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Figure 1. OmniStyle enables high-quality (a) instruction-guided style transfer and (b) reference image-guided style transfer, covering a
diverse range of styles, including but not limited to comics, vector art, oil painting, sketch, and Chinese ancient art. Note that in (a), a style
image of the style descriptions is provided for illustration, and our method only takes a text instruction and a content image as input. In
(b), results are generated in a traditional manner of style transfer, in which the model takes both the content and style images as input.

Abstract

In this paper, we introduce OmniStyle-1M, a large-scale
paired style transfer dataset comprising over one million
content-style-stylized image triplets across 1,000 diverse
style categories, each enhanced with textual descriptions
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and instruction prompts. We show that OmniStyle-IM
can not only enable efficient and scalable of style trans-
Sfer models through supervised training but also facilitate
precise control over target stylization. Especially, to en-
sure the quality of the dataset, we introduce OmniFilter,
a comprehensive style transfer quality assessment frame-
work, which filters high-quality triplets based on content



preservation, style consistency, and aesthetic appeal. Build-
ing upon this foundation, we propose OmniStyle, a frame-
work based on the Diffusion Transformer (DiT) architecture
designed for high-quality and efficient style transfer. This
framework supports both instruction-guided and image-
guided style transfer, generating high resolution outputs
with exceptional detail. Extensive qualitative and quanti-
tative evaluations demonstrate OmniStyle’s superior per-
formance compared to existing approaches, highlighting its
efficiency and versatility. OmniStyle-1M and its accompa-
nying methodologies provide a significant contribution to
advancing high-quality style transfer, offering a valuable
resource for the research community.

1. Introduction

Style transfer [9], the process of altering the artistic style
of an image while preserving its content, has gained signifi-
cant attention due to its creative potential across various do-
mains, including digital art, advertising and fashion design.
This technique has evolved rapidly, progressing from early
optimization-based methods [9, 10, 18] to recent diffusion-
based approaches [17, 32, 34, 35, 39].

While existing methods have shown promising results
in transferring styles from reference images to content im-
ages, limitations remain in handling truly arbitrary styles.
For instance, methods such as [9, 13, 16, 18, 20] focus
on styles found in traditional artworks, such as oil paint-
ing, watercolor and sketches, while more recent methods
[23, 29, 32, 46, 47] expand style transfer to include diverse
styles like photography, cartoons, and illustrations. How-
ever, these methods still lack the generalization capability
to handle truly arbitrary styles. Additionally, since many of
these approaches rely on unsupervised training, they often
lack control over the stylization process, e.g., unpredictable
artifacts and distortion in stylized images. Moreover, due to
the lack of large-scale, high-quality paired datasets, many
methods are forced to adopt non-end-to-end architectures,
such as optimization-based approaches [9, 10, 18] and re-
cent inversion-based techniques [29, 32, 46, 47]. These
methods are computationally intensive, often requiring hun-
dreds or even thousands of iterations to capture a specific
style, or relying on inverting the content image and trans-
ferring style features within intermediate diffusion U-net
blocks. These challenges substantially limit the efficiency
and practicality of current methods for real-world applica-
tions.

To address these challenges, we first introduce
OmniStyle-1M, a large scale and high quality dataset which
contains one million content-style-stylized image triplets
across 1,000 distinct style categories, each enriched with
detailed textual descriptions and instructional prompts.
Specifically, we first generate content images in 20 cate-
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gories using FLUX [1] and then select 1,000 style images
from diverse categories within the Style30K dataset [19].
Then, we employ six state-of-the-art (SOTA) style transfer
models to produce stylized results, ensuring a broad range
of data sources and stylized results. Further details on the
dataset are provided in Section 3.

