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Abstract: Information extraction aims at extracting structured information from unstructured text, reali-
zing automatically classify, extracting and reconstructing massive information, and enhancing the use of
information. Recently, information extraction technology based on deep neural network is one of the most
significant research topics in the field of natural language processing. It creates an effective way of analy-
zing unstructured text, and facilitates the realize the resource, knowledge and universality of big data. In
addition, it further provides support for higher-level applications and tasks. In this paper, the related re-
search on information extraction based on deep neural network has been reviewed. First, the task defini-

tion, goals, and meanings of information extraction has briefly been described, followed by an analysis of
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the development of the task. And then, the development of key technologies in recent years been summa-
rized from four aspects: entity extraction, entity relation extraction, event extraction, and event relation
extraction. Finally, the future development trends in the field of information extraction have been analyzed
and looked forward to.

Key words: information extraction; deep neural network; entity extraction; entity relation extraction;

event extraction; event relation extraction
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