1

                                   Tutorial on Bayesian  Networks

                                                                Jack Breese & Daphne Koller

            First given as a AAAI´97 tutorial.

2

Overview
n

                   Decision-theoretic techniques

                         u

                                         Explicit management of uncertainty and tradeoffs

                         u

                                         Probability theory

                         u

                                         Maximization of expected utility
n

                   Applications to AI problems

                         u

                                         Diagnosis

                         u

                                         Expert systems

                         u

                                         Planning

                         u

                                         Learning

3

                                                                                         Science- AAAI-97
n

                   Model Minimization in  Markov  Decision Processes
n

                   Effective  Bayesian  Inference for Stochastic Programs
n

                    Learning  Bayesian  Networks from Incomplete Data
n

                   Summarizing CSP Hardness With Continuous

                   Probability Distributions
n

                   Speeding Safely: Multi-criteria Optimization in

                   Probabilistic Planning
n

                   Structured Solution Methods for Non- Markovian

                   Decision Processes

4

Applications

     Microsoft’s cost-cutting helps users

     04/21/97

     A Microsoft Corp. strategy to cut its support costs by letting users solve their

     own problems using electronic means is paying off for users.In March, the

     company began rolling out a series of Troubleshooting Wizards on its World

     Wide Web site.

     Troubleshooting Wizards save time and money for users who don’t

     have Windows NT specialists on hand at all times , said Paul  Soares ,

     vice president and general manager of  Alden  Buick Pontiac, a General

     Motors Corp. car dealership in  Fairhaven , Mass

5

                                                                                                                   Teenage Bayes

     Microsoft Researchers

     Exchange Brainpower with

     Eighth-grader

     Teenager Designs Award-

     Winning Science Project

     ..

               For her science project, which she

     called "Dr.  Sigmund  Microchip,"

     Tovar  wanted to create a computer

     program to diagnose the probability of

     certain personality types .  With only

     answers from a few questions, the

     program was able to accurately

     diagnose the correct personality type

     90 percent of the time.

6

                                                                                      Course Contents

»
                   Concepts in Probability

                         u
                                         Probability

                         u
                                         Random variables

                         u
                                         Basic properties ( Bayes  rule)
n
                   Bayes ian  Networks
n
                   Inference
n
                   Decision making
n
                   Learning networks  from data
n
                   Reasoning over time
n
                   Applications

7

Probabilities

          n

                             Probability distribution P(X|
x)

                                   u

                                                   X  is a random variable

                                                            n

                                                                         Discrete

                                                            n

                                                                         Continuous

                                   u

                                                        x

                                                                      is background state of information

8

                                               Discrete Random Variables
n

                   Finite set of possible outcomes

0

)

(
³
i

x

                                                                                                                 P

1

)

(

                                                                                                                        1

=

                                                                                                        å

                                                                                                                 =

                                                                                                                  n

                                                                                                            i

i

x

P

0

0 . 0 5

0 . 1

0 . 1 5

0 . 2

0 . 2 5

0 . 3

0 . 3 5

0 . 4

X 1 X 2 X 3 X 4

1

)

(

                                                                                                                        )

                                                                                                (
=

+
x

P

                                                                                                           x

                                                                               P

        X  binary:

{ }
n

x
x
x
x

                                                                                    X ,...,

,

,

3

2

1

                                                                                                        Î

9

                                  Continuous Random Variable
n

                   Probability distribution (density function)

                   over continuous values

                                       ò

=

                                    10

                                         0

1

                                                                                                    )

                                                                           ( dx

                                                                                       x

                                                         P

                                                                           [ ]

                                                                                            10

                                                                                         ,

                                                                                0
                                                           Î

                                          X

0

)

(
³
x

P
ò

=

                                                                                                             £

                                                                  £

7

5

)

(

)

7

                                              5

                                    ( dxxP

                                                                                         x

                  P

)

( x

P
x

5     7

10

                                                                                                       More Probabilities

 n

                   Joint

                          u

                                         Probability that both X = x  and Y=y

 n

                   Conditional

                          u

                                         Probability that X = x  given we know that Y = y

)

