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Retrain the model for new categories

Non-trivial zero-shot transfer to downstream tasks
Learn a different model for each task
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NATURAL LANGUAGE SUPERVISION

Create a training set of pairs: (image, caption)
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symmetric loss over similarity scores (INfoNCE)
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---» natural language
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concepts involving verbs
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Many of the correlations and patterns learned by DL models do not hold for distributions other than the one of the training set

TAORI ET AL. (2020) dataset examples
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