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ABSTRACT

Arbitrary style transfer aims to render artistic features from a style
reference onto an image while retaining its original content. Pre-
vious methods either focus on learning the holistic style from a
specific artist or extracting instance features from a single artwork.
However, they often fail to apply style elements uniformly across
the entire image and lack adaptation to the style of different art-
works. To solve these issues, our key insight is that the art genre has
better generality and adaptability than the overall features of the
artist. To this end, we propose a Dual-head Genre-instance Trans-
former (DGIT) framework to simultaneously capture the genre and
instance features for arbitrary style transfer. To the best of our
knowledge, this is the first work to integrate the genre features and
instance features to generate a high-quality stylized image. More-
over, we design two contrastive losses to enhance the capability of
the network to capture two style features. Our approach ensures
the uniform distribution of the overall style across the stylized
image while enhancing the details of textures and strokes in local
regions. Qualitative and quantitative evaluations demonstrate that
our approach exhibits its superior performance in terms of visual
qualitative and efficiency.

CCS CONCEPTS

« Applied computing — Fine arts; - Computing methodolo-
gies — Appearance and texture representations.

KEYWORDS

Arbitrary style transfer, dual-head style learning, contrastive learn-
ing

1 INTRODUCTION

If great artworks tell a complete story, the artistic style acts as its
essence, unveiling the thematic core and unique creative perspective
of the composition. The objective of Arbitrary Style Transfer (AST)
is to transfer the style of a reference image to any given image
while preserving its content [9]. Given its great potential in various
practical applications, AST has emerged as a prominent research
area in computer vision, garnering considerable attention to driving
continuous endeavors in both quality and efficiency.

Unpublished working draft. Not for distribution.

Content

[ An Artist J

Figure 1: Learn style representation from different perspec-
tives. (a) Style learning from a specific artist. (b) Style learning
from a single artwork. (c) Style learning from certain artists
and artworks. (d) Our style learning from genres and art-
works.

The primary challenge of AST lies in effectively representing
style and then realistically mapping an image into an artistic ren-
dition. Most existing methods learn style representation using the
following two approaches. The first one is to learn the holistic style
from a specific artist such as Van Gogh. Prior works [14, 18, 21, 41]
have successfully produced high-quality stylized images by treating
each artist’s style as a domain. However, a common limitation ex-
ists: these methods tend to generate only a single type of stylization,
making them less adaptable to different artwork styles, as illustrated
in Fig. 1 (a). The alternative approach is to abstract the style repre-
sentation from a single artwork [3, 6, 25, 26, 37, 38]. Such methods
focus on extracting instance features such as specific brushstrokes
and textures, enabling controllable generation of images. However,
they often struggle to maintain uniform style elements across the
entire image due to limited utilization of comprehensive style in-
formation present in art collections. As mentioned in [18], relying
on a single artwork may not adequately represent the entirety of
an artistic style. This can lead to issues such as local content leaks
and inconsistencies in holistic style, as illustrated in Fig. 1 (b).

Recently, some studies [4, 28, 32] attempt to combine the above
two approaches to achieve a more comprehensive style representa-
tion. Chen et al. propose DualAST [4] to learn the instance features
using a pre-trained VGG-19 [19] and artist’s style features through
GAN-based constraints. Xu et al. introduce DRB-GAN [32], leverag-
ing Dynamic ResBlocks to integrate both artist’s style and instance
features. Wu et al. utilize a DSTM [28] to decouple the artist’s style
and instance style from a single style image and swap them with
those from other images to achieve AST. However, these methods
are constrained by the scope of their training data, with DualAST
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[4] trained on just six artists and DRB-GAN [32] on eleven collected
from WikiArt, limiting their capability for arbitrary style transfer.
As illustrated in Fig. 1 (c), when presented with an unseen artistic
style, the resulting stylized image may exhibit local distortions,
compromising the content structure.

In this paper, we propose a novel insight that the art genre of-
fers greater generality and adaptability compared to the overall
features of individual artists. The genre encompasses distinctive
visual elements, techniques, and methods, often corresponding to
an art movement or school, such as Baroque, Expressionism, or Im-
pressionism. We recognize that an artist’s style in the genre evolves
significantly over time. For example, Van Gogh’s early artwork
"Papa Tanguy" shows Ukiyo-e influences, whereas "Starry Night"
embodies Post-Impressionism. These genre differences highlight
that even the artworks by the same artist can vary significantly in
painting technique and style. To this end, we propose the dual-head
genre-instance transformer (DGiT) framework to enable highly
effective AST. Specifically, DGIiT consists of a content encoder,
a dual-head style encoder, and a style transformer decoder. The
dual-head style encoder has two heads, a genre-wise head and an
instance-wise head, to simultaneously capture the genre features
and instance features. The genre-wise head is designed to capture
the common features of the art genre such as the overall feeling,
while the instance-wise head is utilized to capture the unique fea-
tures like colors, texture, and brushstrokes of the artwork. We de-
sign an effective style transformer decoder to progressively migrate
them to obtain the final style representation. Different from [6, 35]
based on ViT, our method not only learns two style representations
but also accelerates convergence by the designed style transformer
decoder. As shown in Fig. 1 (d), our approach can ensure the style
elements are uniformly and coherently applied across the entire
image while successfully preserving the overall outline and texture
details of the content image.

