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Abstract Vision Transformer has shown impressive performance on the image classification tasks. Observing that most

existing visual style transfer (VST) algorithms are based on the texture-biased convolution neural network (CNN), here

raises the question of whether the shape-biased Vision Transformer can perform style transfer as CNN. In this work, we

focus on comparing and analyzing the shape bias between CNN- and transformer-based models from the view of VST

tasks. For comprehensive comparisons, we propose three kinds of transformer-based visual style transfer (Tr-VST) methods

(Tr-NST for optimization-based VST, Tr-WCT for reconstruction-based VST and Tr-AdaIN for perceptual-based VST). By

engaging three mainstream VST methods in the transformer pipeline, we show that transformer-based models pre-trained

on ImageNet are not proper for style transfer methods. Due to the strong shape bias of the transformer-based models,

these Tr-VST methods cannot render style patterns. We further analyze the shape bias by considering the influence of the

learned parameters and the structure design. Results prove that with proper style supervision, the transformer can learn

similar texture-biased features as CNN does. With the reduced shape bias in the transformer encoder, Tr-VST methods can

generate higher-quality results compared with state-of-the-art VST methods.
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1 Introduction

Visual style transfer (VST) refers to the task

which renders given visual media into the desired style

while preserving its content structure. Since Gatys

et al. [1] proposed the Gram matrix based style mea-

surement, researchers have been focusing on perform-

ing style transfer with a convolutional neural network

(CNN) in an end-to-end manner. Optimization-based

or feed-forward approaches are two kinds of main-

stream VST approaches focusing on directly stylizing

input visual media without involving specific domain

knowledge of arts. Optimization-based methods [1, 2]

achieve style transfer in an iterative optimization

process. These methods can produce high-quality

images but are computationally expensive due to

the direct backward on image pixels. Feed-forward

approaches [3–6] focus on arbitrary or universal style

transfer using an encoder-decoder pipeline to generate

the visual media with remarkable quality for different

styles. Feed-forward methods can be further divided

into two categories according to the training strat-

egy, perceptual-based methods [3, 6] and reconstruction-

based methods [4]. These VST methods are based on
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features extracted from CNN, which is pre-trained on

image classification tasks.

Recently, Transformer [7] has provided an alterna-

tive architecture for CNN in the research field of visual

media computing. Researchers adopted the sequence-

to-sequence architecture in the field of visual me-

dia computing. Represented by Vision Transformer

(ViT) [8], transformer-based models outperform CNN-

based models in various CV tasks [9–12]. The success

of the transformer has heightened the need for clearing

the properties of the transformer. Overall, researchers

consider the difference between the ViT and the CNN

backbone caused by the long-range dependencies and

the local-receptive field. In-depth comparisons [13, 14]

pointed out that CNN is texture-biased while Vision

Transformer is shape-biased, as shown in Figs.1(a) and

1(c).

(b)(a) (c)

(e)(d) (f)

Fig. 1. Visual comparisons for CNN- and transformer-based
structures. (a) Content. (b) VGG CAM [15]. (c) ViT CAM.
(d) Style. (e) AdaIN [3]. (f) Tr-AdaIN.

Tuli et al. [13] compared CNN and the transformer

on the view of human vision similarity. By measuring

and analyzing the error consistency for different net-

works, they found that in contrast to CNN, the trans-

former behaves with a higher shape bias and is largely

closer to human vision. Their experiments showed that

the transformer could maintain the accuracy and in-

crease the shape bias when fine-tuned on augmented

data, whereas CNN drops performance simultaneously.

Naseer et al. [14] studied the shape and texture bias

of the transformer and CNN. They also pointed out

that the strong shape bias leads the transformer to per-

form better than CNN and is comparable to humans on

shape recognition. Besides, they found that the shape

bias makes the transformer more robust towards do-

main shifts.

However, all these conclusions are made upon im-

age classification tasks. Few studies have investigated

comparisons between CNN and the transformer on gen-

erative tasks, such as style transfer. Shape and tex-

ture, corresponding to content and style, respectively,

are considered to be the basic constituent elements in

the VST process. From the class activation map (CAM,

Figs.1(b) and 1(c)), we can observe that the pre-trained

ViT prefers to make predictions based on the integral

shape, whereas the VGG focuses on the local patch,

showing that ViT has a more substantial shape bias

than CNN. As shown in Figs.1(e) and 1(f), when using

similar configurations for the transfer module, different

types of backbones lead to different VST results.

