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Machine	  Learning	  
-‐ 	  Grew	  out	  of	  work	  in	  AI	  
-‐ 	  New	  capability	  for	  computers	  	  
	  

Examples:	  	  
-‐ 	  Database	  mining	  	  

Large	  datasets	  from	  growth	  of	  automa)on/web.	  	  	  
E.g.,	  Web	  click	  data,	  medical	  records,	  biology,	  engineering	  

-‐ 	  Applica)ons	  can’t	  program	  by	  hand.	  
E.g.,	  Autonomous	  helicopter,	  handwri)ng	  recogni)on,	  most	  of	  
Natural	  Language	  Processing	  (NLP),	  Computer	  Vision.	  	  
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Machine	  Learning	  
-‐ 	  Grew	  out	  of	  work	  in	  AI	  
-‐ 	  New	  capability	  for	  computers	  	  
	  

Examples:	  	  
-‐ 	  Database	  mining	  	  

Large	  datasets	  from	  growth	  of	  automa)on/web.	  	  	  
E.g.,	  Web	  click	  data,	  medical	  records,	  biology,	  engineering	  

-‐ 	  Applica)ons	  can’t	  program	  by	  hand.	  
E.g.,	  Autonomous	  helicopter,	  handwri)ng	  recogni)on,	  most	  of	  
Natural	  Language	  Processing	  (NLP),	  Computer	  Vision.	  	  

-‐ 	  Self-‐customizing	  programs	  
E.g.,	  Amazon,	  NeOlix	  product	  recommenda)ons	  

-‐ 	  Understanding	  human	  learning	  (brain,	  real	  AI).	  
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Introduc)on	  
What	  is	  machine	  
learning	  

Machine	  Learning	  
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•  Arthur	  Samuel	  (1959).	  Machine	  Learning:	  Field	  of	  
study	  that	  gives	  computers	  the	  ability	  to	  learn	  
without	  being	  explicitly	  programmed.	  	  

•  Tom	  Mitchell	  (1998)	  Well-‐posed	  Learning	  
Problem:	  A	  computer	  program	  is	  said	  to	  learn	  
from	  experience	  E	  with	  respect	  to	  some	  task	  T	  
and	  some	  performance	  measure	  P,	  if	  its	  
performance	  on	  T,	  as	  measured	  by	  P,	  improves	  
with	  experience	  E.	  	  

Machine	  Learning	  defini)on	  
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Classifying	  emails	  as	  spam	  or	  not	  spam.	  	  

Watching	  you	  label	  emails	  as	  spam	  or	  not	  spam.	  	  

The	  number	  (or	  frac)on)	  of	  emails	  correctly	  classified	  as	  spam/not	  spam.	  	  

None	  of	  the	  above—this	  is	  not	  a	  machine	  learning	  problem.	  

Suppose	  your	  email	  program	  watches	  which	  emails	  you	  do	  or	  do	  
not	  mark	  as	  spam,	  and	  based	  on	  that	  learns	  how	  to	  be\er	  filter	  
spam.	  	  What	  is	  the	  task	  T	  in	  this	  se]ng?	  	  
	  

“A	  computer	  program	  is	  said	  to	  learn	  from	  experience	  E	  with	  respect	  to	  
some	  task	  T	  and	  some	  performance	  measure	  P,	  if	  its	  performance	  on	  T,	  
as	  measured	  by	  P,	  improves	  with	  experience	  E.”	  
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Machine	  learning	  algorithms:	  
-‐  Supervised	  learning	  
-‐  Unsupervised	  learning	  

Others:	  Reinforcement	  learning,	  recommender	  
systems.	  	  

	  

Also	  talk	  about:	  Prac)cal	  advice	  for	  applying	  
learning	  algorithms.	  	  
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Introduc)on	  
Supervised	  
Learning	  

Machine	  Learning	  
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Size	  in	  feet2	  	  

Regression:	  Predict	  con)nuous	  
valued	  output	  (price)	  

Supervised	  Learning	  
“right	  answers”	  given	  
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Breast	  cancer	  (malignant,	  benign)	  
Classifica)on	  
Discrete	  valued	  
output	  (0	  or	  1)	  Malignant?	  

1(Y)	  

0(N)	  

Tumor	  Size	  

Tumor	  Size	  
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Tumor	  Size	  

Age	  

-‐  Clump	  Thickness	  
-‐  Uniformity	  of	  Cell	  Size	  
-‐  Uniformity	  of	  Cell	  Shape	  
…	  
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Treat	  both	  as	  classifica)on	  problems.	  	  

Treat	  problem	  1	  as	  a	  classifica)on	  problem,	  problem	  2	  as	  a	  regression	  problem.	  	  

Treat	  problem	  1	  as	  a	  regression	  problem,	  problem	  2	  as	  a	  classifica)on	  problem.	  	  

Treat	  both	  as	  regression	  problems.	  	  

You’re	  running	  a	  company,	  and	  you	  want	  to	  develop	  learning	  algorithms	  to	  address	  
each	  of	  two	  problems.	  
	  
Problem	  1:	  You	  have	  a	  large	  inventory	  of	  iden)cal	  items.	  	  You	  want	  to	  predict	  how	  
many	  of	  these	  items	  will	  sell	  over	  the	  next	  3	  months.	  
Problem	  2:	  You’d	  like	  soYware	  to	  examine	  individual	  customer	  accounts,	  and	  for	  each	  
account	  decide	  if	  it	  has	  been	  hacked/compromised.	  	  
	  
Should	  you	  treat	  these	  as	  classifica)on	  or	  as	  regression	  problems?	  	  
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Introduc)on	  
Unsupervised	  
Learning	  

Machine	  Learning	  
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x1	  

x2	  

Supervised	  Learning	  
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Unsupervised	  Learning	  

x1	  

x2	  
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Andrew	  Ng	  [Source:	  Su-‐In	  Lee,	  Dana	  Pe’er,	  Aimee	  Dudley,	  George	  Church,	  Daphne	  Koller]	  
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Organize	  compu)ng	  clusters	   Social	  network	  analysis	  

Image	  credit:	  NASA/JPL-‐Caltech/E.	  Churchwell	  (Univ.	  of	  Wisconsin,	  Madison)	  	  

Astronomical	  data	  analysis	  Market	  segmenta)on	  
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Cocktail	  party	  problem	  

Microphone	  #1	  

Microphone	  #2	  

Speaker	  #1	  

Speaker	  #2	  



Andrew	  Ng	  [Audio	  clips	  courtesy	  of	  Te-‐Won	  Lee.]	  

Microphone	  #1:	  
	  
Microphone	  #2:	  	  

Microphone	  #1:	  
	  
Microphone	  #2:	  	  

Output	  #1:	  
	  
Output	  #2:	  	  

Output	  #1:	  
	  
Output	  #2:	  	  
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Cocktail	  party	  problem	  algorithm	  
	  
[W,s,v]	  =	  svd((repmat(sum(x.*x,1),size(x,1),1).*x)*x');	  

[Source:	  Sam	  Roweis,	  Yair	  Weiss	  &	  Eero	  Simoncelli]	  
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Ordering	  of	  	  
bu\ons	  is:	  
13	  
24	  

Of	  the	  following	  examples,	  which	  would	  you	  address	  using	  an	  
unsupervised	  learning	  algorithm?	  	  (Check	  all	  that	  apply.)	  	  

	  

Given	  a	  database	  of	  customer	  data,	  automa)cally	  discover	  market	  
segments	  and	  group	  customers	  into	  different	  market	  segments.	  	  

Given	  email	  labeled	  as	  spam/not	  spam,	  learn	  a	  spam	  filter.	  

Given	  a	  set	  of	  news	  ar)cles	  found	  on	  the	  web,	  group	  them	  into	  
set	  of	  ar)cles	  about	  the	  same	  story.	  	  

Given	  a	  dataset	  of	  pa)ents	  diagnosed	  as	  either	  having	  diabetes	  or	  
not,	  learn	  to	  classify	  new	  pa)ents	  as	  having	  diabetes	  or	  not.	  	  
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Linear	  regression	  
with	  one	  variable	  

Model	  
representa6on	  

Machine	  Learning	  
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Housing	  Prices	  
(Portland,	  OR)	  

Price	  
(in	  1000s	  
of	  dollars)	  

Size	  (feet2)	  
Supervised	  Learning	  
	  

Given	  the	  “right	  answer”	  for	  
each	  example	  in	  the	  data.	  

Regression	  Problem	  
	  

Predict	  real-‐valued	  output	  
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Nota6on:	  
	  	  
	  	  	  m	  =	  Number	  of	  training	  examples	  
	  	  	  x’s	  =	  “input”	  variable	  /	  features	  
	  	  	  y’s	  =	  “output”	  variable	  /	  “target”	  variable	  

Size	  in	  feet2	  (x)	   Price	  ($)	  in	  1000's	  (y)	  
2104	   460	  
1416	   232	  
1534	   315	  
852	   178	  
…	   …	  

Training	  set	  of	  
housing	  prices	  
(Portland,	  OR)	  
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Training	  Set	  

Learning	  Algorithm	  

h	  Size	  of	  
house	  

Es6mated	  
price	  

How	  do	  we	  represent	  h	  ?	  

Linear	  regression	  with	  one	  variable.	  
Univariate	  linear	  regression.	  
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Cost	  func6on	  

Machine	  Learning	  

Linear	  regression	  
with	  one	  variable	  
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How	  to	  choose	  	  	  	  	  ‘s	  ?	  

Training	  Set	  

Hypothesis:	  
‘s:	  	  	  	  	  	  Parameters	  

Size	  in	  feet2	  (x)	   Price	  ($)	  in	  1000's	  (y)	  
2104	   460	  
1416	   232	  
1534	   315	  
852	   178	  
…	   …	  
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y	  

x	  

Idea:	  Choose	  	  	  	  	  	  	  	  	  	  	  	  	  so	  that	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
	  	  	  	  	  	  	  	  	  	  	  is	  close	  to	  	  	  	  	  for	  our	  
training	  examples	  	  
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Cost	  func6on	  
intui6on	  I	  

Machine	  Learning	  

Linear	  regression	  
with	  one	  variable	  
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Hypothesis:	  

Parameters:	  

Cost	  Func6on:	  

Goal:	  

Simplified	  
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y	  

x	  

(for	  fixed	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameter	  	  	  	  	  	  )	  
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y	  

x	  

(for	  fixed	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameter	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameter	  	  	  	  	  	  )	  
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Cost	  func6on	  
intui6on	  II	  

Machine	  Learning	  

Linear	  regression	  
with	  one	  variable	  
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Hypothesis:	  

Parameters:	  

Cost	  Func6on:	  

Goal:	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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Gradient	  
descent	  

Machine	  Learning	  

Linear	  regression	  
with	  one	  variable	  
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Have	  some	  func6on	  

Want	  	  

Outline:	  

•  Start	  with	  some	  

•  Keep	  changing	  	  	  	  	  	  	  	  	  	  	  	  	  	  to	  reduce	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

un6l	  we	  hopefully	  end	  up	  at	  a	  minimum	  
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θ1	

θ0	


J(θ0,θ1)	
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θ0	


θ1	


J(θ0,θ1)	
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Gradient	  descent	  algorithm	  

Correct:	  Simultaneous	  update	   Incorrect:	  
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Gradient	  descent	  
intui6on	  

Machine	  Learning	  

Linear	  regression	  
with	  one	  variable	  



Andrew	  Ng	  

Gradient	  descent	  algorithm	  
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If	  α	  is	  too	  small,	  gradient	  descent	  
can	  be	  slow.	  

If	  α	  is	  too	  large,	  gradient	  descent	  
can	  overshoot	  the	  minimum.	  It	  may	  
fail	  to	  converge,	  or	  even	  diverge.	  
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at	  local	  op6ma	  

Current	  value	  of	  	  
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Gradient	  descent	  can	  converge	  to	  a	  local	  
minimum,	  even	  with	  the	  learning	  rate	  α	  fixed.	  

