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BAYESIAN NETWORKS
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BAYESIAN NETWORKS
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Nodes Links
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e (link ~ “directly influences”)

Conditional Distribution
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P(X;|Parents(X;))
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CONDITIONAL PROBABILITY TABLE

e (2laidl (bod Jladal Jsua G Husula 5k 4 (o sd a5 8

s s JLaial S gun
Conditional Probability Table

CPT

O slaally 5asle 51 S 5 5 (5150 X il 5l5n i3
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BAYESIAN NETWORKS

Toothache

Weather is independent of the other variables

Toothache and C'atch are conditionally independent given C'avity
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BAYESIAN NETWORKS
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BAYESIAN NETWORKS
P(B) P(E)
Burglary 001 Earthquake 002

CPT CPT

B E |PAIB,E)

T T .95

T F 94

F T 29

F F .001

CPT CPT CPT
A | P(JIA) A [P(MIA)
F| .05 F| .01

Prepared by Kazim Fouladi | Spring 2017 | 3 Edition

<
’U’;ﬁb/

Variables: Burglar, Earthquake, Alarm, JohnCalls, MaryCalls

B E

A

J

M




&

S gLA«S:\.w

«\AS“):» ‘AJ.@_&A

COMPACTNESS
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THE SEMANTICS OF BAYESIAN NETWORKS
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Local Semantics
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Global Semantics
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THE SEMANTICS OF BAYESIAN NETWORKS
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Global Semantics

e i slap s o diala = JolS a1 s a5 53

s o Tl = H:-’: | P(x;|parents(X;))
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THE SEMANTICS OF BAYESIAN NETWORKS
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Global Semantics

S gl s Gual.t.d'.:l.u.o ‘
e i slap s o diala = JolS a1 s a5 53

LT 0] = H:-’: | P(zi|parents(X;))

eg., PgAmAaN—-bA —e) @
= P(j|a)P(m|a)P(a|-b,—e)P(—b)P(—e) ﬁ
= 0.9 x 0.7 x 0.001 x 0.999 x 0.998

~ 0.00063 @ @
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THE SEMANTICS OF BAYESIAN NETWORKS

Local Semantics
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THE SEMANTICS OF BAYESIAN NETWORKS
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Local Semantics Global Semantics

Theorem: Local semantics < global semantics
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CONSTRUCTING BAYESIAN NETWORKS

S ol 5l ds
b IIELwl 55 50 5o (lae Hsb 4 3s 050 0T LA Ol (s S (s b

1. Choose an ordering of variables X, ..., n
2. Fori=1ton

add X, to the network

select parents from X, ..., X, | such that

P(X,-\Pur'(e'nfs(X,-)) = P(X,‘Xl 8 Diam X,‘,”

1y ooy Xn) = [E_{P(X;| X1, ..., Xi—1) (chain rule)

t

= II'_ ,P(X;|Parents(X;)) (by construction)
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Suppose we choose the ordering M, J, A, B,

P(J|M) = P(J)?
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Suppose we choose the ordering M, J, A, B,

CED
Clomeals

P(J|M) = P(J)? No
P(A|J, M) = P(A|J)? P(A|J, M) = P(A)?
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Suppose we choose the ordering M, J, A, B,

CED

N\ s

JIM) = P(J)? No

(

(A|J, M) = P(A|J)? P(A|J, M) = P(A)? No
(B|A, J, M) = P(B|A)?
(

P
}
o
P(B|A, J,M) = P(B)?
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Suppose we choose the ordering M, J, A, B,

Burglary

(J|M) = P(J)? No

D(AlJ, M) = P(A|J)? P(A|J, M) =
(B|A, J, M) :PBH? Yes
(B|A, J,M) = P(B)? No
( |BA I V)
(E|B M)

P(E|A)?
P(E|A,

“Uﬁ%ﬁ\u“u

B
E
B )?

P(A)?

Earthquake

No
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Suppose we choose the ordering M, J, A, B,

Burglary

Earthquake

P(J|M)=P(J)? No

P(A|J, M) = P(A|J)? P(A|J,M) = P(A)? No
P(B|A, J, M) :PBH? Yes

P(B|A,J,M) = P(B)? No

P(E|B, A, J, M) = P(E|A)? No
P(E|B, A, J, M) = P(E|A, B)? Yes
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Burglary

Earthquake
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EXAMPLE: CAR DIAGNOSIS
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battery :
flat Qlocked broke

Prepared by Kazim Fouladi | Spring 2017 | 3 Edition

-
,y};ﬁb/




\iid

S sladsad il

909 sdan 1 Jls

EXAMPLE: CAR INSURANCE
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COMPACT CONDITIONAL DISTRIBUTIONS
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(deterministic nodes) ks slas < sl
Las S cpas oaked ol g5 5l suliia!

