%8 BN
201555%\

it B oMM %

Computer Science

Vol. 43 No.6A
June 2016

I fol 25 1 B (8] RO 41 B 45 ) B 7R (L 12 4 Bk

TR FEE HEE=R
(PRVEXFEBRMESIRER 4% 100081)

i 2 FMNFMBHTAZFANT TN BTEFNARLIENZEXERZ AMAATNENRAEZKIETRMLL
MBEAFEEZ FREABITEIZNERE BAERBHT-WHETEAEREANDTSHEARMNEE ERERSH
WEZAMEFMHLEASEE BFBESIATITEANEMNFITRE BIHRHEAIN RN T EEFRMOELR
FEMEMLRAIN 7y FEESRUT T RUMEFERH URENSPEANTEOEERERENTEASEH %8
WERHERAESAEYE ATHAMMNSHUANASIRISHE ZHANEGERE SHSHEZNEE FHEBEERER
BEMEHEAINsNEFREE REEZNERS WESZESHRANSPNTREEZRMEEXR BR EA
ITHEEIMEHFRETTAENFTEZERNAEZRN EREFTHFRFEZEBBTIREFNENER

K| HEEZE BEUTE ITERRE EEZERE

FEETES Tp3og MBRIREE

Near Linear Time Community Detection Algorithm Based on Dynamical Evolution

REN Luo-kun LI Hurjia JIA Chuarrliang

(School of Management Science and Engineering ,Central University of Finance and Economics, Beijing 100081 ,China}

Abstract Detecting communities 1s 1s crucial for analyzing and designing complicated natural and engineering network.
The existing community detection algorithms rely heavily on optimization and heuristic methods, which can not balance
computational efficiency and accuracy simultaneously, Thus we proposed an evelutionary algorithm which uses a new
dynamical system based on community membership vector to formulate the conditions driving the convergence of dy-
namics trajectory, Then,we proposed a quality funetion, which can unify the conventional algorithms by selecting appro-
priate parameters, Furthermore, considering the difficulty in choosing parameters. we established a graph generative
model according to the network prior information. by which the optimum formalism of the quality function can be ob-
tained automatically, Our algorithm is highly efficient and the computational complexity is nearly linear with the number

of all nodes in a sparse network. Finally, extensive experiments were performed in both artificial and real networks,

which reveal much useful information.

Keywords Community detection, Evolutionary computation, Dynamical iterative systems,Near linear time
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