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Causal structure
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m Suppose we know the following: F @
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
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m Inference
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Car starts BN
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m Inference
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m 26 terms, why so fast?
m Not impressed?
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Factored joint distribution -
Preview
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What about probabilities?

' Conditional grobability tables (CPTs)
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Number of parameters

k) & paran {4) C"Ipw.u '} P('FASHN)

3 s
/4(2'0 FL""“" ,0 < 3|

P(s,w Aka. ¢
~ 1S Alex bl
- [
Headache ¢ 1 prre @ - ated lgss
?(Hli) N Jed b lon.

BNs) o gt
TOhAl ’ {0 Y"H‘/\’ Nxm f‘fh(Lv'

And= sty
7

trin 2005-2013

Key: Independence assumptions
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Knowing sinus separates the variables from each other
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(Marginal) Independence

o
m Flu and Allergy are (marginally) independent
F"' A ( ) Flu =t 2
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Marginally independent random
variables

m Sets of variables X, Y (n Fis
m X is indep of Y if
P K(X=x1Y=y), YxEVal(X), yEVal(Y)

o ¥
diskkion P(R=x,Y2Y) = P=) Plyy) TXTY
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)
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Conditional independence
* JEE—
m Flu and Headache are not (marginally) independent
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m Flu and Headache are independent given Sinus

infection  P(y-1(j=&) = Pli=€l 5=t F=¢)

m More Generally: XL y ,Z
POXNIR) = pe) Py Iz)) il

?(‘“Yﬁ) = P(X(2)

©Carlos Guestrin 2005-2013

Conditionally independent random

. ganables

m Sets of variables X, Y, Z

m X is independent of Y given Z if
P F (X=xL1Y=y|Z=z), Vx&Val(X), yeVal(Y), z&Val(Z)
P2 Y=92:) = Wt=x[2:2)
m Shorthand:
Conditional independence: P (X LY | Z)
For P+ (X LY |@), write P F (X L Y)

m Proposition: P statisfies (X L Y | Z) if and only if
P(X,Y|Z) = P(X|Z) P(Y|Z
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The independence assumption
" JEE

@ CAlergy Local Markov Assumption:
@ A variable X is independent
/.\ of its non-descendants given
its parents and only if) et
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Local Markov Assumption:
A variable X is independent

of its non-descendants given
its parents ¢ d o,

Explaining away
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Nalve Bayes revisited
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Why can we decompose? Markov Assumption!




The chain rule of probabilities
* JE——
= P(A,B) = P(A)P(BJA)
For any digh he vy oy
0(Es) = piey PSIE) Y
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m More generally: a.ng‘ ,,;,‘,.m ovts  verbes
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Chain rule & Joint distribution

Local Markov Assumption:
A variable X is independent

@ of its non-descendants given
3 its parents
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The Representation Theorem —
Joint Distribution to BN
" S

BN: L Encodes independence

. Vi i'\l}‘[’ ot e Lesods
assumptions ivsa 3} 5 frusih
e,

-f tis aly < v, g,
_If conditional Joint probability
independencies distribution:
in BN are subset of

conditional P(X1,....Xn) = ] P(X;|Pay))

i=1
independencies in P ——m
1),) b("’ OVLV

(1

Two (trivial) special cases
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Review
» B

m_ Bayesian Networks

Compact representation for @
probability distributions
Exponential reduction in number of
parameters @
m Fast probabilistic inference

As shown in demo examples
——
Compute P(X|e) @
m Today

Learn BN structure
-
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Learning Bayes nets
Af/—\”’“
@ CPTs —
+ P(Xi| Pay;)
structure arameters
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Information-theoretic interpretation
f maximum likelihood 1 Q

m Given structure, Iog&llkellhood of data: =5
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Information-theoretic interpretation

. Qfmaximum likelihood 2 =3
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Information-theoretic interpretation

_ of maximum likelihood 3 Q,

m Given structure, log likelihood of data:
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Decomposable score

" JEEE
o Conshnd
m Log data likelihood NAA—
ek log p(D | 0, g) =m Z T(XZ, PaXi’g)—mZ ﬁ(XZ)
G P — i
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m Decomposable score:

Decomposes over families in BN (node and its parents)
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Will lead to signi,f\icant co tati iciency!!!
Score(G : D) = Y, FamScore(X||Pay; : D)
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