Furthermore, we introduced two special contrastive losses, namely
genre contrastive loss and instance contrastive loss, to enhance the
effectiveness of our model. Specifically, the genre contrastive loss
treats artworks from the same genre as positive examples and those
from different genres as negative, thereby facilitating the learning
of holistic genre styles within the same genre. On the other hand,
the instance contrastive loss randomly selects positive-negative
patch pairs within a single style image and other distinct style
images. Unlike existing methods [17, 26, 38, 39] that process the
entire image as an anchor to identify overall differences between
various artworks, our instance contrastive loss focuses on the tex-
ture details and brushstrokes at any spatial location within the
style image. Unlike the patch-methods [17, 23, 33] which considers
the relationship between the stylized image and the source im-
age, we consider the relationship between a single artwork and
other artworks. This contrastive strategy enables the instance-wise
head to identify the unique style variations in each image. Our
contributions are summarized as follows:

e We propose a dual-head genre-instance transformer (DGiT)
framework to simultaneously capture the genre and instance
features for achieving arbitrary style transfer. To the best of
our knowledge, this is the first work in AST to propose the
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combination of the genre-wise and instance-wise features
to generate high-quality stylized images.

e Two contrastive losses are introduced to encourage DGIT to
capture two style representations, which can strengthen the
model’s ability of preserving more texture details and the
holistic style of the artwork.

o Experimental results show that our approach can achieve the
best style performance regarding visual quality. The model
allows the style elements to be uniformly and coherently
applied across the stylized image, improving the robustness
of content-style inputs.

2 RELATED WORK
2.1 Arbitrary Style Transfer

Since the introduction of adaptive instance normalization for achiev-
ing AST in [9], there have been numerous advancements in this
area. Some methods [14, 18, 21, 41] focus on learning the holistic
style from a specific artist such as Van Gogh. For instance, Svoboda
et al. proposed a two-stage model [21] for stylized imaging with
enhanced content geometry flexibility, while Zhang et al. created
ArtBank [41] to learn artists’ style type by guiding pre-trained large-
scale models. Nevertheless, these methods only learn the style type
of a limited number of artists and are unable to achieve AST. To ad-
dress this issue, most existing methods [1, 3, 6, 13, 26, 31, 34, 37, 38]
adopt the other perspective to learn the style representation from
a single artwork. For example, StyTr2 [6], as a transformer-based
approach, mitigates biased content representation in style transfer
by accounting for the long-range dependencies in input images.
A novel dynamic style kernel [31] performs learning spatial adap-
tation capabilities to achieve per-pixel stylization. Recently, some
advanced methods [15, 37] studies on diffusion models to improve
the quality of the stylized image. InST [37] learns the artistic style
directly based on the inversion method and DiffuselT [15] employes
a pre-trained ViT model to guide the generation process of DDPM
models [8]. Despite these progresses, they fail to apply style el-
ements uniformly due to the limited use of comprehensive style
information from art collections. Several studies [4, 28, 32] attempt
to merge the two perspectives to achieve a more effective style rep-
resentation. DualAST [4] utilizes a fixed pre-trained VGG-19 [19] to
learn instance features and incorporates multiple artist’s style fea-
tures via GAN constraints. DRB-GAN [32] integrates both artist’s
style and instance features using Dynamic ResBlocks. However, the
limited artist style type constrains the flexibility and generalization
of arbitrary style transfer.

Unlike the above methods, we focus on the art genre features
which have better generality and adaptability than the holistic
features of the artist. Our method can learn simultaneously the
holistic genre features and specific artworks’ instance features, to
achieve high quality and flexible stylized results in AST.

2.2 Contrastive Learning for Style Transfer

With the rise of contrastive learning, many studies [2, 23, 26, 29,
33, 38, 40] have investigated contrastive learning in style trans-
fer tasks. Inspired by CUT [17], IEST [17] calculates the feature
statistics (mean and standard deviation) as style priors, and con-
fines the calculation of contrastive loss to the generated outputs.
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Figure 2: Overview pipeline of our DGiT framework. We split the content image I and style image I; into patches, and obtained
the responding features F; and F; by transformer encoders. A dual-head style encoder simultaneously extract the genre feature
Fgen and instance feature Fj,s from the style features Fs. A style transformer decoder then progressively fuse the content
sequence according to two style representations Fge, and Fi,s. The genre contrastive loss L, and instance contrastive loss
Lins are utilized to guide the dual-head style encoder to learn the related style features.
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Figure 3: Style transformer decoder includes AdaIN, multi-
head attention, feed-forward network, and layer normaliza-
tion. We first fuse the content feature F, with the instance
feature F;,5 and then fuse it with the genre features Fyep,.

CLAST [23] employs a similar form to quantify the color and style
differences between the generated results and the style reference
image. ZeCon [33] effectively preserves the content information
in a zero-shot manner by leveraging the patch-wise contrastive
loss [17]. Unlike the above patch-based methods, CAST [38] uses
extracted holistic style features by the pre-trained VGG-19 layers
to compute contrastive loss between images. UCAST [39] further
uses an adaptive temperature mechanism to control the proportion
of penalties between the positive and negative samples. CCPL [29]

introduces contrastive learning for video style transfer by consider-
ing the frame-wise patch differences. MicroAST [26] constructs the
stylized image with other style images as positive/negative pairs
to enhance the capability of the style encoder. CSACT [40] adopts
the Gram matrix as a style representation in contrastive learning
to capture more style information.

