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Survey on Relation Extraction Research Based on Graph Neural Network

SHEN Xin-Yi, LI Hua-Yu, YAN Yang, ZHANG Zhi-Kang
(College of Computer Science and Technology, China University of Petroleum, Qingdao 266580, China)

Abstract: In relation extraction tasks, building dependency trees or syntactic trees is usually adopted to obtain deeper and
richer structural information. Graph neural network, as a powerful representation learning method for graph data
structures, can better model such complex data structures. This study introduces a relation extraction method based on
graph neural network, aiming to gain a deep understanding of the latest research progress and trends in this field. Firstly, it
briefly introduces the classification and structure of relation graph neural networks'and then elaborates on the core
technology and application scenarios of relation extraction methods based on gra:ph neural networks, including sentence-
level and document-level methods, and joint entity-relation extraction methods. The advantages, disadvantages, and
performance of each method are analyzed and compared, and pOséible future research directions and challenges are
discussed.

Key words: relation extraction; graph neural network (GNN); graph structure data; entity-relation joint extraction
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