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ABSTRACT

Diffusion models have achieved impressive results in generative tasks such as
text-to-image synthesis, yet they often struggle to fully align outputs with nu-
anced user intent and maintain consistent aesthetic quality. Existing preference-
based training methods like Diffusion Direct Preference Optimization help ad-
dress these issues but rely on costly and potentially noisy human-labeled datasets.
In this work, we introduce Direct Diffusion Score Preference Optimization
(DDSPO), which—when winning/losing policies are accessible—directly derives
per-timestep supervision from these policies. Unlike prior methods that operate
solely on final samples, DDSPO provides dense, transition-level signals across
the denoising trajectory. In practice, we avoid reliance on labeled data by auto-
matically generating preference signals using a pretrained reference model: we
contrast its outputs when conditioned on original prompts versus semantically de-
graded variants. This practical strategy enables effective score-space preference
supervision without explicit reward modeling or manual annotations. Empirical
results demonstrate that DDSPO improves text-image alignment and visual qual-
ity, outperforming or matching existing preference-based methods while requiring
significantly less supervision.

1 INTRODUCTION

Diffusion models (Ho et al., 2020; Rombach et al., 2022) have achieved impressive results across a
variety of generative tasks, particularly in text-to-image synthesis (Rombach & Esser, 2022b; Podell
et al., 2024; Saharia et al., 2022; Ramesh et al., 2022). Despite this progress, they often struggle
to fully align generated outputs with nuanced user intent and to consistently produce aesthetically
high-quality images. Addressing these shortcomings typically requires task-specific training data,
which can be difficult and costly to obtain. As an alternative, human preference annotations provide
a lightweight yet expressive means of encoding such qualitative information in the form of ranked
comparisons. Leveraging this, recent approaches have incorporated human preferences into the
training process, such as through reinforcement learning with human feedback (RLHF). A notable
example is Diffusion DPO (Wallace et al., 2024), which extends the Direct Preference Optimization
(DPO) framework (Rafailov et al., 2023)—originally developed for language and vision-language
models (Rafailov et al., 2023; Xing et al., 2025; Xie et al., 2024b)—to diffusion models. DPO
enables models to learn directly from preference comparisons without requiring reward models.
While effective, this approach relies heavily on labeled preference datasets, which are expensive to
curate and susceptible to noise and inconsistency, limiting their scalability and reliability.

To overcome these limitations, we propose Direct Diffusion Score Preference Optimization
(DDSPO), a generalized variant of Diffusion DPO that formulates preference supervision in score
space rather than in the final sample space. Unlike prior approaches that define preferences over
final samples (xw

0 ,x
l
0), DDSPO incorporates preference signals into the denoising process at each

timestep using denoising scores from winning and losing policies. This is achieved by extending
preference labels to tuples ((xw

t ,x
w
t−1), (x

l
t,x

l
t−1)), drawn from preferred and dispreferred denois-

ing policies. We define a score-space loss that optimizes the model’s denoising predictions toward
targets ϵw⋆ and ϵl⋆, reflecting preferred and dispreferred behavior. By deriving per-timestep targets
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from the winning and losing policies , DDSPO enables richer supervision across denoising steps and
reduces reliance on final outputs x0, improving robustness to imperfect preference data.

In practice, we define preferred and dispreferred denoising behavior using the outputs of a pretrained
reference model conditioned on original and perturbed prompts, respectively. Given an input prompt
c and its semantically degraded variant c−, we construct pseudo preference signals as follows:
the reference model’s score prediction ϵref(x

w
t , t, c) is treated as the target for preferred denoising

behavior, while ϵref(x
l
t, t, c

−) represents a dispreferred direction. The model is then trained to
match the preferred score and to actively avoid the dispreferred score This stepwise contrastive
signal allows DDSPO to steer the model toward desirable generation behavior without requiring
explicit preference annotations or reward modeling.

Despite the absence of labeled preference data, DDSPO consistently improves generation quality.
It enhances text-image alignment by better capturing user intent and produces more coherent and
visually appealing outputs. With only minimal supervision, DDSPO achieves results competitive
with or superior to existing preference-based approaches, demonstrating its practicality and broad
applicability. Our main contributions are threefold:

• We propose DDSPO, a preference optimization framework that generalizes Diffusion DPO
by enabling direct supervision over intermediate denoising steps in score space.

• Along with introducing timestep-level preference supervision, we propose a practical
method for constructing such signals using prompt perturbation and a reference model.

• Through extensive experiments, we demonstrate that DDSPO improves semantic alignment
and visual quality, without relying on human-labeled preference data.

