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Abstract

One-step text-to-image generators are attractive for deployment because they gen-
erate an image with a single forward pass, but preference finetuning them remains
difficult: standard alignment methods often rely on policy likelihoods, denoising
trajectories, differentiable reward gradients, or test-time optimization. We propose
Drifting Preference Optimization (DrPO), an online preference-finetuning method
for deterministic one-step generators. For each prompt, DrPO samples candidates
from the current generator, ranks them with a target reward, and uses high- and
low-scoring samples to synthesize a feature-space update direction. The update
is a non-parametric dipole preference field plus a reference drift estimated from
the frozen base generator, and is optimized through a detached feature-space re-
gression target. The target reward is used only for ranking, so DrPO can train with
large, black-box, or non-differentiable rewards while inference remains a single
generator call. We evaluate DrPO on SD-Turbo and SDXL-Turbo with multiple
target rewards and benchmarks, including HPSv3 and GenEval. DrPO improves
alignment over reward-gradient-free one-step preference baselines and reduces
HPSv3 training computation by 3.51 x under the matched effective-batch setting by
removing reward-model backpropagation. Initial offline experiments suggest that
sample-based gradient synthesis can also be used beyond online reward ranking.
The project is available at https://ugvly.github.io/DrPO/.

1 Introduction

Recent text-to-image systems increasingly target low-latency generation through one-step generative
training [Deng et al., 2026, Geng et al., 2025, Sauer et al., 2023] and diffusion distillation [Song
et al., 2023, Luo et al., 2023, Sauer et al., 2024, Yin et al., 2024b]. Compared with multi-step
diffusion samplers, these models generate an image with a single forward pass, making them useful
for interactive and resource-constrained deployment. Deployment, however, also requires generators
to produce images that better match human preferences and task-specific criteria. Following the
success of reinforcement learning from human feedback (RLHF) in language and diffusion models, it
is natural to post-train one-step generators with reward models so that their outputs better align with
such preferences.

Reward-based post-training is nontrivial for one-step generators. Standard RLHF and preference-
optimization methods typically rely on stochastic policy probabilities, density ratios, or denoising
trajectories to construct policy updates. Directly backpropagating a differentiable reward through
the generated image avoids these requirements and can be effective for lightweight rewards, but it
follows the local gradient of the reward model and requires differentiating through that reward. This
becomes costly for large VLM-based rewards and impossible for black-box or discrete evaluators. We
therefore seek a reward-driven, reference-aware update direction that can be recovered from samples
and reward evaluations alone.
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Figure 1: Overview of DrPO. Left: construction of the drift field used to finetune the network. For an on-policy sample
(black dot), N random pairs are collected. In each pair, the sample with the higher reward is labeled as positive (red dot),
while the other is labeled as negative (blue dot). Together with the self-repulsion and attraction forces induced by p and pr¢,
respectively, these components synthesize the final regression target z* (brown dot). The contours indicate reward magnitudes.
Right: qualitative samples from fixed test prompts along the online finetuning trajectory.

We take inspiration from Drifting Models [Deng et al., 2026], which train one-step generators by
constructing feature-space drift fields from finite batches of samples. In preference finetuning,
reward-ranked candidates naturally define such a field: high-scoring samples provide attractive fields,
while low-scoring samples provide repulsive fields. DrPO turns these fields into a non-parametric
dipole preference field and independently estimates a reference drift from samples of the frozen base
generator. The combined field gives a detached feature-space target for updating the current generator.
Since the target reward is used only to rank generated candidates, DrPO supports expensive, black-box,
or discrete rewards while preserving one-step inference. We evaluate DrPO across multiple reward
models and one-step generators built on SD1.5 and SDXL. On HPSv3 and GenEval, DrPO improves
preference alignment without differentiating through the target reward. We also report ablations on
candidate count, feature choice, kernel choice, velocity scale, and reference regularization, along
with initial results on offline preference finetuning.

Our core contributions are:

* We propose DrPO, an online preference-finetuning method that converts reward-ranked on-policy
samples into a detached drifting update for one-step generators while keeping inference to one
forward pass.