In this paper, we adopt supervised contrastive learning [11] to
learn the common features of the art genre. An instance contrastive
loss is designed to capture the instance features of the style image.
Compared with [26, 27, 38] which uses the full image as the sample,
our instance contrastive loss focuses on the texture details and
brushstrokes at any spatial location within the same artwork.

3 METHOD

In this section, we will introduce our Dual-head Genre-instance
Transformer (DGiT) framework for arbitrary style transfer. We first
present the overall pipeline of our DGIT framework, followed by the
dual-head style encoder, style transformer decoder, and contrastive
learning strategy in detail.

3.1 Overall Framework

Given a content image I and a style image Is, we aim to synthesize
an image I; that has the style pattern of I; while maintaining the
content structure of I.. We propose a dual-head genre-instance
transformer (DGiT) which can simultaneously learn the genre and
instance features from the style image and then migrate the content
and style representations into the stylized image. Compared with
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[4, 28, 32] which capture the artist-style and artwork-style represen-
tations, our method ensures that style features are consistently and
coherently distributed across the image, effectively maintaining the
content image’s main outline and texture specifics.

The overall framework is illustrated in Fig. 2. Our DGIiT consists
of three key components: content encoder, dual-head style encoder,
and style transformer decoder. We first extract the content features
F. and style feature Fs via the transformer encoder, followed by the
genre-wise head and instance-wise head to extract the genre fea-
tures Fyen, and instance features Fi,s. Then, we employ a designed
style transformer decoder to stylize the content feature according
to two style representations. Finally, we obtain the final stylized
image I; by using an upsampling decoder. To encourage the model
to extract the style features effectively, we design two contrastive
losses, genre contrastive loss and instance contrastive loss, to guide
the dual-head encoder to obtain discriminative genre features and
unique instance features. During the training process, the genre
labels are provided to the genre-wise head to supervise the learning
process. In the test, we can generate the stylized image using the
trained model without the genre label.

3.2 Dual-head Style Encoder

The dual-head style encoder consists of a genre-wise head and an
instance-wise head. The genre-wise head is designed to capture the
common features of the art genre such as the overall feeling, while
the instance-wise head is utilized to capture the unique features
like colors, texture, and brushstrokes of the artwork.

Specifically, we split a style image Iy € RT*WX3 into patches
and map these input patches by using trainable linear projection
to obtain a sequence of patch embeddings in the shape of L x C.
Here, L = ﬁé% represents the sequence length, C and m denote
the embedding dimension and the patch size, respectively. Similarly
to Str2 [6], these feature sequences are fed into the transformer
encoder [7] to capture more refined feature sequences Fs. Finally,
F; is fed into the genre-wise head and instance-wise head to further
capture the genre and instance features. Two heads have the same
structure but independent parameters. Each head consists of a
multi-head self-attention module and a feed-forward network. The
multi-head self-attention module can be formulated as:

MHA(Q, K, V) = [heady, . . ., head,]W©,

head; = Att(QW2, KWK, vwY),

T
Att(Q, K, V) = softmax (QI; V),
k

WiQ, Wl.K , and WI.V are the learnable projection matrices. wo is
the output projection matrix. di. is the dimension of the key. The
genre-wise head is described as follows:

Fg,en = MHA(Fs, Fs, Fs) + Fs

Fygen = FEN(F} o) + Fjep,
We apply the layer normalized after the attention block. Similarly,
the style sequence Fs follows the same calculation after being fed
into the instance-wise head. In Section 3.4, we optimize the model by

minimizing genre contrastive loss and instance contrastive loss to
guide the dual-head encoder to learn genres and instance features.

Anonymous Authors

3.3 Style Transformer Decoder

Some existing methods [6, 34, 35] utilize ViT model, which exhibits
slow convergence in training procedure due to a large number of
parameters [22]. In contrast, we adopt AdaIN [9] combined with
multi-head self-attention to alleviate computational cost and ac-
celerate convergence. The more detailed of the style transformer
decoder is shown in Fig. 3.

Specifically, we input the content sequence F. and the instance-
specific sequence Fjns into AdaIN [9] layer. This process can be
formulated as follows:

Fe — p(Fins)

A’ = AdaIN(Fg, Fins) = 0(Fins) ( o(Fe)
c

) + ll(Fins): (1)
where p(-) and o(-) denote the mean and standard deviation of
the input tensor, respectively. The obtained A’ is then fed into a
multi-head self-attention module to obtain the intermediate repre-
sentation as follows:

f. = MHA(A", A", A') + F,

ns

fins = FFN(AdaIN(f;-/nS, Fins)) + lens @)

Subsequently, we merge the genre features Fye,, with the ob-
tained intermediate representation across N layers to generate the
final output F¢s via the similar processes in (2). Finally, the output
feature sequence Fe; is fed into three layers CNN decoder to obtain
the stylized image I;. Each layer includes two 3 X 3 convolutional
layers, a ReLU layer, and an upsample layer.

Analysis: As we have two style heads, an immediate challenge
is encountered for the decoder design, that is, how to reasonably
integrate content and style features to obtain the final stylized
image. A reasonable approach is to first merge instance features
with content features to preserve texture details in the stylized
image. Then, applying genre characteristics ensures uniform and
coherent application of style elements across the entire image. We
also analyze different fusion strategies in detail in Section 4.3.

