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TextCNN Based On AdaBERT Barrage Recognition and Filtering Algorithm
SUN Ruian, ZHANG Yunhua
(School of Information Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] In order to solve the problem of too large parameter scale when using the BERT ( Bidirectional Encoder Representations
from Transformers) model, this article uses the TextCNN algorithm combined with AdaBERT ( Task—Adaptive BERT ). First use
AdaBERT to learn the barrage text to obtain more effective word vectors in less time; then use the word vectors generated by it as
the input of TextCNN; then use batch normalization to reduce the occurrence of gradient disappearance; finally use Softmax for
Classification probability calculation. In order to show the goodness of this algorithm, training is conducted on the barrage data set,
and comparison experiments are performed with multiple text classification algorithms. The results show that this model can enhance

the running speed of the algorithm, and improve the performance of garbage barrage recognition and filtering.
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