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Abstract—Given a text-to-image diffusion model pretrained on
large-scale text-image pairs, can we align the model with human
preferences without further fine-tuning? In this paper, we analyze
the effect of alignment tuning in diffusion models by comparing
the diffusion denoising trajectory between base and aligned
models. Our findings reveal that alignment tuning primarily
affects superficial stylistic aspects during denoising, rather than
fundamental content, suggesting superficial alignment behaviors.
Based on this discovery, we introduce a novel, training-free
alignment approach (RSTFA) that leverages rejection sampling at
specific stylistic timesteps, ensuring human preference alignment
without fine-tuning or heavy inference overhead. We provide a
theoretical analysis and derive a bias bound for our rejection-
sampling alignment scheme. Empirically, we show that RSTFA
better preserves sample diversity than reinforcement-learning-
based tuning methods. Extensive experiments on Pick-a-Pic,
COCO, HPD V2, and PartiPrompts show that our method not only
achieves superior alignment with human preferences compared to
state-of-the-art methods, but also reduces computational demands,
establishing efficient, human-centered diffusion model alignment.

Index Terms—Diffusion Model, Human Preference Alignment,
Computer Vision for Social Good.

I. INTRODUCTION

EXT-to-image diffusion models have rapidly advanced
the field of generative modeling, enabling the creation
of high-quality and diverse images from textual descriptions.
These models have found widespread applications in art
generation [1]-[3], design prototyping [4]-[6], and virtual
reality [7]-[10], effectively bridging the gap between linguistic
concepts and visual representations. However, these models
may still lack an explicit understanding of nuanced human
aesthetics and context [11]-[13]. Aligning these models with
human preferences remains a significant challenge. This gap
can manifest as the production of undesirable or low-quality
images, limiting the utility and acceptance of these models in
practical applications. Therefore, alignment is crucial to ensure
that the content generated by diffusion models is not only
high-quality but also aligned with human values [14]-[17].
Current approaches to aligning diffusion models with human
preferences can be broadly categorized into training-based
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and training-free methods. Training-based methods, such as
direct preference optimization (DiffDPO) [18], step-aware
preference optimization (SPO) [19], and denoising diffusion
policy optimization (DDPO) [20], involve fine-tuning models
using pairwise human preference datasets [21], [22] or a
reward model [11] to capture human preference. However,
these methods often incur substantial training costs and are
therefore less flexible. Moreover, Barcel¢ et al. [23] pointed out
that diffusion models fine-tuned with reinforcement learning
are susceptible to training instability and mode collapse issues,
resulting in reduced diversity of image generation. In contrast,
training-free methods were proposed to remove the need for
model retraining. For example, Direct Noise Optimization
(DNO) [24] proposed to maximize a differentiable reward
model via optimizing the intermediate noise at inference time.
These methods generally incur a high inference cost per query
(e.g., ~ 5x the base model’s inference time), which limits
practical deployment.

To overcome the above challenges, there is a pressing need
to better understand the effect and mechanism of human
preference alignment tuning in text-to-image diffusion models.
Recent studies [25]-[30] in large language models (LLMs)
have provided an important insight: alignment-tuned models
show almost identical decoding across most token positions,
with distribution shifts primarily occurring at stylistic tokens.
This observation motivates us to investigate whether similar
patterns exist in diffusion models, which could potentially lead
to more efficient alignment methods. Through our investigation
of diffusion denoising trajectory, we demonstrate that alignment
adjustments in diffusion models primarily occur at specific
stylistic timesteps, affecting only surface-level attributes of
generated images without significantly altering core content.
If alignment primarily operates at a superficial level and at
specific timesteps, then perhaps we do not need extensive model
fine-tuning or complex inference-time optimization procedures
to achieve effective alignment.

Inspired by [31], we first explore a simple training-free
approach called RandSeed, which generates multiple images
using different random seeds and selects the one with the
highest human preference score. Our experimental results
show that RandSeed achieves alignment performance sur-
passing or comparable to both training-based and training-
free methods. Although RandSeed is a brute-force sampling
approach with high inference cost, its success demonstrates
that base diffusion models could generate preference-aligned
images via base models’ inherent diversity and stochasticity.
Based on the insight provided by our diffusion denoising
trajectory analysis and RandSeed baseline, we propose RSTFA
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(Rejection Sampling for Training-free Alignment), an efficient
training-free alignment method with small inference cost.
RSTFA selectively applies rejection sampling at critical stylistic
timesteps during the diffusion process. By employing rejection
sampling, we utilize the inherent randomness in base diffusion
models to deliver preference-aligned images. By leveraging a
timestep-aware reward model to estimate density ratios and
compute acceptance probabilities, RSTFA efficiently guides
the generation process toward outputs that better reflect
human preferences. This method achieves alignment efficiently,
requiring no model modifications or iterative optimization
during inference. Theoretical analysis provides a bias bound for
RSTFA, and RSTFA preserves base model diversity better than
existing training-based and training-free methods in practice.
Our main contributions can be summarized as follows:

« We conduct an in-depth analysis of alignment effects
in text-to-image diffusion models, demonstrating that
alignment primarily impacts superficial stylistic attributes.

o We propose a novel training-free approach RSTFA, which
efficiently achieves human preference alignment built on
rejection sampling theory, with a bias bound provided.

« Extensive experiments on Pick-a-Pic, COCO, HPD V2
and PartiPrompts datasets with different backbones demon-
strate that our method matches or surpasses state-of-
the-art alignment techniques while significantly reducing
computational costs and preserving image diversity. The
user study suggests that our method achieves win rate of
65.4% compared to previous state-of-the-art methods.

II. RELATED WORK
A. Text-to-Image Diffusion Model

Text-to-image diffusion models have emerged as a pow-
erful class of generative models capable of producing high-
quality images conditioned on textual descriptions. Built upon
the foundations of diffusion probabilistic models [32], [33],
these models iteratively refine random noise into coherent
images through a reverse diffusion process guided by textual
embeddings. Notable advancements include DALL-E [34]-
[36], Imagen [37], [38], and Stable Diffusion series [39]-[41],
all of which have demonstrated impressive capabilities in
generating diverse, high-fidelity images from text prompts.
However, [11], [18] found that these models may struggle
to fully capture nuanced human aesthetics and context. As a
result, the generated outputs may not always align with human
preferences or expectations. Developing techniques to better
align text-to-image models with human values and aesthetic
sensibilities remains an open problem.

B. Aligning Text-to-Image Model with Human Preferences

Methods to align text-to-image diffusion models with human
preferences generally fall into training-based and training-
free categories. Training-based methods include reinforce-
ment learning (DDPO) [20], direct preference optimization
(DiffDPO) [18], step-aware preference optimization (SPO) [19],
and MaPO [42]. In DDPO, diffusion models are optimized
using a reward objective applied via policy gradient techniques.

DiffDPO adapts the Direct Preference Optimization (DPO) [15]
method from LLMs to diffusion models, achieving improved
alignment with human preferences compared to supervised fine-
tuning or reinforcement tuning methods. However, DiffDPO
aligns all timesteps to the final timestep’s preference order, a
limitation identified by SPO, which introduces a step-aware
preference optimization approach. MaPO applies the reference-
free alignment method ORPO [43] from LLMs to diffusion
models, eliminating the need for a reference model during
preference optimization and reducing memory costs. These
training-based methods rely on fine-tuning with preference-
based datasets or training toward maximizing reward models to
capture human preference judgments, but can be computation-
ally intensive and may suffer from instability, causing mode
collapse [23], and reducing generation diversity. Training-free
approaches like direct noise optimization (DNO) [24] avoid
fine-tuning by optimizing noise iteratively during inference,
thereby bypassing fine-tuning overhead. However, this method
requires additional optimization at inference time, increasing
latency and limiting its practical applicability.

C. Diffusion Rejection Sampling

Diffusion Rejection Sampling (DRS) [44] improves uncon-
ditional or class-conditional generation quality by applying
accept—reject at every diffusion step using statistics derived
from diffusion likelihoods or classifier energies. In contrast, our
setting is text-to-image preference alignment, where the target
distribution is defined implicitly by human preferences rather
than a tractable likelihood. Methodologically, we estimate per-
step log density ratios by calibrating ordinal rewards via Breg-
man minimization. We use a multiple-try Metropolis—Hastings
kernel with a small fixed proposal budget to bound latency.
This yields a principled acceptance probability tied to human
preferences and a different computational trade-off.

