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Super Multi-class Deep Image Clustering Model Based on Contrastive Learning
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Abstract Image clustering reduces the dimensionality of image data,extracts effective features through representation learning,
and performs cluster analysis. When there are many categories of image data,the complexity of data distribution and the density
of clusters seriously affect the practicability of existing methods. To this end.this paper proposes a super-multi-class deep image
clustering model based on contrastive learning, which is mainly divided into three stages: firstly,improving the contrastive lear-
ning method to train the feature model to make the cluster distribution uniform;secondly,based on the principle of semantic simi-
larity, the perspective mines instance semantic nearest neighbor information;and finally, the instance and its nearest neighbors are
used as self-supervised information to train a clustering model. According to the different types of experiments,ablation experi-
ments and contrast experiments are designed in this paper. The ablation experiments prove that the proposed method could make
the clusters evenly distributed in the mapping space and mine the semantic nearest neighbor information reliably. In the compara-
tive experiments,it’s compared with the advanced algorithms on 7 benchmark datasets. On the ImageNet-200 class dataset.it’s
accuracy is 10. 6 % higher than the advanced method. It”s accuracy rate on the ImageNet-1000 class dataset is higher than that of
the advanced algorithm, which improves by 9. 2%.

Keywords Super multi-class clustering, Contrastive learning, Feature model, Semantic similarity,Image clustering
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BEARTC 301 W HTRAE LR M 4 v, B ERAEAE R F A AL R i
o B AL 2 € DA FFAE £, = D(x,50,) T
Mﬂ%ﬁ}ala rh i ) A R PR Faiss TGS 20 48 25 0] o 08
22 18] B AR AL A48 R 5 52 i e AT 09 4g AN L e WS
Ny o FHWR 2 x AE SR AR o 75 Fla, =a(x;) , A FEE F]
FROE fo, = @ (ae 30,0, X F A oo A SCH Rand Aug-
ment™* U BEHLIE B A 4 AR HORT Cutout™ 41 & &k L Xt

REATIRIG IR . TEOR AR W 5 2 (i) PSR S Ny, b 1A
A B Faiss Ltiﬁ?%%“lﬂ?*iﬂlﬂﬁzﬂ BRI LR R S
S5 x; B AL Y Zq AT AR, A BT ARAE B Noas o BJF X5

15l VES5 A8 e B 15 BB, = BCx,) , I B HRIE f, = D(B. 50,),
X} 55 4% ﬁJFI*Fﬁ FixMatch™™ o i) 45 1 B 5% A1 (37 38
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ik

Input: Dataset &, Clusters C,Nets @y, ®cand @y, Nei Ay

Super Multi-Class Deep Image Clustering Model

Draw augmentation functions t1 »t2 s a.f
For xi €D do P Feature Model Step 1,Sec. 3.1
b= 1 (xi),t2 (xp)
L., =y, (u),®, (u")
h*,h*= &, (u*),P,, (u*)
For x; in Negative queen do
h, = &, (x; )
End for
Loss=Y(1,sh,,{h™ })+ %y h,»th™ }) in Eq. 9
Update vi ,Update vo=mv; +(1—m)v; in Eq. 7
Update Negative queen in each batch
End for
Update ®. from @,

Nx; = 2q neighboring samples of @, (ay) in Nyx;

B, =B(xi)

Nxi= q max pg, =D (D, (By)) samples of Nygx;

No<No U Nx;
End for

while Loss decreases do P Clustering Step 3. Sec. 3. 3

Update @, with Loss,i. e. A(®,(2),Mp, ) in Eq. 14
End while
Return: ®,(%) P is divided over ¢ clusters

RAAA f B T M 2% ResNet-50 F R 23k 4 pl . 5 T ™
HRRER AAT 3. 1 WAELMY o WRERE F, Rk
O, JEANE N ¢ WML WL, 4 h 5 — 25 FR IR B B I 25 0 2R
TP F R AOR A AT RE A B E R AR =P REEIRLI 2R
By Be it 2k 19 H A2 3. 2 % J2 4 TR B 1y s 48 M FE R
A WG B k48 NG & W 4 D, . LIS S 461 B 568 B A% 25 ¢
A FE YIRS AR Ry 3R R AE , 76 WX B AE  one-hot 4 B 19 2%
£R5l, H’Mé’&@ﬂ% SCAN-loss™" , WX (14) fif 7%

