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Physical simulations play an important role in modern science
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Blackbox
How can you accelerate existing physical simulations? Data

1. Generate Simulation data 2. Get the relation between input and output,
%S ~e.g., training a neural network
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© Speed-up of 100,000X once trained
© Black-box & non-intrusive: only need data
© Less development time than other data-driven methods

Input FOM ~ ROM  DIFF
«
- © Great tools available, e.g., pyTorch, tensorFlow, ...
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Blackbox
Black-box approach has several limitations

@ Requires big data = curse of dimensionality
® Not easily interpretable;

@ Not structure-preserving
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Need: An interpretable and physics-guided data-driven approaches to resolve these issues!
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lThree goals in reduced order model projects

%l&gzided Interpretable

. Structure-pre@xf@/7 * Differential equations
t % Estimate Latent-Space Trajectory
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linear compression (e.g., SVD) Solve underlying physics governing equations
nonlinear compression (e.g., AE) in the reduced space with 4(0) = a;

Physics discovery

* |dentification
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Addressing issue of requiring big data

l Lawrence Livermore National Laboratory
LLNL-PRES-854605




Greedy sampling

Physics-guided greedy sampling

X. He Y. Choi W. Fries J. Belof J.S. Chen
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Greedy sampling

Addressing issue of space-filling sampling

Uniform sampling
D

72 training points for 1% relative error in 2D

4

need about 300 million points in 10D

Optimal sampling
D

10 training points for 1% relative error in 2D

4

need about 100 thousand points in 10D
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Greedy sampling
Physics-informed greedy sampling will help achieving optimal sampling™®

Greedy Sampling Iteration

MN=4 [0 )

A data-driven model training
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*He, Choi, Fries, Belof, Chen. “glLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics Identification.” JCP. 2023
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Physics-informed sampling reduces the necessary training data

Uniform sampling Physics-informed greedy sampling
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*He, Choi, Fries, Belof, Chen. “glLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics Identification.” JCP. 2023
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Greedy sampling

Gaussian process-based sampling
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C. Bonneville Y. Choi D. Ghosh J. Belof
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e Greedy sampli
Greedy latent space dynamics identification* recyampine

Greedy Sampling Iteration

- While m < niter : Nu=4 ] ﬁ
. . [Autocncodcr training GJ
A data-driven model training
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*He, Choi, Fries, Belof, Chen. “gLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics Identification.” JCP. 2023
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e 1D1V Vlasov Equation: Greedy sampling
GPLaSDI for o or  aor
. . StV Ao S =0 (ta,v) €[0,5] x [0,2n] x [-7,7]
plasma two stream instability 2
Vig+p=0 ft,z,0v=27)=0
e Initial condition:
f(t=0,m,v)=% 1+%c0s(k7r$) exp —% + exp —%

17 data points

GPLaSDI

25 data points

Uniform Grid

Parameter: ¢={T,k}, with T € [0.9,1.1] and k € [1.0,1.2]
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Addressing issue of interpretability
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Interpretable

Addressing issue of interpretability

ldentify interpretable governing equations for latent space dynamics

Latent space dynamics data Dynamic mode decomposition*
with dimension of 3 (DMD):
0.5
S 00 Fit into du A R
E linear at Ap)u
= 05 ODE
-1.0_ ' ' ' '
0.0 0.5 1.0 1.5 2.0
Time

*P.J. Schmid. "Dynamic mode decomposition of numerical and experimental data." Journal of Fluid Mechanics (2010)
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Training dynamic mode decomposition

1. Data generation

— Sequence of solution
snapshots wi = u(tx)

Space (M vars)

— Define:

u,

u,

U-

...’-:N_l

»

U

Uz, ...

u;

Uu;

U+
o UN

— Find the operator A such

that:

Ut ~ AU~

Interpretable

2. Compression
Singular value decomposition

I —_ 1 —
e 2 ! Vv w z v
I |
= : : ~ RXR RXN
|
MXN: R small values MXR R <<N, ideally
1 on diagonal

— A=Uvzlwr

— Define reduced matrix (size RXR

— Reduced space dynamics: Uy, 1
U, =Wy,

W*AW = w*Uu*tvz!