2 RELATED WORK

Improving Diffusion Model Several lines of research (Kirstain et al., 2023a; Xu et al., 2023;
Black et al., 2024; Lee et al., 2025b; Fan et al., 2023; Yang et al., 2024) have sought to improve dif-
fusion models by incorporating external signals derived from human preferences. These approaches
often rely on pretrained or learned reward models (Kirstain et al., 2023a; Xu et al., 2023; Black et al.,
2024; Lee et al., 2025b), and formulate the generation process as a reinforcement learning (RL) prob-
lem (Yang et al., 2024; Black et al., 2024; Fan et al., 2023; Gu et al., 2024). By treating denoising
as a sequential decision-making task, such methods aim to align model behavior with complex user
intent, leveraging richer supervision than simple binary preferences. More recent work also explores
combining multiple reward models or iteratively refining preferences (Zhang et al., 2025; Lee et al.,
2025b; Zhao et al., 2025; Clark et al., 2023; Hao et al., 2023; Prabhudesai et al., 2023). However,
these methods still depend heavily on explicitly labeled preference data or pretrained reward models,
incurring substantial annotation costs and computational overhead. In contrast, our work introduces
a scalable alternative that requires neither reward models nor preference supervision, instead align-
ing diffusion models via unsupervised self-consistency across multiple prompt variants.

Direct Preference Optimization (DPO) Direct Preference Optimization (DPO)(Rafailov et al.,
2023) has recently gained traction as a more direct and efficient way to align generative models with
human preferences. Originally proposed for aligning large language models and vision-language
models, DPO fine-tunes models using only paired preference data, bypassing the need for explicitly
trained reward models (Xing et al., 2025; Liu et al., 2024). This leads to simpler training pipelines
and improved alignment stability compared to reinforcement learning from human feedback. Build-
ing on this foundation, researchers have adapted DPO to the diffusion model framework (Croitoru
et al., 2024; Wallace et al., 2024; Zhu et al., 2025; Zhang et al., 2024; Liang et al., 2025). In Dif-
fusion DPO (Wallace et al., 2024), preference information is incorporated throughout the denoising
trajectory. Zhu et al. (2025) reinterprets this via score matching to align pretraining and fine-tuning
objectives; however, because its targets are approximated via the forward process as well, the su-
pervision effectively comes only from final samples and does not provide timestep-level signals.
Furthermore, Liang et al. (2025) selects win–lose pairs at each denoising step using a timestep-
aware preference model. However, it requires a separately trained intermediate reward model and
is incompatible with deterministic flow-matching, yielding only limited improvements in text-to-
image alignment. Distinct from prior approaches, our method introduces preference supervision
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over denoising transitions by modeling preferences across (xt,xt−1) pairs from winning and losing
policies, thereby capturing alignment signals throughout the generation trajectory—while requiring
no human-labeled preference data. See Appendix for extended related-work discussion

Self-Training Recent advances have shown that generative models can be effectively aligned with
human preferences through self-training, without relying on paired preference data or externally
trained reward models (Zhu et al., 2024; Lee et al., 2025a; Yuan et al., 2024; Chen et al., 2024;
Majumder et al., 2024; Deng et al., 2024; He et al., 2019; Xie et al., 2020; Wei et al., 2020; Zoph
et al., 2020; Sohn et al., 2020; Ghiasi et al., 2021; Kang et al., 2023). Especially for diffusion
models, these methods typically involve generating synthetic preference signals from the model’s
own outputs—contrasting higher-quality generations with intentionally degraded ones (Zhu et al.,
2024; Deng et al., 2024; Majumder et al., 2024) or leveraging iterative refinements across model
checkpoints (Yuan et al., 2024). By treating the model’s stronger outputs as preferred examples and
weaker ones as negatives, they enable preference-aware fine-tuning through supervised objectives
such as Direct Preference Optimization (Majumder et al., 2024; Yuan et al., 2024). In some cases,
contrastive learning (Lee et al., 2025a) or prompt relabeling (Chen et al., 2024) further reinforces se-
mantic consistency and corrects misalignments. Our work follows this direction by using prompting
techniques to automatically construct both positive and negative samples—not only final image pairs
but also intermediate noise pairs—enabling the generalized DDSPO framework to operate without
any human-labeled preference data.

