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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.
Code is available here.

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.

*Corresponding Author.

Preprint.


https://github.com/UGVly/DrPO

Online DrPO for One-step generation Training trajectory

generate samples

positive samples

frozen
Preference M feature space
Reward S(y) iyt ()

CEYs

loss = || z: — @ ||

Number of Finetuning Steps

Figure 1: Overview of online DrPO for one-step generation. Left: the current generator samples candidate images for each
prompt, and the target reward ranks them into preferred and rejected pairs. A frozen feature extractor maps these images into
latent feature space, where preference pairs define the dipole drift and samples from the frozen base generator provide the
reference correction. The combined drift gives a detached target for training the generator. 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 fitting 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-specific noise distributions at test time [Eyring et al., 2024, Kim et al., 2024].
Recent preference-guidance methods also cast diffusion alignment as classifier-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 finite-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 defined by condition-specific 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 condition ¢ and noise €, let yg = Gy(e, ¢) and let fy(e, ¢)
be its feature representation. For a generated feature x, the drift moves the sample toward positive
anchors and away from negative anchors:
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where k measures feature similarity, 2T denotes the positive distribution, and v~ denotes the negative
distribution. Given this field, the generator is trained against a detached drifted feature target:

1
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where sg(-) denotes stop-gradient. Since the target is detached, this loss gives
Vo Lty = *}Ee,c [ vtw— (fQ(E C))ngg(ﬁ C)] : 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 field with mean shift. Given a support
batch B = {b;} 2 |, kernel weights are normalized within the batch:

k(x i) . B )
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With positive and negative batches BT and B, the approximate drift field is

V(z) = g+ (2) — b~ (7). ®)
With an RBF kernel k(z, b) = exp(—s(z,b)/T), w; is the softmax weight over negative similarities.
3.2 Reinforcement Learning from Human Feedback

RLHEF first trains a reward model from pairwise preferences. Given comparisons (¢, y*, y~), where
y™ is preferred to y~ under condition ¢, the reward model (¢, y) is commonly trained with

ERM (7/}) = _]E(c,y*,y*) IOgU(T¢ (Cv y+) — Ty (Ca yi)) . (6)
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Figure 2: Drift construction in DrPO. (a) Reward-ranked positive and negative samples define the preference drift V.,
which moves generated features toward preferred samples and away from rejected samples. (b) The final update direction
combines this preference drift with the reference correction estimated from base and current samples, Vp,po = Vprer +AVier.

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

7 (y | ¢) = qret(y | ) exp(ry(c,y)/Prr) /Z(c), @)

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

max EcEy g, (1) [rv(c,y)] — BxLEe [KL(go (- | €) || gret (- | €))] - ®)

q6

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

Let z = gp(e,c) and z = ¢(x), where € is the input noise, x is the generated image, and ¢ is
a fixed feature extractor. Given positive and negative feature samples A+ and A~, we define a
non-parametric reward in feature space:

M
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where aj € A" and a; € A~ index equal-size positive and negative samples, k is a feature-space
kernel, and v > 0 sets the dipole strength.

Differentiating Eq. 9 gives

M
V. 1og Ripole(2) = ¥ Z [k(z, aj)Vz log k(z, a;r) —k(z,a; )V logk(z, a;)] . (10)
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The induced field 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 when E(z) — 0 we have Rgipole(2) — 1. This locality is important for
one-step finetuning 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 reward R(z), let x = gy (¢, ¢) and z = ¢(z). The pathwise gradient
of the reference-regularized soft RL objective is

VoJ = Ee [(V.log R(2) + A (V. 10g phase(2) — V2 log pe(2))) Vo2, an
where Vgz = V,0(x)Vga(e, c).



Given an on-policy candidate batch B = {z;} X | from z; = gy(e;, ¢), €; ~ N(0, I), we evaluate the
target reward and sample M reward-ordered pairs Dy = {(z],x; )}}L, with R(z]") > R(z;) and
zj = ¢(x;). The positive and negative samples are

At ={oaHL, AT ={e(e))}hE (12)
The reward-score term in Eq. 11 is replaced by the dipole preference field (Eq. 9):
V.log R(2) & Vet (2) = V. log Raipote(2; AT, A7), (13)

By treating samples for V, 10g prase and V, log pp(2) as positive and negative terms, respectively,
we use the mean-shift estimate in Eq. 5 and write (with R and Z being independent sample sets from
the two terms):

Viet (i) = Iir(2:) — Hz(2). (14)
The final DrPO field is
VDrPO (zz) - Vpref(zi) + )\V;ef(zi)- (15)

For z; = ¢(ga(e;, ¢)), the detached target is

2 =sg(zi + NVorro(2i)) (16)
with loss
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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 reward R to rank generated samples.
Therefore, the same construction applies when R is non-differentiable, such as rule-based evaluators
or task-specific correctness checks: we use R to form A™ and A ™, and the subsequent dipole drift is
computed entirely in feature space.

Offline variant. We also make a naive attempt to extend DrPO to offline preference finetuning.
Given offline preference pairs, we replace the online feature sets A+ and A~ 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.

