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Community detection by fusion of motif-aware

and graph Transformer encoding
GUO Xing-jun, LI Xiao-hong,SHI Wan-yao,GAO Wen-chao

(College of Computer Science & Engineering. Northwest Normal University, Lanzhou 730070, China)

Abstract: The higher-order connectivity structure has been largely ignored, which contains a better
signature of community compared with the lower-order connectivity structure,and the high-order infor-
mation causes the inevitable fragmentation problem. To solve those problems,a motif-aware and graph
Transformer(MGTrans) for community detection is proposed. Firstly, the maximal complete subgraph
in the graph is searched and regarded as a motif,and the original graph is reconstructed with the motif as
a unit to capture the motif adjacency matrix. At the same time, mixed-order outer-cut edges encoding is
used to obtain the residual edge information of the original graph to solve the fragmentation problem,
and position information and edge information on the reconstructed graph are captured through a posi-
tion encoding matrix and motif short path with weight encoded. Then, the initial features are extracted
by a graph transformer. Combing position encoding matrix, edge encoding matrix and initial features
through the attention network to get motif embedding matrix for the community detection. Finally, The
experimental results on several different datasets show the effectiveness of the MGTrans in improving
the community detection performance of state-of-the-art methods and effectiveness for overlapping com-
munity detection and multi-community public node detection.
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Table 1

stanford.

Statistics of single-label and multi-label datasets

R1 BAREVSHREHEERFR

Bl 4 T 5 5R UL LANEIEe Zh%
Polblogs 1490 19 090 2 No
Mich 2933 54 903 13 No
dblp 12 547 55 748 4 No
Orkut 11 751 237 171 ) No
Wikipedia 4777 184 812 40 Yes
BlogCatalog 10 312 333 983 39 Yes
Flickr 80 531 5 899 882 195 Yes

4.2 FMIERR

ARSI VR 3 A fe i I 48 BR R AN B A
DAt D, 0 2 AR T Q AR AL BLAS B NMI
(Normalized Mutual Information) Fl Jf 4 2% fili 2
# ARI (Adjusted Rand Index) . 55 JC 75 %t H
LRGN &5 SR 55 S A X R 43 e T LA & UR A i A



2086

Computer Engineering &. Science

AL TR SR 2024,46(11)

XAy ot & . NMI B & J7 ¥R 43 2 )5 15 3 1Y
b DRI L ST ) 4% 4 X2 [] %) A BLEE . NMIT (i B %
U1, R A XA R 5 A X g A i T, ARI
JH Ofe A B 52 X 45 R 3 T 4 4 W) R, L T LA
J o S AR XK R B A IR A L [ — 1,
1] BB 4 DR 3 35 R R A
4.3 BETE

ARSI VR T LA L T 45 ik A Y 7 1k
N R U WAL 58 07 ¥ 5 A SO vk R AT X e T vk
SEEIE .

(1) Deepwalk"™ 1 13 BE AL 7 7 19 R e 7 20K
Tl AR B T =2 ) A SR O R L DA A7 2] TOR A o)
RN

(2)node2vec™ i i 2% > T & B 4t 7 iF 2
T Py e S5 7 JHL e A Al O A7 4008 IR0 265 T A, BT
> B — R LR A

(3) SPaE (Structural Proximity and Equiva-
lence) "™ . — PR A kA D7 2X L AR AH % 5 W 45 op T
SR 25 K T A0 M 38 52 GDV (Graph Degree
Vector) ] 1 2% [T 10 (9 454 S5 A0 1

() GCN" 3l 3o P 35 By 3 K BRI 45 Tt ok
89— B ARARLPE o DA b 2 B Ji 350 &1 45 480 15 A2

(5) SEAL (Seed Expansion with generative
Adversarial Learning) ™" .3 i E. A 4 7 06 57 19 &
TREF 2%, IR S 1 7 T b A A X

(6) Graphormer (Graph Transformer)"'™ . ¥
Transformer W H7E & b, 38 1 e $ w5 L 25 6]
S R R 343 2 i AR BT A 22 (8] AR 45 8., e 238 i H T
B M E BRI S i AR

(7)EFR-DGC(Enhanced Feature Representa-
tion for Deep Graph Clustering)™ . i 1 4 4 %
friE B E B IR T ) M4 2E ] I AME
K38 i R R B A G 2R AE B DA 4 5 Y

SURRIERIR .

