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Overview

= Decision-theoretic techniques
0 Explicit management of uncertainty and tradeoffs
0 Probability theory
0 Maximization of expected utility

m Applicationsto Al problems
0 Diagnosis
0 Expert systems
0 Planning
0 Learning
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Science- AAAIL-97

s Model Minimization in Markov Decision Processes
m Effective Bayesian Inference for Stochastic Programs
s Learning Bayesian Networks from Incomplete Data

s Summarizing CSP Hardness With Continuous
Probability Distributions

m Speeding Safely: Multi-criteria Optimization in
Probabilistic Planning

m Structured Solution M ethods for Non-Markovian
Decision Processes
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Applications
©COMPUTERWORLD

The online connection for information technology leaders

Microsoft’s cost-cutting helps users

04/21/97

A Microsoft Corp. strategy to cut itssupport costs by letting users solve their
own problems using electronic meansis paying off for users.In March, the
company began rolling out a series of Troubleshooting Wizardson itsWorld

Wide Web site.

Troubleshooting Wizards save time and money for userswho don’t
have Windows NT specialistson hand at all times, said Paul Soar es,
vice president and general manager of Alden Buick Pontiac, a General
Motors Corp. car dealership in Fairhaven, Mass
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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 Microchip,” the science project she creaied using the
answers from a few questions, the advanced mathematical formulas that Microsoft Research
program was able to accurately uses o build artificial intellizence programs.

diagnose the correct personality type

90 percent of the time.
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Course Contents

>

A\

Concepts in Probability

0 Probability

0 Random variables

0 Basic properties (Bayesrule)
Bayesian Networks
Inference

Decision making

L earning networks from data
Reasoning over time

Applications
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Probabilities

m Probability distribution P(X|¢)
0 Xisarandom variable
m Discrete
= Continuous
0 ¢ 1s background state of information
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Discrete Random Variables

m Finite set of possible outcomes

X O{X00 X5, Xgyeees X0}

P(%)=0

Zl P(x,)=1

Xblnary P(X) + P(Y): 1 T ox X2 X3
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Continuous Random Variable

= Probability distribution (density function)
over continuous values

X 0[0,10] P(x)=0
}OP(x)dx =1 P(X) |
P (5 < xs7):}P(x)dx /\\X
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More Probabilities

s Conditional
P(x]y)=P(X =x]Y =Yy)

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

m Joint
P(Xx,y)EP(X =xLY =Yy)

0 Probability that both X=x and Y =y
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Rules of Probability

s Product Rule
P(X,Y)=P(X|Y)P(Y) =P(Y | X)P(X)

s Marginalization

n

P(Y) = Z P(Y,x)
Xbinary: P(Y) =P(Y, X) + P(Y, X)
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Bayes Rule

P(H,E)=P(H|E)P(E)=P(E|H)P(H)

P(E[H)P(H)

P(HIB) =—=05

P(e|h)P(h)
P(e h) + P(e h)
P(e|h)P(h)

P(hle) =

" P(e|h)P(h) + P(e| h)P(h)
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Course Contents

= Conceptsin Probability

» Bayeﬂan Networks

0 Basics

0 Additional structure

0 Knowledge acquisition
Inference

Decision making

_earning networks from data
Reasoning over time

Applications
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Bayesian networks

m Basics
0 Structured representation
0 Conditional independence
0 Naive Bayes model
0 Independence facts

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Bayesian Networks

S0{no,light, heavy} @ »

P(S=no)  0.80 cO{none, benign, malignant
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=Dbenign) 0.03 0.08 0.25
P(C=malig) 0.01 0.04 0.15
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Product Rule

n P(C,S = P(C|S P(S

S CLU | none | benign | malignant

no 0.768 0.024 0.008
light 0.132 0.012 0.006
heavy 0.035 0.010 0.005
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Marginalization

~P(Smoke)

S CU none |benign |malig | total
NO 0.768/ 0.024| 0.008 .80
I ght 0.132| 0.012| 0.006 15
heavy 0.035| 0.010; 0.005 .05
total| 0.935| 0.046, 0.019
— ~ J

P(Cancer)
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Bayes Rule Revisited

PCISP(S) _P(C,9)

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

S CO |none benign malig
no 0.768/.935| 0.024/.046| 0.008/.019
Iight 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 0217  0.263
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A Bayesian Network

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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|ndependence

Age and Gender are

Independent.

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

P(AIG) = P(A) ATG
P(G|A) = P(G) GOA

P(A,G) = P(G|A) P(A) = P(G)P(A)
P(A,G) = P(A|G) P(G) = P(AP(G)
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Conditional Independence
@ @ Cancer Isindependent
of Age and Gender
given Smoking.
P(CIAG,S=P(C|S9 COAG|S

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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More Conditional Independence:
Naive Bayes

Serum Calcium and Lung
Tumor are dependent

@ Serum Calciumis

Independent of Lung Tumor,
given Cancer

% % P(L|SC,C) = P(L|C)
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Naive Bayesin general

P(h)

2n + 1 parameters: _
P(e |h),P(e | h), i =1,...,n

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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More Conditional Independence:
Explaining Away

Exposure to Toxics and
Smoking are independent

EOS

Exposure to Toxicsis
dependent on Smoking,
given Cancer

P(E = heavy | C = malignant) >
P(E = heavy | C = malignant, S=heavy)
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Put it all together
P(AG,E,S,C,L,C) =
P(A) [P(G) O

P(E | A) [P(S| A G) [

P(C | E,S)O

P(X [C)P(L|C)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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General Product (Chain) Rule
for Bayesian Networks

P(Xy, X100 %) = |‘| P(X, | P3)

Pa,= parents(X)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.

