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A Survey of Research on Event Extraction

ZHANG Cong-cong' ,DU Yun-cheng' ,ZHANG Yang-sen'~
(1. School of Computer, Beijing Information Science and Technology University, Beijing 100101, China;
2. Institute of Intelligent Information Processing,Beijing Information Science and Technology University,
Beijing 100101, China)

Abstract: Event extraction is an important part of building an event graph. In recent years,due to the continuous development of deep
learning , the research on event extraction has had an important impact. Event extraction using deep learning technology has become the
current mainstream event extraction method. We summarize the current event extraction methods, including the latest research results after
integrating deep learning methods,in order to provide a reference for in—depth research in this field. Firstly,we briefly describe the main
tasks and effect evaluation indicators of event extraction. Then,the two existing event extraction methods are introduced in detail, namely
the method based on template matching and the method based on machine learning ( based on shallow machine learning and based on
deep learning). Finally,we summarize the current challenges of event extraction and future development trends. Research shows that
with the vigorous development of deep learning, the technical problems of event extraction are constantly being solved, and it is an
irresistible trend to apply deep learning technology to event extraction tasks to improve extraction performance.
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