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Turbulent flows

Theoretical interests:

Dispersion of particles
¢ _, in turbulent flows.
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How to exploit coherent structures?

How to avoid (or exploit) intense fluctuations
when navigating inside the flow?
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Which is the best limited-control to
navigate in such complex flows? Tools:

Optimal Control (OC) theory
Reinforcement Learning (RL)
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Problem setup via RL algorithms

X; = v(X;) + UXp)

state (r?ward m(als): s - a thion U(Xt) — VS ﬁ (Xt)

Zermelo’s problem
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control on the navigation direction:

n (X;) = (cos[6,],sin[6;])
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Goal: find the minimum-time trajectory
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Time-Dependent 2D Turbulent Flow

Zermelo’s problem
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C. Calascibetta, L. Biferale, F. Borra, A. Celani, M. Cencini, Optimal and Data-Driven Control of Lagrangian particles to minimize trajectories’ separation in complex
flows, (in preparation).
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Pontryagin minimum principle
.. 1 2 2
Minimize th = Hth — thH
assuming (*) and possible constraints

tf  Lagrangian function
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Open questions and future perspective: PARTICLES SWARM

1. Can we control a multi-agent system to minimize turbulent dispersion in realistic . / '
geophysical flows? ‘ | LS

2. Can we identify the key degrees-of-freedom to control the agents’ trajectories - A

(key flow structures)?
3. Are the agents able to collaborate with each-other during the navigation?

New Tools: EMITTING SOURCE

- We can use RL to control autonomous swimmers in a realistic way (i.e., with a
limited knowledge of the underlying flow - only local or instantaneous features);
- We can use OC as a benchmark to test the RL solutions.

Smart two-way feedback
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