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Chain-of-Thought (CoT)

• Go-to for larger (>100B param) models.

Best-of-N (BoN)

• Tree-based approach.

• Search + Rewards

• Helps smaller (~10B or <10B param) models 
reach the performance of larger ones.

• However, use of external verifiers, like Process 
Reward Models (PRM) impose compute cost.

Large Language Model Reasoning

Our method replaces the costly PRM in tree-
based Test-Time Scaling methods with 
internal confidence measures. 

We test it on several reasoning benchmarks 
such as AIME24/25, MATH500 & AMC.

GG outperforms CoT/BoN on all of these 
metrics. Also, it significantly reduces the KV 
cache GB cost compared to BoN. 

GG: Guided by Gut Acc. Increases & Memory Savings

LLM internal statistics already provide 
information on whether an answer is good.
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Next Token Prediction: Each token 𝑠𝑖
𝑡 in an 

answer is picked from a distribution, 𝑝(𝑠𝑖
𝑡).

Higher 𝑝(𝑠𝑖
𝑡) means the LLM is more confident 

that the token should be selected. 

LLM Internal Confidence Statistics

Not only does GG outperform BoN at the 
same evaluation budget using fewer 
resources, it also enables smaller 
reasoning LLMs, like R1-Qwen-7B, to 
compute with much larger models like R1-
671B at a fraction of the GPU memory cost. 
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GG: Ditch PRMs for Confidence & Novelty

𝑟𝑡 = 𝐶 𝑠𝑡 + 𝜆𝑁𝑁(𝑠
𝑡)

• 𝐶(𝑠𝑡) – Confidence; summation computed 
over logits of the tokens in response 𝑠𝑡.

• 𝑁(𝑠𝑡) – Novelty; Proportion of new tokens 
considered against existing context.

• Correlate confidence with correctness using 
GRPO RLHF calibration.
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