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A Appendix
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Figure 20: Data Quantity: Zero-Shot performances on ImageNet V.S. ImageNet variants.

A.2 Variants of Vision Transformers
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Figure 21: Various ViTs: Zero-Shot performances on ImageNet V.S. ImageNet variants.
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Figure 22: Various ViTs: Fine-Tuning performances on ImageNet V.S. OOD datasets

A.3 Various Network Architectures
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Figure 23: Various architectures: Zero-Shot performances on ImageNet V.S. ImageNet Variants

A.4 Training Strategies
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Figure 24: Various architectures: Linear probing performances on ImageNet V.S. zero-shot performances
on OOD datasets

Figure 25: Various Architectures:

Sampled data

(a) 5 Shot

sampled data.

25M 50M 100M400M 1B 3.4B

50
I Res50 BN Res50
40 . Swin-T . Swin-T
. ViT-B/32 40 mm viTB/32
B’ 3( ™= ConvNeXtTi gu = ConvNeXt-Ti
< mE MLP-Mixer © 30 === MLP-Mixer
~ jan
=} =}
920 9 20
< <
I . h
0 0

25M 50M 100M400M 1B 3.4B

Sampled data

(b) 10 Shot

18

Few-Shot Performances on ImageNet with various numbers of
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Figure 26: Various Training Stategies:
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Zero-Shot performances on ImageNet V.S. ImageNet Variants.
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Figure 27: Various Training Stategies: Linear probing performances on ImageNet V.S. OOD datasets



