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Abstract

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

1. Introduction

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

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

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

We argue that reward information in diffusion trajec-
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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

steps and trajectories carry significantly more learning sig-

nal than others. To exploit this, we propose two comple-
mentary strategies that emphasize informative training data.

First, we introduce a per-timestep weighting scheme for de-

noising steps during optimization. We theoretically moti-

vate this by connecting Group Relative Policy Optimization

(GRPO) and Proximal Policy Optimization (PPO), showing

that each timestep should be weighted proportionally to its

TD-error advantage variance. Since this is infeasible to es-

timate efficiently during training, we approximate it using

the squared magnitude of per-timestep latent change.

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

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

In summary, our main contributions are:

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

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

* A simple, plug-and-play method that integrates seam-
lessly into existing diffusion RLHF pipelines without ar-
chitectural changes.
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» Extensive experiments demonstrating consistent gains
across diverse reward functions, underscoring the gener-
ality of our approach.

2. Related Work

Replay Buffers. Replay buffers are standard in off-policy
RL [9, 18, 21] but absent from on-policy methods like
PPO [33] and TRPO [32]. Extensions include hindsight
experience replay [1], prioritized experience replay [30],
energy-based sampling [47], synthetic trajectory genera-
tion [19], retrieval-based robotic learning [41], and TD-
error-based hard-mining for PPO [17].

RLHF. RLHF was scaled to pretrained LLMs by [24].
GRPO [34] eliminates the reward model, DPO [27] uses
pairwise preferences, [4] computes segment-level rewards,
and [25] enhances GRPO via prompt hard-mining. In
robotics, RLHF has been applied to policy training [15, 39],
evolutionary search [44], and diffusion policy finetuning [5,
28].

Diffusion RLHF. [2, 8] first applied GRPO to diffusion
models. B2-DiffuRL [13] improves credit assignment via
trajectory branching. Preference-based methods [3, 38, 45]
learn from image pairs. Extensions cover video [26] and
2-step models [16]. Some methods [7, 20, 42] backpropa-
gate through differentiable rewards, while others [14, 42]
localize reward regions. Concurrent work [46] shows
timestep reweighting stabilizes preference-based training.
TempFlow [10] explores timestep weighting in flow match-
ing but does not employ hard-mining and underperforms
our scheme across our 5-reward evaluation.

3. Preliminaries

MDP. An MDP [37] is a tuple (S, A, P, R,~) with state
space S, action space A, transition P(s'|s,a), reward
R(s, a), and discount ~.

Diffusion Models. Diffusion models add noise over many
steps and train a model to reverse this process. Combined
with reward feedback, the reverse process becomes an MDP
where actions are predicted noise and states are image la-
tents.

PPO and Diffusion RLHF. PPO optimizes a clipped sur-

rogate objective where r;(6) = 7;;9(((152) :
old

Lppo = Es 0)ep [min (n(e) Ay, clip(r+(0),1 —€,1+€) At)]

In classical RL, A; = vV (st41) + Rey1 — V(s¢), but in
diffusion RLHF a uniform advantage A = T;dr(‘?“f)““ is applied
identically to every timestep.

4. Methodology

We address informative signals being drowned out at two
levels: (1) timestep-level reweighting (Sec. 4.2) empha-
sizing denoising steps most responsible for final reward

™
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Figure 2. Change in reward of predicted xo across timestep inter-
vals. Most image details are determined by step 12.
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Figure 3. Stochastic estimation of o, = 4/ Var(A;).
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Figure 4. Various timestep weighting schemes, all normalized to
mean 1.

(Fig. 5, left); (2) trajectory-level hard-mining (Sec. 4.3)
replaying past trajectories with high absolute advantage
(Fig. 5, right).

4.1. Non-Uniform Credit Assignment

Standard diffusion RLHF computes A = Rsl_d(RIr%n;a“ and ap-
plies it uniformly:

Ladpo = Z —A - log (Py(xi—1|xt,¢))

t=1

This ignores how much each step contributes to the final
reward.

4.1.1. Case Study.
Let R(z;) = R(Zo(z:)) denote the reward at timestep
t. For a small update z;11 = x¢ + hy, first-order ex-

pansion gives AR; ~ h/] VR(z;), and telescoping yields
R(z7) — R(z9) ~ Y, AR;. As shown in Fig. 2, AR,
varies significantly across timesteps, confirming unequal
contributions. However, AR, captures only immediate re-
ward change, not long-term effects.