To figure out the cause of shape bias in Vision

Transformer, we attempt to engage the architecture

into typical VST algorithms (NST [1], AdaIN [3], and

WCT [4]). These three VST algorithms represent the

current mainstream style transfer pipelines: NST rep-

resents optimization-based style transfer, AdaIN repre-

sents perceptual-based style transfer, and WCT repre-

sents reconstruction-based style transfer. By visiting

the following fundamental problem which is central to

both VST and the research field of computational visual

media, we open up the study: is the shape bias of Vision

Transformer from the model parameters or the struc-

ture? Researchers widely hold the point that different

structures lead to different results. Comparing the re-

sults of the transformer-based VST and CNN-bsed VST

approaches, we find that the typical VST approaches do

not work well on the transformer structure. However,

by further controlling the training configuration of the

Vision Transformer encoder, we prove that the same

structure may generate different results when the model

parameters are different. Overall, we conduct prelimi-

nary comparisons among CNN- and transformer-based

VST approaches, which may throw new light upon the

research field of deep structure based approaches. Our

contributions are summarized as follows.

•We engage three typical VST approaches with the

transformer by proposing Tr-NST, Tr-AdaIN, and Tr-

WCT. Results show that pre-trained ViTs are invalid

for performing mainstream style transfer methods due

to the shape bias.

• We demonstrate that the shape bias can be re-

duced by training with proper supervision. ViTs can

be capable to capture style strokes and patterns, which

leads the models towards the texture bias instead of the

shape bias.

• We discuss the influence of basic transformer
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modules such as position encoding and upsampling

way for transformer-based VST tasks and demonstrate

that SPE [7] and MLP (Multilayer Perceptron) are not

proper for transformer-based VST.

2 Related Work

2.1 Neural Style Transfer

Style transfer [16] is a long-standing task in the im-

age process field. Gatys et al. [1] opened up the neu-

ral style transfer area, introducing the style represen-

tation by computing the Gram matrix upon deep fea-

tures extracted by convolution neural networks. John-

son et al. [17] and Ulyanov et al. [18] trained a single

feed-forward network to transfer the specific style to

arbitrary content and achieved a faster inference speed

than directly optimizing pixels. But these models

need to be trained from scratch to render a new style.

Li et al. [4] proposed the whiting and coloring trans-

formation, namely WCT, for arbitrary style transfer.

Huang and Belongie [3] introduced the adaptive instance

normalization, namely AdaIN, which performs normali-

zation on content features with mean-variance statis-

tics from style features. Most recently, An et al. [19]

proposed ArtFlow based on reversible neural flow, alle-

viating the content leak phenomenon. Although recent

developments [5, 6, 20–23] in the field of style transfer have

made outstanding achievements towards the arbitrary

style and high quality, these style transfer models are

still almost based on deep features from CNN. In this

paper, we propose to perform style transfer with Vision

Transformer [8].

2.2 Visual Transformer

Transformer [7] is proposed for machine translation

tasks and has achieved the SoTA performance in vari-

ous NLP tasks. Transformer-based models can process

long-range dependencies and aggregate the information

from all the tokens by utilizing attention mechanisms.

Inspired by the success of transformer-based models

in the NLP field, there have been many attempts to

adapt the transformer architecture to computer vision

tasks. Chen et al. [24] introduced a sequence trans-

former pre-trained to auto-regressively predict pixels.

Proposed by Dosovitskiy et al. [8], Vision Transformer

(ViT) has achieved the SoTA performance on image

classification tasks and outperforms CNN-based ap-

proaches. With a pure transformer architecture, ViT

processes image patches as tokens instead of pixels.

In addition to the image classification task, the trans-

former has been used to solve various computer vision

tasks [25], such as object detection [9], segmentation [26],

image processing [27–29], image generation [11, 30] and 3D

computer vision [12]. In this paper, we investigate the

ability of Vision Transformer to represent style informa-

tion and preserve the content structure by performing

style transfer with Vision Transformer [8].

