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Abstract: Addressing the issue that current research on enhancing the invariance of deep convolutional
networks through data augmentation lacks an explanation of the mechanisms underlying its
implementation, this paper explores the representation and pooling mechanisms of position,
orientation, and other information. First, a simplified experimental scenario is constructed using
a binary classification task of circles and squares, which is employed to augment data for network
training. Then, feature visualization is conducted for the fully connected layer and global average
pooling layer using the maximum activation method, and ~-SNE dimensionality reduction is
adopted to reveal the classification decision-making mechanism of high-dimensional weight vectors

within the fully connected layers. It is shown that translation invariance is achieved by the first
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fully connected layer through the gradual expansion of the position-aware receptive field. In the
translation augmentation experiment on the circle-and-square dataset, a translation invariance
score of 0. 99 is obtained by the Fc2 layer, representing a 45% improvement over that of the
Convb layer. The local features of circles and squares are synthesized by the fully connected
layers through a linear weighting mechanism, following a connection logic in which same-category
features are positively activated and different-category features are negatively suppressed. Better
translation invariance is exhibited by the average pooling layer in the ResNet architecture. In the
augmentation experiment on the circle-and-square dataset, a score of 0. 93 is obtained by the

AvgPool layer, higher than the 0. 79 obtained by the fully connected layer, whereas stronger

rotation and scale invariance is exhibited by the cascaded fully connected structure. These
conclusions are also verified through extended experiments on the MNIST dataset.
translation invariance; feature
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