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Multi-view Attributed Graph Clustering Based on Shared and Specific Representation

CAO Fu-Yuan, CHEN Xiao-Hui
(School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China)

Abstract: Existing multi-view attributed graph clustering methods usually learn consistent information and complementary information in a
unified representation of multiple views. However, not only will the specific information of the original views be lost under the method of
learning after fusion, but also the consistency and complementarity are difficult to balance under the unified representation. To retain the
original information of each view, this study adopts the method of learning first and then fusing. Firstly, the shared representation and
specific representation of each view are learned separately before fusion, and the consistent information and complementary information of
multiple views are learned more fine-grained. A multi-view attributed graph clustering model based on shared and specific representation
(MSAGC) is constructed. Specifically, the primary representation of each view is obtained by a multi-view graph encoder, and then the
shared information and specific information of each view are obtained. Then the consistent information of multiple views is learned by
aligning the view shared information, the complementary information of multiple views is utilized by combining the view specific
information, and the redundant information is processed through the difference constraint. After that, the topological structure and attribute
feature matrix of the multi-view decoder reconstruction graph are trained. Finally, the additional self-supervised clustering module makes
the learning and clustering tasks of graph representation tend to be consistent. The effectiveness of MSAGC is well verified on real multi-
view attributed graph datasets.
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TE [ — IR & W R TR (co-conference) FIFIALAERE LAAH FRIAIE KR 3L (co-term) 1X 3 PRI EL LMEE
(AR T S AR F S, 40 4 AN,
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LT MU AT (DGR, RFAELEEN 1232, TR RIER AT R f Rl — N A (co-actor) FFEEZ MR —A>
FHPT (co-director) IXFHANE RMEINALE. CLHFEARUNFEAR S, M R BifE. ERlix 3 25
3.2 HEER.

N TAES] MSAGC AR M, ASCIERE T 12 PHRZETTVEERZEL 7%, A5 2 el BB R 251 (LINE.
GAE), 7 fh Z M B ik N\ J7 % (MNE. PMNE %741, RMSC. PwMC. SwMC), 3 £ 3 & & P B B 35 05 i
(0O2MA. 02MAC. CMGEQC). FiR3EL kM.

o LINE™: —Fir 2 gt (1) B 00 1 B iR N 7 3%, 43 il oxet 22 40 B AN BRI AT 12007 925, FEAR S il 4t .

o« GAEPY: —Fofrf AR 1) 1) FH P 1 0wt 2 P SRR 1) P i N ik, A3 #0555 LINE AH .

« MNE™: —Fh a4 Ji (1 22 400 P PRIt N B0, 4% 258 N El et 4 1) A 8 AN R 48 R N R 5 T K.

« PMNE™: PMNE $2 ! 7 3 FA [ ) £ 00 [ X 25 ik AL, B PMNE(n). PMNE(r) 1 PMNE(c).

o RMSCH: — 1 38 TR A AR 10 49 AAL 10 2 A0 1Rl R 2K 7 vk, ko g s S {1 LA B RO IR BT B ).

« PwMCH™!: —Fh S MO 2 A0 B 207 1%, 51 NS ORI ) A AL AL

o« SWMC ™ —Ff (9 IR i) 22 IR I B SR 2K 5 1%, A 0 B T PwMC 592060 8 5 5 4 .

« O2MA": A4 BEIHRM O2MAC.

« O2MAC!: 55 1 A P V] 1 G il 8% £ 22 00 P Jg ek PR SR B0, 0 B I T 8 X0 0L R G

« CMGEC™": — i1 2 Btk N B SHESR, R FH ELA 2 S A B PRl i A I 2% 25 5] — f SR L AM s .

