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Abstract

Deep generative models are effective in style transfer. Pre-
vious methods learn one or several specific artist-style from
a collection of artworks. These methods not only homoge-
nize the artist-style of different artworks of the same artist
but also lack generalization for the unseen artists. To solve
these challenges, we propose a double-style transferring mod-
ule (DSTM). It extracts different artist-style and artwork-style
from different artworks (even untrained) and preserves the in-
trinsic diversity between different artworks of the same artist.
DSTM swaps the two styles in the adversarial training and en-
courages realistic image generation given arbitrary style com-
binations. However, learning style from single artwork can
often cause over-adaption to it, resulting in the introduction of
structural features of style image. We further propose an edge
enhancing module (EEM) which derives edge information
from multi-scale and multi-level features to enhance struc-
tural consistency. We broadly evaluate our method across six
large-scale benchmark datasets. Empirical results show that
our method achieves arbitrary artist-style and artwork-style
extraction from a single artwork, and effectively avoids in-
troducing the style image’s structural features. Our method
improves the state-of-the-art deception rate from 58.9% to
67.2% and the average FID from 48.74 to 42.83.

Introduction
Style transfer aims to transfer style from one image to an-
other and preserve structure of target image. Existing meth-
ods learn the style from two perspectives. The first per-
spective is to learn holistic style from a collection of art-
works (Liu et al. 2022), but can only produce one kind of
stylization, homogenizing the artist-style of different art-
works of the same artist (Kotovenko et al. 2019b; Svo-
boda et al. 2020) and lacking generalization for unseen
artists (Chen et al. 2021). While the other is to learn specific
style from a single artwork (Wang et al. 2020; Park et al.
2020; Deng et al. 2022; Jing et al. 2022), but might not rep-
resent the full scope of an artistic style (Sanakoyeu et al.
2018) and over-adapt to the style image (Cai et al. 2021).
Recently, Chen et al. (2021) propose DualAST that learns
both holistic artist-style from a collection of artworks and
specific artwork-style from a single artwork.
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Figure 1: Style transfer results of SwapAE (Park et al. 2020)
and ours. From left column to right: we show the content
images, style images, generated images using SwapAE, and
ours. As shown in the third column, SwapAE mixes the
structure of the content image and the style image.

Though DualAST combines two perspectives, it lacks
generalization and flexibility. It can only learn one artist-
style from a collection of artworks in one network and needs
to retrain a new network for another artist (Chen et al. 2021).

To extract both artist-style and artwork-style more effec-
tively from a single artwork, and realize arbitrary artist-style
extraction sharing the same network instead of training a
new one, we propose a double-style transferring module
(DSTM). Our key idea is to decouple the artist-style and
artwork-style from the features of an artwork, swap them
with those from other images and encourage realistic trans-
ferred image generation given arbitrary style combinations.
Additionally, we use a classification network to classify la-
tent code of artist-style to avoid trivial solutions and encour-
age each artist-style to have spatial diversity distance from
both holistic and specific perspectives.
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However, learning style from a single artwork might cause
over-adaption to the style image and structural inconsistency
of the content image (Cai et al. 2021). Specifically, the gen-
erated image introduces some patches that highly resemble
the style image, resulting in inferior visual quality (Fig. 1).

Motivated by this, we further propose an edge enhancing
module (EEM) to constrain structural consistency in gener-
ated images. In detail, EEM gets the edge information from
multi-scale and multi-level features learned by holistic im-
age training (Xie and Tu 2015). Compared with the high-
frequency domain (Cai et al. 2021) which focuses on the
changing of frequency gradient, EEM pays more attention
to latent features in the neural network (Fig. 3). Besides, as
suggested by Chen et al. (2021), EEM tries to retain only the
key structural features rather than all the details in the con-
tent image by using a soft edge loss, which is more in line
with the goal of style transfer.

Through qualitative and quantitative experiments, our
method achieves arbitrary artist-style and artwork-style ex-
traction from a single artwork sharing the same network,
and increases the state-of-the-art deception rate by 15%.
The artist-style is unique and preserves diversity from both
holistic and specific perspectives . Through photo-realistic
style transfer, we compare several models using different
methods to constrain the structural consistency, such as
Whitened (Yoo et al. 2019)(WCT2), swapping code (Park
et al. 2020)(SwapAE) and frequency domain (Cai et al.
2021)(FDIT). The results show that our method gets state-
of-the-art performance and improves the average FID score
from 48.74 to 42.83.

