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[ Abstract] Generative Adversarial Network ( GAN ) fails to effectively execute the synchronous update between
generator and discriminator during training, resulting in unstable model training and mode collapse. To solve this
problem,a generative adversarial network PL-GAN based on piecewise loss is proposed. The generator uses different loss
functions in different training periods, and introduces the feature-wise loss between the real sample and the generated
sample , which makes the feature extracted by the discriminator more robust. Experimental results on MNIST and CIFAR-
10 datasets show that PL-GAN has higher classification accuracy and operation efficiency than regular GAN and feature-
wise GAN.
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GAN 1 1 = D(x) . fRBEERNEFIINGFEA Kk A
FLATHEAS 2ok B A A, U] D )35 2% eR AN

C(D)=-E, ., [InP(ylx)] -

Ex~pg[ln P w(y=N+1llx)]=
Cop +Cusy (12)
o, FLSEAE AR B AR A AR 5N A 2SR A AL o
WIREREA S 5H) B KR
Cor="Er\ pinier [In P, (ylx,y<N+1)]
(13)

A AR SRR S AR A S 5 0 B
XU R R -

Cwv=-E _, o[In(1=-P . ,(y=N+1lx))] -

Eﬁpﬁ[ln P w(y=N+1lx)] (14)

A D(x) =1-P u(y=N+11x), 047

Cy=-E._, »in(1-D(x)) -E,_, In(1-D(x))
(15)

T B 0 2k 5 TG W B R T 0 2R B R Bk S I
MR HE . 8 2 R GAN 2 B ER o0 E #
Hr FRBMEAN D STHR B UK, TS HA Ry D
DIl AN = DO 5

P(y=j)=exp[/{(x)/z(x)
Cap Caav

2 GAN 3B EEBSEXRE

AR B B 7 T8 53 AT, A7 7E — A A H1 ) e 558 o 5K
fx) MY <N +1,P(y=j,x) =f(x) - exp[[(x)].
Po(x) =f(x) «exp[ly,, (x) o o T 5004
HeFE N N +1 MR R S He Y RV x, L, (x) =
O B 37, WA B A8 55 5] 2% softmax i 2R H, LI,
D(x) =)/ (2(0) +1).2(0) = 5 expl 1, () .

1.2 EEIE

AR I T B it 2 19 A OGS BT I 445 2 Wy 26

95 PL-GAN il R o i e K& AR U S k1)

N




158 D2 - N ] A D

201945 15 H

Wk BB IS EL w(1) =exp( =10 (1-1)"),
AT IS FC U epoch 545 5k B 4 £ YR T
i UL

Bk 1 PL-GAN #ik

UG - BA I/ (Batchsize,, B4 — U 2 80T R B T
FIREA K ) m = 100 ; iterations g 4b 3% AR UK, 7R BOI 2R A A
HHR/N m 4L 5 epoch Sy 3% AWK, B I 4 A4S 4R 4k
FIE PR B S5k = 1, FoR YR 38 K R A U 5 A I 24
LY M LR FIRFAE R T7 Z RN E R EN a =B =
0.5; /1 Xavier J5 ik #E47 2 B i 4k ; M 0 Al P (2) 95 2
Z~U[ -1,1];
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AR F MNIST ") CIFAR-10""" % % 4 ik 47
SEER I AE . MNIST & 3 J8 24 ) U Wi T 5
RS, 3L 10 (BT 0 ~9 IR ), BRA T H
WA 6 000 A 2R FE A F 1 000 A4S 3 A A%
CIFAR-10 1% 60 000 ¢ 3t 10 2%y =@ B A, 45
247 5 000 NYIZRFEAFN 1 000 A~ FEA
2.2 SHIEE

L AE BB GPU -5 3 GTX1080 ) 1 5 Hl
b5 47, T theano' " YR S HELL S B . X T4k

R LR BRI 25 5k ) 5 PR B T A M
ARG T, AWK SR T 55
5D R TR R | IR, SOk, 5 57
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®1 SHEE
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CIFAR-10 600 100
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AR S 1) I 45 45 4 32 2 il 22 2 R AL
PL-GAN #7114 Z: $0 I B 40 3% 2 Fiv o, Ay Jon e A 75
1 I G B2, AR S8 ] s A5 A Rl T A 10— 1k
( Weight Normalization, WN) "/ S %

