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Example BN: Alarm Network

B P(B)
+b | 0.001
-b | 0.999
Al 1| PulA) °
+a | 4 0.9
val| - | o1
-a +j 0.05
a | - | 095
| . —
P(+b, —e,4+a,—j,+m) =

E P(E)
+e | 0.002

-e | 0.998

A M P(M|A)
+a | +m 0.7
+3a -m 0.3
-a +m 0.01
-a -m 0.99

B E A P(A|B,E)
+b | +e | +a 0.95
+b | +e | -a 0.05
+b | -e | +a 0.94
+b | -e | -a 0.06
-b | +e | +a 0.29
b | +e | -a 0.71
-b | -e | +a 0.001
-b | -e | -a 0.999




Example: Alarm Network

B P(B) E P(E)
+b | 0.001 +e | 0.002
-b | 0.999 -e | 0.998
A | J | PUIA) ° Al M |PM|A)
+a | + 0.9 +a | +m 0.7 ° . A PAIB/E)
+a | -j 0.1 +a | -m 0.3 th | +e | 43 0-95
a | + | 005 a | +m | 0.01 th e | a | 005
a | 4 | 095 a | -m | 099 e+ 094
tb | -e | -a 0.06
. -b | +e | +a 0.29
P( I b7 €, I a, —7, _I_m) — b | +e | -a 0.71
P(+b)P(—e)P(+a|+b,—e)P(—j| +a)P(+m|+a) =[P ||+ 0001
b | -e | -a 0.999

0.001 x 0.998 x 0.94 x 0.1 x 0.7



Inference

= Inference: calculating some useful = Examples:
guantity from a joint probability

distribution = Posterior probability

P(Q|E1 =e1,... B, = ¢g)




Inference in Bayes’ Net: p(Q|E; =eq,... B, = ¢;)

= Given unlimited time, inference in BNs is easy e e
P(B|+j,+m) XB P(Ba_l_]a_l_m) 0

—ZP (B,e,a,+7j,+m)

= ZP P(a|B,e)P(+jla)P(+m|a)

=P(B)P(+e)P(+a|B,+e)P(+j| + a)P(+m| + a) + P(B)P(+e)P(—a|B, +e)P(+j| — a)P(+m| — a)
P(B)P(—e)P(+a|B,—e)P(+j| + a)P(+m| + a) + P(B)P(—e)P(—a|B, —e)P(+j| — a)P(+m| — a)



Example: Traffic Domain

= Random Variables
= R: Raining
s T: Traffic
» L: Late for class!
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Inference by Enumeration: Procedural Outline

Track objects called factors

Initial factors are local CPTs (one per node)

Any known values are §
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Operation 1: Join Factors

= First basic operation: joining factors

= Combining factors:
= Just like a database join c—
= Get all factors over the joining variable % —1
= Build a new factor over the union of the variables involved

= Example: JoinonR

P(R) x P(T|R) =—=> P(RT)

+r 0.1 +r | +t | 0.8 +r | +t | 0.08
-r 0.9 +r | -t 10.2 +r | -t | 0.02
6

-r | +t |0.1 -r | +t | 0.09
-r | -t |0.9 -r | -t | 0.81

= Computation f entry: pointwise products

vr,t .  P(r,t) = P(r)- P(t|r)



Operation 2: Eliminate

= Second basic operation: marginalization

s Take a factor and sum out a variable

= Shrinks a factor to a smaller one

= A projection operation

= Example:

P(R,T)
wT+loo0s] Sum R P(T)

+r | -t | 0.02 :D +t
-r | +t | 0.09 -t

-r| -t ]0.81




Example

P(B|j,m) o« P(B,j,m)

P(B) P(E) P(A|B, E) P(lA)  P(m|A)
Choose A
P(A|B, F)
P(j|A) X > P(j,m,AlB,E) |[¥X > P(j,m|B,FE)
P(m|A)

P(B)

P(E) P(j,m|B, E)




Example

P(B) P(E) P(j,m|B, E)
Choose E
PLE) :x > P(j,m, E|B) jz > P(j,m|B)
P(j,m|B, F)
P(B) P(j,m|B)
Finish with B
P(B)

P(j,m|B)

§> P(j,m, B) @P(B!j,m)



Variable Elimination

Interleave joining and marginalizing

dk entries computed for a factor over k
variables with domain sizes d

Ordering of elimination of hidden variables
can affect size of factors generated

Worst case: running time exponential in the
size of the Bayes’ net