3 METHOD
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Figure 1: Final-sample vs. Policy-derived supervision.

Our objective is to propose a novel
optimization formulation that aligns
pretrained diffusion models with de-
sirable generation behavior—such as
improved text-image alignment or
aesthetic quality. Through this for-
mulation, we guide pretrained dif-
fusion models toward desired gen-
eration behaviors without relying on
human-annotated preferences. We
first review Direct Preference Op-
timization (DPO)(Rafailov et al.,
2023) and its extension to diffusion
models in Sec. 3.1, which assume ac-
cess to preference-labeled final samples (xw

0 ,x
l
0 | c). In Sec. 3.2, we introduce Direct Diffu-

sion Score Preference Optimization (DDSPO), which directly optimizes denoising behavior at each
timestep using preference-labeled denoising scores derived from winning and losing policies. It can
be seen as a generalization of Diffusion DPO(Wallace et al., 2024), which approximates such poli-
cies via the forward diffusion process from preferred and dispreferred samples Fig. 1 illustrates the
difference in supervision targets—q(xt−1 |xt,x0) vs. p⋆(xt−1 |xt, c). Sec. 3.3 describes a practi-
cal method for constructing such score-level preferences by leveraging a frozen pretrained reference
model conditioned on perturbed prompts, eliminating the need for explicit labels.

3.1 PRELIMINARY

Direct Preference Optimization Direct Preference Optimization (DPO) is a learning framework
that aligns model outputs with human preferences without requiring explicit reward supervision.
Given a conditioning input c, we assume access only to preference-labeled pairs (xw

0 ,x
l
0 | c),

where we write xw
0 ≻ xl

0 to indicate that xw
0 is preferred over xl

0. The interpretation of c and
x0 depends on the task, where c is a text caption and x0 is a synthesized image in text-to-image
generation. Such preferences may reflect various notions of quality—such as semantic alignment,
aesthetic appeal, or factual correctness—depending on the task context.
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These preferences can be formalized using the Bradley–Terry model, which defines the following
distribution:

P(xw
0 ≻ xl

0 | c) = σ
(
r(c,xw

0 )− r(c,xl
0)
)
, (1)

where σ(·) is the sigmoid function and r(c,x0) is a latent reward function that is difficult to access
directly.

DPO reparameterizes this setup to directly optimize the generation model distribution. Starting from
the RLHF-style KL-regularized objective, which maximizes reward while constraining the learned
distribution to stay close to a fixed reference distribution pref(x0 | c) where β is a parameter that
balances reward maximization and closeness to the reference distribution.:

max
θ

Ex0∼pθ(x0|c) [r(c,x0)]− βKL (pθ(x0 | c) ∥ pref(x0 | c)) , (2)

This objective admits a closed-form solution where the optimal distribution p∗θ(x0 | c) is propor-
tional to the reference distribution pref(x0 | c) scaled by an exponential of the reward: p∗θ(x0 | c) ∝
pref(x0 | c) · exp(r(c,x0)/β). This reformulation reveals that the reward function can be implicitly
captured by the ratio between the optimized policy and the reference distribution, eliminating the
need to model r(c, x0) explicitly. This leads to the DPO training objective:

LDPO(θ) = −Ec,xw
0 ,xl

0
log σ

(
β log

pθ(x
w
0 | c)

pref(xw
0 | c)

− β log
pθ(x

l
0 | c)

pref(xl
0 | c)

)
. (3)

DPO for Diffusion Models Applying DPO to diffusion models introduces a unique challenge:
directly computing the log-likelihood ratio log pθ(x0|c)

pref(x0|c) is intractable due to the need to marginalize
over all possible diffusion trajectories x1:T that generate x0. To circumvent this, (Wallace et al.,
2024) reformulate the objective over entire denoising paths and approximate the reverse process
pθ(x1:T | x0) using the forward noising process q(x1:T | x0). This reparameterization enables
training in the score space, where models learn to predict the noise (or equivalently, the score func-
tion (Ho et al., 2020; Song et al., 2021)) that guides the denoising process:

L(θ) =− E(xw
0 ,xl

0)∼D,t∼U(0,T ),xw
t ∼q(xw

t |xw
0 ),xl

t∼q(xl
t|xl

0)
log σ

(
− β ·

[
∥ϵw − ϵθ(x

w
t , t, c)∥22 − ∥ϵw − ϵref(x

w
t , t, c)∥22 − (∥ϵl − ϵθ(x

l
t, t, c)∥22 − ∥ϵl − ϵref(x

l
t, t, c)∥22)

])
(4)

where x∗
t = αtx

∗
0 + σtϵ

∗, with ϵ∗ ∼ N (0, I) sampled from the forward process q(x∗
t | x∗

0). This
objective encourages the student to better denoise preferred samples than dispreferred ones, align-
ing its behavior with human preferences while staying close to the reference model. In particular,
the term ∥ϵw − ϵθ(x

w
t , t, c)∥22 − ∥ϵw − ϵref(x

w
t , t, c)∥22 encourages the student to outperform the

reference model on winning samples, while the term ∥ϵl − ϵθ(x
l
t, t, c)∥22 −∥ϵl − ϵref(x

l
t, t, c)∥22 en-

courages it to underperform the reference model on losing samples, thereby amplifying the relative
preference signal. Full derivations of both the standard and diffusion DPO objectives are provided
in the Appendix.

