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Physics Informed Neural Networks (PINNs)
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us + utty — (0.01/7) g, = 0

def u(t, x):
u = neural net(tf.concat([t,x],1), weights,
return u

def £(t, x):
u=u(t, x)
tf.gradients(u, t)[0]
tf.gradients(u, x)[0]
u xx = tf.gradients(u x, x)[0]
f =ut+ uu x - (0.01/tf.pi)*u xx
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Raissi, Maziar, Paris Perdikaris, and George Em Karniadakis. "Physics-Informed Neural Networks: A Deep Learning Framework for Solving Forward and Inverse
Problems Involving Nonlinear Partial Differential Equations.” Journal of Computational Physics (2018).
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Physics Informed Neural Networks (PINNs)
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Raissi, Maziar, Paris Perdikaris, and George Em Karniadakis. "Physics-Informed Neural Networks: A Deep Learning Framework for Solving Forward and Inverse
Problems Involving Nonlinear Partial Differential Equations.” Journal of Computational Physics (2018).
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FEMFVM/FDM _ |PINNs ~~ |ROMs
Solution Space  |Basis Functions Neural Networks Smart Basis Functions
Differential Operators |Discretization/Weak-form [Automatic Differentiation Discretization/Weak-form
Solver Linear/non-linear/Iterative |Gradient Descent (Training) [Linear/non-linear/lterative
Evaluate Interpolation Inference Interpolation
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Deep Learning of High-dimensional Partial Differential Equations

dXt — :u(t7 Xta E, Zt)dt -+ O'(?l;7 Xt; E)th ;%f 75
Xy = ¢ Y: = u(l, X¢) H

__ / Zt — DU(t Xt) >
d)/;f — Sp(t7 Xt7 Yta Zt)dt to-(ta Xt7 Yt)th 7 65 -
Yr = g(Xr)

u(t,x) = Deep Neural Network
Du(t,z) = Automatic Differentiation

Forward-Backward Stochastic
Differential Equation
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Raissi, Maziar. "Forward-Backward Stochastic Neural Networks: Deep Learning of High-dimensional Partial Differential Equations." arXiv preprint

arXiv:1804.07010 (2018).
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Physics Informed Neural Networks (PINNs)
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up + (Ut + vuy)
vy + (uvy + vuy)

= —pz + 0.01(Upz + wyy)
= —py + 0.01(vgy + vyy)

Identified PDE (clean data)
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Identified PDE (1% noise)
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Raissi, Maziar, Paris Perdikaris, and George Em Karniadakis. "Physics-Informed Neural Networks: A Deep Learning Framework for Solving Forward and Inverse

Problems Involving Nonlinear Partial Differential Equations." Journal of Computational Physics (2018).
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Hidden Fluid Mechanics

Boulder

e e e e D e (s GG

e3 = Uy + uvy, + vy, + W, + p, — Re 7 (U, + vy + ;)

e; = Uy + UlUy + VUy, + WU, + Dy — Re 1(u,, + Uyy + Uzz) }

U eq = we + uwy + vwy, + ww, + p, — Re T (Wyy + Wy, + wy,) J

~

©OOOO
OROXOROROXO
() (&) () ) () ()

soISAUd UsppIH

v

N 5 N
SSE = Z c(t™, 2™, y™, 2") — c"|? + Z Z: e; (1", ™, y", 2™)|?
n=1 1=1 n=1

Exact 2 Learned

Raissi, Maziar, Alireza Yazdani, and George Em Karniadakis.
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Boulder

OO
01010101010
01010101010

&
0101010
0101010

Cans sl iicasl slilieas s sRess (el e

,

e, = Uy + uvy, + vuy, + py — Re (v, + vyy) + Ngt

Raissi, Maziar, Zhicheng Wang, Michael S. Triantafyllou, and George

Em Karniadakis. "Deep Learning of Vortex Induced Vibrations."

Journal of Fluid Mechanics (2018).
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Eulerian-Lagrangian Neural Networks
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Raissi, Maziar, Hessam Babaee, and Peyman Givi. "Deep learning of
turbulent scalar mixing." Physical Review Fluids 4.12 (2019): 124501.
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Multi-step Neural Networks
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Numerical Gaussian Processes for Time-dependent and Non-linear

Partial Differential Equations
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Parametric Gaussian Process Regression for Big Data
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[ PINNs

Physics Informed Deep Learning: Data-driven Solutions and Discovery
of Nonlinear Partial Differential Equations
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