Probabilistic Graphical Models
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Remember: Max Marginal
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Remember: Max Marginal
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Variable Elimination: Max-Product
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Product -> Sum
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Product -> Sum

- arfjvc\x \Og P(A;67C7D
A')());C*’D
= qun\Ax \03 “‘f;:ﬁ C% "’73
A8, D
= ur(é)wax o() 0‘) >\‘[\F)+\OJ tﬁ(>4kf)d (P

= O
A 8, (A,B) \” )
' | (>5<<,D)

arjmax t\,(/\)%) + 8,(b,c¢ )+ 6 ,3((., ,/)

A—9P
N\AX*S‘J'/L’\ Verriu by




= argmax \og P(A,8,<-D
A')());C*’D

— arymax log TR h
A8, D

= urv’)wax o() 0‘) >\‘[\F)+\OJ f ﬁ(>4kf)d (P
aES=V 6, (AR A4 (B.c
. ;{’ ) ()5(<)D>

Mjmax t\,(r’\,%) + 8,(b,¢ 3% 6 ,(Cs ())
A—9P :
IV\AX~S ‘J'/lv\ \V'ery o] =




Max-Sum variable Elimination
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Max-Sum message passing

(€)= haX 6,(8,<)+o7(B)

% B

[4S

. ]’B‘t P(

e «()?((,{))
> .‘;‘ ( () - YW\ AKX f)/(CV)
= 2 D




Max-Sum Beliefs
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Max-Sum Sepset Beliefs

11



How to use max-marginals
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How to use max-marginals
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How to use max-marginals
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How to use max-marginals
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MAP inference using junction tree
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MAP inference using cluster graphs




MAP inference using cluster graphs




Energy-based systems

P(X) = 1/Z exp(8(X))
P(X) = 1/Z exp(-E(X))

replace Max by Min

where 6(X) = Z_ 6 (X))
where E(X) = Z_ E_(X)
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Other MAP inference methods

e Graph Cuts
o Roof Duality/QPBO
o Move-based algorithms (Alpha expansion, Alpha-beta swap,
fusion moves, etc.)
e Dual Decomposition
e Integer programming

pAC)



Graph Cuts
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Graph Cuts - Simple Case
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What is a cut? (simple case)
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What is a cut? (simple case)
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Energy function as cut values
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General Case cmd Submodular'l‘l'y




Graph Cuts
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https://www.mdpi.com/2073-8994/10/5/169

Graph Cuts for image segmentation

Graph
representation

Original image

Gauriau, Romane. Shape-based approaches for fast multi-organ localization ana
segmentation in 3D medical images. Diss. Telecom ParisTech, 2015.

Segmentation
result
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Non-submodular case

e Set negative weight to zero
e Roof Duality/QPBO
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Multilabel case

e Multilabel graph cuts (only convex energy terms)
e Move-based algorithm

o alpha-beta swap

o alpha expansion

o fusion moves
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