(

)

                                                                                                            ,

                                                                                          ( y

Y
x

X

P

                                                                                                                      y

                                                                                                   x

                                                                             P
=

Ù

=
º

)

|

(

)

                                                                                                                     |

                                                                                                ( y

Y
x

X

P
y

                                                                                                        x

                                                                                  P
=

=
º

11

                                                                                                                Rules of Probability

                   n

                                     Product Rule

                   n

                                     Marginalization

)

(

)

|

(

)

(

)

|

(

                                                                                                                        )

                                                                                                 ,

                                                                      ( XPXYP

Y

P

Y

X

P

                                                                                                        Y

                                                                                X

                                                       P
=

=

)

,

(

)

,

(

                                                                                                                      )

                                                                                                ( xYP
x

Y

P

                                                                                                      Y

                                                                                 P
+

=

)

,

(

)

                                                                                                          (

1

å

=

=

n
i

i

x

Y

P

                                                                                                                  Y

                                                                                          P

X  binary:

12

Bayes  Rule

)

(

)

|

(

)

(

)

|

(

                                                                                                )

                                                                        ,

                                            ( HPHEP

E

P

E

H

P

                                                                                 E

                                                     H

                              P
=

                                                                                                             =

)

(

)

(

)

|

(

)

|

(

E

P

H

P

H

E

P

E

H

                                                                                                                P
=

13

                                                                                                    Course Contents
n
                   Concepts in Probability

»
                   Bayes ian  Networks

                         u
                                         Basics

                         u
                                         Additional structure

                         u
                                         Knowledge acquisition
n
                   Inference
n
                   Decision making
n
                   Learning networks  from data
n
                   Reasoning over time
n
                   Applications

14

                                                                                                    Bayesian networks
n
                   Bas ics

                         u
                                         Structured representation

                         u
                                         Conditional independence

                         u
                                         Naïve  Bayes  model

                         u
                                         Independence facts

15

                                                                                                                Bayesian  Networks

Cancer
Smoking

                            { }

                                                                                                         heavy

                                                             light

                                    no

S ,

                                                       ,
              Î

{ }
malignant
benign
none

C ,

,
Î
                                                 P( S=no) 0.80

                                                 P( S=light) 0.15

                                                 P( S=heavy) 0.05

Smoking= no light heavy

P( C=none) 0.96 0.88 0.60

P( C=benign) 0.03 0.08 0.25

P( C= malig ) 0.01 0.04 0.15

16

Product Rule

             n

                                P(C,S) = P(C|S) P(S)

               S
                           ß

                                             C
                                                                                   Þ
none benign malignant

               no 0.768 0.024 0.008

               light 0.132 0.012 0.006

               heavy 0.035 0.010 0.005

17

                                                                                                                 Marginalization

S
           ß

                            C
                                                        Þ

                                                                                          none benign malig total
no 0.768 0.024 0.008 .80
light 0.132 0.012 0.006 .15
heavy 0.035 0.010 0.005 .05

                                          total 0.935 0.046 0.019

P(Cancer)

P(Smoke)

18

                                                                    Bayes  Rule Revisited

)

(

)

,

(

)

(

)

(

)

|

(

                                                                                                                      )

                                                                                                |

                                                                          (

C

P

S

C

P

C

P

S

P

S

C

P

                                                                                                       C

                                                                                 S

                                                             P
=

=

      S
                 ß

                                  C
                                                              Þ

                                                                                                none benign malig

      no 0.768/.935 0.024/.046 0.008/.019

      light 0.132/.935 0.012/.046 0.006/.019

      heavy 0.030/.935 0.015/.046 0.005/.019

                                                        Cancer= none benign malignant

      P( S=no) 0.821 0.522 0.421

      P( S=light) 0.141 0.261 0.316

      P( S=heavy) 0.037 0.217 0.263

19

                                                                    A Bayesian  Network

Smoking

Gender

Age

Cancer

Lung

Tumor

Serum

Calcium

Exposure
to Toxics

20

                                                                                                                   Independence

Age  and Gender  are

 independent.

