Optimizing Visual Generative Models via Distribution-wise Rewards
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(1) Reference Set Generation
Sample-wise RL rewards optimize each image independently, which can lead to
reward hacking, visual artifacts, and diversity collapse. We instead optimize a

141 distribution-wise reward that evaluates how well generated samples match the real
data distribution, encouraging both high fidelity and broad sample diversity.
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Turn distribution-wise FID into sample-wise Rewards

A, Directly optimizing FID is costly and sparse because it evaluates an entire generated
distribution (~50K). We make it trainable by subset replacement: for each rollout, a
small same-class subset (~50) of the generated reference set (~5K) is replaced by
new samples. The updated set is compared with the real distribution using FID, and
=FID becomes the reward assigned to those newly generated samples.
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In Short...

Generate a Refenence Set with 5K images, replace 50 of them,
recalculate the FID-5K, use -FID as rewards for the newly
generated 50 images.

' Diffusion 2o
7 Policy Network NG ¢
A m———

I Policy Gradient Update I

How effective is distribution-wise Model Training Steps  FID | FDpow: 4 Ablation Studies
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