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Abstract

With the rapid development of Internet of things and intelligent devices, Internet information has
gradually evolved from massive text data to more intuitive image and video data. Rich video data
not only provides conveniences, but also brings many new challenges in video understanding and
classification. In view of the problem that existing deep learning methods rely on a large number
of labeled data and the learned knowledge cannot be expanded, zero-shot learning as a kind of
transfer learning, has attracted a lot of attention because of its unique advantage of expanding
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from seen categories to unseen categories. In this paper, an action recognition method based on
transductive zero-shot learning is proposed. Firstly, visual information is mapped into the seman-
tic space, and then the recognition task is carried out through the nearest neighbor search in the
semantic space, and the loss function with deviation is introduced to improve the recognition ac-
curacy and effectively alleviate the problem of strong bias. Experiments on UCF101, HMDB51 and
Olympic sports datasets show that the accuracy of the proposed method is 26.8%, 20.3% and
46.5% respectively, which fully proves the effectiveness of the proposed method.
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Figure 1. The model framework
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Table 1. Comparison with other methods under the transductive setting of ZSL
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Figure 2. Classification accuracy of different categories of the model on UCF101 dataset
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