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Abstract

Subspace clustering is an efficient method for clustering data derived from the bottom level sub-
space. In recent years, spectral clustering based methods have become one of the most popular sub-
space clustering methods. The recently proposed adaptive graph convolution subspace clustering
method is inspired by graph convolutional networks and uses graph convolution techniques to de-
sign new feature extraction methods and constraints on coefficient matrices, achieving excellent
results. But it requires the reconstruction coefficient matrix to satisfy symmetric and non negative
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conditions, which limits the representational power of the reconstructed coefficient matrix. To
overcome this limitation, this paper proposes to directly constrain the affinity matrix generated
from the reconstructed coefficient matrix, which naturally has symmetric and non negative proper-
ties. Therefore, an affinity matrix graph convolution subspace clustering algorithm is designed. Not
only did it overcome the difficulties in solving the model, but it also conducted comparative exper-
iments on four benchmark datasets to demonstrate the effectiveness of the proposed method.
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1. 5l

T (A RIS R M E BRI 8 IR ) R AR 2 —, TRV 2 T AU S R85 2 T i I i
FRMEBER—HEEEEWEN. PRI RIGR L E S 5N 17 20 R0 B AR = 45
FEARHEAT o8], Ry FodE AXE R R E 723 0], ] DUR AR08 & AN ZAMRGE T2 [ R 4R L), BAF 8
ERE R — AN 50

TERE LA, AR B ) 723 M SRR IR B e ARt [1]-[7] . FEVF 2 SEbri@irp, BT iRk
ML BRI T MR, R R T 28 A1) 2 5.

TEARR—RPERI AT, BT RERIERREZE =20 ok, THEBIRE ML E i R A0
FEC e R™; He5, {4 F3RAT I H 44 R B P A i AR B W =%, Hrr|C| R C fdixffE, CT
FOR CWHEHE; fJa, B AT R 772 a — 1k bl %) (Normalizedeuts, N-cuts))3i75 4 #1145
(8] AN[FI A J5 i Iy 32 2 X S A5 FH 17 AN [ £ 1E MU 88 25 A= s SRR RRAE (1) R PR [2] . 20 S 3
RRMFIER T WO EMREUERE C A, DULHEE B C #5456 U) RFIE 3 BLA 28 C REMSHERA 1B
JRUGEBHRAE M NTESE K. B, (KPR (Low-Rank Representation, LRR)iE T f:/Mb C B IGECKER
B A JR 45 H[5] . B s (Sparse Subspace Clustering, SSCY@IE 51 T FBi 495 |C|, i RAB i) &
¥y 2B 6], f/) e [m] 9 (Least Square Regression, LSR)5E X 1 ||C||2F , B L SR EEMN R
FEFE[3]. IR 8 (Smooth Representation, SMR) 5| 1 5l 73 2H RN 2544, 7€ ST B ISR AR PR 7R
¥E[4]. Hext %R (Block Diagonal Representation, BDR):f i £t /IMb, 5 K0 B (1) F 3 v B 551 (K e /N K
AT S AN|Clgy ATTERAF— AT kAU A 1 44 3R O P2 [ 5] 2453 75% (Idempotent Representation,
IDR)BETH T —Fi IR L5||C, » T BRAE A RO IE I — L SRR (2], N T 2R 5%
fE1IC=11,C=C",C > 0 i T 25 b B4 FRARFE 30 [0]-[11] . [ 3 b7 B 35 A1 125 ] ¥ 2% (Adaptive Graph
ConvolutionalSubspace Clustering, AGCSC)ff i Bl & AR ARTF K 1 — FhFFAE 52 B 5 15 F0 2 HUHT B 1) 2 0
2F-(C+ I)X||i , IEANEIB R TR EE IS A E O[] BRAR IR R I 26T 7 Y AE B Ao 2Bk 1 4 1]
RRAT S BRI T AMB IR, SR, AT AR B R O B AR SR A — LS . G, B SSC
TR I R R BUE BRI E R B T BT s N s = e . AHEEZ R, BDR VAR 1 E
FRYOE MY S Yoz [ AN 785 PTRE P AE A UERR SR S5 7], LRR 5 LSR MR RERAE, e iiE
AR 2 RBUERER IR T T2 A2 (A B %, (AR R T2 R R A R0 i R AERRE, XE—

il
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SERERE BN T AbEE A Ae . BRAR ) FE AL REUERER R A, BN ERIR AT, Hi 5
Z BB AEFE RN o BT 3 T BRI IR R R A B RE A BN B ik, k2 UL A B s A
Al PAER] R VFIAR ZEJC N, B e BUE RN S &R M. R T BB EET, 3
c|+|cT

