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We introduce a periodic table of machine learning based on a
single equation that unifies >20 loss functions. We use this to
derive a new state-of-the-art unsupervised image classifier.

The Information-Contrastive (I-Con) Loss:
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Unsupervised Image Classification

Method DiINO ViT-S/14 DiNO ViT-B/14  DiNO ViT-L/14
k-Means 51.84 52.26 53.36
Contrastive Clustering 47.35 55.64 59.84
SCAN 49.20 55.60 60.15
TEMI 56.84 58.62 —
Debiased InfoNCE Clustering (Ours) 57.8 £ 0.26 64.75 + 0.18 67.52 + 0.28

Unsupervised (Hungarian) Accuracy on ImageNet-1K Validation Set
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