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MRF-MAP Inference Problem

P is the set of pixels, C is the set of cliques.
D, is per pixel unary/data cost.

W. is per clique prior/clique potential.

argmin E(lp) = 2 Dp(lp) + z W.(l.)
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* Inference problem is NP hard in general

Higher Order MRF-MAP

Allow more complex cliqgue potential based
upon learnt patterns [4].

Structural constraints based upon shape
and gradients can only be encoded using
higher order potentials [5].
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Inference Algorithms

Approximate Inference

Problem Type Optimal Inference

2-Label First Order Graph Cuts (max flow) QPBO [3]

2-Label Higher Order Generic Cuts [1] Approximate Cuts[2], Reduction [7]

Multi-Label First Order Ishikawa [6] Alpha Expansion

Multi-Label Higher Order Proposed Algorithm Message Passing Variants [8-11]

Multi Label Generic Cuts (MLGC) - Encoding

1. Let L= {ll' lz, . l
2. For each pixel p we introduce an m-tuple b, =

m} be the ordered label set.

(b?,bY, ..., b}).

3. The m  possible label states of pixel p are represented by states
(0,1,1,..,1),(0,0,1,...,1),...,(0,0,...,0,0) of the m-tuple. That is the label at
position i in L is represented by the state of b, in which i Boolean variables from left

have value 0 and remaining (m — i) variables have value 1.
4. B(l,) denotes the state of b, corresponding to the label [, of p.
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Multi Label Generic Cuts (MLGC) - Transformation

1. We explain the transformation for 2-cliques. The technique generalizes to k-cliques.
2. For the 2-ary clique potential function Wy, ,1(l,, ;) defined on labels of pixels in clique

{p, q}, we introduce a 2m-ary function W{I;’q} (B(lp), B(lq)) SB2M 5 R

3. The domain of WP is 22™ states of the 2m binary variables. Of these only m?
correspond to labels of pixels p and g. These states are referred to as feasible states,
remaining states are called infeasible.

4. Value of WP is equal to W for feasible states and set to infinity for infeasible states.

5. This transformation ensures that the minimum as well as minimum energy state for the
2m-ary function WP is the same as that of the original multi-label problem.

Submodularity Preservation
If the original multi-label clique potential W is submodular, then the binary label clique

potential function W? is also submodular.

Step 1 Input

cies ro L iing Lo avine_Lpe_L oo ro_iaaing Lo avine_Lro_

Wi(a,a,a) Wi(a,b,c) 130 W(b,a,b) 120 W(b,c,a) 120 W(c,a,c) 160 W(c,c,b) 110
W(a,a,b) 110 W¢(a,c,a) 110 W(b,a,c) 150 W(b,c,b) 100 W(c,b,a) 140 W(c,c,c) 60
Wi(a,a,c) 140 W¢(a,c,b) 130 W(b,b,a) 90 W(b,c,c) 90 W(c,b,b) 120
W(a,b,a) 80 Wi(a,c,c) 120 W(b,b,b) 70 Wi(c, a,a) 150 W(c,b,c) 110
W<(a,b,b) 100 W(b,a,a) 100 W(b,b,c) 100 W¢(c,a,b) 170 W(c,c,a) 130

Step 3: Reparametrize to make W?(0,0,...,0) = 0

Labeling m Labeling

wP(011011011) 50  Wb(001001000) 40

w?(11011001) 110 WP(001000011) 120
w?(011011000) 80  WP(001000001) 100
wb(011001011) 80  WP(001000000) 30
w?(011001001) 100 WP(000011011) 150
w?(011001000) 70  WP(000011001) 170
w?(011000011) 110 WP(000011000) 100
Ww?(011000001) 130 WP(000001011) 140
Ww?(011000000) 60  WP(000001001) 120
wb(001011011) 100 W?(000001000) 50
w?(001011001) 120 WP(000000011) 130
Ww?(001011000) 90  WP(000000001) 110
Ww?(001001011) 90  WP(000000000) 0
w?(001001001) 70

D(b3(0)) is now 60

Step 2: Convert to binary function

BT Y TR

W?(011011011) W?(001001000) 100

w?(11011001) 110 WP(001000011) 120
Ww?(011011000) 140 WP(001000001) 100
wb(011001011) 80  WP(001000000) 90
w?(11001001) 100 WP(000011011) 150
w?(011001000) 130 WP(000011001) 170
w?(011000011) 110 WP(000011000) 160
w?(011000001) 130 WP(000001011) 140
Ww?(011000000) 120 WP(000001001) 120
w?(001011011) 100 WP(000001000) 110
w?(001011001) 120 WP(000000011) 130
Ww?(001011000) 150 WP(000000001) 110
Ww?(001001011) 90  WP(000000000) 60
w?(001001001) 70

All unary costs are zero.
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Results

MLGC TRWS DD ICM MPI

MLGC TRWS ICM MPI

125258 137408 160772 421691 1807730 {5001 148008 145730 436263 2707600
125258,16 442 538 312 0.058 85001.13 196 778 595 0.040

84581 95094 8?'?'61 407222 593784 165375 411824 114179 416636 652704
78492.58 190 1112 0.040 41773,38 1894 1028 835 (0.040

 Each row shows disparity computation using different cligue potential
(submodular as well as non-submodular)
 Number below each figure shows primal, dual and time taken in seconds.

MLGC runs order of magnitude faster with superior visual quality

even for non-submodular clique potentials
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