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Motivation: Visual generalization is better
with distinctive exemplars

Power SVM: Seek a global classifier constrained by individual exemplar uncertainty Data-driven exemplar uncertainty Experiments: Power SVM with exemplar uncertainty in multiclass visual discrimination
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Same negative exemplars may assume different uncertainties.
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1. Indoor scenes with larger intra-category variation get bigger improvement than outdoor natural scene with smaller variation.
2. Positive exemplars of larger uncertainty often have extreme lighting or small fields of view.
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