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CONTROL EXPERIMENTS

# Images
(SUN Database)

15 Scene Classes

2 (seed)

Black-box Binary Attributes (BA)

25 (separate)

Black-box Comparative Attributes (ca)

25 (separate)

Unlabeled Dataset 18,000
(Distractors) (9,500)
Test Set 50

SUN Database : [Xiao et al., CVPR 2010]
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CONTROL EXPERIMENTS

# Images
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CO-TRAINING (SMALL SCALE)
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SCENE CLASSIFICATION
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CO-TRAINING (LARGE SCALE)

* 15 Scene Categories
= 25 Seed images / category

e Unlabeled Set

= 1Million (SUN Database + ImageNet)
= >95% distractors

Improve 12 out of 15 scene classifiers

SUN Database: [Xiao et al., CVPR 2010]
ImageNet: [Deng et al., CVPR 2009]
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