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

. -
m Flu and Allergy are (marginally) independent
£ LA
@ Flu =t O,E
PEA) = PF) . P#) Fusf | oy
<A- More Generally: Allergy =t| 2
s PIEIA) = PIF) Alergy =1 o

— Flu=t Flu=f

Allergy =t| 0240 -1 63x6-3

Allergy =f| n.2x0 + 0F X0
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Marginally independent random

variables
B

m Sets of variables X, Y

= Xisindependentof Yif /% Vall) ¢ leale)
PA(X=xLY=y),-8%2Val(X)-y2\al(Y)
PO, v=g) = PX=2) . P(Y=9)

w Shorthand: PO/ Y=5) = 7 (s
Marginal independence: %’(X 1Y)

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

PV = 17X

Conditional independence
= B
m Flu and Headache are not (marginally) independent

PIFIH) P(F)

m Flu and Headache are independent given Sinus
infection Q(ng) = PHIS, ) LHIS

PH=6) 2 e Y St [S=t Fet)od
. P(H/% /S/ /’Zj
Plh=4 |5=E) = O F
= More Generally: i [+ | Ve
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Conditionally independent random

variables
B

m Sets of variables X, Y, Z

m X is independent of Y given Z if
P2(X=x L Y=y|Z=z),%ZVaI(X),AyzjdVaI(Y),ezZVaI(Z)
i | sy vy

9 Yz
P=z Y2y, 2:2) = P(X=x)2-2)
m Shorthand:
Conditional independence: £ (X LY | Z)
ForB2 (X LY y/{), write £ (X L Y)

m Proposition: P statisfies (X L Y | Z) if and only if
P(X,Y|Z) = P(X|Z) P(Y|Z2) %
\/\/\

©2005-2007 Carlos Guestrin 9

Properties of independence

B
= Symmetry:
XLY|2)=(YLX]|2)
m Decomposition:
XLYW|Z)=(XL1Y]|2)

m Weak union:

XLYW|Z)=(XLY]|ZW)

m Contraction:
XLW|Y,Z)&(XLY|Z)=(XLY,W|2)

m Intersection:
XLY|W2Z)&XLW]|Y,Z)=(XLYW|Z)
Only for positive distributions!

P(a)>0, 8a, as;
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The independence assumption
. -

@A 1 Local Markov Assumption:
| A variable X is independent
| of its non-descendants given

its parents
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E - Local Markov Assumption:
w adY | A variable X is independent

of its non-descendants given
ot FLRIB,S its parentsandd ©7 iFs P,
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Nalve Bayes revisited
. -

WC'%]/”" ) Local Markov Assumption:
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What about probabilities?

_Conditional probability tables SCPTsa
e %
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Joint distribution
5 B

9(e) @79 fay)
>\, ?(s(m)’
U () ~a WMS)

D(E 4 b 0) - p(F) P4 TR,

POrls ) pive)

Why can we decompose? Markov Assumption!

The chain rule of probabilities

" P(AB) LBNPEIA] Cru
ple,S) = PF). PSIF)

- F S)
PleIF) = Pl

m More generally:
P(X;,...,.X.) = P(X,))¢ POGIX ) .. ¢ POX Xy, X )

UK, tn) = PO PN PA ) - -




Chain rule & Joint distribution

[ Local Markov Assumption:

A variable X is independent

@A of its non-descendants given
its parents

Headache
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pLAIE) = P(4)
A7

Two (trivial) special cases
S -

Edgeless graph Fully-connected

graph
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The Representation Theorem —

__ Joint Distribution to BN "7 = s

Encodes independence
assumptions

If conditional Joint probability
independencies m distribution:
in BN are subset of n
= %s»/t/o = ][ P(x:| Pay,)

conditional i
independencies in P oo L vapreat
*M P oith fas
NI S e S Gl

A general Bayes net
S B
m Set of random variables x, ...«
FAH ..
m Directed acyclic graph Of
Encodes independence assumptions V2
/N
6 0
nCPTs 00| Do) 09 P(sien)

P(Hrsj
m Joint distribution: "

n
P(X1,...,Xn) = ] P(Xi| PaXZ.)
i=1




How many parameters in a BN?

.
m Discrete variables X,, ..., X, N
m Graph — e
"
Defines parents of X;, Pay "P(X‘/ “"/%”>6 l
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Real Bayesian networks
applications

m Diagnosis of lymph node disease
m Speech recognition

Microsoft office and Windows
http://www.research.microsoft.com/research/dtg/

Study Human genome

Robot mapping

Robots to identify meteorites to study
Modeling fMRI data

Anomaly detection

Fault dianosis

Modeling sensor network data
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Independencies encoded in BN

. B
m We said: All you need is the local Markov

_assumption
(X; L NonDescendantsy; | Pay;), +~ (.« ol fa

= But then we talked about other (in)dependencies
e.g., explaining away

m What are the independencies encoded by a BN?
Only assumption is local Markov

But many others can be derived using the algebra of
conditional independencies!!!

Understanding independencies in BNs

— BNs with 3 nodes [Local Markov Assumption:
. A variable X is independent |
: , of its non-descendants given
Indirect causal effect: .
: : : Vl%'% its parents
— = “& \-Shucho

Indirect evidential effect: C}(;%"‘% Common effect:

OpnCiONRERIES

Common cause:
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Understanding independencies in BNs
— Some examples
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Active trails formalized i

Can 1£/Ov

m A path X; - X,—--- =X, is an active trail when
variables Of{X,,...,X,} are observed if for each
consecutive triplet in the trail:

Xi.1—Xi—Xi,1, and X; is not observed (X Z0)
\/

Xi4< X=X, and X; is not observed (X,Z0)

Xi.1<=Xi—Xi,1, and X; is not observed (XZO0)

v SWV\LJVWL &
X, 4;—X<X.,4, and X is observed (X20), or one of

its descendents

Active trails and independence?

3 I
Y

m Theorem: Variables X;
and X, are independent
given Zg{X,,....X,} if the is
no active trail between X;
and X; when variables
Zu{X,,...,.X,} are observed  (g)




The BN Representation Theorem

_If conditional Joint probability
independencies distribution:

in BN are subset of

Obtain

n
LX) = _H P(XiPaXi

conditional
independencies in P =1
Important because: B S.‘s-‘
Every P has at least one BN structure G e
ry$om;; T’;/\/; Cann v 7VV3¢4-¥' AN PS / O\Jr(ig/{y\l
li
V(s '_\*_ oY BN hen conditional {
|ijII‘Pt_ independencies
probability in BN are subset of
distribution: conditional
----- independencies in P

Important because:
Read independencies of P from BN structure G