3.2 DIRECT DIFFUSION SCORE PREFERENCE OPTIMIZATION

We now consider a setting in which preference is defined not over final generated samples, but over
a transition between intermediate denoising steps. Crucially, rather than assuming access only to
preference-labeled final samples (xw

0 ,x
l
0 | c), we also assume access to preference-labeled de-

noising transitions at intermediate steps. Concretely, we define the winning and losing denoising
policies pw⋆ (xt−1,t | c) and pl⋆(xt−1,t | c); by sampling from these policies, we obtain tuples
((xw

t ,x
w
t−1), (x

l
t,x

l
t−1) | c). This enables direct preference of denoising behavior at each timestep

of the diffusion process.

Following the Bradley–Terry formulation in Eq. (1), we extend the preference supervision from
final outputs (xw

0 ,x
l
0 | c) to denoising transitions at intermediate steps, using tuples of the form

((xw
t ,x

w
t−1), (x

l
t,x

l
t−1) | c). The reward function is accordingly redefined as r(c,xt,xt−1), and

preferences are modeled over entire denoising transitions—assigning higher preference to the tra-
jectory (xw

t ,x
w
t−1) over (xl

t,x
l
t−1).
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By applying the same derivation steps as in Eqs. (1) to (3), and extending the supervision to denois-
ing transitions at arbitrary diffusion timesteps t ∼ U(0, T ) the loss can be analogously formulated
as:

LDDSPO(θ) =− Ec∼D(c), t∼U(0,T ), (xw
t−1,x

w
t )∼pw

⋆ (xw
t−1,t|c), (xl

t−1,x
l
t)∼pl

⋆(x
l
t−1,t|c)

log σ

(
β log

pθ(x
w
t−1 | xw

t , c)

pref(xw
t−1 | xw

t , c)
− β log

pθ(x
l
t−1 | xl

t, c)

pref(xl
t−1 | xl

t, c)

)
(5)

Since the joint transition distribution pw⋆ (x
w
t−1,t | c) is generally intractable, we approximate it

as pw⋆ (x
w
t−1,t | c) ≈ q(xw

t | xw
0 ) p⋆(x

w
t−1 | xw

t , c), where xw
0 ∼ D, xw

t ∼ q(xw
t | xw

0 ), and
xw
t−1 ∼ p⋆(x

w
t−1 | xw

t , c). This provides a practical sampling scheme in which the preferred tran-
sition is constructed by forward noising followed by preference-guided denoising. An analogous
approximation is applied to the dispreferred transition pl⋆(x

l
t−1,x

l
t | c). Under this approxima-

tion, we derive the following score-space objective (Song et al., 2021);see Appendix for the full
derivation:

LDDSPO(θ) = −E(xw
0 ,xl

0)∼D, c∼D(c), t∼U(0,T ),xw
t ∼q(xt|xw

0 ),xl
t∼q(xt|xl

0)
log σ

(
− β ·

[
∥ϵw⋆ − ϵθ(x

w
t , t, c)∥22 − ∥ϵw⋆ − ϵref(x

w
t , t, c)∥22 −

(
∥ϵl⋆ − ϵθ(x

l
t, t, c)∥22 − ∥ϵl⋆ − ϵref(x

l
t, t, c)∥22

)])
.

(6)

Here, ϵw⋆ , ϵl⋆ denote denoising score targets for preferred and dispreferred directions, respectively.

Diffusion DPO as a Special Case of DDSPO Here, we show that Diffusion DPO is a special
case of DDSPO that approximates the preference-conditioned transition distribution pw⋆ (x

w
t−1,t | c)

using only final preference-labeled samples. While DDSPO uses the approximation pw⋆ (x
w
t−1,t |

c) ≈ q(xw
t | xw

0 ) p⋆(x
w
t−1 | xw

t , c), Diffusion DPO further replaces p⋆ with q, yielding pw⋆ (x
w
t−1,t |

c) ≈ q(xw
t | xw

0 ) q(x
w
t−1 | xw

t ,x
w
0 ). This shifts the notion of preference toward the final outputs,

making the model heavily reliant on xw
0 and xl

0. Consequently, supervision is broadcast from these
final samples to all timesteps and, especially at large t, can be broad and unspecific. In contrast,
DDSPO supervises each local transition xt→xt−1 under the winning or losing denoising policies
p⋆(xt−1 | xt, c), yielding more informative, dense, and localized timestep-specific signals and
reducing sensitivity to noise in the final samples.