2.3 Comparative Study of CNN and Visual

Transformer

Analyses of CNN have been proposed a lot due to

its high performance in visual tasks. Following the

breakthrough of the transformer in the computer vi-

sion field, there are studies paying attention to the

horizontal comparison between CNN and the visual

transformer. Cordonnier et al. [31] proved that self-

attention layers could express any convolutional layer

when given sufficient heads. Besides, they observed

that fully-attentional models could act as CNN-based

models where the kernel pattern is learned simultane-

ously as the filter. Tuli et al. [13] explored that Vision

Transformer has a higher shape bias than CNN for im-

age classification tasks. They concluded that attention

models focus on the important part of the image for

the given task and these models can neglect the noisy

background to make predictions. Naseer et al. [14] got

similar conclusions with Tuli. They analyzed the pro-

perty of ViT and found that the transformer is more

biased towards the shape than CNN. The shape-biased

structure makes the transformer highly robust to severe

occlusions, perturbations, and domain shifts for the im-

age classification task. All of the above studies [13, 14,31]

on comparing the transformer and CNN explore essen-

tial properties for the image classification tasks without

considering the effect on generative studies. In this pa-

per, we are mainly concerned with the properties of

transformer for generative tasks by horizontally com-

paring and analyzing transformers and CNN.

3 Transformer-Based VST

3.1 Formulations

Given a content image Ic ∈ RH×W×3 and a style

image Is ∈ RH×W×3, where H stands for height and

W for width, our goal is to render the style from Is to

Ic for generating stylized results Ics ∈ RH×W×3. We

split the input content image Ic and the style image Is
into patches, and then feed these patches into a linear
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projection layer to obtain sequence tokens Ec and Es

with the shape of L × C, where L = H×W
m×m refers to

the number of tokens, m refers to the patch size and C

refers to the token’s feature dimension. For any given

image, we can obtain its corresponding sequence tokens

E after the linear projection layer.

Before being fed into transformer encoder blocks,

the sequence tokens can be added with an optional

positional embedding. We adopt sinusoidal position

embedding (SPE) [7] and learnable position embedding

(LPE) [8] as alternative position encoding methods.

Given the input position index pos, SPE can be cal-

culated as:

SPE(pos, 2× idx) = sin(
pos

10 0002×idx/C
),

SPE(pos, 2× idx+ 1) = cos(
pos

10 0002×idx/C
),

where pos is the token position in the sequence and idx

is the index of the token dimension. LPE has the same

shape as sequence tokens E, which can also be added to

the tokens to retain the positional information. Given a

sequence of tokens E added with optional position em-

bedding, each encoder block can be denoted in Fig.2(a).

The multi-head self-attention can be calculated as:

MultiHeadAttention(Q,K,V )

= Concat(head1(Q,K,V ), ..., headh(Q,K,V ))W o,

where headi = Attention(QW q
i ,KW

k
i ,VW

v
i ), i =

{1, · · · , h}, h refers to the number of attention heads,

Q,K,Q ∈ RH×W×3 are input query, key and value em-

bedding for attention input, respectively, W q
i ∈ RC×C ,

W k
i ∈ RC×C , W v

i ∈ RC×C and W o
i ∈ RC×C are learn-

able parameters for projections, and Attention(·) refers

to the attention operation introduced in [7]. The com-

plete transformer encoder block can be formulated as:

X = MultiHeadAttention(Ei,Ei,Ei) +Ei,

X ′ = FFN(X) +X,

where FFN(·) refers to the feed-forward network, i =

{1, · · · , Nl} is the layer index, Nl is the number of

blocks, and Ei is the i-th layer’s sequence token.

Similarly, each decoder block (as shown in Fig.3)

can be formulated as:

Y = MultiHeadAttention(Ej ,Ej ,Ej) +Ej ,

Y ′ = MultiHeadAttention(Y ,Z,Z) + Y ,

Y ′′ = FFN(Y ′) + Y ′,

where Z refers to the encoded sequence tokens from

the transformer encoder when reconstructing images or

Tr-AdaIN and Tr-WCT when performing style trans-

fer, j = 1, ..., Nl is the layer index, and Ej is the j-th

layer’s sequence token. We apply the layer normali-

zation in the way of Pre-LN [32].