Extensive experiments demonstrate that our approach is
highly effective, achieving state-of-the-art performance on
six large-scale benchmark datasets. In summary, our main
contributions are as follows:
•We propose a double-style transferring module (DSTM)

to extract both artist-style and artwork-style from a single
artwork, and achieve arbitrary artist-style and artwork-style
transfer without training new networks for new artists.
•We introduce an edge enhancing module (EEM) to pre-

serve structural consistency and avoid mixing the structure
of content and style images.
•We broadly evaluate our approach across six large-scale

datasets with several state-of-the-art style transfer methods.
Quantitative and qualitative evaluation results demonstrate
the improvements in our method are concise and effective.

Related Work
Neural style transfer. Since Gatys, Ecker, and Bethge
(2016) found that the content and style information could
be separated from a single artwork by a pre-trained CNN
model, multiple works have been introduced in this task.
Several recent works try to improve the quality using mod-
ern neural networks (Liu et al. 2022; Jing et al. 2022; Deng
et al. 2022). Previous works concentrate on extracting style
from a single artwork (Huang, Zhang, and Liao 2019; Wang
et al. 2020; Jing et al. 2022). They improve the transfer qual-
ity from different aspects, such as normalization for gener-
alization (Dumoulin, Shlens, and Kudlur 2016; Huang and

Belongie 2017), speed for real-time transferring (Johnson,
Alahi, and Fei-Fei 2016; Li and Wand 2016; Ulyanov et al.
2016), structural consistency for image quality (Li et al.
2017; Yoo et al. 2019; Cai et al. 2021) and novel network
architecture (Deng et al. 2022; Jing et al. 2022).

Recently, Sanakoyeu et al. (2018) argue that learning style
from a single artwork might not represent the full scope of
an artistic style and propose AST to learn artist-style from a
collection of artworks. Followed by this, many methods (Ko-
tovenko et al. 2019a,b; Svoboda et al. 2020) achieve superior
performance, but they still did not achieve satisfying con-
trollable reference-guided stylizations (Chen et al. 2021).
Chen et al. (2021) propose DualAST to solve the above chal-
lenge by learning holistic artist-style (from a collection of
artworks) and specific artwork-style (from a single artwork)
simultaneously. However, DualAST only learns one artist-
style from a collection of artworks and needs to retrain a
new network for different artists. To realize arbitrary artist-
style transfer for even unseen artists and ensure the intrinsic
diversity of different artworks of the same artist, we propose
DSTM. It decomposes the artist-style and artwork-style by
swapping features, and uses the classic artwork-style loss
and artist classification network to ensure correct extraction.

Generative adversarial networks(GAN).GANs (Good-
fellow et al. 2014) have achieved splendid success in many
vision tasks, such as image synthesis (Karras et al. 2020,
2021), photo colorization (Kim et al. 2019; Huang et al.
2022) and semantic image synthesis (Qiao, Hancke, and Lau
2022). Recent works try to explore GAN to style transfer.
Karras, Laine, and Aila (2019) and Karras et al. (2020) adopt
the AdaIN (Huang and Belongie 2017) module for image
style transfer. Park et al. (2020) propose an autoencoder ar-
chitecture that can transfer semantically meaningful struc-
ture. Chen et al. (2021) use GAN to identify the artist-style
from a collection of artworks in DualAST.

However, existing methods that extract style from a sin-
gle artwork might over-adapt to it and lose structural con-
sistency. In other words, they can generate images that
highly resemble the style image (Cai et al. 2021). Ada-
Conv (Chandran et al. 2021) customizes convolution ker-
nels and SPNST (Cheng et al. 2019) uses edge maps. FDIT
constrains the structure features by translating images into
high-frequency domain and Fourier domain. In contrast,
we propose an edge enhancing module to preserve struc-
tural consistency. Different from the high-frequency do-
main, EEM extracts edge information from VGG layers in-
stead of the frequency gradient. We compare the perfor-
mance of preserving structural consistency between EEM
and high-frequency domain, the results show our method
gets better performance.

Method
What is artist-style? Specifically, each artwork of an artist
contains his or her own exclusive artist-style but has differ-
ences and all his or her artworks show common character-
istics. To extract the diverse artist-style in different artwork,
we propose a double-style transferring module (DSTM).

