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Outline�

•  Graph-­‐based	
  learning:	
  label	
  propaga5on	
  
•  Graphical	
  models:	
  Probabilis5c	
  PCA,	
  Mixture	
  of	
  
Gaussians,	
  Hidden	
  Markov	
  Models	
  

•  Neural	
  Networks:	
  tradi5onal	
  neural	
  nets,	
  
Boltzmann	
  machines,	
  deep	
  belief	
  nets,	
  deep	
  
Boltzmann	
  machines	
  

•  Machine	
  Learning	
  vs.	
  Human	
  Learning:	
  
Challenges	
  and	
  limita5ons	
  of	
  exis5ng	
  modeling	
  
frameworks	
  

•  Future	
  research	
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Machine	
  Learning	
  is	
  different	
  from	
  data	
  mining	
  
or	
  sta5s5cs	
  

•  High-dimensional data (often more than 100 dimensions) 
 
•  The noise is not sufficient to obscure the structure in the 

data if we process it right. 

•  There is a huge amount of structure in the data, but the 
structure is too complicated to be represented by a simple 
model. 

•  The main problem is figuring out a way to represent the 
complicated structure so that it can be learned. 
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Graph-­‐based	
  learning	
  (Xiaojin	
  Zhu,	
  Dengyong	
  Zhou) 



Applica5ons	
  (Rui	
  Kuang) �
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Graph-­‐based	
  learning	
  with	
  mu5ple	
  networks	
  
(Tsuda,	
  Bioinforma5cs,	
  2005) �
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Graphical	
  Models:	
  nodes	
  as	
  variables	
  
instead	
  of	
  data	
  points�
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•  Define	
  joint	
  probability	
  distribu5ons	
  
intui5vely	
  and	
  conveniently	
  using	
  graphs.	
  

•  Nodes	
  represent	
  variables	
  and	
  edges	
  
represent	
  sta5s5cal	
  dependencies.	
  

•  Missing	
  edge	
  pa\erns	
  correspond	
  to	
  
condi5onal	
  independencies. �
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Bayesian	
  Networks �
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Trees �

•  Examples:	
  
HMMs,	
  Chow-­‐
Liu	
  Trees	
  

•  Efficient	
  Belief	
  
Propaga5on	
  
algorithms	
  

	
   �
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Undirected	
  Graphical	
  Models:	
  
Boltzmann	
  Machines	
  (Hinton) �
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Gated	
  RBM	
  (Hinton) �
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Factoriza5on	
  to	
  reduce	
  parameters	
  
(Hinton) �
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Supervised	
  Learning:	
  First-­‐Genera5on	
  
Neural	
  Networks �
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•  Perceptrons	
  (~1960)	
  used	
  a	
  
layer	
  of	
  hand-­‐coded	
  features	
  
and	
  tried	
  to	
  recognize	
  objects	
  
by	
  learning	
  how	
  to	
  weight	
  
these	
  features.	
  
–  There	
  was	
  a	
  neat	
  
learning	
  algorithm	
  for	
  
adjus5ng	
  the	
  weights.	
  

–  But	
  perceptrons	
  are	
  
fundamentally	
  limited	
  
in	
  what	
  they	
  can	
  learn	
  
to	
  do.	
  

non-­‐adap5ve	
  
hand-­‐coded	
  
features	
  

output	
  units	
  	
  e.g.	
  
class	
  labels	
  

input	
  units	
  
e.g.	
  pixels	
  

Sketch	
  of	
  a	
  typical	
  perceptron	
  
from	
  the	
  1960’s	
  

Bomb	
   Toy	
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Second-­‐genera5on	
  neural	
  networks	
  (~1985)	
  

input	
  vector	
  

hidden	
  
layers	
  

outputs	
  

Back-­‐propagate	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
error	
  signal	
  to	
  get	
  
deriva5ves	
  for	
  
learning	
  

Compare	
  outputs	
  with	
  
correct	
  answer	
  to	
  get	
  
error	
  signal	
  



Third-­‐genera5on	
  neural	
  networks �
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hidden	
  

i	
  

j	
  

visible	
  



Deep	
  Models	
  (Rus,	
  Tijimen,	
  Hinton) �
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Extend Supervised Linear Embedding Methods 
with Deep Neural Networks (Min et al., 2010) 