S FE A RBUHERE C ] DA T 52 SR REW :% o Tl BRI T 1 C AR R dA B R B
AR E R, BRI Z R AE C b, WC=C", C>0, SARSIRHIE REGEE
HIFRNEEST o N T BB IX IR, FATFEE T o AR R G 125 A B R (AMGCSC) . A Hyk o T H
I RBOERE C LRIRRE], B SRR W, 1 MR 70k AGCSC fEFKIAfE /1 L IREE . fEAH,
FATH AMGCSC 5 — SR E LT TX L, #5Al2 5 AGCSC HIXfLt, PAER AMGCSC HIfLH . &
Ja AE NI BE A B S B AT T KB SLIG 7R T AMGCSC 48 20tk .

2. BB EERTEEREE
AT PR BRI S, A4 A SRR B 1 B S FULER 1

Table 1. Main symbols used in this paper
=1L ANERNEERS

H X
n AR
K TR
g A4
CeR™ R
W eR™ i C HEER A
1, eR™ AnATEMy A E N TENL
diag(C) FERE C XS 0 A4 B )
], W], = max w,|
s W= 35

A E L AMGCSC &% AGCSC A 2 32 ik, [RILTE A RIRMT BILE 200, Xt AGCSC i
e
BREARE X =[ X, X, X, JeRT™, Hor X B8R A E | AT 20 n AR AL fER TSR

cl+|c”
PEES, SRR E M REGERE C v LURE A T XCEFIHRE W :w o USRI — LM 2 RAE
CE,C=C",C20,MAMAW =C b, Wi Cifi i Cl=1Hdiag(C) =0, R/ HW =W + 1 =C + |

MD=21, H#1eR™=[11--1] , diag(C) & C Mkt MmE. &5, HFREHNET

1 1
s-02AD -
2
1B S BB L2 Ja, 13 21540 2o 1 8 (1 R 7 F = SX :%(CH)X =2F=(C+1)X . ET

AGCSC, MM F £EM X JFHMAE C Wl v EMREIER, B X=CF . iI5 C MHHExr
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sc:%(chl)C:%(C%C), T SC 5 C HAMM M, MEXET C WY K

|lc-scli = HC—— c%c“ C——c2 = ||c cl .

A B E L, 1"JL AGCSC *%ﬂ”tzu?
min. ¢ [2F ~(C+ )X} +a|x ~CF[Z + glc-c?[.,
st.  C=C',Cl=1C>0,diag(C)=0
Hrpra M1 g WA IESHL.
3. FMEEEERTFEEAL

L AR, AR 1SRG B AR R B R BOE R, 7 B DA AR AR R IR 26 A, E
FEMRAE SCEE[S], RARANAE S A L) AR 2 PR A R BOE MR R omBE 7T AR, SRAIARRE B BAT S AR AN AR
PIITEBR,  HOA S B L RO ANRE P R e AR R

3.1. AMGCSC &8

WRIEHCTT AT, FRATEEEAT (1) F i E M RBOERE S oy FAERE, 19328 f%E ME G R
B HZR(AMGCSC) i, FERIUIR:
min [2F —(W + 1) X[ +a|X -WF[2 + g|c —(:2||2F ,

F.W,C
|C|+|CT| - (2)
——— Wi=1diag(W)=

M

st. W=

HIXS T AGCSC J5idk, BATII 50w % SAe) 2 SO0 M SN A PR AT i s B 42 i 4 4 )
FISCFR o AHRIX MM IN 7 RRUR AR EAAERE, A FRATIE IR T I A H