3.2 Tr-NST

We follow Gatys et al. [1] to perform optimization-

based style transfer by proposing Tr-NST. As shown

in Fig.2(b), instead of extracting features from a pre-

trained VGG [33], we utilize the transformer encoder

features to compute the transformer-based perceptual

loss. Generally, the feature sizes from different levels

lΤ

Embedded
Patches

MLP

Norm

Norm

Multi-Head
Attention

Transformer Encoder

Linear Projection

Position 
Embedding

Transformer Encoder Block

Transformer Decoder Block

Tr-AdaIN/Tr-WCT

Up-Sampling Decoder

Linear Projection

Position
Embedding

Transformer Decoder Block lΤ

(l-1)Τ

lΤ
lΤ

IS
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ICS

ICS
IC

IC

(b)(a) (c)

Fig.2. Model architectures for the three proposed transformer-based VST approaches. (a) Encoder block. (b) Tr-NST. (c) Tr-
AdaIN/Tr-WCT. l× means l times, and (l − 1)× means (l − 1) times.
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are the same for the specific input. The content per-

ceptual loss based on transformer features is defined as:

Lc =
1

Nl × CL

Nl∑
i=0

‖re(φi(Ecs))− re(φi(Ec))‖2,

where re(·) is used to reshape E into the shape of

C × H
m ×

W
m and φi(·) denotes the features extracted

from the i-th level transformer encoder block. Simi-

larly, we define the style perceptual loss based on the

transformer feature as:

Ls =
1

Nl × CL

Nl∑
i=0

‖G(φi(Ics))−G(φi(Ic))‖2,

whereG(·) ∈ RC×C denotes the feature’s Gram matrix,

which is defined as:

G(E) =
∑

ETE.

The total perceptual loss based on the transformer fea-

ture is defined as:

L = Lc + λLs, (1)

where λ is a weight for balancing two losses. We opti-

mize an image Ics ∈ RH×W×3 using L where Lc and Ls

are computed with pairs (Ic, Ics) and (Is, Ics), respec-

tively. In our experiments, we use features extracted

from the last five blocks in the ViT.
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Fig.3. Transformer decoder block.

3.3 Tr-WCT

To perform arbitrary style transfer with the trans-

former, we add an additional transformer decoder for

the style and content representation coupling and re-

construction. The decoder shares the same data shape

as the encoder. The transformer decoder block has been

introduced in Subsection 3.1 in detail. We propose Tr-

WCT by engaging whitening and coloring transform

(WCT) into the transformer encoder-decoder structure.

Following the single-level WCT [4], we also perform

WCT in the feature space. Given the content sequence

embedding Ec and the style embedding Es, we first

normalize Ec to be zero-centered and then obtain the

whitened content feature Êc by:

Êc = EcD
− 1

2
c ET

c Ec,

where Dc is a diagonal matrix with the eigenvalues of

the covariance matrix EcE
T
c ∈ RC×C , and Ec is the

corresponding orthogonal matrix of eigenvectors, sati-

sfying EcE
T
c = EcDcE

T
c . After zore-centering Es, the

colored feature Êcs can be obtained by performing col-

oring transform, which is defined as:

Êcs = EsD
− 1

2
s ET

s Êc,

where Ds is a diagonal matrix with the eigenvalues of

the covariance matrix EsE
T
s ∈ RC×C , and Es is the

corresponding orthogonal matrix of eigenvectors. Fi-

nally, Êcs is re-centered by adding the mean vector ms

of the style:

Êcs = Êcs +ms.

Then Êcs is fed into the transformer decoder to obtain

the stylized image. When trained with a pre-trained

ViT for reconstructing an input image, we use the pixel

reconstruction loss [34]:

Lrec = ‖Io − Ii‖22 ,

where Ii and Io are the input image and the reconstruc-

tion output, respectively. When retraining the whole

auto-encoder with the strategy introduced in Subsec-

tion 4.3, we use the perceptual loss introduced in Sub-

section 3.2 to alleviate the shape bias.

