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Reinforcement Learning with Human Feedback (RLHF)
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• Passing the fine-grained feedback
learned from the reward model
to the supervised fine-tuned
language model

• Yields the final model that
generates even better response

• RLHF is widely used in
preference/trustworthy/safety
alignment



Reward Modeling as Regression
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Reward Modeling as Generation
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• ScalarRMs map each model
generated response to a scalar
score.

• GenRMs leverages the generative
capability of decoder-only models
by instructing.



Reward Modeling as Reasoning
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• Inspired by recent advances of long 
chain-of-thought (CoT) on 
reasoning-intensive tasks

• For the first time, we validate that 
integrating reasoning capabilities 
into Generative reward modeling 
significantly enhances RM‘s
performance.
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RM-R1: Training pipeline
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The training consists of two key stages: 
(1) distillation of high-quality reasoning chains 

(2) reinforcement learning with verifiable rewards.
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RM-R1 Training Stage 1: Distillation
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• Why distillation? Without fine-tuning on specialized reasoning traces, an off-the-shelf models 
may struggle to conduct consistent judgments.

• The Distillation process is resembles Imitation Learning

• We minimize the negative log-likelihood (NLL) loss:

Chen et al., “RM-R1: Reward Modeling as Reasoning.” ICLR 2026.
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Distillation Data Synthesis
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• Subsample from preference data

• For each , generate reasoning trace (rationales)

• Construct Distillation data

Chen et al., “RM-R1: Reward Modeling as Reasoning.” ICLR 2026.
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RM-R1 Training Stage 2: Reinforcement learning
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• The training consists of two key stages: 

• (1) distillation of high-quality reasoning chains 

• (2) reinforcement learning with verifiable 
rewards.

• Why RL? 

• Sole distillation often suffers from overfitting 
to certain patterns in the offline data

• Constrains the model’s ability to generalize 
its reasoning abilities for critical thinking

• RL is known for better generalization
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Chain-of-Rubrics Rollout
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• Chain-of-Rubrics (CoR) enables the
model to self-generate grading
rubrics before thinking

• Splits Chat and Reasoning types of
questions
• Chat: the model generates a set of 

evaluation rubrics

• Reasoning: the model solves the
problem itself, and use its own solution
as the rubric

• Evaluate the responses and give
judgement

Chen et al., “RM-R1: Reward Modeling as Reasoning.” ICLR 2026.



Single Correctness Reward is Enough
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• Rule-based reward has demonstrated by DeepSeek-R1 to be effective for
stimulating reasoning

• We mainly focus on correctness and omit others like format rewards
• The distilled models have already learned to follow instructions and formatting.

• Use GRPO/PPO to train RM-R1.
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Rubric-based Reasoning Improves Reward Accuracy

12

• Empirical results show that RM-R1 achieves 
sota or near sota performance of generative 
RMs on RewardBench, RM-Bench and RMB, 
outperforming much larger open-weight 
models (e.g., Llama3.1-405B) and 
proprietary ones (e.g., GPT-4o) by up to 
4.9%.
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Thank you!

Xiusi Chen
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