3.3 ENiERR

ARG 4 ANIENERR Acc™ F1F0 NMIM, ARTUOSEAG 3R M B R 0 20, X BP0 48 br (0 2 s, 22
IR LT
3.4 TIRE

SR 2 HE T TensorFlow ¥R B 5% STHE A2 S I 5¢ i), FF HIZ477E Ubuntu 18.04.5 |, f# ) CPU 2 AMD
EPYC 7352. 5 (11 255 T SRR Aii AN B BE. 565 1 B BOB I i MEA 3R (19) Sle xR0 mb 1 Pl i8N 3R 4T 15
Pk, ACM F1 IMDB 1 F (12 3] %54 0.001, DBLP {4 FH [¥12% 2 % 0.000 5, 76 FT A (4 HE 4 &R HET 500 IRi%
AR, IR Adam B WAL BN 55 2 By B Sk 3 (20) HE4T 100 YA KBNS AT O, AR B B
ACM F1 IMDB {8 F [#7%% 2] 2654 0.000 5, DBLP {5 FH (1) %% 2] 2674 0.000 05. HR 45 Z 08U 71 245 3, 4 B £l
4 B TP R AL 2 E B AR E S BB S e« B BIRE N 0.1, 0.1; ZHEHEE I HPZE GON 4i
FE o A E N 128 32; EFEIG T =5.

3.5 LIGLERMSHT
3.5.1 PSR MEREN L SEe

TETRIZRIY BE, BRI ZRA8 B0 R Z AT IR PR g R 2 45 L. eI B, AT LA F B SR e
P AR AR BB R T ATA SRR BEIARB T BENL I 4G 4k, BT DLA S H BEALBT 46 40 EE ATl
BI715 10 WK, FRS-FITERE. 76 3 MR IR RN 3 FioR, AR 500 R S i 45 R R,
“— RORNTEZEIR & LI AT PR H B k. 0B v, BB A RGeS B e RO N 4 R IR 2R 3, 153
PLR A2 B

(1) 78 3 MR E S, MSAGC T HAhFEL 7 VETE 4 NPTt LT BA mEM AR, R
I .

(2) ZMEEIEE— @ T BB 7, A2 0 BTk 2 PR MAS B R Rty Sk 7 e s, o] A 3 47 2 40
B S5 BRI (S R, SR EIF A —Fon RIRHE B

(3) ZME BN T IETE A R RS 2 0 S PEE R b 2 Hk. 1R Ry 2 W B 77 R A
AT BRI G, 20 T R MR IR T A BRI, MSAGC ] GON 1B A4t as, [N =% & 7 & (1 £ M Al



10 BB AR R B B )

JEVERFAE, RORIRT T IR,

(4) 5 HoAth 22 A0 B R A B SR 2K TT VA A EL, MSAGC TEVE 2 b EA A EIW LRI T O2MA F1 O2MAC FIH{E
S & A i 2] 2 R 1 — BUE B, il A 5] 2 MR I EAME B BN E I EA A 2 g — R
AR T HAME R, 1 R AR B RS R 50E 2 3 802 B EAR TS BB 2k, #H R, MSAGC R H 2 41 K g
&, I ML B IR v 5 21 Z LB I SR 245 RARRE 5 1, 18 75 Bk, $2m 7 R KERE. CMGEC %
FH 2 B3 R ) 2 0 22 W0 PR G i, 3 ik AR S i AR ] 5 ) 2% A1 i — 35015 S AN L AME 2 50, 3
ERTERLA G MG — R 2 SR RS B 0. 1 MSAGC SREUE 2 ) Ak & 1 7 =X, 2% 48—k il LA
22 NP TR 2 B 5 22 (10— 005 BT ELAM S B, AT B 4 1 1 i B4

(5) 7£ IMDB (44, Frfy (AL 7 7E 4 AN VPI R br L PERE R IAAE. X2 R R i B0l S AT R 2
PRGN, 2345 80— RN I — SO R AMA 2 o) 4 SR R . R 5 S n] DLW EE 5], MSAGC 7E Z A5 5 1 Ace
FARI 48 b7 LIS B 5 v, 1k — DU AIE T A 22 40 B (R0 45 3 7 v S 2R 58 3 27 =T 22 400 P — 3800 S R EL b
F B AL

