H 3t # W
ACTA AUTOMATICA SINICA

Fa8HE H1W
2022 £ 1 B

Vol. 48, No. 1
January, 2022

ETBEIENTBRE FEERE
FOH OEwh OWRA mHRE

5 E  FFAIEI (Subspace clustering) A& —F 4 BT BCA AT HE T3 SR IS o 4 40 JRSHELL. 4k, BT IR &
25 W 4% BE 0 A A P2 48 B SR VR R RRAE, SR 045 52 4% B 223 0 00 TR T 25 (A1 SR 28 5 70 38 1o R 3 D) 44 2 =) e s 04 1)
RYERFIE R 7R, TH 3 B ER R AR BL B S B, SR 5 R G SR SRR HUR M A A SRR . SR, IS 0 A7 A 4 ) 0 vy 4
PEGE M) ST 45 1) R, AN e SR AR TR B AR R, BGE RRMERE, e — AN BkAR. Rk, AR B E T BRI IR E
FHAEEHEDL (SAADSC). A BiE=E XML TE 5 )25 28 W RFE % ) R In— AN a0 A 2, 515 52 2 i 4F
MER N HA SN, N sRIOEE. M2 M EEE LWL, 4 RRAAR TR R (ACC). I HE R
(NMI) 546 b L #RALF B A 5l it 7772

KPR TAEERS, R TINGE, HERIIREL RS

SIAEK FHE, RiEw, R, BT ST BERE IR E RS, BaibEik, 2022, 48(1): 271-281

DOI 10.16383/j.aas.c200302

Self-attention Adversarial Based Deep Subspace Clustering

YIN Ming' WU Hao-Yang' XIE Sheng-Li' YANG Qi-Yu'

Abstract Subspace clustering is a popular spectral clustering framework for high-dimensional data. In recent years,
deep neural networks are witnessed to effectively mine the features of data, which has attracted the attention from
various fields. Deep subspace clustering aims to learn the low-dimensional feature representation of data via the
deep network, and subsequently calculate the similarity matrix fed into spectral clustering framework for final clus-
tering result. However, real data are often with too high dimensions and complex data structure. How to obtain a
robust data representation and improve clustering performance remains a challenge. Therefore, this paper proposes
a deep subspace clustering algorithm (SAADSC) based on the self-attention adversarial mechanism. Specifically, the
self-attention adversarial network is developed to impose a priori distribution constraint in the feature learning of
the autoencoder to guide the learned feature representation to be more robust, thereby improving clustering accur-
acy. Through the experiments on multiple datasets, the results show that the proposed algorithm in this paper is
superior to the state-of-the-art methods in terms of accuracy rate (ACC) and standard mutual information (NMI).
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TR R TR Horp R T SRR T S (A R R
— R M2 R T B O0E, AR AR L
THAE R w5 8) R A ARA P S A 2 AH BLRE B, SR S
PR SRR RN SRS R A R BE R, Hrhig
JSC LI BF) P b - % TB) SR R RV N Bl 1 A5 TR SRR
(Sparse subspace clustering, SSC)!" i@ /o VEELIE
T 3 A A B3 H R[] — 2 T %) G At 25 SOR
Al REAR B R, PRI FH 2R 7R 2R 50K A DL B o
FIr A (R AEARA FEE 21 2 T 7 41 28 5000 1) =y S 4 40 5 IRk
F A % (Low-rank representation, LRR)!"?
1 I A% YO HOE WAL SR 31T B 1 S AR R, 1A
PAFHIAH A SR P R HR )2 /a5 15 5. XM
FREEHCR A 7 HER “H R HLE, A R ) m
B () (A 5 ).