S Experiments

5.1 Experimental Setup

Base models. We use SD-Turbo [Sauer et al., 2024] (license: Stability AI 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 AI 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 split with 424 prompts
and five matched seeds. We also evaluate on Parti-Prompts [Yu et al., 2022], which contains 1,632
prompts. For non-differentiable reward experiments, we use 553 GenEval prompts covering object
presence, counting, color, position, and attribute binding [Ghosh et al., 2023].



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

Method Steps Grad

P PST AEST IRt PST AEST IR?T
SDXL base 50 - 22.15 6.104 6.85 22.64 5761 17.24
SDXL-DPO 50 - 2257 6.076 9.38 2295 5811 10.66
SDXL-Turbo (base) 1 - 2245 6.059 936 2277 5.693 9.13
DRaFT 1 Yes 2445 6.712 12.70 2434 6.485 12.66
VGG-Flow_ep 1 Yes 2427 6.490 12.19 2398 6.200 11.40
DPO_gep 1 No 2277 6.227 1044 2285 6.019 11.25
PSO 1 No 22.56 6.092 897 22.87 5744 9.17
GRPO_gep 1 No 2250 6.077 9.57 2280 5.710 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 baselines, 50 X 2 denotes classifier-free
guidance with two model evaluations per denoising step. PS denotes PickScore X100 and IR denotes ImageReward x 10.

Baselines. We compare with two groups of finetuning methods: (1) reward-gradient-based methods,
including DRaFT and VGG-Flow g¢p [Clark et al., 2024, Liu et al., 2025]; and (2) reward-gradient-
free methods, including DPO_g¢p, PSO, and GRPO g, [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 finetuning 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
outputs A, B, or tie; 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-MAE; uses the last three layers, and latent-
MAEj3; uses only the final layer. For SDXL-Turbo, where the SD-VAE-specific latent-MAE is not
directly applicable, we use decoded image-space MAE features [He et al., 2022].

Implementation details. We finetune LoRA parameters [Hu et al., 2022] with rank 16. Unless
otherwise specified, training uses a per-GPU mini-batch size of 24 on 4 GPUs with 8 gradient-
accumulation steps, giving an effective batch size of 768. Each DrPO mini-batch uses one prompt to
generate 24 candidates; the reward model samples 12 reward-ordered pairs to construct A™ and A~.
We use AdamW with learning rate 1 x 10~%. For HPSv3 experiments, we use learning rate 3 x 10~°
and reduce the number of candidate images per prompt to 16. For the DRaFT+HPSv3 baseline,
we use mini-batch size 2 with 64 gradient-accumulation steps to avoid out-of-memory errors while
keeping the same effective batch size.

5.2 Results

Main results. Table 1 evaluates SDXL-Turbo, a SDXL-family one- —DRaFT —PSO  —DiPO
step backbone. DrPO improves PickScore, AES, and ImageReward O T RO

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

using the target reward only for ranking. Direct reward-gradient =z,

methods such as DRaFT and VGG-Flow g, still lead several 520
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target reward. Among reward-gradient-free one-step preference M
methods, DrPO gives the largest gains. Table 2 shows that DrPO O Dl ™

can be gene'rahzed. to dlfferenF base models. Qualitative results are gure 4: Reward curves on SD-Turbo.
shown in Fig. 5, Fig. 7, and Fig. A4.
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Figure 3: 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 PST AEST IRt PST AEStT IRt
SD1.5 50 - 20.79 5455 122 2149 5358 225
LCM-SD1.5 4 - 20.50 5.497 -3.08 21.15 5.396 -1.94
SD2.1 50 - 21.09 5.645 249 2177 5547 397
SD-Turbo (base) 1 - 21.88 6.054 S5.75 2229 5.758 5.37
DRaFT 1 Yes 24.69 6.820 9.63 23.07 6.516 7.72
VGG-Flow_gep 1 Yes 2373 6378 7.74 2299 6.027 6.50

DPO gep 1 No 2202 6.080 595 2239 5793 521
PSO 1 No 21.88 6.059 580 2229 5763 542
GRPO gep 1 No 2198 6077 6.08 2235 5.779 5.5
DrPO 1 No 2349 6485 9.54 2299 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 x 100 and IR denotes ImageReward x 10.

Qwen3-VL pairwise preference. Figure 3 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 fidelity, visual coherence, artifacts, and
aesthetics. The judge outputs A, B, or tie; A/B order is randomized, and decisions are aggregated
into win/loss/tie 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.

Efficiency with large reward models. Figure 6
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Non-differentiable rewards. Figure 9 evalu- Wall-clock time (hours)
ates DrPO with GenEval scores as the target re- Figure 6: Efficiency 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 and form A" and .A~, with no
change to the feature-space drift update.

Ablation on target rewards. Figure § and Table A6 show DrPO results with different target reward
models. The drift estimator and optimization objective are kept fixed, 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 benefits 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 7, larger values do not necessarily improve performance.



SDXL-Turbo
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Figure 5: 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 PS1 AEST  Kemnel PST ABES+  Weight PSt AES1{
SD-Turb: 21.88 6.054

SD-Turbo 2188 6.054 lalenll-l;/[:E 255 6513 SD-TurbO 21.88 6.054 SD-Turbo  21.88  6.054

K =16 2324 6409  luencMAE, 350 ese | Cosine 23.63  6.509 p=1000 2351 6510

B : ' atont- MAE, 5148 6sos  RBF 2350 6590  B=3000 2353 6542

K=24 2353 6552 [ 5052 4543  Exponential 23.53 6.594  B=5000 2351 6485

K =32 23.57 6.599 VAE-dec+DINOV2 2228 6252 Laplacian 23.51 6.515 £ =10000 23.46 6.444

(a) Batch generation (b) Feature map (c) Kernel (d) Velocity scale n
Table 4: Ablations on different design choices.