III. PRELIMINARIES
A. Diffusion Background and Notations

We adopt the e-parameterization of diffusion models with
a variance-preserving noise schedule {a;}7_,. Let z; denote
the latent at timestep ¢ and c the text condition. The for-
ward process corrupts clean image xy via Gaussian noise,
x ~ NV zo, (1 — a)I). The reverse sampler uses a
denoiser €y (¢, t, ¢) to estimate the noise and form the transition
x; — x¢—1 under the chosen solver (SDE-DPMSolver for
SDXL/SDv1.5 and EulerDiscrete for FLUX). For analysis
only, we project a noisy state (z;,¢) to an estimated clean
image via a one-step DDIM estimate:

x — 1 — agep(x,t, ¢)
VO

We denote this quantity by e (t). This is a local projection

used to compare states across timesteps.

ey

jjo(xh t7 60) =

B. Problem Definition

Given a pre-trained text-to-image diffusion model with
denoising network ey (24, t, ¢), we aim to align the model’s
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output distribution with human preferences without fine-tuning.
Formally, we seek to transform the base distribution ppage (2o|c)
to an aligned distribution pajignea(Zolc) that better reflects
human aesthetic preferences as measured by a preference score
function. Our approach focuses on training-free alignment,
which modifies the sampling process during inference to
produce samples from pyjignea(Zo|c) while keeping the model
parameters 6y, fixed. This alignment is guided by a reward
function r(x,c) that assigns preference scores to generated
images = given prompt ¢, trained on human preference data
following the Bradley-Terry model. Human preferences are
modeled consistently through pairwise comparisons, where for
any two images =% and 2! generated from the same prompt c,
the preference relation follows:

exp(r(z™,c))
exp(r(z¥, c)) + exp(r(z!, c))

P(zv = z'lc) = @)

To enable rejection sampling at intermediate diffusion steps,
we extend this framework to a timestep-aware preference model
r(x¢,t,c) that evaluates preference scores for intermediate
denoised images z; at timestep t, enabling density ratio
estimation throughout the diffusion process.

We refer to the alignment change at timestep ¢ as superficial
when it is confined to low-level stylistic attributes (e.g., tone,
palette, texture granularity, lighting, local contrast) while seman-
tics and global structure remain stable. This pattern manifests
as a change in VGG [45] based style features together with
consistently high SAM [46] derived structure similarities at the
same t. We use the term fundamental to describe changes that
alter semantics and structure, which co-occur with noticeable
changes in CLIP and SAM features. This characterization is
supported by our feature-wise decompositions, the similarity
curves in Figure 2 and Figure 7, and the qualitative comparisons
in Figure 1 and Figure 3 across backbones and prompt sources.

IV. MOTIVATION
A. Superficial Alignment Behaviors in Training-based Methods

In this section, we investigate the alignment tuning behaviors
in text-to-image diffusion models. We demonstrate that the
alignment tuning primarily affects superficial stylistic attributes
of the generated images, coinciding with the superficial
alignment hypothesis [25], [26] observed in LLMs alignment
literature. By uncovering these behaviors, we motivate the
development of training-free methods that can achieve desired
alignment effects efficiently without extensive fine-tuning.

First, we define two models sharing the same text-to-image
architecture but different weights:

« Base Model (epase): A pretrained diffusion model without
any alignment procedures applied.

o Aligned Model (€ajignea): The same model after alignment
training using a dataset of human-preference image pairs.

We want to analyze the diffusion denoising trajectory
for €pase and €gigned- Recent studies in LLMs [25], [26]
suggest that alignment tuning often concentrates on stylistic
tokens while leaving the majority of decoding unchanged. We
investigate whether a similar superficial alignment phenomenon
exists in diffusion model denoising trajectory: alignment-tuned

deviations are sparse in timesteps and localize to stylistic
timesteps that adjust superficial attributes (e.g., tone, palette,
texture granularity, lighting, local contrast) while preserving
semantics and structure. To test this superficial alignment
hypothesis, we design a localized, causal probe that isolates
the effect of substituting the denoiser at exactly one timestep.

Given a prompt c, starting from the pure Gaussian noise
xr ~ N(0,I), the aligned model generates the reference
denoising trajectory:

aligned
Tr, TT—15 -5 Lo, Ty ~~ ’Ct (xt—‘rla C)a 3
ligned - . . .
where K787 is the reverse transition at timestep ¢ imple-

mented by the aligned denoiser.

To isolate the base model’s next step behavior, we construct
a cross-model trajectory probed only on one timestep. We
compute a single base reverse step (t+1 — t) from the exact
same aligned latent x4, for t € {T—1,...,2,1,0}:

“

where KP25¢ is the reverse transition at timestep ¢ implemented
by the base denoiser. We do not continue sampling from
y;. Each t is probed independently. This yields the sequence
Yr—1,YT—2,- .., Yo- This cross-model trajectory avoids com-
pounding sampling noise, providing a clean attribution to the
denoiser at only one timestep t.

For quantitative attribution, we project z; and y; to their
one-step DDIM clean estimates (Eq. (1)):

Yt ~ /C},)ase(xwlv C)a

yclean(t) = ‘%O (yta t; 6be:lse)~
(5)

Zclean (t) = ‘%O (wt; t; 6aligned)v

We then compute a feature space similarity:

S(t) = COS( ¢<$clean (t))a ¢(yclean (t)) ), (6)

where ¢(-) concatenates CLIP image embeddings [47], VGG
features [45], and SAM encoder features [46], with /5 normal-
ized before concatenation. We use the CLIP image encoder
to extract global semantic embedding, VGG to extract low-
level visual patterns and SAM to extract content structure
features. The clean projections defined in Eq. (5) yield image-
like representations at identical signal-to-noise ratios, ensuring
a fair comparison in the feature space. Furthermore, we conduct
a step-by-step qualitative comparison between the sequence
{y: =5, and {z;}I=%_; to visualize how the base model
would locally differ from the aligned model.

Findings. As shown in Figure 2, the similarity s(¢) remains
remarkably high across most timesteps, indicating that the
base model’s outputs are very similar to those of the aligned
model under the cross-model denoising trajectory at most
timesteps. Interestingly, we observed that the similarity drops
in certain stylistic timesteps periodically. We provide an
intuitive explanation for this phenomenon in Appendix B. As
shown in Figure 1, the differences between base and aligned
model output at those timesteps are mainly superficial stylistic
elements, rather than the core content of the generated images.
Furthermore, at other timesteps, the differences between the
base and aligned models are small and not noticeable upon
visual inspection. This suggests that alignment tuning only
affects a small portion of the diffusion process and supports
the superficial alignment hypothesis.
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Fig. 1. Qualitative comparisons of denoising output at initial timestep, stylistic timestep, normal timestep and final timestep for base and aligned models. At
the normal timestep, no discernible differences are visible between the denoised outputs. The stylistic timestep reveals minor but notable stylistic variations
between models, where alignment tuning affects only superficial attributes such as color tone or texture.
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Fig. 2. Local one-step switching probe of alignment effects along the reverse
denoising trajectory (SDXL, 50 steps). For a given timestep ¢, we switch only
the single reverse transition t+1 — ¢ by applying the base denoiser to the
same aligned latent ;4 1, producing y;: (Eq. (4)). We compare the one-step
clean projections Z¢jean(t), Yelean(t) and the cosine similarity s(¢) (Eq. (5),
Eq. (6)). (a) s(t) in a reverse-time direction from ¢ =T — 1 to t = 0; (b)
aggregated distribution of s(t) over prompts and timesteps.

B. A Compute-Matched Baseline: RandSeed

The superficial alignment behaviors observed in Section IV-A
motivate us to rethink the necessity of computationally heavy
alignment fine-tuning or inference-time optimization (e.g.,
DNO [24]). To evaluate whether the high inference overhead
introduced by existing training-free methods is justified, we
adopt a compute-matched baseline, RandSeed: generate k
samples from the base model using different random seeds
and select the top-1 by a preference scorer. We choose & to
match the FLOPs of prior training-free optimizers. As shown
in Table I, despite its simplicity, RandSeed achieves alignment
performance comparable to or exceeding existing methods.