0.000 3 min(2 - epoch/450,1)

&2 MNISTHEENZSHEER
%4 D R G
i A :28 x 28 gray image

100
10 Input Noise
one-hot labelsy e [R P =i

Denselayer 1 000 Units 1IReLU,

. . Denselayer 500 Units
Guassian niose, WN

Denselayer 500 Units,1ReLU,

. . Softplus, batch norm
Guassian niose, WN

Denselayer 250 Units,1ReLU,

. . Denselayer 500 Units
Guassian niose, WN

Denselayer 250 Units,1ReLU,

. . Softplus, batch norm
Guassian niose, WN

Denselayer 10 Units,IReLU,

. . Denselayer 784 Units, sigmoid
Guassian niose, WN
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A AR R AR ER S T 2K | E, ., D, (x) -
E_,. .oD/(G(2)) 5.

PL-GAN 7£ regular GAN [ 5L fitth - ot 28 XF Bt 4t
RIERTF 51 AR B AR 5K, &5 InAUS 1F R B 4
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1 29l /9 34494973021
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/ /1Ay 7 0ag81L8/7335
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B 4 BT 7R Ry 48 S8 e I oo A rh A 61 4% A8 Ak X
Foo i 4 af LUE Y, XA s 9 408 2% 1 5, A T
feature-wise GAN,PL-GAN F} 45t 2< T FEAS T 44 ;
45 regular GAN #{t ,PL-GAN (¥ 4it 2k 22 B & i T B¢
1 S T IF AR T — A B R 0 e i R R
i & , At regular GAN, PL-GAN [ 4 2% {E 415 ,
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4.5
4.0k ———regular GANE 2%
3sh . —regular GAN%: 51| 2%
i - - - -feature-wise GANZE: i 25
3.0 tl T feature-wise GAN S 1 2%
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20Hy
ESY R
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TE PR AEASE Y 25 K A TR] (9 1 D0 T, 2545 2 R AR
o 100 B, PR A S Y o W B BV RE, 1 JEXT 1
ZERWME S fron. S " LLAE i, PL-GAN Y
regular GAN 7 5 1R AL, JL 7 J 'k RE 5 feature-
wise GAN JEA LT, {H S SI0H 3 B PR

—PL-GANZ.#:
- - - -feature-wise GAN%L.:
—-—-regular GAN4.7%:

BRI/ %

100 150 200 250 300
IERUEL
5 MNIST #iE&EH 3 HEENFIREMNLER

[l B B bR 25 HE A2 100, 4% PL-GAN 5 {248
e B 24 5] F s ADGM M1 + M2 VAT ,CatGAN %
AT HOR A RN R 3 ik, AR 3 AT LAA i, PL-
GAN B A7 fe {9 73 JE Bt i % o

®3 MNIST HiE&d 8 HEE D LBIREIL %

Ak FEIR R
Ladder!?’ 1.06( £0.37)
M1 + M2 3.33( £0.14)
ADGM ¢ 0.96( £0.02)
CatGAN!'® 1.39( £0.28)
Improved-GAN'®’ 0.93( £0.07)
Triple-GAN!1® 0.91( +0.58)

VAT 2.33
PL-GAN 0.90( £0.06)

2.3.2 CIFAR-10 % #i4E
A YR S B A i A 45 44 L DCGAN 0 HE 48 Sy it
WE LW IR 2% > 2RIk 0..000 3, Sy i 45 80 9 25 9 B
1E B LA B4, 4 ) 45 8 ] WN Rl Dropout 3%
W o 028 B TR 2 R B AN R 4 TR
%4 CIFAR-10 BEENESHEE

