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Abstract  Evolutionary clustering is often utilized for dynamic network community detection to
uncover the evolution of community structure over time. However, it has the following main
problems: 1) The absence of error correction may lead to the result-drifting problem and the error
accumulation problem; 2) the NP-hardness of modularity based community detection makes it
inefficient to get an exact solution. In this paper, an efficient and effective multi-objective method,
namely DYN-MODPSO (multi-objective discrete particle swarm optimization for dynamic network) , is
proposed, where the traditional evolutionary clustering framework and the particle swarm algorithm
are modified and enhanced, respectively. The main work of this article is as follows: 1) A novel
strategy, namely the recently future reference, is devised for the initial clustering result correction to
make the dynamic community detection more effective; 2) the traditional particle swarm algorithm is
modified so that it could be effectively integrated with the evolutionary clustering framework; 3) the
de-redundancy random walk based initial population generation method is presented to improve the
diversity and the initial precision of the individuals; 4) the multi-individual crossover operator and the
improved interference operator are developed to enhance the local search and the convergence abilities
of DYN-MODPSO. Extensive experiments conducted on the real and the synthetic dynamic networks
show that the efficiency and the effectiveness of DYN-MODPSO are significantly better than those of

the competitors.
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(a) Graph of the original network
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(b) Three communities corresponding to subgraphs of the original network

Fig. 1 Community division of the network
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Fig.4 Search operation based on elitist-crossover
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% D'={Di,D;,.D,,} fl D={D:{.,D;,---,D.},
WA N (D} DD H A i€ [1m]je€[1,n].
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HHR TN A SR E pl. FTO~O). A
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2 L F MICO, 7= A BB AN RN poplist.
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5 XBRERSHHN

5.1 XWREERSE

AR SCA3 590 FH N T T 4% R S L ) 4 B9k 1
17 W03, X 35 & DYN-MOGA., Kim-Han,
IBEA. 2 S5 fir F 9 518 /4 3R 55 40 F < Red Hat 64 fif
PVE R 4,16 #% CPU, 14 1. 9GHz, 16 GB N {£,2TB
fifi 2% s Eclipse fiA 2y 4. 5. 0,]Java jft4s >k 1. 8. 0.
5.2 LWATRAHMESE

A 3 {di FH Youtube, LiveJournal, DBLP, Flickr
XA A FICROR AR RN AR SR AT e e A

", Youtube J& H P2 H PR 553 ¢ R W DBLP &
YE# G AVE X R M ; LiveJournal J& 78 2k 4t 58 5¢ & M 5
Flickr J&—> 735 /3 1) 20 51 5C & M.

N CEHE AR A0 T STk [21 ] b 9 53008 A= . B di
£ D.(2=3,4,5,6) , o = FoRA A X Z 0] 1 ih
B = B A AT TE) R AR 2 A 1A Y B
A At S . Bl g s B gk 1.5k 2
7R,

Table 1 Real Datasets
®1 EIHEE

Dataset Number of Nodes Number of Edges
Youtube 1134890 2987624
DBLP 317080 1049 866
LiveJournal 3997962 34681189
Flickr 2302925 33140017

Table 2 Synthetic Datasets
x2 BHHES

Dataset Number of Nodes Number of Edges
Ds 1000000 25000000
D, 1000000 50000000
Ds 1000000 75000000
Ds 1000000 100000 000

5.3 XWEREHSH

S 25 B J2 2N NMI E A B B 32 47 1 [|] F1
W SA I 4 AN D7 T 56 TIE S AT RO LT 4 4
. DYN-MODPSO f£iX 4 4 fghr T (%) B 1 45
5.3.1 NMI {4 4%

A TN TR0 45 i 4 X R 43 B 200 5 L T DA AR SC
WS 2 WA — 1k B A5 B R A NMI 1R R 48
Bk s RVEAL X 3 A5 125 19 4 IX 3 4 45 SR A b of 4 X
R 43 AR+ AT RS W00 45532 1 o . 1R S TR 1Y
SRR T 2% 10 5K HEAG I 45 SR 1% NMI {H.

NMI () {8 45 0 1, 530 2 14 4G 0 45 51 bk 2 3
B AL X R 4. WE S iR, Y 2 =3 iF,DYN-
MODPSO #) NMI {8 # i 1, i DYN-MOGA #i
Kim-Han ) NMI{E 4> #]7F 0. 95 #1 0. 9 F FiFEsh,
IBEA M{E %) 15 8238 0. 95, Bl 25 B (8] (4 58 . & 1
NMI {8 % #f F &, £2 i | f T=10 BHETF 0. 9. 24
z=4,5 Bf .4 NFIE R NMIA{E# N [, {52 DYN-
MODPSO f#§ NMI {H#% %E 7E 0. 9, B B & F DYN-
MOGA , Kim-Han 1 IBEA. 4 =6 K}, DYN-MOGA,
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Fig. 5 NMI value of the synthetic dataset
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Fig. 6 The modular comparison of four real datasets
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Fig. 7 Runtime comparison of the two algorithms
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Fig. 8 Convergence comparison of algorithms
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