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State of the art recognition methods




State of the art recognition methods

* Very Expensive
* Memory
* Computation
* Power
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Convolutional Neural Networks
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Quantization Error

WB = s1gn(W)
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How to train a CNN with binary filters?
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Training Binary Weight Networks

Naive Solution:

1. Train a network with real value parameters
2. Binarize the weight filters
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Binary Weight Network

Train for binary weights:
1. Randomly initialize W
2. For iter =1to N

3. Load a random input image X
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Train for binary weights:
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Binary Input and Binary Weight (XNOR-Net)
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Object Detection

~ person :0.910 ‘ person : 0.998

person 0.998 umbrella : 0.910

handbag : 0.667 Mk
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[He et al, 2015]



YOLO: Fastest Object Detector
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