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Often equations are unknown or are only partially known:

P Model discovery with machine learning & sparse optimization

Nonlinear dynamics are still poorly understood:
P Coordinate transformations to simplify nonlinear systems
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Often equations are unknown or are only partially known:

P Model discovery with machine learning & sparse optimization
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Nonlinear dvnamics are still poorly understood:

P Coordinate transformations to simplify nonlinear systems
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Our approach:

P> Learn physics from data: interpretable and generalizable

P Respect known, or partially known, physics
P The existence of patterns facilitate sparse (few) measurements
P Machine learning is high-dimensional optimization with data



Lots of great work:

Gonzalez-Garcia, Rico-Martinez, Kevrekidis, Comp. Chem. Eng. 1998

Yao and Bollt, Physica D,2007_ _ _ _ __._.._...
Bongard and Lipson, PNAS 2007

Schmidt and Lipson, Science 2009
Wang, Yang, Lai, Kovanis, Grebogi, PRL 2011
Bright, Lin, Kutz, Phys. Fluids, 2013
Schaeffer, Caflisch, Hauck, Osher, PNAS 2013
Noe, et al., Molecular dynamics, 2013-2016

" Scéhaéffer, PRSA, 2017
Schaeffer, Tran, Ward, SIAP, 2018
Raissi, Perdikaris, Karniadakis, JCP 2019
... and many more!!!
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Sparse Identification of Nonlinear Dynamics (SINDy)
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Sparse Coetficients of Dynamics
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Sparse Regression to Solve for Active Terms in the Dynamics

SLB, Proctor, Kutz, PNAS 2016.







Constrained Sparse Galerkin Regression
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Innovation 1: Enforcing
known constraints

P Skew-symmetric quadratic
nonlinearities to enforce
energy conservation

P Improved stability

min [|©(X) £ — X||5+z"(CE —d)
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Innovation 2: Higher-order

Nonlinearibies

P Cubic, Quintic, Septic terms
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Constrained Sparse Galerkin Regression

== Ground truth = 7 POD modes Cubic SINDy
== 3 POD modes = (Cons. = Unc.
1.0 1.0
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Cavity flow
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__Cylinder flow
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(a) 3 POD modes (b) 9 POD modes (c) Quadratic SINDy (d) Cubic SINDy
i | Loiseau & SLB, JFM 838, 2018




Constrained Sparse Galerkin Regression

== (Ground truth = T POD modes

Cavity flow
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__Cylinder flow
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Spring-Mass Damper with Nonlinear Damping!

Loiseau & SLB, |FM 838, 2018







SINDy: Partial Differential Equations
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Rudy, Brunton, Proctor, Kutz
Science Advances, 2017




SINDy: Partial Differential Equations

la. Data Collection

1b. Build Nonlinear
Librarv of Data and
Derivahives

Full Data
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Rudy, Brunton, Proctor, Kutz
Science Advances, 2017



SINDy: Partial Differential Equations

1b. Build Nonlinear
Librarv of Data and
Derivahives

Full Data

ldentified Dynamics

Compressed Data

Rudy, Brunton, Proctor, Kutz
Science Advances, 2017
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Data Science for Biologists

Finite-time Lyapunov
exponents

Control Bootcamp
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