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Chinese Named Entity Recognition Method Based
on Bi-directional LSTM-CNN-CRF

LIU Yu-peng LI Dong-dong

( School of Software and Microelectronics Harbin University of Science and Technology Harbin 150080 China)

Abstract: Traditional algorithms of named entity recognition rely on a large number of artificial features and
external knowledge. To solve this problem we propose a novel neural network structure which combines the
bidirectional LSTM ( Long Short-Term Memory)  CNN ( Convolution Neural Network) and CRF ( Conditional
Random Field) . This algorithm can also automatically get both characterdevel and word-evel representations. It is
a truly end-to-end system requiring no feature engineering and data processing. Thus it can be easily applied to
various fields of named entity recognition task. Finally the experimental results show that the F1 measure of the
algorithm in the medical and news field is 90.97% and 92. 19% respectively.
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