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.

Offline preference setting. Figure 11 compares a naive offline T ron wMAE
extension of DrPO with offline DPO_g, variants using the same . 2227 — DPOwg
SD-Turbo base and Pick-a-Pic v2 test protocol. Here A* and A~ 3

come from fixed preference pairs rather than online reward ranking. Z220

Offline DrPO improves over the base model, while the adapted

DPO_g¢p variants remain closer to SD-Turbo. This separates the 208 . . . .

effect of the feature-drift update from online candidate selection. ’ 209;,ain?22 smsm .
Figure 11: Offline DrPO Convergence.

6 Discussions

Assumption on the dipole reward model. The dipole reward model is compatible with the Bradley—
Terry view used in RLHF, where pairwise preferences are induced by scalar reward differences.
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Figure 7: Qualitative headline comparison on selected Pick-a-Pic v2 prompts for SD-Turbo. The grid follows the same
row-caption layout as the SDXL-Turbo qualitative comparison. DrPO improves preference-aligned visual quality over the
SD-Turbo base while preserving one-step inference.

1
SD-Turbo PickScore cLip HPS Rewen CLIP+PS AES+PS CLIP+AES+PS

Figure 8: Qualitative comparison across reward models. Each row generated with identical prompt; metrics in Table A6.

In DrPO, this scalar reward is constructed non-parametrically from the current preference pairs:
preferred samples define attraction and rejected samples define repulsion under the same feature-
space kernel. This makes the feature map important. If ¢ does not encode the attribute being
optimized, such as counting, layout, typography, or fine-grained identity, the resulting drift may be
smooth in feature space but weakly aligned with the target preference.

Challenges in offline finetuning. Our offline experiment is a naive extension of the online update. In
the online setting, preference pairs are sampled from the current generator, so the dipole field is built
near the distribution being updated. In the offline setting, the chosen and rejected samples can be



Metric SD-Turbo  +DrPO

Single 1 98.8 100.0
Two 1 46.5 55.6
Count T 33.8 42.5
Colors 1 83.8 87.2 3
Position 1 8.0 13.0 el
Color Attr. 9.0 13.0 '
. ~ S

Table 3: Performance of DrPO on GenEval tasks. a photo of two sheep a photo of four apples

Figure 9: Qualitative examples from online DrPO on GenEval

prompts.
Objective PickScore T CLIP 1 AES 1 HPSv2 1
w/o ref.
No reference 23.55 25.88 6.603  34.85
Perceptual loss 23.42 2598 6455 3490

Ref. drift loss (ours) 23.49 26.22 6485 35.07

Table 5: Reference-objective comparison on Pick-a-Pic v2 test - Number of Finetuning Steps

prompts.
Figure 10: Effect of the reference term during finetuning.

off-policy and sparse, and many preference datasets contain only one pair per prompt. This makes the
local non-parametric field more fragile. Better offline variants may need larger pair neighborhoods,
prompt-conditioned retrieval, or an aggregated field over multiple preference pairs.

Limitations and future work. DrPO inherits the limitations of the target reward used for ranking. If
a reward misses prompt attributes or encodes undesirable aesthetic tradeoffs, the resulting preference
field can steer the generator in that direction. Training also still requires candidate generation,
reward scoring, and feature extraction, so the computational advantage is largest when reward-model
backpropagation is expensive or unavailable. The current implementation uses LoRA finetuning and
finite candidate batches; scaling candidate selection, feature maps, and reward mixtures are useful
directions for future work.

7 Concluding Remarks

We presented DrPO, a preference-finetuning method for one-step text-to-image generators that avoids
reward backpropagation. DrPO uses the target reward to rank on-policy samples, forms reward-
ordered preference pairs, and converts them into a dipole drift in feature space. A reference drift
from the frozen base generator stabilizes the update, and a detached feature regression trains the
current generator along the resulting field. The method does not require policy likelihoods, denoising
trajectories, or differentiating through the target reward, and inference remains a single generator
call. Across one-step generators and reward signals, DrPO improves reward-gradient-free preference
finetuning, works with large and non-differentiable rewards, and gives an initial path toward offline
preference tuning.
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A Finite-Batch Drift Estimator

Algorithm A1 DrPO with stabilized finite-batch drift estimator

Require: Generator gy, frozen reference model g,..¢, feature map ¢, reward model R, drift radii €2,
reference weight A
1: for each optimization step do
Sample condition ¢ and noises {¢; }
Generate current samples x; = gy(€;, c) and reference samples 25 = g,e¢ (€5, )
Compute features Z = {¢(z;)} 5, and R = {¢(a7°F)} K,
Rank {x;}/<, with R and form preference pairs Dy = {(z}, 2 )
Set AT = {p(a)}}L; and A~ = {g(x;)} L,
Viref < DRIFTFIELD(Z, AT, A~ Q)
Viet < DRIFTFIELD(Z, R,sg(Z), )
9: VDrPO — Vprcf + )\V;cf
10: 7% bg(Z + ’I]VDrpo)
11: Update 6 with Lprpo = % >, 1z — 27|13
12: end for

