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Abstract

Current mainstream methods of aligning diffusion models
with human preferences typically employ VLM-based re-
ward models. However, these reward models, pre-trained
for semantic alignment, struggle to capture the essential
perceptual qualities—such as aesthetics, composition, and
visual harmony. In this work, we argue that a model capa-
ble of high-fidelity generation must possess a profound un-
derstanding of these visual attributes. Based on this insight,
we introduce the Diffusion-based Reward Model (DRM), a
novel paradigm that use the pre-trained diffusion model as
a powerful evaluative backbone. A key advantage of the
DRM is its unique ability to assess not only the final im-
age but also the noisy intermediate latents at any stage of
the generative process. We leverage this step-wise evalu-
ative capacity in two ways. First, we propose Step-wise
GRPO, a reinforcement learning algorithm that provides
dense, per-step rewards to resolve the imprecise credit as-
signment problem in GRPO algorithm, leading to more sta-
ble and effective alignment. Second, we introduce Step-wise
Sampling, a novel inference strategy that employs the DRM
as a dynamic guide to evaluate multiple generation paths at
each step, steering the process towards higher-quality out-
comes. Extensive experiments confirm that our approach
significantly enhances the final quality of generated images.
Code: https://github.com/jjaxonx/DRM.

1. Introduction

Diffusion models [7, 11, 29, 32, 33] have demonstrated re-
markable generative capabilities. However, their outputs of-
ten misalign with human preferences and intent, spurring
the wave of research into human preference alignment.
A direct approach to alignment involves fine-tuning the
model on large-scale human feedback [25, 35]. While ef-
fective, this process is prohibitively expensive and labor-
intensive for diffusion models. Consequently, an alternative
paradigm has gained prominence: learning a reward model
(RM) from limited preference data [15, 24, 38, 43, 46]. This
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Figure 1. Comparison between preview reward models and
DRM. Existing reward models treat the generation process as a
black box, providing only a single, terminal reward based on the
final output. Our DRM offers fine-grained reward for any noisy
latent along the entire denoising trajectory.
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Figure 2. Reward curves for various RL algorithms optimized
using our DRM. Our Step-GRPO, which leverages dense, per-
step rewards, not only reaches a higher final reward but also con-
verges 2.5x faster on step than the standard GRPO baseline.

learned reward function can then be used to generate syn-
thetic preference data, significantly reducing the reliance on
manual annotation for model alignment.

Early RMs [19, 42, 47] were typically fine-tuned from
CLIP [30] backbones. With the advent of Vision-Language
Models (VLMs) [2, 3, 21, 37], their superior visual under-
standing capabilities made them a more powerful choice
for RM backbones, leading to their widespread adoption
in visual quality assessment [0, 8, 17, 24, 38, 39, 43, 49].
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However, these VLMs rely on a CLIP-style vision encoder,
which is pre-trained to align images with text based on se-
mantic similarity. This objective inherently prioritizes what
an image contains over how it is presented. Consequently,
the resulting feature representations are rich in semantics
but impoverished in terms of crucial aesthetic and composi-
tional attributes that are pivotal to human preference.

This limitation motivates the search for an alternative vi-
sion backbone, one inherently sensitive to the perceptual
qualities that CLIP-style encoders neglect. We argue that
pre-trained diffusion models are precisely such a backbone.
This claim is built on an intuitive yet powerful insight:
the ability to generate high-fidelity images necessitates a
deep, implicit understanding of visual aesthetics, compo-
sition, and fine-grained details. Motivated by this insight,
we pioneer the use of diffusion models as the backbone for
reward modeling, systematically unlocking their powerful
evaluative capabilities. We introduce our approach as the
Diffusion-based Reward Model (DRM).

