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Survey of Graph Neural Network in Community Detection
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School of Mathematics and Computer Science,Jiangxi Science and Technology Normal University, Nanchang 330038, China
Abstract Community structure is one of the universal topological properties in complex networks,and discovering community
structure is the basic task of complex network analysis. The purpose of community detection is to divide the network into several
substructures, which plays an important role in understanding the network and revealing its potential functions. Graph Neural
Network (GNN) is a model for processing graph structure data,which has the advantage of feature extraction and representation
from graph,and has become an important research field of artificial intelligence and big data. Network data is a typical graph
structure data. Using graph neural network model to solve the problem of community detection is a new direction of community
detection research. In this paper,we first discuss the GNN model, analyze the process of GNN community detection,and discuss
the progress of existing GNN community detection and the direction of future research in detail from two aspects of overlapping
community and non-overlapping community.

Keywords Graph neural network,Community detection,Deep learning, Overlapping community detection, Non-overlapping com-
munity detection
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Fig. 1 Graph and neighborhood of nodes
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Fig. 2 GNN information propagation process and its iterative

calculation process
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