3.4 Tr-AdaIN

Another mainstream arbitrary style transfer

method is adaptive instance normalization (AdaIN) [3].
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We propose Tr-AdaIN by replacing the Tr-WCT trans-

form with AdaIN and retaining the decoder architec-

ture. Given the content feature Ec and the style feature

Es, the output stylized feature Ecs from AdaIN is com-

puted as Ecs = AdaIN(Ec,Es) = σEs
(
Ec−µEc

σEc
)+µEs

,

where σEc
, µEc

, σEs
and µEs

refer to the dimension-

wise variance and mean of Ec and Es, respectively.

The detailed comparison against AdaIN and Tr-AdaIN

is also illustrated in Fig.4.

For the model optimization, we use an additional

pre-trained VGG [33] to support matching the mean and

the variance of VGG features. The content loss is de-

fined as Lc = 1
Nl

∑Nl

i=0 ‖(Φi(Ecs))− (Φi(Ec))‖2, where

Φ(·) denotes the output feature of the VGG relu layer.

The style loss is defined as:

Ls =
1

Nl

Nl∑
i=0

‖µ(Φi(Ics))− µ(Φi(Is))‖2 +

Nl∑
i=0

‖σ(Φi(Ics))− σ(Φi(Is))‖2,

where µ(·) denotes the mean of features, and σ(·) de-

notes the variance of features.

L = Lc + λLs. (2)

In our experiments, we use the relu1 1, relu2 1, relu3 1,

relu4 1 and relu5 1 layers of the pre-trained VGG-19.

4 Experiments

4.1 Setup

Datasets. We use MSCOCO [35] and WikiArt [36] as

the content and style dataset respectively. During the

training stage, each image is resized to 512 × 512 and

then randomly cropped into 256× 256 by default. The

image can be any size during the test stage.

Implementation Details. We use two NVIDIA RTX

3090 cards 1○ to train our model using the Adam

optimizer [37] with a learning rate at 5× 10−4. For Tr-

AdaIN and Tr-WCT, the model is trained for 160 000

iterations. The warmup strategy is used during the first
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Fig.4. (a) AdaIN [3]. (b) Tr-AdaIN. For AdaIN, C′ refers to the channel number of CNN features; for Tr-AdaIN, C refers to the
feature dimension of tokens.

1○https://www.nvidia.com/en-us/geforce/graphics-cards/30-series/rtx-3090-3090ti/, Apr. 2022.
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10 000 iterations. For Tr-NST, Ics is trained for 4 000

iterations. We use λ = 1 in (1) and (2) for percep-

tual loss; for the decoder training in Tr-WCT, we use a

single-pixel reconstruction loss. We count the inference

speed of each method, as shown in Table 1.

Table 1. Inference Speed (FPS) and FLOPs of Different Meth-
ods on Image Size 512 × 512

Method Frames per Second (FPS) FLOPs (G)

AdaIN 7.204 266.693

Tr-AdaIN 5.666 231.628

WCT 4.225 189.991

Tr-WCT 3.281 231.628

NST 10.269 63.339

Tr-NST 9.922 87.578

Note: For NST and Tr-NST, the FLOPs only count a single it-
eration; the inference speed describes the number of iterations
per second. For other methods, the inference describes FPS and
the FLOPs are computed for single pairs of content and style
images.

Different from traditional VST approaches where

the encoder is pre-trained on image classification tasks

and not involved in the training process, we discuss

the differences between CNN-based and transformer-

based VST approaches by controlling the parameter

training of the encoder. Given the transformer-based

visual style transfer methods described in Section 3,

we implement Tr-NST-p, Tr-AdaIN-p, and Tr-WCT-

p using pre-trained ViT as the encoder. The training

process only influences the decoder for Tr-AdaIN-p and

Tr-WCT-p. We further implement Tr-NST, Tr-AdaIN,

and Tr-WCT by randomly initializing and training the

encoder. The encoders of Tr-AdaIN and Tr-WCT are

optimized based on the losses calculated on the pre-

trained VGG. After training, we use the encoder of Tr-

AdaIN for Tr-NST. In general, the parameters of the

encoder in Tr-VST and Tr-VST-p are affected by a pre-

trained Vision Transformer and a pre-trained CNN, re-

spectively. Since researchers have pointed out that the

self-attention module can mimic a convolution layer [31],

we try to figure out whether the influence of the trans-

former’s structure could be reduced with a properly set

training configuration.

