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Figure 2: Relation between perceptual similarity and visual closeness of nearest neighbors. Query
images are sampled from ImageNet-Sketch (top row) and are connected to their nearest neighbor
in LAION-400M (bottom row). As in Fig. |, perceptual similarity is simply the cosine similarity
measured in CLIP ViT-B/16+’s image embedding space.
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Model Dataset Size Val Sketch A R V2 ObjectNet
ViT-B/32 OpenAl 400000000 63.38 4232 31.44 69.24 5596 44.14
ViT-B/32 L-400M 413000000 6294 4939 21.64 73.48 55.14 43.94
ViT-B/32 L-200M 199824274 62.12 48.61 21.68 72.63 54.16 44.80
ViT-B/32 — val-pruned —377340 62.12 4838 2145 72.2 54.76 42.79
ViT-B/32 — sketch-pruned —-8342783 6155 4322 2228 69.6 53.53 42.77
ViT-B/32 — a-pruned —138852 6249 4849 2163 72.15 54.38 43.25
ViT-B/32 — r-pruned -5735749 61.73 45.66 21.67 68.28 54.1 42.90
ViT-B/32 — v2-pruned —274325 6248 48.62 22.13 723 53.83 43.38
ViT-B/32 — objectnet-pruned -266025 6230 4903 2264 72.90 54.21 42 .80
ViT-B/32 L combined-pruned -12352759 615 4197 21.72 67.25 53.65 42.23

ResNet-101 ImageNet-1k 1200000 77.21 27.58 4.47 39.81 65.56 36.63
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Table 2: Domain composition of training sets. We apply our natural and rendition domain classifiers
with their strict thresholds at 98 % validation-precision to get a lower bound of samples from each
domain and with their default thresholds to obtain a more balanced estimate. ImageNet-Train has a
much smaller fraction of rendition samples than LAION-200M. We also note that ‘combined-pruned’,
the training set from Mayilvahanan et al. (2023) that corrected for test set contamination, still contains

a large fraction of renditions.

Classifier Precision

Natural

Ambiguous

Rendition

Dataset # Samples Natural Rendition
LAION-200M 199663250  0.79 0.77
0.98 0.98
ImageNet-Train 1281 167 0.79 0.77
0.98 0.98
combined-pruned 187471 515 0.79 0.77
0.98 0.98
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Figure 3: Random samples from LAION-Natural and LAION-Rendition.
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