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ABSTRACT

Aligning text-to-image diffusion models with human preferences is essential for
reliable deployment, yet existing approaches largely treat preference alignment
as an output-level objective driven by coarse comparisons. Human visual judg-
ment, however, is structured around fine-grained perceptual factors such as se-
mantic coherence, texture fidelity, and local consistency, which require alignment
at the level of internal representations. In this work, we present PREFINE, a
framework that reformulates preference learning as a representational alignment
problem by introducing structured, fine-grained preference supervision through
controlled perturbations of high-quality images. These perturbations induce tar-
geted variations along perceptually meaningful axes, encouraging diffusion mod-
els to develop representations that are sensitive to localized degradations while
remaining robust to irrelevant variations. We further introduce a difficulty-aware
curriculum that progressively refines perceptual sensitivity during training, en-
abling improved alignment with human judgments. Our experiments show that
PREFINE consistently boosts alignment metrics across models and datasets, with
gains in win rates of up to 13.0% in Aesthetics Score and 15.2% in ImageRe-
ward. These results suggest that fine-grained preference supervision improves
alignment between learned visual representations and human perceptual evalua-
tion, highlighting the role of structured preference signals in scalable alignment
of generative models.

1 INTRODUCTION

Diffusion-based Text-to-Image (T2I) models have achieved impressive progress in generating high-
quality images from textual prompts (Saharia et al., 2022; Betker et al., 2023; Nichol et al., 2021;
Rombach et al., 2022b; Podell et al., 2023). These models are typically trained on large-scale
datasets of text-image pairs and optimized using denoising objectives. However, despite their gener-
ative strength, such models (especially smaller, more lightweight variants like SD v1.5 that are com-
monly used in practical or resource-constrained settings) frequently fail to align with fine-grained
human preferences. These preferences often involve subtle and localized attributes in semantics,
structure, or aesthetics that significantly influence perceived image quality (Gu et al., 2024; Parihar
et al., 2024; Liang et al., 2025; Wu et al., 2024a). Importantly, such judgments arise from sensi-
tivity to fine-grained perceptual factors, suggesting that effective preference alignment requires not
only improving outputs but also aligning the underlying visual representations with the perceptual
structure of human evaluation.

Initial alignment efforts have largely relied on Reinforcement Learning from Human Feedback
(RLHF) Black et al. (2023); Liang et al. (2024); Fan et al. (2023b), which trains reward models
from curated human annotations and then fine-tunes the generation policy accordingly. However,
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Figure 1: An example sequence of perturbations applied to the original image from the preference
pair. The sequence is a combination of all 3 perturbation types: global, localized masked, and lo-
calized unmasked. We select the original and final perturbed image for preference expansion. The
prompt for the original image is: “Create a warm and inviting anime-style flyer to celebrate the
10-year anniversary of a mill. The event is aimed at individuals in the milling industry, includ-
ing bakers, millers, and farmers. Feature cute, stylized characters in festive attire, a vibrant color
palette, and a friendly, energetic atmosphere. Use flat vector rendering with sharp focus and dy-
namic composition.”

RLHF pipelines are often computationally demanding, sensitive to reward model errors, and heavily
reliant on high-quality human-labeled data (Casper et al., 2023; Rafailov et al., 2023). To reduce this
dependency, reward-free approaches have emerged such as Diffusion-DPO Wallace et al. (2024),
Diffusion-KTO Li et al. (2024b), and DSPO (Direct Score Preference Optimization) (Zhu et al.).
These methods bypass reward modeling entirely by optimizing diffusion policies using pairwise
comparisons. A more detailed background on these methods is provided in the Appendix A.

Yet both RLHF and DPO-style methods tend to treat preference alignment as a coarse global opti-
mization problem by improving general image quality rather than learning how to distinguish and
respond to fine-grained visual cues. In practice, however, overall image quality is not a singular
concept. It emerges from the aggregation of multiple low- and mid-level visual factors: sharpness,
compositional balance, semantic alignment, texture fidelity, and more. Capturing such nuanced
preferences demands more than scaling up data; it demands designing better supervision signals.
As a result, models may improve global quality metrics while remaining insensitive to localized per-
ceptual deviations that strongly affect human judgment. This indicates that preference optimization
alone does not necessarily induce representations that are aligned with the fine-grained perceptual
axes underlying human preferences.

Building datasets that target these subtle factors is inherently challenging. Although recent works
such as Sun et al., Hong et al. (2025), and Wu et al. (2024b) have explored synthetic data generation
using pretrained models, such pipelines typically operate as black boxes with limited control. The
resulting preferences often fail to exhibit interpretable or consistent preference signals, especially
for fine-grained differences. As shown in Figure 6 in the Appendix, images generated by SD v1.5
and SDXL-Base under structured distortion prompts often fail to exhibit consistent degradation.
This underscores the limited sensitivity of base models to subtle variations and the need for more
controlled generation pipelines for reliable preference data. From a representational perspective, un-
controlled generation pipelines provide limited guarantees about which perceptual factors are being
varied, making it difficult for models to learn consistent feature-level distinctions. This motivates
the need for structured and controllable preference construction that can explicitly expose models to
targeted perceptual variations.

In this work, we ask: Can fine-grained preference alignment be achieved by explicitly structuring
supervision to better align diffusion model representations with human perceptual judgments,
without relying on large-scale human annotation or uncontrolled black-box generations? Instead
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Figure 2: Overview of the PREFINE Framework. (A) Given a prompt P and a winning–losing
image pair (Iw, Il), we apply a suite of perturbations to generate synthetic losing candidates
(I1, . . . , IN ). (B) Each candidate is scored by a reward function f(·). The resulting triplets are
sorted and binned into easy, medium, and hard levels to construct a difficulty-aware curriculum. (C)
From each bin, the most diverse M/3 samples are selected using score dispersion and merged into
a training batch of M preference-aligned pairs.

of scaling the size of preference data, we focus on scaling its richness, structure, and controlla-
bility. We introduce PREFINE, a framework for generating synthetic preferences that explicitly
encode fine-grained visual distinctions (see Figure 2). Our method applies controlled perturbations
to high-quality preference images by simulating realistic failure modes such as blur, compression ar-
tifacts, semantic drift, and compositional misalignment. These perturbed images are organized into
a difficulty-based curriculum using a reward function, and sampled via a diversity-aware strategy to
ensure broad coverage of visual nuances. These controlled perturbations induce systematic varia-
tions along perceptually meaningful dimensions, encouraging the model to develop representations
that are sensitive to localized degradations while remaining robust to irrelevant variations.

