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(School of Computer Science and Technology , Anhui University of Technology , Maanshan 243032, Anhui, China)

[ Abstract] Numerous methods have been proposed to solve the zero-shot image classification problem;however, there
are limited studies on the multi-label zero-shot image classification problem. In the existing solutions, in addition to the
use of the basic settings of the labeled dataset and the given prior knowledge, the model either only uses the image
region information or only the label semantic information. Based on deep mutual learning technology, this study
proposes a solution that utilizes both the image region and label semantic information. Two sub-networks are designed.
Sub-network 1 is used to enhance the visual features of the image, whereas the multi-head self-attention mechanism is
used to associate the feature information of different regions in the image to obtain a region-based visual feature
representation and then map the feature representation to the semantic space to output the predicted probability. Sub-
network 2 is used to fuse the label semantic information and image visual features by calculating the correlation between
the labels and image region features to obtain a semantic-based visual feature representation, and then map the feature
representation to the semantic space to output a probability distribution. Finally, the deep mutual learning technology is
introduced, and the probability distribution obtained by the two sub-networks is used to provide training experience for
mutual learning. In this process,the sub-network refers to the training experience of the other sub-network while training
its own classification performance, which effectively improves the performance of multi-label zero-shot image
classification. The experimental results show that the F1 value of the proposed method on the MS COCO dataset
increased by 5.2 percentage points compared to the DeepOTag method.
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Fig.1 Multi-label zero-shot learning model based on deep mutual learning
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Table 2 Comparison of classification performance between traditional multi-label zero-shot and generalized
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