As	  we	  approach	  a	  local	  
minimum,	  gradient	  
descent	  will	  automa6cally	  
take	  smaller	  steps.	  So,	  no	  
need	  to	  decrease	  α	  over	  
6me.	  	  
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Gradient	  descent	  for	  	  
linear	  regression	  

Machine	  Learning	  

Linear	  regression	  
with	  one	  variable	  
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Gradient	  descent	  algorithm	   Linear	  Regression	  Model	  
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Gradient	  descent	  algorithm	  

update	  	  
and	  

simultaneously	  
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θ1	

θ0	


J(θ0,θ1)	
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θ0	


θ1	


J(θ0,θ1)	
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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(for	  fixed	  	  	  	  	  	  	  	  	  	  	  ,	  this	  is	  a	  func6on	  of	  x)	   (func6on	  of	  the	  parameters	  	  	  	  	  	  	  	  	  	  	  	  )	  
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“Batch”	  Gradient	  Descent	  

“Batch”:	  Each	  step	  of	  gradient	  descent	  
uses	  all	  the	  training	  examples.	  
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Linear	  Algebra	  
review	  (op3onal)	  

Matrices	  and	  
vectors	  

Machine	  Learning	  
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Dimension	  of	  matrix:	  number	  of	  rows	  x	  number	  of	  columns	  

Matrix:	  Rectangular	  array	  of	  numbers:	  
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Matrix	  Elements	  (entries	  of	  matrix)	  

“	  	  ,	  	  	  entry”	  in	  the	  	  	  	  	  	  	  row,	  	  	  	  	  	  	  	  column.	  
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Vector:	  An	  n	  x	  1	  matrix.	  

n-‐dimensional	  vector	  

1-‐indexed	  vs	  0-‐indexed:	  element	  
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Linear	  Algebra	  
review	  (op3onal)	  
Addi3on	  and	  scalar	  
mul3plica3on	  

Machine	  Learning	  
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Matrix	  Addi4on	  
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Scalar	  Mul4plica4on	  
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Combina4on	  of	  Operands	  
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Linear	  Algebra	  
review	  (op3onal)	  

Matrix-‐vector	  
mul3plica3on	  

Machine	  Learning	  
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Example	  



Andrew	  Ng	  

Details:	  

m	  x	  n	  matrix	  
(m	  rows,	  
n	  columns)	  

n	  x	  1	  matrix	  
(n-‐dimensional	  

vector)	  

m-‐dimensional	  
vector	  

To	  get	  	  	  	  	  ,	  mul3ply	  	  	  	  ’s	  	  	  	  	  	  	  row	  with	  elements	  
of	  vector	  	  	  ,	  and	  add	  them	  up.	  
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Example	  
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House	  sizes:	  
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Linear	  Algebra	  
review	  (op3onal)	  

Matrix-‐matrix	  
mul3plica3on	  

Machine	  Learning	  
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Example	  
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Details:	  

m	  x	  n	  matrix	  
(m	  rows,	  
n	  columns)	  

n	  x	  o	  matrix	  
(n	  rows,	  

o	  columns)	  

m	  x	  o	  
matrix	  

The	  	  	  	  	  	  	  column	  of	  the	  matrix	  	  	  	  	  	  is	  obtained	  by	  mul3plying	  
	  	  	  	  with	  the	  	  	  	  	  	  	  column	  of	  	  	  	  	  .	  (for	  	  	  	  =	  1,2,…,o)	  
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Example	  
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House	  sizes:	  

Matrix	   Matrix	  

Have	  3	  compe3ng	  hypotheses:	  
1.	  
2.	  
3.	  
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Linear	  Algebra	  
review	  (op3onal)	  
Matrix	  mul3plica3on	  
proper3es	  

Machine	  Learning	  
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Let	  	  	  	  	  and	  	  	  	  	  be	  matrices.	  Then	  in	  general,	  
(not	  commuta3ve.)	  

E.g.	  
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Let	  
Let	  

Compute	  
Compute	  
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Iden4ty	  Matrix	  

For	  any	  matrix	  	  	  	  ,	  

Denoted	  	  	  	  	  (or	  	  	  	  	  	  	  	  	  	  ).	  
Examples	  of	  iden3ty	  matrices:	  

2	  x	  2	  
3	  x	  3	  

4	  x	  4	  
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Linear	  Algebra	  
review	  (op3onal)	  

Inverse	  and	  
transpose	  

Machine	  Learning	  
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Not	  all	  numbers	  have	  an	  inverse.	  

Matrix	  inverse:	  
If	  A	  is	  an	  m	  x	  m	  matrix,	  and	  if	  it	  has	  an	  inverse,	  

Matrices	  that	  don’t	  have	  an	  inverse	  are	  “singular”	  or	  “degenerate”	  
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Matrix	  Transpose	  
Example:	  

Let	  	  	  	  	  be	  an	  m	  x	  n	  matrix,	  and	  let	  	  
Then	  	  	  	  	  is	  an	  n	  x	  m	  matrix,	  and	  



Linear	  Regression	  with	  
mul2ple	  variables	  

Mul2ple	  features	  

Machine	  Learning	  
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Size	  (feet2)	  
	  
	  

Price	  ($1000)	  
	  
	  

2104	   460	  
1416	   232	  
1534	   315	  
852	   178	  
…	   …	  

Mul4ple	  features	  (variables).	  
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Size	  (feet2)	  
	  
	  

Number	  of	  
bedrooms	  

	  

Number	  of	  
floors	  
	  

Age	  of	  home	  
(years)	  
	  

Price	  ($1000)	  
	  
	  

2104	   5	   1	   45	   460	  
1416	   3	   2	   40	   232	  
1534	   3	   2	   30	   315	  
852	   2	   1	   36	   178	  
…	   …	   …	   …	   …	  

Mul4ple	  features	  (variables).	  

Nota2on:	  
=	  number	  of	  features	  
=	  input	  (features)	  of	  	  	  	  	  	  	  	  training	  example.	  
=	  value	  of	  feature	  	  	  	  in	  	  	  	  	  	  	  	  training	  example.	  
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Hypothesis:	  
	  Previously:	  
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For	  convenience	  of	  nota2on,	  define	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  

Mul2variate	  linear	  regression.	  



Linear	  Regression	  with	  
mul2ple	  variables	  

Gradient	  descent	  for	  
mul2ple	  variables	  

Machine	  Learning	  
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Hypothesis:	  

Cost	  func2on:	  

Parameters:	  

(simultaneously	  update	  for	  every	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  

Repeat	  
Gradient	  descent:	  
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(simultaneously	  update	  	  	  	  	  	  	  	  	  	  	  	  	  )	  

Gradient	  Descent	  

Repeat	  
Previously	  (n=1):	  

New	  algorithm	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :	  
Repeat	  

(simultaneously	  update	  	  	  	  	  	  	  	  for	  	  	  	  	  	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  



Linear	  Regression	  with	  
mul2ple	  variables	  

Gradient	  descent	  in	  
prac2ce	  I:	  Feature	  Scaling	  

Machine	  Learning	  
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E.g.	  	  	  	  	  	  	  =	  size	  (0-‐2000	  feet2)	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  =	  number	  of	  bedrooms	  (1-‐5)	  

Feature	  Scaling	  
Idea:	  Make	  sure	  features	  are	  on	  a	  similar	  scale.	  

size	  (feet2)	  

number	  of	  bedrooms	  
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Feature	  Scaling	  

Get	  every	  feature	  into	  approximately	  a	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  range.	  
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Replace	  	  	  	  	  	  with	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  to	  make	  features	  have	  approximately	  zero	  mean	  
(Do	  not	  apply	  to	  	  	  	  	  	  	  	  	  	  	  	  	  	  ).	  

Mean	  normaliza4on	  

E.g.	  	  



Linear	  Regression	  with	  
mul2ple	  variables	  

Gradient	  descent	  in	  
prac2ce	  II:	  Learning	  rate	  

Machine	  Learning	  
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Gradient	  descent	  

-‐  “Debugging”:	  How	  to	  make	  sure	  gradient	  
descent	  is	  working	  correctly.	  

-‐  How	  to	  choose	  learning	  rate	  	  	  	  	  .	  
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Example	  automa2c	  
convergence	  test:	  

Declare	  convergence	  if	  	  	  	  	  	  	  
decreases	  by	  less	  than	  	  	  	  	  	  	  
in	  one	  itera2on.	  

0	   100	   200	   300	   400	  

No.	  of	  itera2ons	  

Making	  sure	  gradient	  descent	  is	  working	  correctly.	  
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Making	  sure	  gradient	  descent	  is	  working	  correctly.	  

Gradient	  descent	  not	  working.	  	  

Use	  smaller	  	  	  	  .	  	  

No.	  of	  itera2ons	  

No.	  of	  itera2ons	   No.	  of	  itera2ons	  

-‐  For	  sufficiently	  small	  	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  should	  decrease	  on	  every	  itera2on.	  
-‐  But	  if	  	  	  	  	  	  is	  too	  small,	  gradient	  descent	  can	  be	  slow	  to	  converge.	  
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Summary:	  
-‐  If	  	  	  	  	  is	  too	  small:	  slow	  convergence.	  
-‐  If	  	  	  	  	  is	  too	  large:	  	  	  	  	  	  	  	  	  may	  not	  decrease	  on	  

every	  itera2on;	  may	  not	  converge.	  

To	  choose	  	  	  	  ,	  try	  



Linear	  Regression	  with	  
mul2ple	  variables	  

Features	  and	  
polynomial	  regression	  

Machine	  Learning	  
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Housing	  prices	  predic4on	  
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Polynomial	  regression	  

Price	  
(y)	  

Size	  (x)	  
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Choice	  of	  features	  

Price	  
(y)	  

Size	  (x)	  



Linear	  Regression	  with	  
mul2ple	  variables	  

Normal	  equa2on	  

Machine	  Learning	  
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Gradient	  Descent	  

Normal	  equa2on:	  Method	  to	  solve	  for	  	  
analy2cally.	  
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Intui2on:	  If	  1D	  

Solve	  for	  	  

(for	  every	  	  	  )	  
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Size	  (feet2)	  
	  
	  

Number	  of	  
bedrooms	  

	  

Number	  of	  
floors	  
	  

Age	  of	  home	  
(years)	  
	  

Price	  ($1000)	  
	  
	  

1	   2104	   5	   1	   45	   460	  
1	   1416	   3	   2	   40	   232	  
1	   1534	   3	   2	   30	   315	  
1	   852	   2	   1	   36	   178	  

Size	  (feet2)	  
	  
	  

Number	  of	  
bedrooms	  

	  

Number	  of	  
floors	  
	  

Age	  of	  home	  
(years)	  
	  

Price	  ($1000)	  
	  
	  

2104	   5	   1	   45	   460	  
1416	   3	   2	   40	   232	  
1534	   3	   2	   30	   315	  
852	   2	   1	   36	   178	  

Examples:	  	  
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	  	  	  	  	  	  examples	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ;	  	  	  	  	  	  features.	  

E.g.	  	  	  	  If	  
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is	  inverse	  of	  matrix	  	  	  	  	  	  	  	  	  	  	  	  	  .	  

Octave:	  	   pinv(X’*X)*X’*y 
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	  	  	  	  	  	  training	  examples,	  	  	  	  	  features.	  
Gradient	  Descent	   Normal	  Equa2on	  

•  No	  need	  to	  choose	  	  	  	  .	  
•  Don’t	  need	  to	  iterate.	  

•  Need	  to	  choose	  	  	  	  .	  	  
•  Needs	  many	  itera2ons.	  
	  •  Works	  well	  even	  
when	  	  	  	  	  is	  large.	  

•  Need	  to	  compute	  

•  Slow	  if	  	  	  	  	  is	  very	  large.	  



Linear	  Regression	  with	  
mul2ple	  variables	  

Normal	  equa2on	  
and	  non-‐inver2bility	  
(op2onal)	  

Machine	  Learning	  
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Normal	  equa2on	  

-‐  What	  if	  	  	  	  	  	  	  	  	  	  	  	  	  is	  non-‐inver2ble?	  (singular/	  
degenerate)	  

-‐  Octave:	  	  pinv(X’*X)*X’*y 
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What	  if	  	  	  	  	  	  	  	  	  	  	  is	  non-‐inver2ble?	  

•  Redundant	  features	  (linearly	  dependent).	  
E.g.	  	  	  	  	  	  	  	  	  	  	  	  size	  in	  feet2	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  size	  in	  m2	  

•  Too	  many	  features	  (e.g.	  	  	  	  	  	  	  	  	  	  	  	  	  ).	  
-‐  Delete	  some	  features,	  or	  use	  regulariza2on.	  



Logis&c	  
Regression	  

Classifica&on	  

Machine	  Learning	  
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Classifica(on	  

Email:	  Spam	  /	  Not	  Spam?	  
Online	  Transac&ons:	  Fraudulent	  (Yes	  /	  No)?	  
Tumor:	  Malignant	  /	  Benign	  ?	  

0:	  “Nega&ve	  Class”	  (e.g.,	  benign	  tumor)	  
	  	  
1:	  “Posi&ve	  Class”	  (e.g.,	  malignant	  tumor)	  
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Tumor	  Size	  

Threshold	  classifier	  output	  	  	  	  	  	  	  	  	  	  	  	  	  at	  0.5:	  

If	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  predict	  “y	  =	  1”	  

If	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  predict	  “y	  =	  0”	  

Tumor	  Size	  

Malignant	  ?	  

(Yes)	  1	  

(No)	  0	  
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Classifica&on:	  	  	  	  y	  	  	  =	  	  	  0	  	  	  or	  	  	  1	  

can	  be	  >	  1	  or	  <	  0	  

Logis&c	  Regression:	  



Logis&c	  
Regression	  
Hypothesis	  
Representa&on	  

Machine	  Learning	  
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Sigmoid	  func&on	  
Logis&c	  func&on	  

Logis(c	  Regression	  Model	  
Want	  

1	  

0.5	  

0	  
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Interpreta(on	  of	  Hypothesis	  Output	  

=	  es&mated	  probability	  that	  y	  =	  1	  on	  input	  x	  	  

Tell	  pa&ent	  that	  70%	  chance	  of	  tumor	  being	  malignant	  	  

Example:	  	  If	  	  

“probability	  that	  y	  =	  1,	  given	  x,	  
	  	  parameterized	  by	  	  	  	  ”	  



Logis&c	  
Regression	  
Decision	  boundary	  

Machine	  Learning	  
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Logis(c	  regression	  

	  	  Suppose	  predict	  “	  	  	  	  	  	  	  	  	  	  “	  if	  

	  	  	  	  	  predict	  “	  	  	  	  	  	  	  	  	  	  “	  	  if	  

z	  

1	  
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x1	  

x2	  

Decision	  Boundary	  

1 2 3

1

2

3

Predict	  “	  	  	  	  	  	  	  	  	  	  “	  if	  	  
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Non-‐linear	  decision	  boundaries	  

x1	  

x2	  

Predict	  “	  	  	  	  	  	  	  	  	  	  “	  if	  	  

x1	  

x2	  

1	  -‐1	  

-‐1	  

1	  



Logis&c	  
Regression	  
Cost	  func&on	  

Machine	  Learning	  
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Training	  
set:	  

How	  to	  choose	  parameters	  	  	  	  ?	  

m	  examples	  
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Cost	  func(on	  
Linear	  regression:	  

“non-‐convex”	   “convex”	  
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Logis(c	  regression	  cost	  func(on	  

If	  y	  =	  1	  

1	  0	  
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Logis(c	  regression	  cost	  func(on	  

If	  y	  =	  0	  

1	  0	  



Logis&c	  
Regression	  
Simplified	  cost	  func&on	  
and	  gradient	  descent	  

Machine	  Learning	  
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Logis(c	  regression	  cost	  func(on	  
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Output	  	  

Logis(c	  regression	  cost	  func(on	  

To	  fit	  parameters	  	  	  	  :	  	  

To	  make	  a	  predic&on	  given	  new	  	  	  :	  
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Gradient	  Descent	  

Want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :	  
Repeat	  

(simultaneously	  update	  all	  	  	  	  	  )	  
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Gradient	  Descent	  

Want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :	  

(simultaneously	  update	  all	  	  	  	  	  )	  

Repeat	  

Algorithm	  looks	  iden&cal	  to	  linear	  regression!	  