A paired dataset provides well-defined target styles for
each content image, enabling models to generate stylized
images with greater consistency and predictability. To
control style transfer outputs, we introduce OmniFilter, a
multi-dimensional quality assessment and filtering frame-
work based on CLIP [28] and a Multimodal Large Lan-
guage Model (MLLM) [5], tailored for customizing the
OmniStyle-1M dataset. OmniFilter comprehensively eval-
uates image quality across three key dimensions: content
preservation, ensuring that the original structure and seman-
tics of the content image are retained; style consistency,
guaranteeing alignment between the transferred and refer-
ence styles; and aesthetic appeal, ensuring that the output is
visually engaging.

Leveraging the high-quality, diverse data filtered by Om-
niFilter, we present OmniStyle, an end-to-end framework
for high-quality and efficient style transfer based on the Dif-
fusion Transformer (DiT) architecture [1, 26, 38, 50]. Om-
niStyle supports both instruction-guided and image-guided
style transfer tasks, generating rich, detailed results at high
resolution. Experimental results demonstrate that our model
achieves superior performance compared to existing style
transfer methods. Our contributions are follows:

* We propose OmniStyle-1M, the first million-level paired
style transfer dataset, containing 1,000 style categories,
along with a rich collection of textual and instruction
prompt data. Such data paves a way for research com-
munity on enhancing supervised model training, control-
ling predictable stylized results and handling more di-
verse style references.

We propose OmniFilter, a specialized stylization-driven
framework for assessing and filtering high-quality styl-
ized images. OmniFilter evaluates images based on con-
tent preservation, style consistency, and aesthetic appeal,
allowing models to learn from explicitly filtered high-
quality examples for effective style transfer.

We propose OmniStyle, an efficient, flexible, simple
feed-forward style transfer framework, which can serve
as a strong baseline for future style transfer research and
is adaptable for real-world applications through further
model distillation.

2. Related Work

Style Transfer. Style transfer has evolved from early hand-
crafted feature-based methods [33, 43] to optimization-
driven approaches [9, 10, 18], followed by arbitrary style
transfer models [7, 13, 20, 21, 44], and more recently,



Table 1. Comparison of style-related datasets. X denotes ‘not included’, v denotes ‘few included’ and v* denotes ‘included’.

Triplet Components

Datasets Main Task content  style  stylized Style Category Number Prompt Category Triplet Number

EditBench [36] Image Editing v X v — Instruction —
MagicBrush [42]  Image Editing v X v — Instruction —
HQ-Edit [14] Image Editing v X v — Instruction —
UltraEdit [49] Image Editing v X v — Instruction —
InstructPix2Pix [4] Image Editing v X v — Instruction —

Style30K [19] Style-Related X v X 1,120 Style Category 30K (Only Style Images)

WikiArt [30] Style-Related X v X 27 Style Category 57K (Only Style Images)

ArtBench [22 Style-Related X v X 10 Style Category 60K (Only Style Images)

IMAGStyle [39] Style-Related v v v 14 Text, Image 210K
~ OmniStyle-IM ~ Style-Related v v v 1000 Text, Image, Instruction M

diffusion-based methods [6, 15, 17, 32, 34, 35, 39, 40, 47],
which achieve superior performance through tuning-based
[37, 46, 47] and tuning-free [17, 27, 34, 35, 39] strate-
gies. However, these methods are often computationally
expensive and time-consuming due to the need for exten-
sive iterative optimization or the introduction of additional
DDIM inversion, making them impractical for large-scale
or real-time use. Additionally, many models lack flexibil-
ity, as they are typically designed for either image-guided
or text-guided transfer, restricting their versatility in multi-
task scenarios. In this paper, we address these limitations
by introducing OmniStyle-1M, a high-quality, large-scale
dataset that supports the training of an end-to-end, efficient
style transfer framework capable of handling diverse style
transfer tasks with improved flexibility.

