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Abstract

The advancement of image style transfer has been fundamentally constrained by
the absence of large-scale, high-quality datasets with explicit content-style-stylized
supervision. Existing methods predominantly adopt training-free paradigms (e.g.,
image inversion), which limit controllability and generalization due to the lack
of structured triplet data. To bridge this gap, we design a scalable and automated
pipeline that constructs and purifies high-fidelity content-style-stylized image
triplets. Leveraging this pipeline, we introduce IMAGStyle—the first large-scale
dataset of its kind, containing 210K diverse and precisely aligned triplets for style
transfer research. Empowered by IMAGStyle, we propose CSGO, a unified, end-
to-end trainable framework that decouples content and style representations via
independent feature injection. CSGO jointly supports image-driven style transfer,
text-driven stylized generation, and text-editing-driven stylized synthesis within
a single architecture. Extensive experiments show that CSGO achieves state-of-
the-art controllability and fidelity, demonstrating the critical role of structured
synthetic data in unlocking robust and generalizable style transfer. Source code:
https://github.com/instantX-research/CSGO

1 Introduction

Recent advancements in diffusion models have significantly improved the field of text-to-image
generation [39, 16]. Models such as SD [29] excel at creating visually appealing images based
on textual prompts, playing a crucial role in personalized content creation [31, 47, 37]. Despite
numerous studies on general controllability, image style transfer remains particularly challenging.

Image style transfer aims to generate a plausible target image by combining the content of one image
with the style of another, ensuring that the target image maintains the original content’s semantics
while adopting the desired style [20, 9]. This process requires fine-grained control over content and
style, involving abstract concepts like texture, color, and visual quality, making it a complex and
nuanced challenge [7].

A significant challenge in style transfer is the lack of a large-scale stylized dataset, which makes
it impossible to train models end-to-end and results in suboptimal style transfer quality for non-
end-to-end methods. Existing methods typically rely on training-free structures, such as DDIM
inversion [39] or carefully tuned feature injection layers of pre-trained IP-Adapter [48]. Methods like
Plug-and-Play [40], VCT [4], and the state-of-the-art StyleID [7] employ content image inversion
and sometimes style image inversion to extract and inject image features into specifically designed
layers. However, inverting content and style images significantly increases inference time, and DDIM
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Figure 1: (1) Comparison of the style transfer results of the proposed method with the recent state-
of-the-art method StyleID [7]. (2) Our CSGO achieves high-quality text-driven stylized synthesis. (3)
Our CSGO achieves high-quality text editing-driven stylized synthesis.

inversion can lose critical information [22], leading to failures, as shown in Figure 1. InstantStyle [41]
employs the pre-trained IP-Adapter. However, it struggles with accurate content control. Another
class of methods relies on a small amount of data to train LoRA and implicitly decouple content and
style LoRAs, such as ZipLoRA [35] and B-LoRA [12], which combine style and content LoRAs to
achieve content retention and Style transfer. However, each image requires fine-tuning, and implicit
decoupling reduces stability.

To overcome the above challenges, we start by constructing a style transfer-specific dataset and
then design a simple yet effective framework to validate the beneficial effects of this large-scale
dataset on style transfer. Initially, we propose a dataset construction pipeline for Content-Style-
Stylized Image Triplets (CSSIT), incorporating both a data generation method and an automated
cleaning process. Using this pipeline, we construct a large-scale stylized dataset, IMAGStyle,
comprising 210K content-style-stylized image triplets. Next, we introduce an end-to-end trained
style transfer framework, CSGO. Unlike previous implicit extractions, it explicitly uses independent
content and style feature injection modules to achieve high-quality image style transformations. The
framework simultaneously accepts style and content images as inputs and efficiently fuses content and
style features using well-designed feature injection blocks. Benefiting from the decoupled training
framework, once trained, CSGO realizes any form of arbitrary style transfer without fine-tuning at the
inference stage, including sketch or nature image-driven style transfer, text-driven, text editing-driven
stylized synthesis. Finally, we utilize Content Alignment Score (CAS) and CSD [38] score to evaluate
the quality of style transfer, effectively measuring the degree of content and style loss post-transfer.
Extensive qualitative and quantitative studies validate that our proposed method achieves advanced
zero-shot style transfer.

