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Often EQUATIONS ARE UNKNOWN or ToO COMPLEX to work with:

P> Model discovery with machine learning
P Discover Reduced Order Models with machine learning

| — " —

—

~ Dynamics are NONLINEAR and HIGH-DIMENSIONAL:

M

P> Coordinate transformations to linearize dynamics
P> Patterns facilitate sparse measurements

_ - - .

Proposed approach:

P Learn physics from data: interpretable & generalizable
P Respect known, or partially known, physics




Disturbances Cost function

Actuation Sensors




Disturbances Cost function

Actuation Sensors

" LEARNING PHYSICS FROM DATA:
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P> Interpretable
P> Generalizable

} SLB, Proctor, Kutz, PNAS
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CONTROL AND OPTIMIZATION
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Rake of 24 hot-wire probes

SLB, Noack, AMR, 2015
Duriez, SLB, Noack, Springer 2016

Control law
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Nature Energy, 2017
Strom, SLB, Polagye

59% Power increase in lab-scale cross-flow turbine
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59% Power increase in lab-scale cross-flow turbine Nature Energy, 2017

experiment using gradient simplex optimization Strom, SLB, Polagye
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Deep MPC for Fluid Flow Control
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Bieker, Peitz, Brunton, Kutz, Dellnitz, arXiv, 2019.



Deep MPC for Fluid Flow Control

Control u,

Surrogate MPC

Full MPC Controller (Eq. (2))

Controller (Eq. (1))

(Ug, ..., Un—11)

(U
Surrogate model Optimizer
Zi+1 = P (2, uy)

. Full model
Optimizer
Vie+1 = P Vi, ug)

Real system
Full state y 20 . . gref
(y(),...,yN) . ( 0 =+ N)
Observable
. Z
Y
Reference z"¢/ Reference z7€f

Bieker, Peitz, Brunton, Kutz, Dellnitz, arXiv, 2019.



Bieker, Peitz, Brunton, Kutz, Dellnitz, arXiv, 2019.
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|
D SPARSE SENSOR OPTIMIZATION: Cost function

2 Patterns facilitate sparse sampling Sensors

' B. Brunton, SLB, Proctor, Kutz, SIAM SIAP 2016.
| Manohar, B Brunton, Kutz, SLB, IEEE CSM 2017.




BlO-INSPIRED

few sensors
at conserved locations

nonlinear

mechanosensors neuronal circuitry Is

small and relatively
sparsely connected

diagram adapted from Ali Weber anatomy adapted from Ando et al. 2011.




Applications of Sparse Sensing
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Manohar, et al, J. Manufacturing Systems, 2018.

Mohren, et al, PNAS, 2018.

Sparse sensors
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Manohar, et al, arXiv, 2018.



Disturbances Cost function

Actuation Sensors
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Sparsity/parsimony
in dynamics




Sparse ldentification of Nonlinear Dynamics (SINDy)

Full Simulation ,

dwn

SLB, Proctor, Kutz, PNAS 2016.



Sparse ldentification of Nonlinear Dynamics (SINDy)
Yz 1a:yza: 5515253

Full S1mulat1on

Data>

uur}

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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Noisy Computed
f Measuremen’g\s perivatives
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SINDy: Noisy State Measurements
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SLB, Proctor, Kutz, PNAS 2016.
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Full Data

Compressed Data

la. Data Collection

w = O(w, u,v)€

Rudy, SLB, Proctor, Kutz |/ s
Science Advances, 2017 g ‘

Library of Data and
Derivatives

Wt = @(wv u, U)f

2b. Compressed library
Cwi = CO(w, u,v)E

CO

| \lb. Build Nonlinear

Ic. Solve Srs
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 - Caselz + All€llo




Parsimonious modeling . -

x =0
(underfit) L.
© TY Z la:yza:2 2° _€1§2§3
(overfit)
1“‘ '.
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validated
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Complexity (# of terms) 1 / )\

Optimization (SR3): Zheng, Askham, SLB, Kutz, Aravkin IEEE Access, 2019 Schmidt and Lipson, Science 2009
Model selection: Mangan, SLB, Kutz, Proctor, PRSA 2017 Nuske, Noe, et al., 2013-16






SINDYy: Vortex Shedding Past a Cylinder

Limit cvcle
Y A U, - PODmodel

Ruelle and Takens, 1971
Zebib, 1987 and Jackson, 1987
Noack et al., JFM 2003.
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SINDYy: Vortex Shedding Past a Cylinder

Limit cycle | A
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Ruelle and Takens, 1971

Zebib, 1987 and Jackson, 1987
Noack et al., JFM 2003.

