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Fig. 1: Artist-level Global Style Transfer results. Given a content image Ic(first col-
umn), our framework synthesizes an artistic image x0 (second column) that reflects the
global style of the target artist. The Artist Style Book (remaining columns) displays
the top-6 real artworks from the artist’s corpus with the highest semantic similarity
to x0, measured by CLIP distance. This demonstrates that our generated results are
influenced by a diverse range of the artist’s genuine works, successfully capturing the
global stylistic distribution rather than overfitting to a single iconic exemplar.
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Abstract. Artistic image synthesis aims to recreate the expressive vi-
sual identity of a target artist, yet existing methods often fail to cap-
ture an artist’s global style. Conventional style transfer methods trans-
fer the style of one or a few reference artworks to a content image in
a One-to-One manner, making them effective for artwork-level styliza-
tion but limited in representing the broader stylistic distribution of an
artist. Text-to-image diffusion models conditioned on artist names, such
as ‘� in Van Gogh style’, offer greater flexibility, but they often suffer
from text-induced bias and reproduce patterns from only a few iconic
works. To address these limitations, we introduce Global Style Transfer
(GST), an artistic image synthesis paradigm, in a Many-to-One man-
ner,that aggregates multiple artworks from a target artist and transfers
their shared global style to a single content image. For GST, we propose
Global Style Guidance (GSG), which learns a residual global style offset
∆ht in the intermediate feature space, or h-space, of a diffusion model
under a fixed prompt. By learning artist-level style semantics purely from
visual statistics, GSG mitigates text-dependent artistic bias. We further
propose Content Alignment Guidance (CAG), a training-free perceptual
guidance mechanism that preserves the semantic structure of the content
image while allowing artist-specific geometric deformation. Experiments
on WikiArt demonstrate that GST achieves superior stylistic fidelity,
content preservation, and output diversity compared to existing style
transfer and diffusion-based artistic synthesis methods.

Keywords: Global Style Transfer · Diffusion Models · Artistic Image
Synthesis

1 Introduction

If the great painters of the past were alive today, how would they perceive and de-
pict our modern world on canvas? This question lies at the core of artistic image
synthesis, which aims to recreate the expressive visual identity of a target artist.
Existing approaches mainly fall into two paradigms: Style Transfer [6, 11, 16]
and Text-to-Image (T2I) diffusion-based artistic image synthesis [21, 33]. Con-
ventional style transfer methods extract style from a single or a few reference
artworks and transfer it to a content image, effectively reproducing the character-
istics of specific artworks, called the One-to-One approach. Unfortunately, such
instance-level style transfer fails to capture the broader stylistic distribution that
defines an artist’s overall visual identity, shown in Fig. 2. On the other hand, T2I
diffusion models conditioned on artist names (e.g., ‘� in the style of Van
Gogh’) offer a more flexible synthesis pipeline but suffer from text-dependent
artistic bias. T2I diffusion model often reproduces textures and compositions
from a handful of iconic works, collapsing the stylistic diversity of an artist
into a narrow, mode-biased distribution. Consequently, neither paradigm reli-
ably captures the coherent visual identity that defines an artist’s global style.

To overcome these limitations, we introduce Global Style Transfer (GST), a
new paradigm that reformulates artistic image synthesis as a Many-to-One ap-
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proach. Instead of relying on a single reference artwork or a text prompt, GST ag-
gregates multiple artworks from a target artist and transfers their shared global
style to a single content image, as shown in Fig. 1. This formulation naturally
mitigates instance-level bias by capturing coherent style representations across
the full breadth of an artist’s artworks, and eliminates linguistic dependence by
grounding stylistic guidance entirely in visual statistics. As a result, GST enables
artist-level style transfer that faithfully reflects the coherent visual identity of
the target artist while allowing diverse and expressive content re-rendering.

