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Abstract: To deal with the problem of missing information caused by zero-shot image classification during
building a shared attribute layer, a compensation method is proposed to embed the attribute correlation. The
proposed zero-shot classification utilizes Semantic AautoEncoder (SAE) to realize the feature-to-attribute
mapping, and the invisible images are classified using maximum posterior probability estimation based on the
class Gaussian distribution model. In order to make up for the lack of attribute relationships in SAE learning,
the additive and multiplicative factors are introduced to embed the attribute correlation. The particle swarm
algorithm is used to search for the optimal factor parameters to achieve the compensation of attribute
correlation information. Experimental results show that when the same mapping method is adopted, the
classification performance of zero-shot image classification based on attribute correlation on Pubfig and OSR
data sets is significantly improved compared with other methods.
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