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A spectral clustering based on GCNs and attention mechanism

CHEN Rongshan, GAO Shuping, QI Xiaogang

(School of Mathematics and Statistics, Xidian University, Xi’an 710071, China)

Abstract: The classical spectral clustering algorithm often involves computationally expensive feature decomposition of
the Laplacian matrix, prompting researchers to introduce a deep learning model into the spectral clustering algorithm.
Nonetheless, the existing methods possess certain limitations. The existing clustering model neglects the information on
the correlation degree between nodes, which leads to inaccurate clustering results. Additionally, when the number of
nodes in the graph neural network changes, the whole graph requires updating, leading to extensive storage space con-
sumption. By combining the attention mechanism with the improved architecture of graph convolutional neural net-
works, this paper proposes a spectral clustering method based on the attention and graph convolutional neural network to
address these issues. The proposed method mainly utilizes the attention mechanism to guide node clustering, following
which it establishes the corresponding target. The corresponding cluster allocation, when the target is optimal, is calcu-
lated by training the neural network. Attention information and topological information are used to guide the graph re-
construction process, thereby improving the accuracy of reconstruction. Experimental results reveal that the proposed
method exhibits excellent performance in graph classification, graph clustering, and graph reconstruction tasks.

Keywords: deep learning; spectral clustering; image classification; graph convolutional neural networks; attention

mechanism; convolutional neural networks; image segmentation; deep clustering

R — P o B RO S 2 AR X B M RS S . A LA SRR L A0 K-
RFFICHIR AT otk W g R R R R Ak E Sz
A Z AR UAPE R T i A WO LSRR B | AsxBE e N T AU SR, S p) REETTIEE T

BT i W B A5 ; e 451 =

Y58 B H#9: 2022-08—27. W 4% H kit B #8: 2023-05-17. fei AE RN I PR BE B 2 HH R A 2 A o X

EEWH: BEARP IS H (61877067, 91338115); IT TR e 2L 3T b AR 70 SR 0 e R i

%ﬁmgﬁt%ﬁ%ﬁ%?gﬁi%%m H (614241421%02; SR B 2 ) v — BB () 5 K, S B TR IR 2

S S A R SRR E (6142414200511); 15 A ST s gl B KA bk A YR RE EX K pi

Ke SRl 05 | 1117 4 (B08038). )5 G B RIESR AT G AR i T IR BRI
BE1EE : =B . E-mail: gaosp@mail xidian.edu.cn. A

© CHAERY ) Stk WL A



https://doi.org/10.11992/tis.202208041
mailto:gaosp@mail.xidian.edu.cn

© 937 WRAS, 45« T2 ML A0 P AR 22 R 45 5| T 13 SR T 1k

% 53]

3 P 22 W 2% ( convolutional neural network,
CNNs) N BEE 2 ) b — 2R B 2R, i T3
HEEVERH TR 4 WL A8 50 s, HoAE— i &
25 b v SRy BB A B UE I A RN B B A AR E A
HECT R, B X AR 22 R 4% CNIN's 14 ) BRAPE,
W E AT T R G L M4 (GCNs), Bl
FLph 22 [ 2% (graph neural network, GCNs) 2k 7K T
& BB 28 W 2% (CNNs) H ) 3 Ak 45 7 K 45 B
1, AT LGS & SR AR AR A B, BRI RS
It B G HY 20 3 — M i B 454, v] LAk
PR — R A T T R AR b 2
25 LA B 28 I 4 T s R B L 3, LT B S B A
25 25 1) 25 R R KRB U B TR