The success of RandSeed can be attributed to unlocking the
potential of base diffusion models. By exploiting the inherent
randomness and diversity of diffusion sampling, RandSeed
effectively unlocks the capabilities of base models and improves
alignment. This observation indicates that base diffusion mod-
els, when properly utilized, can deliver competitive alignment
performance, motivating the development of a more efficient
and targeted training-free method.

V. RSTFA: TRAINING-FREE ALIGNMENT VIA STYLISTIC
REJECTION SAMPLING

The strong empirical results of RandSeed reveal that prefer-
ence—aligned images are already present in the distribution of

the base diffusion model p"°. RSTFA turns this observation
into a training-free! sampling scheme that intervenes the
generation process only at a handful of stylistic timesteps
where Sec. IV-A showed a measurable divergence between the
base and alignment fine-tuned models.

A. Density Ratio Estimation

Building on the insight that alignment effects are localized,
RSTFA proposes to apply rejection sampling at these stylistic
timesteps implemented via Metropolis-Hastings (MH) accept—
reject correction. To guide this process, we first train a
timestep-aware reward model 74 (¢, t, ¢) on a dataset of human-
preference pairs. Every training instance consists of a prompt
¢, a timestep ¢ and two latent images (21, z¢) produced at the
same timestep ¢ and prompt c. The preferred (winner) latent is
denoted as 7! and the less preferred (loser) is denoted as x?.
The details can be found in Section VI-B. The model r4(z¢, ¢, ¢)
outputs a scalar reward, which is trained to maximize the
likelihood that winners outrank losers under the Bradley—Terry
model:

EBT(QZ)) = — Z log

(w,)

exp(r¢ (:L';U’ t C))
exp(w(x}f’, t, C)) + exp(w(mf, t, C)) .
(N
After convergence, we freeze ¢. In practice, we could adapt
an off-the-shelf pretrained reward model into a timestep-aware
reward model at low cost.

The reward is only monotonic with respect to the prefer-
ence. To perform rejection sampling, we require the density
ratio between the aligned and base distributions p;(z¢) =
pEned () /pbase(2,). Although we generally lack explicit den-
sity functions, we could estimate this ratio using the timestep-
aware reward model 74(x¢,t, ¢). Following the density ratio
estimation literature [48], [49], we calibrate this reward score
into a log-density ratio using a shallow MLP g, . The calibrator
is trained by minimizing the Bregman divergence [48]:

EBregman(¢t) = Ethp‘;ﬂse [egwt(w(wt,t,c))]

— Ethpiligned [gwt (’I’¢ (It, t, C))] .

®)

!Training-free refers to the denoiser eg. We only train a reward model and a
ratio calibrator once, amortized across backbones.
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The optimal g;, recovers the log-density ratio log(petxligned

up to an additive constant. The calibrated log-density ratio used
at inference is log p (1) = gJ, (¢ (1,1, ¢)) + Ct.

Pyee)

B. Stylistic Metropolis-Hastings Sampling

Let Tgyisic be the set of timesteps where the base and
aligned models differ noticeably. For timesteps t ¢ Tgyiistic,
we sample the base model as usual. For stylistic timesteps
t € Taylisiic, we apply a Metropolis-Hastings correction step
to align the trajectory towards human-preferred outputs. The
procedure operates through two operations: proposal generation
and probabilistic acceptance.

First, for each ¢ € Tgyiisic, Wwe sample a candidate denoised
state x; from the base model transition distribution:

©))

This candidate represents a potential alternative denoising path
at the current timestep.
Second, we compute the acceptance probability using p;:

).

Here, p:(-) quantifies the relative preference alignment of a
given state. When p,(z;) > p(z;), the candidate is always
accepted since it represents strict alignment improvement.
When p:(z}) < p:(x:), acceptance occurs probabilistically
proportional to the relative gain p:(x})/pt(x:). This ensures
the sampling process selects trajectories that maximize human
preference alignment at critical stylistic timesteps.

To maintain predictable computational latency while preserv-
ing the quality of alignment, we employ a multiple-try [50]
variant of MH sampling with m = 5 proposals per stylistic
timestep. This ensures an average of fewer than m additional
model evaluations while bounding the maximum computational
overhead at a constant factor. This design preserves the
stochastic benefits of rejection sampling while eliminating
unpredictable computational spikes that would occur with a
native repeat-until-accept rejection sampling implementation.

Conceptually, this MH correction acts as a lightweight
steering mechanism. By selectively intervening only where
alignment tuning induces measurable divergence between base
and aligned models, this achieves significant alignment improve-
ment with minimal computational cost, typically requiring just
1.6x more time than base sampling compared to 6.7x for
alternative training-free methods.

Ty Np?ftsil(' |Ze41, ),

oy (g, ¥}) = min (1, (10)

V1. EXPERIMENTS
A. Experimental Setup

Baselines and Datasets. Following the settings of [18], [19],
[42], we employed the Stable Diffusion XL-1.0 (SDXL) [51],
SDv1.5 and DiT [52] as the base model. We evaluated
the effectiveness of our proposed method, RSTFA, through
extensive experiments using the Pick-a-Pic V2 dataset [22],
HPD V2 and COCO prompts. Pick-a-Pic V2 dataset contains
human preference image pairs labeled by human raters and
has three splits, train, validation_unique and test_unique. In
each pair, one image is marked as more aligned with human

preference, while the other is less preferred. Our approach
was compared with the state-of-the-art methods for aligning
diffusion models with human preferences. These baselines
included training-based methods, DiffDPO [18], MaPO, and
SPO [19], as well as the training-free method DNO [24].
We also include Diffusion Rejection Sampling (DRS) [44]
as a baseline, which was proposed to improve the quality
of class-conditional image generation. We adopted the train
split of Pick-a-Pic V2 with 851,293 pairs as training data for
these training-based methods. For DNO, we observed that the
generated images did not change by visual inspection after
optimizing for 10 steps. Therefore, we fixed the number of
test-time optimization steps as 10. For RandSeed, we set the
number of random seeds as k = 10. This ensures RandSeed
inference computation FLOPs per instance do not exceed
those of DNO. For DRS, we apply the DRS implementation
of accept-reject at all timesteps using diffusion likelihood
ratio as the acceptance statistic. We ensured fair comparisons
by adhering to the optimal settings provided in the official
implementations of each baseline method. We tune baseline
hyperparameters on validation_unique split of Pick-a-Pic V2.

Evaluation Prompts. For evaluation, we generated images
conditioned on 500 unique prompts from the Pick-a-Pic V2
test_unique split and evaluated them using various Al feedback
models. We also adopt HPD V2 and COCO prompts for a
more comprehensive evaluation as the reward model is trained
on the Pick-a-Pic V2 dataset. This cross-dataset evaluation
helps establish the broad applicability of our method across
diverse text prompts and visual scenarios.

Evaluation Metrics. First, following [18], we measured the
prompt-aware human preference alignment via four metrics, in-
cluding Text-Image CLIP score (TI-CLIP) [47], [53], ImageRe-
ward [54], Human Preference Score v2 (HPS-v2) [21], and
PickScore [22]. Second, we evaluated the prompt-independent
human preference alignment using Aesthetic score calculated
with the LAION Aesthetics Predictor [55]. The Aesthetic
score [56], [57] quantifies the visual appeal of images indepen-
dent of the textual prompt. Third, we measured the diversity
of generated images using four metrics. Following [19], we
used Image-Image CLIP (II-CLIP) score [58] to measure the
similarity between images based on features extracted by the
CLIP vision encoder. Following [59]-[63], standard metrics,
including Vendi score, Mean-similarity score (MSS) and LPIPS
were used to evaluate diversity. For text-to-image generation
alignment, we do not have a generic and fixed reference set.
Thus we do not adopt the metrics, such as Recall and Coverage,
which are not reference-free. Finally, we measure the inference
cost (GenTime) by benchmarking the average single image
generation time on one A800 GPU with the same environment
configurations for all methods.