A=—1=2 X log(®,(X),d, (V)>+A2CD log@

‘(/‘xe Ve

14)
Hop, Co R ABITRL HEAR X 840 BC B AR R ¢ MR ROR
%J@‘,,(x,)»@,,(x,)é[(),l]‘,‘(/= 1,++,C},

h TRk O, KB E 9 N BT AT AR ACHR o3 T B —
EREH tﬁﬁﬁfﬂﬁl)ﬂfﬂﬂﬁéﬁglﬁkié log @ K5 B S5 45 Al
1 T ¥4 57 b 4 BCE) A5 S b b o ik O R
K (15) fiR

@;’fw‘ Ecb X (15)

MRS &, Fhx, MU AR Ny #043 BL B W] — 4> 2 5% If:
.1 3R 7R S one-hot B, 5 B e K, 3 2 401 2% d /b, DA
YGRS o, Xy A 5267 4 — 3 H A 2 5 B 9 one-hot
] 1 R M A one-hot [ £ fdf i argmax p& 0% 52 i 45 1)

eSS IRURIIEERPONIE R E T E I S-S O
4 LBWERMSN

4.1 HAEHBEEMIRESE

ARATHE 7 A 0 R FE RO 5 PP AR Y SR 2 Pk
fie 035 STL-10"*), ImageNet-10""* , ImageNet-Dogs'*! , Ima-
geNet-505™ , ImageNet-10087 , ImageNet-20057 1 ImageNet-
1000747, 26 1 8 T B A BUUE 4R 19 00 B 2 00, 0 25 0 B
H EER S RS2 i 8 i 5 . X F ImageNet £045 4 5% H 5 i
BB SRR TR Z M A R 224 X224 X 56 &
(G HEAT PR B, At B0Hl 4R 0 R R . B T W % g — fi
ResNet-50, i XL 4850 H g A9 B B4 : ImageNet 0 5
BEASEBIR A 50 A 4B, STL-10 i 45 4 A4~ 32 4l >R 20
AT AR . RRAE BB I R B B Al 1] 256 Batch size Yl % 300
4~ Epoch, BRZA ALY G By BEff ] 512 Batch size Il 2% 100 4~
Epoch,
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Table 1 Dataset parameters overview
Dataset # Classes  Image size = Split # Samples
STL-10 10 96 X 96 Train+ Test 13000
ImageNet-10 10 224 X224 Train+ Test 13500
ImageNet-Dogs-15 15 224 X224 Train+ Test 20250
ImageNet-50 50 224 X224 Train+ Test 66774
ImageNet-100 100 224 X224 Train+ Test 133545
ImageNet-200 200 224 X224 Train+ Test 266558
ImageNet-1000 1000 224 X224 Train+ Test 1331167
ARSCIIRAE 3 A F YR RIS AR AR R

HERA R (ACCO) 3 — L 15 B (NMD FIE #2218 2 5 (ARD
ACC $8 b7 J2 B 25 I 1 (9 B A B i 5 R A B0k 1 BGf UM
WERL0,1], NMI BFIH — b B A5 B, ok & WA $ods 4
SRR WA RREE L IR IS A SRR 0 Rl A oA AL LA
R BUE I B 0,17, ART 3645 52 e B 2 45 5 503 2 40
R ESEE BUEEE AL —1,1], PE 3 eindl 2
AR 2R R R
4.2 HBLIL

AR A BT R A AR A AR B 1] 5 SR s 3 S e 48
A W P BHAGPE . T T S AR S AR M AR AN R
TEAEE R (14 36 7R Tk B 2 IE AR OC 1Y . AR SC7E D JE B4R 48 STL-10
LHEATIH AR, 25 Rk 2 pral. T LLFE WL SCAN U7
T 1 ST A8 T W T 4 Ay A ST AR T AR SR L 3 A R AR Y
2T S ACC (2. 6%), NMI(2. 9%), ARI(3. 6%). #
SCAN ¢ AE AR I S5 3 W5 5 4 SRy A% SCYI 25 5 W, 3 A48 4 1
PTHEE N ACC(5. 6%) ., NMI(7. 9%), ARI(10. 1%) . #&Jq,
[ A SR PR AR 0E A R )1 5 s R SR T 4R T R g L 3 A48
FRAGIRTEE A ACC9. 9%) ,NMI(12%) , ARI(16 %) ,