25 L1028 SIS B 1) D LR e e AR B e S5
S5 LA IS5 R X 07 B4 T 5 i 1 i B 7 AR A
23 8], 38 2 X6 P 7 5 17 A B A T AR o A A 2
I f0 B e g SRS o, 4 T 5 ) 8 52
ZRF, 5 R4 X6 0L 1) 1 3 i S R o 1 A A 2
R, AT RRIE A R AN s, AE T EA
52 FR 55 40 1) 1 BCH 4 R R e 4 1) R4 A
I, pFRE AR T B TR A A S i R Ak
FEEUEMAEAT B T DR P 4R A
T s s KL T RAFROMERE . A TTR
FE 2020 4E$E T 5T [ g AS A% 09 2 ) BcE I Rk
AR R R 2 T R 1 B o R R I 1 R
R EEE S T AW, 2019 4 5 A BF
FEE PR T LT URBE P8 485 1) 22 0 P B i e i
e B2 R £ 425 4 W 4 (siamese networks)
[F] 38 RS A R T 2 AR b
ST B T 5L T[] o 2 I 2% [t 1) 1 SR 20
25, 4 PR 30 B RRAE 2 A = BUW e R
Iva) BB Al >y b BB A A i A, 3 5o A —
A F R U B A D 9 R EE R, fE— e R
AT RIFRSCRT SR BRI AT
FEAE R BR AR, N Z 0% 1 799 s 2 ) 1 G Bk BE A L,
{5 75 — s o B A I Y Y R ) o3 B[R] —
TR A AR NG HEB 5 B 48 Kk,
AN T 52 24 B 4 5 28 LY TR A6 R o 8 I 4%
(GCNs) 2244 b Jo ()5 s 880 A A AR AR, 75
BT gk ], S B0 B TR AR A i R
ZIK[38,41]O

AR, TR PSR T AR RER
P 2021 ARR M T TR I HLT IR E T
25 [a] 0 T 22 AU 19 o 28, 8 A L
SIAGREE 25 [ R W 2%, 38 b 1 F 51 s Z [ Y

T2 ) FR BN AN [R5 5 0 BEAS [) R/ B AL DA
M 457 AR A S 22 2021 4R 4R H T HA
H 5 AW NREEZET SERERE, ShEREG
ANTA) 2 1 22 RUBERE R DT 27 2 B /5 30 T 7 6
RS R v IR RO, AU A
HL Al 25 B A B A5 B BRI 2R 7R i
FHT HA HAF ke s ™

TEHT B FE TAE R Al L, AR SO0 56T & fif
25 W 2% Pt ) i SR S Sk ik AT ek, BB T —Fb
W8 I HL 5 e ) P A B 2 X 28 AR 455 1Y
% RIS 1k (graph attention spectral clustering,
GATSC). ZF B oA = L5357 A%
Z 6] T R BOR AR = R S5 R HER 1 5 X
148 1 P BURH 28 M 4% (GCNs)EAT Lk, RI7E
25 W 28 1Y) g — J2 v R B8 B T R B Y
B RIEKREMBRFERE ST AEL—ZM
PR EHGEK, U RUT SAE R Z R, DA [
I 28 o 1 P ot 28 TR 24 T AR o ek S I R
WY, 5 H A5 R RE A L, AR SCHR S S A A
B2 B RIS S sy rh B o 3

ARSCEETTERANT . DA TR ERET
HLHI 5 ehe 2E ) GCNs A5 & BOTR B i 2R Bk
WA W I EARE, A SCH AR AT AT R
FRAVEIT T ST S M T ) R
SUTRL T ) R BOR 513719 fU RS AT 4 v B2
PERE . 2) A SCREAITE HEAT BRI F AL I, AT )
L A b s M5 B W E 5| S EMERAE . BAR
Hb, KT R TR AR B E AR A R A
3 AR A TS AR A 2% e A B, AT AN LA
R BT R AR B, T L Y A TR
ORI, DI e 2% 748 70 14 R0 g 320 25 S 1 vis b o

1 A8 < 32 9 iR

1.1 RERE

AWFTEHEAE 2018 AR K T — i L TIRIER
RILER, L6 E B2 (deep clustering ) B £ 1
R T ERL | TR B 2 i ) — S B s Y g
SR 2 BB A AN EA AR 2 ol 3 A R
SRR B, PRI, N X B R R AT 43 28 B M
BE R . MR B RS E AR EE 2 2T iy
HEE TR IO SE AT 88 A e A 2 AR A R AIE 25 (], SR
S HE RIS Y i AR AR B S pR B0 HL E A B R
P pR AR, e 2 ok YN 2R fe /B R 2 R
WX TChR 28 (B HEA T 4325 . SRR LA 1,
P& v e — A €A Q3R — B Bl 2 A



