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Deep	  winter	  
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…	  and	  of	  course	  TRECVID	  2014	  Best	  results	  use	  deep	  learning!	  

@Xiaogang	  Wang,	  CUHK,	  ICIP	  Tutorial	  2014	  
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•  Convolution uses local weights shared across the whole image 

•  Pooling shrinks the spatial dimensions 

[LeCun-89] 
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•  Many	  other	  Deep	  Models	  (not	  convoluAonal):	  
–  Deep	  belief	  Net	  –	  Hinton’06	  –	  Stack	  RBM	  
–  Auto-‐Encoder	  –	  Hinton	  and	  Salakhutdinov	  06	  



Large	  CNN	  [Slides	  @Fergus	  tutorial	  NIPS	  2013]	  
Architecture	  of	  the	  IMAGENET	  Challenge	  2012	  Winner:	  
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Learning	  the	  deep	  CNN	  2012	  	  

•  Basics:	  
– Backprop	  
– Cross	  ValidaAon	  
– Grid	  search	  

•  “New”	  	  
– Huge	  computaAonal	  resources	  (GPU)	  
– Huge	  training	  set	  (1	  million	  images)	  
– Data	  augmentaAon	  -‐	  Pre-‐processing	  
– Dropout	  



Crop,	  flip	  
In	  train	  	  
AND	  
In	  test	  	  

Learning	  the	  deep	  CNN	  2012	  	  
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–  Deep	  vs	  Shallow	  (Why	  deep?)	  
–  Feature	  Learning	  vs	  Feature	  Engineering	  
–  Using	  deep	  in	  Computer	  Vision	  



Deep	  vs	  shallow	  

•  Deep:	  learning	  hierarchical	  feature	  	  representaAons	  (disentangle	  
mulAple	  factors)	  	  

•  Theo.	  Shallow	  model	  same	  potenAal	  as	  deep	  but:	  
–  Need	  (exponenAally)	  more	  param	  	  
–  CNN	  Not	  a	  simple	  MLP	  =>	  a	  lot	  of	  structures	  (knowledge)	  embedded	  

via	  ConvoluAonal	  layers	  	  
•  Is	  it	  possible	  to	  Mimic	  a	  deep	  with	  a	  shallow	  architecture?	  

[Do	  Deep	  Nets	  Really	  Need	  to	  be	  Deep?,	  Ba	  NIPS	  2014]	  

Image Label

Deep Architecture Shallow Architecture 

Multiple latent layers

@H. Goh 

Mimic	  



Feature	  engineering/	  feature	  learning	  
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Deep	  vs	  shallow	  in	  Computer	  Vision	  

•  CV	  works	  a	  lot	  on	  handcraqed	  local	  features	  
–  BoVW	  (Bag	  of	  Visual	  Words	  and	  extensions	  
FisherVectors,	  BossaNova	  …)	  

–  BoVW	  not	  so	  shallow	  but	  	  
•  not	  end-‐to-‐end	  supervised	  learning	  

•  Deep	  CNN:	  end-‐to-‐end	  learning	  on	  a	  handcraqed	  
architecture!	  [Charield	  BMVC	  2014]	  
– Why	  8	  layers?	  why	  3x3	  at	  the	  5th	  layer	  without	  
polling?	  …	  =>	  ad-‐hoc	  architecture	  	  

	  	  











Using	  CNN	  representaAon	  in	  Vision	  
•  Are	  CNN	  providing	  generic	  features	  ?	  

– Yes!	  Deep	  features	  (from	  ImageNet)	  +SVM	  on	  
PASCAL	  07	  ==	  10%	  beCer	  than	  best	  BoVW	  
methods!	  [Charield]	  

•  Transfert	  to	  many	  tasks	  [Razavian	  CVPRw2014]	  	  
– Frozen	  features	  +	  SVM	  =	  soluAon	  to	  small	  datasets	  
– Fine	  tuning	  not	  easy	  in	  that	  case	  (small	  datasets)	  
– Which	  is	  the	  best	  layer	  cut	  for	  transfert	  ?	  

•  Depending	  to	  the	  task	  



How	  it	  is	  Transferable?	  [Yosinski	  NIPS	  2014]	  



To	  conclude	  (1/2)	  
•  Supervised/Unsupervised	  –	  learning	  generic	  
data	  representaAon	  

•  Incorporate	  domain	  knowledge	  into	  deep	  
architectures	  

•  Weak	  on	  theoreAcal	  support:	  	  
–  convergence	  bound,	  	  
–  local	  minimum,	  	  
–  why	  it	  works	  ???	  	  
⇒ deep	  structure	  analysis/understanding	  
⇒ Next	  Talk	  of	  S.	  Mallat	  -‐-‐Filter	  banks	  /	  ScaCering	  /
contracAve	  architecture	  …	  

GoogLeNet	  
20	  layers	  
Supervision	  at	  	  
mulAple	  layers	  
Err	  =	  6.6%	  



To	  conclude	  (2/2)	  
•  Computer	  Vision	  side:	  

–  ImageNet:	  Object	  recogniAon	  task	  
•  How	  to	  do	  for	  large	  and	  complex	  scenes	  ?	  	  
•  R-‐CNN	  [Girshik	  CVPR2014]	  

⇒ 	  to	  be	  explored	  in	  the	  talk	  of	  I.	  Laptev	  
R-‐CNN	  architecture	  



  

LIP6 Team Ref. on deep learning and Visual representation

Deep learning for Visual Recognition

• Top-Down Regularization of Deep Belief Networks, H. Goh, N. Thome, M. Cord, JH. Lim, NIPS 2013
• Learning Deep Hierarchical Visual Feature Coding, H. Goh+, IEEE Transactions on Neural Networks and Learning Systems 2014
• Unsupervised and supervised visual codes with Restricted Boltzmann Machines, H. Goh+, ECCV 2012
• Learning invariant color features with sparse topographic restricted boltzmann machines, H. Goh+, ICIP 2011
• Biasing Restricted Boltzmann Machines to Manipulate Latent Selectivity and Sparsity, H. Goh+, NIPS workshop 2010

Bio-inspired Representation

• Extended coding and pooling in the HMAX model, C. Thériault, N. Thome, M. Cord, IEEE Trans. on Image Processing 2013

Visual representation

• Pooling in Image Representation: the Visual Codeword Point of View, S. Avila, N. Thome, M. Cord, E. Valle, A. araujo, CVIU 2013
• Dynamic Scene Classification: Learning Motion Descriptors with Slow Features Analysis, C. Thériault, N. Thome, M. Cord, CVPR 2013

Matthieu Cord
LIP6, Computer Science Department
UPMC Paris 6 - Sorbonne University 

Paris FRANCE
http://webia.lip6.fr/~cord

http://www-poleia.lip6.fr/~cord/Publications_files/TopDownDBN.pdf
http://www-poleia.lip6.fr/~cord/Publications_files/TNNLSCord2014.pdf
http://www-poleia.lip6.fr/~cord/Publications_files/ECCV2012cord.pdf
http://www-poleia.lip6.fr/~cord/Publications_files/06324437.pdf
http://www-poleia.lip6.fr/~cord/Publications_files/BossaNova.pdf
http://www-poleia.lip6.fr/~cord/Publications_files/cvpr.pdf

	Diapo 1