26




Conditional Independence

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

of Age and Gender
given Exposure to
Toxics and Smoking.

=y
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Another non-descendant

Cancer Is independent
of Genetic Damage
given Exposure to
Toxics and Smoking.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 28




|ndependence and Graph
Separation

m Given a set of obsarvations, 1s one set of
variables dependent on another set?

m Observing effects can induce dependencies.

m d-separation (Pearl 1988) allows us to check
conditional independence graphically.
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Bayesian networks

= Additional structure
0 Nodes as functions
0 Causal independence
0 Context specific dependencies
0 Continuous variables
0 Hierarchy and model construction

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Nodes as functions

= A BN nodeisconditional distribution function
0 Its parent values are the inputs
0 its output is adistribution over its values

Io:O.7\
ab ab ab ab med: 0.1

hi : 0.2
01104 07105

0310201 |03
061041 02 0.2

J
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4 0 : 0.7\
med : 0.1

4 )

Any type of function Zhi,_/: 0.2
from Val(A,B)

X todistributions >
over Val(X)
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Causal Independence

| Burglarg | | Earthquake |

| Alarm |

m Burglary causes Alarm iff motion sensor clear
» Earthquake causes Alarm iff wire loose
m Enabling factors are independent of each other

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 33




Fine-grained mode

| Earthquake |

|Burglary |
=<

\_

\ 4 \ 4

/&H

—

Motion sensed | | Wire Move)

deterministic or l[ Alarm ]I

7 b b (e €
m|1lrg| O W L-rg[ O
@ g W | I'e 1)
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Noisy-Or model

Alarm false only If all mechanisms independently inhibited

|Burglary | | Earthquake |
| |
r D
P(@) = 1-
(@) =1 p!rzm . TX
active
N y

# of parametersislinear in the # of parents

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Context-specific Dependencies

|Alarm-Set| | Burglary | !Cat|

| Alarm |

s Alarmcan go off only if it Is Set
m A burglar and the cat can both set off the alarm

m |f aburglar comesin, the cat hides and does not set
off the alarm

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 37




Asymmetric dependencies

Al armSet\?urglarL
!

4 A )
Node function /
represented (& 0,a:1) /B\
asatree / \(a 0.9,a:0.1)
(@ 0.01,&: 0.99) (a: 0.6,3: 0.4) y

a Alarm independent of
0 Burglary, Cat given's
0 Catgivensand b
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Asymmetric Assessment

Aazezzment Higrarchy:

Print '—1 PrintD atalut
A
Data aPrinter Location
Local
LOCAL Tranzpaort

8 TS
- cal Frinter OF.

% Mormal
e A bnormal

i M o

mtwnrk
MET Transpart

B

Net
Transport

xMet Printer OF.

¢ W armal
& Abnormal

e i

Printer
Output
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Continuous variables

Outdoor i
[Temper ature] AIC Setting

\97‘0 V
4 )

Function from Val(A,B)

Terln?)%(r)g{ure to density functions
over Val(X)
\ /
t 1l
P(X)

X

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Gaussian (normal) distributions

035 ¢

P(x)— L epo_( K E N

HZO

| — —

0.1

N(,LI, 0) 005 |

0
0.4 ; : : ‘ 0.4
0.35 0.35 ¢
03 0.3 -
025 r 025 -
0.2 - 0.2
0.15 r 0.15
0.1 - 0.1
0.05 r 0.05
0 0

N(O,1)  —

A5 ¢
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Gaussi an networks

2 . . .
X ~N(u,oy) Each variableis alinear

O~ function of its parents,

Y ~ N(ax +b,?) with Gaussian noise

Joint probability density functions:




Composing functions

m Recall: aBN nodeis afunction

» \We can compose functions to get more
complex functions.

s Theresult: A hierarchically structured BN.

m Since functions can be called more than
once, we can reuse a BN model fragment in
multiple contexts.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Car:

[ Owner |

-

Age Ipcome

Maintenance Age

Mileage

~

Original-value

\

Engine: \\‘ \
Power =
Tires: LF-Tire
re Traction
J
\ W v /
Fuel-efficiency Braking-power
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Bayesian Networks

s Knowledge acquisition
0 Variables
0 Structure
0 Numbers

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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What Is avariable?

m Collectively exhaustive, mutually exclusive
values

L

1 % 0% 0% 0,
_'()? Xj) | £ )

m Vaues versus Probabilities

@D G

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.




Clarity Test:
Knowable in Principle

s Weather { Sunny, Cloudy, Rain, Snow}

m Gasoline: Cents per gallon

s Temperature{ = 100F , < 100F}

s User needs help on Excel Charting { Y es, No}
s User’ s personality { dominant, submissive}

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Structuring

Network structure corresponding
to “causality” is usually good.

Extending the conversation.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 48




Do the numbers really matter?

s Second decimal usually does not matter
= Relative Probabilities

i, Aszess probabilities for: |-Typing5Speed_avg O
I-T¥ypinaSpeed
E-Arouszal Mormal|| Slow
Pazzive 20 20 R
Meutral a3 a3 a3
Excited il 2F JE
T3] Cancel |

m Zeros and Ones
s Order of Magnitude: 10° vs 10°
s Sengitivity Analysis

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.