518 % B OB A

S 1 <938 -

B1 BEERSTHREHR

Fig.1 Clustering diagram under ideal condition
12 EBERMEME

H1 T4 B 22 W 46 (CNNs ) HABAE H T BROUL
PR SR A B, AN T T — B B, R
PIE A T A B RCR A, IR, A BF5E3E T 2019
AFAE ICLR R R T R T BRI £ M 4% (GCNs)
930 %, GONs 4 7R T 45 BUR 28 19 4% (1 1)t
s B FRERAE Y 5 2 5 — A0 TR 4540 v, RE 0SB 47
AT R R 2 ) o HARMLYE, GONs R It dh 2
B AT R 28 R 255 i, T 2 IR 4 0P 6 AR
BB — B AR BN BT A1 S B RRIE AR BAE Dy s
TR BT R AL | R b AR 2 A A R A 22 4T
RIS B, Fesd S B s AR s
1.3 FEENHE

Bl o 20 W 28 0 K R, T T LT R
Zem s b i) — A A, A A A 2 T
B AR ST o A7 ok, 10 I AL 7 38 5 A B
P15k 3025 D7 T AR B T ORIz BN . FEVE
ZRT RIS b, HEEDYLH E 2 AW
MERYE . AT 7E 2018 AR 4R T 1 1Pl
il IF 25 5 A 22 ) 28 96 E T HROR (T8 1 P
R LR 2) M7,

Softmax;

Wh,

B2 FEANGIKE
Fig.2 Attention mechanism model
VE R TP A AZ O S AS [R5 2 TR
J1ZH, B R G BURAEAR B m A 5 A RRAE
o, SPAE N b, b, SRR R AT
LRI L 2Z 8] B T ) R A

exp(e;;)

> exple)

s aC) s RY X R — R —/ WS R &, W AU E
iﬁﬁzﬁ, €ij = G(W}_li,Wﬁj)i%ﬁ%,ﬁi&%/ﬁjZl‘m B/‘J?‘é
WREE, b Jh o3 5 26719 i By s j kA 10 ) Ak 45
YEJG B RRIE 7R, i B Softmax bR EICKE 5 50 2
T R Z ) A IR B e U — AR AR B

T2 I HUHRR T 545 B A 7 AR =2 8] i )
DAL A, I i A R R Y ER 43 R B
PO R . SR 2 A RO [R) B A ROSEA
— SN, TEAE T 2 2 I Y A o RO A A RS
A A EAT AL 3, 2 s BRI A ot 22 i o I R
KRiFZHCK T2 & i . RN
A FE I 25 BT N B TR C &R, b AL B ELAY
CIESPNGNOE TN NTE O 1% A 2 N o N
T B I HLH g8 TR — A R S SRR i E
W BFR N H T D (self-attention ) 3 P 11 5
T, S TEE I HLS S 8 A 2 M 4% (RNN) B H A
B UM 22 W 25 AR 25 5 ), SRR AL ] Bl e B X AL
PRI AT SR A Y

2 A SCHE W By A GATSC

A YR B R R AR A — o 1Y JR FR
. Z0mg T R Z R OCHR AR B, A s
BV AT sk o B m] — v, R ECR 2R
MR AL WERA ; (A 28 Rk, NG TE
A 0B 4R 5 20 i 1Y) P81 6 BRM 28 ) 2% (GCNs) 2y
SRR AR DR & i W Ra e R A ST S
W T 2O = B TR U RS A . R, A
SCHR TR T R AL RN i ) 1 A B R 28
UGG IS R, 1l GATSC, i H k5 R
A TR Bl 28 ) 2% Tt 1Y 1 2R 2R 512k (graph
neural networks spectral clustering, GNNSC ) #H It
B, BT R A R AR A, 4 e RS
Btk Sk WA 3.

| GATSC H 7RIz 4 ] |

!