Style-Related Datasets. Table | compares various style-
related image editing datasets. The first category represents
image editing task datasets, such as UltraEdit [49], which
only include a small number of content-stylized pairings
and limited textual instructions, making it inadequate for
handling a wide variety of style categories. The second cat-
egory refers to datasets that only include style images, such
as Style30K [19], which covers 1,120 fine-grained style
categories. However, due to the lack of paired data, this
dataset can only facilitate style-guided text-to-image gener-
ation and cannot support style transfer tasks. IMAGStyle
[39] and our OmniStyle-1M are the only two datasets that
contain triplet data. Compared to IMAGStyle, OmniStyle-
IM has several advantages: 1) OmniStyle-1M contains
1,000 fine-grained style categories, far surpassing the 14
categories in IMAGStyle; 2) OmniStyle-1M is derived from
six SOTA models, ensuring diverse data sources, whereas
IMAGStyle relies solely on B-LoRA [8] for data genera-
tion, limiting its diversity; 3) Our dataset consists of over 1
million triplet data points, five times the size of IMAGStyle.
In summary, OmniStyle-1M offers a more comprehensive
and diverse dataset compared to existing ones, making it
more suitable for advancing style transfer research and ap-
plications.

7849

3. OmniStyle-1M

We start with an overview of OmniStyle-1M in Section 3.1,
followed by a detailed explanation of the data curation pro-
cess in Section 3.2. Next, we introduce OmniFilter, our
MLLM-based data evaluation and filtering framework, in
Section 3.3.

3.1. Dataset Overview

OmniStyle-1M represents the first large-scale content-style-
stylized image triplets dataset created specifically for style
transfer tasks. As depicted in Figure 2.a, it features 1,000
distinct and fine-grained style categories, e.g., American
comics, Eastern art, vector art, line drawings, sketches, car-
toons, and intricate paintings. Additionally, as shown in
Figure 2.c, OmniStyle-1M spans 20 different content im-
age categories, covering cityscapes, parks, humans, ani-
mals, plants, scenes, objects, food, and more. The dataset
maintains a balanced distribution of stylized images across
these content categories, effectively avoiding severe long-
tail distribution issues. Figure 2.b further illustrates two
triplet examples, each comprising a content image, a style
image, and a stylized result image, alongside two unique
prompt texts and instructions. The following section details
the dataset’s curation process.

3.2. Dataset Curation

Our dataset curation pipeline is illustrated on the left side
of Figure 3. It consists of two main stages: generation of
content images and style transfer using multiple state-of-
the-art models to obtain stylized images.

Content Image Generation. As shown in Figure 3.a, we
utilize FLUX [1] and ChatGPT [2] to generate a diverse set
of content images. We begin by defining 20 common con-
tent categories (see Figure 2.c) and then use ChatGPT to
automatically generate extensive textual prompts for each
category. The template for querying follows the format
“Please generate a detailed text prompt describing [cate-
gory],” where “category” is replaced by specific topics such
as animals, architecture, humans, and so forth. We gen-
erate 100 prompts per category, resulting in a dataset of



A high-tech research center in the style of modern retro illustration. A lone wolf leaves deep footprints in the snow in Expressionism.
Make this image into modern retro illustration style. Transform this image into Expressionism style.
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Figure 2. Overview of OmniStyle-1M. (a) The inner ring represents the eight primary categories, while the outer ring corresponds to
specific fine-grained classifications, illustrating the extensive diversity of style categories within our dataset. (b) Two examples of triplets
are shown, each includes a content image, a style image, a stylized output, a corresponding textual description, and an instructional prompt.
(c) Distribution of stylized results across different content categories.

2,000 prompts in total. These prompts are then input into 3.3. OmniFilter
FLUX [1] to produce high-quality content images with rich
details without copyright issues. Ultimately, this process
yields 2,000 unique and detailed images, each correspond-
ing to its specific category. To ensure diversity and real-
ism, prompts are designed to encompass a wide range of
subtopics within each category. For example, the “animals”
category includes various animal types in different environ-
ments and poses, while the “architecture” category covers
modern, classical, and abstract structures. This approach
ensures that the generated dataset is comprehensive and un- Content Preservation Evaluation. We evaluate content
biased. preservation between the stylized and content images from

two main perspectives: semantic consistency and structural

integrity. Semantic consistency measures the alignment of

To further control the style transfer output, we design Om-
niFilter to identify and extract high-quality stylized triplets
from the OmniStyle-1M dataset. As shown in Figure 3.c,
by assessing each triplet based on three key criteria: con-
tent preservation, style consistency, and aesthetic appeal.
OmniFilter ensures that only the highest-quality triplets are
selected. This process enhances the dataset’s quality for
downstream style transfer tasks.

