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Review on multimodal sentiment recognize

CHEN Guowei, ZHANG Pengzhou’, WANG Ting", YE Qiankun
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Beijing 100024, China)

Abstract: Sentiment analysis is one of the major research topics in the field of artificial intelligence, and
it is widely used in emotional comfort of artificial customer service, classification of depression patients,
and research of criminal investigation. Combining multiple modalities in sentiment analysis can
effectively eliminate the limitations of single-modal. This paper introduces data representation, fusion
methods, and model improvement around multi-modal sentiment analysis, and summarizes related
research content. Finally, it summarizes the existing problems of multi-modal sentiment analysis, and
discusses the future prospects of multi-modal sentiment analysis.
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