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A Training Method of DCGANs Based on Subsample Set Construction
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Abstract
(GANS).
traditional GANs. This work proposes a DCGANSs training method based on training image subsample set construction.

Deep convolutional generative adversarial networks (DCGANSs) is an improved generative adversarial networks
There are some improvements in training method although the effect of generated images are better than

The statistical distribution relations of DCGANSs generated samples, subsamples and all samples are derived. The results
show that the distributions of subsample sets are closer to the whole sample set, and the generated sample set is closer to
the whole sample set. And then, a subsample set construction method is designed based on sample first order color moment
and sharpness feature space. These subsample sets are approximately independent identically distributed each other and
similar to the whole sample set distribution by improved probability sampling method. To validate the effectiveness of
this method, cartoon face image set and Cifarl0 image set are used, the experimental results of DCGANS training method
based on subsample set construction and random selection and other training strategies are compared and analyzed. The
results show that under the condition that Batchsize is about 2000, the test error, KL divergence, inception score are
improved, so that better images could be generated.
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Fig.1 Schematic diagram of DCGANSs training
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Fig.4 Training set samples of Cifar10
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BEMWL T A AR G FAREARE Z M1 2 7, T
T2, £ 1 4ot 7 A Batchsize A EEFREA
LB RV TG R RBENL T FEAS SR AR 05 A S .
*R 2 gt TN EIEEEATE Batchsize 8 H A
TA fx,(z) H5EMAI fx(x) B KL S5
. &2 1~5 17 kA FRENEEHEE, 6~10
17k BT Cifarl0 ZdE4E.

%1 A Batchsize FAATE 5%

Table 1  Total coverage rate of different Batchsize

Btk Batchsize MHEREE (%)  BOHLREE (%) ZHiME (%)

512 80.68 99.96 19.28
D4 1024 89.20 99.96 10.76
2000 93.20 97.59 4.39
512 78.57 99.33 20.76
Cifar10 1024 87.54 98.30 10.76
2048 92.52 98.30 5.78

MF 1 n]LLE H, Batchsize 46 F] F-# 1
FEALE J5 AR FE AT o5 e T Ao 5 B LR AT
MRS RN ZERE. RS R TR AR JE I RE A
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iR, WHUR K Batchsize AT JG 48525, MR 2
A F th Batchsize BB R 1170 A i T a4k
o3An, I B oA & B ) 2 ek, Kl
THa T4 fx, (x) & B ZERERDN, HY R
oA fx(x) Bofair. XEWIRFEAR T/ 10 X, B
T N T UG REAEAF E AT S 4r B g vH (n
BIfE - ArEZESE). BRBUEE AN, T REAAE RS
TS E 0 AP S AR A . AERFIE =S () AKAR
ST IR A, XA R IR S 1) BRI
IIAT— ERERE S T YNGR R B4 I () 70 A
* 2 A Batchsize N KL(fx, (z)||fx(z)) Z3
Table 2 KL(fx,(x)||fx(x)) data under
different Batchsize

Hitk Batchsize ¥ brdEE EBME PE RONE
128 1.3375 0.0805 1.1509 1.3379 1.6156
1024  0.3109 0.0147 0.2849 0.3110 0.3504

RIAKE 1024*%  0.2366 0.0084 0.2154 0.2365 0.2579
2000 0.1785 0.0089 0.1652 0.1778 0.1931

2000* 0.1144 0.0042 0.1049 0.1150 0.1216

128 1.4125 0.0772 1.1881 1.4155 1.6037

1024  0.3499 0.0155 0.3215 0.3475 0.3886

Cifarl0 1024* 0.2692 0.0063 0.2552 0.2687 0.2836
2048 0.1994 0.0085 0.1830 0.2004 0.2148

2048*% 0.1372 0.0040 0.1281 0.1372 0.1462

o DU TREASERAN SR, T 1)

XLEHE R, BEHUORE ) T REAR AT LA
MR REA G A — B s g5, o H T REAE
A 2 T ) 22 5 R L v T AR I T R AR SR A1 2 1]
(22 57 R L. () IR 1) o0 AT 15 B A O 22 57 K,
Ja ) A 5 AR A 2 5 BN

R 1 AT RIAE TR R R, AR
WREA R B . K 5 Ji€7x T Batchsize 24 2000 A
A7 IS ARAERAT: 2 RIRIRE A FRAT: 21 (K A AR
Bl HA e 1. 2 4773 R G ot 5 Hh KA A0
FEARFIEBAEA; 55 3. 4 17702 Cifarl0 K
B AR A AR

Bl 5 ARBIHEARIEEREA

Fig.5 Low frequency and common samples

M5 il LUE H, TREASRER RS 5
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ML LR YNGR, BOHE KA 2 AR 2R ™ AR AR

AR
3.2 NERBUIRZ LL S 47

IR AR ST A R, X E T A Batchsize
91024, 2000 A A7 IR AR AL SRR
AR GRAROR; XL T ASC 5 30k [7] Ko oAt
3 Ul sk ms (U SR R

1) WS R TR

X AR I8 N B 4 2y A i T Batchsize 76
1024 F12000 FREEALE. XFT Cifarl0 Hdli 55
WKy T Batchsize i 1024 F1 2048 ) FEALE.
PRI 24 2 R SVEH A 0.001 ~ 0.002 211, Zhh:
RI72h 0.5, fEH BGD. 15 2I1¥ s 50504 i ko,

* 3 RENS S TI A AT L
Table 3 Experimental results comparison of

cartoon face dataset

Batchsize epoch WliXiRZ (x1072) KL IS (o x 1072)
1024 135 8.03+2.12 0.1710 3.97+2.62
1024* 135 8.23+2.10 0.1844 3.82+2.02
2000 200 7.68+2.21 0.1077  3.95+2.32
2000%* 200 7.184+2.13 0.0581 4.21+2.53

