains. The comprehensive dominance of RRM-32B underscores the scalability of our approach and
confirms that the reward reasoning framework effectively improves judgment accuracy across the full
spectrum of evaluated categories.

Similarly, Figure 7 presents the performance breakdown across the GPQA subsets. The pattern
remains consistent, with RRM-7B showing stronger performance in certain technical categories while
occasionally lagging behind Skywork-Reward-Gemma-2-27B-v0.2 in more general knowledge areas.
Meanwhile, RRM-32B maintains excellent performance across all subsets. This comprehensive
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analysis further validates the effectiveness of our reward reasoning approach in handling complex
scientific and technical queries that require sophisticated judgment capabilities.
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Figure 7: Performance comparison of Skywork-Reward-Gemma-2-27B-v0.2, RRM-7B, and RRM-
32B on the 16 subsets of GPQA.

B.2 Go Further into Knockout Tournament

To gain a deeper understanding of the knockout tournament strategy described in Section 3, we
conduct additional experiments following the setup in Section 4.5.1. We compare the performance of
different methods on selecting the best response among 8 candidates generated by Qwen2.5-Math-
7B-Instruct for each MATH question. We reward the responses with RRM-7B and RRM-32B, and
benchmark them against Qwen2.5-Math-PRM-7B and Qwen2.5-Math-PRM-72B [78]. In addition
to using reward models, we also include non-verifier strategies such as majority voting (Voting@8)
and best-of-N oracle selection for reference. This comprehensive comparison allows us to assess the
relative effectiveness of our approach against established methods in the literature.

The numerical results are summarized in Table 8. When compared with baselines, RRM-7B surpasses
all comparison methods, including voting@8 and PRM judges. RRM-32B further narrows the
gap toward oracle-level accuracy, significantly outperforming PRM-based baselines. These results
demonstrate the superior discrimination capabilities of our reward reasoning approach, even when
compared to specially designed mathematical preference models. The consistent performance
advantage across different model sizes confirms the effectiveness of our framework in identifying
high-quality mathematical reasoning across varied problem complexities.

Table 8: Comparison between RRM and Qwen2.5-Math-PRM models on MATH.
Models Accuracy
Voting@8 86.8
Best-of-8 Oracle 91.7
Qwen2.5-Math-PRM-7B 87.8
Qwen2.5-Math-PRM-72B 88.5
RRM-7B 88.7
RRM-32B 90.4

As shown in Figure 8, as the knockout tournament progresses through successive elimination rounds,
we observe a consistent improvement in accuracy, demonstrating the benefits of iterative comparison.
Notably, the knockout tournament achieves this consistent accuracy improvement with only O(n)
pairwise comparisons. This efficient scaling behavior highlights the practical advantage of our
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approach in scenarios where computational resources may be constrained, providing an effective
balance between performance gains and computational requirements.
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Figure 8: Accuracy progression of the knockout tournament strategy on MATH as elimination rounds
proceed.

C Additional RL Experiments

Beyond the main results reported in Section 4.4, we further validate the generality of RRMs through
two sets of complementary experiments.

Alternative Base Model and Downstream Task We repeat the post-training experiments using
Deepseek-R1-Distill-Qwen-7B [43] as the base model. Figure 9 and Figure 10 present the evaluation
curves on GPQA and MMLU-Pro as the reinforcement learning proceeds. We observe that the
downstream performance improves consistently during training, confirming that RRMs remain
effective reward models even when applied to different architectures and datasets.

Test-Time Reinforcement Learning. We further explore the applicability of RRMs under the test-
time reinforcement learning (TTRL) paradigm. Specifically, we train DeepScaleR-1.5B-Preview [43]
on unlabeled queries from AIME24. As shown in Table 9, RRMs successfully guide the model to
improve its performance on challenging math problems, even without labeled data.

Table 9: Pass@1 on AIME24 using 5 samples per question. RRM-guided TTRL improves
DeepScaleR-1.5B-Preview performance on math problems without using labeled data.

Model AIME24 Pass@1
DeepScaleR-1.5B-Preview 43.3
+ TTRL w/ RRM-32B 50.0

D Response Length Analysis

D.1 Post-Thinking Lengths

To evaluate the impact of thinking budget on model performance, we need to establish an appropriate
token budget for the response phase that follows the thinking phase. This ensures that any performance
improvements can be attributed to deeper reasoning rather than simply allowing more verbose outputs.
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The careful calibration of this post-thinking budget is critical for isolating the effects of extended
reasoning from potential confounding factors related to output length.

