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Local Community Detection Algorithm for Attribute Networks Based on Multi-objective Particle
Swarm Optimization

ZHOU Zhigiang and ZHU Yan

School of Computing and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756, China
Abstract Community structure is an important feature in complex networks,and the goal of local community detection is to que-
ry a community subgraph containing a set of seed nodes. Traditional local community detection algorithms usually use the topolo-
gy of the network for community query,ignoring the rich node attribute information in the network. A local community detection
algorithm based on multi-objective particle swarm optimization is proposed for realistic and widespread attribute networks. First-
ly,attribute relationship edges are constructed based on the attribute similarity between nodes and their multi-order neighbours,
and topological relationship edges are obtained by weighting the network structure based on the motif information, followed by
sampling the two relationship edges around the core nodes using a random walk algorithm to obtain alternative node sets. Based
on this, the alternative node sets are iteratively filtered by a multi-objective particle swarm optimization algorithm to obtain a to-
pologically tight and attribute-homogeneous community structure. Experimental results on real datasets show that the proposed

method improves the performance of local community detection.

Keywords ILocal community detection, Attribute networks, Motif, Multi-objective particle swarm optimization, Information en-

tropy
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Table 2 Comparison of community detection performance of

different algorithms

datasets RWR MAPPR MEMP PWMN  LCDPSO
Cora 0.57 0.51 0.59 0.61 0.63
Citeseer 0. 44 0. 34 0.47 0.47 0.50
WebKB 0.30 0.27 0.32 0.33 0.41
Sinanet 0.20 0.22 0.26 0.34 0.52
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