| ermAmARS |

'

| HEEE R |

()

;= Softm?x(ei )=

3 AXRHABEBIER
Fig.3 Model of the proposed algorithm



©939 - WRAS, 45« T2 ML A0 P AR 22 R 45 5| T 13 SR T 1k

% 53]

AR SCHE T ICHR [39] $2 Y 2 T [ 2 N 4% [
T SR, AR R A B SR X T
RO, T RIS bR EOR H AL 45 % PR

— KB AG, FGE X G =(V.E}), HhVvE
NEIGH AT SRS, HIVI=N, VI
B—A SRR R, ECREG T Y
HNWES . AREGH B FE, Ae RV,
XJEEIGH Y S RHIEHE B, H e RV, HV R —1T
=G — 5 1o

ASCHE RIS R AT

D) Fdfs miab 3, K R B 247 4 1, 15 2
BT SRIEE S .

2) 52 SRV TE RN o AN ORI ekt iy 1]
G M, X TR SveV, BET SvE
E B I — B 4R & {ulu € N0}, FIIH— 4R G AL
AGG R 1T R A 4E, MR A 5 M 25 R Ty i
VIESS - 12 T FR E 1 5 19 8] SvEESR )2
T TE RN

h, = AGG;(h, ") (2)
h! = combine(h’ ', h) (3)
HrhueN®),

T Z U2, AGG ARSI E X
TR — BRI AR SR AR A BT R R 1 2
JE T A5, BRI H s A Y SR S A
Jeg, Horb ER MR RNl I v ) R U

3) A S Z ARG R . B LT
SRR RN 57 B R AE B OCHR BE AT

w;; = f(Wh;,Why) “)
Horr, FREIE= Attention ML, f: RF xR >R,
W g —> ] Y i A A B

Y G b G BROAS [ T SRR IR 22 [R] Y A DG
P, IF % B A — 2 M L5 Attention HLT £
— PR E R ESHW TR, Be R, R K
B REVE T — AR AR BR AR .

(a) 5795 508 T 2L — B SR B
_ exp(LeaklyRELU(BT[Wh;||Wh 1) )

> exp(LeaklyRELU(B' [Wh|Wh,])

keV\V,
(b) 275 s AN B T B i) — B SR 3
, exp(LeaklyRELU(ﬂT [Whi||[Wh;]))
Hij = Z T (6)
exp(LeaklyRELU(B" [Wh;||Wh,]))

keV\V,

A VIR SRR R A, VR AR

IR — B &0 38k )RR AR AL S B A, by by B30

AT R T SRR R R, WOR A AR

B AL E 24U, LeaklyRELU 2 BT PR
4) I AR SCHRE A A A A7 SR 2K

Mij

i T

(7)5‘]?;59%1‘?!%&,iﬁﬂﬁlléﬁ?ﬁﬂﬁﬂ%ﬁiﬂ~
EARE W B R 2 B 25

tr(UTAU) H g (7)

w@'DU)  |[IUTUI; VK|,
f*HHﬂﬁ%mmm@ﬁU%ﬁﬁﬁﬁiﬁm
B 9 0 B B, Rl wyg; € 10,10, Ulg = 1y, K R 58 3% il
O3 SCIIANEL DR IE AR 5 T A R Ak IE
WAL S5 SR HEH RS, Hoo R

- {,u] AT AT

Lyicr = mlnlmum

i (K] B2l s

s T AR AL i 0 AR Y
Hi# j,
[ 4 45 1 T B GATSC 13t AL 2 A
H,
H™D 8 ?
> = >
e | 8 s 4 — g
<
A

B4 GATSC Wyt BB
Fig. 4 Pooling layer model of GATSC
5) MR LA R PEAT R E A . AR L
il A FME B | A RAE, BELR B T R AR
5 RN, REMERA L) A o i Sk . B A
FH A5 YR AR 2R 288 7 T A 00 =1 s e R o 288
PEHE R AT IR ACERAE o A Uk AR A0 A0 H I AT
AVRFIEFE PR ANR
H“=U"H; A =U'AU ®)
A USSECR IS IE 09 70 IR RS, H oM BT A5,
FRAERE 4, A I — A 48 A i 1 Y 719 0 48 4 4H
W o fd ] GCNs ) I 3 4B a1 T SR AR AN R

