B4t H5 M
2018 4F 5 H

H 3 b 2
ACTA AUTOMATICA SINICA

Vol. 44, No. 5
May, 2018

ETHERImMERNZIEF ) SEREX
BE wEE EOHE BEE

OB - dE R A A AT R, SR, IS A 5 R 5, SRR B RS DA
FE AT AL T S 114 e B P AT T S AR SCRR H — R R T AR O M 2% (Generative adversarial networks, GAN) (2
P2 2] S EMFIE, AT AR LR, Gl il A a7 o bR . b 2 L ] O RATE, 32 BT R AR > T,
(A5 7] — S0 A A T PR B S ZE A R R AE 1y, HF PRAIE B & LB AR R WIS E FY 2 R, SRR T
A R 25 B T YA, A2 OB AP I ACRAE AR B, PRUE T A2 R P 2 S5 UL P AR IS TR, T B Hh A 5k 8 D0 95 T
G T AN 1] A LB, Ak T ISR PR S B T, DA R AR i R ) 5 RO P I oo B2 P . 5 (v Rt e
MNIST, 5t 8e7Hudiase SVHN FIAKEESE CelebA ERYEID SIS REN], BT i i3k A R AF R A PERE.

KA U, FRAPAE R 4, ZO0RIRAE ], A

SIFMEN  ghse, Ehile, FESCHs, SR, BT AR OO 4 i 2 A0 2 ) SR, B R, 2018, 44(5): 819-828

DOI 10.16383/j.aas.2018.c170496

Multi-view Learning and Reconstruction Algorithms via

Generative Adversarial Networks

SUN Liang! HAN Yu-Xuan' KANG Wen-Jing' GE Hong-Wei'

Abstract Generally, objects often require to represent in different views. However, real-world applications in complex
scenarios can hardly have complete views of a given object. In this paper, we propose generative adversarial network
(GAN) based multi-view learning and reconstruction algorithms. A novel representation learning algorithm is proposed,
which guarantees different views of the same object are mapped to the same representation. Meanwhile, the algorithm
guarantees the representation carries enough reconstructed information. To construct multi-views of a given object, a
generative adversarial network based reconstruction algorithm is proposed, which includes the representation information
in the generation and discrimination models to guarantee the constructed views perfectly map the source view. The merits
of the proposed algorithms lie in the fact that they avoid direct mapping among different views, and can solve the problem
of missing views in training data and the problem of mapping between constructed views and the source views. Simulated
experiments on handwritten digit dataset (MNIST), street view house numbers dataset (SVHN) and CelebFaces attributes

dataset (CelebA) indicate that the proposed algorithms yield satisfactory reconstruction performances.
Key words Multi-view reconstruction, conditional generative adversarial networks (CGAN), multi-view representation
learning, generative models
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HEMEBEEA T (Bald), X (Bangs),
% (Black hair), R4 (Eyeglass), JHPE: (Male), B
##5K (Mouth slightly open), ZHR (Narrow eyes),
JeiA i (No beard), 1 k4 (Pale skin), #ig
(Wearing hat). 3 3 /R T REYLIEEUY 15 8 &
) JaE M ) i B R, o 17 RORJE A A,
“—17 FoREMER R

L 26

Bl 7 DAL 2 ShIR%dIEAE SVHN LR EAgZS

Fig.7 Reconstruction results that take view 2 as source data on SVHN
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Fig.8 Reconstruction results that take view 3 as source data on SVHN
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L4 S CGAN fl CVAE 72 A= i S22 S 4T
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{5 PSNR fH, W3 4 [PAE H, MVGAN £l
SSIM {E i1 PSNR {55 T CGAN fl CVAE, 0
MVGAN & #1145tk CGAN Fil CVAE & #)1)
R i B R HR BN, o MVGAN
FEAAE CelebA ¥rdiide L DATEAM 10 4@ 115 BN
FifE, H SSIM PP 48 A i — Ff i & 9 5K el A AL
FEEERIEM AR, H L 57 MNIST 5 SVHN ##
£ L E A SEREAL G B SE I &5 A L, 7E CelebA
Base L35 T RARA SSIM {A. PSNR 4 84
TP R R B PR AR o, T DAE H MV-
GAN B E AL 1 & HA 8N R B
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Fig.9 Reconstruction results that take view 2 and view 3 as source data respectively on CelebA

# 3 CelebA LA 2 AIHLE 3 X HY 10 2 fm 1k

Table 3 The chosen attributes for view 2 and view 3 (10 dimensions)

CUEiE FEW Xt Ak IR5% Ak LSS IR T THKE HH
a -1 -1 -1 1 1 -1 -1 -1 -1 -1
b -1 -1 1 -1 1 -1 -1 -1 -1 -1
c -1 -1 1 -1 1 -1 -1 1 -1 -1
d -1 -1 1 -1 1 1 -1 1 -1 -1
e -1 -1 -1 -1 -1 -1 -1 1 -1 -1
f -1 -1 -1 -1 -1 -1 -1 1 1 -1
g -1 -1 -1 -1 1 -1 -1 1 -1 -1
h -1 -1 -1 -1 -1 1 -1 1 -1 -1
i -1 -1 -1 -1 -1 -1 -1 1 -1 -1
j -1 -1 -1 -1 1 1 1 1 1 -1
k -1 1 -1 -1 1 -1 -1 1 -1 -1
1 -1 -1 -1 -1 -1 1 -1 1 -1 -1
m -1 -1 -1 -1 -1 1 -1 1 -1 -1
n -1 -1 -1 -1 1 1 -1 -1 -1 -1
o -1 1 1 -1 1 1 -1 1 -1 -1
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4  CelebA %¥#E4E Y SSIM A1 PSNR, H #5545
Table 4 Comparison results of SSIM and PSNR on CelebA

NN SSIM {4 PSNR ff (dB)

MVGAN (& 2 MK 1) 0.1143+0.0023 10.0574 £ 0.0605
MVGAN (fi1d 3 FMFLE 1) 0.113240.0022 10.0342 £ 0.0587
CGAN 0.05124+0.0036 9.531240.0012
CVAE 0.0716 + 0.0058 9.7881 % 0.0020

e A FRAL ) LA, (AR T A — S AR
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I AL R TSR B S BE AR R O TR R
ik ) B B AR SERE AL, A SCHR AR T AR
XL 46 1) 22 AR EAG SR, PASRAE I o A 2%
P, JE AR s 5 0 B s BRI ok 2R R R A
P VERC I 2 A Bt SRIRERARI, S AR AL )
2 ) A OUR R T LB B A e UE S,
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