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Fig. 1: Artist-level Global Style Transfer results. For each content image I. (first col-
umn), our framework synthesizes an artistic image zo (second column) that reflects
the global style of the target artist. To visualize the source of stylistic influence, the
Artist Style Book section displays the top six real artworks from the artist’s corpus
that exhibit the highest semantic similarity (i.e., the lowest CLIP distance) to the gen-
erated image wo. This explicitly demonstrates that our generated results are actively
influenced by a diverse range of the artist’s genuine works, successfully capturing their
comprehensive stylistic distribution rather than overfitting to a single iconic exemplar.

Abstract. Diffusion models have achieved strong performance in artis-
tic image synthesis, yet they still suffer from stylistic bias: when instruct-
ing the diffusion model to create ‘Van Gogh-style’ images, we observed
that the model tends to repeatedly generate textures and compositions
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characteristic of a narrow subset of iconic works. This bias limits the
model’s ability to fully represent an artist’s stylistic diversity. To ad-
dress this, we introduce Global Style Transfer (GST), a text-independent
framework that learns an artist’s unified style distribution by training
global visual statistics from hundreds of artworks. GST guides the diffu-
sion process in the intermediate feature space (h-space), enabling gener-
ation that reflects an artist’s global stylistic spectrum rather than relying
on prompt-specific cues or memorized exemplars. In addition, we propose
Content Alignment Guidance (CAG), a training-free guidance that aligns
the semantic structure of a given content image while permitting flex-
ible, style-based deformation. CAG preserves content identity without
constraining artistic variation, allowing structural reinterpretations that
naturally arise in artistic expression. Experiments on WikiArt bench-
marks demonstrate that our method produces images with improved
style consistency, reduced prompt-induced bias, and greater fidelity to
global artistic semantics compared to the vanilla diffusion model. Our
findings establish GST as a new direction for bias-robust artistic image
generation.

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
depict our modern world on canvas? While we can only infer their unique per-
spectives through their surviving artworks, techniques like style transfer attempt
to imitate their aesthetics in the digital realm. However, existing style transfer
models do not truly transfer a “painter’s style." Because they extract stylistic
features from a single or a few reference paintings [?], they merely apply the spe-
cific traits of those individual artworks to a content image described in Fig. 2]
This achieves the style transfer of a specific artwork, but fails to capture the
comprehensive style of the artist. Furthermore, while recent large-scale text-to-
image diffusion models |3}/5] can stylize images based on text prompts (e.g., “in
the style of Van Gogh") [?], they suffer from a similar limitation due to training
data imbalance. These models are heavily biased toward a few overrepresented
iconic artworks seen during their training [?], simply mimicking their superficial
characteristics rather than reflecting the artist’s full aesthetic spectrum as shown
in Fig. [5] To resolve these limitations, we propose Global Style Transfer (GST),
which learns from a large-scale collection of an artist’s artworks to transfer their
unbiased, global style to a content image. GST goes beyond superficial imitation;
it aims to capture the true global style of a painter by learning and reproducing
the aesthetic tendencies and compositional characteristics consistently exhibited
across their entire body of work.

To achieve Global Style Transfer (GST), we propose a novel text-independent
framework comprising two key components: Global Style Guidance (GSG) and
Content Alignment Guidance (CAG). By employing a single, fixed prompt (e.g.,
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Style Transfer (One-to-One)

Instance-level
style overfitting

Focus on

Content Image I Artistic Image m an artwork
Global Style Transfer (Many-to-One)

Style-based deformation
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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.

"A painting") for all reference artworks, our framework removes the variance
and linguistic bias typically induced by text conditioning.

First, Global Style Guidance (GSG) learns the artist’s overall stylistic char-
acteristics from hundreds of artworks and injects them into the diffusion model’s
intermediate latent space (the U-Net bottleneck, or h-space). Because h-space
inherently captures stable semantic representations, GSG enables semantically
consistent style modulation throughout the diffusion process without degrading
the image quality.

