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Abstract In order to solve the problems of low accuracy of traditional machine learning algorithms in Chinese entity

recognition,high dependence on feature design and poor adaptability in the field,a recurrent neural network method
based on bidirectional encoder representation from transformers was proposed for named entity recognition. Firstly, the
BERT is trained by large-scale unlabeled corpus to obtain the abstract features of the text. Then the BiLSTM neural
network is used to obtain the contextual features of the serialized text. Finally, the corresponding entities are extracted
by sequence labeling with CRF. The method combines the BERT and BiLSTM-CRF models for Chinese entity recogni-
tion,and has obtained the F1 value of 94. 86 % on the People’s Daily data set in the first half of 1998 without adding any

features. Experiments show that this method improves the accuracy.recall rate and F1 value of entity recognition,indi-

cating the effectiveness of this method.
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