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Entity Recognition Fusing BERT and Memory Networks
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Abstract Entity recognition is a sub task of information extraction. The traditional entity recognition model is used to identify
entities of personnel,organization,location and name. In the real world, more types of entities must be considered,and fine-grained
entity recognition is needed. At the same time, traditional entity recognition models such as BiIGRU cannot make full use of the
global features in a wider range. This paper presents an entity recognition model based on memory network and BERT. The pre-
training language model of BERT is used for better semantic representation,and the memory network module can memorize a wi-
der range of features. The results of entity recognition for cement clinker production corpus data show that this method can re-
cognize entities and has some advantages over other traditional models. In order to further verify the model in this paper,experi-
ments are carried out on the CLUENER2020 dataset. The results show that the optimization based on BIGRU-CRF model using
BERT and memory network module can improve the effect of entity recognition.
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Fig. 1 Entity recognition model combining BERT and memory network
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Table 2 Experimental results of the method in the dataset
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Table 3 Comparative experimental results of F1 value on

CLUENER2020 dataset
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