#3 {t ACM, DBLP fll IMDB L5345 R
ACM DBLP IMDB
Acc F1 NMI ARI Acc F1 NMI ARI Acc F1 NMI ARI

LINE 06479 0.6594 03941 03433 0.8689 0.8546 06676 0.6988 04268 02870 0.0031 —0.0090
GAE 08216 0.8225 04914 05444 08859 0.8743 0.6925 07410 04298 04062 0.0402 0.0473
MNE 06370 0.6479 02999 0.2486 - - - - 03958 03316 0.0017  0.0008
PMNE(m) 0.6936 0.6955 0.4648 04302 0.7925 07966 0.5914 0.5265 04958 03906 0.0359 0.0366
PMNE() 0.6492 0.6618 04063 03453 03835 03688 0.0872 0.0689 04697 03183 0.0014 0.0115
PMNE(c) 0.6998 0.7003 04775 0.4431 - - - - 04719 03882 0.0285 0.0284
RMSC  0.6315 05746 03973 03312 0.8994 0.8248 07111 0.7647 02702 03775 0.0054 0.0018
PWMC 04162 03783 0.0332 0.0395 0.3253 0.2808 0.0190 0.0159 02453 03164 0.0023 0.0017
SWMC  0.3831 04709 0.0838 0.0187 0.6538 0.5602 03760 0.3800 02671 03714 0.0056 0.0004
O2MA  0.8880 0.8894 0.6515 0.6987 09040 0.8976 0.7257 07705 04697 04229 0.0524 0.0753
O2MAC 09042 09053 0.6923 07394 0.9074 09013 0.7287 0.7780 0.4502 04159 0.0421 0.0564
CMGEC 09089 0.9072 0.6909 0.7232 0.9103 0.9042 0.7237 0.7859 04844 0.5101 0.0514 0.0469
MSAGC 09170 09172 07139 07692 0.9132 09081 0.7531 0.7947 05640 0.4065 0.0549 0.1052

Jrik:

3.5.2  HmhsLIg

T 25 BOAIE AT H AR A R P S A R SRR A AL B R A B U R A i, AE AT R, AT T
T RV, Sae 25 SR L JE S 2. B 2(a) R 2(c) 40 BIAEE H B AL/E ACM. DBLP #1 IMDB (¥4 Ft 473k
S IR I BRI, BB MERE] Ace. F1. NMI Al ARI iX 4 MeRE. BhE 3 MRAGEGHERE, % 14
I (T ) AR A SRR 50 (MSAGC) #HMTSRZRMLE R 5 2 M E (A .52 E) MSAGC-noSp
R T 1E MSAGC 2R b 2 hi i 4 2 15 BARBUR ) SRR A5 L. 38 3 AN I (7 (4 4% % 18l) MSAGC-noShare
RFAE MSAGC FIEEAl b 2 il B L A5 B AR BRI SRR 45 . K 2(a) Fiow, 78 ACM 4l 4R 1, 1 R B Uik
2P 1 — 5 B, 5B RS R . Rl R 2 RAh B — EUE BRI EAME B, 15 3 1) RS e AR T BT
g I, (05 B g A 2200 L. X2 A ACM $iE 42 b 2 4 B 1)1 — 8UE B0 SRS B B R, 18
AL H AME BN SN T — e 1 2(b) R, 16 DBLP $E4E b, NS AT H RME LA [ I A B Rh g
KPR A S R R R, R T R B UEE —8UE B L. Wl 2(c) ftow, 7€ IMDB $dE4 -, [
Ab 3R —3(E BANEAME B SR s S AR T R B e A TR o — (3 R, IX IR T AR SO B L A R AL
R ER AN R 5 5 SR U R G k. 26 DA RSB a6 1, 19 4518 XAV BEHL A2 00 ZE 1), S PR R 2R 1k B 11
PRTHLH) T RWRIE .
3.53  ZEBURIE ST

I 3 ANEARSE T Ace KT MSAGC X} H 7 ek BB 2 50 o A0 g 1B, BURSK UL, o A1 B 43 5
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%59 {0.01,0.05,0.1,0.5, 1}, S5 45 R o Al Wi 3(a)-18 3(c) Fin. WSEB4i 5ok E, ACM HlE&EX T o F g 148
A BUR, BA R 1Fe 8 t5; £ DBLP R E T, BAARKMRE — 2R E L2 S8R m, H2Y
@ €{0.01,0.05,0.1} » B €{0.01,0.05,0.1} R b (¥ Fa e v 72 IMDB #3E e b, Sei 2 SAEx fa e, £ — &
FATRRAS ER IR, A KE, N TAEEETE 3 MR ER G RO RIGHIER, KB a=01Hg=01 284
B, PRONIX BRI B 85 1 Ace.