)Z
= A,

3. Prediction

— Eigen-decomposition of reduced space
A X = AX
— DMD solution at t|me t

t—t, d
u(t) = ch xt c1>+u1 = ®A AT b,
e where & = WXorCD WA X

b, = ®Tu,

Lawrence Livermore National Laboratory
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Interpretable

Time/distance windowing DMD

= Offline phase c o o
— Classify data M

— Collect data
— Compress data I T T2 | T3 I T4 I ¢ & o ITN—ll TN I
— Build local DMD D, | D, D1 D, e o o Dy_1 Dy
to Ly
I - I | \ ‘\ T
. [ 1 [ I | \ A5
= Online phase iy ; ! ¥ 7 ;
— Assign local DMD : : : : : A \ ‘\ \
\ . ‘
— Evaluate DMD solution : : . : : r \ \ %
v y T8 | v Ty " C R ‘\ % T "
A T S o Y
I I I I I \ \ \ 5\
i = TI(] T = Tl = T_) o i = T\ d = D(} d = Dl d = D‘_} it d = D\l
Time windowing DMD Distance windowing DMD
Lawrence Livermore National Laboratory NA‘ : 023% 17
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Interpretable

\‘\

3D printing process DMD
el 4 / v - E" .,;'j 7" ' . -
A=< S Cry | f

% ¢
L

i,
" P
v 12 PS

E. Chin SW. Cheung Y. Choi D. Copeland S. Khairallah J. McKeown
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Interpretable

Laser powder bed fusion
High-fidelity heating through laser ray-tracing

Full-order model 20% basis truncation | 60% basis truncation

Video courtesy of Gabe Guss

) 1.00 HS ’Fher.mal * 0.1% max relative error | * 0.5% max relative error
simulation in ALE3D . : L. :
. ~95k DOFs e 1.65 s prediction time * 0.42 s prediction time
e ~2,000x speedup e ~8,500x speedup

e ~1 hr analysis time

- - O’el
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Direct energy deposition

160 Watt laser power, 0.1 m/s scan speed

Full-order model | 20% basis truncation

e 25,000 ps thermal
simulation in ALE3D

e ~25k DOFs

* ~0.6 hr analysis time

e 1.6% max relative error
e 0.13 s prediction time
e ~15,000x speedup

60% basis truncation

* 2.1% max relative error
* 0.03 s prediction time
» ~75,000x speedup

Interpretable

Lawrence Livermore National Laboratory
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NYSE, »

i Nuci



Interpretable

LaSDI: Latent space dynamics identification

W. Fries X. He Y. Choi
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Interpretable

SINDy* can be used as Latent Space Dynamics ldentification (LaSDI)

Estimate Latent-Space Trajectory u
%k .
u - @
0 N

— %@ %) % &&0\\%
— ) ©, . O
2 % @% Q%{ o ® o &)&0
g s /% Q%; g 0.0 Q@GO
= K 2| e T o l g
= K %, - L de
= g | u
8 g en 3. p= —0.5 n
25 %o .
=30 T °
N ~10]_ —— e

0.0 0.5 1.0 L.5 2.0
\ Time }
Strong form A()O(a) [@ Not robust for noisy data ]
~ T ~T ~.T ~ T . ~ T ~ T ~ T
© (U ) [1 U, Ugp, ... Ugp, ... sin(Uy) cos(Ug) ... exp(Uy )]

*Brunton, Steven L., Joshua L. Proctor, and J. Nathan Kutz. "Discovering governing equations from data by sparse identification
of nonlinear dynamical systems." Proceedings of the national academy of sciences (2016)
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Interpretable

WgLaSDI: Weak greedy LaSD|

X. He D. Messenger
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Interpretable

wLaSDI: Weak SINDy* in LaSDI for robustness with noisy data

Estimate Latent-Space Trajectory u
%k .
8- K&

Yo 0.5 o>

— “, %; &&0
:é 8 @\/@. %95 Q \\\\ o )&\}Q

) ‘3@/ 6’% __g . O&
55 %%, £ 00 &
= o g | e T o I g
= K o, =7 X Vs de
= G | = u
8 g en 3. 2 —0.5 n
= £ o =
esy L T~ °
=2 |

Q( T

0.0 0.5 1.0 1.5 2.0
\ Time }
function
PR test functio
. . b di |
Integration by parts will give Weak form dt — A at
_dt
o(t,)=h o ¢ - if
k) =11 U Uk’P2 Uk,Pg sm(Uk) cos(Uk) ... exp(Uy)