Bayesian Networks and Structure

E# Windows '95 Print Troubleshooter - MINIPTS DSC

& = m Causal independence: from
2"to n+ 1 parameters

- = Asymmetric assessment:
similar savings in practice.
m Typical savings (#params):
0 145to 55 for asmall
hardware network;

S 0 133,931,430 to 8254 for
et Printer Paper Suppl CPCS ' I

rintDatallu t
@ e @__,__—-——b T

i =
@lnta Cable 0L Tianspo) . . @

ocal Paper S
= K ocal Printer DD
G

o
Printer Location,
ey

’

o
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Course Contents

m Concepts in Probability

m Bayesian Networks

» Inference

m Decision making

m Learning networks from data
» Reasoning over time

m Applications

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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|nference

m Patterns of reasoning
m Basic inference

m Exact inference

m EXploiting structure

m Approximate inference

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Predictive Inference

How likely are elderly males
to get malignant cancers?

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 53




Combined

How likely isan elderly
male patient with high
Serum Calcium to have
malignant cancer?

@ P(C=malignant | Age> 60,
i Gender= male, Serum Calcium = high)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 54




= |f weseealung tumor,

Explaining away
the probability of heavy
smoking and of exposure

Con
o Toxic _
to toxics both go up.

@ = |f wethen observe heavy
smoking, the probability

of exposure to toxics goes
% back down.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 55




Inference in Belief Networks

s Find P(Q=qg|E=¢)
0 Q the query variable
0 E set of evidence variables

P(q,
PA19= ~pi

Xq,.., X are network variables except Q, E
P —
(9, € lez._, XnP(q, € X,;,..., X)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Basic Inference

P(b) = 7?

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Product Rule

n P(C,S = P(C|S P(S

(-0

S CLU | none | benign | malignant

no 0.768 0.024 0.008
light 0.132 0.012 0.006
heavy 0.035 0.010 0.005

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Marginalization

~P(Smoke)

S CU none |benign |malig | total
NO 0.768/ 0.024| 0.008 .80
I ght 0.132| 0.012| 0.006 15
heavy 0.035| 0.010; 0.005 .05
total| 0.935| 0.046, 0.019
— ~ J

P(Cancer)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Basic Inference

P(b)= 2 P(a,b) = 2 P(b| a) P(a)
1T a a

P(©)= 2 P(c| b) P(D
P(c) = bZa P(a, b, ¢)= bZa P(c| b) P(b| a) P(a)

= 3 P(c| b) X P(b| a) P(a)
P(b)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.

60




| nference 1N trees

P(X) :yl,ZyZP(X | y11 y2) P(y11 yZ)
because of independence of Y, Y.:

— ylzyzp(x | Y1, Vo) P(ys) P(Y,)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 61




Polytrees

= A network is singly connected (a polytree)
If It contains no undirected |oops.

Theorem: Inference in asingly connected
network can be donein linear time*.

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

& 150 REMOIK SIZ6 NG UG 1 ADLE S 26 arsity. Al rightsreserved. o




The problem with loops

C

[P(©)fos] Cloudgz

c | Rain

P(r)o.99]0.01

[ Sorinkler ]

~ 7

C

C

P(5)0.01/0.99

[[Grass-wet ] deterministic or

Thegrassisdry only if no rain and no sprinklers.
P() = P(r,s) ~0

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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The problem with loops contd.

P() =

0

0

P(@g
+ P(g

r, 9 P(r, 9) + P(Q
r, ) P(r,s) + P(g

0

r,_sf P(r, S)
r, §2 P(r, S)

=P(r,s) ~0
7 P(f) P( ~0.5-0.5 = 0.25

problem

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Variable elimination

(B P(e)=ZP(c|b) 2 Pb]a) P@)
P(b)

(B pa) PE|A
({‘L(/I)

()

P(B, A)—)EIP P(B{k F:(/C| B)

(]

P(C, B)—)% P(C)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 65




|nference as variable @i mination

m A factor over X isafunction from val(X) to
numbersin [0,1]:
0 A CPT isafactor
0 A joint distribution is also a factor
= BN inference;
0 factors are multiplied to give new ones
0 variables in factors summed out

m A variable can be summed out as soon as all
factors mentioning it have been multiplied.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 66




Variable Elimination with loops

@ P(A) P(G) P(S|AG)

P(EJ| A)

P(A,G,S)-»@P(A,S)—»@ PAES

IID(X%S)()EH =9
E

i PESC™ |2y PO)
% P(L | C)—>|i# P(C,L)—»E} P(L)

Complexity is exponential in the size of the factors

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 67




Join trees*

A Jjointreeisapartially precompiled factorization

P(A)x P(G) x
P(S| AG) x

* akajunction trees, Lauritzen-Spiegel halter, Hugin alg., ...

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 68




Exploiting Structure

|dea: explicitly decompose nodes

Noisy or:

| Burglary | [ Earthquake]

-

Y
[ Motion sensed | (Wire Move)

deterministic or l[ Alarm]i

\_

~N

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Noilsy-or decomposition

@arm) @urglary (ruck) (Wind

= Smaller factors
= Faster inference

Koller, Stanford University. All rights reserved. 70




| nference with continuous variables

s Gaussian networks. polynomial time inference
regardless of network structure

s Conditional Gaussians:

0 discrete variables cannot depend on continuous
)

Wind

Speed Smoke
— Concentration
Fire é’

S~ N(aFW+ b|:10-|§)

m Thesetechniques do not work for general hybrid
networks.
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Computational complexity

m [ heorem: Inference in a multi-connected
Bayesian network is NP-hard.