The benefit of using a diffusion backbone is clear: a
richer understanding of perceptual qualities like aesthet-
ics and composition. Beyond this, the DRM possesses a
more profound advantage: as shown in Figure 1, it does not
merely judge the final image; it comprehends the entire gen-
erative trajectory, allowing it to assess noisy intermediate
states at any given timestep. This unique, step-wise eval-
uative capacity provides a mechanism to address two key
challenges in diffusion models.

(1) On the optimization front, prevailing reinforcement
learning alignment methods, such as GRPO [23, 44], suf-
fer from an imprecise credit assignment problem. They
treat the multi-step generation process as a “black box,” uni-
formly distributing the reward from the final image across
all intermediate timesteps. This coarse approach fails to dis-
tinguish between beneficial and detrimental actions during
generation. To resolve this, our Step-wise GRPO (Step-
GRPO) algorithm leverages the DRM to provide immedi-
ate and precise rewards at each step. As visualized in Fig-
ure 2, this dense feedback signal enables far more effec-
tive and stable policy optimization. (2) For inference, we
break the rigidity of deterministic samplers. Where con-
ventional methods are locked into a single, uncorrectable
path, our Step-wise Sampling strategy employs the DRM as
a dynamic guide. At each step, it evaluates multiple poten-
tial futures and greedily chooses the one that best preserves
quality, preventing the cascading failures common in fixed
trajectories. In summary, our contributions are as follows:
U (1) We introduce the DRM, a novel paradigm for reward
modeling. By using a pre-trained diffusion model as its
backbone, the DRM inherits a rich understanding of percep-
tual qualities like aesthetics and composition, and crucially,
it possesses the unique capability to assess noisy intermedi-
ate latents at any stage of the generative process.

U (2) We propose Step-GRPO, a reinforcement learning al-
gorithm that resolves the credit assignment problem in dif-
fusion model alignment. By using the DRM to provide
dense, per-step rewards, Step-GRPO achieves significantly
more stable and efficient policy optimization compared to
methods that rely on a single, terminal reward.

O (3) We present Step-wise Sampling, a novel inference
strategy that employs the DRM as a dynamic guide. This
method evaluates multiple potential generation paths at
each step, steering the process towards higher quality out-
comes.

2. Related Work
2.1. Reward Model

Reward models are crucial for aligning diffusion genera-
tive models [1, 7, 11, 28, 29, 32, 33] with human pref-
erences. Initially, methods relied on automated metrics
like FID [10] and CLIP [30] to evaluate image quality and
text-image consistency [12, 13, 26]. However, these met-
rics fall short of capturing human preferences due to train-
ing objectives and data. To bridge this gap, recent re-
search focuses on fine-tuning CLIP models directly on hu-
man preference datasets, enabling them to better predict hu-
man judgments [19, 42, 47]. With the rise of powerful Vi-
sion Language Models (VLMs) [2, 3, 21, 37], they have
become a natural choice for reward model backbones, lead-
ing to their widespread adoption in visual quality assess-
ment [8, 17, 24, 38, 39, 43, 49]. A key limitation, how-
ever, is that these VLMs use a CLIP-style vision encoder
that compresses an image into a semantic-heavy represen-
tation. This information bottleneck makes the VLM less
sensitive to the image’s structural integrity and other de-
tails. While LPO [48] have explored diffusion-based re-
ward models, these efforts lack a systematic investigation.
Motivated by the premise that “generation requires under-
standing,” we systematically explore the diffusion model as
a reward backbone, aiming to unlock its potential for more
perceptive and accurate reward signals.

2.2. Alignment for Diffusion Models

Aligning diffusion models with human preferences is a sig-
nificant area of investigation. Recent efforts have largely
followed two paths. One line of work adapts direct
preference optimization (DPO) [31] for diffusion mod-
els, as seen in D3PO [45] and Diffusion-DPO [35]. The
other integrates online reinforcement learning, with Flow-
GRPO [23] and DanceGRPO [44] being the first to apply
it to flow-matching models, inspiring a surge of subsequent
works [16, 18, 22, 36]. A central challenge in these ap-
proaches is the problem of credit assignment: the reward for
the final image is uniformly applied to all steps in the gener-
ation process. TempFlow-GRPO [9] attempts to solve this
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with a precise score allocation mechanism, but this intro-
duces substantial sampling overhead during training. Our
DRM is designed to address this challenge directly. By
possessing the inherent capability to evaluate intermediate
noisy latents, it offers a more direct and efficient approach
to the credit assignment problem.

