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Figure 1: Style transfer results using our method, which can robustly and effectively handle various painting styles. The input
content image is in the top-left corner and the style reference is shown as the inset for each result. Our method can faithfully
capture the style of each painting and generate a result with a unique artistic visual appearance. Style image credits: {(b) Henri
Edmond Cross, (c) Vasily Kandinsky, (d) Michele Marieschi, (¢) Claude Monet, (h) Richard Parkes Bonington, (i) Utagawa
Hiroshige, (k) Paul Cezanne}/The Art Institute of Chicago (CCO0), (f) Vincent van Gogh/National Gallery of Art (CCO0).

ABSTRACT

In this work, we tackle the challenging problem of arbitrary image
style transfer using a novel style feature representation learning
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method. A suitable style representation, as a key component in
image stylization tasks, is essential to achieve satisfactory results.
Existing deep neural network based approaches achieve reasonable
results with the guidance from second-order statistics such as
Gram matrix of content features. However, they do not leverage
sufficient style information, which results in artifacts such as local
distortions and style inconsistency. To address these issues, we
propose to learn style representation directly from image features
instead of their second-order statistics, by analyzing the similarities
and differences between multiple styles and considering the style
distribution. Specifically, we present Contrastive Arbitrary Style
Transfer (CAST), which is a new style representation learning and
style transfer method via contrastive learning. Our framework


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3528233.3530736

SIGGRAPH '22 Conference Proceedings, August 7-11, 2022, Vancouver, BC, Canada

consists of three key components, i.e., a multi-layer style projec-
tor for style code encoding, a domain enhancement module for
effective learning of style distribution, and a generative network
for image style transfer. We conduct qualitative and quantitative
evaluations comprehensively to demonstrate that our approach
achieves significantly better results compared to those obtained
via state-of-the-art methods. Code and models are available at
https://github.com/zyxElsa/CAST_pytorch.
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1 INTRODUCTION

If a picture is worth a thousand words, then an artwork tells the
whole story. Art styles, which describe the way the artwork looks,
are the manner in which the artist portrays his or her subject matter
and how the artist expresses his or her vision. Style is determined
by the characteristics that describe the artwork, such as the way the
artist employs form, color, and composition. Artistic style transfer,
as an efficient way to create a new painting by combining the
content of a natural images and the style of an existing painting
image, is a major research topic in computer graphics and computer
vision [Jing et al. 2020b; Liao et al. 2017], with style representation
as the most important issue.

Since Gatys et al. [2016] proposed to use Gram matrix as artistic
style representation, high-quality visual results are generated by
advanced neural style transfer networks. Despite the remarkable
progress made in the field of arbitrary image style transfer, the
second-order feature statistics (Gram matrix or mean/variance)
style representation has restricted the further development and
application. As shown in Figure 1, the appearances of different
artwork styles vary considerably in terms of not only the colors
and local textures but also the layouts and compositions. Figures 2d
and 2e show the results of two recently proposed state-of-the-art
style transfer approaches. We obverse that aligning the distributions
of neural activation between images using second-order statistics
results in difficulty to capture the color distribution or the special
layouts, or imitate specific detailed brush effects of different styles.

In this paper, we revisit the core problem for neural style transfer,
that is, the proper artistic style representation. The widely used
second-order statistics as a global style descriptor can distinguish
styles to some extent, but they are not the optimal way to represent
styles. By second-order statistics, arbitrary stylization formulates
styles through artificially designed image features and loss func-
tions in a heuristic manner. In other words, the network learns
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Figure 2: Compared with AdaAttnN [Liu et al. 2021b] and
IEST [Chen et al. 2021a] which rely on second-order sta-
tistics, our method can faithfully transfer styles while en-
suring structural consistency with the content images. Style
image (1%t row) credit: Claude Monet/AIC (CCO).

to fit the second-order statistics of the style image and generated
image, instead of the style itself. Exploring the relationship and
distribution of styles directly from artistic images instead of using
pre-defined style representations is worthwhile.

Toward this end, we propose to improve arbitrary style transfer
with a novel style representation by contrastive learning-based
optimization. Our key insight is that a person without artistic
knowledge has difficulty defining the style if only one artistic
image is given, but identifying the difference between different
styles is relatively easy. Specifically, we present a novel Contrastive
Arbitrary Style Transfer (CAST) framework for image style repre-
sentation and style transfer. CAST consists of a backbone based on
an encoder-transformation-decoder structure, a multi-layer style
projector (MSP) module, and a domain enhancement (DE) module.
We introduce contrastive learning to consider the positive and
negative relationships between styles, and we use DE to learn the
distribution of overall art image domains. To capture the style
features at various scales, our MSP module projects the features of
each layer of the style image to the corresponding style encoding
space. Our contribution can be summarized as follows:

We propose an MSP module for style encoding and a novel

CAST model for encoder-transformation-decoder-based arbitrary

style transfer without using the second-order statistics as style

representations.

We introduce contrastive learning and domain enhancement

by considering the relationships between positive and negative

examples as well as the global distribution of styles, which solves
the problem that existing style transfer models cannot fully utilize

a large amount of style information.