*Messenger, Bortz. “Weak SINDy: Galerkin-based data-driven model selection." Multiscale Modeling & Simulation, 19(3):1474-
1497 (2021)
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WgLaSDI: 2D Burger’s Equation

* Autoencoder: 7200-100-5

» Basis functions: 2nd-order polynomials
* Noisy data: 10% noise

+ 1 testing case

gLaSDI Max Relative Error: 1220.4%

0 u_pred - step: 0 o u_pred - step: 50 0u_pred - step: 100 Du_pred - step: 150 0u_pred - step: 200

20

5 — Encoder 20 — Encoder
==s== D] 15 L DI
R dbd *-:-_g_—r:‘-—o-*l‘-&y: ) \
- o
N 0 o - W et 0-n e o) glo "r'k
-2 - —1 5 :‘

-2 Zo-o"

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Time Time

True solution - u component Interpretable

u - step: 0 u - step: 50 u - step: 100 u - step: 150 u - step: 200

0 0 0 0

20 20 20 20

40 40 40 40
0 20 40 0 20 40 0 20 40 0 20 40

WgLaSDI Max Relative Error: 3.8%

u_pred - step: 50  u_pred - step: 100 u_pred - step: 150 u_pred - step: 200

0 0 0 0

20 20 20 20

40 40 40 40
0 20 40 0 20 40 0 20 40 0 20 40

o u_pred - step: 0

20

1 6!
—— Encoder

0 41 --+-- DI

= R

2
. %2‘.

O.

-2 | | | D ' ' |
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

Time Time
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WgLaSDI: 2D Burger’s Equation

Parameter space: 441 cases (21x21)
Noisy data: 10% noise

Autoencoder: 7200-100-5, Number of Dls: 36
Basis functions: 2nd-order polynomials
KNN (1) Greedy, KNN (4) Evaluation

1 6
—— Encoder
0 41 --e-- DI
-§ k
1 N2
0.
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Time Time

Amplitude

Interpretable
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6743222030393629242223ﬂ 15151514w.15132q3o
1.9 1,|1sml4131614

.92.53.42.6362633]1

8[2.5]3.

0.90 [2.8]2.82.6 3.2[2.8]3.5 416 4.4 4.1 4.5 3.9 3.3 2.8[2.1]2.5 2.3[2.32.5[3.3[4.
S ol 5 o0 g 6ol °
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Addressing issue of structure-preserving prediction
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Physics-constrained

J. Lauzon K. Huynh
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How about physics-constrained model?

Latent space dynamics data
with a dimension of 3

0.5
5 Derive ODEs
z 00 from original
go governing
= 0.5 equation?
-1.0[_ | ' ' |
0.0 0.5 1.0 1.5 2.0

Time

Physics-constrained

Projection-based
reduced order model

Lawrence Livermore National Laboratory
LLNL-PRES-854605
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Physics-constrained

Projection-based linear subspace reduced order model

= Governing equation: Cil_w = f(w,t;p)  w, f € RY:
t Y

= Solution approximation:
W R W= Wyer + Pw, P cRV*" ng < N

I ODE for latent space dynamics
— + derived completely from original
/ governing equation!
= Reduced system after Galerki 't'-dﬁ’ I v, t:
educed system after Galerkin projection: = b f(wyef + Pw, t; )

= Backward Euler time integrator: W, = w,_1 + At f(wyer + P, t; 1)

\_Y_I

@ Scales with FOM size: RVs

78l
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Physics-constrained

Hyper-reduction: a point selection-based*

= Approximate nonlinear term:

fr®f, ®peRYY ng<np <N,

= |nterpolation: A - _
P ZTr=2"%;f - F=(ZT®;,)'Z7f

| — | row pivoted LU decomposition: DEIM?
sampling matrix, Z e RVsXns

= | column pivoted QR decomposition: Q-DEIM?

