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Abstract Mining the community structure in the complex network is helpful to understand the internal structure and functional
characteristics of the network,which has important theoretical value and significant practical significance. With the rapid develop-
ment of information technology.the explosive growth of network data poses an unprecedented challenge for community detection.
In this paper,the deep neural network is utilized to connect network representation learning and community detection domains,
and a deep community detection method based on network representation learning is proposed. Firstly,the structural closeness of
nodes is quantified according to their potential community membership similarities,and then a novel community structure method
is proposed to construct the community structure matrix. Furthermore,a deep autoencoder that has several layers with non-linear
functions is developed. The community structure matrix is used as the input of the deep autoencoder to obtain the low-dimension
representation of the nodes which preserve the potential community structure. Finally, the K-means clustering strategy is applied
to the network representation to obtain the community structure. Extensive experiments on both synthetic and real-world datasets

of different scales demonstrate that the proposed method is feasible and effective.

Keywords Community detection, Network representation learning, Autoencoder, Deep neural network,Complex network
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Table 1  Statistics of the real-world datasets

Dataset # Node % Edge # Cluster
Zachary karate club 34 78 2
Dolphins 62 159 2
School friendship 6 68 220 6
School friendship 7 68 220 7
Polbooks 105 441 4
Football 115 613 12
Polblogs 1490 16718 2
UAI2010 3363 45006 19
PubMed 19717 44338 3
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Table 2 NMI of community detection on real-world datasets

Dataset Spectral NMF  Deepwalk DNR NECD
Zachary karate club ~ 0.7265 0.8972  0.8435 1 1
Dolphins 0.8552 0.8154 0.8487 0.8957 1
School friendship 6 0.4056  0.6489 0.6897 0.7951 0.8858
School friendship 7 0.4539  0.6741 0.6978 0.8195 0.9177
Polbooks 0.4897 0.4583 0.4724 0.4936 0.6528
Football 0.3265 0.7645 0.8514 0.8765 0.9379
Polblogs 0.4998 0.5014 0.4789 0.5457 0.7812
UAI2010 0.1578 0.1689 0.2087 0.2365 0.2954
PubMed 0.0987 0.1382 0.1987 0.2042 0.2535
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Table 3 Purity of community detection on real-world datasets

Dataset Spectral NMF  Deepwalk  DNR NECD
Zachary karate club ~ 0.8136  0.9012 0.8765 1 1
Dolphins 0.8735 0.8624 0.8868 0.9895 1
School friendship 6 0.5124 0.7324 0.7245 0.8254 0.9235
School friendship 7 0.5984 0.7565 0.7154 0.8421 0.9355
Polbooks 0.6214 0.5035 0.4895 0.5235 0.7335
Football 0.4687 0.8125 0.8754  0.9021 0.9562
Polblogs 0.5345 0.5243 0.5687 0.6098 0.8235
UAI2010 0.2151 0.2368 0.3054 0.3865 0.4525
PubMed 0.3158 0.4742 0.5168 0.5714 0.6424
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Table 4 Statistics of the LFR synthetic datasets

Dataset # Node % Edge # Cluster
LNetworkl 500 864 12
LNetwork2 1000 4734 21
LNetwork3 3000 10087 34
LNetwork4 5000 30045 42
LNetwork5 10000 251227 76
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Fig. 2 NMI of community detection on LFR synthetic datasets

10

[ Spectral INMF Wl Deepwalk +K-menas | DNR INECD)

LNetworkl LNetwork2 LNetwork3 LNetwork4 LNetwork5

&3 7F LFR A T84 14k &k B Purity 4558

Fig. 3 Purity of community detection on LFR synthetic datasets
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Fig. 4 NMI of community detection for different autoencoder layers
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Fig.5 Community detection performance of NECD over different
number of negative samples
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