P(A|G) = P(A)    A
^

G

P(G|A) = P(G)    G
^

A

                                                                                        Gender

Age

P(A,G) = P(G|A) P(A) = P(G)P(A)

P(A,G) = P(A|G) P(G) = P(A)P(G)

P(A,G) = P(G)P(A)

21

                                            Conditional Independence

                                                  Smoking

                                                                                                            Gender

                    Age

                                                      Cancer

Cancer  is independent
of Age  and Gender
given Smoking .

P(C|A,G,S) = P(C|S)    C
^

A,G | S

22

  More Conditional Independence:

Naïve Bayes

                                                                   Cancer

Lung

Tumor

       Serum

Calcium

Serum Calcium  is
independent of Lung Tumor ,
given Cancer

P(L|SC,C) = P(L|C)

Serum Calcium  and Lung

Tumor  are dependent

23

Naïve  Bayes  in general

H

E

1

E

2

E

3

E
n

�...

2n + 1 parameters:

n
i
h
e

P
h
e

P

h

P
i
i

,

,

1

),

|

(

),

|

(

)

(

�
=

24

               More Conditional Independence:

                                                                                                             Explaining Away

Exposure to Toxics  is
dependent  on Smoking ,
given Cancer

Exposure to Toxics  and

Smoking  are independent

                                                                                                Smoking

                                                          Cancer

Exposure

 to Toxics

E
^

S

                                           P(E = heavy | C = malignant) >

                                                                                                      P(E = heavy | C = malignant, S=heavy)

25

                                                                                                 Put it all together

=

)

,

,

,

,

,

,

( SCL

C

S

E

G

A

P

                                                                                                Smoking

                                                                                                     Gender

                  Age

                                                          Cancer

                                                                                                                   Lung

                                                                                                              Tumor

           Serum

     Calcium

Exposure

 to Toxics

)

|

(

)

|

( C

L

P

C

SC

P
×

×

×

)

(

)

( G

P

A

P

×

×

)

,

|

(

)

|

( GA

S

P

A

E

P

×

)

,

|

( S

E

C

P

26

                      General P roduct (Chain) Rule

                                                                for  Bayesian  Networks

)

|

(

)

,

,

                                                                                                       ,

                                                                         (

1

2

                                                                                                1 i

Pa

Õ

=

=

n
i

i
n

X

P

X

                                                                                                                 X

                                                                                  X

                                                            P

�

Pa
i

=parents( X
i

)

27

                                                        Conditional Independence

                                                                                                        Smoking

                                                                                                             Gender

                           Age

                                                                  Cancer

                                                                                                                  Lung

                                                                                                            Tumor

                 Serum

          Calcium

        Exposure

         to Toxics

Cancer  is independent
of Age  and Gender
given Exposure to

Toxics  and Smoking

.

Descendants

Parents

Non-Descendants

A variable (node) is conditionally independent
of its non-descendants given its parents.

28

                                                                     Another non-descendant

        Diet

Cancer  is independent
of Diet  given

Exposure to  Toxics
and Smoking

.

Smoking

Gender

                                                                         Age

                                                                                                                Cancer

Lung

Tumor

                                                               Serum

                                                        Calcium

                                                       Exposure

                                                        to Toxics

29

                                                                Independence and  Graph

Separation

                 n

                                   Given a set of observations , is one set of

                                   variables dependent on another set?

                 n

                                   Observing effects can induce dependencies.

                 n

                                   d-separation (Pearl 1988) allows us to check

                                   conditional independence graphically.