By combining interpretability, curriculum structure, and targeted visual variation, PREFINE pro-
vides high-quality, fine-grained supervision that complements preference alignment techniques like
Diffusion-DPO and DSPO. Inspired by recent work on perceptual artifact localization and multi-
dimensional human preferences Zhang et al. (2023; 2024); Hendrycks et al. (2019), our perturbation
strategy targets multiple aspects of image quality in a fine-grained manner that better reflects how
humans evaluate generative outputs and promotes alignment between learned visual representations
and human perceptual sensitivity. Additionally, the distortions we apply closely resemble failure
patterns observed in real diffusion model generations Cao et al. (2024), making the resulting super-
vision more realistic and aligned with practical generative challenges.

Our key contributions are:

• PREFINE Framework: We propose PREFINE, a scalable framework that generates controllable,
fine-grained synthetic preferences through structured perturbations that expose diffusion models
to realistic failure modes, enabling fine-grained perceptual and representational alignment without
expensive manual annotation or uncontrolled black-box generation.

• Fine-grained Preference Curriculum: We present a model-free Preference Expansion and Cur-
riculum Construction technique to create a preference training curriculum, capturing fine-grained
visual cues and progressively refining perceptual sensitivity during training.

• Alignment Performance: PREFINE improves alignment quality on standard diffusion models
(e.g., SD v1.5, SDXL-Base) when combined with preference alignment methods like Diffusion-
DPO and DSPO, making it model- and method-agnostic for text-to-image alignment.

2 RELATED WORK

2.1 PREFERENCE ALIGNMENT IN T2I GENERATION

Text-to-image (T2I) diffusion models have demonstrated impressive generative capabilities (Saharia
et al., 2022; Betker et al., 2023; Ho et al., 2020; Nichol et al., 2021; Rombach et al., 2022b; Podell
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et al., 2023). However, aligning their outputs with human preferences, particularly in subjective or
open-domain prompts, remains a central challenge (Wallace et al., 2024; Xu et al., 2023). Reinforce-
ment Learning from Human Feedback (RLHF) Christiano et al. (2017); Stiennon et al. (2020) has
been a widely adopted approach and has recently been extended to diffusion models (Black et al.,
2023; Liang et al., 2024; Fan et al., 2023b;a). Despite its success, RLHF introduces significant
computational overhead and is susceptible to reward model inaccuracies and reward hacking.

To mitigate these limitations, several alternatives have been proposed that directly optimize pref-
erence objectives without explicit reward modeling. These include Diffusion-DPO Wallace et al.
(2023), D3PO Yang et al. (2024), Diffusion-RPO Gu et al. (2024), Diffusion-KTO Li et al. (2024b),
InPO Lu et al. (2025), DenseReward Yang et al., and DSPO (Zhu et al.). Similarly, SmPO-
Diffusion Lu et al. models preference distributions to better account for variability in human judg-
ments, while quality-aware pair ranking methods Singh et al. aim to improve alignment by se-
lecting informative training pairs. PPD Dang et al. (2025) introduces a multi-reward optimization
framework for personalized alignment using user-specific embeddings, and CaPO Lee et al. (2025)
calibrates preferences across multiple reward models through frontier-based pair selection. These
approaches improve scalability by relying on supervised learning with binary or pairwise prefer-
ence data. However, they largely treat alignment as an output-level optimization problem, where
improvements in preference scores do not necessarily imply improved sensitivity to fine-grained
perceptual differences in the underlying representations. As a result, alignment quality remains
strongly dependent on the scale, diversity, and structure of curated preference datasets.

2.2 DATA QUALITY IN PREFERENCE SUPERVISION

Recent work has emphasized the critical role of dataset diversity and quality in effective preference
alignment. Datasets such as Pick-a-Pic v2 Kirstain et al. (2023), ImageReward Xu et al. (2023),
and HPD v2 Wu et al. (2023) rely on large-scale human-annotated pairwise comparisons. While ef-
fective, such datasets often exhibit limited coverage across styles, artifacts, or failure modes, which
can introduce alignment bias and restrict the range of perceptual distinctions learned by models.
To address these challenges, recent work has explored synthetic preference generation and auto-
mated filtering. For example, DreamSync Sun et al. and VisionPrefer Wu et al. (2024b) employ
vision-language models or scoring functions to simulate preference feedback. Rich-HF Liang et al.
(2024) focuses on collecting detailed misalignment annotations to improve reward modeling, while
MaPO Hong et al. (2025) proposes controlled datasets targeting stylistic and safety-related prefer-
ences.

Although these approaches improve scalability, synthetic pipelines often operate as black boxes,
providing limited control over which perceptual attributes vary across preference pairs. Conse-
quently, the resulting supervision may not consistently expose models to structured variations along
interpretable perceptual dimensions. In contrast, our approach emphasizes fine-grained preference
supervision through controlled perturbations applied to high-quality images. By systematically in-
troducing localized and interpretable degradations, our framework constructs preference signals that
explicitly vary along perceptually meaningful axes. This structured supervision enables models to
learn consistent distinctions across subtle visual factors, encouraging improved alignment between
learned visual representations and human perceptual judgments while maintaining minimal annota-
tion overhead.

2.3 CURRICULUM LEARNING FOR IMAGE GENERATION

Curriculum learning was introduced by Bengio et al. (2009), who demonstrated that training mod-
els on examples ordered from easy to hard can accelerate convergence and improve generaliza-
tion. This idea has since been extended to image generation and generative modeling. Curriculum
GANs Sharma et al. (2018) improve stability by gradually increasing task difficulty, such as pro-
gressively increasing image resolution. Image Difficulty Curriculum GAN (CuGAN) Soviany et al.
(2020) ranks images using learned difficulty scores to structure training through progressively harder
samples and adaptive sampling strategies. More recent work has explored curriculum-based opti-
mization in diffusion models and alignment settings. Curriculum DPO Croitoru et al. (2025) ranks
generated samples using reward functions and selects pairs with progressively smaller preference
gaps, while Curry-DPO Pattnaik et al. (2024) introduces curriculum-based ordering of preference
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pairs for language model alignment. ObjBlur Frolov et al. (2024) proposes a curriculum for layout-
to-image generation by progressively reducing layout ambiguity during training.

