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Figure 1. Generation samples on complex, unseen prompts. Our proposed method, PRDP, achieves stable black-box reward finetuning
for diffusion models for the first time on large-scale prompt datasets, leading to superior generation quality on complex, unseen prompts.
Here, PRDP is finetuned from Stable Diffusion v1.4 on the training set prompts of Pick-a-Pic v1 dataset, using a weighted combination of
rewards: PickScore = 10, HPSv2 = 2, Aesthetic = 0.05. The images within each column are generated using the same random seed.

Abstract

Reward finetuning has emerged as a promising approach
to aligning foundation models with downstream objectives.
Remarkable success has been achieved in the language do-
main by using reinforcement learning (RL) to maximize re-
wards that reflect human preference. However, in the vi-
sion domain, existing RL-based reward finetuning methods
are limited by their instability in large-scale training, ren-
dering them incapable of generalizing to complex, unseen
prompts. In this paper, we propose Proximal Reward Dif-
ference Prediction (PRDP), enabling stable black-box re-
ward finetuning for diffusion models for the first time on
large-scale prompt datasets with over 100K prompts. Our
key innovation is the Reward Difference Prediction (RDP)
objective that has the same optimal solution as the RL ob-
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jective while enjoying better training stability. Specifically,
the RDP objective is a supervised regression objective that
tasks the diffusion model with predicting the reward differ-
ence of generated image pairs from their denoising trajec-
tories. We theoretically prove that the diffusion model that
obtains perfect reward difference prediction is exactly the
maximizer of the RL objective. We further develop an online
algorithm with proximal updates to stably optimize the RDP
objective. In experiments, we demonstrate that PRDP can
match the reward maximization ability of well-established
RL-based methods in small-scale training. Furthermore,
through large-scale training on text prompts from the Hu-
man Preference Dataset v2 and the Pick-a-Pic v1 dataset,
PRDP achieves superior generation quality on a diverse
set of complex, unseen prompts whereas RL-based methods
completely fail.
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1. Introduction
Diffusion models have achieved remarkable success in gen-
erative modeling of continuous data, especially in photore-
alistic text-to-image synthesis [7, 15, 30, 36, 37, 40, 44, 46].
However, the maximum likelihood training objective of dif-
fusion models is often misaligned with their downstream
use cases, such as generating novel compositions of objects
unseen during training, and producing images that are aes-
thetically preferred by humans.

A similar misalignment problem exists in language mod-
els, where exactly matching the model output to the training
distribution tends to yield undesirable model behavior. For
example, the model may output biased, toxic, or harmful
content. A successful solution, called reinforcement learn-
ing from human feedback (RLHF) [2, 31, 47, 61], is to use
reinforcement learning (RL) to finetune the language model
such that it maximizes some reward function that reflects
human preference. Typically, the reward function is defined
by a reward model pretrained from human preference data.

Inspired by the success of RLHF in language models,
researchers have developed several reward models in the vi-
sion domain [22, 23, 53–55] that are similarly trained to be
aligned with human preference. Furthermore, two recent
works, DDPO [4] and DPOK [10], have explored using RL
to finetune diffusion models. They both view the denoising
process as a Markov decision process [9], and apply policy
gradient methods such as PPO [42] to maximize rewards.

However, policy gradients are notoriously prone to high
variance, causing training instability. To reduce variance, a
common approach is to normalize the rewards by subtract-
ing their expected value [48, 51]. DPOK fits a value func-
tion to estimate the expected reward, showing promising re-
sults when trained on ∼200 prompts. Alternatively, DDPO
maintains a separate buffer for each prompt to track the
mean and variance of rewards, demonstrating stable train-
ing on ∼400 prompts and better performance than DPOK.
Nevertheless, we find that DDPO still suffers from training
instability on larger numbers of prompts, depriving it of the
benefits offered by training on large-scale prompt datasets.

In this paper, we propose Proximal Reward Difference
Prediction (PRDP), a scalable reward maximization algo-
rithm that does not rely on policy gradients. To the best of
our knowledge, PRDP is the first method that achieves sta-
ble large-scale finetuning of diffusion models on more than
100K prompts for black-box reward functions.

Inspired by the recent success of DPO [35] that converts
the RLHF objective for language models into a supervised
classification objective, we derive for diffusion models a
new supervised regression objective, called Reward Differ-
ence Prediction (RDP), that has the same optimal solution
as the RLHF objective while enjoying better training sta-
bility. Specifically, our RDP objective tasks the diffusion
model with predicting the reward difference of generated

image pairs from their denoising trajectories. We prove that
the diffusion model that obtains perfect reward difference
prediction is exactly the maximizer of the RLHF objective.
We further propose proximal updates and online optimiza-
tion to improve training stability and generation quality.

Our contributions are summarized as follows:
• We propose PRDP, a scalable reward finetuning method

for diffusion models, with a new reward difference pre-
diction objective and its stable optimization algorithm.

• PRDP achieves stable black-box reward maximization for
diffusion models for the first time on large-scale prompt
datasets with over 100K prompts.

• PRDP exhibits superior generation quality and general-
ization to unseen prompts through large-scale training.

2. Preliminaries
In this section, we briefly introduce the generative process
of denoising diffusion probabilistic models (DDPMs) [15,
44, 46]. Given a text prompt c, a text-to-image DDPM πθ

with parameters θ defines a text-conditioned image distri-
bution πθ(x0|c) as follows:

πθ(x0|c) =
∫

πθ(x0:T |c) dx1:T

=

∫
p(xT )

T∏
t=1

πθ(xt−1|xt, c) dx1:T ,

(1)

where x0 is the image, and x1:T are latent variables of the
same dimension as x0. Typically, p(xT ) = N (0, I), and

πθ(xt−1|xt, c) = N (xt−1;µθ(xt, c), σ
2
t I) (2)

is a Gaussian distribution with learnable mean and fixed co-
variance. To generate an image x0 ∼ πθ(x0|c), DDPM
uses ancestral sampling. That is, it samples the full de-
noising trajectory x0:T ∼ πθ(x0:T |c), by first sampling
xT ∼ p(xT ), and then sampling xt−1 ∼ πθ(xt−1|xt, c)
for t = T, . . . , 1. Conversely, given a denoising trajectory
x0:T , we can analytically compute its log-likelihood as

log πθ(x0:T |c) = log p(xT ) +

T∑
t=1

log πθ(xt−1|xt, c) (3)

= −1

2

T∑
t=1

∥xt−1 − µθ(xt, c)∥2
σ2
t

+ C, (4)

where C is a constant independent of θ.

3. Method
3.1. Reward Difference Prediction for

KL-Regularized Reward Maximization

We start derivation from the typical RLHF objective [10]:

max
πθ

Ex0,c[r(x0, c)− βKL[πθ(x0|c)||πref(x0|c)]] . (5)

