Georgia | Institute for Robotics Taking a Deeper Look at the Inverse Compositional Algorithm LONG BEACH
Tech |/ and Intelligent Machines |
e | CALIFORNIA
e Bl et e EBERHARD KARLS Zhaoyang Lv'! , Frank Dellaert’, James M. Rehg', Andreas Geiger? === June16-20, 2019
- UNIVERSITAT . . . . . .
for Infelligent Systerns : 'Georgia Institute of Technology, Institute for Robotics and Intelligent Machines
Autonomous Vision Group TU Bl NG E N o _ _ N~
2Autonomous Vision Group, MPI-IS and University of Tlbingen
Motivation Our Method Experiments
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Classical Solution: The Inverse Compositional (IC) Algorithm [Baker and Matthews, 04] cature Lyrami
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* Heuristic rule for damping is not optimal On unseen test trajectories : 2
Our Goal: Overcome its limitations from a learning perspective. Extract features of template and image: . . . )
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parameters using linear approximation [1] or deep neural networks [2]. 8 T, = o([T.1)) ms | SR
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Estimate weights from features and residuals: 19 14.2 Code
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Our Solution: We take a deeper look at IC algorithm with three contributions. (B) Convolutional §> W }“/) W, = diag(v(Ig(€,), To(0), 1)) 7.24
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(C) Trust Region Network . A€, = (JTWI + \; diag(TTWI)) " ITW 14 (0) Conclusion
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Estimate optimal damping from residual maps: * |t can be a core building block of many applications including object
_ —1 tracking, visual odometry, and 3D reconstruction.
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