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7—_\‘4_7° SuperVision 15.315% Using extra training data from ImageNet Fall 2011
3__>7\~ release
SuperVision 16.422% Using only supplied training data
N — M
~ ISl 26.602% > r’T/)-lJ AhEr using each FC
ISI 26.646% Naive sum of scores from classifiers using each FV
ISI 26.952% Naive sum of scores from each classifier with SIFT+FV,
EEO) LBP+FV, GIST+FV and CSIFT+FV, respectively
!l:#ﬁﬁigﬁn
DRSS OXFORD_VGG 26.979% Mixed selection from High-Level SVM scores and

Baseline Scores, decision is performed by looking at
the validation performance.
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After Baidu Arxiv paper:2015/1/3 6.0%
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;_:sjg“ Human: Andrej Karpathy 5.1%
Microsoft Research Arxiv paper: 2015/2/6 4.9%
Google Arxiv paper: 2015/3/2 4.8%
Microsoft Research CVPR paper: 2015/12/10 3.6%
Latest 3.1%
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