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Review of Named Entity Recognition Research

HU Dezhou, LI Guanfeng
(School of Information Engineering , Ningxia University, Yinchuan 750021, China)

Abstract: Named entity recognition is an important foundational tool in application fields such as machine translation and question answering
systems, and has always been a research hotspot in the field of natural language processing. Firstly, introduce the definition of named entity
recognition, and organize the commonly used implementation tools, datasets, and evaluation criteria in named entity recognition tasks; Then,
based on their development history, existing named entity recognition methods are summarized and divided into traditional methods and deep
learning methods; Next, summarize the key ideas, advantages, and disadvantages of various methods for named entity recognition, provide
the main process of deep learning based named entity methods, and summarize them in the order of the process; Finally, looking forward to
the future research directions of named entity recognition, providing ideas for subsequent research.
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StandfordCoreNLP https : //stanfordnlp.github.io/CoreNLP/
NeuroNER http: //neuroner.com/
NERsuite http : //nersuite.nlplab.org/
NLTK https : //www.nltk.org
Stanza https : //stanfordnlp.github.io/stanz/
LTP http : //ltp.ai/download.html
LAC https : //github.com/baidu/lac
OpenNLP https : /fopennlp.apache.org/
Zshot https ://ibm.github.io/zshot/
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MSRA 2006 3¢ I 3 https : //github.com/InsaneLife/ChineseNLPCorpus/tree/master/NER
WikiGold 2009 B 4EEEF 4 https : //figshare.com/articles/Learning_multilingual_named_entity_recognition_from_Wikipedia/5462500
PubMed
FSU-PRGE 2010 #:3C 5 https ://julielab.de/Resources/FSU_PRGE.html
MEDLINE
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CCKS2017 2017 HL, -9 1 5 https : //www.biendata.xyz/competition/CCKS2017_2/
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Table 3 Comparison of NER methods based on statistical machine learning
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Fig. 2 NER process based on deep learning
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Table 5 Comparison of text encoding layer methods
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