2



<latexit sha1_base64="haqajY4GJXrL2mrJ8jNim4M/0sc=">AAACT3icbVHLSgNBEJyN7/hK9OhlMQiCEHbF1zHoxaOCUSEveie9OmRmZ5npVcOS//Cqf+TRL/EmTuIeNFowUFT1QHV1lEphKQjevdLM7Nz8wuJSeXlldW29Ut24tjozHJtcS21uI7AoRYJNEiTxNjUIKpJ4Ew3Oxv7NAxordHJFwxQ7Cu4SEQsO5KRuWwHdR3H+NOpddaFXqQX1YAL/LwkLUmMFLnpVb6/d1zxTmBCXYG0rDFLq5GBIcImjcjuzmAIfwB22HE1Aoe3kk9gjf8cpfT/Wxr2E/In680cOytqhitzkOKad9sbiv16k/pe1HhBE9lesXMEAOUo5pWaShNGPUytQfNLJRZJmhAn/3iDOpE/aH5fr94VBTnLoCHAjXAk+vwcDnNwJyq7ecLrMv+R6vx4e1Q8vD2qN06LoRbbFttkuC9kxa7BzdsGajDPDntkLe/XevA/vs1SMlryCbLJfKC19AbZztQI=</latexit>

xa
T

<latexit sha1_base64="Fom46tFNC2axun2/lzxGH57YcN8=">AAACT3icbVHLSgNBEJyN7/iKevSyGARBCLvi6yh68ahgNJDE0DvpjUNmdpaZXjUs+Q+v+kce/RJv4iTuQRMLBoqqHqiujlIpLAXBh1eamZ2bX1hcKi+vrK6tVzY2b63ODMc611KbRgQWpUiwToIkNlKDoCKJd1H/YuTfPaKxQic3NEixraCXiFhwICfdtxTQQxTnz8NOcA+dSjWoBWP40yQsSJUVuOpsePutruaZwoS4BGubYZBSOwdDgksclluZxRR4H3rYdDQBhbadj2MP/V2ndP1YG/cS8sfq7x85KGsHKnKTo5h20huJ/3qR+l/Wuk8Q2T+xcgV95CjlhJpJEkY/TaxA8Wk7F0maESb8Z4M4kz5pf1Su3xUGOcmBI8CNcCX4/AEMcHInKLt6w8kyp8ntQS08rh1dH1bPzouiF9k222F7LGQn7IxdsitWZ5wZ9sJe2Zv37n16X6VitOQVZIv9QWnpG3LztN4=</latexit>

xa
0

<latexit sha1_base64="noMSQL7xl9siHhxPj1KOXGiIPf0=">AAACT3icbVHLSgMxFM3UV1tfVZduBosgCGVGfC1FNy4r2CrYB0l6R0OTyZDcUcvQ/3Crf+TSL3EnZuosbPVA4HDODZx7LkuksBgEH15pbn5hcalcqS6vrK6t1zY221anhkOLa6nNLaMWpIihhQIl3CYGqGISbtjwIvdvHsFYoeNrHCXQVfQ+FpHgFJ3U6yiKDyzKnsf9oMf6tXrQCCbw/5KwIHVSoNnf8PY7A81TBTFySa29C4MEuxk1KLiEcbWTWkgoH9J7uHM0pgpsN5vEHvu7Thn4kTbuxehP1N8/MqqsHSnmJvOYdtbLxX89pv6XtR4iZXYqVqboEDhIOaOmEoXRTzMrYHTazUScpAgx/9kgSqWP2s/L9QfCAEc5coRyI1wJPn+ghnJ0J6i6esPZMv+S9kEjPG4cXR3Wz86Lostkm+yQPRKSE3JGLkmTtAgnhryQV/LmvXuf3lepGC15BdkiUyhVvgF00bTf</latexit>

xb
0

<latexit sha1_base64="zt1wwPog588gd1FJF40rs/0Vv5s=">AAACT3icbVHLSgMxFM3UV1tfVZduBosgCGVGfC1FNy4r9AW2liS9o6HJZEjuqGXof7jVP3Lpl7gT0zoLrT0QOJxzA+eeyxIpLAbBh1dYWFxaXimWyqtr6xubla3tltWp4dDkWmrTYdSCFDE0UaCETmKAKiahzYZXE7/9CMYKHTdwlEBP0ftYRIJTdNJdV1F8YFH2PO437li/Ug1qwRT+fxLmpEpy1Ptb3mF3oHmqIEYuqbW3YZBgL6MGBZcwLndTCwnlQ3oPt47GVIHtZdPYY3/fKQM/0sa9GP2p+vtHRpW1I8Xc5CSmnfUm4lyPqfmy1kOkzP6JlSk6BA5SzqipRGH008wKGJ33MhEnKULMfzaIUumj9ifl+gNhgKMcOUK5Ea4Enz9QQzm6E5RdveFsmf9J66gWntZObo6rF5d50UWyS/bIAQnJGbkg16ROmoQTQ17IK3nz3r1P76uQjxa8nOyQPyiUvgG4UbUD</latexit>

xb
T

Denoising Trajectories

<latexit sha1_base64="WDjOdA0i6OLCz1lfUtQGSiN9mWY="></latexit>⇡✓old

Prompt <latexit sha1_base64="DmLEuAjHFa6PUY3gX90++yDL/yE=">AAACS3icbVDLSgNBEJyNrxjfevSyGARBCLvi6xj04jGCScRkkdlJrw6ZxzLTq4Qlf+FV/8gP8Du8iQcnj4NZLWgoqrqhuuJUcItB8OGV5uYXFpfKy5WV1bX1jc2t7ZbVmWHQZFpocxtTC4IraCJHAbepASpjAe24fzny209gLNfqBgcpRJI+KJ5wRtFJd11J8TFOcja836wGtWAM/y8Jp6RKpmjcb3mH3Z5mmQSFTFBrO2GQYpRTg5wJGFa6mYWUsj59gI6jikqwUT6OPPT3ndLzE23cKPTH6u+LnEprBzJ2m6OItuiNxH+9WP4va91HGtuZWLmkfWAgREHNBHKjnwsvYHIe5VylGYJikw+STPio/VGxfo8bYCgGjlBmuCvBZ4/UUIau/oqrNyyW+Ze0jmrhae3k+rhav5gWXSa7ZI8ckJCckTq5Ig3SJIwo8kJeyZv37n16X973ZLXkTW92yAxKCz9UlrRS</latexit>c

<latexit sha1_base64="Qh7uIRmJJadq4D6oD95GGWa9JgQ="></latexit>⇡✓

<latexit sha1_base64="Fz3HpDd467TApzeuRyaDA46DhA4="></latexit>

r(xa
0 , c)

<latexit sha1_base64="Zf7ppOYqCpt6PSCW1Yj9/1rWgnA=">AAACYHicbVFNSwMxEE3Xr1q/Wr0pQrAIilJ2xa+j6MWjglXB1pKksxqabJZkVi1LT/4ar/prvPpLTGsFrQ4E3rw3A/NeeKqkwzB8LwRj4xOTU8Xp0szs3PxCubJ46UxmBdSFUcZec+ZAyQTqKFHBdWqBaa7gindO+vrVA1gnTXKB3RSamt0lMpaCoada5VW70dAM73mcP/Va4S3fpt+96G22ytWwFg6K/gXREFTJsM5alcJWo21EpiFBoZhzN1GYYjNnFqVQ0Cs1MgcpEx12BzceJkyDa+YDHz267pk2jY31L0E6YH9u5Ew719XcT/ZvdKNan/xX4/p/2pgOMu5+nZVr1gEBSo2wmUJpzeOIBYwPm7lM0gwhEV8O4kxRNLSfNm1LCwJV1wMmrPQhUHHPLBPo/6Tk441Gw/wLLndq0X5t73y3enQ8DLpIVsga2SAROSBH5JSckToR5Jm8kFfyVvgIisFCUPkaDQrDnSXyq4LlTxRFuOA=</latexit>

r(xb
0, c)

<latexit sha1_base64="WmDsP/2UCczt78wshG8Bq6vRg0g="></latexit>

r̂✓(x
a
0:T , c)

<latexit sha1_base64="a/BszQZympGvut+3FMgQb8PmSCc="></latexit>

r̂✓(x
b
0:T , c)