3.4 Style Contrastive Learning

3.4.1 Genre Contrastive Loss. To encourage the genre-wise head to
capture the common features of the art genre, we propose a genre
contrastive loss as an implicit measurement to capture the genre-
wise features effectively. It is well known that artworks in the same
art genre share notable similarities in their use of color, line styles,
and compositional techniques, while those from different genres
exhibit significant differences. Hence, we classify style images from
identical genres as positive examples and those from varying gen-
res as negative examples, and design a genre contrastive loss for
capturing the holistic discriminative genre style features.
Specifically, for a set of N randomly sampled sample/lable pairs
{xi,yi}, where i € I = {1,... N} be the index of the sample within
the batch. Let A(i) = I\{i} be the index set of all samples except
i. We define fyen = {zi}fil € RNXdXC 45 the output of the genre-
wise head. We randomly choose z; as the anchor, P(i) = {p €
A(J) : yi = yp} as the index set of all positive samples, and |P(i)|
is its cardinality. We take A(i)\P(j) as the index set of all negative
samples. The Lgep, is designed to maximize the similarity between
the anchor and positive samples while minimizing the similarity
between the anchor and negative samples. The genre contrastive
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(c) Our instance contrastive loss.

Figure 4: Illustration of contrastive loss designs in AST methods: (a) CAST [38] distinguishes between images by different
artworks in general; (b) MicroAST [26] focuses solely on the relationship between the stylized image and its corresponding
style image; (c) Our proposed instance contrastive loss exploit the texture details and brushstrokes across the arbitrary spatial

locations of the style image.

loss is formulated as:

1 1 exp(Z; - £p /1)
LI o 1 P
R DI TrTED IS ey N

iel peP(i)

where Z = fj(z) is the nomalized output from the genre-wise head,
- symbol denotes the innder product and 7 € R* is a temperature
parameter. The function fi(-) is a multi-layer projection that con-
sists of two fully connected layers, to project the features into a
lz-normalized space.

3.4.2  Instance Contrastive Loss. To assist the instance-wise head in
extracting the instance features, we design an instance contrastive
loss to focus on the texture details and brushstrokes of the artwork.
Some existing methods [26, 38, 39] leverage contrastive learning
to enhance the network’s proficiency in extracting style represen-
tations. As shown in Fig. 4, CAST [38] employs the style image
I and its augmented version I{ as positive samples, with other N
style images serving as negative samples. MicroAST [26] selects
the stylized image I¢s, as the anchor, assigning its associated style
image 5, as a positive sample, and regarding other style images
as negative samples. These methods process the entire image as
an anchor to identify overall differences between various artworks.
In contrastive, our instance contrastive loss focuses on the local
textures and unique features at any spatial location within the style
image. Different from patch-methods [17, 23] which considers the
relationship between the stylized image and the source image, our
loss can better assist the instance-wise head to extract the instance
features by considering the relationship between a single artwork
and other artworks.

We randomly select patches from the same style image as positive
samples and patches from other style images as negative samples.
This contrastive strategy enables the instance-wise head to focus
on the distinct style variations in each artwork. In particular, we
defined a set of Fis = {ui}f\il € RVXAXC a5 the output feature of
the instance-specific head. We randomly sample a pair of patches,
iy € R™€ and mif € R™° on v; as positive sample while negative
samples {m} } je a(;) are sampled from the remaining N —1 images,
maintaining the same shape as ;. Here, n denotes the number of

the patch pixels.

exp(m; - mf)/t

N
Lins=—) lo S - = - .
; &\ exp (i - M)/ T+ Ljea) exp(ii - m7)/t

©

where i = fa(m) is the nomalized output from the genre-wise
head and f;(+) is a multi-layer projection layer following the same
structure of fi(-).

3.5 Network Training

To preserve the original content structures and reference style
patterns, we employ content perceptual loss to quantify differences
between the generated image I; and the content image I¢, and style
perceptual loss to measure the difference from the style reference
Is to the generated image I;.

We use feature maps extracted by a pre-trained VGG-19 [20] to
calculate two losses. The content loss can be described as follows

1 &
Le=g PN LACARTAEA] IS 5)
i=0

where ¢;(+) indicates the features map which is captured from the
i-th layer of the VGG-19. Nj denotes the number of layers. The style
perceptual loss L can be described as follows

Ni
£o= 5 D Ibildg) - WGl
1=0
+lo($i(1g) — o)l

We also adopt our two contrastive objectives to learn genre-wise
and instance-specific features from the style image. Hence, the total
training objective function is formulated as

L=ALe+ALs+ Agen»ﬁgen + Ains Lins. (7)

where the hyperparameters Ac, As, Agen, and Ajps are utilized to
fine-tune the loss balance during the training.

(6)

4 EXPERIMENTS

4.1 Experiment settitngs

We utilize MS-COCO [16] and WikiArt [10] datasets as content
and style images for the training process, where WikiArt dataset
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0.4156/0.9970 0.6585/4.9285 0.4322/1.4091 0.4296/1.7286 0.5032/1.5551 0.4957/2.2483 0.4727/3.6149 0.7154/2.0772
(a) Content (b) Style (c) Ours (d) DiffuselT (e) Str2 (f) MicroAST (g) CAST (h) Svoboda et al (i) ArtBank (j) DualAST

Figure 5: Qualitative comparisons. From the left to right: DiffuselIT [5], Str2 [6], MicroAST [26], CAST [38], Svoboda et al. [21],
ArtBank [41], DualAST [4]. The scores are content/style losses. Red indicates the best score, blue is the second best.