Logis&c	  
Regression	  
Advanced	  	  
op&miza&on	  

Machine	  Learning	  
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Op(miza(on	  algorithm	  

Cost	  func&on	  	  	  	  	  	  	  	  	  .	  Want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  

Given	  	  	  	  ,	  we	  have	  code	  that	  can	  compute	  
-‐  	  	  
-‐  	  	   (for	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  

Repeat	  
Gradient	  descent:	  
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Op(miza(on	  algorithm	  
Given	  	  	  	  ,	  we	  have	  code	  that	  can	  compute	  

-‐  	  	  
-‐  	  	   (for	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  

Op&miza&on	  algorithms:	  
-‐  Gradient	  descent	  	  
-‐  Conjugate	  gradient	  
-‐  BFGS	  
-‐  L-‐BFGS	  

Advantages:	  
-‐  No	  need	  to	  manually	  pick	  	  
-‐  Oeen	  faster	  than	  gradient	  

descent.	  
Disadvantages:	  

-‐  More	  complex	  
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Example:	  
 function [jVal, gradient]  
           = costFunction(theta) 

jVal = (theta(1)-5)^2 + ...     
     (theta(2)-5)^2; 

gradient = zeros(2,1); 
gradient(1) = 2*(theta(1)-5); 
gradient(2) = 2*(theta(2)-5); 

options = optimset(‘GradObj’, ‘on’, ‘MaxIter’, ‘100’); 
initialTheta = zeros(2,1); 
[optTheta, functionVal, exitFlag] ... 
     = fminunc(@costFunction, initialTheta, options); 
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gradient(1) = [                    ]; 

function [jVal, gradient] = costFunction(theta) 

theta =  

jVal = [                 ]; 

gradient(2) = [                    ]; 

gradient(n+1) = [                      ]; 

code	  to	  compute	  

code	  to	  compute	  

code	  to	  compute	  

code	  to	  compute	  



Logis&c	  
Regression	  
Mul&-‐class	  classifica&on:	  
One-‐vs-‐all	  

Machine	  Learning	  
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Mul(class	  classifica(on	  

Email	  foldering/tagging:	  Work,	  Friends,	  Family,	  Hobby	  

Medical	  diagrams:	  Not	  ill,	  Cold,	  Flu	  

Weather:	  Sunny,	  Cloudy,	  Rain,	  Snow	  
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x1	  

x2	  

x1	  

x2	  

Binary	  classifica&on:	   Mul&-‐class	  classifica&on:	  
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x1	  

x2	  

One-‐vs-‐all	  (one-‐vs-‐rest):	  

Class	  1:	  
Class	  2:	  
Class	  3:	  

x1	  

x2	  

x1	  

x2	  

x1	  

x2	  
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One-‐vs-‐all	  

Train	  a	  logis&c	  regression	  classifier	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  for	  each	  
class	  	  	  	  to	  predict	  the	  probability	  that	  	  	  	  	  	  	  	  	  	  	  .	  

On	  a	  new	  input	  	  	  	  ,	  to	  make	  a	  predic&on,	  pick	  the	  
class	  	  	  	  that	  maximizes	  



Regulariza*on	  
The	  problem	  of	  
overfi6ng	  

Machine	  Learning	  
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Example:	  Linear	  regression	  (housing	  prices)	  

Overfi&ng:	  If	  we	  have	  too	  many	  features,	  the	  learned	  hypothesis	  
may	  fit	  the	  training	  set	  very	  well	  (	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ),	  but	  
fail	  to	  generalize	  to	  new	  examples	  (predict	  prices	  on	  new	  
examples).	  

Pr
ic
e	  

Size	  
Pr
ic
e	  

Size	  

Pr
ic
e	  

Size	  
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Example:	  Logis*c	  regression	  

(	  	  	  	  =	  sigmoid	  func*on)	  

x1	  

x2	  

x1	  

x2	  

x1	  

x2	  
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Addressing	  overfi&ng:	  

Pr
ic
e	  

Size	  

size	  of	  house	  
no.	  of	  bedrooms	  
no.	  of	  floors	  
age	  of	  house	  
average	  income	  in	  neighborhood	  
kitchen	  size	  
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Addressing	  overfi&ng:	  

Op*ons:	  
1.  Reduce	  number	  of	  features.	  

―  Manually	  select	  which	  features	  to	  keep.	  
―  Model	  selec*on	  algorithm	  (later	  in	  course).	  

2.  Regulariza*on.	  
―  Keep	  all	  the	  features,	  but	  reduce	  magnitude/values	  of	  

parameters	  	  	  	  .	  
―  Works	  well	  when	  we	  have	  a	  lot	  of	  features,	  each	  of	  

which	  contributes	  a	  bit	  to	  predic*ng	  	  	  	  .	  
	  
	  



Regulariza*on	  
Cost	  func*on	  

Machine	  Learning	  



Andrew	  Ng	  

Intui3on	  

Suppose	  we	  penalize	  and	  make	  	  	  	  	  ,	  	  	  	  	  	  really	  small.	  

Pr
ic
e	  

Size	  of	  house	  

Pr
ic
e	  

Size	  of	  house	  
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Small	  values	  for	  parameters	  	  
―  “Simpler”	  hypothesis	  
―  Less	  prone	  to	  overfi6ng	  	  

Regulariza3on.	  

Housing:	  
―  Features:	  	  
―  Parameters:	  
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Regulariza3on.	  

Pr
ic
e	  

Size	  of	  house	  
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In	  regularized	  linear	  regression,	  we	  choose	  	  	  	  	  	  to	  minimize	  

What	  if	  	  	  	  	  	  is	  set	  to	  an	  extremely	  large	  value	  (perhaps	  for	  too	  large	  
for	  our	  problem,	  say	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )?	  

Pr
ic
e	  

Size	  of	  house	  



Regulariza*on	  
Regularized	  linear	  
regression	  

Machine	  Learning	  



Regularized	  linear	  regression	  
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Gradient	  descent	  
Repeat	  
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Normal	  equa3on	  
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Suppose	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  
Non-‐inver3bility	  	  (op3onal/advanced).	  

	  	  	  	  (#examples)	  	  (#features)	  

If	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  



Regulariza*on	  
Regularized	  
logis*c	  regression	  

Machine	  Learning	  
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Regularized	  logis3c	  regression.	  

Cost	  func*on:	  
x1	  

x2	  
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Gradient	  descent	  
Repeat	  
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gradient(1) = [                   ]; 

function [jVal, gradient] = costFunction(theta) 

jVal = [                ]; 

gradient(2) = [                   ]; 

gradient(n+1) = [                   ]; 

code	  to	  compute	  

code	  to	  compute	  

code	  to	  compute	  

code	  to	  compute	  

Advanced	  op3miza3on	  

gradient(3) = [                   ]; code	  to	  compute	  



Neural	  Networks:	  
Representa1on	  
Non-‐linear	  
hypotheses	  

Machine	  Learning	  
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Non-‐linear	  Classifica/on	  

x1	  

x2	  

size	  
#	  bedrooms	  
#	  floors	  
age	  
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You	  see	  this:	  	  

But	  the	  camera	  sees	  this:	  

What	  is	  this?	  
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Computer	  Vision:	  Car	  detec/on	  

Tes1ng:	  
	  
	  
What	  is	  this?	  	  	  

Not	  a	  car	  Cars	  
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Learning	  
Algorithm	  

pixel	  1 

pixel	  2 

pixel	  1	  

pixel	  2	  

Raw	  image	  

Cars	  
“Non”-‐Cars	  
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pixel	  1	  

pixel	  2	  

Raw	  image	  

Cars	  
“Non”-‐Cars	  

Learning	  
Algorithm	  

pixel	  1 

pixel	  2 
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pixel	  1	  

pixel	  2	  

Raw	  image	  

Cars	  
“Non”-‐Cars	  

50	  x	  50	  pixel	  images→	  2500	  pixels	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (7500	  if	  RGB)	  

pixel	  1	  intensity	  
pixel	  2	  intensity	  

pixel	  2500	  
intensity	  

Quadra1c	  features	  (	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ):	  ≈3	  million
	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  features	  

Learning	  
Algorithm	  

pixel	  1 

pixel	  2 



Neural	  Networks:	  
Representa1on	  

Neurons	  and	  
the	  brain	  

Machine	  Learning	  



Andrew	  Ng	  

Neural	  Networks	  

Origins:	  Algorithms	  that	  try	  to	  mimic	  the	  brain.	  
Was	  very	  widely	  used	  in	  80s	  and	  early	  90s;	  popularity	  
diminished	  in	  late	  90s.	  
Recent	  resurgence:	  State-‐of-‐the-‐art	  technique	  for	  many	  
applica1ons	  



Andrew	  Ng	  

[Roe et al., 1992] 

Auditory	  cortex	  learns	  to	  see	  
	  

Auditory	  Cortex	  

The	  “one	  learning	  algorithm”	  hypothesis	  

[Roe	  et	  al.,	  1992]	  
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Somatosensory	  cortex	  learns	  to	  see	  
	  

Somatosensory	  Cortex	  

The	  “one	  learning	  algorithm”	  hypothesis	  

[Me1n	  &	  Frost,	  1989]	  
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Seeing	  with	  your	  tongue	   Human	  echoloca1on	  (sonar)	  

Hap1c	  belt:	  Direc1on	  sense	   Implan1ng	  a	  3rd	  eye	  

Sensor	  representa/ons	  in	  the	  brain	  

[BrainPort;	  Welsh	  &	  Blasch,	  1997;	  Nagel	  et	  al.,	  2005;	  Constan1ne-‐Paton	  &	  Law,	  2009]	  



Neural	  Networks:	  
Representa1on	  

Machine	  Learning	  

Model	  
representa1on	  I	  
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Neuron	  in	  the	  brain	  
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Neurons	  in	  the	  brain	  

[Credit:	  US	  Na1onal	  Ins1tutes	  of	  Health,	  Na1onal	  Ins1tute	  on	  Aging]	  
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Neuron	  model:	  Logis/c	  unit	  

Sigmoid	  (logis1c)	  ac1va1on	  func1on.	  
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Neural	  Network	  

Layer	  3	  Layer	  1	   Layer	  2	  
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Neural	  Network	  
“ac1va1on”	  of	  unit	  	  	  	  in	  layer	  	  

matrix	  of	  weights	  controlling	  
func1on	  mapping	  from	  layer	  	  	  	  to	  
layer	  

If	  network	  has	  	  	  	  	  	  units	  in	  layer	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  units	  in	  layer	  	  	  	  	  	  	  	  	  	  	  ,	  then	  
will	  be	  of	  dimension	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  



Neural	  Networks:	  
Representa1on	  
Model	  
representa1on	  II	  

Machine	  Learning	  
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Add	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  

Forward	  propaga/on:	  Vectorized	  implementa/on	  
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Layer	  3	  Layer	  1	   Layer	  2	  

Neural	  Network	  learning	  its	  own	  features	  
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Layer	  3	  Layer	  1	   Layer	  2	  

Other	  network	  architectures	  

Layer	  4	  



Neural	  Networks:	  
Representa1on	  

Examples	  and	  
intui1ons	  I	  

Machine	  Learning	  
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Non-‐linear	  classifica/on	  example:	  XOR/XNOR	  
	  	  	  	  ,	  	  	  	  	  	  are	  binary	  (0	  or	  1).	  

x1	  

x2	  

x1	  

x2	  
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Simple	  example:	  AND	  

0	   0	  
0	   1	  
1	   0	  
1	   1	  

1.0	  
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Example:	  OR	  func/on	  

0	   0	  
0	   1	  
1	   0	  
1	   1	  

-‐10	  

20	  

20	  



Neural	  Networks:	  
Representa1on	  

Examples	  and	  
intui1ons	  II	  

Machine	  Learning	  
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Nega/on:	  

0	  
1	  
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PuPng	  it	  together:	  	  

0	   0	  
0	   1	  
1	   0	  
1	   1	  

-‐30	  

20	  

20	  

10	  

-‐20	  

-‐20	  

-‐10	  

20	  

20	  
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Neural	  Network	  intui/on	  

Layer	  3	  Layer	  1	   Layer	  2	   Layer	  4	  
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HandwriRen	  digit	  classifica/on	  

[Courtesy	  of	  Yann	  LeCun]	  
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Neural	  Networks:	  
Representa1on	  

Mul1-‐class	  
classifica1on	  

Machine	  Learning	  
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Mul/ple	  output	  units:	  One-‐vs-‐all.	  