Concretely, we realize Global Style Transfer through two complementary
components. First, we propose Global Style Guidance (GSG), which operates in
the intermediate h-space of a diffusion U-Net bottleneck. GSG trains a lightweight
Style Extraction Function (SEF) to predict a residual global style offset �ht

from multiple artworks under a fixed, unified text condition (e.g., ‘A painting’),
thereby learning purely visual style semantics free from text-induced variance.
Second, we propose Content Alignment Guidance (CAG), a training-free mecha-
nism that performs DDIM inversion [25] on the content image and applies percep-
tual guidance at each diffusion timestep. CAG preserves the abstract structure
and semantic composition of the content while allowing style-driven geometric
deformations, reflecting the expressive intent characteristic of a target artist.

Extensive experiments on WikiArt dataset [27] demonstrate that our frame-
work achieves superior stylistic fidelity and content preservation compared to
existing style transfer and T2I diffusion-based artistic synthesis methods, while
producing diverse outputs that better reflect the global stylistic spectrum of the
target artist. Our main contributions are as follows:

– We introduce Global Style Transfer, a novel many-to-one artistic image
synthesis paradigm that learns a unified global style distribution from mul-
tiple artworks of a target artist, overcoming the artwork (instance)-level and
text-dependent artistic bias of prior methods.

– We propose Global Style Guidance (GSG), a guidance mechanism oper-
ating in h-space that learns artist-level global stylistic semantics only from
visual statistics, mitigating linguistic dependence and artistic mode collapse.

– We propose Content Alignment Guidance (CAG), a training-free per-
ceptual guidance that preserves the semantic integrity of the content while
enabling artist-specific style-based deformation during the diffusion process.

2 Related Works

2.1 Style Transfer (1 content image, 1 style image)

Style Transfer aims to generate a stylized image by combining the semantic
structure of a content image with the visual characteristics (e.g., texture, color,
and brushstroke) of a style image, typically in a One-to-One setting (Content
image: 1, Style image: 1) [8, 16]. Early Neural Style Transfer (NST) meth-
ods [6,15] achieved this by matching feature statistics between content and style
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Fig. 2: Comparison between conventional style transfer and the proposed Global Style
Transfer. (Top) Traditional style transfer applies the style of a single reference artwork
to a content image, leading to instance-level overfitting. (Bottom) In contrast, Global
Style Transfer leverages various artworks from the same artist to learn unified stylistic
features, including color palettes, texture patterns, and brushwork, enabling richer
style-based content deformation and more faithful artistic image synthesis.

images, while later methods improved stylization quality through normaliza-
tion [11, 28], attention mechanisms [17, 20]. Recent diffusion-based approaches,
such as StyleInjection [2], CSGO [30], InST [34] and Diff-NST [23] further im-
prove style fidelity by injecting style features into the denoising process. How-
ever, because these methods rely on only one or few style images, they capture
instance-level style rather than the broader stylistic distribution of an artist.

2.2 Style Personalization (× or 1 content image, Few style image)

Recent style personalization methods focus on adapting pretrained text-to-image
diffusion models to generate images in a customized artistic style, typically using
a small number of reference styles and either no content image or a single content
image to be stylized (Content: � or 1, Style: few). These approaches fall into two
categories. The first fine-tunes the diffusion backbone itself: DreamBooth [22],
Custom Diffusion [12], and StyleDrop [24] fine-tune the model, cross-attention
projections, or lightweight adapters, respectively, to bind the style to a unique
identifier. The second embeds style into the specific module without modifying
model weights: Textual Inversion [5] optimizes a word embedding for the target
style, while StyleAligned [9] propagates stylistic consistency across generated
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Fig. 3: Overall framework of Global Style Transfer (GST). (Left) Global Style Guid-
ance (GSG) trains a lightweight Style Extraction Function f t on multiple artworks
under the �xed prompt `A painting', learning a residual global style o�set �h t that
modulates the U-Net bottleneck representation h t in a text-independent manner. Dur-
ing reverse di�usion, �h t steers the denoising trajectory toward the artist's global style
distribution. (Right) Content Alignment Guidance (CAG) �rst maps the content im-
age Ic into a noisy latent via DDIM inversion, then applies CLIP-based perceptual
guidance at each timestep to align the semantic structure of the generated image with
the content while permitting style-driven deformation, yielding artist-level stylization.

images via shared attention at inference. However, these methods often memorize
dominant visual patterns, limiting stylistic diversity.

