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Network Representation Learning Method on Fusing Node Structure and Content
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Abstract With the rapid development of neural network technology, the network representation learning method for complex
network has got more and more attention. It aims to learn the low-dimensional potential representation of nodes in the network
and to apply the learned characteristic representation effectively to various analysis tasks for graph data. The typical shallow ran-
dom walk network representation model is mainly based on two kinds of characteristic representation methods, which are the node
structure similarity and node content similarity. However, the methods can’t effectively capture similar information of node struc-
ture and content at the same time,and perform poorly on the network data with the equivalent structure and content. To this end,
this paper explores the fusion characteristics of node structure and node content,and proposes a representation method called
SN2vec,which is based on joint learning of unsupervised shallow neural networks. Further,in order to validate the effectiveness
of the proposed model, this paper respectively conduct the multi-label classification and down-dimensional visualization tasks in
Brazilian air-traffic, American air-traffic,and Wikipedia datasets. The results show that the Micro-F1 of using SN2vec in multi-la-
bel classification task is better than the existing shallow random walk network representation methods,and SN2vec can also learn
better potential structural representation of consistent nodes.

Keywords Network representation learning, Random walk,Complex network, Shallow neural network
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Fig. 2 Global structural potential similarity graph
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Table 2 Micro-F1 results of multi-label classification
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Fig.5 Micro-F1 results of multi-label classification
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Table 3 Micro-F1 results of different joint representations in

multi-label classification
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Fig. 8 Comparison of Micro-F1 of multi-label classification results

for different joint representations
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