(8)SAT (Structure-Aware Transformer)"'";
& LA AN 19 R M B - BTl o v ) R
F A5 Tl 380 D B T T I 4 o AT R A5 B i 5
LNISET R RS

(9) SENMF (Structural equivalence Embed-
ding method based on the Non-negative Matrix
Factorization) """ . 3 33 4t X ¢ A K5 AH B0 % A #
AR 4 1) 42 ) v S B AL X B
4.4 SHEE

SEEYIE B Transformer 280 L =8 . 485 d =
256, X2k TR Mk B E O 10, A B B
AdamW R b, H i EBSH e J le—8,[h
W8 BB, BEE Jy 0,990 F1 0. 999, W 2% > &K
WE N 3X10 ", FEILMEL R M E b, RS
A S BT AN B R AT 2 S
O BEML AR A B S TR 0 46 1 & 5 B L 2 5
FIARF B FR, NI TS R 25, ma, T
F14) S 50 YR BORT BB 2 BRI 5 R R i i 2 S
OB s 1 T AR 36 . BRI I 7 fRIE S 55
SE R RTINSO L R T U8 1R SR 1 X S
B B SR, 1 29T H B BUAS , AR SR F 2 Uk S 5 O
PHEW O KRB ik Re . &, AR SCHE R
10 YR &5 HE 107 X S A se B 45 4%

4.5 ZREREHH

NG SL 56 1k I U b A JE AR R (1 ik A
E VNG 2y N CIR L E U 1 L D
means FFEATHE X R 43, R 2~F 4 HHERT
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Table 2 NMI of different methods on different datasets
R2 ARHB\ELEARRFEMN NMI

YIRS
B &
Deepwalk node2vec SPaE  GCN SEAL  Graphormer EFR-DGC SENMF SAT MGTrans

Polblogs 0.538 0.534 0.031 0.289 0.523 0.399 0. 540 0.512 0.566 0.580
Mich 0.442 0.414 0.112 0.415 0.428 0.488 0.402 0.299 0. 488 0.491
dblp 0.412 0.453 0.130 0.355 0.468 0. 506 0.466 0. 308 0.507 0.504
Orkut 0.432 0. 444 0.108 0.399 0.423 0.498 0.393 0.521 0.500 0.523
Wikipedia 0. 347 0.319 0.080 0.321 0.277 0.402 0.411 0. 368 0.478 0. 486
BlogCatalog 0.399 0. 434 0.105 0.316 0.554 0.576 0. 445 0.424 0.601 0.601
Flickr 0.398 0.483 0.098 0.335 0.326 0.535 0. 496 0. 446 0.595 0.598
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Table 3 ARI of different methods on different datasets
*3 ARHEELAEFEN ARI
Tr ik
pYETTE S
Deepwalk node2vec SPaE  GCN SEAL  Graphormer EFR-DGC SENMF SAT MGTrans
Polblogs 0.675 0.651 0.016 0.630 0.516 0.653 0.595 0. 569 0. 666 0.708
Mich 0.402 0. 382 0.054 0.203 0.276 0.414 0. 397 0.213 0. 389 0.432
dblp 0.198 0. 204 0.032 0.149 0.293 0.215 0.166 0.129 0.275 0. 287
Orkut 0. 354 0. 359 0.311 0.338 0.183 0. 401 0. 304 0.293 0.413 0. 409
Wikipedia 0.225 0.229 0.029 0.195 0.208 0.242 0.194 0. 240 0.253 0.260
BlogCatalog 0.179 0.161 0.071 0.155 0.126 0.213 0.203 0.198 0.239 0.241
Flickr 0.236 0.224 0.089 0.211 0.204 0. 244 0.215 0.202 0.292 0.298
Table 4 Modularity Q of different methods on different datasets
4 AEAHEELARABAENEREQ
J7ik
PUETTE S
Deepwalk node2vec SPaE  GCN SEAL  Graphormer EFR-DGC SENMF SAT MGTrans

Polblogs 0. 499 0.499 0.089 0.433 0.218 0.493 0.522 0.463 0. 526 0.521
Mich 0.418 0.402 0.062 0.213 0.284 0.131 0. 345 0.415 0.391 0. 423
dblp 0. 317 0. 286 0.326 0.349 0.413 0.443 0. 397 0. 398 0.443 0.439
Orkut 0.402 0.468 0.088 0.460 0.433 0.427 0. 400 0. 457 0.538 0.554
Wikipedia 0. 254 0. 394 0.222 0.282 0.424 0.414 0.215 0. 399 0.455 0. 459
BlogCatalog 0. 326 0. 401 0.073 0.368 0.418 0.499 0.179 0.414 0.576 0.583
Flickr 0. 366 0.417 0.084 0.352 0.329 0. 487 0.301 0. 406 0.528 0.532