3.3 CONSTRUCTING PREFERENCE PAIRS FOR DDSPO TRAINING

Score Preference Pairs In practice, direct supervision over intermediate transition preferences, in
the form of denoising score pairs (ϵw⋆ , ϵ

l
⋆), is rarely available. To address this, we introduce a practi-

cal and effective strategy for generating such signals based on prompt perturbation. Specifically, we
treat the denoising score predicted from the original prompt c as the preferred signal, and construct
a dispreferred counterpart by generating a corrupted version of the prompt c− and computing the
corresponding denoising score. Note that the type of perturbation applied to the prompt may vary
depending on the specific application of preference optimization (e.g., text-to-image alignment or
aesthetic quality). These signals can be obtained using a pretrained reference model. In this setup,
the noise ϵref(x

w
t , t, c) guided by c is considered positively aligned with the intended semantics,

while the noise ϵref(x
l
t, t, c

−) from c− is dispreferred, as it reflects guidance from an incomplete or
misleading prompt. By plugging these noises as supervision targets into the DDSPO objective in
Eq. (6), we get

L(θ) =− E(xw
0 ,xl

0)∼D, (c,c−)∼D(c),t∼U(0,T ),xw
t ∼q(xw

t |xw
0 ),xl

t∼q(xl
t|xl

0)
log σ

(
− β ·

[
∥ϵref(x

w
t , t, c)− ϵθ(x

w
t , t, c)∥22 − ∥ϵref(x

w
t , t, c)− ϵref(x

w
t , t, c)∥22

−
(
∥ϵref(x

l
t, t, c

−)− ϵθ(x
l
t, t, c)∥22 − ∥ϵref(x

l
t, t, c

−)− ϵref(x
l
t, t, c)∥22

)])
(7)

Here, the term ∥ϵref(x
w
t , t, c) − ϵθ(x

w
t , t, c)∥22 − ∥ϵref(x

w
t , t, c) − ϵref(x

w
t , t, c)∥22 simplifies to

a standard distillation loss, as the second term vanishes. This encourages the student model

5
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(a) GT Distribution (b) Training Dataset (c) Reference Model (d) Diffusion DPO (e) DDSPO

Figure 2: Toy Experiments for Comparison between Diffusion DPO (D-DPO) and DDSPO. (a)
and (b) show samples from the ground-truth distribution and its noisy variant used for training. (c)
is generated by the reference diffusion model trained on (b). (d) and (e) are distributions learned by
the models finetuned with D-DPO and DDSPO, respectively.

to closely follow the reference without degrading its original capabilities. In contrast, the term
∥ϵref(x

l
t, t, c

−) − ϵθ(x
l
t, t, c)∥22 − ∥ϵref(x

l
t, t, c

−) − ϵref(x
l
t, t, c)∥22 penalizes the model when its

prediction moves closer to the degraded direction ϵref(x
l
t, t, c

−) than the reference model’s own
output does. Together, these two terms encourage the model to retain useful denoising capabilities
while avoiding alignment with poor or corrupted guidance signals.

Training Pipeline We first consist an image preference dataset D = {(xw
0 ,x

l
0, c, c

−)} by gener-
ating (xw

0 ,x
l
0) from the reference model for each prompt pair (c, c−). During training, we sample

(xw
0 ,x

l
0, c, c

−)∼D, draw t∼U{1, . . . , T}, obtain xw
t ∼ q(xt | xw

0 ) and xl
t ∼ q(xt | xl

0) via the
forward process, compute the required denoising signals at timestep t, and then optimize Eq. (7).

Efficient DDSPO without Image Preference Pair Dataset Motivated by recent findings (Kim
et al., 2025) that effective score distillation does not require strict pairing between the noised image
xt and the conditioning prompt c (e.g., at large t the distribution of xt is approximately standard
Gaussian regardless of x0, and reverse generation is driven by the conditioning prompt, so strict
prompt–image pairing is unnecessary to obtain meaningful signals), we introduce an efficient vari-
ant of DDSPO that avoids explicitly synthesizing dispreferred images. Instead of generating xl

0

for each (c, c−), we reuse a randomly sampled positive image x+
0 (from another prompt) as a

surrogate for xl
0, obtain xl

t ∼ q(xt | x+
0 ) via the forward process, and estimate the losing di-

rection using the perturbed prompt c− (e.g., compute ϵref(x
l
t, t, c

−)). Although this introduces a
prompt–image mismatch on the losing branch, the conditioning still provides a meaningful nega-
tive direction—especially at larger timesteps—and aggregation across timesteps and prompts yields
informative supervision. In practice, this design cuts the cost of generating additional dispreferred
samples, highlighting DDSPO’s flexibility under unpaired supervision.

