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Abstract

Recently, applying large pre-trained vision-language models such as CLIP to various downstream tasks has shown good
performance. In low-shot image classification, simply optimizing continuous prompt vectors emerged, but has the limitation of low
generalizability. Recent research introduces additional structures and algorithms to solve this problem, but there is a disadvantage of
inefficiency. So, we propose a meta-training framework utilizing multi-modal features to optimize the prompt vectors. Our proposed
method achieves over a 9.6% accuracy improvement compared to other models when evaluated on both seen and unseen domains
comprehensively, which has no any additional memory overhead or inference latency for zero-shot inference.
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Fig. 3. Performance comparison to ‘other’ AMH| baseline models(CLIP!™,
CoOp™). Base: Accuracy on Base class dataset(test), New: Accuracy
on New class dataset(test), H: Harmonic mean of Base and New perfo-
mance
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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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