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MP algorithm for CS : 1. motivation and construction.

Factor graph
Gibbs measure- Graphical model ( Markov random field )

exponential family ! a standard mechanism .
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Example 1 : I - D Ising model with 3 spins .
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Example 2 : Bayes linear model .
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Task : compute the marginal distributions
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③ Belief propagation algorithm on tree graphs #\,
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o o °

I include exclude

Denote Vas ; be all reachable vertices starting at
"

a
" by blocking

"

i
"

,

Vi→a - - - -

- -

-
-

"
i
" by blocking "

a
"

.

Fa→ ;
- -

- - factors starting at
"

a
"

by blocking " i "

F
.
-

→ a -
-

-
- factors starting at

"

i
"

by blocking
"

a
"

,

q p
r

Define Va-sik) A Teta
,4blxabjI.fm?jCxj )

'Ii Twit"

OiVita Cx) a ftp.sa/bCxabjLIi-sa4jlxJ)qflnqyVi-aCx)



Xni-CXI.xss-ixi-l.xitb-iXDefinema-sicx.TL
¥. Fatih) & ¥

; Feta.si/blXabjTpa.,i4jCXj ) E PCX)

Misa (Xi ) or ¥ Vita (x ) & E ftp.sa/bCxabjIef4jLxj ) E P CX)Xi i→ a

Claim : Misaki ) A 4.- ki) ftp.yamb-silxi )

{ u^a→i Lxi ) x Tyga
, ;

4aLxaa) jtag; Mj→alxj )

µ , y, , , µ, ,,, ya,,, , g y,µ , ¥, my, ,µ , ,
} *

A , as

I I

Example : MC Xi, xz , Xs ) d Ya , Lxi , Xs ) . 4A. (xz, Xs ) 0/4/40
I 2 3

MI→ a, (Xi ) d l
.

Ka . → 2 (Xz) I ¥
,

Ya . ( Xi, Xs) Mi→ a. Lxi) = I, 4A , Cx, xD

M2-saz (Xz) L da
,→
zlxs) 42ha) = da , → z (Xs) = Ya .

Hi , Xs)

I a.→ 3 (Xs ) I ⇐ Has Cxz, Xz)Mz→asCXz)= Is 4oz (Xz , Xz) ¥,

4A , (Xi , Xs)

M¥3 ) & 4343) da,-2343) = Is 4h42, XD I, Ya , CK , Xs)

= Fg, ya , (Xi, Xs) Yaz
(Xz
, Xs)

.

Def ( BP on trees)
.

( Make 8 iterative updates )

{ ikasi ,
n'Esa } aef.iev.kz E PCX ) beliefs

.

Update rule : calculate { i'III. n'Itala
. .

. using { n' Kasi , Mita }a , i
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Extract marginals : uufxi ) & Misaki) MT-sicxi ) I 4- (Xi ) flea ; dibs :(Xi ) .

Initialization :iia→. (x; ) , misaki) : arbitrary , often uniform .

Thm : BP algorithm on trees will give exact results after 2K iterations
.

where k is diameter of the tree ( length of longest path )
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④ Loopy belief propagation on general graphs .

Def ( Loopy BP ) .
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Example : LASSO w/ temperature p
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Remark : We hope Mikki ) → Miki) as k→o .

④ For many models , especially mean field models ,
this happens in practice .

④ Practical when there is closed form update .

④ When Ya .
Yi 's are not simple , no closed form update ,

Not practical .

⑤ From BP to message passing algorithm .

Consider the case when X - IR .

Gaussian approximation of ( exponential family approx ) .

Wrong intuition : the beliefs are approximately Gaussian .

Intuition : In the update rule , only the mean and vom of input beliefs are important .

Input beliefs can be approximated by Gaussian disc .

in the update rule .

Real belief is still non- Gaussian
.



Def ( Message passing algorithm) mean and variance of beliefs
.
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Example : LASSO w/ temperature p .
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④ That's :(Xi ) I ftp.mexpf-CP/4CYa-LAa.xs5}
x exp f- ¥. ) dxi .

This is a Gaussian integration , which gives a Gaussian density .
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⑦ Simplification as p → co
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We are short of alphabets .

Abuse notation :

m^a→i ← tiny, m^a→i , Misa← tiffs Misa
Jati ← bingo Biasi ,

visa ← fins, Vita .
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