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Review on Infofm'étion Extraction Techniques for Knowledge Graph

JIANG Lei, LIU Qi, ZHAO Yi-Jiang, YUAN Peng, LI Yuan, ZOU Zi-Wei

(School of Computer Science and Engineering, Hunan University of Science and Technology, Xiangtan 411100, China)

Abstract: How to extract useful information from surging data has become a critical issue confronting artificial
intelligence in the Internet age. As an important method, knowledge graph has become the main driving force to promote
the development of artificial intelligence technology. Information extraction realizes the extraction of structured entities
and their relationships from massive data, which is the primary step in constructing a knowledge éraph. This study
discusses the development trend of information extraction in knowledge graphs, as well as entity exfraction, relationship
extraction, event extraction, and key technologies. Finally, it analyzes and discus's'gs the. eurrent problems, challenges, and
future development. ’ .
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