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Attribute Network Representation Learning Based on Global Attention

XU Ying-kun,MA Fang-nan, YANG Xu-hua and YE Lei
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Abstract The attribute network not only has complex topology,its nodes also contain rich attribute information. Attribute net-
work represent learning methods simultaneously extracts network topology and node attribute information to learn low-dimen-
sional vector embedding of large attribute networks. It has very important and extensive applications in network analysis tech-
niques such as node classification,link prediction and community identification. In this paper,we first obtain the embedded vector
of the network structure according to the topology of the attribute network. Then we propose to learn the attribute information of
adjacent nodes through global attention mechanism, use convolutional neural network to convolve the attribute information of the
node to obtain the hidden vectors,and the weight vector and correlation matrix of global attention are generated from the hidden
vectors of convolution,and then the attribute embedding vector of nodes is obtained. Finally, the structure embedding vector and
the attribute embedding vector are connected to obtain the joint embedding vector which reflects the network structure and the at-
tribute simultaneously. On three real data sets,the new algorithm is compared with the current eight network embedding models
on tasks such as link prediction and node classification. Experimental results show that the new algorithm has good attribute net-
work embedding effects.

Keywords Global attention mechanism, Convolutional neural network, Structure embedding, Attribute embedding, Joint embed-

ding
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Table 2 Link prediction AUC metric for Cora
(a=0.7,=0.7,7=0.8)

CHLASE s 26

. Training edges
algorithms

15 25 35 45 55 65 75 85 95

MMB 54.9 57.3 60.2 61.9 65.3 68.0 71.4 72.7 76.1
DeepWalk 56.4 63.2 70.5 75.8 80.6 85.7 85.9 87.8 90.4
LINE 55.3 58.6 66.8 73.4 77.8 82.9 86.1 88.6 89.6
Node2vec 55.9 62.5 66.5 75.4 78.9 81.6 86.3 87.8 88.7
NV 73.4 82.5 85.2 87.3 88.9 91.9 92.6 93.9 94.1
TADW 87.0 88.3 90.4 91.0 89.8 93.2 91.2 93.5 93.1
CENE 72.5 86.6 84.6 88.4 89.4 89.4 93.9 95.3 96.1
CANE 86.8 91.5 92.2 93.9 94.6 94.9 95.6 96.6 97.7
GAJE 88.5 91.3 92.7 95.1 95.2 97.4 98.1 98.8 99.1

%3 HepTh 40 4E FAE B I AUC #6545 (a=1.0.8=0. 3.7=0.
Table 3 Link prediction AUC metric for HepTh
(a=1.0,p=0.3,7=0.3)

w
N2

CRLp 2 %)
Training edges
algorithms
15 25 35 45 55 65 75 85 95

MMB 54.7 57.9 57.5 61.9 66.3 68.4 73.6 76.1 80.3
DeepWalk 55.2 66.1 70.1 75.8 81.3 83.4 87.6 88.9 88.4
LINE 53.7 60.6 66.5 74.0 78.5 83.9 87.5 87.8 87.8
Node2vec 57.3 63.6 69.9 76.4 84.5 87.3 88.4 89.2 89.3
NV 78.7 82.2 84.7 88.7 88.9 91.8 92.1 92.1 92.7
TADW 87.1 89.5 91.8 91.0 91.1 92.7 93.5 91.9 91.7
CENE 86.2 84.6 89.9 91.3 92.3 91.8 93.2 93.1 93.2
CANE 90.0 91.2 92.0 93.1 94.2 94.6 95.5 95.7 96.3
GAJE 89.8 91.8 92.8 94.0 94.8 95.9 96.8 96.9 97.2

F 4 Zhihu B £ BB BN AUC 4545 (e=0.1,8=1.0,7=0. 1)
Table 4 Link prediction AUC metric for Zhihu
(a=0.1,=1.0,7=0.1)
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Node2vec 54.2 57.2 57.3 58.4 58.7 62.5 66.2 67.6 68.5
NV 55.2 56.7 58.9 62.6 64.5 68.7 68.9 69.2 71.6
TADW 52.3 54.3 55.6 57.3 60.8 62.4 65.3 63.8 69.0
CENE 56.2 57.6 60.3 63.0 66.3 66.1 70.2 69.9 73.8
CANE 56.8 59.3 62.9 64.6 68.9 70.4 71.4 73.6 75.5
GAJE 63.3 70.5 73.9 75.7 75.9 77.0 79.2 81.0 81.1
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