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Answering Query under Uncertainty
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Key points Recap

We model the envi rPedavumen t
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Why the joint’is not an adequate representation ?
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Solution: Exploit marginal&conditional mdependence
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But how does independence allow us to simplify the
joint? 4 in RULE |
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Lecture Overview

Belief Networks

Build sample BN
Intro Inference, Compactness, Semantics
More Examples
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Belief Nets: Burglary Example

There might be a burglar in my house
B

The anti-burglar alarm in my house may go off

A

| have an agreement with two of my neighbors, John and
Mary, that they call me if they hear the alarm go off when |
am at work -
M J

Minor earthquakes may occur and sometimes the set off the
alarm. L

Variables: = A M0 £ w=5

5 "
Jointhas £ ~ 1 entries/probs -3



Belief Nets: Simplify the joint

Typically order vars to reflect causal knowledge

(l.e., causes before effects) 3 =
A burglar (B) can set the alarm (A) off N
An earthquake (E) can set the alarm (A) off A
The alarm can cause Mary to call (M) / \
The alarm can cause John to call (J) M Ry
F(B E, A M U‘\ e
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Apply Chain Rule »*¥
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Simplify according to marginal&conditional
iIndependence




Belief Nets: Structure + Probs
S PR +P(E) » PLAIR,E) « P(M | A)+ P |A)

EXxpress remaining dependencies as a network

Each var is a node
For each var, the conditioning vars are its parents
Associate to each node corresponding conditional
probabilities o{
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Lecture Overview

ABelief Networks

Intro Inference, Compactness, Semantics
More Examples
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Burglary Example: Bnets inference

Our BN can answer any probabilistic query that can
be answered by processing the joint!

(Ex1) I'm at work,
= neighbor John calls to say my alarm is ringing,

__, neighbor Mary doesn't call, /(9
_— No news of any earthquakes. m
Is there a burglar? .
(Ex2) I'm at work, —{"eq ¥>— g ®
Receive message that neighbor John called ,
News of minor earthquakes. /(9

Is there a burglar?
@gpace @ﬁt@
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Bayesian Networks Inference Types

Diagnostic Predictive Intercausal Mixed

Burglar P(E) = 1.
| urg Y| | BurglarY| Earti'lq)uak fl\DEarthquake |
(B) = 0.001 P(B) = SCE) = 1.0
Alarm Alarm | Burglary |
P(B) = 0.001 P(A) = 0.003
0.003 0.033
JohnCalls
JohnCalls | [JohnCalls | | |
PJ)=1.0 P(J)=0.011 P(M)=1.0

0.66
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