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A Text Classification Model Based on Semi-supervised Generative
Adversarial Networks and BERT

WAN Yan-ping, YAN Si-cong, YU Hai-kuo, XU Min-cong
(School of Attificial Intelligence and Data Science ,Hebei University of Technology, Tianjin 300401 ,China)

Abstract; BERT is a large—scale pre—training language model proposed in recent years, which performs well in text classification tasks.
However, the original BERT model requires a large amount of labeled data for fine—tuning training with large parameter scale and high
time complexity. In many real scenarios,a large amount of labeled data is not easy to obtain,and the large scale of model parameters is
not conducive to practical application in real scenarios. To solve this problem,an improved BERT model GT-BERT based on semi—su-
pervised generative adversarial network is proposed. The BERT model is compressed by the compression method of knowledge
distillation, and the framework of semi-supervised generative adversarial network is introduced to fine—tune the BERT model and select
the optimal generator and discriminator configurations. In the framework of semi—supervised generative adversarial network, an unlabeled
data set is added to fine—tune the model, which makes up for the shortcomings of less labeled data. The experimental results on multiple
datasets show that the improved model GT-BERT has excellent performance in text classification tasks,can effectively use unlabeled data
that the original model cannot use, greatly reduces the model’s demand for labeled data,and has low model parameter size and time com-
plexity.
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