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Abstract; Event extraction is one of the essential tasks in knowledge graph construction, and also the focus areas in natural language
processing (NLP). Event extraction task investigates how to extract structured event information automatically that users are interested in
from unstructured natural language text, which has far-reaching significance for people’ s cognition of the world, and has important signif-
icance and value in the application scenarios such as information retrieval (IR ) , question answering( QA ) and sentiment analysis. Having
been promoted by several international public assessment and corpus,event extraction research recently has attracted lots of attentions and
gained many exciting achievements. According to the extraction objectives, it can be divided into the framework representation—based
event extraction, which exploits predefined structural event description frame, and the instance representation —based event extraction,
which clusters event instance triggers and arguments. According to the different methods of event extraction, it can be divided into two
categories ; pattern matching and machine learning. Chinese event extraction methods also rely on some unique Chinese language features.
We review the tasks and methods of Chinese event extraction and discuss the future development trends.
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