Pedestrian	   Car	   Motorcycle	   Truck	  

Want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  etc.	  
when	  pedestrian	  	  	  	  	  	  	  	  	  when	  car 	  when	  motorcycle	  
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Mul/ple	  output	  units:	  One-‐vs-‐all.	  

Want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  etc.	  
when	  pedestrian	  	  	  	  	  	  	  	  	  when	  car 	  when	  motorcycle	  

Training	  set:	  	  

	  	  	  	  	  	  	  one	  of	  	  	  	  	  	  	  	  	  	  , 	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  , 	  	  

pedestrian	  	  	  	  car 	  motorcycle	  	  	  truck	  



Neural	  Networks:	  
Learning	  

Cost	  func5on	  

Machine	  Learning	  
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Neural	  Network	  (Classifica2on)	  

Binary	  classifica5on	  
	  	  
	  
	  	  1	  output	  unit	  
	  

Layer	  1	   Layer	  2	   Layer	  3	   Layer	  4	  

Mul5-‐class	  classifica5on	  (K	  classes)	  
	  

	  	  K	  output	  units	  
	  

total	  no.	  of	  layers	  in	  network	  

no.	  of	  units	  (not	  coun5ng	  bias	  unit)	  in	  
layer	  	  

pedestrian	  	  car	  	  motorcycle	  	  	  truck	  

E.g.	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  
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Cost	  func2on	  

Logis5c	  regression:	  
	  
	  
	  
Neural	  network:	  



Neural	  Networks:	  
Learning	  
Backpropaga5on	  
algorithm	  

Machine	  Learning	  



Gradient	  computa2on	  

Need	  code	  to	  compute:	  
-‐  	  	  
-‐  	  	  



Gradient	  computa2on	  

Given	  one	  training	  example	  (	  	  	  ,	  	  	  	  ):	  
Forward	  propaga5on:	  

Layer	  1	   Layer	  2	   Layer	  3	   Layer	  4	  



Gradient	  computa2on:	  Backpropaga2on	  algorithm	  

Intui5on:	  	  	  	  	  	  	  	  	  	  	  	  	  	  “error”	  of	  node	  	  	  	  in	  layer	  	  	  .	  

Layer	  1	   Layer	  2	   Layer	  3	   Layer	  4	  

For	  each	  output	  unit	  (layer	  L	  =	  4)	  



Backpropaga2on	  algorithm	  
Training	  set	  
Set	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (for	  all	  	  	  	  	  	  	  	  	  	  ).	  

For	  
Set	  
Perform	  forward	  propaga5on	  to	  compute	  	  	  	  	  	  	  	  	  for	  	  	  	  	  	  	  
Using	  	  	  	  	  	  	  ,	  compute	  
Compute	  	  



Neural	  Networks:	  
Learning	  
Backpropaga5on	  
intui5on	  

Machine	  Learning	  



Forward	  Propaga2on	  
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Forward	  Propaga2on	  
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What	  is	  backpropaga2on	  doing?	  

Focusing	  on	  a	  single	  example	  	  	  	  	  	  ,	  	  	  	  	  	  	  ,	  the	  case	  of	  1	  output	  unit,	  
and	  ignoring	  regulariza5on	  (	  	  	  	  	  	  	  	  	  	  ),	  

(Think	  of	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  	  	  	  	  	  
I.e.	  how	  well	  is	  the	  network	  doing	  on	  example	  i?	  
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Forward	  Propaga2on	  

“error”	  of	  cost	  for	  	  	  	  	  	  	  	  	  (unit	  	  	  	  in	  layer	  	  	  ).	  	  

Formally, 	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  (for	  	  	  	  	  	  	  	  	  	  	  ),	  where	  	  



Neural	  Networks:	  
Learning	  
Implementa5on	  
note:	  Unrolling	  
parameters	  

Machine	  Learning	  
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Advanced	  op2miza2on	  

function [jVal, gradient] = costFunction(theta) 
 
 
optTheta = fminunc(@costFunction, initialTheta, options) 

Neural	  Network	  (L=4):	  
-‐	  matrices	  	  (Theta1, Theta2, Theta3)	  

	   	   	  -‐	  matrices	  	  (D1, D2, D3)	  
“Unroll”	  into	  vectors	  

…	  
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Example	  

thetaVec = [ Theta1(:); Theta2(:); Theta3(:)]; 
DVec = [D1(:); D2(:); D3(:)]; 

Theta1 = reshape(thetaVec(1:110),10,11); 
Theta2 = reshape(thetaVec(111:220),10,11); 
Theta3 = reshape(thetaVec(221:231),1,11); 
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Have	  ini5al	  parameters	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  
Unroll	  to	  get	  initialTheta	  to	  pass	  to	  
fminunc(@costFunction, initialTheta, options) 

Learning	  Algorithm	  

function [jval, gradientVec] = costFunction(thetaVec) 
From	  thetaVec, get	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  
Use	  forward	  prop/back	  prop	  to	  compute	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
and	  	  	  	  	  	  	  	  	  .	  
Unroll	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  to	  get	  gradientVec.  



Neural	  Networks:	  
Learning	  
Gradient	  checking	  

Machine	  Learning	  



Andrew	  Ng	  

Numerical	  es2ma2on	  of	  gradients	  

Implement:	  gradApprox = (J(theta + EPSILON) – J(theta – 
EPSILON))         /(2*EPSILON) 
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Parameter	  vector	  	  

(E.g.	  	  	  	  	  	  is	  “unrolled”	  version	  of	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  
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for i = 1:n, 
thetaPlus = theta; 
thetaPlus(i) = thetaPlus(i) + EPSILON; 
thetaMinus = theta; 
thetaMinus(i) = thetaMinus(i) – EPSILON; 
gradApprox(i) = (J(thetaPlus) – J(thetaMinus)) 
     /(2*EPSILON); 

end; 

Check	  that	  gradApprox	  ≈	  DVec 
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Implementa2on	  Note:	  
-‐  Implement	  backprop	  to	  compute	  DVec	  (unrolled	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ).	  
-‐  Implement	  numerical	  gradient	  check	  to	  compute	  gradApprox.	  
-‐  Make	  sure	  they	  give	  similar	  values.	  
-‐  Turn	  off	  gradient	  checking.	  Using	  backprop	  code	  for	  learning.	  
	  
Important:	  
-‐  Be	  sure	  to	  disable	  your	  gradient	  checking	  code	  before	  training	  	  

your	  classifier.	  If	  you	  run	  numerical	  gradient	  computa5on	  on	  	  
every	  itera5on	  of	  gradient	  descent	  (or	  in	  the	  inner	  loop	  of	  
costFunction(…))your	  code	  will	  be	  very	  slow.	  



Neural	  Networks:	  
Learning	  
Random	  
ini5aliza5on	  

Machine	  Learning	  
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Ini2al	  value	  of	  

For	  gradient	  descent	  and	  advanced	  op5miza5on	  
method,	  need	  ini5al	  value	  for	  	  	  	  	  .	  

Consider	  gradient	  descent	  
Set	   	   	   	   	   	  	  	  	  	  	  	  	  	  	  ?	  

optTheta = fminunc(@costFunction,   
  initialTheta, options) 

initialTheta = zeros(n,1) 
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Zero	  ini2aliza2on	  

A_er	  each	  update,	  parameters	  corresponding	  to	  inputs	  going	  into	  each	  of	  
two	  hidden	  units	  are	  iden5cal.	  	  
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Random	  ini2aliza2on:	  Symmetry	  breaking	  

Ini5alize	  each	  	  	  	  	  	  	  	  	  	  	  	  to	  a	  random	  value	  in	  	  
(i.e.	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  
	  
E.g.	  

Theta1 =  rand(10,11)*(2*INIT_EPSILON)  
  - INIT_EPSILON; 

 
Theta2 =  rand(1,11)*(2*INIT_EPSILON)  

  - INIT_EPSILON; 



Neural	  Networks:	  
Learning	  

Pu`ng	  it	  
together	  

Machine	  Learning	  
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Training	  a	  neural	  network	  
Pick	  a	  network	  architecture	  (connec5vity	  paaern	  between	  neurons)	  

No.	  of	  input	  units:	  Dimension	  of	  features	  
No.	  output	  units:	  Number	  of	  classes	  
Reasonable	  default:	  1	  hidden	  layer,	  or	  if	  >1	  hidden	  layer,	  have	  same	  no.	  of	  
hidden	  units	  in	  every	  layer	  (usually	  the	  more	  the	  beaer)	  



Andrew	  Ng	  

Training	  a	  neural	  network	  
1.  Randomly	  ini5alize	  weights	  
2.  Implement	  forward	  propaga5on	  to	  get	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  for	  any	  	  	  
3.  Implement	  code	  to	  compute	  cost	  func5on	  
4.  Implement	  backprop	  to	  compute	  par5al	  deriva5ves	  
for i = 1:m 

Perform	  forward	  propaga5on	  and	  backpropaga5on	  using	  
example	  
(Get	  ac5va5ons	  	  	  	  	  	  	  	  and	  delta	  terms	  	  	  	  	  	  	  for 	  	  	  	  	  	  	  	  	  	  	  	  ).	  
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Training	  a	  neural	  network	  
5.  Use	  gradient	  checking	  to	  compare	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  computed	  using	  

backpropaga5on	  vs.	  using	  	  numerical	  es5mate	  of	  gradient	  	  	  	  	  	  	  	  	  	  
of	  	  	  	  	  	  	  	  	  	  .	  
Then	  disable	  gradient	  checking	  code.	  

6.  Use	  gradient	  descent	  or	  advanced	  op5miza5on	  method	  with	  
backpropaga5on	  to	  try	  to	  	  minimize	  	  	  	  	  	  	  	  	  	  as	  a	  func5on	  of	  
parameters	  
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Neural	  Networks:	  
Learning	  
Backpropaga5on	  
example:	  Autonomous	  
driving	  (op5onal)	  

Machine	  Learning	  



[Courtesy	  of	  Dean	  Pomerleau]	  



Advice	  for	  applying	  
machine	  learning	  

Deciding	  what	  
to	  try	  next	  

Machine	  Learning	  
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Debugging	  a	  learning	  algorithm:	  
Suppose	  you	  have	  implemented	  regularized	  linear	  regression	  to	  predict	  housing	  
prices.	  
	  
	  
	  
However,	  when	  you	  test	  your	  hypothesis	  on	  a	  new	  set	  of	  houses,	  you	  find	  that	  
it	  makes	  unacceptably	  large	  errors	  in	  its	  predicDons.	  What	  should	  you	  try	  next?	  	  

-‐  Get	  more	  training	  examples	  
-‐  Try	  smaller	  sets	  of	  features	  
-‐  Try	  geJng	  addiDonal	  features	  
-‐  Try	  adding	  polynomial	  features	  
-‐  Try	  decreasing	  
-‐  Try	  increasing	  
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Machine	  learning	  diagnos5c:	  
DiagnosDc:	  A	  test	  that	  you	  can	  run	  to	  gain	  insight	  what	  
is/isn’t	  working	  with	  a	  learning	  algorithm,	  and	  gain	  
guidance	  as	  to	  how	  best	  to	  improve	  its	  performance.	  

DiagnosDcs	  can	  take	  Dme	  to	  implement,	  but	  doing	  so	  
can	  be	  a	  very	  good	  use	  of	  your	  Dme.	  



Advice	  for	  applying	  
machine	  learning	  

EvaluaDng	  a	  
hypothesis	  

Machine	  Learning	  
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Evalua5ng	  your	  hypothesis	  

Fails	  to	  generalize	  to	  new	  
examples	  not	  in	  training	  set.	  

size	  

pr
ic
e 	  

size	  of	  house	  
no.	  of	  bedrooms	  
no.	  of	  floors	  
age	  of	  house	  

kitchen	  size	  
average	  income	  in	  neighborhood	  
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Evalua5ng	  your	  hypothesis	  
Dataset:	  

Size	   Price	  

2104	   400	  
1600	   330	  
2400	   369	  
1416	   232	  
3000	   540	  
1985	   300	  
1534	   315	  
1427	   199	  
1380	   212	  
1494	   243	  
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Training/tes5ng	  procedure	  for	  linear	  regression	  

-‐  Learn	  parameter	  	  	  	  	  from	  training	  data	  (minimizing	  
training	  error	  	  	  	  	  	  	  	  	  	  )	  

-‐  Compute	  test	  set	  error:	  
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Training/tes5ng	  procedure	  for	  logis5c	  regression	  

-‐  Learn	  parameter	  	  	  	  	  from	  training	  data	  
-‐  Compute	  test	  set	  error:	  

	  
-‐  MisclassificaDon	  error	  (0/1	  misclassificaDon	  error):	  

	  



Advice	  for	  applying	  
machine	  learning	  

Model	  selecDon	  and	  
training/validaDon/test	  
sets	  

Machine	  Learning	  
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OverfiBng	  example	  

size	  

pr
ic
e 	   Once	  parameters	  
were	  fit	  to	  some	  set	  of	  data	  
(training	  set),	  the	  error	  of	  the	  
parameters	  as	  measured	  on	  
that	  data	  (the	  training	  error	  	  	  	  	  	  	  	  	  	  	  	  
xxxxx)	  is	  likely	  to	  be	  lower	  
than	  the	  actual	  generalizaDon	  
error.	  
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Model	  selec5on	  
1.	  
2.	  
3.	  
	  