3. Method

3.1. Preliminary

Flow Matching. Let 2y ~ &) be a data sample from the
real world image data distribution and z; ~ A7 a noise
sample. Flow Matching[20] defines intermediate samples
as

= (1 —t)axo +tay, te€][0,1], (D

and trains a velocity field vg (¢, t) via the objective:

['FM(G) = Et,woﬂh [HU - ’U9(xt7 t)”%]v

At inference, the iterative denoising process can be nat-
urally formalized as a Markov Decision Process [4]. At
each step t, the state is s; = (c,t, ), where ¢ denotes
the prompt, and the action a; corresponds to producing the
denoised sample ;1 ~ w(x1—1|2¢, C).

v=2x1—x9. (2)

Flow-GRPO. RL aims to learn a policy that maximizes
the expected cumulative reward. Given a prompt c, the
flow model py samples a group of GG individual images
{x}1% | and the corresponding reverse-time trajectories
{(x%, x5 1, .., x5) 5. Then, the advantage of the i-th
image is calculated by normalizing the group-level rewards
as follows:

v R(xh, ) — mean({R(x), ¢)}))

b std({R(xf, ) }i,) '
GRPO optimizes the policy model by maximizing the fol-
lowing objective:

jFlOW-GRPO(Q) = ECNQ{X’ iczlwfrgold(-\c)f(r? Av 07 €, B)a
4)
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tic exploration requirements, [23] convert the deterministic
ODE to an equivalent SDE:

TirAt = Tt + (Ue (x4, t)+

o? (6)
?;(zt +(1- t)”a(l‘t,t)))At + oVAte,

where € ~ N (0, I) injects stochasticity and oy = a l%t

3.2. Diffusion-based Reward Model

Architecture of Diffusion-based Reward Model (DRM).
As illustrated in Figure 3, our DRM predicts human prefer-
ences by leveraging the intermediate features from the Dif-
fusion Transformer (DiT) of a pre-trained diffusion model.
Specifically, to ensure a fair comparison with VLM-based
reward models in terms of parameter count, we adapt a pre-
trained DiT by truncating its final transformer layers. For
instance, we initialize our backbone with the pre-trained
DiT from SD3.5-Medium (2.5B parameters). To align its
scale with models like HPSv3-2B, we remove the last three
transformer layers. Given a noisy latent representation x; at
a specific timestep ¢, it is fed into our modified DiT back-
bone. This process yields a sequence of visual features
fo € REX4 where L is the sequence length and d is the
feature dimension. The visual features f, are then passed
to a prediction head. First, a linear layer projects them
to a lower-dimensional space, resulting in f, € REXd,
Subsequently, f, is reshaped into a spatial feature map

fp € Rhxwx T Finally, this feature map is processed by
a small convolutional network, followed by a pooling layer
and a liner projection, to produce the final preference score
s. The overall process of DRM can be formulated as fol-
lows:

fp = MLP(fv)v .fv S RLXdafp € RLXdp @)

s = MLP(Pooling(Conv(ReShape(f,)))) (8)

Training Loss. Our model is trained on a dataset com-
posed of triplets (1", I'°%¢ p), where (""", I'°5¢) repre-
sents a pair of images with human preference labels (win-
ner and loser), and p is their corresponding text prompt.
The training process for a given pair is as follows, also
illustrated in Figure 3. First, we encode the images into
latent representations, :EB”" and :Eéo“, using a VAE en-
coder. Subsequently, for a randomly sampled timestep ¢, we
simulate the forward diffusion process by adding Gaussian
noise ¢, € N'(0,1) to generate the noisy latents 2" and
xl°%¢. These noisy latents are then fed into our DRM, con-
ditioned on the timestep ¢, to obtain their respective prefer-
ence scores:

