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1.1 Tool-integrated Reasoning

TORA: A TOOL-INTEGRATED REASONING AGENT FOR MATHEMATICAL PROBLEM SOLVING ICLR24
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1.2 Long CoT Reasoning 

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

� How can we synthesize high-quality training data when models like 
o3 and o4-mini do not expose their detailed reasoning traces?

� How can the model effectively coordinate a CI’s computational 
precision with its abstract CoT reasoning capabilities?

� How can the self-reflection mechanisms inherent to LRMs be 
reconciled with the exact external knowledge provided by CIs?
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3.1 Cold Start – Prompt-Hint
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3.1 Cold Start – Hint-engineering
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3.2 Strong-to-weak Distillion



1111

3.2 Code-integrated Reinforcement Learning

• Rollout with Code Interpreter
• Persistent Execution Environment
• Output Masking
• Reward Design
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4.1 Setup

� Model 
• Base model:R1-distill-Qwen-1.5B, R1-distill-Qwen-32B

� Data
• Training: previous AIME problems  (before 2024), MATH and Numina-MATH, 

Evaluation: AIME24, AIME25, AMC23, MATH500, Olympiad
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4.2 Main Result
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4.3 Token Efficiency Analysis
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4.3 Code Behavior Analysis
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4.4 Code Reward in RL 
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❖ Conclusion

� Conclusion
• High-quality data with optimal code behavior patterns can match or exceed the 

performance of larger datasets, while reinforcement learning significantly 
improves performance beyond SFT, particularly for smaller models. 

• The Hint-Engineering approach achieves remarkable efficiency, reducing token 
usage by 30-50% while maintaining competitive performance.

• Moreover, RL shapes code usage behavior toward either efficiency or increased 
integration.
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