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Abstract

Traditional style transfer techniques require a ref-
erence style image to guide the stylization process by
transferring stylistic features onto new images. How-
ever, a single image is inherently limited in its expressive
capacity and struggles to comprehensively encapsulate
an artist’s stylistic characteristics. In contrast, natu-
ral language provides richer expressiveness and abstrac-
tion, enabling the description of high-level artistic se-
mantics such as brushstroke textures and color tenden-
cies. To address this, we propose ArTex—a lightweight,
artist-sensitive style transfer model guided by textual
input, capable of generating images that are perceptu-
ally aligned with specific artistic styles. We design a
Spatial Fusion Cross-Attention (CA-SF) module to ef-
fectively capture fine-grained interactions between con-
tent and style features. Additionally, we develop a
novel similarity-contrastive loss to enhance the semantic
alignment between textual descriptions and visual fea-
tures. Furthermore, we introduce a dynamic loading
strategy that significantly accelerates the training pro-
cess, improves training balance across styles, and en-
hances overall computational efficiency. Extensive ex-
periments demonstrate that our method outperforms
state-of-the-art approaches in both style transfer qual-
ity and text-guided controllability.

Keywords: Fine arts, Image representations, Image
processing, Texturing.

1. Introduction

Artistic style transfer aims to migrate the artistic style
from a reference image to a target image, thereby generat-
ing an image with specific artistic style. Traditional style
transfer methods typically rely on a single style image to
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extract low-level visual features such as color, texture, and
composition. Howeyver, a single image has significant limi-
tations in expressing the complex and diverse stylistic char-
acteristics of an artist. The information it contains is often
insufficient to comprehensively represent the artist’s overall
style and may even lead to distortions or deviations in the
results due to suboptimal image selection.

Content Style OSASIS StylelD Our

Figure 1. Comparison with image-based methods StyleID and
OSASIS. Our method uses artist names as textual style input ("a”:
Vincent van Gogh, ’b”: Paul Gauguin), enabling more accurate
style expression. In contrast, StyleID and OSASIS rely heavily on
two reference paintings, which limits their ability to capture the
artist’s true style.

As shown in Figure 1, we use traditional stylization
methods OSASIS [4] and StyleID [5] to stylize a target im-
age using two different paintings by the same artist as refer-
ences (Figure la: Vincent van Gogh, Figure 1b: Paul Gau-
guin). It can be observed that, due to the variation between
the reference images, the generated images show significant
differences in color and brushstroke characteristics. brush-
stroke characteristics.

Natural language offers greater capacity for abstract ex-
pression and flexibility. Users can describe an artist’s



stylistic semantics through text, including high-level fea-
tures such as brushstroke textures, color tendencies, and
even emotional atmospheres—information that static im-
ages often struggle to fully capture. The CLIP [30] (Con-
trastive Language-Image Pretraining) model proposed by
OpenAl is a cross-modal contrastive learning model trained
on 400 million text-image pairs. It embeds both images
and text into a shared semantic space, thereby enabling se-
mantic alignment and mutual understanding between vision
and language.The introduction of CLIP has inspired cross-
modal generation methods based on textual guidance, offer-
ing a promising new direction for style transfer.

Several studies have attempted to leverage text for style
transfer, such as StyleCLIP [28], CLIPstyler [21], and
LDAST [9]. However, StyleCLIP heavily relies on a pre-
trained generative model, and the quality of style transfer
is constrained by the model’s inherent generative capacity.
CLIPstyler requires per-instance optimization for each con-
tent image and each style, resulting in high computational
cost and the introduction of numerous uncontrollable arti-
facts in the generated results. LDAST depends on large-
scale manually annotated datasets. TxST [25] has made
some progress in text-driven style transfer, but its results
primarily focus on simple color adjustments, lacking accu-
rate reproduction of an artist’s unique textures and stylistic
patterns, while also introducing undesirable artifacts.

