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Review of Chinese Named Entity Recognition Based on Deep Learning

PAN Jun' LI MengPei' WANG XianMing’
(1. School of Science, Zhejiang University of Science and Technology, Hangzhou 310023, P. R. China;
2. School of Data Science and Artificial Intelligence, Wenzhou University of Technology, Wenzhou 325035, P. R. China )

Abstract: Named Entity Recognition(NER) is a fundamental task in Natural Language Processing(NLP) that aims to identify and clarify entities with
specific meanings from unstructured text. It is an indispensable part of various downstream NLP fields. Chinese NER is more difficult than English and other
languages because there are no obvious boundary markers, and the entities have problems such as ambiguity and nesting, which pose great challenges for
existing methods. In recent years, deep learning technology has developed rapidly and has been widely applied in Chinese NER. We give a comprehensive study
of recent advances in deep learning research of Chinese NER from perspectives of text representation, context encoding, and tag decoding, focusing on key
techniques and relationship among these works. Furthermore, we summarize the main challenges and the latest advances of Chinese NER, and give a discussion
on possible future work.

Keywords: Chinese Named Entity Recognition; Deep Learning; Natural Language Processing; Encoder Decoder Architecture
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