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N: The number of classes, K: The number of shots
[¢, s]: c-th class, s-shot
—— Random pair

[ global context]

[per image context] [ class name ]

Concatenate

Text features

= Matching pair
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Method Backbone N-shot Flowers102 Caltech101 Pets Aircraft

ZS CLIP 66.14 86.29 85.77 17.28

LP CLIP 83.89 84.89 5723  24.62

CoOp ResNet-50  4-shot 86.20 89.55 86.70 21.87

LFA 87.10 91.04 87.80 22.31

Ours 88.20 90.56 88.21 23.46
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