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First	
  Survey	
  –	
  Google	
  Form	
  

•  Is	
  the	
  course	
  content	
  too	
  difficult	
  ?	
  

•  Is	
  the	
  teaching	
  pace	
  too	
  slow	
  ?	
  

•  What	
  do	
  you	
  like	
  about	
  the	
  lectures	
  so	
  far	
  ?	
  

•  What	
  do	
  you	
  unlike	
  about	
  the	
  lectures	
  so	
  far	
  ?	
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Second	
  Survey	
  –	
  Google	
  Form	
  
•  Why	
  are	
  you	
  taking	
  this	
  course?	
  

•  What	
  would	
  you	
  like	
  to	
  gain	
  from	
  this	
  course?	
  

•  What topics are you most interested in learning about from this 
course?  

•  Any other suggestions? 

•  Is homework-1 helpful ?  
•  Is homework-1 too challenging ? 	
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Five	
  major	
  secRons	
  of	
  this	
  course	
  

q 	
  Regression	
  (supervised)	
  
q 	
  ClassificaRon	
  (supervised)	
  
q 	
  Unsupervised	
  models	
  	
  
q 	
  Learning	
  theory	
  	
  
q 	
  Graphical	
  models	
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Today	
  

q 	
  Review	
  of	
  basic	
  pipeline	
  	
  
q 	
  InteresRng	
  ApplicaRons	
  (text	
  /	
  image	
  /	
  audio)	
  
	
  
q 	
  Review	
  of	
  regression	
  models	
  	
  

– Linear	
  regression	
  (LR)	
  	
  
– LR	
  with	
  non-­‐linear	
  basis	
  funcRons	
  
– Locally	
  weighted	
  LR	
  
– LR	
  with	
  RegularizaRons	
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A	
  Typical	
  Machine	
  Learning	
  Pipeline	
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Low-level 
sensing 

Pre-
processing 

Feature 
Extract 

Feature 
Select 

Inference, 
Prediction,  
Recognition 

Label 
Collection 
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Evaluation 

Optimization 

e.g. Data Cleaning Task-relevant 

 e.g. SUPERVISED LEARNING 

•  Find function to map input space  X  to 
output space Y  

 
•  Generalisation:	
  learn	
  funcRon	
  /	
  hypothesis	
  
from	
  past	
  data	
  in	
  order	
  to	
  “explain”,	
  “predict”,	
  
“model”	
  or	
  “control”	
  new	
  data	
  examples	
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A	
  Dataset	
  

•  Data/points/instances/examples/samples/records:	
  [	
  rows	
  ]	
  
•  Features/a0ributes/dimensions/independent	
  variables/covariates/

predictors/regressors:	
  [	
  columns,	
  except	
  the	
  last]	
  	
  
•  Target/outcome/response/label/dependent	
  variable:	
  special	
  

column	
  to	
  be	
  predicted	
  [	
  last	
  column	
  ]	
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SUPERVISED LEARNING	
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f(x?)	
  

Training	
  dataset	
  
consists	
  of	
  input-­‐
output	
  pairs	
  

Evaluation 

Measure Loss on pair 
è ( f(x?),  y? )	
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Evaluation Choice-I: 	
  

ü Training	
  (Learning):	
  Learn	
  a	
  model	
  using	
  the	
  
training	
  data	
  

ü TesRng:	
  Test	
  the	
  model	
  using	
  unseen	
  test	
  
data	
  to	
  assess	
  the	
  model	
  accuracy	
  

,
cases test ofnumber  Total

tionsclassificacorrect  ofNumber 
=Accuracy
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Evaluation Choice-II:  
e.g.	
  10	
  fold	
  Cross	
  ValidaRon	
  

model P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

1 train train train train train train train train train test

2 train train train train train train train train test train

3 train train train train train train train test train train

4 train train train train train train test train train train

5 train train train train train test train train train train

6 train train train train test train train train train train

7 train train train test train train train train train train

8 train train test train train train train train train train

9 train test train train train train train train train train

10 test train train train train train train train train train

•  Divide	
  data	
  into	
  
10	
  equal	
  pieces	
  	
  

•  9	
  pieces	
  as	
  
training	
  set,	
  the	
  
rest	
  1	
  as	
  test	
  set	
  

•  Collect	
  the	
  
scores	
  from	
  the	
  
diagonal 
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Which	
  funcRon	
  f	
  	
  to	
  choose?	
  	