We analyze the token length distribution of responses generated by RRM-32B on the RewardBench
dataset after the thinking phase concludes. Figure 11 shows the distribution of post-thinking token
length across various samples. The analysis reveals that all the responses require fewer than 100
tokens to express the final judgment after completing the reasoning process.
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Figure 11: Post-thinking token length distribution of RRM-32B.

Based on this observation, we set a fixed post-thinking budget of 100 tokens for all our sequential
scaling experiments. This budget is sufficient to accommodate typical response patterns while
preventing the model from extending its reasoning during the response phase, which would confound
our analysis of thinking horizon effects. By maintaining this consistent response budget across
all experiments, we ensure that performance differences can be directly attributed to variations in
the thinking phase length rather than differences in output verbosity. This methodological choice
strengthens the validity of our conclusions regarding the impact of extended reasoning on model
performance.

D.2 Thinking Lengths

To further illustrate the adaptive compute behavior discussed in Section 4.5.2, Table 10 reports the
average number of tokens generated before the </think> token across different task subtypes of
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RewardBench benchmark. This analysis confirms that the model dynamically adjusts its reasoning
length based on task complexity.

Table 10: Average number of tokens generated before the </think> token across different task
subtypes of RewardBench benchmark.

Task Subtype Average Thinking Length (Tokens)
Chat 421.97
Chat Hard 363.71
Safety 319.62
Reasoning 848.13

E Variance and Stability Analyses

To further assess the robustness of our approach against randomness, we provide two additional
analyses: (i) the stability of batch-ELO based scalar reward derivation, and (ii) the sensitivity of
RewardBench evaluation results to random seeds.

E.1 Stability of Batch-ELO Based Scalar Rewards

We first examine whether the batch-based ELO procedure introduces large variance due to random
opponent sampling. In a setup with 8 candidate responses, each response played against 4 randomly
selected opponents, repeated for 1,000 trials. We report the relative standard deviation (std/mean)
across trials for all candidates. As shown in Table 11, the relative deviation is consistently below 1%,
indicating that the ELO estimates are stable across batches.

Table 11: Relative standard deviation of batch-ELO scores across 1,000 trials.
Candidate Relative Std. Dev. (%)
1 0.197
2 0.259
3 0.244
4 0.288
5 0.195
6 0.002
7 0.247
8 0.285

E.2 Seed Sensitivity on RewardBench

To quantify the stochasticity in RewardBench evaluation, we run experiments with multiple random
seeds. Table 12 reports the minimum, maximum, and standard deviation across runs, in addition to
the reported average performance. The observed variability is very small with standard deviation
≤ 0.005, confirming that our reported results are robust to randomness in evaluation.

Table 12: Performance statistics of RRM on RewardBench across random seeds.
Model Benchmark Min Max Std Reported
RRM-7B RewardBench 81.9 83.2 0.005 82.2
RRM-32B RewardBench 90.7 91.4 0.003 91.2

F Reward Reasoning Pattern Analysis

Following Chen et al. [13] and Wang et al. [63] , we analyze the reasoning patterns of RRM-32B
by statistically measuring the proportion of model responses containing keywords such as ‘wait’
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and ‘alternatively’. We categorize the reasoning patterns into four categories: transition (switching
perspectives or strategies), reflection (self-checking or revisiting earlier steps), comparison (evaluating
multiple options), and breakdown (decomposing the problem), which is detailed in Table 13.

Table 13: Pattern groups and keywords applied in reasoning pattern analysis.
Pattern Group Keywords
Transition alternatively, think differently, another way, another approach, another

method, another solution, another point

Reflection wait, verify, make sure, hold on, think again, Let me check, seems
right, seems incorrect

Comparison more, compared to, comparison, between the two, similarly

Breakdown break down, break this down

As illustrated in Figure 12, compared to the Deepseek-R1-Distill-Qwen-32B model, RRM-32B
demonstrates a greater overall utilization of reasoning patterns when judging the superiority of two
answers, particularly in analyzing from different perspectives and conducting in-depth comparisons.
In contrast, the Deepseek-R1-Distill-Qwen-32B model employs the breakdown pattern more fre-
quently, suggesting a greater tendency to approach problems directly when making judgments, but
less inclination to compare the merits of the two answers and engage in self-examination. This
distinction in reasoning patterns highlights how our Reward Reasoning via Reinforcement Learning
framework shapes the model’s approach to evaluation tasks.
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Figure 12: Reward reasoning pattern analysis results. Compared to DeepSeek-R1-Distilled-Qwen-
32B, RRM-32B exhibits more transition patterns (40.63% vs. 33.73%), reflection patterns (63.28%
vs. 52.75%), and comparison patterns (89.84% vs. 85.29%), but fewer direct problem decomposition
(8.40% vs. 16.86%).