<latexit sha1_base64="x2lgAGoIGGQ7doiGumQJjqlzarI="></latexit>

�r̂✓

<latexit sha1_base64="f3WOpK6AHrhastrElrvaIovWjO0=">AAACSXicbZDJSgNBEIZ74h53PXppDIIghBlxO4p68BjBLJAEqelUtEn39NBdo4TBl/Cqb+QT+BjexJOd5aAxPxT8fFUFVX+cKukoDD+Cwszs3PzC4lJxeWV1bX1jc6vmTGYFVoVRxjZicKhkglWSpLCRWgQdK6zHvctBv/6I1kmT3FI/xbaG+0R2pQDyqNG6QkXA7d1GKSyHQ/H/JhqbEhurcrcZHLQ6RmQaExIKnGtGYUrtHCxJofC52MocpiB6cI9NbxPQ6Nr58OBnvudJh3eN9ZUQH9LfGzlo5/o69pMa6MFN9gZwai/W07ExPYLY/Tkr19BDgUpN0EyRtOZp4gXqnrVzmaQZYSJGH3QzxcnwQay8Iy0KUn1vQFjpQ+DiASwI8uEXfbzRZJj/Te2wHJ2Uj2+OSucX46AX2Q7bZfssYqfsnF2zCqsywRR7Ya/sLXgPPoOv4Hs0WgjGO9vsjwozP4x2su0=</latexit>

�r

Predicted Reward Difference

Groundtruth Reward Difference

Model Snapshot

A green
colored rabbit

Diffusion
Model

Diffusion
Model

Reward
Model

MSE
Loss

<latexit sha1_base64="XFB6TA1A6/+MvqRlI9AEb0qra5E="></latexit>L(✓)

Figure 2. PRDP framework. PRDP mitigates the instability of policy gradient methods by converting the RLHF objective to an equivalent
supervised regression objective. Specifically, given a text prompt, PRDP samples two images, and tasks the diffusion model with predicting
the reward difference of these two images from their denoising trajectories. The diffusion model is updated by stochastic gradient descent
on the MSE loss that measures the prediction error. We prove that the MSE loss and the RLHF objective have the same optimal solution.

Here, we seek to finetune the diffusion model πθ by maxi-
mizing a given reward function r(x0, c) with a KL regular-
ization, whose strength is controlled by a hyperparameter
β. The reward function can be a pretrained reward model
(e.g., HPSv2 [53], PickScore [22]) that measures the gen-
eration quality, and the KL regularization discourages πθ

from deviating too far from the pretrained diffusion model
πref (e.g., Stable Diffusion [37]). This helps πθ to pre-
serve the overall generation capability of πref , and keeps
the generated images x0 close to the distribution where the
reward model is accurate. The expectation is taken over text
prompts c ∼ p(c) and images x0 ∼ πθ(x0|c), where p(c)
is a predefined prompt distribution, usually a uniform dis-
tribution over a set of training prompts.

In contrast to language models, the KL regularization
in Eq. (5) cannot be computed analytically, due to the in-
tractable integral defined in Eq. (1). Hence, we instead max-
imize a lower bound of the objective in Eq. (5):

max
πθ

Ex0,c[r(x0, c)− βKL[πθ(x̄|c)||πref(x̄|c)]] , (6)

where x̄ := x0:T is the full denoising trajectory. We provide
the proof of lower bound in Appendix A.1.

While it is possible to apply REINFORCE [51] or more
advanced policy gradient methods [4, 10, 42] to optimize
Eq. (6), we empirically find they are hard to scale to large
numbers of prompts due to training instability. Inspired by
DPO [35], we propose to reformulate Eq. (6) into a super-
vised learning objective, allowing stable training on more
than 100K prompts.

First, we derive the optimal solution to Eq. (6) as:

πθ⋆(x̄|c) = 1

Z(c)
πref(x̄|c) exp

(
1

β
r(x0, c)

)
, (7)

where Z(c) =
∫
πref(x̄|c)exp(r(x0, c)/β)dx̄ is the parti-

tion function. Proof can be found in Appendix A.2. Since

Z(c) is intractable, Eq. (7) cannot be directly used to com-
pute πθ⋆ . However, it reveals that πθ⋆ must satisfy

log
πθ⋆(x̄|c)
πref(x̄|c)

=
1

β
r(x0, c)− logZ(c) (8)

for all x̄ and c. This allows us to cancel the logZ(c) term
by considering two denoising trajectories x̄a and x̄b that
correspond to the same text prompt c:

log
πθ⋆(x̄a|c)
πref(x̄a|c) − log

πθ⋆(x̄b|c)
πref(x̄b|c) =

r(xa
0 , c)− r(xb

0, c)

β
.

(9)

Define

r̂θ(x̄, c) := log
πθ(x̄|c)
πref(x̄|c)

, (10)

∆r̂θ(x̄
a, x̄b, c) := r̂θ(x̄

a, c)− r̂θ(x̄
b, c), (11)

∆r(xa
0 ,x

b
0, c) := r(xa

0 , c)− r(xb
0, c), (12)

then Eq. (9) becomes

∆r̂θ⋆(x̄a, x̄b, c) = ∆r(xa
0 ,x

b
0, c)/β. (13)

This motivates us to optimize πθ by minimizing the follow-
ing mean squared error (MSE) loss:

L(θ) = Ex̄a,x̄b,c [lθ(x̄
a, x̄b, c)] (14)

:= Ex̄a,x̄b,c

∥∥∆r̂θ(x̄
a, x̄b, c)−∆r(xa

0 ,x
b
0, c)/β

∥∥2 .
We call L(θ) the Reward Difference Prediction (RDP) ob-
jective, since we learn πθ by predicting the reward differ-
ence ∆r(xa

0 ,x
b
0, c) instead of directly maximizing the re-

ward. An illustration is provided in Fig. 2. We further show
in Appendix A.3 that

πθ = πθ⋆ ⇐⇒ L(θ) = 0. (15)
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Figure 3. Effect of proximal updates. We show generation samples during the PRDP training process. Here, we use the small-scale setup
described in Sec. 4.1 and HPSv2 as the reward model. All samples use the same prompt “A painting of a deer” and the same random seed.
(Left) Without proximal updates, training is quite unstable, and the generation quickly becomes meaningless noise. (Right) With proximal
updates, the training stability is remarkably improved.

Algorithm 1 PRDP Training
Require: pretrained diffusion model πref , training prompt distri-

bution p(c), reward model r(x0, c), training epochs E, gradi-
ent updates K per epoch, prompt batch size N , image batch
size B per prompt

1: πθ ← πref ▷ Initialization
2: for epoch e = 1, . . . , E do
3: πθold ← πθ ▷ Model snapshot

4: {cn}Nn=1
iid∼ p(c) ▷ Sample text prompts

5: for each text prompt cn do
6: {x̄n,i}Bi=1

iid∼ πθold(x̄|c
n) ▷ Denoising trajectories

7: end for
8: Obtain rewards r(xn,i

0 , cn) for all n, i
9: for gradient step k = 1, . . . ,K do

10: L(θ)← 1

N(B2)

∑N
n=1

∑
1≤i<j≤B lθ(x̄

n,i, x̄n,j , cn)

11: Update model parameters θ by gradient descent
12: end for
13: end for

3.2. Online Optimization

To estimate the expectation in L(θ), we need samples of de-
noising trajectories x̄a and x̄b that correspond to the same
prompt c. A straightforward approach, as similarly done in
DPO, is to sample x̄a, x̄b iid∼ πref(x̄|c). This can be im-
plemented as uniform sampling from a fixed offline dataset
generated by the pretrained model πref .

However, the offline dataset lacks sufficient coverage of
samples from πθ(x̄|c) that keeps updating, leading to sub-
optimal generation quality. Therefore, we propose an online
optimization procedure, inspired by online RL algorithms.
Specifically, we sample x̄a, x̄b iid∼ πθold(x̄|c), where θold is
a snapshot of the diffusion model parameters θ, and we set
θold ← θ every K gradient updates. In practice, we use
πθold to generate a batch of denoising trajectories, and then
use all pairs of denoising trajectories in the batch to com-
pute the loss L(θ). Details are provided in Algorithm 1. We
will show in Sec. 4.3 that online optimization significantly
improves generation quality.