In contrast to both methods, our Global Style Transfer learns an artist-level
global style distribution from multiple artworks and applies it to a content image
in Many-to-One manner, enabling faithful artistic synthesis without relying on
single-instance style cues or text-dependent supervision.

3 Methods

3.1 Preliminary

Latent Di�usion Models. Latent Di�usion Models (LDM) [21] operate in a
lower-dimensional latent space, enabling cost-e�cient and scalable text-conditioned
image synthesis. Given an image x0, an autoencoder E : Rk ! R d maps images
into the latent vector z 0 = E(x 0). A forward di�usion process gradually adds
Gaussian noise according to a variance schedule �t , yielding:

zt =
p

�� t z0 +
p

1 � �� t �; � � N (0; I); (1)

where �� t =
Q t

s=1 (1 � � s). Then, the denoising model �� learns to predict the
noise �� (zt ; t; c) given the noisy latent zt at every time step t with text condition
c encoded by the text encoder �� during the sampling process as below:

zt�1 =
p

�� t�1 ~z0 +
q

1 � �� t�1 � � 2
t � t

� (zt ) + � t � t ; (2)



6 J. Lee et al.

Fig. 4: Time-step robustness of Global Style Guidance in h-space. (Top) Artistic im-
ages generated at di�usion timesteps t = {0, 10, 25, 50}, showing increasing noise levels
as t grows. (Bottom) t-SNE visualizations of 500 h t feature vectors from artworks by
Van Gogh (yellow) and Monet (red) at the corresponding t. Despite progressive noise
corruption, clusters remain well-separated across all timesteps, validating h-space as a
stable domain for artist-level style representation during the di�usion process.

where � t = �
p

(1 � �� t�1 )=(1 � �� t )
p

1 � �� t =�� t�1 . � t
� (zt ) denotes the model-

predicted noise, abbreviated from �� (z t ; t; c), and ~z0 means the approximation of
the clean latent z0 at time step t obtained via Tweedie's formula. The training
objective of the LDM is de�ned as:

L LDM := E z�E(x);� t ;t
�
k� � (zt ; t; c) � � t k2

2

�
; (3)

After training, the di�usion process starts from a noisy latent z t and iteratively
denoises it to z0. The LDM then decodes z0 into pixel space using the decoder
D : Rd ! R k , yielding the clean image x0 = D(z 0).

Asymmetric Reverse Process for Semantic Guidance. Asyrp [13] discov-
ers that the pre-trained di�usion model inherently contains a semantic space,
referred to as the h-space, corresponding to the activations of the U-Net bottle-
neck layer. To enable controllable generation within LDM, Asyrp reformulates
the reverse process by modifying Eq. (2) into an asymmetric form as follows:

zt�1 =
p

�� t�1 P t (� t
� (zt j�h t )) + D t (� t

� (zt )) + � t � t ; (4)

where Pt denotes the predicted~z0, and D t represents the denoising direction
toward z t . The asymmetric control updates only �t� (z t ) via � t

� (z t j�h t ), adding
�h t as a residual to the U-Net bottleneck features ht , while preserving Dt .
This enables semantic manipulation in latent space without compromising re-
construction �delity. Consequently, the h-space exhibits stable and transferable
semantics across time steps, supporting consistent, and multi-attribute guidance
for latent di�usion models.
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3.2 Global Style Transfer

We introduce Global Style Transfer, a new paradigm that extends the conven-
tional one-to-one style transfer setting to a many-to-one formulation, as illus-
trated in Fig. 2. Unlike traditional methods that rely on a single style instance
to guide the appearance of a content image, our approach aggregates multiple
artworks from a single artist to learn a uni�ed and consistent representation of
that artist's global style.

Given a content image Ic and a set of style exemplars Is = fi 1
s ; i 2

s ; ��; i K
s g

drawn from an artist's K artworks, Global Style Guidance (GSG) guides the
di�usion model that encapsulates artist-speci�c semantic and style cues across
various artworks. To preserve the semantic integrity of the content, we further
introduce Content Alignment Guidance (CAG), which maintains the abstract
structure and semantics of Ic while allowing �exible, style-based deformation.
Through CAG, the content image is re-rendered with the distinctive visual char-
acteristics of the target artworks without compromising its original composition.

