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103D Attention Module

1 Adversarial Mask Module
12 Classification Head

13 Spherical Regularization
14 Hypersphere

15 Consistency Loss
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2 Feature

3 Feature Representation

4 Mask

3 Batch

6 Spatial-Channel Attention
7 Semantic Subspaces

8 Geometric Regularization
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! Convolutional Neural Network (CNN)
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