* We introduce a dipole preference field that builds latent-space update directions from positive and
negative samples, replacing target-reward gradients with sample-based drifting updates.

* We validate DrPO on SD-Turbo and SDXL-Turbo across multiple rewards, where it gives the
largest gains among reward-gradient-free one-step preference baselines.

* We show that DrPO works with large and non-differentiable rewards, including HPSv3 and
GenEval-style rewards, and provide preliminary results on offline preference finetuning.

2 Related Work

One-step generative models. Fast image generators often compress iterative sampling into one or
a few network evaluations through diffusion distillation [Yin et al., 2024b,a], consistency training [Lu
and Song, 2024], adversarial objectives, flow distillation [Nguyen and Tran, 2024], or related
mechanisms. Sampling then requires only a single forward pass, but many structures used by
standard alignment methods are no longer available, including denoising trajectories, timestep-wise
scores, sampler likelihoods, and tractable policy log probabilities. Existing fast-diffusion alignment
methods often retain some diffusion-specific structure during training, for example through score
regularization, pairwise margins, or step-level win—lose construction [Luo, 2025, Luo et al., 2025a,
Miao et al., 2025, Croitoru et al., 2025, Luo et al., 2025b,c].



Preference alignment. RLHF aligns generative policies by learning a reward model from compar-
isons and updating a policy with PPO-style objectives under reference or KL control [Stiennon et al.,
2020, Schulman et al., 2017, Ouyang et al., 2022]. DPO and related objectives remove the explicit RL
loop by tting likelihood-ratio preferences against a reference policy [Rafailov et al., 2023]; RLAIF
and group-relative variants change the feedback source or normalization scheme while retaining a
policy-optimization view [Bai et al., 2022, Shao et al., 2024]. In image generation, reward-gradient
and preference methods adapt these ideas to diffusion or sampler structure: DRaFT backpropagates
differentiable rewards through a sampler [Clark et al., 2024], diffusion-DPO adapts preference mar-
gins to diffusion likelihood bounds [Wallace et al., 2024], and ReNO or PAHI optimize sampling
variables or prompt-speci ¢ noise distributions at test time [Eyring et al., 2024, Kim et al., 2024].
Recent preference-guidance methods also cast diffusion alignment as classi er-free-guidance-style
inference [Jiang et al., 2026]. DrPO differs by estimating the update direction directly in feature
space from reward-ranked samples and reference samples, without reward backpropagation, policy
likelihoods, denoising trajectories, or test-time search.

Drifting models. Drifting Models introduce a likelihood-free training mechanism for one-step
generators, where nite-batch drift in feature space replaces explicit density estimation or adversarial
discrimination [Deng et al., 2026]. In their original formulation, the drift is used for distribution
matching between generated samples and data samples. We use the same drifting view for reward-
based post-training: the drift is de ned by condition-speci ¢ preference information, while a frozen
reference generator supplies the stability direction.

3 Preliminaries

3.1 Drifting Models

Drifting Models [Deng et al., 2026] train one-step generators by assigning a feature-space drift
direction to each generated sample. For a conditiand noise, lety =G (;c) andletf (;c)

be its feature representation. For a generated featutes drift moves the sample toward positive
anchors and away from negative anchors:
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wherek measures feature similarity; denotes the positive distribution, and denotes the negative
distribution. Given this eld, the generator is trained against a detached drifted feature target:
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1
Lan )= 3Ec [ (;0) sg f GO+V o ( (GO) 3 @)
where sg( ) denotes stop-gradient. Since the target is detached, this loss gives
rLair =E ¢ V.. (f Go)r f(ic) : 3)

Thus the drifting loss can be read as a deterministic policy-gradient update whose feature-space
velocity is synthesized from samples.

For minibatch training, Drifting Models approximate the drift eld with mean shift. Given a support
batch B = fb; g8, , kernel weights are normalized within the batch:
k(x; bi) X
wi(x;B)= P———; bg (x) = wi (X; B)b;: 4)
i k(x;by) :
With positive and negative batches Bind B , the approximate drift eld is
¥x)=b g () b 5 () (5)

With an RBF kernek(x; b) = exp(s(x;b)=) ,w; is the softmax weight over negative similarities.