30

                                                                                                    Bayesian  networks
n

                   Additional structure

                         u

                                         Nodes as functions

                         u

                                         Causal independence

                         u

                                         Context specific dependencies

                         u

                                         Continuous variables

                         u

                                         Hierarchy and model construction

31

                                                                                            X

                                                                                                      Nodes as functions

    A

    B

0.1

0.3

0.6

a b a b a b

0.4

0.2

0.4

a b

0.5

0.3

0.2

lo

                                                                                                                 med
hi

0.7

0.1

0.2

                                                                                      X

0.7

0.1

0.2

n

                   A BN node is conditional distribution function

                         u

                                         its parent values are the inputs

                         u

                                         its output is a distribution over its values
lo  : 0.7
med  : 0.1
hi : 0.2

                                             b

                                             a

32

                                                                                                    X

             A

             B

                                                                                               X

Any type of function
from Val(A,B)
to distributions
over Val(X)

lo  : 0.7
med  : 0.1
hi : 0.2

                                                     b

                                                     a

33

                                                                                      Causal Independence
n

                   Burglary  causes Alarm  iff  motion sensor clear
n

                   Earthquake causes Alarm  iff  wire loose
n

                   Enabling factors are independent of each other

Earthquake

                                                                               Burglary

Alarm

34

                                                        deterministic or
Alarm

                                                                        Motion sensed Wire Move

                                                                                                Fine-grained model

Earthquake

                                                                               Burglary

    m

    m

                             1- r

                                                 B

                                    r

                                          B

                                                                        0

                                                                        1

                                     b b
w
w

1- r

E
r

E

0

1

e e

35

Noisy-Or model

                   Alarm false only if all mechanisms independently inhibited

Earthquake

                                                                                                                 Burglary

P(a) = 1 -
P

     r

X
parent X
active

                                                        # of parameters is linear in the # of parents

36

            CPCS

Network

37

                                             Context-specific Dependencies

                    n

                                       Alarm can go off only if it is  Set

                    n

                                       A burglar and the cat can both set off the alarm

                    n

                                       If a burglar comes in, the cat hides and does not set

                                       off the alarm

Cat

                                                                                                 Alarm-Set

Alarm

Burglary

38

                                                                          Asymmetric dependencies

A

Cat

Alarm-Set Burglary

    n

                       Alarm  independent of

                             u

                                             Burglary , Cat given s

                             u

                                             Cat  given s  and b

Node function

           represented

                        as a tree

S

B

C

(a: 0, a : 1)

(a: 0.9, a : 0.1)

(a: 0.01, a : 0.99)

(a: 0.6, a : 0.4)

s s
c

b
c

b

39

                                                                      Asymmetric Assessment

                                                                                                         Printer

                                                                                                         Output

Location

Local

Transport

                             Net

             Transport

                                                                                                                    Print

                                                                                                                    Data

Local OK

                                        Net OK

40

Outdoor

                                                                                                       Temperature

A/C Setting

97 o

hi

                                                                                           Continuous variables

Indoor

Temperature

Function from Val(A,B)
to density functions
over Val(X)

P(x)
x

                                 Indoor

      Temperature

41

                                         Gaussian  (normal) distributions

÷

÷
ø

ö
ç

ç
è

æ

-

-

                                                       =
s

m

                                                                                                            s

                                                                                            p 2

)

(
exp

                                                                                    2

                                                                                            1

                                            )

                            (

2
x

                                   x

                P

N(
m

,
s

)

                                                                     different mean different variance

42

Gaussian  networks

                                                       X Y

                                                                                          )

                                                              ,

                                             (

                 ~
                                                                                 2

                                                                                X

                                N

X
                                                                   s

                                                   m

)

,

(

                                                                                                          ~
2

Y

b
ax

N

                                                                                         Y
s

+

X Y

                                                                                                     X Y

Each variable is a linear
function of its parents,
with Gaussian  noise

   Joint probability density functions:

43

                                                                                                                     Composing functions

                                      n

                                                        Recall: a BN node is a function

                                      n

                                                        We can compos e functions  to get more

                                                        complex functions.

                                      n

                                                        The result: A hierarchically structured BN.

                                      n

                                                        Since functions can be called more than

                                                        once, we can reuse a BN model fragment in

                                                        multiple contexts.

