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Novel Community/Dynamic Community Optimization Algorithm

Li Yafang'?, Jia Caiyan'*, Yu Jian'*, Liu Guangming'”

(1. School of Computer and Information Technology, Beijing Jiaotong University, Beijing, 100044, China; 2. Beijing Key Lab of
Traffic Data Analysis and Mining, Beijing, 100044, China)

Abstract; Community structure is one of the most important topological characteristics in the complex
network, being a hot research area in different fields. A novel community detection algorithm is proposed
based on edges rank and modularity optimization. Local graph is sparsificated and edges are ranked ac-
cording to the similarity. Therefore, a method called the fast rank-based community detection (FRCD)
by maximizing modularity and fast mergement of edges is achieved. Meanwhile the method is also ex-
tended to dynamic and real-time community detection on the basis of initial community structure, and a
fast and robust dynamic community detection algorithm called the incremental dynamic community detec-
tion (IDCD) is presented. Theoretical analysis exhibit that FRCD has linear complexity for network ed-
ges. Experimental results in real-world and artificial networks demonstrate the high accuracy and good
performance of the algorithm on static community detection and tracking dynamic structure of networks.
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Table 1 Real-world data sets

(5

Eiked g 2 s i
1 Karate 34 78
2 Dolphins 62 159
3 Political Books 105 441
4 Football 115 613
5 Blogs 1490 17 138
6 PPI 1628 11 249

H A SCHR M AR v R i T B A Ak i #E KR B 35 B SE N FRCD 5 BGLL fit CNM 83k #F 17
SCE HE . Shang 55 A4 M 7 Bk 2 B E MR S BOR T B RIS AT A5 RO TA] L R IR % 10 KB 472
i35 QEER KWL RIFITX LB 2~4 JraRLmas R,
R2 EXMEPR NMIXLLER
Table 2 NMI comparison in real-world data sets
Bk 1 2 3 4 5 6
FRCD* 0. 60 0.58 0.57 0.91 0.68 0.94
FRCD 0.71 0. 60 0.48 0.91 0.55 0. 95
BGLL 0.58 0. 46 0.51 0.93 0. 33 0.95
CNM 0.69 0. 56 0.53 0.70 0. 45 0.94
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®3 EXMEHH Accuracy Xf L5 R
Table 3 Accuracy comparison in real-world datasets
Bk 1 2 3 4 5 6
FRCD” 0.71 0. 60 0. 85 0. 86 0.94 0.72
FRCD 0.74 0. 56 0.59 0. 90 0. 88 0.79
0
0

BGLL 0. 64 0.50 0.72 .90 0.79 0. 88
CNM 0.74 0.69 0.81 .57 0. 80 0.82

x4 EXMEHH OXIEER
Table 4 (O comparison in real-world data sets
Ak 1 2 3 4 5 6
FRCD” 0.42 0.52 0.52 0. 60 0.42 0. 88
FRCD 0.42 0.50 0.50 0. 60 0.42 0. 85
0 0 0
0 0 0

BGLL 0.42 .52 .93 . 60 0.43 0. 88
CNM 0.38 .50 .50 .55 0.43 0. 88

al al
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W2 45319 NMI LK AE Football [ 4% 145 31 ity o ) 5 W] 06 T R 6 B AL J5 19 19 2% . {H J2 7 Political
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M K B 4 T 2 AL X A
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Table 5 Parameters in artificial networks

SR LFR1 LFR2 LFR3 LFR4
N 1 000 1 000 5 000 5 000
My 0.1-0.9 0.1-0.9 0.1-0.9 0.1-0.9
K 20 20 20 20
k s 50 50 50 50
minc 10 20 10 20
maxc 50 100 50 100
t 2 2 2 2
t; 1 1 1 1




T F.—FHAOAR/FHEER KT F

NMI
oo
>

- @-FRCD
0.2} »-FRCD*
01k * BGLL
0.0 +ICN-MI 1 1 1 1 1
0.1 02 03 04 05 06 07 08 09
M,
(a) LFR1_LffhniE A5 B
(a) NMI results on LFR1
A1
Fig. 1
1.0s
0.9
0.8
0.7
0.6
g 05
Z 04
03F- m-FRCD
02} - FRCD* 9
- % BGLL N
(())01 M —v— CNM B
0.1 02 03 04 05 06 07 08 09
M,
(a) LFR2_ [y pmiE BLAF B LA
(a) NMI results on LFR2

[ 2

1221

09 I~ ‘ ) G .' . -

0.8 *m

0.7 SN

0.6 a
N

gi N \*.

o ‘% “
03 &.FRCD 3
02} 4 - FRCD*
01k * BGLL
00 —'—lCNM 1 1 1 1 1

0.1 02 03 04 05 06 07 08 09

M,

(b) LFRI L [HERZ LR
(b) Accuracy results on LFR1

LFR1 | 5E56 i

Experimental results on LFR1

1.0

0.9 et

0.8 :

0.7

0.6 .

