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Layered Regional Exhaustive Model for Chinese Nested Named
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Abstract; Nested named entities contain rich semantic relationships and structural information among them,and it is essential to develop
algorithms that can accurately identify nested named entities. To address the problems of mislabeling and omission in the existing Chinese
nested named entity dataset,and the problem that most of the existing recognition methods ignore the internal information association rela-
tionship of nested entities ,a new Chinese nested named entity dataset NEPD is constructed by combining automatic generation and manual
annotation methods,based on which a Chinese nested named entity recognition model is designed using hierarchical region exhaustive.
The model obtains the word embedding information of the lower coding layer by traversing the text combination entities. Furthermore, the
word embedding information of the lower coding layer is incorporated into the higher coding layer to exchange data between neighboring
coding layers. Finally, the named entities of length L are predicted only in the L layer by using multiple decoding layers, which
effectively prevents the occurrence of error propagation and thus improves the recognition accuracy. The experimental results show that
without external knowledge resources , the F1 values of the LREM model reach 87.19% and 86.27% for the recognition of nested named
entities and non—-nested named entities, respectively, with the F1 value of non-nested named entities recognition improving 1. 18%
compared with the traditional BILSTM+CRF model. The experiments verify the reliability of the model in this paper.

Key words: nested named entity recognition ;layered regional exhaustive model;convolutional neural network ; bi—directional long short

term memory network ;information extraction
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