2 Related Work

Style transfer has garnered significant attention and research due to its practical applications in art
creation [14, 36, 42]. Early methods, both optimization-based [14] and inference-based [2, 11], are
limited by speed constraints and the diversity of style transfer. The AdaIN approach [18], which
separates content and style features from deep features, has become a representative method for style
transfer, inspiring a series of techniques using statistical mean and variance [3, 15]. Additionally,
transformer-based methods such as StyleFormer [46] and StyTR2 [8] improve content bias. However,
these methods primarily focus on color or stroke transfer and face limitations in arbitrary style
transfer.
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Figure 2: (a) Left: Failure cases in step (1), which fail to maintain the spatial structure of the content
image. (b) Right: Samples from our IMAGStyle dataset.

Currently, inversion-based Style Transfer (InST) [50] is proposed to obtain inversion latent of style
image and manipulate attention maps to edit generated Images. However, DDIM (Denoising Diffusion
Implicit Models) inversion results in content loss and increased inference time [39]. Hertz et al.
explore self-attention layers using key and value matrices for style transfer [15]. DEADiff [ 26] and
StyleShot [13] are trained through a two-stage style control method. However, it is easy to lose
detailed information within the control through sparse lines. InstantStyle [41, 42] to achieve high-
quality style control through pre-trained prompt adapter [48] and carefully designed injection layers.
However, these methods struggle with achieving high-precision style transfer and face limitations
related to content preservation. Some �ne-tuning approaches, such as LoRA [17], DB-LoRA [32],
Zip-LoRA [35], and B-LoRA [12], enable higher-quality style-controlled generation but require
�ne-tuning for different styles and face challenges in achieving style transfer. Our proposed method
introduces a novel style transfer dataset and develops the CSGO framework, achieving high-quality
arbitrary image style transfer without the need for �ne-tuning.

3 Data Pipeline

In this section, we �rst introduce the proposed pipeline for constructing content-style-stylized image
triplets. Then, we describe the constructed IMAGStyle dataset in detail.

3.1 Pipeline for Constructing Image Triplets

The lack of a large-scale open-source dataset of content-style-stylized image pairs (CSSIT) in
the community seriously hinders the research on style transfer. In this work, we propose a data
construction pipeline that automatically constructs and cleans to obtain high-quality content-style-
stylized image triplets, given only arbitrary content images and style images. The pipeline contains
two steps: (1) stylized image generation and (2) stylized image cleaning.

Algorithm 1 Pipeline of Constructing CSSIT
Input: content images Setcontent , style images Setstyle
Output: Content-style-stylized image triplets Set
1: for each C 2 Set content do
2: CLoRA  Train LoRA for C
3: Ccontent

LoRA  Separate content LoRA in CLoRA

4: for each S 2 Set style do
5: SLoRA  Train LoRA for S
6: Sstyle

LoRA  Separate style LoRA in SLoRA

7: CSLoRA  Combine C content
LoRA and Sstyle

LoRA
8: T = fT 1 ; T 2 ; :::; T n g  Generaten images by

CS LoRA
9: CAS 1 ; CAS 2 ; :::; CAS n  Compute CAS for each

generated image based on Equ.( 1)
10: i  Obtain the index of the minimum value of all CAS
11: Set.append([C; S; Ti ])
12: end for
13: end for
14: return Set

Stylized image generation. Given an arbi-
trary content imageC and an arbitrary style
imageS, the goal is to generate a stylized im-
ageT that preserves the content ofC while
adopting the style ofS. We are inspired by
B-LoRA [12], which �nds that content LoRA
and style LoRA can be implicitly separated by
SD-trained LoRA, preserving the original im-
age's content and style information, respectively.
Therefore, we �rst train a large number of Lo-
RAs with lots of content and style imges. To
ensure that the content of the generated image
T is aligned toC as much as possible, the loRA
for C is trained using only one content image
C. Then, Each trained loRA is decomposed into
a content LoRA and a style LoRA through im-
plicit separate mentioned by work [12]. Finally,
the content LoRA of imageC is combined with
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Figure 3: Overview of the proposed end-to-end style transfer framework CSGO.

the style LoRA ofS to generate the target imagesT = fT 1; T2; :::; Tn g using the base model. How-
ever, the implicit separate approach is unstable, resulting in the content and style LoRA not reliably
retaining content or style information. This manifests itself in the form of the generated imageTi ,
which does not always agree with the content ofC, as shown in Figure 2 (left). Therefore, it is
necessary to �lter T , sampling the most reasonable Ti as the target image.

