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A PHOTO OF A { ... } 

Non-trivial zero-shot transfer to downstream tasks
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natural language
wider supervision for visual
concepts involving verbs

ImageNet
noun-centric object supervision
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DATASET-SPECIFIC
PERFORMANCE?
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Found that accuracy under distribution shift increases
predictably with ImageNet accuracy 
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does supervised learning on
ImageNet cause a robustness gap (?)
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Robustness to Distribution Shift
The robustness benefit fades as in-distribution
performance increases with more training data
and is mostly gone for the fully supervised model

minimize the amount of distribution specific
data a model has access to



THANK YOU FOR THE ATTENTION
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