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LLM Reasoning

Chain-of-Thought (CoT) is good 
for larger models, like 
DeepSeek-R1-671B.

For smaller (<100B) LLMs, tree-
based methods work:
• Best-of-N (BoN) sampling
• Search + Rewards 



Tree-Based Reasoning

For each reasoning step, sample N 
possible answers.

Pick the Best-of-N answers.

Issue? How do we know which answer is 
the best? Process Reward Model (PRM)
• Usually, larger, supervisory LLM. 
• Imposes memory & latency overhead.



Tree-Based Reasoning

For each reasoning step, sample N 
possible answers.

Pick the Best-of-N answers.

Issue? How do we know which answer is 
the best? Process Reward Model (PRM)
• Usually, larger, supervisory LLM. 
• Imposes memory & latency overhead.

Can we get strong reasoning without 
heavy compute or external verifiers?



Guided by Gut: Intuition

Ditch the PRM. 
LLM already has an idea of how 
good a potential answer is.  
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Guided by Gut: Method

Formulate reward 𝑟! using 
internal statistics:

𝑟! = 𝐶 𝑠! + 𝜆"𝑁(𝑠!)

These terms?
• 𝐶 𝑠! - Confidence.
• 𝑁 𝑠! - Novelty.



Confidence and Novelty

𝑟! = 𝐶 𝑠! + 𝜆"𝑁(𝑠!)

Confidence 𝐶(𝑠!) based on the internal logits for tokens 
selected to form reasoning step 𝑠! = [𝑠#! , 𝑠$! , … 𝑠%! ]

Novelty 𝑁(𝑠!) proportion of new tokens considered relative to 
existing context. 

Calibrate using GRPO. Confidence-driven 𝑟! a reliable signal. 



RLHF Calibration

Confidence != Correctness. But we can combine them.

Compute weighted confidence 𝒞(𝑅&) over 𝑘 steps.

GRPO reward based on if the answer is correct or not:

𝑟& = 1 1 + 𝒞 𝑅& ', 𝑎𝑛𝑠𝑤𝑒𝑟 𝑖𝑠 𝑐𝑜𝑟𝑟𝑒𝑐𝑡
1 − 10𝒞 𝑅& ', 𝑎𝑛𝑠𝑤𝑒𝑟 𝑖𝑠 𝑛𝑜𝑡 𝑐𝑜𝑟𝑟𝑒𝑐𝑡



Experimental Baselines

Method Key Idea
Chain-of-Thought (CoT) Single Reasoning Path
PRM Search External Verifier
Guided by Gut Internal Confidence-

Guided Search

Benchmarks: AIME24/25, MATH 500, AMC



DeepSeek-Qwen-1.5B Results
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DeepSeek-R1-Qwen-1.5B Results on 
AIME25



DeepSeek-Qwen-1.5B Results
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DeepSeek-R1-Qwen-1.5B Results on 
AMC



KV Cache Savings
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Overall Look
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Conclusion

Don’t need larger models 
or heavy inference.

GG: Better reasoning 
from smarter search.
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