B. Implementation Details

We adopted the SDE-DPMSolver [64] as the sampler with
classifier-free guidance scale of 5.0 for SDXL and SDv1.5
models. For DiT, we maintained the default configurations
recommended by the model authors. For the Rectified Flow
experiments, we used the EulerDiscrete sampler [65]. For all
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TABLE I
COMPARISON WITH STATE-OF-THE-ART ALIGNMENT METHODS ON PICK-A-PIC V2 test_unique SPLIT. THE TABLE PROVIDES METRICS FOR HUMAN
PREFERENCE ALIGNMENT AND IMAGE DIVERSITY. HUMAN PREFERENCE METRICS INCLUDE AESTHETIC, TI-CLIP, IMAGEREWARD, PICKSCORE, AND
HPSV2. IMAGE DIVERSITY IS ASSESSED USING II-CLIP, VENDI SCORE, MSS, AND LPIPS. THE BASE MODEL IS SDXL. THE NUMBERS IN PARENTHESES
ARE P-VALUES COMPUTED PER PROMPT.

Workflow ‘ Human Preference Alignment ‘ Image Diversity ‘ Computation Cost
Category Method | Aesthetic 1| TICLIP 1| ImageReward 1 |PickScore +|HPSV2 1| IL.CLIP | |Vendi +|MSS ||LPIPS 1 |Train (GPU-H) GenTime (ms)
N/A Base Model ‘ 5.8959 0.3595 0.5284 0.2184 0.2781 ‘ 0.4822  9.6310 0.3214 0.5141 ‘ 0 1127
Training-based SFT on Chosen‘ 5.7804 0.3576 0.5072 0.2177 0.2785 ‘ 0.5241  9.0572 0.3642 0.4957 ‘ 1100 1127
Training-based DiffDPO [18] ‘ 6.0142 0.3738 0.8038 0.2244 0.2845 ‘ 0.4962  9.2415 0.3819 0.4901 ‘ 1405 1127
Training-based ~ SPO [19] ‘ 6.1712 0.3514 1.0104 0.2260 0.2863 ‘ 0.5355  9.2722 0.4217 0.5086 ‘ 350 1127
Training-based ~ MaPO [42] ‘ 6.1504 0.3621 0.7048 0.2224 0.2831 ‘ 0.5009 9.2915 0.3903 0.5049 ‘ 1362 1127
Training-free DNO [24] ‘ 6.0649 0.3578 0.7834 0.2251 0.2847 ‘ 0.5471  9.2592 0.4051 0.5034 ‘ 0 7562
Training-free DRS [44] ‘ 5.8432 0.3580 0.7261 0.2214 0.2804 ‘ 0.5329  9.2711 0.4089 0.5067 ‘ 0 4702
Training-free RandSeed ‘ 6.1019 0.3611 0.9826 0.2256 0.2852 ‘ 0.5038  9.3512 0.4051 0.5004 ‘ 0 6547
L. 6.0845 0.3722 1.0322 0.2265 0.2859 | 0.4851 9.5708 0.3512 0.5149
Training-free RSTFA (ours) 215 1748
(0.08) (0.04) (0.02) (0.05) (0.07) (0.01)  (0.03) (0.01) (0.02)

methods, including ours, the number of sampling timesteps
was set to 50 for primary experiments, with additional tests at
30 and 20 steps to evaluate robustness to different sampling
configurations. We adapted the PickScore [22] model into a
timestep-aware reward model by incorporating time conditions
into the vision encoder of PickScore. We applied adaptive
layer normalization after each attention and feed-forward layer,
following the approach in [19]. Empirically, we intervene
every 10 timesteps based on the observed periodic dips as
shown in Figure 2. We acknowledge that current stylistic-step
identification lacks a theoretical approach and is based primarily
on empirical similarity calculations. Nevertheless, we validate
the heuristic both in SDXL and DiT with prompts from different
sources, and show that RSTFA is relatively robust to variations
in stylistic timestep interval. To address variability introduced
by rejection sampling during inference, which affects individual
image generation speed, we maintained consistent inference
time by setting the maximum number of rejection attempts per
timestep as 5. When the limit is reached, our method chooses
the candidate with the highest acceptance probability. For these
hyperparameters, we conducted a comprehensive ablation study.
Following [42], we used the prompt format as in Figure 4 to
acquire the image preference via GPT-4o.

Reward Model Training. Following [19], the timestep-
independent reward model was initialized from the
PickScore [22] CLIP backbone. To provide the timestep-
independent reward model with data reflecting different stages
of the diffusion process, we started with pair-wise clean
images from the Pick-a-Pic V2 [22] dataset and added noise
corresponding to various timesteps of the diffusion process
to obtain noisy images. Then, using the DDIM scheme, we
predicted the original samples (denoised images) from these
noisy images. This process simulates the intermediate denoising
steps of the diffusion model. The reward model was then

trained on these predicted (denoised) images without timestep
condition to predict the preference order for different noise
levels. The training was conducted for 1000 steps with a batch
size of 2048. The learning rate was set as le-6 with a cosine
decay scheduler.

For the timestep-aware reward model, timestep conditioning
was incorporated using adaptive layer normalization applied
after each attention and feed-forward layer, following the
method described in [19]. The timestep-aware reward model
was then fine-tuned using the same training procedure as
the timestep-independent model, but with timestep conditions
included. Unless otherwise stated, the timestep-aware reward
model is trained once on Pick-a-Pic V2 pairs and reused across
SDXL, SDv1.5, DiT and FLUX backbones, and across Pick-a-
Pic V2 test_unique, HPD V2, COCO, and PartiPrompts. No
retraining or per-prompt adaptation is performed.

Compute accounting. We report a Training Compute
(GPU-hours) column alongside per-image GenTime (ms) for
all methods. For RSTFA, this column contains the cost of
adapting PickScore into a timestep-aware reward and the small
calibration of gy, . For training-based baselines, we report the
denoiser fine-tuning cost per backbone using the official training
recipes on Pick-a-Pic V2. All measurements were run on the
same hardware as our inference timing to ensure consistency.
For training-free baselines, they also rely on a shared external
reward scorer (e.g., PickScore/ImageReward). As no additional
adaptation of the reward model is needed for these baselines,
we report the additional training cost as 0.

C. Comparison with the State-of-the-art Methods

In this section, we compared our proposed method, RSTFA,
with state-of-the-art training-based and training-free methods
across multiple base models and evaluation datasets. We first
present results using SDXL on the Pick-a-Pic V2 dataset,

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Image Processing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TIP.2026.3684401

IEEE TRANSACTIONS ON IMAGE PROCESSING

Base RandSeed DNO

She has a heart-shaped face, large
expressive eyes, and soft, lustrous
hair. Her figure is slender and
graceful, and she moves with a
quiet confidence and inner strength
that commands attention. But what
truly sets her apart is her inner
beauty, which radiates from within
and lights up any room she enters.

3D digital illustration, Burger with

wheels speeding on the race track,
supercharged, detailed, hyperrealistic,
4aK.

with no burgers <x’ no wheels ‘x’

photo of green and orange ice
cream in sundae glass.

Prompt

no wheels @

‘ b —
floaters (x’ orange icecream(x’ light refraction(x’

Fig. 3. Qualitative comparison of baselines and our method. Prompts are from Pick-a-Pic V2 fest_unique split. Our method produces images that capture
fine-grained prompt details, emphasizing vivid colors and aligning closely with human aesthetic and contextual preferences.

