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METHODOLOGY

OBSERVATIONS EXPERIMENTSMOTIVATION

High-Confidence Paths Lead to 
Efficient Reasoning

High-Confidence Paths Lead to 
Confident Ends

p Pass@1: Existing sampling strategies fail to 
enable timely termination of thinking.

p Pass@k: Scaling CoT length does not lead to 
correct answers.

Training Dynamics of SAGE-RL

Performance of SAGE

Statistics of RFCS on MATH500 across LRMs

Scaling Exploration Drives Capability 
Convergence

The surprising performance of relatively shorter responses in
pass@k reveals the inherent potential of the model for efficient
reasoning. The pervasive redundancy of reasoning steps in pass@1
indicates that current sampling paradigms obscure this potential.

Performance on Challenge Math Benchmarks

Base LRMs SAGE-GRPO-tuned LRMs

p TSearch uses the average cumulative log-probability Φ as a
confidence measure over reasoning paths, performs token-level
expansion to retain the top-m high-confidence candidate chains, and
terminates once </think> appears with sufficiently high confidence,
thereby revealing the existence of concise yet effective reasoning
paths within the model.
p SAGE further reformulates TSearch from token-level search into
step-level reasoning-chain exploration: it samples complete
reasoning steps at each expansion stage and directly leverages the
model’s confident termination signal over </think> to identify
shorter and more accurate CoTs.
p SAGE-RL incorporates SAGE as a hybrid sampler in the RLVR
rollout process, where part of each response group is generated by
SAGE as high-quality concise reasoning samples while the
remainder is produced by standard random sampling, enabling the
model to internalize efficient reasoning patterns under standard
pass@1 inference.


