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Abstract

The emergence of generative adversarial networks is another milestone in the field of computer
vision. It provides a new tool for solving various image prediction problems. For this purpose,
from the investigation of relevant literatures and latest research results, the characteristics of
unsupervised learning algorithms are highlighted. At present, the topology of the generative ad-
versarial networks is continuously optimized to its basic performance. It has become one of the
hot topics of current research to play their respective strengths in improving the difficulties such
as non-convergence, mode collapse and so on.
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1. 5|18

A T R 4 B LR TE 2014 4F HH Open AT [ Tan Good fellow 25 A8 H F)—Fp G E AR AL 1]. & O H
L i ke TR AN 2 A v A N R B S AT R SR AE A SR ) 1) R it 1 B BB S 48 I P AR A
ST 2% AT 9T 5 45, Tan Good fellow 28 AFE 2016 fEFHZ 5 BALFE £ 483k g K4 bt A BOGHT IM 2% 1)
FHOREN AR RFEAT T [2] A RO P IN 2% 1 B 78 e Bt B e B 1 — i A R IR 2% ST M o i
SR, XN AR G SR R AR T AT P E RIS B . B R TE A TR B EIR A RTIR T, K
f—FRBEAL S A AT B AR, BEMAS 24 R U . A O PN 4 R 2 — R B Bl T — e
IR IZE, NG RE b A &S e KA TH A D R B R BESE AR BA[3], RN AR O T 4%
TP 3 A 77 A R A A, MR B R 2 R T2 652 . I BLJE DUAE s it
Z5AE DI TR SR A S5 K AT BURNE R R G, N GAN ZOO Gt i H 2014 4F LR BLAE sixt 4t
W 2% A R BIF S B P 1 SR () B R B L — B

DRI, EERE A RO BT I 4 S B A 21X —RE A, AR AT T AR B S ST ECT B A ) s,
XPEG T — 2 R ) o B AR AR A A T AR T AR v AR RO B Y 4 R AR A —— 2% A A O T I
#%(CGAN, Conditional Generative Adversarial Nets). ¥R G TP Z$(DCGAN, Deep Convolution
Generative Adversarial Nets)- {2 sl P11 4% (Cycle GAN, Cycle Conditional Generative Adversarial Nets)
SRR (R L o 28 SO0 B0 X 4 B L 25 P AT AR S 28 1 it — JD Wt 8 00K A R0 e v SR LA i 1) A, i EL A
FAAE R B 28 SR G2 T A1 2 BE A HH SR RE 7, R O N T8 e b i) 25 A5 9 7 [e)
2. BEBFEIEXTHEESES
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FEBEE Alpha Go A SR — /N MO SEHRMY FEIAR HE et 42 i N R REHL 28 ATT 4G, HLas %) SGER T
MRS . 2k, PESFIESD TR RN ERR KRG, SCUR 7B ZORE—IR &
o) WA, REEESIEIRECN T 21 HATHEHUERN I TR AT 1A 2 — o IR ) i A 2 1)
I A H A 1298 (Data Mining), &8 R FH R B I 7 R 52 STREARRRHIE, o0 H 2 48R 0 Rr g AT 40 28
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2.2. M S EEN X B MER AR

MINZRIRFEW 2% (77 KB X gy, KBRS 2 2 5] Doy M E LA 2 S Sk . B LA 2 )
H%.

FEEH UL, R P BRI BR S S WS IR B AL, Blnx T xS RAEHA —
JivJ f AR o T IR FRFAERE AT DO RS AR AR R 73260, thm] DU I8 i 2 — BEHI I [5].
DA SHAR g T 5% (K0 RFAE SR 37 AR 26 (Class Label) 7 A R faf AR AL, AR5 X AR (10 SLBIREAT T 4 R AE
RS N B A CRIARES, Bl Tris BdlRAR A EM] 7RSS R A KA A 8 TR SR, i
S FFA Tris BARBEAT IS, OREE ST O ATRRGE B 45 RAGHEA R 0 A = DA R AR [6]. A Fhe
AR NME A MR MRS IR, AR AR E = 21([7]

