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Flow control has attracted numerous research efforts in the last decades. Common approaches range
from applications of optimal control to more sophisticated methodologies found in applied control the-
ory, such as adaptive filters or the class of model predictive controllers [3]. From a more fundamental
viewpoint, among the challenges that these applications pose, the high dimensionality of the discretized
operators governing the dynamics of fluid flows is one of the most studied. A common path to circumvent
this challenge is to reproduce the essential dynamics by means of reduced order models of the original
system; when the dynamics is well described within the linear limit, this identification enables the design
based on standard control theory. These representations are often the main drawback of standard appli-
cations, as these control techniques usually exhibit poor performance when applied in off-control design
and can show limited robustness [10]; an example is provided by the impact that nonlinearities have on
the dynamics of the closed-loop when neglected, in cases such as the delay of transition to turbulence in
boundary layer flows where a linear design can be sufficient in modelling the growing perturbations only
at early stages [11]. The lack of robustness in the design of controllers based on reduced order model
have pushed the community towards data-driven applications where a first principle model is not neces-
sarily at hand, and – more recently – to investigations combining fluid mechanics with Reinforcement
Learning (RL) strategies [12]. Pioneering works along these lines featured applications on the control
of cylinder flows [9, 8], Raylegh-Bernard convection [1] and different cases involving fish-schooling or
navigation problems [2]; a review collecting some of these works can be found in [4]. RL encompasses
a large variety of algorithms and strategies: these tools do not require any a-priori knowledge of the
equations governing the system to be controlled and solely rely on the local measurements of the flow.
The agent/controller is capable of learning an optimal policy by directly interacting/exploring with the
environment.

An aspect which is often not stressed enough is that the theoretical foundation of RL is firmly
grounded into nonlinear optimal control theory, of which it can be seen as a model-free counter-part
of Dynamic Programming (DP) [6]. However, numerous approximations are introduced for making it
feasible from the application viewpoint, such as the regularization of learning process based on artificial
neural networks and the exploration–exploitation tradeoff. As a matter of fact, despite successes, the first
documented applications of RL for control in fluid dynamics often result in highly non-intuitive control
policies, also when “cheaper” optimal solutions are available; an example is provided by our results ob-
tained for the control of the Kuramoto-Sivashinsky (KS) equation [5], where Deep Deterministic Policy
Gradient [7] is used for the control of chaotic regime, without prior knowledge of the system. An illus-
tration is shown in Fig. 1: the highly nonlinear dynamics (a) is stabilized around the unstable fixed points
(b-e) solely relying on limited measurements and localized equispaced actuators. However, the chaotic
dynamics is controlled by rather complex policies although simpler, optimal control laws for this case
are known. With this in mind, we are currently revisiting the RL problem by clarifying the connections
between RL and optimal control. We are currently considering simplified models of shear flows such as
the Ginzburg-Landau and the KS equations and performing quantitative comparisons are to highlight the
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Figure 1: In (a), the uncontrolled dynamics governed by the Kuramoto-Sivashinsky equation is shown in phase–
space, by projecting on the first three Fourier modes (êi). Red dots indicate the 4 unstable equilibria (E) and 2
travelling waves (TW ) characterizing the chaotic dynamics when the domain length L = 22. In (b) the system is
controlled by RL: three policies are computed, driving the system towards the unstable equilibria. The controlled
trajectories are shown in (c)-(d)-(e) for E3 → E1, E1 → E2, and E2 → E3, respectively. Adapted from [5].

role and the impact of observability issues on the exploration and exploitation of the policies. In the final
contribution, these results will be put in perspective by comparing the RL policies with standard optimal
controllers, namely the full information Linear Quadratic Regulator (LQR).
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