Boolean 3CNF formula ¢= (uv Ow)U (u Uw 0y)

-----------------------------------------------------------------
“““

L
‘e
XS

5Pior probabilityl/2

Yay [ 2
n nn®
"Emmmman EEEEEEEEN (LLL) EEEEEEEN (AR R LR

Probability () = 1/2" - # satisfying assignments of @
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Stochastic ssmulation

[P(b)] 0.03]| (Burglary] (Earthquake) [p(e)[o.001]

belbe|lbe EEW
o1 Alarm

P(a)o.9s| 0.7 | 0.4
Y
2| 5 Cal i=C Newscast el e

o050 P[0 3jooon

BEACN

# of live samples with B=Db

Samples: : e_ 2 E d P(b|c) ~

b= total # of live samples
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Likelihood weighting

Burglary| (Earthquake

ala Alarm
P(c)0.8]0.05 !
Samples Call | =c¢ | Newscast
B E A C N|weght
beacn| 08 weight of samples with B=b
b e acn| 095 P(ble) = total weight of samples
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Other approaches

m Search based techniques

0 search for high-probability instantiations
[ use instantiations to approximate probabilities

m Structural approximation
0 simplify network
= eliminate edges, nodes
m abstract node values
a SMplify CPTs
0 do inference in simplified network
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Course Contents

m Concepts in Probability

m Bayesian Networks

» Inference

» Decision making

m Learning networks from data
» Reasoning over time

m Applications
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Decision making

s Decisions, Preferences, and Utility functions
» Influence diagrams
= Value of information

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Decision making

m Decision - an irrevocable alocation of domain
resources

s Decision should be made so as to maximize
expected utility.
= View decision making in terms of
0 Beliefs/Uncertainties
0 Alternatives/Decisions
0 Objectives/Utilities

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 79




A Decision Problem

Should | have my party inside or outside?

dy  Regret
N <
wet Relieved
dyY  perfect!

out c<
Wet Disaster

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 80




Vaue Function

= A numerical score over all possible states of
the world.

Location? Weather? |Vaue

in dry $50
in wet $60
out dry $100

out wet $0

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.




Preference for Lotteries

Y A

{ $40,000 % $30,000
0.8 $0 0.75 $0

I

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Desired Properties for
Preferences over Lotteries

If you prefer $100 to $0 and p < g then

D $100 g $100
e |
1- $0 $0

P 1-q

(always)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Expected Utility

Properties of preference [
existence of function U, that satisfies:

ql/ / yl

Y
_< 8<QZ ‘

Yn

(ONON®)

If

2P UX) < 2; G; U(y;)
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Some properties of U

Y A
8 g

{ $40,000
0.2 $0

I

0 U # monetary payoff

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Attitudes towards risk

UT  U(ss00)

_—

e
7
7
4
P []
e
7
7
7’
7
7
7
7’ [ ]
'
e /
7 [ ]
4
e
7/
7/,
. 5
7
’ []
7
7
7’
7
3

$1,000

$0

0 400 500

Certain equivalent

Insurance/risk premium

>
1000 $reward

U convex risk averse

U concave risk seeking

U linear risk neutral

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Are people rational ?

0.2 $40,000
S

0.2 « U($40K)
0.8« U($40K)

j{ $40,000
0.2 $0

0.8 » U($40K)

0.25 $30,000
- <
0.75 $0
> 0.25« U($30K)
> U($30K)
1 $30,000
< <
0 $0
< U($30K)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Maximizing Expected Utility

dry  U($50)=.632

0.3\ _Wet U($60)=.699

07— U($100)=.865
out <
O oA U($0) =0

choose the action that maximizes expected utility
EU(in) = 0.7 (0632 + 0.3 [1699 = .652

Choose In
EU(out) = 0.7 [LU865 + 0.3 LD = .605

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. fote]




Multi-attribute utilities
(or: Money I1sn’'t everything)

s Many aspects of an outcome combine to
determine our preferences.
0 vacation planning: cost, flying time, beach quality,
food quality, ...

0 medical decision making: risk of death (micromort),
guality of life (QALY), cost of treatment, ...

m For rational decision making, must combine all
relevant factors into single utility function.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 89




Influence Diagrams

Earthquake

Goods
Recovered

Home?

@D

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Decision Making with Influence
Diagrams

Cal? Go Home?
Home’?

Neighbor Phoned | Y es
No PhoneCal | No 6

Expected Utility of this policy is 100

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 01




V alue-of-Information

= What Is it worth to get another piece of
Information?

s What isthe increase in (maximized)
expected utility if | make a decision with an
additional piece of information?

» Additional information (if free) cannot make
you worse off.

» Thereis no value-of-information if you will
not change your decision.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 02




Vaue-of-Information in an
Influence Diagram

How much better Home’?

can we do when
thisarc is here?
|\/|ISS
I\/Ieetln

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 03




Vaue-of-Information is the
increase N Expected Utility

Phonecall? [INewscast? | Go Home?
Yes Quake No
Yes No Quake |Yes
No Quake No
No No Quake [No

Expected Utility of thispolicy Is112.5

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Course Contents

m Concepts in Probability

m Bayesian Networks

» Inference

m Decision making

» Learning networks from data
» Reasoning over time

m Applications
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L earning networks from data

m Thelearning task

m Parameter learning
0 Fully observable
0 Partially observable

s Structure learning
= Hidden variables

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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(8
The learning task p ’

BEACN Burglary Earthquake

2t i

b eacn " Tp—
Input: training data Output: BN modeling data

= Input: fully or partially observable data cases?
s Output: parameters or also structure?