SPO DiffDPO MaPO

no burgers (x’ asymmetric tires <x’ poor aesthetic ‘x’

floaters gree::glass @ cup penetration @ @

TABLE I
COMPARISON WITH STATE-OF-THE-ART ALIGNMENT METHODS ON PARTIPROMPTS. THE TABLE PROVIDES METRICS FOR HUMAN PREFERENCE ALIGNMENT

AND IMAGE DIVERSITY. HUMAN PREFERENCE METRICS INCLUDE AESTHETIC,

TI-CLIP, IMAGEREWARD, PICKSCORE, AND HPSV2. IMAGE DIVERSITY IS

ASSESSED USING II-CLIP, VENDI SCORE, MSS, AND LPIPS. THE BASE MODEL IS SDXL. THE NUMBERS IN PARENTHESES ARE P-VALUES COMPUTED PER

PROMPT.
Workflow ‘ Human Preference Alignment ‘ Image Diversity ‘ Computation Cost
Category Method | Aesthetic 1| TI-CLIP 1| ImageReward 1 |PickScore t|HPSV2 1| IL-CLIP || Vendi 1| MSS | |LPIPS 4| Train (GPU-H) GenTime (ms)
N/A Base Model | 57127 03512 0.5314 02189 02784 | 04815 13.0345 03098 0.5280 | 0 1127
Training-based SFT on Chosen| 57921 03591 0.5093 02183 02788 | 05228 124691 03440 05070 | 1100 1127
Training-based DIffDPO [18] | 5.8285  0.3651 0.8115 02248 02849 | 04948 124532 03202 05131 | 1405 1127
Training-based ~ SPO [19] | 58743 03628 1.0187 02234 02867 | 05342 122855 03170 05116 | 350 1127
Training-based  MaPO [42] | 58621  0.3634 0.7125 02228 02835 | 0499 125041 03302 0.5190 | 1362 1127
Training-free ~ DNO [24] | 58782 03592 10121 02255 02851 | 0.5458 122718 03257 05140 | 0 7562
Training-free ~ DRS [44] | 57564 03595 0.7345 02218 02808 | 0.5316 122834 03376 0.5088 | 0 4702
Training-free  RandSeed | 58552 03625 0.9913 02250 02856 | 05025 123645 03315 0.5090 | 0 6547
Tnaining-free RSTFA urgy | 27 03739 1.1408 02260 02893 | 04838 12.7841 03101 0.5261 Jis 174
©04)  (0.01) 0.01) 005  (0.04) | (001) (005 (0.01) (0.03)

followed by cross-architecture and cross-dataset evaluations to
demonstrate the generality of our approach.

Quantitative Analysis. We demonstrated that RSTFA
achieved superior or comparable results across various metrics
of human preference alignment and image diversity. As shown
in Table I, for prompt-aware human preference alignment,
our approach obtained improvement of 5.92% in TI-CLIP
compared with the SOTA training-based method SPO. For
prompt-independent human preference alignment, our method
achieved 3.20% aesthetic score improvement over base model

and comparable aesthetic score compared with method SPO and
DNO. We additionally evaluate on the PartiPrompts to reduce
any perceived dependence on Pick-a-Pic. We also included
comprehensive evaluations on HPD V2 and COCO using
different base models. The full evaluation results can be found
in Table II, Table VII and Table X.

Computation Cost. We report both per-image inference
time (GenTime) and training GPU-hours for all methods.
Compared with training-based methods, the training cost of
the timestep-aware reward model is smaller than the training-
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Please select the Image (a) or (b) you prefer given
the prompt. You should select the preferred image
based on prompt, image composition, visual appeal
and your own preference. Your answer should
ONLY contain: Image (a) or Image (b).

## Prompt:
{prompt}

## Image (a):
The first image attached.

## Image (b):
The second image attached.

Fig. 4. The GPT-40 prompt used to evaluate preference between two images
based on a given instruction. The model was instructed to choose either Image
(a) or Image (b).

based methods. Importantly, this reward model is trained once
and then amortized across all backbones and all datasets. This
one-time model is then used, without any further training or
adaptation, for SDXL, SD vl1.5, and DiT, and for different
prompt sources: Pick-a-Pic V2 test_unique, HPD V2, COCO
and PartiPrompts. In contrast, training-based alignment methods
run model fine-tuning per backbone and often per setting.
For inference cost, our method had 5814 ms less inference
time per image compared with DNO. The quantitative results
indicate that RSTFA effectively improves alignment with
human preferences and produces diverse images without fine-
tuning and heavy inference overhead. Metropolis-Hastings
interventions are confined to stylistic timesteps identified
by our trajectory analysis, the number of additional U-Net
evaluations is both bounded and small, yielding an average
runtime overhead of ~1.6x relative to base sampling (versus
~6.7x for DNO). This makes RSTFA Pareto-efficient in
the quality—latency trade-off among training-free alignment
methods.

Qualitative Analysis. We conducted a user study to qual-
itatively compare our method, RSTFA, with the state-of-the-
art training-based method, SPO. The study involved human
labelers evaluating images generated under criteria: General
Preference (Which image do you prefer given the prompt?). The
images were generated conditioned on 30 randomly sampled
prompts from HPSV?2 benchmark [21]. We requested 25 users
to complete the survey. We also used GPT-40 as an evaluator
to judge the pairwise images between SPO and RSTFA. As
shown in Figure 6, RSTFA achieved a higher win rate than
SPO judged by both humans and GPT-40 [66]. We present
some image generation samples in Figure 3, with additional
results provided in the Appendix D. As in Figure 3, our method
generated more appealing images with vivid colors, lighting,
better composition and details.

D. Additional Results

Generality to Different Base Model and Evaluation
Prompts. We applied RSTFA to the DiT-based model
(DiT) [52]. The observed improvements in Table III confirm
that RSTFA generalizes well to non-U-Net architectures. We
also tested using a weaker model SDv1.5, as the losing images
in preference dataset Pick-a-Pic V2 are generated by similarly
performing and mostly weaker models. The weaker backbone
can also benefit from our method. This demonstrates that the
superficial alignment is not merely an artifact of aligning with
one specific preference dataset or base model. It is a general
artifact of the training-based alignment methods.

The training of the reward model relies on Pick-a-Pic V2.
To test the effectiveness of RSTFA facing new scenarios that
differ from the training data distribution, we also adopted HPD
V2 and COCO prompts [67] for evaluation. The results (Table
IIT) confirm generalization. Our method achieves consistent
improvements under different prompt source and backbone
models. The full evaluation results on COCO and HPD V2
can be found in Table VII and Table X.

TABLE III
PERFORMANCE OF RSTFA oN HPD V2 AND COCO PROMPTS ACROSS
DIFFERENT MODEL ARCHITECTURES. METRICS INCLUDE HUMAN
PREFERENCE ALIGNMENT (TI-CLIP, HPSV2, AESTHETIC) AND IMAGE
DIVERSITY (II-CLIP).

| Human Preference Alignment | Image Diversity

Method | TI-CLIP T HPSv2 1  Aesthetic 1 | 1I-CLIP |
SDXL Base 0.3481 0.2821 5.8963 0.4910
SPO 0.3550 0.2840 5.9800 0.4870
RSTFA (ours) 0.3615 0.2854 6.0425 0.4820
SDv1.5 Base 0.3408 0.2607 5.6567 0.5039
SPO 0.3477 0.2777 5.7378 0.5576
RSTFA (ours) 0.3532 0.2807 5.9167 0.5009
DiT Base 0.3309 0.2811 6.0267 0.5121
SPO 0.3350 0.2850 6.1400 0.5040
RSTFA (ours) 0.3389 0.2890 6.2341 0.4951

Application on Rectified Flow Models with Euler Sam-
plers. To further demonstrate the versatility of our proposed
RSTFA method, we applied it to Rectified Flow models [68],
a class of generative models that rely on flow matching
techniques [69]. In applying RSTFA to Rectified Flow models,
we focused on incorporating rejection sampling at the initial
sampling stage. We adopted the FLUX.1 [dev] [70] as the
backbone model. We adopted EulerDiscrete sampler [65] with
classifier-free guidance of 3.5. As in Table IV, compared
with base model, RSTFA significantly enhanced the alignment
performance of Rectified Flow models, achieving 1.50%, 0.40%
and 1.24% improvements in TI-CLIP, PickScore and Aesthetic
score respectively. These gains were achieved while maintaining
the deterministic nature of flow-based generation, highlighting
RSTFA’s ability to adapt across different generative models.

However, compared with DiT or SDXL, the performance
gains on FLUX.1 [dev] are smaller and closer to RandSeed
baseline. This behavior is expected as FLUX.1 [dev] is an
open-weight, guidance-distilled student directly distilled from
FLUX.1 [pro] (which is not public). Both classifier-free
guidance and its distillation variants are known to suffer from
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TABLE IV
PERFORMANCE METRICS OF RSTFA APPLIED TO RECTIFIED FLOW MODELS ON PICK-A-PIC V2 test_unique SPLIT.

