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Community Detection Algorithm Combing Community Embedding and Node Embedding
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Abstract As an important property of social networks, community plays an important role in understanding network functions
and predicting evolution. It is a research hotspot in recent years to transform network nodes into low-dimensional dense feature
vectors through network embedding and apply them to machine learning tasks such as community detection. The traditional net-
work embedding method only focuses on node embedding and ignores the importance of community embedding. Aiming at such a
problem, CNE,a method combining Community embedding and improved Node Embedding,is proposed to obtain node represen-
tation combining structure information and attribute information. Node embedding represents nodes as low-dimensional vectors.
Similarly, community embedding represents communities as Gaussian distributions in low-dimensional spaces. They combine mul-
tiple node similarities to promote more accurate community detection results. The experimental results show that,compared with
the traditional community detection algorithm and network embedding method on public datasets,the proposed CNE method has
higher precision.
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Table 1 Test datasets
Datasets Communities Nodes Edges
DBLP-1 4 60744 52890
DBLP-2 5 13184 48018
Zachary 2 34 78
Football 12 115 616
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Table 2 NMI comparison of algorithms on three datasets
Datasets Louvain DeepWalk LINE GraRep CNE
DBLP-1 0.4359 0.5936 0.5215 0.6387 0.7114
DBLP-2 0.4672 0.6154 0.6027 0.6571 0.7358
Zachary 0.5875 0.6214 0.6367 0.6730 0.7375
Football 0.6046 0.7106 0.7224 0.7347 0.7834
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Table 3 Q value comparison of algorithms on three datasets

Datasets Louvain DeepWalk LINE GraRep CNE

DBLP-1 0.4737 0.5467 0.5307 0.5532 0.5917
DBLP-2 0.4952 0.5832 0.5479 0.5693 0.5735
Zachary 0.5283 0.5682 0.5514 0.5745 0.6040
Football 0.5461 0.5731 0.5872 0.6069 0.6381
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Fig. 2 Effect of parameter a on algorithm results
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