Hf=U'H*; A"=U"A"U ©)
PR 7 258 SR 2% B R, 1 7
Le= A" - AJZ (10)

&
Ly =||H* - H]; (1n)

B o W A 2 R T T ) R BRI R T 45 A
{5 Bl E ARESI AR (10)8(11), iHE AKX
W

Le= A[Z,&UHH,-—H]-HZ]+(1 —A)[Z;?,,HH—H,HZ]
N ' (12)
A g TE AHRAR S 10 TE 7 ) 240 dy o )
PR AE R YRR R BE B 5 A — DU 25, A e
(0,10 H 2 B0 5. Hr— B 4350 4 B 19 30T 1
R A 5 R, H AR BU R H— B A ek
JEE iz i 1Y R A F AL 4



518 % B OB A

S 1 <940 «

A BOM i RO RY  3HB A R EAT AT
AR SR IO ) GCNs H B AR = T3 R 2R A i
FEFEU, HohU e RON 155 J0 R IR T SR 240
REIEWAEH R, w2 (7) iTAREBIR E 2
TSI IC AR R i ith J P9 2R SR 8 42 00 P A 8, 1 0
At Ok 2 RIS IO AR M M R, TR e,
R IRIE I OWNKK +N)o T B If AR A 1y
SRR BEAR S, R AL B — R B B (R, 7R — IR
ARG, AR T B B 9 5 2 18] Y G I B2 T 40
0, BI7EREIRY f) 5 Y S 7 v 2 25 3 g — LB AR G
JEEAN R B89 1 2 RT3, DT XA it i P49 e 408 42
FEFEHEATIEAE, St A AN N T ONK (K + N)),

3 L5 At

FEATT R AR SCHR AR 5 T T T 5
T HTR B i AR AL GNNSC 47 e de . A5
BEATB 5 0 BAK S 3 57 7 Spectral . Tensorflow .
Pytorch S5 4244 I,
3 THEREILBESH
3.1.1 3] X M#% Cora. Citeseer & Pubmed _E 49

REE

BHEE T 345 C M4 Cora, Citeseer M
Pubmed R IAE S . X 3 5] XM gy
SR A5 IS SCHR )RR A ) R AR A, X B R
ik 1) AL 5 SCER AR AR RFE SRR . T
R B h B R SOk Z 18] 5 B 851
R, HaxXFpoe &R H stk ER, 0 LR%
Aol HXR, VREBAGTI KR, F I8 M F
R Z B B A B S IHC R, (B2 RE AT
TEMAER IR . ASCRIHEE 151 5 R PE0]
PLOCTE 2 Z2 B 15 8 22 [ AR OGP o B s Rk
FRIC R SRR, X & A SO R R AT RIS . A
HINMI f CS PP PEA 48 br R PRAG R IERCR, H

. H(Z)-H(zlz) . "
Iaw(3,2) = ————2 SIE A 55,
1 L2, 2) HIA‘I—(Q)—H(Z) % 1 WAk 1) B A5
Sc.2)=1- H(ff)) SRS

BEA L GATSC 5 GNNSC, B2 (SC) | %
T ] Sl o AL AR 1 IR 3 22 (DiffPool ) #E 47
X (LR 1) o B 1 ATRIAE Y, AR SCHR A AR
HIFE Cora. Citeseer M Pubmed 3 ~5| XM 2% F /)
NMI 50T SC & DiffPool WM, 2B A 3¢
TE LAt Ak 2 IS R TR A T AR SCHRE H ) AR A
NMI 1535348 T GNNSC 5 B R B 1 25 3 HLAI 1Y)
R . GNNSC BRI A 784 % & 55 Z M1
FEEIE R, AURA Y S MG B TR0 i
G332, HEMCRE T SR T S KB 6 il gh

