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Handwriting recognition

Character recognition, e.g., kernel SVMs




Webpage classification

Company home page

VS

company

Personal home page

AtTOTAL, we draw our greatest strength from our
fast-growing oil and gas reserves. Our strategic emphasis
on natural gas provides a strong position in a rapidly
expanding market

VS

Our expanding refining and marketing operations in Afia
and the Mediterrancan Rim complement already 5o
positions in Europe, Afiica, and the U.5.

University home page

Our growing specialty chemicals sector adds #falance and
profitto the core energy business VS
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Handwriting recognition 2
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Webpage classification 2
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Today — Bayesian networks
" JEE
m One of the most exciting advancements in
statistical Al in the last decades

m Generalizes naive Bayes and logistic regression
classifiers

m Compact representation for exponentially-large
probability distributions

m Exploit conditional independencies
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Causal structure

[ Suppose we know the following:
The flu causes sinus inflammation
Allergies cause sinus inflammation
Sinus inflammation causes a runny nose

Sinus inflammation causes headaches

m How are these connected? / %
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Possible queries
" JEE

m Inference
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m Most probable
@ explanation
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Car starts BN
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What about probabilities?

_ Conditional Srobability tables (CPTs)
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Key: Independence assumptions
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Knowing sinus separates the variables from each other
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(Marginal) Independence
" JEE
m Flu and Allergy are (marginally) independent
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Marginally independent random

. variabl
m Sets of variables X, Y tnteils
m X is indep of Y if
‘)P FX=xLY=y), YxEVal(X), yeVal(Y)
diskShon P(X=x,Y=9) = PA=x) Py W3y
m Shorthand:
Marginal independence: PF (X LY)

—_——

m Proposition: P statisfies (X L Y) if and only if
P(X.,Y) = P(X) P(Y)

ot
ly) = POD ) «xs
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Conditional independence
" JEE
m Flu and Headache are not (marginally) independent

PR=¢] F-0) + PlH=t
m Flu and Headache are independent given Sinus

infection P(Hzer:Q - P(l-}:élS:f,Fzé)

m More Generally: X’Ly,z
PN = P pY POy [2) ) il
pfly2) = 1Cxiz) o
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Conditionally independent random

. variﬁglgﬁ
m Sets of variables X, Y, Z
m X is independent of Y given Z if
P F (X=xLY=y|Z=2z), Vx&Val(X), yeVal(Y), z&Val(Z)
P(f=x le,{:z) = M=z 2—)
m Shorthand:

Conditional independence: PF (X LY | Z)
ForPF(XLY|D), writeP F(XLY)
P ——— \q

m Proposition: P statisfies (X L Y | Z) if and only if
P(X.,Y|Z) = P(X|Z) P(Y|Z

DAL Oly) ) <
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The independence assumption
" JEE—

@ @ Local Markov Assumption:
@ A variable X is independent
/.\ of its non-descendants given
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Local Markov Assumption:

EXpIaInlng dWay |Avariable X is independent
- ———— of its non-descendants given

its parents aad  onl, ds D
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Naive Bayes revisited
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