—| column orthogonality & determinant: S-OPT3

= Replace nonlinear term:

W, = Wy 1+ ALS @ (Z7®) 1 Z f(wer + Pw, t; )
\ J\ J
|

< precompute < work with only sampled rows

1. Chaturantabut, Sorensen. Nonlinear model reduction via discrete empirical interpolation. SISC, 32(5):2737-2764, 2010.
2. Drmac, Gugercin. A new selection operator for the discrete empirical interpolation method---improved a priori error bound and extensions. SISC, A631-A648, 2016.
3. Lauzon, Cheung, Shin, Choi, Copeland, Huynh. S-OPT: A point selection algorithm for hyper-reduction in reduced order models, arXiv:2203.16494, 2022

L
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Improved hyper-reduction technique in physics-
constrained data-driven reduced order models
S-OPT: stabilized point selection algorithm

Maximize the column orthogonality and determinant to resolve
the unstable behavior of the classical DEIM approach.

%10 Relative error for position

Physics-constrained

5 Relative error for velocity Relative error for energy
4t 1072} ——DEIM ——DEIM
—S-OPT 107} —~—S-OPT
3 L
2 fee
1
‘ 107 ‘ ; ‘ 10 ‘ ' ‘
0 200 400 600 0 200 400 600 0 50 100 150
Number of sampling indices Number of sampling indices Number of sampling indices

+ More stable behavior is achieved by S-OPT on Sedov blast
hydrodynamics simulation than traditional DEIM approach!

Publications:

Lauzon, Cheung, Shin,
Choi, Copeland,
Huynh, “S-OPT: A
points selection
algorithm for hyper-
reduction in reduced
order models”
arXiv:2203.16494
(submitted to SISC)
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Physics-constrained

Successful applications of linear subspace ROM

AL L 4

Rayleigh—Taylor Sedov blast Taylor—-Green Triple-point problem
Kinematic dofs: 8,514 Kinematic dofs: 14,739 Kinematic dofs: 14,739 Kinematic dofs: 38,475
Energy dofs: 4,096 Energy dofs: 4,096 Energy dofs: 4,096 Energy dofs: 10,752
Wall-clock time: 127 sec Wall-clock time: 191 sec Wall-clock time: 170 sec Wall-clock time: 122 sec

Relative error & speedup Relative error & speedup Relative error & speedup Relative error & speedup

Velocity: 7.8e-3 Velocity: 2.2e-4 Velocity: 1.1e-6 Velocity: 8.1e-4

Speedup: 14.6 Speedup: 22.8 Speedup: 31.2 Speedup: 87.8

1. Copeland, Cheung, Huynh, Choi. Reduced order models for Lagrangian hydrodynamics, CMAME, 2022
2. Cheung, Choi, Copeland, Huynh. Local Lagrangian reduced-order modeling for the Rayleigh—Taylor instability by solution manifold decomposition, JCP, 2023
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Physics-constrained

Physics-constrained ROM improves extrapolation accuracy
Extrapolation accuracy

102 ¢

relative error

——position, x
——velocity, v
—e—energy, e

0 0.1 02 T o3 0.4 0.5
blast ¢nergy

base point
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Run S1A S2A S1B S2B S1C S2C
Problem Sedov Sedov Gresho Gresho TG TG

Ly 0.01 0.05 0.01 0.02 0.01 0.02

T, 1 5 1/2 1 1 2

€2,B 6.43e-06 3.90e-04 8.24e-06 5.02e-05 3.13e-06 1.58e-04
€v.B 1.21e-02 8.90e-02 3.99e-03 1.10e-02 1.86e-03 3.43e-02
€e.B 1.51e-02 6.36e-03 2.38¢-03 1.66e-03 5.86e-05 2.13e-03
AFEg 3.74e-02 7.80e-05 5.50e-05 7.82e-05 8.05e-07 3.64e-06 |
SB 2.26 2.04 2.62 2.63 2.17 2.21

€2, EC 2.02e-05 3.49e-05 1.27e-05 1.90e-04 8.31e-05 1.14e-03
€. EC 7.77e-03 7.02e-03 8.44e-03 1.21e-01 3.60e-02 2.79e-01
€e, EC 1.23e-03 7.77e-04 3.68e-03 1.41e-02 1.63e-03 9.58e-03
AEgc | 1.3le-14 2.73e-13 2.40e-12 6.53e-12 2.66e-11 1.13e-10 |
SEc 2.25 1.89 2.50 2.10 2.11 2.18

Physics-constrained

EC-EQP: Energy conserving empirical quadrature procedure

Report:

= Vales, Choi, Copeland,
Cheung, “Energy
conserving quadrature
based dimensionality
reduction for nonlinear

hydrodynamics problems”
LLNL-TR-853055
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Physics-constrained