SLB, Proctor, Kutz, PNAS 2016.



SINDYy: Vortex Shedding Past a Cylinder

Limit cycle A

Innovation 1: Enforcing
known constraints

P Skew-symmetric quadratic
nonlinearities to enforce energy
conservation

P Improved stability

ot

Innovation 2: Higher-order |
Nonlinearities

P Cubic, Quintic, Septic terms
approximate truncated terms in ‘

Galerkin expansion
. 'l
r = pur—wy+ Azxz
y = wr+uy+ Ayz |
= —ANz—2"—y%).

Ruelle and Takens, 1971
Zebib, 1987 and Jackson, 1987
Noack et al., JFM 2003.

SLB, Proctor, Kutz, PNAS 2016.
Loiseau and SLB, JFM 2017.



Constrained Sparse Galerkin Regression

|
Innovation 1: Enforcing / u-w-Vuds2 =0 » a . N(a) — ()
o \

known constraints |

P Skew-symmetric quadratic
nonlinearities to enforce energy
conservation

> Improved stability

l i “Va sPar+&%a, &™a+&™as a; ‘
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Loiseau & SLB, JFM 838, 2018



Constrained Sparse Galerkin Regression

Innovation 1: Enforcing / u-w-Vud =0 » a-N@ =0
2

known constraints
(ay) (a2) (a3)
8 6 5 — Oa

P Skew-symmetric quadratic
: " (ar) _ gla) _ gla3) _
nonlinearities to enforce energy 4 =67  —Gg9 =

conservation (a1) _ (@)
P Improved stability 4

Y

(a1) s(az)

(a1) — (a3)
(a1) S(as)
(az) — (a3)

(az) é" (a3)

Loiseau & SLB, JFM 838, 2018



Constrained Sparse Galerkin Regression

known constraints

(a1)
P Skew-symmetric quadratic 5
nonlinearities to enforce energy 4

conservation
P Improved stability

min |© (X)Z - X|3+277(Ct —d)

l2é(X)Té(X) cT] H _ [2@(X)TX(:)]
C 0
|

(a1) __

(az)
6

=

(al) —

(a1)

(611) —

S(Cll)

8
(612)

Loiseau & SLB, JFM 838, 2018
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Constrained Sparse Galerkin Regression
R I - — Ground truth = 7 POD modes

‘ Cavity flow == 3 POD modes
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Constrained Sparse Galerkin Regression

Loiseau & SLB,

JFM 838, 2018
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More Complex Flow: Fluidic Pinball

Loiseau. Noack. SLB. IFM 844. 2018 Low-order model
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SINDY + Autoencoder , ;
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Champion, Lusch, Kutz, Brunton. PNAS, 2019



SINDY + Autoencoder

High-dimensional system

quations Coefficient matrix Attractor
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Neural Network to Find Koopman Eigenfunctions
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Encodery = @(x) Decoder y = ¢~ 1(x)

Linear K

Related work on Deep Learning Koopman:

Mardt, Pasquali, Wu, and Noé, Nat. Comm. 2018 Takeishi, Kawahara, and Yairi (RIKEN), NIPS 2017
arXiv:1710.06012, 2017 arXiv:1710.04340

Wehmeyer and Noé, J. Chem. Phys. 2018 Otto and Rowley, SIADS 2019
arXiv:1710.11239, 2017 arXiv:1712.01378

Yeung, Kundu, Hodas (PNNL),
arXiv:1708.06850, 2017

Lusch, Kutz, Brunton, Nat. Comm. 2018
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P> Model discovery with machine learning ”
? Discover Reduced Order Models with machine learning *
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Dynamics are NONLINEAR and HIGH-DIMENSIONAL: ~

l
'. P> Coordinate transformations to linearize dynamics
| ? Patterns facilitate sparse measurements

Proposed approach:

P Learn physics from data: interpretable & generalizable k
9 Respect known, or partially known, physics



