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Ur ns and Balls

¥ !   Ur n 1:  0.9; Ur n 2:  0.1

¥ A

¥ B

0.70.3Ur n 2

0.40.6Ur n 1

Ur n 2Ur n 1

0.60.3Blue

0.40.7Red

Ur n 2Ur n 1

CSCI 5582 Fall 2006

Ur ns and Balls

¥ Let Õs assume t he input  (obser vables)
is Blue Blue Red (BBR)

¥ Since bot h ur ns cont ain
   r ed and blue balls
   any pat h t hr ough
   t his machine
   could pr oduce t his out put

Urn 1 Urn 2

.4

.3

.6 .7
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Ur ns and Balls

(0.9* 0.3)* (0.4* 0.6)* (0.7* 0.4)=0.01811 2 2

(0.9* 0.3)* (0.4* 0.6)* (0.3* 0.7)=0.01361 2 1

(0.9* 0.3)* (0.6* 0.3)* (0.4* 0.4)=0.00771 1 2

(0.9* 0.3)* (0.6* 0.3)* (0.6* 0.7)=0.02041 1 1

(0.1* 0.6)* (0.7* 0.6)* (0.7* 0.4)=0.00702 2 2

(0.1* 0.6)* (0.7* 0.6)* (0.3* 0.7)=0.00522 2 1

(0.1* 0.6)* (0.3* 0.7)* (0.4* 0.4)=0.00202 1 2

(0.1* 0.6)* (0.3* 0.7)* (0.6* 0.7)=0.00522 1 1

Blue Blue Red

CSCI 5582 Fall 2006

Ur ns and Balls

¥ Baum-Welch Re-est imat ion (EM f or
HMMs)
ÐWhat  if  I  t old you I  lied about  t he

number s in t he model (" ,A,B).

ÐCan I  get  bet t er  number s j ust  f r om t he
input  sequence?
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Ur ns and Balls

¥ Yup
ÐJ ust  count  up and pr or at e t he number  of

t imes a given t r ansit ion was t r aver sed
while pr ocessing t he input s.

ÐUse t hat  number  t o r e-est imat e t he
t r ansit ion pr obabilit y

CSCI 5582 Fall 2006

Ur ns and Balls

¥ But É we donÕt  know t he pat h t he input
t ook, weÕr e only guessing
ÐSo pr or at e t he count s f r om all t he

possible pat hs based on t he pat h
pr obabilit ies t he model gives you

¥ But  you said t he number s wer e wr ong
ÐDoesnÕt  mat t er ; use t he or iginal number s

t hen r eplace t he old ones wit h t he new
ones.
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Ur n Example

Urn 1 Urn 2

.6 .7

.4

.3

Let Õs r e-est imat e t he Ur n1->Ur n2 t r ansit ion
and t he Ur n1->Ur n1 t r ansit ion (using Blue Blue
Red as t r aining dat a).
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Ur ns and Balls

(0.9* 0.3)* (0.4* 0.6)* (0.7* 0.4)=0.01811 2 2

(0.9* 0.3)* (0.4* 0.6)* (0.3* 0.7)=0.01361 2 1

(0.9* 0.3)* (0.6* 0.3)* (0.4* 0.4)=0.00771 1 2

(0.9* 0.3)* (0.6* 0.3)* (0.6* 0.7)=0.02041 1 1

(0.1* 0.6)* (0.7* 0.6)* (0.7* 0.4)=0.00702 2 2

(0.1* 0.6)* (0.7* 0.6)* (0.3* 0.7)=0.00522 2 1

(0.1* 0.6)* (0.3* 0.7)* (0.4* 0.4)=0.00202 1 2

(0.1* 0.6)* (0.3* 0.7)* (0.6* 0.7)=0.00522 1 1

Blue Blue Red
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Ur ns and Balls

¥ That Õs
Ð (.0077*1)+(.0136*1)+(.0181*1)+(.0020*1)
=  .0414

¥ Of  cour se, t hat Õs not  a pr obabilit y, it  needs
t o be divided by t he pr obabilit y of  leaving
Ur n 1 t ot al.

