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Abstract ; Recently proposed capsule networks provide an alternative to convolutional neural networks (CNN). Compared with the weak
spatial correlation of CNN features, the vector feature of capsule network is considered to be an effective way to express the spatial
correlation between features. However,how to understand the characteristics of the capsule network still lacks strict theoretical and experi-
mental supports. Therefore, we attempt to verify the strength of feature space association in CNN and explore whether the features
extracted from the capsule network have spatial connections from the perspective of feature visualization. The influence of changing the
dimension of features on the capsule network is explored by training the capsule network with different dimensions of features. The exper-
iment shows that compared with the weak correlation of CNN feature space , the vectorization of capsule network is strongly correlated , in-
cluding spatial correlation information such as attitude and deformation of extracted features. When the dimension of features is reduced,
the spatial information extracted is reduced, so that the gap between the image restored by the capsule network and the input original
image is increased.
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