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I 5: CARE exhibits sensitivity to features that invariance-based contrastive methods (e.g.,
SimCLR) do not. For each input we apply color jitter to produce the query image. We then retrieve
the 5 nearest neighbors in the embedding space of CARE and SimCLR.
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Figure 8: Top-1 linear readout accuracy (%) on CIFAR10, CIFAR100, STL10 and ImageNet100. All
results are from 5 independent seed runs for the linear probe.
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