Stylized Image Generation. Building on the generated high-level semantic content between the stylized image and
high-quality content images, we move to the stylization the content image, ensuring that key subjects and impor-
phase, as illustrated in Figure 3.b. Unlike IMAGStyle [39], tant objects remain identifiable after stylization. Structural
which solely relies on B-LoRA [8] for data generation, integrity assesses the preservation of spatial layout and ge-
our pipeline integrates six advanced style transfer models: ometric features, determining whether the stylization main-
StyleID [6], ArtFlow [3], StyleShot [17], AesPANet [11], tains the essential structure of the image, thereby preserving
CSGO [39], and CAST [45]. This diverse selection en- the overall visual composition.

hances the variety and richness of the generated data. We For semantic consistency, we use the CLIP [28] image-
curate a set of 1,000 style images from various categories text similarity score, which compares the stylized image to
within the Style30K [19] dataset, ensuring coverage of a the content image’s caption. The caption provides a de-
broad range of styles. For each content image, we randomly tailed description of key semantic elements, and the similar-
select 100 style images from this set and apply style trans- ity score is treated as the measure of semantic consistency.
fer using each of the six models individually. This approach Since CLIP [28] is not suitable for evaluating structural
ensures that every content image undergoes six unique styl- preservation, we instead use the self-supervised model DI-
izations, spanning a wide variety of styles and addressing NOv2 [25]. By extracting embeddings from both the styl-
the limitations of single-source data generation. As a re- ized and content images using DINOv2 [25], we compute
sult, we produce OmniStyle-1M, a dataset containing one the similarity between these embeddings to obtain the struc-
million stylized image triplets. tural preservation score. Finally, we combine the semantic
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Figure 3. Overview of our dataset creation and filtering pipeline. (a) Content Image Generation: We utilize ChatGPT to automatically
generate textual descriptions across 20 categories (e.g., animals, architecture, humans, food) and generate corresponding images using the
FLUX model. (b) Style Transfer: Style images are randomly sampled from the Style30K dataset, and six SOTA style transfer models
are applied to generate a large and diverse dataset of one million triplets. (c) OmniFilter: Stylized images are filtered based on content
consistency, style preservation, and aesthetic appeal to ensure high-quality, visually cohesive results.

