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Abstract—The physical identification of Chinese medicine instructions is an important basic task in smart medical
services, and the manual analysis of the text of Chinese medicine instructions is adopted in the current hospital
diagnosis and treatment process, which is prone to key information omissions and inefficiency. Therefore, a Chinese
entity recognition model combining BERT and conditional random airport is proposed, which can effectively improve
the effect and performance of entity extraction recognition through adversarial training optimization, mixed-precision
training optimization, multi-model fusion optimization, and data set semi-supervised learning enhancement
optimization. Experimental results show that the model proposed in the paper can achieve more than 77% of the entity
recognition F1 score, which is significantly better than the traditional recurrent neural network and convolutional

neural network model.
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