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Main ldea

Takeaway: SetPO assigns each rollout a leave-one-out set-diversity credit, then incorporates that credit into GRPO/GSPO/DAPQO advantages to preserve diverse reasoning modes while improving accuracy.
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3. Preserve plug-in compatibility
Only the advantage changes; clipping, KL control, and the base policy-optimization objective remain

unchanged.

2. Assign marginal diversity
Removing each trajectory reveals whether it covers a distinct mode or mostly duplicates nearby samples.

1. Measure semantic crowding
Complete trajectories are compared in embedding space, so the signal captures solution-level novelty rather

than surface-form entropy.

Motivation: RLVR Can Collapse Reasoning Modes

= RL with verifiable rewards improves mathematical reasoning, but its gains often concentrate
probability mass on a narrow set of solutions.
= Token entropy is a noisy diversity proxy: it is length-biased and cannot distinguish semantically

Theory: Why the Credit Penalizes Redundancy

Pass@K, Countdown, and Scaling

Population perturbation. For P. = (1 — €)P + €0, the influence of a trajectory decomposes into
novelty and interaction:

I(1;P) = g(mp(7)) +Eyup [g/(mP(y))k(ya T)} —¥(P).

Countdown task. SetPO improves sample efficiency under different rollout counts, temperatures,

and KL penalties.
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reinforce the same mode and make alternative valid strategies harder to maintain during training.
Interpretation. A trajectory receives high credit only when it occupies a sparse region and does

not congest the neighborhoods of other rollouts. This makes SetPO different from pairwise repulsion:
credit is assigned by contribution to the whole sampled set.

Reading. Wider solution coverage translates into
better Pass@K: SetPO keeps useful alternatives alive
instead of merely spreading token-level surface forms.
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Hard benchmark gains at 7B.

complete trajectories. = SetPO is not a small-model artifact: the same set-level credit improves Pass@K at the 32B scale.

Kernelized local mass. Method AMC23 AIME24 AIME25 College Math = Gains become clearer when the sampler has a larger budget, where diverse reasoning modes
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Model Parameter Scale

The result is a drop-in shaping term for group-based policy optimization. Olympiad. SetPO improves performance and

reduces variance for both GRPO and GSPO. Diversity. SetPO-enhanced methods obtain

higher AIME24 solution-diversity scores.



