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  Yining	
  Wang	
  	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Kirs$n	
  Early	
  



Logis3cs	
  
Lectures: 	
  	
  	
  	
  	
  	
  	
  Tues,	
  Thurs	
  	
  	
  12:00-­‐1:20	
  pm	
  	
  GHC	
  4303	
  
Recita$ons:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Wed 	
  	
  	
  	
  	
  6:30-­‐7:30	
  pm	
  	
  	
  GHC	
  4303	
  
Office	
  hours: 	
  	
  	
  	
  	
  	
  	
  Barnabas	
  (Tues),	
  Aar$	
  (Thurs)	
  aYer	
  class	
  outside	
  

	
   	
  	
  	
  	
  	
  	
  	
  classroom	
  
	
   	
  	
  	
  	
  	
  	
  	
  Yining	
  (Mon	
  2:30-­‐3:30	
  pm	
  outside	
  GHC	
  8021)	
  
	
   	
  	
  	
  	
  	
  	
  	
  Kirs$n	
  (Fri	
  4-­‐5	
  pm	
  outside	
  GHC	
  8011)	
  	
  

	
  
Piazza:	
   	
  	
  	
  	
  	
  	
  	
  course	
  webpage,	
  slides,	
  videos,	
  announcements,	
  

	
   	
  	
  	
  	
  	
  	
  	
  policies,	
  office	
  hours,	
  HWs,	
  projects,	
  solu$ons,	
  …	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  discussion	
  forum	
  for	
  students	
  	
  
h`ps://piazza.com/cmu/spring2016/10401/home	
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Communica3on	
  channel	
  
•  Ask	
  ques$ons	
  in	
  class!	
  
•  Office	
  hours	
  (M,	
  T,	
  Th,	
  F)	
  
•  Recita$ons	
  (W)	
  
•  Note	
  to	
  instructors	
  on	
  Piazza	
  (limited)	
  
•  DO	
  NOT	
  expect	
  modera$on	
  by	
  instructors	
  or	
  TAs	
  on	
  Piazza	
  

discussion	
  forum	
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Grading	
  
•  Grading	
  

	
  -­‐	
  3	
  homework	
  assignments	
  (3	
  x	
  15%	
  =	
  45%)	
  	
  
	
  -­‐	
  1	
  midterm,	
  1	
  in-­‐class	
  final:	
  (2	
  x	
  10	
  =	
  20%)	
  
	
  -­‐	
  paper	
  implementa$on	
  and	
  presenta$on	
  (15%)	
  
	
  -­‐	
  project	
  (20%)	
  
	
  	
  

•  Late	
  days	
  
	
  -­‐	
  total	
  4	
  for	
  homeworks	
  and	
  project,	
  use	
  any	
  way	
  you	
  like	
  
	
  -­‐	
  no	
  late	
  days	
  for	
  paper	
  implementa$on	
  and	
  presenta$on	
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Homework	
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•  Collabora$on	
  
–  You	
  may	
  discuss	
  the	
  ques$ons	
  
–  Each	
  student	
  writes	
  their	
  own	
  answers	
  
–  Each	
  student	
  must	
  write	
  their	
  own	
  code	
  for	
  the	
  
programming	
  part	
  

–  Please	
  don’t	
  search	
  for	
  answers	
  on	
  the	
  web,	
  Google,	
  
previous	
  years’	
  homeworks,	
  etc.	
  	