Global Style Transfer o�ers two key advantages over text-conditioned artistic
synthesis. (1) Text-independent Guidance: Rather than relying on textual
prompts (e.g., `� in the style of Van Gogh'), Global Style Transfer extracts
visual semantics directly from the aggregated style artworks. (2) Artistic bias
mitigation in di�usion-based artistic image synthesis: Vanilla Text-to-
Image di�usion models conditioned on artist names tend to exhibit stylistic bias,
over-representing textures and compositions from a few iconic works. By guiding
a global style prior from multiple style exemplars, our framework regularizes the
di�usion process, mitigating such artistic mode bias and yielding diverse yet
faithful images that better re�ect the full stylistic spectrum of the artist.

3.3 Global Style Guidance in h-Space

Finding Artist's Global Style. To guide the di�usion model toward the
global style of a speci�c artist, we de�ne the residual global style o�set �h t ,
which modulates the U�Net bottleneck representation ht at each timestep t:

ht = h t + w � �h t ; (5)

where w controls the strength of stylistic modulation. The residual global style
o�set �h t captures the global stylistic semantics of the artist, enhancing the U-
Net's intermediate representations with consistent style attributes. To estimate
�h t , we de�ne a Style Extraction Function (SEF) f t that transforms the given
ht into global style�conditioned feature:

�h t = f t (h t ; �): (6)

f t is a lightweight multilayer perceptron (MLP) with one hidden layer param-
eterized by � and conditioned on timestep t. Speci�cally, we apply the zero-
initialization strategy, which initializes the weights of f t to zero [33] to avoid
stochastic bias from random initialization. Zero-initialization ensures training
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Algorithm 1 Global Style Guidance Algorithm
Require: Style exemplars (=artworks) I s , Style Extraction Function (SEF) f t ,
Model(Latent di�usion model) � � (�; t), text encoder � � , image decoder D, Prompt y
Output: SEF f t

1: y =`A painting' {All artworks are paired with this prompt}
2: for epoch = 0 to E do
3: for k = 1 to K do
4: /*Di�usion Forward Process*/
5: for t = 0 to T � 1 do
6: zk

0 = E(I k
s ) {instance style image sampling i k

s 2 I s }
7: � t � N (0; I)
8: zt =

p
�� t z0 +

p
1 � �� t �

9: end for
10: /*Di�usion Denoising Process*/
11: for t = T � 1 to 0 do
12: LSEF := E z�E(x);� t ;t

�
k� � (zt ; t; � � (y)j�h t ) � � t k2

2

�

13: //�h t = f t (h t ; �) from Eq. (6)
14: f t (h t ; �)  f t (h t ; �) � �r f t L SEF

15: zt�1 =
p

�� t�1 P t (� t
� (zt j�h t )) + D t (� t

� (zt )) + � t � t

16: end for
17: end for
18: end for
19: Return f t (h t ; �)

Algorithm 2 Global Style Transfer Algorithm
Require: Content Image I c , Model(Latent di�usion model) � � (�; t), text encoder � � ,
image decoder D, prompt y, CLIP image encoder ECLIP

Output: Artistic image x 0

1: zT  DDIM Inversion with respect to the I c

2: for t = T � 1 to 1 do
3: � t � N (0; I)
4: //obtain �h t from Algorithm 1
5: zt�1 =

p
�� t�1 P t (� t

� (zt j�h t )) + D t (� t
� (zt )) + � t � t

6: //Approximate ~z 0 from Tweedie formula [4] and ~x 0 � D(~z 0 jzt )
7: `(z t ) = kE l

CLIP (~x0) � E l
CLIP (x t )k2

8: Content Alignment Guidance
9: ~zt  z t � sr z t `(z t )

10: //Classi�er Free Guidance
11: ~�t  � � (~zt ; t; ?) + g(� � (~zt ; t; � � (y)) � � � (~zt ; t; ?))
12: end for
13: Return x 0 = D( ~z0)

process begins from an unbiased state and learns purely data-driven global style
semantics. Then, we train the ft with multiple artworks using the noise recon-
struction loss same as Eq. (3):

L SEF := E z�E(x);� t ;t
�
k� � (zt ; t; � � (y)j�h t ) � � t k2

2

�
: (7)
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Table 1: Comparison of implicit function learning between Asyrp and our framework.

