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Motivation

Q: Can we find a trade-off between methods 

using:

- massive single-turn sampling

- complex prompt engineering

Target Benchmark (Competitive programming):

- CodeContests

- TACO

- LiveCodeBench



Contributions

Comprehensive experimental survey of CoT and 
execution feedback in both single-turn and multi-turn 
setup under equal compute constraints

3 Key Insights:

- Single turn: reasoning (NL → NL) + instruction (NL 
→ Code) is best, CoT can degrade performance

- Multi-turn: can be worse than single-turn under 
fixed sampling budget

- Rejection Sampling Fine-tuning: Reasoning can be 
learned via fine-tuning on multi-turn CoT data



Prompting and Feedback Space



Single turn

Main take-away: CoT works best for hard problems, large models and high sampling



Multi-turn

Main take-away: execution feedback granularity impacts model’s multi-turn behavior (exploration v.s. exploitation)



CoT Rejection Sampling

Main take-away: models can internalize reasoning behavior without any specific prompting through rejection sampling finetuning.
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Conclusion

Limitations / future work:

- Only focus on linear trajectories (not tree structures, back-tracking)

- Use the number of LLM forwards / evaluations (pass n@k) not number of tokens

- More advanced training beyond SFT / RFT