A5 TH, FEE R NS TR, H B iL A
(Autoencoders, AEs)!" BATRAT IFRFE S 2] T2,
3 3 o A 255 4 TR B8HAE e i B — IR HE B S B
SR 5 30 o AR 5 s A I 4 1K) G 5 A [ iR 4 AR
XA AE ) s B 4 P S LR S R H s AR 4E 3R
7. 2006 4, Hinton 55XF H ) 4545 HEAT Bk 5
R HE9m5 4% (Deep autoencoder, DAE)™, #H
BT ARG, HTME T MWERER DAE
ARG B R R 8. 25, Vincent 2 H T
LBEH B4 (Denoising autoencoders,
DAEs) ™ i i 78 204 oh i N s Rtk — P iR e
Btk AT EREEURE N ITURAE B, RIS H B 10 £
RN, Bengio i Wb H 3 4mts#s (Sparse autoec-
oders, SAE)P!. Masci 5544 9 ith 25 F1 i i 5 1) 43
F2 2 N 48 B o SR 48 I 45 4 HE E B A0 1 B
i 2% (Stacked convolutional autoencoders,
CAE)™ Mk /b W2 ) S 80&. 2T Hahdmbd 4
W 28 FERFAIE 2 =) B AR Y, AT i HL 5 TR
HIEMS G B, RFE#R AR (Deep embedded
Clusterng, DEC)®! [FIR #EATIRE 2= 5 RKH
% (Simultaneous deep learning and clustering,
DCON)® PR #ES: % IS (Deep continuous cluster-
ing, DCC)® DA J Ren S54& H 5= TR B2 % FE (1) IR
TR, (Deep density-based image clustering,
DDC)P FI I BHR R AN SRR (Semi-supervised
deep embedded clustering, SDEC)?" 4.

FEHUE 7R 5 ST I, JRATTRT DUIR ) 248 % g 2
SYTERZ R R P (FL I8 5 R A0 I 28 F A 72 R
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SKH T EER IR 100 288 AR AT H Al AREAE 27 >0 Y
%, SRAMERMNE REL. HilER I8 3%
ALFEHE R I (Soft attention model)?03!, fiff
VER IR (Hard attention model)® H V& JJ15
A (Self-attention model ), J5#BiF = /1A (Loc-
al attention model) F14x RiE = JJBY (Global at-
tention model )P %%,

TRELS 21 5 — ARk R O 2014 4 Good-
fellow S&42 H A AT HL I 4% (Generative adversari-
al networks, GAN)® B — N4 e 28 5 — 4> 31
R 288 2L ik, 3R Ot Lk R S R R I 4 A B AR A O 2tk
175 2], |, AN 4 M E S H] (Latent space)
THEEHLRAEE SN, Hoda 45 R R R E 07
R BLIK LSRR T 4 30 I 5% 1 A N ) Oy B S
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) Info-GAN £ JFUAS () A\ HE I — A8 B TR £ G
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B AL I 2R R A REKAEM. Mukher-
jee ZEHEH ClusterGANEFY 7E Info-GAN 3£t b
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17 LA P 0S 470 10 4% 18 o R R = S B B ke . etk
ESER = i0E e FE T ANE S ST RN B
RO VAN 5, A SCH) T TTHEON:

1) $R S — bR D el 52 T 57 1) 225 1Y
SR, fEAS gAY & 21 B RMIE R R B A SRR

2) Gl EVER AR RS 53 Br R AE
7 ) A B B AR ) A

ASLCETTZAN T B 1 R TR T HE
B P T A A R R I %, 5 2 TR



134 TS BT EVER IR BRI B T A SRR 273

T B R0 7 TR SRS ) I 2% 25 e LR
R 3 @I E MNIST, Fashion-MNIST %54
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KGR IE R R, R SR FE PR A 28 456 1)
T2 ) B AEARYERFAE b2 IR 1 B R0 &R
K, R E T A R K EE (Deep subspace clus-
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2 JFEEHE FARAERF LR R, SR E M — > 4 ig sz
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Fi7R.

1.2 HE XTI

AT BTN 4 (GAN) T8 AR s X 28 0 ) ) 199
25 HH EL IR LLIA BN S50 T G 3RoR AR R
&%, DRI, FollZk A AR AN
rrganaxV (D, G) =Eqpyora(a) log D (x)] +

E.p.(2) [log(1-D (G (2)))] (3)
X1, E() R AR B IHEE, paata(x) NEFFE
AP, p.(z) B XARHERE 534, log(-) X)L
JB5L. V(D, GYNIL BREARZFRIE, maxV (D, G)
T 2 A A ] I S ) B R A R ) A
$%Q?Eiﬁﬁﬁ%%&%ﬁ%mngﬂ)
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Fig.1  The framework of Deep Subspace Clustering
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Tt — MR LE R IE ROR BT, PR K E S B,
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FO3EEE H50 FA U M DA 5O R F R s e
i, T ELFT 3 >3 B (650 Bk A 5046 1 T A B
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NEER B, K g E g M an &l 3 B
7N, RFHT— Z P BRI 1x 1 BRI 3R15
KV,Q. BK¥E5V HEIHFE softmax IH—
AT BE = e, 5 Q AR RIRAN AER
JIVRFAE RS, 70000 WX 2 v ) B3R — 2 A N 2%
s FETEECN 1000, B0 R RIS E R 2 T8
LIS FLARME AL BEAS [R] J5y 6 (] ) R &, PR b FRATTAE
AL N —AS B .