consistency score, Ssemantic, and the structural preservation we introduce a novel approach for aesthetic evaluation that
score, Sgyuctural, tO calculate the overall content preservation leverages the InternVL2 [5] model based on multimodal vi-
score Cycore: sual attribute features.
We first define 40 key visual attributes essential for as-
Ccore = @+ Ssemantic + (1 — @) * Sigructarals (1) sessing aesthetic quality, such as composition, balance,
color harmony, lighting, contrast, and saturation, etc. Us-
where « is a weighting factor that controls the balance be- ing these attributes, we design query prompts to enable In-
tween the two scores, and « is set to 0.5. ternVL2 [5] to describe the visual attributes of each image,
Style Consistency Evaluation. Evaluating style consis- generating attribute-based textual captions. We use two key
tency is inherently challenging due to its subjective and ab- datasets for training and evaluation: the AVA dataset [24],
stract nature. Different individuals may perceive the same which contains natural images with aesthetic scores, and the
style in varying ways, and styles often comprise multiple BAID dataset [41], which focuses on artistic images rated
visual components that are difficult to quantify, making ob- for aesthetic appeal. After extracting the visual attribute de-
jective assessments more complex. While existing metrics scriptions for each image, we train the model to predict aes-
like style loss can measure style similarity in specific sce- thetic scores based on both the image features and their cor-
narios, they often lack the robustness required to capture the responding visual attribute captions, utilizing ground-truth
full range and intricacies of different styles. To address this aesthetic scores to minimize MSE loss.
challenge, we employ a self-supervised learning approach Specifically, we employ InternVL-G [5] to extract the
to assess style consistency scores. Specifically, we use image features and their associated attribute textual descrip-
the publicly available Style30K [19] dataset, where images tion features. These features are then concatenated and
from the same style are treated as positive sample pairs and passed through an MLP projection layer to perform the aes-
those from different styles as negative pairs. Through con- thetic appeal scoring Ascore. The training process begins
trastive learning, we fine-tune the CLIP [28] image encoder, with the AVA dataset [24], followed by fine-tuning on the
which allows images of the same style to group together in BAID dataset [41]. This fine-tuning step bridges the do-
the feature space, while images from different styles are ef- main gap between natural and stylized images, enabling the
fectively separated. This fine-tuned CLIP [28] encoder can model to better assess aesthetic appeal in stylized images.
then compute a style consistency score Sseor-c by evaluating Data Filtering. For each content-style image pair, we gen-
the similarity between the embeddings of two styles. erated six stylized outputs using six different state-of-the-art
Aesthetic Appeal Evaluation. Aesthetic appeal is a vital style transfer models. For each output, we calculated scores
aspect in the evaluation of stylized images, as it directly in- across content, style, and aesthetic dimensions, and com-
fluences users’ visual experience and emotional response. bined these scores to get a total score for each output. The
However, many existing evaluation methods [17, 39] fail to combined score is calculated as follows:
adequately afidress th1§ d}mensmn. Recept work I?y Vlear Score = - Coeore + b - Secore + € - Aseores 2)
[31] emphasizes the significant role of visual attributes in
shaping individual aesthetic preferences. Builing upon it, where a = 0.2, b = 0.6, and ¢ = 0.2. The output
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with the highest total score among the six was selected as
the final sample. This filtering yielded a high-quality sub-
sets: OmniStyle-150K with 150K triplets across 1,000 cate-
gories. These high-quality data subsets provide robust sup-
port for our model training.

4. OmniStyle
4.1. Architecture

As shown in Figure 4, OmniStyle is a style transfer frame-
work based on the FLUX-dev [1] model, capable of sup-
porting high-quality style transfer tasks guided by either in-
structions or reference images. Specifically, for reference-
guided style transfer, we employ VAE to extract continu-
ous visual features from both the style and content images.
These features are then spatially concatenated with noisy
latents and text tokens before being fed into MM-DiT. Ad-
ditionally, different positional encodings are applied sep-
arately to the style and content features. For instruction-
guided style transfer, the content feature sequence is treated
as text tokens and spatially concatenated with the extracted
text tokens and noisy latents. To distinguish content fea-
tures, special tags [img] and [/img] are assigned within
the sequence. Similarly, for reference-based style transfer,
the image sequences are marked with [img1][/imgl] and
[img2][/img2] to distinguishes style and content images.

4.2. Implementation Details

Our model is trained on 8 x NVIDIA H100 GPUs, with a
batch size of 1 per GPU and a learning rate of le-4. As
shown in Figure 4, only the diffusion transformer is fine-
tuned with style transfer dataset while all other components
are kept as frozen. We apply random cropping and horizon-
tal flipping to the input style image to improve the robust-
ness for style learning.

5. Experiments

Evaluation Benchmark. For a comprehensive evalua-
tion, we develop a unified benchmark for image-guided and
instruction-guided style transfer tasks, which includes 20
content images and 100 style images, resulting in a total

7852

Table 2. Quantitative comparison with respect to the SOTA meth-
ods on instruction-guided style transfer.

Method Content Style Aesthetic ~ Style
Preservation 1 Consistency T Appeal T  Loss |

InstructPix2Pix [4] 0.4848 0.4965 5.7446  0.3829
HQ-Edit [14] 0.4508 0.2254 57777 03108
UltraEdit [49] 0.4906 0.5087 5.6351 0.3432
OmniGen [49] 0.4918 0.5487 5.6717  0.6272
DiftStyler [12] 0.4816 0.5127 54551  0.4256
OmniStyle 0.5128 0.6441 5.7512  0.2873

of 2000 stylized images. For the image-guided task, the
100 style images were directly applied to generate stylized
results. In the instruction-guided style transfer task, the
style images were replaced with corresponding instruction
prompts to guide the model to perform stylization. We hope
this benchmark will serve as a standard for evaluating future
style transfer methods and advancing the field.

