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ANY SUFFICIENTLY ADVANCED TECHNOLOGY

IS INDISTINGUISHABLE FROM MAGIC.
Arthur C. Clarke






MACHINE LEARNING:
MODELS FROM DATA VIA OPTIMIZATION

o

~ Optimization Problems: ~ Fluid Dynamics Tasks:

P High-dimensional | P Reduction
P Nonlinear . P Modeling
- P Non-convex - P Sensing
P Multiscale P Control




Disturbances Cost function

Actuation Sensors




Disturbances Cost function

Sensors

Actuation
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CONTROL AND OPTIMIZATION
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SPARSE SENSOR OPTIMIZATION: Cost function

2 Patterns facilitate sparse sampling Sensors

few sensors
at conserved locations

nonlinear
mechanosensors : neuronal circuitry is
small and relatively

sparsely connected

anatomy adapted from Ando et al. 2011.

‘ B. Brunton, SLB, Proctor, Kutz, SIAM SIAP 2016.
Manohar, B Brunton, Kutz, SLB, IEEE CSM 2017.
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ROBUST PROPER ORTHOGONAL DECOMPOSITION
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ROBUST PROPER ORTHOGONAL DECOMPOSITION
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DOMINANT BALANCE

Dominant balance - approximate description
of local physics by a few important processes
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Callaham, Koch, Brunton, Kutz, SLB, To appear Nat Comm 2021



Reynolds-averaged Navier-Stokes equations

Ully + Uty + (u2), + (W), = —p 1P + V70

u(x,t) = u(x) +u'(x,t)
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Callaham, Koch, Brunton, Kutz, SLB, To appear Nat Comm 2021




Equation space representation

vV

(u’fv’)y

e Clustering (GMM)

e Subspace identification

Laminar inflow | [Transitional region (Sparse PCA)

e Interpretable balance laws

Callaham, Koch, Brunton, Kutz, SLB, To appear Nat Comm 2021



Physical field Equation space clusters Local dominant balance

Boundary
layer

propagation

Optical pulse

Gulf of

o

Bursting
neuron
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Callaham, Koch, Brunton, Kutz, SLB, To appear Nat Comm 2021 1%
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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

 LOW-DIMENSIONAL
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. Sparse ldentification of Nonlinear Dynamics (SINDy)
ull S5imulation ..
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SLB, Proctor, Kutz, PNAS 2016.



. Sparse ldentification of Nonlinear Dynamics (SINDy)
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Sparse ldentification of Nonlinear Dynamics (SINDy)
TY Z 1:z:yza: 5515253

Full Slmulatlon

Data>

awir)

SLB, Proctor, Kutz, PNAS 2016.



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
1 | 0] [ 0] [ 0]
IXI - O:
lyl O'
_ 'z 0 0]
Data> I 'xx' 0 01 I 0]
XY 0 0
‘ 'xz' 0] | 0]

(") 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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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




Limit cycle

REDUCED ORDER MODELS

IIIIIIII

- Shift Mode Unstable Steady Mean

Slow
manifold

O Y
P o= LT — WY —I—A:L‘zr
= wzr+ puy + Ayz
o= =Mz —2®—y?)

Noack et al., JFM 2003. 5




Sparse ldentification of Nonlinear Dynamics (SINDy) Limit cycle A
_i y 2_ _1 T Y 2 x2:1:yxz yryz 22 ) _515253-
i | Slow
manifold
- = z y
r o= pr—wy+ Azz |
‘I \ ! )] = wx+ py+ Ayz
X O(X) z = —Az-— % — y?).

p
1 =
0 =
z 20020 1
SLB, Proctor, Kutz, PNAS 2016.
Loiseau & SLB, JFM 838, 2018 2




Sparse ldentification of Nonlinear Dynamics (SINDy)
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Full System

T 200

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.

1.0 1.0

Cavity flow

. ' ' ' ' ' ' ' ' 0 100 200 300 400 500 0 100 200 300 400 500
t t

X—(O2—O24X —015X)X—|—126X—O
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k(x x)

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
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CHAOTIC THERMAL CONVECTION
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CHAOTIC ELECTROCONVECTION

Three way coupling:

&

Vortex pair * Fluid flow
* Charge density
Charge * Electric field
Void T.owt — 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

Data POD SINDy . . 5 _
ming || X - OX)E |53 +A || E |1
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Guan, SLB, Novosselov, arXiv 2020



SYMMETRY IN THE DATA

3D phase portraits 2D projection Symmetries

a &5 —&2 §6 &7 £s
as &s &2 €6 £s &7

Guan, SLB, Novosselov, arXiv 2020




Data Data POD SINDy Orbits

FP-A "'" ' . ‘ L Loop 1
< 180)104)04 | .

= Ve e
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Guan, SLB, Novosselov, arXiv 2020

Loop 4




MAGNETOHYDRODYNAMICS ((IMIIHIID))

(b) POD-Galerkin

(a) Measurement data

(x,t)=

MHD

B Simulation

B
— B —

q(xa tk) o Q(X}

Dimensional

Y. X(x)aj(t

(c) Sparse model

— —
—
I
S

4 . B
Constraints

&' =4

as __ .96
=5

®(a)

stanoglu, Morgan, Hansen, SLB, arXiv 2020



LANGEVIN REGRESSION

Describes evolution of trajectories

Langevin equation

Callaham, Loiseau, Rigas, SLB, arXiv:2009.01006 2020



LANGEVIN REGRESSION

Unknown system Limited observations
&4y 4+ U'(x) = /2vkTw(t)

Potential U(x)
=== Thermal energy kT

Statistical consistency Reconstructed dynamics
& = &1z — E20° + Esw(t)

Approximate low-order model
z = f(z;§) +o(z;§w

Optimize £ w/ Fokker-Planck

———  Model
{  Data

Callaham, Loiseau, Rigas, SLB, arXiv:2009.01006 2020




LANGEVIN REGRESSION

Physical
system

Reduced-order
model

Pitchfork bifurcation
+ colored noise

= Ax — px® + n(t) ou+ (u-V)u=—-Vp+ Re 'V3u

Double-well potential Turbulent wake

&= \x — px’ + ow(t)

Callaham, Loiseau, Rigas, SLB, arXiv:2009.01006 2020



STOCHASTIC CAVITY MODEL

DNS

Langevin ROM

D
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