4.2 Are CNN-Based VST Approaches Proper
for Transformer?

In this subsection, we discuss the influence of adopt-

ing the transformer structure for VST tasks. As shown

in Fig.5, the CNN-based methods (NST, AdaIN, and

WCT) can generate stylized images with high qua-

lity, but the methods adopted for the transformer (Tr-

NST-p, Tr-AdaIN-p, and Tr-WCT-p) fail to some ex-

tent. Proposed by Gatys et al. [1], CNN-based NST

is regarded as the benchmark in this field. However,

Tr-NST-p fails to render any style elements from the

style image, disturbs pixels and produces boundaries

between patches. In the sense of style transfer, Tr-NST-

p behaves no effect at all. AdaIN [3] provides a simple

but effective way to match the style factors to the con-

tent image. Although Tr-AdaIN-p can also transfer the

styles, the results contain boundary artifacts and un-

reasonable patterns.

WCT vs Tr-WCT-p. As a learning-free transfor-

mation, WCT can be performed with a reconstruction

auto-encoder, generating high-quality stylized images

in a coarse-to-fine manner. In this paper, we only con-

sider single-level stylization. Compared with WCT,

Tr-WCT-p generates unexpected results, only retain-

ing the incomplete outlines from the content image and

little style pattern from the style image. Such results

motivate us to go through the intermediate results of

Tr-WCT-p.

To test and verify the conclusion, we reconstruct

images with whitened features, following the original

WCT. The whiten results generated with Tr-WCT-p

and VGG are shown in Fig. 6. When performed on

VGG features, the whitening transform removes style

information by removing the correlation among chan-

(b)(a) (c) (d) (e) (f) (g) (h) (i) (j)

Fig.5. Visual style transfer results using different methods. (a) Content and style. (b) NST [1]. (c) Tr-NST-p. (d) Tr-NST. (e)
AdaIN [3]. (f) Tr-AdaIN-p. (g) Tr-AdaIN. (h) WCT [4]. (i) Tr-WCT-p. (j) Tr-WCT.
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nels. But this operation fails to disentangle the style

and the content on transformer features which do not

provide sufficient style information. The stylized im-

ages from CNN can render the style from the reference

image and save the content simultaneously, whereas the

transformer-based WCT cannot even preserve the de-

tailed content, only maintaining the blurred outline.

(b)(a) (c) (d)

(f)(e) (g) (h)

Fig.6. Stylized results and inverted features for WCT and Tr-
WCT-p. (a) Ic. (b) Whiten Ic by Tr-WCT-p. (c) Whiten Ic by
WCT. (d) Ics by Tr-WCT-p. (e) Is. (f) Whiten Is by Tr-WCT-
p. (g) Whiten Is by WCT. (h) Ics by WCT.

All the phenomena mentioned above show that

the transformer pre-trained on ImageNet has a strong

shape preference. We argue that the pre-trained ViT

is not valid for extracting features to perform style

transfer due to the strong bias from both parameters

learned from the classification task and the structure

design. On the one hand, the transformer can obtain

long-distance dependence, i.e., the global receptive field

with the help of multi-head attention mechanism. The

multi-head attention mechanism is position-agnostic,

which computes the attention score over all the se-

quence tokens, focusing on the relationships between

tokens. These relationships between image patches are

often reflected in the form of shape. Although Cordon-

nier et al. [30] proved that a self-attention could express

any convolution, the classification task does not provide

a valid guidance to the mimic, making the strong bias

and the reconstruction error. On the other hand, all

the pixels in the same block are treated as a token, los-

ing both the spatial information and the texture detail.

In Subsection 4.3, we will give a simple but efficient

solution to alleviate this shape bias phenomenon.

