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• Insight: LLM’s intrinsic probability of generating a correct answer directly indicates its own 
evaluation of the reasoning reward (i.e., how well the reasoning process leads to the correct 
answer



• Probability-based reward: Using average token probability is much more robust than naive 
likelihood-based reward signal. 
– For instance, (0.01, 0.7, 0.9) and (0.05, 0.7, 0.9) yield vastly different likelihood score.

• Reward debiasing: Reducing influence of unobserved latent factors other than reasoning 
quality by introduce a baseline without reasoning 𝑧.

• Standard deviation filtering: Keep only prompts with reward standard deviation larger than a 
dynamic threshold.
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• RLPR significantly improves the reasoning capability, even surpassing methods using dedicate 
verifier models by +1.0 on average across seven benchmarks..
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• RLPR exceeds concurrent VeriFree by 7.8 on TheoremQA and 7.5 on Minerva
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• RLPR shows better robustness and learning efficiency, while VeriFree exhibits great sensitivity 
to the choice of prompt and achieves lower performance.
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• Probability-based reward (PR) quality: we rank 
responses for each prompt according to the 
respective rewards and compuate the ROC-AUC 
metric.

– PR consistently outperforms rule-based and model-
based verifiers.

– 0.5B small-sized model is enough to generate high-
quality rewards.
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• Ablation Study: all components are crucial, and using likelihood instead of token average 
probabiltiy can significantly hinder the training stability and final performance.

• PR on verifiable domains: we study the effectiveness of RLPR on math domains using the dataset from 
PRIME, and observe that including PR can further improve the utilization of mathematic data.
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• Important questions in LLM+RL

• Data scaling

• Effective exploration

• Training Efficiency
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