Evaluation Metrics. We use OmniFilter as a evaluation
tool to assess the quality of stylization produced by differ-
ent methods. Specifically, we employ three key metrics:
content preservation score, style consistency score, and aes-
thetic appeal score, to evaluate the results. Additionally,
style loss is utilized to help assess style consistency.
Comparison Methods.

* Instruction-guided style transfer: we evaluated our ap-
proach against four instruction-based image editing meth-
ods, including InstructPix2Pix [4], HQ-Edit [14], Ul-
traEdit [49], and OmniGen [38], as well as a text-guided
style transfer method, DiffStyler [12].

Image-guided style transfer: we compared our approach
with seven SOTA methods, including ArtBank[48],
StyleID [6], ArtFlow [3], StyleShot [17], AesPANet [11],
CSGO [39], and CAST [45].

5.1. Quantitative Experiments

Instruction-Guided Style Transfer. As shown in Table 2,
when compared to SOTA instruction-guided image editing
methods, such as InstructPix2Pix, HQ-Edit, UltraEdit, and
OmniGen, OmniStyle achieves the highest content preser-
vation score (0.5128) and style consistency (0.6441), indi-
cating its stronger ability to maintain content and style con-
sistently. It also outperforms these methods in style loss
(0.2873), demonstrating better style fidelity. In terms of
aesthetic appeal, OmniStyle (5.7512) is competitive with
HQ-Edit (5.7777), showcasing its ability to generate high-
quality, visually appealing results. In comparison with Diff-
Styler, a leading text-guided style transfer method, Om-
niStyle excels in content preservation (0.5128 vs. 0.4816),
style consistency (0.6441 vs. 0.5127), and style loss (0.2873
vs. 0.4256), while also achieving a higher aesthetic appeal
(5.7512 vs. 5.4551). These results highlight OmniStyle’s
effectiveness in the instruction-guided style transfer task,
surpassing existing methods.
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Table 3. Quantitative comparison with respect to the SOTA meth-
ods for the image-guided style transfer.

Content Style Aesthetic ~ Style
Method Preservation T Consistency T Appeal T  Loss |

ArtFlow [3] 0.5184 0.6904 5.1220  0.1289
AesPANet [11] 0.5665 0.6818 52117 0.1128
CAST [45] 0.6165 0.6770 5.4561  0.1428
StylelD [6] 0.5121 0.6564 53531 0.1315
CSGO [39] 0.5067 0.7251 57712 03727
StyleShot [17] 0.5410 0.7347 5.7818  0.1500
ArtBank [48] 0.3490 0.7163 5.4980 0.1208
OmniStyle 0.5450 0.7483 57913  0.1086

Image-Guided Style Transfer. As shown in Table 3, Om-
niStyle outperforms existing SOTA methods for the image-
guided style transfer task, particularly in terms of style con-
sistency, aesthetic appeal, and style loss. It achieves the
highest style consistency score (0.7483) and aesthetic ap-
peal score (5.7913), surpassing methods such as StyleShot
(0.7347,5.7818) and CSGO (0.7251, 5.7712). Furthermore,
OmniStyle leads in style loss with the lowest score (0.1086),
demonstrating superior style fidelity.