In contrast to prior approaches that infer difficulty through learned reward signals or ranking heuris-
tics, PREFINE explicitly engineers its curriculum through structured perturbations. Difficulty is
determined by controlled variations in perceptual degradation rather than naive post hoc scoring,
enabling progressive exposure to fine-grained visual differences. This design encourages models to
gradually refine perceptual sensitivity, supporting alignment not only at the output level but also at
the level of representations underlying human visual evaluation.

3 OUR APPROACH

In this section, we discuss our proposed framework PREFINE in detail, which promotes T2I prefer-
ence alignment to focus on capturing fine-grained visual details (see Appendix B for a summary of
the notation used).

3.1 PROBLEM FORMULATION

We consider a dataset T = {(P, Iw, Il)}, where each sample consists of a text prompt P , a winning
image Iw, and a losing image Il. To support learning of fine-grained visual preferences, we aim
to construct an expanded dataset T ′ with perturbed image pairs that reflect subtle degradations.
We define D, a set of perturbation functions, to generate perturbed candidates {I1, I2, . . . , IN}, and
construct the expanded set T ′ accordingly. This enables generating difficulty-aware preference pairs
for training models sensitive to subtle quality differences, as defined in Equation 1.

T ′ = {(P, Iw, Ij) | j ∈ {1, 2, . . . , N}, Iw ≻ Ij} (1)

Next, we present our framework PREFINE and discuss the three main components in detail. We
present an overview of our framework in Algorithm 1 and Figure 2.

3.2 PREFERENCE EXPANSION WITH VISUAL PERTURBATION

We first expand the preference sample by synthesizing losing candidates through the injection of
fine-grained visual cues into the original preference pair. Specifically, given a prompt P , a winning
image Iw, and a losing image Il (Iw, Il ∈ RH×W×3), we generate a total of N perturbed candidates
from both images combined. The prompt P and the winning image Iw are preserved across all
augmentations, while each perturbed candidate {I1, I2, . . . , IN} becomes a new losing image (see
Algorithm 2).

Each variant Ii is generated by sequentially composing multiple perturbation operations. Instead
of applying a single transformation, we sample and chain perturbations from different categories,
progressively modifying the image (see Figure 1 and Appendix). This process produces diverse
distortions with varied visual effects. Perturbations are drawn from three spatial categories: localized
masked (e.g., swirl or twist within a soft mask), localized unmasked (e.g., pixelation on a patch),
and global (e.g., Gaussian noise or compression over the full image).

1. Localized masked perturbations. These operations are applied within spatially constrained
regions defined by a binary mask M ∈ {0, 1}H×W , computed via the convex hull of randomly
sampled control points (ope; Lee, 1983). To enable smooth transitions, the binary mask is blurred
using a Gaussian kernel to produce a soft alpha mask α ∈ [0, 1]H×W as:

α = GaussianBlur(M,σ) (2)

where GaussianBlur denotes a spatial convolution with a Gaussian kernel. This mask softly
blends between the perturbed and original image. Given a perturbation function D(·), the final
blended output is:

Ĩ = α⊙D(I) + (1− α)⊙ I (3)
where ⊙ denotes element-wise multiplication. Perturbations in this category include swirl, twist,
radial zoom, and sine wave, which introduce localized geometric changes while preserving global
structure.
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Algorithm 1 PREFINE

Require: Dataset T = {(P, Iw, Il)}, distortions D,
scorer f(·), variants N , target size M

Ensure: Curriculum-ordered dataset Dtrain
1: C ← ∅ {Candidate triplets}
2: Let the input be X = (P, Iw, Il)
3: for all X ∈ T do
4: for i = 1 to N do
5: Ĩi ← PREFERENCEEXPANSION(X,D)
6: si ← f(Ĩi)

7: C ← C ∪ {(Iw, Ĩi, si)}
8: end for
9: end for

10: BALL ← PREFERENCECURRICULUM(C)
11: for all B ∈ BALL do
12: B′ ← B ∪ CORESETSAMPLING(B,M/3)
13: end for
14: return B′

Algorithm 2 PREFERENCE EXPANSION

Require: Image I , distortion set D
Ensure: Distorted image Ĩ
1: Randomly select distortion D ∈ D
2: if D is masked then
3: M ← CONVEXHULL(RandomPoints)
4: α← GAUSSIANBLUR(M)

5: Ĩ = α⊙D(I) + (1− α)⊙ I
6: else if D is unmasked then
7: Sample R = [x1 : x2, y1 : y2]
8: Extract patch P = I[R]

9: Apply distortion to patch: P̃ = D(P )

10: Replace region: I[R]← P̃

11: Ĩ ← I
12: else
13: Ĩ = D(I) {Apply to entire image}
14: end if
15: return Ĩ

Algorithm 3 PREFERENCE CURRICULUM

Require: Candidate set C = {(Iw, Ĩ, s)}, number
of bins k = 3

Ensure: Binned subsets {BE ,BM ,BH}
1: n← |C| {Get total candidates}
2: Sort C by difficulty score si (in the ascending or-

der)
3: {Determine bin boundaries}
4: n1 ← ⌊n/3⌋ {Easy bin cutoff}
5: n2 ← ⌊2n/3⌋ {Medium bin cutoff}
6: BE ← C[0 : n1] {Create bin for Easy complex-

ity samples}
7: BM ← C[n1 : n2] {Create bin for Medium com-

plexity samples}
8: BH ← C[n2 : n] {Create bin for Hard complex-

ity samples}
9: BALL = {BE ,BM ,BH}

10: return BALL

Algorithm 4 CORESET SAMPLING

Require: Triplet bin B = {(Iw, Ĩi, si)}Ni=1, target
size K

Ensure: Diverse subset B′ ⊂ B of size K
1: Sort B by si; V ← sorted triplets, S ← scores
2: Init 3D cache dp[p][r][l] for 0 ≤ p < N , 0 ≤

r ≤ K, −1 ≤ l < N
3: Define recursive DP(p, r, l):
4: if r = 0 then
5: return 0
6: else if p = N then
7: return −∞
8: else
9: δ ← |Sp − Sl| if l ̸= −1, else 0

10: a← DP(p+ 1, r, l) {skip}
11: b← δ + DP(p+ 1, r − 1, p) {take}
12: return max(a, b)
13: end if
14: Run DP(0,K,−1) and backtrack to get B′

15: return B′

2. Localized unmasked perturbations. These perturbations operate on a randomly sampled rect-
angular region R = [x1 : x2, y1 : y2] ⊂ [1,H] × [1,W ], without using any masks or blending. A
sub-region P is extracted as:

P = I[x1 : x2, y1 : y2] (4)

and transformed directly:

P̃ = D(P ), followed by I[x1 : x2, y1 : y2]← P̃ (5)

These operations simulate occlusions, noise, or localized disruptions. Functions of this type include
pixelation, erase with inpainting, and color jitter.