¥ Ther eÕs only one ot her  way out  of  Ur n 1É
go f r om Ur n 1 t o Ur n 1

CSCI 5582 Fall 2006

Ur n Example

Urn 1 Urn 2

.6 .7

.4

.3

Let Õs r e-est imat e t he Ur n1->Ur n1 t r ansit ion
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Ur ns and Balls

(0.9* 0.3)* (0.4* 0.6)* (0.7* 0.4)=0.01811 2 2

(0.9* 0.3)* (0.4* 0.6)* (0.3* 0.7)=0.01361 2 1

(0.9* 0.3)* (0.6* 0.3)* (0.4* 0.4)=0.00771 1 2

(0.9* 0.3)* (0.6* 0.3)* (0.6* 0.7)=0.02041 1 1

(0.1* 0.6)* (0.7* 0.6)* (0.7* 0.4)=0.00702 2 2

(0.1* 0.6)* (0.7* 0.6)* (0.3* 0.7)=0.00522 2 1

(0.1* 0.6)* (0.3* 0.7)* (0.4* 0.4)=0.00202 1 2

(0.1* 0.6)* (0.3* 0.7)* (0.6* 0.7)=0.00522 1 1

Blue Blue Red
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Ur ns and Balls

¥ That Õs j ust
Ð(2* .0204)+(1* .0077)+(1* .0052) = .0537

¥ Again not  what  we need but  weÕr e
closer É  we j ust  need t o nor malize
using t hose t wo number s.
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Ur ns and Balls

¥ The 1->2 t r ansit ion pr obabilit y is
.0414/ (.0414+.0537) = 0.435

¥ The 1->1 t r ansit ion pr obabilit y is
.0537/ (.0414+.0537) = 0.565

¥ So in r e-est imat ion t he 1->2
t r ansit ion went  f r om .4 t o .435 and
t he 1->1 t r ansit ion went  f r om .6 t o
.565
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Ur ns and Balls

¥ As wit h Pr oblems 1 and 2, you wouldnÕt
act ually comput e it  t his way. The
For war d-Backwar d algor it hm r e-
est imat es t hese number s in t he same
dynamic pr ogr amming way t hat
Vit er bi and For war d do.
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Speech

¥ AndÉ in speech r ecognit ion applicat ions you
donÕt  act ually guess r andomly and t hen
t r ain.

¥ You get  init ial number s f r om r eal dat a:
bigr ams f r om a cor pus, and phonet ic
out put s f r om a dict ionar y, et c.

¥ Tr aining involves a couple of  it er at ions of
Baum-Welch t o t une t hose number s.

CSCI 5582 Fall 2006

Br eak

¥ St ar t  r eading Chapt er  18 f or  next  t ime
(Lear ning)

¥ Quiz 2
Ð I Õll go over it as  soon as the CAETE students

get  in done

¥ Quiz 3
Ð WeÕr e behind schedule. So quiz 3  will be

delayed. I Õll update the schedule soon.
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Wher e we ar e

¥ Agent s can
Ð Search
Ð Represent stuff
Ð Reason logically
Ð Reason probabilistically

¥ Lef t  t o do
Ð Learn
Ð Communicate
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Connect ions

¥ As weÕll see t her eÕs a st r ong
connect ion bet ween
ÐSear ch
ÐRepr esent at ion
ÐUncer t aint y

¥ You should view t he ML discussion as
a nat ur al ext ension of  t hese pr evious
t opics
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Connect ions

¥ Mor e specif ically
ÐThe r epr esent at ion you choose def ines

t he space you sear ch

ÐHow you sear ch t he space and how much
of  t he space you sear ch int r oduces
uncer t aint y

ÐThat  uncer t aint y is capt ur ed wit h
pr obabilit ies

CSCI 5582 Fall 2006

Kinds of  Lear ning

¥ Super vised
¥ Semi-Super vised
¥ Unsuper vised
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What Õs t o Be Lear ned?

¥ Lot s of  st uf f
ÐSear ch heur ist ics
ÐGame evaluat ion f unct ions
ÐPr obabilit y t ables
ÐDeclar at ive knowledge (logic sent ences)
ÐClassif ier s
ÐCat egor y st r uct ur es
ÐGr ammar s

CSCI 5582 Fall 2006

Super vised Lear ning: I nduct ion

¥ Gener al case:
ÐGiven a set  of  pair s (x, f (x)) discover  t he

f unct ion f .

¥ Classif ier  case:
ÐGiven a set  of  pair s (x, y) wher e y is a

label, discover  a f unct ion t hat  cor r ect ly
assigns t he cor r ect  labels t o t he x.
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Super vised Lear ning: I nduct ion

¥ Simpler  Classif ier  Case:
ÐGiven a set  of  pair s (x, y) wher e x is an

obj ect  and y is eit her  a + if  x is t he r ight
kind of  t hing or  a Ð if  it  isnÕt . Discover  a
f unct ion t hat  assigns t he labels
cor r ect ly.

CSCI 5582 Fall 2006

Er r or  Analysis: Simple Case

Cor r ectFalse Negat ive

False Posit iveCor r ect

Cor r ect

Chosen

+

-

+ -
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Lear ning as Sear ch

¥ Ever yt hing is sear chÉ
ÐA hypot hesis is a guess at  a f unct ion

t hat  can be used t o account  f or  t he
input s.

ÐA hypot hesis space is t he space of  all
possible candidat e hypot heses.