Table 1: Quantitative comparison. Red indicates the best score, blue is the second one.

Methods | Ours | DiffuselT [5] | Str2 [6] | MicroAST [26] | CAST [38] | Svoboda et al. [21] | ArtBank [41] | DualAST [4]

SSIM T 0.5849 0.2487 0.5547 0.5420 0.2143 0.2652 0.3261 0.4783

LPIPS | 0.4946 1.9687 0.5321 0.5232 0.6847 0.5839 1.2076 0.6672

Style Loss | 0.5714 3.0719 0.6845 1.2302 1.1829 2.0416 3.8581 1.3476

Content Loss | 0.9731 3.0312 1.1218 1.0986 1.0609 2.3811 2.6591 1.6407

Style Pref.(%) T 27.44 2.52 23.64 14.08 13.8 5.2 1.56 11.76

Content Pref.(%) T || 26.48 2.72 15.72 17.56 17.12 4.4 3.88 12.12

Overall Pref.(%) T || 28.56 2.04 23.12 13.4 14.36 3.52 1.04 13.96
encompasses 28 artistic genres such as Impressionism, Ukiyo-e, training set, and the test images remain unlabeled. The training
Abstraction, etc. We utilize the Pikip dataset [38] as our testing image is first resized to the dimension of 512 X 512 before being
dataset. Note that there is no overlap between this dataset and our randomly cropped to 256 X 256 as inputs. The overall framework is
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in parallel

Figure 6: Ablation results. (d)-(f) illustrate the different model configurations, respectively. (g) and (h) shows the results for

different fusion strategies.

implemented by Pytorch. We utilize Adam [12] as the optimization
solver and the learning rate is 5e~# using the warm-up adjustment
strategy [30]. The network is trained for 160K with a batch size of
6. The loss weights are chosen as A5 = 10, Ac = 7, Agen = 5, Aips = 1.
Our model can support any image resolution in the testing phase.
All training experiments are developed on two NVIDIA RTX A5000
GPUs, and the testing data are developed on a single NVIDIA RTX
A5000 GPU. More details are shown in the supplementary.

4.2 Comparing with State-of-the-Art Methods

We conduct comparison experiments with state-of-the-art algo-
rithms on style transfer, including DiffuselIT [5], Str2 [6], MicroAST
[26], CAST [38], Svoboda et al.[21], ArtBank [41], DualAST [4].
Among them, DiffuseIT [5], Str2 [6], MicroAST [26], CAST [38]
learn the style representation from a single image, while Svoboda et
al.[21], ArtBank [41] learn the style feature of the artist. DualAST
[4] considers the both style of the artist and artworks. We evaluate
the performance of these methods in terms of both qualitative and
quantitative aspects. In the evaluation of all methods, we ensure a
fair comparison by employing publicly available code and adhering
to the default configurations provided for testing.

4.2.1 Qualitative Evaluation. To evaluate the superiority of our
method, we compare our results with the seven methods above in
Fig. 5. DiffuseIT [5], Str2 [6], MicroAST [26], CAST [38] learn the
style representation from a single artwork. However, DiffuselT [5]
is unstable and tends to generate unrelated content structures (e.g.
2nd, 4th, and 5th rows). Str2 [6] and CAST [38] exist the problem of
content leaks when the content image with complex structure (e.g.
4th, 5th, and 6th rows). MicroAST [26] often suffers from blurred
and visual artifacts (e.g. 2nd, 3rd, and 4th rows). Svoboda et al. [21]
and ArtBank [41] only capture the overall style of artists, limiting
their ability to handle unseen artists and maintain style consistency
with reference style images. As shown in (h) and (i), most results
generated by the two methods lose the diversity of the style pattern.
DualAST [4] considers the style of both artists and artworks, but
the generated images often fail to capture the detailed texture and
brushstrokes of the style image (e.g. 1st, 3rd, and 4th rows).

Table 2: Quantitative comparison on ablation study. Red in-
dicates the best score.

Methods H SSIM T ‘ LPIPS | ‘ Style Loss | ‘ Content Loss |
w/o dual-head 0.4321 0.6174 1.1761 1.3502
w genre-wise head 0.4973 | 0.5480 0.8154 1.1332
w instance-wise head 0.5301 | 0.5274 0.6568 1.2412
genre+instance 0.5638 | 0.5321 0.7363 1.1063
instance&genre in parallel | 0.1201 | 0.7478 5.8871 1.7432
full model 0.5849 0.4946 0.5714 0.9731

Benefiting from dual-head style encoder, compared with Diffu-
selT [5], Str2 [6], MicroAST [26], and CAST [38], our approach
can capture both vivid local stroke characteristics and the overall
appearance, while maintaining the content’s structural integrity.
Even when the content image contains complex structures, our
method effectively transfers the rich texture of the style image
to the stylized image while preserving its structural integrity. For
example, as shown in the 1st-3rd row of Fig. 5, we can achieve the
highest score in terms of content and style loss. It indicates our
ability to capture a holistic similar style pattern and achieve reason-
able texture mapping with the reference style image. In rows 4 to 6,
our method transfers the color and texture of the style image to the
stylized image while maintaining the structural consistency of the
content image. In contrast to Svoboda et al. [21], ArtBank [41], and
DualAST [4], we generate more diverse and vivid stylized images
across content-style pairs from different artists and artworks.