3. Global perturbations. These transformations are applied over the entire image without any
spatial constraint. The operation is defined simply as:

Ĩ = D(I), (6)

where D is a global transformation function. This category includes perturbations like Gaussian
blur, Gaussian noise, salt-and-pepper noise, channel swapping, shearing, posterization, JPEG com-
pression, and elastic transformation.
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We present the example of the perturbation functions used in Figures 1. By combining the three
categories: soft masked localized, region based unmasked, and global perturbations, we generate
a rich set of challenging candidates. The visual diversity supports learning of spatially aware and
perceptually robust models sensitive to fine-grained visual differences. See the Appendix C.1 for a
detailed description of the perturbation types.

3.3 PREFERENCE CURRICULUM CONSTRUCTION

Preference expansion provides us with prompt P , one winning image Iw and N losing im-
ages I1, I2, . . . , IN . To enable quantitative comparison, we project each image onto a numeri-
cal scale using a reward function f : I → R, where f maps an input image to a real-valued
score. Applying f to each losing image yields scores s1, s2, . . . , sN , corresponding to the im-
ages I1, I2, . . . , IN , respectively. Using the winning image Iw, the perturbed losing images
I1, I2, . . . , IN , and their associated scores s1, s2, . . . , sN , we construct N triplets of the form
(Iw, I1, s1), (Iw, I2, s2), . . . , (Iw, IN , sN ). We denote the resulting set of all triplets as:

B = {(Iw, Ii, si)}Ni=1 (7)

These triplets are sorted in ascending order based on the score si of the losing image and divided
into r bins as B1,B2,B3, . . . ,Br with different sizes k1, k2, k3, . . . , kr. For our experiments, we use
r = 3 and all bins have equal size (i.e., k1 = k2 = k3 = . . . = kr), and in this way we obtain three
bins: BE , BM , and BH . The detailed procedure is described in Algorithm 3.

• Easy complexity bin (BE): Triplets where the losing images have the lowest scores.

• Medium complexity bin (BM ): Triplets with mid-range losing scores, representing moderate
difficulty.

• Hard complexity bin (BH): Triplets where the losing images have the highest scores, making
them harder to distinguish from the winning image.

3.4 CORESET SAMPLING

After constructing the curriculum, our goal is to select the top M diverse triplets from the available
N , following the principle of coreset sampling, which involves choosing a small yet informative
subset that preserves key data characteristics. In our case, diversity is the measure of informative-
ness. To ensure this, we adopt a score-based strategy: from each of three bins, we select M/3 triplets
using the Coreset Sampling (see Algorithm 4), which maximizes the overall score dispersion in the
selected subset.

This selection problem can be viewed as a variant of the classic 0/1 Knapsack problem Laabadi
et al. (2018); Martello & Toth (1990); Gawiejnowicz et al. (2023). Each item (triplet) has unit
weight, and we must select exactly M/3 items, similar to a fixed-capacity knapsack. However,
unlike the standard setting where item values are fixed, here the value is dynamic and depends on
the the absolute difference from the current maximum score among selected items. This interaction-
based, state-dependent value structure makes it a natural extension of the knapsack problem. See
the Appendix D.1 for a detailed analogy.

We construct the final set B′ ⊂ B of size M by selecting M/3 triplets from each bin. For each
Bk ∈ {BE ,BM ,BH}, we form an ordered subset B′k ⊂ Bk such that:

B′k = argmax
|B′

k|=M/3

M/3−1∑
j=1

|sj+1 − sj | (8)

Finally, we form training pairs using the selected triplets by pairing each winning image Iw with
its corresponding losing image. The selected samples from the Easy, Medium, and Hard bins are
merged in order of increasing difficulty, beginning with BE , then BM , and finally BH . The final
training subset is then constructed as:

B′ = B′E ∪ B′M ∪ B′H , with |B′| = M (9)
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This results in a total of M image pairs, which are used to create a training batch of size M . Each
pair maintains the preference structure and contributes to a curriculum-aligned training process.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset and Models: We use the open-image-preferences-v1-binarized hug (b)
dataset, comprising 7,459 human-annotated image preference pairs. In this dataset, all images are
generated using two models: FLUX.1-dev and stable-diffusion-3.5-large (hug, a;
Esser et al., 2024). We apply our PREFINE method to this dataset to generate a new, enriched
dataset. We use ImageReward as a reward model during data generation. Similar to Diffusion-DPO
and DSPO, for training and evaluation, we employ two widely used diffusion models: SD v1.5 and
SDXL-Base (Rombach et al., 2022a; Podell et al., 2023).

Baselines: PREFINE aims to generate a diverse curriculum-based dataset for preference alignment.
To evaluate its effectiveness, we train existing alignment techniques, including Supervised Fine-
Tuning (SFT), Diffusion-DPO, and DSPO, using both the original human preference dataset and our
PREFINE-generated dataset. We also include the pretrained SD v1.5 and SDXL-Base as baselines.

Evaluation: To assess human preference alignment, we perform T2I generation. We use test
prompts from Pick-a-pic V2 Kirstain et al. (2023), GenAI-Bench Li et al. (2024a), and Par-
tiPrompts Yu et al. (2022). For quantitative analysis, we use Aesthetics Score Schuhmann (2022)
and ImageReward Xu et al. (2023).

Implementation Details: For each human-annotated image pair, we generate N=150 perturbed
images using 3–11 perturbations randomly selected from a set of 16 perturbations, and select M =
{4, 8, 16} diverse images. Each sample is scored using ImageReward. The choice of M corresponds
to the batch sizes used during fine-tuning. We apply LoRA-based parameter-efficient fine-tuning
with batch sizes of 4, 8, and 16. Training is executed for 350 checkpoints in the case of Diffusion-
DPO, and 1000 checkpoints for both DSPO and SFT. Hyperparameter details are provided in the
Appendix E.1.

