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Introduction
Problem. RLHF improves preference alignment but can collapse visual 
diversity, limiting exploration and perceptual coverage.

Flow-GRPO Perc-EC (Ours)

Why direct adaptation fails. Unlike token-level entropy in LLMs, native flow-
policy entropy is fixed by the noise schedule. Directly transferring entropy 
constraints cannot track perceptual collapse.

Contributions
1. We explain why policy entropy stays constant during RLHF and why mode-seeking 
updates still cause perceptual diversity collapse.

2. We introduce perceptual entropy and an empirical entropy–reward relationship, 
and propose Perc-EC and Perc-VC to preserve diversity.

3. We demonstrate gains on FLUX.dev and SD3.5-M across neural/rule-based 
rewards and PickScore and DINO perceptual encoders.

Constant Policy Entropy
The noise schedule fixes the transition covariance. Model updates change 
the Gaussian mean, not the analytical policy entropy.

Diversity Collapse
Mode-seeking updates favor high-reward regions. The old-policy KL term in 
the gradient decomposition pushes away from the old policy.

Method: Perceptual Entropy
Insight (Representation Perspective)

Perceptual probability and entropy
Noised samples and old-policy means are first decoded into pixels, then mapped into 
perceptual space by a perceptual encoder.

Connection to conditional feature-space variance
Within a local reverse step, assume that the perceptual encoder is approximately mean-preserving. 
Then perceptual entropy tracks conditional feature-space dispersion:

Empirical entropy mechanism

Perceptual Entropy Constraint (Perc-EC)

Directly promote perceptual dispersion alongside preference reward. Larger regularization weights 
encourage broader perceptual coverage.

Perceptual VAE Constraint (Perc-VC)

Anchor the perceptual score distribution to the diversity-preserving generation-space reference, 
instead of unconstrained entropy maximization.

Method: Perceptual Reward Shaping
Optimizing independent auxiliary losses introduces competing gradients and 
instability. We instead incorporate perceptual constraints directly into the reward 
signal.

Task and perceptual rewards are jointly normalized within the same rollout group, followed 
by the standard GRPO clipped surrogate.

Experiments
Entropy regularization comparison

Generalization to DDPO

DDPO: reward (left) and within-group perceptual variance (right).
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