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. o7




Parameter learning: one variable

s Unfamiliar coin:
0 Let &= bias of coin (long-run fraction of heads)
n If & known (given), then
0P(X=heads| 8)= @

a Different coin tosses independent given 6
0 P(X,, ... X | 8) = 8" (1-9)
h heads, t tails

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Maximum likelihood

m |nput: aset of previous coin tosses
0 Xgy o0 X ={H, T,H,H,H, T, T, H, .., H}

—
~—

h heads, t tails

m Goadl: estimate &
m Thelikelihood P(X,, ..., X | 8) = 8" (1-8)
s [ he maximum likelithood solution Is:

h
7= _1_
h+t

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 99




Bayesian approach
Uncertainty about 81 distribution over its values

Beta(2,2) —

P(&)

0 0.2 0.4 0.6 0.8 |

- 0 .
P(X = heads) = [P(X = heads |8)P(8)d6 = Le P(8) d@

© 1997 Jack Breese, Microsoft Tgrporation and Daphne Koller, Stanford University. All rights reser




Conditioning on data

h heads, t tall

P(O) oo

Beta(l,]) m—

0

02 0.4 0.6 0.8

1

1 head
1 tail

——— >

~ P(8| D) L/P(8)P(D| 6)

= P(6) 6" (1-6)!

Beta(2,2)

0

0.2

0.4 0.6 0.8 1
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Good parameter distribution:
Beta(a, , a,)
Ha’h -1 (1 _ H)a't -1

Beta(10,10)  m—

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

" Dirichlet distribution generalizes Beta to non-bi néry variables.
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General parameter learning

= A multi-variable BN Iis composed of severdl
Independent parameters (“coins’).
.o | .9 Three parameters.
6 ’ HB|a’ HBlﬁ

= Can use same techniques as one-variable
case to learn each one separately

Max likelihood estimate of &5 would be:

g _ = #data cases with b, a
Bla— = #datacaseswitha

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Partially observable data

BEACN Burglary

Earthquake

/

= ~
? ?
B ECA N | m— Narm
b ?a?n Call Newscast

m Fill in missing data with “expected”’ value
0 expected = distribution over possible values
0 use “best guess’ BN to estimate distribution

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 104




| ntuition

» In fully observable case:

g = #data caseswithn, e _ Zil(n’el %)
nle ™ " #data cases with e -2 1(e] d)

..............

.....................................

1 if E=eindata cased
) = J
I(el dJ) 0O otherwise

m In partially observable case | is unknown.
Best estimate for | Is: f(n,e|dj) =P, (ne|d))

Problem: & unknown.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 105




Expectation Maximization (EM)
Repeat
m Expectation (E) step
0 Use current parameters @ to estimate filled in data.
I(neld)) =P, (neld)

s Maximization (M) step
0 Usefilled in datato do max likelihood estimation

5 :zjf(An,emj)
e S I(eld))

~

m Set: =6

until convergence.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Structure learning

Goal:
find “good” BN structure (relative to data)

Solution:
do heuristic search over space of network
structures.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 107




Space = network structures

Search space

Operators = add/reverse/del ete edges

Red

S

© 1997 Jack
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Heuristic search

Use scoring function to do heuristic search (any algorithm).
Greedy hill-climbing with randomness works pretty well.

D score

=
N

el

il
e

o F
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Scoring
m Fill In parameters using previous techniques
& score completed networks.

s One possibility for score:
likelihood function: Score(B) = P(data | B) <8

Example: X, Y independent coin tosses
typical data = (27 h-h, 22 h-t, 25 t-h, 26 t-t)

Maximum likelihood network structure:

GO~

Max. likelihood network typically fully connected

Thisis not surprising: maximum likelihood always overfits...

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 110




Better scoring functions

s MDL formulation: balance fit to data and
model complexity (# of parameters)

Score(B) = P(data | B) - model complexity

» Full Bayesian formulation
0 prior on network structures & parameters
0 more parameters [ higher dimensional space
0 get balance effect as a byproduct*

* with Dirichlet parameter prior, MDL is an approximation
to full Bayesian score.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Hidden variables

m There may be interesting variables that we
never get to observe:

0 topic of adocument in information retrieval;
0 user’s current task in online help system.

m Our learning algorithm should
0 hypothesize the existence of such variables;
0 learn an appropriate state space for them.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.

112




Randomly
scattered data

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Actual data

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 114




Bayesian clustering (Autoclass)

nalve Bayes moddl:

m (hypothetical) class variable never observed
= If we know that there are k classes, just run EM
» |earned classes = clusters

s Bayesian analysis allows us to choose k, trade off
fit to datawith model complexity

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 115




E,

Clustered
distributions

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 116




Detecting hidden variables

s Unexpected correlations=) hidden variables.
Hypothesized model Data model

90I esterolemia 90I esterolemia

(Testy (Test?) [Teﬁl]—»[TaQ]—»[T&sB]
Ty

[Chol esterolemia Hypothyroid
“Correct” model \

lTestlI lTest2| Test3

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 117




Course Contents

m Concepts in Probability

m Bayesian Networks

» Inference

m Decision making

m Learning networks from data
» Reasoning over time

m Applications

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Reasoning over time

Dynamic Bayesian networks
Hidden Markov models
Decision-theoretic planning

0 Markov decision problems

0 Structured representation of actions

0 The qualification problem & the frame problem
0 Causality (and the frame problem revisited)

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 119




N
[
%

Dynamic environment
N\

?

L

s Markov property:
0 past independent of future given current state;
0 aconditional independence assumption;
0 implied by fact that there are no arcst - t+2.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Dynamic Bayesian networks

m State described via random variables.

m Each variable depends only on few others.