TEVNGRA BT B2 B, T30 #7550k
RS 5 FEER AL EAE N 0, BIBREETH %, SBUAH
SRS R FE A 22 BT AR RS . T AR RRORT B I 2%
(RIS S5 2 ) R, AN 2D 2 38 o LA 2 o 53R A T st
Arjovsky FIN N (3) & R RIERE T2 KL-HL
JEIL e JS-Hu AR A H R R, #2H Wasserstein
GAN (WGAN)™ X F] Earth-mover (EM) P 21
BN AEEER, HEE T X log I8, HAE AR
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Lgen = =Eorpyora(@) [D ()],

Lais = Ez~p(z) [D (G (Z))] - EmNPda,ta,(fI?) [D (J")} (5)

B2, PR A & 5 R AR S 2
2 A AR, AN R ] 2 R HOR DR AIE S 0l 5% 1)
FeoE . Bk, WGAN-GP (Improved training of
Wasserstein GANs)™ 46 BE AW N — M6 1R
TIWUMAZ (7) H, {HIX 75 2249 &2 Lipschitz 21404
RE DR UE B B2 4% T B2 AE T, 1 Lipschitz 56448 X AE 1S
AT R0 P 1) T B A I B SR T S e
HIEEIL T ARERZA L, Wu R Wass-
erstein HUEE PIMES, $2H Wasserstein divergence
for gans (WGAN-div)" # i 7 WGAN-GP X}
Lipschitz 2% 205 14K .
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Hr, 7, = f. (X) AL PFREER . K 4
Fros, TEA O B 25 g it b, gt A e mr DAL A
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DRI LG MR OO B 25 (1) R R, 2, RRFEAR,
HHEAR Z, R H T — AR50 A RAE, 15T LA
B AR 4 1 B 2 AT TR B v BT O AT A L RARAE
[ B A N 2 40 ) 2 X 4% S 1R R I A A5 A TR A
A RSP ARFAIE 43 A 45 K4 1) T 3% 58 19 26 56 23 A 1) 45

1, FEURRY S BRIE KK H B Je58 50 10 p(z) FIFEA
A R LI, AT 2 S AR AE 5 ST B e 1, 3
I 2% P T- i RE

X (7) 2 NEBEFHAFEAR Z B FELIRE, &
XNZ=aZ,+(1—a)Z,acU(0,1), FFHRHIF 5
BB EEA S |vZ)? . B TFRREES M EI A
575 01 2 i i tH R A3 SRR SR AR s, AT
PRAEFEA WX 2% (1) F i 1

ZREGIN T ERX NS, AT (2) &5
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BT (2), Fabrh R R T2
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PR FEREBRRANIR P28 IR L. T PR IR
P2 DR 255 PN S B — 8 23, I 4% PR 402 2K B B ER B AN AR
SINFRZEERLG, EE & B 4 5 7R ZE R
F3 AR N R — AN 48 STy SN e
IRERRGENPI N BRIZ KNN3 % 3 BRI, &
DKM T

L& 2k

2B RS A O IR, 2% RS AR5 K R

2.2

['total = ﬁc + ﬁgen + ‘Cdis (9)

FEYNZRA BN 0 R 2 I e A= gt 2R A4 331
P IRIEARIN GRATE AR S AR . R, B ik
MM (8) MITRISRIRFHFIEZR R, PR 5 L e )
AR R B R RFE R 7R, B epoch 1
N DINGRIREL, REZIEARN R =Bk B Bk 2
FasE. g2 LTIk, AR R 250 BT -

WA R X, R, UGBS,

A2, Ag.

H 1. K IER (8) REFIFTE R Z,.

B2 KX (7) AW Z, 5 2, Z R FE L
P, = (6) itk Z,.

PR 3. K (8) BT Z,.

LB ELFPE ~ BT 3, HERHHEAKA
epoch {H A1k

WH. ARRREC.

— BSR4 125, $ 2 2] BNEE A Q00 &
i Ja RIS B C AT B, IRAF B B Rk
SR

3 SRRSO

ARSI EFHET Python e il & AT &, #
1E 24N Ubuntu, FEBRMHZEHIN TensorFlow
1.0, it B CUDA 8.0 A1 cuDNN 5.1, {#i /| 4 HeifF
ix GPU GTX 1080Ti.

