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Stratified Pseudo-label Based Image Clustering
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College of Computer Science & Software Engineering, Shenzhen University, Shenzhen, Guangdong 518060, China

National Engineering Laboratory for Big Data System Computing Technology(Shenzhen University) , Shenzhen 518060, Guangdong 518060, China

Abstract Image clustering is an important and open problem in image processing. Recently,some methods combine the powerful
representation ability of contrastive learning to carry out end-to-end clustering learning and utilize the pseudo-label technique to
improve the robustness of clustering methods. In the existing pseudo-label methods,we need to set a large threshold parameter to
obtain highly confident samples to generate one-hot pseudo-labels and often cannot obtain enough highly confident samples. To
make up for these defects,we propose a stratified pseudo-label clustering(SPC) method, which aims to train and refine the classi-
fication model using both structure and pseudo-labels information. We first introduce three assumptions for designing of deep
clustering methods.,1i. e. , local smoothing assumption, self-training assumption,and low-density separation assumption. The me-
thod consists of two stages:1)manifold based consistency learning. which is used to initialize the classification model in the trai-
ning stage;and 2)stratified pseudo-label based model tefinement, which generates stratified pseudo-labels to improve the robust-
ness of the clustering model. We first generate a strong pseudo-label dataset and a weak pseudo-label dataset with a threshold pa-
rameter,and then propose a label-propagation method and a mix-up method to improve the weak pseudo-label dataset. Finally, we
use both strong pseudo-label dataset and weak pseudo-label dataset to refine the clustering model. Compared with the best base-
line, the averaged ACC of SPC improves by 7.6% and 5.0% on STL10 and CIFAR100-20 benchmark datasets, respectively.

Keywords Deep clustering,Consistency learning , Pseudo-labels. Label propagation,Self-training learning
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4.1 LWIEE
4.1.1 EBHEE
# SPC B :7E Cifar10®", Cifar100-20"" F1 STL10"% jx
3R M B ERUE R B AT 7RI, REMERUE R B
W1 PR TE IS 2852 5 b Bl s i g R R
1 HEMERUR R FEAE

Table 1 Characteristics of benchmark datasets

BEELH  BRADL EIEE  FARE SEAE
STL10 96 X 96 5000 8000 10
Cifar10 32X32 50000 10000 10

Cifar100-20 32X32 50000 10000 20

4.1.2 FHmAy

TR UL, SPC S Wk B AR Y T SRR AE % )
SCANM J5 vk 1 5 86 % & R £ — 30, % Cifar10, Cifar100-20
M STL10 a4k L #% A SimCLRY 7 i F Sy 5 4] 4] 51 4
% 55 SCANUY — &, ffi ]l ResNet-1859 45 I+ M 4% . 3 16
YINZH Bi Be FURE K B Be o 2 o] — A 4p EBERY %40 BB A0 il —
AKINK dX e WARTERZH R Hm d F e 5302 Bl 2
FRAE A 4E B A2 B B . FE VIR B B R, Cifarl0, Cifar100-
20 # STL10 Z4 4V 5 fir % 19 Epoch (R 2341 & 2 100, 4it
RN E N 128, AR ECR £ O 20, 1E M TIAL | R 5 A, %
E 5, R M Adam A6 ER AT E AL AL, 2% 3 2RI AL
A3 SIVEE R 0,000 1 Fl 0. 0001, 75K B B Y Be . X T Ci-
far10,Cifar100-20 F1 STL10 % #i% 4£ , Epoch K ¥y &% & K
500, SRONFRZEEIRAE 7R85 Oh BF 2 BUHR 4R 0 iy L R/
I E N 1024 F1256,1024 F1 256,256 Fl 64, B {5 EH{H 6
Ay S E R 0.99.0. 98 F1 0. 95, b5 % 3% v L 4B A £y 43 B
BWHEH 20,20 M1 5, Beta MR « EHN 1. KA SGD
et as AT AR AL, 2= 2 5 0. 03, ALHE WA 0. 0005,
nesterov Z &R 0. 9. B4 B Be 368 A Faiss™ ok K &
FARFEAS,

4.1.3 HAEHZEENR

MR 2 3, SPC Bk v BT 3 i B 1 oy =0 w) 2L
43y S 1 O A 55 1 R SR B . 55 3 0 b (o ) B AL K T R
B BEHLER Y L) & Rand Augment™ (9 77 28, R 4 A o028 & 1%
R TE . MR Ig R M e g o 2 455 7 Cut-
Out VAR SR AEA . Xt FR 25456 46 J5 AR 0 35 O b 25 S0
A SRS AR BB A W, AR S A G A B B 2 I ] R
G303 R T 55 AIOHE 1 TR R SR AR S