Di�erence Asyrp Global Style Transfer (Ours)

Goal Instance-conditional attribute manipulation (Image Editing) Distribution-level global style training

Supervision signal Text-driven attribute change Only visual statistics across artworks (Text-independent)

Text conditioning
on training f t

Explicit source�target prompts (high variance),
e.g., `A girl' (y source ) ! `A smiling girl'(y ref )

Fixed prompt (zero variance)
e.g., `A painting'

Training data Single (or few) source images Hundreds of artworks from a single artist

Loss function
for learning f t

CLIP directional editing loss + reconstruction loss:

� CLIP L direction

�
P edit

t ; yref ; P source
t ; ysource

�
+ � recon






 xedit

t � x source
t








2

Noise reconstruction loss over artist distribution:
Ez�E(x); � t ; t

�
k� � (zt ; t; � � (y) j �h t ) � � t k

2
2

�

Speci�cally, to ensure that training focuses purely on visual statistics rather than
text conditioning, all artworks images I s are paired with the �xed simple prompt
y, `A painting'. By enforcing a uni�ed prompt across all artworks, the variance
of text conditioning e�ectively approaches zero, allowing ft to rely purely on
visual cues for capturing global style semantics. Consequently, our SEF learns
global stylistic representations directly from the visual semantics of the artworks
rather than from linguistic information, resulting in visually grounded and unbi-
ased Global Style Guidance. After training, the di�usion process proceeds toward
a uni�ed global style distribution, enabling the generation of images that re�ect
the coherent stylistic identity of the target artist without additional textual con-
ditioning. The overall algorithms of GSG is described in Algorithm 1.

Time-Step Robustness of Global Style Guidance. To motivate our de-
sign choice of performing Global Style Guidance (GSG) in the intermediate h-
space, we analyze whether h-space provides a stable representation of global
style across di�usion timesteps. As shown in Fig. 4, 500 artworks per artist
form well-separated clusters in h-space even under Gaussian noise across di�er-
ent timesteps. This demonstrates that ht remains robust to noise and timestep
variation while preserving artist-level semantic global style, allowing GSG to
maintain coherent stylization throughout the di�usion generative process.

Di�erence between Asyrp and our Global Style Transfer. Although
our framework shares the same implicit function architecture as Asyrp [13], the
two methods di�er fundamentally in objective and supervision, as summarized
in Tab. 1. Asyrp uses ft as an instance-level editing operator for single-image
manipulation, optimized with a CLIP directional loss between source�reference
text prompts (`A girl' ! `A smiling girl'). Consequently, the optimization is
inherently text-dependent, aligning f t with semantic attribute directions under
highly varying prompt conditions. In contrast, we optimize f t to model the
global stylistic distribution of an artist from hundreds of artworks using only
visual supervision. By �xing the text condition y to a constant prompt (e.g., `A
painting'), we eliminate text-induced variance, allowing f t to be learned purely
from artwork visual statistics via noise reconstruction.
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3.4 Content Alignment Guidance

Motivated by how artists reinterpret real-world objects, preserving abstract
structure while expressing unique artistic style, we propose the training-free
Content Alignment Guidance (CAG). In Neural Style Transfer (NST) [23, 35],
style-based deformation of content can be desirable, as artistic styles often in-
volve intentional geometric or structural alterations beyond color and texture
changes. Inspired by NST, our CAG aims to preserve the recognizable structure
of the original content while allowing controlled, style-driven deformations that
re�ect the artist's expressive intent.