Drunk(t)

Velocity(t) elocity(t+1

T vt
Weather (t) WWeather (t+ 1 \

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 121




Hidden Markov modéel

» An HMM isasimple model for apartially
observable stochastic domain.

State transition
model

_______ Observation
model

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 122




Hidden Markov models (HMMs)

Partially observable stochastic environment:

0.15

s Mobilerobots:
0 states = location

0 observations = sensor input

m Speech recognition:
0 states = phonemes

[0 observations = acoustic signal
m Biological sequencing:

0 states = protein structure

0 observations = amino acids

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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HMMs and DBNS

» HMMsarejust very smple DBNSs.

» Standard inference & learning algorithms for
HMMs are instances of DBN algorithms

0 Forward-backward = polytree
0 Baum-Welch = EM
0 Viterbl = most probable explanation.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 124




Acting under uncertainty

Markov Decision Problem (MDP)
agent

observes -, _
state ‘-./"AC'[I on(t)

L5
=
(t

\

s Overdl utility = sum of momentary rewards.
= Allowsrich preference model, e.g..

rewards corresponding {+1OO goal states

to “get to goal asap” -1  other states

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 125




Partially observable MDPs

t observes . .
agﬁg r?ot state . |Action(t) Action(t+1)

2 > \

Obs depends
on sﬁ%te
>(Sate(t+2

m The optimal action at time t depends on the
entire history of previous observations.

m Instead, adistribution over Sate(t) suffices.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 126




Structured representation

>[ Position(t) ——>| Positi on(t+1) ]
Pl’econdl t| ons=<: S B EffeCtS

>[ Direction(t) [~ ... »| Directi on(t+1)]

Move:
[Holding(t) J-++----- > Holding(t+1) ]
| Position(t) ]+ »| Position(t+1) ]
Turn: | Direction(t) —{ Direction(t+1) |

[Holding(t) J-++----- > Holding(t+1) ]

Probabilistic action model

* allows for exceptions & qualifications,
e persistence arcs. a solution to the frame problem.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Causality

s Modeling the effects of interventions
m Observing vs. “setting” avariable
= A form of persistence modeling

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 128




Causal Theory

Temperature
¢ ) Cold temperatures can cause
the distributor cap to
Distributor Cap> become cracked.

Y
Qar Sta@ If the distributor cap is

cracked, then the car isless
likely to start.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Setting vs. Observing

Tempera@

X The car does not start.
Distributor @ Will it start if we

T replace the distributor?
Qar Sta@

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 130




Predicting the effects of

INnterventions
Tem piratua The car does not start.

— Will it start if we
WQistributor Cap> replace the distributor?

Y
carstats > What isthe probability

that the car will start if |
replace the distributor

cap?

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 131




Mechanism Nodes

M «art Distributor  Starts?
@tri hutor Always Starts  Cracked Yes
Always Starts  Normal Yes
Never Starts Cracked No
Never Starts Normal No
Normal Cracked No
Normal Normal Yes
Inverse Cracked Yes
Inverse Normal No

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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Persistence

Pre-action Post-action

Temperaturd Temperatur®
v

Set to
Normal

Persistence
arc

)

Observed
Abnormal

Assumption: The mechanism relating Dist to Sart is
unchanged by replacing the Distributor.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 133




Course Contents

m Concepts in Probability

m Bayesian Networks

» Inference

m Decision making

m Learning networks from data
» Reasoning over time
Applications

>

\4
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Applications

s Medical expert systems

0 Pathfinder

0 Parenting MSN

s Fault diagnosis
0 Ricon FIXIT

0 Decision-theoretic troubleshooting

m Vista

n Collaborative filtering

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.

135




Why use Bayesian Networks?

m Explicit management of uncertainty/tradeoffs
s Modularity implies maintainability

m Better, flexible, and robust recommendation
strategies

\

[T
I

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 136




Pathfinder

Pathfinder is one of the first BN systems.
It performs diagnosis of lymph-node diseases.
It deals with over 60 diseases and 100 findings.

Commercialized by Intellipath and Chapman
Hall publishing and applied to about 20 tissue

types.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 137




Studies of Pathfinder Diagnostic
Performance

= Naive Bayes performed considerably better
than certainty factors and Dempster-Shafer
Belief Functions.

m Incorrect zero probabilities caused 10% of
cases to be misdiagnosed.

s Full Bayesian network model with feature
dependencies did best.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 138




Commercia system: Integration

Expert System with advanced diagnostic capabilities
0 uses key features to form the differential diagnosis

0 recommends additional featuresto narrow the differential
diagnosis

0 recommends features needed to confirm the diagnosis

0 explains correct and incorrect decisions

Video atlases and text organized by organ system
“Carousel Mode” to build customized lectures
Anatomic Pathology Information System

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 139




On Parenting: Selecting problem

m Diagnostic indexing for Home
Health site on Microsoft Network

m Enter symptoms for pediatric
complaints

s Recommends multimedia content

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved.
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On Parenting : MSN

Original Multiple Fault Model

throat pain_pt.? -- TPAIN-MF D5C

al synd n::n:umpl:-:.c:l:uughc:nr_l,lza,myal I ’r/‘h_ _“‘ eck flex paiyg _F
TTH 11 TN o ‘_'.:;;:f.ar_ =
r b o/ ampic:ilh‘ ! - npath_l,l, Post. iMeal Prior 5}'“‘!@
\f —— -
A J.‘!.mmw

wil
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Single Fault approximation

t-pain-sf.1 - TPAIN-5F.D5C

al synd cnmple#:cnugh,m@/ S : i i ooy
phiary ano spok eritonzillar bulge b uffled voice Age
/ F.B. Strep screen,rapi racheal click B ariurn sweallow