B TR A TERE . ER 2 RISk 3 A UKL,
AR MGTrans JFE7ESHESE dblp Y3 S g AK
F SEAL. Graphormer, X & K & iX ™ %E &
e O A AAR %) i AH X A8 2D, MG Trans J7 35 B K 2
JE T AR T AR B S, 1T AR XS A4 i 1) AR S il 412
BB A B BUE % 77 5 R 31 5 Graphormer —
FERIRICR . S8 AR X i A B T7 5 SENMEF 76 K $
P AR IACR BR W MG Trans, 3% BT 411X
AR AT AR G, 55 Al R B 2 ) A G
B FEE T M, MG Trans fE 3%, H4h, N
A s AL Q RSB 45 Rt ] LUK B, BR Pol-
blogs.dblp £ 4% % Z 4P, MGTrans 7% K £ 505
B ER RIS TRL T . SOk U A TR
A DLIE B & A5 B 51 A L S 22 i G 1 B A A )
T Wl e R DA A 55
4.6 HRERSCIG

T8 UE MG Trans H 82 i #9 A [7] g 55 5 =X
X SLBGEE R AR AT R T AN [ AT RS
SR e PEAE Wikipedia %048 4 B 52 . T T B
TF B — 1> TH Rl 5 AR
4.6.1 AARALEY I GRS

T e S 5 g Bt 2H - O 2 A A DR O Y

G5 2R W LS LIRS AN R B 2 B T S A AT T
HESER . 35 MSSIA R W AR Y 3 Ff
i 7 AL S, S 2 R IR B T L AR
2 ol B 75 CORH L2 O B SR B A 2R e R AR D
T U A — Y g 1 O SO B A SRR e 2
(4, JE R VA B — R TR & AU I G 5 T 7 AR B 52
e R e . WX — A R 2R A A DT
Gt B 2 10 20 0 7 X — A TR b B AR B TRy
@ FAEAT B Al . HLOEHE 2 e B4 i i
XL A A 2R TE e B £ B A e R A B
P rp s /D o AR i R T A L U S0 3
HOOR T e E AR .
Table 5 Ablation experiment results with different

combinations of three encoding methods

£S5 IMEWAXTRAAGHHEMIEER

MOCE SPDE MSPE NMI ARI
N 0.202 0. 032
N 0.298 0.098

N 0.311 0.192

N N 0.351 0.215
N N 0.402 0. 239
J N 0. 486 0. 280

N N NG 0.512 0.298




2088

Computer Engineering &. Science

AL TR SR 2024,46(11)

4.6.2 AL E GG ek SRR

BB W F AL E w5 MGTrans 19
78 G b J7 vk BEAT X L BT 2Ol R [R] 14 467
B G i 5 ¥ 3 ) e MG Trans WA 07 '8 2 7% L)
AP 25 K ) A7 MRS O 2R o DT 2 AT A X 3 52
B S B9 BB Bk B O S R T R R g Y
(Laplacian Position Encodmg)mj FNIE 4 7% AR ABL B o2
B %% (G Transformer Posititon Encoding) ',

ML 4 1 A ER o AL S 6 b2 al L
I AN AT Ao 57 2 B 1) 5 12k %) 52 I 45 2R B

2l L g pr X P 8 A1 GTransformer B9V & 2

T oR AN A7 A5 R Y B 2R 1 O 1 LR AR SOy O

54— 5 Y 22 B, T8 48 A 3C MG Trans J5 ¥ i)
i By 7 =BT 35 B A ROR 2 i A 7 v v R
4.6.3  PIAIA G AL 0 K Rk I

W HA 2 1 2 7% J7 X 53 0] #: MG Trans 9
D gm bt 7 AT SE B b, S e R SCmk[ 23 ]
W URRAE Rl B TR RURAAE S DA K SCHR [ 24 T8 T0 S 4
TIE SR A B3R AE 19 4 85 05 2, 43 B1iE /E EXN(Edge
to Node) fll EaGN (Edge and GNode), WK 4
R AR FEL 5 (R 288 20 7T R B, AN il AT
AR5 i 2 % il 3 0 1 Ok 1 4 2R 2 o 22 1Y, T
MG Trans J7 ¥ o9 g 5 J7 30 1K 2 A9 BOR 2 Br A1
Fkh M, B4 ME S BRI T
MG Trans J7 V51 2 B g 05 07 sCROCR S b B0 Uk 1
I FH 2 4 % 7 3R JBC R0 288 R A 1) e AR HE

No Position Encoding
Laplacian Position Encoding
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Short Path Distance Position Encoding(Ours)
Short Path Weight Edge Encoding(Ours)
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Figure 7 Visualization of community

detection on Polblogs dataset
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