KEBEESSHRE

N T IR PR R A R, FRATEE 5 A ATF
RO S EET T 908, WIS T 5 H R MN-
ISTH A1 USPS, — /M #idfid COIL-201, —A4
NI 4 Extended Yale B*! ('R X 4i#K YaleB)
DA S — AR EHE 4E Fashion-MNIST (F X4 R
FMNIST). 44 ME4(E B WK 1 Fs.

BEXE 5 MRS, AL S HANE 2 Fios.
Forr Xy TNy 43 59l Dot [ 2 JHURH 1 D A4 35 5T R
FEMAESH, AT HERS, RIS A =1,

3.1

S 48 %
*1 HEEGEER
Table 1  Information of the datasets
LCES S| Ho PN
MNIST 10 1000 2828
FMNIST 10 1000 2828
COIL-20 20 1440 32x32
YaleB 38 2432 48%x 32
USPS 10 9298 16x16
*x2 SHEHE
Table 2  Parameter setting
G/ A1 A2 A3
MNIST 1 0.5 10
FMNIST 1 0.0001 100
COIL-20 1 30 10
YaleB 1 0.06 24
USPS 1 0.1 10

S, fEsRB R, BRI (7) RIS H s X
S5 R R AR, TR RS A N T R 4% T R A AR
JEEAE S5 v fak P £ A

MBLERE R

ST v 2 L 45 0 28 S A0 O = TR BRI 4 R
s A2 A 25 F R 2% Z5 A X PR, Fashion-MNIST #ifith
N R RN = AR AT, AT & IR 15
XFFR, COIL-20 XM — Z B %, &R 2% B AR
SR 3 .

3.2

*3 MELEHSH
Table 3  Network structure parameter

Ky e BRI KA WIEH
MNIST [5, 3, 3] [10, 20, 30]
FMNIST [5, 3,3, 3] [10, 20, 30, 40]
COIL-20 3] [15]
YaleB [5, 3, 3] [64, 128, 256]

USPS [5, 3, 3] [10, 20, 30]

BT S50 v )3 48 P 28R FH = 25 RN 25 1)
N 1x 1R, DS i iE )5 A2 5, Had
TEHCH [1000, 1000, 1]. FIE, FATH HEE sk
TR J0 501 2% X 285 1 3 5 26 — )2 LA in 1000 AN 18
REAE A K BE B A, Bk T gk, K2 H LA
H 392 N R R E SRR R A T H 3h
T2 R AT T 25, H AR SCREGIN T AL xt
NS S i 5/ AB 2 B E 201 B[S G e i NI T i
FRAES 2], BRI IRAT S X B Zh4m 48 (AAE)
HEAT TN 5.
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BT SE5 R Adam™ HR Ak, 7580 R 1 ik
L, bR YaleB K H leaky relu #b, HAth JLANHda
K H relu, 20 (8) 2 F W HE N 0.0001, 3hEH
T4 0.9, 20 (6) A1 (7) #1254 0.0001, h=EHT
4 0.9, batchsize R 1 H%F N A AR .

3.3 FHNIELR

N T PG FATE R e, FRATR AN
T BRME (ACC) MiriEEE R
(NMI)PY SRy TR HIROR.

acce = EIEIE  Joose (10
_ 21 (A, B)
NMI% = = s OEY O 100% (11)

X (1) 1, 1) R NEREE, BIFAFEHLAE &
WA RFRE, H () N, A5 By RlRRERN
PREEFIEHiARZ, HrP I(A,B)=H (A)+ H (B) —
H(A,B).

3.4 SIWHER

TESLIS T, AR SR T 5 B R A S IR
JE R TTR AT LI A o b, Horp L $E: Struct-
AEP?, DASCPF?, DCN. DSC } DEC. SZ4 45 i
A PR, SEEIELIONES 30 IKIFME, Hp
I B Fon i AL fl. A StructAE 5 DASC 1E#
WA FFIEACHS, SR HdE 51 H B e S tkst,
HFH %A E FMNIST il USPS 754,
AR I AN B 45 b JE S50 i o) L. DSC e £ids
£ YaleB. COIL-20. MNIST ] Szi 45 5 5] F Hib
3, TME FMNIST A1 USPS () S256 45 5 Ry 3 A1)
3. DEC 5 DCN 7£ YaleB 1 COIL-20 1)
SIS 25 FONTRATIR, KRG HE RS R, K
DEC 7t YaleB fstie g it TAGH, A2 K
T8 A TE B X, Rk DEC 7E YaleB

TMHARLE R, H o+ FRoR.

