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Complex Network Community Detection Algorithm Based on Node Similarity and Network
Embedding
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Abstract The community detection algorithm is very important for analyzing the topology and hierarchical structure of complex
networks and predicting the evolution trend of complex networks. Traditional community detection algorithm does not have high
accuracy and ignores the importance of network embedding. Aiming at such problems.,a parameter-free community detection algo-
rithm based on node similarity and network embedding Node2Vec method is proposed. First, we use the network embedding
Node2Vec method to map network nodes into data points represented by low-dimensional vectors in Euclidean space, calculate the
cosine similarity between the data points represented by the low-dimensional vector,construct a preference network according to
the maximum similarity between the corresponding nodes,obtain the initial community detection,and use the maximum degree
node of each initial community as a candidate node. Then we find the central node among the candidate nodes according to the
average degree of the network and the average shortest path. Finally, the data points and their numbers corresponding to the cen-
tral node are used as the initial centroid and cluster number,and the data represented by the low-dimensional vector are calculated
by K-Means algorithm. The points are clustered,and the corresponding network nodes are divided into communities. This algo-
rithm is a method of community division without parameters, which can independently extract parameters from the network with-
out setting different hyper-parameters according to different networks,so that it can automatically and quickly identify the com-
munity structure of complex networks. In 8 real networks and artificial networks above, by comparing with other 5 well-known
community discovery algorithms, numerical simulation experiments show that the proposed algorithm has good community dis-
covery effect.
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Table 2 Network statistics with true grouth

Network Node Edge
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Table 3 Network statistics without true grouth
Network Node Edge
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Table 4 Comparison of NMI and modularity Q of various algorithms on a network with true grouth
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Polbooks 0.63 0. 45 0.53 0.40 0.48 0.50 0.42 0.33 0.53 0.48 0.52 0. 46
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Table 5 Comparison of AMI and ARI of various algorithms on a network with true grouth
Networks SNV Fastgreedy Spectral-clustering K-Means LPA Eigenvector
AMI ARI AMI ARI AMI ARI AMI ARI AMI ARI AMI ARI
Karate 1.0 1.0 0.68 0.68 0.42 0.23 0.56 0.40 0.42 0.47 0. 60 0.51
Dolphins 0.77 0.85 0.56 0.45 0. 37 0. 20 0.24 0.16 0.50 0. 36 0.43 0.28
Football 0.90 0. 86 0.65 0.47 0.78 0.65 0.79 0.61 0.83 0.75 0.63 0. 46
Polbooks 0.63 0.70 0.52 0. 64 0.43 0. 40 0.38 0.28 0.52 0.59 0.51 0.54
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Table 6 Comparison of modularity of various algorithms on a network with true grouth

orworke SNV Fastgrecdy jﬁfl:‘;g K-Means  LPA Eigenvector
Q Q Q Q Q Q
Lesmis  0.41 0.50 0.54 0.32 0.52 0.53
Jazz 0.43 0.42 0.38 0.31 0.28 0.39
David 0.16 0.29 0.23 0. 20 0.15 0. 24
Email 0.56 0.50 0.49 0.32 0.46 0.48
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Table 7 LFR network parameters
Parameters Description
N number of nodes
(K) average degree
max k maximum degree
a power-law exponent for the degree sequence
B power-law exponent for the community size distribution
min ¢ minimum for the community sizes
max ¢ maximum for the community sizes
” mixing parameter
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