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Abstract ; Metaphor recognition is a difficult problem in various fields of natural language processing. To solve the problem of poor
metaphor recognition caused by hidden features overlooked in metaphors and insufficient use of semantic information, taking advantage of
deep learning, we introduce the feature fusion neural network model (CB) to recognize nominal metaphors. First, convolutional neural
network (CNN) is used to excavate the potential features in metaphorical sentences. Then, BERT, a pre —training model, is used to
represent words and positions to excavate the semantic information in metaphorical sentences. It can effectively learn the semantic
information in nominal metaphorical. Finally,the information extracted from CNN and BERT is recognized by the linear classifier. Due
to the limitations of the model itself, nominal metaphorical sentences contain a small amount of abstract features, so it is impossible to
mine all the feature information only by relying on the model. However, for most non-abstract nominal metaphorical sentences, it can
achieve a better recognition effect without consuming human resources. Through experimental comparison, it is found that the accuracy
rate of CB model is 0. 904 7, the recall rate is 0. 936 2 ,and the F1 value is 0. 926 2, all of which are higher than the existing optimal deep
learning model.
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