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Contribution 1 : bistochastic normalization
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Affine Constraints

A general graph matching cost:

e (M) = Z Wi, j,5') compatible to another match ( M)Msee figure below)
et reM In image matching, W( LL - WsWigh if

@ for a match 1) feature point /is similarto L:/ Is similarto Afand

Integer Quadratic Programming (IQP) formulation: 2) Spatial distance dist (7)) ~=dist L-M-

to reflect the similarity between edges(  7)and ( LM -

. degree constraint (1-1, 1-P D Q\ «

Spectral Matching with Affine Constraints

Linear Constraint: Yu and Shi, 2001
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Affine Constraint:
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Efficient computation with
3. solve : Shermann-Morrison formula

Balanced Graph Matching

linear, but Ill defined: denominator IS not

Optimality bounds (cf AISTATS 07, submitted)
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