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Abstract Humans can understand the way of movement,so they can predict the future development of things more ac-
curately than machines. But GAN (Generative Adversarial Network) is a new neural Network system.its data are very
lifelike, even people can’t identify whether the data are real or generated. In a sense, GAN provides a brand new thought
for guiding the artificial intelligence system to accomplish complex tasks.and makes the machine a specialist. In this
paper,first of all, the basic model and some improvements model of GAN were discussed. Then. some application
achievements of GAN were shown,such as the images generated by the super resolution, by a text description, by the
artistic style and short video generated. Finally,some problems of theory,architecture,and application in the future re-
search were discussed
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Fig. 18 Generated images from text description

4.3 IR

SCHRLE33D45 T WL AST A B8 A — 4> 1 FH L AT LA TR] B Az B R
TR — AT i,

ST A SO T, KB Y G OKe Bl A R o R e A T
S 3 4 T AR RN A B A L ] 2E AR 2R R K 2R R BT St

M SHATHEEEN G AERB ;D By F 2T 5 &R

LA IR) A 4T Ry, AT 4 2 G A B AR .

G M D G AHSE S AR T Ok LS A, 241k A
W R A9 ep Pk B ST B R B L A Bk T ML A R R 2 ST
PATL LA A 20 %%,



80 i BN R

2019 4F

4.4 ZARRIEHITE

Fr— T4 R A8 VR, I H wf DL7E & 2 2 m BRI &
GG RRAE A0 X 2 G SRR AE N B 53 A — A |
HE 2 53 Hb—A B AT DL gk 7R B3 28 i PR AR . SCHRC34 AR
P18} Cgram) 50 B4R 4 R Z R FRAE 9 5 1L .

AR RUHE TR 1 SR W 2B A0 2 D P R 2R T 1 A
18 F 0 % BRE A% PSR PR AR K, F5 i — A A el o
B — 2N SEFER K, — M — R B 0 3 4 T LR
SCHRC27 T8 AE AL a6 45 2 o 450 JHL ) A5 2 L 1R e A )
TR 9 45, 38 Ao AH AL S 45 2 R 5T R B I 4%, I e/ ik
AR, A5 T B 9 45 27 > B4 ¢ W 4% 5 SCI 2R KU
iy A i 2R R

AR B SRR 4 G R B T A — R B TR I A 1
ZARKE LG RCR I E 19 FiR.

19 AR AU P15 B A

Fig. 19 Generation of art style image
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