BEXT T IR o B AR AR mT DUORE B 2 30 A B30 20 BB A A 73 S A, FL e 20 SR ) R b5 4 7
(e kN N T VR REN D Py B~ - € priZ s P BUR £ S+ €/ TNt W B N 1% S Sl
THSAERBMME. K1 R R 7R A SEEXHE N 78R 0 =50 s 8ok 35 i A Lk 10 4 il
il MR RALAE A By AR CAUIGR IR ARURRAE [ EAR RS, I TH SRR 2 ORI VA
PR LI RFEREAREAT 2028, Hfm it R e Bl . A TC B 22 o0 vh, DRI R b R AR T
AERA, N Re i e 2 1] AR [ B A 5 22 T R MR AR AT 2 AR LR A SR &, X R TVERR SR
(Clustering) [8]. {ERIHrrf, B AEME R B P EVLRE B SR AR T 3m 0 N RH C R 1 T AR Bk -
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Figure 1. Nonlinear fitting curve (red line) for scatter plot of binary functions with added noise

1. XHEIN T KRR B = T iR AR Bl IR M & 2 B

BAR LA MBS B M U B AR 22 W 2% (CNN, Convolutional Neural Network)fg% LLR & ) #E
R, A EERB R, MR, R8T BURSE NI &5 sk 5 kA [9]. (H
S Pl T BRI B R R AN S e, VR B2 ST B 7 )1 5 M B R B8 B AR AT 75 AR 2 R E ks g AN
I iE], T HLSEPR B R EINGR AR SRR Bimix 2 T OARS 8, A 1 5 T J0 M B & ) U ok
&, DU ST —Mre] S ANEE SR EAT U 2RIl H R 4
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Table 1. Comparison of main generative models
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3. EFIMEIERRESIER

B T X 485 1 SE AR T R R AR /N X SRR G AT- 2 1l B B, LR R B — N g il R 1. &
B PANSEARTRE: AR 23 A e 55 B A T AR BORE AN o — AN 58 B 1 2 BOK B0 R 46 25 44
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Figure 2.The basic framework of GAN
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B DAEAT 75 EEAE R IR AR A A e . BB [RI R EAT, 7E G & A RRE /I EIRE, D A Wrth i2
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PR A, ARALIE B AL . AN ER AT DLIE Ik 3 2 1 il S ok B R T R SEE L B 22 = R A
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4.1. FHERINE
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AR R BRI ZRX ML, SRR T 4% G077 1 AN R ASE Y 5 AN ] 458 % iR B A xQr) 1), [T 5k
B TT DU A — b3 A 0 05 e A i T Ao T3 RN 4 23 i 2 CGAN 4 38 R A% 2 R # A %,
TR E [14], DA T T A R -

Figure 3. Transform a contour map to physical map of a rucksack with CGAN

B 3. f&Bh CGAN J$ Bl V4 BRIEIRE 8k o LY E

Figure 4. Transform a contour map to physical map of a building with CGAN
4. 188 CGAN R3Z A4 BREGE R A SLHE
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Figure 5. The generator network structure of DCGAN
5. REESREMMNENEARERE
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Kl 6 & DCGAN [N S, AR T AT ENE B 8RR . B SS R BRI EN = B . B0
THE AR “SE” IR A M — R CP bR e, R BRiE e B B AN A0 0l X 45 f 14 e
DUS AT BE 3R AL RO E A bR, R — MW [FR DCGAN i £ 2 B 0 4 A 15 U8
PE AR ERAE W] AR BIE MW ARE, 1X 72 DCGAN B 7t i & LT AE

Figure 6. Virtual bedroom images generated from sample distribution by utilizing DCGAN
B 6. FIF DCGAN HEA 5375 oh =4 O EE AL EN = El 15

4.3. FEFERITRMLE
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Figure 7. Schematic diagram of Cycle GAN
B 7. BRI A R B E
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Figure 8. Transform a horse to a zebra by Cycle GAN
8. FIF Cycle GAN LELHIE RELAND

Figure 9. Transform summer to winter by Cycle GAN
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