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PROBLEM SETTING COMPONENT DETAILS NUMERICAL EXPERIMENTS
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Policy ur = T(Yo:r, Uo:r—1) observed input-output data replacement from a finite dataset of Any small error in the estimated system matrices produce an unstable
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=i b TS e CONCLUSIONS
Sequential Model-based Design Paradigm o - —
Estimate a model from data = Design a control policy based on model - We proposed a data-driven control architecture that uses
: unconventional multiplicative noise-based policy synthesis to
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Certainty Equivalence Isotropic Robustness Due to non-uniqueness of state space representations, the uncertainty representation should not Numerical experiments verity enhanced risk sensitivity
» Ignores model uncertainty » Fails to size and shape be obtained directly from a sample covariance of the bootstrap resamples. Future Work
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: 7 A¢, By, C; are iid zero-mean random matrices Four coupled generalized Riccati equations

whose vectorizations have covariances 2., 2z, 2¢,  gplved via a value-iteration algorithm [2]

Subspace lD [~ Bootstrap which are taken from the bootstrap uncertainty . . .
v Solution depends on noise covariances

A, B,C,W,V,U estimated with subspace ID
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T | Q, R penalties chosen & known by designer to scale noise to the “uncertainty threshold”
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