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Event Representation Learning: A Survey
LIAO Kuo, DING Xiao, QIN Bing, LIU Ting, HUANG Hujie
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Events are structured representations of information in the real world. The goal of event representation learning is to
represent this structured information in a form that can be understood by computers. Event representation learning is the basis of event
similarity measurement, script event prediction and stock movement prediction, which plays an important role in the development of
artificial intelligence. Early studies in this area use discrete event representations mostly. With the development of deep learning,
researchers began to use neural networks to learn dense vector representations for events, and explored the integration of various form
of external information into event representations. This paper aims to summarize the related work of event representation learning to
provide reference for the follow—up research.
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