We �rst perform DDIM inversion [25] to map the input content image into
its noisy latent vector. Then, we measure perceptual similarity using the CLIP
image encoder ECLIP within a Stable Di�usion [21] between the generated image
x t = D(z t ) at every timestep t and approximated image ~x0 � D(~z 0jzt ) via
Tweedie's formula [4]:

`(z t ) = kE l
CLIP (~x0) � E l

CLIP (x t )k2; (8)

where El
CLIP extracts high-level semantic features from layer l of CLIP. Since the

approximated image ~x0 preserves the abstract structure of the content image,
aligning its feature representation with that of the generated image xt encour-
ages structural consistency while allowing style-driven deformation. Following
the SDE formulation [26], we incorporate this perceptual loss as the guidance
by replacing the unconditional score rz t log p(zt ) with the conditional score
r zt log p(zt j`), decomposed as:

r zt log p(zt j`) = r zt log p(zt ) + s r zt log p(`jzt ); (9)

where s is a parameter controlling the guidance strength. The second term is
interpreted as the gradient of the perceptual loss with respect to the image latent
r zt `(z t ). Formally, the guided image latent is expressed as:

~zt = z t � sr zt `(z t ); (10)

where s controls the guidance strength. Consequently, CAG re�nes the latent
trajectory in a training-free manner at each timestep to preserve content struc-
ture while enabling artist-speci�c compositional and geometric transformations.
The overall algorithm and framework are illustrated in Algorithm 2 and Fig. 3.

4 Experiments

Datasets. We de�ne the style reference images in the WikiArt dataset [27],
which includes over 80,000 artworks created by more than 1,000 artists across 27
art movements. For content images, we utilize the VanGogh2Photo dataset [36] ,
which contains real-world photographic scenes paired with artistic counterparts,
enabling consistent evaluation of content preservation in artistic synthesis. This
dataset combination serves as a standard benchmark for the style transfer.
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Fig. 5: Comparison of Global Style Transfer (GST) with representative style transfer
baselines. We compare GST with instance-level style transfer and style personalization
methods, using artworks from the same artist as style exemplars: (a) Van Gogh and
(b) Pierre-Auguste Renoir. Since baseline methods utilize only a single style image Is ,
we perform stylization separately using multiple artworks from the same artist and
average the resulting outputs to approximate artist-level style. Baselines preserve only
low-level appearance cues and produce inconsistent global styles, whereas GST learns
the artist-level style and enables coherent global stylization.

Evaluation Metrics. We evaluate using �ve metrics: FID [10] and ArtFID [29]
for global style �delity, CFSD [2] for content preservation, and CLIP-Div [1] and
1-Precision [14,18] for stylistic diversity and memorization, respectively. Detailed
de�nitions are provided in the Appendix.

4.1 Main Results

Sample Visualization. Fig. 1 shows the artistic images produced by the Global
Style Transfer. This is achieved as the di�usion model performs Global Style
Guidance (GSG) within the intermediate feature space (h-space), ensuring se-
mantic stability across time steps and producing consistent style transformation
throughout the generative process.

Comparison with Style Transfer Methods. Our method introduces a new
paradigm, Global Style Transfer (GST), which fundamentally di�ers from con-
ventional style transfer. Traditional style-transfer methods operate in a one-to-
one setting, where a single content image Ic is transferred to an artistic image
with only single style image Is through feature injection or attention modulation.
While e�ective for instance-level stylization, such approaches cannot capture an
artist-level style distribution spanning hundreds or thousands of artworks. To
verify this limitation, we compare our method with representative Style Transfer
baselines, including StyleInjection [2], StyTR2 [3], CAST [35], S2WAT [32], Sty-
leSSP [31], as well as the shared-attention personalization method StyleAligned
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Table 2: Quantitative comparison across
artists. ArtFID measures style and content
�delity, CFSD measures content preserva-
tion, CLIP-Div and 1-Prec. assess stylis-
tic diversity and memorization-avoidance.
CLIP-Div is reported as Ours/Real for di-
rect comparison with the real artwork cor-
pus. Bold: best; underline : second best.

