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Abstract: With the rapid development of multimedia platforms and large—scale language models, implementing few—shot sentiment analysis
using prompt based methods is of great significance for user demand analysis and system service improvement. The research on prompt based
few—shot sentiment analysis aims to make reasonable use of pretrained language models to understand classification tasks and infer sentiment
categories in different application scenarios. Firstly, the problem background of few—shot sentiment analysis was presented. Secondly, the
steps of using prompt based fine—tuning, prompt tuning, and in—context learning were introduced. Then, the mainstream technologies of
prompt based few—shot sentiment analysis in recent years were systematically compared. Additionally, relevant corpora, pretrained language
models, and prompt templates were summarized. Finally, the possible future research directions of prompt based few—shot sentiment analysis
were discussed, providing a reference for research in the fields of sentence-level text classification and prompt learning.
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Fig. 1 Prompt—tuning for few—shot sentiment analysis
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Fig. 2 In-context learning for few—shot sentiment analysis
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