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IconFormer: an icon generation model based on CNNs and Transformer

Hou Donghui, Zhu Leqing”
1. School of Computer Science and Technology, Zhejiang Gongshang University, Hangzhou 310018, China;
2. Zhejiang Key Laboratory of Big Data and Future E-Commerce Technology, Hangzhou 310018, China

Abstract: Objective Icons are essential components for the graphical user interface (GUI) design of software or web sites
because they can quickly and directly convey their meaning to users through visual information, improving the usability of
software and websites. However, manually creating a large number of icon images with a consistent style and a harmonious
color scheme is a labor-exhaustive and time-expensive procedure. Moreover, professional artists are required to do this
job. Therefore, researchers have explored methods for automatically generating icons by using deep learning models to
improve the efficiency of GUI design in software. Several state-of-the-art icon generation methods have been proposed in

recent years. However, some of these methods based on generative adversarial networks suffer from the problem of insuffi-
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cient diversity in the generated icons, while some of these methods require users to provide initial icon sketches or color
prompts as auxiliary inputs, increasing the complexity of the generation process. Therefore, this study proposes a novel
icon generation method based on Transformer and convolutional neural network (CNN), with which new icons can be gener-
ated based on given pair of content icon and style icon. In this manner, icons can be generated more efficiently and flexibly
than in previous methods with better quality. The proposed model in this study, called IconFormer, can effectively estab-
lish the relationship between content and style through Transformer and avoid the problems of missing local detail informa-
tion of the content and insufficient stylization. Method This study proposes an icon generation model, called IconFormer,
based on deep neural networks. The network architecture is composed of a feature encoder based on VGG, a style encoder
based on CNNs, a multilayer Transformer decoder, and a CNN decoder. The style encoder is designed to discover more
style information from style features. The Transformer decoder achieves a high degree of integration between content encod-
ing and style encoding. To train and test the proposed icon generation model, this study collects a high-quality dataset that
contains 43 741 icon images, comprising icons of different styles, categories, and structures. The icon dataset is organized
into pairs, with each pair containing a content icon and a style icon. The dataset is divided into a training set and a testing
set, following a ratio of 9: 1. The content and style features are first extracted from the input content icon and style icon
with the ImageNet pretrained VGG19 encoder, and then the style features are further encoded into style key K and style
value V with the style encoder. Subsequently, the content features as Q, style key K, and style value V are inputted into
the multilayer Transformer decoder for feature fusion. Finally, the fused features are decoded into a stylized new icon with
the CNN decoder. A new loss function integrated by content loss, style loss, identity loss, and gradient loss is adopted to
optimize network parameters. Result The proposed IconFormer is evaluated on the icon dataset and compared with previous
state-of-the-art methods under the same configuration. These state-of-the-art methods include AdaIN (adaptive instance nor-
malization) , ArtFlow, StyleFormer, StyTr’(style transfer transformer) , CAP-VSTNet (content affinity preserved versatile
style transfer network ) , and S2WAT (strips window attention Transformer). The experimental results suggest that the icons
generated by the proposed IconFormer are more complete in color and structure than those generated by the previous meth-
ods. The icons generated by AdaIN, ArtFlow, and StyleFormer demonstrate content loss and insufficient stylization in dif-
ferent extents. StyTr’* cannot effectively distinguish the primary structure from background information of an icon, and most
of the background of its generated icons are colorized. The quantitative analysis results show that the proposed IconFormer
outperforms previous methods in terms of content and gradient differences. AdalN results in the highest content difference,
indicating that this method exhibits content loss, while ArtFlow presents the highest style difference, indicating that this
method cannot effectively stylize content icons. Several ablation experiments are conducted to verify the effectiveness of the
feature encoder, style encoder, and loss function definition in the icon generation process. The result shows that the VGG
feature extractor, style encoder, and integrated loss function with gradient loss have positive effects on the resulting icons.
Additional experiments are conducted to generate a set of icons with a unified style, and the results show that IconFormer is
extremely convenient to generate a set of icons with a consistent style, harmonious colors, and high quality. Conclusion
The icon generation model, IconFormer, based on CNNs and Transformer proposed in this study combines the advantages
of CNNs and Transformers, and thus can generate new icons with high quality and efficiency, saving time and labor cost for
the GUI design of software or websites.

Key words: icon generation; image style transfer; convolutional neural network (CNN) ; Transformer; self-attention
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Fig. 1 Network architecture of the IconFormer
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Fig. 2 Network structure of Transformer decoder
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Table 1 Quantitative analysis results and

a comparison with related methods

Trik WHEZS WeER  HEER
IconFormer 0.47 0.78 0.15
S2WAT 0.51 2.53 0.50
CAP-VSTNet 0.52 1.34 0.18
StyTr? 0.56 2.64 0.17
StyleFormer 0.67 111 0.21
ArtFlow 0.82 5.28 0.84
AdalN 2.58 0.70 0.4
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Table 2 A comparison with related methods in time
performance of stylizing an icon
/s

ik 256 X 256 1% & 512 %X SI218 &K
IconFormer 0.047 0.186
S2WAT 0.042 0.171
CAP-VSTNet 0.063 0.192
StyTr? 0.058 0.277
StyleFormer 0.015 0.029
ArtFlow 0.071 0.236
AdaIN 0.014 0.021
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Fig. 4 Visualized results comparison for different encoders

((a) contenticons; (b) style icons; (c) Transformer; (d) VGG19)

(b) X#&ERR  (c) Transformer  (d) VGG19
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Table 3 Quantitative analysis results of

different encoders

i NAEZES Kk 25
VGG 19 XA 2 i 0.47 0.78
Transformer 0.94 0.80
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SEIBR T S TR A A (B S(e)FE3HE) .
M1 VA 25 Bk XUk iy 2 A Bl A P s U 98 A O i s R
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Fig. 5 Visualized results for the effect of style encoder

(b) IconFormer

((a) content icons; (b) IconFormer with SE;

(¢) with SE removed; (d) style icons)
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Table 4 Quantitative analysis results of style encoder

i WA ZER A 22 5+
IconFormer 0.47 0.78
TR IRUR Gt ) i 0.74 1.96

T L PSR R 5 S R A2 2R
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Table 5 Quantitative analysis results for gradient loss

ZLEIER WA IEST JAUA 22 5
0 0.65 1.23
5 0.44 1.25
1 0.54 1.19
0.1 0.47 0.86
0.01 0.43 0.78
0.001 0.53 1.17
0.000 1 0.68 1.28
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Fig. 6 Examples of generated icon sets with consistent styles

((a)content icons 1; (b)generated icons 1;

(¢)content icons 2; (d)generated icons 2)
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