3.3. Proximal Updates for Stable Training

We find in our experiments that directly optimizing Eq. (14)
is prone to training instability, as illustrated in Fig. 3 (Left).
This is likely due to excessively large model updates during
training. To resolve this issue, we propose proximal updates
that remove the incentive for moving πθ too far away from
πθold . Inspired by PPO [42], we achieve this by clipping the
log probability ratio log(πθ(x̄|c)/πθold(x̄|c)) to be within
a small interval [−ϵ′, ϵ′]. This can be implemented by clip-
ping the r̂θ(x̄, c) as r̂clipθ (x̄, c) :=

clip (r̂θ(x̄, c), r̂θold(x̄, c)− ϵ′, r̂θold(x̄, c) + ϵ′) , (16)

because log(πθ(x̄|c)/πθold(x̄|c)) = r̂θ(x̄, c) − r̂θold(x̄, c).
We then use r̂clipθ (x̄, c) to compute the clipped MSE loss
lclipθ (x̄a, x̄b, c) :=∥∥∥∆r̂clipθ (x̄a, x̄b, c)−∆r(xa

0 ,x
b
0, c)/β

∥∥∥2 , (17)

where ∆r̂clipθ (x̄a, x̄b, c) := r̂clipθ (x̄a, c)− r̂clipθ (x̄b, c). Sim-
ilar to PPO [42], our final loss is the maximum of the
clipped and unclipped MSE loss:

lθ(x̄
a, x̄b, c)← max(lθ(x̄

a, x̄b, c), lclipθ (x̄a, x̄b, c)). (18)

This ensures that we minimize an upper bound of the origi-
nal loss, making the optimization problem well-defined.

In practice, the clipping in Eq. (16) is decomposed and
applied at each denoising step t. First, r̂θ(x̄, c) can be de-
composed as r̂θ(x̄, c) =

∑T
t=1 r̂θ,t(x̄, c), where

r̂θ,t(x̄, c) := log(πθ(xt−1|xt, c)/πref(xt−1|xt, c)) . (19)

We apply clipping to each r̂θ,t(x̄, c) as r̂clipθ,t (x̄, c) :=

clip (r̂θ,t(x̄, c), r̂θold,t(x̄, c)− ϵ, r̂θold,t(x̄, c) + ϵ) , (20)

where ϵ is the stepwise clipping range. Finally, we replace
Eq. (16) with

r̂clipθ (x̄, c) :=

T∑
t=1

r̂clipθ,t (x̄, c). (21)

As shown in Fig. 3 (Right), our proposed proximal updates
can remarkably improve optimization stability.
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Figure 4. Generation samples from small-scale training. DDPO and PRDP are finetuned from Stable Diffusion v1.4 on 45 prompts
consisting of common animal names, with HPSv2 (Left) and PickScore (Right) as the reward model. Samples within each column use the
same random seed. The prompt template is “A painting of a ⟨animal⟩”, where the ⟨animal⟩ is listed on top of each column. All prompts
are seen during training. Both DDPO and PRDP significantly improve the generation quality, with PRDP being slightly better.

4. Experiments
In our experiments, we first verify on a set of 45 prompts
that PRDP can match the reward maximization ability of
DDPO [4], which is based on the well-established PPO [42]
algorithm. We then conduct a large-scale training on more
than 100K prompts from the training set of HPDv2 [53],
showing that PRDP can successfully handle large-scale
training whereas DDPO fails. We further perform a large-
scale multi-reward finetuning on the training set prompts of
Pick-a-Pic v1 dataset [22], highlighting the superior genera-
tion quality of PRDP on complex, unseen prompts. Finally,
we showcase the advantages of our algorithm design, such
as online optimization and KL regularization.

4.1. Experimental Setup

To perform reward finetuning, we need a pretrained diffu-
sion model, a pretrained reward model, and a training set of
prompts. For all experiments, we use Stable Diffusion (SD)
v1.4 [37] as the pretrained diffusion model, and finetune the
full UNet weights. For sampling, during both training and
evaluation, we use the DDPM sampler [15] with 50 denois-
ing steps and a classifier-free guidance [14] scale of 5.0.

Small-scale setup. We use a set of 45 prompts, with the
template “A painting of a ⟨animal⟩”, where the ⟨animal⟩ is
taken from the list of common animal names used in DDPO.

Table 1. Reward score comparison on small-scale training.

SD v1.4 DDPO PRDP

HPSv2 0.2855 0.3398 0.3471

PickScore 0.2179 0.2664 0.2700

We conduct reward finetuning separately for two recently
proposed reward models, HPSv2 [53] and PickScore [22].
We train for 100 epochs, where in each epoch, we sample
32 prompts and 16 images per prompt. The evaluation uses
the same set of prompts as training. We report reward scores
averaged over 256 random samples per prompt.

Large-scale setup. Following DRaFT [6], we use more
than 100K prompts from the training set of HPDv2, and
finetune for HPSv2 and PickScore separately. We train for
1000 epochs. In each epoch, we sample 64 prompts and 8
images per prompt. We evaluate the finetuned model on 500
randomly sampled training prompts, as well as a variety of
unseen prompts, including 500 prompts from the Pick-a-Pic
v1 test set, and 800 prompts from each of the four bench-
mark categories of HPDv2, namely animation, concept art,
painting, and photo. We report reward scores averaged over
64 random samples per prompt.

Large-scale multi-reward setup. We mostly follow the
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Figure 5. Generation samples from large-scale training. DDPO and PRDP are finetuned from Stable Diffusion v1.4 on over 100K
prompts from the training set of HPDv2, with HPSv2 (Left) and PickScore (Right) as the reward model. Samples within each column
are generated from the prompt shown on top, using the same random seed. All prompts are unseen during training. PRDP significantly
improves the generation quality over Stable Diffusion, whereas DDPO fails to generate reasonable results.

large-scale setup, except that we use the training set prompts
of Pick-a-Pic v1 dataset, and a weighted combination of re-
wards: PickScore = 10, HPSv2 = 2, Aesthetic = 0.05,
where Aesthetic is the LAION aesthetic score.

Baselines. DDPO [4] and DPOK [10] are the two most
recent RL finetuning methods for black-box rewards. Since
DDPO has demonstrated better performance than DPOK,
we mainly compare to DDPO. To ensure a fair comparison,
we train DDPO and PRDP for the same number of epochs,
with the same number of reward queries per epoch. We also
use the same random seeds to sample images for evaluation.

4.2. Main Results

Small-scale finetuning. We show generation samples from
small-scale finetuning in Fig. 4 and reward scores in Tab. 1.
Both DDPO and PRDP can significantly improve the gen-
eration quality over Stable Diffusion, with more vivid col-
ors and details. Quantitatively, PRDP achieves slightly bet-
ter reward scores than DDPO. This verifies that PRDP can
match the reward maximization ability of well-established
policy gradient methods.

Large-scale finetuning. We present generation samples

from large-scale finetuning in Fig. 5 and reward scores in
Tab. 2. We observe that Stable Diffusion generates images
with relevant content but low quality. Meanwhile, DDPO
fails to give reasonable results. It generates irrelevant, low
quality images or even meaningless noise, leading to lower
reward scores than Stable Diffusion. This is due to the in-
stability of DDPO in large-scale training, which we further
investigate in Appendix B. In contrast, PRDP maintains sta-
bility in the large-scale setup, and significantly improves the
generation quality on both seen and unseen prompts.

