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Bayesian networks (BN) JOo -
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PR)=04 P(RIW)=

P(W|R)P(R)
causal =
l | I | P(W)P(W|R)P(R)
invert the dependencies =
P(W|R)P(R)+ P(W|~R)P(~ R) -
P(W|R)=0.9 0.9x0.4

P(W | ~R)=0.2

Wet grass — =0.75
0.9x0.4+0.2x0.6
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Conditional Independence 6)QT3U -

15) ailiTms Y g X o
P(X,Y)=P(X)P(Y)
5] sl JBTws Z slad) @ boybs Y o X @
P(X,Y|Z2)=P(X|2)P(Y]|2)

(§Wll conditionally independent given Z

P(X|Y,2)=P(X|Z2)
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Case 1: Head-to-Tail o
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P(X,Y,Z2)=P(X)P(Y|X)P(Z|Y)
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P(X,Y,Z) P(X)P(Y|X)P(Z]Y) el
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Case 1: Head-to-Tall JOo -
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P(R) = P(R|C)P(C)+P(R|~C)P(~C)=10.38
P(W) = P(W|R)P(R)+P(W|[~R)P(~R) =0.48
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P(W|C)=

=P(W|R)P(R|C)+P(W|~R)P(~R|C)
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P(CIW) =
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Case 2: Tail-to-Tail o -
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P(X,Y,2)=P(X)P(Y[X)P(Z]| X)
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P(X) P(X)

cs)w) bS] conditionally independent given X

P(Y,Z|X) =




Case 2: Taill-to-Tail

P(Cy=0.5 ()G.A o

P(R| C)=0.8
P(R|~C)=0.1

P(S|C)=0.1
P(S§|~C)=05
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(P(C|R))ga 0393 (s

P(R|C)P(C) P(R[|C)P(C)
P(R) ~ >P(R,0)
P(R|C)P(C)
P(R|C)P(C) + P(R|~C)P(~C)

P(CIR) =

= 0.89
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P(RI|S) = ZP(R,CIS}=P(R|C)P(C|S)+P(R|-C)P(-C|S)
C

P(S|C)P(C) P(S|~C)P(~C)
P(S) P(S)
— 022 i P(C)=0.5

PS| O =0.1 P(R| C)=0.8
P(R| ~C)=0.1

= P(R|C)

+ P(R|~C)

~

cs)w) comwlings))




Case 3: Head-to-Head —
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P(5)=02 P(R)=04

POV | R, S)=0.95

POV | R ~8) =0.90
PW|~R, 5 =090
POW | ~R,~8) = 0.10

P(X,Y,Z)=P(X)P(Y)P(Z|X,Y)
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Case 3: Head-to-Head JOs =—
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P(S)=0.2 P(R)=0.4

P(W | R,S)=0.95
P(W | R,~S)=0.90
P(W | ~R,S)=0.90
P(W | ~R,~8)=0.10

P(W)

> P(W,R,S)

RS

P(WI|R,5)P(R,5) + P(W|~R,5)P(~R,5)

Wet grass

+P(W|R,~S)P(R,~S5) + P(W|~R,~S)P(~R, ~5)
P(WI|R,5)P(R)P(S)+ P(W|~R,S5)P(~R)P(S)

+P(W|R, ~S)P(R)P(~S) + P(W|~R, ~S)P(~R)P(~S) rizzms
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~ 1P
cs)W) csmlings)



JGs -

0303 OW) byd @ as 03¢ Jud dladsl
P(W|S) = Z.ﬂ:u R|S) -unl-g@\

P(W|S) = P(W|R,S) P(R|S) + PO02 PO
P(W|~R,S) P(~R|S)

= P(W|R,S) P(R) +P(W|~R,S) P(~R)

=0.950.4 +0.9 0.6 = 0.92

P(W | R,S)=0.95
P(W | R,~S)=0.90
P(W | ~R,S)=0.90

Wet grass |\ P(W | ~R,~S)=0.10
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P(C)=0.5

Causal inference:

P(WlC) = P(WlR,S) P(R,SlC) + P(S | C)=0.1
P(W|~R,S) P(~R,S|C) + P(S | ~C)=0.5
P(W|R,~S) P(R,~S|C) +
P(W|~R,~S) P(~R,~S|C)

P(R| 0)=0.8
P(R | ~C)=0.1

P(R,S|C) = P(R|C) P(S|C)

P(W | R,S)=0.95
P(W | R,~S)=0.90
P(W | ~R,S)=0.90

Wet grass ) P(W|~R,~S)=0.10

p(clw) = PIVIOP(C)
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Exploiting the Local Structure

P(C)=0.5

P(S| 0)=0.1
P(S | ~C)=0.5

P(R| C)=0.8
P(R | ~C)=0.1

P(W | R,5)=0.95
P(W | R~8)=0.90
P(W | ~R,S5)=0.90

P(F | R)=0.1
P(F | ~R)=0.7

P(C,S,R,W,F)=P(C)P(S|C)P(R|C)P(W|S,R)P(F|R)
P(X,,...X, )= li[P(X,. |parents (X))
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diagnostic

P(Clx)
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P(C)
<>

(
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Bayes’ rule inverts the arc:




Naive Bayes’ Classifier -

Given C, x; are independent:

p(x | C) = p(x; [C) p(x,]C) ... p(x4]C)

~ 1\
cs)W) csmlings)



81)3 Jss S)IL ~—

;. oyH ODLaia) (spSsly o

div)esl o)ylahb iy 3)539) b ML gully —

) BALw (5130 °
3)00 )ozs @0 Q3 gvlwl p BlsAs sladss —
SIS0 B )N

Q

aiw D «3)Isj g 09)) log)so ool jl ostiiwl & B

S dgh;l) 0L CAIRT (,09)8 9 (5390)9
A0 Cuws w (,930a) peis

~ 1A
cs)W) csmlings)