4 EXPERIMENTS

We assess the effectiveness of DDSPO on a range of conditional generation tasks, focusing on its
ability to improve alignment and perceptual quality. Particularly, our approach relies on automati-
cally generated preference signals in the absence of human-annotated preference data. In this sec-
tion, we begin with a controlled 2D toy experiments (Sec. 4.1) to validate DDSPO’s core mechanism
under minimal conditions. We then apply DDSPO to two practical text-to-image tasks: improving
prompt-image alignment (Sec. 4.2) and enhancing aesthetic quality (Sec. 4.3). In each case, we
compare against Diffusion DPO (D-DPO) and include ablation study and comparisons to state-of-
the art methods. Finally, we explore the different prompt perturbation methods together with its
efficient variant in Sec. 4.4.

4.1 PRELIMINARY EXPERIMENTS

We first conduct toy experiments to evaluate the effectiveness of DDSPO in a controlled 2D setting.
Specifically, we simulate a simplified conditional generation task where each condition corresponds
to a distinct mode of a multi-modal Gaussian distribution, as illustrated in Fig. 2a. A reference
model is trained on a noisy dataset shown in Fig. 2b, mimicking real-world scenarios with imperfect
supervision. The learned distribution from this reference model, shown in Fig. 2c, closely resembles
the noisy training distribution. To construct preference data, we sample N = 2 preference pairs per
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Table 1: Results in Improving Text-to-Image Alignment. (a) We compare D-DPO and DDSPO on
GenEval, T2I-CompBench, FID and IS using the same perturbation-based preference data. (b) We
further evaluate DDSPO across backbones (SD 1.4, SDXL, SANA).(c) Finally, following CaPO’s
evaluation protocol, we assess SDXL alongside its Itercomp, CaPO, and DDSPO variants. Rows
highlighted in gray denote baselines; full results are provided in the appendix.

(a) Comparisons to D-DPO

Model GE↑ CB↑ FID↓ IS↑
SD-1.4 .4245 .3150 13.05 36.76
+D-DPO .4841 .3723 18.02 36.64
+DDSPO .5045 .3823 16.39 38.10

(b) DDSPO on diverse backbones

Model GE↑ CB↑
SD-1.4 .4245 .3150
+DDSPO .5045 .3723

SDXL .5229 .4034
+DDSPO .6049 .4857

SANA .6812 .4846
+DDSPO .7266 .5255

(c) Comparisons to SOTA

Model GE↑ CB↑
SDXL .5229 .4185
+Itercomp .6108 .4644
+CaPO .5900 .4652
+DDSPO .6049 .5064

class, each consisting of a preferred sample xw
0 from the target class c and a dispreferred sample

xl
0 from a neighboring class c−, simulating our perturbed prompting strategy. This dataset is then

used to finetune the model using both D-DPO and DDSPO, where DDSPO additionally leverages
intermediate score preferences at each timestep t.

As shown in Fig. 2d, the model finetuned with D-DPO often fails to maintain clear separation be-
tween modes, resulting in overlapping or distorted output distributions. This issue becomes more
pronounced under limited supervision (see Appendix for extended results). The degradation arises
because D-DPO relies on denoising targets derived from potentially misaligned final samples, which
can provide misleading learning signals as D-DPO always provides noise towards this particular fi-
nal sample, as discussed in Sec. 3.2.

In contrast, DDSPO enables the model to learn well-separated, condition-specific outputs, as shown
in Fig. 2e. Rather than relying on a final samples (which can induce global, coarse signals), DDSPO
directly models preference at each t by contrasting the winning and losing denoising policies pw⋆
and pl⋆ over the local transition (xt → xt−1). This leads to more robust learning signals across
the trajectory of denoising. Note that in the Fig. 2e, slight shifts of the centers away from zero
can occur because DDSPO separates distributions across conditions by following the “winning”
direction while pushing away from the “losing” (neighboring) direction in score space, yielding
clearer boundaries between adjacent conditional distributions. In more complex, real-world tasks
such as image generation, the condition space (e.g., text space) is far more densely packed, providing
supervision that contrasts across a wider range of diverse directions.

4.2 IMPROVING TEXT-TO-IMAGE ALIGNMENT

Target Task In this section, we evaluate DDSPO for improving text-to-image alignment in diffu-
sion models, enabling more faithful generation with respect to the input prompt.