* 4 Cifarl0 FRESLIEEE FXT L

Table 4 Experimental results comparison of
Cifar10 dataset

Batchsize epoch WiXi%% (x1072) KL IS (o x 1072)
1024 100 1.43+£0.38 0.2146 5.4446.40
1024* 100 1.48£0.35 0.2233  5.36+£6.01
2048 200 1.404+0.39 0.2095 5.51+5.83
2048* 200 1.35+0.37 0.1890 5.62+5.77

LR 3 A1 4 W%, 7€ Batchsize 4 1024 I,
ARSCTTEINGR S RERG 26— i, FRR PR FEA S
w5 FAN TR ARG 2R ROK, 75 10% oA,
FEFREARSER S W S A S A 5 IR 5 A 22 5
BARSFET. 7F Batchsize 4 2000 A4, HT-7& i
HIEAHN 5% Lid, IXRRWIR G T FEALE J5 1) S A
oA 5N REE BRI A 22 IS, W LU T REA
KGRI TTEAENZRGES R EA AP AR SR

Kl 6~9 HMERT MM EHE ST Batchsize
KA 2000 A7 5 P B ALl R A2 SoRE A, X
EEE 6. 7 mIAN, PYAR AR BOREAS KUK BRAH ZEAN K, T
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Fig.6 Generated samples (random, 2000, cartoon face)
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7 EMKEAR (R, Batchsize = 2000, R AJK)
Fig.7 Generated samples (constructing, 2000,

cartoon face)

8 ERUFEA (BEHL, Batchsize 2048, Cifarl0)
Fig.8 Generated samples (random, 2048, Cifar10)

K9 AmAEAR (WE, Batchsize = 2048, Cifarl0)
Fig.9 Generated samples (constructing, 2048, Cifar10)
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gk BTk, & IE I Batchsize, /b &k SR
PEAE o2 %, MR AR IR 7 s R IR A v sz
IR, R Batchsize 8/, S EREAE
A, R ZIMHEAANSHIIE, KA T G
W) 4 AL SR I 5.

2) AT FAB I 2R g ) L

h b O AR SC G AR T SCHR [7) IR 725 BA 2
oAt 3 P LA FE D L% P s K R R A B
ZRARBE AR, T LA R, dE D Mgk
HHTEL (BN). Adam. SGD, %N 128 (a)l]
D MR ETIR S D MBI RE 1 ks
JE A8 ST AR IR 25 104 180 RMSProp. SGD,
XF R 128 (b); D W 45 2 $0E Ak A Qs
W52, RMSProp. SGD X} % 128 (c);
D W 2% B0 S RE AN N IR 450 2K BR K O LB R A
FIACER I 2507129 . RMSProp. SGD #f W #
128 (d). RMSProp At 5 k%% ) R 6 H 4
0.00005 ~ 0.0001, ZhEFEF A 0.9. FFH T L5
WINP7R. A TR 3T AR SCE SR 45 0.

®5 R NRBEIAN R NS L

Table 5  Different strategies comparison of cartoon face
dataset
Batchsize epoch WK% (x1073) KL IS (o x 1072)
1024* 135 8.23+2.10 0.1844 3.824+2.02
2000* 200 7.18+£2.13 0.0581 4.21+2.53
128 (a) 25 8.32+2.07 0.1954  3.62+2.59
128 (b) 25 8.15+2.15 0.1321 3.924+4.59
128 (¢) 25 8.07+2.10 0.1745  3.89+4.45
128 (d) 25 8.23+2.26 0.1250  4.02+3.97

#£ 6  Cifarl0 FHELEA E FmE XS L

Table 6  Different strategies comparison of
Cifar10 dataset

Batchsize epoch WIX#% (x1072) KL IS (o x 1072)
1024%* 100 1.48£0.35 0.2233 5.36+6.01
2048%* 200 1.354+0.37 0.1890 5.62+5.77
128 (a) 25 1.81+£0.41 0.2813 4.44 + 3.66
128 (b) 25 1.64 +0.40 0.2205 4.61+3.80
128 (c) 25 1.70£0.41 0.2494 4.62 +4.80
128 (d) 25 1.63£0.42 0.2462 4.94+5.79

HWid 5. 6 Al %0, BIf7E Batchsize 4 1024
It B B AN TR FR S . 78 Batchsize 4 2000 #°
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A A B AF S Fe bR EE, I BB B AL TSGR (7]
(RSB0 2 . 7E Rl S g b (e e 4 )
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SEMILFA. 78 Cifar1l0 Bt (Z2R05H4E), #K
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802000 ZeAy A AN B RO, LA ERBIASCTr
R 2 2N A A A i3S N PR, k) LR
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(A 2500, e ATTRT DAAH B F AR,

10~ 13 J&7= T 3CHk [7] A1 D 28 BLH 240
IEMAC IR R, G 70 104 11 A7 RUR A Sy
EAE HASCR EAR T SCHR [7) RS0 WAL I 2R 56
W, J A AN SOk (7] S E0E AL S B0 R
KEAHZEAK, WAL RGO E B 554019 (5 AR
TR %, SEGTARSC7. X 94 12, 13 1]
B, ARSI IREA T BB IX 23 Y AR 1)
PG POE S ES

K10 AEskEAs (128 (SR [7]), RIE AR
Fig.10 Generated samples (128 (paper [7]), cartoon face)

K11 AERREAS (128 (IENML), R A )
Fig.11 Generated samples (128 (regularizer),

cartoon face)
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Fig.12 Generated samples (128 (paper [7]), Cifar10)
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Fig.13 Generated samples (128 (regularizer), Cifar10)
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