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Semantic Contrastive Clustering with Federated Data Augmentation
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Abstract Given the excellent performance of contrastive learning on downstream tasks, contrastive clustering has
received much more attention recently. However, most approaches only utilize a simple kind of data augmentation.
Although augmented views keep the majority of information from original samples, they also inherit a mixture of
characteristic of features, including semantic and non-semantic features, which limits model’s learning ability of
semantic information under similar or identical view patterns. Even some approaches regard two different
augmentation views being from the same sample and keeping similar view patterns as positive pairs, which results in
sample pairs lacking of semantics. In this paper, we propose a semantic contrastive clustering method with federated
data augmentation to solve these problems. Two different types of data augmentations, namely strong data
augmentation and weak data augmentation, are introduced to produce two very different view patterns. These two
view patterns are utilized to mitigate the disturbance of non-semantic information and improve the semantic awareness
of the proposed approach. Moreover, a global k-nearest neighbor graph is used to bring global category information,
which instructs the model to treat different samples from the same cluster as positive pairs. Extensive experiments on
six commonly used and challenging image datasets show that the proposed method achieves the state-of-the-art
performance and confirms the superiority and validity of it.
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Fig. 1 Illustration of federated data augmentation technology
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Fig.2 The comparison of strong data augmentation and weak data augmentation
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B EENE T &7, RESRAREERN 137
gk R T R 25 1 2.

4)ImageNet-10"" /& M ImageNet™ v $k & 10 4
e i B A S B A, M 1.3 Tk I

5)ImageNet-Dogs™ 5 ImageNet-10 [f] i} T Image-
Net, 3£ 1.95 J7 ik &l J.

6) Tiny-ImageNet”" & 200 4~ 2 5], 3 12 J7 5K &
A, Hop & A 10 735k IR R L 1 T3 sk Sk & R A
S BWIE SN D= I B N S W e Y P =N
g, HA 11 35k B R T4 305 B U1 2R At
32 TFMEERR

NS SR 4 T PR B A R K, AR SCR )T
i FH B 5 2 B FE bR . ACC(accuracy) , NMI(norma-
lized mutual information), ARI(adjusted rand index ) iF-H
AIOITETE 6 MEHEEE FIvTERE.

1) ACC 5 15 R 5000 ) B 2%, T T4 2t 100 0 s
25 BAR A Z ] — X — R R I IER AR, TR

Hh Yy 3R BUSChR s, VRMUINFRES, 6¢) 46 7m R%L,
By =9, 6¢) =1, FNW6(C) = 0.

2) NMI [T B & F00I0 bk 25 5 51 5205 28 22 18] (14 AH
AR, 45 8 BE AR X, R B AR R Y, T A 45
MY, NMI R
2x MI(Y,Y)

NMIY, V)= """, a9
HY)+H®Y)
Horb HOFR I g, HOY)RHE) 95 X

1Yl

H(Y) = —ZP(i)xlb (P(i), 20)
i=1
7]

H(?):—ZP(j)xlb (P(j))s QD

j=1
Horp Py FonBCAHER, BB, X (19) H 8 MI¢)FE T
WS B EE W EE R, X R
w17 .
N P,
MIYT) =3 P j)x1b (P(i)(;;)(j)). (22)

=1 j=1
3)ARI 3 B¢ 2 P85 K, F TP IO AR 25 5 5
SR IR Y VEBCRE L, 5 SN

_ RI-ERD
" max(RI)—ERI)’

(23)
RI=> C). (24)
ij

Hrp, EC) Fn 8.
3.3 SI4ES

A SCTT ¥ R H Python i & 1 Pytorch HE 28 52 81,
1 Nvidia Geforce RTX 3090 24 GB Ik 55 #% 15 17.

B 5% 22 [ 2% ResNet-18 FH T E HE L, 45 1E 24 ]
FER 531 MLP BY R FE 430l 02 2 )2 R0 1 2. A,
AR SGD P Ak B8k, Hi 2% ) 38 0 AU 3 0 LA e 5l
250910 0.4, 1E-4, 0.9.% R SL i Fa g 1k, 2¢ >
L 0.1 By DIOR BEAT 42 5% R . IR 8 S 2
IR b H AR AR P B i A 3R B R S s 2R BIKT L A
R B 2 ) T PEE B s DA BT BT 2 0 A, BT
WILAAE 4 51K 0.1, 1.0, 2.0, 3.0.FF 5 )£ Faiss 1154 6 1
P95 £ KNN B (4=5), % F Faiss (= 20 19 55 2%,
KNN & (4315785 0] DL Z g AN ol 5080 4 19 &
FRGE L 2E I HMERE 45 4 22 5, BRI B BRRR ), 56
1 BB e, /LR n AR 8 B 4R 1) 52 B 17 150 17 7
e, A B4 I 2Rl 800.
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34 ZWHERSW