M 4 TEE, AL ACC AT NMI Fetr
T HAh 6 AR R IEVL, @i DSC-LI,
DSC-L2 AEATE L4 Rt tb il B AT HiER S
A RN BT X 4% 2 2] B B RFAE RN TE SR 2K AT LSk A
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35 HBIRHIEA T (Ablation study)
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a3 5% FEAT I, Test1 FRon 2345 [V R ) Bk
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Table 4 Experimental results of five datasets
Hpise YaleB COIL-20 MNIST FMNIST USPS
PERT ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI
DSC-L1 0.9667 0.9687 0.9314 0.9395 0.7280 0.7217 0.5769 0.6151 0.6984 0.6765
DSC-L2 0.9733 0.9703 0.9368 0.9408 0.7500 0.7319 0.5814 0.6133 0.7288 0.6963
DEC * * 0.6284 0.7789 0.8430 0.8000 0.5900 0.6010 0.7529 0.7408
DCN 0.4300 0.6300 0.1889 0.3039 0.7500 0.7487 0.5867 0.5940 0.7380 0.7691
StructAE 0.9720 0.9734 0.9327 0.9566 0.6570 0.6898 - - - -
DASC 0.9856 0.9801 0.9639 0.9686 0.8040 0.7800 - - - -
SAADSC 0.9897 0.9856 0.9750 0.9745 0.9540 0.9281 0.6318 0.6246 0.7850 0.8134
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Fig.5 The loss function of SAADSC during training on MNIST
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Table 5  Clustering results on different prior distributions
Hn e MNIST FMNIST USPS
PRIk ACC NMI ACC NMI ACC NMI
il 0.9540 0.9281 0.6318 0.6246 0.7850 0.8134
LRIl il 0.9320 0.9043 0.6080 0.5990 0.7755 0.7917
e AE 0.8670 0.8362 0.5580 0.5790 0.7796 0.7914
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Table 6  Ablation study on SAADSC
HHnse YaleB COIL-20 MNIST FMNIST USsPS
FERITE ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI
Test1 0.9725 0.9672 0.9382 0.9493 0.8820 0.8604 0.6080 0.6110 0.7748 0.7838
Test2 0.0711 0.0961 0.4229 0.6263 0.6420 0.5940 0.5380 0.4917 0.6105 0.5510
Test3 0.0843 0.1222 0.6993 0.7855 0.6610 0.6763 0.6140 0.5922 0.3826 0.3851
Test4 0.9782 0.9702 0.9683 0.9741 0.9500 0.9275 0.6211 0.6143 0.7850 0.7986
DSC-L2 0.9733 0.9703 0.9368 0.9408 0.7500 0.7319 0.5814 0.6133 0.7288 0.6963
SAADSC 0.9897 0.9856 0.9750 0.9745 0.9540 0.9281 0.6318 0.6246 0.7850 0.8134
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Table 7 Clustering results on the noisy COIL-20
Bk SAADSC DSC-L1 DSC-L2 DASC
BRI ACC NMI ACC NMI ACC NMI ACC NMI
JogE s 0.9750 0.9745 0.9314 0.9353 0.9368 0.9408 0.9639 0.9686
10901 0.9590 0.9706 0.8751 0.8976 0.8714 0.9107 0.9021 0.9392
20% M 7= 0.9111 0.9593 0.8179 0.8736 0.8286 0.8857 0.8607 0.9193
3091k 7 0.8708 0.9638 0.7989 0.8571 0.8072 0.8784 0.8357 0.9143
40% " 7= 0.8569 0.9272 0.6786 0.7857 0.7250 0.8187 0.7805 0.8753
RS HHMEEMN USPS KL
Table 8  Clustering results on the noisy USPS
ik SAADSC DSC-L1 DSC-L2
JERTTE ACC NMI ACC NMI AcCC NMI
TogE e 0.7850 0.8134 0.6984 0.6765 0.7288 0.6963
10% M 7 0.7778 0.7971 0.6704 0.6428 0.6562 0.6628
209M 75 0.7757 0.7901 0.6667 0.6158 0.6530 0.6429
30% M 75 0.7719 0.7844 0.6386 0.5987 0.6454 0.6394
4090M 7 0.7674 0.7750 0.6042 0.5752 0.6351 0.6164
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