Artist Method FID (#) ArtFID (#) CFSD (#) CLIP-Div (") 1�Prec (")

Van Gogh

S.D 11.97 23.78 0.7428 0.178 0.257
Textual Inversion 7.67 13.68 0.1674 0.220 0.550
Custom Di�usion 9.49 14.71 0.1208 0.289 0.933
LoRA based Fine-tuning 11.01 21.38 0.1886 0.261 0.913
Ours 9.46 19.25 0.2896 0.297/0.335 0.988

Chagall

S.D 16.26 32.44 0.3117 0.224 0.844
Textual Inversion 11.72 21.15 0.1683 0.238 0.877
Custom Di�usion 18.06 26.70 0.1108 0.289 0.962
LoRA based Fine-tuning 17.30 32.59 0.1674 0.266 0.928
Ours 13.25 26.39 0.2626 0.311/0.293 0.977

Renoir

S.D 16.72 33.70 0.1584 0.225 0.987
Textual Inversion 12.14 21.99 0.1100 0.238 0.895
Custom Di�usion 15.15 22.77 0.1160 0.294 0.987
LoRA based Fine-tuning 15.36 29.23 0.1749 0.279 0.988
Ours 12.27 24.70 0.1566 0.318/0.313 0.999

Fig. 6: Visual comparison of previous
style personalization methods and vanilla
Stable Di�usion. Qualitative results cor-
responding to Tab. 2 are shown, demon-
strating the comparative performance of
each method in terms of style alignment
and visual coherence.

[9], grouped separately in Fig. 5. Since these baselines take a single style image,
we run each on the artist's artworks individually and average the resulting out-
puts to approximate an artist-level style. As shown in Fig. 5, this strategy fails
to recover coherent artist-level style. Existing methods primarily capture low-
level appearance cues such as dominant colors or coarse brush textures from
each exemplar, but fail to preserve consistent stylistic characteristics shared
across the artist's full corpus. Even averaging multiple stylized outputs does
not meaningfully represent the global style distribution, often producing blurred
or inconsistent results. In contrast, our method directly learns the artist-level
style manifold from multiple artworks, enabling coherent global stylization while
avoiding over�tting to speci�c exemplars.

Comparison with Style Personalization Methods. We compare GST with
representative personalization methods, including Textual Inversion (TI) [5],
which optimizes a token embedding over the full artwork collection, Dream-
Booth [22] with LoRA-based �ne-tuning, and Custom Di�usion [12], which �ne-
tunes only the cross-attention layers. We also provide a qualitative comparison
with StyleAligned [9] in Fig. 5. For a fair comparison in the GST setting, we
train each baseline on the full artwork collection of each artist rather than using
the few-shot setting adopted in their original formulations.

As shown in Tab. 2, GST achieves consistently strong performance across
all three artists, demonstrating e�ective modeling of artist-level global style.
GST achieves competitive ArtFID, indicating strong overall style and content �-
delity without over�tting to content structure. It also achieves the highest CLIP-
Diversity across all artists, showing that GST captures a broader stylistic dis-
tribution rather than collapsing to a narrow set of visual patterns. Notably, the
CLIP-Diversity values of GST are highly consistent with those computed from
the real artwork collections (reported as Ours / Real), suggesting that GST
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Fig. 7: Visual comparison with T2I models (Nano Banana 2, ChatGPT 5.2) prompted
with `Van Gogh style' for a given content image I c . The rightmost columns display the
top three Van Gogh artworks with the lowest CLIP distance to our generated result.

successfully reproduces the diversity of the true artist-level style distribution.
The 1-Precision results further show that GST best avoids memorization while
preserving stylistic consistency. In contrast, prior personalization methods often
rely on memorized exemplar patterns or over�t to dominant visual motifs, as
also observed in Fig. 6. For example, Textual Inversion is limited by its �xed-
dimensional token embedding, while �ne-tuning methods often collapse toward
iconic compositions. Consequently, our method scales e�ectively with increasing
artwork diversity and better captures the full artist-level style distribution.

4.2 Analysis of Global Style Transfer

Analysis of Text-Independence in Global Style Transfer. We analyze
whether the learned style representation depends on text prompts.