Second, Content Alignment Guidance (CAG) preserves the structural and
semantic integrity of the content image. Addressing the limitations of strict
structural freezing, CAG uses a pre-trained CLIP image encoder to measure per-
ceptual similarity, allowing for controlled, style-driven geometric deformations.
This mechanism ensures the generated images remain faithful to the original con-
tent’s identity while naturally reflecting the artist’s structural reinterpretations.
We validate our approach on the large-scale WikiArt dataset . Compared to
vanilla diffusion models and text-based personalization methods [?,?], our frame-
work demonstrates superior stylistic fidelity, diversity, and content preservation.
Our main contributions are summarized as follows:
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072 — We propose the first Global Style Transfer framework for artist-level 072
073 diffusion-based synthesis. 073
074 — We introduce Global Style Guidance, which captures global stylistic se- o074
075 mantics in the intermediate feature space (h-space) with various artworks. 075
076 — We develop Content Alignment Guidance to preserve the structure of 076
077 the content image while enabling flexible, style-driven deformation. 077
078 — We conduct extensive experiments demonstrating that our method achieves 078
079 bias-robust and semantically consistent artistic image generation. 079
is0 2 Related Works 080
081 2.1 Traditional and Neural Style Transfer 081

082 Classical and CNN-based neural style transfer (NST) methods established the o082
083 foundation of stylization, with subsequent feed-forward and Transformer-based 083
084 approaches significantly improving semantic consistency and generalization [?, o084
085 ?,7,7,?|. However, these approaches predominantly rely on a single-exemplar o085
086 definition of style, often causing texture-driven structural drift and failing to  os6
087 capture an artist’s global stylistic behavior [?,7?,?,?]. In contrast, our Content 087
088 Alignment Guidance stabilizes structure while explicitly targeting aggregated,  oss

089 corpus-level stylistic tendencies. 089
090 2.2 Style Transfer with Text-conditioned Models 090
091 Diffusion models [?,7,?, ?] enable stylistic prompting, but text-conditioned gen- o091
092 eration suffers from linguistic and dataset bias [?], often collapsing toward over- 092
093 represented iconic works rather than reflecting full stylistic diversity. Personal- 093
094  ization techniques DreamBooth [7], Textual Inversion [?], Custom Diffusion [?], 094

005 and Perfusion [?] improve concept binding but remain prompt-dependent and 095
096 prone to style—content coupling. Inversion methods [?,7,?] support editing but do 096

097 not capture large-scale style distributions. Reference-guided diffusion [?,7,7,7?] 097
098 and multi-style diffusion [?,7?,7?,?] aggregate multiple exemplars but operate on 098
099 limited reference sets and do not learn an artist’s global stylistic manifold. Con- 099
100 trolNet and adapters [?,?,?] preserve geometry but do not address prompt bias. 100

101 We instead remove textual conditioning entirely and derive style solely from 101
102 large visual corpora, enabling consistent, bias-free modeling of an artist’s full 102

103 stylistic space. 103
104 3 Methods 104
105 3.1 Preliminary 105

106  Latent Diffusion Models. Latent Diffusion Models (LDM) [6] operate in a 106
107 lower-dimensional latent space, enabling cost-efficient and scalable text-conditioned 107
108 image synthesis. Given an image x¢, an autoencoder £ : R¥ — R? maps images 108
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Global Style Guidance (GSG) Content Alignment Guidance (CAG)
1) Training f, with various artworks e xr oM '"""s"’" Content Image
Prompt y: =
“A painting” . . N
. ? - Pred)morsg —
CAG
CAG
ﬁg"ﬁ g B “'\D\\
— Content Alignment Guidance
lleg(ze,t, yIBR,) = € I3 Z
2) Diffusion sampling guidance via Global Style Offset Aht ECL -~ Vth)(7t)

target
- layerl
A|A [ I 'I } ”‘S(IILIP(XI?) - Séup(fo)llz

Fig. 3: Overall framework of Global Style Transfer (GST). Starting from a content
image I., we apply DDIM inversion and two guidance terms, Global Style Guidance
(GSG) and Content Alignment Guidance (CAG), during reverse diffusion to generate
artist-specific outputs. First, we train the Style Extraction Function f; with hundreds
of artworks using the text-independent prompt “A painting”. Then our Global Style
Offset Ah; guides the diffusion model in the h—space. CAG uses CLIP-based per-
ceptual gradients to align the semantic structure of the content image while allowing
style-based deformation, enabling coherent and artist-faithful stylization.

