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Chinese Short Text Classification Based on ERNIE-RCNN Model

WANG Hao-chang,SUN Ming-ze

(School of Computer and Information Technology ,Northeast Petroleum University , Daqing 163318, China)

Abstract; Due to the difficulties in short Chinese texts such as fewer feature words, poor standardization and large data size,the ERNIE

pre—training model occupies a large amount of memory, which causes problems such as sparse vector space,inaccurate text pre—training
and high time complexity when classifying short texts. In response to the above short text classification problems,we propose a Chinese

short text classification based on the ERNIE-RCNN model. The model uses the ERNIE model as a word vector, masks entities and word

0

sense units,and then connects to the encoding layer of Transformer and outputs to the ERNIE layer. The word embedding vector is

Ell

i

encoded to optimize the model over—fitting problem and enhance the generalization ability. The RCNN model performs feature extraction

on the word vector input by ERNIE. The convolution layer uses convolution kernels of different sizes to extract feature values of different
sizes. The pooling layer is mapped and finally classified by softmax. The proposed model is trained on the Chinese news data set with

seven deep learning text classification models,and the comparison results of accuracy, precision,recall,F1 value,number of iterations and
running time are obtained. It is showed that ERNIE-RCNN can extract the feature information in the text well,reduce the training time,
effectively solve the difficulties in the classification of Chinese short texts with excellent classification effect.
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