0.5 'A\‘ .

0.4 T

0.3F - @- FRCD -
02} - = - FRCD*

01k * BGLL

0.0 CNM , , . . .
01 02 03 04 05 06 07 08 09

M,
(b) LFR2 L [7HERA =R L
(b) Accuracy results on LFR2

LFR2 | i 525 %

Fig.2 Experimental results on LFR2

= H
= g
Z 0. )
0.3} - @-FRCD i
| - 4 -FRCD* N L. . * N
~~ oz 2D -
0.1r v CcNM ool O .
0'(()).1 02 03 04 05 06 07 08 09 0.1 02 03 04 05 06 07 08 09
M, M,
(a) LFR3_EHRHE AR B HAR (b) LFR3 LR ELAL
(a) NMI results on LFR3 (b) Accuracy results on LFR3
K3 LFR3 505 th i

Fig. 3 Experimental results on LFR3



1222 HERE LS L Journal of Data Acquisition and Processing Vol. 30,No. 6, 2015

IOI-—w.-rr'ﬁ—-—; -
0.9y AT
0.8 I
0.7 *
0.6 b
S 05 N féf
“ 04 A &
0.3} @-FRCD AR
02| FRCD*
“ [+ BGLL oo
0.1} —v—CNM L .
0.0 L ) L L ) L 0.0 ) L ) ) L i =
01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 0.7 08 09
M, M,
(a) LFR4 LRIARHE RS B (b) LFR4 k- pvAf % b
(a) NMI results on LFR4 (b) Accuracy results on LFR4

4 LFR4 bS5 L5
Fig. 4 Experimental results on LFR4

T RN T A R 4% ) S 50 b AT R 2 I 4% TR 5 2 BOBOAS [ (i I, FRCD 5803 K8 23 15 DL AL T
BGLL #l CNM, JEH & My, =0. 1~0. 4 I REAS 258 R R 3 . (HZ 24 My =0. 7 I, IR R 2841 X Z5 4 AN
TE BT ORI BGLL, AR 5230 45 5 a) 1 FRCD L A X 4544 & B, B A5 2B i i 4L X 4544
4.2 HEMEHIRILE

HT T W5 v 0 4 2 IO 4 5 4 78 A R AR 1 o AR A0S SR A I 22 22 1] I 2% A AR AR /) o PR MG 2o o A I o 2%
BE B Al DAY i BSR4 . BLAR A O R R .

BN :EAH n DR G R RSN,

AR RS P2 LA RS SRR R A Gy G R GRS DI RS B0 =1

COBEHLIFEE B, X n A5 5 BEHL PR RS AU /d, S OCTRI 3 (d, 1o 0 W) 5 (2) WL i 4%
B X AT HHOCHRM T A 31 OK LB 1A 2 15 B A 8 M 48 G5 (O ¥ Gy N Gy I BR 585
G (HEELRI~4, HF r=N.,

TESCH P L% B =0.01.8=0.005,N=10, 4+%I7f LFR1 I LFR3 1,4 mu=0. 3 i}, fil Shang %
AR 00 7 2 AT 250 LU H T Shang J5 ik HAT BEALPE L B SR T 10 1S 50 25 5 1) - X (B0 A 42 7Y
IDCD 535 HEAT FOBE 1 AR bR g 35 2% 746 S5, SEER 25 R NI 5,6 B

0.672 1.00
. @ .HI?CD \

1 —*shang 0.99}

0.98
E 0.97

0.96

0953 2 5 6 7 8§ 9 10 1
P L&A HN ZE:Se Y
(a) LFR1_ERBEHRFE LA (b) LFR1_ERIbmvEE (5 B L
(a) Modularity results on LFR1 (b) NMI results on LFR1

K5 LFRI I ghAtk X4

Fig. 5 Dynamic community detection results on LFR1
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