To address the aforementioned limitations, we propose
ArTex, a text-guided artist style transfer model designed
to efficiently capture the perceptual characteristics of an
artist’s style. During training, ArTex takes the artist’s name
as textual input and the corresponding artworks as style
references to learn the deep correspondence between vi-
sual features and semantic style representations. At infer-
ence time, only textual input is required to perform flexible
style transfer, thereby eliminating dependence on specific
style images and enabling truly text-driven style generation.
By leveraging high-level semantic information embedded
in text, ArTex more accurately captures the unique stylistic
traits of an artist and more faithfully reproduces the artist’s
brushstrokes, color palette, and expressive characteristics in
the generated images (see the “Ours” results in Figure 1).

Our model adopts an encoder-decoder architecture and
incorporates a CLIP-based dual-modal feature extraction
mechanism to establish semantic alignment between visual
and textual inputs. To effectively fuse the content fea-
tures extracted from the convolutional backbone and the
style features obtained from the text encoder, we intro-
duce a Spatial Fusion Cross-Attention (CA-SF) Module,
which captures fine-grained interactions between content
and style features while preserving spatial consistency. Dur-
ing training, we employ a combination of Directional CLIP
Loss [10] and Patch CLIP Loss [21] to jointly optimize the
semantic and textural fidelity of the generated images at

both global and local levels. To further enhance the con-
sistency between the model output and textual semantics,
we design a novel Similarity-Contrastive Loss, which min-
imizes the stylization distance among images of the same
artist under the dual guidance of image and text, while max-
imizing the inter-artist style separation in the learned fea-
ture space. In addition, to improve training efficiency under
multi-style conditions, we propose a dynamic loading strat-
egy that significantly accelerates the training process, bal-
ances learning across different styles, and enhances overall
model efficiency.

Extensive quantitative and qualitative experiments
demonstrate that, compared with existing methods, our
model achieves more efficient and effective style transfer
with higher visual quality. In addition, ablation studies val-
idate the effectiveness of each component in the proposed
framework.

2. RELATED WORK

2.1. Arbitrary Style Transfer

Arbitrary Style Transfer (AST) aims to apply the artis-
tic style of any given image to a content image. Early
optimization-based methods, such as those proposed by
Gatys et al. [1 1], achieved high-quality stylization but were
computationally intensive. Subsequent approaches using
feed-forward networks, introduced by Johnson [19] and
Ulyanov [35], enabled real-time stylization. Normaliza-
tion techniques like AdaIN [17] and DIN [18] further im-
proved flexibility by aligning content and style features us-
ing learnable parameters. Attention-based models, such
as SANet [27], enhanced style-content alignment, while
lightweight variants such as A2K [50] and HIS [46] reduced
artifacts and computational overhead. AttDis [49] proposes
an attention distillation—based framework that unifies mul-
tiple tasks, including style transfer and attribute transfer,
within a single model.

More recently, Transformer-based models—such as
StyTr2 [6], TokenFlow [29], S2WAT [44], and Puff-
Net [48]—have been introduced to capture long-range
dependencies and better preserve semantic content.
SaMam [24] innovatively introduces the Mamba architec-
ture into style transfer to address the high computational
cost associated with Transformer-based models. In par-
allel, diffusion-based methods have gained popularity due
to their powerful generative capabilities. Techniques like
FreeStyle [12], DiffStyle [23], and DiffuseST [ 5] integrate
content and style during the diffusion process to enable
more controllable stylization. Models such as OSASIS [4]
and InST [47] tackle one-shot and inversion-based style
learning, while extensions like StyleID [5], SigStyle [37],
RB-Modulation [31] and StyleSSP [42] aim to diversify
diffusion-driven style transfer. Despite their ability to pro-



duce high-quality and diverse results, diffusion models of-
ten suffer from slow inference speeds and significant com-
putational costs.

2.2. Domain-Aware Style Transfer

While Arbitrary Style Transfer (AST) models offer no-
table flexibility, they often struggle to maintain style consis-
tency and semantic precision when handling complex artis-
tic styles. Domain-aware approaches address this limitation
by learning style features from specific artists or art move-
ments, enabling more robust and distinctive stylization. For
example, DualAST [2] leverages a dual-branch architec-
ture to jointly model artist-level and artwork-specific char-
acteristics, thereby improving both control and diversity.
DSTN [14] integrates semanticand frequency-aware mod-
ules to balance global texture coherence with local detail
preservation, while DSTM [40] employs dual style transfer
modules alongside edge enhancement techniques to decou-
ple content structure from style.