Y5 & D A G
i A :32 x 32 Colored image

100
10 Input Noise e
one-hot labels classy e [R P R

MLP 8 192 units
ReLU,batch norm
Reshape 512 x4 x4

5 x5 deconv,256,stride 2

ReLU,batch norm

Dropout =0.2
3 x3 conv,96,IReLU, WN
3 x3 conv,96,IReLU, WN
3 x3 conv,96,IReLU,WN

Dropout =0.2
3 x3 conv,192,IReLU,WN
3 x3 conv,192,1ReLU, WN
3 x3 conv,192,IReLU,WN

5 x5 deconv. 128. stride 2
ReLU,batch norm

Dropout =0.2
3 x3 conv,192,IReLU,
WN NIN, 192 ,IReLU,WN
NIN,192,1ReLU,WN
Global pool layer
Denselayer 10 Units with WN

€ A R AR ORE AR R L 4, LT IS
(Inception Score ) FiF AR U A ] 532 A2 LAY 5 000 4>
FEAHEAT 10 YATAL , 74 B AR N Y IS i, 45 Rk 5
s 1B 6 JT R 4% 5 ik /e CIFAR-10 %4 4€ b A=
JREAS YL BE XS LE o
%5 CIFAR-10 #iE& 3 ME LM IS EX LR

5 x5 deconv. 3. stride 2,

tanh, weight norm

Bk IS {i
regular GAN 6.45 +£0.22
feature-wise GAN 5.46 +0.20
PL-GAN 7.30 £0.17
FLAEAR 10.71 £0.44
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(c)regular GANGE % (d)PL-GANL3:
B 6 CIFAR-10 #{¥E4& b 3 FhE k& A 4 BB AR AL 52 38 b

T P UEASE B 45 45 HE 28 A W] A9 15 00 T, 245 25 4
AHN 4 000 4553 3 B 21 B 70 28 B R R X EE
RME T i, i B 7 W] LUE Y, PL-GAN [t
regular GAN 432k 4R R % , 5 feature-wise GAN 43
FEVERE HE A FE T (H W SOPE SE 4 o B AR 4 19 U1 2k
FEAKCH 4 000, 6 PL-GAN 5 15 48 2 W B 3 K5
AT R LG, A5 R Nk 6 B, W LLE i, PL-GAN
ABAF R TERE R B, I T R 2 8ofe 42 F & o 2k

70
—— regular GAN%.32:
---- feature-wise GANZL{3:
60 —— PL-GAN{I:

0 100 200 300 400 500 600
ERUHL

B 7 CIFAR-10 HiE&EH 3 MEZHNBREWNLER
% 6 CIFAR-10 HiE&EH 7 MEHENHEIREXLL %

Ak FER A

Ladder 20.40( £0.47)
ALI'7) 18.30
CatGAN 19.58( +0.58)

Improved-GAN 18.63( £2.32)

Triple GAN 16.99( +0.36)
VAT 24.65
PL-GAN 17.30( £0.56)
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PL-GAN it i 3¢ 5 I 1) 2 B0k B0 A il 55 48 1)
w12 Ji?r“f 7 B A B O3 A S LS A 2 T 22

St IS WK RE 5 B 4 R P AR T A AR s P
A FSEREAS 5 A JORE AR Z2 18] 1 R AL A8 O A U1
AR E . JH AR E W], PL-GAN B A7 B
14 73 JH JEE 5 B R AR

2%k

[1] CHAPELLE O, SCHOLKOPF B, ZIEN A. Semi-
supervised learning [ J |. IEEE Transactions on Neural
Networks,2009,20(3) :542-546.

[2] LEE D H. Pseudo-label; the simple and efficient semi-
supervised learning method for deep neural networks
[EB/OL]. [2018-02-01 ]. http://deeplearning. net/ wp-
content/uploads/2013/03/pseudo_label_final. pdf.

[3] RASMUS A,BERGLUND M, HONKALA M, et al. Semi-
supervised learning with ladder networks [ EB/OL ]. [ 2018-
02-01 ]. http://papers. nips. cc/paper/5947-semi-supervised-
learning-with-ladder-networks. pdf.

[4] KINGMA D P,MOHAMED S,REZENDE D J et al. Semi-
supervised learning with deep generative models[ EB/OL ].
[2018-02-05]. https;//arxiv. org/ pdf/1406. 5298. pdf.

