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Machine Learning for Fluid
Mechanics
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Flow over a cylinder
(Re = 100) Taira et al., AIAA ). 2017




There is a need for
INTERPRETABLE and GENERALIZABLE
Machine Learning




There is a need for
INTERPRETABLE and GENERALIZABLE
Machine Learning

EVERYTHING SHOULD BE MADE
AS SIMPLE AS POSSIBLE,
BUT NOT SIMPLER.

Albert Einstein



There is a need for
INTERPRETABLE and GENERALIZABLE
Machine Learning
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 SPARSE



CHAOTIC THERMAL CONVECTION
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YouTube: turbulenceteam Lorenz, Fetter, Hamilton, 1963
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Sparse ldentification of Nonlinear Dynamics (SINDy)
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Sparse Regression to Solve for Active Terms in the Dynamlcs SLB, Proctor, Kutz, PNAS 2016.
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Sparse ldentification of Nonlinear Dynamics (SINDy)

Full Slmulatlon T y = 1 €T yzxz 5 515253 b 'xi 1° 'xi 2 'xi 3
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(") Build CI 'passing docs passing § pypi package 1.0.0 codecov '95% J§ JOSS 10.21105/joss.02104 § DOI 10.5281/zenodo.3832319

PySINDYy is a sparse regression package with several implementations for the Sparse Identification of Nonlinear Dynamical
systems (SINDy) method introduced in Brunton et al. (2016a), including the unified optimization approach of Champion et al.
(2019) and SINDy with control from Brunton et al. (2016b). A comprehensive literature review is given in de Silva et al.

(2020).
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Si)arse Regression to Solve for Active Terms in the Dynan{ics . - SLB, Proctor, Kutz, PNAS 2016.




Full Data

Compressed Data

la. Data Collection

Rudy, SLB, Proctor, Kutz{
Science Advances, 2017 |

Library of Data and
Derivatives

w = O(w, u, v)§&

2b. Compressed library
Cw; = CO(w,u,v)€

CO

| \1b. Build Nonlinear

Ic. Solve Sarse
Regression

a?“ggnm\!@f —will3 + All€lo

d. Identified Dynamics

wi + 0.9931uw, + 0.9910vw,,
= 0.0099wz, + 0.0099w,,,,

Compare to True
Navier Stokes (Re = 100)

1
wi +(u-V)w = EV%}

2¢. Solve Compressed
Sparse Regression
arg min||COL - Cuselz + All€llo




SPARSE IDENTIFICATION OF NONLINEAR DYNAMICS (SINDY)
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Sparse ldentification of Nonlinear Dynamics (SINDy) Limit cycle A
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Loiseau & SLB, JFM 838, 2018 2




Sparse ldentification of Nonlinear Dynamics (SINDy)
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SLB, Proctor, Kutz, PNAS 2016.

Loiseau & SLB, JFM 838, 2018
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Innovation 1: Enforcing
known constraints

P Skew-symmetric quadratic
nonlinearities to enforce energy
conservation

P Improved stability

n;m |©(X)E — X|3+2"(C§ -

Limit cycle

- \

Innovation 2: Higher-order
Nonlinearities

P Cubic, Quintic, Septic terms
approximate truncated terms in
Galerkin expansion

r = ur—wy—+ Axz
y = wzr+py+ Ayz
o= =Mz —2a2%—y?)




Constrained Sparse Galerkin Regression

== Ground truth = 7 POD modes Cubic SINDy
== 3 POD modes == Cons. = Unc.
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Cavity flow
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Spring-Mass Damper with Nonlinear Damping!
Loiseau & SLB, JFM 838, 2018



More Complex Flow: Fluidic Pinball

Loiseau. Noack. SLB. IFM 844. 2018 Low-order model



CHAOTIC THERMAL CONVECTION
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YouTube: turbulenceteam Lorenz, Fetter, Hamilton, 1963



CHAOTIC ELECTROCONVECTION

Three way coupling:

&

Vortex pair * Fluid flow
* Charge density
Charge * Electric field
Void Vowt — 0
. j D *
Region , Dl:* VP 4 VP —
6[): * %\ ok *
Ot = —V- [(u — VP )pc - Dcvpc]
| | 2 %k _ _p_z
+ Ve :

Guan, SLB, Novosselov, arXiv 2020



CHAOTIC ELECTROCONVECTION

Electroconvection data POD modes Mode Coefficients

Charge density fields Sparse Model Constrained SINDy
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Guan, SLB, Novosselov, arXiv 2020



SYMMETRY IN THE DATA

3D phase portraits 2D projection Symmetries
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Guan, SLB, Novosselov, arXiv 2020




Data Data POD SINDy Orbits
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Guan, SLB, Novosselov, arXiv 2020

Loop 4




SPARSE NONLINEAR MODELS OF FLUID DYNAMICS

Vortex pair

(‘hargo

Void

Rezion

---- Low-order model ™ _

Coanda surface
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Mean Flow

Autoencoder
(Shallow, linear)
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DEEP AUTOENCODERS
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DEEP AUTOENCODERS




DEEP AUTOENCODERS FOR DYNAMICS
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MALIN CHRISTERSSON



DEEP AUTOENCODERS FOR DYNAMICS
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SINDY + AUTOENCODER
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Z; = Vxp(X;)X; O(z; ) = O(p(xi)")

Ix — (@) 15+ M [|% — (Va3p(2) (©=T)E) |, + A2 ||(Vxz) X — ©T)E|, + A3 [|IE];

reconstruction loss SINDy loss in x SINDy loss in z SINDy
regularization :

Champion, Lusch, Kutz, Brunton. Proc. Nat. Acad. Sci, 2019



