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Abstract In recent years.deep clustering methods using joint optimization strategy,such as DEC (deep embedding clustering)
and DDC (deep denoising clustering) algorithms, have made great progress in image clustering that heavily related to features
representation ability of deep networks,and brought certain degree breakthroughs in clustering performances. The quality of fea-
ture extraction directly affects the subsequent clustering tasks. However, the generalization abilities of these methods are not sat-
isfied, exactly as different network structures are used in different datasets to guarantee the clustering performance. In addition,
there is a quite larger space to enhance clustering performances compared to classification performances. To this end,a self-super-
vised deep clustering (SADC) method based on self-attention is proposed. Firstly,a deep convolutional autoencoder is designed to
extract features,and noisy images are employed to enhance the robustness of the network. Secondly, self-attention mechanism is
combined with the proposed network to capture useful features for clustering. At last,the trained encoder combines with K-means
algorithm to form a deep clustering model for feature representation and clustering assignment, and iteratively updates parameters
to improve the clustering accuracy and generalization ability of the proposed network. The proposed clustering method is verified
on 6 traditional image datasets and compared with the deep clustering algorithms DEC and DDC. Experimental results show that
the proposed SADC can provide better clustering results,and is comparable to the state-of-the-art clustering algorithms. Overall,
the unified network structure ensures the clustering accuracy and simultaneously reducing computational complexity of the deep
clustering algorithms.
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Table 1 Influence of parameter w on clustering accuracy of model
MNIST BiolD CAS-PEAL-R1 COIL-20
KA w  0.921 0.919 0.915 0.729
BN w 0.919 0.925 0.915 0.729
0925
0920 P
3 0915 d \x_*__)('
§ 0910 H
< :
0905 F
0900 '.‘:
E :' - without_w
0895{ w-x o with_w
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&l 4 BiolD % #i 4 1S4 w XT 19 2% 2R 3 P 18 1 5 1l

Fig. 4 Influence of parameter w on the performance of network
clustering on BioID database
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Table 2 Influence of parameter 8 on clustering accuracy and
network convergence speed
5 MNIST BiolD CAS PEAL-RI COIL20
epoches ACC  epoches ACC  epoches ACC  epoches ACC
2 200 0.921 200 0.925 91 0.915 6 0.736
3 105 0. 895 158 0.919 60 0.915 1 0.729
4 83 0.891 73 0.932 44 0.905 1 0.729
5 62 0.892 71 0.925 35 0.905 1 0.729

SRIG , 764 2 B 2% B BiolD %3 4 % ) % 1Y) 2% 3 3% 3
. R 3T LA 2% 2 4658 22X 107" 9 4% 11 T 44 43
SR AR/ S PR R B 2 ST R HEAT S 21 W 48 I 5. 7E Adam
L2 R X100 I RO B I, 5l SR B
2] AR L AR R 4 PR, XA LI, A 2 X A
SRS A — S B2

F 3 SGD A% ) R i A 451 2R

Table 3 Reconstruction loss of SGD with different learning rates
FAE 2x10% 2x107% 2x10° 2x10 % 2x10 7
Lsacae 0.122 0.116 0.136 0.211 0.847

F 4 Adam AR 2] R RN

Table 4 Clustering accuracy of Adam with different learning rates

7

FAF 11073 1x10°*'  1x107° 1x10~
ACC 0.925 0.919 0.919 0. 895
Lsanc 0. 221 0. 252 0. 391 0. 452
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Fig. 5 Clustering accuracy of SADC with full connection layer
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Table 5 Effect of self-attention layer on SADC model performance

MNIST BiolD
Self-
attention
ACC 0.921 0.892 0.925 0.814 0.915 0.885 0.712 0.615
NMI 0.903 0.893 0.944 0.929 0.929 0.949 0.776 0.697

CAS-PEAL-R1  MALARIA

with without with without with without with without

-40 20 0 20 40

() RWINAERE )2

QORI RES-iN

6 MNIST I SADC ) 2458 «SNE Al # 4k
Fig. 6 t-SNE visualization of clustering results of SADC on
MNIST dataset
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Table 6 Comparison of clustering accuracy of several clustering

algorithms

Datasets

Methods MNIST  BiolD CAS T (OIL20 IMM MALARIA

’ © PEAL-R1 ’ -
K-means  0.392  0.846 0. 880 0.669  0.533 0.519
SACAE+

0.818  0.599 0. 480 0.536  0.283 0. 460
K-means
DECHY  0.843* 0.853 0.903 0.597  0.429 0.701
DDCEB) 0.892%  0.864 0.755 0.803% 0.495 0. 692

SADC 0.921 0.925 0.915 0.736  0.545 0.712
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Fig. 8 ACC and NMI curves of SADC on six datasets
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