F2 B R 0 Y T
Table 2 Strategies of weak augmentation and strong augmentation

5 595 5 B AR R
WAL AP 8 8+ AL
RandAugment X 4

Cutout

RandAugment X 1
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4,1.4 B&iE

He T RIMER P (ACC) I — AL 15 B (NMD S Fil i 5
Jei 1 rand $5 B0 CARD "9 JE A7 PEAG . Ui 25 Rl i 250 4 R
PG 3 00 328 45 0 25 FRASE 00 3, B 1 5 i B Do ke 0 3 £ 11
. TefF B 5 AN [R) B AT 45 3 10 1 34 {8 70 b o 22 4 O lRe &
LI AE AL, ELAE N Zhond A2 b T A RO 2 2 08 A IR) 9 T
4 KR Iy R AT B A S .
4.2 i ow

TE YIS E R 4 5 0 a4k 45 43 B8 GO a4 RO 7011
S R EOHE 48 O F RO B9 R R Y SPC Sk 1
FrazE ) 3 FhECE S B IEAT PRI . K IR B AR S R K o
I3 BRI A R T 58 5 0 0 R Wi i iz kg 1. #% SPC
H S5 UUT 22 fig e dE i R T L HEAT TR B4 A
means', SCH, NMFY, JULEM, SAESY, DAEM”,
AEM, DCGANM!, VAEY™, DECH', ADCMY, DeepClus-
ter”" ,DACH ,DDC*, DCCM? , 1ICH!, PICAP), GCCRY

CCHY, SCANM® ,NNMM fI CRLR™M , %fF SC,NMF, AE,
DAE,DCGAN #l VAE X £677 vk , I 45 2 IR E 32 B
FAFJ5 EAT k-means B AGH],

F 3T SPC F B AR So i () B 1E 3 MBI &R b
MR LER . FEJT 7 47 5% 43 B B3 4 Bk A7 1 5 0 2F
W7 i, SPC Sk 3 TP T ik e R 45 5 . HL ik b
i, 76 STL10, Cifarl0 M Cifar100-20 % 4 4 £, xf T
ACC, NMI #l ARI, SPC & ¥ W P ¥ 45 R M T 7 &
SCANUS 9 K5 kB Bt 42 F+ 7 7. 6%, 6. 5%, 10. 0%,
0.2%,5.0%,5. 1% f 5.9% ., B 19 17 A9 B % R 4%
P H i A 5] B AT I 25RO A O 2, SPC Bk JE AR 1 AR
B T . fE STL10, Cifarl0 F Cifar100-20 ¥t ¥
£ ACC, NMI Hl ART 48 5 o, B4 8 4l FH 43 B B4l 48 1Y
LT AT Bt 45 3R . SPC M B L 45 R A4 T+ T
0.1%,1.5%,3.5%,2.8%,4.5%,4. 7% M 5.5%, X
Y UE T SPC 8k i A stk

3 3SR R S R AR
Table 3 Comparison of optimal results on three benchmark datasets
CRLp 2 0D
Dataset STL10 Cifar10 Cifar100-20
Metrics ACC NMI ARI ACC NMI ARI ACC NMI ARI
k-means63) 19.2 12.5 6.1 22.9 8.7 4.9 13.0 8.4 2.8
scletl 15.9 9.8 4.8 24.7 10.3 8.5 13.6 9.0 2.2
NMEL65] 18.0 9.6 4.6 19.0 8.1 3.4 11.8 7.9 2.6
JULELS] 27.7 18. 2 16. 4 27.2 19. 2 13.8 13.7 10. 3 3.3
SAEL66] 32.0 25.2 16. 1 29.7 24.7 15.6 15.7 10.9 4.4
DAELS7] 30. 2 22.4 15.2 29.7 25.1 16.3 15.1 1.1 4.6
AEL68] 30.3 25.0 16.1 31.4 23.4 16.9 16.5 10.0 4.7
DCGANLE9] 29.8 21.0 13.9 31.5 26.5 17.6 15.1 12.0 4.5
VAEL0] 28.2 20.0 14.6 29.1 24,5 16.7 15.2 10. 8 4.0
DECL! 35.9 27.6 18.6 30. 1 25.7 16.1 18.5 13.6 5.0
ADCL71] 53.0 — — 32.5 — - 16.0 — -
DeepClustert72] 33.4 37.4 18.9
DACL23] 47.0 36.6 25.6 52.2 40.0 30. 1 23.8 18.5 8.8
DDCL73] 48.9 37.1 26.7 52.4 42.4 32.9 - — -
pcemtzzl 48.2 37.6 26.2 62.3 49.6 40.8 32.7 28.5 17.3
¢yl 59.6 49.6 39.7 61.7 51.1 41.1 25.7 22.5 11.7
PICAL3] 71.3 61.1 53.1 69. 6 59.1 51.2 33.7 31.0 17.1
Geetzt 78.8 68. 4 63.1 85. 6 76. 4 72.8 47.2 47.2 30.5
cclrol 85.0 76. 4 72.6 79.0 70.5 63.7 42.9 43.1 26.6
SCAN * (Avg=Std) 75.54+2.0 65.44+1.2 59.0+1.6 81.8+0.3 71.240.4 66.54+0.4 42.243.0 44.1+1.0 26.7+1.3
SCANT(Avg+Std) 76.741.9 68.0£1.2 61.6+1.8 87.640.4 78.740.5 75.840.7 45.942.7 46.84+1.3 30.1£2.1
SCANTLI6] (Best) 80.9 69.8 64.6 88.3 79.7 77.2 50. 7 48.6 33.3
NNME!2] 76.84+1.2 66.34+1.3 59.6+1.5 83.740.3 73.74+0.5 69.440.6 45.940.2 48.040.4 30.24+0.4
CRLCL21] 78.741.1 68.4+1.7 62.7+1.8 84.240.1 74.740.3 70.6+0.5 45.040.7 44.840.8 28.740.9
SPCT(Avg+Std) 84.340.8 73.540.9 70.1+£1.3 87.040.1 79.640.3 75.440.2 50.9+1.1 50.941.1 35.1%1.1
SPCT (Bes) 85. 1 74.5 71.6 87.1 79.9 75.6 51.7 51.9 36.0

