What makes an image memorable?
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Memory Game What classes of information predict memorability?

665 participants on Amazon'’s Mechanical Turk.
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Conclusions

Object score = (prediction when object included in image’s feature vector) - (prediction when object removed)
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This work is in press as Isola, Xiao, Torralba, and Oliva, CVPR 2011, and online at web.mit.edu/phillipi/Public/WhatMakesAnlmageMemorable



