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New method for text sentiment classification based on knowledge

distillation and comment time
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Abstract: Aiming at the problem that the existing sentiment classification methods generally did not fully
consider the user's personalized characteristics and ignore the influence of time factor on the sentiment
classification results, a new method for text sentiment classification based on knowledge distillation and
comment time is proposed. Firstly, in order to solve the problem of less labeled data with high quality, the
RoFormer-Sim generative model is used to augment the training text data. Then, a sentiment score
prediction model of comment text based on multi-feature fusion is proposed by introducing comment time

attribute to extract users’ personalized information from user’s historical comments. Finally, in order to
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improve the generalization performance for cold start users, the knowledge distillation theory is introduced,

and SKEP model is used to enhance the versatility of the sentiment classification model based on multi-

feature fusion. The experimental results on the real dataset crawled from the Chinese stock page show that

compared with typical methods such as SKEP and ELECTRA, the accuracy of the proposed method is
improved by 3.1% and 0.9%, and the F, value is increased by 2.7% and 1.0%, respectively, which

verifies its effectiveness in improving the performance of sentiment classification.

Key words: computer application; sentiment classification; knowledge distillation; data augmentation;

historical comment
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Table 4 Comparison of accuracy, F,and RMSE

values of typical deep learning methods

oy k IRTGES F, RMSE
BiGRU 0.830 0.881 0.412
BiGRU + Attention 0.834 0.882 0.407
TextCNN 0.826 0.882 0.418
ALBERT 0.841 0.885 0.397
ELECTRA 0.857 0.898 0.379
SKEP 0.835 0.881 0.406
CAT-BiGRU 0.812 0.868 0.433
Cov-Att-BILSTM 0.824 0.878 0.419
CNN-+BIGRU 0.841 0.890 0.398
LSTM-GRU 0.799 0.856 0.449
MFM 0.855 0.900 0.380
MEFMS 0.866 0.908 0.366
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Table 5 Comparison of accuracy and F, values

of different methods
RITE IR F,
SKEP 0.835 0.881
MFMS-NRel 0.858 0.901
MFEMS-Attr 0.862 0.903
MFMS-DW 0.860 0.903
MFM 0.850 0.896

MEFMS 0.863 0.905
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