44

Tires

Owner

Car:

Mileage

                                                                                                            Maintenance

Age Original-value

Fuel-efficiency Braking-power

Owner

Age Income

Brakes

Brakes:

Power

Tires:

RF-Tire

LF-Tire

Traction

Pressure

Engine

Engine

                                                        Engine:

Power

45

                                                                                                 Bayesian  Networks
n

                   Knowledge acquis ition

                         u

                                         Variables

                         u

                                         Structure

                         u

                                         Numbers

46

Risk of Smoking

Smoking

      n

                         Values versus Probabilities

                                                                                                   What is a variable?

   n

                      Collectively exhaustive, mutually exclusive

                      values

4

3

2

                                                                                                               1

x
x
x

                                                                                                       x
Ú

Ú

Ú
j
i
x

                                                                                                             x
j

                                                                                                                       i

¹

Ù

                                                                                 Ø

)

                                                                                                    (

Error Occured

No Error

47

Clarity Test:

                                                                                           Knowable in P rinciple
n

                   Weather  {Sunny, Cloudy, Rain, Snow}
n

                   Gasoline: Cents per gallon
n

                   Temperature {
³

 100F , < 100F}
n

                   User needs  help on Excel C harting {Yes, No}
n

                   User´s personality {dominant, submissive}

48

Structuring

                                                                              Lung

                                                                         Tumor

                                                                                                               Smoking

                 Exposure

                      to Toxic

                                                                                                                   Gender

                                Age

Extending the conversation.

Network structure corresponding
to ^causality~ is usually good.

                                                                        Cancer

Genetic

Damage

49

                                             Do the numbers really matter?

      n
                         Zeros and Ones

      n
                         Order of Magnitude : 10 -9  vs  10 -6

      n
                         Sensitivity Analysis

n
                   Second decimal usually does not matter
n
                   Relative Probabilities

50

Local  Structure
n
Causal independence: from

2
n
to n+1  parameters
n
Asymmetric assessment:

similar savings in practice.

n
Typical savings (# params ):

u
145 to 55 for a small
hardware network;

u
133,931,430 to 8254 for

CPCS !!

51

                                                                                                                   Course Contents
n
                   Concepts in Probability
n
                   Bayes ian  Networks

»
                   Inference
n
                   Decision making
n
                   Learning networks  from data
n
                   Reasoning over time
n
                   Applications

52

Inference
n
                   Patterns of reasoning
n
                   Bas ic inference
n
                   Exact inference
n
                   Exploiting structure
n
                   Approximate inference

53

                                                                                                        Predictive Inference

How likely are elderly males
to get malignant cancer ?

P( C=malignant  | Age>60, Gender= male )

                                                                                                Smoking

                                                                                                     Gender

                  Age

                                                          Cancer

                                                                                                         Lung

                                                                                                    Tumor

         Serum

  Calcium

Exposure

 to Toxics

54

Combined

How likely is an elderly
male  patient with high

Serum Calcium  to have
malignant cancer ?

P( C=malignant  | Age>60,

   Gender= male, Serum Calcium  = high )

                                                                                                     Smoking

                                                                                                          Gender

                       Age

                                                               Cancer

                                                                                                              Lung

                                                                                                         Tumor

              Serum

       Calcium

     Exposure

      to Toxics

55

                                                                                                                    Explaining away

                                                                                                       Smoking

                                                                                                            Gender

                         Age

                                                                 Cancer

                                                                                                                Lung

                                                                                                           Tumor

                Serum

         Calcium

       Exposure

        to Toxics

n

If we see a lung tumor ,
the probability of heavy
smoking  and of exposure
to  toxics  both go up.

n

If we then observe heavy
smoking , the probability
of exposure to  toxics  goes
back down.

56

                                         Inference in Belief Networks
n

                   Find P(Q= q| E= e )

                         u

                                          Q   the query variable

                         u

                                          E  set of evidence variables

                                                                                                             P(q | e ) =

P(q, e )

P( e )

         X

                      1

                              ,�,  X

                                                                                n

                                                                                        are network variables except Q , E

                                                                   P(q, e ) =

     P(q, e, x

1

,�,  x
n

)
x

1

,�,  x
n

57

Basic Inference

A B

P(b) =

58

Product Rule
n

                   P(C,S) = P(C|S) P(S)