We use an autoencoder (Hinton and Salakhutdinov 2006)
architecture with three discriminators. We take two artworks
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Figure 2: The overview of the proposed double-style transferring module (DSTM) and edge enhancing module (EEM). The key
idea of DSTM is to decompose an artwork into structure, artist-style and artwork-style. We add an artist classification network to
help decompose the artist-style correctly. DSTM swaps the two styles in the adversarial training and encourages realistic image
generation given arbitrary style combinations. EEM gets edge information by deriving multi-scale and multi-level features from
the holistic image, then compares the edge information between the content image and output images.

(x1,x2) as input. The artists of x1 and x2 may be the same
or different. We aim to learn the artist-style and artwork-
style from x2 and transfer them to an output image using the
structure features from x1.

The structure of our framework (Fig. 2) contains two
parts: (1) reconstruction and edge enhancing module (EEM);
(2) artist-style and artwork-style transfer (DSTM).

Accurate and Realistic Reconstruction
The EncoderE decomposes the input images x1,x2 ∼ X ⊂
RH×W×3 into latent space Z. The core objective of the re-
construction part is to reconstruct an artwork with high qual-
ity and accuracy using a reconstruction loss:

Lrec(E,G) = Ex1∼X[||x1 −G(E(x1))||1] (1)

To improve the quality of the reconstruction image and
make them more realistic, we use a discriminator D. The
adversarial loss (Goodfellow et al. 2014) for generator G
and encoder E is calculated as:

LGAN ,rec(E ,G ,D) = Ex1∼X[−log(D(G(E(x1))))] (2)

Decomposable Latent Codes and Double-style
Transferring Module
To achieve arbitrary artist and artwork transfer, we first
divide the latent space Z into three components z =
(zc, zs, za). We swap the components with those from other
images and still produce realistic images with GAN Loss:

LGAN ,swap(E ,G ,D) = Ex1,x2∼X,x1 6=x2

[−(log(D(G(z1c , z
2
s, z

1
a))) + log(D(G(z1c , z

1
s, z

2
a))))]

(3)

where z1c , z
1
s, z

1
a and z2c , z

2
s, z

2
a are structure, artwork-style

and artist-style components of E(x1), E(x2).

As for the artwork-style zs extraction control, similar to
the previous works (Park and Lee 2019; Chen et al. 2021),
we leverage a fixed pre-trained VGG-19 network φ to com-
pute. We formulate the artwork-style loss Ls as:

Ls(E ,G) =

n∑
i=1

||µ(φi(G(z1c , z2s, z1a)))− µ(φi(x2))||2

+

n∑
i=1

||σ(φi(G(z1c , z2s, z1a)))− σ(φi(x2))||2

(4)
Where µ and σ are channel-wise mean and standard devi-
ation, respectively. φi denotes a layer in VGG-19 used to
compute the artwork loss.

We also use a patch co-occurrence discriminator Dstyle

to improve artwork-style transfer performance on small
patches (Park et al. 2020). The loss function of Dstyle is:

LPatch(E ,G ,Dstyle) = Ex1,x2∼X,x1 6=x2

[−log(Dstyle(crop(G(z
1
c , z

2
s, z

1
a)), crop(x

2)))]
(5)

where crop selects a random patch of size 1/8 to 1/4 of the
full image dimension on each side.

To ensure that the artist-style za decomposes correctly
and to avoid trivial solutions, a classification network is used
to classify the artist-style. We add an average pooling layer
before classification to prevent E homogenizing the artist-
style of different artworks of the same artist and preserve
diversity. The loss function of the classification network is:

LCLS,artist(E) = Lce(Cls(P (za)), lartist) (6)
where Cls, P and l represent the classification network, av-
erage pooling layer and label, respectively. Lce represents a
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cross-entropy loss.
Furthermore, we swap latent components z1a, z

2
a and gen-

erate artist-style transferred image G(z1c , z
1
s, z

2
a). An artist

discriminator Dartist ensures that the decoupled artist-style
is used in the generator and the artist-style transferred image
has the correct artist-style. The loss function of Dartist is:

LArtist(E,G,Dartist) = Ex1,x2∼X,x1 6=x2

[−log(Dartist (G(z
1
c , z

1
s, z

2
a)))]

(7)

The total double-style transferring module loss is:

LDSTM = 0.5LGAN,swap + Ls + LPatch

+ LArtist + 0.5LCLS,artist
(8)

Edge Enhancing Module
Since learning style from a single artwork might over-adapt
to it and mix the structure of the content image and style
image (Cai et al. 2021) in Fig. 1 (3rd col), we further pro-
pose an Edge Enhancing Module (EEM) to preserve struc-
tural consistency between content and transferred images.
The structure of EEM is inspired by HED (Xie and Tu
2015), which can learn the edge features from multi-scale
and multi-level, and do the holistic prediction. EEM aims
to get the edge information from the input content image
and three output images (reconstruction y1 = G(z1c , z