Swin — DRM(ZB%‘”"7 t), Slose = DRM(LL'%OSE7 t) 9

Following the Bradley-Terry (BT) model [5], we define the

training loss as the negative log-likelihood of the probability

that the winning image is preferred over the losing one:
EDRM — —log(a(s"’m _ Slose))7 (10)

where o (-) denotes the sigmoid function.
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Figure 3. Overview of the Diffusion-based Reward Model (DRM). (Left) The training pipeline. During training, the DRM takes a pair
of preferred and dispreferred images, both corrupted with noise at a specific timestep ¢, and predicts their respective reward scores. The
model is then optimized via DR loss. (Right) The detailed architecture of our Reward Output Head.
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Figure 4. GRPO vs. Step-wise GRPO. (Left) Naive GRPO relies on a terminal reward. It samples multiple full trajectories, calculates a
single reward at the final step (t=0), and applies this coarse reward uniformly to all preceding steps, leading to imprecise credit assignment.
(Right) Step-wise GRPO introduces a dense, per-step reward signal. From a single initial point, it explores k candidate samples via SDE at
each timestep, using the DRM to assign a precise, step-specific reward and advantage for more effective policy optimization.

3.3. Step-wise GRPO

Motivation. Prevailing reinforcement learning (RL)
alignment algorithms, such as GRPO, largely treat the
multi-step generation process as a ‘“black box”, performing
time-agnostic policy optimization. This approach suffers
from a fundamental limitation: it assigns the reward signal
from the final generated image uniformly to every step in
the generation trajectory. This coarse credit assignment
mechanism overlooks the varying contributions of each
intermediate step to the final image quality. To address
this core issue, we leverage a unique capability of our
Diffusion-based Reward Model (DRM). Because its
backbone is initialized from pre-trained diffusion model
weights, the DRM is inherently capable of evaluating noisy
latents at any arbitrary timestep during the generation
process. Capitalizing on this property, we introduce the
Step-wise GRPO (Step-GRPO) algorithm. Instead of
relying on a single, terminal reward, Step-GRPO provides
a precise, step-specific reward for each intermediate state,
enabling a more granular and effective policy optimization.

Step-wise GRPO (Step-GRPO). As illustrated in Fig-
ure 4, our method performs fine-grained policy optimization
at each reverse diffusion timestep ¢. Specifically, starting

from the current state x;1, we sample a set of k candidate
states for the next step, {x:}*_,, via the SDE. These can-
didates are then fed into our DRM to obtain a correspond-
ing set of immediate reward scores {R(x%,c)}¥_ ; Unlike
conventional advantage functions (Equal 3) that rely on a
terminal reward, we define an immediate advantage for the
decision at each step, formulated as:

k

R(xj, ¢) — mean({R(x}, ©)}i_y)

std({R(x},c)}%_))

This formulation shifts the focus of evaluation from the
final, global outcome to the local decision at the current
timestep—specifically, assessing the relative quality of tran-
sitioning from x; to each candidate x¢. This approach yields
a more precise advantage estimate and provides a more di-
rect and fine-grained supervisory signal for the policy gra-
dient.

A = (11

3.4. Step-wise Sampling

Beyond its role in providing step-wise rewards for RL-
based fine-tuning, our Diffusion-based Reward Model
(DRM) can also be leveraged to directly enhance genera-
tion quality at inference time. We introduce a novel sam-
pling strategy, termed Step-wise Sampling, which offers
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Figure 5. Overview of Step-wise Sampling. At each step t, we
perform a branching into k candidates via SDE. The DRM scores
these candidates, and the top-scoring latent is chosen to continue
the trajectory.

a training-free, plug-and-play mechanism for improving
model outputs. This approach provides a highly practi-
cal method for users to boost generation quality without
any model fine-tuning. Conventional deterministic sam-
plers follow a single, fixed trajectory, generating only one
successor state x;_1 from x; at each timestep. While effi-
cient, this single-path approach is unforgiving; the quality
of the final image is entirely dependent on the model’s ini-
tial predictions, with no opportunity for corrective action
during the generation process.