  S
             ß

                                C
                                                                     Þ

                                                                                                                   none benign malignant

  no 0.768 0.024 0.008

  light 0.132 0.012 0.006

  heavy 0.035 0.010 0.005

S C

59

Marginalization

         S
                    ß

                                     C
                                                                 Þ

                                                                                                   none benign malig total

         no 0.768 0.024 0.008 .80

         light 0.132 0.012 0.006 .15

         heavy 0.035 0.010 0.005 .05

                                                   total 0.935 0.046 0.019

P(Cancer)

P(Smoke)

60

Basic Inference

A B

                                                  = P(c | b) P(b | a) P(a)

                                                                           b a

P(b)

    P(c) =  P(a, b, c)

                                                                   b,a

P(b) = P(a, b) = P(b | a) P(a)

                                                                       a a

C

                                                                   b

P(c) =  P(c | b) P(b)
b,a

=    P(c | b) P(b | a) P(a)

61

Inference in trees

X

Y

1

Y

2

P(x) =

S

  P(x | y

1

, y

2

) P(y

1

, y

2

)
y

1

, y

2
becaus e of independence of Y

1

, Y

2

:

y

1

, y

2

=

S

  P(x | y

1

, y

2

) P(y

1

) P(y

2

)

X

62

Polytrees
n

A network is singly connected  (a  polytr ee )
if it contains no undirected loops.

Theorem:  Inference in a singly connected
network can be done in linear time*.

Main idea: in variable elimination, need only maintain
distributions over single nodes.

* in network size including table sizes.

&

’

63

                                                                             The problem with loops

Rain

Cloudy

Grass-wet

Sprinkler

                                                                                           P(c)
0.5

                 P(r)

                                                              c c

                                                   0.99 0.01

P(s)
c c

0.01 0.99

deterministic or

The grass is dry only if no rain and no sprinklers.

P(g) = P(r, s ) ~ 0

64

                              The problem with loops  contd .

                                                                      = P(r, s)

                                                                                                                 P(g | r, s) P(r, s) + P(g | r, s) P(r, s)

                                                                                             + P(g | r, s ) P(r, s) + P(g | r, s) P(r, s )

0

1

0

0

                                                                    = P(r) P(s) ~ 0.5 · 0.5 = 0.25

    problem

~ 0

                    P(g) =

65

                                                                            Variable elimination

       A

       B

      C

                                                          P(c) =  P(c | b) P(b | a) P(a)

b a

P(b)

                                                                                                   x

                                              P(A) P(B | A)

                                                                       P(B, A)

A

P(B)

x

P(C | B)

P(C, B)

B

P(C)

66

 Inference as variable elimination

n

                   A factor  over X  is a function from  val ( X )  to

                   numbers in [0,1]:

                         u

                                         A CPT is a factor

                         u

                                         A joint distribution is also a factor

n

                   BN inference:

                         u

                                         factors are multiplied to give new ones

                         u

                                         variables in factors summed out

n

                   A variable can be summed out as soon as all

                   factors mentioning it have been multiplied.

67

                                             Variable Elimination with loops

                                                                                               Smoking

                                                                                                     Gender

                  Age

                                                           Cancer

                                                                                                            Lung

                                                                                                       Tumor

              Serum

        Calcium

Exposure

to Toxics
x

P(A,G,S)

P(A) P(S | A,G)

P(G)

P(A,S)

G

E,S

P(C)

P(L | C)
x
P(C,L)

C

P(L)

                              Complexity is exponential in the size of the factors

P(E,S)

A

P(A,E,S)

P(E | A)

x

P(C | E,S)

P(E,S,C)
x

68

Join trees*

P(A)

P(S | A,G)

P(G)

P(A,S)
x
x
x

A, G, S

E, S, C

C, L

C, S-C

                      A join tree is a partially precompiled factorization

                                                                                                                     Smoking

Gender

                                       Age

                                                                                 Cancer

Lung

Tumor

                              Serum

                       Calcium

                      Exposure

                      to Toxics

          *  aka  junction trees,  Lauritzen - Spiegelhalter ,  Hugin alg ., �

A, E, S

69
deterministic or

Alarm

Motion sensed Wire Move

Exploiting Structure

Earthquake
Burglary

                     Idea: explicitly decompose nodes

                Noisy or:

