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Dual discriminator residual generation adversarial
network with multiscale feature fusion

GUAN Fengxu, LU Siqi, ZHENG Yan
(School of Intelligent Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Generative adversarial networks (GANSs), a class of unsupervised generative models based on deep learning,
have shown promising results in generating realistic and high-quality images without modeling the data distribution.
However, standard GANs are often difficult to train and often suffer from gradient disappearance, gradient explosion, or
mode collapse, which can limit the overall performance of the model. To address the mode collapse problem and im-
prove the variety of the generated images, this paper proposes a dual discriminator structure. Furthermore, this paper im-
proves the generator and discriminator model and proposes a generator based on residual network and multiscale feature
fusion and a discriminator based on multiscale feature fusion, which effectively solves the problem of gradient disap-
pearance and gradient explosion that occurs in deep networks while improving the quality of generated images. The pro-
posed approach is applied to various datasets, including MNIST, LSUN, and CelebA. The training results reveal that the
stability and quality of the generated images are high, achieving satisfying FID and IS values.

Keywords: generative adversarial networks; deep learning; unsupervised model; mode collapse; gradient explosion;

gradient disappearance; multiscale feature fusion; training stability

e T Rl IR AT ek IR A
5870 = o B 1) KA FA N2 R DL g 64 7 A AL
T, (B AR 23 A1 LA BE B TS AR A el B A

Y% B #5:2022-07-06. 4% H ki B #5: 2023-05-17.
BELmA: BHEARRI2ERETH (62101156).
BEEE %K. E-mail: guanfengxu@hrbeu.edu.cn.
2 i 8 AR AT A

EO &b ZZ 42 24 HI
(¢ HHE R GL i

WAk, BT8R o A B B2 A, A AT B
R B A A AE — 1 TR, S 30 Bl G T
KB, 2014 4 Goodfellow 251 fi% % T % Fniige
o TN ZR AG SEAR, P — A I T X AR T
WEAE A AR A —— A BT 2% (generative ad-
versarial networks, GANs), J{-$7 2232 21| #H X 2= 5141


https://doi.org/10.11992/tis.202207005
mailto:guanfengxu@hrbeu.edu.cn

518 % B OB A

NN
N

2 <918«

T o T O X A A B R A T AR ] LA
A5 I e 4 v 1 A BRCR, , GANs S AT AR A AR S 4
Sl 18 T 4540, 9 LIS T R R,
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Fig.1 Structure of generative adversarial network
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Fig.2 Structure of the generator of DDRM-GAN
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Fig. 3 Structure of the discriminator of DDRM-GAN
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33 XWHER

5 7 %t DDRM-GAN [ 14 g, ¥ DDRM-
GAN 5 GAN, WGAN, WGAN-GP, DC-GAN 4} ]
T MNIST. LSUN LI} CelebA ¥4 | #4752
5o R FHAR R AN 2R 08k, B2k 78 b Bt
A LR A TR, A B 20 000 3KOh B4 H 5 J5 0G5
PEAEFEAT FID UK IS $6 AR5
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%1 A GANs 7 MNIST.LSUN KL% CelebA #4E & H it & R
Table 1 Test results of MNIST, LSUN and CelebA datasets on different GANs

e MNIST LSUN CelebA
FID IS IS FID IS
GAN 88.636 2.582+0.0432 79.623 2.582+0.0322 95.316 2.376+0.0228
WGAN 83.254 2.641+0.0125 77.252 2.207+0.0152 83.286 2.537+0.0324
WGAN-GP 79.624 2.952+0.026 3 73.075 3.025+0.0213 66.472 2.317+0.0452
DC-GAN 73.684 2.836+0.0226 77.037 2.407+0.026 5 73.087 2.2554+0.0653
DDRM-GAN 62.427 3.216+0.0254 57.925 3.682+0.0251 40.243 2.878+0.0029
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Fig. 5 Experimental results of different models on the CelebA dataset
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Fig. 6 Experimental results of different models on the MNIST dataset
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Fig. 7 Experimental results of different models on the LSUN dataset
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1) Jo e RN A o T T S 3 1 PN A
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& 45 H) (Full-mf);

2) SEBEARY A R DA I 2 45 4, ol B — ]
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3) SEAERI L BR A L Y 52 23 32 (Full-co).
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Table 2 Comparison of ablation experiment results
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