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The	
  Age	
  of	
  Big	
  Data	
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200	
  million	
  
tweets/day	
  

Personal	
  Connectome	
  
1018	
  bytes/human	
  	
  

1	
  billion	
  
messages/day	
  

CERN	
  Collider	
  
320	
  x	
  1012	
  bytes/second	
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  Data	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Knowledge	
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From	
  Data	
  to	
  Knowledge	
  …	
  



What	
  is	
  Machine	
  Learning?	
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Learning algorithm 

Data	
  

Knowledge	
  



What	
  is	
  Machine	
  Learning?	
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Design	
  and	
  Analysis	
  of	
  algorithms	
  that	
  
• 	
  improve	
  their	
  performance	
  	
  
• 	
  at	
  some	
  task	
  	
  
• 	
  with	
  experience	
  	
  

Learning algorithm 

(experience)	
   (performance	
  on	
  task)	
  
Knowledge



Human	
  learning	
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Task:	
  Learning	
  stage	
  of	
  protein	
  crystalliza$on	
  	
  

Performance	
  

?	
  

Experience	
  

Crystal	
   Needle	
  

Tree	
   Empty	
   Needle	
  

Tree	
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Machine	
  Learning	
  in	
  AcIon	
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•  Document	
  classifica$on	
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Sports	
  
Science	
  
News	
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•  Spam	
  filtering	
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Spam/	
  
Not	
  spam	
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•  Stock	
  Market	
  Predic$on	
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Y	
  =	
  ?	
  

X	
  =	
  Feb01	
  	
  



Machine	
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  in	
  AcIon	
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•  Decoding	
  thoughts	
  from	
  brain	
  scans	
  

Rob	
  a	
  bank	
  …	
  



Machine	
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  in	
  AcIon	
  

•  The	
  best	
  helicopter	
  pilot	
  is	
  now	
  a	
  computer!	
  

13	
  

h\p://heli.stanford.edu/	
  



Machine	
  Learning	
  in	
  AcIon	
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•  Many,	
  many	
  more…	
  
Speech	
  recogni$on,	
  Natural	
  language	
  processing	
  
Computer	
  vision	
  
Robo$cs	
  
Web	
  forensics	
  
Medical	
  data	
  analysis	
  
Computa$onal	
  biology	
  
Sensor	
  networks	
  
Social	
  networks	
  
…	
  



ML	
  is	
  trending!	
  
– Wide	
  applicability	
  
–  Very	
  large-­‐scale	
  complex	
  systems	
  

•  Internet	
  (billions	
  of	
  nodes),	
  sensor	
  network	
  (new	
  mul$-­‐modal	
  
sensing	
  devices),	
  gene$cs	
  (human	
  genome)	
  

–  Huge	
  mul$-­‐dimensional	
  data	
  sets	
  
•  30,000	
  genes	
  x	
  10,000	
  drugs	
  x	
  100	
  species	
  x	
  …	
  

–  Socware	
  too	
  complex	
  to	
  write	
  by	
  hand	
  
–  Improved	
  machine	
  learning	
  algorithms	
  	
  
–  Improved	
  data	
  capture	
  (Terabytes,	
  Petabytes	
  of	
  data),	
  
networking,	
  faster	
  computers	
  	
  

–  Demand	
  for	
  self-­‐customiza$on	
  to	
  user,	
  environment	
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Are	
  we	
  there	
  yet?	
  



ML	
  has	
  a	
  long	
  way	
  to	
  go	
  …	
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ML	
  has	
  a	
  long	
  way	
  to	
  go	
  …	
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h\p://www.google.com/url?sa=t&source=web&cd=5&ved=0CCwQtwIwBA&url=h\p://
video.google.com/videoplay?docid=-­‐1123221217782777472&rct=j&q=bad%20speech
%20recogni$on&ei=nvyGTN3kOMOAlAezu_HHDg&usg=AFQjCNHDTf0w6VudgJoP3xAvDT
FhbzWCQ&cad=rja	
  

Speech	
  Recogni$on	
  gone	
  Awry	
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Broad	
  categories	
  -­‐	
  	
  

• 	
  Supervised	
  learning	
  	
  
	
  Classifica$on,	
  Regression	
  

• 	
  Unsupervised	
  learning	
  	
  
	
  Density	
  es$ma$on,	
  Clustering,	
  Dimensionality	
  reduc$on	
  

	
  