To overcome this limitation, Step-wise Sampling intro-
duces an “explore-and-select” mechanism, as illustrated in
Figure 5. At each timestep t, instead of following a sin-
gle deterministic path, we first “explore” by leveraging
SDE sample to generate k candidate states for the next
step, forming a candidate set {x! ;}* . This step ef-
fectively branches the generation process into multiple po-
tential future trajectories. Next, in the “select” phase, we
harness the unique power of our DRM to score each of
these k candidates, obtaining a set of corresponding rewards
{R(zi_1,c)}k_,. We greedily select the candidate with the
highest score as the definitive state for the next step:

X¢—1 = argmaxxiil(R(Xi_l,c)). (12)

By iteratively selecting the most promising path at each
stage of generation, Step-wise Sampling can proactively
steer the trajectory away from “bad” paths that might lead
to low-quality results. This process robustly enhances the
quality and alignment of the final image.

4. Experiment
4.1. Diffusion-based Reward Model

4.1.1. Implementation Details

Training Dataset. Following the methodology of HPSv3,
we construct our training dataset by aggregating data from

three sources: HPDv3, a subset of the Pick-A-Pic dataset,
and a subset of the ImageReward dataset. The final dataset
comprises a total of 1.4 million samples. Each sample is
structured as a triplet (1%, I'°%¢ p), consisting of a pre-
ferred image 1", a dispreferred image I'°*¢, and their
shared text prompt p.

Model. We initialize our backbone with the pretrained
Diffusion Transformer from SD3.5-Medium. To ensure a
fair comparison with VLM-based models in terms of pa-
rameter count, we truncate the final three transformer layers
of the model. All remaining parameters are made trainable
and are fine-tuned during training. The model is trained
for one epoch on a cluster of 64 NVIDIA H20 GPUs, each
with 96 GB of VRAM. We employ a constant learning rate
of 1 x 1075, and a global batch size of 128, which corre-
sponds to a per-GPU batch size of 2. All images are resized
to a resolution of 512x512 pixels at training.

4.1.2. Preference Comparison

We evaluated our model against several leading reward
models on standard benchmarks. As shown in Table 1, our
approach achieves highly competitive performance, secur-
ing accuracies of 64.1% 73.4%, 82.2%, and 74.0% on the
PickScore, HPDv2, and HPDv3 test sets, respectively. It is
crucial to contextualize these results: unlike conventional
RMs that are trained exclusively to judge final, clean im-
ages, our DRM is designed for the more challenging and
general task of evaluating noisy latents at any step of the
generation process. This broader training objective, which
is fundamental to enabling our step-wise guidance meth-
ods, is not measured by standard benchmarks. This inherent
design may introduce a slight trade-off in performance on
clean-only evaluation tasks. In addition, the key advantage
of our model lies in its remarkable parameter efficiency.
Despite its modest size of only 2B parameters, our DRM
significantly outperforms the similarly-sized, VLM-based
HPSv3. This evidence strongly suggests that our diffusion-
based architecture provides a more efficient and effective
pathway to powerful reward modeling than simply scaling
up conventional VLM backbones.

