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The art of Convolutional Neural Networks

feature maps feature maps feature maps feature maps OUTPUT
4@24x24 4@12x12 12@8x8 12@4x4 26@1x1

Yan Le Cun Net, 1995
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The art of convolutional neural networks

for classifiers
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The art of convolutional neural networks

for recognition

5 Human cropped (97.5%)
DeepFace-ensemble (97.35%)
DeepFace-single (97.00%)
- —— TL Joint Baysian (96.33%)
—— High-dimensional LBP (95.17%)
—— Tom-vs-Pete + Attribute (93.30%)
combined Joint Baysian (92.42%)
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false positive rate

REPRESENTATION
SFC labels

Cl: M2: C3: L4: L5: L6: F7: F8

Calista Flockhart 002.jpg Frontalization: 32x11x11x3 32x3x3x32 16x9x9x32 16x9x9x16 16x7x7x16  16x5x5x16 4096d aog(jd
Detection & Localization @152X152x3 @142x142 @71x71 @63x63 @55x55 @25x25 @21X21

Trained on 4 million images, 4000 identities
Facebook , Tel Aviv FaceNet M.A. Ranzato , L.Wolf 2014



The art of convolutional neural networks

for detection

cPErson

helmet

motorcycle

over 1.2 billion images and 1000 concepts;

J.Sun Microsoft ResNet-152  winner Imagenet 2015
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