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A methodology for MIMO control
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Truck model @TU-B with 18 pressure
sensors and 5 actuators
(from Pfeiffer & King 2018 Exp. Fluids)
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The fluidic pinball with 3 actuators and 9
sensors.

An optimization problem—a model-free approach

b(t) = K(h(t), s(t))

K* = argmin J(K)
Ker

h : periodic functions
S @ sensors
KC : control law space




The fluidic pinball - a nonlinear system for control benchmark
Reynolds number Re = # =100 Fluidic pinball community

m Deep reinforcement learning control
Thibaut Guégan & Laurent Cordier (Institut

r Pprime)
c m Experiment in University of Calgary Robert
L Martinuzzi (Raibaudo 2020 Physics of
Fluids)

m Myriad of regimes (Chen 2020 JFM)

Hopf (Re ~ 18)
day /dt = oay — was
day/dt = cas + way
day/dt = o3a3 + B3r?

+ Pitchfork (Re ~ 68)
day/dt = o4a4 — frasas
das /dt = o5a5 + 504’

Bifurcation diagram of the fluidic pinball (from Deng 2020 JFM)



The fluidic pinball - a hierarchy of stabilization mechanisms

Distance to the symmetric steady solution
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gradient-enriched
machine learning control
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Feedback control law




Explorative gradient method (EGM)

1) Initilization

OptimizatioTl problem ) OO0
b* = argmin J(b) Parametric
b space
* 2) Exploration \

Latin hypercube sampling
(McKay et al. 1979)
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3) Exploitation
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Downhill simplex
(Nelder & Mead 1965)

a) reflection b) expansion
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A parametric optimization algorithm balancing wide exploration and quick
convergence of gradient methods.



The gradient-enriched machine learning control (gMLC) algorithm

K: Control landscape Monte Carlo

T individuals
Optimization problem

K* = argmin J(K)
KeKk

Genetic programming
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3) Downhill subplex
(Rowan 1990)

Simplex iterations
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An automated self-learning algorithm for feedback control law optimization.
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Stabilization of the fluidic pinball with aMLC

Control landscape Cg . . o
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m h(t)=0 Aty
m s(t) : 9 sensors + delays = 36
sensor signals “T
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gMLC performance
gMLC = asymmetric steady

forcing + phasor control ‘(
m —80.0% Ja/dp ! (

m Only 0.02 actuation power!

Comparison with genetic Mean gMLC flow
programming
m Genetic programming: r
100 x 10 — —67% Ja/Jo Q(
m gMLC: after 250 evaluations

~74% Ja/Jo

Symmetric steady solution



gMLC and GPC comparlson
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We converged not only to a BETTER solution but also
FASTER!



gMLC applied to an experiment:
the open cavity @LIMSI
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Open cavity control set-up and control with gMLC
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Controller

b(t) = K (aq,cos(¢), sin(¢), unw(t), tunw (t — 7), ...)

phase:

o(t)

A

gMLC

K* = argmin J(K)

K

Hot-wire velocity and PSD of the unforced natural flow.
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Hot-wire velocity and PSD of the unforced
natural flow.

Cost function : J(b) = Ja(b) + vpJp(b)

amplitude : Ja(b)

actuation : Jp(b)
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Open cavity control— GP control versus gMLC

Cost function : J = J, + J,

Genetic programming control: after 1500 evaluations
STD 1 32% Ja/Jo LT3% o/ Jpmax ~ 3%
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gMLC outperforms genetic programming control in an experiment!
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Summary and perspectives

Summary

m gMLC: A new model-free self-learning algorithm capable of broad exploration
and exploitation of local gradients in the control landscape

m Outperformed genetic programming in terms of speed (4 x faster) and final
solution (+20% better).

m Fluidic pinball: revealed a feedback control law combining asymmetric forcing
and phasor control

— Cornejo Maceda 2020 J. Fluid Mech. (submitted and soon on arXiv)

m Open cavity @LIMSI : gMLC outperformed genetic programming (6 x faster
and 3x reduction of the PSD peak)

Perspectives — MIMO experiments

m Drag reduction on a MIMO truck model (@TU-BS with Philipp Oswald & Richard
Semaan)

m Robustness of the control laws for varying conditions (Re, yaw angle, variability
of the actuators)
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Thank you for your attention
Questions?
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