4.1.3. Ablation Study

Eeffect of Pretrained Weight. To validate our hypothesis
that the model’s strong performance stems from the gener-
ative prior embedded in the pre-trained diffusion weights,
we conducted a critical ablation study. Specifically, we
trained an identical model architecture from scratch, us-
ing random weight initialization instead of loading the pre-
trained weights. The results after a single epoch of training
are stark. As shown by comparing rows (a) and (e) in Ta-
ble I, the model initialized with pre-trained weights signif-
icantly outperforms the randomly initialized version across
all test sets. To rule out the possibility that this discrepancy
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# Model | Weights Epoch | Size | ImageReward?  PickScoret HPDv2t  HPDv3?
- CLIP ViT-H/14 [30] - - - 57.1 60.8 65.1 48.6
- Aesthetic Score Predictor [34] - - - 57.4 56.8 76.8 59.9
- ImageReward [42] - - - 65.1 61.1 74.0 58.6
- PickScore [14] - - - 61.6 70.5 79.8 65.6
- HPS [41] - - - 61.2 66.7 77.6 63.8
- HPSV2 [40] - - - 65.7 63.8 83.3 65.3
- MPS [47] - - - 67.5 63.1 83.5 64.3
- HPSV3 - 2B [27] - - - 57.9 63.6 80.8 66.3
- HPSv3 - 7B [27] - - - 66.8 72.8 85.4 76.9
(a) Ours Random 1 256 52.4 57.5 65.0 59.3
(b) Ours Random 2 256 51.9 59.5 68.5 62.3
(c) Ours Random 3 256 53.7 59.0 70.1 63.0
@ | Ours | Pre-trained | 1 | 256 | 62.9 72.1 80.1 71.9
@© | Ours | Pre-trained | 1 | 512 | 64.1 73.4 82.2 74.0

Table 1. Preference prediction accuracy (%) on the test sets of ImageReward, HPDv2 and HPDv3. The best and second-best results
are bolded and underlined. Our model achieves top-tier accuracy on PickScore. Its competitive scores on ImageReward, HPDv2 and
HPDv3 reflect an expected trade-off, stemming from the DRM’s core design. The DRM is trained to assess noisy latents throughout the
generation process, not just the final clean outputs. This capability, fundamental to our approach, introduces a subtle domain shift when
evaluated on benchmarks consisting solely of clean images, which accounts for the performance gap.

0
74.0

500
73.0

750
65.11

Timestep

DRM

Table 2. DRM Accuracy vs. Timestep. Performance on HPSv3
test set. Higher timestep correspond to higher noise level.

was merely due to the from-scratch model not having con-
verged, we extended its training duration. The subsequent
results, presented in rows (b) and (c), are conclusive: the
pre-trained diffusion weights not only dramatically acceler-
ate convergence but also enable the model to reach a higher
performance ceiling. This confirms that the generative prior
is indispensable for both training efficiency and the model’s
ultimate evaluative capabilities.

Eeffect of Training Image Size. To assess the impact
of training image resolution on model performance, we
conducted an ablation study comparing models trained on
256x256 and 512x512 images. The results are presented in
Table 1, comparing rows (d) and (e). A clear trend emerges:
increasing the training resolution leads to a consistent im-
provement in performance across all test sets. This indi-
cates that our DRM has the capacity to leverage the fine-
grained details present in higher-resolution data to make
more accurate judgments, highlighting the importance of
high-resolution training for achieving optimal performance.

4.1.4. Influence of Timestep

To validate the DRM’s core capability of evaluating noisy
latents, we tested its preference prediction accuracy on the
HPSv3 test set across a spectrum of timestep. The results,
detailed in Table 2, show a predictable decline in perfor-
mance as the signal-to-noise ratio decreases. Nevertheless,

the DRM’s accuracy remains remarkably robust, confirming
its efficacy as a reliable, step-wise reward signal throughout
the entire denoising trajectory.