K
=1

M
j=1

13: function DRIFTFIELD(Z, B+, B~,))
14: Normalize Z, B*, B~ by the batch feature scale in Eq. 21

15: V<0

16: for p € Q2 do

17: Compute double-softmax affinities AT, A~ by Eq. 22
18: Compute cross-mass field V(*) by Eq. 24

19: V + V 4+ RMSNorm(V ()

20: end for

21: return V

22: end function

This section gives the stabilized finite-batch drift estimator used in our experiments. The main text
describes the conceptual fields V},,er and Vier; in implementation, both are computed with the same
mini-batch drifting estimator inherited from Drifting Models [Deng et al., 2026].
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Batch construction. Let X = {x;}X, be the current generated features and X = sg(X). For the
preference branch, the positive and negative batches are

Bptef = AT, Bl =A". (18)

For the reference branch, they are

Bt =X

ref —

R, B

ref

) (19)

where R contains features from the frozen reference generator. The detached current batch X gives
the current-model correction in V... Matching self-pairs are masked in the reference branch.

Feature normalization. For a query batch X = {z;} and a support batch B = {b;}, we first
compute distances using detached queries,
Aij = |sg(@i) = bjll2. (20)
A single feature scale is estimated by
s = max e, Ve (WiA5) ) a1
Mean; (w;)

and features are normalized coordinate-wise by s/v/d before constructing the drift target. This
normalization makes the estimator less sensitive to the absolute scale of the frozen feature extractor.

Double-softmax affinity. For each radius p, let D;; = A;;/s. We use the stabilized affinity from
Drifting Models,

Agf) = \/SOftHlan (_Dlj/p) softmaxi(—Dij/p) Wy . (22)
The row softmax normalizes supports for each query, while the column softmax normalizes queries
for each support; their geometric mean gives the “double-softmax” affinity used in all drift branches.

Cross-mass drift. After partitioning the supports into positive and negative batches, the radius-
specific field is computed with the cross-mass weighting

+ It » - +, -
WZ] [ <Z Ai[p> A;;p7 le (L (Z Aiﬁ p) A” )07 (23)

13 teB+
(p) _ +opt —Pp
Vi = Wt = Y Wty @4
jEBT JEB~
This is the finite-batch implementation of the attraction—repulsion fields in the main text.

RMS normalization and multi-radius aggregation. Each radius-specific field is normalized by
its RMS magnitude over particles and feature coordinates,

v (p)

V) = : (25)
\/Meani,c <(Vif5))2) + €
and the final field is N
V=Y V0 (26)
pPEQ

The detached target in Eq. 16 is constructed from this aggregated field. In our experiments, both
preference and reference branches use the same estimator, with different choices of positive and
negative batches.

Auxiliary anchors. Some runs include weak output-space or feature-space anchors to the frozen
reference generator:

Eimpl = £pref + /\refﬁref + )\outEOut + Afeatﬁfeat- (27)

These anchors are implementation stabilizers and are ablated separately.
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B Experimental Details

B.1 Target Reward Models

DrPO only requires the target reward to rank candidate images for the same prompt. We therefore
instantiate the online preference construction with several reward backends, including PickScore,
CLIP, AES, HPS-family rewards, ImageReward, and mixtures of these scores. Table A6 shows that
the optimized model moves toward the chosen target reward: PickScore training gives the largest
PickScore gain, CLIP training gives the largest CLIP gain, HPS training gives the largest HPS gain,
and ImageReward training gives the largest ImageReward gain.

Table A6: Target-reward-conditioned online DrPO on Pick-a-Pic v2 test prompts. Entries except AES and ImageReward are
multiplied by 100.

Target reward model PickScore  CLIP1T AES?T IR1T HPSv21

SD-Turbo 21.88 2647 6.054 5.5 35.80
PickScore 23.40 26.28 6390 10.09 3524
CLIP 21.04 28.62 5491 331 36.82
HPS 21.13 27.82 539 5.60 39.42
IR 21.54 2398 6314 1625 3256
CLIP+PickScore 23.01 28.60 6328 10.08  37.36
AES+PickScore 22.78 23.61 7.429 851 31.38

CLIP+AES+PickScore 22.94 27.18 7.064 10.70  35.08

B.2 Data and Evaluation Sets

Online training. For online DrPO, each training example contains only a prompt. At each update,
the current generator samples a candidate batch for the prompt, the target reward ranks the candidates,
and the ordered candidates are used to form preference pairs.

Offline preference data. For the offline variant, each record contains a prompt and one or more
chosen/rejected image pairs. The chosen and rejected images replace the online ranked candidates
when constructing the preference pairs; the reference drift and training loss are unchanged.

GenEval. For GenEval experiments, prompts are paired with structured compositional constraints
such as object category, count, color, position, and attribute binding. The GenEval evaluator returns
task-level correctness scores, which are used only to rank candidate images during online training.