Large-scale multi-reward finetuning. We provide gen-
eration samples in Figs. 1 and 11 to 15, and reward scores
in Tab. 3, showing the superior generation quality of PRDP
on a diverse set of complex, unseen prompts.

4.3. Effect of Online Optimization

In this section, we show that online optimization has a great
advantage over offline optimization. To ensure a fair com-
parison, we use the same number of reward queries and gra-
dient updates for both methods. Specifically, following the
small-scale setup, for online training, we use 100 epochs,
where each epoch makes 512 queries to the reward model.
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Table 2. Reward score comparison on large-scale training.

Reward
Model Method

Seen Prompts Unseen Prompts

HPD v2
Training Set

Pick-a-Pic v1
Test Set

HPD v2
Animation

HPD v2
Concept Art

HPD v2
Painting

HPD v2
Photo

HPSv2
SD v1.4 0.2685 0.2665 0.2737 0.2656 0.2654 0.2750
DDPO 0.2464 0.2501 0.2673 0.2558 0.2570 0.2093
PRDP 0.3175 0.3050 0.3223 0.3175 0.3172 0.3159

PickScore
SD v1.4 0.2092 0.2082 0.2111 0.2062 0.2059 0.2172
DDPO 0.2032 0.1992 0.2077 0.2125 0.2124 0.1780
PRDP 0.2424 0.2344 0.2450 0.2441 0.2448 0.2387

Online Optimization for PickScoreOnline Optimization for HPSv2

Figure 6. Effect of online optimization. We show generation samples during the PRDP training process, with HPSv2 (Left) and PickScore
(Right) as the reward model. We follow the small-scale training setup. The prompts for the first and the second rows are “A painting of
a squirrel” and “A painting of a bird”, respectively. Samples within each row use the same random seed. It can be observed that online
optimization continually improves the generation quality.

For offline training, we sample 51200 images from the pre-
trained Stable Diffusion, obtain their rewards, and then per-
form the same total number of gradient updates as in online
training. We show generation samples during the online op-
timization process in Fig. 6, and quantitative comparisons in
Fig. 7. We observe that online optimization continually im-
proves the generation quality, achieving significantly better
reward scores than offline optimization.

4.4. Effect of KL Regularization

A common limitation of reward finetuning is reward hack-
ing, where the finetuned diffusion model exploits inaccura-
cies in the reward model, and produces undesired images
with high reward scores. In this section, we show that the
KL regularization in our PRDP formulation can help allevi-
ate this issue. For this purpose, we use the LAION aesthetic
predictor as the reward model. It only takes images as input,
and can be exploited by disregarding text-image alignment.
We follow the small-scale setup, except that we train for
250 epochs and directly use the 45 common animal names
as prompts. As demonstrated in Fig. 8, DDPO, without KL
regularization, is prone to reward hacking. It completely ig-

0 20 40 60 80 100
Online Training Epochs

0.28

0.30

0.32

0.34

0.36
HPSv2

Offline
Online

0 20 40 60 80 100
Online Training Epochs

0.20

0.22

0.24

0.26

0.28
PickScore

Figure 7. Comparison of online and offline optimization. We
evaluate the reward scores of model checkpoints during online op-
timization and the final model obtained by offline optimization.
We follow the small-scale training setup, and optimize the models
for HPSv2 and PickScore separately. Online optimization matches
the performance of offline optimization in ∼10 epochs, and keeps
improving the reward score afterwards.

nores the text prompts and generates similar images for all
prompts. In contrast, PRDP with β = 10 can successfully
preserve the text-image alignment while improving the aes-
thetic quality. More analysis can be found in Appendix C.
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Figure 8. Effect of KL regularization. We show generation sam-
ples from DDPO and PRDP when optimizing the LAION aesthetic
score. We use the small-scale training setup, except that we train
for 250 epochs. Samples within each column are generated from
the prompt shown on top, using the same random seed. DDPO,
without KL regularization, over-optimizes the reward, generating
similar images for all prompts. In contrast, PRDP, formulated with
KL regularization, successfully preserves text-image alignment.

5. Related Work

Diffusion models. As a new class of generative models,
diffusion models [15, 44, 46] have achieved remarkable suc-
cess in a wide variety of data modalities, including images
[7, 17, 30, 36, 37, 39–41], videos [16, 43], audios [25], 3D
shapes [13, 32, 57, 60], and robotic trajectories [1, 5, 18]. To
facilitate control over the content and style of generation, re-
cent works have investigated finetuning diffusion models on
various conditioning signals [11, 19, 20, 27, 28, 38, 45, 58].
However, it remains challenging to adapt diffusion models
to downstream use cases that are misaligned with the train-
ing objective, such as generating novel compositions of ob-
jects unseen during training, and producing images that are
aesthetically preferred by humans. Although classifier guid-
ance [7] can help mitigate this issue, the classifier requires
noisy images as input, making it hard to use off-the-shelf
classifiers such as object detectors and aesthetic predictors
for guidance. In contrast, we finetune the diffusion model to
maximize rewards that reflect downstream objectives. Our
method can work with generic off-the-shelf reward models
that take clean images as input.

Language model learning from human feedback. The
maximum likelihood training objective for language models
tends to yield undesirable model behavior, due to the poten-
tially biased, toxic, or harmful content in the training data.
Reinforcement learning from human feedback (RLHF) has
recently emerged as a successful remedy [2, 3, 12, 26, 29,
31, 47, 52, 61]. Typically, a reward model is first trained
from human preference data (e.g., rankings of outputs from

a pretrained language model). Then, the language model is
finetuned by online RL algorithms (e.g., PPO [42]) to max-
imize the score given by the reward model. More recently,
DPO [35] proposes a supervised learning method that di-
rectly optimizes the language model from preference data,
skipping the reward model training and avoiding the insta-
bility of RL algorithms. Our method is inspired by DPO
and PPO, but designed specifically for diffusion models.

Reward finetuning for diffusion models. Inspired by
the success of RLHF in the language domain, researchers
have developed several reward models in the vision domain
[21–24, 34, 53–56]. Moreover, recent works have explored
using these reward models to improve the generation quality
of diffusion models. A simple approach, called supervised
finetuning [23, 54], is to finetune the diffusion model to-
ward high-reward samples from an offline dataset. Its major
drawback is that the generation quality is limited by the of-
fline dataset. For further improvement, RAFT [8] proposes
an online variant that iteratively re-generates the dataset. A
more direct method for online optimization is to backprop-
agate the reward function gradient through the denoising
process [6, 33, 49, 55]. However, this only works for dif-
ferentiable rewards. For generic rewards, DDPO [4] and
DPOK [10] propose RL finetuning. While they have shown
promising results on small prompt sets, they are unstable
in large-scale training. Our work addresses the training in-
stability issue, achieving stable reward finetuning on large-
scale prompt datasets for generic rewards. Concurrent with
our work, Diffusion-DPO [50] adapts DPO to efficiently
align diffusion models from large-scale offline preference
data, and [59] proposes to stabilize large-scale RL finetun-
ing by combining the diffusion model pretraining loss.