TEAHTRI Y 6 %4l 46 b, A 007 293 N ACC,
NMI, ARI3X 3> J5 5 HoAth 17 A 205 i A7 %
L, S5 4% R0 S AE A 2~4 b A Oy s B R TR T
Gee?,

LR AR 2~4 W A R R EIE A E S de R A
Ve BRI TR ROy k. A, BT HAF B 7
BB T HA R A BUR T B R R R RE, i
IIC™ F1 AE(autoencoder) ™. % [t B8 25 J5 1k 2% ) 3| 5%
X P B R AE, JF 38 5 0F AR AS SR AL T RRIE 2% 2
BRI A AR B OC R, B4R T TR
R, eC™! 1 TIC A B2 10% R #ETE. [, GCC 5
CC 1% bE 18 6 b2 > 1 HTAE R W AT 55 6, AR A %)
PR SR WG N5 R AT 55 S PR A A S E AU, A AL
FEA MR 2%, W PICA™, GCC, SCCFA 7¢
%% T Tiny-ImageNet %5 4f 5 4 ) Hi At 5 A4~ 56 o s 4
AR T I S 0 M RE 2 T, 7E ImageNet-10 £ 4 4
- ACC H AR FRTF 53 54 6 4> 1 23 mi Al 10 A F 4y
R, B A B A BRI R s i 1 20 S E 4 A
FH U AT DL, BB 5 A0S 3 5 B R R KININ B8 2 0 4 T
TR 2% 2] R 7 RN 2% ) 34 %, 7F Tiny-ImageNet
i e b RIS AR S5 R 0 ] e i R A

1) Tiny-ImageNet £ 4fs 454 200 4~ 2 51, A8 X H A
BHE SR 1A T 2 0y TE SCIE, IR, A R A X A
P B A 52 e TR, T AR A A 5 OR [ 2K 22 1) 1Y
2 5, SR MIAS SCT5 1 ARl B0 B AR AR 2 — 25 b 3L

2) Tiny-ImageNet Z 45 £E 1 1F A A4 Xof ¥ B 58 A Xf
HAD B B, MR ERE AR 2, ROEREA ST
PSR X [F] S FE A [] — Bk 1 2 2]

35 BEHIBIEEZ WS

O T BR G B Him 1 5 1) 9 Rk S 4 45 SR Ak 5 R
“55 vs 557 S IR AR S 0BRSS, HT LA B 55 AR Y o
SRR T R IR REAS 1Y BB 43 R AEAF R (H A 4k 7R
TR UE B 5 ARE E B R s 2O R, TR —
A BB SR, a2 R M BELRS 1 B AR X o AR B A
21N vs SR SCIS AT AL, R T R AU 1 R R A
IR IR, A= 81 5 Hh e 1 i A ) 9 A0 BT RS =X, R T 2
28 2 S R 1 PR P A 2 TR] A X L 2R iR 55 vs 38 AR TE
MY . 5 vs 57 S0 5 Ul TR L — A SR AL AR T
XF b2 2] 2T s CBEIR 7™ E (R RE A rp 2 ) B 3L
LA (5. B Ja, 59/ vs 9R/55 7 LR R A U Ik
SR FH I 3K A BE 1 0k SR, n) DU R D B S5 5
B2, BEAIHT 55 vs 57l ok 55 vs 557 Hh i S
SREJIA AR, SR 55 vs 557 G2 55 vs iR

Table2 ACC Comparison of Different Methods on Six Datasets

x2 TEFEE 6 MEIEE LR ACC LS

Jivk CIFAR-10 CIFAR-100 STL-10 ImageNet-10 ImageNet-Dogs Tiny-ImageNet
k-means'! 0.229 0.130 0.192 0.241 0.105 0.025
sc® 0.247 0.136 0.159 0.274 0.111 0.022
ACPY 0.228 0.138 0.332 0.242 0.139 0.027
NMF"™! 0.190 0.118 0.180 0.230 0.118 0.029
AE™ 0.314 0.165 0.303 0.317 0.185 0.041
DAE®" 0.297 0.151 0.302 0.304 0.190 0.039
GAN™ 0.315 0.151 0.298 0.346 0.174 0.041
DeCNN™! 0.282 0.133 0.299 0.313 0.175 0.035
VAE®! 0.291 0.152 0.282 0.334 0.179 0.036
JULE™ 0.272 0.137 0.277 0.300 0.138 0.033
DEC" 0.301 0.185 0.359 0.381 0.195 0.037
DAC™! 0.522 0.238 0.470 0.527 0.275 0.066
DCCM™ 0.623 0.327 0.482 0.710 0.383 0.108

