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A multimodal-based model for short video tag classification
HE Fan, LIU Meiling, YU Haiquan, FAN Binyuan, ZHAO Kegiao

(College of Computer and Control Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract; Currently, short videos on the internet have diverse forms and flexible content. Traditional video recognition methods are
mostly limited in their ability to classify tags for them. However, the content of videos has clear multimodal features, and the
integration of multiple modalities in video recognition has become one of the hot topics in this field. To address this, a multimodal
fusion video tag classification model using BiLSTM - Attention networks is proposed. This model takes advantage of the temporal
alignment of sequences by utilizing the graphical and audio features of videos. The extracted graphical and audio feature data is
processed and aligned by BiLSTM, and text features are integrated into the temporal Attention of graphics and audio, thereby fusing
three modalities. The resulting model is trained and tested on a short video tag dataset. The results show that the accuracy of the
first-level precision and second-level precision indicators when using three modalities are 72% and 84% , respectively. Compared
with using two modes, the accuracy has been significantly improved, especially in the first—level precision indicator where it has
increased by 9% accuracy, indicating that introducing multiple modalities can improve the accuracy and precision of short video
classification to a certain degree.
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