1
s, z

1
a),

artwork-style transfer y2 = G(z1c , z
2
s, z

1
a) and artist-style

y3 = G(z1c , z
1
s, z

2
a)). Then, EEM reduces the distance of

edge information between the content image and output im-
ages by enforcing a soft edge loss Legsoft

( Leg1 and Leg2 ):

Leg1 (E ,G) = Ex1,x2∼X,x1 6=x2

1

n

n∑
i=1

||P (EEM(yi))− P (EEM(x1))||22
(9)

where P is an average pooling layer that tries to capture the
key information from the output of EEM. Compared with
typical loss, the soft edge loss is more in line with the goal
of style transfer: preserving key structural information rather
than preserving all structural details (Chen et al. 2021).

In addition, to empower the encoder E and generator G
with the ability to capture and perceive latent structural fea-
tures, respectively, we take only the structural component
zc as the input of G and calculate the soft edge image loss
between the generated image and the edge of content image.
We demonstrate its effectiveness in ablation studies (Tab. 3):

Leg2 (E ,G) =Ex1∼X||P (G(z1c))− P (EEM(x1))||22]
(10)

Notice that recent work (Cai et al. 2021) uses the high-
frequency domain to constrain the structural consistency.
Though the high-frequency domain is similar to edge de-
tection, it pays more attention to the edge information re-
flected by the change of frequency gradient and does not
consider the actual object. We demonstrate the difference
between high-frequency and edge detection in Fig. 3. When
edge color is close to the background color, the edges cannot
be detected clearly in the high-frequency domain.

Original image High-frequency Ours（EEM）

Figure 3: Comparisons of the performance between high fre-
quency domain (kernel size = 21 (Cai et al. 2021)) and our
method from BSDS 500 (Arbelaez et al. 2010). For edge
color that is close to the background color, the edges cannot
be detected clearly in the high-frequency domain.

Overall Training
Our final objective function for the encoder and generator is
Ltotal = Lrec+0.5LGAN,rec+LDSTM +Legsoft

. The de-
tailed implementations of our networks are in the appendix.

Experiments
We conduct extensive experiments and comparisons to eval-
uate our method. First, we show qualitative comparisons of
artwork-style, artist-style and photo-realistic style transfer
results generated by our model and other baselines. Next,
quantitative results are presented. Finally, we conduct abla-
tion studies to validate the effectiveness of each component.

Experimental Setup
Datasets. For artwork-style and artist-style transfer, we use
WikiArt (Karayev et al. 2013) for content and style images.
For photo-realistic style transfer, we evaluate the perfor-
mance of preserving structural consistency on the follow-
ing five large datasets: (1) LSUN Church (Yu et al. 2015),
(2) LSUN Bedrroms (Yu et al. 2015), (3) Flickr Faces HQ
(FFHQ) (Karras, Laine, and Aila 2019), (4) Flickr Waterfalls
(100k self-collected images) (Cai et al. 2021), (5) CelebA-
HQ (Karras et al. 2017). All datasets are at a resolution of
256px in training. Note that in the inference stage, both the
content and style images can be of any size due to the fully
convolutional architecture.

Baselines. For artwork-style and artist-style transfer, we
use Gatys, Ecker, and Bethge (2016), AdaIN (Huang and
Belongie 2017), WCT (Li et al. 2017), Svoboda et al.
(2020), SwapAE (Park et al. 2020) and DualAST (Chen
et al. 2021) as our baselines. Among them Gatys, Ecker,
and Bethge (2016), AdaIN (Huang and Belongie 2017),
WCT (Li et al. 2017), SwapAE (Park et al. 2020) learn
artwork-style from a single artwork, while DualAST (Chen
et al. 2021) and Svoboda et al. (2020) learn artist-style
from a collection of artworks. To validate the performance
of preserving structural consistency on photo-realistic style
transfer, we evaluate our method by comparing with three
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Gatys et al. AdaIN WCT Svoboda et al. SwapAE DualAST Ours

Deception Rate (↑) 0.206 0.065 0.027 0.278 0.336 0.589 0.672
Visual Quality(%) (↑) 0.088 0.068 0.018 0.112 0.188 0.213 0.313
Style Controllability(%) (↑) 0.159 0.112 0.134 0.098 0.089 0.191 0.217

Table 1: The deception rate, visual quality and style controllability for different methods. The best scores are reported in bold.

