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LLMs are becoming good at reasoning

Coding Tasks Math Tasks

But can Reward Models catch the mistakes made by LLMs?



A Motivating Example
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A Motivating Example

LLM-generated solutions often sound convincing  
even when they are wrong
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A Motivating Example
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A Motivating Example

Reward  Models (RMs) today are not very good at 
determining correctness for reasoning tasks.
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Related Work

Reward models for reasoning:  
• (Cobbe et al., 2021; Uesato et al., 2022; Lightman et al., 2023) 

Prompting the language model to verify a solution: 
• LLM-as-a-Judge (Bai et al., 2022; Kim et al., 2023; Ling et al., 2024; Zheng et al., 

2024) 
• “Large Language Models Cannot Self-Correct Reasoning Yet”, Huang et al, 2023 

Training language models to verify self-generated solutions / self-correct: 
• CriticGPT (McAleese et al, 2024) 
• Training Language Models to Self-Correct via Reinforcement Learning (Kumar et al, 

2024)
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Classical Reward Models

• Finetune a pre-trained LLM to use one of its logits as the 
binary classifier 

• Why can’t it reliably determine solution correctness? 

• Hypothesis: LLMs need tokens to think, even for verification
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Reward Modeling as Next-Token Prediction

• Idea: output a verification CoT before determining the score
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Reward Modeling as Next-Token Prediction

10

Zhang, Lunjun, et al. “Generative Verifiers: Reward Modeling as Next-Token Prediction.”

• Idea: output a verification CoT before determining the score



Reward Modeling as Next-Token Prediction
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At test-time, we sample multiple CoT rationales and use majority voting 
to compute the average probability of ‘Yes’, enabling GenRM-CoT to 

utilize additional inference-compute for better verification

Reward Modeling as Next-Token Prediction
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Synthetic Data for Training
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• Use model-generated verification CoT for training, filtered based on 
correctness 

• Provide a reference solution during training data generation, making 
it easier for an LLM to point out any reasoning error 

• Reference solution: any model-generated solution that arrives at 
the correct final answer 

• Not included during actual finetuning, so no train/test mismatch



Outperforms LLM-as-a-Judge, DPO, and classical RM on reasoning

Reward Modeling as Next-Token Prediction
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6.4x efficient than Classical RM on MATH

Reward Modeling as Next-Token Prediction
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Easy-to-Hard Generalization  
from Grade School Math to high-school math 

Reward Modeling as Next-Token Prediction
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Easy-to-Hard Generalization  
The improvements are more significant on harder tasks

Reward Modeling as Next-Token Prediction
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Unifying Generation and Verification
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GenRM-CoT allows an LLM policy to also be used as a RM.



Scaling Test-time Compute

GenRM-CoT allows an LLM to think more and perform better
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Thank you for listening
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