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Attributed Network Embedding Based on Matrix Factorization and Community Detection

XU Xin-li, XTAO Yun-yue, LONG Hai-xia, YANG Xu-hua and MAO Jian-fei

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China
Abstract An attributed network contains not only the complex topological structure but also the nodes with rich attribute infor-
mation. It can be used to more effectively model modern information systems than traditional networks. Community detection of
the attributed network has important research value in hierarchical analysis of complex systems, control of information propaga-
tion in the network,and prediction of group behavior of network users. In order to make better use of topology information and
attribute information for community discovery,an attributed network embedding based on matrix factorization and community de-
tection(CDEMF) are proposed. First,an attributed network embedding method based on matrix factorization is proposed to model
the attributed proximity and the similarity of adjacent nodes calculated in term of the local link information of the network, where
the low-dimensional embedding vector corresponding to each node can be obtained by a distributed algorithm of matrix decompo-
sition, that is,the network nodes can be mapped into a collection of data points represented by low-dimensional vectors. Then the
community detection method based on curvature and modularity is developed to achieve attributed network community division by
clustering the data point set, which can automatically determine the number of communities contained in the data point set.
CDEMEF is compared with the other 8 kinds of well-known approaches on public real network datasets. The experimental results

demonstrate the effectiveness and superiority of CDEMF,

Keywords Attributed network embedding,Matrix factorization. Automatic clustering, Community detection,Curvature
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Table 1 Main symbols and definitions
Symbols Definitions
n= V| Number of nodes
m Number of node attribute categories
d Embedding vector dimension
AERY" Adjacency matrix
FERn<m Attribute information matrix
SAE€ Rn*n Node similarity matrix
SFE R Attribute proximity matrix
HE R<d Embedding vector
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Fig. 1 Node similarity analysis
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Fig. 2 CDEMF algorithm framework
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Table 2 Modularity against different £ and final number K
Datasets Q,/K, Q) /k, Qs /ky final K

Citeseer 2 0.54/6  0.44/3  0.50/6 6
BlogCatalog ?® 0.22/6 0.09/6 0.08/3 6
0.09/6 0.09/5 6

0.09/6 0.08/7 6

0.08/7 0.08/3 7

Flickr[?%) 0.12/9  0.11/8  0.11/6 8
0.11/9 0.11/6 9

T2, Q NETHRE T MBHE ., K, o IE 4k X A
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Fig. 3 Correct rate of the number of community determined
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Table 3 Comparison of NMI, ACC,F1-Score of various algorithms on three real networks

Networks DeepWalk LINE NetFS GMC AANE CDEMF

BlogCatalog 0.2126 0.2122 0.3264 0 0.3187 0.3519

NMI Citeseer 0.1746 0.0370 0.3264 0.0277 0.2085 0.3194

Flickr 0.1711 0.1567 0.2935 0.0016 0.5624 0.6602

BlogCatalog 0.3925 0.4037 0.5089 0.1773 0.4715 0.5128

ACC Citeseer 0.4306 0.2342 0.5164 0.2261 0.4325 0.5806

Flickr 0.3182 0.3022 0.4817 0.1182 0.6597 0.7916

BlogCatalog 0.4079 0.4239 0.5273 0.3011 0.4999 0.5539

F1-Score Citeseer 0.4563 0.2565 0.5102 0.3004 0.5022 0.6102

Flickr 0.3492 0.3178 0.4860 0.2003 0.7160 0.8075
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Fig. 4 Comparison of NMI, ACC of various algorithms on Citeseer
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Fig. 5 Parameter settings
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