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Few-shot action recognition based on visual-text adaptive prompting
XIA Qing, LIU Dan, WEI Hui

(Institute of Machine Intelligence, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Few-Shot Action Recognition ( FSAR) aims to recognize new action categories with a limited number of labeled
samples. Given the successful application of visual language pre-trained foundation models in various downstream tasks, multimodal
FSAR algorithms have attracted much attention. However, complex network structures lead to a significant increase in model
parameters and computational complexity. To address these issues, this paper presents a multimodal few-shot action recognition
method based on adaptive visual-text prompts using the contrastive language-image pre-training ( CLIP) model. Specifically, the
proposed model freezes the internal parameters of the original visual and text encoders in the CLIP model, and introduces adaptive
prompt variables to optimize the multimodal contrastive learning objective. In addition, to model the temporal relationship between
action frames, learnable lightweight adapters are integrated into the visual encoder for temporal adaptation. Finally, the temporal
Transformer further strengthens the feature matching process between vision and text. Experiments on three challenging datasets,
SSv2, HMDB5S1, and Kinetics, demonstrate the effectiveness of our proposed FSAR method.
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Fig. 1 Adaptive Multimodal Prompting for Few-Shot Video Action Recognition
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Table 1 Comparison of classification accuracy with existing methods on the SSv2-small, Kinetics, and HMDB51 Datasets
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Fig. 4 Balance factor variation curve
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