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Energy Minimization and MAP inference LPQP Algorithm
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Relaxation Approaches H

e In general graphs and energies is NP-hard
e Arises in the context of finding the MAP prediction in MRF

The potentials 6;(x;) and 8;i(x;, x;) encode unary and pairwise dependencies

Inner Optimization Problem — Message Passing

MAP as an integer quadratic program:
For a fixed 8 and 0; = 0; — 3d, log(pe}) we solve,
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Using a variant of the norm-product belief propagation algorithm
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Iteration

e While 5 = 0 amounts to the LP relaxation, 5 — oo recovers the QP
e Option: successively increase 3 to moderate the constraint enforcement

Convex-Concave Procedure (CCCP)

Protein Side-Chain Prediction Experiment
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CCCP for the Combined LP-QP Relaxation instance
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