Advances in Applied Mathematics N %223t 8, 2025, 14(5), 660-669 Hans X
Published Online May 2025 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.145291

B LE 5 R 4 LR AR T R B 4 BE T SR Y
— BRI E

e A, RER, BAEGY, FERY

'mEa KRG SR, mr B
2ZEAMAERF ARSI HES LR, =M BY
SEMM AR AREEN AT b, = B

Woks H . 20254F4H 290 FHER: 202545230 & T HI: 20254F5H31H

R

BEXFIERBE 22 3T o AR BN L P 4 GAN FU AR KSR AIRR BEVH AR I AR, 38 3 Wasserstein P B AR B 48 31 Y
Tk, GRETHRABEEN K. FE kM A WassersteinfE BB SBUE S B RREL, FREY
AEBRBETE 2%; A RS AR SRR M A A S A R 0T, RS, P Blas 5 ARSI 20E
BE; RAIMFI B TR HVISRHR A, PR, PR aE3, FIR Ry (RBRREVE R . XEZEGAN
A GANFZEAT TR EL, LAz a8 AN A 7 28 B Loss i 0 R Bt FE MR E o

X in

HRXTIgE, HAPHE, BEHESK, BNk, BEE

An Effective Method to Prevent the
Generative Adversarial Network
Mode Collapse and Gradient
Disappearance

Mei Xiong}!, Jiadi Chen!, Longwei Chenz3*, Yimin Yu23

1School of Statistics and Mathematics, Yunnan University of Finance and Economics, Kunming Yunnan
2Yunnan Key Laboratory of Service Computing, Yunnan University of Finance and Economics, Kunming Yunnan
3Institute of Intelligence Applications, Yunnan University of Finance and Economics, Kunming Yunnan

Received: Apr. 29", 2025; accepted: May 23", 2025; published: May 31%, 2025
EIREE .

SCEG|F: fEM, BRER, WRORR, RESER. Bk RO S o0 2R IR KB BV SR 10— B RO IA D). R B i
J, 2025, 14(5): 660-669. DOI: 10.12677/aam.2025.145291


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.145291
https://doi.org/10.12677/aam.2025.145291
https://www.hanspub.org/

Abstract

Aiming at the problem of pattern collapse and gradient disappearance of generative adversarial net-
work GAN in deep learning, Wasserstein distance and gradient penalty are used to alleviate the pattern
collapse and gradient disappearance. The main methods include using Wasserstein distance instead
of ]S divergence to improve the loss function, while preventing the gradient from disappearing. The
gradient penalty method is used to force the continuity constraint of discriminator to ensure the stabil-
ity of gradient and balance the training speed of generator and discriminator. Smooth transitions are
optimized using training strategies from simple to complex, preventing the discriminator from being
too strong and also preventing the gradient from disappearing. A comparison is made between the
traditional GAN and the improved GAN, the loss curves of its generator and discriminator show that the
improved one is more stable.
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N R — BT HE 4 AT SR PR 2%
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Figure 1. Gradient variations of initial GAN and improved GAN
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Figure 2. Discriminator Loss curve of initial GAN and improved GAN
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Figure 3. Generator Loss curve of initial GAN and improved GAN
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Figure 4. Figure comparison of improved GAN (left) and initial GAG (right) on CIFAR-10
dataset: (a) Improve GAN discriminator figure; (b) Initial GAN discriminator figure
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Figure 5. Figure comparison of improved GAN (left) and initial WGAG (right) on CIFAR-10
dataset: (a) Improve GAN discriminator figure; (b) Initial WGAN discriminator figure
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Table 1. Table of experiment parameter setting
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