• 	
  Semi-­‐supervised	
  learning	
  	
  
• 	
  Ac$ve	
  learning	
  
• 	
  Reinforcement	
  learning	
  
• 	
  Many	
  more	
  …	
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Task: 

Feature	
  Space	
   Label	
  Space	
  

“Sports”	
  
“News”	
  
“Science”	
  
	
  	
  	
  	
  …	
  

Words	
  in	
  a	
  document	
  

Market	
  informa$on	
  	
  
up	
  to	
  $me	
  t	
  

Share	
  Price	
  
“$	
  24.50”	
  

Discrete	
  Labels	
  
Classification 

Con$nuous	
  Labels	
  
Regression 



Unsupervised	
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Aka “learning without a teacher” 

Task: 

Feature	
  Space	
  

Words	
  in	
  a	
  document	
   Word	
  distribu$on	
  
(Probability	
  of	
  a	
  word)	
  



Unsupervised	
  Learning	
  
Density/Distribution Estimation 
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Unsupervised	
  Learning	
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[Goldberger	
  et	
  al.]	
  Clustering	
  -­‐	
  Group	
  similar	
  things	
  e.g.	
  images	
  



Unsupervised	
  Learning	
  
Dimensionality Reduction/Embedding 
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Images	
  have	
  thousands	
  or	
  
millions	
  of	
  pixels.	
  

	
  
Can	
  we	
  give	
  each	
  image	
  a	
  

coordinate,	
  	
  
such	
  that	
  similar	
  images	
  are	
  

near	
  each	
  other?	
  

[Saul	
  &	
  Roweis	
  ‘03]	
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Broad	
  categories	
  -­‐	
  	
  

• 	
  Supervised	
  learning	
  	
  
	
  Classifica$on,	
  Regression	
  

• 	
  Unsupervised	
  learning	
  	
  
	
  Density	
  es$ma$on,	
  Clustering,	
  Dimensionality	
  reduc$on	
  

	
  
• 	
  Semi-­‐supervised	
  learning	
  	
  
• 	
  Ac$ve	
  learning	
  
• 	
  Reinforcement	
  learning	
  
• 	
  Many	
  more	
  …	
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Key	
  Issues	
  in	
  Machine	
  Learning	
  



Training	
  Data	
  vs.	
  Test	
  Data	
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Task:	
  Learning	
  stage	
  of	
  protein	
  crystalliza$on	
  	
  

Performance	
  

?	
  

Experience	
  

Crystal	
   Needle	
  

Tree	
   Empty	
   Needle	
  

Tree	
  



No	
  

Football	
  	
  
Player	
  

Training	
  data	
  

W
ei
gh
t	
  

Height	
  

•  A	
  good	
  machine	
  learning	
  algorithm	
  
–  	
  Does	
  not	
  overfit	
  training	
  data	
  
–  	
  Generalizes	
  well	
  to	
  test	
  data 	
  	
  

W
ei
gh
t	
  

Height	
  

Training	
  Data	
  vs.	
  Test	
  Data	
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Test	
  data	
  



Performance	
  Measure	
  
For	
  a	
  random	
  test	
  data	
  X,	
  measure	
  of	
  closeness	
  between	
  true	
  
label	
  Y	
  and	
  predic$on	
  f(X)	
  
	
  
Binary	
  Classifica$on	
  
	
  
	
  
Regression	
  
	
  	
  
	
  
Density	
  Es$ma$on	
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0/1 loss 

square loss 

Negative log 
likelihood loss 

loss(f(X)) = � log(Pf (X))



Machine	
  Learning	
  vs.	
  OpImizaIon	
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Ideal	
  goal:	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  that	
  works	
  well	
  for	
  any	
  test	
  data	
  point	
  

BUT…	
  OpImizaIon	
  depends	
  on	
  unknown	
  PXY	
  !	
  

Simply	
  an	
  op$miza$on	
  problem:	
  

Crystal	
   Needle	
  

Tree	
   Empty	
   Needle	
  

Tree	
  

Training	
  data	
  (experience)	
  provides	
  a	
  glimpse	
  of	
  PXY	
  

(j)	
   (j)	
  

j	
  



Enjoy!	
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•  ML	
  is	
  becoming	
  ubiquitous	
  in	
  science,	
  
engineering	
  and	
  beyond	
  

•  This	
  class	
  should	
  give	
  you	
  the	
  basic	
  founda$on	
  
for	
  applying	
  ML	
  and	
  developing	
  new	
  methods	
  

•  The	
  fun	
  begins…	
  


