Spotlight the Negatives:
A Generalized Discriminative Latent Variable Model
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Naive game strategy: Maximize your score Better game strategy: Maximize your score and minimize your opponent’s
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Recursive positive and
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Connections

Dependency Structure of Latent Variables

LVM Simple GLVM e Canonical GLVM

max(a1,a2,a3) Deformable Part Models can be generalized
Latent Hough Transform can be generalized
And-Or trees can be generalized

and probably many more discriminative LVMs
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Cat Head Detection (Oxford Pet)

Latent Structural SVMs as a shallow case of

b2,b3,b4,bs) GLVM [2]

Mid-level features for scene recognition [1,3,4]
ConvNets have negative parts!? [5]
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DPMs 213 128 345 233 322 158 216 28.0 194 240 294 227 GDEM3110.9117.022.0 12.5 57.219.2 Cow, PASCAL VOC 2007_,
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*  Generalized DPM implementation is non-trivial ¢  No meaningful visualization of negative parts Initialization is important: o o1 oz
. Consistent improvement . More robustness toward over-fitting AP for careful initialization of GDPIVI%; for cow is 26.9
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