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Abstract:

We consider the problem of optimal and constrained control for unknown
systems. A novel data-enabled predictive control (DeePC) algorithm is presented
that computes optimal and safe control policies using real-time feedback driving
the unknown system along a desired trajectory while satisfying system
constraints. Using a finite number of data samples from the unknown system, our
proposed algorithm uses a behavioral systems theory approach to learn a non-
parametric system model used to predict future trajectories. We show that, in the
case of deterministic linear time-invariant systems, the DeePC algorithm is
equivalent to the widely adopted Model Predictive Control (MPC), but it generally
outperforms subsequent system identification and model-based control. To cope
with nonlinear and stochastic systems, we propose salient regularizations to the
DeePC algorithm. Using techniques from distributionally robust stochastic
optimization, we prove that these regularization indeed robustify DeePC against
corrupted data. We illustrate our results with nonlinear and noisy simulations and

experiments from power electronics and power systems.