Evaluation. The main scalar-metric evaluations use the Pick-a-Pic v2 test prompts. Unless other-
wise stated, one-step models are evaluated with deterministic sampling and guidance scale 0.0. We
report one image per prompt for PickScore, CLIP, AES, HPSv2, HPSv3, and ImageReward; standard
errors are estimated by bootstrapping prompts.

B.3 Sampling and Reproducibility

Evaluation supports three sampling modes: the original SD-Turbo checkpoint, a finetuned U-Net
checkpoint, and a LoRA adapter. For structured compositional benchmarks, the same harness reads
the benchmark metadata and runs the corresponding evaluator. All paper-facing comparisons fix
prompt sets, random seeds, sampling configuration, and the distinction between target rewards used
for training and metrics used only for evaluation.

B.4 Qwen3-VL Pairwise Evaluation Prompt
For the pairwise preference results in Figure 3, we use Qwen3-VL [Qwen Team, 2025] as a strict

text-to-image judge. Each comparison shows two images generated from the same prompt, and the
judge returns a JSON decision with ties allowed. The prompt template is:
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You are a strict text-to-image judge comparing two generated images.
You will see Image A and Image B. They were generated from the same text prompt.

Text prompt:
nnn {prompt} non

Choose the image that is better as a clean, coherent realization of the prompt.

Rubric, in order:

1. Semantic fidelity: prefer the image where the prompt's main subject is immediately recognizable and
<— the requested attributes, relations, actions, and scene are correctly expressed.

2. Global coherence: prefer one integrated scene over a collage-like, over-stylized, or visually

— confused image. Objects should have plausible shape, scale, pose, and spatial relation.

3. Artifact avoidance: strongly penalize malformed bodies, fused objects, duplicated parts, warped

— geometry, messy textures, unreadable required text, and unnatural distortioms.

4. Aesthetic quality: after the above, prefer tasteful lighting, color harmony, composition, and detail.
— Do not choose an image only because it is sharper, glossier, more saturated, or more dramatic.

Decision rule:

- Major semantic or structural errors should usually lose, even if the image looks polished.
- If both satisfy the text similarly, choose the more coherent and artifact-free image.

- If both are genuinely comparable, answer tie.

- Do not prefer A or B because of position or label.

- Return only valid JSON.

Output schema:
{"winner":"A"|"B"|"tie","confidence":0.0-1.0,"reason":"12 words or fewer"}

C Baselines and Ablations

This section describes the one-step preference baselines used in our comparisons. All baselines use
the same prompt sets, one-step sampler, and evaluation suite as DrPO.

PSO baseline. PSO is a preference-finetuning method for timestep-distilled diffusion models [Miao
et al., 2025]. It optimizes pairwise preferences by increasing the relative margin between preferred
images and reference images sampled from the distilled model. We include it as a native pairwise
baseline for one-step distilled generators.

C.1 DRaFT Reward-Gradient Baseline

DRaFT directly optimizes a differentiable image reward through the generator and decoder [Clark
et al., 2024]. In our one-step setting, the U-Net predicts a clean latent

Ho = T<Za f@(Z,LC)),

which is decoded and scored by a differentiable reward model R. We use the same one-step sampler,
LoRA parameterization, prompt batches, and evaluation protocol as DrPO. The training objective is

K K
1 1
ﬁDRaFT - _? § R(D(Me,k)vp) + /\refE E ||,u9,k - Mref,k”%a
k=1 k=1

where D is the VAE decoder and .., 1S the frozen base-model prediction for the same prompt and
noise. This baseline represents the standard reward-backpropagation regime: it can exploit the local
gradient of a differentiable reward, but it requires storing and backpropagating through the reward
network. For SD-Turbo and SDXL-Turbo, the implementation evaluates generated samples in chunks
to keep the effective generated batch size matched to DrPO while controlling memory.

C.2 VGG-Flowy.siep Reward-Gradient Target Baseline

VGG-Flow|.gep adapts value-gradient guidance for flow matching alignment to the one-step latent
prediction setting [Liu et al., 2025]. Rather than directly maximizing the scalar reward as in DRaFT,
it first differentiates the reward with respect to the generated clean latent and then constructs a target
latent around the frozen reference prediction:

1278 = ficer e + 1(E)Ae cliD(Vy , R(D(116.1), ) -
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Algorithm A2 DPO_g, baseline

Require: Student U-Net fy, frozen reference fycf, offline triples (p,y ™,y ™), text encoder Fiext,
one-step transform 7', preference map 1, inverse temperature (3

1: for each optimization step do

2 Sample (p, 4™,y ™) and noise latent z; set ¢ = Eiext (p)

3 Ho <_T(Z7f9(z7tac))’ Href <_T(nyref(z7t7c))

4 Compute hg = (1), hret = (pixer), KT =1(y*), b~ = (y™)

5. Define s(a,b) = —||a — b||3

6: go (—S(h97h+)—8(h97h_)

7 Oref < S(hrefa h+) - S(href7 hi)

8 L~ —IOgU(ﬂ(gg _gref))'i_)\refHMO _,U/refH%

9: Update 6 by descending VoL

10: end for

The student is trained by latent target matching,

1« 1<
LvaG-Flowg = 32 D 110k = 1™ 13 + Mrer 22 D ok — pres 13-
k=1 k=1

Here 7)(t) is fixed in the one-step experiments because the generation timestep is fixed, and the
reward gradient is norm-clipped before constructing the target. This implementation preserves the
one-step deployment interface but keeps the defining reward-gradient path of VGG-Flow. We omit the
multi-step value-network consistency branch from the original flow-matching setting, since SD-Turbo
and SDXL-Turbo expose only a single distilled transition in our experiments.