6. Conclusion
This paper presents PRDP, the first black-box reward fine-
tuning method for diffusion models that is stable on large-
scale prompt datasets with over 100K prompts. We achieve
this by converting the RLHF objective to an equivalent su-
pervised regression objective and developing its stable opti-
mization algorithm. Our large-scale experiments highlight
the superior generation quality of PRDP on complex, un-
seen prompts, which is beyond the capability of existing RL
finetuning methods. We also demonstrate that the KL reg-
ularization in the PRDP formulation can help alleviate the
common issue of reward hacking. We hope that our work
can inspire future research on large-scale reward finetuning
for diffusion models.
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Aslanides, Vlad Firoiu, Timo Ewalds, Maribeth Rauh,
Laura Weidinger, Martin Chadwick, Phoebe Thacker,
Lucy Campbell-Gillingham, Jonathan Uesato, Po-Sen
Huang, Ramona Comanescu, Fan Yang, Abigail See,
Sumanth Dathathri, Rory Greig, Charlie Chen, Doug Fritz,
Jaume Sanchez Elias, Richard Green, Soňa Mokrá, Nicholas
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Supplementary Material

A. Proofs
A.1. Lower Bound of RLHF Objective

In Lemma A.1, we prove that the objective in Equation (6) is a lower bound of the RLHF objective in Equation (5).

Lemma A.1. Given two diffusion models πθ, πref , a prompt distribution p(c), a reward function r(x0, c), and a constant
β > 0, we have:

Ec∼p(c)

[
Ex0∼πθ(x0|c)[r(x0, c)]− βKL[πθ(x0|c)||πref(x0|c)]

]
(22)

≥ Ec∼p(c)

[
Ex0∼πθ(x0|c)[r(x0, c)]− βKL[πθ(x̄|c)||πref(x̄|c)]

]
, (23)

where x̄ := x0:T is the full denoising trajectory, and πθ, πref are defined as:

π(x0|c) =
∫

π(x0:T |c) dx1:T =

∫
p(xT )

T∏
t=1

π(xt−1|xt, c) dx1:T . (24)

Proof. It suffices to show that for any c,

KL[πθ(x̄|c)||πref(x̄|c)] ≥ KL[πθ(x0|c)||πref(x0|c)]. (25)

This can be proved similarly as the data processing inequality. We provide the proof below.

KL[πθ(x̄|c)||πref(x̄|c)] = Eπθ(x0:T |c)

[
log

πθ(x0:T |c)
πref(x0:T |c)

]
(26)

= Eπθ(x0:T |c)

[
log

πθ(x0|c)
πref(x0|c)

+ log
πθ(x1:T |x0, c)

πref(x1:T |x0, c)

]
(27)

= Eπθ(x0|c)

[
log

πθ(x0|c)
πref(x0|c)

]
+ Eπθ(x0|c)

[
Eπθ(x1:T |x0,c)

[
log

πθ(x1:T |x0, c)

πref(x1:T |x0, c)

]]
(28)

= KL[πθ(x0|c)||πref(x0|c)] + Eπθ(x0|c)[KL[πθ(x1:T |x0, c)||πref(x1:T |x0, c)]] (29)
≥ KL[πθ(x0|c)||πref(x0|c)]. (30)
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A.2. Maximizer of the Lower Bound of RLHF Objective

In Lemma A.2, we prove that Equation (7) maximizes the objective in Equation (6), a lower bound of the RLHF objective.

Lemma A.2. Define

πθ⋆(x̄|c) = 1

Z(c)
πref(x̄|c) exp

(
1

β
r(x0, c)

)
, (31)

where

Z(c) =

∫
πref(x̄|c) exp

(
1

β
r(x0, c)

)
dx̄ (32)

is the partition function. Then πθ⋆ is the optimal solution to the following maximization problem:

max
πθ

Ec∼p(c)

[
Ex0∼πθ(x0|c)[r(x0, c)]− βKL[πθ(x̄|c)||πref(x̄|c)]

]
. (33)

Proof. We provide the proof below, which is inspired by DPO [35].

max
πθ

Ec∼p(c)

[
Ex0∼πθ(x0|c)[r(x0, c)]− βKL[πθ(x̄|c)||πref(x̄|c)]

]
(34)

= max
πθ

Ec∼p(c)

[
Ex̄∼πθ(x̄|c)[r(x0, c)]− βKL[πθ(x̄|c)||πref(x̄|c)]

]
(35)

= max
πθ

Ec∼p(c)Ex̄∼πθ(x̄|c)

[
r(x0, c)− β log

πθ(x̄|c)
πref(x̄|c)

]
(36)

= min
πθ

Ec∼p(c)Ex̄∼πθ(x̄|c)

[
log

πθ(x̄|c)
πref(x̄|c)

− 1

β
r(x0, c)

]
(37)

= min
πθ

Ec∼p(c)Ex̄∼πθ(x̄|c)

log πθ(x̄|c)
πref(x̄|c) exp

(
1
β r(x0, c)

)
 (38)

= min
πθ

Ec∼p(c)Ex̄∼πθ(x̄|c)

[
log

πθ(x̄|c)
πθ⋆(x̄|c)Z(c)

]
(39)

= min
πθ

Ec∼p(c)

[
Ex̄∼πθ(x̄|c)

[
log

πθ(x̄|c)
πθ⋆(x̄|c)

]
− logZ(c)

]
(40)

= min
πθ

Ec∼p(c)[KL[πθ(x̄|c)||πθ⋆(x̄|c)]− logZ(c)] (41)

= min
πθ

Ec∼p(c)[KL[πθ(x̄|c)||πθ⋆(x̄|c)]] . (42)

Since KL[πθ(x̄|c)||πθ⋆(x̄|c)] ≥ 0, and KL[πθ(x̄|c)||πθ⋆(x̄|c)] = 0 if and only if πθ(x̄|c) = πθ⋆(x̄|c), we conclude that the
optimal solution to Equation (33) is πθ(x̄|c) = πθ⋆(x̄|c) for all c.
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A.3. Necessary and Sufficient Conditions for the Optimal Solution

In Lemma A.3, we provide theoretical justification for our proposed RDP objective in Equation (14).

Lemma A.3.

πθ(x̄|c) = πθ⋆(x̄|c), ∀x̄, c (43)

⇐⇒ log
πθ(x̄

a|c)
πref(x̄a|c) − log

πθ(x̄
b|c)

πref(x̄b|c) =
r(xa

0 , c)− r(xb
0, c)

β
, ∀x̄a, x̄b, c. (44)

Proof. We have shown “ =⇒ ” in the main text. We provide the proof for “⇐= ” below.
Equation (44) implies that

log
πθ(x̄|c)
πref(x̄|c)

− 1

β
r(x0, c) (45)

is a constant w.r.t. x̄. Therefore, we can write Equation (45) as a function of c alone:

log
πθ(x̄|c)
πref(x̄|c)

− 1

β
r(x0, c) = f(c). (46)

Hence,

πθ(x̄|c) = πref(x̄|c) exp
(
1

β
r(x0, c)

)
exp(f(c)) . (47)

It suffices to show that

exp(f(c)) =
1

Z(c)
, ∀c. (48)

This follows from the fact that the probability density function πθ(x̄|c) must satisfy:

1 =

∫
πθ(x̄|c) dx̄ (49)

=

∫
πref(x̄|c) exp

(
1

β
r(x0, c)

)
exp(f(c)) dx̄ (50)

= exp(f(c))

∫
πref(x̄|c) exp

(
1

β
r(x0, c)

)
dx̄ (51)

= exp(f(c))Z(c). (52)
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B. Instability of DDPO in Large-Scale Reward Finetuning
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Figure 9. Analysis of the instability of DDPO in large-scale training. We plot the training curves of PRDP and DDPO on the large-scale
Human Preference Dataset v2 (Left) and the small-scale Common Animals (Right). PRDP outperforms DDPO in the small-scale setting,
and maintains stability in the large-scale setting where DDPO fails. Our ablation study suggests that the per-prompt reward normalization
in DDPO is key to its stability, and the inability to perform such normalization in the large-scale setting likely causes its failure.

