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4) Multi-objective Levenberg-Marquardt method (LM-MOO)
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State of the art NLLS-based robust estimation algorithms and their corresponding properties. 22: return the solution of a standard Levenberg-Marquardt method given current point x

(*) These rankings are observed experimentally on several computer vision problems.

3) Creating a sequence of "guidance" costs 5) Results
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Sequence of 'guidance’’ costs provided as input of LM-MOO v A o BT B Top: Initial best-cost depth and solutions of joint HQ, GOM+ and LM-MOO, respectively, for the
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. K , L : , , “teddy” and “cones” stereo pair. Bottom: best objectives reached vs. runtime for different methods.
(U1, ..., Whmax) where Ul (x) = Uyi1 (%) Best encountered objective values obtained versus wall clock time as reported by different

methods for linearized (top) and metric (bottom) bundle adjustment instances.
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