These methods demonstrate strong performance in artist
imitation, portrait stylization, and art restoration. However,
they depend heavily on high-quality, annotated datasets,
which constrains their generalization to unseen or cross-
domain styles and limits their adaptability in open-world
scenarios.

2.3. Text-Guided Style Transfer

Text-guided style transfer utilizes natural language as
a control signal for stylization, offering greater flexibility
and enhanced user interactivity compared to image-based
approaches. CLIP enables the alignment of image and
text features within a shared embedding space, empower-
ing models such as CLIPstyler [21] to optimize images di-
rectly based on textual prompts. Subsequent extensions, in-
cluding TextStyler [4 1] and TRTST [1], introduce dedicated
stylization networks and multimodal Transformer architec-
tures to further improve content preservation and stylistic
fidelity. Diffusion-based methods, such as FreeStyle [12]
and StyleDiffusion [38], achieve high-quality and open-
domain stylization using text as the sole guidance modal-
ity. Spatially aware techniques—such as SEM-CS [20],
LEAST [33], and SpectralCLIP [43]—enhance stylization
by enabling localized control and minimizing visual arti-
facts through image segmentation or embedding refinement.
StyleStudio [22], a recent method, generates image content
during the diffusion process under the guidance of textual
prompts, while constraining the generated images to follow
the style of a reference style image. Moreover, frameworks
like ArtCrafter [16] and TxST [25] learn style represen-
tations in the form of language embeddings derived from
example images, facilitating personalized and flexible style
transfer.

Overall, text-guided methods present a powerful and in-

tuitive alternative, offering strong cross-domain generaliza-
tion, precise control, and broad applicability—marking a
significant advancement in the field of style transfer.

3. METHODOLOGY

To achieve text-guided artistic style transfer, we propose
a novel framework, as illustrated in Figure 2. The detailed
architecture of our model is presented in Section 3.1. The
dynamic loading algorithm, which significantly accelerates
our training process, is described in Section 3.2. Further-
more, to better distinguish style features corresponding to
different textual descriptions, we introduce a novel con-
trastive similarity loss function, which is elaborated in Sec-
tion 3.3. For further details, refer to our supplementary ma-
terial.

3.1. Framework

Content Image Encoding Module: We employ a pre-
trained VGG-19 [32] network to extract deep features from
the content image |, obtaining feature maps at each layer

originally trained on the ImageNet dataset for classification
tasks, which differ from the objectives of style transfer, we
incorporate the Position Attention Module proposed by Fu
et al. [8] to enhance the original content features f., result-
ing in an improved representation fgc.

Style Encoding Module: Style features are extracted us-
ing the pretrained CLIP ViT-B/32 model. We assume that
the training set contains N distinct styles. In each train-
ing iteration, one style text Ts; 2 Ts and its correspond-
ing style image ls; 2 s are randomly selected, along
with another randomly chosen pair Tsz and lsy from the
remaining styles. The style text T is processed by the
CLIP Text Encoder to obtain the text embedding E¢(Ts),
while the style image ls is processed by the CLIP Im-
age Encoder to obtain the image embedding E;(ls). Since
CLIP projects both embeddings into a one-dimensional la-
tent space Ey; Ej 2 R512, the spatial structure of the style
features is lost.

To preserve the spatial awareness of style features, we
adopt the relative positional encoding mechanism inspired
by the study on Multi-Head Self-Attention (MHSA) lay-
ers by Aravind Srinivas et al. [34] Specifically, we design
horizontal encodings Ry, 2 R?! 32 512 and vertical en-
codings Ry, 2 R32 1 512 and construct 2D feature maps
fr; 1. 2 R32 32 512 through broadcast addition. Then, a
MHSA module is applied to establish horizontal and verti-
cal dependencies in the spatial domain of the style features,
enhancing semantic consistency and the expression of local
spatial structures.