Figure 9 shows the training curve of PRDP and DDPO [4], where the reward model is HPSv2 [53]. From Figure 9 (Left),
we observe that when trained on the large-scale Human Preference Dataset v2 (HPD v2) [53], DDPO fails to stably optimize
the reward. We conjecture that this is because the per-prompt reward normalization is rarely enabled in the large-scale setting,
since each prompt can only be seen a few times. Specifically, in each epoch, DDPO randomly samples 512 prompts, so on
average, each prompt can be seen 512×1000/100K ≈ 5 times. This is insufficient to obtain a good estimate of the per-prompt
expected reward. In this case, DDPO will compute a prompt-agnostic expected reward, by averaging the rewards across all
512 prompts. To verify that such prompt-agnostic reward normalization causes training instability, we conduct an ablation
study of DDPO in our small-scale setting with 45 training prompts. As shown in Figure 9 (Right), DDPO without per-prompt
reward normalization is unstable even in the small-scale setting, suggesting that the inability to perform per-prompt reward
normalization can be a limiting factor in scaling DDPO to large prompt datasets. In contrast to DDPO, PRDP can steadily
improve the reward score and maintain stability in both small-scale and large-scale settings.
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C. Effect of KL Regularization
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Figure 10. Effect of KL regularization on optimizing aesthetic score. DDPO and PRDP are finetuned from Stable Diffusion v1.4 on 45
prompts of common animal names. Evaluation is performed on the same set of prompts. In addition to aesthetic score, we report HPSv2
and PickScore which reflect text-image alignment but are not used during training. Samples within each column are generated from the
prompt shown on top, using the same random seed. PRDP with a large KL weight β can alleviate the reward over-optimization problem
encountered by DDPO, significantly improving the aesthetic quality over Stable Diffusion while maintaining text-image alignment.

In contrast to DDPO [4] which only cares about maximizing the reward, PRDP is formulated with a KL regularization,
allowing us to alleviate the problem of reward over-optimization by increasing the KL weight β. We demonstrate the effect
of KL regularization in Figure 10. Here, the reward used for training is the aesthetic score given by the LAION aesthetic
predictor. It only takes images as input, and therefore ignores the text-image alignment. We finetune DDPO and PRDP from
Stable Diffusion v1.4 [37] for 250 epochs on 45 training prompts of common animal names as used in DDPO, with 512
reward queries in each epoch. For evaluation, we additionally use HPSv2 [53] and PickScore [22] that reflect text-image
alignment. The reported reward scores are averaged over 64 random samples per training prompt, using the same random
seed for Stable Diffusion v1.4, DDPO, and PRDP.

We observe that DDPO, without KL regularization, is prone to reward over-optimization. It ignores the text prompt and
generates similar images for all prompts. PRDP with a small KL weight (e.g., β = 0.1) has the same problem, but achieves
higher reward scores than DDPO, showing a better reward maximization capability. As the KL weight increases, PRDP is
able to better preserve the text-image alignment, indicated by the increase in HPSv2 and PickScore. With β = 10, PRDP
significantly improves the aesthetic score over Stable Diffusion v1.4 without sacrificing text-image alignment.

16



D. Large-Scale Multi-Reward Finetuning

Table 3. Reward score comparison on unseen prompts. We use a weighted combi-
nation of rewards: PickScore = 10, HPSv2 = 2, Aesthetic = 0.05. PRDP is finetuned
from Stable Diffusion v1.4 on the training set prompts of Pick-a-Pic v1 dataset.

Pick-a-Pic v1
Test Set

HPD v2
Animation

HPD v2
Concept Art

HPD v2
Painting

HPD v2
Photo

SD v1.4 2.888 2.927 2.877 2.883 2.984
PRDP 3.208 3.296 3.264 3.274 3.214

In this section, we provide additional results for our large-scale multi-reward finetuning experiment. Following DRaFT [6],
we use a weighted combination of rewards: PickScore = 10, HPSv2 = 2, Aesthetic = 0.05. We finetune Stable Diffusion
v1.4 [37] on the training set prompts of Pick-a-Pic v1 dataset [22]. We evaluate our finetuned model on a variety of unseen
prompts, including 500 prompts from the Pick-a-Pic v1 test set, and 800 prompts from each of the four benchmark categories
of the Human Preference Dataset v2 (HPD v2) [53], namely animation, concept art, painting, and photo. Table 3 reports
the reward scores before and after finetuning. The reward scores are averaged over 64 random samples per prompt, using
the same random seed for Stable Diffusion v1.4 and PRDP. We further show generation samples for each test prompt set in
Figures 11 to 15. As can be seen, PRDP significantly improves generation quality across all five prompt sets.

E. Hyperparameters

Table 4. PRDP training hyperparameters.

Name Symbol Small-Scale
Finetuning

Large-Scale
Finetuning

Large-Scale Multi-Reward
Finetuning

Training epochs E 100 1000 1000
Gradient updates per epoch K 10 1 1
Prompts per epoch N 32 64 64
Images per prompt B 16 8 8
KL weight β 3×10−5 3×10−6 3×10−5

DDPM steps T 50 50 50
Stepwise clipping range ϵ 1×10−6 1×10−4 1×10−4

Classifier-free guidance scale — 5.0 5.0 5.0
Optimizer — AdamW AdamW AdamW
Gradient clipping — 1.0 1.0 1.0
Learning rate — 1×10−5 7×10−6 1×10−5

Weight decay — 1×10−4 1×10−4 1×10−4
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F. Effect of Clipping

Table 5. Effect of clipping on training stability.

w/o Clipping w/ Clipping

DDPO
Small scale: Unstable
Large scale: Unstable

Small scale: Stable
Large scale: Unstable

PRDP
Small scale: Unstable
Large scale: Unstable

Small scale: Stable
Large scale: Stable

Table 5 summarizes the effect of clipping on the training stability of both DDPO [4] and PRDP. For DDPO, we use PPO-
based clipping [42], while for PRDP, we use the proximal updates described in Section 3.3. We observe that clipping is key to
stability of small-scale training, whereas using the PRDP objective and clipping are both indispensable for achieving stability
in large-scale training.

G. Jax Implementation of PRDP Loss

1 import jax
2 import jax.numpy as jnp
3

4

5 def prdp_loss(
6 log_probs: jax.Array, # (B, T)
7 log_probs_old: jax.Array, # (B, T)
8 log_probs_ref: jax.Array, # (B, T)
9 rewards: jax.Array, # (B,)

10 clip_range: float,
11 kl_weight: float,
12 ) -> jax.Array:
13 """Computes PRDP loss for a batch of denoising trajectories with the same text prompt.
14

15 Args:
16 log_probs: Log probs of the denoising trajectories under pi_theta.
17 log_probs_old: Log probs of the denoising trajectories under pi_theta_old.
18 log_probs_ref: Log probs of the denoising trajectories under pi_ref.
19 rewards: Rewards of the generated clean images.
20 clip_range: Stepwise clipping range (epsilon).
21 kl_weight: KL weight (beta).
22

23 Returns:
24 loss: The PRDP loss.
25 """
26 log_ratios = log_probs - log_probs_ref
27 log_ratios_old = log_probs_old - log_probs_ref
28 clipped_log_ratios = jnp.clip(
29 log_ratios, log_ratios_old - clip_range, log_ratios_old + clip_range
30 )
31

32 log_ratios = jnp.mean(log_ratios, axis=-1)
33 clipped_log_ratios = jnp.mean(clipped_log_ratios, axis=-1)
34

35 log_ratio_diffs = log_ratios[:, None] - log_ratios
36 clipped_log_ratio_diffs = clipped_log_ratios[:, None] - clipped_log_ratios
37 reward_diffs = rewards[:, None] - rewards
38

39 mse_loss = (log_ratio_diffs - reward_diffs / kl_weight) ** 2
40 clipped_mse_loss = (clipped_log_ratio_diffs - reward_diffs / kl_weight) ** 2
41 loss = jnp.maximum(mse_loss, clipped_mse_loss)
42 loss = jnp.mean(loss, where=reward_diffs > 0)
43

44 return loss
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Figure 11. Generation samples on unseen prompts from the Pick-a-Pic v1 test set. PRDP is finetuned from Stable Diffusion v1.4
on the training set prompts of Pick-a-Pic v1 dataset, using a weighted combination of rewards: PickScore = 10, HPSv2 = 2, Aesthetic
= 0.05. For each prompt, the generation sample from Stable Diffusion v1.4 and PRDP use the same random seed.
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Figure 12. Generation samples on unseen prompts from the HPD v2 animation benchmark. PRDP is finetuned from Stable Diffusion
v1.4 on the training set prompts of Pick-a-Pic v1 dataset, using a weighted combination of rewards: PickScore = 10, HPSv2 = 2, Aesthetic
= 0.05. For each prompt, the generation sample from Stable Diffusion v1.4 and PRDP use the same random seed.
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magical ornate armor 
with a backdrop of Art 
Nouveau-inspired 
design.