•  Maximize Margin for kNN classification 
(LMNN) 

•  Maximally Collapsing Metric Learning 
(MCML) learns a linear mapping to collapse 
all the points in the same class to one point 

•  Neighborhood Component Analysis (NCA) 
learns a linear mapping by maximizing the 
expected number of points correctly 
classified 

•  We can use a deep neural network pre-
trained  with RBMs to learn a deep 
supervised non-linear embedding by 
optimizing the cost of LMNN, MCML, and 
NCA for both high-dimensional data 
visualization and classification 
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Embedding Results on USPS Digits  (dt-MCML)�
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Supervised	
  Learning:	
  SVM	
  as	
  First-­‐
Genera5on	
  Neural	
  Networks �
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•  Linear	
  SVM:	
  a	
  margin	
  
maximiza5on	
  linear	
  
separa5ng	
  hyperplane	
  

	
  
•  Non-­‐linear	
  SVM:	
  adap5ve	
  

feature	
  mapping	
  using	
  
kernel	
  func5ons,	
  and	
  a	
  
linear	
  classifier	
  	
  in	
  the	
  
feature	
  space	
  

non-­‐adap5ve	
  
features	
  from	
  	
  
a	
  kernel	
  func5on	
  

Linear	
  separa5on	
  
based	
  on	
  margin	
  
maximiza5on	
  

input	
  units	
  
e.g.	
  pixels	
  

Bomb	
   Toy	
  



Supervised	
  Learning:	
  SVM�
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Class	
  1	
  

Class	
  2	
  

m	
  



Supervised	
  Learning:	
  SVM	
  �
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Class	
  1	
  

Class	
  2	
  



Non-­‐linear	
  Mapping�
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Dual	
  Problem�
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Kernels �
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•  Polynomial	
  kernel	
  with	
  degree	
  d	
  

•  Radial	
  basis	
  func5on	
  kernel	
  with	
  width	
  σ	
  

–  Closely	
  related	
  to	
  radial	
  basis	
  func5on	
  neural	
  networks	
  
–  The	
  feature	
  space	
  is	
  infinite-­‐dimensional	
  

•  Sigmoid	
  with	
  parameter	
  κ	
  and	
  θ	
  	
  

–  It	
  does	
  not	
  sa5sfy	
  the	
  Mercer	
  condi5on	
  on	
  all	
  κ	
  and	
  θ	
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Random-­‐Walk	
  Kernel	
  (Posi5ve	
  K) �
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Learned	
  Random-­‐Walk	
  Kernel	
  (Min	
  et.	
  al,.	
  
2009) �

normalized	
  
profile	
  	
  
Kernel	
   �

1-­‐step	
  
Random	
  
Walk	
  
Kernel	
   �

2-­‐step	
  
Random	
  
Walk	
  
Kernel	
   �

m-­‐step	
  
Random	
  
Walk	
  
Kernel	
   �

… �

Labels	
  of	
  training	
  
data� + �

Learned	
  
Random	
  
Walk	
  
Kernel	
   �
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Learned	
  Random-­‐Walk	
  Kernel	
  �

SVM	
  learning	
  

Kernel	
  learning	
  



Proofs	
  (Vapnik	
  thought	
  I	
  was	
  wrong) �
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Discovered	
  Protein	
  Sequence	
  Mo5fs	
  
(PDB	
  id	
  1c1l)�
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Experimental	
  Results	
  on	
  Protein	
  
Remote	
  Homology	
  Iden5fica5on �
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Debate	
  on	
  (Ar5ficial)	
  Human	
  Learning:	
  
Connec5onism	
  or	
  Symbolism?	
  

	
  
•  Mul5-­‐stage	
  informa5on	
  processing	
  
•  Reasoning	
  and	
  percep5on	
  
•  Mathema5cs	
  
•  Theorem	
  proving	
  
•  Logic	
  
•  Crea5ve	
  thinking	
  



Conclusions�
•  Machine learning is not data mining or statistics, and it has 
some many hard-core computer science problems remaining 
to solve 

•  Machine learning has already come into our everyday life 
 
•  Machine learning still has a long way to go 

•  Human intelligence is nothing but more “complex” systems 

•  We need biologically plausible models to build machine brains 
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The	
  Ul5mate	
  Future	
  of	
  Machine	
  
Learning�
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The End �

Thank You �
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