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Large LanguageModels (LLM) for Reasoning
• LLMs are trained with Reinforcement Learning (RL)

• Learned from the correctness of solutions (a verifiable reward)
• Coding, mathematical problems, question-answering

Reasoning model (o1) vs. non-reasoning model (gpt4o)

RL from Verifiable Rewards

https://openai.com/index/learning-to-reason-with-llms



Test-time Scaling of Reasoning Models

• Two paths of LLM scaling:
• Training-time compute
• Test-time compute

• Can we find a synergy of them?

• Test-time improvement of LLMs:
• Generate multiple answers and

• Select the most consistent one
• Use an external verifier to choose the answer with the highest score



Synergize Training- and Test-time Compute
• Can we find a synergy of training- and test-time compute?

• Simple combination does NOT work!

• External verifiers haven’t seen the solutions of RL models before
(distribution shift)



Self-Verification Paradigm
• How to deal with the distribution shift issue?

• Train a unified model for both problem-solving and verification

The model itself knows how to verify its answer better.



Incentivizing the LLM to Verify Answers

• Generative Verification:
• Ask the model to generate predicates and judgments
• [thinking] Is the answer correct? (Yes/No)

• Keep the original capability as a reasoning model
• A Unified RL process
• Train problem-solving and verification simultaneously

• Policy-aligned online data buffer
• Dynamic verification reward



Experiment Results

Better greedy-decoding scores after RL!

Better verification accuracy even than GPT-4o!

Better test-time performance using 16 generations!
Efficient token usage and time cost!


