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Abstract: Capsule network is a new type of network model which is different from convolutional neural
network. This paper attempts to improve its generalization and accuracy. Firstly, variational routing is used to
alleviate the problem of classic routing that is highly dependent on prior information and can easily lead to
model overfitting. By using the Gaussian Mixture Model (GMM) to fit the low-level matrix capsule and using
the variational method to fit the approximation distribution, the error of the maximum likelihood point
estimation is avoided, and the confidence calculation is used to improve the generalization performance;
Secondly, considering that the actual data is mostly untagged or difficult to label, a capsule autoencoder with
mutual information evaluation criterion is constructed to achieve effective selection of feature parameters. That
is, by introducing a local encoder, only the most effective features in the capsule for identifying and classifying
the original input are retained, which reduces the computational burden of the network while improving the
accuracy of classification and recognition at the same time. The method in this paper is compared and tested on
datasets such as MNIST, FashionMNIST, CIFAR-10, and CIFAR-100. The experimental results show that the

performance of the proposed method is significantly improved compared with the classic capsule network.
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