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Given noisy observations of the system state
and a model of the system dynamics, determine
model parameters which best fit the data, in the
least squares sense:
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 We use a Levenberg
Marquardt algorithm for
least squares problems
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« We use a Cross-Entropy
based approach
(importance sampling)

Initial
Guess

* Model trajectories and gradients are accurately computed
using a Continuous Runge-Kutta (CRK) method,
implemented in the DDEM package
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« Avoid simulating
the model
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« Differentiate the observations multiple shooting

Future Work:

e Use the noisy observations and the model to - .
« Application to stochastic models and larger systems
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« Efficient solution of the data driven simulation Stage | optimization
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* Replace the dependence on x with dependence on
the observations
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o Still use the original least squares objective function,
so still have to simulate the trajectory
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