Different artists Same artist but different artworks

Alfred-sisley
0

1

0

1

Figure 4: Diverse distances of artist-style from different
artists and same artist but different artworks. All artists and
artworks are from test set. The artist-style of unseen art-
works are diverse from holistic and specific perspectives.

state-of-the-art architectures FDIT (Cai et al. 2021), Swa-
pAE (Park et al. 2020), STROTSS (Kolkin, Salavon, and
Shakhnarovich 2019), and three GAN inversion models
StyleGAN3 (Karras et al. 2021), StyleGAN2 (Karras et al.
2020), Im2StyleGAN (Anokhin et al. 2020).

Qualitative Results
To validate the superiority of our method, we compare our
artist-style and artwork-style transfer results with those of
the aforementioned six baselines in Fig. 5. Gatys, Ecker, and
Bethge (2016) may encounter the incorrect local minimum
(rows 2, 5 and 6). AdaIN sometimes introduces the colors
or patterns that do not exist in the style images (rows 1, 4
and 5). WCT struggles in the face of complicated internal
lines in the content images (rows 2, 4 and 5). Svoboda et al.
(2020) only learn the holistic artist-style from the whole art-
work dataset, resulting in uncontrollable stylizations and in-
troducing the holistic color even do not exist in the style im-
age (row 2 and 5). DualAST learns the features of artist-style
but it needs to retrain different networks for different artists.
When the content images with complex structures or simi-
lar overall color, it cannot learn structural features correctly
(rows 1, 5 and 6).

For the artistic-style transfer, take the first row as an exam-
ple, we transfer artist-style of Cézanne to sketch northern re-
naissance (artwork-style) artwork. The outline of transferred
image is thicker and the image is more stereoscopic which
are the characteristics of Cézanne: the outline of an object
is often drawn with thick black lines to make the artwork
deeper and more textured. More details are in the appendix.

In Fig. 7, we show photo-realistic style transfer results
to validate the performance of preserving structural con-
sistency on Church, Bedroom, Waterfalls and FFHQ, com-
pared with StyleGAN3, StyleGAN2, STROTSS, SwapAE

and FDIT. StyleGAN2 generates fuzzy images and loses the
structural details (rows 1, 2 and 3). STROTSS introduces the
noise or albefaction in the corner of images (rows 1 and 3).
SwapAE introduces the structural features of the style im-
ages (row 3). FDIT constrains structure by high-frequency
and Fast Fourier Transform but facing edge color close to
the background, the performance decreases (row 4).

To prove the generalization, we also provide diverse dis-
tances between different unseen artists and the same artist
but different artworks (Fig. 4). The artist-style is diverse and
has spatial distance from holistic and specific perspectives.

Quantitative Results
In this section, we use three quantitative evaluation metrics
for comparison: deception rate, visual quality, and style con-
trollability. We also use FID, LPIPS and user study to test
the performance of constraining structural features on photo-
realistic style transfer. Thus, a total of six evaluation metrics
are used to better evaluate our method in different aspects.

Deception rate. Sanakoyeu et al. (2018) propose it to
quantitatively show the performance of artist-style transfer.
The main idea is to train a VGG-16 to classify which artist
each artwork belongs to. Then the VGG-16 predicts which
artist the transferred image belongs to. Finally, we calculate
the fraction of times that the network predicts correctly as
the deception rate. We test our method and six baselines in
Tab. 1. Our method outperforms other methods and achieves
the highest score, improving it from 58.9% to 67.2%.

User study. Due to the style transfer task being a highly
subjective task, user study is widely adopted in the previous
works (Park et al. 2020; Chen et al. 2021; Liu et al. 2022).
Here we use two user evaluation metrics: visual quality and
style controllability to evaluate the user preference of each
method. We select 20 content and style image pairs as the
input of the above several compared methods, yielding 20
transferred images for each method. We randomly ordered
all the transferred images and show them to participants and
ask them two questions. The first is which image can best
represent the style of the target image while ensuring the
quality of the generated image (Visual Quality). The other is
which image learns the most characteristics from the style
image (Style Controllability). We collect 1000 votes from
50 participants for each question and report the result in the
second row of Tab. 1, where we can see the results obtained
by our method are more popular than those of other methods.

