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Generating virtual data for zero-shot learning
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ABSTRACT

Keywords: zero-shot learning
Zero-shot learning refers to the knowledge transfer to recognize unseen classes,
with a model learned from seen classes. Li’s method [22] uses a deep learning method
to transform visual embeddings into semantic classifiers, and performs linear /

non-linear classification on semantic embeddings to predict the class.

Nevertheless, solely using data of seen classes may have a limited prediction
performance because the model does not have any information of unseen classes. In
order to solve this problem, we propose to generate virtual training data by randomly
combining seen classes, which simulate unseen data. With such virtual data, the
model can simulate the situation of recognizing unseen classes during learning, and
therefore the classification accuracy can be improved. Experiments on several

benchmark datasets have verified the effectiveness of the proposed method.
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