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Introduction

Optimal control (OC) using inverse dynamics provides numerical benefits such as coarse optimization, cheaper computation of derivatives, and a high
convergence rate. But to enjoy this in MPC settings we need to handle the inverse-dynamics equality constraints efliciently and exploit its structural
and temporal structure. The contribution of our work are the follows

e A novel equality-constrained DDP that handle efficiently the inverse-dynamics constraints via nullspace parametrization.

e A combination of feasibility-driven search and merit function that increases the algorithm’s basin of attraction.

e An original formulation of inverse dynamics that considers arbitrary actuator models.

e A unique feedback MPC based on inverse dynamics integrated into a perceptive locomotion pipeline.
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Our approach begins by parametrizing ou as
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Inverse-dynamics MPC, feedback policy and results (https://youtu.be/NhvSUVopPCI)
MPC and pipeline Feedback MPC in joint-torque space
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