4.1.2. Advantage Variance Proportional Weighting.

We connect diffusion RLHF to PPO to derive principled
timestep weights. In a diffusion trajectory (so, ..., S20),
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Figure 5. Our two-part method: per-timestep weighting em-
phasizes important denoising steps; historical hardmining replays
high-advantage trajectories.

only soq receives reward R, and v = 1, so TD-error ad-
vantages simplify to A; = V(si41) — V(s¢), which tele-
scope:

Ao+ A1+ ...+ A1g = V(s20) — V(s0) = Rpinal — V(s0)

Approximating V(sg) & Rmean gives >, A; = Afinal -
std(R). Modeling each A; ~ N(0,07) and conditioning
on this linear constraint (see appendix):

2 2
A S, Ac = Ansarsd(R) ~ N( 400, 02 (1 - 2L

Thus E[Ax] = w(t) - Afina Where:
o? - std(R)
Z?:o 01‘2

Since o; depends only on timestep ¢, w(t) applies univer-
sally across trajectories.

w(t) =

4.1.3. Empirical Measurement of Var(A;).

We estimate o2 by partially denoising to timestep ¢, branch-
ing into multiple trajectories, and computing final reward
variance (Fig. 3). This confirms non-uniform weighting is
needed and reveals a monotonically decreasing trend.

4.2. Strategy 1: Per-Timestep Weighting

While PPO timestep advantages can be theoretically de-
rived, exact estimation during training is impractical. We
experiment with multiple weighting schemes (Fig. 4): re-

verse diffusion standard deviation Bt (monotonically de-
creasing; similar to [10]), mean absolute latent change
|2 — 2;_1|, mean squared latent change |z; — 2;_1|?
(both dynamic and monotonic), and Gaussian schemes with
early/middle/late focus.

Our reweighted loss replaces uniform advantage with
w(t)Aﬁnal:

Ereweighted = Z — Afinal - w(t) -log (P9 (xt71|xt7 C))

t=1

)
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Figure 6. Qualitative comparisons: our method vs. default RLHF
vs. no training. Parentheses show reward queries used. Same seed
and noise within each triplet.

4.3. Strategy 2: Historical Hardmining

GRPO discards trajectories after each epoch, wasting infor-
mative samples. We introduce a replay buffer prioritizing
trajectories with high |A|, as these contain timesteps that
significantly changed the reward. We use two replay meth-
ods: (1) trajectory-level hardmining selecting top-k by |A|,
and (2) random sampling. Only the last few epochs are kept
to avoid out-of-distribution trajectories.

Algorithm 1 Overall Two Strategy Algorithm

Initialize buffer D = {}, pretrained diffusion model 7
for epoch = 1 to num_epochs do
for i = 1tondo
Sample trajectory 7; = (T, TT—1,...
end for
for i = 1tondo
Compute weighted 108s Lieweightea Using Eq. (2) with trajectory 7;
0=0— VO chwcigh(cd
end for
if D is not empty then
Retrieve top k samples from D
Compute Lieweighted Using all top & samples
0 = 0 — Vg Lreweighted

,%0)

end if

D+« DU{r1,...,Tn}

D <« Remove_Old_Entries(D)
end for

5. Experiments

We apply our method to DDPO [2], DPOK [8], and B2-
DiffuRL [13] using the same animal prompts as [2], with
LoRA [12] rank-4 on Stable Diffusion v1.5 [29]. Full hy-
perparameters are in the appendix.

Reward Functions. We test on 5 rewards: JPEG com-
pressibility (smooth textures), JPEG incompressibility (de-
tailed textures), Aesthetic Score [31] (human aesthetic pref-
erences), HPS v2 [40], and Image Reward [43] (both trained
on aesthetic and prompt-adherence feedback).

Sample Efficiency. Figure 7a shows our modifications
achieve higher reward than all baselines within the same
budget — up to 6x efficiency gains across all rewards. All
comparisons use identical hyperparameters between each
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(a) Our augmentation trains significantly faster. Averaged over 3 runs,
smoothed with 500-query running average.
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(c) Weighting schemes. Latent change squared is best across all rewards.
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(b) Ablation: each technique contributes; combining them is most effective.
Averaged over 3 seeds.
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(d) Hardmining vs. random replay. Hardmining is consistently more effec-
tive.

Figure 7. Experimental results. All plots use 3 seeds and a 500-query running average.

Table 1. Generalization To Novel Prompts at 4k Reward Queries.

