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A clustering method based on the asymmetric convolutional autoencoder

YANG Mengyin'?, CHEN Junfen'?, ZHAI Junhai'

(1. College of Mathematics and Information Science, Hebei University, Baoding 071002, China; 2. Hebei Key Laboratory of Ma-
chine Learning and Computational Intelligence, Baoding 071002, China)

Abstract: Unsupervised learning methods based on deep neural networks have synergistically optimized the feature rep-
resentation and clustering assignment, thus greatly improving the clustering performance. However, numerous paramet-
ers slow down the running speed, and the discriminative ability of the features extracted by deep models also influences
their clustering performance. To address these two issues, a new clustering algorithm is proposed (asymmetric fully-con-
nected layers convolutional autoencoder, AFCAE), where a convolutional autoencoder combined with several asymmet-
ric fully-connected layers is used to extract the features, and the K-means algorithm is subsequently applied to perform
clustering on the obtained features. AFCAE adopts 3x3 and 2x2 convolutional kernels, thereby considerably reducing
the number of parameters and the computational complexity. The clustering accuracy of AFCAE on MNIST reaches
0.960, almost 12% higher than that of the jointly trained DEC method (0.840). Experimental results on six image data
sets show that the AFCAE network has excellent feature representation ability and can finish the subsequent clustering
tasks well.

Keywords: unsupervised; clustering; deep neural network; convolutional neural network; autoencoder; feature learning;
feature representation; algorithm complexity
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Fig. 1 Overall framework of the asymmetric fully-connected layers convolutional auto-encoder (AFCAE) network
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Table 1 The detailed description of AFCAE network para-
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Table 2 Design of fully connected layers and corresponding clustering accuracies

RIS MNIST(ACC) COIL-20(ACC)
4-50-c-50 0.923(7.5x10") 0.688(6.4x10 )
d-50-50-c-50 0.935(6.9x10 ") 0.714(4.3x10 )

d-50-50-¢-50-50
d-50-50-50-c-50-50
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0.934(5.8x10 ")
0.960(4.6x10 ")
0.910(6.8x10 ")
0.896(7.9x10 ")

0.737(6.5%10 )
0.768(3.6x10 )
0.751(5.7x10 )
0.693(6.5x10 )
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Fig.3 Clustering accuracy affected by neuron numbers ¢
in bottleneck layer
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Fig. 4 Clustering accuracy of each fully connected layer on
MNIST dataset
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Table3 Comparison 5 different convolutional structures
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Table4 Running time, complexity and clustering accur-

acy of the convolutional structures
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B 43950 1 0.960
¢ 13350 0.303 0.930
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Table 5 Comparison clustering performances of several
clustering methods on MNIST dataset

Ik ACC NMI
8
Kms!® 0.535 0.531
22
AEC™ 0.760 0.669
23
1EC* 0.609 0.542
14
pEC"" 0.840 —
[20]
DBC 0.766 0.759
14
DAE-KMS! 0.818 —
DEC!" 0.880 0.867
24
JULE™Y _ 0.913
20
ASCAE™” 0.925 0.854
ASCAE-softmax[zo] 0.960 0.910
AFCAE 0.960 0.916

&R 6 COIL-20 HiE&E L 6 MREE KM L
Table 6 Comparison clustering performances with six
methods on COIL-20 dataset

Fik ACC NMI
Kms!' 0.592 0.767
peC™” 0.731 0.813
pBC?” 0.724 0.822
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AFCAE 0.768 0.868
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Fig.5 Visualization of clustering results on MNIST dataset
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