# 2 1E STL-10 Ml ImageNet-200 $¥f 4 b (4 % Bl 52 30
Table 2 Ablation experiments on STL-10 and ImageNet-200 datasets

Our Feature Our Mine STL-10 ImageNet-200

Method

Model Neighbors  ACC NMI ARI ACC NMI ARI
80.9 69.8 64.6 56.3 75.7 44.1
J 83.5 72.7 68.2 59.8 76.8 46.8
Ours _
J 86.5 76.9 74.7 64.4 79.1 50.1
NG NG 90.8 81.8 80.6 68.7 80.8 54.2

AR S OG22 2 IR B S ) R, 3 T R & 2 e
4 TmageNet-200 [ 3JF 4755 56 , i i A SC T 48 55 325 1 A5 e
SE SRR 2 o), T LLFE LA SCAN ik b 4R
I U W T e R R SCRE mE, 3 A F8 bR 4R T R ACC
(3.5%) ,NMI(1. 1%), ARI(2. 7%) . K 45 fF B 59 1] 25 3w
TR g A SN LR SR W, 3 A FE AR A9 3R T ACC(8. 124)
NMI(3. 4 %), ARI(6 %) . 3R Je » [A] B SR FH 4 ik AR TR0 1) 25 2 ek
R SC 3 4B T R R BE L 3 A 35 AR 0 R T E R ACC
(12.4%) ., NMI(5.1%), ARI(10. 1%), SZEFH] T A SC)y
BAE R 2 AR s
4.2.1 45 PAEA D % R ek 2k 5

T SN S 5T X AR SR $E R AR AT AL )1 5 g Al SCAN
T HEAT A LAy B, 43 i SCAN RIS SRR AiE A5 R Xf
ImageNet-200 HIE 4 47 %R . 9F i Fl PaCMAPY™ J5 3 it
TTREAERT AL . A0l 2 Ca) BT 7R , SCAN J7 % W A AR 4 b fff
200 N FEH S A, KIS R B HE. MK T SCAN

J7 1 AR SRR RS 200 AR FE T 85 5 70 A 72 B 5t 23 18] o
A TR 2 3 22 18] B 8 A o L I HL [A) — S 75 N S 1) 20 A B BK 02
WAL 2Ch) 7R o IE W T 78 SCMA X 5% M R4 A7 1 s ORI R R
AR RS AT ) T 2RO H7 .

(a)SCANSs feature model on
ImageNet-200

(b) Ours feature model on

ImageNet-200

2 SCAN FIUA SCHRHEBLAL X TmageNet-200 $d 42 FFE R
IR 4
Fig. 2 Visualizstion of feature representation of ImageNet-200

dataset on SCAN and our feature model

4.2.2 AR F ok aF L 5T

NS08 7 1T X L 43 M S 40 5 4R 5w L 43 5 il SCAN Al
AR SR W, F ] — S i TR 5 AR AR L S R E 3 R, B
G EUR N IR AL G, 5 — 47 A =478 SCAN S5 5,5 — 17
FIEE PUAT g A SC &5

ﬂ

(o) Ballpoint pen Top-5 neighbors by SCAN

. N
;\\\\
(d)Ballpoint pen Top-5 neighbors by Ours

3 U SR AR TR A X L OB RO R D

Seach results comparison of semantic nearest neighbors

Fig. 3

WE 3 FTR . SCAN J5 ik 2 38 GH G REAR i 0 45 56
—AF SCAN Xt J5 A1 R Chr Al FHR Y 5 A ar4h, LA %
— AN AR R T 8 TR — 28, Ay 4 AN AR (L EAE) B
MFERARJE T H —2&. 4 =47 SCAN X 58 [ % (R 2R %)
T 5 AFAT AR, H A AT B A4S 3 A0 4 (LA B R

FR—28, M T SCAN Jrik A SCH H Y3 48 - #6 0 mé
RBR T R Gl SO — SO M B, W 3 5 AT R
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SPNAT PR L8 B T AR AR T ] — 2 A ST AR L TR
T AL PR R A TR AT A BB 4R AR B9 U5 i L AR SO
Z AP A I 5 IR 28 S S AU 4 RE T A 4 i 2 0
M —BUg T BE L
4.3 BEFTEMREXTLL

P T BUAT 5 26 v I 2 7 2 i B A5 A Y MO 4 B AT
T2 AR SCHE SR INEE 03 230 AT IR X TN T

MR IR % AS 5,
4.3.1 EAEER IR EM AT

#£ STL-10,ImageNet-10, ImageNet-Dogs iX 3 4~ &l 1% %
HEECHE 45 LAk, 25 SR an sk 3 4, Bl LU Y, AR SCR B
UL 3 AR E By 3 N ATIEM P8 bR ACC, NMI, ARI
FIVERE Y R B AL A . P BB FE ImageNet-10 1 STL-10 F
B T S T A M B M RE L YA T 90X L b

