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Named entity recognition method based on Seq2Seq model
WANG Weihong, FENG Qian, LV Hongyan, CAO Yuhui

(School of Information Technology, Hebei University of Economics and Business, Shijiazhuang 050061, China )

[ Abstract] In order to solve the problem that traditional named entity recognition heavily depend on a large number of artificial
features and cause insufficient text feature representation, this paper proposes a named entity recognition method based on Seq2Seq
model.Firstly, the method first uses the BRET pre—training model to dynamically generate semantic vectors for words.Secondly, the
word vector is encoded through the encoder in the Seq2Seq model, and the attention mechanism is introduced to assign weights of
the words to obtain local and global features of the text.Finally, the obtained features are input into the decoder, and through the
softmax layer to predict the sequence labels .The experimental results show that the method has improved in accuracy, recall and F1,
and has better applicability.
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