%37 % 912 TR P B s 5 BB % 22 4k Vol.37 No.12
2025 4F 12 A Journal of Computer-Aided Design & Computer Graphics Dec. 2025

BTt SIME AR TR BHRIE R MER N F AR ERTTE

G, R, BEW, X7

(LVGIE R A AR B TR e 330022)

(jinshanzeng@jxnu.edu.cn)

B 2B WA /DMEARDU A AR R e DU i R S A RS B R KA 5 AR, S S A U R
FE. AR PCIZ R, B — 0 3 X L 2 R B S A 40 B B R 1 /N AR TSR AR A O . R B T AR,
Xof it PG A3 S HEAT XU XoF Lb R P 5% L, B 3 S B A XU R P 25 109 3 L AR O T — 2B AR e R AR
A e RE, B — P IR T B AR AR A I B R O 2, R A X LT AR B, i A IR R EE R, 12
TR A AR FI N 25 MR BE 0. TR T 1k (0 A SO EAE A FF I DU AR BAR S AT 2 IR LIRS BB TE. SEaG 45 R W,
5 YR SE 0 N AR TR A AR RIAN L, TR T AR AR BT T A B R, I L FID, SSIM, PSNR, LPIPS %
PEBEFE AR L B X H O TR A B M, TR R A AN AR R A AR, AN D U s BRI 4 U
AT 0 3 M AR T I /MR AR DU R A R T P

KB AT DUF TR A OB 4 R
FEES S TP391.41 DOI: 10.3724/SP.J.1089.2023-00733

Few-Shot Chinese Font Generation Based on Contrastive Learning and
Square-Block Transformation Data Augmentation

Zeng Jinshan, Wang Yefei, Xiong Kangyue, and Yuan Yiyang

(School of Computer and Information Engineering, Jiangxi Normal University, Nanchang 330022)

Abstract: Existing few-shot Chinese font generation models struggle to effectively decouple font style and
content using a limited number of reference characters, leading to suboptimal font generation results. To ad-
dress this issue, a novel few-shot Chinese font generation method based on contrastive learning and
square-block transformation data augmentation is proposed. Utilizing the concept of contrastive learning, the
output images undergo separat ¢ style and content comparisons, achieving better adaptive decoupling of font
style and content. To further improve the performance of few-shot font generation, a data augmentation me-
thod based on square-block transformations is introduced, embedding the global structural information of the
fonts through geometric transformations of the square-block areas, thereby enhancing the ability to decouple
font style and content. The effectiveness of the proposed method is validated through extensive experiments
on public Chinese font datasets. Experimental results demonstrate that, compared to current state-of-the-art
few-shot font generation models, the proposed method significantly improves the quality of generated fonts
and outperforms comparative models in performance metrics such as FID, SSIM, PSNR, and LPIPS. Nota-

bly, the proposed method can be integrated into existing few-shot font generation models and, with only a
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small training dataset, can significantly enhance the performance of these models.

Key words: few-shot font generation; Chinese font generation; generative adversarial networks; deep learning
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GRARETDIEIT, IRBNHBEH fRSOR.

K4 HMLESER3
1£% (i) Dataset FID| MSE| LPIPS| PSNR? SSIM?
30 39.51 0.199 0.283 7.17 0.478
CG-GAN 60 40.54 0.195 0.281 7.21 0.480
100 35.66 0.189 0.273 7.30 0.496
L R D CG-GAN w/ CSDA 30 35.44 0.186 0.271 7.26 0.482
30 40.99 0.188 0.287 7.22 0.498
CF-Font 60 38.64 0.182 0.276 7.31 0.502
100 31.66 0.181 0.268 7.40 0.508
CF-Font w/ CSDA 30 30.22 0.185 0.265 7.41 0.510
30 42.28 0.208 0.282 6.92 0.451
CG-GAN 60 40.69 0.205 0.283 6.99 0.455
100 35.33 0.199 0.279 7.10 0.455
L LA CG-GAN w/ CSDA 30 37.91 0.200 0.269 7.01 0.453
30 52.53 0.196 0.278 7.27 0.491
CF-Font 60 43.22 0.191 0.280 7.31 0.492
100 34.61 0.191 0.278 7.40 0.500
CF-Font w/ CSDA 30 36.01 0.189 0.266 7.38 0.499
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3.2.2  SDA B H R

—2, SEA 2 Rl R G B G T
3, BRI AR E AT 7K T B0 e 0 2 3R e 1 %K
P v iy SRR AT S0 80, S0 UE AR SCBCHE 1 5 O X
ARbE. 55 3.2.0 WAL, mRIEET
B0 DL RUHS R LA 5 R DL RS R LT 2 ik
HERATSS, @RINFE S PR, nTLLAEH, A
SDA FREE R ZHF8Fr L i 00T BA A K - 5
o I T L B I B 3 s Ty =, T e 1 AR A A
3t 8 Ty X A A5k SR R T KT B S e s sk R
HA e N AE T A SCHT 289 SDA BEHOAR{LAT LA
PEALTE 2 0 KUk AT 2545 5L, T L o] DRI 2
(L S5 R4 B, DU BB A 25 b 18 T A5 0 R
SIS EE IS UE T A ST SDA BEH f A bk

