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Transformer-based multi-style information transfer in image processing

Sun Meiting, Dai Longquan®, Tang Jinhui
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Abstract: Objective The multi-style transfer technique can be applied and focused on the stylized image via visual styles-
transferred content image. The stylized image can be used to preserve original content structure and it has the similar fea-
tures with the style image. Style transfer can be as one of the essential branches of image processing. Conventional style
transfer methods are oriented for style rendering in terms of low-quality information processing. Current deep learning
based convolutional neural network (CNN) has been adopted in the style transfer domain. To balance and re-integrate
images’ content and style information, the CNN can be used to extract content features and style features. However, due to

the constrained range of visual perception of the convolutional layers, it can capture local associations only. To model its
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global information, the Transformer network proposed in natural language processing (NLP) can capture long-distance
dependencies. However, its expression-related requirement is still challenged for computational cost because of correlation-
learnt between all input elements. Furthermore, the Transformer has its slower convergence performance due to a lack of
image prior. Given the similarity between the image style transfer process and the sentence translation process, we develop
a CNNs-based hybrid network in terms of Transformer network. Method The network we proposed consists of four aspects
in relevance to: encoding, style transformation, decoding, and the discriminative network. For network-encoded: convolu-
tional layers are used to extract the high-level image features through lowering the image size. To exact more value of the
pixels, features-extracted are more sensitive to semantic and consistent information in related to such specific objects and
content in the image. However, the lower quality information of the image, such as lines and textures, is beneficial to
reflect the stylistic features. Thus, the network-encoded can be added into the residual connection to enrich feature repre-
sentation. For Transformer network structure-built style transformation network: it consists of three subparts: content
encoder, style encoder, and the decoder. The content and style encoder is paid attention to global information-added for
each of content features and style features. The decoder can used to optimize the original content features in related to the
weighted sum of style features and stylized features can be generated further. For network-decoded: to up-sample stylized
features back to the original image size and generate a final stylized image , topology-interpolated operation is interlinked to
this sort of symmetric structure with the encoding network. For discriminative network: it is focused on distinguishing
between the generated and natural style images. Result To verify the style transfer evaluation criteria, qualitative and
quantitative comparative analysis is carried out with several other related flexible style transfer methods. The qualitative
analysis consists of two parts: performance comparison and user experience. The performance comparison can show that
the proposed network can generate more smooth and clear stylized images. The user-oriented result can show its user-
preference ability as well. The results of the stylizing speed comparison in the quantitative comparison can demonstrate
that the speed of the proposed network ranks is in the acceptable threshold. Additionally, the speed can keep its stability
as the image size grows from 256 pixels to 512 pixels. An ablation experiment is designed to verify the effectiveness of
the discriminative network as well. Its results show that the discriminative network-introduced can yield the network to
get extraction ability better and generate more realistic images. To demonstrate the flexibility of the network we pro-
posed, the trained network can be used for other related style transfer tasks, including content-style tradeoff, style inter-
polation, and region painting. Conclusion A hybrid network is facilitated and mutual-benefits are shown between CNNs
and Transformer network. Experiment results show that the network we proposed can optimize the transferring speed fur-
ther. The stylized images have its potentials for smaller image sizes (e. g. , 256 pixels) in terms of ils content structure
and stylistic features.

Key words: computer vision; image processing; multi-style image information transfer; attention mechanism; Transformer
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Fig. 1 Similarity between sentence translation and patch-based style transfer

((a) sentence translation: word-to-word translation; (b) style transfer: patch-to-patch translation)
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Fig. 2 Network architecture of Transformer
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Fig. 3 Network architecture for Transformer-based arbitrary style transfer
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Fig. 5 Comparison the generated results with existing arbitrary style transfer methods

((a) content images; (b) style images; (¢c) AdaIN;(d) WCT;(e) SANET; (f) AAMS;(g) A-Net; (h) ours)
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Fig. 6 Survey results of users

3.2.3 LR

RIIR T MEBNIITREITHETE 256 X 25613
512 x 51248 3R B EAEAT XURS F Ak 1 14 F- 4
B[R]

T J7 2 BRL B e A [R] S 30 PRI R as AT, 3R 1
Hh 2 SO ff FH B 5K NVIDIA RTX A6000 GPU iz 17
400 YR XU T B8 3t A SR B - 34 UM A 3R, AR S
DA EE AdaIN FISANET 3# 18 1 5~ 84 , (0 /2 AH
BT WCT AAMS il A-Net 77 12 XURS Ak 380 B2 TR
1M, ARSI 25 g XA A A8 AT 1 T e SZ Y RN
MR RT3 28 512 x SI2AZ R, KU ks B2 AR 1k
AR, R T ARSI RS E M
3.2.4 53T Transformer (Y RUAKIEFE 515 HLEE

Deng %5 A (2022) fifi Ff| Transformer ¥ 2% fi 3k [&]
B2 R 5 . DR N 25 SR [P (] IR 4 1 B 3
T B8RS ST AT 55 09 P4 25 JR% R A6 5 44
(content-aware positional encoding, CAPE) i, flif5
TE UG RST AR AL 7 8 G i 5 BN S o AR SO ik
5 HARE Z A5 T 1) A SC G S i 190 48 41 1 5% 22
S50, I EHR AR SRR B, 8 58 RHRARRE Y 3R

®1 R LEELRE

Table 1 Execution time comparison
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Ttk 256 x 256 8K KR 512 x 5128 K KR
AdaIN 0.004 0.004
WCT 0.231 0.649
SANET 0.006 0.006
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A-Net 0.460 1.087
A3 0.031 0.033
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Fig. 7 Compare with Deng et al. (2022)((a) content images ;
(b) style images;; (¢) ours; (d) Deng et al. , (2022))
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Fig. 8 Compare the performance of stylized images generated
with and without discriminative networks ((a) content images ;
(b)style images ; (¢) without discriminative networks ;

(d) with discriminative networks)
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Fig. 9  Control trade-off parameters to achieve different levels of stylized performance
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Fig. 10 Hybrid stylized results generated using different interpolation weights
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Fig. 11 Results for drawing different areas of content

images using different style features
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