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TREC Video Retrieval Evaluation: TRECVID http://trecvid.nist.gov/
Caltech 256 http://www.vision.caltech.edu/Image_Datasets/Caltech256/
ImageNet (1400000 022k 000 ): http://www.image-net.org/

Large Scale Visual Recognition Challenge 2014 (ILSVRC2014)
http://wuw.image-net.org/challenges/LSVRC/2014/

Tiny Image Dataset (8000 000 0000O00)
http://horatio.cs.nyu.edu/mit/tiny/data/index.html

CIFAR-10 and CIFAR-100 (tiny image 00O 00OO0O00O0ODO)
http://wuw.cs.utoronto.ca/~kriz/cifar.html

@ SUN dataset (00000 ) http://people.csail.mit.edu/jxiao/SUN/
@ The Chars74K dataset (DO OO DO OO)

http://wuw.ee.surrey.ac.uk/CVSSP/demos/chars74k/
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A.Torralba, et al. “80 million tiny images: A large dataset for non-parametric object,” PAMI, 2008.

e 32x320800000000000OO0O [11]
@ k-nearest neighbor 0O OO OOOOODODO

@ More data beats better algorithms
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Transformations of ¢

Tangent

Pixel space
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Vector
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Tangent Distance

Tangent Vector D D 0000000000000 0000000000
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Tangent distance
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Minimum distance

Euclidean distance \
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between § and X -
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e HoGUOOODOUOO SVYMOOOOOOOO [22]
@ Deep Learning 00 00 0O (sum-product network) [23]
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Gaussian Mixture Model (GMM)
k-means 00000 GMMOODOOOOOD

Zﬂz w‘mu z)

e J0DODODDOOODOOODD soft-assignment 00000
@ supervector U0 OO OO
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@ SURF: http://www.vision.ee.ethz.ch/~surf/
@ Affine Invariant Keypoint [25]

@ Sparse coding [26]: Sparse Coding0 00O O00O0O0O0O0O00 wordO0O
ooog

@ Max pooling [27]: O visualword 00 00000000000 OOOOOO
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@ VLAD [28]: O visualword 0 0 00000000 (0000D0)00000
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@ Super vector coding [29]: BoF O VLADO OO DO OOOOOO

@ GMM Supervectors [30]: TRECVID2011 00000000000 OO0O
0 [31]

@ Fishervector [32: 0O O0OO0O0ODOO0OOODOOOOO
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e multiple kernel learning [35, 36] O O
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HOG360: 64 x 64000 360 0 HOG

PHOG180: 128 x 128 00 0 1800 PHOG (DO T ODO)

PHOG360: 128 x 128 000 3600 PHOG (DO OODO)

8S: 32 x 32000 self-similarity 0 0 O

GIST: 128 x 128 000 gist OO O



mean class accuracy [%)]
8

# training samples

goood MKL LP-beta goood
5 46.5£1.1 | 59.5+0.2 | 55.3+£0.8
10 59.2+£0.5 | 69.2+04 | 644+£0.38
15 66.0£09 | 74610 | 69.1+1.4
20 70.8+£0.9 | 77T6£03 | T1.6+1.2
25 74.3+£0.8 | 79604 | 73.6£0.9
30 777205 | 82.1£03 | 745+0.7
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