Experimental Setup We use Stable Diffusion v1.4 (SD-1.4) (Rombach & Esser, 2022a) as the
baseline model and apply D-DPO and DDSPO for finetuning to improve text-to-image alignment.
To construct a preference dataset, we sample 200K prompts from DiffusionDB (Wang et al., 2022),
which serve as the original conditions c. For each prompt c, we generate a perturbed caption c−

by randomly removing 40% to 70% of the tokens, thereby reducing semantic specificity and con-
tent richness. To assess text-to-image alignment, we evaluate each model on the GenEval (Ghosh
et al., 2023) and T2I-CompBench (Huang et al., 2023) benchmarks, which are designed to measure
compositional and semantic consistency between text prompts and generated images. Addition-
ally, we compute the Fréchet Inception Distance (FID) (Heusel et al., 2017) and Inception Score
(IS)(Salimans et al., 2016) on 30K images generated from MS-COCO(Lin et al., 2014) validation
prompts to assess output quality and diversity.

Comparisons to Diffusion DPO We compare DDSPO and D-DPO on text–image alignment for
a pretrained diffusion model (Table 1a). Both methods increase alignment over the baseline, evi-
dencing the effectiveness of prompt-perturbation supervision. Leveraging dense timestep-level sig-
nals, DDSPO attains higher alignment than D-DPO on GenEval and CompBench (e.g., +34.2% and
+17.5% larger gains) while also yielding better FID↓/IS↑. Although our FID is higher (worse) than
the reference model’s, we attribute this to distributional shift induced by preference optimization
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An evil villain 
holding a mini Earth

a tiny human sitting 
beside a giant ant

Giant caterpillar 
riding a bicycle, 

tiltshift

The black chair is on 
top of the blue rug

Photo of a dragon 
cooking dinner

Figure 3: Qualitative comparison between SDXL and DDSPO. Images are generated from the
same prompts using identical random seeds.

Table 2: Aesthetic Quality Comparison with State-of-the-arts methods We compare our DDSPO
with two other methods—Diffusion DPO (D-DPO), Diffusion KTO (D-KTO) that are trained on the
human-annotated Pick-a-Pic dataset. Unlike D-DPO and D-KTO, DDSPO is trained without any
human-labeled data. The models are evaluated on HPSv2 and PickScore.

(a) Comparisons to SOTA methods with SD-1.5

Model Dataset HPSv2↑ PickScore↑
SD-1.5 - 26.95 21.14
+D-DPO Pickapic 27.25 21.34
+D-KTO Pickapic 27.89 21.39
+DDSPO None 27.46 21.35

(b) Comparisons to SOTA methods with SDXL

Model Dataset HPSv2↑ PickScore↑
SDXL - 27.89 22.27
+D-DPO Pickapic 28.55 22.61
+DDSPO None 28.78 22.70

rather than degraded sample quality; notably, human-labeled preference methods exhibit similar
behavior, with reported FIDs of 15.05 (Diffusion DPO) and 20.31 (Diffusion KTO).

DDSPO with Various Model Architectures We apply DDSPO to models with three different ar-
chitectures, including both U-Net-based models (SD-1.4 and SDXL) and a DiT-based flow-matching
model (SANA (Xie et al., 2024a)), as shown in Table 1b. The results clearly demonstrate that
DDSPO significantly improves text-to-image alignment across all three models on both benchmarks,
highlighting its effectiveness and broad applicability across diverse diffusion architectures.

Comparisons to SOTA Methods In Table 1c, we compare our method against current SOTA
approaches, Itercomp (Zhang et al., 2025) and CaPO (Lee et al., 2025c), for improving text-to-
image alignment. All three methods show substantial improvements over the SDXL baseline on
both benchmarks. Notably, IterComp and CaPO rely on human-annotated datasets for training. In
contrast, DDSPO achieves comparable performance on GenEval and outperforms all methods on
CompBench, despite not using any human annotations, demonstrating its effectiveness in a data
efficient setup. Qualitative results comparing the baseline SDXL model and the DDSPO-finetuned
model can be found in Fig. 3.

4.3 IMPROVING AESTHETIC QUALITY

Target Task In this section, we apply DDSPO to improve the aesthetic quality of images generated
by diffusion models, promoting visually appealing and artistically coherent outputs.