4.2.2  Quantitative Evaluation. Table 1 shows the quantitative com-
parison with the above methods. We generated 10,125 stylized
images by randomly selecting 75 content images and 135 style im-
ages. We calculate the SSIM [24] to assess the stylization quality
with respect to content preservation. LPIPS loss [36] is adopted
to measure the content fidelity between the content image and
stylized images. Additionally, we evaluate the generated image’s
consistency in style and content with respect to the style and con-
tent references using style and content loss, respectively. As we can
observe in Table 1, our method obtains better scores in all metrics. It
indicates that our method exhibits superior capability in preserving
both finer details and content affinity.
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Figure 8: Visualization of style interpolation.

4.2.3  User Study. We compare our method with recent state-of-
the-art methods to measure which method can generate reasonable
images that are most accepted by humans. The users in our study
include 25 males and 25 females, spanning the age range from 16
to 60. For each user, we randomly select 50 content-style pairs
and present stylized results by our method and other methods
in a randomized order. We ask users to evaluate results from the
following three aspects: (i) which result exhibits superior style
patterns. (ii) which result preserves the content structures more
effectively, and (iii) which stylization result appears more natural
and reasonable. Finally, we collected 2,500 votes from 50 users. We
report the percentage of votes for each method in Table. 1. Our
method receives significantly higher preferences in terms of content
preservation, natural appearance and style consistency.

4.3 Ablation Study

4.3.1 Analysis effective of dual-head style encoder. We conduct an
ablation study to evaluate the effectiveness of the dual-head encoder.
From Fig. 6 (d) to (f), it illustrates the different model configurations
without the dual-head style encoder, with only the genre-wise
head and only the instance-specific head, respectively. We observe
that the model in (d) generates images with less vivid texture and
brushstrokes, and the style patterns are not fully transferred to the
stylized image. We observe that the model in (d) generates images
with less vivid texture and brushstrokes, and the style patterns are
not fully transferred to the stylized image. In (e), the model might
overlook the holistic style characteristics of artworks, leading to

Anonymous Authors

content leakage and inconsistent local style textures. In (f), the
model concentrates solely on local textural details and disregards
the global style pattern, resulting in less appealing stylization with
noticeable artifacts. The full model in (c) with the dual-head style
encoder preserves the style consistency of the overall image and
maintains the local detailed texture and specific brushstrokes of
the artworks. The quantitative results are shown in Table 2.

4.3.2  Different fusion strategies. We conducted ablation studies
on different fusion strategies in the style transformer decoder. The
genre-wise head is designed to capture common features of the
art genre, including overall feelings such as global compositional
elements and general textural patterns common to the same art
genre. The instance-wise head is utilized to capture the unique
features of the artwork, such as colors, textures, and brushstrokes
of the specific artwork. To enhance the generality of the model, we
first fuse instance features with content features to preserve texture
details for the stylized image, and then apply genre characteristics
to ensure that style elements are uniformly and coherently applied
across the entire image. As shown in Fig. 6 (c), the stylized image of
our model exhibits the nature and vivid texture of the style image
while keeping the content structure. In contrast, if the opposite
fusion strategy is adopted, as shown in Fig. 6 (g), the prominence of
individual style features might be somewhat subdued by the earlier
emphasis on genre features. In addition, we replace the merge with
the fusion strategy such as the parallel and sum operation. The
results are shown in Fig. 6 (h), and the merge strategy is extensively
corrupted, indicating a failure in model optimization.

4.4 Robustness Analysis

4.4.1 Content-Style Trade-off. The content-style trade-off aims to
adjust the stylization intensity by changing the weight parameter
a. When « is increased to 1, we achieve complete stylization. As
illustrated in Fig. 7, we produce a group of images showcasing
gradual changes in style intensity. Our method can generate a wide
range of stylization effects by adjusting « parameter, allowing users
to customize the stylization intensity according to their preferences.

4.4.2 Style Interpolation. The style interpolation allows for inter-
polating multiple distinct style patterns into one generated image.
We show the generated results under our method with different
interpolations as exhibited in Fig. 8. Our method flexibly handles
the interpolation between multiple styles. Users can combine vari-
ous styles based on their preferences, resulting in personalized and
diverse outcomes that cater to their individual needs.

5 CONCLUSION AND FUTURE WORK

In this paper, we propose a dual-head genre-instance transformer
(DGIT) framework to simultaneously learn the genre and instance
features from the artworks. Moreover, we propose two contrastive
losses to enhance the ability of each head to extract the corre-
sponding style. Our method not only generates detailed texture
and specific brushstrokes but also ensures that style elements are
uniformly and coherently applied across the stylized image. Exten-
sive experiments demonstrate that our method can achieve the best
style performance regarding visual quality. In the future, we will
explore the application to the video-style transfer task.

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Dual-head Genre-instance Transformer Network for Arbitrary Style Transfer

REFERENCES

[1] Jie An, Siyu Huang, Yibing Song, Dejing Dou, Wei Liu, and Jiebo Luo. 2021.

[2

3

[14

[15

[16

[17

(18

[19

[20

[21

[22

[

=

)

]

]

]

]
]

]

Artflow: Unbiased image style transfer via reversible neural flows. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 862-871.
Haibo Chen, Zhizhong Wang, Huiming Zhang, Zhiwen Zuo, Ailin Li, Wei Xing,
Dongming Lu, et al. 2021. Artistic style transfer with internal-external learning
and contrastive learning. Advances in Neural Information Processing Systems 34
(2021), 26561-26573.