] [~

1%l
: [l ]
opharyngeal ulcers [predominant ar CBC nt neck swell, tende denopathy, Posl
@ [predeminant area CEC) St {«‘_\_ . tender pathy
onzillar exudate emperature, ara Meck flex pain Cough
i . : A
™ | it
Sewverit denopathy, ant, tende WE piglotti
I\-._ _,f”l patr F'Elj

‘_,_,f""ph "
OXic appearanc @Ebral goft tigzLe sv@ @iramww

..| o~ e
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On Parenting: Selecting problem
Describe the child | Age: [Toosler =] sex: [Femae 7]

in the drop-doven boxes at the

right. Relevant information will | Complaint; ; pih
appear helow . Abdominal pain -
Abnormal cantral of body movements™ |~
Thiz festure iz designed to help you find Biting or hitting
Blood in stool

infarmation relevant to questions you
anzwer abhout childhood symptoms.
keeep in mind that any information you
find i in no way comprehensive.

Alzo, this festure iz NOT intended 1o be

|
|
|
! Blood in urine
|
|
|
|
|
. . Y- 1
uzed to diagnoze medical conditions or I
|
|
|
|
|
|
|
|
|
|
|

Blood in warnit

Bluizh or purplizh skin
Breath-hiolding

Breathlezzness or difficulty breathing
Colic or gaz pain

Constipation

Cough

Drelaved developrment

Delaved speech

Charrhea

Crifficulty swallawing __:’_j

replace the advice of a heatthcare
professional. Alvways contact your
heathcare provider for medical advice.
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Performing diagnos s/indexing

Describe the child | Age: iTndcﬂer = | sex: ;Female i
in the drop-down boxes at the ] : _ T
tight. Relevant information wil | Complaint: ; Abdominal pain Fi

appear below

Localized pain: Can the child localize, or
piaint 1o, the site of the pain®?
()1 Mo, unahle ta localize

| Results so far

Disorder | Relevance

|
|
|
|
|
(1 Below the navel to the child's left | iral gastroerteritis e
() Above the child's navel ! .
) Either of the child's sides | Psychosomatic pain [N
() Belowy the navel to the child's right ' Urinary tract infection l
() Ahove the navel to the child's right : o
[ Ahove the navel to the child's left ! ther [
() Dan't Know !
Start Over | Review | |
:
|

Hext>>= Finizh i
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RICOH Fixit

m Diagnostics and information retrieval

Fusing roller scratched MNoisy phone ling

Mo dial ione at phone jack

Charge corana wira diy
Line fail ind. light broken

Phone line improperhy conn
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FIXIT: Ricoh copy machine

s FExIT - FL | %

HARIEN N R S [ R e R o

OUESTIONS To ASK

TX-Make Cpy-Blelne?
Expozure Glass Clean

ErierFact= Respanse: Helps #] Fault ¢ Halps Gther Failts

T Black Copies St A e
Red Indicators? DA No e
Memory Full? Hann

T Distorted Image N T
Hoise (general) | s e falness

R we File Indicat
ecelve Fie Inowcator Possible Problems

-]
| M{TX White Lines v b |Not applicabl

[ |

|

|

i

FACT LIST (hdstors)
17 Black Lies - Ve

0% |3 Line Problem
Ml | i Eemote machine-Bad Tx
17% H White Plate Dirty

b ! Service Needed

. damey’s Tools online L Working.. Stop
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Online Troubleshooters

E Microzoft Technical Support Troubleshooters - Microzoft Internet E xplorer

Eile Edit “iew Go Favorites Help

® @ [ W @6 8 A& & H E

Back Stop  Refresh Home  Search Fawortez  Print Font b ail E dit

Address |httl:li.-".-"WWW.I'I'IiDrIIISIIIft.DDI’I’I.-"SLJDDD”I.-"'ISI"IDD'IE[S.htl’l’l ﬂ Linksz Computer Mews Sidewalk Sportzzone

M wicrosort | PRODUCTS | SEARCH |_| ZHOP | WRITE Ug |

Troubleshooting Wizards

Games: Help with problems when you install or start your Games

Games: Help with games display problems

Games: Help with sound problems when you run your games

Games: Help with common issues when you run your games -

Intarmat Fyvnlarar 3 i Haln hrsecine tho weah

Site Map
Guided Tour with Microsoft now offers advanced inference engine technology to help you easily troubleshoat
the Support ‘wizard problerns with Microsoft products. These Troubleshooting YWizards are the electronic version
Knowledge Base of our best engineers. Try them and see!
Troubleshooting wizands . . _ . IS
Frequently Choose a Troubleshooting Wizard from the list below, then click Nest.
&sked Duestions
Help Files, Service " Access: Conversion Troubleshooter
Facks, & Other Files " Access: Help exporting to Active Server Pages and viewing them in your web browser.
Mewrsgroups " DirectX: Help with comman issues when you run applications with Direct
Support Options & " Excel: PivatTable Troubleshooter
Phane Mumbers " Excel: YWorkboaok Troubleshooter
Subrmit a Question to " Excel: Yideo Troubleshooter
8 Support Engineer " Exchange: Directary Synchronization Troubleshooter
Suppart Highlights " Exchange: Internet Mail Connector Troubleshoaoter
{
{
{
{
~

Click here to start.

&
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Define Problem
Troubleshooting Wizards

Print Troubleshooter

The Print Troubleshooter lists recommended troubleshaooting steps in the arder of great
benefit and least cost to you (the user).