(uncertain relationships)  iabol Ll g, sl
noisy-OR Jae aiile (g3 950 u—&‘-“' Ll gy ol sulsial
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shod s ol S 5l saliil

G gy slaall g Gl sla juats
sbord A& ol Syl salanl

Prepared by Kazim Fouladi | Spring 2017 | 3 Edition

P
’U};(Pb/

Ja
S e

. J\g_fbu.n CA:‘LG—‘Ls—& J‘J:\.o—ﬁ.m& U‘A"J‘)s l:\ LA.A.”J L| CPT L5°:)‘43|

Ja
U e




Y4 TG0 gD
pSlyie (b i slaga o5
b3 slas < (sl

DETERMINISTIC NODES
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X = f(Parents(X)) for some function f

NorthAmerican < Canadian N US V Mexican

G g sLaaite G gue bl 55 1B 61
O Level
Ot

= inflow + precipitation - outflow - evaporation
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UNCERTAIN RELATIONSHIPS

Ol 1o sabingg sladkl,
S e e NOISY-OR Jus siile (s 930 8haie basl g, 3l suldiwl b

Child <= Parent, V Parent, \V ---\V Parent,

L 90 b faiiS o Jao ) Gl8uia Jolaie i slacle NOISY-OR (class s s
U, Uy, ...,U: x5l lacde saaa Jola laally )
-3l Gid gy (leak node) Jidds (56 8 S5 a S GLAIL | lacde b o) 55 oo iisen
el @ 8 cnSE Jlaad gl ls slgta ale 5o Y
(individual inhibition probabilities) su ,§ caailas Jladal : g;
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P(X|Uy ... U Uy oo~y =1 — T _ s
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UNCERTAIN RELATIONSHIPS

Fever < Cold V Flu vV Malaria <& 5l o sls K 3hie 5

Cold Flu  Malaria| P(Fever)| P(—Fever)
F F F 0.0 1.0
F F T 0.9 0.1l ssdeals
F T F 0.8 0.2  sadsals
F T T 0.98 0.02=0.2x0.1
T F F 0.4 0.6 s sols
T F T 0.94 0.06 = 0.6 x 0.1
T T F 0.88 0.12=0.6 x 0.2
T T T 0.988 0.012=0.6 x 0.2 x 0.1

Geold = P(—fever| cold, —flu, ~malaria) = 0.6 ,

gan = P(—fever | —eold, flu, ~malaria) = 0.2 ,

Gmalaria = P(—fever | ~cold, ~flu, malaria) = 0.1 .

P(z; | parents(X;)) =1 — H qj 5
{j:Xj = true}
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HYBRID (DISCRETE+CONTINUOUS) NETWORKS

Discrete (Subsidy? and Buys?); continuous (Harvest and Cost)

Subsidy? @
N
Ccost>

Buys?

S0 sLaCPT Ko s YL Jlaial glad J<iio 3 1 (o5 luwdiuns Hlsalinn) () da)S Layed  Siesa
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P(Cost = c|Harvest = h, Subsidy? =true) Subsidy?
= N(ath + bt, O})(C)
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AN
AN

P(Cost|Harvest,Subsidy?=true)

Subsidy? ngg [
N 0.15
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HYBRID (DISCRETE+CONTINUOUS) NETWORKS
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Probability of Buys? given Cost should be a “soft” threshold:
i

0.8
Subsidy? | (arvesd 0
AW S 06
2
Ceos) :
% 0.4
,_.%‘ .
Buys? =
0.2
990k (ol CeaB A5 WS (oo 02 (g ) (e
0,5 awlgds 0,3 Ceand (090 YU g0 (o 0 . -
0 2 4 6 8 10 12

Cost c

FiS e suliial g€ JILSS 51 (Probit) cus g g3 0563
O(z) =1 N(0,1)(x)dx
P(Buys?=true | Cost=c) = ®((—c+ pn)/o)
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PROBABILISTIC
REASONING

In which we explain how to build network models to reason under uncertainty
according to the laws of probability theory.

Chapter 13 introduced the basic elements of probability theory and noted the importance of
independence and conditional independence relationships in simplifying probabilistic repre-
sentations of the world. This chapter introduces a systematic way to represent such relation-
ships explicitly in the form of Bayesian networks. We define the syntax and semantics of
these networks and show how they can be used to capture uncertain knowledge in a natu-
ral and efficient way. We then show how probabilistic inference. although computationally
intractable in the worst case, can be done efficiently in many practical situations. We also
describe a variety of approximate inference algorithms that are often applicable when exact
inference is infeasible. We explore ways in which probability theory can be applied to worlds

4 . - with objects and relations—that is, to first-order, as opposed to propositional, representations.
Arrtificial Intelligence

Finally, we survey alternative approaches to uncertain reasoning.

Stuart
Russell

t.‘.-L‘]l::'n r O: L‘.h
Third Edition

14.1 REPRESENTING KNOWLEDGE IN AN UNCERTAIN DOMAIN

In Chapter 13, we saw that the full joint probability distribution can answer any question about
the domain, but can become intractably large as the number of variables grows. Furthermore,

Stuart Russell and Peter N()I'Vlg specifyin{; pruhabﬂil‘ies_ for possible x?«orlds on.e_by or!e is unnatural an'd_lediof.ls. )
> We also saw that independence and conditional independence relationships among vari-

Artificial Intelligence: A Modern Approach’ ables can greatly reduce the number of probabilities that need to be specified in order to deﬁn?
d .. . BaYESWNNETWORK  the full joint distribution. This section introduces a data structure called a Bayesian network
3r Edltlon, Prentice Hall, 2010. to represent the dependencies among variables. Bayesian networks can represent essentially

any full joint probability distribution and in many cases can do so very concisely.

! This is the most common name, but there are many synonyms, including bellef network, probabilistic net-
Chapter 14 work, causal network, and knowledge map. In stafistics, the term graphical model refers (o a somewhat

broader class thal includes Bayesian networks. An extension of Bayesian networks called a decision network or
Influence diagram is covered in Chapter 16,
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