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Text Classification Based on LDA and BiGRU

XIAN Guang-ming, WANG Lu-dong,ZENG Bi-qing , MEI Hao-yang,TAO Rui
(School of Software, South China Normal University , Foshan 528225, China)

Abstract; Text classification is a basic task of natural language processing. The feature sparsity in the text and the neural network used to
extract the feature affect the subsequent classification effect. In order to solve the problems of feature sparsity in text and the deficiency of
context dependence in traditional models, we propose a new classification method which combines TF-IDF-weighted word vectors with
LDA subject model and uses bidirectional gating cyclic neural network layer ( BIGRU) to fully extract the features of depth information
in text. The main data set is the news text classification data set of Tianchi Competition. Firstly ,word vectors are trained in the corpus by
Word2vec and LDA models respectively. Word2vec weighted word vectors by TF-IDF are then simply joined with word vectors trained
by LDA with maximum topic probability expansion. The text matrix is obtained after the Mosaic, and the text matrix is input into the
Bigru neural network, and the feature vectors of the deep information of the text are extracted from the two opposite directions
respectively. Finally, the softmax function is used for multiple classification, and the category is judged according to the output
probability. Compared with the existing common text classification model, the accuracy, Fl value and other evaluation indicators have
been improved.
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