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Overview 

•  All about LeCun’s Convolutional Neural Networks 
– LeCun et al. 1998 

•  Krizhevsky, Sutskever & Hinton NIPS 2012 

•  Stochastic Regularization methods 
– DropOut [Hinton et al. 2012] 
– Other related methods 



Convolutional Neural Networks 

•  LeCun et al. 1998 
•  Very successful on MNIST digits 
•  But didn’t work so well on  

Caltech 101 (why?) 



Recap of Convnets 

•  Feed-forward:  
–  Convolve input 
–  Non-linearity (rectified linear) 
–  Pooling (local max) 

•  Supervised 
•  Train convolutional filters by  

back-propagating classification error 
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Krizhevsky et al. [NIPS2012] 

•  7 hidden layers, 650,000 neurons, 60,000,000 parameters 
•  Trained on 2 GPUs for a week 

•  Same model as LeCun’98 but: 
   -   bigger model 

-  more data 
-  GPU implementation 
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Regularizing Neural Nets 

•  Neural Networks are good at classifying large 
labeled datasets 

•  Large capacity is essential: more layers and more 
units 

•  But without regularization, model with millions 
or billions of parameters can easily overt 

•  Existing regularization methods: 
– L1 or L2 penalty 
– Bayesian methods 
– Early stopping of training 



Stochastic Regularization 

•  Deliberately add noise into network 

•  DropOut [Hinton et al. 2012] 

•  Recent follow-on work: 
– DropConnect [Wan et al. 2013] 
– Stochastic Pooling [Zeiler & Fergus 2013] 
– MaxOut [Goodfellow 2013] 
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What about Convolution Layers?  

•  DropOut/DropConnect hurts on these 

•  MaxOut [Goodfellow et al. 2013] 
– Take max over group of feature maps 

•  Stochastic Pooling [Zeiler & Fergus 2013] 



Stochas3c	
  Pooling:	
  Training	
  

•  Compute	
  ac3va3ons	
      :	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
•  Normalize	
  to	
  sum	
  to	
  1	
  	
  	
  	
  	
  	
  -­‐>	
  	
  
•  Sample	
  loca3on,	
   ,	
  from	
  mul3nomial	
  
•  Use	
  ac3va3on	
  from	
  the	
  loca3on:	
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Stochas3c	
  Pooling:	
  Inference	
  

•  Sampling	
  adds	
  noise	
  at	
  test	
  3me	
  
•  Could	
  sample	
  mul3ple	
  loca3ons	
  …	
  too	
  slow	
  
•  Instead,	
  scale	
  ac3va3ons	
  by	
  probabili3es:	
  

e)	
  Probabili3es,	
  pi 
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d)	
  Ac3va3ons,	
  ai 
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f)	
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Example:	
  



Convergence	
  and	
  OverfiTng:	
  CIFAR-­‐10	
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Effects	
  of	
  Pooling	
  Size	
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CIFAR-­‐10	
  Results	
  



Train/Test	
  combina3ons	
  



Conclusions	
  	
  

•  Big	
  Convnets	
  work	
  really	
  well	
  for	
  classifica3on	
  

•  Around	
  half	
  error	
  of	
  exis3ng	
  methods	
  

•  Stochas3c	
  regulariza3on	
  important	
  to	
  achieve	
  
these	
  results	
  

•  Future	
  work:	
  detec3on	
  


