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1 | ' Policy Gradient | s=0,1,...,5— u X . . X X .
o Update x 1 ' Generate rollouts with the current policy mg=.0 on prompts from D. el B 20 110 e 20 P72 N19
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............................ ) S Okt g5k — 7o L(0%F)  // Stage I: Fast Trajectory SFPO 8610 32.50 3083 7028 3281 5067 5053
enc tor | K s - Base 83.60 28.33 2500 6175 4173 4889 4821
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* In practice, rollout generation is both computationally * Stage I: Fast Trajectory * Strong gains on challenging reasoning Ero0 H
expensive and statistically inefficient, as each trajectory is In standard on-policy policy-gradient methods, each step is tasks (e.g., up to +7.5 on AIME 25). 2100 2
used only once under strict on-policy constraints. updated by a single stochastic gradient, suffering from high + Generalizes beyond math to code tasks: ® aining step
variance. SFPO mitigates this by performing a short fast SFPO improves code generation performance (e.g., 18.91 ->
* The stochastic nature of rollouts introduces high variance in trajectory of k inner updates: 21.77), demonstrating broader applicability.
gradient estimation, particularly in early training when gsk+1L — gk v c(as,k) k=0 K—1
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policies are still poor calibrated. More Efficient Tra|n|ng
Motivation . Stage I: Reposition Quen2.5:Math'158 DS-RI-Distill-Quen1.58 gy p2uan3:48-Baze DS-R1-Distill-Qwen-78
While the fast trajectory of Stage | improves stability, it also ;:j: foso l
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. o - . . . changes the nature of the update from on-policy to off-policy. Lo 2oa
* Improving training efficiency requires going beyond single- SFPOg' p . P hat i P | Y h pf Y $on fos |
. - e ) introduces a reposition step that interpolates that fast £oa "
batch ono-policy updates, but doing so risks introducing . P : . P : P o <oz H
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¢ 4-5x reduction in rollout usage.

* Existing approaches either strictly follow on-policy updates
with limited learning signal, or reuse trajectories at the cost
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Stage Ill: Slow Correction.

Training Time (hours)

of stability. ) . . . * Up to 4.19x end-to-end
SFPO further applle: a slow correction aligned with the local - speedup with no extra memory
t int: .
* This reveals a fundamental tension between on-policy curvature at the undate nnin e “";g%‘a EET e "”.,.(;“ =% cost

. . . e as . . . s+1 _ ps, K ns, K
consistency and efficient utilization of trajectory information. 05 = 62" — Vo L(07F).
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