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Deep Neural Networks are Complicated
(And Huge!)
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Remember HW2 - Size of AlexNet!



CPU vs GPU

Small Big
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Shallow Approximation

input laver

Possible Approaches
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Binary-VWelights Network

Basic Idea: [oo much information In
each convolutional layer. Can we store less!



Binary-VWelights Network
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[raning

Binarize weights in forward
pass and backward
propagation

Use real valued weights in
gradient descent (Why?)

Also, If we are using real valued
welghts somewhere, what's the
point!!



XNOR-Net

I+ W = (sign(I) ® sign(W)) ® K«

(1) Binarizing Weight
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[raning
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A typical block in CNN A block in XNOR-Net
BinActiv BinConv

Computes the K and sign(l)  Perform earlier Binary
Convolution



Experiments

Efficiency

Speecup by varving channel size Speecup by varving filter size
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Experiments

Accuracy

Cifar-10
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Experiments

Accuracy
Classification Accuracy(%)
Binary-Weight Binary-Input-Binary-Weight || Full-Precision
BWN BC[11] || XNOR-Net| BNN[II] AlexNet[!]
Top-1|Top-5|Top-1|Top-5||Top-1 | Top-5|Top-1| Top-5 [|Top-1| Top-5
56.8 794|354 |61.0|44.2 |69.2 | 279 | 5042 | 56.6 | 80.2
ResNet-18 GooglLenet
Network Variations top-1 |top-5 ||top-1 [top-5
Binary-Weight-Network 60.8 |33.0 65.5 |[86.1
XNOR-Network 51.2 732 N/A  [N/A
Full-Precision-Network 69.3 89.2 71.3  190.0




Questions!?



