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Text Classification Model Based on XLNet + BiIGRU + Att (La-
bel)

LIU Boting' , GUAN Weili"** * , LI Taoshen'"

(1. School of Computer, Electronics and Information, Guangxi University, Nanning, Guangxi, 530004, China; 2. College of Digital
Economics, Nanning University, Nanning , Guangxi,530299,China)

Abstract: Traditional word vector embedding models,such as Word2Vec and GloVe, cannot realize polysemy
expression. Traditional text classification models also fail to make good use of the semantic information of la-
bel words. Based on this,a classification model based on XL.Net + BiGRU + Att (Label) is proposed. Firstly,
the dynamic word vector expression of text sequence and label sequence is generated by XLNet. Then, the
text vector is input into the Bidirectional Gated Recurrent Unit (BiGRU) to extract the text feature informa-
tion. At last, the label words are combined with the attention mechanism to select the tendency label words of
the text,calculate the attention score of the tendency label words and the text vector,and update the text vec-
tor according to the attention score. Through comparative experiments,the model in this paper has higher ac-
curacy than the traditional model in text classification tasks. Using XI.Net as the word embedding model and
combining label words in attention calculation can improve the classification performance of the model.

Key words: text classification; XLLNet; BiGRU ;label word;attention mechanism
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