‘ Human Preference Alignment

‘ Image Diversity ‘ Computation Cost

Method | Aesthetic | TI-CLIP 1| ImageReward 1 | PickScore 1 | HPSV2 1| II-CLIP | | Vendi 1 | MSS | | LPIPS 7 | Train (GPU-H) GenTime (ms)
Base Model | 6.2267 0.3339 1.0426 0.2259 02881 | 04875  9.6833 03529 0.5095 | 0 1689
RandSeed | 6.2837 0.3357 1.0673 0.2272 02895 | 04892  9.1891 03658 0.5096 | 0 8816
RSTFA (ours) | 6.3041 0.3389 1.0862 0.2268 02920 | 04878 9.1949 0.3544 0.5050 215 2260
RSTFA w. jitter |  6.3307 0.3507 1.2002 0.2315 02973 | 04905 9.1231 03522 0.5022 215 6745
TABLE V 2200~  22.65 "o pickscore 6000?

ABLATION STUDIES OF REJECTION SAMPLING TIMESTEPS AND REWARD
MODEL CONFIGURATION ON PICK-A-PIC V2 validation_unique SPLIT.

Methods PickScore T  GenTime (ms)
Base Model 0.2217 1127

(a)  stylistic+timestep-aware 0.2265 1748

(b)  stylistic+timestep-independent 0.2231 1748

(c)  all+timestep-aware 0.2269 4585

(@)  all+timestep-independent 0.2228 4585

reduced sample diversity. This reduces the improvement room
for MH corrections at fixed compute, thereby limiting the
gap to RandSeed. Even in this constrained-diversity regime,
RSTFA remains the more compute-efficient route to exploit
available diversity, matching or slightly exceeding RandSeed’s
preference metrics at roughly 3—4x lower latency on the same
hardware. To restore much of RSTFA’s advantage without
retraining, we propose stochastic guidance sampling. When
generating candidate proposals, we sample the classifier-free
guidance scale uniformly from [y —1,~+ 1] around the default
~ for each candidate. We then run multiple-try MH at stylistic
timesteps. On FLUX.1 [dev], stochastic guidance sampling
yields consistent improvements in PickScore, HPSv2, and TI-
CLIP, demonstrating that modest inference-time diversity boosts
amplify RSTFA’s gains.

E. Ablation Study

SFT on Chosen Images. We performed Supervised Fine-
Tuning (SFT) on the base diffusion model using only the
chosen images from the human preference dataset. As shown
in Table I, we found that naive fine-tuning on chosen images
did not effectively capture the complex nuances of human
preferences. The alignment metrics did not show improvement
over the base model. This suggests that human preferences
cannot be effectively captured through simple fine-tuning on
preferred images alone. As a proof of concept, this highlights
the necessity of approaches like RSTFA that consider the
alignment process in a more nuanced manner.

Effect of Rejection Sampling Steps. We investigated the
impact of performing rejection sampling at stylistic timesteps
versus all timesteps. As shown in Table V, focusing on critical
timesteps significantly reduced generation computation from
4585 ms to 1748 ms while maintaining alignment quality,
achieving 2.17% improvement of PickScore compared with
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Fig. 5. Ablation studies on Pick-a-Pic V2 validation_unique split. (a) The
effect of maximum rejection attempts per timestep; (b) the effect of stylistic
timestep interval.

base model. Performing rejection sampling at all timesteps
offered marginal 0.18% improvements but at a much higher
latency of 4585 ms. This suggests that addressing the discrep-
ancies at these stylistic timesteps is sufficient for achieving
superior human preference alignment. RSTFA streamlines the
overall computational burden and allows for more targeted
adjustments to the generated content.

Effect of Timestep-aware Reward Model. We con-
ducted an ablation study to evaluate the contribution of
our timestep-aware reward model compared with a timestep-
independent reward model. For timestep-independent reward
model, we removed the timestep condition and additional
adaptive layer normalization. In Table V, we observed that
using the timestep-aware reward model outperformed using the
timestep-independent reward model, as evidenced by 1.52%
higher PickScore. This demonstrates the importance of timestep-
aware module to accurately estimate the acceptance probability
for our rejection sampling scheme.

Maximum Rejection Attempts. We conducted an ablation
study to examine the effect of varying the maximum rejection
attempts per timestep in our method. We tested values in
the set {3, 5, 7, 9, 11, 13, 15} using the Pick-a-Pic V2
validation_unique split. As shown in Figure 5, we observed a
trade-off between improvements in PickScore and decrease in
generation speed. We found that above 5 rejection attempts,
the improvements in PickScore were marginal. Therefore, we
chose 5 rejection attempts for our main experiment.

Stylistic Timestep Interval. We performed an ablation
study to evaluate the impact of varying stylistic timestep
intervals. Specifically, we evaluated intervals of {1, 2, 5, 10,
25} timesteps. As shown in Figure 5, decreasing the interval
improves alignment performance, as measured by PickScore,
but significantly increases generation time. The improvement
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Fig. 6. User study results comparing SPO and our method RSTFA. We
follow [18] and generate images conditioned on prompts from the HPSV2
benchmark. (a) Real Human Users as evaluator; (b) GPT-40 as evaluator.

in PickScore from an interval of 10 to 1 is marginal, while the
associated increase in generation time is substantial. Based on
this analysis, we selected an interval of 10 timesteps for our
main experiments to balance performance and efficiency.

Robustness to Generation Steps. To evaluate the practical
applicability of RSTFA in scenarios where computational
efficiency is prioritized, we investigated its performance across
different sampling step configurations. Table VI presents the
PickScore results for the base SDXL model and our RSTFA
method using 50, 30, and 20 sampling steps. The consistent
performance gap between RSTFA and the base model across
all step configurations demonstrates that our method maintains
its alignment advantages even with reduced sampling steps.
Notably, RSTFA with only 20 steps achieves a PickScore
improvement of 0.0067 over the base model, indicating that the
benefits of our approach persist in computationally constrained
settings. This robustness to different step counts further supports
the practical value of our method, as it can be adapted to
various inference time requirements without sacrificing its core
alignment benefits.

TABLE VI
PICKSCORE PERFORMANCE WITH DIFFERENT NUMBERS OF SAMPLING
STEPS USING SDXL.

# Steps  Base Model RSTFA (Ours) A

50 0.2184 0.2265 +0.0081
30 0.2132 0.2217 +0.0085
20 0.2083 0.2150 +0.0067

VII. DISCUSSIONS

In this section, we examine the broader implications and
generality of our findings on superficial alignment in text-to-
image diffusion models. The superficial alignment hypothesis,
that alignment tuning primarily affects stylistic aspects rather
than fundamental content, represents an important insight into
the behavior of diffusion models during human preference
alignment. Our analysis confirms this hypothesis across dif-
ferent model architectures, prompt sources, and alignment
techniques, suggesting it is a general characteristic of current
alignment approaches rather than an artifact specific to our
experimental setup. This section explores various dimensions
of this hypothesis, providing additional evidence and examining
its implications for alignment strategies.
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Fig. 7. Similarity score at each timestep between base and aligned models for
different architectures (SDv1.5 and DiT-XL/2) and prompt sources (Pick-a-Pic
and COCO).
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Fig. 8. The figure shows the progression of human preference alignment
(PickScore, HPSV2, TI-CLIP) and image aesthetic (Aesthetic) during reverse
alignment process.

Generality of Stylistic Alignment Findings. We repeated
the denoising trajectory analysis from Section IV using SDv1.5
and DiT-XL/2 (DiT-based model) on Pick-a-Pic and COCO
prompts (Figure 7). In both models, we observed the same
pattern: high cross-model similarity across most timesteps, with
periodic drops at stylistic points.

Feature-wise Sampling Impact. We decomposed the feature
similarity between the base and aligned models into three com-
ponents: global (CLIP), low-level (VGG), and structural (SAM).
As shown in Table VIII, all components exhibit small similarity
drops, but the differences are more pronounced in style-related
features (VGG) compared to the structure-preserving SAM
features. This supports our claim that alignment mainly alters
stylistic attributes while preserving core image structure.

Alignment Loss (Effect of 3). We vary 5 € {50,500, 5000}
in the DiffDPO loss using SDXL. We measured the style-only
change rate, defined as the proportion of timesteps where the
CLIP similarity between base and aligned features exceeds 0.85.
In Table IX, we observe that even with a small 3, the style-
only rate remains high. These findings suggest that diffusion
alignment remains largely superficial even with a lower KL
penalty.

