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Abstract

In recent years, the construction technology of knowledge graphs have been greatly developed, and the constructed
knowledge graphs have been applied to many fields. On this basis, the researchers turned their attention from the
knowledge graph to the event graph. The event graph takes the event as the core and accurately describes the event
information and the relationship between the events. The key technologies of event graphs construction, reasoning and
applications were summarized, including event extraction, event information completion, event relationship inference and
event prediction. Finally, the specific application scenarios of the event graphs were given, and the future research trends

were prospected in view of the challenges existing in the event graph research.
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