HE T A SCHR H AR R 5 GNINSC ) NMI 1 it 45 12
B AR A . = 2B I pR B b o 16 A B AR
FErr M 2 8, 2 AR SCHRE S B B AU AR AT T F
Fase P AEREMERE, HA%k AU S B B P

F1 MAERSIXMET SBEEBER NMI EF CS &

Table1 NMI value and CS value obtained by clustering
different citation network nodes

el X SC Diffpool
NMI CS NMI CS
Cora 7 0.025 0.126 0.315 0.309
Citeseer 6 0.014 0.033 0.139 0.153
Pubmed 3 0.182 0.261 0.079 0.085
Ko x GNNSC GATSC
NMI CS NMI CS
Cora 7 0.404 0.392 0.451 0.437
Citeseer 6 0.287 0.283 0.316 0.312
Pubmed 3 0.200 0.197 0.214 0.212

Loss

-1.0 s ‘ ‘ ‘ ,
0 1000 2000 3000 4000 5000
AR/ €
(a) B2k
045
0.40
0.35
030
E 0.25
0.20
0.15
0.10
0.05
0 1000 2000 3000 4000 5000
EARUEL
(b) NMI
B5 ATEHHERE CoraHiiBE FHNTUERLRR
NMI &

Fig.5 Unsupervised loss of proposed model and NMI
value on Cora dataset
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Top-K. DiffPool } SAGPool #4773 SRR b 4%
i, RS TR R £ (SR LK 2) o fF WL,
Dense . No-pool 5 GATSC AU AT X L, &b T
A To A #1275 X O3 SR AOCR A R ) (45
WF2).
£2 TRENESKME
Table 2 Unsupervised accuracy of graph classification
Bl e NDP Graclus Top-K DiffPool SAGPool
Mutagenicity 77.8  74.4 71.9 77.6 72.4
Proteins 733  68.6 69.6 72.7 70.5
DD 72.0 705 69.4 79.3 71.5
COLLAB 79.1 77.1 79.3 81.8 79.2
Reddit-Binary 84.3  79.2 74.7 86.8 73.9

B WL Dense No-Pool GNNSC GATSC
Mutagenicity 81.7 684  78.0 79.9 84.9
Proteins 712 687 726 76.5 79.1
DD 786 706 768 80.8 81.8
COLLAB 748 793 821 83.4 84.1
Reddit-Binary 68.2 485 803 91.4 87.7

T2 HT 10 R A B ARG B 42K
5 MR . AT LA, 5 H AL 7 38 L, A48 3C
P& BRI AE 5 P A B AR T R R HUE R AT
fIgh R, [ FRAT R EERL 9Ny, A b b
YR BB RUAS SO AR F JC it A A i B, R A it
LB VE B R Y v B S 3815 H s BR b 2 4F,
GNNSC 7E Reddit-Binary $¥i 4 It B A B
OYRRERE o ZF b, AR SCEE AR R e AT W B R G
BT 55 Th 8 B RAF I M RE

4 #5FRE

) (B A5 B 28 I 245 1 15 SRRk A R B
P, AR SCHRE T3 T AL 5 A 3 R AR
T GATSC. HICH R 151 T 1 1% R IEHITIA 1L
B, AR SO B B il 1 3 TR B3t vk G AR
Y [y r 57 R R A A A vk AR R, R
PLH 4 = T RIS A e L R etk Y T AR p
25 W ZE AR T A8 A o 55 1% 58 10 i i s 44 AH
FoA, A SO R B BRAI T A AR IR, $E 0 T
HAGHERATE, S 1 46 1R A50CR v i GO U e
MY BRIE . SEER A5 R R, AR SCHR H R AE Cora,
Citeseer, Pubmed 3 ~5| 3C W 4% 25 | 76 I & Al
FIEE I E . £ Mutagenicity . Proteins, DD,
COLLAB % Reddit-Binary 5 F & 4 2 545 4 1 &
2R, YRR RGeS MAE ST A MR
AL, A SCHE BT AYAE Reddit-Binary 41

B B e, LRI T T 54T 2 R O
B, I, T — 25 B T S AT 2 B HE O
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