# 3 7E STL-10,ImageNet-10 fil ImageNet-Dogs I Fl 553 J5 32 Hb ¢

Table 3 Comparison with advanced methods on STL.-10,ImageNet-10 and ImageNet-Dogs
ImageNet-10 STL-10 ImageNet-Dogs
Method

ACC  NMI  ARI ACC  NMI  ARI ACC  NMI  ARI

K-Means 24. 1 11.9 5.7 19.2 12.5 6.1 10.5 5.5 2.0
SCL9] 27.4 15.1 7.6 15.9 9.8 1.8 1.1 3.8 1.3
AEL0] 31.7 21.0 15.2 30.3 25.0 16.1 18.5 10. 4 7.3
VAEL! 33.4 19.3 16.8 28. 2 20.0 14.6 17.9 10.7 7.9
JULERZ 30.0 17.5 13.8 27.7 18.2 16.4 13.8 5.4 2.8
DECL27] 38.1 28.2 20.3 35.9 27.6 18.6 19.5 12.2 7.9
DACL!3] 52.7 39.4 30. 2 47.0 36.6 25.7 27.5 21.9 11.1
1crssl - - — 19.9 43.1 29.5 — — —
DCCME 71.0 60. 8 55.5 48.2 37.6 26.2 38.3 32.1 18.2
PICAL36] 85.0 78.2 73.3 — — — 32.4 33.6 17.9
SCANE37 — — — 80.9 69.8 64.6 — - —
cchssl 89.3 85.9 82.2 85.0 76. 4 72.6 42.9 44.5 27.4
Geetsz) 90. 1 84.2 82.2 78.8 68. 4 63.1 52.6 49.0 36.2
pCL3] 90.7 84.1 82.2 41.0 71.8 67.0 41.2 44.0 29.9
MiCE — — — 75.2 63.5 57.5 43.9 42.3 28.6
IDEDC10] 95.4  89.8  90.1 75.6 64.3 57.5 59.1 54.6 41.3
BYOL!) 93.9 86. 6 87.2 82.5 71.3 65.7 69. 4 63.5 54.8
ProPos 1] 95.6  89.6  90.6  86.7  75.8 73.7 745 69.2  62.7
Ours 95.8  90.1 90.7  90.8 81.8 80.6 75.3 72.7 62.8

AN S5 R T ¥4 3 4 X T AS SCHR 56 T4
SHRBERE MR 45— T EEER R XA L 0 K-
means) Fl— SR IR T M 28 W 4% S5 G BB B IRME S W
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ProPost'™ %), X T {4 4% B K B ¥ K-Means, K X 5
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H., 3 M08 4B K-Means 2 4b, JE4% 55 % 255 5 1 1
HETE SCANFT, SPICE™ 1 ProPos 4 B Rk Rig X h iy 9
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T 43 T % L 2% o AU R SR SIS SRk 5 AR R U T N 8 S
ANTEAA 25 R 3 3 4 =84 BYOL™ Hl ProPos™" 5
485 S P8 T ProPost i 3T 28 TR i B 52 B 4%

2017 4P 2Z i AR B IR S vE K £ FUJR A7 5 R A 22
KRG G RIS EIL AL G i T HAKHE N 480 IR AR R , &
RHHUEFMRIZ KRR AL, 8 B 6 o S A S,
W X T R AE X B A R BEAT IR KNS, i T2 W 2B R
R OE X AF BRI B 2. 5 T.4E DAC Al 1IC #H L, A< 450 Al
AN 5 AT Ao e 2 B AR AT SO0 . AT AL A Tl G L 2
25 AT R T AR O B T ik v IS il 8 ) S

AR T B S B B 5 25, W BYOL #1 ProPos, £ It 2
B, ProPos J7 B4 T CC, SCAN, IDFD % ffi JiI % Hi 15 &, Il 2
W) J7 . S E0 85 AR B T AR SO AL 7R TR RG24 rho 42 1
SUAE B A
4.3.2 BB EREMNRETI

