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* Semi-Supervised Few-Shot Learning (SSFSL) mirrors real-world auto-annotation, aiming to * Root cause: VLMs produce “‘flat” distribution of softmax probabilities, which results 1n
learn a model over a few labeled and abundant unlabeled task-specific examples so to * zero utilization of unlabeled data (w/ default confidence threshold of 0.8) 2 T, s sharpens softmax confidences.
automatically annotate the unlabeled ones.
* Existing SSL or SSFSL methods either ﬁnetune. an ImgggNet—pretramed backbone O? prompt a (A) Temperature sharpens softmax probability (B) T_confincreases confidence scores (C) T _loss strengthens supervision
frozen VLM, while recent FSL method has achieved significant progress by finetuning a VLM OpenCLIP

» weak training supervision that prevents effective finetuning the VLM -2 T,,.. strengthens training supervision.
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* We start by finetuning the VLM OpenCLIP V1T-B/32 with the representative SSL method * Our SWIFT (stage-wise finetuning with temperatures) exploits « SWIFT surpasses prior methods by >5% accuracy.
FixMatch (NeurIPS’20) using the default hyperparameters (e.g., confidence threshold 0.8). retrieved data via a stage-wise training to mitigate domain gaps. Average accuracy over five benchmarks
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