5 RESULTS

5.1 QUANTITATIVE RESULTS

Our method consistently improves both SD v1.5 and SDXL-Base across subjective and reward-
based metrics, measured using win rates, which represent the percentage of samples where one
method outperforms the base model. On SD v1.5 (Table 1a), we observe notable gains in Aesthetics
score and ImageReward win rates. For example, on Pick-a-Pic V2, Ours+Diffusion-DPO surpasses
Diffusion-DPO by over 6% in both metrics. On GenAIBench, Ours+DSPO achieves win rate im-
provements of +5.2% for Aesthetics score and +4.1% for ImageReward. With SDXL-Base (Ta-
ble 1b), On Pick-a-Pic V2, Ours+Diffusion-DPO achieves an ImageReward win rate of 64.8%, rep-
resenting a +15.2% improvement over Diffusion-DPO. Similarly, on GenAIBench, Ours+Diffusion-
DPO delivers win rate improvements of +6.6% in Aesthetics score and +11.0% in ImageReward.
These results shows that our method complements existing preference optimization techniques like
Diffusion-DPO and DSPO, providing significant improvements across models and benchmarks.

5.2 QUALITATIVE ANALYSIS

We present the results for SD v1.5 using Diffusion-DPO in Figure 4 . For the prompt “A cute
wooden owl statue holding a large globe of the Earth above its head”, The base model captures a
rough shape, and Diffusion-DPO improves form but lacks clarity; in contrast, Ours+Diffusion-DPO
generates a crisply rendered owl with clear wooden textures and a correctly placed globe. Similarly,
for “Two cats playing with a single ball”, the base model renders two balls, and Diffusion-DPO fails
to capture natural interaction, while Ours+Diffusion-DPO accurately depicts both cats and a single
shared object with correct relational context. These examples show how preference tuning with
PREFINE enhances visual grounding, object relationships, and compositional quality. We further
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Table 1: Win rate percentage against the base models SD v1.5 (Table 1a) and SDXL-Base (Table 1b).
Best results are highlighted in boldface. Second best results are underlined. Values in parentheses
show performance change with PREFINE for each alignment method. Rows for our method are
shaded.

Dataset Method Metrics
Aesthetics ImageReward

Pick-a-Pic V2

SFT 51.4 54.2
Diff.-DPO 48.4 54.6

DSPO 46.2 48.8
Ours + Diff.-DPO 58.6 (+10.2 ↑) 63.0 (+8.4 ↑)

Ours + DSPO 49.6 (+3.4 ↑) 53.0 (+4.2 ↑)

PartiPrompt

SFT 52.2 49.2
Diff.-DPO 53.0 47.0

DSPO 56.4 49.8
Ours + Diff.-DPO 65.8 (+12.8 ↑) 58.6 (+11.6 ↑)

Ours + DSPO 51.8 (-4.6 ↓) 52.6 (+2.8 ↑)

GenAIBench

SFT 52.6 47.8
Diff.-DPO 49.6 49.2

DSPO 48.4 49.6
Ours + Diff.-DPO 62.6 (+13.0 ↑) 51.8 (+2.6 ↑)

Ours + DSPO 52.6 (+4.2 ↑) 52.8 (+3.2 ↑)

(a) SD v1.5

Dataset Method Metrics
Aesthetics ImageReward

Pick-a-Pic V2

SFT 48.0 46.6
Diff.-DPO 49.0 49.6

DSPO 48.2 49.2
Ours + Diff.-DPO 54.2 (+5.2 ↑) 64.8 (+15.2 ↑)

Ours + DSPO 49.4 (+1.2 ↑) 51.2 (+2.0 ↑)

PartiPrompt

SFT 47.8 47.2
Diff.-DPO 50.6 47.6

DSPO 48.4 47.4
Ours + Diff.-DPO 55.6 (+5.0 ↑) 58.0 (+10.4 ↑)

Ours + DSPO 49.0 (+0.6 ↑) 49.8 (+2.4 ↑)

GenAIBench

SFT 46.2 51.2
Diff.-DPO 51.2 48.4

DSPO 49.6 47.6
Ours + Diff.-DPO 57.8 (+6.6 ↑) 59.4 (+11.0 ↑)

Ours + DSPO 50.4 (+0.8 ↑) 49.0 (+1.4 ↑)

(b) SDXL-Base

(a)

(b)

Figure 3: Quantitative comparison of different fine-tuning methods on (a) SD v1.5 and (b) SDXL-
Base across three datasets-Pick-a-Pic V2, PartiPrompt, and GenAIBench, using three evaluation
metrics: Aesthetics score(center), and ImageReward (right). All metrics are rescaled for better
visualization.

evaluate PREFINE’s text rendering capability by adding 200 samples from the MARIO-Eval Chen
et al. (2023) dataset into the training set. As shown in Figure 5, PREFINE improves text legibility
over the base model and Diffusion-DPO.

6 CONCLUSION

In this work, we addressed the challenge of aligning text-to-image diffusion models with fine-
grained human preferences, which is often limited by the structure and diversity of existing pref-
erence data. We introduced PREFINE, a scalable framework that enriches preference supervision

9
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A man sitting at
his desk, with
silhouettes of

his inner demons
behind him

Painting of a
castle in the

distance

A cute wooden
owl statue holding

a large globe
of the Earth

above its head

A pineapple
surfing on a

wave

Two cats
playing

with a single
ball

A knight with a
feather plume

helmet standing
by a stone

tower

Base
(SD v1.5)

Diff-DPO

Ours with
Diff-DPO

Figure 4: Qualitative performance of preference alignment of SD v1.5 with PREFINE using
Diffusion-DPO. We present two prompts from each dataset. The fine-grained details in the gen-
erated images and the aesthetic quality have improved significantly with PREFINE.

