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15 0.571 0.728 51.01 81.01/84.73 81.56/84.75
15 0.558 0.739 52.52 79.42/83.49 80.12/83.57
Iye 0.556 0.748 52.01 82.8/84.45 82.55/84.49
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Video Sentiment Analysis Technology based on Multimodal Fusion

CHEN Shihan, MA Hongjiang, WANG Ting, HE Songze
(College of Computer,Chengdu University of Information Technology , Chengdu 610200, China)

Abstract ; A method for multimodal sentiment recognition in video is introduced in this paper. A video usually expresses
the same sentiment theme through multimodal information such as text, sound, and visual images,andfusingthe informa-
tion between different modalities and make full use of them is the current key problems that need to be overcome. This
paper uses the method of maximizing mutual information to efficiently fuse multimodal heterogeneous data such as text,
sound and visual images in videos to eliminate as many differences between modalities as possible, and finally realize the
recognition and analysis of video sentiment. Experiments are carried out on the public MOSEI multimodal dataset, and
the results show that the MAE value reaches 55.4. Compared with conventional models, the effect of this model is bet-
ter, and the construction of the experimental model is not cumbersome, which can provide reference for related research.

Keywords : multimodal fusion;video sentiment analysis ; mutual information maximization



