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Transfer Learning in Poetry
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Abstract; There are rich cultural connotations in traditional Chinese poetry. In order to search for the most suitable poetry from the
massive poetry dictionary ,analyze the content of the image, extract the key words of the image characteristics,combined with the project
requirements, an EfficientNet fusion network image classification algorithm based on transfer learning is proposed. The basic poetry
library is collected and sorted out,and the project’ s proprietary poetry image dataset NID ( nature image dataset) is created, which has
nine categories. The EfficientNet model, which is trained on the ImageNet image dataset,is migrated to NID to perform feature extraction
and image label matching weight calculation. Combined with the different model weights obtained from each image category training , the
nine model weights are merged and deployed into a multi—EfficientNet fusion network model. Finally,the performance of various deep
learning models on NID is compared. The experiment shows that the multi—EfficientNet fusion network model can analyze images more
accurately , obtain distinguishing classification features,and have obvious classification effects on NID, with faster convergence speed and
higher accuracy, which meets the requirements for poetry search in the project .
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