4.3 Is the Shape Bias from Model Parameters
or Model Structure?

A shape-biased model prefers to make predictions

relying more on the shapes; on the contrary, a texture-

biased model makes predictions towards the texture

more than the shape. Baker et al. [38] introduced that

CNN has been shown to have stronger texture bias

than shape bias in the image classification task. Tuli

et al. [13] introduced that ViT pre-trained on the Im-

ageNet dataset has a stronger shape bias than tradi-

tional CNN (like ResNet [39]). The ViT family and

ResNet are trained on both the ImageNet-21K and

ILSVRC-2012 [40] datasets. When testing on the styl-

ized ImageNet [41], ResNet shows poorer performance,

whereas ViT can maintain part of the accuracy. Naseer

et al. [14] found that ViTs with higher shape bias per-

form not only better than ResNet but also more ro-

bustly. Following DeiT [42], Naseer et al. [14] obtained a

ViT with stronger shape bias with the shape distillation

training strategy.

For VST tasks, we tend to seek a texture-biased

model rather than a shape-biased one. A model with a

strong texture bias can capture various style elements

like patterns and strokes, thereby representing style fac-

tors. For transformer-based VST approaches, we sup-

pose that part of the shape bias comes from the parame-

ters, while the model structure provides an additional

part on this trend. We propose Tr-NST, Tr-AdaIN,

and Tr-WCT by adding constraints to the transformer

encoders by an additional pre-trained VGG.

We show the detailed qualitative examples in Fig.7.

Tr-AdaIN succeeds to fuse the content feature Ec with

the style feature Es from the transformer encoder. The

decoder in Tr-AdaIN maps the fused feature Ecs back

to the image domain, generating the stylized image Ics.

Compared with the failed cases generated by Tr-AdaIN-

p, Tr-AdaIN outperforms original AdaIN results based

on pre-trained VGG. By performing Tr-WCT, we ob-

tain the stylized images which also achieve the compa-

rable quality with original WCT based on pre-trained

VGG.

Tr-NST vs Tr-NST-p. As shown in Fig.5, results of

Tr-NST are still not visually good compared with the

original NST. Fig.8 shows another example. Tr-NST-

p fails to extract required style information, and the

optimization only adds noise to the content image. In

contrast, Tr-NST can optimize the content image using

the transformer encoder in Tr-AdaIN, rendering and

coloring towards the stylized image. Note that boun-

dary artifacts occur in Tr-NST and Tr-NST-p results.

This observation can be attributed to the reason that

all pixels within a certain patch are optimized in the

same direction.

Comparison with Other Transformer-Based VST

Work. Recently, several studies have also investigated
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performing VST with the transformer [20, 23]. SANet [20]

introduces the attention mechanism as a style trans-

fer module, utilizing normalized content and style fea-

tures to calculate the attention map. StyleFormer [23]

improves the transformer-driven style composition ap-

proach which can learn content-consistent style com-

position for the style transfer task. SANet and Style-

Former achieve the SOTA stylization results, but these

studies [20, 23] are still based on features extracted from

a fixed VGG network [33]. The Tr-VST methods are

(a)

(b)

(c)

(d)

(e)

(f)

Fig.7. Comparisons of visual style transfer results. (a) Style. (b) Content. (c) Tr-AdaIN. (d) StyleFormer [23]. (e) ArtFlow [19]. (f)
MCCNet [6]. (g) Linear [21]. (h) SANet [20]. (i) WCT [4]. (j) AdaIN [3]. The first row shows style images, and the second row shows
content images. The rest rows are stylized results of different methods.
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(g)

(h)

(i)

(j)

Fig.7. Comparisons of visual style transfer results. (Continued) (a) Style. (b) Content. (c) Tr-AdaIN. (d) StyleFormer [23]. (e)
ArtFlow [19]. (f) MCCNet [6]. (g) Linear [21]. (h) SANet [20]. (i) WCT [4]. (j) AdaIN [3]. The first row shows style images, and the
second row shows content images. The rest rows are stylized results of different methods.

designed to investigate the discrepancy in representing

style patterns between the transformer and CNN. For

Tr-VST, the transformer is used as a feature extrac-

tor instead of the style transfer module to be compared

with VGG-based VST approaches.

(b)(a) (c) (d)

Fig.8. Visual comparisons against Tr-NST and Tr-NST-p. (a)
Ic. (b) Is. (c) Tr-NST. (d) Tr-NST-p.

