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[1] ForzaETH : ETH Zurich University (Switzerland)
[2] Scuderia Segfault : Vienna University (Austria)
[3] PUT-PPI : Poznan University of Technology (Poland)

[4] Suzlab : Nagoya University (Japan)
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North Carolina State University (USA)
[2] Clemson Tigers : Clemson University (USA)

[3] Suzlab : Nagoya University (Japan)
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[1] als_ros : https://github.com/NaokiAkai/als_ros
[2] amcl : http://wiki.ros.org/amcl
[3] comparison between als_ros and ros amcl : https://www.youtube.com/watch?v=wsoXvUgJvWk
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[1] G. Williams+, Information Theoretic Model Predictive Control: Theory and Applications to Autonomous Driving, IEEE T-RO, 2018
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[1] M. Okada+, Variational Inference MPC for Bayesian Model-based Reinforcement Learning, PMLR, 2020.
[2] A. Lambert+, Stein Variational Model Predictive Control, CoRL, 2020.
[3]1 Q. Liu+, Stein Variational Gradient Descent: A General Purpose Bayesian Inference Algorithm, NIPS, 2016.
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