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Optimization method for deep image clustering based on alternating

normalization and category-wise uniform prior

ZHU Yiming, MA Zheng”™
(School of Information Science and Technology, Southwest Jiaotong University, Chengdu 611756, China)

Abstract; Deep image clustering was employed to analyze the cluster structure of unlabeled image data through deep learning techniques.

However, due to the absence of class labels that provide definitive information, uncertain clustering predictions may be yielded by unsupervised

deep image clustering, introducing noise information that was found detrimental to performance enhancement and application development.

Therefore, a clustering prediction optimization method based on alternating normalization and category-wise uniform prior was proposed to correct

low confidence predictions and improve deep image clustering performance. At the same time, the method had a low degree of coupling with the

model structure and training process, enabling cross-model optimization for deep image clustering frameworks. Experimental results on multiple

datasets reveal that the effective clustering prediction optimization is achieved for various deep image clustering models through the approach.

Keywords: unsupervised learning; deep clustering; clustering prediction optimization; cross-model optimization
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Alg. 1  Optimization of low confidence clustering predictions
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1. for each p in P
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5 N. append(p. index) //£E&& Nicsktp 16 P i
6 else

7 A.append(p) //EBEFEESR ABNITE P[]
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Tab.1 Optimization results of clustering and

classification performance

7k BAE W/ % R I R R
mnist 84.30 81.60
DEC
STL-10 80. 60 75.40
mnist 86.40 82.70
Ours + DEC
STL-10 90. 10 81.70
cifar-10 88.04 79.21
SCAN cifar-100 50.70 48.60
STL-10 81.58 70.45
cifar-10 88.30 79.32
Ours + SCAN cifar-100 50. 60 47.90
STL-10 82.83 71.43
SwAV cifar-10 68.30
Ours + SWAV cifar-10 70. 80
SimGCD™ cifar-100  79.13
Ours + SimGCD cifar-100 80.72
RUCM! +SCAN  cifar-10  89.50 —
Ours + SCAN cifar-10 88.30 79.32
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Fig. 1  Confusion matrix plot of clustering results

before and after optimization of the SCAN model
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Tab.2 Hyperparameter setting

Jrik o IR g I mRiAkOr ik

DEC 0.001 200 256 SGD
SCAN  0.001 100 128 Adam
SwAV  0.001 100 32 Adam

PRI BAT B 1 IR ISAUACRICR, , T B B 1)
PSRRI L RE

2.3 RAUFILERAEES) SWAV RE TS RES

B — b 3 T 78 2R SR R HE 2 o) 15
SwAV, Bk 5 ¥k A8 RS B AT SCA L I iy e Ak fiE
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O S AR P R E SRR A B R R 2 gl
TAUALRTIG , SwAV A5 0 5 Y P {5 R Ak m] LAk
LR, AT LA DA A R B BB AN ) 2001 [ 1%
FAE Z 18] HA SR 1B, HA T4 (45 1
FEMCHERE b, 3 1 SwAV J5 i AHOC 1 A7 Ji 7 ok
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T DT ER T AL R I IO B % R Ab B
B BA B e BE
2.4 EHEDN

Kl 2(a) ~(b) /R T SwAV FUIZRAY R AL
IHEIGR Y cifar-10 EIRFFHE, B 2 () ~ (d)
R T 307 1 A Do A58 T 4 BB ) PR RS AR, R
FIT PCA FiI ¢-SNE X 455 784 $1 1R g 448 &1 45 5 ik
PEATRELERI AT AL . T LUA R BT $e 07 ik Ja
AR A 22 ] B B R SR, SR T 7 1%

Q b
i é. >
<.

0L e RE e O 0N 0% @ Hilk it @ 1%

(a) HLAERT PCA nTHL1L

(a) PCA visualization

(b) efbHT +-SNE ] AL,
(b) t-SNE visualization

before optimization

o

before optimization

T 05 0KE O3 00N 05 @ Fik i @ KE
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(c¢) PCA visualization

(d) fiAL)E +-SNE a4k
(d) t-SNE visualization

after optimization after optimization
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Fig.2 Visualization of the cifar-10 image features extracted by
the SWAV before and after optimization
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AT U8 R FH BT 2 0 A TE I AR 45 B2
O AT AR — 20 B v SR MR, IS o5 i PR
$ETt
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Tab.3 Results of the ablation study

DEC SCAN
BOE AL femn bREf MERR bRl
%  HFE E/%  HFE
80.60 75.40 81.58  70.45
v 88.50 79.90 82.83  71.43
v 79.30  74.40 — —
vV vV 90.10 81.70 83.36  72.19
3 g

BRSSO £ S TR ALTE I
B R TSR 0 — AR N e 1 2 A S B i A Ak O
ik, B R T A T AR A R TN S B i A T A
PR IEE R TM o & 1 10y 7 32 A5 2L 45 4 A
Gl B (AR BB, IR ] DA s 8O A A
RIS TRATR RIS LT o Rk m] A5 JE A ]
FHRSCIR AR R, ) I A B0 sl R ) 55 29 AR
B P RIS TN RE , W) i AT IR A
BB I T
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