There is a sign
“barilga” in
the elevator

A lizard sitting
on home plate
at a baseball
field with the

words “copden”
in a speech bubble

A cartoon of a
cat with a

thought bubble
that says
“cubelo”

Hubble and the
Milky Way with

the text
“monaut”

A photo of an
aquarium with

fish in it,
with the words
“procdump”

In a hospital, a
sign that says

“slevyas”

Base
(SDXL)

Diff-DPO

Ours with
Diff-DPO

Figure 5: Qualitative comparison of text rendering in SDXL-Base with PREFINE using Diffusion-
DPO. Prompts are from CreativeBench Yang et al. (2023).

through controlled perturbations, enabling the construction of fine-grained and interpretable pref-
erence signals without large-scale human annotation. By exposing models to structured variations
along perceptually meaningful dimensions, PREFINE improves sensitivity to localized visual degra-
dations, leading to better compositional understanding, spatial consistency, and fine-grained detail
rendering. Our results highlight that effective preference alignment depends not only on the opti-
mization objective but also on how supervision shapes perceptual distinctions learned by the model.
By adopting a data-centric approach, PREFINE complements existing preference optimization meth-
ods and provides a practical pathway toward scalable fine-grained alignment in generative models.
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A BACKGROUND

A.1 DENOISING DIFFUSION PROBABILISTIC MODELS

Denoising Diffusion Probabilistic Models Ho et al. (2020) define a forward noising process that
incrementally corrupts a clean image x0 ∼ pdata in T discrete steps via a fixed variance schedule
{βt}Tt=1. In each step:

q(xt | xt−1) = N
(√

1− βt xt−1, βtI
)
, (10)

so that overall

q(x1:T | x0) =

T∏
t=1

q(xt | xt−1). (11)

The model then learns the reverse Markov chain pθ(xt−1 | xt), parameterized by a neural network
ϵθ(xt, t) that predicts the added noise:

pθ(xt−1 | xt) = N
(
xt−1;

xt −
βt√
1− ᾱt

ϵθ(xt, t)

√
1− βt

, σ2
t I
)
,

where σ2
t =

1− ᾱt−1

1− ᾱt
βt, ᾱt =

t∏
s=1

(1− βs).

(12)

Training is performed by minimizing the re-weighted mean-squared error

L(θ) = Et,x0,ϵ

[
λ(t) ∥ϵ− ϵθ(xt, t)∥2

]
, (13)

where xt =
√
ᾱt x0 +

√
1− ᾱt ϵ with ϵ ∼ N (0, I).

A.2 RLHF FOR TEXT-TO-IMAGE DIFFUSION MODELS

Reinforcement Learning from Human Feedback (RLHF) adapts a pretrained diffusion model using
human preferences. First, a reward model r(c, x) is trained on comparison data (xw, xl) using a
Bradley–Terry (BT) likelihood:

P (xw ≻ xl | c) = σ
(
r(c, xw)− r(c, xl)

)
, (14)

where c is the text prompt and σ the sigmoid function. Training minimizes the negative log-
likelihood of observed preferences.

Next, the diffusion model, viewed as a multi-step Markov Decision Process (MDP) producing tra-
jectories (x0:T ), is fine-tuned to maximize cumulative reward while staying close to its pretrained
behavior:

LRLHF = Ec, x0:T∼pθ(·|c)

[
T−1∑
t=0

r(xt, c)

]
− λDKL

(
pθ(x0:T | c) ∥ ppref(x0:T | c)

)
(15)

where ppref is the pretrained diffusion distribution, and λ balances reward versus KL regularization.
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A.3 PREFERENCE ALIGNMENT WITH DIFFUSION DPO

Diffusion-DPO Wallace et al. (2023) adapts Direct Preference Optimization to diffusion models by
defining a reward on the full reverse trajectory and optimizing for alignment with human preferences,
without requiring a reward model.

Trajectory-level reward. Given a prompt c and a preferred sample xw
0 ≻ xl

0, we define the
preference-based reward on the clean image x0 as the expected reward over the reverse diffusion
trajectory x1:T ∼ pθ(· | x0, c):

r(c, x0) = Ex1:T∼pθ(·|x0,c) [R(c, x0:T )] , (16)

where R(c, x0:T ) is a reward function over the entire denoising path.

Final Diffusion-DPO training objective. Using a preference dataset D = {(c, xw
0 , x

l
0)}, the loss

encourages higher reward for preferred samples over less preferred ones. After approximation and
simplification, the final training loss becomes:

L(θ) = −E(xw
0 ,xl

0)∼D, t∼U(0,T ) log σ
(
− βT ω(λt)

[
∥ϵw − ϵθ(x

w
t , t)∥2 − ∥ϵw − ϵref(x

w
t , t)∥2

− ∥ϵl − ϵθ(x
l
t, t)∥2 + ∥ϵl − ϵref(x

l
t, t)∥2

])
where x∗

t = αtx
∗
0 + σtϵ

∗, with ϵ∗ ∼ N (0, I), and λt = α2
t /σ

2
t is the signal-to-noise ratio at step

t. The loss aligns the model’s denoising trajectory with human preferences, relative to a frozen
reference model.

A.4 PREFERENCE ALIGNMENT WITH DSPO

Direct Score Preference Optimization (DSPO) Zhu et al. is a fine-tuning method for text-to-image
(T2I) diffusion models that aligns generation with human preferences. Unlike training-free or proxy-
based approaches, DSPO optimizes the model directly using a preference-based objective.

Given two images xt (preferred) and x′
t (less preferred) under condition c, the goal is to align the

denoising model’s score predictions with human preferences.

We define the following terms:

Lpred = ∥ϵθ,t+1 − ϵt+1∥22 (17)

Lref = ∥ϵθ,t+1 − ϵref,t+1∥22 (18)

The final DSPO objective is:

LDSPO = Lpred − λ · (1− σ(r(c,xt)− r(c,x′
t))) · Lref (19)

This encourages the model to match the target denoising behavior while differentiating between
preferred and less preferred generations. λ is a hyperparameter controlling the strength of the
preference-based supervision.

B A SUMMARY OF NOTATIONS USED IN OUR APPROACH

In this section, we summarize the key symbols and terms used throughout the paper. These notations
describe the main components of our formulation, including prompts, images, perturbations, masks,
and the structure of training data (see Table 2).
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Table 2: Summary of notation used in our PREFINE framework.

Symbol Description
T Dataset
T ′ Expanded Dataset
P Text prompt
Iw Winning (reference) image
Il Losing (perturbed) image
{I1, I2, . . . , IN} Set of perturbed candidates
D(·) Visual perturbation function
Ĩ Perturbed image produced by D
Ω Masked region used for distortion
R Random rectangular subregion
M Blending mask (binary or soft)
α Soft blending coefficient
f(·) Reward function used for scoring
si Reward score assigned to image Ii
B1, B2, . . . , Br Difficulty-based curriculum bins
k1, k2, . . . , kr Number of samples selected per bin
B Full set of training triplets (Iw, Ii, si)
B′ Diversity-aware selected subset from B
N Total number of candidate distortions
H,W Image height and width

C PREFERENCE EXPANSION WITH VISUAL PERTURBATION

To better understand the limitations of model-generated preference data, we visualize and compare
outputs generated by the base model against those produced using our PREFINE framework (Fig-
ure 6). While the base model’s outputs often lack meaningful variation and consistent supervision
signals, PREFINE introduces structured perturbations that are both semantically and visually diverse.
These perturbations serve as stronger supervisory signals, enabling the model to learn fine-grained
preferences more effectively.