10.	  

Choose	  
How	  well	  does	  the	  model	  generalize?	  Report	  test	  set	  
error	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  
Problem:	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  is	  likely	  to	  be	  an	  opDmisDc	  esDmate	  of	  
generalizaDon	  error.	  I.e.	  our	  extra	  parameter	  (	  	  	  	  =	  degree	  of	  
polynomial)	  is	  fit	  to	  test	  set.	  
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Evalua5ng	  your	  hypothesis	  
Dataset:	  

Size	   Price	  

2104	   400	  
1600	   330	  
2400	   369	  
1416	   232	  
3000	   540	  
1985	   300	  
1534	   315	  
1427	   199	  
1380	   212	  
1494	   243	  
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Train/valida5on/test	  error	  
Training	  error:	  

Cross	  ValidaDon	  error:	  

Test	  error:	  
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Model	  selec5on	  

1.	  
2.	  
3.	  
	  
10.	  

Pick	  
EsDmate	  generalizaDon	  error	  	  for	  test	  set	  



Advice	  for	  applying	  
machine	  learning	  

Diagnosing	  bias	  vs.	  
variance	  

Machine	  Learning	  
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Bias/variance	  

High	  bias	  
(underfit)	  

“Just	  right”	   High	  variance	  
(overfit)	  

Pr
ic
e	  

Size	  

Pr
ic
e	  

Size	  

Pr
ic
e	  

Size	  
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Bias/variance	  

degree	  of	  polynomial	  d	  

er
ro
r 	  

Training	  error:	  

Cross	  validaDon	  error:	  

size	  

pr
ic
e 	  
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Diagnosing	  bias	  vs.	  variance	  

degree	  of	  polynomial	  d	  

er
ro
r 	  

Suppose	  your	  learning	  algorithm	  is	  performing	  less	  well	  than	  
you	  were	  hoping.	  (	  	  	  	  	  	  	  	  	  	  	  	  	  or	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  is	  high.)	  	  Is	  it	  a	  bias	  
problem	  or	  a	  variance	  problem?	  

(cross	  validaDon	  	  
error)	  

(training	  error)	  

Bias	  (underfit):	  

Variance	  (overfit):	  



Advice	  for	  applying	  
machine	  learning	  

RegularizaDon	  and	  
bias/variance	  

Machine	  Learning	  
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Linear	  regression	  with	  regulariza5on	  

Large	  xx	  
High	  bias	  (underfit)	  

Intermediate	  xx	  
“Just	  right”	  

Small	  xx	  
High	  variance	  (overfit)	  

Model:	  

Pr
ic
e	  

Size	  

Pr
ic
e	  

Size	  

Pr
ic
e	  

Size	  
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Choosing	  the	  regulariza5on	  parameter	  	  
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1.  Try	  
2.  Try	  
3.  Try	  
4.  Try	  
5.  Try	  
	  
12. Try	  

Model:	  

Choosing	  the	  regulariza5on	  parameter	  	  

Pick	  (say)	  	  	  	  	  	  	  .	  	  Test	  error:	  
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Bias/variance	  as	  a	  func5on	  of	  the	  regulariza5on	  parameter	  



Advice	  for	  applying	  
machine	  learning	  

Learning	  curves	  

Machine	  Learning	  
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Learning	  curves	  

(training	  set	  size)	  

er
ro
r	  
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High	  bias	  

(training	  set	  size)	  

er
ro
r	  

size	  

pr
ic
e 	  

size	  

pr
ic
e 	  

If	  a	  learning	  algorithm	  is	  suffering	  
from	   high	   bias,	   geJng	   more	  
training	   data	   will	   not	   (by	   itself)	  
help	  much.	  
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High	  variance	  

(training	  set	  size)	  

er
ro
r	  

size	  

pr
ic
e 	  

size	  

pr
ic
e 	  

If	  a	  learning	  algorithm	  is	  suffering	  
from	   high	   variance,	   geJng	  more	  
training	  data	  is	  likely	  to	  help.	  

(and	  small	  	  	  	  	  )	  



Advice	  for	  applying	  
machine	  learning	  

Deciding	  what	  to	  
try	  next	  (revisited)	  

Machine	  Learning	  
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Debugging	  a	  learning	  algorithm:	  
Suppose	  you	  have	  implemented	  regularized	  linear	  regression	  to	  predict	  
housing	  prices.	  However,	  when	  you	  test	  your	  hypothesis	  in	  a	  new	  set	  
of	  houses,	  you	  find	  that	  it	  makes	  unacceptably	  large	  errors	  in	  its	  
predicDon.	  What	  should	  you	  try	  next?	  	  

-‐  Get	  more	  training	  examples	  
-‐  Try	  smaller	  sets	  of	  features	  
-‐  Try	  geJng	  addiDonal	  features	  
-‐  Try	  adding	  polynomial	  features	  
-‐  Try	  decreasing	  
-‐  Try	  increasing	  
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Neural	  networks	  and	  overfiBng	  
“Small”	  neural	  network	  
(fewer	  parameters;	  more	  
prone	  to	  underfiJng)	  

“Large”	  neural	  network	  
(more	  parameters;	  more	  prone	  

to	  overfiJng)	  

ComputaDonally	  more	  expensive.	  
	  

Use	  regularizaDon	  (	  	  	  )	  to	  address	  overfiJng.	  

ComputaDonally	  cheaper	  



Machine	  learning	  
system	  design	  

Priori3zing	  what	  to	  
work	  on:	  Spam	  
classifica3on	  example	  

Machine	  Learning	  
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Building	  a	  spam	  classifier	  

From: cheapsales@buystufffromme.com 
To: ang@cs.stanford.edu 
Subject: Buy now! 
 
Deal of the week! Buy now! 
Rolex w4tchs - $100 
Med1cine (any kind) - $50 
Also low cost M0rgages 
available. 

From: Alfred Ng 
To: ang@cs.stanford.edu 
Subject: Christmas dates? 
 
Hey Andrew, 
Was talking to Mom about plans 
for Xmas. When do you get off 
work. Meet Dec 22? 
Alf 
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Building	  a	  spam	  classifier	  
Supervised	  learning.	  	  	  	  	  	  	  	  	  	  	  features	  of	  email.	  	  	  	  	  	  	  	  	  spam	  (1)	  or	  not	  spam	  (0).	  
Features	  	  	  	  :	  Choose	  100	  words	  indica3ve	  of	  spam/not	  spam.	  
	  

From: cheapsales@buystufffromme.com 
To: ang@cs.stanford.edu 
Subject: Buy now! 
 
Deal of the week! Buy now! 

Note:	  In	  prac3ce,	  take	  most	  frequently	  occurring	  	  	  	  	  	  words	  (	  10,000	  to	  50,000)	  
in	  training	  set,	  rather	  than	  manually	  pick	  100	  words.	  
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Building	  a	  spam	  classifier	  
How	  to	  spend	  your	  3me	  to	  make	  it	  have	  low	  error?	  

-‐  Collect	  lots	  of	  data	  
-‐  E.g.	  “honeypot”	  project.	  

-‐  Develop	   sophis3cated	   features	   based	   on	   email	   rou3ng	  
informa3on	  (from	  email	  header).	  

-‐  Develop	   sophis3cated	   features	   for	   message	   body,	   e.g.	   should	  
“discount”	  and	  “discounts”	  be	  treated	  as	  the	  same	  word?	  How	  
about	  “deal”	  and	  “Dealer”?	  Features	  about	  punctua3on?	  

-‐  Develop	   sophis3cated	   algorithm	   to	   detect	   misspellings	   (e.g.	  
m0rtgage,	  med1cine,	  w4tches.)	  



Machine	  learning	  
system	  design	  

Error	  analysis	  

Machine	  Learning	  
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Recommended	  approach	  
-‐  Start	  with	  a	  simple	  algorithm	  that	  you	  can	  implement	  quickly.	  

Implement	  it	  and	  test	  it	  on	  your	  cross-‐valida3on	  data.	  
-‐  Plot	  learning	  curves	  to	  decide	  if	  more	  data,	  more	  features,	  etc.	  

are	  likely	  to	  help.	  
-‐  Error	  analysis:	  	  Manually	  examine	  the	  examples	  (in	  cross	  

valida3on	  set)	  that	  your	  algorithm	  made	  errors	  on.	  See	  if	  you	  
spot	  any	  systema3c	  trend	  in	  what	  type	  of	  examples	  it	  is	  
making	  errors	  on.	  
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Error	  Analysis	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  500	  examples	  in	  cross	  valida3on	  set	  
Algorithm	  misclassifies	  100	  emails.	  
Manually	  examine	  the	  100	  errors,	  and	  categorize	  them	  based	  on:	  

(i)  What	  type	  of	  email	  it	  is	  
(ii)  What	   cues	   (features)	   you	   think	   would	   have	   helped	   the	  

algorithm	  classify	  them	  correctly.	  

Pharma:	  
Replica/fake:	  
Steal	  passwords:	  
Other:	  

Deliberate	  misspellings:	  
	  (m0rgage,	  med1cine,	  etc.)	  
Unusual	  email	  rou3ng:	  
Unusual	  (spamming)	  punctua3on:	  
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The	  importance	  of	  numerical	  evalua;on	  

Should	  discount/discounts/discounted/discoun3ng	  be	  treated	  as	  the	  
same	  word?	  	  
Can	  use	  “stemming”	  so\ware	  (E.g.	  “Porter	  stemmer”)	  

	  universe/university.	  
Error	  analysis	  may	  not	  be	  helpful	  for	  deciding	  if	  this	  is	  likely	  to	  improve	  
performance.	  Only	  solu3on	  is	  to	  try	  it	  and	  see	  if	  it	  works.	  
Need	  numerical	  evalua3on	  (e.g.,	  cross	  valida3on	  error)	  of	  algorithm’s	  
performance	  with	  and	  without	  stemming.	  

	  Without	  stemming:	   	   	  With	  stemming:	  
Dis3nguish	  upper	  vs.	  lower	  case	  (Mom/mom):	  



Machine	  learning	  
system	  design	  

Error	  metrics	  for	  
skewed	  classes	  

Machine	  Learning	  
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Cancer	  classifica;on	  example	  
Train	  logis3c	  regression	  model	  	  	  	  	  	  	  	  	  	  .	  (	  	  	  	  	  	  	  	  	  if	  cancer,	  	  	  	  	  	  	  	  	  
otherwise)	  
Find	  that	  you	  got	  1%	  error	  on	  test	  set.	  
(99%	  correct	  diagnoses)	  
	  
Only	  0.50%	  of	  pa3ents	  have	  cancer.	  

function y = predictCancer(x) 
    y = 0; %ignore x! 
return 
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Precision/Recall	  
	  	  	  	  	  	  	  	  	  	  	  in	  presence	  of	  rare	  class	  that	  we	  want	  to	  detect	  

Precision	  	  
(Of	  all	  pa3ents	  where	  we	  predicted	  	  	  	  	  	  	  	  	  	  	  ,	  what	  
frac3on	  actually	  has	  cancer?)	  

Recall	  
(Of	  all	  pa3ents	  that	  actually	  have	  cancer,	  what	  frac3on	  
did	  we	  correctly	  detect	  as	  having	  cancer?)	  



Machine	  learning	  
system	  design	  

Trading	  off	  precision	  
and	  recall	  

Machine	  Learning	  
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Trading	  off	  precision	  and	  recall	  
Logis3c	  regression:	  
Predict	  1	  if	  	  
Predict	  0	  if	  	  
Suppose	  we	  want	  to	  predict	  	  	  	  	  	  	  	  	  	  	  	  (cancer)	  
only	  if	  very	  confident.	  

Suppose	  we	  want	  to	  avoid	  missing	  too	  many	  
cases	  of	  cancer	  (avoid	  false	  nega3ves).	  

More	  generally:	  Predict	  1	  if	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  threshold.	  

1	  

0.5	  

0.5	   1	  
Recall	  

Pr
ec
isi
on

	  

precision	  	  	  	  =	   true	  posi3ves	  
no.	  of	  predicted	  posi3ve	  

recall	  	  	  	  	  =	   true	  posi3ves	  
no.	  of	  actual	  posi3ve	  
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Precision(P)	   Recall	  (R)	   Average	   F1	  Score	  

Algorithm	  1	   0.5	   0.4	   0.45	   0.444	  

Algorithm	  2	   0.7	   0.1	   0.4	   0.175	  

Algorithm	  3	   0.02	   1.0	   0.51	   0.0392	  

F1	  Score	  (F	  score)	  
How	  to	  compare	  precision/recall	  numbers?	  

Average:	  

F1	  Score:	  	  



Machine	  learning	  
system	  design	  

Data	  for	  machine	  
learning	  

Machine	  Learning	  



Designing	  a	  high	  accuracy	  learning	  system	  

[Banko	  and	  Brill,	  2001]	  

E.g.	  	  Classify	  between	  confusable	  words.	  
	  {to,	  two,	  too},	  	  {then,	  than}	  

For	  breakfast	  I	  ate	  _____	  eggs.	  
Algorithms	  

-‐  Perceptron	  (Logis3c	  regression)	  
-‐  Winnow	  
-‐  Memory-‐based	  
-‐  Naïve	  Bayes	  
	  
“It’s	  not	  who	  has	  the	  best	  algorithm	  that	  wins.	  	  