Global Style
Guidance

DDIM Reverse Process
e s o
: IT

Asymmetricreverse process

into the latent vector zg = E(xp). A forward diffusion process gradually adds
Gaussian noise according to a variance schedule 3;, yielding:

2z = Vauzo + V1 — age, € ~ N(0,1), (1)

where a; = szl(l — Bs). Then, the denoising model ¢y learns to predict the
noise €g(z,t, ¢) given the noisy latent z; at every time step t with text condition
c encoded by the text encoder 7,4 during the sampling process as below:

Zi1 =120 + /1 — a1 — o? eh(zt) + ores, (2)

where oy = ny/(1 —a@—1)/(1 — au)\/1 — & /au—1. €5(2) denotes the model-
predicted noise, abbreviated from €y (2, t, ¢), and Zg means the approximation of
the clean latent zg at time step t obtained via Tweedie’s formula. The training
objective of the LDM is defined as:

Liom :=E, e(@)e .t [leo(ze.t,c) — ell3] (3)

After training, the diffusion process starts from a noisy latent z; and iteratively
denoises it to zg. The LDM then decodes z into pixel space using the decoder
D : R? — R*, yielding the clean image xo = D(z).

Asymmetric Reverse Process for Semantic Guidance. Asyrp [4] discov-
ers that the frozen pre-trained diffusion model inherently contains a semantic
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T=0 T=10 T=25  T=50
Fig.4: (Top) Artistic images generated at different diffusion time steps ¢t =
{0,10,25,50}. (Bottom) t-SNE visualization of 500 feature vectors sampled from the
h-space for artworks by Van Gogh (yellow) and Monet (red) across the same time steps.
Despite increasing noise levels, the clusters remain clearly separable, indicating that
the proposed Global Style Guidance preserves each artist’s semantic manifold without
blending or degradation.

space, referred to as the h-space, corresponding to the activations of the U-Net
bottleneck layer. To enable controllable generation within LDM, Asyrp refor-
mulates the reverse process by modifying Eq. into an asymmetric form as
follows:

21 = VA 1Py(eg(2|Ahy)) + Dy(ef(20)) + ovey, (4)

where P; denotes the predicted zg, and D; represents the denoising direction
toward z;. The asymmetric control updates only €)(z;) via €)(z|Ah;), adding
Ah, as a residual to the U-Net bottleneck features h;, while preserving Dj.
This enables semantic manipulation in latent space without compromising re-
construction fidelity. Consequently, the h-space exhibits stable and transferable
semantics across time steps, supporting consistent, and multi-attribute guidance
for latent diffusion models.

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 unified and consistent representation of
that artist’s global style.

Given a content image I. and a set of style exemplars I, = {il 2 .. iK}
drawn from an artist’s K artworks, Global Style Guidance (GSG) guides the dif-
fusion model that encapsulates artist-specific semantic and structural cues across
various artworks. To preserve the semantic integrity of the content, we further
introduce Content Alignment Guidance (CAG), which maintains the abstract
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Algorithm 1 Global Style Guidance Algorithm

Require: Style images(=artworks) I, Style Extraction Function(SEF) f,
Model(Latent diffusion model) €s(+,t), text encoder 74, image decoder D, prompt y
Output: SEF f;

1: y =‘A painting’ {All artworks are paired with this prompt}

2: for epoch =0 to F do

3 for k =1 to K do

4 *Diffusion Forward Process*

5 fort=0toT —1do

6: 2t = D(IF) {instance style image sampling ¥ € I}
7 e ~N(0,1)

8: 2zt = vazzo + V1 — age

9: end for

10: *Diffusion Denoising Process™

11: fort=T—1to0do

12: Lser = E. g(a).et [leo(ze,t, 76(y)| Ahy) — €|3]
13: //Ahy = fi(he; 0) from Eq. (6)

14: Je(he; 0) = fi(he; 0) — Vi, Lser

15: Zi—1 = mpt(€é(2’t‘ﬂhz)) + Dt(Etg(Zt)) + Tt€¢
16: end for

17: end for

18: end for

19: Return fi(he; 6)

structure and semantics of I. while allowing flexible, style-driven transforma-
tions. Through CAG, the content image is re-rendered with the distinctive visual
characteristics of the target artwork without compromising its original form or
composition.

