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Interpreting the Invariance Mechanism of Data Augmentation
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Abstract: In image classification tasks, data augmentation is a common means to improve the
classification invariance of deep convolutional networks (ConvNets ). To address the problems that
current research on Convolutional Neural Network invariance primarily focuses on global metrics while
neglecting the representation mechanisms of position and direction information, and lacks a systematic
explanation of feature integration mechanisms, this study, inspired by relevant research in cognitive
science and neuroscience, constructed a simplified experimental scenario using a circular/square binary
classification task to effectively eliminate interference from complex features. By employing the

maximum activation method, we visualized and analyzed the feature representation and invariance
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learning characteristics of the fully connected (FC) layers and Average Pooling (AvgPool) layers in
models trained with data augmentation. Additionally, t-SNE dimensionality reduction visualization was
used to reveal the classification decision-making mechanisms of high-dimensional weight vectors
between layers. The results demonstrate that: (1) the initial fully connected layer achieves translation
invariance by gradually expanding the position-aware domain; (2) the fully connected layer effectively
integrates distributed local features through a linear weighting mechanism, following a connectivity
logic of positive excitation for intra-class features and negative inhibition for inter-class features; and
(3) the AvgPool layer in the ResNet architecture exhibits superior translation invariance, while the
cascaded fully connected structure demonstrates stronger rotation and scaling invariance.

Keywords: Deep Convolutional Neural Networks; data augmentation; translation invariance; feature

visualization
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Under the two training conditions,
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centric visualization results on MNIST dataset.
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