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¢ How should we treat the calculation of the
summation over 2V configuration?

DIED IS Zle’xz’ xy)

1= 01x2 01 :

It is very hard to calculate exactly except some special cases.

@Formulation for approximate algorithm
@Accuracy of the approximate algorithm

18 November, 2005 MAIPCV2005 8



£, mwﬂsinmmgnﬁr}liual

R0 | hto Probabilisti

< | ractable Model PO omaton Pocsing
SProbabilistic models with no loop are tractable.

a=(a ’azias)[;:

(b,,5,) Factorizable
> 22> Ald,x)B(b,x)C(é,x)D(d, x)

_ (Z A(Ei,x)j(; B(b x)j[z C(E,x)j(;D(a_;,x)]

j:( 1 %2 3) 52(01,02)

SProbabilistic models with loop are not tractable.

Not Factorizable
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i b ¢ d
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Marginal probability of the node 2
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My, (y)=D Wp(x, )/W3—>1(XJM4—>1(X)

My (x)=> Wio(x, y)Ms_,0(y )Mg_,5(»)

8

Marginal probability can be expressed in
terms of the product of messages from all
the neighbouring nodes of node 2.

Message from the node 1 to the node 2 can be
expressed in terms of the product of message
from all the neighbouring nodes of the node 1
except one from the node 2.
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Message Update Rule
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Degradation Process A Priori Probability
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Marginaltikelihood
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Gaussian Graphical Model
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Marginal - B ) 7 217 5
Likelihood | £ g“’“)_jp(g )P(f‘“)jf yI%Q
Q-Function ¥
Q(a o ‘0{ G,g IP( )In P( )z’f

EM Algorithm

Iterate the following EM -steps until convergence:
E-Step: Q(a G‘O[( _[P(f‘g alt ) ())InP(ﬁ§|a',0"\Hf.
M -Step : (er(z +1), (t+l))<— arg |(m'aﬂ>§Q(a o'la(t), o (t))

A. P. Dempster, N. M. Laird and D. B. Rubin, “Maximum likelihood from incomplete data
via the EM algorithm,” J. Roy. Stat. Soc. B, 39 (1977).
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Image Restoration by Gaussian Graphical Model

EM Algorithm with
Belief Propagation

o Mandrill
® Boat

0 10 20 30 40 50 60 70 80 90 100
o(t)

MSE: 1529
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O- ieQ ijeN
| Belief Propagation y{ % O
EM Algorithm *
Iterate the following EM steps until convergence:
E-Step. Q(a o ‘a( jP(f‘g alt ) (t))ln P(ﬁg‘a',a')ff
M -Step : (a(z +1), ot +1)) <« arg max Ola', o'la(t), o(t))
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We can construct an exact EM algorithm. y ;

(@,6)=arg max P(g|a,o)

a,o

~
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f:(l + ao ZC)_lg'
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Exact Results in Gaussian Graphical Model rionation Pocessing

(@,6)=arg max P(gle, o)

a,o

e

(94 In P(g|é, )

Belief
Propagation

EXxact 0.000759 -5.21444

0.000611 -5.19201

o

o In P(g|@, &)

Belief
Propagation

Exact 0.000652 -5.17528

0.000574 -5.15241

MsE == > (- 7 f

| | ieQ
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Lowpass Filter W|er]_er Fllter_l_ o Median Fllter

- # -'juh : 2 -
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MSE: 545  MSE: 447
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Extension of Belief Propagation

- Generalized Belief Propagation

J. S. Yedidia, W. T. Freeman and Y. Weiss: Constructing free-energy
approximations and generalized belief propagation algorithms, IEEE
Transactions on Information Theory, 51 (2005).

- Generalized belief propagation Is equivalent
to the cluster variation method In statistical

mechanics

R. Kikuchi: A theory of cooperative phenomena, Phys. Rev., 81 (1951).

T. Morita: Cluster variation method of cooperative phenomena and its
generalization I, J. Phys. Soc. Jpn, 12 (1957).
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Belief
Propagation

Generalized
Belief 0.000758 : -5.21172
Propagation
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: 0.000574 : -5.15241
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Generalized
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L (3x3) Lowpass (5x5) Median (5%5) Wiener
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Model and Conventional Filters

Belief Lowpass
Propagation Filter

Generalized
Belief
Propagation

Median
Filter

Wiener
Filter

(5x5) Lowpass (5x5) Wiener
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Summary

- Formulation of belief propagation

« Accuracy of belief propagation in Bayesian
Image analysis by means of Gaussian
graphical model (Comparison between the
belief propagation and exact calculation)
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