3.2 Reinforcement Learning from Human Feedback

RLHF rst trains a reward model from pairwise preferences. Given compariggs ;y ), where
y* is preferred to y under condition c, the reward model(c; y) is commonly trained with

Lrv ()= E (yryylog 1 (y") r (cy ) : (6)



After reward learning, a common reference-regularized target is the tilted distribution

gyjc)=arr(yjc)exp(r (c;y)= k)=2(c); (7)

whereZ(c) is the normalizing constant. Fittirgy to this target is equivalent to the soft RL objec-
tive [Haarnoja et al., 2018]

max EcEyq (jo [r ©Y)] ke Ec[KL(@ (jc)karer( jC)I: 8)

This formulation contains the two forces used in preference alignment: reward improvement and
reference control. For deterministic one-step generators, policy likelihoods and density ratios are not
available in closed form, motivating sample-based estimates of the corresponding update direction.

4 Method

4.1 Dipole Reward Model

Letx =g (;c) andz = (x) , where is the input noisex is the generated image, andis
a xed feature extractor. Given positive and negative feature sanfpleandA , we de ne a
non-parametric reward in feature space:

X
Raipoie(z) = exp(E(2));  E(2) = k@za) kiza ) ; )
=1
wherea” 2 A* anda, 2 A index equal-size positive and negative samgtds,a feature-space
kernel, and > O sets the dipole strength.

Differentiating Eq. 9 gives

hd
r ;109 Raipole(z) = k(z;a")r zlogk(z;a") k(z;a ;)r . logk(z;a ) :  (10)

j=1
The induced eld is kernel-weighted and local: points near positive samples are strongly attracted,
points near negative samples are strongly repelled, and points far from the observed samples receive
negligible update since whef(z) ! 0 we haveRgpoe(z) ! 1 . This locality is important for
one-step netuning because it lets the reward signal guide nearby samples while reducing extrapolated
reward gradients far from the evidence in the current batch.

4.2 Drifting Preference Optimization

For a differentiable, non-negative rewd®qz), letx =g (;c) andz = (x) . The pathwise gradient
of the reference-regularized soft RL objective is

rrJ=E [(r zlogR(z)+ (r zlogphase(z) r zlogp (2))r z]; (11)
wherer z=r , (X)r g (;c).

Given an on-policy candidate batéh=fx ;gk, fromx; =g (i;c), i N(0;1) ,we evaluate the
target reward and samplé reward-ordered pai® = f(x ;X )oi, with R(zj) R(z ;)and
zi = (X j). The positive and negative samples are

AT =f(x gt A =f(x )l 12)
The reward-score term in Eq. 11 is replaced by the dipole preference eld (Eqg. 9):
r 210gR(z) V pref () =1 2109 Raipote (2; ATA ) (13)

By treating samples far , log prase@ndr ; log p (z) as positive and negative terms, respectively,
we use the mean-shift estimate in Eq. 5 and write (®thndZ being independent sample sets from
the two terms):

Viet (i) =br(zi)) b z(z): (14)
The nal DrPO eld is
Vorro (Zi) = Vpret (Zi) + V et (2i): (15)
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Forz = (g (i;c)),the detached target is

z’ =sg9(zi + Voo (z)); (16)
with loss
_ a1 X 2,2
LDYPO () - R . kZi z i k2 . (17)

The reward model, reference generator, and feature extractor are used only during training; the
deployed model remains the same one-step generator.

Non-differentiable rewards. DrPO only requires the target rewdRdo rank generated samples.
Therefore, the same construction applies wReis non-differentiable, such as rule-based evaluators
or task-speci c correctness checks: we &s& formA* andA , and the subsequent dipole drift is
computed entirely in feature space.

Of ine variant. We also make a naive attempt to extend DrPO to of ine preference netuning.
Given of ine preference pairs, we replace the online featureAé&tandA  with chosen and rejected
features from the dataset; the reference term and detached feature regression remain unchanged. This
removes the online reward-ranking step while keeping the same drifting update.