Stylized image cleaning. Slow methods of cleaning data with human involvement are unacceptable
for the construction of large-scale stylized data triplets. To this end, we develop an automatic cleaning
method to obtain the ideal and high-quality stylized imageT ef�ciently. First, we propose a content
alignment score (CAS) that effectively measures the content alignment of the generated image with
the content image. It is de�ned as the feature distance between the content semantic features (without
style information) of the generated image and the original content image. It is represented as follows:

CASi = kAda(�(C)) � Ada(�(T i ))k
2 ; (1)

whereCASi denotes the content alignment score of generated imageTi , �(�) denotes image encoder.
We compare the mainstream feature extractors and the closest to human �ltering results is DINO-
V2 [21]. Ada(F ) represents a function of featureF to remove style information. We follow
AdaIN [18] to express style information by mean and variance,Ada(F ) = F ��(F )

�(F ) ; where�(F )
and�(F ) represent the mean and variance of featureF . Obviously, a smaller CAS indicates that
the generated image is closer to the content of the original image. In Algorithm 1, we provide a
pseudo-code of our pipeline.

3.2 IMAGStyle Dataset Details

Content Images. To ensure that the content images have clear semantic information and facilitate
separating after training, we employ the saliency detection datasets, MSRA10K [5, 6] and MSRA-
B [19], as the content images. In addition, for sketch stylized, we sample 1000 sketch images from
ImageNet-Sketch [43] as content images. We use BLIP [21] to generate a caption for each content
image. A total of 11,000 content images are trained and used as content LoRA.

Style Images. To ensure the richness of the style diversity, we sample 5000 images of different
painting styles (history painting, portrait, genre painting, landscape, and still life) from the Wikiart
dataset [33]. In addition, we generated 5000 images using Midjourney covering diverse styles,
including Classical, Modern, Romantic, Realistic, Surreal, Abstract, Futuristic, Bright, Dark, etc. A
total of 10,000 style images are used to train style LoRA.

Dataset. Based on the pipeline described in Section 3.1, as shown in Figure 2 (right), we construct
a style transfer dataset, IMAGStyle, which contains 210K content-style-stylized image triplets as
training dataset. Furthermore, we collect 248 content images from the web containing images of real
scenes, sketched scenes, faces, and style scenes, as well as 206 style images of different scenes as
testing dataset. For testing, each content image is transferred to 206 styles. This dataset will be used
for community research on style transfer and stylized synthesis.
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Figure 4: Comparison of image-driven style transfer results. Zoomed in for the best viewing.

4 Approach

4.1 CSGO framework

The proposed style transfer model, CSGO, shown in Figure 3, aims to achieve arbitrary stylization
of any image without �ne-tuning, including sketch and natural image-driven style transfer, text-
driven stylized synthesis, and text editing-driven stylized synthesis. Bene�ting from the proposed
IMAGStyle dataset, the proposed CSGO supports an end-to-end style transfer training paradigm. To
ensure effective style transfer and accurate content preservation, we carefully design the content and
style control modules. In addition, to reduce the risk that the content image leaks style information or
the style image leaks content, the content control and style control modules are explicitly decoupled,
and the corresponding features are extracted independently. To be more speci�c, we categorize our
CSGO into two main components and describe them in detail.

Table 1: Comparison with recent state-of-the-art methods on the test dataset.
StyTR2 [8] Style-Aligned [15] StyleID [7] InstantStyle [41] StyleShot [13] StyleShot-lineart [13] CSGO

CSD (") 0.2695 0.4274 0.0992 0.3175 0.4522 0.3903 0.5146
CAS (#) 0.9699 1.3930 0.4873 1.3147 1.5105 1.0750 0.8386
AS (") 4.0387 3.7463 4.7643 5.4824 5.6728 5.2542 5.5467

Table 2: User Preference Score.

