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Research on short text satirical text classification
based on BERT-CNN intermediate task transfer model

ZHOU Haibo, LI Tian

(School of Electronic Information, West China Normal University, Nanchong Sichuan 637009, China)

[ Abstract] The recognition and classification of irony can affect the performance of applications in many natural language
processing fields such as emotion analysis, opinion mining, text classification, etc. The research on this task will help improve the
accuracy of online public opinion monitoring and optimize the labor and time costs. Based on the characteristics of short text satirical
text in online reviews, this study adopted the method of transfer learning in deep learning, combined with the existing BERT model,
proposed a short text satirical recognition classification model based on the BERT-CNN intermediate task transfer model, used the
BERT model after completing the intermediate task training and fine—tuning the weight parameters to vectorize the target text, and
extracted the features of the obtained text vector through the corresponding convolution kernel, Finally, the classification is
completed through the Softmax function. The experimental results show that the model proposed in this paper has a good effect on
short text irony recognition and classification.
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Fig. 1 BERT schematic diagram
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Fig. 2 Schematic diagram of CNN text classification
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Fig. 3 Model diagram of transfer learning training intermediate task
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Fig.4 Flow chart of extending BERT by fusing convolution neural
network ( CNN)
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Fig. 5 BERT-CNN Intermediate task transfer model
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Tab. 2 Model parameter setting table
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Tab. 3 CNN Model parameter setting table
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Tab. 4 Comparison of experimental results with common models
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Tab. 5 Validate the effect of intermediate task learning and fusion
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