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Research on Chinese Named Entity Recognition based on Deep Learning

WANG Xuemei, TAO Hongcai

(College of Information Science & Technology, Southwest Jiaotong University, Chengdu 611756, China)

Abstract ; Aiming at the problems of long training time of classic BILSTM-CRF named entity recognition model, inability
to resolve polysemy, and insufficient learning of text context semantic information, a Chinese named entity recognition
model based on BERT-BiGRU-Attention-CRF is proposed. Firstly, the BERT language model is used to pre-train the
word vector to make up for the problem that the traditional word vector model cannot solve the problem of polysemy. Sec-
ondly, the bi-directional gated recurrent unit ( BIGRU) neural network layer is applied to extract the features of the deep
information of the text, to calculate the predicted score of each label to get the hidden state sequence of the sentence.
Thirdly, the attention layer is utilized to weight the representations of the words and mine the association between the
words to get new predicted scores and new state sequences. Finally, the conditional random field ( CRF) is used to cal-
culate the global optimal solution for the new prediction score, so as to obtain the final prediction result of the model on
the entity label. Through the experiments with MSRA corpus, the results show that the new model is effective.
Keywords : Chinese named entity recognition; BERT; BiGRU; Attention; CRF



