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Deep autoencoders  

AlternaGve	
  to	
  contrasGve	
  unsupervised	
  word	
  learning	
  
•  Another	
  is	
  RBMs	
  (Hinton	
  et	
  al.	
  2006),	
  which	
  we	
  don’t	
  cover	
  today	
  

Works	
  well	
  for	
  fixed	
  input	
  representaGons	
  

1.  DefiniGon,	
  intuiGon	
  and	
  variants	
  of	
  autoencoders	
  
2.  Stacking	
  for	
  deep	
  autoencoders	
  
3.  Why	
  do	
  autoencoders	
  improve	
  deep	
  neural	
  nets	
  so	
  much?	
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Auto-Encoders 

•  MulGlayer	
  neural	
  net	
  with	
  target	
  output	
  =	
  input	
  
•  ReconstrucGon=decoder(encoder(input))	
  

•  Probable	
  inputs	
  have	
  	
  
small	
  reconstrucGon	
  error	
  

…	
  

	
  code=	
  latent	
  features	
  

…	
  
	
  encoder	
  

	
  decoder	
  

	
  input	
  

	
  reconstrucGon	
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PCA = Linear Manifold = Linear Auto-
Encoder 

reconstrucGon	
  error	
  vector	
  

Linear	
  manifold	
  

reconstrucGon(x)	
  

x	
  

input	
  x,	
  0-­‐mean	
  
features=code=h(x)=W	
  x	
  
reconstrucGon(x)=WT	
  h(x)	
  =	
  WT	
  W	
  x	
  
W	
  =	
  principal	
  eigen-­‐basis	
  of	
  Cov(X)	
  

LSA	
  example:	
  
x	
  =	
  (normalized)	
  distribuGon	
  
of	
  co-­‐occurrence	
  frequencies	
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The Manifold Learning Hypothesis 

•  Examples	
  concentrate	
  near	
  a	
  lower	
  dimensional	
  
“manifold”	
  (region	
  of	
  high	
  density	
  where	
  small	
  changes	
  are	
  only	
  
allowed	
  in	
  certain	
  direcGons)	
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Auto-Encoders Learn Salient 
Variations, like a non-linear PCA 

Minimizing	
  reconstrucGon	
  error	
  
forces	
  latent	
  representaGon	
  of	
  	
  

“similar	
  inputs”	
  to	
  stay	
  on	
  	
  
manifold	
  



Auto-Encoder Variants 
•  Discrete	
  inputs:	
  cross-­‐entropy	
  or	
  log-­‐likelihood	
  reconstrucGon	
  

criterion	
  (similar	
  to	
  used	
  for	
  discrete	
  targets	
  for	
  MLPs)	
  

•  PrevenGng	
  them	
  to	
  learn	
  the	
  idenGty	
  everywhere:	
  
•  Undercomplete	
  (eg	
  PCA):	
  	
  bo0leneck	
  code	
  smaller	
  than	
  input	
  

•  Sparsity:	
  penalize	
  hidden	
  unit	
  acGvaGons	
  so	
  at	
  or	
  near	
  0	
  
	
  	
  	
  	
  [Goodfellow	
  et	
  al	
  2009]	
  

•  Denoising:	
  predict	
  true	
  input	
  from	
  corrupted	
  input	
  
	
  	
  	
  	
  [Vincent	
  et	
  al	
  2008]	
  

•  ContracGve:	
  force	
  encoder	
  to	
  have	
  small	
  derivaGves	
  

	
  	
  	
  	
  [Rifai	
  et	
  al	
  2011]	
  
85	
  



Sparse autoencoder illustration for 
images 

	
  	
  	
  	
  Natural	
  Images	
  

Learned	
  bases:	
  	
  “Edges”	
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≈ 0.8 *                   + 0.3 *                     + 0.5 * 

     x      ≈ 0.8 *       φ
36         +  0.3 *        φ42          

+ 0.5 *       φ63	
  

[a1,	
  …,	
  a64]	
  =	
  [0,	
  0,	
  …,	
  0,	
  0.8,	
  0,	
  …,	
  0,	
  0.3,	
  0,	
  …,	
  0,	
  0.5,	
  0]	
  	
  
(feature	
  representaGon)	
  	
  

Test	
  example 
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Stacking Auto-Encoders 

•  Can	
  be	
  stacked	
  successfully	
  (Bengio	
  et	
  al	
  NIPS’2006)	
  to	
  form	
  highly	
  
non-­‐linear	
  representaGons	
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Layer-wise Unsupervised Learning 

… input 
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Layer-wise Unsupervised Pre-training 

… 

… 

input 

features 
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Layer-wise Unsupervised Pre-training 

… 

… 

… 

input 

features 

reconstruction 
of input = 

? 
… input 
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Layer-wise Unsupervised Pre-training 

… 

… 

input 

features 
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Layer-wise Unsupervised Pre-training 

… 

… 

input 

features 

… More abstract 
features 
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… 

… 

input 

features 

… More abstract 
features 

reconstruction 
of features = 

? 
… … … … 

Layer-Wise Unsupervised Pre-training Layer-wise Unsupervised Learning 

93	
  



… 

… 

input 

features 

… More abstract 
features 

Layer-wise Unsupervised Pre-training 
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… 

… 

input 

features 

… More abstract 
features 

… 
Even more abstract 

features 

Layer-wise Unsupervised Learning 
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… 

… 

input 

features 

… More abstract 
features 

… 
Even more abstract 

features 

Output 
f(X) six 

Target 
Y 

two! = 
? 

Supervised Fine-Tuning 
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Why is unsupervised pre-training 
working so well? 

•  RegularizaGon	
  hypothesis:	
  	
  
•  RepresentaGons	
  good	
  for	
  P(x)	
  
are	
  good	
  for	
  P(y|x)	
  	
  

•  OpGmizaGon	
  hypothesis:	
  
•  Unsupervised	
  iniGalizaGons	
  start	
  
near	
  be0er	
  local	
  minimum	
  of	
  
supervised	
  training	
  error	
  

•  Minima	
  otherwise	
  not	
  
achievable	
  by	
  random	
  
iniGalizaGon	
  

Erhan,	
  Courville,	
  Manzagol,	
  
Vincent,	
  Bengio	
  (JMLR,	
  2010)	
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