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Abstract

Recently, applying large pre-trained vision-language models such as CLIP to various downstream tasks has shown good
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Table 1. Performace comparison between various N-ways in the
meta-training setting. Base: Accuracy on Base class dataset(test),
New: Accuracy on New class dataset(test), H: Harmonic mean of Base
and New perfomance

Base New H
Ours (5-way) 77.31% 57.65% 66.02%
Ours (10-way) 76.39% 57.27% 65.48%
Ours (20-way) 76.62% 57.27% 65.33%
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