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Abstract; Capsule projection network ( CapProNet) is a recently proposed deep neural network architecture, which provides potential
features by combining conventional deep networks with capsule projection structure. Although CapProNet shows competitive performance
on various benchmark datasets, the model requires much expensive budget for training,, which brings certain limitations to the application
of CapProNet in practical problems. To address this problem,we introduce stochastic gradient descent with warm restarts (SGDR) into
the learning of CapProNet and propose a CapProNet model fast training algorithm based on the warm restarts. Different learning strategies

of methods are compared and evaluated. The experiment demonstrates that the proposed method can deliver better generalization

performance with equivalent or even less training epochs compared with the traditional training method.
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