Feature Fusion Module: To effectively integrate the
content features extracted from the convolutional back-
bone (VGG-19) and the style representations obtained from
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Figure 2. Overview of our proposed framework. Given a content image and the names and paintings of two artists, the model learns to
generate stylized images by minimizing the distance between text and image features of the same artist, while maximizing the distance

between different artists’ styles.
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Figure 3. Our spatial fusion cross-attention module integrates
content features from VGG-19 and style features from the CLIP
encoder. It enhances content via multi-head cross-attention and
learns a spatial attention mask to adaptively balance style and con-
tent contributions at each location, enabling context-aware and
spatially consistent style transfer.
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the CLIP Text Encoder, we propose a Spatial Fusion
Cross-Attention Module (CA-SF), as illustrated in Fig-
ure 3. Given the enhanced content feature map foc 2
RB © H W and the style feature maps fr_=fi, 2
RB C H W e first flatten them into sequences and re-
shape them to RB N € where N = H W. Then, we
apply a multi-head attention mechanism, using the content
features T as the Query, and the style features fr_=F|_ as
both Key and Value. The attention-refined content features
are added back to the original Query through a residual con-
nection, followed by a Feed-Forward Network (FFN) and

Layer Normalization (LayerNorm), resulting in the cross-
attention enhanced feature f,y,. The overall design of this
module follows the Transformer architecture paradigm.

To further enhance spatial-level feature fusion, we in-
troduce a Spatial Attention Subnetwork. This subnet-
work takes the concatenated content features and attention-
enhanced features as input and learns a pixel-wise weight-
ing map to adaptively balance the contribution of content
and style at each spatial location. The final fused feature
map fis is computed as:

fes=A foe+ (1 A) faun (D

where A 2 RB 1 H W jg the learned spatial attention
mask that regulates the fusion ratio between content and
style at each location.

This fusion mechanism not only achieves fine-grained
semantic alignment between content and style, but also in-
troduces spatial adaptivity, thereby maintaining spatial con-
sistency and enhancing the perceptual realism and expres-
sive quality of the generated images.

Decoder Module: Our decoder mirrors the structure of
the encoder and reconstructs the stylized feature f.g into the
final stylized image Is.



Algorithm 1 Adaptive Style Weight Adjustment

Require: Model M, Content image set X
LoadDataset(), Style list S = fg;:::;sv0, pa-
rameters ;

1: if iterations % 2000 == 0 and iterations 6000 then
2:  Save(M)
Mioag Reload(M)
W [1] N
Xbatch RandomsSelect(X;50)
foralls2 S do
F[s] CLIP _Encode(Mgag.generate(¥aicr S))
end for
simstyles top -5 (lower_tri(Similarity _Matrix(F )))

Figure 4. a. t-SNE visualization of stylized image features for
each artist. b. Similarity matrix between stylized image features
of different artists.
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10:  tsnestyles top \-3 (TsneDivergence(F))
11:  forall s 2 sim_styles do

12: W index[s]] +=
3.2. Dynamic Loading Strategy 13- end for
14.  for all s 2 tsne_styles do
15: W [index[s]] +=
16: end for

In the CLIP embedding space, style representations from ;5. raturn W
distinct artists differ signi cantly, aiding rapid learning of ;5. onqif
unique styles. However, similar-style artists (For example,
"artist 2" and "artist 3” represent Claude Monet and Berthe
Morisot, both of whom belong to the French Impressionist
and have similar styles and brushstrokes) produce closely We then compute the pairwise cosine similarity between
clustered embeddings due to shared characteristics, limitdifferent style categories and introduce a stability-aware
ing ne-grained discrimination and slowing training con- penalty term based on the Euclidean distance between their
vergence. To address this, we propose a dynamic loading standard deviation vectors. This helps to avoid misjudging
strategy that adjusts sampling probabilities of style cate- stylistic similarity due to large intra-style feature variations.
gories during training to improve style differentiation. The similarity between two styles and § is measured us-

ing the following joint metric:

Speci cally, after a certain number of training iterations, ) s s

we randomly select m content images from the training set  SIM(Si; §j) = m K s sk (3)

and generate stylized outputs for each of the N learned ' :

style texts. These generated images are passed through

a pre-trained CLIP image encoder to extract their featurewhere is a penalty coef cient that controls the in uence

representations in the CLIP embedding space. For eactof deviation in feature dispersion. The visualized similarity

style category s 2 S, we collect a set of feature vectors matrix is shown in Figure 4b. From the lower triangular part

Fs =ff 1:::::fmQ; where eachf2 R%'2. Based on these  of the similarity matrix, we identify the top N=3 style pairs

features, we compute the mean and standard deviation vecwith the highest similarity scores. The sampling weight of

tors of each style category: these style categories is increased by over the subsequent
2000 training iterations, thereby focusing learning on hard-
to-distinguish styles.