Experiments show that our method achieves state-of-the-art style

transfer results in terms of visual quality. A challenging subjective

survey was conducted, as inspired by the Turing test, to show
that output of CAST could mislead participants from telling the
fake painting images from real ones.

2 RELATED WORK

Image style transfer. Traditional style transfer methods such as
stroke-based rendering [Fiser et al. 2016] and image filtering [Wang
et al. 2004] typically use low-level hand-crafted features. Gatys

Y. Zhang, F. Tang, W. Dong, H. Huang, C. Ma, T.-Y. Lee, and C. Xu


https://github.com/zyxElsa/CAST_pytorch
https://doi.org/10.1145/3528233.3530736
https://doi.org/10.1145/3528233.3530736

Domain Enhanced Arbitrary Image Style Transfer via Contrastive Learning

SIGGRAPH ‘22 Conference Proceedings, August 7 11, 2022, Vancouver, BC, Canada

Figure 3: CAST consists of an encoder-transformation-decoder-based generator G, a multi-layer style projector (MSP) module,

and a domain enhancement module. We rst generate images

lcs and Isc from the contentimage Ic and the style image |s using

the generator. Then, I¢s and Is are fed into the MSP module to generate the corresponding style code zand 2, which will be
used as positive samples in the style contrastive learning process. The style codes z of other artistic images in the style bank
will be used as negative samples. We compute a contrastive style loss LS ... based on these style codes. DE module is based
on the adversarial loss L 54y and the cycle consistency loss L ¢yc. Style image credit: Giovanni Battista Piranesi/AIC (CCO).

et al. [2016] and the follow-up variants [Gatys et &017; Kolkin

et al 2019] demonstrate that the statistical distribution of features
extracted from pre-trained deep convolutional neural networks
can capture style patterns e ectively. Although the results are

score calculation. GAN-based methods [Kotovenko e@ll9a,b;
Sanakoyeu et aP018a; Svoboda et &020; Zhu et al2017] have
been successfully used in collection style transfer, which considers
style images in a collection as a domain [Chen et2021b; Lin et al

remarkable, these methods formulate the task as a complex op- 2021; Xu et al. 2021].

timization problem, which leads to high computational cost. Some
recent approaches rely on a learnable neural network to match the
statistical information in feature space for e ciency. Per-style-per-
model methods [Gao et a2020; Johnson et.&016; Puy and Pérez
2019] train a speci ¢ network for each individual style. Multiple-
style-per-model methods [Chen et.&017; Dumoulin et ak017;

Contrastive learningContrastive learning has been used in many
applications, such as image dehazing [Wu et2021b], context pre-
diction [Santa Cruz et aR019], geometric prediction [Liu et £2019]
and image translation. Contrastive learning is introduced in image
translation to preserve the content of the input [Han et @021] and

Ulyanov et al2016; Zhang and Dana 2018] represent multiple styles reduce mode collapse [Jeong and Shin 2021; Kang and Park 2020; Liu

using one single model.

Arbitrary style transfer methods [Deng et a2022, 2020; Li et al
2017; Svoboda et.&020; Wu et al2021a] build more exible
feed-forward architectures to handle an arbitrary style using a
uni ed model. AdalN [Huang and Belongie 2017] and DIN [Jing
et al 2020a] directly align the overall statistics of content features
with the statistics of style features and adopt conditional instance
normalization. However, dynamic generation of a ne parameters
in the instance normalization layer may cause distortion artifacts.

etal 2021a]. CUT [Park et a2020] proposes patch-wise contrastive
learning by cropping input and output images into patches and
maximizing the mutual information between patches. Following
CUT, TUNIT [Baek et al2021] adopts contrastive learning on
images with similar semantic structures. However, the semantic
similarity assumption does not hold for arbitrary style transfer
tasks, which leads the learned style representations to a signi cant
performance drop. IEST [Chen et.&1021a] applies contrastive
learning to image style transfer based on feature statistics (mean and

Instead, several methods follow the encoder-decoder manner, where standard deviation) as style priors. The contrastive loss is calculated

feature transformation and/or fusion is introduced into an auto-

only within the generated results. Contrastive learning in IEST is

encoder-based framework. For example, Li et al. [2019] learn a cross-an auxiliary method to associate stylized images sharing the same

domain feature linear transformation matrix (LST) to enable uni-

style, and the ability comes from the feature statistics from pre-

versal style transfer and generate the desired stylization results by trained VGG. Di erently, we introduce contrastive learning for
decoding from the transformed features. Park et al. [2019] introduce  style representation by proposing a novel framework that uses

SANetto exibly match the semantically nearest style features onto

visual features comprehensively to represent style for the task of

the content features. Deng et al. [2021] propose MCCNet to fuse arbitrary image style transfer.

exemplar style features and input content features by multi-channel
correlation for e cient style transfer. An et al. [2021] propose
reversible neural ows and an unbiased feature transfer module
(ArtFlow) to prevent content leak during universal style transfer. Liu
et al. [2021b] present an adaptive attention normalization module
(AdaAttN) to consider both shallow and deep features for attention

3 METHOD

As shown in Figure 3, our framework consists of three key compo-
nents: (1) a multi-layer style projector which is trained to project
features of artistic image into style code; (2) a contrastive style
learning module which is applied to guide both the training of the
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