AN SEE B PG £ R A T ImageNet-50, ImageNet-100,
ImageNet-200 H1 ImageNet-1000 3% 4 MEIELE . B 307
ety kb AT gL g5 R AN & 4 T8, 2o Noun Prior™
J5 A T AR A HOHE A AT U SR, X T AR S AR E I K-
Means. A~ 3 5 SCANPY 4§ £ — 3, fii | T 78 ImageNet 34
4 b BT 2 ST PRI MOCORS) k47 528, Bk 2 504k
A5 1815 Ry % L M AR 1 EL SR H L 3R 4 v b
0SB B YRR T R S A TF AR TE
ImageNet-50 44 b A SCHE Y A ACC 5 4% {0 K F Noun
Prior, 7£ ImageNet-100 ¥4 4 [, AR SCAL AL ACC I NMI
tebr ¥ it T Noun Prior, 1 fig i 4f . 7F ImageNet-200 Fl
ImageNet-1000 ¥4t 45 I, A& SCHL AL ) ACC, NMI, ARI #§ 5
By T 6 A T8 A EOE 52 VI 4 ) Noun Prior 7%, 3 /4~4K
PPk RIS R et . (AR IR RN 7E 200 ZRAUHE 4 b AR SO
R ACC #8547 LAl T 4 20 %048 42 91 25 9 77 7% Noun Prior
PERT 8.9% , FEASE A AN BCHE I 25 09 DL T L AE 200 26
RS DASSCIT IR ACC 845 I e i 4R m T 10,626,
£ 1000 4R 4L I ACCHEARIL B BB 4R ™ T 9. 226, 4
IR AR A A AS AN BTl A B A2 I 5 1 U5 75 Noun
Prior, Ifif H 75 # 2 8046 4 L6 R BUS T8 KT,
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Table 4 Comparison with advanced methods on multi-class datasets
Method Extra Train 50 Classes 100 Classes 200 Classes 1000 Classes
.t

etho Data ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

K-Means 65.9 77.5 57.9 59.7 76.1 50. 8 52.5 75.5 43.2 — — —
Scan2(2020) 75.1 80.5 63.5 66. 2 78.7 54.4 56.3 75.7 44,1 39.9 72.0 27.5

Scan3(2020) 76.8 82.2 66. 1 68.9 80.8 57.6 58. 1 77.2 47.0 - - -

Noun Prior(2021)[99] N 82.7  84.7 74.4  T73.1 80.5  62.8  59.8 747  48.6 — — —
Ours 79.1 81.1 61.5 75.0 81.5 53.1 68.7 80.8 54.2 49.1 75.8 29.3

4.3.3 ImageNet-1000 # 3% £ & £ M Ak 27 1k

7£ ImageNet-1000 % 4 £ L F %6 iF R 28 Jr 3% SA-
ART™ , DSC™ , SCANF FIA SCHEAYHEAT X L T 3 A4
TEAN G b5 INBOF B0R5 B PO (16)) A ¥ 3 [l 3% R
GRAD)FMALF F1 Score( a4 (18))

_ v L.
P—;Elﬂp( (16)
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L.,
TS 20
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PR SA-ART W56 I 5 4 X K-Means 51 19
ST R — 35 Al 7 ImageNet b 9% e 2% > 1)1 25
BEA MOCOPT AT 5585 . X481 SA-ART S50 J R4
TREBSCRE ) o D 3 10 B0 40 B0 16 AT T S50, 50 E T SA-ART 5
HE LM . SA-ART TAEHRAE T DSC HiEm REL R A
CEHEREGI B S b, Hoh BT MOCO™ Tl 25 4%
RN SA-ART AT HYSE 86 P B & S 80 T CRSETERRD
. A R P B2 0 2 S8 TR R AR R — ot
(349 25) . P ¥5p R F IR SCEE R 8 hn A e KRR T M ik &
SR ) SBR S LR EOE — B (1000 20) R P 5
JESCEE R AR T A2 H 8% R e AR R SCH S T 9N A,
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Table 5 Comparison with advanced methods on ImageNet-1000 dataset
Dataset Method Clusters(J) r R F
SCAN 1000 0.389 0.399 0.394
DSC-Nets 400 0.413740.039 0.193740.028 0.24940.029
SA-ART 349 .449+0.033 0.12940.036 0.25240.037
ImageNet-1000 SA-ART 000 349 0.309 0.446 0.288
SA-ART, 000 616 0.383 0.338 0.287
SA-ARTmoco 1000 0.453 0. 259 0.267
Ours 1000 0.520 0. 492 0.506
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