A fox wearing a Mafia 
Hat, red Tie and white 
shirt in fantasy 
concept art.

An ancient Japanese 
temple located in a 
forest near a river, 
with dramatic lighting 
and a singular 
building centered in 
the image.

Digital art of a cherry 
tree overlooking a 
valley with a waterfall 
at sunset.

A giant burning 
pineapple illuminates 
the forest and 
mountain backdrop in 
this cinematic 
concept art for a 
video game.

Exterior image of a 
small magic items 
and curios shop in a 
busy fantasy city.

A landscape featuring 
a lone magic the 
gathering-style 
building.
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The image is a 
wooden sculpture of a 
cute robot with cat 
ears, displayed in a 
contemporary art 
gallery.

A path winding 
through a forest 
depicted in digital art.

The Kremlin ruins are 
engulfed in flames in 
a digital art illustration 
with a fantastical 
style and Morandi 
color scheme.

The image depicts a 
forest with realistic 
gnomes and 
mushrooms on the 
ground, with warm 
lighting shining 
through the trees.

The image depicts a 
concept art of 
Schrodinger's cat in a 
box with an abstract 
background of waves 
and particles in a 
dynamic composition.

An image of a 
fantastical city 
floating in the clouds.

A concept art digital 
CG painting of a place 
in Bali, trending on 
ArtStation and 
created using Unreal 
Engine.
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A Halloween-themed 
TV show room with a 
big screen on the wall, 
designed by Disney 
Concept Artists with 
blunt borders and 
following the rule of 
thirds.

A futuristic modern 
house on a floating 
rock island 
surrounded by 
waterfalls, moons, 
and stars on an alien 
planet.

The image depicts an 
otherworldly 
landscape with a 
waterfall, trees, 
mountains, and lush 
greenery, under 
dramatic lighting.

Minimalistic surreal 
interior with arches, 
glass 3D objects, and 
abstract pools 
around.

This is a 3D isometric 
illustration with studio 
lighting.

Digital art featuring 
small white butterflies 
amidst a starry 
darkness.

A massive frog robot 
wreaking havoc on a 
city.
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Figure 13. Generation samples on unseen prompts from the HPD v2 concept art benchmark. PRDP is finetuned from Stable Diffusion
v1.4 on the training set prompts of Pick-a-Pic v1 dataset, using a weighted combination of rewards: PickScore = 10, HPSv2 = 2, Aesthetic
= 0.05. For each prompt, the generation sample from Stable Diffusion v1.4 and PRDP use the same random seed.
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A painting of a 
Persian cat dressed 
as a Renaissance 
king, standing on a 
skyscraper 
overlooking a city.

A digital painting of a 
fantasy kitchen 
environment with 
elements of cartoons, 
comics, and manga.

Colorful illustration of 
a forest tunnel 
illuminated by 
sunlight and filled 
with wildflowers.

A detailed painting of 
a futuristic spaceship 
with ornamental 
features.

The image features a 
surreal fox and skulls 
in highly detailed, 
liquid oilpaint style.

A fluffy owl sits atop a 
stack of antique 
books in a detailed 
and moody 
illustration.

The image features a 
castle surrounded by 
a dreamy garden with 
roses and a cloudy 
sky in the 
background.
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A digital painting of a 
magical ritual location 
with volumetric 
lighting and elements 
from various artworks 
and games.

An oil painting of a 
vintage rally car, 
including a yellow 
Porsche with smoke 
and dirt from drifting.

A brownstone building 
located in a forest 
setting, painted by 
Eytan Zana.

A serene meadow 
with a tree, river, 
bridge, and mountains 
in the background 
under a slightly 
overcast sunrise sky.

A landscape featuring 
a unique digital 
painting-style 
building.

A night scene of a 
lavender field with a 
town and church in 
the background, 
reminiscent of 
Vincent van Gogh's 
style.

A watercolor painting 
of a galaxy in a jar.
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A landscape with an 
art nouveau building.

A painting of a girl 
standing on a 
mountain looking out 
at an approaching 
storm over the ocean, 
with wind blowing and 
ocean mist, 
surrounded by 
lightning.

A surreal cat with a 
smile and intricate 
details.

The image features an 
ancient Chinese 
landscape with a 
mountain, waterfalls, 
willow trees, and arch 
bridges set against a 
blue background.

A digital painting of a 
blue-skinned wizard 
with intricate and 
elegant details, 
created by multiple 
artists and posted on 
Artstation.

A train crosses a 
trestle bridge in the 
mountains in an 
optimistic and vibrant 
illustration.

A solar eclipse is 
depicted over a field 
of grass and flowers 
with a small forest in 
the distance, as a 
matte painting on Art 
Station by Simon 
Stalenhag.
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Figure 14. Generation samples on unseen prompts from the HPD v2 painting benchmark. PRDP is finetuned from Stable Diffusion
v1.4 on the training set prompts of Pick-a-Pic v1 dataset, using a weighted combination of rewards: PickScore = 10, HPSv2 = 2, Aesthetic
= 0.05. For each prompt, the generation sample from Stable Diffusion v1.4 and PRDP use the same random seed.
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A small elephant toy 
sitting inside of a 
wooden car.

A wooden outhouse 
sitting in the grass 
near trees.

a man on a 
motorcycle that is in 
some grass

Two kittens curled up 
in a white sheet that 
looks soft.

a vase with a flower 
growing very well

A man standing in 
front of a bunch of 
doughnuts.

A wreath with a red 
bow on it hanging on 
a white door.
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A dim lit room 
consisting of many 
objects put together.

A motorcycle parked 
on a stone cobble 
road, in the sun.

A car sitting in the 
middle of the grass in 
the rain.

a black cat that is 
sitting in a sink

A TV sitting on top of 
a wooden stand.

Sun shining through 
the blinds into a white 
bathroom.

a couple of horse that 
are eating some grass
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Ornate archway inset 
with matching 
fireplace in room.

a cat laying on the 
floor of a kitchen

A TV sitting on top of 
a counter inside of a 
store.

a black and white 
photo with a vase and 
flower coming out of 
it

A man wearing a 
black neck tie and 
glasses.

The motorcycle is 
tilting as he turns 
through a cave.

A table topped with  
lots of food and 
drinks.
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Figure 15. Generation samples on unseen prompts from the HPD v2 photo benchmark. PRDP is finetuned from Stable Diffusion v1.4
on the training set prompts of Pick-a-Pic v1 dataset, using a weighted combination of rewards: PickScore = 10, HPSv2 = 2, Aesthetic
= 0.05. For each prompt, the generation sample from Stable Diffusion v1.4 and PRDP use the same random seed.
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