What type of problem are you having?

& My document didn't print at all.

" Graphics look incomplete or incorrect.

" Fonts are missing or do not look as they did on the screen.

" The printout is garbled or containg garbage.

" | only got part of the page | expected.

" Printing is unusually slow. —

M ext
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Gather Information
Troubleshooting Wizards

Print Troubleshooter

Thiz table tracks your status in the troubleshooting process. If you need to change you
to a question, you can do so below:

Froblem: Frint Output

Are you printing from an MS5-DOS-based or a Windows-based application?

" | am printing from MS-D0S ar from an MS-D05 application.
& | am printing from a Windows application.
" | don't want to do this now.

M et
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Get Recommendations

Print Troubleshooter

2]

This table tracks your status in the troubleshooting process. If you need to change yoa
to a question, you can do so below:

Frablerm: Frint Output

Frint Environrnent: O MS-DOS & Windows © Unknown

Frinting over Netwark: " Mo (Local printer) & Yes (Network printer) € Un
Frinter Driver Set Offline: & Online € Unknown

Is your printer turned on and on-line?

bWake sure the printer is properly plugged into a power outlet.

Turn on the printer's power switch.

MWake sure the printer is on line. Most printers have an On Line button with a i
hWlake sure the light is an.

P L2 P =

If you need moare information on any of these steps, consult your printer's manual.
It worked! | turned it on and now | can print.
0 Yes, my printer is on, but it still won't print.
" | don't want to do this now.

M et | .j
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Vista Project: NASA Mission
Control

Decision-theoretic methods for display for high-stakes aerospace
decisions

e

—L—

/

y/ /A 4

g




Costs & Benefits of Viewing
|nformation

Decision quality —

Quantity of relevant information ——
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Status Quo at Mission Control
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Time-Critical Decision Making

. Consideration of timedelay in temporal process

Action At )
A \ Duration of

Process

State of
System H, t_
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Simplification: Highlighting

Decisions
m Variable threshold to control amount of
highlighted information

Oxygen 15. 6 14. 2
Fuel Pres 10.5 11. 8
Chanb Pres 5.4 4.8

He Pres 17.7 14.7
Delta v 33.3 63.3

Oxygen 10.2 10.6
Fuel Pres 12. 8 12. 5

Chanb Pres 0.0 0.0
He Pres 15. 8 15. 7
Delta v 32.3 63. 3
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What Is Collaborative Filtering?

= A way to find cool websites, news stories,
music artists etc

s Uses data on the preferences of many users,
not descriptions of the content.

m Firefly, Net Perceptions (GroupLens), and
others offer this technology.
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Bayesian Clustering for
Collaborative Filtering

Probabilistic summary of the data

Reduces the number of parametersto
represent a set of preferences

Provides insight into usage patterns.
Inference:

P(Liketitlei | Liketitle], Liketitle k)
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Applying Bayesian clustering

user classes

classl class2 ...
titlel p(like)=0.2 p(like)=0.8
title2 p(like)=0.7 p(like)=0.1

title3 P(like)=0.99 p(like)=0.01
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MSNBC Story clusters

Readers of commerce and

technology stories (36%):

E-mail delivery isn't exactly
guaranteed
Should you buy aDVD player?

Price low, demand high for
Nintendo

Sports Readers (19%):

Umps refusing to work isthe
right thing
Cowboys are reborn in win over

eagles
Did Orioles spend money wisely?

Readers of top promoted
stories (29%).
m 757 Crashes At Sea

m |sradl, Palestinians Agree To
Direct Talks

s Fuhrman Pleads Innocent To
Perjury

Readers of “ Softer” News (12%):

= Thetruth about what things cost

s Fuhrman Pleads Innocent To
Perjury

= Real Astrology
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Top 5 shows by user class

Class 1 Class 2 Class 3
e Power rangers  * Young and restless  Tonight show
e Animaniacs e Bold and the beautiful ~ * Conan O’ Brien
e X-men * Asthe world turns  NBC nightly news
e Tazmania * Priceisright o Later with Kinnear
e Spider man  CBS eve news » Seinfeld

Class4 Class5

* 60 minutes « Sainfeld

 NBC nightly news e Friends

« CBSevenews * Mad about you

e Murder she wrote * ER

» Matlock e Frasier
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Richer modé
Age @ User class

Watches Watches Watches
Seinfeld NYPD Blue Power Rangers
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What' s old?

Decision theory & probability theory provide:

m principled models of belief and preference;
m techniquesfor:
0 integrating evidence (conditioning);
0 optimal decision making (max. expected utility);
0 targeted information gathering (value of info.);
0 parameter estimation from data.
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What's new?

Bayesian networks exploit domain structure to allow
compact representations of complex models.

Knowledge
Acquisition
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Some Important Al Contributions

Key technology for diagnosis.

Better more coherent expert systems.

New approach to planning & action modeling:
0 planning using Markov decision problems,

0 new framework for reinforcement learning;

0 probabilistic solution to frame & qualification
problems.

New techniques for |learning models from data.

© 1997 Jack Breese, Microsoft Corporation and Daphne Koller, Stanford University. All rights reserved. 166




What's In our future?

L =

Structured
Representatio

» Better modelsfor:
0 preferences & utilities,
0 not-so-precise numerical probabilities. 6
» Inferring causality from data.

s More expressive representation languages.
0 structured domains with multiple objects;
0 levels of abstraction;
0 reasoning about time;
0 hybrid (continuous/discrete) models.
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