Component-wise ROM

E. Duoss C. Hahn
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Physics-constrained
Homogeneous Neumann boundary Channel flow

gne:O gdz:O

9di

9ai
O _— Qub'

OZQUB

gne:O gdz:O
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Stokes equations
—vV2a+Vp=0 in
V-u=0 in ()

g, ; on 0¥y

U
n-(—vVu+pl)=g,. on 0,

Inflow condition

9a; —

9. =0 9. =0
Q Q
o S - S
o] e
S TR [
o ()
9. =0 9. =0

(91 + Agisin2m(ky -+ 01), 92 + Agasin2m(ky - x + 02))

Physics-constrained

Reference components

Training

NS
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Physics-constrained
Homogeneous Neumann boundary Channel flow

gne:O gdz:O

9di

9ai
O _— Qub'

OZQUB

gne:O gdz:O
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Physics-constrained

T \ r ].01 - .

10° - -

< 7 o |

= > * *
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Physics-constrained

Nonlinear manifold ROM

Y. Choi D. Widemann T. Zohdi

- - (_\"«l
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1

/

= Governing equation: 7, "\
FOM e dw N g \}I // g \
- — = flwtip) w, feR™ : 4D~ 3|
3} Re Sl s
linear subspace PROM + * Nonlinear manifold PROTVI r N
(= Solution approximation: l Solution approx|mat|0n _ /
W R W = wref+(I)ﬁJ7 W R W = Wref _|_lg( )/4- - ’,
_ n I @ERNSX”’S, B N (I) wERns’
ns < N B ns < N
" Reduced system after Galerkin projection: || = Reduced system after Galerkin projection:
d'ﬁ) T ~ dw
E =P f(wref+(1)w7t;u> dt =J ( )Tf(wref "l_g( ) t;ll')
hyper-reduction
iy Low rank of 5 06 Low rank of 5
LS-PROM Max. rel. error: 34.4% NM-PROM .. Max. rel. error: 0.93%
Speed-up: 26.8 Speed-up: 11.6
\ % 0.5 1 / \ % 0.5 1 /

w Lawrence Livermore National Laboratory
LLNL-PRES-854605

NS

4‘0‘ 42



Physics-constrained

Shallow vs. deep NN in the perspective of hyper-reduction

® nodein subnet ® node in subnet
edge in subnet | edge in subnet

latent
space

2 hidden \ayers 1 hidden layer

* Ashallow neural network can provide sparser structure than a deep one in a subnet
* A sparse network is a key for successful NM-ROM hyper-reduction!

*Kim, Choi, Widemann, and Zohdi, “A fast and accurate physics-informed neural network reduced order model with
shallow masked autoencoder." Journal of Computational Physics, 110841, 2021.
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Physics-constrained

Domain decomposition NM-ROM

Y. Choi M. Heinkenschloss

i i [ )
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Domain-decomposition nonlinear manifold ROMs

*Diaz, Choi, Heinkenschloss, “A fast and accurate domain-decomposition nonlinear manifold reduced order
model." arXiv preprint, arXiv:2305.15163, 2023.
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Physics-constrained

DD NM-ROM

e Compute decoder g, : R™ — R for each subdomain
e Solve minimization problem to evaluate DD NM-ROM
o 4 ~ . 4 ~
min 2 ; |Biri(g;(x:); w3 st ;CAzg@(%) =0
e B, sampling matrix for hyper reduction
o (' “test matrix” to avoid overdetermined problem

e Solve using inexact Lagrange-Newton SQP solver
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Physics-constrained

DD-NMROM achieves a great accuracy on 2D steady state Burgers’ EQ

8?]1 n 81}1 - 82’01 n 82’01 " % s % _ 82’02 . 82’02
or T2 oy "\ 022 Oy? L O * dy ox?  0y?
FOM, u DD-NMROM, u Relatie Error o

0.04

4
0.0
3

I 1
0.0
0

0.03

DR

0.02

0.01

(1.5 0.0 0.5

ROM DoF % Dimension Relative Error Online
(aggregated) Reduction Speedup
48 0.19% 1.64 x 1077 43.9

- - (‘\"‘l
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Summary and conclusion