Table 14 presents detailed case studies comparing the outputs of Deepseek-R1-Distill-Qwen-32B and
RRM-32B. Each row corresponds to a single evaluation example, showing the responses generated
by both models. Within the responses to a single example, RRM-32B exhibits a stronger propensity
to iteratively apply reasoning patterns for more thorough and in-depth comparisons. The reasoning
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process of Deepseek-R1-Distill-Qwen-32B tends to be simple and monolithic—involving separate
analyses of the two answers followed by a summary. Conversely, the thinking process of RRM-32B
involves multiple iterations of self-reflection, comparative analysis, and consideration of various
perspectives, incorporating more detailed analysis and interpretation of the instructions.

• Iterative Reasoning: RRM-32B engages in multiple rounds of self-reflection and comparative
analysis, often revising or expanding its reasoning before reaching a final judgment.

• Depth of Analysis: RRM-32B considers different perspectives and provides more nuanced ex-
planations, whereas Deepseek-R1-Distill-Qwen-32B typically follows a simple, linear reasoning
path.

• Instruction Following: The iterative reasoning process enables RRM-32B to better adhere to task
instructions and deliver more accurate comparative assessments.

Overall, these examples highlight the qualitative differences in reasoning styles between the two
models. The iterative and reflective reasoning of RRM-32B appears to be a key factor underlying its
superior performance across diverse evaluation tasks.

33



Table 14: Case study of reasoning patterns of RRM-32B and DeepSeek-R1-Distilled-Qwen-32B.
DeepSeek-R1-Distilled-Qwen-32B RRM-32B
Okay, I need to evaluate which assistant provided a bet-
ter response to the given problem...Looking at the two
responses:
Assistant 1’s code starts by...
Assistant 2’s solution uses a bitwise AND approach....
In conclusion, while Assistant 1’s code has some issues,
Assistant 2’s solution is fundamentally incorrect because
the bitwise approach doesn’t apply to powers of three.
Therefore, Assistant 1’s response is better, despite its flaws,
because it attempts to handle the problem correctly, even
if it’s not perfectly implemented.
</think>
\boxed{Assistant 1}

Okay, so I need to figure out which assistant is better for
the given problem...
Looking at Assistant 1’s response...
Now, looking at Assistant 2’s response...
Wait, that’s a problem....
But then, what about the code from Assistant 1?... Let me
test it with some examples...
Wait, perhaps...
But neither assistant provided that solution. So, given the
two options, which is better?...
Alternatively, perhaps I’m missing something. Let me
think again.
Wait, the problem requires a solution without loops or
recursion...
Alternatively...
Looking back, Assistant 1’s code is ...
Assistant 2’s code is ...
Alternatively, perhaps I’m missing something. Let me
think again.
Wait, ...
Wait, the user’s instruction says: "Do NOT say both /
neither are good." So I have to choose between Assistant
1 or 2.
Given that, I think Assistant 2’s code is better because ...
</think>
The better response is...
\boxed{Assistant 2}

Alright, let’s evaluate the problem step by step...
First, I look at Assistant 1’s response...
Now, Assistant 2’s response is much simpler...
Therefore, Assistant 1 correctly addressed the exponentia-
tion but made a minor error in the final subtraction...
</think>
The correct evaluation requires...\boxed{Assistant 1}

Okay, so I need to figure out which assistant is better for
the given query. ...
Assistant 1 starts by ...
Assistant 2, on the other hand, ...
Looking at the instruction, the user wrote...
However, the problem is that the instruction might be am-
biguous. If ..., then Assistant 2 is correct. But if ..., then
Assistant 1 is correct. Since the instruction is...So I think
the intended operation is exponentiation.
Therefore, Assistant 1’s approach is more accurate for the
likely intended problem. However, if the problem was
meant to be multiplication, then Assistant 2 is correct. But
given the notation, exponentiation is more probable. So
Assistant 1’s answer is better in that context.
But wait, the user’s instruction is...
Hmm, this is a bit confusing. I need to decide based on
the instruction. ...
But if ...
Given that, Assistant 2’s interpretation is more likely cor-
rect...
So, considering the instruction’s ambiguity, but leaning
towards multiplication, Assistant 2 is better.
</think>
The instruction is ambiguous, but Assistant 2 correctly
interpreted it as multiplication, providing the accurate re-
sult.
\boxed{Assistant 2}
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