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Image Recognition With Conditional Deep Convolutional

Generative Adversarial Networks

TANG Xian-Lun' DU Yi-Ming' LIU Yu-Wei? LI Jia-Xin? MA Yi-Wei?

Abstract Generative adversarial network (GAN) is a prevalent generative model. Deep convolutional generative adver-
sarial network (DCGAN), based on traditional generative adversarial networks, introduces convolutional neural networks
(CNN) into the training for unsupervised learning to improve the effect of generative networks. Conditional generative
adversarial network (CGAN) is a conditional model which adds condition extension into GAN. The generative model of
conditional-DCGAN (C-DCGAN) is a combination of DCGAN and CGAN, which integrates the feature extraction of con-
volutional networks and condition auxiliary generative sample for image recognition. The result of simulation experiments
shows that this model can improve the accuracy of image recognition.
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A A fifi i Four fractionally-strided convolution 5g
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Fig.3 The structure of C-DCGAN generator
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Fig.4 The structure of C-DCGAN discriminator
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CPU @ 3.20 GHz 4b#i#%, 8 GB 21717 (RAM),
NVIDIA GeForce GTX 1050 Ti GPU, TensorFlow
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Fig.8 Trends of d-loss on MNIST
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Fig.10 The samples generated by MNIST
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Fig.11 Trends of c_loss on MNIST
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X EE. AR SO HE B A 51 26 5 7 SC s H A DL g
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21 MNIST b4 iEEmRNT

Table 1  The recognition accuracy comparison on MNIST

VIR I R (%)
linear classifier (1-layer NN) =51 91.60
K-nearest-neighbors, Euclidean (L2) - 95.00
40 PCA + quadratic classifier - 96.70
SVM, Gaussian Kernel - 98.60
Trainable feature extractor + SVMs [no distortions] - 99.17
Convolutional net LeNet-5, [no distortions] - 99.05
Convolutional net LeNet-5, [huge,distortions] huge distortions 99.15
Convolutional net LeNet-5, [distortions] distortions 99.20
CNN H—1k 98.40
C-DCGAN + Softmax - 99.45

5.2 CIFAR-10 2%

CIFAR-10 #4645 10 KRG, ’IIEK
/NR 3218 FR x 32 18K, B 50000 MIZRFE
A, 10000 MiAAEA. 5 MNIST #lasE—+, FEff
FA A b 55 BT R FEA I — (A B, AR 25 H i F
frM#gmas. 5 MNIST HdELEnyscimtiel, A
KA 3~ 5 S5 4 BIAE R A s . H e A4y
FeAR, LR LA I DA R RN A AR B A
(32, 32, 3) pyEAR, R4 32 98 32 i@iE N 3 MR
K. C-DCGAN XHIZhint, Ky 7 ARE: R4, H)
A5 A AR T FIR BN 1: 2.

5.2.1 CIFAR-10 £ m#EA

5 MNIST SZERAH[E, fifbes Adam [ >] %
W 0.0002, & A 0.5, B 64 ASFEA.

12 FIE 13 HaeHdE (d-loss_real) A4 RLEL
P (d-loss_fake) 33k ) 5045 4453 2% o BBt 5 I Rk
BOEIRASAL. PR EARER 2B TR, IIgE
WA BN B2 R, X AP LG 2 X I 45 B 2 A
T J5 L5 B 2R X BRI 2 BL.

Bl 14 J2F 5045125 R £ (d_loss) Hy2A84k; &l 15
S AR R PR AL (g-loss) HYAZAL.

ME 14 & 15 BT PAE H, A= s AR B
GRAT AR, JE R AR, X — IS U FE
YNGR UEI S I A X 28 AN W7 A8 A5 8, T
FZIRXTPUH KRR, TR B2 H B DT A K A R

K 16 5 CIFAR-10 $({E4EH] 64 DMERTE 4 4>
BB (55 1. 6. 16, 25 Epoch) A= BUEEAS )% L.
5.2.2 CIFAR-10 9H4ER

Gy EAR AR SR 2 2 %2 0.0002 (1) Adam flifk
v, RS IH— AL 3 5 >R H A% 48 CNN ALY

1.5
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Table 2 The recognition accuracy comparison
on CIFAR-10

LIRS HEdf A (% )
1 Layer K-means 80.6
3 Layer K-means Learned RF 82.0
View Invariant K-means 81.9
Cuda-convnet (CNN) 82.0
DCGAN + L2-SVM 82.8
C-DCGAN + Softmax 84
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