Global Style Transfer offers 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, achieving prompt-
agnostic style consistency. (2) Bias mitigation in diffusion-based artistic
image synthesis: Conventional text-to-image diffusion models conditioned on
artist names tend to exhibit stylistic bias, over-representing textures and com-
positions from a few iconic works. By guiding a global style prior from multiple
style exemplars, our framework regularizes the diffusion process, mitigating such
artistic mode bias and yielding diverse yet faithful reconstructions that better
reflect the full stylistic spectrum of the artist.

3.3 Global Style Guidance in h-Space

Finding Artist’s Global Style. To guide the diffusion model toward the
global style of a specific artist, we define the residual global style offset Ahy,
which modulates the U-Net bottleneck representation h; at each diffusion step:

he = hy + w - Ay, (5)
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Algorithm 2 Global Style Transfer Algorithm

Require: Content Image I., Model(Latent diffusion model) eg(-,¢), text encoder 74,
image decoder D, prompt y, CLIP image encoder Ecrip
Output: Artistic image o

1: zp < DDIM Inversion with respect to the I.

2: fort=T—-1to 1do

3: €t ~ N(O, I)

4:  //obtain Ah; from Algorithm

5: Zi—1 = @Pt(e’é(mmht)) + Dt(ﬁ(tg(zt)) + o€t

6: Approximate Zyp from Tweedie formula 2] and Zo = D(Zo)
T Uz) = Hglcmp(%) - 5ZCLIP(=Tt)H2

8: Content Alignment Guidance

9:  Z ¢+ 2z — sV, l(z)

10: Classifier Free Guidance

11: &« e9(Ze,t, D) + glea(Ze, t, To(y)) — €0(Z¢, t, D))

12: end for

13: Return zo = D(2o)

where w controls the strength of stylistic modulation. The residual Ah; captures
the global stylistic semantics of the artist, enhancing the U-Net’s intermediate
representations with consistent style attributes. To estimate Ah;, we define a
Style Extraction Function (SEF) f; that transforms the given h; into global
style—conditioned feature:

f+ is a lightweight multilayer perceptron (MLP) with one hidden layer param-
eterized by 6 and conditioned on timestep ¢. Specifically, we apply the zero-
initialization strategy, which initializes the weights of f; to zero |13] to avoid
stochastic bias from random initialization. Zero-initialization ensures training
process begins from an unbiased state and learns purely data-driven global style
semantics. Then, we train the f; with multiple artworks using the noise recon-
struction loss same as Eq. :

L:SEF = EzNE(m),etJ [||69(Ztat7C‘Aht) - et”%] . (7)

Specifically, to ensure that training focuses purely on visual statistics rather
than text conditioning, all artworks images I, are paired with the fixed sim-
ple prompt “A painting.” By enforcing a unified prompt across all artworks,
the variance of text conditioning effectively approaches zero, allowing the f; to
rely purely on visual cues for capturing global style semantics. Consequently,
our SEF learns global stylistic representations directly from the visual seman-
tics of the artworks rather than from linguistic information, resulting in visually
grounded and unbiased Global Style Guidance. After training, the diffusion pro-
cess proceeds toward a unified global style distribution, enabling the generation
of images that reflect the coherent stylistic identity of the target artist without
additional textual conditioning. The overall algorithms of GSG is described in
Algorithm
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Table 1: Comparison of implicit function learning between Asyrp and our Global Style
Transfer framework.

Difference

ing loss: & = LPIPS(z, Pr) — LPIPS(z, P;) ver ist d op = Eepo), ..t [[lea(z,,7o(y) | Ahe) — €3]

Time-Step Robustness of Global Style Guidance. We perform Global
Style Guidance (GSG) within the intermediate feature space (h-space) to achieve
semantically stable transformations throughout the diffusion process. As shown
in Fig. [4 we visualize 500 artworks per artist perturbed with Gaussian noise

across diffusion timesteps. The intermediate representations h; form well-separated,

consistent clusters in h-space, demonstrating strong robustness to both noise and
timestep variation. This stability indicates that h-space preserves high-level se-
mantic attributes of an artist’s global style, independent of the diffusion step.
Consequently, performing GSG in this space ensures coherent style modulation
while maintaining structural and semantic integrity across the entire generative
trajectory.

