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Fast Overlapping Communities Detection Algorithms for
Large-Scale Social Networks
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( National Digital Switching System Engineering & Technological R&D Center , Zhengzhou , Henan 450003 , China )

Abstract: Overlap between community pairs is commonplace in large-scale social networks. The most existing over-
lapped community detection algorithms may falsely identify overlaps as communities because the overlap area is denser than
others , and those algorithms are computationally demanding and cannot scale well with the size of networks. In this paper,we
propose a fast overlapping community discovery algorithm based on some locally computed information—Local information
based Fast Overlapped Communities Detection ( Li-FOCD) . Firstly , we introduce two local information metrics for each net-
work node—community connectivity score and neighborhood connectivity score, to model the relationship between nodes
and communities ; secondly ,based on local metrics, we can concurrently execute the iterations of reduction, expansion, and
duplication removal to find the approximately optimal communities instead of the optimal community, and achieve a low
complexity O(m + n). Experimental analysis based on real large-scale social networking datasets shows that our algorithm
outperforms some popular overlapped community finding algorithms in terms of computational time while not compromising
with quality.
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DUIAE i A 1 D) % 0 TN ESCHG E A i T 45 S, e HO2 A
BRMBL R 5 LiveJournal F1 Orkut. Hy T P77 FR 41,
COPRA #1 SLPA R 7E 3% 4 LiveJournal #1 Orkut iz 17
AR B2, NPIATIF(A] |, Li-FOCD 395 HA W10
# IR, Li-FOCD 50k BAT B A AL 142 8 o 6
PR L I RN 17 R A+ AT 42 4 o i 1) S8, T AR
BEIRUAR A AT, T EL, X AN [] Y I 2%, 5 B 32 5 77
AHTE) R, T A I FL A 22 e A kL 141 25 44 1) B 52 )
ZRAE. ASSOR PR ARG AL 141 5 I 45 Htie 1y B
51 (ground-truth ) #1: [ 2 [8] i) 4% #E H. {5 & ( normalized
mutual information, NMI) #4714 GETEAL , NMI {1+ & =
%7 SCHRL6].
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R3 METEHUAESH
P 245 KBl IVICHAE: HT) EV(BAL: 15 T) k ne n n, Sz [z
Amazon 0.33 0.9 5.50 49,732 99. 86 8.70 0.91 0. 89
DBLP 0.42 1.34 6. 60 2,547 429.79 2.22 0.83 0.35
YouTube 1.1 3 5.27 8431 13.5 0.1 0.05 0.02
LiveJournal 4.0 34.9 17.35 311,782 40. 06 1.6 0.29 0.19
Orkut 3.0 117.2 76.3 8,455,253 34. 86 29 0.75 0.70
R4 FBEEKS Li-FOCD BiEMITR E LA
- azik e AN ORE AR Ry I IQUIE Ay
i MOSES GCE OSLOM COPRA SLPA BigClam Li-FOCD
Amazon 30:150 26:10 18.9:700 8.5:1200 30.5:473 152:4320 21.1:2
DBLP 47.1:280 22.6:21 22.3:1260 15.6:190 22.2:590 40:1980 25.2:2
YouTube 8:6840 / / 12.245 40.1:6204 8.1:5040 7.3:53
LiveJournal / / / / / / 200:320
Orkut / / / / / / 201 :2880
# 5 4T Li-FOCD 5 6 2 S350k E iU L 11 .
B 5 FLAL AR, 22 8] A A v AR S LR B §  -a-MOSES
FE. AR 4 bR T A B AT, Li-FOCD S1% B °
TEBR T Amazon W45 2 SN 8O b, JBR T IG5 o BigClam
HORE PSR B 190 Amazon [ 25 $0HE AR RE 2 | — L
5,29 90% DAL 9795 3] 2 55 50 2 A LR A PR . 0 S | e
= 2 PPl
[t Amazon FOERIE (% B AR BIPE RGO sk 2 [ ] F
1N T E o AT T
R AL AR R 5 Y BigClam Hit A Z 7| B R
L RO S B 5 5 bR — Bt , G o'k T oy e 30
. ! - - %=
AE BLF , (EI N ) 52 2% BE 07 B, A W et 17 7 ! i B
IR B T 0 K B, HCAZ 7T I 1) R p " Wi oo
4 fis. & ER TR S FEUR S s 1T I R ge i), 05 20 20 60 80 100 120

F1 Li-FOCD % H T~ Amazon . YouTube .DBLP  LiveJournal
A1 Orkut FFp B0 4. & Bk 6 T 8dE 4 Amazon,
DBLP 1 YouTube. 1] LA i} Li-FOCD 25 3 b 2 ¥ 2% 41
BRI OC, HAR 2 BT 28 i I (R T 47 e k.

EESUTSE S M EEpD!
F4  BfE R2E0E N LI-FOCDA 5 e Bk
BT IE] e

£S5 BEEFRERNHARESESTHAYEZ ANFEEFERILE

PRl HAE B (NMI)
S
MOSES GCE OSLOM COPRA SLPA BigClam Li-FOCD

Amazon 0.22 0.21 0.18 0.20 0.12 0.25 0.21
DBLP 0.15 0.13 0.12 0.15 0.11 0.15 0.21
YouTube 0.01 / / 0.01 0. 002 0.01 0.02
LiveJournal / / / / / / 0.03
Orkut / / / / / / 0. 06
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AEAZ W 2R A5 5 2 RE LR, Li-FOCD 593 i
Aok A5 JR T 2 O P L B Y R DR A T R B AL .
AT G AE A 06 FR BOIRES AR 30 B A R 45715 A5
G T P 3 J3E A0 408 i 32 % B2 3 i g U PR A
SR TR AR A 0 268 41 PR DT . 3 o 5 A A
FEABLEE I FR 3 i 9 208 J 39 1 de /N iR, Li-FOCD 3
TEAT DV RO 2 5 i SR A MR SRR R R
SR A 2 W AR SR B9 A S8 AR SR T 4R
ABIREH A B A PR 18 e KRB R P 28 4 D 1 1 2
. M AEE A AL AT 0T Ak i S B Ko m] 2
RF LAY WL, A PR A5 SR 52 b dat
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