3.2. BEMRE

ABACK T i e BRAF () R 43 ¥ 23 () SRR A, AT FH 28 3% e /ML % AR (Alternating Direction Method,
ADM) [12]Kf#H AMGCSC i il o
T S IRATTRE 0 R (2) e oy n T S5 AR 1)

. 2
i, J2F =W X+ e X -WF[L+ gle -cz[,
G1GT ®)

s.t. C=ZW1=1W = ,diag(G)=0,G =|A|,A=C,

HpZ,G, AR B Il (3)% ML A4 T h s B I el B0 S
0 =[2F ~(W+ 1) X[} +a|Xx ~WF[Z + g|c -CZ[E +tr(Y, (C-2Z))+tr (Y, (W1-1))

+tr(Y3T( —GJ;GT]JHr( T (G- |A|))+tr( "(A-C))
+—[||c R

FPYL Y, Y, Y, Y sk W H o adlid i ME ¢, [ E A AR R, LR EW,F,.C,Z,G,A.

1A +1a- an]
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1) A 52 HoA AR B TEH Wo

min [2F ~(W + 1) X[} +a|X ~WF[] +tr (¥, (W1 1))+tr[Y3T[ _G+2GTB
'w G+G" J
-

W =(4FXT —2XXT 420 XFT =Y, 17 -, +y[1f +

+—[IlWl e +

R 5 Bk

G+_GTD(2XXT +2aFFT 4 p(107 + |))'1 4)

2) [H e HAh AR BB R Fo
min [2F - (W + 1) X + e[ X ~WF[;
B o)
F=(2aWWT+8|)'1((4W+4|+2aWT)x) )
3) [E] e HoAh AR 5 ST Co
min B|C—CZ[}; +tr (V7 (C~2))+tr (¥ (A-C))+2(|c-Z[; +|a-C[; )
IRAS 5y Bk«
C=(Y,+Ys+u(Z+A)(28(1-2)(1-2)" +2u1 ()
4) [ HoAth AL 55 Z.
min glc -Cz +tr (¥ (¢ -2))+ 4lc 2!
B o3
Z =(2BCTC+ul)(28CTC+Y, + uC) 7
5) [flE HAh AL B G,

2
. T G+G’ T U G+G' 2
mgntr(ﬂ( - Dﬂr(Y4 (G_|A|))+E[ - F+||G—|A|||FJ 8)
e L (8) P A Dy ot Gan T S 1) R PR s 1
T 2
minﬁ[||e_m||2+ CRACHNNY ]
G 2 F .
/BZEPM—|A| N W+— H T diag(G) =0, Fr ML FEAE R Moo i T 2
Eilﬁﬁﬁam%ﬁ@ﬂ%ﬁn%ﬁe , G IR ARWT, Hfisj.
G =3m —im +In +in,
1 4 1J 4 i 4 1 4 n (9)

G :EMji —EMij +1Nij +1Nji
4 40T Ty

n
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6) [HlE L Ab AT i A.
mintr (¥; (G -|A])) +tr (v (A-C))+£{Jo - A} +|a-cf; ) (10)
i R (L0Y T E44 J s S R e 46

min 2 ([l P +[A-<l; )

HifiP=-G-t, Q=Cc-
u H
a) {P, >0
—Qij > = Qi >F
Aij = (11)
QL
J2 ) élQil' < PIJ
b) # P, <0
. —P
Q"2 L4Q; 20
A = 12)
I:)i' +Q|' N
12 ]] éQIJ <0
3.3. BEE*®
AL RN
Hik AMGCSC
BN HHEHERE X =[X, X, X, ]eR™, S8 a,f>0, RKERIREH
i SRR W
WIE B, Bt=0,p =10° 1, =10°,p=1.1,6=10",F = X,
B 1 Y,=Y,=Y,=Y,=Y,=0W=C=Z=G=A=0
R 2 B W, B AR(4)
IR 3 W F, @A RG)
g ¥ o C, @i A(6)
$BE5 BHz, @ AR@)
HI6 FH G, I A(9)
PR T A, BT AR, (12)
G+GT
B, Y, =Y, +u(C-2)Y, =Y, + u(W1-1),Y, =Y, + u| W — ,
- LETE 2 +u(C-2) +u(Wi-1) +ﬂ[ 5 J
Y4=Y4+y(G—|A|),Y5=Y5+,L1(A—C),,u:min(ymax,py)
P o AR [C 2], <aWi-1] <5,M SO oo, <efa-cl, <e
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4. SCH
41 SKHIGE

