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Abstract: The expected evolution of an observable in a random dynamical system is captured by the Stochastic Koopman (SKO) operator. It’s computation uses the dynamic mode decomposition (DMD) algorithm
that relies on the availability of tracking information. In this work, we introduce the Distributional Koopman Operator (DKO), a novel framework which incorporates higher moment information, and avoids the need
for particle tracking in its computation. The core idea is to extend the Koopman operator to act on observables of probability distributions, leveraging the transfer operator to propagate these distributions forward in
time. We analyse the proprieties of this new operator, and show how one can recover information about higher order moments from this formulation. Lastly, we design an algorithm to compute the DKO from data.
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DISTRIBUTIONAL KOOPMAN OPERATOR
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