Algorithm 1 DrPO (Online)

Require: Generatog , frozen reference modeles , feature map , reward modeR, drift radii
reference weight
1 for each optimization step do
Sample condition ¢ and noises ¢,
Generate current samplesxg ( .,c) and reference sample&X = gref( i;C)
Compute features Z = f (x;)g¥; and R =f(x ®")gK,

+

Rank fx;gf; with R and form preference pairs D= f(x X )gJ 2
SetA" =f(x [)g¥; andA =f(x ;)gty

Construct drift eld: Vet DRIFTFIELD(Z;A *;A ;)
Construct drift eld: et DRIFTFIELD(Z; R; sg(2); )

VDrPO \ pref +V ref

Z? sg(Z+V opwo) p
11 Update withlppo = & Kz z K3
12: end for

N2 RN

.
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5 Experiments

5.1 Experimental Setup

Base models. We use SD-Turbo [Sauer et al., 2024] (license: Stability Al Community License) as
the main one-step text-to-image base model, and evaluate SDXL-Turbo [Podell et al., 2024, Sauer
et al., 2024] (license: Stability Al Community License) in the base-model ablation. The two models
use different architectures and latent spaces, so the SDXL-Turbo experiment tests whether the same
dipole-drift update transfers beyond the SD-Turbo setting.

Target reward models. The default target reward is PickScore [Kirstain et al., 2023] (license: MIT).
We also use HPSv3 [Ma et al., 2025] (license: MIT) to test training with a large VLM-based reward. In
the target-reward ablation, we replace or combine PickScore with Aesthetic Score (AES) [Schuhmann,
2022] (license: MIT), HPSv2 [Wu et al., 2023] (license: Apache-2.0), ImageReward (IR) [Xu et al.,
2023] (license: Apache-2.0), and CLIP [Radford et al., 2021] (license: MIT). AES is unconditional,
while the other rewards are text-conditioned.

Prompts and evaluation sets. Online experiments use prompts from the Pick-a-Pic v2 training
split [Kirstain et al., 2023]. The primary evaluation uses the Pick-a-Pic v2 test splig®itiprompts

and ve matched seeds. We also evaluate on Parti-Prompts [Yu et al., 2022], which cdné&ias
prompts.



Method Inference Reward Pick-a-Pic v2 Test Parti-Prompts

Steps  Grad oo AESt R* PS" AES” IR
SDXL base 50 — 2215 6.104 6.85 2264 5761 7.24
SDXL-DPO 50 - 2257 6076 938 2295 5811 10.66
SDXL-Turbo (base) 1 — 2245 6059 936 2277 5693 9.13
DRaFT 1 Yes 24.45 6.71212.70 24.34 6.485 12.66
VGG-Flow 1.¢tep 1 Yes 24.27 6.490 12.19 23.986.200 11.40
DPOy.step 1 No 2277 6227 10.44 22.85 6.019 11.25
PSO 1 No 2256 6.092 897 2287 5744 917
GRPO step 1 No 2250 6.077 957 2280 5710 9.27
DrPO 1 No 23.66 6.717 12.46 23.71 6.665 12.60

Table 1: Results on SDXL-Turbo. We report test-time generator calls as inference steps and indicate whether each method
backpropagates through the target reward during training. For multi-step SDXL bas&lnes, denotes classi er-free
guidance with two model evaluations per denoising step. PS denotes PickScore 100 and IR denotes ImageReward 10.

GenEval sets. For non-differentiable reward experiments, webd8&enEval prompts covering

object presence, counting, color, position, and attribute binding [Ghosh et al., 2023]. For the GenEval
training set, we train separately on each subtask and evaluate on the corresponding test prompts
independently. Training prompts are generated from the corresponding task templates. All training
prompts present in the test set are removed.

Baselines. We compare with two groups of netuning methods: (1) reward-gradient-based methods,
including DRaFT and/GG-Flow 1.gep[Clark et al., 2024, Liu et al., 2025]; and (2) reward-gradient-

free methods, including DPQrep PSO, and GRPOsep[Rafailov et al., 2023, Wallace et al., 2024,
Shao et al., 2024]. For methods not originally designed for deterministic one-step generators, we
adapt their core objectives to the same netuning setting and evaluate with matched prompts and
seeds. Details of the one-step adaptations are given in the appendix.