  
Many	
  possible	
  choices	
  ,	
  e.g.	
  	
  

y =θ0 +θ1x 2
210 xxy θθθ ++= ∑ =

=
5

0j
j

j xy θ
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Choose	
  f	
  that	
  
generalizes	
  well	
  !	
  	
  	
  

Generalisation:	
  learn	
  funcRon	
  /	
  
hypothesis	
  from	
  past	
  data	
  in	
  order	
  
to	
  “explain”,	
  “predict”,	
  “model”	
  or	
  
“control”	
  new	
  data	
  examples	
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An	
  OperaRonal	
  Model	
  of	
  Machine	
  
Learning	
  

Learner Reference  
Data 

Model 

Execution 
Engine 

Model 
Tagged 
Data 

Production 
Data Deployment	
  	
  

Consists	
  of	
  input-­‐
output	
  pairs	
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Today	
  

q 	
  Review	
  of	
  basic	
  pipeline	
  	
  
	
  
q InteresRng	
  ApplicaRons	
  	
  

q 	
  Text	
  	
  
q 	
  Image	
  
q 	
  Audio	
  	
  

	
  
q 	
  Review	
  of	
  regression	
  models	
  	
  

–  Linear	
  regression	
  (LR)	
  	
  
–  LR	
  with	
  non-­‐linear	
  basis	
  funcRons	
  
–  Locally	
  weighted	
  LR	
  
–  LR	
  with	
  RegularizaRons	
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(1)	
  	
  Example	
  ApplicaRons	
  –	
  Regression	
  

}  Y	
  output	
  is	
  a	
  conRnuous	
  valued	
  variable	
  	
  
}  Greatly	
  studied	
  in	
  staRsRcs,	
  neural	
  network	
  fields.	
  

}  Examples:	
  
}  PredicRng	
  sales	
  amounts	
  of	
  new	
  product	
  based	
  on	
  
adverRsing	
  expenditure.	
  

}  PredicRng	
  wind	
  velociRes	
  as	
  a	
  funcRon	
  of	
  temperature,	
  
humidity,	
  air	
  pressure,	
  etc.	
  

}  Time	
  series	
  predicRon	
  of	
  stock	
  market	
  indices.	
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(1).	
  	
  E.g.	
  A	
  PracRcal	
  ApplicaRon	
  
of	
  Regression	
  Model	
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(2)	
  Example	
  ApplicaRon	
  –	
  
Text	
  Documents,	
  e.g.	
  Google News 
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(2)	
  Example	
  ApplicaRon	
  –	
  	
  
Different	
  Ways	
  for	
  Text	
  CategorizaRon	
  

•  Human	
  labor	
  (people	
  assign	
  categories	
  to	
  every	
  
incoming	
  arRcle)	
  

•  Hand-­‐craled	
  rules	
  for	
  automaRc	
  classificaRon	
  	
  
–  If	
  arRcle	
  contains:	
  stock,	
  Dow,	
  share,	
  Nasdaq,	
  etc.	
  à	
  
Business	
  

–  If	
  arRcle	
  contains:	
  set,	
  breakpoint,	
  player,	
  Federer,	
  
etc.	
  à	
  Tennis	
  

•  Machine	
  learning	
  algorithms	
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(2)	
  Example	
  ApplicaRon	
  –	
  	
  
Text	
  Document	
  RepresentaRon	
  

	
  “Shortly	
  aler	
  Phish	
  wraps	
  up	
  their	
  
four-­‐night	
  run	
  in	
  Miami	
  this	
  December,	
  
Page	
  will	
  begin	
  a	
  short	
  tour	
  up	
  the	
  East	
  
Coast	
  with	
  Vida	
  Blue	
  Page,	
  Russell	
  and	
  
Oteil	
  will	
  be	
  joined	
  by	
  the	
  six-­‐member	
  
Spam	
  Allstars,	
  who	
  back	
  Vida	
  Blue…”	
  

Phish 
Page 

Russell 
Trey 

Record 
CD 

begin 
short 
tour 
... 
 