nct! 0.617 0.257 0.610

PICA™ 0.696 0.337 0.713 0.870 0.352 0.098
cc 0.766 0.426 0.747 0.895 0.342 0.140
Gee?! 0.856 0.472 0.788 0.901 0.526 0.138
SCCFA (A3C) 0.882 0.506 0.802 0.963 0.543 0.132

T R AR AR AR
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Table3 NMI Comparison of Different Methods on Six Datasets
R 3 ARFETE 6 MEIRE LK NMI LB

Jrik CIFAR-10 CIFAR-100 STL-10 ImageNet-10 ImageNet-Dogs Tiny-ImageNet
k-means' 0.087 0.084 0.125 0.119 0.055 0.065
sc® 0.103 0.090 0.098 0.151 0.038 0.063
ACP 0.105 0.098 0.239 0.138 0.037 0.069
NMF™! 0.081 0.079 0.096 0.132 0.044 0.072
AE™ 0.239 0.100 0.250 0.210 0.104 0.131
DAE®" 0.251 0.111 0.224 0.206 0.104 0.127
GAN™ 0.265 0.120 0.210 0.225 0.121 0.135
DeCNNPY 0.240 0.092 0.227 0.186 0.098 0.111
VAE®! 0.245 0.108 0.200 0.193 0.107 0.113
JULE™ 0.192 0.103 0.182 0.175 0.054 0.102
DECY 0.257 0.136 0.276 0.282 0.122 0.115
DAC™ 0.396 0.185 0.366 0.394 0.219 0.190
DCCM™ 0.496 0.285 0.376 0.608 0.321 0.224
PICA™ 0.591 0.310 0.611 0.802 0.352 0.277
cc 0.681 0.424 0.674 0.862 0.401 0.340
Geet 0.764 0.472 0.684 0.842 0.490 0.347
SCCFA (A3C) 0.808 0.511 0.733 0.910 0.525 0.343

e A2 R R T AR
Table4 ARI Comparison of Different Methods on Six Datasets
R4 REFEE 6 MEIEE LW ARI b3

Tk CIFAR-10 CIFAR-100 STL-10 ImageNet-10 ImageNet-Dogs Tiny-ImageNet
k-means' 0.049 0.028 0.061 0.057 0.020 0.005
sc™ 0.085 0.022 0.048 0.076 0.013 0.004
AC?Y 0.065 0.034 0.140 0.067 0.021 0.005
NMF®! 0.034 0.026 0.046 0.065 0.016 0.005
AE™ 0.169 0.048 0.161 0.152 0.073 0.007
DAE™" 0.163 0.046 0.152 0.138 0.078 0.007
GANP? 0.176 0.045 0.139 0.157 0.078 0.007
DeCNNPY 0.174 0.038 0.162 0.142 0.073 0.006
VAEP! 0.167 0.040 0.146 0.168 0.079 0.006
JULE™ 0.138 0.033 0.164 0.138 0.028 0.006
DEC" 0.161 0.050 0.186 0.203 0.079 0.007
DAC™! 0.306 0.088 0.257 0.302 0.111 0.017
DCCM™! 0.408 0.173 0.262 0.555 0.182 0.038
PICA™ 0.512 0.171 0.531 0.761 0.201 0.040
cc™ 0.606 0.282 0.606 0.825 0.225 0.071
Gee?! 0.728 0.305 0.631 0.822 0.362 0.075
SCCFA (A3C) 0.777 0.347 0.680 0.920 0.368 0.062

TE: IR SRR T bt

HARTE SUE B IR R A, BCEBR AR, EECA, TER IR RR AR S5 ] U HTHE T, N2 Rl
“5i vs SR GIAJEDY TR 5 vs 557 V55 vs 3R UAH RIS LRl ST 2 003 S R, B AR — 2ok
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Table 5 Different Combinations Between Strong Data