Fig. 8: The sensitivity of prompt for train-
ing the Style Extraction Function f t .

Since the Style Extraction Function
(SEF) is trained using a large col-
lection of artworks, we use a �xed
prompt, `A painting', during train-
ing to minimize textual in�uence and
encourage the model to learn style
primarily from visual cues. To eval-
uate prompt sensitivity, we replace
the prompt with alternative generic
prompts during training SEF and com-
pute the corresponding style o�set �h.
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Table 3: Ablation study on Content
Alignment Guidance (CAG). Removing
CAG leads to a consistent increase in both
FID and ArtFID, demonstrating its cru-
cial role in preserving content �delity un-
der global style modulation

Method FID ArtFID

Ours w/o CAG 11.05 22.45
Ours 9.46 19.25

Fig. 9: Qualitative ablation on CAG.
Without CAG, the images exhibit content
degradation despite strong stylization.

As shown in Fig. 8, the generated images remain nearly identical across prompts,
indicating that the learned representation is largely text-independent and pri-
marily captures artist-level visual style.

Analysis of Stylistic Bias in T2I Models. We compare our framework with
large-scale text-to-image baselines, Nano Banana 2 [7] and ChatGPT 5.2 [19],
using the prompt `Van Gogh style'. As shown in Fig. 7, these baselines exhibit
strong stylistic bias, repeatedly generating images dominated by iconic Van Gogh
features such as swirling patterns and thick brushstrokes, often resembling Starry
Night. In contrast, our Global Style Transfer learns a uni�ed artist-level repre-
sentation, mitigating such bias and producing diverse outputs that better re�ect
the true global style distribution.

E�ect of the Content Alignment Guidance. To verify the e�ectiveness
of CAG, we compare the full methods with a variant without CAG. As shown
in Fig. 9 and Tab. 3, removing CAG leads to noticeable content degradation,
re�ected by a signi�cant increase in ArtFID, which measures both style and
content �delity. These results demonstrate that CAG plays a crucial role in
preserving content under strong global style modulation. Additional ablations
on the embedding layer selection and training epochs are provided in Figs. 10
and 11.

E�ect of Layer Level for Content Alignment Guidance. We examine
how applying Content Alignment Guidance (CAG) at di�erent layers of the
CLIP image encoder a�ects the preservation of content structure during global
style transfer. As shown in Fig. 10, applying CAG at lower or mid-level layers
(1�9) produces unintended artifacts, such as house-like structures absent from
the content image Ic, indicating poor preservation of global composition. This
occurs because lower layers mainly encode low-level features such as edges, color
and textures. In contrast, applying CAG at Layer 11 preserves the original scene
structure and yields semantically consistent results, showing that higher-level
semantic features provide more reliable content alignment.
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Fig. 10: Effect of layer level of CLIP
encoder in Content Alignment Guid-
ance for content preservation.
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Fig. 11: Effect of training epochs on Style
Extraction Function: higher epochs yield
stronger artist-specific characteristics.

Effect of Training Epochs on Style Extraction Function. We investigate
the effect of training epochs on the Style Extraction Function (SEF) ft to eval-
uate how training duration influences global style learning. We train SEF with
five epoch settings (10, 20, 50, 100, 200) using artworks from three representative
artists: Van Gogh, Monet, and Renoir. As shown in Fig. 11, models trained for
only 10 or 20 epochs fail to capture distinctive stylistic characteristics, producing
visually similar results across artists. As training progresses, the model gradu-
ally learns artist-specific brushwork, composition, and color distributions. At 200
epochs, the generated images exhibit clear stylistic separation, indicating that
sufficient training is essential for learning a stable global style representation.

5 Conclusion

We propose Global Style Transfer, a novel artistic image synthesis paradigm
that represents the global artistic style of a target artist from multiple artworks.
Through Global Style Guidance and Content Alignment Guidance, our method
captures artist-level stylistic semantics while preserving the content structure
and allowing style-driven geometric deformation. By moving beyond instance-
level style transfer and text-dependent artistic synthesis, GST provides a more
faithful and unbiased way to model an artist’s coherent visual identity.
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