C.3 DPOy.gp Pairwise Baselines

We adapt DPO to one-step generation by defining the preference margin on the clean latent predicted
from a fixed noisy latent and prompt. For text embedding c, timestep ¢ = 999, and initial noise z, the
student and reference U-Nets produce

Mo = T(Za fQ(Z,t,C)), Href = T(Zv fref(zatvc))a

where T'(+) is the deterministic SD-Turbo one-step conversion. Given chosen and rejected targets y ™
and y— mapped into a preference space 1), we define

g0 = s(¥(ue), ¥(y™)) — s(v(pe),v(y™))
and define g, analogously using piyof. The loss is
LDPOH[EP = - IOg 0—(5[99 - gref]) + )\ref”,ufe - ﬂrefH%~
We use S = 30 and A\;of = 0 in the reported runs. We test two choices of ¢: raw VAE latent space

and frozen MAE-latent feature space.

C.4 GRPOy.ep Policy-Gradient Baseline

We include GRPO |, as a policy-gradient-style comparison for one-step generators. Since a one-
step model has no denoising trajectory, the policy action is defined in clean latent space. For a prompt
embedding ¢ and a group of initial noises {zj }7<_;,

ok =T (2, fo(zr,t,¢)), pret,e = T(2ks fret (2,1, ).
The action is a perturbed clean latent,

2, — mean(z)
std(zx) + ¢

After decoding aj, and scoring the image, rewards are normalized within the same prompt group:

1d
ar = sg(pgy) + oatiy,  up =

r — mean(r)

Ay =cli adv
k=GP (ad std(r) + €,

) _ArnaX7 Amax) .
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Algorithm A3 GRPO_., baseline

Require: Student U-Net fy, frozen reference f,of, reward model R, text encoder F'eyt, decoder D,
one-step transform 7', group size K
1: for each prompt do

2: ¢ < Eiext(p); sample {2},

3: fork=1,...,K do

4 p Tz, fo(zk, t, c)) without gradient

5: ay, < sg(ud) + o, normalize(zy,)

6: xp < D(ag); 1k < R(xg,c)

7: end for

8: Normalize rewards within the prompt group to obtain { A}

9: fork=1,...,Kdo

10: Recompute pg, + T'(zk, fo(zk,t,¢)) and pff — Tz, fret(zk,t,C))
11: Compute p;, from the Gaussian log-probability ratio of ay,

12: end for

13: Update 6 with the clipped policy-gradient loss and reference latent anchor
14: end for

The current policy mean is recomputed and assigned a Gaussian-style log probability

1 B 2
ly(ay) = —5 mean l(alﬂaw’k) ] ,

where the mean is over latent dimensions. With

pr. = exp(clip(fg(ak) — Lola(ax), —M, M)),
we use the clipped policy-gradient objective

K
1 . .
Epolicy = _E E nun (pkAka Chp(pkv 1- €, 1+ €)Ak) :
k=1

The total loss is
K

1
L = Lyolicy + )\refE ; |10,k — Lref k

K
1
2
|2 + 51(17{ k§—1(pk —1—logpr)-

In the reported setting, o, = 0.05, ¢ = 0.2, M = 10, agy = 1, Amax = 5, Arer = 0.05, and
B = 0.
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D Additional Qualitative Results

Figures A4 and A3 provide the full qualitative grids corresponding to the compact examples in the
main text. All samples use matched seed 42.

Reward-model prompts. The compact reward-model matrix in Figure 8 uses four Pick-a-Pic v2
test prompts: “Cyberpunk cat”; “astronaut in space with a two handed sword in plate armor in front
of the earth”; “An mystical owl sitting on a tree branch in a magical Forest, art style of nicoletta
ceccoli”’; and “Gothic cathedral in a stormy night”. The full matrix in Figure A3 additionally includes

“smily french fries” and “Raindrop, macro photograph, colorful, reflections, HD, 4k”.

SD-Turbo PickScore CLIP HPS Image CLIP+PS AES+PS CLIP+AES+PS
Reward

Figure A3: Full reward-model qualitative matrix corresponding to Figure 8. Rows are prompts, columns are target reward
models, and all samples use matched seed 42.
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SD-Turbo DPO DRaFT VGGFlow PSO GRPO DrPO

Gothic cathedral in a stormy night

Figure A4: Full qualitative comparison corresponding to Figure 7. The grid uses a larger selected prompt set with matched
seed 42.
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Image A (DPO) Image B (DrPO) Image A (DrPO) Image B (Draft)
Prompt g _—
astatue

Prompt
a white country home

Reason
Image A has cleaner details,
better lighting, and fewer
artifacts

Reason

Tmage B has cleaner
composition, better lighting,
and fewer artifacts.

‘Winner
Tmage A (DrPO)

‘Winner
Tmage B (DrPO)

Image A (GRPO) Image B (DrPO)

Prompt
abottle

Prompt
a windmill

Reason
Image B has richer defail.
better lighting, and no visible
artifacts.