Haibo Chen, Lei Zhao, Jun Li, and Jian Yang. 2023. TSSAT: Two-Stage Statistics-
Aware Transformation for Artistic Style Transfer. In Proceedings of the 31st ACM
International Conference on Multimedia. 6878-6887.

Haibo Chen, Lei Zhao, Zhizhong Wang, Huiming Zhang, Zhiwen Zuo, Ailin Li,
Wei Xing, and Dongming Lu. 2021. Dualast: Dual style-learning networks for
artistic style transfer. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition. 872-881.

Guillaume Couairon, Jakob Verbeek, Holger Schwenk, and Matthieu Cord. 2022.
Diffedit: Diffusion-based semantic image editing with mask guidance. arXiv
preprint arXiv:2210.11427 (2022).

Yingying Deng, Fan Tang, Weiming Dong, Chongyang Ma, Xingjia Pan, Lei Wang,
and Changsheng Xu. 2022. Stytr2: Image style transfer with transformers. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
11326-11336.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xi-
aohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg
Heigold, Sylvain Gelly, et al. 2020. An Image is Worth 16x16 Words: Trans-
formers for Image Recognition at Scale. In International Conference on Learning
Representations.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020. Denoising diffusion probabilistic
models. Advances in neural information processing systems 33 (2020), 6840-6851.
Xun Huang and Serge Belongie. 2017. Arbitrary style transfer in real-time
with adaptive instance normalization. In Proceedings of the IEEE international
conference on computer vision. 1501-1510.

Sergey Karayev, Matthew Trentacoste, Helen Han, Aseem Agarwala, Trevor
Darrell, Aaron Hertzmann, and Holger Winnemoeller. 2014. Recognizing Image
Style. In Proceedings of the British Machine Vision Conference. BMVA Press.
Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong Tian, Phillip
Isola, Aaron Maschinot, Ce Liu, and Dilip Krishnan. 2020. Supervised contrastive
learning. Advances in neural information processing systems 33 (2020), 18661—
18673.

Diederik P Kingma and Jimmy Ba. 2014. Adam: A method for stochastic opti-
mization. arXiv preprint arXiv:1412.6980 (2014).

Xiaoyu Kong, Yingying Deng, Fan Tang, Weiming Dong, Chongyang Ma, Yongy-
ong Chen, Zhenyu He, and Changsheng Xu. 2023. Exploring the temporal con-
sistency of arbitrary style transfer: A channelwise perspective. IEEE Transactions
on Neural Networks and Learning Systems (2023).

Dmytro Kotovenko, Artsiom Sanakoyeu, Sabine Lang, and Bjorn Ommer. 2019.
Content and style disentanglement for artistic style transfer. In Proceedings of
the IEEE/CVF international conference on computer vision. 4422-4431.

Gihyun Kwon and Jong Chul Ye. 2023. Diffusion-based Image Translation using
disentangled style and content representation. In The Eleventh International
Conference on Learning Representations, ICLR 2023. The International Conference
on Learning Representations.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva
Ramanan, Piotr Dollar, and C Lawrence Zitnick. 2014. Microsoft coco: Common
objects in context. In Computer Vision—ECCV 2014: 13th European Conference,
Zurich, Switzerland, September 6-12, 2014, Proceedings, Part V 13. Springer, 740—
755.

Taesung Park, Alexei A Efros, Richard Zhang, and Jun-Yan Zhu. 2020. Contrastive
learning for unpaired image-to-image translation. In Computer Vision—ECCV 2020:
16th European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part IX
16. Springer, 319-345.

Artsiom Sanakoyeu, Dmytro Kotovenko, Sabine Lang, and Bjorn Ommer. 2018.
A style-aware content loss for real-time hd style transfer. In proceedings of the
European conference on computer vision (ECCV). 698-714.

Karen Simonyan and Andrew Zisserman. 2014. Very deep convolutional networks
for large-scale image recognition. arXiv preprint arXiv:1409.1556 (2014).

K Simonyan and A Zisserman. 2015. Very deep convolutional networks for
large-scale image recognition. In 3rd International Conference on Learning Repre-
sentations (ICLR 2015). Computational and Biological Learning Society.

Jan Svoboda, Asha Anoosheh, Christian Osendorfer, and Jonathan Masci. 2020.
Two-stage peer-regularized feature recombination for arbitrary image style trans-
fer. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 13816-13825.

Hao Tang, Songhua Liu, Tianwei Lin, Shaoli Huang, Fu Li, Dongliang He, and
Xinchao Wang. 2023. Master: Meta Style Transformer for Controllable Zero-Shot
and Few-Shot Artistic Style Transfer. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 18329-18338.

(23]

[24]

[25

[26

[27

(28]

[29

[31

[32

[33

[34

@
2

[36

[37

'@
&

[39

[40

[41

ACM MM, 2024, Melbourne, Australia

Xinhao Wang, Wenjing Wang, Shuai Yang, and Jiaying Liu. 2022. CLAST: Con-
trastive Learning for Arbitrary Style Transfer. IEEE Transactions on Image Pro-
cessing 31 (2022), 6761-6772.

Zhou Wang, Alan C Bovik, Hamid R Sheikh, and Eero P Simoncelli. 2004. Image
quality assessment: from error visibility to structural similarity. IEEE transactions
on image processing 13, 4 (2004), 600-612.