	   	   	   	  It’s	  who	  has	  the	  most	  data.”	  

Training	  set	  size	  (millions)	  

	  	  	  
	  	  A

cc
ur
ac
y	  
	  	  	  
	  	  



Useful	  test:	  Given	  the	  input	  	  	  	  ,	  can	  a	  human	  expert	  
confidently	  predict	  	  	  ?	  

Large	  data	  ra;onale	  
Assume	  feature	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  has	  sufficient	  informa3on	  to	  
predict	  	  	  	  	  accurately.	  	  

Example:	  For	  breakfast	  I	  ate	  _____	  eggs.	  
Counterexample:	  Predict	  housing	  price	  from	  only	  size	  
(feet2)	  and	  no	  other	  features.	  	  



Large	  data	  ra;onale	  
Use	  a	  learning	  algorithm	  with	  many	  parameters	  (e.g.	  logis3c	  
regression/linear	  regression	  with	  many	  features;	  neural	  network	  
with	  many	  hidden	  units).	  	  
	  
	  
	  

Use	  a	  very	  large	  training	  set	  (unlikely	  to	  overfit)	  



Machine	  learning	  
system	  design	  

Ar3ficial	  data	  
synthesis	  
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Ar;ficial	  data	  synthesis	  for	  photo	  OCR	  

[hQp://www.publicdomainpictures.net/view-‐image.php?image=5745&picture=;mes-‐square]	  
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Ar;ficial	  data	  synthesis	  for	  photo	  OCR	  

Real	  data	  

Abcdefg 
Abcdefg 

Abcdefg 
Abcdefg 
Abcdefg 

[Adam	  Coates	  and	  Tao	  Wang]	  
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Ar;ficial	  data	  synthesis	  for	  photo	  OCR	  

Real	  data	   Synthe3c	  data	  

[Adam	  Coates	  and	  Tao	  Wang]	  
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Synthesizing	  data	  by	  introducing	  distor;ons	  
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Synthesizing	  data	  by	  introducing	  distor;ons:	  Speech	  recogni;on	  

Original	  audio	  (coun3ng	  from	  zero	  to	  five)	  
	  

Audio	  on	  bad	  cellphone	  connec3on	  

Noisy	  background:	  Crowd	  

Noisy	  background:	  Machinery	  

[www.pdsounds.org]	  
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Synthesizing	  data	  by	  introducing	  distor;ons	  

Distor3on	  introduced	  should	  be	  representa3on	  of	  the	  type	  of	  
noise/distor3ons	  in	  the	  test	  set.	  

Audio:	  
Background	  noise,	  	  
bad	  cellphone	  connec3on	  

Usually	  does	  not	  help	  to	  add	  purely	  random/meaningless	  noise	  
to	  your	  data.	  

intensity	  (brightness)	  of	  pixel	  
	  	  	  	  	  	  	  	  random	  noise	  

[Adam	  Coates	  and	  Tao	  Wang]	  



Support	  Vector	  
Machines	  
Op2miza2on	  
objec2ve	  

Machine	  Learning	  



Andrew	  Ng	  

If	  	  	  	  	  	  	  	  	  	  ,	  we	  want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  

Alterna(ve	  view	  of	  logis(c	  regression	  

If	  	  	  	  	  	  	  	  	  	  ,	  we	  want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  
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Alterna(ve	  view	  of	  logis(c	  regression	  
Cost	  of	  example:	  

If	  	  	  	  	  	  	  	  	  	  	  (want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ):	   If	  	  	  	  	  	  	  	  	  	  	  (want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ):	  
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Support	  vector	  machine	  
Logis2c	  regression:	  

Support	  vector	  machine:	  
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SVM	  hypothesis	  

Hypothesis:	  



Large	  Margin	  
Intui2on	  

Machine	  Learning	  

Support	  Vector	  
Machines	  
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If	  	  	  	  	  	  	  	  	  	  ,	  we	  want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (not	  just	  	  	  	  	  	  	  )	  
If	  	  	  	  	  	  	  	  	  	  ,	  we	  want	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (not	  just	  	  	  	  	  	  	  )	  

Support	  Vector	  Machine	  

-‐1	   1	   -‐1	   1	  
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SVM	  Decision	  Boundary	  

Whenever	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :	  

Whenever	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :	  
-‐1	   1	  

-‐1	   1	  
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SVM	  Decision	  Boundary:	  Linearly	  separable	  case	  

x1	  

x2	  

Large	  margin	  classifier	  
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Large	  margin	  classifier	  in	  presence	  of	  outliers	  

x1	  

x2	  



The	  mathema2cs	  
behind	  large	  margin	  
classifica2on	  (op2onal)	  

Machine	  Learning	  

Support	  Vector	  
Machines	  
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Vector	  Inner	  Product	  
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SVM	  Decision	  Boundary	  
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SVM	  Decision	  Boundary	  



Kernels	  I	  
Machine	  Learning	  

Support	  Vector	  
Machines	  
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Non-‐linear	  Decision	  Boundary	  

x1	  

x2	  

Is	  there	  a	  different	  /	  beRer	  choice	  of	  the	  features	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ?	  
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Kernel	  

x1	  

x2	  

Given	  	  	  	  	  ,	  compute	  new	  feature	  depending	  	  
on	  proximity	  to	  landmarks	  	  
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Kernels	  and	  Similarity	  
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Example:	  
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x1	  

x2	  



Support	  Vector	  
Machines	  

Kernels	  II	  
Machine	  Learning	  
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x1	  

x2	  

Choosing	  the	  landmarks	  

Given	  	  	  	  :	  
	  
	  

Predict	  	  	  	  	  	  	  	  	  	  	  	  	  if	  
Where	  to	  get	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ?	  
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SVM	  with	  Kernels	  
Given	  
choose	  
Given	  example	  	  	  	  	  :	  
	  
	  

For	  training	  example	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :	  	  
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SVM	  with	  Kernels	  

Hypothesis:	  Given	  	  	  	  ,	  compute	  features	  
Predict	  “y=1”	  if	  

Training:	  
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	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Small	  	  	  	  	  :	  Features	  	  	  	  	  vary	  less	  smoothly.	  
	   	  Lower	  bias,	  higher	  variance.	  

SVM	  parameters:	  
C	  (	  	  	  	  	  	  	  	  	  ).	  	  	  	  Large	  C:	  Lower	  bias,	  high	  variance.	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Small	  C:	  Higher	  bias,	  low	  variance.	  

	  	  	  	   	  	  	  	  	  	  	  	  	  Large	  	  	  	  	  :	  Features	  	  	  	  	  vary	  more	  smoothly.	  
	   	  Higher	  bias,	  lower	  variance.	  



Support	  Vector	  
Machines	  

Using	  an	  SVM	  

Machine	  Learning	  
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Use	  SVM	  so]ware	  package	  (e.g.	  liblinear,	  libsvm,	  …)	  to	  solve	  for	  
parameters	  	  	  	  .	  
Need	  to	  specify:	  

Choice	  of	  parameter	  C.	  
Choice	  of	  kernel	  (similarity	  func2on):	  

E.g.	  No	  kernel	  (“linear	  kernel”)	  
Predict	  “y	  =	  1”	  if	  	  

Gaussian	  kernel:	  
	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  where	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  	  
Need	  to	  choose	  	  	  	  	  	  .	  
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Kernel	  (similarity)	  func(ons:	  

function f = kernel(x1,x2) 
 
 
 
return 

Note:	  Do	  perform	  feature	  scaling	  before	  using	  the	  Gaussian	  kernel.	  

x1  x2	  
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Other	  choices	  of	  kernel	  

Note:	  Not	  all	  similarity	  func2ons	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  make	  valid	  kernels.	  
(Need	  to	  sa2sfy	  technical	  condi2on	  called	  “Mercer’s	  Theorem”	  to	  make	  
sure	  SVM	  packages’	  op2miza2ons	  run	  correctly,	  and	  do	  not	  diverge).	  

Many	  off-‐the-‐shelf	  kernels	  available:	  
-‐  Polynomial	  kernel:	  

-‐  More	  esoteric:	  String	  kernel,	  chi-‐square	  kernel,	  histogram	  
intersec2on	  kernel,	  …	  
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Mul(-‐class	  classifica(on	  

Many	  SVM	  packages	  already	  have	  built-‐in	  mul2-‐class	  classifica2on	  
func2onality.	  
Otherwise,	  use	  one-‐vs.-‐all	  method.	  (Train	  	  	  	  	  	  	  SVMs,	  one	  to	  dis2nguish	  
	  	  	  	  	  	  	  	  	  	  	  	  	  from	  the	  rest,	  for	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ),	  get	  	  
Pick	  class	  	  	  	  with	  largest	  
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Logis(c	  regression	  vs.	  SVMs	  

	  	  	  	  	  	  	  	  number	  of	  features	  (	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ),	  	  	  	  	  	  	  	  	  	  	  	  number	  of	  training	  examples	  
If	  	  	  	  	  is	  large	  (rela2ve	  to	  	  	  	  	  ):	  
Use	  logis2c	  regression,	  or	  SVM	  without	  a	  kernel	  (“linear	  kernel”)	  

If	  	  	  	  	  is	  small,	  	  	  	  	  	  	  is	  intermediate:	  
Use	  SVM	  with	  Gaussian	  kernel	  

If	  	  	  	  	  is	  small,	  	  	  	  	  	  is	  large:	  
Create/add	  more	  features,	  then	  use	  logis2c	  regression	  or	  SVM	  
without	  a	  kernel	  

Neural	  network	  likely	  to	  work	  well	  for	  most	  of	  these	  secngs,	  but	  may	  be	  
slower	  to	  train.	  



Clustering	  
Unsupervised	  learning	  
introduc3on	  

Machine	  Learning	  
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Supervised	  learning	  

Training	  set:	   	   	   	   	   	   	  	  	  	  	  	  
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Unsupervised	  learning	  

Training	  set:	   	   	  	  
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Applica2ons	  of	  clustering	  

Organize	  compu3ng	  clusters	  

Social	  network	  analysis	  

Image	  credit:	  NASA/JPL-‐Caltech/E.	  Churchwell	  (Univ.	  of	  Wisconsin,	  Madison)	  	  

Astronomical	  data	  analysis	  

Market	  segmenta3on	  



Clustering	  
K-‐means	  	  
algorithm	  

Machine	  Learning	  
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Andrew	  Ng	  

Input:	  
-‐  	  	  	  	  (number	  of	  clusters)	  
-‐  Training	  set	  
	  
	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (drop	  	  	  	  	  	  	  	  	  	  	  	  	  conven3on)	  

K-‐means	  algorithm	  



Andrew	  Ng	  

Randomly	  ini3alize	  	  	  	  	  	  cluster	  centroids	  

K-‐means	  algorithm	  

Repeat	  {	  
	  for	  	  	  =	  1	  to	  	  
	   	  :=	  index	  (from	  1	  to	  	  	  	  	  )	  of	  cluster	  centroid	  	  
	   	  	  	  	  	  closest	  to	  	  
	  for	  	  	  	  =	  1	  to	  	  
	   	  :=	  average	  (mean)	  of	  points	  assigned	  to	  cluster	  
	  	  

	  
	  }	  
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K-‐means	  for	  non-‐separated	  clusters	  

T-‐shirt	  sizing	  

Height	  

W
ei
gh
t	  
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objec3ve	  
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K-‐means	  op2miza2on	  objec2ve	  

=	  index	  of	  cluster	  (1,2,…,	  	  	  )	  to	  which	  example	  	  	  	  	  	  	  	  	  	  is	  currently	  
assigned	  

=	  cluster	  centroid	  	  	  	  	  (	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  
=	  cluster	  centroid	  of	  cluster	  to	  which	  example	  	  	  	  	  	  	  	  	  	  has	  been	  
assigned	  

Op3miza3on	  objec3ve:	  
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Randomly	  ini3alize	  	  	  	  	  	  cluster	  centroids	  

K-‐means	  algorithm	  

Repeat	  {	  
	  for	  	  	  =	  1	  to	  	  
	   	  :=	  index	  (from	  1	  to	  	  	  	  	  )	  of	  cluster	  centroid	  	  
	   	  	  	  	  	  closest	  to	  	  
	  for	  	  	  	  =	  1	  to	  	  
	   	  :=	  average	  (mean)	  of	  points	  assigned	  to	  cluster	  
	  }	  
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Random	  
ini3aliza3on	  
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Andrew	  Ng	  

Randomly	  ini3alize	  	  	  	  	  	  cluster	  centroids	  

K-‐means	  algorithm	  

Repeat	  {	  
	  for	  	  	  =	  1	  to	  	  
	   	  :=	  index	  (from	  1	  to	  	  	  	  	  )	  of	  cluster	  centroid	  	  
	   	  	  	  	  	  closest	  to	  	  
	  for	  	  	  	  =	  1	  to	  	  
	   	  :=	  average	  (mean)	  of	  points	  assigned	  to	  cluster	  
	  }	  
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Random	  ini2aliza2on	  

Should	  have	  	  	  
	  
Randomly	  pick	  	  	  	  	  training	  	  
examples.	  
	  
