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Abstract

Traditional zero-shot learning aims to achieve accurate classification of unseen class samples by
training the model, so that the model can adapt to new tasks and new environments. However, the
goal of generalized zero-shot learning is more difficult. It not only requires the model to identify
and classify samples of unseen classes, but also needs to ensure that the samples of seen classes
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can be accurately classified into their corresponding classes. Because in the actual training
process, we can only obtain samples of seen classes, which makes zero-shot learning in the classi-
fication task faces a huge challenge. To overcome this problem, we proposed an innovative feature
enhancement model (FE). This model not only has the ability to generate high-quality unseen class
samples to make up for the deficiency of training samples, but also can construct virtual semantic
descriptions of each sample. In addition, the FE model is equipped with a feature filtering module
to screen out the core features of each sample. Finally, the model combines these core features, the
sample itself and the virtual semantic descriptions as the final features for classification. By hig-
hlighting the uniqueness of each type of sample, this method effectively improves the accuracy and
performance of classification.
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Figure 1. The overall framework of feature enhancement model
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Table 1. Experimental results of traditional zero-shot learning
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f-CLSWGAN [7] 67.2 57.3 60.8 61.8
LisGAN [13] 69.6 58.8 61.7 63.4
CCGN [9] 53.5 62.8 58.2
LSrGAN [14] 60.3 62.5 61.4
Inf-FG [11] 67.3 58 61.1 62.1
MGA-GAN [8] 70.6 58.9 61.8 63.8
MM-WAE [16] 68.5 55 58.2 60.6
FE 70.9 60.6 62.9 64.8
Table 2. Experimental results of generalized zero-shot learning
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Inf-FG [11] 66.7 50.8 40.5
NereNet [15] 53.6 41.6
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FE 68.9 53.9 42.7
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Table 3. Comparison results of DI-GAN with its variants
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