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[ Abstract] Event Aspect Category Detection { ACD)%aims to identify the aspect categories present in event text.
Data need to be collected from various fields and téxtual events, particularly when researching public opinion on
social media. The first phase of social mediawopinion events lacks sufficient data for labeling event text. The
pressing issue is precisely detecting event aspects using a limited amount of labeled data. This paper presents a
novel method for event ACD with limited samples. This method utilizes a pre-trained model to construct soft
prompt templates, performs hierarchical semantic characterization and interaction fusion, and adaptively combines
multilayer prompt charactefizations. The objective is to enhance the accuracy of event ACD using limited samples.
Experiments on a self-constructed Chinese social media dataset and English dataset demonstrate that the proposed
method is significantly superior to other baseline methods. Further ablation experiments and visualizations confirm
the effectiveness of the proposed multilayer prompt interaction fusion module.
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Fig.2 Distribution of aspect categories in self-constructed dataset
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