Reverse Alignment Mechanism. To further explore the su-
perficial nature of alignment, we introduce a reverse alignment
mechanism. We consider image pairs (zf, x§) under a prompt
c, where ¥ is preferred over z§. For the reverse alignment,
we swap preferences, treating xf; as preferred. Starting from
the DiffDPO [18] aligned model, which was fine-tuned using
850K image pairs over 2000 steps, we retrain it using the
reversed image pairs with the DiffDPO objective. We evaluate
the impact of reverse alignment by assessing image aesthetics,
visual appeal, and image-text alignment using Al feedback
models (detailed in Section VI-A).
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TABLE VII
COMPARISON WITH STATE-OF-THE-ART ALIGNMENT METHODS ON COCO PROMPTS. THE TABLE PROVIDES METRICS FOR HUMAN PREFERENCE
ALIGNMENT AND IMAGE DIVERSITY. HUMAN PREFERENCE METRICS INCLUDE AESTHETIC, TI-CLIP, IMAGEREWARD, PICKSCORE, AND HPSV2. IMAGE
DIVERSITY IS ASSESSED USING II-CLIP, VENDI SCORE, MSS, AND LPIPS. THE BASE MODEL IS SDV1.5. THE NUMBERS IN PARENTHESES ARE P-VALUES
COMPUTED PER PROMPT.

Workflow Human Preference Alignment Image Diversit; Computation Cost
g g y p
Categor Method Aesthetic 1| TI-CLIP 1 |ImageReward 71 | PickScore 1 |HPSV2 1 |II-CLIP | | Vendi 1|MSS | |LPIPS 1| Train (GPU-H) GenTime (ms)
gory g
N/A Base Model ‘ 5.5500 0.3400 0.3421 0.2172 0.2605 ‘ 0.5050 9.9821 0.4489 0.3194 ‘ 0 1089
Training-based SFT on Chosen‘ 5.5234 0.3378 0.3215 0.2165 0.2809 ‘ 0.5372  9.4218 0.4715 0.3101 ‘ 915 1089
Training-based DiffDPO [18] ‘ 5.6512 0.3542 0.6247 0.2231 0.2868 ‘ 0.5198  9.3987 0.4691 0.3147 ‘ 976 1089
Training-based SPO [19] ‘ 5.6300 0.3470 0.6421 0.2243 0.2825 ‘ 0.5587  9.3254 0.4680 0.3032 ‘ 310 1089
Training-based ~ MaPO [42] ‘ 5.6187 0.3456 0.6234 0.2211 0.2819 ‘ 0.5241  9.3562 0.4778 0.3095 ‘ 1055 1089
Training-free DNO [24] ‘ 5.6891 0.3425 0.6032 0.2238 0.2832 ‘ 0.5694  9.4135 0.4624 0.3080 ‘ 0 7321
Training-free DRS [44] ‘ 5.6721 0.3412 0.5452 0.2201 0.2791 ‘ 0.5561  9.3327 0.4862 0.3013 ‘ 0 4558
Training-free RandSeed ‘ 5.6524 0.3448 0.6502 0.2245 0.2837 ‘ 0.5271  9.4178 0.4824 0.3144 ‘ 0 6334
. 5.8100 0.3525 0.6634 0.2252 0.2865 0.4920 9.7412 0.4587 0.3187
Training-free  RSTFA (ours) 215 1692
(0.02) (0.04) (0.02) (0.04) (0.06) (0.02) (0.04) (0.02) (0.08)
TABLE VIII COCO). Based on this general finding, we present an efficient

FEATURE-LEVEL SIMILARITY SHIFT (MEAN DROP) BETWEEN BASE AND
ALIGNED MODELS ACROSS DIFFERENT FEATURE REPRESENTATIONS.

Feature Base vs Aligned-DPO  Base vs SPO

CLIP (Global) 0.085 0.088

VGG (Low-level) 0.062 0.065

SAM (Structure) 0.017 0.013
TABLE IX

EFFECT OF (8 IN DIFFDPO ALIGNMENT (SDXL, 50 STEPS)

B PickScore T  CLIP Similarity T  Style-Only Rate 1
50 0.2037 0.904 67.2%
500 0.2120 0.922 69.5%
5000 0.2244 0.948 75.4%

As shown in Figure 8, the reverse alignment leads to a
significant degradation in image aesthetics, visual appeal, and
image-text alignment. Notably, performing reverse alignment
for only 200 training steps, a small fraction of the original
2000 steps training, already leads to a substantial drop in
performance relative to both the aligned and base models. The
ease with which alignment effects are completely reversed with
only 200 training steps further highlights the superficiality of
the alignment process.

VIII. CONCLUSION

In conclusion, our work analyzes the effect of alignment
tuning in text-to-image diffusion models, uncovering superficial
alignment behaviors that are consistent across multiple model
architectures (SDXL, SDv1.5, DiT-XL/2, and Rectified Flow
models) and prompt sources (Pick-a-Pic V2, HPD V2, and

training-free approach to align text-to-image diffusion models
via rejection sampling technique, called RSTFA. By leveraging
rejection sampling at stylistic timesteps, we effectively balance
alignment quality with computational efficiency, avoiding
common pitfalls in previous methods like extensive fine-
tuning, high inference cost, and mode collapse. Our extensive
experimental results highlight that this method achieves state-
of-the-art performance while reducing computational overhead.

APPENDIX
A. TV Distance Guarantee

This section establishes the theoretical foundations of
RSTFA, providing guarantees on bias control while identifying
critical conditions for effective alignment. We first formalize
the bias bound that ensures proximity to the ideal aligned
distribution. Then, we specify practical conditions that ensure
the approach’s efficacy across diverse diffusion architectures.

The core theoretical innovation of RSTFA lies in its training-
free alignment via rejection sampling at strategically identified
stylistic timesteps. This ap?roach requires estimating the

aligne:
density ratio p:(x) w between aligned and base
. . . t . . . . .
distributions. By Bregman minimization, the solution gy,

aligned
Py

% [49], [71], effectively recovering

satisfies % () s

the log-density ratio’ up to an additive constant. Crucially,
when the logarithmic error in the calibrated ratio estimator p;
exhibits sub-Gaussian behavior, we obtain a formal guarantee

of distributional proximity.

Theorem 1 (Bias Bound for RSTFA). Let p; be the cali-
brated density ratio estimator with logarithmic error e;(x) =
log pi(x) —log pi(x). If €4 is sub-Gaussian with variance proxy

o2 under p**¢ and qy, then the total variation distance between
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TABLE X
COMPARISON WITH STATE-OF-THE-ART ALIGNMENT METHODS ON HPD V2. THE TABLE PROVIDES METRICS FOR HUMAN PREFERENCE ALIGNMENT AND
IMAGE DIVERSITY. HUMAN PREFERENCE METRICS INCLUDE AESTHETIC, TI-CLIP, IMAGEREWARD, PICKSCORE, AND HPSV2. IMAGE DIVERSITY IS
ASSESSED USING II-CLIP, VENDI SCORE, MSS, AND LPIPS. THE BASE MODEL IS SDV1.5. THE NUMBERS IN PARENTHESES ARE P-VALUES COMPUTED

