VideolCL: Confidence-based Iterative In-context Learning for
Out-of-Distribution Video Understanding
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video-language datasets, with an average improvement of
25.6%p and up to 54.6%p in QA and classification tasks, along with
a gain of 0.143 BLEU-4 points in video captioning, significantly
outperforming zero-shot and baseline methods.
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Classify the following video into
one of the following categories:
<14 crime categories>

Assault Vandalism

Prediction: Assault Right answer Prediction: Assault Token probablllty OUtperfOrmS other confidence
Confidence: 0.44 ? but uncertain Confidence: 0.62 J estimation methods.

Burglary Arson

Zero-shot Pred.: Fighting X
Ground Truth: Assault
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