Difference between Image Editing with Asyrp and our Global Style
Transfer. Asyrp focuses on “text-driven, instance-level image editing", where
h-space directions are learned to modify attributes of a single source image un-
der prompt supervision. The implicit functions f; are trained to satisfy a spe-
cific source-target prompt change (e.g., “a girl” — “a smiling girl”) while
preserving the source structure via DDIM inversion and early-stage editing. In
contrast, we instead learn a ‘distribution-level global style from hundreds of
artworks by fixing the text prompt to a constant (“A painting”), which effec-
tively removes text-conditioning variance and forces the implicit function f; to
rely purely on shared visual statistics across the artist’s dataset. Consequently,
our Ah; = fi(h) captures artist-consistent global style semantics rather than a
text-aligned attribute axis, enabling prompt-agnostic, many-to-one global style
guidance. (Tab.

3.4 Content Alignment Guidance

Motivated by how artists reinterpret real-world objects, preserving abstract
structure while expressing unique artistic style, we propose the Content Align-
ment Guidance (CAG). In Neural Style Transfer (NST) [8}/12,[14], style-based
deformation of content can be desirable, as artistic styles often involve intentional
geometric or structural alterations beyond color and texture changes. Inspired
by NST, our CAG aims to preserve the recognizable structure of the original con-
tent while allowing controlled, style-driven deformations that reflect the artist’s
expressive intent.

We first perform DDIM inversion [1,|9], a process used in diffusion models
to deterministically map an input content image into its corresponding noisy
latent. We then extend diffusion guidance by drawing inspiration from Neural
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Style Transfer, where minimizing feature-map distances between content and
synthesized images induces a style-based deformation of the content. Building
upon Stable Diffusion [6], we employ the CLIP image encoder Ecrip(-) to mea-
sure perceptual similarity between the approximated image o = D(Zp) from |[2]
and the sampled image Z;:

U(z) = ||5ZCL1P(i0) - gé}LIP(xt)HQv (8)

where EL; p extracts features from a designated target layer [ of CLIP to capture
high-level semantics of content. In this process, we project the latent variable into
pixel space at each time step by &; = D(z;) to compute the gradient. At every
time step, we guide the feature map of the generated image Z; to follow that of
the approximated Zg, since intermediate reconstructions preserve the abstract,
recognizable structure of the content image but fail to capture fine-grained de-
tails. Enforcing this alignment effectively enhances style-based deformation of
content, maintaining structural coherence while adapting the global style. To
guide the image latent z;, from the SDE formulation [10], we replace the uncon-
ditional score V, log p(z:) with its conditional form V., log p(z¢|¢), decomposed
as:

V. logp(z]l) = V., logp(z) + 5 V2, log p(£]2¢), (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
V., l(zt). Formally, the guided image latent is expressed as:

275 = Zt — sztf(zt), (10)

where s is a scaling factor controlling the gradient influence. At each time step,
CAG thus refines the latent trajectory to align the generated image with the con-
tent feature distribution without external supervision or training. Consequently,
CAG enables the generated image to remain faithful to the semantic identity of
the content while capturing the distinctive compositional and geometric char-
acteristics found in the artist’s works. The overall algorithms of Global Style
Transfer with CAG are described in Algorithm [2| and an overview of our frame-
work is described in Fig.

4 Experiments

Datasets. We define the style reference images in the WikiArt dataset [11],
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 [15] ,
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 artistic image synthesis
and style transfer tasks.
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Content Image I, Nano banana 2 ChatGPT 5.2 Ours Van gogh’s artworks

Fig. 5: Compare our Global Style Transfer with baselines (Nano Banana 2, ChatGPT
5.2) prompted with 'Van Gogh style’ for a given content image I.. The rightmost
columns display the top three real Van Gogh artworks with the lowest CLIP distance
to our generated result.

Content Image /¢

&

Layer=7 Layer=9 Layer=11

Fig.7: Effect of training epochs on
Global Style Guidance: higher epochs
yield clearer stylistic separation and
stronger artist-specific characteristics.

Fig. 6: Effect of different CLIP encoder
layers in Content Alignment Guidance
on content preservation.

4.1 Main Results

Sample Visualization. Fig.[[]shows the artistic images produced by the Global
Style Transfer. This is achieved as the diffusion 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.

