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Task: Determine if A 1. B|C

Consider all possible paths from any node in A to any node in B

A path is blocked if it includes a node where either

the arrows on the path meet head-to-tail or tail-to-tail at
the node, and the node is in C

the arrows on the path meet head-to-head and neither
the node nor any of its descendants is in C

If all paths are blocked then A is d-separated from B by C, then
A 1 B|C
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p(B = TRUE) = 0.001 /A
p(J|A = FALSE) = 0.05

In 1000 days:

There will be | burglary
John will call 50 times!

p(B|J = TRUE) ~ 0.2
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e WHEN SOMEVARIABLES ARE OBSERVED
WHAT CAN WE SAY ABOUT THE
UNOBSERVED VARIABLES?

e DIRECTED GRAPH TO SPECIFY MODEL

e FACTOR GRAPH FOR INFERENCE AND
LEARNING
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SUM-PRODUCT ALGORITHM

e TREE OR POLYTREE
e BELIEF PROPAGATION: SPECIAL CASE

o GOAL:

e OBTAIN EFFICIENT EXACT ALGORITHM
FOR FINDING MARGINALS

o ALLOW COMPUTATIONS TO BE SHARED
EFFICIENTLY
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p(z) =) p(x)

X\ T
X = {T,T1,T2," " , TN |

x\x : all of X except x

p(r) = >:>:p($,$1,$2) — Zp(xaxlaan)

T1 T2 x\x
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plx) =) px) px)= ][ Fiz X,
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plx) =) px) px)= ][ Fiz X,

X\ T sene(x)

ne(z) : neighbors of x
s € ne(x) : a particular neighbor of x

p(x) = H [ZFS(ZB,XS)}

sene(x) Xs
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plx) =) px) px)= ][ Fiz X,

X\ T sene(x)

ne(z) : neighbors of x

s € ne(x) : a particular neighbor of x
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Mfs%x(x) = Z Fy(z, X5)

Fy(z, Xs)
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pf—z(T) = Z Fy(z, X5)

Fo(x, Xs) = fs(x,21,- - ,20)G1(z1, Xe1) - Gar(@pr, Xsar)
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Fs(ans) — fs(xaxlf y L )Gl(ajl 81) GM(xMa
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mene(fs)\x  Asm

:Zf8($7$17”' 7£UM) H :ufl?m—>fs(x
X
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pf—a (@ ZF z, Xs)

Fs(anS) :f8($7x17° y L )Gl(xla 81) GM(va

,LLfS—>£E

mene(fs)\x  Asm

:Zf8($7$17”' 7£UM) H :ufl?m—>fs(x
X

mene(fs)\x

,umm_>f Z G xmv sm

m)

ZZfs(%iUl,'“ LM ) H |:ZGm($m7Xsm)j|
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pfo—a (T ZF z, Xs)

:ua:m—>f3 xm Z G SEma sm

Gm(mmaXsm) — H Fl(xvaml)
l=ne€(zm)\fs

M= fs(Tm) — H [ZFl(xmaXml)}
Xml

l=ne€(xm )\ [s
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LEAF NODES
pf,—a(T) = ZFS(%XS)
X

Mfsﬁx:ZfS(aj)mla'“ 7'CUM) H Mwm%fs(xm)
X

mene(fs)\z

l=ne€(xm )\ fs
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LEAF NODES
pf,—a(T) = ZFS(%XS)
X

Mfsﬁx:ZfS(aj)xla'“ 737M) H Mwm%fs(xm)
X

mene(fs)\z

l=ne€(xm )\ fs

po—p(z) =1 O ).
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LEAF NODES
T ZF z, X,)

,ufs—m::ZfS Ly L1y 737M) H Mwm%fs(xm)
X

mene(fs)\z

l=ne€(zm)\fs

o p(z) =1 O ).
pisa(z) = f(2) .( O
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ALGORITHM

Task: Evaluate p(x)

View x as root of factor graph

Initiate message at the leaves of the graph

Recursively pass messages until root has received
message from all neighbors

Evaluate the marginal
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ALGORITHM

Task: Efficiently compute marginals for all x

Pick any x as root of factor graph

Send message from leaves to root
Send message back from root to leaves

Calculate marginal distribution for all x
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EXAMPLE

X3

oO—8—0—8—0
fa Ib
B /-
O

L4

p(x) = fa(z1,72) fo (T2, 23) fe(22, T4)
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L2 L3
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Py — fo (T1) P, sy (T2)
X1 L2 X3
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EXAMPLE
Py — fo (T1) P, sy (T2)
X1 L2 X3
—_— —_—
O—B—O =
fa fb
root
B /.
T /’L$4—>fc($4)

L4




SUM-PRODUCT ALGORITHM

EXAMPLE

/’Lxl_>fa (xl) /’Lfa_>x2 (x2)
L3

L1 L9
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Bl /-

T Hxy— f. (334)

O

L4

root

Thursday, September 23, 2010



SUM-PRODUCT ALGORITHM

EXAMPLE

Hx1— fo (xl) Hfo—xo (x2) Hao— fr (Iz)
L3

L1 L9
O—m—O = O\

fa T Mfc—>:c2](i%2)
B /.

T Hay— fe (334)

O

L4

root
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EXAMPLE
Py fo (T1) Pofu—ao (T2) Moy g (T2) fp,—as(T3)
X1 L2 X3
_—_ — _—_ ——
O—m—0O—m
fa T fb
,LLfC_>x2(ZCQ)
B /e

T Hay— fe (334)

O

L4

root

Thursday, September 23, 2010



FORWARD MESSAGES
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Hf.—xo 372 ch 3727554
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EXAMPLE
X1 L2 X3
«— — s — ——
O—E—0O =
fa fb
root
B /-

L4

p(x) = fa(z1,72) fo (T2, 23) fe(22, T4)
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Hxs— fr (CUS) 1 l
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EXAMPLE
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fa T fb
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EXAMPLE
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EXAMPLE

P(T2) = 1, —sawo (T2) sy -y (T2) .y (2)

= {Zfa(zvaz)} {Zfb(fzal':%)} {ch(a:'z,:m)}

p(x) = fa(z1,72) fo (T2, 23) fe(22, T4)
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EXAMPLE

P(T2) = Uty —wo (T2) U py—an (T2) [ f. a0 (T2)

= {Zfa(xbxz)} {Zfb(iﬁ'z,a?:%)} {ch(xz,:m)}
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X1 I3 X4

p(x) = fa(z1,72) fo (T2, 23) fe(22, T4)
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EXAMPLE

P(T2) = Uty —wo (T2) U py—an (T2) [ f. a0 (T2)

= {Zfa(xbxz)} {Zfb(iﬁ'z,a?:%)} {ch(xz,:m)}

— Z Z Z fa(x1, 22) fo (22, 23) fe(T2, T4)

X1 I3 X4

=227

r1 X3 T4

p(x) = fa(z1,72) fo (T2, 23) fe(22, T4)




SUMMARY

D-SEPARATION

FACTOR GRAPHS
SUM-PRODUCT ALGORITHM
FURTHER READING:

e MARKOV RANDOM FIELDS
e MAX-PRODUCT ALGORITHM

e | OOPY BELIEF PROPAGATION
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