VS Win Tie Loss

StyleShot[13] 58.5 21.4 20.1
InstantStyle[41] 64.2 20.6 15.2

StyleAligned [15] 77.0 12.3 10.7

Content Control. The purpose of content control is to en-
sure that the stylized image retains the semantics, layout, and
other features of the content image. To this end, we carefully
designed two ways of content control. First, we implement con-
tent control through pre-trained ControlNet [49], whose input is
the content image and the corresponding caption. We leverage
the capabilities of the speci�c content-controllable model(Tile
ControlNet) to reduce the data requirements and computational
costs of training content retention from scratch Following the ControlNet, the output of ControlNet is
directly injected into the up-sampling blocks of the base model (pre-trained UNet in SD) to obtain
fusion outputD 0

i = D i + � c � C i , D i denotes the output ofi -th block in the base model,Ci denotes
the output of i-th block in ControlNet, �c represents the fusion weight.

In addition, to achieve content control in the down-sampling blocks of the base model, we utilize an
additional learnable cross-attention layer to inject content features into down blocks. Speci�cally,
we use pre-trained CLIP image encoder [27] and a learnable projection layer to extract the semantic
featureF(C) 0 of the content image. Then, we utilize an additional cross-attention layer to inject the
extracted content features into the down-sampling blocks, i.e.,D 0

C = D + � c � D C , D denotes the
output of in the base model,DC denotes the output of content IP-Adapter,� c represents the fusion
weight [48]. These two content control strategies ensure small content loss during the style transfer.
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Figure 5: Comparison of generation results for text-driven stylized synthesis with recent methods.

Style Control. To ensure that the proposed CSGO has strong style control capability, we also
design two simple yet effective style control methods. Generally, we feed the style images into a
pre-trained image encoder to extract embeddingF(S) 2 R o�d and map them to the style embedding
F(S) 0 2 R t�d through the Perceiver Resampler structure [1]. Here,o andt represent the token
number of original and style embeddings,d denotes the dimension ofF(S) . Then, we utilize an new
cross-attention layer to inject the style embedding into the up-sampling blocks of the base model.

Furthermore, we note that relying only on the injection of the up-sampling blocks of the base model
weakens the style control since ControlNet injections in the content control may leak style information
of the content imageC. For this reason, we propose to use an independent cross attention module
to simultaneously inject style features into, and the fusion weight is� s, as shown in Figure 3. The
insight of this is to pre-adjust the style of the content image using style features making the output of
the Controlnet model retain the content while containing the desired style features.

In summary, the proposed CSGO framework explicitly learns separate feature processing modules
that inject style and content features into different locations of the base model, respectively. Despite
its simplicity, CSGO achieves state-of-the-art style transfer results.

4.2 Model Training and Inference.

Training. Based on the proposed dataset, IMAGStyle, our CSGO is the �rst implementation of
end-to-end style transfer training. Given a content imageC, a captionP of the content image, a style
imageS, and a target imageT, we train a style transfer network based on a pre-trained diffusion
model. Our training objective is to model the relationship between the styled imageT and Gaussian
noise under content and style image conditions, which is represented as follows:

L = E z0 ;t;P;C;S;��N (0;1)

h
k� � � � (zt ; t; C; S; P )k2

i
; (2)

where" denotes the random sampled Gaussian noise," � denotes the trainable parameters of CSGO,
t represents the timestep. Note that the latent latentzt is constructed with a style imageT during
training,zt =

p
�� t  (T ) +

p
1 � �� t " , where (�) mapping the original input to the latent space

function, �� t is consistent with diffusion models [39, 16]. We randomly drop content image and style
image conditions in the training phase to enable classi�er-free guidance in the inference stage.

5 Experiments

5.1 Experimental Setup

Setup. For the IMAGstyle dataset, during the training phase, we suggest using `a [vcp]' as
a prompt for content images and `a [stp]' as a prompt for style images. The rank is set
to 64 and each B-loRA is trained with 1000 steps. During the generation phase, we sug-
gest using `a [vcp] in [stv] style' as the prompt. For the CSGO framework, we employ
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