Zhizhong Wang, Zhanjie Zhang, Lei Zhao, Zhiwen Zuo, Ailin Li, Wei Xing,
and Dongming Lu. 2022. AesUST: towards aesthetic-enhanced universal style
transfer. In Proceedings of the 30th ACM International Conference on Multimedia.
1095-1106.

Zhizhong Wang, Lei Zhao, Zhiwen Zuo, Ailin Li, Haibo Chen, Wei Xing, and
Dongming Lu. 2023. MicroAST: towards super-fast ultra-resolution arbitrary
style transfer. In Proceedings of the AAAI Conference on Artificial Intelligence,
Vol. 37. 2742-2750.

Haiyan Wu, Yanyun Qu, Shaohui Lin, Jian Zhou, Ruizhi Qiao, Zhizhong Zhang,
Yuan Xie, and Lizhuang Ma. 2021. Contrastive learning for compact single image
dehazing. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 10551-10560.

Jingyu Wu, Lefan Hou, Zejian Li, Jun Liao, Li Liu, and Lingyun Sun. 2023. Pre-
serving structural consistency in arbitrary artist and artwork style transfer. In
Proceedings of the AAAI Conference on Artificial Intelligence, Vol. 37. 2830-2838.
Zijie Wu, Zhen Zhu, Junping Du, and Xiang Bai. 2022. CCPL: contrastive co-
herence preserving loss for versatile style transfer. In European Conference on
Computer Vision. Springer, 189-206.

Ruibin Xiong, Yunchang Yang, Di He, Kai Zheng, Shuxin Zheng, Chen Xing,
Huishuai Zhang, Yanyan Lan, Liwei Wang, and Tieyan Liu. 2020. On layer
normalization in the transformer architecture. In International Conference on
Machine Learning. PMLR, 10524-10533.

Wenju Xu, Chengjiang Long, and Yongwei Nie. 2023. Learning Dynamic Style
Kernels for Artistic Style Transfer. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 10083-10092.

Wenju Xu, Chengjiang Long, Ruisheng Wang, and Guanghui Wang. 2021. Drb-
gan: A dynamic resblock generative adversarial network for artistic style transfer.
In Proceedings of the IEEE/CVF international conference on computer vision. 6383~
6392.

Serin Yang, Hyunmin Hwang, and Jong Chul Ye. 2023. Zero-shot contrastive loss
for text-guided diffusion image style transfer. arXiv preprint arXiv:2303.08622
(2023).

Chiyu Zhang, Zaiyan Dai, Peng Cao, and Jun Yang. 2023. Edge Enhanced Image
Style Transfer via Transformers. In Proceedings of the 2023 ACM International
Conference on Multimedia Retrieval. 105-114.

Chiyu Zhang, Xiaogang Xu, Lei Wang, Zaiyan Dai, and Jun Yang. 2024. S2wat:
Image style transfer via hierarchical vision transformer using strips window
attention. In Proceedings of the AAAI Conference on Artificial Intelligence, Vol. 38.
7024-7032.

Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shechtman, and Oliver Wang.
2018. The unreasonable effectiveness of deep features as a perceptual metric.
In Proceedings of the IEEE conference on computer vision and pattern recognition.
586-595.

Yuxin Zhang, Nisha Huang, Fan Tang, Haibin Huang, Chongyang Ma, Weiming
Dong, and Changsheng Xu. 2023. Inversion-based style transfer with diffusion
models. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 10146-10156.

Yuxin Zhang, Fan Tang, Weiming Dong, Haibin Huang, Chongyang Ma, Tong-Yee
Lee, and Changsheng Xu. 2022. Domain enhanced arbitrary image style transfer
via contrastive learning. In ACM SIGGRAPH 2022 Conference Proceedings. 1-8.
Yuxin Zhang, Fan Tang, Weiming Dong, Haibin Huang, Chongyang Ma, Tong-Yee
Lee, and Changsheng Xu. 2023. A unified arbitrary style transfer framework via
adaptive contrastive learning. ACM Transactions on Graphics 42, 5 (2023), 1-16.
Yugi Zhang, Yingjie Tian, and Junjie Hou. 2023. CSAST: Content self-supervised
and style contrastive learning for arbitrary style transfer. Neural Networks 164
(2023), 146-155.

Zhanjie Zhang, Quanwei Zhang, Wei Xing, Guangyuan Li, Lei Zhao, Jiakai Sun,
Zehua Lan, Junsheng Luan, Yiling Huang, and Huaizhong Lin. 2024. ArtBank:
Artistic Style Transfer with Pre-trained Diffusion Model and Implicit Style Prompt
Bank. In Proceedings of the AAAI Conference on Artificial Intelligence, Vol. 38. 7396—
7404.

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044



	Abstract
	1 Introduction
	2 Related Work
	2.1 Arbitrary Style Transfer
	2.2 Contrastive Learning for Style Transfer

	3 Method
	3.1 Overall Framework
	3.2 Dual-head Style Encoder
	3.3 Style Transformer Decoder
	3.4 Style Contrastive Learning
	3.5 Network Training

	4 Experiments
	4.1 Experiment settitngs
	4.2 Comparing with State-of-the-Art Methods
	4.3 Ablation Study
	4.4 Robustness Analysis

	5 Conclusion and future work
	References