=5 SDAENMBEERHEIEEFTAIIE
1% K%l FID| LPIPS| MSE| SSIM? PSNR?
KB 60.83 0310 0206 0443 7.02

B LU
. TEHEEE 5247 0307 0206 0441  6.99

KL FAF
FH =45 4760 0305 0205 0443 7.07
JKF-HHEE 4739 0285 0.199 0486  7.11

I XK
*Jbﬂ)r% FHEE 4288 0285 0201 0460  7.06

FEG

FH =A% 4097 0281 019 0471 7.16
. AR AR

33 5MAREBIIEL LI
331 EmlE

5 e it iR AL ZE B LR R L AT 55 B
TLELERINEE 6 . Hid, w/CSDA FRix A
CSDA J& AR s AE A, AT LA Y, i A B AR
G, HIARIAE L, CSDA 1 FID, MSE, LPIPS,
PSNR Fil SSIM #8845 E AR KT, SHARET
PG XA 35 e i L 7 AR O 36 CyeleGANPYL
SQ-GAN!IHI FUNITPHAMIHL, finA CSDA (/M
AR A YT B L TR S Ty ik, T Mk
AR 55 P9 25 ik R BB 1 4 T X S A 2B B i )
T A EEAEM; 55U /IEAR R A R
%I LF-Font"#H 1L, A CSDA J&, 7SR 5Lt
U7 FID, MSE, LPIPS, PSNR F1 SSIM X 5 PM&#4n
@ #F T LF-Font'®; 5 3 # % MX-Font,
CG-GAN, LSG-FCSTPYHI CF-Font® A, 71 A
CSDA J&, TEfE LT Ll pim, S2uG 4k F gk
T CSDA 78 2 WA A W FFAT 55 b i f k.

T UL RS TR A AT 55 PR RE X He i 3%
7 Fizs. BT CycleGANPYFT SQ-GANII4E 1 T[]
152 IS B8z 6 (%) DU A A AR X DA Ak B 1 T

WEAEZHR T SR R AKX 2 BRI AR Sy S 2 5
HEFT X L.

®6 SYAIERGFEECHRERIFH

255 £t

LY FID|, MSE| LPIPS| PSNRf SSIM?{
CycleGAN™ 73.73 0234 0328  6.42  0.401
SQ-GAN!®! 80.23 0239 0356 630 0.380
FUNIT?? 137.87 0261 0440 591  0.329
LF-Font! 67.17 0211 0346 7.16 0463
MX-Font!” 58.35 0211 0316 686  0.428
CG-GAN® 4989 0211 0306 688 0428
LSG-FCST? 5412 0.198 0288 722  0.463
CF-Font™! 3126 0.173 0257 754 0.501

MX-Font w/ CSDA 47.60 0.205 0.305 7.03  0.443
CG-GAN w/ CSDA 39.61 0.200 0.287 7.01 0.440
LSG-FCST w/ CSDA  37.61 0.191 0.271 733 0485
CF-Font w/ CSDA 29.55 0.168 0.241 7.67 0.512

TE. MR R IE.

®T7T SHAIERFGEERLRRES EXTEE

1£% FEEY FID| MSE| LPIPS| PSNR{ SSIM?
FUNITE? 111.42 0.268 0.455 5.79 0.353
LF-Font® 64.58 0.186 0.334 734 0492
MX-Font!” 44.62 0.197 0294 7.19 0.477
CG-GANH®! 39.51 0.199 0283 7.17 0.478
LSG-FCST?4 3729 0.199 0276 7.28 0.497
TR CF-Font™ 40.99 0.188 0.287 7.22 0.498
2 WLFFF MX-Font w/
CSDA 38.01 0.190 0289 7.35 0.492
CG-GAN w/
CSDA 3544 0.186 0271 726 0.482
LSG-FCST w/
CSDA 30.22 0.185 0.265 7.41 0510
CF-Font w/
CSDA 3578 0.177 0274 7.40 0.508
FUNITE? 116.06 0.250 0.420 6.07 0.383
LF-Font'® 73.56 0.198 0.346 721 0.487
MX-Font!” 4524 0205 0291 697 0.455
CG-GANH®! 4228 0.208 0282 6.92 0.451
LSG-FCST?4 40.77 0.198 0281 731 0.488
[33]
I KUks CF-Font 52.53 0.196 0278 727 0.491
* 45 MX-Font w/
CSDA 40.97 0.196 0281 7.16 0.471
CG-GAN w/
CSDA 3791 0200 0269 7.01 0.453
LSG-FCST w/
prdd 2821 0.191 0273 7.49 0.500
CF-Font w/
CSDA 36.01 0.189 0.266 7.38 0.499
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