TEIX— 55, BATHAT T K E T2 5] S S8 25 PPk o AN g PR 45 AR 7 23 (A S 26 75 % AMGCSC 7E
RSP EFRR I .

1) HdEEE: A TIE AMGCSC A &, FRATE NG IR LA F e ddm & Fdkir 7 RESLm. A
FIPAH A PU A FE ARG 3G ORL AR 1, PIE ABGEUEAE 2, MNIST T 5468 7 4dE 4 3, COIL20
— et UG R £ [13]

2) XEEE: AT AMGCSC 5 —2e& ML (A ST VLT X LG, 1 H LRR. SSC. BDR. LSR1.
LSR2. SMR. IDR. AGCSC, #tZ&41E AMGCSC I &tk

3) ZHWE: T AFESET TV I EIESLI 45 BB, P TR —Fp bR &%, 3141
ISR H 0T I SRR R AP 2 E i B I OR B AR AN S B R 48 BRI ar S5 3. X T AMGCSC, &
TS HR B TE AGCSC IR FIEAT 1 FR IR AL DUE SR BE 47 1) SR 50 20K . AMGCSC S Uk #1X 7]
{le-5,1e —4,1e - 3,5¢ - 3,0.01,0.05,0.1,0.5,1,2,10,100} -

4) VEFRRR: AT RS AT PPN BT A SE IR RE, FRATTE FH SRAR I F A R B M S AT S
AL BRI SE AR BE . A SCR T HERA % (Accuracy, ACC). JH—14k H.4% & (Normalized Mutual Information,
NMI). 42 (Purity) i % 22 44 Z % (Adjusted Rand Index, ARI). F {fi(F-score). 7= (Precision). #4z%
(Recall) LA VEM Fa bR AT AL, ST ER- GV TERRIN S, SUE B & SRR TR MR LT .

4.2. EANERTEE LXH
FATE MALAB AR 7 —A 8 x 8 (AL & T B Hoxt F AR RS

-1 -10000 0 O
-1 -1 0000 0 O
0 011000 O
X = 0 011000 O
0 0 0011 0 O
0 0 0011 0 O
0 0 00 0O -1 1
0 0 000O0C -1 -1

BRI A E DU AE,  h TFEAH R A B8 2R b AN [R) SRk AT S50y AT BAAS 7 b LU HE AN ) 3R
KENERIPERENL 25 o WIRATHE BBl BN 1 AR SEHE T SRR S5

1R T I RATSE H A AGCSC 7E NG HdE 48 LRGP RECERE, AT LA 2

1) AGCSC REILIEMHITRAESL R, AMGCSC HIRHKL RN 4 &, AMGCSC 4T 1 HER I JE IS 4h
R

2) JEEX AGCSC AR AR 734t LA L AE ELAA S8 1) I R A AT TRT LA AGCSC R PR i & AR
B PR ) 2o LS SRR EE RIE G, AiB B 1 RO REO S HE UL R, SRR B BT S A
LIRS T RESCEAMRTE S

3) Zd5 AGCSC K THERE C X MR L2 ARSI IR i Jim A T At 9 4 RO S 2R AR RS W, LI 5 92264 T 2
*https://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html .

