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Background
■ Two sources of cost in RLVR

➢ Annotation cost: Reliable labels may require expert input.

➢ Training cost: Repeated long rollouts consume compute.



Motivation
■ Data selection usually relies on labeled answers

➢ Accuracy reflects model mastery, but requires reference answers.

➢ This spends the annotation budget before selection even begins.

■ Self-generated rewards are useful only when reliable

➢ Unreliable self-feedback can reinforce errors during training.

➢ Annotation should target questions whose self-feedback we cannot trust.

■ Pick in the Dark: select questions before labeling

➢ This requires estimating model uncertainty without labeled answers.



Motivation
■ Model uncertainty guides what to train on and what to label

➢ Learning utility and self-feedback reliability move in opposite directions.

Learning utility Self-feedback reliability

Low Moderate High
Model uncertaintyConceptual relationship

Already mastered
Skip training

Reliable self-feedback
Train without labels

Unreliable self-feedback
Annotate, then train



Motivation
■ Existing uncertainty scores do not reliably rank model mastery

➢ Weak separation: CoE and CoT-Kinetics.
➢ Misordered certainty levels: entropy and self-certainty.



Method
■ PivotTrace: uncertainty-guided data selection

➢ Trace metacognitive pivots to estimate uncertainty without labels.

➢ Calibrate selection cutoffs, then route questions to training or annotation.



Metacognitive Pivots
■ Like humans, uncertain models may revise earlier reasoning

➢ These shifts, called metacognitive pivots, attract sustained attention from later tokens.

➢ More pivots indicate greater model uncertainty.

Attention peaks reveal key reasoning shifts



Attention-Based Pivot Detection
■ Aggregate long-range attention

➢ Average over a bounded future window.

■ Select global attention heads
➢ Retain the top 20% by long-range attention.
➢ Exclude heads dominated by local patterns.

■ Count prominent attention peaks
➢ Filter peaks by height, prominence, and spacing.
➢ The pivot count is the uncertainty score.

Long-range attention

Detected metacognitive pivots



Uncertainty-Guided Data Selection
■ Calibrate two cutoffs using a small labeled probe set

➢ Rank by pivot count, sample 100 probes, and track local mean accuracy.

Sliding-window mean accuracy
Schematic

70%

30%

Low cutoff High cutoff Pivot count

Low cutoff
First window below
70% accuracy

High cutoff
First window below
30% accuracy

■ Apply the cutoffs to the full unlabeled question pool

Low uncertainty

Discard
Low learning utility

Moderate uncertainty

Train without labels
Majority-vote rewards

High uncertainty

Annotate, then train
Verified rewards



Experiments
■ Better accuracy with fewer labels and less training data

➢ 29.3% labels and 57.9% training data outperform full supervision.

Qwen3-4B-Base on nine in-domain and out-of-domain benchmarks



Experiments
■ Annotation efficiency

➢ Beats the strongest baseline with 1k labels.

■ Training efficiency
➢ Converges 2.75× faster than full supervision.

(a) Performance vs. annotation budget (b) Convergence in training steps



Thanks for Listening!
Paper: arxiv.org/abs/2606.04503

Code: github.com/gczhu/PivotTrace

https://arxiv.org/abs/2606.04503
https://github.com/gczhu/PivotTrace
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