Analysis of Stylistic Bias We compared our framework with large-scale text-
to-image baselines (Nano Banana 2 and ChatGPT 5.2) conditioned on the
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prompt "Van Gogh style" As shown in Fig.[5] the baselines exhibit severe stylistic
bias, collapsing into formulaic repetitions of overrepresented iconic features (e.g.,
swirls, thick brushstrokes) and resulting in severe over-stylization In contrast, our
Global Style Transfer learns a unified global representation from a comprehensive
corpus through the MLP, effectively buffering against this bias and yielding
diverse synthesis that reflects the true global aesthetic without collapsing into a
formulaic representation

Quantitative Results. We report quantitative results in Tab. [J] where a
lower ArtFID indicates higher stylistic fidelity. Our model achieves superior per-
formance for most painters, including Chagall, Saryan, Dali, and Van Gogh,
demonstrating its ability to generalize across diverse stylistic domains without
overfitting to specific exemplars. Each artist was evaluated using between 500
and 1400 real artworks, ensuring sufficient data diversity to reflect the full range
of individual stylistic variations. Notably, painters such as Van Gogh and Dali,
whose works exhibit high stylistic vari-
ance and contain several iconic yet
visually distinct masterpieces, benefit
from our bias-free formulation, yield-
ing significantly lower ArtFID scores.
. . . ArtFID (1)

In contrast, for artists like Renoir M Chagall Saryan Renoir Dali Kustodiev Vangogh| Avg.
and Kustodiev, whose paintings share 5 =51 15 2100 3325 2573 2506 2075 20.38
highly consistent brushwork and color ~_SD  37.64 20.03 31.84 3520 28.30  30.33 [32.07
composition, the vanilla Stable Diffu-

sion model sometimes achieves compa-

rable or slightly better results. This is because even when the baseline model over-
fits to certain reference images, the resulting synthesis still aligns closely with
the artist’s overall aesthetic, given the homogeneity of their corpus. Neverthe-
less, our method consistently maintains stylistic robustness across heterogeneous
artistic domains.

Table 2: Comparison of the ArtFID be-
tween ours and vanilla Stable Diffusion.
Bold entries are the best results.

4.2 Analysis of Global Style Transfer

Effect of Training Epochs on Global Style Guidance. We investigated the
impact of training epochs on the MLP-based Global Style Guidance (GSG) mod-
ule to assess how the duration of training influences the strength and stability
of the global style representation. The GSG was trained with five epoch config-
urations(10, 20, 50, 100, 200) using artworks from three representative artists,
namely Van Gogh, Monet, and Renoir. As shown in Fig. [7] models trained with
fewer epochs such as 10 and 20 failed to reproduce the structural composition,
brushwork and stylistic characteristics of the artists, resulting in visually sim-
ilar results among painters. However, as training epochs increased, the model
gradually captured more distinctive stylistic features and achieved greater cross-
artist separation. At 200 epochs, the generated images exhibited distinct color
palettes and compositional traits characteristic of each painter, confirming that

278
279
280
281
282
283
284

285
286

288
289
290

292
293
294
295
296
297
298
299
300
301
302
303

305
306

308
309
310

312
313
314
315
316

318
319



320
321

322
323
324
325
326
327
328
329
330
331
332
333
334
335

336
337
338
339
340
341
342
343
344
345
346
347
348
349

ECCYV 2026 Submission #10389 13

Content Image I, _ Artist Name
Table 3: Quantitative comparison of dif- o |
‘an
ferent style transfer methods. gogh
Artist  Method FID () ArtFID () CFSD (1)
S.D 1197 2378 0.7428 < | chagall
Van Gogh Textual Inversion 7.67 13.68 0.1674
an O8N T RA based Fine-tuning 11.01  21.38  0.1886
Ours 946 1925  0.2896
Renoir
S.D 1626 3244 03117
Ch 1 Textual Inversion 11.72 21.15 0.1683 L 1
182 1 0RA based Fine-tuning 17.30 3259 0.1674
5 . . . .
Ours 1825 2639  0.2626 Fig. 8: Visual comparison of previous
S.D 1672 3370  0.1584 . .
Renoiy  Textual Tnversion 1214 2199 0.1100 style-transfer techniques and vanilla Sta-
RO L ORA based Fine-tuning 1536 29.23  0.1749 ble Diffusion.
Ours 1227 2470 0.1566

prolonged training allows GSG to converge toward a stable and semantically
meaningful global style embedding.

