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| ecture Overview

A Recap with Example
I Marginalization
I Conditional Probability
I Chain Rule 2

ABayes' Rule &
A Marginal Independence
A Conditional Independence @
our most basic and robust form of knowledge
about uncertain environments.



Recap Joint Distribution
=1 H= Blse
/8 binary random vay'éble/s:/éH,S,F)
I H dom(H)={h, xh} has heart diI sease,
IS dom(S)={s, xs} smokes, does not smoke
I F dom(F)={f, xf} high fat diet, low fat diet



Recap Joint Distribution
TJoiut Prol. Distribotion <TP]>>

/8 binary random variables: P(H,S,F)
I H dom(H)={h, xh} has heart di sease
IS dom(S)={s, xs} smokes, does not smoke
I F dom(F)={f, xf} high fat diet, low fat diet
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Recap Marginalization
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Recap Conditional Probability
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Recap Conditional Probability (cont.)
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Two key pomts we covered in previous lecture

A We derived this equality from a possible world
semantics of probability \
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A One for each conflguratlon of the conditioning var(s j
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Recap Chain Rule
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| ecture Overview

A Recap with Example and Bayes Theorem

A Marginal Independence
A Conditional Independence




Do you always need to revise your beliefs?

BQ when your MYorsowlad digee daofe s no
In the value of X

DEF. Random variable X'is marginal independent of random
variable Y if, for all x; I dom(X), y, | dom(Y),

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




Marginal Independence: Example

A X and Y are independent iﬂ;\‘P(x>: ?(K \YB = Pﬁﬂ‘
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A That is new evidence Y(or X) does not affect current belief
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In our example are Smoking and Heart Disease
marginally Independent ?

What our probabilities ar
J
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| ecture Overview

A Recap with Example

A Marginal Independence

A Conditional Independence



Conditional Independence

A With marg. Independence, for n independent
‘random vars, O(2") Y (/] B
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A Absolute independence is powerful but when you
_model a particulardomain , 11> s ¢é ¢ e.

A Dentistry is a large field with hundreds of
variables, few of which are independent
(e.g.,Cavity, Heart-disease).

A What to do?