4.2. Step-Wise GRPO
4.2.1. Experimental Setting

Implementation Details. In our experiments, we bench-
mark the effectiveness of three distinct RMs: PickScore and
HPSv3, and our proposed DRM. The base generative model
for all experiments is SD3.5-Medium. To ensure a fair com-
parison, we fine-tune the generator using the state-of-the-art
Flow-GRPO algorithm for all three RMs. For our DRM, we
also conduct experiments with our novel Step-GRPO algo-
rithm to showcase its unique step-wise guidance capabil-
ities. For efficient fine-tuning, we optimize the generator
using Low-Rank Adaptation (LoRA), with the rank set to
32 and the scaling factor « set to 64. We use a learning rate
of 1e-4 with a policy clipping range of 1e-4. To ensure a fair
comparison, we maintain the same workload across meth-
ods: standard GRPO aggregates 6 samples per GPU across
4 GPUs, resulting in a group size of 24 (6 x 4). In contrast,
Step-GRPO (default £ = 6) processes the same 24 sam-
ples total (6 per GPU) but computes updates using a local
group size of 6 without cross-GPU aggregation. During in-
ference, we employ the Flow Match Euler Discrete Sched-
uler with 50 sampling steps and a classifier-free guidance
(CFG) scale of 4.5. To maintain a standardized benchmark,
the evaluation is conducted on test datasets consistent with
the Flow-GRPO.

Evaluation Metrics. For a comprehensive and objective
evaluation of our method, we employ a suite of automated
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Figure 6. Qualitative comparison of SD3.5-Medium optimized by various reward models. Our approach clearly exhibits superior

visual quality compared to the competing methods.

Model ImageReward PickScore HPSv3
SD3.5-Medium 1.01 16.76 8.95
+ PickScore & GRPO 1.14 16.94 9.64
+ HPSv3 & GRPO 1.15 16.90 9.71
+ DRM & GRPO 1.14 16.95 10.07
+ DRM & Step-GRPO 1.17 17.04 10.28

Table 3. Performance of SD3.5-Medium on the test set, op-
timized by different reward models. Best and second-best re-
sults are in bold and underlined. Our full approach (DRM & Step-
GRPO) outperforms all baselines, while DRM alone achieves the
second-best performance on PickScore and HPSv3, validating the
efficacy of both components.

metrics. Specifically, we utilize three models as evalua-
tors: PickScore, HPSv3, and ImageReward. These mod-
els are established benchmarks for assessing critical aspects
of generation quality, including text-image alignment, aes-
thetic appeal, and alignment with human preferences.

4.2.2. Quantitative Comparison

The quantitative results of RL fine-tuning experiments are
summarized in Table 3. We evaluate the alignment of the

fine-tuned models with human preferences using three es-
tablished automated metrics: ImageReward, PickScore, and
HPSv3. As shown, the baseline SD3.5-Medium model
serves as our starting point. Applying the standard GRPO
algorithm with any of the reward models—PickScore,
HPSv3, or our DRM—yields consistent improvements
across all evaluation metrics, validating the general ef-
fectiveness of RL-based fine-tuning. Notably, even when
constrained to the standard GRPO framework, our DRM
demonstrates highly competitive performance, particularly
on the HPSv3 metric (10.07). However, the full poten-
tial of our approach is unlocked when our DRM is paired
with the Step-GRPO algorithm. This combination deci-
sively outperforms all other methods, establishing a new
state-of-the-art across all three benchmarks. Specifically,
our method achieves top scores of 1.17 on ImageReward,
17.04 on PickScore, and an impressive 10.28 on HPSv3.
This consistent and superior performance provides strong
empirical evidence for our central hypothesis: by leverag-
ing a reward model capable of evaluating intermediate gen-
eration steps with an algorithm designed to utilize this gran-
ular feedback, we can achieve a more effective and robust

12770



ward Model Score

Diffusion-based Reward Model Score

Diffusion-based Re

0 30
GPU Hours

Figure 7. Reward curves with steps and GPU hours as the x-axis.

alignment with human preferences than methods that only
provide a final reward.