70

Earthquake

                                                                                                  Noisy-or decomposition

Alarm

                                                                                                         Burglary

Truck Wind

Smaller families

      Smaller factors

           Faster inference

E´ B´ T´ W´

E B T W

or
E:

                                         E´ B´ T´ W´

                                             E B T W

                                                                   or
or

                                                                                                                       or

                                                                              E:

71

Inference with continuous variables

     n

                       Gaussian  networks: polynomial time inference

                       regardless of network structure

     n

                       Conditional  Gaussians :

                              u

                                             discrete variables cannot depend on continuous

Smoke

Concentration

Smoke

Alarm

’

Smoke

                                                                                                                 Concentration

                        Fire

                      Wind

                    Speed

                                                                                    &

)

,

(

                                                                                        ~

2

F

F

F
b
w
a

                                                                                                          N

                                                                      S
s
+

         n

                            These techniques do not work for general hybrid

                            networks.

72

                                                        Computational complexity

       n

                          Theorem:  Inference in a multi-connected

                          Bayes ian  network is NP-hard.

     Boolean 3CNF formula
f
 = (u

Ú
 v

Ú
 w)

Ù
 (u

Ú
 w

Ú
 y)

     Probability (  ) = 1/2 n  ·  # satisfying assignments of
f
or

and

                                                                                                        U V W Y

prior probability1/2

or

73

Samples:

B  E  A  C  N

Stochastic simulation

Call

Alarm

Burglary Earthquake

News cast

P(b)
0.03

P(e)

0.001

P(a)
b e b e b e b e

0.98 0.4

0.7 0.01

P(c)
a a

0.8 0.05

P(n)
e e

0.3 0.001

e a c

= c

b n

b e a c n

0.03

0.001

0.3

0.4

0.8

P(b|c) ~

# of live samples with B=b

total # of live samples

...

74

Likelihood weighting

Samples:

B  E  A  C  N

P(b|c) =
weight of samples with B=b

total weight of samples
e a c
b n

P(c)
a a

0.8 0.05

Call

Alarm

Burglary Earthquake

News cast
= c

weight

0.8

0.95
b e a c n

75

Other approaches

                                               n

                                                                  Search based techniques

                                                                        u

                                                                                        search for high-probability instantiations

                                                                        u

                                                                                        use instantiations to approximate probabilities

                                               n

                                                                  Structural approximation

                                                                        u

                                                                                        simplify network

                                                                                                  n

                                                                                                              eliminate edges, nodes

                                                                                                  n

                                                                                                              abstract node values

                                                                                                  n

                                                                                                              simplify  CPTs

                                                                        u

                                                                                        do inference in simplified network

76

            CPCS

Network

77

                                                                                                                   Course Contents

n

                   Concepts in Probability

n

                   Bayes ian  Networks

n

                   Inference

»

                   Decision making

n

                   Learning networks  from data

n

                   Reasoning over time

n

                   Applications

78

                                                                                                                Decision making

n

                   Decisions , Preferences , and Utility functions

n

                   Influence diagrams

n

                   Value of information

79

                                                                                                                Decision making

n

                   Decision - an irrevocable allocation of domain

                   resources

n

                   Decision should be made so as to maximize

                   expected utility.

n

                   View decision making in terms of

                         u

                                         Beliefs/Uncertainties

                         u

                                         Alternatives/Decisions

                         u

                                         Objectives/Utilities

80

                                                                                       A Decision P roblem

                             Should I have my party ins ide or outs ide?

in

out

Regret

Relieved

Perfect!

Disaster
dry

wet

dry

wet

81

Value Function

n

                   A numerical score over all possible states of

                   the world.

                                                              Location? W eather? Value

                                                              in dr y $ 50

                                                              in wet $ 60

                                                              out dr y $ 100

                                                              out wet $ 0

82

                                                                     Preference for Lotteries

                                                    0.8

                                                0.2

                                                                                                                  $40,000

                                                                                                                      $0 0.75

0.25

$30,000

$0
»