Effect of layer index for Content Alignment Guidance. We examine how
applying Content Alignment Guidance (CAG) at different layers of the CLIP
image encoder affects the preservation of content structure during style transfer.
As shown in Fig. @ applying CAG at lower or mid-level layers (Layers 1, 3, 5,
7, and 9) consistently produces unintended artifacts, such as house-like shapes
appearing in the center that are absent from the original content image. This
suggests that low-level features primarily capture edges, textures, and local color
gradients, emphasizing fine details while failing to maintain global composition
and semantic coherence. In contrast, applying CAG at Layer 11 achieves sta-
ble composition and semantically faithful results, maintaining the original scene
structure without introducing artificial elements. Since higher layers in CLIP
encode semantic correspondence between vision and language, guiding at this
level provides more effective control for content alignment, preventing low-level
overfitting and ensuring stable semantic preservation during style transfer.

Comparison between Style Transfer Methods. Our method introduces a
new paradigm for global style transfer, which differs fundamentally from tradi-
tional one-to-one style transfer that maps a single style image to a single content
image. As a result, direct comparison is inherently limited. To enable a fair evalu-
ation, we adapt representative style-transfer baselines to operate in a global-style
setting using multiple style exemplars.

We first consider Textual Inversion (TI) [?], which encodes style by optimiz-
ing a token embedding from a small set of images. We extend this method by
optimizing the embedding using the full set of an artist’s artworks, allowing it
to capture broader stylistic characteristics. This experiment evaluates whether
TT can scale to represent an artist’s global style. Second, inspired by Dream-
Booth , we evaluate a LoRA-based fine-tuning strategy that adapts the dif-
fusion model using multiple artworks from the same artist. While DreamBooth
typically binds a unique identifier to a subject using a few images, we fine-tune
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the model on a larger artwork collection to assess its ability to learn global stylis-
tic patterns. We compare both adapted baselines with our proposed framework.

Tab. [3 reports the style- and content-fidelity metrics, and Fig. 8] shows qual-
itative results. Our approach achieves consistently strong performance across
FID, ArtFID, and CFSD, demonstrating its effectiveness in capturing global
artistic styles. Although a lower CFSD typically indicates higher content fidelity,
our framework intentionally allows style-driven deformation of the content to re-
flect the expressive characteristics of the original artworks. Therefore, excessive
structural preservation may not correspond to better style-transfer performance.

TI encodes stylistic information into a single fixed-dimensional token embed-
ding, which limits its ability to represent the large stylistic diversity across artists
with hundreds or thousands of artworks (e.g., Van Gogh: 1,889; Renoir: 1,400;
Chagall: 765). While TT achieves lower FID and ArtFID, this mainly results from
stronger content preservation rather than meaningful stylistic transformation. As
the number of artworks increases, this capacity limitation becomes more evident
and TT performance plateaus. In contrast, our method continues to improve with
more artworks, indicating better scalability for capturing global artistic styles.

Ablation Study - The effect of the
CAG. To verify the effectiveness of
CAG, we conduct an ablation study com-

Table 4: Comparison of
the metric values.

. . . Method FID ArtFID

paring our full model with a variant 5 o CAG 1105 2245
: . urs w/o . .

where CAG is removed. As shown in Ours VRN

Fig. 0] and Tab. [ disabling CAG leads pe— —
to a noticeable loss of content informa- b B

tion, which is reflected by a notable de-
crease in ArtFID, a metric that accounts
for content similarity. This shows that
CAG is essential for preserving content
under strong global style modulation. Ad-
ditional ablations on the CAG scale and
embedding layer choice are reported in Fig. 9: The effect of CAG.

Figs. [6] and [7}

5 Conclusion

We propose Global Style Transfer, which learns to represent the global artistic
style of an artist from multiple artworks via Global Style Guidance and Content
Alignment Guidance. Our approach enables unbiased artistic image synthesis,
effectively capturing global stylistic semantics while preserving the structural
integrity of the content.
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