TN SRR 2
856 % 4 4 ] Fﬂ?ﬁ%%ﬁ(ﬁ“ B Vol. 56, No. 4
2020 - 7 11 JOURNAL OF NANJING UNIVERSITY

(NATURAL SCIENCE) July, 2020

DOI:10. 13232/j. cnki. jnju. 2020. 04. 011

ETRESHIERTH Softmax BEH %

RR A RER . H ELERE

(b Ml 2e > SRR A LI = WAL RS 80 515 B R 5225, e ,071002)
W ERMGANE S OO B E AT AR R WLBCE 2T TR A 2R 25 00 AT 2 B 42 4 R T A Ak B 4005 1) B AT S5 =2
— BT A G A 0 TR RS Uy B HA SRR R 0 A PR A B R T FURRAE 9 A RS SRS AR IR A D BEAT Y L G 4R L —
T i 37 851 4 B G A 2% 09 T X Softmax 2 28 59 (Asymmetric Convolutional Auto-encoder Based Softmax Clustering,
ASCAE-Softmax). & g3 —Fi AL X BR 10 45 B0 i 2% 190 26 254 (ASCAE) 38 2o 6 Ak 45 BRI Jin 4 34 12 )2 {4 A~ 1Y
2 SR XK ; 2 4 1l Softmax 28 28 &5 H0URFAE I S A0 2R S ME 2R A3 A0, 440 5 B B AR MR S5 00 A B REAIE 27 ) 55 2R 28 0 k5
TE—i . 38 i 3% AU/ A6 KL (Kullback-Teibler) i B2 6 ¢ 325 21 35 0 (19 5 2 300 73 . SC80 45 2R R B, 3%007 YA RE 8 2 > Hh (il [A]
ZEHINE R NR B AR KR, R A SR T S S TR Rk
KGR LW ) AR RS BT it 4% , KRR 28, Softmax 43 2K 4%
HESES TP391 MERARIRS A

Softmax clustering algorithm based on deep features representation

Chen Junfen’, Zhao Jiacheng, Han Jie, Zhai Junhai
(Hebei Key Laboratory of Machine Learning and Computational Intelligence , College of Mathematics and

Information Science, Hebei University, Baoding,071002, China)

Abstract: Image and speech have been common data in daily life and academic research. Therefore, image clustering analysis
becomes one of the vital tasks in data mining and image processing fields. The deep clustering methods based on auto -
encoders have the limited representation ability. Moreover, feature extraction and clustering assignment are carried out
separately. A new deep Softmax clustering algorithm (ASCAE -Softmax) based on a novel convolutional auto-encoder is
proposed. Firstly, an asymmetric convolutional auto-encoder network structure (ASCAE) is designed. The whole network is
asymmetric with an optimizing convolution operation and adding fully connected layers. Secondly, Softmax clustering is
proposed that is composed of mapping features into clustering probability distribution, making auxiliary target probability
distribution, and combining features learning with clustering assignment. Then, clustering divisions become clearer by
iteratively minimizing KL (Kullback - Leibler) divergence. Experimental results showed that the proposed deep clustering
algorithm can achieve the optimal features representation which makes the intra-clusters more compact and the inter-clusters
more dispersive, and the clustering result is better than the state-of-the-art deep clustering algorithms.
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Fig. 1
Auto-encoder (ASCAE) network
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Table 1 Parameters settings of ASCAE network

Layers Kernel Strides
C1 25X 3X 3 3
Cc2 50X 3 X3 2
C3 50X 3 X3 2
C4 50X 2 X 2 1
F 50 —
D1 50 —
D2 K —
D3 50 —
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Fig. 2 Feature optimization
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Table 2 Clustering performances of ASCAE, ASCAE -

Softmax and other six clustering algorithms on MNIST

dataset
Algorithms ACC NMI
KMS!® 0.535 0.531
AECH 0.760 0.669
IECY 0.609 0.542
DEC 0.889 0.856
DBC 0.766 0.759
DEPICT 0.924 0. 850
ASCAE 0.925 0.854
ASCAE-Softmax 0. 960 0.910
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Fig.3 F-layer features of ASCAE on MNIST dataset
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Fig. 4 F-layer features of ASCAE -Softmax on MNIST

dataset
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Fig.5 Some images of COIL-20 dataset
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Table 3 Clustering performances of ASCAE, ASCAE -

Softmax and other six clustering algorithms on COIL-20

dataset

Algorithms ACC NMI

KMS!® 0.592 0.767

DEN® 0.725 0. 870

DEC 0.731 0.813

DBC 0.724 0.822

DEPICT 0. 749 0.825

ASCAE 0. 740 0.823
ASCAE-Softmax 0.755 0.833
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Fig. 6 Visualization of ASCAE-Softmax clustering pro-
cess on COIL-20 dataset
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Fig. 7 Image examples from the four human face data-

sets
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Table 4 Clustering performances of ASCAE and AS-

CAE-Softmax on four face datasets

ASCAE ASCAE-Softmax

ACC NMI ACC NMI

CAS-PEAL-R1 0.890 0.958  0.900 0.959
BiolD-Face 0.852 0.949  0.895 0. 950
IMM-Face 0.550 0.760  0.571 0.763
UMISTS 0.442 0.647  0.447 0. 654
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