2https://www.ri.cmu.edu/project/pie-database/ .
Shttps://yann.lecun.com/exdb/mnist.
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BEfT AMGCSC At T MR i HUBEZ 52, A5 B A RBOEREA T AP IRoRBE ST, AT SRS Ha i 0S80
KIEDL(4 K)o HFTUAEE—BAEOL TR, oM Ros R A RS BIMER 10 JRRAE R,

@ (b)

Figure 1. Block results of subspace clustering for AGCSC and AMGCSC. (a)
AGCSC block results; (h) AMGCSC block results

& 1. AGCSC. AMGCSC K FZBIREMEER. (2) AGCSC iRk
B, (b) AMGCSC 433hes R

MR 286 DL K Ay A R FRATTASHE R B AMGCSC 250 T AGCSC HIBRRE it — N B8 v Afs H % 3& 10
FAAIREE . (HN A B 5 R 10 R 2 e A (1 5 0 R EA7 S0 o 170 BSR4 K58 o # 2 A7
TEMEFE ), SERATT AR B R A rp it AT T K B SEG .

4.3 EARBES LE

1) ORL AJir¥cHa e 2 H AT A6 A e ) 2 bR E NI Kt e . 384T 40 DAFRISERE . ARG ANAS [ A
RN Bo BN 10 TRIEIMGILTE 400 IEACRE IR R, BIRRSTR 32 x 32, BB REG. HhA
G ER oy FAB AT A2, BIINREAR, IRISHE AR, MEABIRESE, NSt 2ei,
FLUR L e e AT T e e Tl 20 12, A RGT A i 10% 19324k ARSI A seit h, RATIED T 40
KA, FFREHT 10 KA EBEATRE . ORL HR LM AR R InE 2(a).

2) PIE Bl SRR Z A NRBI B, PN T8RRI AR S 68 DA, FEA
29 170 sKIEMG . A IERG RO LR A f BOGRE T NI A, RN A 32 x 32, 3Eit
11,554 k. FEAKHRAER LI, FATER 7 8 KEUR, RRIEH 60 K MG EIREATSCH . PIE A it
IIFEAS TR Al 2(b)

(b)

Figure 2. Sample images of face dataset. (a) ORL dataset sample images; (b) PIE dataset sample images

B 2. NGHBUREMEARER. (2) ORL HUREMHARENR; (b) PIE BUREHAEIK
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ORI, AR AR R R0 T[0, 255) 2 1], 9 T T3 LB AT BRI, &
SRR R AR A 255, 35— i o L6 /R 28 SR A KR A3 O L A A R B A0 [0, 1]
2.

FERA TR L, RATIEM T X0k NFRI . BiE SR, BRI RS RA TR,
AT BiEBHLYE, Bl 15— 5t T LSRRy b BMRERE R R el — Sk (A — L8R 7 e —
SHCF ARG RRAFN . IR WA 2-3,

Table 2. Experimental results on ORL dataset
2 2. 72 ORL #IBE&E FRUSIIGHER

WARA ACC NMI Purity ARI F-score Precision Recall
LRR 0.7925 0.8664 0.8025 0.6738 0.6815 0.6570 0.7078
SSC 0.7675 0.8787 0.8025 0.6622 0.6706 0.6068 0.7494
LSR1 0.8200 0.8806 0.8250 0.6990 0.7062 0.6739 0.7417
LSR2 0.8075 0.8750 0.8150 0.6909 0.6981 0.6708 0.7278
BDR 0.8125 0.8843 0.8250 0.7026 0.7096 0.6829 0.7383
IDR 0.7925 0.8754 0.8075 0.6880 0.6954 0.6625 0.7317
SMR 0.7650 0.8613 0.7875 0.6597 0.6677 0.6369 0.7017
AGCSC 0.8050 0.8878 0.8225 0.7144 0.7212 0.6848 0.7617
AMGCSC 0.8200 0.8914 0.8325 0.7258 0.7322 0.7049 0.7617

Table 3. Experimental results on PIE dataset

5% 3. fEPIE HIBE LT LER

Hik ACC NMI Purity ARI F-score Precision Recall
LRR 0.8396 0.8161 0.8396 0.7067 0.7441 0.7199 0.7700
SSC 0.8333 0.7782 0.8333 0.6703 0.7123 0.6886 0.7376
LSR1 0.8958 0.8563 0.8958 0.7854 0.8126 0.7911 0.8352
LSR2 0.8896 0.8489 0.8896 0.7731 0.8019 0.7793 0.8258
BDR 0.7458 0.7025 0.7458 0.5575 0.6171 0.5646 0.6803
IDR 0.9958 0.9911 0.9958 0.9905 0.9917 0.9915 0.9918
SMR 0.8975 0.8636 0.8975 0.8024 0.8269 0.8231 0.8307
AGCSC 0.7729 0.7753 0.7750 0.6717 0.7131 0.6970 0.7299
AMGCSC 0.9000 0.8839 0.9000 0.8120 0.8359 0.8105 0.8629

