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A Semi-supervised Encoder Generative Adversarial Networks

Model for Image Classification

FU Xiao! SHEN Yuan-Tong" LI Hong-Wei* CHENG Xiao-Mei'

Abstract
problem that adequate labeled data is hard to acquire from industrial applications.

The semi-supervised image classification task has attracted more and more attention recently owing to the
Meanwhile, considerable works
demonstrate that the improved generative adversarial networks (GANs) can achieve great classification performance with
only few labeled images. Intuitively, GAN is a generative model, there is no semantic feature extractor in the main
framework. In order to further utilize the ability of GANSs, we propose to add an encoder in the framework to extract
features of images directly, and simultaneously to use a new semi-supervised training method to train this new image
classification model. The classification results of experiments have shown the state-of-the-art accuracy performance in

semi-supervised MNIST, SVHN and CIFAR-10.
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(a) SSE-GAN 4 ik SVAN K% (b) B SVHAN KR 2 (7

(a) The generated SVHN image of SSE-GAN (b) The image from SVHN database
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Fig.4 The generated image and the image from SVHN database after model converges
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Fig.5 The generated image and the image from CIFAR-10 database after model converges
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Table 3  Using different number of labeled data when semi-supervised training on CIFAR-10
HREE B Y 43 FHER (%)
it

1000 2000 4000
Ladder-network!] - 76.52 79.31
Cat-GANI - 78.83 80.42
improved-GANI(1°] 7717 79.39 81.37
ALIPRY 80.02 80.91 81.48
Adversarial training!”) 81.25 82.88 83.61
Bayesian GANI'1] 81.89 83.13 84.20
GAR]J2 82.10 83.35 84.94
SSE-GAN 82.34 83.66 85.14
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GAN s m] ) 205 (b 25 Bt I 9545 21 R0R 3%
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Xof ERAEAT 432, 1 SSE-GAN A5 7 I J2 38 43 945
i IE S, WA T GANs H il A g ok 0
FrIEBIr 2, (I 25 RERS B > A JURAAIE, AR T
G PRI RE R AR E, BT LA 26 1Y 23 SRR
BAF. HLASBEZ gl H A2 M 451 2% e RO S5 4
HAT— W8 1, mT DA I eSO A B T 19 15
ZE (LR N T HoAh 2 A R AL AL 55 (4545
52, SSE-GAN AL 5K GANs B, 39
AAEI GRS B 2 A R, B AR SOt iy e —
B G B — @R PR R p i SO, B
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