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Survey of Named Entity Recognition
CHEN Ji
(College of Computer Science, Sichuan University, Chengdu, Chengdu 610065)
Abstract:

With the growing popularity and development of the Internet, information resources have been greatly enriched, but also result in informa-
tion overload problem. For people’s need of technical method that can find out information fast and accurately, information extraction
technology is brought into being. Information extraction is presented as a subtask; named entity recognition is attached great importance.
A series of studies are doing by scholars. Discusses the concept and significance of named entity, and gives a summary to named entity
recognition.
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