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Designing deep network architectures to solve domain shift
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Deep neural networks can solve various problems with hi?h accuracy, but they
face the challenge of not performing as expected when dealing with data that slightly differs from
the training data (the domain shift problem). To address this issue, various deep neural networks
were evaluated and analyzed with the goal of discovering network structures that are robust to
domain shifts. As an example of domain shift, this study tackled the problem of image classification

for degraded images and was able to gain insights into network structures that demonstrate
robustness to domain shifts.
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Model RepVGG  EfficientNet-v2  ConvNeXt-v2 PVT-v2 EfficientViT
Topl-Acc. 59.71 72.24 72.50 72.98 73.20
Params (M) 57.4 53.2 50.2 45.2 52.7

# 1. 127 CNN B LU VIT @ ImageNet-C | TOVERE ELishs 5.

Model ViT-small ViT-small Model ViT-small ViT-base ViT-large
Topl-Acc. 58.04 47.48 Topl-Acc. 58.04 68.68 76.85
patch size 16 32 Params (M) 22.1 86.6 304.3
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