C.1 PERTURBATION CATEGORIZATION

We apply a total of 15 perturbations, grouped into two categories: global (9) and local (6) distortions.
Table 3 summarizes each perturbation along with a brief description of its visual effect.

D DIVERSITY SAMPLING

D.1 KNAPSACK ANALOGY FOR CORESET SAMPLING

We draw a formal connection between our Coreset sampling strategy and the classical 0/1 Knapsack
problem.

Standard 0/1 Knapsack Formulation. Given a set of n items, each with an associated weight
wi ∈ R>0 and value vi ∈ R, and a knapsack of capacity W , the objective is to select a subset
S ⊆ {1, . . . , n} that maximizes total value under the weight constraint:

max
S⊆{1,...,n}

∑
i∈S

vi subject to
∑
i∈S

wi ≤W, xi ∈ {0, 1} (20)

Mapping to Our Problem. In our case, we aim to select M/3 triplets from each difficulty bucket
(BE ,BM ,BH ) such that the selected subset is maximally diverse in terms of difficulty scores. Each
triplet (Iw, Ii, si) ∈ B is treated as an item, with:
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Table 3: List of perturbations used to simulate visual degradation, organized into global and local
operations based on their spatial effect. Each entry includes representative hyperparameter settings
used to control the strength or style of distortion.

Perturbation Description Hyperparameters (Ex-
ample Values)

Global Perturbations

Gaussian Blur Smooths the image using a random Gaussian
kernel, simulating loss of fine detail.

Kernel size: odd ∈ [3,
13]

Gaussian Noise Adds mild random Gaussian noise to mimic
texture artifacts or sensor-like noise.

Std. dev. ∼ U(5, 40)

Salt-and-Pepper
Noise

Introduces sparse white and black pixels,
imitating binary pixel errors.

Amount ∼
U(0.002, 0.05)

Channel Swapping Randomly permutes or drops RGB channels,
introducing unnatural color compositions.

Action ∈ {swap, drop,
swap bw}

Shearing Applies affine shear to simulate mild geo-
metric warping in horizontal and vertical di-
rections.

Shear factor in X and Y
∈ U(−0.25, 0.25)

Posterization Reduces color depth per channel, producing
flat, banded color regions.

Bits ∈ [1, 6] per channel

Elastic Transforma-
tion

Applies smoothed random displacement
fields, causing flexible geometric deforma-
tions.

α ∈ [30, 80], σ ∝ image
size

JPEG Compression Emulates medium-quality JPEG artifacts
due to lossy encoding and blocking.

Quality ∈ [1, 40]

Localized Unmasked Perturbations

Color Jitter Randomly alters brightness and contrast,
simulating lighting or post-processing in-
consistencies.

Contrast α ∼
U(0.8, 1.6), Bright-
ness β ∼ U(−20, 20)

Pixelation Downsamples and upsamples random re-
gions to simulate blocky, low-resolution tex-
tures.

Block size: 10% ∼ 30%,
Pixel size ∈ [4, 20]

Erase with Inpainting Random regions are masked and filled using
nearby content, mimicking over-smooth re-
construction.

Num regions ∈ [1, 3],
Shape ∈ {circle, rectan-
gle}

Localized masked Perturbations

Swirl Perturbation Applies local rotational warping around a
random center, resembling twisted spatial
patterns.

Strength ∈ [10, 20], Ra-
dius ∈ [100, 300]

Twist (Polar Rotation) Applies center-weighted angular perturba-
tion, creating spiraling or warped structures.

Strength = 5.0 (fixed)

Radial Zoom Simulates zoom-like radial expansion cen-
tered in the image, exaggerating scale and
geometry locally.

Factor = 0.001 (fixed)

Sine Wave Perturba-
tion

Displaces pixels using sinusoidal horizontal
shifts, imitating spatial wobble or ripple ar-
tifacts.

Amplitude = 20, Wave-
length = 50
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Table 4: Training configurations for SD v1.5 and SDXL-Base Models Using DPO and DSPO.

(a) SD v1.5 with DPO

Parameter Value
Model stable-diffusion-v1-5
VAE –
Mixed Precision fp16
Resolution 512
Batch Size 16
Grad Accumula-
tion

2

8bit Adam True
Rank 8
Learning Rate 1e-8
Scale LR True
LR Scheduler constant with warmup
Warmup Steps 500
Max Steps 350
Checkpoint
Steps

50

Beta DPO 0.001

(b) SDXL-Base with DPO

Parameter Value
Model stabilityai/sdxl-base-

1.0
VAE madebyollin/sdxl-

vae-fp16-fix
Mixed Precision fp16
Resolution 1024
Batch Size 16
Grad Accumula-
tion

2

8bit Adam True
Rank 8
Learning Rate 1e-8
Scale LR True
LR Scheduler constant with warmup
Warmup Steps 200
Max Steps 350
Checkpoint
Steps

100

Beta DPO 5000

(c) SD v1.5 with DSPO

Parameter Value
Model stable-diffusion-v1-5
VAE madebyollin/sdxl-

vae-fp16-fix
Resolution 512
Batch Size 16
Grad Accumula-
tion

2

8bit Adam True
Rank 8
Learning Rate 5e-5
LR Scheduler constant
Warmup Steps 0
Max Steps 1000
Checkpoint
Steps

25

(d) SDXL-Base with DSPO

Parameter Value
Model stabilityai/sdxl-base-

1.0
VAE madebyollin/sdxl-

vae-fp16-fix
Resolution 1024
Batch Size 16
Grad Accumula-
tion

2

8bit Adam True
Rank 8
Learning Rate 5e-5
LR Scheduler constant
Warmup Steps 0
Max Steps 1000
Checkpoint
Steps

25
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SD 1.5 SDXL PREFINE

Winning

Losing

Figure 6: Losing candidates synthesized with the pre-trained models and PREFINE. We observe
poor prompt fidelity and loss of information in the images synthesized with the pre-trained models.
To synthesize the image with the pre-trained models, we extend the original prompt (“Generate an
image of a Blockchain village in Carpathian mountains with 2 pools, vibrant manga style, dynamic
angles, expressive characters...”) with the phrase “...with the following perturbations: [perturba-
tions]”. The perturbation sets used are:(A): salt-and-pepper noise, color jitter, Gaussian blur, Gaus-
sian noise, radial zoom; (B): posterization, Gaussian blur, posterization, pixelation, Gaussian blur,
pixelation; (C): Gaussian blur, sine wave distortion, channel swap, elastic transformation, sine wave
distortion, salt-and-pepper noise; (D): JPEG compression, pixelation, channel swap; (E): sine wave
distortion, Gaussian blur, JPEG compression, channel swap.

