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Can these model BIASES —

» No single bias could predict generalization performance holistically .
. At best, some biases correlate it we single out specific training or benchmarks.
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ImageNet-trained models struggle to generalize beyond the training data and are often misaligned g 0. nE MESE volo s 0
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- We need better tests for alignment. E.g., shape bias as per [1] does not consider the accuracy;
critical band [2] only uses 30 random samples per condition and does not work well for

AT-models.
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IEEE/CVF Computer Vision and Pattern Recognition Conference (CVPR) 2024. Code: https://github.com/paulgavrikov/biases_vs_generalization
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