Set	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  equal	  to	  these	  	  
	  	  	  	  examples.	  
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Local	  op2ma	  
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For	  i	  =	  1	  to	  100	  {	  
	  	  

	  Randomly	  ini3alize	  K-‐means.	  
	  Run	  K-‐means.	  Get	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  
	  Compute	  cost	  func3on	  (distor3on)	  	  

	  
	  }	  

Pick	  clustering	  that	  gave	  lowest	  cost	  

Random	  ini2aliza2on	  
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What	  is	  the	  right	  value	  of	  K?	  
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Choosing	  the	  value	  of	  K	  

Elbow	  method:	  

1	   2	   3	   4	   5	   6	   7	   8	  

Co
st
	  fu

nc
3o

n	  
	  

(no.	  of	  clusters)	  
1	   2	   3	   4	   5	   6	   7	   8	  

Co
st
	  fu

nc
3o

n	  
	  

(no.	  of	  clusters)	  
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Choosing	  the	  value	  of	  K	  
Some3mes,	  you’re	  running	  K-‐means	  to	  get	  clusters	  to	  use	  for	  some	  
later/downstream	  purpose.	  Evaluate	  K-‐means	  based	  on	  a	  metric	  for	  
how	  well	  it	  performs	  for	  that	  later	  purpose.	  
	  
E.g.	   T-‐shirt	  sizing	  

Height	  

W
ei
gh
t	  

T-‐shirt	  sizing	  

Height	  

W
ei
gh
t	  
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Data	  Compression	  

(in
ch
es
)	  

(cm)	  

Reduce	  data	  from	  	  
2D	  to	  1D	  
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Data	  Compression	  

Reduce	  data	  from	  	  
2D	  to	  1D	  

(in
ch
es
)	  

(cm)	  
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Data	  Compression	  
Reduce	  data	  from	  3D	  to	  2D	  
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Data	  Visualiza1on	  
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Data	  Visualiza2on	  

[resources	  from	  en.wikipedia.org]	  

Country	  

GDP	  
(trillions	  of	  

US$)	  

Per	  capita	  
GDP	  	  

(thousands	  
of	  intl.	  $)	  

Human	  
Develop-‐
ment	  Index	  

Life	  
expectancy	  

Poverty	  
Index	  
	  (Gini	  as	  

percentage)	  

Mean	  
household	  
income	  

(thousands	  
of	  US$)	   …	  

Canada	   1.577	   39.17	   0.908	   80.7	   32.6	   67.293	   …	  
China	   5.878	   7.54	   0.687	   73	   46.9	   10.22	   …	  
India	   1.632	   3.41	   0.547	   64.7	   36.8	   0.735	   …	  
Russia	   1.48	   19.84	   0.755	   65.5	   39.9	   0.72	   …	  

Singapore	   0.223	   56.69	   0.866	   80	   42.5	   67.1	   …	  
USA	   14.527	   46.86	   0.91	   78.3	   40.8	   84.3	   …	  
…	   …	   …	   …	   …	   …	   …	  
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Data	  Visualiza2on	  

Country	  
Canada	   1.6	   1.2	  
China	   1.7	   0.3	  
India	   1.6	   0.2	  
Russia	   1.4	   0.5	  

Singapore	   0.5	   1.7	  
USA	   2	   1.5	  
…	   …	   …	  
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Data	  Visualiza2on	  



Dimensionality	  
Reduc1on	  
Principal	  Component	  
Analysis	  problem	  
formula1on	  

Machine	  Learning	  



Andrew	  Ng	  

Principal	  Component	  Analysis	  (PCA)	  problem	  formula2on	  
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Principal	  Component	  Analysis	  (PCA)	  problem	  formula2on	  

Reduce	  from	  2-‐dimension	  to	  1-‐dimension:	  Find	  a	  direc1on	  (a	  vector	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  )	  
onto	  which	  to	  project	  the	  data	  so	  as	  to	  minimize	  the	  projec1on	  error.	  
Reduce	  from	  n-‐dimension	  to	  k-‐dimension:	  Find	  	  	  	  vectors	  	  
onto	  which	  to	  project	  the	  data,	  so	  as	  to	  minimize	  the	  projec1on	  error.	  
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PCA	  is	  not	  linear	  regression	  
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PCA	  is	  not	  linear	  regression	  



Dimensionality	  
Reduc1on	  
Principal	  Component	  
Analysis	  algorithm	  

Machine	  Learning	  
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Training	  set:	  
Preprocessing	  (feature	  scaling/mean	  normaliza1on):	  

Data	  preprocessing	  

Replace	  each	  	  	  	  	  	  	  	  with	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  
If	  different	  features	  on	  different	  scales	  (e.g.,	  	  	  	  	  	  	  	  	  	  	  size	  of	  house,	  	  
	  	  	  	  	  	  	  	  	  	  number	  of	  bedrooms),	  scale	  features	  to	  have	  comparable	  
range	  of	  values.	  
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Principal	  Component	  Analysis	  (PCA)	  algorithm	  

Reduce	  data	  from	  2D	  to	  1D	   Reduce	  data	  from	  3D	  to	  2D	  
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Principal	  Component	  Analysis	  (PCA)	  algorithm	  
Reduce	  data	  from	  	  	  -‐dimensions	  to	  	  	  -‐dimensions	  
Compute	  “covariance	  matrix”:	  
	  
	  
Compute	  “eigenvectors”	  of	  matrix	  	  	  	  	  :	  

	  [U,S,V] = svd(Sigma);	  
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Principal	  Component	  Analysis	  (PCA)	  algorithm	  
From 	   	   	   	  	  	  	  ,	  we	  get:	  	  [U,S,V] = svd(Sigma)	  
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Principal	  Component	  Analysis	  (PCA)	  algorithm	  summary	  

Ader	  mean	  normaliza1on	  (ensure	  every	  feature	  has	  
zero	  mean)	  and	  op1onally	  feature	  scaling:	  	  

Sigma = 
 
[U,S,V] = svd(Sigma); 
Ureduce = U(:,1:k); 
z = Ureduce’*x;	  
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Reconstruc2on	  from	  compressed	  representa2on	  
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Choosing	  	  	  	  	  	  (number	  of	  principal	  components)	  
Average	  squared	  projec1on	  error:	  
Total	  varia1on	  in	  the	  data:	  
	  Typically,	  choose	  	  	  	  to	  be	  smallest	  value	  so	  that	  
	  
	  
	  
	  
“99%	  of	  variance	  is	  retained”	  

(1%)	  
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Choosing	  	  	  	  	  	  (number	  of	  principal	  components)	  
Algorithm:	  
Try	  PCA	  with	  	  
Compute	  
	  
Check	  if	  

[U,S,V] = svd(Sigma)	  
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Choosing	  	  	  	  	  	  (number	  of	  principal	  components)	  
[U,S,V] = svd(Sigma)	  
Pick	  smallest	  value	  of	  	  	  	  	  for	  which	  
	  
	  
	  
(99%	  of	  variance	  retained)	  
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Supervised	  learning	  speedup	  

Extract	  inputs:	  
	  Unlabeled	  dataset:	  

New	  training	  set:	  

Note:	  Mapping	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  should	  be	  defined	  by	  running	  PCA	  
only	  on	  the	  training	  set.	  This	  mapping	  can	  be	  applied	  as	  well	  to	  
the	  examples	  	  	  	  	  	  	  	  	  	  	  and	  	  	  	  	  	  	  	  	  	  	  	  in	  the	  cross	  valida1on	  and	  test	  
sets.	  
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Applica2on	  of	  PCA	  

-‐  Compression	  
-‐  Reduce	  memory/disk	  needed	  to	  store	  data	  
-‐  Speed	  up	  learning	  algorithm	  

-‐  Visualiza1on	  
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Bad	  use	  of	  PCA:	  To	  prevent	  overfiEng	  
Use	  	  	  	  	  	  	  	  	  instead	  of	  	  	  	  	  	  	  	  	  to	  reduce	  the	  number	  of	  
features	  to	  	  
Thus,	  fewer	  features,	  less	  likely	  to	  overfit.	  

This	  might	  work	  OK,	  but	  isn’t	  a	  good	  way	  to	  address	  
overfilng.	  Use	  regulariza1on	  instead.	  
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PCA	  is	  some2mes	  used	  where	  it	  shouldn’t	  be	  
Design	  of	  ML	  system:	  

-‐  Get	  training	  set	  
-‐  Run	  PCA	  to	  reduce	  	  	  	  	  	  	  	  	  in	  dimension	  to	  get	  
-‐  Train	  logis1c	  regression	  on	  
-‐  Test	  on	  test	  set:	  Map	  	  	  	  	  	  	  	  	  	  to	  	  	  	  	  	  	  	  	  .	  Run	  	  	  	  	  	  	  	  	  	  	  	  on	  
	  

How	  about	  doing	  the	  whole	  thing	  without	  using	  PCA?	  
Before	  implemen1ng	  PCA,	  first	  try	  running	  whatever	  you	  want	  to	  
do	  with	  the	  original/raw	  data	  	  	  	  	  	  .	  Only	  if	  that	  doesn’t	  do	  what	  
you	  want,	  then	  implement	  PCA	  and	  consider	  using	  	  	  	  	  	  .	  
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Anomaly	  detec-on	  example	  

Aircra9	  engine	  features:	  
	  =	  heat	  generated	  
	  =	  vibra-on	  intensity	  

	  	  	  	  	  …	  

(v
ib
ra
-o

n)
	  

(heat)	  

Dataset:	  
	  
New	  engine:	  
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Density	  es-ma-on	  

Dataset:	  
Is	  	  	  	  	  	  	  	  	  	  	  	  anomalous?	  

(v
ib
ra
-o

n)
	  

(heat)	  
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Anomaly	  detec-on	  example	  
Fraud	  detec-on:	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  =	  features	  of	  user	  	  	  ’s	  ac-vi-es	  

Model	  	  	  	  	  	  	  	  	  from	  data.	  
Iden-fy	  unusual	  users	  by	  checking	  which	  have	  	  

Manufacturing	  
Monitoring	  computers	  in	  a	  data	  center.	  

	  	  	  	  	  	  	  =	  features	  of	  machine	  	  
	  	  	  	  	  	  	  =	  memory	  use,	  	  	  	  	  	  	  	  =	  number	  of	  disk	  accesses/sec,	  
	  	  	  	  	  	  	  =	  CPU	  load,	  	  	  	  	  	  	  	  =	  CPU	  load/network	  traffic.	  
…	  
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Gaussian	  (Normal)	  distribu-on	  
Say	  	  	  	  	  	  	  	  	  	  .	  If	  	  	  	  is	  a	  distributed	  Gaussian	  with	  mean	  	  	  	  ,	  variance	  	  	  	  	  	  .	  
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Gaussian	  distribu-on	  example	  
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Parameter	  es-ma-on	  
Dataset:	  



Anomaly	  
detec-on	  

Algorithm	  
Machine	  Learning	  
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Density	  es-ma-on	  
Training	  set:	  
Each	  example	  is	  	  
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Anomaly	  detec-on	  algorithm	  

1.  Choose	  features	  	  	  	  	  	  that	  you	  think	  might	  be	  indica-ve	  of	  
anomalous	  examples.	  

2.  Fit	  parameters	  
	  
	  
	  
	  
3.  Given	  new	  example	  	  	  	  ,	  compute	  	  	  	  	  	  	  	  	  :	  	  

	  
	  	  	  	  	  	  	  Anomaly	  if	  	  
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Anomaly	  detec-on	  example	  
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When	  developing	  a	  learning	  algorithm	  (choosing	  features,	  etc.),	  
making	  decisions	  is	  much	  easier	  if	  we	  have	  a	  way	  of	  evalua-ng	  
our	  learning	  algorithm.	  

The	  importance	  of	  real-‐number	  evalua-on	  

Assume	  we	  have	  some	  labeled	  data,	  of	  anomalous	  and	  non-‐
anomalous	  examples.	  	  (	  	  	  	  	  	  	  	  	  	  	  	  if	  normal,	  	  	  	  	  	  	  	  	  	  	  	  	  if	  anomalous).	  

Training	  set: 	   	   	  	  	  	  	  	  	  (assume	  normal	  examples/not	  
anomalous)	  
Cross	  valida-on	  set:	  
Test	  set:	  
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10000	  	  good	  (normal)	  engines	  
20	   	  flawed	  engines	  (anomalous)	  

AircraA	  engines	  mo-va-ng	  example	  

Training	  set:	  6000	  good	  engines	  
CV:	  2000	  good	  engines	  (	   	  	  ),	  10	  anomalous	  (	  	  	  	  	  	  	  	  	  	  	  )	  
Test:	  2000	  good	  engines	  (	  	  	  	  	  	  	  	  	  	  	  ),	  10	  anomalous	  (	  	  	  	  	  	  	  	  	  	  	  )	  

Alterna-ve:	  
Training	  set:	  6000	  good	  engines	  
CV:	  4000	  good	  engines	  (	   	  	  ),	  10	  anomalous	  (	  	  	  	  	  	  	  	  	  	  	  )	  
Test:	  4000	  good	  engines	  (	  	  	  	  	  	  	  	  	  	  	  ),	  10	  anomalous	  (	  	  	  	  	  	  	  	  	  	  	  )	  
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Fit	  model	  	  	  	  	  	  	  	  	  	  on	  training	  set	  
On	  a	  cross	  valida-on/test	  example	  	  	  	  	  ,	  predict	  

Algorithm	  evalua-on	  

Possible	  evalua-on	  metrics:	  
	  -‐	  True	  posi-ve,	  false	  posi-ve,	  false	  nega-ve,	  true	  nega-ve	  
	  -‐	  Precision/Recall	  
	  -‐	  F1-‐score	  

Can	  also	  use	  cross	  valida-on	  set	  to	  choose	  parameter	  	  



Anomaly	  
detec-on	  
Anomaly	  detec-on	  
vs.	  supervised	  
learning	  

Machine	  Learning	  
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Anomaly	  detec-on	   Supervised	  learning	  vs.	  
Very	  small	  number	  of	  posi-ve	  
examples	  (	  	  	  	  	  	  	  	  	  	  	  ).	  (0-‐20	  is	  
common).	  
Large	  number	  of	  nega-ve	  (	  	  	  	  	  	  	  	  	  	  	  )	  
examples.	  
Many	  different	  “types”	  of	  
anomalies.	  Hard	  for	  any	  algorithm	  
to	  learn	  from	  posi-ve	  examples	  
what	  the	  anomalies	  look	  like;	  
future	  anomalies	  may	  look	  nothing	  
like	  any	  of	  the	  anomalous	  
examples	  we’ve	  seen	  so	  far.	  