FID. FID (Heusel et al. 2017) measures the distance be-
tween the ground truth image and the feature vector of
the generated image using the InceptionV3 (Szegedy et al.
2016) network. We adopt the FID as the measure of image
quality, the smaller values the better. Our method improves
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Figure 5: Qualitative comparisons. The first column shows the content images from different artists. The second column shows
the style images. The rest columns show the stylization results generated by different baseline models.

FID (↓) LPIPS Reconstruction (↓)

Model Church Waterfalls FFHQ CelebA-HQ Average Church Waterfalls FFHQ CelebA-HQ Average

Im2StyleGAN 219.5 267.25 123.13 70.14 170.01 0.186 0.281 0.174 0.185 0.207
StyleGAN2 57.54 57.46 81.44 56.69 63.28 0.377 0.384 0.215 0.175 0.288
StyleGAN3 55.35 51.25 63.17 42.64 53.10 0.233 0.274 0.140 0.161 0.202
Swap AE 52.34 50.90 59.83 43.47 51.64 0.227 0.238 0.074 0.073 0.153
FDIT 48.21 48.76 55.96 42.02 48.74 0.205 0.242 0.075 0.076 0.140

Ours 42.71 34.52 56.98 37.10 42.83 0.192 0.223 0.078 0.073 0.142

Table 2: Comparison of FID and LPIPS score on four diverse datasets. The best scores are reported in bold.

Which do you think is 
more similar in style?

Which do you think is more 
similar in structure/content?

StyleGAN2

STROTSS

SWAPAE

FDIT

77.0

61.0

56.0

70.1

79.7

57.0

70.7

58.3

Ours

73.3 67.7 StyleGAN3 Pi
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R
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Artwork1 Artwork2 Artist-style transfer Artwork-style transfer

Figure 6: (Left) Human perceptual study on photo-realistic style transfer where we asked participants to choose which image
better reflects the “style” or “content”. Our model is rated best for capturing style and preserving content. (Right) Swapping the
features of artist-style from the same artist but different artworks. The results show each distance of artist-style feature extracted
from the same artist but different artworks through our method are close, and the generated images only have slight differences.
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Figure 7: Photo-realistic style transfer comparison to evaluate the performance of preserving structural consistency. Results
across four diverse benchmark datasets. Our approach generates realistic results and constrains more structural features.

Method
Train time (↓) FID (↓)
(sec/epoch) Church FFHQ

w/o edge detection 16.85 52.34 59.83
w/ Canny detector 17.25 46.75 58.12
w/ FSE 26.24 48.93 58.96
w/o pooling 17.33 42.66 57.02
w/o reconstruction zc 17.28 45.89 57.85

Ours 17.34 42.71 56.98

Table 3: The ablation study on EEM. We compare two meth-
ods: Canny (1986) and FSE (Dollár and Zitnick 2014) with
our method. The performance on w/o average pooling and
w/o reconstruction zc are in the 4th and 5th rows.

the average FID score from 48.74 to 42.83 across five large-
scale benchmark datasets (Tab. 2).

LPIPS. LPIPS (Zhang et al. 2018) is the perceptual simi-
larity of deep features extracted from two generate images
with the same layout. We use LPIPS with a pre-trained
AlexNet (Krizhevsky, Sutskever, and Hinton 2012) to mea-
sure the reconstruction quality between the original and gen-
erated images in Tab. 2. Our reconstructions better preserve
the detailed outline than other baselines.

To summarize, our method preserves structural consis-
tency of content images and reduces the introduction of
structural features in style images. According to the user
study, our method achieves both remarkable visual quality
and satisfying style controllability.

Ablation Studies
Edge enhancing module. Here, we compare the FID and
LPIPS values under different conditions in Tab. 3, includ-
ing using different edge detection methods in EEM, with
and without the average pooling layer, and taking only the
structural component zc as the input of generator G. The
results show that our method strikes a balance by taking
time cost and performance into account. Each component
we used benefits for preserving structural consistency.

Double-style transferring module. To test DSTM fur-
ther, we swap artist-style features of artworks between the
same artist to show whether artist-styles are correctly ex-
tracted from the holistic perspective (Fig. 6).

Conclusion
In this paper, we propose DSTM to solve the challenge that
artist-style extraction lacks generalization for unseen artists.
DSTM swaps the two styles and generates realistic im-
ages given arbitrary style combinations. It extracts different
artist-style and artwork-style from different artwork and pre-
serves the diversity between different artworks of the same
artist. We further propose an EEM to preserve structural con-
sistency by deriving multi-scale and multi-level edge fea-
tures from the holistic image.
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