Augmentation and Weak Data Augmentation

x5 REIREEM BRI EENARRKS

pa (i ReE TN ACC  NMI  ARI
55 vs 55 (w, w) 0.841 0.743 0.704
59 vs iR (w, s) 0.855 0.766 0.733
5 vs (s, s) - - -
S/ vs 3R/ (w, w) + (w, s)+ (s, s) 0882 0.808 0.777

W B A R FRUAR AR “vs” 19 2 X R FR BRI 5R A9 S Y
CTIORBIRITCRE T, R
3.6 ZEAEBHNS

PRl 58 28 31 A5 JEL 8 T 140 9 il 52 6 295 SR A0 5% 6 P
S5 1 AT SR AR ARAE A ] AR 2L 0 M 2 AR Bk A
A FIAZENE B, AL GE Y IEREA XA e s, B
K [7) — A A 19 AN [ B8040 384 i L 10 A O IE AR AS X, FFC
BEA I ZEHE B, L2 > T SCAF A B A X (1]
A A5 5. FCC B 51 AR5 B, LA K [
— FEAS (8 A [ R 30 194 5 40 1 Kl o0 o — 2R 9 BE T 2
FFC Hl FCC #R 51 A& {5 B i, M 7E 2 A 14
[F] — & A TRl FE A Sy TERE AT AN ACC ¥4 7T LA
A, BB TR Y O SO AR T, TR I
ACC [y 3 K i B2 2 W T FFC Al FCC [ A B AR 3F | A
AR B AR

Table 6 Effect of the Global Category Information

®6 2R/AEINEEHN

FFC FCC ACC NMI ARI
- - 0.852 0.768 0.726
\ - 0.863 0.785 0.744
- \ 0.861 0.777 0.735
\ \ 0.882 0.808 0.777

T B RLIRECT bR VT RORG ARSI,
AZGIEE.

=" FRBATI

4 TEHEWHR

4.1 RBIHH
R T N BE AR ST vk 76 R R ) AR L i 1) e
F1, ARG ARG TR VE B, Bl BAR &
051 LA SE o B 08 19 7 243 A AR SO R R A A 280 1 Y
A2 B 4 J& CIFAR-10 % 4fs 5 . ImageNet-10 %54 42
DA B STL-10 K H 5 1 528 L (0 TR 0 B , A Ak
FNYN A B 3 3 22 73 T 00 28 551 B S 200, AR PR T R
B e R T e TG L & S J2 & F CIFAR-10 54 4
H1 ImageNet-10 %5 $i5 48 I (%) 1E #F A X5 28 i) (&1, H: oo
“EIEREART R GRS R M REA, “RIEREAR”
KRG ARSI BEA AL EE 2R
KNN & 52 80 E REAS B X, 72 FR 2515 B8k s 0 T,
EFE AR G A7 7E — 22 1R 22, T IE FEAS G 5 A ™
SEM AR ST A RIS TR RR AT 3K 5 A 18 4 R &L S T
1, 7E CIFAR-10 K045 4E &, 0 A 390 00 o R B4, i
AR ST R R A A LA SR AR AR 55 A, AR SO
TRTE STL-10 B4 4 1Y 25 S K, M R R 1
A 37%, T CHLAY TR 35 15 96%, T & [H] AH 22 59 4>
. e )5, fF ImageNet-10 £ 48 I, /S48 2 50
AN, VRS DR RS A A AL AR SRR A | K A
VE R BRI A8 R EEAS . D\ ImageNet-10 ZHEEE 7] 0L, A
SCOT R R A B g s B R R R T AR TR UE
BT, AR A S B, AT T R
H 1 S5 B 7 He A HLAR T S B AR Bl B A Ja)
Gy — R G, X S AT 55 bt i AE A 1 —
AT . 55 41, N CIFAR-10 Fll STL-10 %5 4f 4 i 1
A 2 A28 30 A B30 P DL, (LD R AIE AR AL D TE GE A

bl Ao it |
ke | - *‘%
51 gt R
_ My L 93 b1 B
= g
| T
i it
R R % 2|
R Rl AR IE R LG RN e S DK
TH 51 T 51 TR 5
(a) CIFAR-10 (b) ImageNet-10 (¢) STL-10

Fig. 4 Confusion matrices of three datasets
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Fig. 5 Case analysis of positive pairs on two datasets
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AW Bk LR 5, 280K 2, 3, 5 76 T 2R Hh fouE
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Fig. 6 The evolution of instance features and clustering analysis on CIFAR-10 dataset during iteration process
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Fig. 8 Variance process of clustering accuracy and positive pairs accuracy on four datasets
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