44. EFEHEHFHEE LI

MNIST &S 0~9 it NFESRET, SNFE5ERETES 200 MEA, ILit 2000 4. &
MNEBAZF RN 28 x28. MNIST HHEEM o FEA R /R INE 3. TEAKIRER LI F, TATERT 33
VENSIR XS 5, 25 HL 200 7KF 5 87 G AT L

FAVER T 1R HH 25 2 B0 2 [ v oA F) (S 36 7 VA AN R BVATE. MINIST Bidis 4 ik 47
P, BRI R 4.
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Figure 3. Sample images of MNIST dataset
B 3. MNIST HiE &I AE &

Table 4. Experimental results on MNIST dataset
T 4. 7E MNIST HiE5E EMSSIR AR

Fik ACC NMI Purity ARI F-score Precision Recall
LRR 0.9100 0.7447 0.9100 0.7594 0.8400 0.8329 0.8473
SSC 0.9050 0.6947 0.9050 0.7411 0.8272 0.8269 0.8274
LSR1 0.9117 0.7201 0.9117 0.7575 0.8383 0.8352 0.8415
LSR2 0.9300 0.7613 0.9300 0.8033 0.8688 0.8669 0.8707
BDR 0.9033 0.7135 0.9033 0.7357 0.8244 0.8161 0.8329
IDR 0.9033 0.7035 0.9033 0.7345 0.8234 0.8169 0.8301
SMR 0.9417 0.7924 0.9417 0.8346 0.8896 0.8885 0.8907
AGCSC 0.9267 0.7567 0.9267 0.7947 0.8631 0.8603 0.8659
AMGCSC 0.9550 0.8254 0.9550 0.8690 0.9126 0.9116 0.9136

45 E—RISEGH¥ESE F3ow

COIL20 B fE R K ER A4S, B8 T 20 MR MAFE A a8, 565 5 EmnE—ik kg,
BAIEE 72 kG, et 1440 ik EG. BREGRNET TR — N 32 x 32, COIL20 £dE4E1m
AR RIE 4,

@) (b)

Figure 4. Sample images of COIL20 dataset. (a) COIL20 dataset sample images;
(b) The first sample image of COIL20 dataset

[ 4. COIL20 BUIBEMHARER. (a) COIL20 HIBRERFEARES; (b) COIL20
HIRERE—MEREBK

FEAKIRER SR, BATBEHLIER T 10 M IAREISEEL 70 FKIER A SRt SO0 AN R SEREAT
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PG o RIS B0 K B oI55S BRI A A . 5B S A R LA 5.

Table 5. Experimental results on COIL20 dataset
5. 7£ COIL20 HiR& LSRR 4R

Jiik ACC NMI Purity ARI F-score Precision Recall
LRR 0.7857 0.7618 0.7857 0.6757 0.7084 0.6935 0.7239
Ssc 0.6886 0.7118 0.6886 0.5642 0.6087 0.5888 0.6299
LSR1 0.7657 0.7337 0.7657 0.6414 0.6777 0.6600 0.6964
LSR2 0.7286 0.7202 0.7300 0.6127 0.6525 0.6269 0.6803
BDR 0.7657 0.8039 0.7657 0.6993 0.7297 0.7117 0.7486
IDR 0.7900 0.7717 0.7914 0.6800 0.7125 0.6924 0.7338
SMR 0.7057 0.7204 0.7186 0.5838 0.6270 0.5964 0.6609
AGCSC 0.8771 0.8962 0.8771 0.8327 0.8498 0.8207 0.8810
AMGCSC 0.8857 0.9147 0.8857 0.8488 0.8644 0.8284 0.9036
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