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Stance Detection Based on Multi-mask and Prompt Sentence Vector

Fusion Classification

WANG Zheng-jia,LI Fei,JI Dong—hong, TENG Chong

(Key Laboratory of Aerospace Information Security and Trusted Computing , Ministry of Education, School of

Cyber Science and Engineering, Wuhan University , Wuhan 430072, China)

Abstract; Stance detection refers to the analysis of the stance expressed by the text on a target topic, which usually includes support,

against and none. Existing works mostly use methods such as BERT to extract sentence feature vectors of the text and topic,and usually,

the first token hidden state or the average of the hidden states of each word in the sentence is used as the sentence vector. We improve the

acquisition of sentence vectors by using prompt learning templates to obtain prompt sentence vectors and enhance the feature extraction

effect of sentence vectors. A stance detection model based on multiple masks and prompt sentence vector fusion classification is

designed , which combines prompt sentence vector classification with the template—verbalizer structure of prompt learning classification

with multiple masks, introducing text, topic, and stance words information into sentence vectors, fusing sentence vectors and verbalizer

classification results,and jointly optimizing the model. Experiments on the NLPCC Chinese stance detection dataset show that in the ex-

periments of training separate models for five topics,the proposed method is superior or comparable to the previous best method in three

targets, achieving a total F1 value of 79. 3, which is close to the best method. The advantage of prompt sentence vectors is verified in the

sentence vector comparison experiment.
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