Reason
Image B has superior
composition, harmony, and
fewer artifacts.

‘Winner
Tmage B (DrPO)

‘Winner
Tmage B (DrPO)

Image A (DrPO)

Prompt Prompt
an abstract painting of a the Mona Lisa in the style of
waterfall Minecraft
Reason Reason

Tmage A is more polished,
harmonious, and artifact-free.

Tmage B has cleaner art, less
artifact, better harmony and
} lighting

Winner

Image A (D1PO)
Tmage B (DIPO)

Prompt
A plush monkey fording the
Charles River on  log while

Prompt
two pianos next o each ofher

wearing a Boston Red Sox hat Reason

with MIT in the background. Image B has superior
composition. lighting. and

Reason artifact-free detail

Image A has superior lighting,

texture, and compositional ‘Winner
harmony with no visible Image B (DPO)
artifacts.
‘Winner
Image A (DrPO)

Image B (VGGFlow) Image A (DPO) Image B (DrPO)
Prompt Prompt

4 d&d sorcerer in a blue and
yellow cloak

astone path leading away
from a fountain

Reason

Image B has supetior
composition, lighting, and
detail with no visible artifacts.

Reason

Image A has sironger
composition, lighting, and
fewer artifacts

Winner
Tmage B (DrPO)

‘Winner
Tmage A (DrPO)

Figure AS: Pairwise examples from the Qwen3-VL presentation-quality evaluation. Each row contains two matched-seed
pairs.
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Image A (DPO) Image B (DrPO)

Prompt

A raccoon wearing formal
clothes, wearing a tophat and
holding a cane. The raccoon is
holding a garbage bag. Oil
painting in the style of..

Reason

Image B has better
composition, lighting, and
fewer artifacts,

‘Winner

Tmage B (DrPO)

Image A (DPO) Image B (DrPO)

Prompt

A cozy living room with a
painting of a corgi on the wall
above a couch and a round
coffee table in front of a
couch and a vase of flowers.

Reason

Image B has cleaner
composition, better lighting,
and fewer artifacts,
Winner

Image B (DrPO)

Image B (Draft)

Prompt

A train ride in the monsoon
rain in Kerala. With a Koala
bear wearing a hat looking
out of the window. There is a
lot of coconut trees out of the.

Reason

Image A has cleaner
composition, less artifacs,
and better harmony.

‘Winner
Image A (DrPO)

Image A (DrPO) Image B (GRPO)

Prompt

A close-up high-confrast
photo of Sydney Opera
House sitting next to Eiffel
tower, under a blue night sky
of roiling energy. exploding

Reason
Tmage A has better
composiion, fewer artifacts,
and more coherent scene.

Winner
Image A (DrPO)

Image A (GRPO) Image B (DrPO)

Prompt

A musty spaceship blasts off in
the foreground. A city with
tall skyscrapers is in the
distance, with a mountain and
ocean in the background. A.

Reason
Tmage B has better
composition, lighting. and
fewer artifacts

Winner
Image B (DrPO)

Image A (DrPO)

Image A (DrPO)

Image A (SDXL-Turbo)

Image B (DrPO)

Image B (GRPO)

Image B (DrPO)

Prompt

A wombat sits in a yellow
beach chair, while sipping a
martini that s on his laptop
keyboard. The wombat is
‘wearing a white panama hat

Reason
Image B has better lighting,
harmony, and fewer artifacts.

Winner
Image B (D1PO)

Prompt

A raccoon wearing formal
clothes, wearing a tophat and
holding a cane. The raccoon is
holding a garbage bag. Oil
painting in the style of.

Reason

Image B has cleaner
composition, less artifact, and
better color harmony.
Winner

Image B (DIPO)

Prompt

The saying "BE
EXCELLENT TO EACH
OTHER" written on a red
brick wall with a graffiti
image of a green alien

Reason

Image A has cleaner
composition, fewer artifacts.
and better prompt adherence,

Winner
Image A (D1PO)

Prompt

A robot with a black visor and
the number 42 on its chest. It
stands proudly in front of an
F1 race car. The sun is sefting
on a cityscape in the.

Reason
Tmage A has cleaner
composition, better lighting,
and no visible artifacts.

Winner
Image A (DrPO)

Prompt

A photograph of the inside of
asubway train. There are red
‘pandas sitting on the seats
One of them is reading a
newspaper. The window

Reason
Tmage B has cleaner
composition, less artifact, and
‘etter harmony.

Winner
Image B (D1PO)

Figure A6: Additional pairwise examples from the Qwen3-VL presentation-quality evaluation.
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Image A (DrPO)

Image A (VGGFlow)

Image A (DrPO)

Image A (DrPO)
—

Image B (SDXL-Turbo)

Image B (DrPO)

Image B (VGGFlow)

Image B (DPO)

Prompt

A smiling sloth wearing a
leather jacket, a cowboy hat, a
kilt and a bowtie. The sloth is
holding a quarterstaff and a
big book. A shiny VW van.

Reason
Image A has better lighting,
detail, and fewer artifacts.

Winner
Image A (D1PO)

Prompt

Horses pulling a carriage on
the moon's surface, with the
Stamue of Liberty and Great
Pyramid in the background
The Planet Earth can be seen...