To further quantify the distributional divergence of dif-
ferent style categories in the embedding space, we calculate
a divergence score for each style category based on its vari-
oo ance in a 2D t-SNE projection. Speci cally, for each style
(i 92 (2 category s 2 S, letits set of projected points in the 2D space

e
o<



divergence score of style s is de ned as:

divergencescore(s) = vary +vary;

1 X 5
where vag = — xi x) %
M 4)
_ 1 X 2.
vary = — (i y) =
i=1 Figure 5. Assuming a batch size of N, the model generates 2N

stylized images per iteration, where the rst N images are from

lesinthe X and Y directions. respectively. The divergence the same artist, and the remaining N images are from other artists.
P ! P Y- g Feature vectors v are extracted using the CLIP image encoder. The

score measures the dispers_ion. of a style withiq the t'SNEpositive sample set is de ned as’V= fv 1::::;vy g, and the

space, where lower scores indicate more consistent learfegative sample set as V= v nat @302V 0.

ing, and higher scores re ect instability or under tting. As

illustrated in Figure 4a, styles with greater dispersion tend

to correlate with inferior stylization performance. Based on different styles, we design a cosine similarity-based con-

this analysis, we increase the sampling weights of the toptrastive loss inspired by InfoNCE [26] and SImCLR [3]. As

N=3 most divergent styles by for 2000 iterations, encour- illustrated in Figure 5, in each training iteration, 2N styl-

aging the model to focus on these harder-to-learn patterns.ized samples are generated and their features are extracted
During training, sampling weights are dynamically ad- Vvia the CLIP Image Encoder. The rst N samples belong

wherex andy denote the mean coordinates of the sam-

based embeddings and divergence scores are recalculatethe contrastive positive loss is de ned as:
to update the sampling distribution, ensuring balanced style

representation and facilitating ef cient and robust model LoV = 1 XX log R; ):
convergence.The whole training procedure is summarized po N(N 1) 1 e v
in Algorithm 1. j6=i 5)
. eSWvivj)=
3.3. Loss Function where R = p
- . . DT esvivos 4

Our training framework integrates several loss functions k=1
to jointly optimize global semantic alignment and ne-  where S(; ) denotes cosine similarity, is a tempera-
grained stylization quality: ture coefcient, and is a small constant added to avoid

Directional CLIP Loss: Following the formulations in  nhumerical instability.
[21, 10], we adopt the Directional CLIP loss;}, which Conversely, to suppress similarity between samples from
aligns the direction vector between the stylized image | different style categories, we de ne a negative contrastive
and the target style textsTin the shared CLIP embedding |oss. For each positive sample @ = 1;:::;N), its sim-

space via cosine similarity. This loss guides the semanticijarity to each negative samplg \j = N + 1;:::;2N)
transition of the image towards the target style, facilitating should be minimized. The negative loss is de ned as:
cross-modal semantic alignment between text and image.

PatchCLIP Loss: Although Ly performs well for
global semantic alignment, it lacks the granularity needed _ 1 XX
for accurate local texture and semantic control. To address LnefV) = N2
this limitation, Kwon et al. [21] proposed the PatchCLIP
loss, which enforces consistency between the directional The nal contrastive similarity loss is formulated as:
changes of local image patches and the target style text in

log 1 R i+ (6)
i=1 j=N+1

CLIP space. Additionally, to prevent excessive stylization Lesim(VisVr) = LpodVi) + L nedVi)

in eagily optimized regions, a thr'eshold' rejection mecha- + LposVr)+L negVr) 5 (7)
nism is employed to suppress their gradient responses. We

adopt the PatchCLIP loss design in our framework. where Y and \f denote the stylized features generated

Contrastive Similarity Loss: To encourage aggregation from image-guided and text-guided processes respectively,
of samples within the same style and separation betweerand , are weighting factors. By minimizing leonsim,