TE - R P RR GG 5 YO R IE A7 45 5 00 8 4 (8 R bR ol 22 LA K e Bl 09 45 2R 5 10 19 47 3678 O vk 7 S AR 8l 4 B Rl ik b A5 DI SR A A LR 7 47 38R I ik 7E 43 1

1 KO 41 53 0067 U1 5 B 00« S5 0K 25 5 SR P L €6 L
HEh s AT

RT B AR & A B WX R BE Y 5 . 4 B T
STL10,Cifarl0 Ml Cifar100-20 X 3 A EdE 4 k4T 7 4 fh s
5o ELAORUL, N T R 0% 1A A AN 5 2R 30HT Ol 1Y M B 25 L DA
PRI 9 Mk R AL R S JL 4R ARG BT 4 34T IE N
Y B R AR BE LR BN A L0 B UE P bR 2 W B 2 2 (VR A .
mE 2 Fral. v, BnI AR R AR 5] M AE T i
7E STL10 %4 45 1 i 48 45 AU M BB L JE 2R 48 3 T 50, 9%

4.3

(ACC),30. 1% (NMD ,41. 7% (ARD . 3X £ W 4, AP 1E T
R[4 A FU# . TIAE Cifarlo 30 4E b, SPC 501k ek &k 42
BT 71 7% (ACC) . 66. 6% (NMD F1 71. 3% (ARD) , £ Ci-
far100-20 H 4 4 1 WAL 4R | 1 38, 6% (ACC), 28. 4%
(NMD 1 45% (ARD 3% R W] &, 4 %08 5 7 B8 Ak fig i 1 3.
BIG, Bl A L B BEBIAE STL10O B4 LWk T 7. 5%
(ACC) ,6.8% (NMD A1 9. 3% (ARD (i #2 T+, 78 Cifar10 ¥4
£ LETT 5. 3% (ACC),8. 3% (NMD il 8. 8% (ARD) , 7
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Fig. 4 Change of the weak pseudo-label 3" accuracy of corresponding data of # o STL10,Cifarl0 and Cifar100-20

datasets with label propagation
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0.5,10,20,30,50, HeHt &y =0 o8 HA HEAC A E B9 34 38 AL AC
ZIRGHEAT — B2 . B 4 WTLLE L FE by =20 BRI
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Fig. 4 Sensitivity analysis of £ on STL10 dataset in training stage
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Fig.5 Sensitivity analysis of 6 on STL10 dataset in reflining

stage
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Table 4 Ablation analysis of SPC on three datasets

CHLRT 2 6D
Dataset STL10 Cifarl0 Cifar100-20
Metrics ACC NMI ARI ACC NMI ARI ACC NMI ARI
. 25.945.2  36.646.2 19.143.7 10.0 0 0 5.0 0 0
%+ 76.8+E1.1  66.740.4 60.84+0.8 81.74+0.3 71.3+0.3 66.6+0.4 43.6+£2.7 45.0%0.8 28.4%1.5
Yo Y+ Ypg  84.34+0.8  73.54+0.9  70.1+1.3 87.0+0.1 79.6+0.3 75.4+0.2 50.9+1.1 50.9+1.1 35.1+1.1

4.5.3 AR E b,
T NEARIC B 3 O AR S A A B R AR A2 W s A
S AR T SCRRAIE 23 18] 30T 408 1 10 22 18] A AU AR 2 JE — 20 4
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SEIR TR IR0 TR G S 0 o WL 46 A B X AN 6] A, {H RO BURR
P, Hop b, WHE R 1,5,40-,80,100, STL10 &4 BYKE 1 B Bt
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Fig. 6 Sensitivity analysis of £, on STL10 dataset in refining stage
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T-SNE visualization of pre-trained features,stagel features and stage2 features on

STL10 datasets
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