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Named entity recognition based on tri—training of multiple neural network
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[ Abstract] In order to improve the system practicability of the named entity recognition model and effectively utilize the massive
unlabeled data in the Internet,this paper proposes a named entity recognition model based on tri—training of multi—neural network.
The model combines the advantages of recurrent neural network and tri—training. Firstly, three different neural networks are trained
with a small amount of labeled data to obtain the initial recognition model, then the tri—training of three neural network named entity
recognition models are performed on a large number of unlabeled data to optimize the model. The experimental results show that the
model can effectively train a large amount of unlabeled data, and the overall performance of the model is significantly improved

compared with the traditional tri—training and single neural network recognition model.
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