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Balanced Graph Matching

Timothee Cour Praveen Srinivasan Jianbo Shi

Many problems in

computer vision can be

formulated as the

matching between two

graphs

Contribution 1 : bistochastic normalization

enhances distinctive matches.

explicit saliency detection.

Contribution 2 : SMAC
Spectral method for graph Matching with
Affine Constraints

Focus matching on salient points, without xTWx

max
x !l

Linear Constraint:;

Affine Constraint:

A general graph matching cost:
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Integer Quadratic Programming (IQP) formulation:

In image matching, W(//¢g/jyis high if
for a match 1) feature point /is similarto 7§/ is similar to jgand
2) Spatial distance dist (7,j)) ~=dist (i g

. degree constraint (1-1, 1-many,e )

W encodes how well a match (/,/§ between 2 graphs G,Gdis SOI UtIOﬂ
compatible to another match (/,/¢ (see figure below)

W (//g//  can be reordered (permuting indexes) into  S(//,/¢Q

to reflect the similarity between edges ( /) and (// @ 3. solve P . W . P T — )\aj

st COr=1D> EQUIVALENT to IQP for x binary
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Inequality Constraint? (' < b

Spectral Matching with Affine Constraints

0 —  Yuand Shi, 2001

b <—=> Zi’ xr;; = 1 and Zz T = 1
NP-HARD (cf AISTATS 07, submitted)
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1. rewrite as max
x,t

Balanced Graph Matching
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2. Introduce Oeq — Ik_ljk(C’ — (1/b;€)bOk)

Optimality bounds (cf AISTATS 07, submitted)

st COr = th linear, but ill defined: denominator is not (x, t) (x,t)

P=1- CeqT(CequqT)_ICeq

Efficient computation with
Shermann-Morrison formula
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