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ALGORITHM EXPERIMENTS

THE PROBLEM

RELAXED-IMPROVING MAPPING

INTRODUCTION
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¢ Runs in polynomial time;

e Solves the maximum persistency problem exactly when the test relaxation is
solved exactly and the solution is a strict relative interior optimal (e.g. interior
point method);

e Returns an improving mapping even when the dual is solved sub-optimally —
can use fast dual solvers, we used TRW-S [9].

Kovtun [11]: 0.2s, 80.5%

i (Tus o) = fun(Tu, To) = Puv(Tu) = Poul@y) e Covers all methods marked

Ours: 1.4s, 100% (LP-tight)

in the table below

. | | i : - N
LP relaxation e Consider locally improving condition: fc(pc(zc)) Theorem: Maximum Persistency problem over subset-to-one class of map-

e + equiv. transformations: [ dp VC € VUE, Vae fE(pc(xc)) < fE(xe) (D) } N pings is solvable in polynomial time [13, 14] y

e This work: new efficient algorithm, connecting [13] and Pruning-Based-
} Persistency [16] (CVPR"14).

[ Theorem: The primal (P) and dual (D) definitions are equivalent.

Challenges:

o Is the integer part of the relaxed solution optimal?

e Can we eliminate labels that are not in the support set of relaxed solutions?
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- solving relaxed inference approximately even once is slow
- TRW-S is not finitely converging

How can we iterate such relaxed inference?
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