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The multi-fidelity framework leads to 30% improvement in performance.
0.0865 i Benchmark design
0.06 GENETIC ALGORITHM BAYESIAN
0.04 LOW FIDELITY OPTIMIZATION MULTI FIDELITY OPTIMIZATION
0.086 [ -
: 5 Designs variables & Designs variables &
’ v v " o | Il EAED [ TUEREmES mission requirements
O 0855 Design space Design space
; E 0.08 sampling sampling
; 0.06
0.04 Geometry Generation Differential G v G fi
0.085 | 0.02 (STLinferface) Evolution > SlLinterface)
. ” 0
: 0 0.2 0.4 0.6 0.8 1
i O tive Conditi . o
; " Velocty : Draf) eI
b i 008 s
‘\J|QJ 00845 0.06 0.06 Hydrodynamic Performance .
¢ 0.04 . E\./aluaiion. -t
0.5 0.04 Low Fidelity (Potential Flow) Low Fidelity High Fidelity
p) = 0.02 (Potential) (URANS)
O 084 F Oo 0.2 0.4 0.6 0.8 1 0 - Convergence?
. : 0 0.2 0.4 0.6 0.8 1 -
: 0.08 : Bayesian
: Optimum Multi-fidelity
O . 0835 H X 0.06 Design Modeling & Optimization
.l 0.04
0.02 .
, No Cases: No Cases:

0.083 B e

0.0825' | | ~ | |
20 40 60 80 100
[teration

0.8

60,000 Low Fidelity Simulations

CPU Time (1 CPU):
1 LFsimulations = 180 s

1,000 Low Fidelity Simulations
100 High Fidelity Simulations

CPU Time (1 CPU):
1 LF simulation =180 s
1 HF Simulation = 1000 h

Raissi, Maziar, and George Karniadakis. "Deep Multi-fidelity Gaussian Processes." arXiv preprint arXiv:1604.07484 (2016).



Numerical Gaussian Processes

Boulder

U + utty — (0.01/m)up, = 0

u + At (u”_lug — (0.0l/ﬂ)uzx) = "1

u” ~ GP (0, k(x,x";0))

i 1m kn,n—l

?frj;—l NQP( ) 9

M0 =k 4+ At (u™ Tk — (0.01/m) kg )

kn—l,n kn—l,n—l )

10L1d pawlioju] soisAyd

Time: 0.00
24 training points

g5

LT L]

—1<x<1

Time: 0.60
31 artificial data

—1<z<1

Time: 0.20
31 artificial data

—1<z<1

Time: 0.80
31 artificial data

—1<x<1

Time: 0.40
31 artificial data

L L L P P 1
—1<x<1

Time: 1.00
31 artificial data

—1<z<1

Raissi, Maziar, Paris Perdikaris, and George Em Karniadakis. "Numerical Gaussian Processes for Time-Dependent and Nonlinear Partial Differential Equations.”

SIAM Journal on Scientific Computing 40.1 (2018): A172-A198.



v

Numerical Gaussian Processes

Boulder
Time: 0.00
g = 24 training points
n—1 NN(()?K) i O
u O
- - - 1 O
K — kom(x™, x™:0) + 021 kron—l(xm x™ 1 9) g_ .
_ k,n—l,n(Xn—l7 Xn7 (9) k.n,n—l (Xn—17 Xn—l; (9) 1 O.TQL 11 g . :
R - s 0
min u” K—! u” + log | K| *
0,0.,,0mn—1 un—l u”_l 5 -0.5
1 -
Un($*) | u” NN(m”(x*),S”’n(x*,x*)) R |1||-- | | |1|®| |
—]1 < r <

Ty—1 u” T n,m( .n n n.n—1/_n n—1
q K _m“_l_ q = [k (2™, x™) k (", x )}
% n,n [ % % — — _O 0 _ —

) =k""(2"2") —q K lq+a' K | o 1,1| K g

uonoIpaid

u" ~ N (m", §™")

m” = m"(x")
Sn,n — Sn,n(Xn7Xn)

ejeq |elPibyY

Raissi, Maziar, Paris Perdikaris, and George Em Karniadakis. "Numerical Gaussian Processes for Time-Dependent and Nonlinear Partial Differential Equations.”
SIAM Journal on Scientific Computing 40.1 (2018): A172-A198.



