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Few—shot Scientific and Technological Literature Classification Method
Based on BERT-Prototypical Model
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(College of Computer Science and Technology , Taiyuan Normal University, Jinzhong 030619, China)

Abstract: Due to the continuous refinement of disciplines and the uneven development speed between disciplines, there is very little data avail-
able for classification training in individual disciplines, which brings certain difficulties to the classification of scientific literature. To address the
serious problem of long tail in scientific literature and the inability of traditional text classification methods to achieve better classification results ,
a small sample scientific literature classification method based on BERT Prototypal model is proposed. This model is based on the prototype net-
work in transfer learning, and first uses the BERT pre trained model to deeply explore the relationships between scientific literature texts to obtain
better feature representations; Then input the encoded text features into the prototype network, and improve the classification performance of sci-
entific literature by optimizing the encoding method and parameter settings of the prototype network. The experimental results show that in the 5-
way 20 shot task, the classification accuracy of the BERT Prototypal model reaches 95.6%; In the S—way S—shot task with limited samples, the
classification accuracy of the BERT Prototypal model can reach 78.4%, which is improved compared to the control model.
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Fig.1 Structure of the BERT-Prototypical model
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