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Abstract; Named entity recognition is the basic and key task of information extraction and relationship extraction. Aiming at the problem
of Chinese named entity recognition, ERIT ( combining ERNIE and Improved Transformer) ,a Chinese named entity recognition deep
learning model combining ERNIE and improved Transformer,is proposed. ERIT uses Ernie training word vector as the embedding layer,

which removes the dependence of the model on the word segmentation preprocessing process, avoids the situation that the accuracy is
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reduced due to the error of word segmentation and the lack of information. It further optimizes the word vector of the input sentence
Key words : NLP;named entity recognition;deep learning ; ERNIE ; attention mechanism
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while taking into account the recognition accuracy of the input text. Transformer is used to obtain the context information of the input se-

quence and extract features,and the weight parameters are updated with the self-attention layer. On this basis, the attention regularization
is added to the self attention layer in order to improve the accuracy of each generated label by improving the constraint of parameters, and
the scheduled sampling mechanism is added to solve the mismatch problem in the process of model training and testing. Experiments
compared with other entity recognition models,the model achieves better results.

show that as the input of embedding layer, ERNIE effectively optimizes the word vector and improves the recognition accuracy, and
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