Reason

Image B has cleaner
composition, fewer artifacts,
and better harmony.
Winner

Image B (DrPO)

Prompt

The saying "BE
EXCELLENT TO EACH
OTHER" written in faded
paint on the hull of an old
wooden boat and reflected in.

Reason

Image A has cleaner
composition, better lighting,
and no visible artfacts while
preserving all prompt.

Winner
Tmage A (DrPO)

Prompt

A set of museum-quality
emerald bracelets and beads in
green in a display box at the
auction, 32k, highest
resolution, hyper realistic

Reason

Tmage A has cleaner
composition, better lighting,
and fewer artifacts

Winner
Image A (DrPO)

Prompt

full body, a slender anime girl
with long cyan hair, powerful
e wizard, beautiful white
outft, extremely detailed,
realistic shading

Reason

Tmage B has cleaner
composition. better lighting.
and fewer artifacts.

Winner
Image B (DrPO)

23

Image A (DPO)

Image A (DrPO)

Image B (DrPO)

Image B (DrPO)

Image B (Draft)

Prompt

A soft beam of light shines
down on an armored granite
‘wombat warrior statue
holding a broad sword. The
statue stands an ornate.

Reason

Image B has better lighting,
detail, and harmony with
‘prompt.

‘Winner
Tmage B (DrPO)

Prompt

ablue cow is standing next to
a tree with red leaves and
yellow frui. the cow is
standing in a field with white
flowers. impressionistic..

Reason

Image A has cleaner
composition, better color
harmony, and fewer artifacts.
Winner

Image A (D1PO)

Prompt

A smooth purple octopus
sitting on a rock in the middle
of the sea, waves crashing,
golden hour, sun reflections.
high quality 3d render

Reason

Image B has cleaner
composition, better lighting,
and fewer artifacts.

‘Winner
Image B (DrPO)

Prompt

close up of Italian pizza
margherita, a glass of fresh
Deer, candle light, polished
wood table, UHD, high
quality, high detail, ultra

Reason
Tmage B has cleaner
composition, better lighting,
and fewer artifacts

Winner
Image B (DrPO)

Prompt

A beautiful girl sitting on the
top of a castle overlooking the
ocean

Reason

Tmage A has cleaner
composition, better lighting,
and fewer artifacts.

Winner
Image A (DrPO)



Image A (DrPO) Image B (GRPO)

Prompt - o = Prompt

flat logo, gaming logo, white a full page design of

background, vector, orange, spaceship engine, black and

grey.symbol. abstract, hd, 4k bronze paper, intricate, highly
detailed, epic. infographic,

marginalia -ar 9:16...

Image A (Draft) Image B (DrPO)
®

Reason

Image B is preferred: Cleaner,
more polished, fewer artifacts,
better color harmony.

Reason
Image A has cleaner
composition, better lighting.

Winner and fewer artifacts.
Tmage B (DIPO)
‘Winner
Tmage A (DrPO)
Image A (GRPO) Image B (DrPO)
Prompt Prompt

Creation of the world,
‘minimalistic, abstract, mist,
vector, flat, unreal engine 5,
by jewel tones, scandi style,
cinematic, aspect ratio 2:3, 4k

‘The Amur tiger is a rider on a
Harley Davidson motorcycle.
In a cool helmet, in a biker
jacket. High speed. The tail
flutters in the wind

Reason

Image B has better harmony,
less artifacts, and sironger
cinematic quality.

Reason
Image B has superior lighting,
detail, and no artifacts

‘Winner
Winner Image B (DrPO)
Image B (DIPO)
Image A (DrPO) Image B (SDXL-Turbo) Image A (DrPO) Image B (SDXL-Turbo)
Prompt Prompt

A set of emerald bracelets in
green in a display box at the
auction, uplight, very realist,
very detailed. highest
resolution, hyper realistic

a minimalistic style D shaped.
logo comprises of a profile
head, dominos, chess, and
Inside it there is a brain
shapedsocial network.

Reason

Image A s cleaner, more
coherent. and better integrates
all prompt elements into a
unified logo design

Reason

Image A has cleaner
composition, better lighting,
and fewer artifacts.

‘Winner
Winner Image A (D1PO)
Tmage A (DrPO)

Image A (DrPO) Image B (SDXL-Turbo) Image A (VGGFlow) Image B (DrPO)
E 3 Prompt

2 manga beautiful girl with a

medieval armor, trending on

deviant art, high res, gray

scales, Kentaro miura style,

full body.

Prompt

An mystical owl sitting on a
tree branch in a magical
Forest, art style of nicoletta
ceccoli

Reason
Image B has superior detail,
harmony, and fewer artifacts.

Reason
Tmage A has better lighting,
detail. and background

harmony. ‘Winner
Image B (DIPO)
‘Winner
Image A (DrPO)
Image A (DrPO) Image B (VGGFlow)
‘ - 3 Prompt Prompt

un perto negro con el pecho y
el morro blanco més pequeito
que un labrador

dragon with six pairs of wings
aterrorizing humans in a
village near to a volcano
Reason

Tmage A has superior
composition. lighting, and
harmony with o visible

Reason
Tmage A has cleaner
composition, fewer artifacts.
and better harmony

artifacts. Wi

inner
Winner Image A (DrPO)
Image A (DrPO)
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