14 
3 
2 
6 
2 
3 
1 
1 
3 
... 
 

l  Count	
  content	
  bearing	
  words	
  in	
  
document	
  

l  Create	
  vector	
  representaRon	
  for	
  
each	
  text	
  document	
  	
  

l  For	
  each	
  word,	
  using	
  counts	
  as	
  
feature	
  values	
  to	
  represent	
  
magnitude	
  of	
  dimension	
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•  Each	
  document	
  becomes	
  a	
  `term'	
  vector,	
  	
  
– each	
  term	
  is	
  an	
  (arribute)	
  of	
  the	
  vector,	
  
–  the	
  value	
  of	
  each	
  arributeis	
  the	
  number	
  of	
  Rmes	
  
the	
  corresponding	
  term	
  occurs	
  in	
  the	
  document.	
  	
  

Document 1

season

tim
eout

lost

w
in

gam
e

score

ball

play

coach

team

Document 2

Document 3

3 0 5 0 2 6 0 2 0 2

0

0

7 0 2 1 0 0 3 0 0

1 0 0 1 2 2 0 3 0

Text	
  Document	
  RepresentaRon	
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Text Categorization 
 

•  Pre-given categories and labeled document 
examples (Categories may form hierarchy) 

•  Classify new documents  
•  A standard supervised learning problem 

Categorization 
System 

… 

Sports 
 
Business 
 
Education 
 
 
Science 
 
 

… 
Sports 
Business 
 
Education 
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Examples of Text Categorization 

•  News article classification 
•  Meta-data annotation 
•  Automatic Email sorting 
•  Web page classification  

9/16/14	
  

(3)	
  	
  Example	
  ApplicaRons	
  	
  
–	
  Web	
  Image	
  Data	
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(3)	
  	
  Example	
  ApplicaRons	
  	
  
–	
  Web	
  Image	
  Data	
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(3)	
  	
  Example	
  ApplicaRons	
  	
  
–	
  ObjecRve	
  recogniRon	
  	
  

•  Image	
  representaRon	
  è	
  bag	
  of	
  “visual	
  words”	
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(3)	
  	
  Example	
  ApplicaRons	
  	
  
–	
  ObjecRve	
  recogniRon	
  /	
  Image	
  Labeling	
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(4)	
  	
  Example	
  ApplicaRons	
  	
  
–	
  Audio	
  Data	
  

	
  
	
  
	
  
	
  
	
  

•  Real-­‐life	
  applicaRons:	
  
–  Customer	
  service	
  phone	
  rouRng	
  
–  Voice	
  recogniRon	
  solware	
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(4)	
  	
  Example	
  ApplicaRons	
  –	
  	
  
e.g.,	
  Music	
  informaRon	
  retrieval	
  

•  Analyzing	
  musical	
  data	
  
•  Query,	
  recommend,	
  visualize,	
  transcribe,	
  
detect	
  plagiarism,	
  follow	
  along	
  with	
  a	
  score	
  

•  Sites	
  you	
  can	
  try	
  
– Themefinder.com	
  
– Pandora.com	
  (human-­‐driven),	
  	
  
–  last.fm	
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(4)	
  	
  Example	
  ApplicaRons	
  –	
  	
  
e.g.,	
  AutomaRc	
  Music	
  ClassificaRon	
  

•  Many	
  areas	
  of	
  research	
  in	
  music	
  informaRon	
  
retrieval	
  (MIR)	
  involve	
  using	
  computers	
  to	
  classify	
  
music	
  in	
  various	
  ways	
  
–  Genre	
  or	
  style	
  classificaRon	
  
– Mood	
  classificaRon	
  
–  Performer	
  or	
  composer	
  idenRficaRon	
  
– Music	
  recommendaRon	
  	
  
–  Playlist	
  generaRon	
  
–  Hit	
  predicRon	
  
–  Audio	
  to	
  symbolic	
  transcripRon	
  
–  etc.	
  