5.2. Qualitative Experiments

Instruction-Guided Style Transfer. As shown in Figure
5, we conducted a comprehensive comparison with five
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SOTA methods across multiple style categories. Current
text-guided style transfer methods, such as DiffStyler, are
limited in their ability to handle diverse style categories.
For instance, DiffStyler struggles with fine-grained styles,
such as American comic, and may fail to preserve the orig-
inal content, as seen with images like Elon Musk. On the
other hand, instruction-guided image editing methods, rep-
resented by OmniGen and UltraEdit, are also constrained in
style transfer tasks. These methods cannot fully understand
fine-grained style information, which can lead to significant
content alterations (e.g., HQ-Edit) or insufficient stylization
(e.g., OmniGen, UltraEdit). In contrast, OmniStyle bene-
fits from training on a large-scale, high-quality dataset of
stylized triplets, allowing it to learn rich, fine-grained style
information. As a result, OmniStyle is better equipped to
handle a broader range of style categories and produce more
accurate and consistent results.

Image-Guided Style Transfer. As shown in Figure 6,
we performed a comprehensive comparison with six SOTA
image-guided style transfer methods. In comparison, Om-
niStyle demonstrates superior style preservation (see row
3), enhanced aesthetic appeal (see row 4), and better con-
tent preservation (see row 1). More results are provided in
supplementary materials.
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Table 4. The user study for instruction-guided style transfer tasks.

Methods/Metrics OmniStyle DiffStyler HQ-Edit UltraEdit Instruct-Pix2Pix OmniGen
Rank 1 86.90 % 1.19% 040% 5.16% 1.19% 5.16%

Table 5. The user study for image-guided style transfer tasks.

Methods/Metrics OmniStyle ArtFlow AesPA-Net CAST StyleID CSGO StyleShot
Rank 1 41.22% 2.87% 3.94% 10.75% 7.89% 14.710% 18.63%

5.3. User Study

We conducted a user study to evaluate the effectiveness of
our method in instruction-guided and image-guided style
transfer tasks. Participants were asked to rank their top three
preferred results based on the following criteria: (1) Style
Preservation, the degree to which the generated image re-
tains the stylistic characteristics of the given style image;
(2) Content Preservation, how well the structural details
of the content image are maintained; (3) Aesthetic Appeal,
the overall visual quality of the generated image. To reduce
bias, options were presented in a randomized order, and par-
ticipants were allowed to zoom in for closer inspection. A
total of 1,800 votes were collected from 30 participants. As
demonstrated in Table 4 and Table 5, we computed the pro-
portion of first-place rankings (Rank 1). These results high-
light that the stylized images generated by our method were
preferred by users, showcasing its superior performance in
style transfer. More detailed results and analyses are pro-
vided in the supplementary material.

6. Conclusion

In this paper, we addressed key limitations in style transfer
by introducing OmniStyle-1M, a large-scale, high-quality
dataset of one million content-style-stylized image triplets
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across 1,000 style categories. This paired dataset, enriched
with detailed prompts and descriptions, enables models
to achieve more controlled, consistent, and diverse style
transfer outcomes, moving beyond the limitations of arbi-
trary style transfer. To ensure the quality of stylized out-
puts, we proposed OmniFilter, which is designed to as-
sess and filter images based on content preservation, style
consistency, and aesthetic appeal. This filtering process
ensures that OmniStyle-1M serves as a robust basis for
training high-quality style transfer models. Last, we intro-
duced OmniStyle, an end-to-end style transfer framework
based on the DiT architecture. OmniStyle supports both
instruction-guided and image-guided tasks, achieving high-
resolution and detailed stylizations. Through extensive ex-
periments, we demonstrated that OmniStyle outperforms
existing methods in both quality and efficiency, establishing
it as a strong baseline for future research and real-world ap-
plications. Together, OmniStyle-1M, OmniFilter, and Om-
niStyle lay a comprehensive foundation for advancing style
transfer, contributing valuable resources and methodologies
for the research community.

In the future, a potential direction is to collaborate with
professional artist to annotate perfect paired dataset within
OmniStyle-1M dataset. Such perfect paired datasets pro-
vide a reference “ground truth” stylized image for each
content-style pair, which allows for more objective evalu-
ation of a model’s performance. With paired data, met-
rics like perceptual similarity or content preservation can
be accurately measured by comparing generated images to
the target, helping to assess style accuracy and consistency
more rigorously.
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