Experimental Setup We evaluate the effectiveness of DDSPO in enhancing aesthetic quality with
SD-1.5 and SDXL. Following the same training setup as in Sec. 4.2, we construct supervision pairs
using sampled prompt pairs (c, c−), where the negative prompts c− are generated by prompting
LLaMA3-8B (Grattafiori et al., 2024) to intentionally degrade the aesthetic quality of the original
prompt. The prompt template used for generation is provided in the appendix. To evaluate aesthetic
quality, we use the HPSv2 (Wu et al., 2023) and PickScore (Kirstain et al., 2023b) metrics, both of
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Table 3: Effects of Various Prompt Perturbation Strategies and Negative Image Generation.
Ablation study comparing (a) different strategies for constructing dispreferred prompts to generate
negative samples, and (b) standard DDSPO with variants that avoid explicit negative image (NI)
generation by reusing preferred samples with unpaired or perturbed prompts.

(a) Comparisons of different perturbed prompting methods

Method T2I Alignment Aesthetic Quality

GE↑ CB↑ HPSv2↑ PickScore↑
SD-1.4 .4245 .3150 26.88 21.11
Rand-removal .5045 .3823 27.28 21.36
LLaMA (TA) .4854 .3807 27.25 21.36
LLaMA (AQ) .4758 .3616 27.51 21.39

(b) Comparison of DDSPO with and without
explicit negative image generation

Method NI generation GE↑ CB↑
SD-1.4 - .4245 .3150
Rand-removal ✓ .5045 .3823
Rand-positive ✗ .4866 .3763
Not-paired ✗ .4891 .3842

which are measured by a model trained to reflect human aesthetic preferences using Human Pref-
erence Dataset v2 and Pick-a-Pic (Kirstain et al., 2023b), respectively. For evaluation, we generate
images by sampling from prompts in the HPSv2 (Wu et al., 2023) and PartiPrompts (Yu et al., 2022)
benchmarks, and assess them using the corresponding metrics.

Results In Table 2, we compare DDSPO with SOTA methods for aesthetic quality improvement.
DDSPO significantly improves both HPSv2 and PickScore compared to the two baselines reported
in Table 2a and Table 2b. Notably, DDSPO is trained solely on automatically constructed prefer-
ence data using perturbed prompts, while all competing methods rely on human-annotated prefer-
ence labels. Despite this, DDSPO achieves comparable performance across all evaluation metrics,
highlighting its effectiveness in the absence of human supervision.

4.4 PREFERENCE DATA CONSTRUCTION BY PERTURBED PROMPTING

Effects of Different Perturbed Prompts Table 3a presents an exploration of different prompt
perturbation strategies for constructing dispreferred scores across the two previously studied tasks.
We evaluate three strategies: Rand-removal, which drops 40% to 70% of tokens from the original
prompt; and LLaMA, which uses an LLM (Grattafiori et al., 2024) to rewrite the prompt in a way
that degrades task performance. The LLaMA-based strategy includes two task-specific variants:
LLaMA (TA) for text-to-image alignment and LLaMA (AQ) for aesthetic quality improvement.
When trained with DDSPO, we observe that Rand-removal yields the best performance on text-
to-image alignment, while LLaMA (AQ) performs best for aesthetic quality improvement, as it is
specifically tailored to that task.

Efficient DDSPO We next evaluate the effectiveness of DDSPO in a setup where dispreferred im-
ages xl

0 are not explicitly generated. Instead of using an image conditioned on the corrupted prompt
c−, we obtain xl

t by applying the forward diffusion process to a randomly selected preferred image
x̂w
0 , originally sampled from an unrelated prompt. Based on this setup, we evaluate two variants:

Random-positive, which uses the original prompt ĉ paired with the randomly selected image x̂w
0 as

the negative prompt c−; and Not-paired, which uses a perturbed version of the original prompt (via
Rand-removal), even though the resulting prompt is not strictly paired with the noised image xl

t. As
shown in Table 3a, both Rand-positive and Not-paired perform comparably well to the setup where
dispreferred samples are explicitly generated (Rand-removal). Interestingly, Not-paired outperforms
Random-positive, despite the latter using strictly paired image-prompt pairs. These results demon-
strate that the negative direction can be modeled effectively from unpaired prompt–image instances,
highlighting DDSPO’s flexibility in preference-signal modeling via stepwise supervision.

5 CONCLUSION

We introduce DDSPO, a novel preference optimization framework that extends Diffusion DPO by
supervising each denoising step with preferred/dispreferred targets derived from winning and losing
policies. In practice, we construct these targets label-free using prompt perturbations and a pre-
trained reference model, eliminating manual annotations and reward models. Our experiments show
that DDSPO consistently improves text-image consistency and visual fidelity, offering a scalable
and practical approach within the broader landscape of preference-based training methods.
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