•  Such	
  areas	
  olen	
  share	
  similar	
  central	
  procedures	
  
31	
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(4)	
  	
  Example	
  ApplicaRons	
  –	
  	
  
e.g.,	
  AutomaRc	
  Music	
  ClassificaRon	
  

•  Musical	
  data	
  collecRon	
  
–  The	
  instances	
  (basic	
  enRRes)	
  

to	
  classify	
  
–  Audio	
  recordings,	
  scores,	
  

cultural	
  data,	
  etc.	
  
•  Feature	
  extracRon	
  

–  Features	
  represent	
  
characterisRc	
  informaRon	
  
about	
  instances	
  

–  Must	
  provide	
  sufficient	
  
informaRon	
  to	
  segment	
  
instances	
  among	
  classes	
  
(categories)	
  

•  Machine	
  learning	
  
–  Algorithms	
  (“classifiers”	
  or	
  
“learners”)	
  learn	
  to	
  associate	
  
feature	
  parerns	
  of	
  instances	
  
with	
  their	
  classes	
  

Musical	
  Data	
  
Collec8on	
  

	
  

Basic	
  Classifica8on	
  Tasks	
  

Feature	
  Extrac8on	
  
	
  

Machine	
  Learning	
  

Metadata	
  

Metadata	
  
Analysis	
  

 

	
  

Classifica8ons	
  

Music	
  

Classifier	
  
Training 

	
  

9/16/14	
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(4)	
  	
  Example	
  ApplicaRons	
  –	
  Audio,	
  	
  
Types	
  of	
  features	
  

•  Low-­‐level	
  
–  Associated	
  with	
  signal	
  

processing	
  and	
  basic	
  auditory	
  
percepRon	
  

–  e.g.	
  spectral	
  flux	
  or	
  RMS	
  
–  Usually	
  not	
  intuiRvely	
  musical	
  

•  High-­‐level	
  
–  Musical	
  abstracRons	
  
–  e.g.	
  meter	
  or	
  pitch	
  class	
  

distribuRons	
  
•  Cultural	
  

–  Sociocultural	
  informaRon	
  
outside	
  the	
  scope	
  of	
  auditory	
  
or	
  musical	
  content	
  

–  e.g.	
  playlist	
  co-­‐occurrence	
  or	
  
purchase	
  correlaRons	
  

Feature	
  Extrac8on	
  

Low-­‐Level	
  
Features 

	
  

High-­‐Level	
  
Features	
  

	
  

Cultural	
  
Features	
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(4)	
  	
  Example	
  ApplicaRons	
  –	
  	
  
e.g.	
  Music	
  Genre	
  ClassificaRon	
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Today	
  

q 	
  Review	
  of	
  basic	
  pipeline	
  	
  
q 	
  InteresRng	
  ApplicaRons	
  	
  

q 	
  Review	
  of	
  regression	
  models	
  	
  
–  Linear	
  regression	
  (LR)	
  	
  
–  LR	
  with	
  non-­‐linear	
  basis	
  funcRons,	
  polynomial	
  	
  
–  LR	
  with	
  non-­‐linear	
  basis	
  funcRons,	
  RBF	
  
–  Locally	
  weighted	
  LR	
  
–  LR	
  with	
  RegularizaRons	
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(1) Linear Regression (LR) 
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ŷ = f (x) =θ0 +θ1x
1 +θ2x

2
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  Qi	
  /	
  UVA	
  CS	
  4501-­‐01-­‐6501-­‐07	
  

è e.g.   Linear Regression Models 	
  

J(θ ) = 1
2

(ŷi (
!xi )− yi )

2

i=1

n

∑

è To minimize the cost function: 	
  

θ
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• We	
  can	
  represent	
  the	
  
whole	
  Training	
  set:	
  

X =

−− x1
T −−

−− x2
T −−

! ! !
−− xn

T −−

"

#

$
$
$
$
$

%

&

'
'
'
'
'

=

x1
0 x1

1 … x1
p−1

x2
0 x2

1 … x2
p−1

! ! ! !
xn
0 xn

1 … xn
p−1

"

#

$
$
$
$
$

%

&

'
'
'
'
'

Y =

y1
y2
!
yn

!

