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Fast label propagation algorithm based on node centrality and community similarity

GU Junhua®*", HUO Shijic"*>, WANG Shoubin"?, TIAN Zhe"’

(1. School of Computer Science and Sofiware, Hebei University of Technology, Tianjin 300401, China;
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Abstract: In order to reduce unnecessary update and solve the problem of low accuracy and poor stability of Label
Propagation Algorithm (LPA), a Fast Label Propagation Algorithm based on Node Centrality and Community Similarity ( FNCS
_LPA) was proposed. According to the node centrality measure, the nodes of a network were sorted from low to high and
added into node information list, which guided the update process to avoid unnecessary update and improve the stability of
community detection. The accuracy of community detection was improved by a new update rule based on community similarity.
Experiments were tested on a real social networks and LFR benchmarks. Compared with LPA and three improved LPA
algorithms, the execution speed is improved by almost a dozen times, the modularities of the real social networks and the
Normalized Mutual Information ( NMI) of LFR ( Lancichinetti Fortunato Radicchi) benchmark networks with more obscure
community structure were significantly improved. The experimental results show that FNCS_LPA improves the accuracy and
stability of community detection on the basis of improving execution speed.
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Tab. 2 Convergence information of networks
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Tab. 4 Comparison of average modularity between LPA and FNC_LPA
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Fig. 1 Comparison of iterations between FNC_LPA and LPA
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Fig. 3 Comparison of iterations between FNCS_LPA
and other three improved LPA algorithms
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Tab. 8 Comparison of modularity between FNCS_LPA
and other three improved LPA algorithms

GE-T i FNCS_LPA Cen_LP NIBLPA  NILPA
min 0.371 0.416 0.423 0.371

karate average 0.371 0.416 0.423 0.371
max 0.371 0.416 0.423 0.371

min 0.514 0.512 0.521 0.526

dolphins average  0.514 0.519 0.521 0.526
max 0.514 0.526 0.521 0.526

min 0.518 0.511 0.497 0.520

polbooks average  0.518 0.518 0. 497 0.520
max 0.518 0.523 0.497 0.520

min 0.831 0.772 0.747 0.807

netscience  average  0.831 0.773 0.747 0.807
max 0.831 0.774 0.747 0.807

min 0.517 0.003 0.427 0.155

Email average  0.517 0.427 0.427 0.155
max 0.517 0.532 0.427 0.155

min 0.786 0.737 0.707 0.764

CA-GrQc average  0.786 0.740 0.707 0.764
max 0.786 0.744 0.707 0.764

min 0.672 0.611 0.612 0.627

CA-Hepth  average  0.672 0.622 0.612 0.627
max 0.673 0.632 0.612 0.627

min 0.814 0.741 0.783 0.788

PGP average  0.814 0.750 0.783 0.788
max 0.814 0.764 0.783 0.788
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Fig. 4 NMI comparison of FNCS_LPA and other
three improved LPA algorithms on LFR benchmark network
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