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Abstract

Reinforcement learning from human feedback (RLHF) is001
key for aligning generative models with human preferences,002
but applying it to diffusion models is feedback inefficient.003
We propose two strategies to improve efficiency while main-004
taining generalization. First, a per-timestep weighting005
scheme, theoretically grounded in PPO convergence prop-006
erties, emphasizes informative denoising steps. Second, a007
replay mechanism prioritizes high-advantage trajectories,008
reducing new reward queries. Together, these achieve up to009
6× better sample efficiency than standard diffusion RLHF010
baselines.011

1. Introduction012

Diffusion models [36] have become the leading framework013
for high-quality image generation. However, because they014
are trained to reproduce the distribution of their training015
data, they do not inherently reflect human preferences. Re-016
cent work [2, 8] addresses this limitation through reinforce-017
ment learning from human feedback (RLHF) [6], which018
fine-tunes diffusion models using scalar feedback from hu-019
man or reward models to explicitly optimize for preference020
alignment.021

A key challenge in diffusion RLHF is credit assignment:022
since feedback is only given on the final image, methods023
like DDPO [2] assign uniform loss across all timesteps.024
This ignores that different timesteps edit the image at dif-025
ferent granularities [22], leading to inefficient training.026

Prior work addresses this by contrasting paired trajecto-027
ries from the same initial noise that diverge at a designated028
branching timestep [13, 45]. However, this only isolates029
the effect at the branching point. Earlier steps remain iden-030
tical and uninformative, while later steps still receive uni-031
form advantage. This leaves the broader credit assignment032
problem unresolved and requires multiple reward evalua-033
tions per noise sample, reducing efficiency.034

We argue that reward information in diffusion trajec-035

Figure 1. Augmenting existing RLHF frameworks (bottom curve)
with our method leads to significant sample efficiency improve-
ment (top curve).

tories is inherently unevenly distributed: some denoising 036
steps and trajectories carry significantly more learning sig- 037
nal than others. To exploit this, we propose two comple- 038
mentary strategies that emphasize informative training data. 039
First, we introduce a per-timestep weighting scheme for de- 040
noising steps during optimization. We theoretically moti- 041
vate this by connecting Group Relative Policy Optimization 042
(GRPO) and Proximal Policy Optimization (PPO), showing 043
that each timestep should be weighted proportionally to its 044
TD-error advantage variance. Since this is infeasible to es- 045
timate efficiently during training, we approximate it using 046
the squared magnitude of per-timestep latent change. 047

Second, inspired by replay buffers in robotics reinforce- 048
ment learning (RL) [1, 19, 30], we introduce a trajec- 049
tory replay mechanism that reuses informative past trajec- 050
tories rather than discarding them. Following prioritized re- 051
play [30], we hard-mine trajectories with the largest advan- 052
tages [35] for maximal sample efficiency. Together, both 053
strategies reduce the need for new reward evaluations while 054
improving training efficiency. 055

Overall, our method improves the efficiency of the base- 056
line by 2–6×, as shown in Fig. 1, while remaining simple 057
and compatible with existing diffusion RLHF pipelines. 058

In summary, our main contributions are: 059

• A computationally practical and mathematically moti- 060
vated per-timestep weighting scheme that mitigates the 061
credit assignment problem in diffusion RLHF. 062

• A replay buffer mechanism that retrieves informative past 063
trajectories during training, reducing the need for re- 064
peated reward queries. 065

• A simple, plug-and-play method that integrates seam- 066
lessly into existing diffusion RLHF pipelines without ar- 067
chitectural changes. 068
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• Extensive experiments demonstrating consistent gains069

across diverse reward functions, underscoring the gener-070

ality of our approach.071

2. Related Work072

Replay Buffers. Replay buffers are standard in off-policy073

RL [9, 18, 21] but absent from on-policy methods like074

PPO [33] and TRPO [32]. Extensions include hindsight075

experience replay [1], prioritized experience replay [30],076

energy-based sampling [47], synthetic trajectory genera-077

tion [19], retrieval-based robotic learning [41], and TD-078

error-based hard-mining for PPO [17].079

RLHF. RLHF was scaled to pretrained LLMs by [24].080

GRPO [34] eliminates the reward model, DPO [27] uses081

pairwise preferences, [4] computes segment-level rewards,082

and [25] enhances GRPO via prompt hard-mining. In083

robotics, RLHF has been applied to policy training [15, 39],084

evolutionary search [44], and diffusion policy �netuning [5,085

28].086

Diffusion RLHF. [2, 8] �rst applied GRPO to diffusion087

models. B2-DiffuRL [13] improves credit assignment via088

trajectory branching. Preference-based methods [3, 38, 45]089

learn from image pairs. Extensions cover video [26] and090

2-step models [16]. Some methods [7, 20, 42] backpropa-091

gate through differentiable rewards, while others [14, 42]092

localize reward regions. Concurrent work [46] shows093

timestep reweighting stabilizes preference-based training.094

TempFlow [10] explores timestep weighting in �ow match-095

ing but does not employ hard-mining and underperforms096

our scheme across our 5-reward evaluation.097

3. Preliminaries098

MDP. An MDP [37] is a tuple (S; A; P; R; 
) with state099

space S, action space A, transition P (s0js; a), reward100

R(s; a), and discount 
.101

Diffusion Models. Diffusion models add noise over many102

steps and train a model to reverse this process. Combined103

with reward feedback, the reverse process becomes an MDP104

where actions are predicted noise and states are image la-105

tents.106
PPO and Diffusion RLHF. PPO optimizes a clipped sur-107

rogate objective where rt (�) = � � (ajs)
� � old (ajs) :108

L PPO = E (s;a)2D

h
min

�
r t (�) A t ; clip(r t (�); 1 � �; 1 + �) A t

�i
109

In classical RL, At = 
V (s t+1 ) + R t+1 � V (s t ), but in110

diffusion RLHF a uniform advantage A =r�r mean
std(r) is applied111

identically to every timestep.112

4. Methodology113

We address informative signals being drowned out at two114

levels: (1) timestep-level reweighting (Sec. 4.2) empha-115

sizing denoising steps most responsible for �nal reward116

Figure 2. Change in reward of predicted x0 across timestep inter-
vals. Most image details are determined by step 12.

Figure 3. Stochastic estimation of �t =
p

Var(A t ).

Figure 4. Various timestep weighting schemes, all normalized to
mean 1.

(Fig. 5, left); (2) trajectory-level hard-mining (Sec. 4.3) 117

replaying past trajectories with high absolute advantage 118

(Fig. 5, right). 119

4.1. Non­Uniform Credit Assignment 120

Standard diffusion RLHF computes A =R�R mean
std(R) and ap-

plies it uniformly:

L ddpo =
nX

t=1

�A � log (P � (x t�1 jx t ; c))

This ignores how much each step contributes to the �nal 121

reward. 122

4.1.1. Case Study. 123

Let R(x t ) = R(x̂ 0(x t )) denote the reward at timestep 124

t. For a small update xt+1 = x t + h t , �rst-order ex- 125

pansion gives �Rt � h >
t rR(x t ), and telescoping yields 126

R(x T ) � R(x 0) �
P

t �R t . As shown in Fig. 2, �R t 127

varies signi�cantly across timesteps, con�rming unequal 128

contributions. However, �Rt captures only immediate re- 129

ward change, not long-term effects. 130

4.1.2. Advantage Variance Proportional Weighting. 131

We connect diffusion RLHF to PPO to derive principled
timestep weights. In a diffusion trajectory (s0; : : : ; s20),
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