"

#
#
#
#
#

$

%

&
&
&
&
&
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f (x1
T )

f (x2
T )
!

f (xn
T )

!

"

#
#
#
#
#

$

%

&
&
&
&
&

=

x1
Tθ

x2
Tθ

!
xn
Tθ

!

"

#
#
#
#
#

$

%

&
&
&
&
&

= Xθ
•  Predicted	
  output	
  
for	
  each	
  training	
  
sample:	
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Method	
  I:	
  normal	
  equaRons	
  
•  Write	
  the	
  cost	
  funcRon	
  in	
  matrix	
  form:	
  

To	
  minimize	
  J(θ),	
  take	
  derivaRve	
  and	
  set	
  to	
  
zero:	
  

J(θ ) = 1
2

(xi
Tθ − yi )

2

i=1

n

∑

=
1
2
Xθ − !y( )T Xθ − !y( )

=
1
2
θ T XTXθ −θ T XT !y − !yTXθ + !yT !y( )

⇒        XTXθ = XT !y
The	
  normal	
  equa8ons	
  

( ) yXXX TT !1−
=*θ

⇓
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X =

−− x1
T −−

−− x2
T −−

! ! !
−− xn

T −−

"

#

$
$
$
$
$

%

&

'
'
'
'
'

!y =

y1
y2
!
yn

!

"

#
#
#
#
#

$

%

&
&
&
&
&
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(2)	
  LR	
  with	
  polynomial	
  basis	
  funcRons	
  

•  LR	
  does	
  not	
  mean	
  we	
  can	
  only	
  deal	
  with	
  linear	
  
relaRonships	
  

	
  

	
  where	
  the	
  φj(x)	
  are	
  fixed	
  basis	
  funcRons	
  (also	
  define	
  φ0(x)	
  =	
  1)	
  

•  E.g.:	
  polynomial	
  regression:	
  

y =θ0 + θ jϕ j (x)j=1

m
∑ =ϕ(x)θ

ϕ(x) := 1, x, x2, x3!" #$

9/16/14	
   θ * = ϕTϕ( )
−1
ϕT !y

e.g.	
  polynomial	
  regression	
  

•  Introduce	
  basis	
  funcRons	
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Dr.	
  Nando	
  de	
  Freitas’s	
  tutorial	
  slide	
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(3)	
  LR	
  with	
  radial-­‐basis	
  funcRons	
  

•  LR	
  does	
  not	
  mean	
  we	
  can	
  only	
  deal	
  with	
  linear	
  
relaRonships	
  

	
  

	
  where	
  the	
  φj(x)	
  are	
  fixed	
  basis	
  funcRons	
  (also	
  define	
  φ0(x)	
  =	
  1)	
  

•  E.g.:	
  LR	
  with	
  RBF	
  regression:	
  

ŷ =θ0 + θ jϕ j (x)j=1

m
∑ =ϕ(x)θ

9/16/14	
  

ϕ(x) := 1,Kλ=1(x,1),Kλ=1(x, 2),Kλ=1(x, 4)[ ]
θ * = ϕTϕ( )

−1
ϕT !y

Kλ (x, r) = exp −
(x − r)2

2λ 2
"

#
$

%

&
'

RBF	
  =	
  radial-­‐basis	
  func8on:	
  a	
  func8on	
  which	
  depends	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  only	
  on	
  the	
  radial	
  distance	
  from	
  a	
  centre	
  point	
  

Gaussian	
  RBF	
  è	
  	
  

as	
  distance	
  from	
  the	
  centre	
  r	
  	
  increases,	
  	
  
the	
  output	
  of	
  the	
  RBF	
  decreases	
  	
  

p=1	
   P=2	
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(2)	
  Linear	
  regression	
  with	
  	