[5] GOODFELLOW I J,POUGET-ABADIE J,MIRZA M, et al.
Generative adversarial nets [ C |//Proceedings of Inter-
national Conference on Neural Information Processing
Systems. Cambridge ,USA ;MIT Press, 2014 :2672-2680.

[6] MAALQE L,SONDERBY C K, SUNDERBY S K,et al.
Auxiliary deep generative models [ EB/OL]. [ 2018-02-
06 ]. https://arxiv. org/pdf/1602.05473. pdf.

[7] DUMOULIN V,BELGHAZI I, POOLE B, et al. Adver-
sarially learned inference[ EB/OL]. [2018-02-04 ]. https://
arxiv. org/pdf/1606. 00704. pdf.

[ 8] SPRINGENBERG J T. Unsupervised and semi-supervised
learning with categorical generative adversarial networks[ J].
Computer Science,2015(6) :2321-2330.

[9] SALIMANS T, GOODFELLOW I, ZAREMBA W, et al.
Improved techniques for training GANs [ C ]//
Proceedings of NIPS’ 16. Barcelona, Spain; NIPS,2016;
2234-2242.

[10] LI Chongxuan,XU Kun,ZHU Jun,et al. Triple generative
adversarial nets[ C]//Proceedings of NIPS’ 17. Barcelona,
Spain : NIPS ,2017 :4091-4101.

[11] Erpug 2, B A, . AR 0 BT M 4 GAN #YBF 5
RS REET]. Ashfkard,2017,43(3) :321-332.

[12] ARJOVSKY M,BOTTOU L. Towards principled methods
for training generative adversarial networks [ EB/OL ].
[2018-01-25 ]. https://leon. bottou. org/publications/ pdf/
iclr-2017. pdf.

[13] ARJOVSKY M, CHINTALA S, BOTTOU L. Wasserstein
GAN[EB/OL]. [2018-02-05]. https://arxiv. org/pdf/
1701.07875. pdf.

(THE55 168 1)



168 D2 - N ] A D

201945 15 H

L b AR SCHR R A 3 A 8RR s 5 AL
I8 % AR AR EL, 7 A BE AR % o T 0 X ) R i B fE
DRUIE S 125 ) AT S0P SR I A 114 53 A Pk

4 HERIE

T 22 dit MOEA/D B3 ] 5 41 38 5 i
Fob B A 5 A AR 1 () L, AR SCHR HE — T 7 1 3
A3 W 11 i B MOEA/D B3k . it —Fh LT
208 35K BT A7 1) Al AR E LIRS ) W LA O 2 T
B Bt 1 3 7 4 4 S s, 07 406 0 0 ASE AR 43 o D
SRR A AR A N M AT R R 3K 3 - b
WeBE S50 A PR H Y. S A R R IR I
G B A PERICEE o 8 — 28R ARG 1 [] AL 114 408 3
T E T 2R BURH L ) 406 S B SR W, O i o B e
PrFHREN &, Tl e, BIEHAS .

S & 3k

[ 1] ZITZLER E,THIELE L. Multiobjective optimization using
evolutionary algorithms-a comparative case study [ C]//

Parallel
Problem Solving from Nature. Berlin, Germany : Springer,
2006:292-301.

[2] LI Yuanyong,ZHOU Yuren,ZHAN Zhihui,et al. A primary
theoretical

Proceedings of International Conference on

study on decomposition-based multiobjective
evolutionary algorithms [ J ]. IEEE Transactions on
Evolutionary Computation,2016,20(4) :563-576.

[3] WANG Rui, ZHANG Qingfu, ZHANG Tao.
Decomposition based algorithms using Pareto adaptive
scalarizing  methods[J]. TEEE Transactions on
Evolutionary Computation,2016,20(6) ;821-837.

[4] JIANG Siwei, ZHANG Jie, ONG Y S,et al. A simple
and fast hypervolume indicator-based multiobjective
evolutionary algorithm [ J ]. IEEE Transactions on
Cybernetics,2015,45(10) ;:2202-2213.