Hidden Physics Models
Boulder

U + M UUE + AoUgpy + A3Upgrr = 0 100

——u——
w4+ At (Alu”_lug + Xou.,.. + )\guzxm) — "1

u" ~ GP(0,k(xz,2';0))

t = 81.20 t = 81.60
301 training data 299 training data

b ' 'y
o 01 [ rnn =1 - , $¥8 "V Q g |
un—l ™ gP 0|’ k,n—l,n kn—l,n—l . 7 | *‘f ~ |
- = - - B 100 40 60 380 100
xr xr
Correct PDE U + Uy + Upy + Upppy = 0
k.n_]-an =k + At (Alun—lkx i >\2k:1::c e )\3 kmxmaz) Identiﬁed PDE (clean d.ata) u; + 0.952uu, + 1.005u,, + 0.980Upp07 = 0
Identified PDE (1% noise)

ur + 0.908uu, + 0.951u,, + 0.927uyp0r = 0

Raissi, Maziar, and George Em Karniadakis. "Hidden physics models: Machine learning of nonlinear partial differential equations." Journal of Computational
Physics 357 (2018): 125-141.



Boulder

Hidden Physics Models

u(t, x,

u(t,z,y), t = 0.20, 249 training data

+-r-'=
T o+ -F"_,q:,_
+
4#-’&
++"'

+ +
I+ =

Wy ¢++1

o

Correct PDE

ur + (uuy + vuy) =

vy + (uv, + voy) =

—pg + 0.01(uyy + uyy)
—py + 0.01(vge + vyy)

Identified PDE (clean data)

ur + 0.983(uu, + vu,
v + 0.983(uv, + vv,

—pa + 0.00826(tyy + Uy, )
—py + 0.00826 (v, + vyy)

Identified PDE (1% noise)

Uy

0.849(uu,

) =

) =
VU ) =

) =

v + 0.849(uv, + vy,

(
—pz + 0.01399(uzy + uyy)
—py + 0.01399(vyy + vyy)

0.5

1.5

0.5

-0.5

-1.5

w(t,z,y), t = 0.00

Raissi, Maziar, and George Em Karniadakis. "Hidden physics models: Machine learning of nonlinear partial differential equations." Journal of Computational

Physics 357 (2018): 125-141.

S = N W DN~ WU

_ 1
| | | | |
(%2 N w N =



Hidden Physics Models

Boulder

1** Pump:

Providing aw._

constant . Contamner 1=l . Lo | = — b | =] — e | =] —
head | ¥ 4 - - } — — ' — — Yy - _—
1 1 . | N
' 5 = . b L
L | ) -\
B b~ Valve & Nozzle
"" )‘\
Flow meter
Wire holders
Fishing line
Particle
P — Visualized Visualized seeded
free stream  wakes soap film
294 Pump:
) &t | Closing the loop
L. || |
i.'.' lkJ I ? ' '
4 J = 4

Onutlet & Container




Parametric Gaussian Processes for Big Data
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Raissi, Maziar. "Parametric Gaussian Process Regression for Big Data." Computational Mechanics (2018).
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Neural Networks Regression
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yi = f(z:) + &, &~N(0,0°), i=1,...,N y ~ N (f(x),0°I)
g .
= f(x)+e€ €e~N(0,c°I . ' _ (v — S « S
y = f(x) ( ) min (y = f(x))(y = f(x)) o) f(z*) p &
2. =
@ =
N
. o 2
L _ L—13L—1 | 3L—1
R = tanh(WHh 07 LY Gaussian Processes vs Neural Networks
o

1) GPs are non-parametric while NNs are parametric regressors.

2) GPs are not scalable to Big dataset while NNs are scalable.

h' = tanh(W'z + b°)

3) GPs quantify the uncertainty in their predictions while NNs do not.

4) GPs automatically balance the tradeoff between data fit and model complexity.

Goodfellow, lan, et al. Deep learning. Vol. 1. Cambridge: MIT press, 2016.
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Physics Informed Neural Networks (PINNs)
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us + utty — (0.01/7) g, = 0
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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)

ihy + 0.5hy, + |R|*h = 0

u = Real(h), v = Imag(h)
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MSE = MSEy + MSE, + MSE; + MSE,

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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@T Physics Informed Neural Networks (PINNSs)
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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




Forward-Backward Stochastic Neural Networks
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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
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d)/;f — Sp(t7 Xt7 Yta Zt)dt to-(ta Xt7 Yt)th 7 65 -
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u(t,x) = Deep Neural Network
Du(t,z) = Automatic Differentiation
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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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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).




@T Physics Informed Neural Networks (PINNSs)
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Hidden Fluid Mechanics
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Hidden Fluid Mechanics
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Raissi, Maziar, Alireza Yazdani, and George Em Karniadakis.
"Hidden fluid mechanics: Learning velocity and pressure fields
from flow visualizations." Science (2020).
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Deep Learning of Vortex Induced Vibrations
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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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@T Deep Learning of Turbulent Scalar Mixing
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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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