Aesthetic (1)  Jpeg Comp (1) Jpeg Incomp (1) Image Reward (1) HPS v2 (1)

Untrained 5.44 -118.75 118.758 0.48 0.284
DDPO 5.48 -112.79 124.48 0.53 0.2888
DDPO + Ours 5.66 -44.25 233.28 0.71 0.3004

DDPO

HPS V2
(Learned Human
Preference)

Ou

ImageReward
(Learned Human
Preference)

DDPO

Ours

JPEG
(Reduce Details)
DDPO

Ours

DDPO

IPEG
(Add Details)

Ours

DDPO

Aesthetic Score
(Artistic and Colorful)

Ours

Training

Figure 8. Training samples at matched reward levels. Green
boxes show DDPO and our method reaching the same reward; we
achieve it in less than half the steps. Later images show over-
optimization, common to all RLHF methods.

baseline and its augmented version. For qualitative exam-
ples, see Figures 6 and 8. We also test generalization to
novel prompts (generated by ChatGPT [23] for animals not
in training). Table | shows our method generalizes better
on the same query budget.

Ablations. Figure 7b shows all four combinations: neither,
hardmining only, weighting only, and both. Each technique

Table 2. Prompt Adherence via CLIP Score (1) at 4k Reward
Queries.

Aesthetic  Jpeg Comp  Jpeg Incomp Image Reward HPS v2

DDPO 0.289 0.305 0.299 0.308 0.304
DDPO + Ours 0.311 0.298 0.310 0.312 0.300

independently improves efficiency, and combining them is
consistently best.

Timestep Weighting. Among Gaussian schemes, early fo-
cus outperforms middle, which outperforms late, suggest-
ing monotonically decreasing weights are preferable. The
best scheme is mean squared latent change |z; — 2;_1|?
(Fig. 7c), outperforming TempFlow’s [10] DDIM standard
deviation. We attribute this to prioritizing timesteps where
the model makes the largest latent changes.

Historical Hardmining. Figure 7d shows hardmining con-
sistently outperforms random replay across all rewards, val-
idating that high-advantage trajectories are more informa-
tive.

CLIP Score and Generalization. We measure CLIP
score [11] on 1k generated images (Table 2), finding no
degradation of prompt adherence. Table | confirms our
method generalizes well to novel prompts.

6. Conclusion

In this paper, we provide a simple but effective method to
enhance the sample efficiency of diffusion RLHF. Easily
adaptable to existing platforms, it can speed up training up
to 6 times while retaining prompt-adherence and generaliza-
tion to novel prompts. Our method departs from the com-
mon assumption that each timestep affects output reward
equally, grounded in the intuition that certain timesteps
and trajectories are more informative than others. Future
directions could analyze how different schedulers and a-
schedules affect training efficiency or extend the method to
preference-based models such as D3PO.
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A. Appendix

A.1. Hyperparameters For Baselines

We chose to use the same hyperparameters for baselines as
those chosen for all baselines in the D3PO [45] paper. The
only difference is that we chose a smaller number samples
per epoch as we found that sampling more often led to bet-
ter performance. We also changed to AdamW over Adam,
as consistent with most diffusion RLHF methods. Between
baseline and baseline + our method, we kept all hyperpa-
rameters the same. All results were obtained with 4 RTX
A5000 GPUs or 4 RTX A4000 GPUs. See a comprehensive
list of hyperparameters in Tables 3 and 4.

A.2. Prompt List

We used the same training prompt list as in [2]. The list of
animals is listed below:

cat dog horse monkey rabbit zebra spider bird
sheep deer cow goat lion tiger bear raccoon fox
wolf lizard beetle ant butterfly fish shark whale
dolphin squirrel mouse rat snake turtle frog
chicken duck goose bee pig turkey fly llama
camel bat gorilla hedgehog kangaroo

For generalization experiments, we used the following list
of animals generated by ChatGPT:

elephant giraffe hippopotamus rhinoceros leopard

cheetah hyena bison moose elk reindeer antelope

armadillo sloth otter beaver badger lynx bobcat

cougar jaguar capybara porcupine platypus echidna
koala wallaby wombat manatee walrus seal

narwhal orca penguin albatross flamingo peacock
owl eagle hawk parrot crocodile alligator

chameleon salamander

A.3. Comparisons with Hardmining

When using hardmining, even though we use lesser num-
ber of reward calls, we use more backpropagation through
the network. Hence, an obvious question might be whether
using hardmining helps just because there are more sam-
ples whose gradients are being backpropagrated or is hard-
mining helping because of the selection of more important
trajectories. In this section, we compare hardmining with
two more methods. First, we compare to simply increasing
the learning rate proportional to how many more gradient
steps we take. Second, we compare to randomly replaying
entries from the current epoch. These two settings corre-
spond to using faster learning rate and more gradient calls
respectively, both of which are alternatives to hardmining.
Note that this is different from Figure. 7d where we com-
pared to random retrieval from previous epochs as opposed
to only the current epoch. As seen in Figure 9, our hardmin-
ing based on the absolute advantages does better than both