• Unit weight: wi = 1, and a hard constraint of M/3 items per bucket (analogous to knap-
sack capacity).

• Dynamic value: The ”value” of including a triplet is not fixed, but instead depends on its
score difference with other selected items.

Formally, the objective becomes:

B′k = argmax
|B′

k|=M/3

M/3−1∑
j=1

|sj+1 − sj | (21)

This reward structure is state-dependent, as the inclusion value of a new item depends on the compo-
sition of the current selection. This transforms the problem into a knapsack variant with dependent
or interaction-based item values.
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Table 5: Per-method best scores (bolded) across batch sizes (4, 8, 16) for each dataset using (a)
SD-v1.5 and (b) SDXL-Base. Each method is compared independently.

(a) SD-v1.5

Dataset Method BS Aes. ImgReward

Pick-a-Pic V2

Ours + Diff.-DPO
4 58.6 63.0
8 63.4 62.0
16 57.6 62.2

Ours + DSPO
4 49.6 53.0
8 47.0 50.0
16 47.4 53.0

PartiPrompt

Ours + Diff.-DPO
4 65.8 58.6
8 62.8 59.8
16 59.4 61.2

Ours + DSPO
4 51.8 52.6
8 54.2 49.6
16 55.2 50.6

GenAIBench

Ours + Diff.-DPO
4 62.6 51.8
8 65.2 53.8
16 60.0 54.2

Ours + DSPO
4 52.6 52.8
8 54.0 48.8
16 50.8 48.4

(b) SDXL-Base

Dataset Method BS Aes. ImgReward

Pick-a-Pic V2

Ours + Diff.-DPO
4 56.4 62.0
8 54.6 62.6
16 54.2 64.8

Ours + DSPO
4 50.6 50.2
8 46.4 52.6
16 49.4 51.2

PartiPrompt

Ours + Diff.-DPO
4 55.8 56.4
8 52.0 56.2
16 55.6 58.0

Ours + DSPO
4 47.6 47.8
8 49.0 49.2
16 49.0 49.8

GenAIBench

Ours + Diff.-DPO
4 57.6 57.4
8 57.0 57.6
16 57.8 59.4

Ours + DSPO
4 48.0 46.8
8 49.2 47.6
16 50.4 49.0

E EXPERIMENTAL DETAILS

E.1 HYPERPARAMETERS

Table 4 provides the training configurations used for various scripts involving SD1.5 and SDXL-
Base models with either DPO or DSPO. It outlines key hyperparameters such as model type, resolu-
tion, optimizer settings, learning rate schedules, and checkpoint intervals, serving as a reference for
reproducibility and setup transparency.

F ADDITIONAL RESULTS

F.1 QUANTITATIVE RESULTS

To assess whether our improvements stem primarily from data augmentation effects (e.g., increased
batch size or sampling diversity), we conduct an analysis across different batch sizes (M=4, 8, 16)
during preference optimization (Table 5). Interestingly, the results do not exhibit a consistent trend
where larger batch sizes lead to better performance. In several cases, smaller batches outperform
larger ones—for instance, in SD v1.5, on the Pick-a-Pic V2 dataset with Ours + DSPO, the best
ImageReward score is achieved with M=8 rather than M=16. Similarly, on GenAIBench with Ours
+ Diffusion-DPO, ImageReward peaks at M=16. These findings suggest that the gains observed
with our method are not merely a result of increased data exposure through larger batches. Instead,
they underscore the robustness and generalization ability of our optimization framework across a
range of training configurations, independent of sampling scale.

F.2 QUALITATIVE RESULTS

We provide additional qualitative comparisons in Figure 7, Figure 8, and Figure 9. These visual
examples compare outputs from SD v1.5 and SDXL-Base models fine-tuned using standard DPO
and our proposed DSPO approach, with and without using the PREFINE dataset. Across a range of
challenging prompts, our method produces outputs with noticeably better prompt adherence, clearer
compositional structure, and improved visual quality. These comparisons highlight how PREFINE
enhances preference alignment during training, resulting in more coherent and aesthetically pleasing
generations.
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A heart
shaped

fire
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to music
using a

headphone

A bundle
of blue

and yellow
flowers in

a vase
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next to a

wooden post
with a blue
‘5’ painted

on top

There is a
watering can

and a flowerpot
on the table,
the watering
can is bigger

than the flowerpot

A plate with
no food,

only a fork
and a knife

Base
(SD v1.5)

DSPO

Ours with
DSPO

Figure 7: Qualitative performance of preference alignment of SD v1.5 with PREFINE using DSPO.
We present two prompts each from Pick-a-Pic V2, PartiPrompt, and GenAIBench respectively. The
fine-grained details in the generated images and the aesthetic quality have improved significantly
with PREFINE.

Smily French
fries

An armored
man with

wings facing
away from
the viewer

The Statue of
Liberty with

the Manhattan
skyline in the
background

The Mona Lisa
wearing a

cowboy hat
and screaming a
punk song into
a microphone

A cloak of
invisibility

draped over
a chair in
a secretive
chamber

Two chairs
are in the

room, both
with books on

them

Base
(SDXL)

Diff-DPO

Ours with
Diff-DPO

Figure 8: Qualitative performance of preference alignment of SDXL-Base with PREFINE using
Diffusion-DPO. We present two prompts each from Pick-a-Pic V2, PartiPrompt, and GenAIBench
respectively. The fine-grained details in the generated images and the aesthetic quality have im-
proved significantly with PREFINE.
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A dog riding
bicycle

Timetravelling
Astronaut
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Background
pattern with
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high-contrast

painting

Three flowers
on the ground:
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Figure 9: Qualitative performance of preference alignment of SDXL-Base with PREFINE using
DSPO. We present two prompts each from Pick-a-Pic V2, PartiPrompt, and GenAIBench respec-
tively. The fine-grained details in the generated images and the aesthetic quality have improved
significantly with PREFINE.
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