ÐLear ning is a sear ch t hr ough t he
hypot hesis space f or  a good hypot hesis.
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Hypot hesis Space

¥ The hypot hesis space is def ined by
t he r epr esent at ion used t o capt ur e
t he f unct ion t hat  you ar e t r ying t o
lear n.

¥ The size of  t his space is t he key t o
t he whole ent er pr ise.
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Kinds of  Classif ier s

¥ Tables

¥ Near est  neighbor s

¥ Pr obabilist ic met hods

¥ Decision t r ees

¥ Decision list s

¥ Neur al net wor ks

¥ Genet ic algor it hms

¥ Ker nel met hods
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What  Ar e These Obj ect s

¥ By obj ect , we mean a logical
r epr esent at ion.
Ð Normally, simpler representations are used that

consist of fixed lists of feature-value pairs
Ð This assumption places a severe restriction on

the kind  of stuff  t hat can be learned

¥ A set  of  such obj ect s pair ed wit h answer s,
const it ut es a t r aining set .
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The Simple Appr oach

¥ Take t he t r aining dat a, put  it  in a
t able along wit h t he r ight  answer s.

¥ When you see one of  t hem again
r et r ieve t he answer .
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Neighbor -Based Appr oaches

¥ Build t he t able, as in t he t able-based
appr oach.

¥ Pr ovide a dist ance met r ic t hat  allows
you comput e t he dist ance bet ween
any pair  of  obj ect s.

¥ When you encount er  somet hing not
seen bef or e, r et ur n as an answer  t he
label on t he near est  neighbor .
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Na•ve-Bayes Appr oach

¥ Ar gmax  P(Label |  Obj ect )

¥ P(Label |  Obj ect ) =
   P(Obj ect  |  Label)* P(Label)

P(Obj ect )

¥ Wher e Obj ect  is a f eat ur e vect or .
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Na•ve Bayes

¥ I gnor e t he denominat or  because of  t he
ar gmax.

¥ P(Label) is j ust  t he pr ior  f or  each class.
I .e.. The pr opor t ion of  each class in t he
t r aining set

¥ P(Obj ect | Label) = ???
Ð The number of times this object was seen in

the training data with this label divided by the
number of things with that label.
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Nope

¥ Too spar se, you pr obably wonÕt  see enough
examples t o get  number s t hat  wor k.

¥ Answer
Ð Assume the parts of the object are independent

given the  label, so P(Object|Label) becomes

! = )|( LabelValueFeatureP

CSCI 5582 Fall 2006

Na•ve Bayes

¥ So t he f inal equat ion is t o ar gmax
over  all labels

!  

P(label) P(Fi =Value | label)
i

"



19

CSCI 5582 Fall 2006

Tr aining Dat a

NoGr eenVegOut8

NoRedMeatOut7

YesGr eenMeatOut6

YesRedVegI n5

YesRedMeatI n4

YesRedVegI n3

YesGr eenMeatOut2

YesRedVegI n1

LabelF3
(Red/ Gr een

/ Blue)

F2
(Meat / Veg)

F1
(I n/ Out )

#
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Example

¥ P(Yes) = ! , P(No)=1/ 4

¥ P(F1=I n| Yes)= 4/ 6
¥ P(F1=Out | Yes)=2/ 6
¥ P(F2=Meat | Yes)=3/ 6
¥ P(F2=Veg| Yes)=3/ 6
¥ P(F3=Red| Yes)=4/ 6
¥ P(F3=Gr een| Yes)=2/ 6

¥ P(F1=I n| No)= 0
¥ P(F1=Out | No)=1
¥ P(F2=Meat | No)=1/ 2
¥ P(F2=Veg| No)=1/ 2
¥ P(F3=Red| No)=1/ 2
¥ P(F3=Gr een| No)=1/ 2
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Example

¥ I n, Meat , Gr een
ÐFir st  not e t hat  youÕve never  seen t his

bef or e

ÐSo you canÕt  use st at s on I n, Meat , Gr een
since youÕll get  a zer o f or  bot h yes and
no.
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Example: I n, Meat , Gr een

¥ P(Yes| I n, Meat ,Gr een)=
   P(I n| Yes)P(Meat | Yes)P(Gr een| Yes)P(Yes)

¥ P(No| I n, Meat , Gr een)=
       P(I n| No)P(Meat | No)P(Gr een| No)P(No)

Remember  weÕr e dumping t he denominat or
since it  canÕt  mat t er
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Na•ve Bayes

¥ This t echnique is always wor t h t r ying
f ir st .
ÐI t s easy

ÐSomet imes it  wor ks well enough

ÐWhen it  doesnÕt , it  gives you a baseline
t o compar e mor e complex met hods t o
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Na•ve Bayes

¥ This equat ion should r ing some bellsÉ

! 

P(label) P(Fi =Value | label)
i

"


