Robustness to Distribution Shifts of Compressed Networks for Edge Devices
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- The pruning technique is known for generating highly sensitive compressed networks
that are vulnerable to domain shifts and adversarial perturbations. On the other hand,
compact networks produced through KD are less affected by these issues.
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The current deep domain adaptation methods for computer vision that
minimize the distribution difference between the two domains do not consider

Table 1: The test accuracies (%) of ResNets on farget domains of the Office-31 dataset other than what they were trained on.
The baseline (uncompressed) ResNets are obtained after fine-tuning the pre-trained model on the ImageNet dataset. The pruned
models are obtained using the £1-FP method with different pruning ratios, and the distilled/student models are obtained using
teacher networks of different sizes.“A”, “W”, and “D” represent the domain of Amazon, Webcam, and DSLR.
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