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Lecture Overview

ïRecap Semantics of Probability

ïMarginalization

ïConditional Probability

ïChain Rule

ïBayes' Rule

ïIndependence



Recap: Possible World Semantics

for Probabilities

ÅRandom variable and probability distribution

Probability is a formal measure of subjective uncertainty.

ÅModel Environment with a set of random vars

ÅProbability of a proposition f



Joint Distribution and Marginalization

cavity toothache catch µ(w)
T T T .108

T T F .012

T F T .072

T F F .008

F T T .016

F T F .064

F F T .144

F F F .576
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Given a joint distribution, e.g. 

P(X,Y, Z)  we can compute 

distributions over any 

smaller sets of variables
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cavity toothache P(cavity , toothache)

T T .12

T F .08

F T .08

F F .72



Why is it called Marginalization?

cavity toothache P(cavity , toothache)

T T .12

T F .08

F T .08

F F .72

Toothache = T Toothache = F

Cavity = T .12 .08

Cavity = F .08 .72
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Lecture Overview

ïRecap Semantics of Probability

ïMarginalization

ïConditional Probability

ïChain Rule

ïBayes' Rule

ïIndependence



Conditioning 

(Conditional Probability)

ÅWe model our environment with a set of random 
variables .

ÅAssume have the joint , we can compute the 
probability éé.

ÅAre we done with reasoning under uncertainty? 

ÅWhat can happen?

ÅThink of a patient showing up at the dentist office. 
Does she have a cavity?



Conditioning 

(Conditional Probability)

ÅProbabilistic conditioning specifies how to revise 
beliefs based on new information.

ÅYou build a probabilistic model (for now the joint) 
taking all background information into account. This 
gives the prior probability.

ÅAll other information must be conditioned on.

ÅIf evidence e is all of the information obtained 
subsequently, the conditional probability P(h|e) of h
given e is the posterior probability of h.



Conditioning Example

ÅPrior probability of having a cavity
P(cavity = T)

ÅShould be revised if you know that there is toothache
P(cavity = T | toothache = T)

ÅIt should be revised again if you were informed that 
the probe did not catch anything

P(cavity =T  | toothache = T, catch = F)

ÅWhat about ?
P(cavity = T | sunny = T)



How can we compute P(h|e)
ÅWhat happens in term of possible worlds if we know 

the value of a random var (or a set of random vars)?

cavity toothache catch µ(w) µe(w)
T T T .108

T T F .012

T F T .072

T F F .008

F T T .016

F T F .064

F F T .144

F F F .576

e = (cavity = T)

ÅSome worlds are . The other become é.



Semantics of Conditional Probability

ÅThe conditional probability of formula h given 

evidence e is
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Semantics of Conditional Prob.: Example

cavity toothache catch µ(w) µe(w)
T T T .108 .54

T T F .012 .06

T F T .072 .36

T F F .008 .04

F T T .016 0

F T F .064 0

F F T .144 0

F F F .576 0

e = (cavity = T)

P(h | e) = P(toothache = T  | cavity = T) =



Conditional Probability among Random 

Variables

P(X | Y) = P(toothache | cavity) 

= P(toothache cavity) / P(cavity)

Toothache = T Toothache = F

Cavity = T .12 .08

Cavity = F .08 .72

Toothache = T Toothache = F

Cavity = T

Cavity = F

P(X | Y) = P(X , Y) / P(Y)




