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tion based on naive Bayes algorithm with feature selection

The Study on ERBERT-GRU Chinese Book Classification Method
Based on Knowledge Enhancement

LIU Lei' XU Jie*> ZHOU Yong'"
(1. College of Computer and Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China;
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2. Libray Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: The automatic classification of books is the basic work in book management and book recommendation al—
gorithms and it is also one of the difficulties. At present the Chinese classification algorithms are mainly concentrat—
ed in the field of short texts and there are few studies on the classification of long texts such as books. The in-depth
and detailed study on deep learning classification algorithms is conducted mainly studying the BERT pre-raining
model and its variants and making corresponding improvements. A complex hierarchical network is used to superim—
pose a two-way transformer encoder to extract the fine-grained information hidden in the text. By adding an entity—
level mask in the pre-training process the traditional BERT model is improved and the model is improved in Chi-
nese semantic comprehension. The ability to understand semantics improves the robusiness of the model by adding
external knowledge.

Key words: book classification; ERBERT-GRU model; neural network; deep learning; knowledge embedding
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