  	
  
•  please	
  ask	
  us	
  if	
  you	
  are	
  not	
  sure	
  if	
  you	
  can	
  use	
  a	
  par$cular	
  
reference	
  

•  Homeworks	
  are	
  hard,	
  start	
  early	
  ☺	
  
•  Due	
  in	
  the	
  beginning	
  of	
  class	
  



Waitlist	
  +	
  Audits	
  +	
  Pass/Fail	
  
•  Waitlist	
  

	
  we’ll	
  let	
  everyone	
  in	
  as	
  long	
  as	
  there	
  is	
  space	
  in	
  room	
  
	
  wait	
  to	
  see	
  how	
  many	
  students	
  drop	
  
	
  keep	
  a`ending	
  lectures	
  and	
  doing	
  HW	
  

	
  
•  Audits	
  and	
  Pass/Fail	
  

	
  NOT	
  allowed	
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About	
  the	
  course	
  
•  Machine	
  Learning	
  Algorithms	
  and	
  Principles	
  

–  Classifica$on:	
  Naïve	
  Bayes,	
  Logis$c	
  Regression,	
  Perceptron,	
  Support	
  
Vector	
  Machines,	
  k-­‐NN	
  

–  Regression:	
  Linear	
  regression,	
  Gaussian	
  Process	
  regression,	
  Kernel	
  
regression	
  

–  Kernel	
  density	
  es$ma$on,	
  Hidden	
  Markov	
  Models,	
  Graphical	
  Models,	
  
k-­‐means	
  clustering,	
  dimensionality	
  reduc$on,	
  neural	
  networks,	
  deep	
  
belief	
  networks,	
  Boos$ng,	
  Decision	
  Trees,	
  etc.	
  

–  Op$miza$on,	
  Theory,	
  Model	
  selec$on,	
  overfimng,	
  bias-­‐variance	
  
tradeoffs	
  …	
  

•  See	
  tenta3ve	
  lecture	
  outline	
  on	
  Piazza	
  –	
  MAY	
  CHANGE	
  
•  Material:	
   	
  Class	
  slides	
  +	
  Reading	
  material	
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About	
  the	
  course	
  
•  Textbooks	
  (Recommended,	
  not	
  required):	
  
	
  	
  	
  	
  	
   	
  Pa`ern	
  Recogni$on	
  and	
  Machine	
  Learning,	
  Christopher	
  Bishop	
  

	
  Machine	
  Learning:	
  A	
  probabilis$c	
  perspec$ve,	
  Kevin	
  Murphy	
  
	
  Machine	
  Learning,	
  Tom	
  Mitchell	
  
	
  The	
  elements	
  of	
  sta$s$cal	
  learning:	
  Data	
  mining,	
  inference	
  and	
  predic$on,	
  
	
  Trevor	
  Has$e,	
  Robert	
  Tibshirani,	
  Jerome	
  Friedman	
  

	
  

•  Related	
  courses	
  –	
  Intro	
  to	
  ML	
  algorithms	
  and	
  principles	
  
	
  10-­‐601	
  –	
  Masters	
  version	
  
	
  10-­‐701	
  –	
  PhD	
  version	
  
	
  10-­‐715	
  –	
  PhD	
  students	
  doing	
  research	
  in	
  machine	
  learning	
  (hardest,	
  
	
   	
  	
  most	
  mathema$cal)	
  

	
  	
  	
  	
  	
  	
  Other	
  related	
  courses:	
  
	
  10-­‐605,	
  10-­‐805	
  –	
  Machine	
  Learning	
  with	
  Large	
  Datasets	
  
	
  11-­‐663	
  –	
  Machine	
  Learning	
  in	
  Prac$ce	
  (ML	
  soYware	
  to	
  solve	
  problems)	
  
	
  10-­‐702,10-­‐704,	
  10-­‐708,	
  15-­‐859(B)	
  –	
  related	
  advanced	
  topics	
   9	
  



Pre-­‐requisites	
  
•  Assume	
  mathema3cal	
  maturity	
  

–  Mul$variate	
  Calculus	
  	
  
Deriva$ves,	
  integrals	
  of	
  mul$-­‐variate	
  func$ons	
  

–  Linear	
  Algebra	
  
Matrix	
  inversions,	
  eigendecomposi$on,	
  …	
  

–  Basic	
  Probability	
  and	
  Sta$s$cs	
  
Probability	
  distribu$ons,	
  Mean,	
  Variance,	
  Condi$onal	
  probabili$es,	
  
Bayes	
  rule,	
  …	
  
	
  
