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Artistic Font Style Transfer Based on Glyph Constraints and Attention
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[ Abstract] Art font style transfer is an intriguing yet challenging task that involves transferring the art style of a
source font to a target font through mapping. This study fims to address the limitations of existing methods,
particularly their limited robustness in font style migration and poor performance when there is a significant
difference between the styles of the source and target.fonts. To tackle these challenges, we proposed an end-to-end
general network framework model incorporating a self-attention mechanism and adaptive instance normalization to
realize artistic style transfer across multiple-téxt effect domains. The proposed model comprised a generator, two
discriminators, and an additional style eéncoder. To better preserve the font structure and improve network
performance, we designed several eustom loss functions to optimize the training of a Generative Adversarial
Network(GAN). The model wasyvalidated using a publicly available art font dataset for the FET-GAN task. In
experiments comparing sixstate-of-the-art methods, the proposed method demonstrated superior performance both
quantitatively and qualitatively. “Extensive experimental results showed that the model effectively performs font
image style migration while fnaintaining the glyph structure. The Fréchet Inception Distance(FID) of the proposed
method is 72. 355, which was notably lower than the best comparative result of 91. 435, highlighting the method's
effectiveness.

[Key words] font style transfer; self-attention; adaptive instance normalization; Generative Adversarial Network
(GAN); the glyph constraints
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Fig.1 Schematic diagram of the framework of artistic font style transfer system
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Fig.6 Comparison of experimental results of the proposed method and other six methods
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Table 1 Comparison of metrics of the proposed model and

other six methods

Model SSIM PSNR/dB FID

AdaIN 0. 229 10. 343 194. 652
Cycle-GAN 0. 329 10. 775 96. 146
TET-GAN 0. 441 13. 976 192. 428
StarGANv2 0. 455 14. 012 131. 645
U-GAT-IT 0. 557 15. 228 91. 435
FET-GAN 0. 628 17.063 171. 762

Ours 0. 745 18. 668 72. 355
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Fig.7 Interconversion between various style domains
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Fig.8 The transfer effect of the proposed model on English and Arabic numerals
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Fig.9 Ablation experiment results of the proposed model
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Table 2 Quantitative results of three groups of

ablation experiments

Model SSIM PSNR/dB FID
w/o Self-attention, L, »
0. 657 16. 358 159. 154
Lex » Lygp
w/o Self-attention, L., 0. 683 17. 564 112. 963
w/o Self-attention 0. 704 18. 126 90. 877
Full Net 0.745 18. 668 72. 355
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Table 3 Quantitative comparison of different Ay values

Metrics SSIM  PSNR/dB FID
Acx =0.05s Aypp =1 0. 450 12.731 190. 49
Acx =0.105 Agpp =1 0.619 15. 355 142. 72
Aex =015 Aypp =1 0. 656 16. 271 129. 574
Aex =0. 20,5 Ay =1 0. 628 15. 225 171. 854
Acx =0.25, Aygp =1 0. 603 15. 55 196. 687
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Fig.10 Results comparison of hyperparameter ) .gmanalysis
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Table 4 Quantitative comparison of different ), values ﬁi&@%?%ﬁﬂ— bjzzl_:o
Metrics SSIM PSNR/dB FID

Aex =0.15, Ay, =1.0 0.626 16.575  136.965 - .....
Aex =0.15. A =15 0.645  16.611 149,067 . .....
Acx =0.15, Appp =2.0 0. 686 16. 757 121. 765
R =0k 2.5 0.6 16621 156,062 II"IIII“IIII“II
Aex =0.15, Aypp =3.0 0. 636 16.026  185.129
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T 30 MNREHAEA., B 12 PSR, A ok Fig.12 Example of extending the proposed model to
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