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Review of Graph Neural Networks

HOU Lei',LIU Jinhuan', YU Xu* and DU Junwei'
1 School of Data Science,Qingdao University of Science and Technology,Qingdao,Shandong 266061, China

2 School of Computer Science and Technology,China University of Petroleum (East China),Qingdao,Shandong 266580 ,China

Abstract With the rapid development of artificial intelligence,deep learning has achieved great success in data that can be repre-
sented in Euclidean spaces,such as images, text,and speech. However.it has been difficult to apply deep learning to non-Eucli-
dean spaces. In recent years,with the emergence of graph neural networks,it has demonstrated powerful representation learning
abilities in non-Euclidean spaces and has been widely applied in various fields such as recommendation systems,natural language
processing,and computer vision. The graph neural network model is based on the mechanism of information propagation. Specifi-
cally,the target node in the graph updates its embedding representation by aggregating the information of neighboring nodes.
With graph neural networks,many real-world problems(such as social networks, knowledge graphs,and drug chemical composi-
tions) can be abstracted into graph networks and the dependence relationships between different nodes can be modeled reasonably
using the connecting edges in the graph. Therefore.this paper systematically reviews graph neural networks.introduces the basic
knowledge of graph-structured data,and systematically reviews graph walk algorithms and different types of graph neural net-
work models. Furthermore,it also details the current general framework and application areas of graph neural networks,and con-
cludes with a summary and outlook on future research in graph neural networks.

Keywords Graph-structure data, Graph walk algorithm,Graph convolutional networks,Graph attention networks, Graph residual

networks,Graph recurrent networks
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Fig. 1 Simple graph example
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1, if i=j and d;7#0
1
L) = , if i and j are adjacent (4)
= Jad j j
0, otherwise
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Table 1 Different graph representation methods
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Fig. 3 Overall structure of DeepWalk
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5. end for
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Fig.5 Information network example
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