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A Zero-shot Classification Based on Generative Adversarial Network
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Abstract; Since most zero—shot image classification adopts the mapping relationship between the semantic information space and the
image feature space to achieve the image classification, which will cause hubness and domain drift. The above two problems can be
alleviated by using the generated adversarial network to generate the image feature,but this method is prone to mode collapse , which will
result in unrealistic image features. Therefore, an improved generative adversarial network method is proposed. By adding a
reconstruction network to the generator network, the image features generated by the generator are reconstructed back to semantic
information , so that it is more in line with the semantic information. The experiment shows that compared with the original generative ad-
versarial network model, the proposed method has increased by 1.0,0.1,1.2,and 0.9 percent in classification accuracy on the four
datasets of AWA,CUB, FLO, and SUN, respectively. It proves the effectiveness and feasibility of the zero-shot image classification
method by fusing the improved generative adversarial network.
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