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Community Detection Algorithm Based on Dynamic Distance and Stochastic Competitive Learning

WANG Ben-yu,GU Yi-jun, PENG Shu-fan and ZHENG Di-wen

School of Information and Network Security,People’s Public Security University of China, Beijing 100032, China

Abstract Community structure is an important property of complex networks. It is profoundly significant for understanding the
organizational structure and functions of complex networks. A community detection algorithm (Dynamic Distance Stochastic
Competitive Learning, DDSCL) is proposed to solve the community detection problem of complex networks. DDSCL is based on
dynamic distance and stochastic competitive learning. The algorithm first combines node degree values and Euclidean distances be-
tween nodes to determine the initial positions of particles in stochastic competitive learning, which will allow different particles to
not compete within the same community at the beginning of the wander,speeding up the convergence of the particles. The dyna-
mic distance between nodes is then combined with a dynamic distance algorithm to incorporate the dynamic distance between
nodes into the particle prioritization walking process. The particle prioritization process is more directional and less random in this
way. The particle travel process will also optimize the change in dynamic distance. When the particles reach a convergence state,
the node is occupied by the particle that has the most control over it. Each particle in the network eventually corresponds to a
community,and the community structure of the network is revealed according to the nodes occupied by each particle. DDSCL is
compared in experimental tests on eight real network datasets,and it uses NMI and modularity Q-value as evaluation metrics. It’s
found that DDSCL outperforms other algorithms overall. The algorithm first reduces the randomness of preferential walking of
particles in stochastic competitive learning. Then DDSCL solves the problem of fragmented communities arising from dynamic
distance algorithms,and improves the accuracy of community detection results. The experimental results show the proposed algo-
rithm’s effectiveness.
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Table 1 Basic information of real network dataset
Datasets Nodes Edges Community
Karate 34 78 2
Football 115 613 12
Dolphins 62 159 2
Polbooks 105 141 3
Jazz 198 5484
Email 1133 10902 —
Facebook 4039 88234 —
Dblp 317080 1049866 —
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Fig. 2 Influence of parameter & on the algorithm
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Table 2 Comparison of NMI values of algorithms with real network

community partition data set

Datasets CNM LPA Walktrap SCL Attractor DDSCL
Karate 0.705 0.699 0.566 0.821 0.859 0. 894
Football ~ 0.733 0.911 0.756 0.947 0.923 0.935
Dolphins  0.574 0.521 0.556 0.514 0.559 0.594
Polbooks  0.473 0.534 0.492 0.566 0.585 0.615
0 —=— CNM
—e— LPA
09 —a— Walktrap
—»— SCL
08 —e— Attractor
E —<— DDSCL
2 07
06
05

Karate  Football  Dolphins  Polbooks
&3 A Y84 Xk BLAE R 4 R 9 NMI{E L
Fig. 3 Comparison of NMI values of algorithms with real network

community partition data set
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Table 3 Comparison of modularity Q values of algorithms with

no real network community partition data set

Datasets CNM LPA Walktrap SCL Attractor DDSCL
Jazz 0.274 0.288 0.263 0.405 0.294 0.423
Email 0.499 0.468 0.423 0.513 0.275 0.515

Facebook 0. 764 0.812 0.798 0.825 0.621 0. 841
Dblp 0.721 0.633 0.594 0.741 0.213 0.784
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Fig.4 Comparison of modularity Q values of algorithms with

no real network community partition data set
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