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Motivation
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Why is CLIP so good?

Possible reasons (Fang et al 2022):

® Architecture

® | anguage supervision
® Zero-shot prediction
e Data distribution
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Nearest neighbors visualized

Decreasing similarity
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Similarity hypothesis

Is CLIP doing well only because its training set has highly similar images to test sets? )
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Pruning highly similar images from LAION

small, sparse dataset

large, dense dataset

corrected dataset
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CLIP’s accuracy after pruning

Top-1 Accuracy
Dataset Size Val Sketch A R V2 ON

OpenAl (Radford et al., 2021) 400000000 63.38 42.32 31.44 69.24 5596 44.14
L-400M (Schuhmann et al., 2021) 413000000 62.94 49.39 21.64 73.48 55.14 43.94

L-200M 199824274 62.12 48.61 21.68 72.63 54.16 44.80
L-200M + IN-Train 200966589 68.66 50.21 2333 729 59.7 43.99
— val-pruned -377340 68.62 49.58 23.47 72.74 59.47 45.08
— sketch-pruned —-8342783 68.34 4478 2277 6935 59.52 44.12
— a-pruned —-138852 68.85 50.25 2299 7244 60.05 44.43
— r-pruned -5735749 68.71 4692 2344 6948 59.6 45.08
— v2-pruned -274325 68.79 50.45 23.19 72.58 59.84 45.33
— objectnet-pruned -266025 68.75 50.14 2270 72.82 59.37 43.73

L combined-pruned -12352759 68.05 44.12 22.15 67.88 58.61 44.39
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Is CLIP doing well only because its training set has highly similar images to test sets? |

No, the dataset scale and diversity drives CLIP to learn generalizable representations.
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