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Introduction
The main contributions of our work can be summarized in threefold:

• We introduce the self-attention mechanism into the arbitrary style transfer task so that the network can synthesize high-quality stylized images
with a comparable speed to AdaIN, giving more appealing and reasonable transfer results.

• We present a new learning approach for the improved feed-forward AdaIN network composed of an attention module and a decoder that is optimized
by using a trade-off of the content reconstruction loss, style loss, and a Laplacian loss.

• Extensive experiments have been implemented on MS-COCO and WikiArt datasets. The results demonstrate that the proposed method can
effectively preserve the content structure with more details and transform the style patterns with fewer artifacts.

Method
Adaptive Instance Normalization
AdaIN receives a content input x and a style
input y, and adaptively aligns the channel-wise
mean and variance of x to match those of y to
perform style transfer:

AdaIN(x) = σ(y)(
x− µ(x)
σ(x)

) + µ(y),

where σ and µ are computed across the spatial
locations.
Laplacian Loss
The Laplacian filter is defined as:

D =

 0 −1 0
−1 4 −1
0 −1 0

 ,
Therefore, the Laplacian matrix of an RGB im-
age x can be obtained by convolving the three
channels altogether with D. Hence, the MSE
loss between the Laplacian matrixs of the styl-
ized image Ics and content image Ic can be mea-
sured in three channels separately:

Llap =
∑
ij

(D(IRcs)−D(IRc ))2ij

+
∑
ij

(D(IGcs)−D(IGc ))2ij

+
∑
ij

(D(IBcs)−D(IBc ))2ij ,

where i and j denote the pixel of the image.
Training Overflow
The total loss function for training the attention
module and the decoder:

L = λcLc + λsLs + λlapLlap,

The content loss is the Euclidean distance be-
tween the AdaIN output features Ft and the
stylized image features E(Ics):

Lc = ‖E(Ics)− Ft‖2.
The style loss restricts the features of stylized
output image Ics and input style image Is as:

Ls =

L∑
i=1

‖µ(Ei(Ics))− µ(Ei(Is))‖2

+

L∑
i=1

‖σ(Ei(Ics))− σ(Ei(Is))‖2,

Overview of Proposed Style Transfer Network
Our proposed style transfer network, which is composed of an encoder–decoder framework, a parallel
attention module and an AdaIN layer, can effectively synthesizes high-quality stylized images that
appropriately reflect global and local patterns of the image content and style.
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Quantitative Evaluations:
For quantitative evaluations, we conduct an efficiency analysis on processing speed, and evaluate
the style loss defined by the method from Gatys’ [1].

Method Times(s) Styles ln(Lstyle) Learning-free256×256 512×512
Gatys’ [1] 15.024 34.110 ∞ 11.56 X
CIN [2] 0.2315 0.9033 Limited 11.81 ×

StyleSwap [3] 0.0202 0.1012 ∞ 13.04 ×
AdaIN [4] 0.0181 0.0384 ∞ 11.89 ×

Ours 0.0204 0.0396 ∞ 11.72 ×

Qualitative Comparisons:
Content CINStyle Ours AdaIN StyleSwap Gatys’

Conclusion
We present an improved arbitrary style transfer model based on the self-attention mechanism. By
introducing an improved convolutional block attention module into the style transfer network and
applying a Laplacian loss, more appealing stylized image can be generated. Experimental results
demonstrate that the proposed method can eliminate unexpected artifacts, maintain more content
structure details and transfer the most important style patterns properly. Meanwhile, we believe
that there is still room for improvement.
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