1.0 1.0 0.6
EMSAGC BEMSAGC
BMSAGC-noSp BMSAGC-noSp AMSAGE-n0Sp
08} ®MSAGC-noSharq 0.8 | WMSAGC-noShare| 0.5 1 ®MSAGC-noShare
04}
0.6 0.6}
03}
04} 0.4}
02}
02} 021 0.1
Acc Fl NMI  ARI Acc Fl NMI  ARI Acc Fl NMI  ARI
(a) ACM (b) DBLP (c) IMDB

K2 MSAGC 5k K ILARRAE 2 A Hedade 1 ISRERE M) HLAR

(b) DBLP
K3 Z%a M BTE ACM. DBLP FI IMDB ¥ 4 I IS /4T

3.54  TIRALS BT
9T SE N B IAAIE BT 1R 5V O i, 7E ACM A1 DBLP B3 4 B AT AT ML AT 55, 48 t-SNEU Bk
TR 2 5 B AR ARG B 4k S Ak 2 ) o A, Al AL S SR 4 FiFE S . B, AN R R AR IR, A
FE B4, T LALEE B3N 5 1030 LB /20 L Sk, ACM A DBLP 53 42 #1577 DL 2t $72 He A 0048 23 M 1) 38 2%
B
80 F
60 |

40+
20} -

20
40+
60} .
80 |«

) A A hal . . A 60 L . . . . . . . . . A . . A A
60 40 20 0 20 40 60 80 60 40 20 0 20 40 60 60 40 20 0 20 40 60
(a) 2 1 IEARI o A (b) 5 300 VLA 4 A (c) 25 600 YKIEAR I 4341

Bl 4 MSAGC B5AE ACM HHREE LA FIEA KB T IAL 25 5



12 AR AR wrrrdp xR G )

80 - ol
60 r 40}
40 20
20t Ni
0F
ol 20}
L%
40 a0
60 5%
60 i
. M . . . 80 L A A A . . A 80 '-.ﬁ% . . . . . .
75 50 25 0 25 40 75 80 60 40 20 0 20 40 60 80 60 40 20 0 20 40 60
(a) 8 1 BRI A (b) & 300 YL 4 A0 (c) &5 600 YGEARHI 73 AT

K5 MSAGC 57%:7E DBLP 54 AN FIERRE AT kgt S

4 B %5

AR T — T TS SR RE R 1 22 WL L P B SR AT MSAGC, e AN AL IR A9 20 s v B R 2
o2 3] Z2 A0 B — S B EAMS B Rl A 5 DU SRl A P ST I TR B, IR 2 2 ST R 10 7 AT DA
/b JRAE AL B R R A5 B AR K, I HL AT AL B B — B 5 L AMYE. O T SR IS ML IR B e A 3L 245 2, MSAGC i
P — Bk 40 2k bR BOS A AL B P R U L S 30R, IR SR e AT 2948, M5 213 AR 4551, 8 T
FEMHL IS € 15 5, MSAGC 1 i 2 7 P45 2k bR O A AL B L B R SR B 45 2 R, T T 3RAE 2 AL LA
G2, B 2 M E KE R AR 3 MRS BT IO BRI REXS B SEIG L TR SEI . S HBURE M
AL BT, 78703 T MSAGC RKVERERIA R, B4, T — B B AR SO THEZSE R AR e 2
SR IRIE, DT AR RIS 75 s A 2 8] R R BT U, 32 SRS AR R A A R
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