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Abstract The multi-objective optimization algorithm is competitive in the discovery of complex network communities. However,
it is difficult to obtain the satisfied results while dealing with the problem of fuzzy community structure and large scale of net-
work data. To overcome the shortcomings of existing multi-objective methods,a multi-objective complex network community dis-
covery algorithm based on spectral clustering is proposed. The proposed algorithm uses spectral clustering to perform initial po-
pulation partitioning on the encoded complex network,and exploits its subgraph clustering characteristics to obtain a better initial
population. A data reduction method based on grid reduction is applied to reduce the population in the process of evolution, which
effectively reduces the complexity of the algorithm. The experimental results on the simulation network and the real network
show that the proposed algorithm outperforms than that of the other three representative multi-target based community discovery

algorithms in terms of community discovery performance and computational complexity.
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Fig. 1 Community link diagram
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Fig. 2 Multi-objective evolution algorithm flow chart
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Fig. 3 Flow chart of spectrum clustering algorithm dividing

population
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algorithms in networks with different number of nodes
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Table 1 Description of real network datasets
data set Number Number Number o-f .real
of nodes of edges communities
soc-epinions 27000 100000 16
soc-gplus 24000 392000
soc-anybeat 13000 8000
football 115 613 12
polbooks 105 441 3
dolphin 62 159 2
karate 34 78 2
jazz 198 2742
netscience 1589 2742
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Table 2 Qowv experiment results of real-world networks

Data Set RMOEA MR-MOEA MCMOEA  SMOEA
soc-epinions 0.623 — 0.642 0. 655
soc-gplus 0.620 — 0.723 0.705
soc-anybeat 0.525 — 0.511 0.521
football 0.303 0. 304 0.301 0. 381
polbooks 0. 260 0.273 0.233 0. 266
dolphin 0. 260 0. 260 0.235 0.281
karate 0.220 0.230 0.201 0.233
jazz 0.2180 0.203 0.329 0.334
netscience 0. 460 0.312 0.492 0. 495
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Table 3 Real-world network NMI experimental results with real

division

Data Set RMOEA MR-MOEA MCMOEA SMOEA
soc-epinions 0.623 — 0.642 0. 655
soc-gplus 0. 620 — 0.723 0.705
soc-anybeat 0.525 — 0.511 0.521
football 0. 303 0. 304 0.301 0. 381
polbooks 0. 260 0.273 0.233 0. 266
dolphin 0. 260 0.260 0.235 0. 281
karate 0.220 0.230 0.201 0.233
jazz 0.218 0.203 0.329 0.334
netscience 0.460 0.312 0.492 0. 495
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