	
  

•  Tutorial	
  videos	
  
–  Probability,	
  Calculus,	
  Func$onal	
  Analysis,	
  SVD	
  

	
  h`p://www.cs.cmu.edu/~aramdas/videos.html	
  
–  Linear	
  Algebra	
  

	
  h`p://www.cs.cmu.edu/~zkolter/course/linalg/index.html	
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Recita3ons	
  
•  Strongly	
  recommended	
  
–  Brush	
  up	
  pre-­‐requisites	
  
–  Review	
  material	
  (difficult	
  topics,	
  clear	
  misunderstandings,	
  
extra	
  new	
  topics)	
  

–  Ask	
  ques$ons	
  
	
  

•  1st	
  Probability	
  Review	
  -­‐	
  TOMORROW	
  
	
  by	
  Kirs$n	
  Early	
  
	
  Wed	
  Jan	
  13	
  6:30-­‐7:30	
  pm	
  GHC	
  4303	
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What	
  is	
  Machine	
  Learning?	
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What	
  is	
  Machine	
  Learning?	
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Learning algorithm 

Data	
  

Knowledge	
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From	
  Data	
  to	
  Knowledge	
  …	
  
	
  

Machine	
  Learning	
  in	
  Ac3on	
  



Machine	
  Learning	
  in	
  Ac3on	
  

•  Spam	
  filtering	
  

15	
  

Spam/	
  
Not	
  spam	
  



Machine	
  Learning	
  in	
  Ac3on	
  

•  Stock	
  Market	
  Predic$on	
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Y	
  =	
  ?	
  

X	
  =	
  Feb01	
  	
  



Machine	
  Learning	
  in	
  Ac3on	
  

•  Face	
  detec$on	
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Machine	
  Learning	
  in	
  Ac3on	
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•  Decoding	
  thoughts	
  from	
  brain	
  scans	
  

Rob	
  a	
  bank	
  …	
  



Machine	
  Learning	
  in	
  Ac3on	
  

•  Cars	
  naviga$ng	
  on	
  their	
  own	
  

19	
  

Boss,	
  the	
  self-­‐driving	
  SUV	
  	
  
1st	
  place	
  in	
  the	
  DARPA	
  Urban	
  

Challenge.	
  	
  
Photo	
  courtesy	
  of	
  Tartan	
  Racing.	
  



Machine	
  Learning	
  in	
  Ac3on	
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Document	
  classifica$on	
  
Speech	
  recogni$on,	
  Natural	
  language	
  processing	
  
Computer	
  vision	
  
Robo$cs	
  
Web	
  forensics	
  
Medical	
  data	
  analysis	
  
Sensor	
  networks	
  
Social	
  networks	
  
Smart	
  buildings	
  
…	
  



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

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

–  Huge	
  mul$-­‐dimensional	
  data	
  sets	
  
•  1.6	
  million	
  images,	
  1000	
  object	
  categories	
  
•  30,000	
  genes	
  x	
  10,000	
  drugs	
  x	
  100	
  species	
  x	
  …	
  

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

–  Demand	
  for	
  self-­‐customiza$on	
  to	
  user,	
  environment	
  
	
  

21	
  

“Data	
  scien$st:	
  The	
  sexiest	
  job	
  of	
  the	
  21st	
  century”	
  	
  
(Harvard	
  Business	
  Review)	
  



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

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

•  The	
  fun	
  begins…	
  



What	
  is	
  Machine	
  Learning?	
  

23	
  

Design	
  and	
  Analysis	
  of	
  algorithms	
  that	
  
• 	
  improve	
  their	
  performance	
  	
  
• 	
  at	
  some	
  task	
  	
  
• 	
  with	
  experience	
  	
  

Learning algorithm 

(experience)	
   (performance	
  on	
  task)	
  
Knowledge



Human	
  learning	
  

24	
  

Task:	
  Learning	
  stage	
  of	
  protein	
  crystalliza$on	
  	
  

Performance	
  

?	
  