4.4 Is Position Embedding Fitting for Style
Transfer with Transformer?

The multi-head self-attention layer is in a position-

agnostic manner and cannot naturally make use of the

position in sequence tokens. Researchers introduced

position embedding to provide relative or absolute po-

sitional information. Vaswani et al. [7] introduced the

sinusoidal positional encoding to inject positional in-

formation. Dosovitskiy et al. [8] added a 1D learnable

embedding to the tokens to retain the sequence order.

We test SPE and LPE which are introduced in Sub-

section 3.1 on Tr-AdaIN. Besides, we add results gene-

rated by the model trained without position embedding.

Results are shown in Fig.9. Notice that the resolution

during the training stage is 256×256; thus other scales

are unseen at training and only used for the inference

stage. When performing LPE at other resolutions, we

use the nearest-neighbor interpolation on PE to match

the input shape. The model with LPE exhibits similar

results to the model without any PE, but the one with

SPE fails to maintain the consistent style rendering.

SPE causes the model to learn the fixed relationship

between style and position and leads to the increase of

image brightness at other scales.
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w/o 
PE

LPE

SPE

w/o
PE

LPE

SPE

(b)(a) (c) (d) (e)

Fig.9. Visual results of different position embedding settings on
Tr-AdaIN. (a) Inputs. (b) 2562. (c) 5122. (d) 7682. (e) 1 0242.
w/o: without.

We visualize the position-wise cosine similarity of

LPE and SPE on different resolutions, as shown in

Fig.10. When performing LPE on other resolutions,

the nearest neighbor interpolation allows the model to

perceive the relative position of the image at a larger

scale, due to the consistent position embedding value at

the same relative position, as shown in Fig.10(a). When

performing SPE at high resolutions, more patches are

involved compared with low-resolution training inputs.

The position encoding of testing images is different from

the low-resolution SPE, as shown in Fig. 10(b). The

model fails to render style patterns with unseen posi-

tion information, making different results at different

resolutions.

4.5 Effect of Upsampling Methods for VST
Tasks

An additional decode block is necessary to trans-

late the sequence tokens back into images owing to the

inconsistent shape. Recently transformer-based gener-

ative models design various decode blocks to invert the

tokens into an image. TTSR [10] chooses to stack trans-

formers, and applies convolution layers to transform

the concatenated features back into high-resolution im-

ages. IPT [27] introduces multi-tail to deal with different

tasks, and each tail uses convolution and pixel shuffle

layers to up-sample the features.

We adopt CNN and MLP into our proposed trans-

former auto-encoder model as the upsampling block.

The results are shown in Fig.11. Observing that im-

ages generated by MLP appear severe checkboard arti-

facts, adjacent patches exhibit inconsistency in percep-

tion and produce distinct boundaries. MLP also fails

to render complex textures, so that the same pattern

appears in each patch. The same observation occurs
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Fig.10. Visualization of position-wise cosine similarity of LPE and SPE on different inference resolutions. (a) LPE. (b) SPE.
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in both reconstruction and stylization results, implying

that directly using MLP is not an appropriate choice

for inverting features into images.

(b)(a) (c) (d)

Fig.11. Visual comparisons against CNN and MLP as upsam-
pling decoder. (a) Ic. (b) Is. (c) Up-CNN. (d) Up-MLP.

5 Conclusions

In this paper, we compared CNN and the trans-

former on the view of style transfer and studied es-

sential elements for designing transformer-based style

transfer models. We adopted three typical visual style

transfer algorithms (Tr-NST, Tr-AdaIN, Tr-WCT) into

the transformer. We demonstrated that these original

CNN-based VST methods do not work on a pre-trained

ViT, due to its shape bias from both the learned para-

meters and the model structure design. By experiment-

ing with setting model variations, we gave the solu-

tion for alleviating the strong shape and performing

transformer-based style transfer by retraining our pro-

posed model with additional perceptual loss. We also

explored the impact of position embedding and upsam-

pling methods on the stylization results. Tr-VST with

LPE or without PE can generate similar results. But

SPE is not valid for Tr-VST due to the learned relation-

ship between the style factors with position informa-

tion. Moreover, we demonstrated that combining CNN

as the upsampling method is an appropriate choice for

avoiding checkboard artifacts and repeated patterns. In

the future, we will explore the impact of transformer

design on shape bias and style transfer.
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