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6G network provide a large number of application fields and massive data for Al. These can enable the better deployment
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of Al fully demonstrate the performance advantages of Al, and provide high-quality services for users. However, in prac-

tice, it is difficult to give full play to the performance advantages of Al due to the difficulty of sample collection, high cost

of the collection, and lack of universality which caused by the complexity of the environment. Therefore, academia and in-

dustry introduce generative adversarial network (GAN) into the design of wireless networks. The powerful feature learn-

ing and feature expression ability of GAN can generate a large number of generated samples, which realizes the expan-

sion of the wireless database. The introduction of GAN can effectively improve the generalization ability of Al models for

wireless networks. Owing to the excellent performance of GAN, the generative model represented by GAN has attracted

increased attention in the field of wireless networks, and rapidly became the new research hotspot of 6G networks. Firstly,

the principle of GAN and its different versions of improved derived models were summarized. Then, the framework, ad-

vantages and disadvantages of each model were analyzed. Secondly, the research and application status of these models in

wireless networks were reviewed. Finally, the research trends of GAN were proposed for the 6G network requirements,

which provided some valuable exploration for future research.

Key words: generative adversarial network, wireless network, channel estimation, physical layer security, wireless sens-

ing, zero-sum game
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3.3.1 GAN R T X&) F 4250 F 69 5 A

W& o2 M2 Kk e, REfE 5 AU Tl
&, EARHE(E SRR IR AR T 3. BT
ST AP EE . RSN, 5
B THFRNRAR) 2 AR T A8 E
HH GAN AT HUR 2 Y 78, A BRIRICARAE A il A
AT, M58 T REAZ M. 2T GAN BT 3R
A SIRELR I 9 Pl . AEVIZRRY B, 8 AR
25 GAN, 133 H s M 248, T AR
B BAE T AR

SCHR[93 AR5 BAE s 56, FIHI CGAN
GO DN L2 S € P N G S W O N SURANES 0
AU A XU . SCHR[9414R Y, Hd st AR A P 4%
(SS-GAN, single scenario generative adversarial net-
work) Fl 7 50 3L B A= st Bt R 4% (ST-GAN, sce-
nario transferring generative adversarial network) #/
FHI 24 i 3 S5 v (0 30 SRR A A0 HL A T Y 3 562 21
WONIRRE ISR = SRR BRI, AT OIS SR A
AR AL 51 AR T E T B ) R . SCHR[95]4R H Y
] AR VR B A AR AR O TR 2% (De-DCGAN, de-
formable deep convolutional generative adversarial
network) i I 4 JEC ¥ 45 e 2k 5 5 A N OE =
TRIE T 2% e B AR vEAL . BLAL, Pr B 2 4
FI AR T 1% . De-DCGAN AU AE 5 42 i A
A 45 41 & B I 0 R 00 =, i L ) A4 e s
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