PER PROMPT.
Workflow ‘ Human Preference Alignment ‘ Image Diversity ‘ Computation Cost
Category Method ‘Aesthetic T ‘ TI-CLIP 1 ‘ ImageReward 71 | PickScore 1 ‘ HPSV2 1 ‘ II-CLIP | ‘ Vendi 1 ‘ MSS | ‘ LPIPS 1 ‘ Train (GPU-H) GenTime (ms)
N/A Base Model ‘ 5.7634 0.3415 0.2389 0.2076 0.2609 ‘ 0.5028  7.9954 0.5486 0.2811 ‘ 0 1089
Training-based SFT on Chosen‘ 5.5367 0.3392 0.2087 0.2169 0.2613 ‘ 0.5349  7.4351 0.5698 0.2818 ‘ 915 1089
Training-based DiffDPO [18] ‘ 5.8645 0.3556 0.6195 0.2135 0.2772 ‘ 0.5176  7.4121 0.5874 0.2764 ‘ 976 1089
Training-based ~ SPO [19] ‘ 5.8456 0.3484 0.6358 0.2147 0.2729 ‘ 0.5565 7.6387 0.5784 0.2749 ‘ 310 1089
Training-based ~ MaPO [42] ‘ 5.8321 0.3471 0.6189 0.2115 0.2723 ‘ 0.5218  7.4695 0.5961 0.2712 ‘ 1055 1089
Training-free DNO [24] ‘ 5.9024 0.3439 0.6241 0.2142 0.2736 ‘ 0.5671  7.4268 0.5907 0.2797 ‘ 0 7321
Training-free DRS [44] ‘ 5.8854 0.3426 0.5408 0.2105 0.2695 ‘ 0.5538  7.5461 0.5945 0.2730 ‘ 0 4558
Training-free RandSeed ‘ 5.8657 0.3462 0.6056 0.2149 0.2741 ‘ 0.5248 7.6311 0.5807 0.2761 ‘ 0 6334
. 6.0234 0.3539 0.6340 0.2156 0.2749 | 0.5097 7.7545 0.5570 0.2804
Training-free RSTFA (ours) 215 1692
(0.04) (0.04) (0.01) (0.05) (0.04) 0.01)  (0.07) (0.04) (0.06)
the RSTFA-generated distribution pi " and the ideal aligned By the triangle inequality for TV distance:
distribution p“" satisfies:
Po . TV accept _aligned 19
1 Po Po (19)
ligned
TV ( accept alig ) < ~oy (11) R
) < > g < Y V@G- K- Ko, ¢ K1+ Ko) - (20)
t€ Tantistic
t € Taylistic
Proof. At each t € Tyiissic, define: < Z oy 21
base o 2
pe(2)p*e(x) base £E Taglisic
q(z) = ————, Zo= [ pidp;
22 D
-~ base
~ Pt (x)pt (l‘) ~ 7 base
ia) = 7, [y T
1 B. Extended Discussion on Periodic Stylistic Timesteps
P

The KL divergence is bounded using the sub-Gaussian property:
~ a Z

KL(@ || &) = Eg, [1og t} = Eq, [et — log 1] (12)
gt Z

By the Donsker-Varadhan inequality and sub-Gaussianity:

~ 1 1
KL(Gi | a:) < log By, ] <log (¢}7F) = Zo?  (13)
Applying Pinsker’s inequality:
~ 1 ~
TV (G, qt) </ 3 KL(g: || g:) (14)
11
< 5 : 503 (15)
Ot
= —= 16
. (16)
Let K;_1,...,Ko be the ideal diffusion kernels for sub-

sequent steps. By the data-processing inequality for Markov
kernels [72]:

TV(q - Ki—1-- Ko, ¢t - Ki—1---Ko) <TV(q,q.) (17)
: (18)

IA
Q

2
This bounds the TV at z( introduced at step ¢.

In our main experiments, we observed that stylistic timesteps
tend to appear periodically rather than concentrating exclusively
at the earliest or latest stages of the diffusion process. Here,
we provide an intuitive explanation for this phenomenon.

Let €p(x¢,t) be a denoising network parameterized by 6.
The model is aligned using the DiffDPO framework with the
following loss function:

Lpisopo(0) = —]Ec,xg,xg,t [loga (—5T (A;U - Af))} » (22)
where the differences in prediction errors are given by:
w w 2 w w
= [l —ea (", D)7 — € — erei(xi’, 1)

AL = [lef = oo, )" = e = ensxt, ]I

= 1>, (3

(24)

Here, €, ¢’ ~ N(0,1) are the noise samples corresponding
to the winning and losing data points, respectively.

The denoising network ¢y employs sinusoidal timestep
embeddings 7(t), which are periodic functions of ¢:

7(t) = [sin(wit), cos(wit), ..., sin(wnt), cos(wnt)], (25)

where w,, are predefined frequencies.
We hypothesize that due to the interaction between these
periodic timestep embeddings and the network architecture
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(specifically, time-conditioned U-Nets [32], [73] or Diffusion
Transformers [74]), the network develops an uneven sensitivity
to parameter changes across the diffusion trajectory. Rather than
a uniform distribution of gradient updates, the architecture may
exhibit increased sensitivity at specific, periodically occurring
timesteps {t}.

Under this hypothesis, the gradient magnitude of the align-
ment loss with respect to the model parameters would peak at
these intervals:

VoL, (O)] > Vo Le(O)[|, V& {tx}

Consequently, this uneven gradient landscape leads to sig-
nificant parameter updates primarily at the timesteps {t},
resulting in the noticeable, periodic differences we observe in
the denoised outputs during inference.

(26)

C. Key Conditions

For our rejection sampling approach to be effective, the
following conditions must hold:

Condition 1 (Stylistic Timesteps Existence). There exist
specific timesteps Tgylisic C {1,2,...,7} where alignment
adjustments primarily occur:

Sim( ¢(*Tclean(t))a ¢(yclean (t))) <, vt € ﬁtylistic
Slm( ¢(mclean (t))a ¢(yclean(t))) Z T, vt ¢ 7;tylistic

where sim(-,-) denotes similarity measure and 7 is a
threshold. Here 7 is used to formalize that a subset of timesteps
exhibits noticeably stronger divergence between the base and
aligned models than the remainder of the trajectory. In our
implementation, RSTFA does not depend on finely tuning 7.
Instead, we select intervention timesteps using a compute-
budget rule with a fixed intervention interval. Empirically, the
similarity curves exhibit pronounced periodic dips, so moderate
changes of 7 within a reasonable range identify a near-identical
set of timesteps.

Condition 2 (Base Model Diversity). The base model
Doase (To|c) generates sufficiently diverse outputs such that
preference-aligned samples exist within its natural distribution.

Condition 3 (Reward Model Accuracy). The timestep-
aware reward model r(x,t, c) provides reliable estimates of
the density ratio:

P i)

PR (o)
where f(-) is a transformation derived from the Bregman
Divergence minimization.

These conditions ensure that rejection sampling at stylistic
timesteps can effectively guide the generation process toward
human-preferred outputs while maintaining computational
efficiency. Our extensive experiments across different backbone
models (SDXL, SDv1.5, DiT), different prompt sources (Pick-
a-Pic V2, HPD V2, COCO), and various hyperparameters
demonstrate that these conditions generally hold in practical
text-to-image diffusion models, providing empirical support
for the theoretical foundation of our approach.

In practice, the realized gain at a fixed proposal bud-
get depends on the diversity of the base proposals at the

27)
(28)

~ f(r(ze,t,c)) (29)

intervention timesteps. In particular, by Condition 2 (Base
Model Diversity), the proposal distribution places non-trivial
mass on regions favored by the aligned density. Properties of
backbones, like distillation under strong guidance, can yield
more concentrated proposals, which may lower acceptance
gains. We therefore view distilled backbones as a challenging
regime where proposal diversification becomes important. Our
stochastic guidance sampling results on FLUX.1 [dev] (Table
IV) show that modest inference-time diversification can further
increase RSTFA’s effectiveness without any denoiser fine-
tuning.

D. Additional Results

We provide additional examples generated by our method
and the baseline method SPO [19]. The prompt for each image
was sampled from the Pick-a-Pic V2 test_unique split. We
also requested 20 users to acquire human preferences for these
generations. As shown in Figure 9, images generated by our
method could achieve a high win rate, above 50% for almost
all prompts.

E. Baselines

All baseline implementations followed the official settings to
ensure fair comparison. DiffDPO and MaPO methods involved
fine-tuning the SDXL model using the full Pick-a-Pic V2
training set, which consists of over 850K win-lose image pairs.
Adafactor [75] was adopted as the optimizer. The training was
conducted with a total batch size of 2048. The learning rate
was set as 20‘% -2.048-10~8 with 25% linear warmup for 2000
training steps. 5 was the strength of KL regularization and
set as 10. In contrast, SPO was fine-tuned using a randomly
sampled subset of 4K prompts from Pick-a-Pic V2, and win-
lose pairs were generated online for these prompts. LoRA [76]
fine-tuning was conducted for 10 epochs. The LoRA rank was
set to 64.
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