4.2.3. Qualitative Comparison

To complement our quantitative findings, we conduct a
qualitative analysis to visually assess the performance of
our method. As illustrated in Figure 6, images generated by
our DRM + Step-GRPO approach exhibit a clear superiority
over those from the competing methods. Specifically, our
method renders significantly more fine-grained details and
shows a marked reduction in visual artifacts and generation
errors. This advantage is particularly evident in its ability
to preserve complex structures and generate realistic tex-
tures, areas where other methods often falter. These qualita-
tive improvements provide compelling visual evidence that
our approach excels at generating high-fidelity and aestheti-
cally pleasing images, underscoring the benefits of leverag-
ing step-wise guidance.

4.2.4. Training Efficiency and Convergence

As shown in Figure 2, Step-GRPO significantly outper-
forms standard GRPO in both convergence speed and fi-
nal performance by leveraging step-wise feedback from a
DRM. We conduct an ablation study on the group size, k,
to further analyze its properties (Figure 7). The standard
GRPO aggregates 6 samples per GPU across 4 GPUs, re-
sulting in a group size of 24 (6x4), Step-GRPO (k=6)
maintains the same workload (24 samples total, 6 per GPU),
but computes updates using a local group size of 6 with-
out cross-GPU aggregation. For smaller k values, we cor-
respondingly set the per-GPU sample count to & (e.g., 2
samples per GPU for k£=2). When measured by steps,
our method exhibits superior convergence over GRPO even
with k=2, and achieves faster reward growth as k increases
(Figure 7 (left)). Regarding GPU Hours, our method con-
verges ~3.5x faster than GRPO (Figure 7 (right)). Notably,
smaller k reduces per-iteration computational cost, resulting
in similar GPU hour trajectories across k€{2,4,6}.

4.3. Step-wise Sampling

In addition to Step-GRPO, we investigate the efficacy of
Step-wise Sampling. Evaluated under the identical pro-
tocol described in Section 4.2, we further investigate the
quality-efficiency trade-off by varying the candidate counts
k € {1,2,4,6}. As presented in Table 4, although gener-

Sampling T(second)] ImageReward!? PickScoret HPSv31 LPIPST

k=1 2.88 1.01 16.76 8.95 0.650
k=2 5.63 1.08 16.84 9.02 0.661
k=4 7.5 114 16.81 9.32 0.663
k=6 9.83 115 16.93 9.49 0.662

Table 4. Performance of SD3.5-Medium on the test set with and
without Step-wise Sampling. It is evident that applying Step-
wise Sampling leads to significant performance gains across all
evaluation metrics.

SD3.5-M
+StepSampling

SD3.5-M

Red Stop sign, school bus in
the background, 3d render, »
animation movie still

a Ferari car that is made
out of wood

Figure 8. Step-wise Sampling enhances both the fidelity to the
prompt and the aesthetic quality of the generated images.

ation time (512x512, 50 steps, bfloat16) inevitably scales
with k, we observe consistent and notable improvements
across all human preference metrics. Additionally, LPIPS
evaluations confirm that this approach enhances diversity
without inducing mode collapse. These quantitative gains
are strongly corroborated by qualitative visual comparisons
(Figure 8), which reveal superior visual quality, more coher-
ent layouts, and enhanced aesthetic appeal. Together, these
findings validate Step-wise Sampling as an effective in-
ference technique that successfully balances computational
cost with elevated generation quality and diversity.

5. Conclusion

In this paper, we introduced the Diffusion-based Reward
Model (DRM), a novel paradigm that repurposes a pre-
trained diffusion model’s profound understanding of visual
aesthetics as the evaluative backbone. The DRM’s unique
ability to assess noisy intermediate latents enabled two key
innovations. For optimization, our Step-wise GRPO lever-
ages dense, per-step rewards to resolve the credit assign-
ment problem, achieving more stable and efficient align-
ment. For inference, our Step-wise Sampling strategy uses
the DRM as a dynamic guide to proactively steer generation
towards higher-quality results. Our extensive experiments
confirm that DRM provides a more powerful solution for
aligning diffusion models with human preference. We hope
our work will inspire further exploration for reward model-
ing.
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