[5] ZHANG Qingfu, LI Hui. MOEA/D: a multiobjective
evolutionary algorithm based on decomposition [ J ].
IEEE Transactions on Evolutionary Computation, 2007,

( EH%5 160 51)

[14] METZ L,POOLE B,PFAU D, et al. Unrolled generative
adversarial networks[ EB/OL ]. [ 2018-02-07 ]. https://
arxiv. org/pdf/1611.02163. pdf.

LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-
based learning applied to document recognition [ J].
Proceedings of the IEEE, 1998 ,86(11) ;2278-2324.
KRIZHEVSKY A,HINTON G. Learning multiple layers
of features from tiny images[ J|. Handbook of Systemic
Autoimmune Diseases,2009,1(4) :32-33.

BASTIEN F,LAMBLIN P, PASCANU R, et al. Theano.
new features and speed improvements| EB/OL ]. [ 2018-01-
25]. http://export. arxiv. org/pdf/1211.5590.

[15]

[16]

[17]

(6]

[8]

[10]

[11]

[12]

[13]

[14]

[15]

[18]

11(6) :712-731.

LI Hui, ZHANG Qingfu. Multiobjective optimization
problems with complicated Pareto sets, MOEA/D and
NSGA-II[J]. IEEE Transactions on
Computation 2009 ,13(2) :284-302.
ZHANG Qingfu,LIU Wudong,LI Hui. The performance of
a new version of MOEA/D on CEC(09 unconstrained MOP
test instances| C]//Proceedings of 2009 IEEE Congress on
Evolutionary Computation. Washington D. C. , USA:IEEE
Press,2009 :203-208.

ISHIBUCHI H, HITOTSUYANAGI Y, TSUKAMOTO N,
et al. Use

Evolutionary

of biased neighborhood structures in
multiobjective memetic algorithms[ J]. Soft Computing,
2009,13(8/9) :795-810.

ZHAO Shizheng, SUGANTHAN P N,ZHANG Qingfu.
Decomposition-based multiobjective evolutionary
algorithm with an ensemble of neighborhood sizes[J].
IEEE Transactions on Evolutionary Computation, 2012,
16(3) .442-446.

XEHR, w2, 5 T, . BB 2 B A S
N2 Gy HEAR SR [T ] ) H0e 5 0, 2014 ,31 (1)
1492-1501.

WANG Zhenkun,ZHANG Qingfu,ZHOU Aimin, et al.
Adaptive replacement strategies for MOEA/D[ J]. IEEE
Transactions on Cybernetics,2016,46(2) :474-486.
Rl S A I S A e O o N G e o 7 A Al )
MOEA/D % 3 [J]. 3 & Hl L 2, 2017,43 (3) .
232-240.

HUBAND S, HINGSTON P, BARONE L, et al. A
review of multiobjective test problems and a scalable test
problem toolkit[ J]. IEEE Transactions on Evolutionary
Computation ,2006,10(5) :477-506.

DEB K,PRATAP A, AGARWAL S,et al. A fast and
elitist multiobjective genetic algorithm; NSGA-II [ J ].
IEEE Transactions on Evolutionary Computation, 2002,
6(2):182-197.

WANG Hu, YEN G G. Adaptive multiobjective particle
swarm optimization based on parallel cell coordinate
system [ J |. IEEE Transactions on
Computation,2015,19(1) ;1-18.

Evolutionary

Gl BETH R

SALIMANS T,KINGMA D P. Weight normalization; a
simple reparameterization to accelerate training of deep
neural networks [ C ]//Proceedings of NIPS ’ 16.
Barcelona, Spain ; NIPS,2016:901-909.

MIYATO T,MAEDA S,KOYAMA M, et al. Distributional
smoothing with virtual adversarial training [ EB/OL ].
[2018-01-26]. https://arxiv. org/pdf/1507. 00677. pdf.
RADFORD A, METZ L, CHINTALA S. Unsupervised
representation learning with deep convolutional generative
adversarial networks [ EB/OL ]. [ 2018-02-10 ]. https://
arxiv. org/pdf/1511.06434. pdf.

W Ry