Metrics. We evaluate text-to-image generation with scalar preference and quality metrics, including
PickScore, AES, HPSv2, HPSv3, and ImageReward. FID is reported when matched references are
available [Heusel et al., 2017]; GenEval uses the standard compositional scores [Ghosh et al., 2023].
We also report pairwise win rates using Qwen3-VL [Qwen Team, 2025] as an external VLM judge,
following recent VQA/MLLM-based evaluation protocols [Hu et al., 2023, Lin et al., 2024, Ku et al.,
2024, Lee et al., 2024]. Qwen3-VL compares image pairs generated from the same prompt and
outputsA B, ortie ; we randomize order to reduce position bias [Zheng et al., 2023, Shi et al., 2025]
and aggregate parsed JSON decisions into win/loss/tie rates. Details are provided in Appendix B.4.

Feature extractors. Our default feature extractor is the 340M-parameter latent-MAE encoder from
Drifting Models [Deng et al., 2026]. We ablate this choice against raw latent features and DINOv2
features extracted from VAE-decoded images. We also compare multi-layer latent-MAE variants:
latent-MAE, is the default multi-feature variant, latent-MAEses the last three layers, and latent-
MAE 3 uses only the nal layer. For SDXL-Turbo, where the SD-VAE-speci ¢ latent-MAE is not
directly applicable, we use decoded image-space MAE features [He et al., 2022].

Construction of the drift eld. Following Deng et al. [2026], we estimate the drift eld from
mini-batches by combining attraction toward positive samples and repulsion from negative samples
across multiple neighborhood scales. We adopt their normalization and stabilization techniques for
improved optimization. Implementation details are provided in Appendix A.

Implementation details. We netune LoRA parameters [Hu et al., 2022] with reittk Unless
otherwise speci ed, training uses a per-GPU mini-batch siz84o06n 4 GPUs with8 gradient-
accumulation steps, giving an effective batch sizé@f Each DrPO mini-batch uses one prompt to
generate4 candidates; the reward model sampl@seward-ordered pairs to construet andA

We use AdamW with learning ratie 10 4 . For HPSv3 experiments, we use learning @Gatd0 °

and reduce the number of candidate images per prompé.té-or the DRaFT+HPSv3 baseline,
we use mini-batch siz2 with 64 gradient-accumulation steps to avoid out-of-memory errors while
keeping the same effective batch size.

5.2 Results



Figure 2: Qwen3-VL pairwise preference evaluation. For each prompt, Qwen3-VL compares two matched generations under

the same prompt and selects the cleaner, more coherent prompt realization; ties are allowed and A/B order is randomized. Red
indicates DrPO preference, blue indicates the compared baseline preference, and the vertical line marks 50%. The full judge
prompt is provided in Appendix B.4.

Inference Reward Pick-a-Pic v2 Test Parti-Prompts

Method Steps Grad
P PS" AES" IR" PS" AES" IR"

SD1.5 50 - 20.79 5.455 1.22 2149 5358 2.25
LCM-SD1.5 4 - 20.50 5.497 -3.08 21.15 5.396 -1.94
SD2.1 50 - 21.09 5.645 249 21.77 5.547 3.97
SD-Turbo (base) 1 - 21.88 6.054 5.75 22.29 5.758 5.37
DRaFT 1 Yes 2469 6.820 9.633.07 6.516 _7.72
VGG-Flow 1.step 1 Yes 23.73 6.378 7.74 22.99 6.027 6.50
DPOystep 1 No 22.02 6.080 5.95 2239 5.793 5.21
PSO 1 No 21.88 6.059 5.80 22.29 5763 5.42
GRPQO gstep 1 No 2198 6.077 6.08 2235 5.779 5.65
DrPO 1 No 23.49 6.485 9.54 22.99 6.284 7.46

Table 2: Results on SD-Turbo. We report test-time generator calls as inference steps and indicate whether each method
backpropagates through the target reward during training. PS denotes PickScore 100 and IR denotes ImageReward 10.

