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Why probabilistic parameter estimation?

Particle-based Bayesian inference

* Reality gap in simulators often due to incorrect simulation settings
* Inference of simulation parameters is difficult for
chaotic, nonlinear systems
* Observations are noisy, state estimates are uncertain p(8]Dyx) < p(Dy|6) p(6)
* There can be multiple possible parameter settings explaining the
same observed behavior

Infer posterior p(8|Dy) over simulation parameters 8 € R and a set of
trajectories Dy via Bayes’ rule:

Hidden Markov Model:

initial state sy, observation function f,,¢ , simulation function fgi,
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Extends SVGD to include hard constraints in the particle estimation: .
_ N
e Parameter limit constraints () = = Xj=1 [k(é’j; H)ng logp(Dy|6) + Vij(Hj; 9)] SVGD

* Defect constraints to realize Multiple Shooting approach where k() is a positive definite kernel (RBF), N is the number of particles

Double pendulum

Infer 11 parameters of a real double pendulum system Trajectory densities resulting from the estimated parameter distributions:
do q: do q:
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Underactuated mechanism SVGD CSVGD
Infer the locations of the two 500g weights in the box
attached to a Panda robot arm through a universal joint
Setup on real robot GPU-based, parallel differentiable simulations Inferred posterior distributions:
CSVGD MCMC
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