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Post-Training Algorithms

- Evolution in LLM

- 2024: DPO / Online-DPO dominated alignment methods
- 2025: GRPO / PPO replaced DPO across LLMs

- Offering better stability, on-policy updates, and higher reward efficiency.

Can an online RL method like GRPO can be

applied to Flow Matching Models?




Existing Post-Training Algorithms: DPO

- Limitations of Flow-DPO

- DPO: Learns directly from preference pairs — low data efficiency, limited

performance gain.

- GRPO: Trains a reward model to relabel online generated new samples —
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more stable training with steadily improving rewards.
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Post-Training

Algorithms: GRPO
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Wow, few-step, low-quality

samples suffice for RL




Challenges & Solutions

Challengel: GRPO require a statistic sampling, but FM is trained for

deterministic sampling.
Solution1: ODE-to-SDE
dmt — ‘Utdt,

V- [fsoepu(@)] + 5 V2Io?pi(@)] = — - [on(s, Opi(e)

with equal marginal distribution

5 _
o
Lty At — Ty - ’Ug(ﬂ’)t,t) =7 2—1(3% == (1 — t)’l)@(ﬂ?t,t)) At + OtV At e




Challenges & Solutions

Challenge2: GRPO requires multiple samplings, and each sampling takes
about 50 steps -> Too slow!

Solution2: Denoising Reduction. Just 10-step training are sufficient to boost

performance for 40-step inference -> Fast!
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Challenges & Solutions

Challenge3: Reward Hacking problem-> Overfitting to the imperfect rm
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Solution3: KL divergence can effectively prevent reward hacking.

Ours Ours
(w/ KL) (W/o KL)

SD-3.5-M

e @

A photo of four apples



Experiments
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