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» Color MNIST (C-MNIST)
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Figure 4: Baseline methods severely overfit color features in the C-MNIST training set leading to
near 100% accuracy on C-MNIST validation set but close to chance performance on the distribution
shifted C-MNIST test set.
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Penalty on C-MNIST dataset.

* %0)1{430)7_-—42{2 v/ F/\G)EFGFE Training
/W TR

Dataset Accuracy mm  CH

C-MNIST 96.88

MNIST 93.75

MNIST-M 85.94

SVHN 60.94

Test
C-MNIST E D ©D O
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