  
RBF	
  basis	
  funcRons	
  (predefined	
  centres)	
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43	
  
Dr.	
  Nando	
  de	
  Freitas’s	
  tutorial	
  slide	
  

ϕ(x) := 1,Kλ=1(x,1),Kλ=1(x, 2),Kλ=1(x, 4)[ ]

ŷ =θ0 +

Kλ=1(x, 4)

red	
  

ϕ(x) := 1,Kλ=1(x,1),Kλ=1(x, 2),Kλ=1(x, 4)[ ]

θ * = ϕTϕ( )
−1
ϕT !y

ŷ =ϕ(x)θ

=θ0 +θ1 exp −(x −1)2( )+θ2 exp −(x − 2)2( )+θ3 exp −(x − 4)2( )
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(3) Locally weighted regression 

•  aka locally weighted regression, locally 
linear regression, LOESS, … 
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linear_func(x)-­‐>y	
  	
  
è	
  
could	
  represent	
  	
  
only	
  the	
  neighbor	
  
region	
  of	
  x_0	
  

Use	
  RBF	
  funcRon	
  to	
  
pick	
  out/emphasize	
  	
  
the	
  neighbor	
  region	
  
of	
  x_0	
  è	
  	
  

Kλ (xi, x0 )

Kλ (xi, x0 )

46	
  

(3) Locally weighted 
linear regression 
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47 

(3) Locally weighted 
linear regression 

•  Separate weighted least squares at each 
target point x0: 

min
α (x0 ),β (x0 )

Kλ (xi, x0 )[yi −α(x0 )−β(x0 )xi ]
2

i=1

N

∑

0000 )(ˆ)(ˆ)(ˆ xxxxf βα +=

LEARNING of Locally weighted 
linear regression	
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x0	
  

0000 )(ˆ)(ˆ)(ˆ xxxxf βα +=

48	
  

è Separate weighted least squares 
at each target point x0 
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• 	
  Basic	
  model	
   Y
^
= β

^

0+β
^

1 x1 +!+β
^

p xp

• 	
  Ridge	
  regression	
  esRmaRon:	
  

• 	
  LR	
  esRmaRon:	
  

• 	
  LASSO	
  esRmaRon:	
  

min J(β) = Y −Y
^"

#
$

%
&
'
2

∑

min J(β) = Y −Y
^"

#
$

%
&
'
2

i=1

n

∑ +λ β j
j=1

p

∑

min J(β) = Y −Y
^"

#
$

%
&
'
2

i=1

n

∑ +λ β j
2

j=1

p

∑

(4) LR	
  with	
  RegularizaRons	
  /	
  	
  
 Regularized multivariate linear regression	
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(4) LR	
  with	
  RegularizaRons	
  /	
  	
  
Ridge Estimator 

•  The ridge estimator is solution from 

50	
  

β* = XTX +λI( )
−1
XT !y

β̂ ridge = argmin J(β) = argmin(y− Xβ)T (y− Xβ)+λβTβ

pp xxY
^

11

^

0

^^
βββ +++= !
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to	
  minimize	
  J(β),	
  take	
  derivaRve	
  and	
  set	
  to	
  zero	
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Today	
  Recap	
  

q 	
  Review	
  of	
  basic	
  pipeline	
  	
  
q 	
  InteresRng	
  ApplicaRons	
  (text	
  /	
  image	
  /	
  audio)	
  

q 	
  Review	
  of	
  five	
  regression	
  models	
  we	
  have	
  covered	
  
–  Linear	
  regression	
  (LR)	
  	
  
–  LR	
  with	
  non-­‐linear	
  basis	
  funcRons,	
  polynomial	
  	
  
–  LR	
  with	
  non-­‐linear	
  basis	
  funcRons	
  -­‐	
  RBF	
  
–  Locally	
  weighted	
  LR	
  
–  LR	
  with	
  RegularizaRons	
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