Large	  number	  of	  posi-ve	  and	  
nega-ve	  examples.	  
	  
	  
	  
Enough	  posi-ve	  examples	  for	  
algorithm	  to	  get	  a	  sense	  of	  what	  
posi-ve	  examples	  are	  like,	  	  future	  
posi-ve	  examples	  likely	  to	  be	  
similar	  to	  ones	  in	  training	  set.	  



Andrew	  Ng	  

Anomaly	  detec-on	   Supervised	  learning	  vs.	  
•  Fraud	  detec-on	  
	  
•  Manufacturing	  (e.g.	  aircra9	  

engines)	  
	  
•  Monitoring	  machines	  in	  a	  data	  

center	  

•  Email	  spam	  classifica-on	  
	  
•  Weather	  predic-on	  (sunny/

rainy/etc).	  
	  
•  Cancer	  classifica-on	  



Anomaly	  
detec-on	  
Choosing	  what	  
features	  to	  use	  

Machine	  Learning	  



Non-‐gaussian	  features	  



Error	  analysis	  for	  anomaly	  detec-on	  
Want 	   	  large	  for	  normal	  examples	  	  	  	  .	  

	   	  small	  for	  anomalous	  examples	  	  	  	  .	  

Most	  common	  problem:	  
	   	  is	  comparable	  (say,	  both	  large)	  for	  normal	  
	  and	  anomalous	  examples	  



Monitoring	  computers	  in	  a	  data	  center	  
Choose	  features	  that	  might	  take	  on	  unusually	  large	  or	  
small	  values	  in	  the	  event	  of	  an	  anomaly.	  

	  =	  memory	  use	  of	  computer	  
	  =	  number	  of	  disk	  accesses/sec	  
	  =	  CPU	  load	  
	  =	  network	  traffic	  

	  



Anomaly	  
detec-on	  
Mul-variate	  
Gaussian	  distribu-on	  

Machine	  Learning	  
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Mo-va-ng	  example:	  Monitoring	  machines	  in	  a	  data	  center	  

(CPU	  Load)	  

(CPU	  Load)	  

(Memory	  Use)	  

(M
em

or
y	  
U
se
)	  
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Mul-variate	  Gaussian	  (Normal)	  distribu-on	  
	  	  	  	  	  	  	  	  	  	  	  	  	  .	  Don’t	  model 	   	   	  	  	  	  etc.	  separately.	  
Model	  	  	  	  	  	  	  	  	  	  	  all	  in	  one	  go.	  
Parameters:	   	   	   	  (covariance	  matrix)	  
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Mul-variate	  Gaussian	  (Normal)	  examples	  
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Mul-variate	  Gaussian	  (Normal)	  examples	  
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Mul-variate	  Gaussian	  (Normal)	  examples	  
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Mul-variate	  Gaussian	  (Normal)	  examples	  
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Mul-variate	  Gaussian	  (Normal)	  examples	  
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Mul-variate	  Gaussian	  (Normal)	  examples	  



Anomaly	  
detec-on	  
Anomaly	  detec-on	  using	  
the	  mul-variate	  
Gaussian	  distribu-on	  

Machine	  Learning	  
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Mul-variate	  Gaussian	  (Normal)	  distribu-on	  
Parameters	  	  

Parameter	  fifng:	  
Given	  training	  set	  
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2.	  Given	  a	  new	  example	  	  	  	  ,	  compute	  
	  
	  
	  
	  	  	  	  Flag	  an	  anomaly	  if	  	  

Anomaly	  detec-on	  with	  the	  mul-variate	  Gaussian	  
1.	  Fit	  model	  	  	  	  	  	  	  	  	  	  by	  sefng	  
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Rela-onship	  to	  original	  model	  
Original	  model:	  	  

Corresponds	  to	  mul-variate	  Gaussian	  
	  
	  
	  
where	  
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Original	  model	   Mul-variate	  Gaussian	  vs.	  

Manually	  create	  features	  to	  
capture	  anomalies	  where	  	  	  	  	  	  	  	  	  	  	  	  	  	  
take	  unusual	  combina-ons	  of	  
values.	  

Automa-cally	  captures	  
correla-ons	  between	  features	  

Computa-onally	  cheaper	  
(alterna-vely,	  scales	  beger	  to	  
large	  
	  	  	  	  )	  

Computa-onally	  more	  expensive	  

OK	  even	  if	  	  	  	  	  (training	  set	  size)	  is	  
small	  

Must	  have	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  or	  else	  	  	  	  	  is	  
non-‐inver-ble.	  



Recommender	  
Systems	  
Problem	  
formula4on	  

Machine	  Learning	  
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Example:	  Predic/ng	  movie	  ra/ngs	  

User	  rates	  movies	  using	  one	  to	  five	  stars	  

Movie	   Alice	  (1)	   Bob	  (2)	   Carol	  (3)	   Dave	  (4)	  

Love	  at	  last	  

Romance	  forever	  

Cute	  puppies	  of	  love	  

Nonstop	  car	  chases	  

Swords	  vs.	  karate	  

=	  no.	  users	  
=	  no.	  movies	  
=	  1	  if	  user	  	  	  	  has	  
rated	  movie	  	  	  
=	  ra4ng	  given	  by	  
user	  	  	  	  to	  movie	  	  	  	  
(defined	  only	  if	  	  

	  	  	  	  )	  



Recommender	  
Systems	  
Content-‐based	  
recommenda4ons	  

Machine	  Learning	  
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Content-‐based	  recommender	  systems	  
Movie	   Alice	  (1)	   Bob	  (2)	   Carol	  (3)	   Dave	  (4)	   	  

(romance)	  
	  

(ac/on)	  

Love	  at	  last	   5	   5	   0	   0	   0.9	   0	  

Romance	  forever	   5	   ?	   ?	   0	   1.0	   0.01	  

Cute	  puppies	  of	  love	   ?	   4	   0	   ?	   0.99	   0	  

Nonstop	  car	  chases	   0	   0	   5	   4	   0.1	   1.0	  

Swords	  vs.	  karate	   0	   0	   5	   ?	   0	   0.9	  

For	  each	  user	  	  	  ,	  learn	  a	  parameter	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  Predict	  user	  	  	  	  as	  
ra4ng	  movie	  	  	  	  	  with	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  stars.	  	  
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Problem	  formula/on	  
	  	  	  	  	  if	  user	  	  	  	  has	  rated	  movie	  	  	  	  	  (0	  otherwise)	  

	  	  	  	  	  	  ra4ng	  by	  user	  	  	  on	  movie	  	  	  	  (if	  defined)	  

	  	  	  	  	  	  	  =	  parameter	  vector	  for	  user	  	  
	  	  	  	  	  	  	  =	  feature	  vector	  for	  movie	  	  	  	  
For	  user	  	  	  	  ,	  movie	  	  	  	  ,	  predicted	  ra4ng:	  

	  	  	  	  	  	  	  	  =	  no.	  of	  movies	  rated	  by	  user	  
To	  learn	  	  	  	  	  	  	  :	  
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Op/miza/on	  objec/ve:	  
To	  learn	  	  	  	  	  	  	  (parameter	  for	  user	  	  	  ):	  

To	  learn	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  :	  
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Op/miza/on	  algorithm:	  

Gradient	  descent	  update:	  



Recommender	  
Systems	  

Machine	  Learning	  

Collabora4ve	  
filtering	  
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Problem	  mo/va/on	  
Movie	   Alice	  (1)	   Bob	  (2)	   Carol	  (3)	   Dave	  (4)	   	  

(romance)	  
	  

(ac/on)	  

Love	  at	  last	   5	   5	   0	   0	   0.9	   0	  

Romance	  forever	   5	   ?	   ?	   0	   1.0	   0.01	  

Cute	  puppies	  of	  
love	  

?	   4	   0	   ?	   0.99	   0	  

Nonstop	  car	  
chases	  

0	   0	   5	   4	   0.1	   1.0	  

Swords	  vs.	  karate	   0	   0	   5	   ?	   0	   0.9	  
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Problem	  mo/va/on	  
Movie	   Alice	  (1)	   Bob	  (2)	   Carol	  (3)	   Dave	  (4)	   	  

(romance)	  
	  

(ac/on)	  

Love	  at	  last	   5	   5	   0	   0	   ?	   ?	  

Romance	  forever	   5	   ?	   ?	   0	   ?	   ?	  

Cute	  puppies	  of	  
love	  

?	   4	   0	   ?	   ?	   ?	  

Nonstop	  car	  
chases	  

0	   0	   5	   4	   ?	   ?	  

Swords	  vs.	  karate	   0	   0	   5	   ?	   ?	   ?	  
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Op/miza/on	  algorithm	  
Given	   	  	  	  	  	  	  	  	  	  ,	  to	  learn	  	  	  	  	  	  :	  

Given	   	  	  	  	  	  	  	  	  	  ,	  to	  learn 	   	  :	  
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Collabora/ve	  filtering	  
Given	   	  	  	  	  	  	  	  	  	  	  (and	  movie	  ra4ngs),	  	  

	  can	  es4mate	  
	  	  

Given	   	  	  	  	  	  	  	  	  	  ,	  	  
	  can	  es4mate	  



Recommender	  
Systems	  

Machine	  Learning	  

Collabora4ve	  
filtering	  algorithm	  
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Collabora/ve	  filtering	  op/miza/on	  objec/ve	  

Given	   	  	  	  	  	  	  	  	  	  ,	  es4mate 	   	  :	  

Given	   	  	  	  	  	  	  	  	  	  ,	  es4mate 	   	  	  :	  

Minimizing 	   	  	  	  	  	  	  	  	  and 	   	  simultaneously:	  	  	  	  	  	  	  	  	  	  	  	  
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Collabora/ve	  filtering	  algorithm	  
1.  Ini4alize 	   	   	  	  	  	  	  	  	  	   	  	  	  	  	  to	  small	  random	  values.	  
2.  Minimize 	   	   	   	   	  using	  gradient	  

descent	  (or	  an	  advanced	  op4miza4on	  algorithm).	  E.g.	  for	  
every 	   	   	  	  	  	  	  	  	  	  	  	  :	  
	  
	  
	  
	  

3.  For	  a	  user	  with	  parameters	  	  	  	  	  	  	  and	  a	  movie	  with	  (learned)	  
features	  	  	  	  	  	  ,	  predict	  a	  star	  ra4ng	  of	  	  	  	  	  	  	  	  	  	  	  .	  



Recommender	  
Systems	  

Machine	  Learning	  

Vectoriza4on:	  
Low	  rank	  matrix	  
factoriza4on	  
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Collabora/ve	  filtering	  
Movie	   Alice	  (1)	   Bob	  (2)	   Carol	  (3)	   Dave	  (4)	  

Love	  at	  last	   5	   5	   0	   0	  

Romance	  forever	   5	   ?	   ?	   0	  

Cute	  puppies	  of	  
love	  

?	   4	   0	   ?	  

Nonstop	  car	  
chases	  

0	   0	   5	   4	  

Swords	  vs.	  karate	   0	   0	   5	   ?	  
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Collabora/ve	  filtering	  

Predicted	  ra4ngs:	  
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Finding	  related	  movies	  
For	  each	  product	  	  	  	  ,	  we	  learn	  a	  feature	  vector	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  .	  

How	  to	  find	  movies	  	  	  	  related	  to	  movie	  	  	  ?	  

5	  most	  similar	  movies	  to	  movie	  	  	  :	  
Find	  the	  5	  movies	  	  	  	  with	  the	  smallest 	  	  	  	  	  	  	  	  	  .	  



Recommender	  
Systems	  

Machine	  Learning	  

	  
Implementa4onal	  
detail:	  	  Mean	  
normaliza4on	  
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Users	  who	  have	  not	  rated	  any	  movies	  
Movie	   Alice	  (1)	   Bob	  (2)	   Carol	  (3)	   Dave	  (4)	   Eve	  (5)	  

Love	  at	  last	   5	   5	   0	   0	   ?	  

Romance	  forever	   5	   ?	   ?	   0	   ?	  

Cute	  puppies	  of	  love	   ?	   4	   0	   ?	   ?	  

Nonstop	  car	  chases	   0	   0	   5	   4	   ?	  

Swords	  vs.	  karate	   0	   0	   5	   ?	   ?	  
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Mean	  Normaliza/on:	  

For	  user	  	  	  	  ,	  on	  movie	  	  	  	  predict:	  

User	  5	  (Eve):	  


