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Construction Method of Multi-Scale Self-Routing Capsule Network

ZHANG Xiankun, TAO Jianwei, DONG Mei, YUAN lJing
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: Capsule network (CapsNet) is a new network model proposed in recent years. Compared with the traditional con-
volutional neural network structure, CapsNet can effectively encode the spatial relationship of different features, but its fea-
ture extraction module is difficult to capture feature information of different scale. In order to further improve the perform-
ance of CapsNet, a multi-scale self-routing capsule network (MSSR-CapsNet)is proposed in this article. First, the multi-
branch structure is used to improve the capsule generation process of CapsNet and increase the multi-scale feature extraction
ability of model;then a capsule attention mechanism is proposed to selectively filter out important low-level features.
Finally, on SVHN, CIFAR-10 and CIFAR-100, the classification accuracy of MSSR-CapsNet is 97.46% ,91.22% and
63.84% , respectively. In addition, the ablation experiment also verified the efficiency of the experimental method and im-
proved the performance of the model mode.
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