Experience	
  

Crystal	
   Needle	
  

Tree	
   Empty	
   Needle	
  

Tree	
  



Tasks,	
  Experience,	
  Performance	
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Tasks,	
  Experience,	
  Performance	
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Machine	
  Learning	
  Tasks	
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Broad	
  categories	
  -­‐	
  	
  

• 	
  Supervised	
  learning	
  	
  
	
  Classifica$on,	
  Regression	
  

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

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



Supervised	
  Learning	
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Task: 

Input	
   Label	
  

“Sports”	
  
“News”	
  
“Science”	
  
	
  	
  	
  	
  …	
  

Document/Ar$cle	
  

Market	
  informa$on	
  	
   Share	
  Price	
  
“$	
  24.50”	
  

Discrete	
  Labels	
  
Classification 

Con$nuous	
  Labels	
  
Regression 



Classifica3on	
  or	
  Regression?	
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“Anemic”	
  
“Healthy”	
  

Medical	
  Diagnosis	
  

Weather	
  predic3on	
  

Es3ma3ng	
  Environmental	
  	
  
Contamina3on	
  

Handwri3ng	
  recogni3on	
  



Unsupervised	
  Learning	
  

30	
  

Aka “learning without a teacher” 

Task: 

Document/Ar$cle	
   Word	
  distribu$on	
  
(Probability	
  of	
  a	
  word)	
  

Input	
  



Unsupervised	
  Learning	
  
Density/Distribution Estimation 

31	
  

Popula$on	
  density	
  

Bias	
  of	
  a	
  coin	
  



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



Unsupervised	
  Learning	
  
Dimensionality Reduction/Embedding 

33	
  

Images	
  have	
  thousands	
  or	
  
millions	
  of	
  pixels.	
  

	
  
Can	
  we	
  give	
  each	
  image	
  a	
  
small	
  set	
  of	
  coordinates,	
  	
  

such	
  that	
  similar	
  images	
  are	
  
near	
  each	
  other?	
  

[Saul	
  &	
  Roweis	
  ‘03]	
  



Tasks,	
  Experience,	
  Performance	
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Training	
  Data	
  vs.	
  Test	
  Data	
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Task:	
  Learning	
  stage	
  of	
  protein	
  crystalliza$on	
  	
  

Performance	
  

?	
  

Experience	
  

Crystal	
   Needle	
  

Tree	
   Empty	
   Needle	
  

Tree	
  



No	
  

Football	
  	
  
Player	
  

Training	
  data	
  

W
ei
gh
t	
  

Height	
  

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

W
ei
gh
t	
  

Height	
  

Training	
  Data	
  vs.	
  Test	
  Data	
  

36	
  

Test	
  data	
  



Tasks,	
  Experience,	
  Performance	
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Performance	
  Measure	
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-­‐	
  Measure	
  of	
  closeness	
  between	
  true	
  label	
  Y	
  and	
  	
  	
  	
  
	
  	
  predic$on	
  f(X)	
  

Performance: 

“Anemic	
  cell”	
  

X	
   f(X)	
  Diagnosis,	
  Y	
  

“Anemic	
  cell”	
   0	
  

“Healthy	
  cell”	
   1	
  

0/1 loss 



Performance	
  Measure	
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-­‐	
  Measure	
  of	
  closeness	
  between	
  true	
  label	
  Y	
  and	
  	
  	
  	
  
	
  	
  predic$on	
  f(X)	
  

Performance: 

“$24.50”	
  

X	
   f(X)	
  Share	
  price,	
  Y	
  

“$24.50”	
   0	
  

“$26.00”	
   1?	
  

square loss 

2?	
  “$26.10”	
  

Past	
  performance,	
  
trade	
  volume	
  etc.	
  
as	
  of	
  Sept	
  8,	
  2010	
  

(f(X)� Y )2



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

square loss 

Negative log 
likelihood loss 

loss(f(X)) = � log(Pf (X))