Main results. Table 1 evaluates SDXL-Turbo, a SDXL-family one-

step backbone. DrPO improves PickScore, AES, and ImageReward

over the base model on both Pick-a-Pic v2 and Parti-Prompts while

using the target reward only for ranking. Direct reward-gradient

methods such as DRaFT aMfzG-Flow 1.gp Still lead several

scalar-reward columns, but require backpropagation through the

target reward. Among reward-gradient-free one-step preference

methods, DrPO gives the largest gains. Table 2 shows that DrPO

can be generalized to different base models. Qualitative results,g?(me 3- Reward curves on SD-Turbo.
shown in Fig. 4, Fig. 6, and Fig. A4.

Qwen3-VL pairwise preference. Figure 2 reports pairwise judgments from Qwen3-VL for matched
generations under the same prompt. Unlike scalar reward metrics, this evaluation asks a VLM judge
to compare two complete images with respect to prompt delity, visual coherence, artifacts, and
aesthetics. The judge outpu§sB, ortie ; A/B order is randomized, and decisions are aggregated
into win/lossltie rates. The red bars show that DrPO is consistently preferred over one-step baselines
on both Pick-a-Pic v2 and Parti-Prompts, indicating better prompt realization under an external VLM
evaluator. The judge prompt is provided in Appendix B.4.

Ef ciency with large reward models. Figure 5 :
pro les training with HPSv3. Under the matched™™
effective-batch setting, DrPO removes HPSVZwardaad = res Mo
reward-model backpropagation and reduces updgigue time s)# 2162 617

time from21:6%t06:17s, giving a3:51 speedup. speedup* 1.00 351

Backward (s) 9.99 0.34

DRaFT DrPO

Non-differentiable rewards. Figure 8 evalu-
ates DrPO with GenEval scores as the target re-  Figure 5: Ef ciency comparison on HPSv3.

ward. GenEval provides non-differentiable task-

level scores for compositional constraints such as counting, color, position, and attribute bind-
ing [Ghosh et al., 2023]. DrPO uses these scores to rank candidates andl*faamdA , with no
change to the feature-space drift update.



Figure 4: Qualitative comparison on Pick-a-Pic v2 prompts for SDXL-Turbo. Rows compare the SDXL-Turbo base, one-step

preference baselines, and DrPO variants under matched prompts and seeds. The examples complement the SDXL-Turbo
quantitative comparison in Table 1.

Candidates PS" AES" Feature PS" AES" Kernel PS" AES" Weight PS" AES"
SD-Turb 21.88 6.054
SD-Turbo 21.88 6.054 Iatentlfl:/IzEl 5355 6513 SD-TUI’bO 21.88 6.054 S_D-Turbo 21.88 6.054
Cosine 23.63 6.509 =1000 2351 6.510
K =16 23.24 6.409 latent-MAE 2350 6.526 B
| RBF 23.50 6.590 =3000 2353 6.542
K =24 23.53 6.552 atent-MAE; 23.48 6.506 E ial 2353 6594 B
Latent 2052 4543 Exponential . . =5000 2351 6.485
K =32 23.57 6.599  vaAE-dec+DINOv2 2228 6252 Laplacian 2351 6.515 =10000 23.46 6.444
(a) Batch generation (b) Feature map (c) Kernel (d) Velocity scale

Table 4: Ablations on different design choices.

Ablation on target rewards. Figure 7 and Table A6 show DrPO results with different target reward

models. The drift estimator and optimization objective are kept xed, suggesting that DrPO is robust
to the choice of reward model.

Ablation on drift design. Table 4 ablates candidate count, feature extractor, kernel choice, and
velocity scale. Increasing the candidate count improves PickScore and AES, suggesting that a larger
on-policy pool gives more stable pairwise estimates. Latent-MAE features outperform raw latent
features, while raw latents substantially degrade performance; the drift bene ts from a representation
whose local neighborhoods track semantic image changes. DrPO is not highly sensitive to the kernel
choice in this range. For the velocity scale , larger values do not necessarily improve performance.

Ablation on reference regularization. Table 5 compares the proposed reference drift with a
perceptual regularization baseline. Perceptual loss anchors each generated sample to its paired
reference image, while reference drift uses local neighborhoods from the base and current generators

in the same feature geometry. Reference drift gives small but consistent gains over the perceptual
baseline on most alignment metrics.