Different Methods For Each Reward Function

Aesthetic Score HPS V2 Image Reward
5.92 0.304
' 0.300 > 088
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Figure 9. Comparison of Hardmining to increasing the LR and to
randomly replaying samples from the current epoch. All results
are averaged over 3 seeds.

increasing the learning rate and repeating samples from the
current epoch, showing that hardmining helps not just be-
cause of increased samples.
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2 .
A.4. Proof That 4, has mean Ug:,ftd(g)Aﬁna] 534

i=19;

We want to find the probability distribution of A, where we assume that each A; has mean 0 and standard deviation o; for
i € {0,1,2,...,n}. Furthermore, we have the condition that for a given constant C,

Ag+ A1 +A+ ...+ A, =C

For simplicity of notation, assume that & = 0. The proof can easily generalize to other values of k.
Let B = A1 + A + ... + A,. The mean of B is the sum of the means of A; + As,...A, which is 0. The vari-

ance of B is the sum of the variances of A; + As,...A,. This means that 0% = o7 + 03 + ... + 2. Finally, we have that
from the summation of Gaussian distributions is still a Gaussian distribution. Thus,

B=A+A+ A3+ ..+ A, ~N(0,0%)

We can rewrite our question as finding the distribution Ag | Ag + B = C. We have that the for a given value a such that 535
Ay =a, 536
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537 PAy=a| Ao+ ...+4,=0)

538 =PAy=0a|Ay+B=0C)

539 =PAy=a& Ay+B=C)/P(Ag+B=0C)
540 =PAy=a& B=C—-a)/P(Ag+B=0C)
541 x P(Ag=a & B=C —a)

542 =P(Ag=a)P(B=C—a)

. 1 ( a? ) 1 ( (© - a)2)
= ——exp| -5 | —=exp| ————=—
Varoz P\ T207)  omeg P\ 203

a?  (C—a)?
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20003
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We have that the end result is a gaussian with mean

2 2

o g
p=C0=5"%5=0-5—3" >
o5+ 05 oy +oi+..+o;

and variance with value 5 o

2
0p%p _ 2 90
21 52 =00 1_Zn 2
0y T0p i=093

555 Letting C' = std(R) Agina1, We get that the distribution of Ay under the assumption that Ag + Ay + ... + A, = std(R) Agpal
0_2
556 has mean o= WStd(R)Aﬁnal
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Table 3. Hyperparameters of All Experiments

Name Description Value

lr learning rate 3e-5

optimizer | type of optimizer AdamW

13 weight decay of optimizer le-4

€ gradient clip norm 1.0

51 (31 of Adam 0.9

B2 B2 of Adam 0.999

T total timesteps of inference 20

n samples per GPU per epoch 5

n eta parameter for the DDIM sampler 1.0

G effective batch size (collectively over all gpus) | 4

w classifier-free guidance weight 5.0

num_gpu | number of GPUs 4

Table 4. Additional Hyperparameters for Our Method
Name Description Value
k top k samples to retrieve from buffer per GPU 4
hist_size | number of previous epochs to retrieve hardmined samples 3
w(t) per-timestep weights Latent Change Squared
A.5. More Image Samples

In figures 10, 11, 12, 13, and 14, we give a randomly selected sample of DDPO vs DDPO with our method. We use 30

random seeds in the grid for the 30 images and denoise using finetuned weights.

11
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Aesthetic Score

Artistic and Colorful Images

DDPO+O0urs

Figure 10. The following is DDPO (left) vs DDPO+ours (right) after 6k reward images on Aesthetic Score. Aesthetic score mostly values
bright colors, artistic value, and point of view.
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Jpeg Compressibility

Detail Removal For Lower Image Storage Memory

DDPO DDPO+Ours

Figure 11. The above is DDPO (left) vs DDPO+ours (right) after 3k reward queries on Jpeg Compression. Note that for this reward, we
want the least amount of detail as possible to reduce the Jpeg memory size. Thus, the highest reward images are those with the least detail.
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Jpeg Incompressibility

Detail Addition For Higher Image Storage Memory

DDPO DDPO+Ours

Figure 12. The above is DDPO (left) vs DDPO+ours (right) after 2k reward images on Jpeg Incompression. Note that we want the most
amount of detail as possible to increase the Jpeg memory size. Thus, the highest reward images are those with the most detail.
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HPS V2

Learned Human Preference

Figure 13. The above is DDPO (left) vs DDPO+ours (right) after 7k reward images on HPS V2. Note that HPS V2 is trained to mimic
human preference.
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Image Reward
Learned Human Preference

i

»

Figure 14. The above is DDPO (left) vs DDPO+ours (right) after 9k reward images on Image Reward. Note that Image Reward is trained
to mimic human preferences on images.
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