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Semantics
 Bayes Nets
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Semantics

« Markov Nets
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Semantics

 Decomposition

— Bayes Nets
P(I,D,G,S,L)= P(I)P(D)P(G | I,D)P(S | I)P(L | G).

— Markov Nets

P(a,b,c,d) = %m la, b] - ma[b, c| - m3|e, d] - m4(d, al

where

Z =Y mla,b] mlb - mslcd - mald,a]
ab.c.d



Semantics
* Factorization

Definition 5.3.2: Let H be a Markov network. A distribution P factorizes over
‘H if it is associated with:

e asetof subsets Dy,..., Dy, where each D; is a complete subgraph of H,
e factors m[D,|,... , mn([Dyl,
such that
P(Xq,..... X ,1)=%P’(X1....,Xn)
where
P'(Xy,...,: Xn) = mi[D1] X w2[D32] X - -+ X Tm[Dm)

« What happens in BNs?



Example of Neighborhood System and Clique

e Example of 8 point neighborhood

Xi0.0)| X0.1) | X02) | X(0.3) | Xj0.4)

Xi1.0)| X0y | X020 | Xo1.3) | X199

Xeo)| Xz | Xea)| X2y | Xee Neighbors of Xg 2

Xa0)| Xa1) | Xa2)| Xaa) [ Xae

Xa0)| Xa1) | Xaz) | Xia3)| Xia.e

e Example of cliques for 8 point neighborhood

1-point clique I:I

2-point cliques [:D E E‘j E:I

3-point cliques | |

4-point cliques

Not a clique

16



Semantics

 Active Trails in MNs

Definition 5.2.2: Let H be a Markov network structure, and X;—...—X}. be
a pathin H. Let E C X be a set of observed variables. The path X,—...—Xj is
active given E if none of the X;’s,i =1,...,k,isin E. |

* What happens in BNs?



Semantics

* Independence Assumptions

Markov Nets

Bayes Nets

Global Ind
Assumption, d-sep

I(H) = {(X LY | Z) : sep,(X;Y | Z)}.

Local Ind
Assumptions

L(H)={(X LY |& - {X,Y})

X—Y ¢ H}.

Markov
Blanket

(X LX—{X)-U|U)eZT




Representation Theorem for

. Markov Networks

If joint probability
distribution P: H is an |I-map for P
1
P(X1,...,X) = - [[ 6:(Dy)
=1

If His an |-map for P joint probability
distribution P
and ;P m
P(X,,... -

P is a positive distribution
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Semantics

 Factorization

« Energy functions

m[D] = exp(—¢[D]),

« Equivalent representation



Semantics

* Log Linear Models

Definition 5.6.9: A distribution P is a log-linear model over a Markov network
H if it is associated with:

e aset of features ¢; [D,],..., ¢r[D,,], where each D; is a subclique in H,
e aset of weights wy, ... wg,
such that
1 k
P(X1 ..... Xn) = Ee:\p —Zl U‘iOi[Di]]
i—




Semantics

* Energies in pairwise MRFs

E(f) — Z “";).q(fpwfq) + ZDI)(f,z))!

{pateN PEP

« What is encoded on nodes and edges”?

E ( f ' ) — E«‘mmm‘h ( f ' ) f E’."dl‘(.! ( f )



Semantics

* Priors on edges

— Ising Prior / Potts Model
— Metric MRFs



The Ising Model: A 2-D MRF[100]

Cliques: |X|X, |X
Xs

Boundary:

OO0 |0 |0 |0 |0 |O
OO0 |0 |0 |0 |0 |0 |0

OO0 |0 |0 |0 |0 |0 |O

QIO |IQ|Q|Q |0 |0 |O

ololo|lo|=|=]o
olol=|ol=|=]|o|o
ol=|(=|=m|=|a|=]|o
ololo|lo|o]=|=|o

e Potential functions are given by
V(z,, xs) = 3o(x, # x)

where (3 is a model parameter.

e Energy function is given by

> Ve(z.) = B(Boundary length)

ceC

e Longer boundaries = less probable



Metric MRFs

* Energies in pairwise MRFs

E(f)= Y Voulfp: fo) + D Dy(fy),

{pateN pEP

Vie,f) =0 & a=2/,
Vie,f) = V(B.a)>=0,
Vie.f) <  V(a.vy)+ V(v.09).



Applications in Vision

* Image Labelling tasks
— Denoising
— Stereo
— Segmentation, Object Recognition
— Geometry Estimation



MRF nodes as pixels

n

\ginkler, 1995, p. 32

Fig. 2.3. Smoothing
with the wrong prior. (a)
Original, (b) degraded
image, (c) MAP esti-
mate 8 = 1, (d) MAP
estimate 8 = 0.3, (e)
median filter



MRF nodes as patches

image patches
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Network joint probability

P(X, y) = H‘I’ H‘D X, Y)

scene Scene -SC ne Image s ene
image compatibility compatibility
function neighboring function local

scene nodes observations



Bayesian Segmentation Model

Y - Texture feature vectors
observed from image.

X - Unobserved field containing
1 3 the class of each pixel

e Discrete MRF is used to model the segmentation field.
e Each class is represented by a value X, € {0,---, M — 1}
e The joint probability of the data and segmentation is

P{Y € dy, X =z} = p(y|z)p(z)

where

— p(y|z) is the data model

— p(x) is the segmentation model



Stereo




Geometry Estimation




Geometry Estimation

1o




HW4

 Interactive Image Segmentation




HW4

 Pairwise MRF
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HW4

Step 1: GMMs
Step 2: Adjacency matrix / MRF Structure

Step 3: MRF parameters

¢(X; = g, vi)
(I)(.)\',' = ]f)g. Y; )

U(x;, T; ) = exp {—';3 X I (xz; # ;l‘j)} :

Step 4: Loopy BP

P(y;| GMMg,)
P(y;| GMMy,)

Step 5: Segmentation Masks
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— http://groups.csail.mit.edu/graphics/classes/CompPhoto06/html/
lecturenotes/2006March21MRF .ppt

Charles A. Bouman
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appear in IEEE PAMI 2008



Questions?



