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Abstract: How to detect the high-quality community structures in location based social networks (LBSN) plays a significant role that
helps to study and analyze this novel type of composite network comprehensively. However, most of existing community detection
methods in social networks still cannot solve the problems of combining the correlations of multi-typed heterogeneous relations in LBSN.
To address the issue, this paper proposes a co-clustering method for mining the users’ community with multi-dimensional relationships,
called Multi-BVD. Firstly, the objective function of clustering community is given to fuse multi-modal entities and their
multi-dimensional relationships embedded in users’ social network and geo-tagged location network. Then, in order to gain the minimum
value of the given function, Lagrange multiplier method is applied to obtain the iterative upgrading rules of matrix variants so that the

optimal results of users’ communities can be determined by the way of decomposing block matrices. Simulation results show that the
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proposed Multi-BVD can find the community structures with geographical characteristics more effectively and accurately in location
based social network. At the same time, the mined non-overlapping community has more cohesive structures in both social relationships
and geographical tagged interests, which also can better embody the correlations of interests between users’ communities and semantic
geo-tagged clusters on locations.

Key words: location-based social networks; community detection; co-clustering; matrix decomposition
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Fig.1 Structure of composite network relations in LBSN
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ENDFOR
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3 MESSWRERSH

3.1 EWIHESHIEE
T SRR SR PR A 2, S B B 0k U o B L BRI PR AR AE I 2% s Yelp AT Gowalla, JEAZH LK 1.
X T Yelp Bl ik a0, EEAE TREMX A BWAEE AR R LA BB S5 1E0 1 7 B,
IM Gowalla HAEEFMEE T H AN R RSN EZFME S, K P 2RI E FAS GBI L4055 51
Hbrg.
Table 1 Parameters of experimental datasets

®1 LRBERENSH

Bl 4k H % AR A [ RS bR H
Yelp 366 715 2576 180 61184 1569 264 664
Gowalla 196 591 1900 654 - 6442 890 -

SIS T, B S IR AR AT L B RTE E S I L TE Yelp L BRATERZ T FHE DT 20 KA LA
IR 34 187 4k 7 b 2R 2 () (R v P r B AR K AR P P TR T P 28 B S A 4 D FH P TR T X L D e R 2
RN, B G St AR RS 1) Yelp B4 4 A& 11 341 ALyGERFH 77,118 087 25 R1E R R M 616 804 2545
FiE k. ML Gowalla H,3AT1 2B T /40T 50 XD KM A 28518 A Hash B E0K Hh 2 AR UL [ 1,200]
DX ] N D B AR 25 5 B 2% B R R P L B 9 562 ALVGERFH 7,84 214 25 KR RN 1 349 557 4547 B 2 Flid 3%,

BATTHE A SR H A X & B2 (Multi-BVD) 5 SCHR[23 ] i) BVD B3 BE AT SEI8 RO 5t He, B T BVD ik
X RS T -0 B 28 B 96 A B, IR i oA X R 40 14 B A ek 2R B SN R I 36 1 30, R Fr&i%HA— RBC| . N T

T3 B A1 L8 Multi-BVD 5 BVD iX B M AL B G RS K, A K, #REE N 18, A LI IS T 5
Intel Core(TM)2 Duo CPU P9700@2.8GHz,8GB P77, Windows 8.1 64 bit E1E R 45, 5256 HdE (I 7 AL 2 By Python
SEP, B I H R 18 B CH A Matlab R2014b.

3.2 KWLEERS

2(a)~F 2(d) B T Multi-BVD 1 BVD H %43 7E Yelp A1 Gowalla $i¥E4E L3RG & KH P A X 4
B HIRR LS 2 G5 T A X AR 28 5 O B bR 28, R B FR 28 R, R T P B E E . &
THE R ILAE Yelp BUE 4 b, 5092 Multi-BVD [ KA X LG 3 015 AN A H1 210 M5%5, &% BVD 1)
B RAL XA E T 3497 ANFH 213 AMAREE, AR 5 3L R AR 2 0H 208 A (0 S-hRas HH I AT 26 15 1R K 22 31,
Multi-BVD BJ#EX H B £ 1) 3 K b2 2% 8 3284 Shopping. Bakeries #ll Steakhouses, i BVD 4L X
iy EEE) 3 KM MR T S Cafes. Seafood 1 Health&Medical. i £ Gowalla {45 & o7, 5% Multi-BVD [
AR FH 1767 LA A 192 AMFRZE, T H % BVD R KL X ES T 2 143 ASFH A 200 ANFR2E 0 i
TATHY top-6 FR25E, 414 1/3 A .44 LIRS K B, Multi-BVD (# X EFp & T 2 HE R R SR TE
T AR AL X RS

NTIAE PR i, B 3(a)~E ()i — B4 T B EE S BITE Yelp A1 Gowalla ZUHE4E X4 1 2 4 4L
X &6 g v FH P A X AR 25 ] 1 SR B, FH SR A B B 45 31, J w8 il g 1 3 A 25 A 5 0 il S FH P 4
X AR5, WA A% LA [ 2 38 ) £ e o o 2 P 0 ek X R 1 B0 A 285 A 22 1) ) S T R 2, £ e B30 € s R AR 28 P P A X
5 R AR R 2 2 R B B 3 A B A AR A - An] L 25 SR 0T AN, Multi-BVD SR & TR 2K
g R rp P A X S AR 25 AR 2 AN AETE — X — IR, EH — X 2 R, BVD BIE IR v &5 R i -
X S HE AR AR IE A - A — 5 — B R SR 5 Multi-BVD (4 X 45 M PR B T T 2 1) S B o i 2 2
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Table 2 Comparison of Q-modularity values

w2 BIHLEAE Q X LE

Ki=8 Ki=16 Ki=20 K=24
Multi-BVD BVD Multi-BVD BVD Multi-BVD BVD Multi-BVD BVD
Yelp 0.325 0.204 0.341 0.166 0.393 0.208 0.294 0.187
Gowalla 0.286 0.182 0.373 0.151 0.402 0.213 0.328 0.195
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