= Four different issues of data-driven approaches:
— Relying on big data -> curse of dimensionality
— Interpretability
— Not structure-preserving prediction
— Not robust in extrapolation

= Examples:
— LaSDI: Latent space dynamics identification

*

Estimate Latent-Space Trajectory u
®--. &‘5’&

0.5 7

O *
S
0“2’6
S
D 30‘3
N
[ )
0
@
&

&
Magnitude
°
-—

Q
o
@

Initial condition for
predictive parameter
Q
@]
5
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Summary and conclusion

= Four different issues of data-driven approaches:
— Relying on big data -> curse of dimensionality

— Interpretability

— Not structure-preserving prediction
— Not robust in extrapolation

= Examples:

— LaSDI: Latent space dynamics identification *

— Greedy sampling:
* Physics-informed

Uniform sampling
150 [E24 25 23 10[TH]33 26 22 23[HR]37 30 22 20[USJEE 33 23 21[HH]

5 19
150 21 23 T8FRIE6 29 26 21 [B18 3.1 28 22FFY18 32 29 23[KY20 33
181.51717‘)330171919,‘632192120)532192120)7

1

154 LOMESNLT 16 2.1 2.5 115 2.0 1.9 2.3 2.7 {17 2.1 20 25 2947 22 20 26 §&

156 24 22 21 2425 2418 2.6 28 2.5 16
0

16

3015 16[15]33 34 18 ”Il_i]” 37 24 2

20F8317 25 24 22/ 20 30 25 24 [{§
18 17 22 271619 19 23 301820 20
18 17 22 2516 19 18 24 30 18 20 19
20 2114 202218
20 [ERLa[i5]30 31 17 3334 23

213417 290 21 2214 451 2.5
168 201518 17 20 2715 18 1.8 20 3015 1.9 18 21 34 18
1.7¢ 18 1.8 24 3318 19 18 253519 19 19 2737 20

16 3127 204316 34 30 2016
29 3014 21

16 1.7 3019 23116 2.0 3.4 20 24 16
17 18 29115 18 1.7 19 3.3 16 18 17 19 38 20
16 23 3318 1.7 1.7 24 3.5 1.8 1.8 1.7 25 36 20
1416 32 26 1.7 15 16 34 2817 1.9 16 36 32

36 31 '3>4m32|E|3g

w2

Physics-informed
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Summary and conclusion

= Four different issues of data-driven approaches:
— Relying on big data -> curse of dimensionality
— Interpretability
— Not structure-preserving prediction
— Not robust in extrapolation

= Examples:
— LaSDI: Latent space dynamics identification
— Greedy sampling:
* Physics-informed
 uncertainty-guided

il
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Summary and conclusion

= Four different issues of data-driven approaches:
— Relying on big data -> curse of dimensionality
— Interpretability
— Not structure-preserving prediction
— Not robust in extrapolation

= Examples:
— LaSDI: Latent space dynamics identificatiom
— Greedy sampling:
* Physics-informed
 uncertainty-guided
— DMD: Dynamic mode decomposition
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Summary and conclusion

= Four different issues of data-driven approaches:
— Relying on big data -> curse of dimensionality ouprd - step: 200

— Interpretability | o Ground Truth - ¢ LaSD|
— Not structure-preserving prediction U - step: 200 ol . -
— Not robust in extrapolation ’ 1220.4%

20

0 20 40

()
®
o
C
. : —

Examples' 0 = u_pred - step: 200

— LaSDI: Latent space dynamics identification 2 0

— Greedy sampling: © wLaSDI

 Physics-informed Rel. err
3.8%

 uncertainty-guided
— DMD: Dynamic mode decomposition
— WgLaSDI: Weak glLaSDI

- - (_\"«l
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Summary and conclusion

= Four different issues of data-driven approaches:

— Relying on big data -> curse of dimensionality
— Interpretability

— Not structure-preserving prediction

— Not robust in extrapolation

= Examples:
— LaSDI: Latent space dynamics identification
— Greedy sampling:
* Physics-informed
 uncertainty-guided
— DMD: Dynamic mode decomposition
— WgLaSDI: Weak glLaSDI
— pROM: projection-based ROM

w

¢

AN

w = Wref + (I)w7
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LLLLLLLLL -854605

NYSE =




Summary and conclusion

= Four different issues of data-driven approaches:
— Relying on big data -> curse of dimensionality <

V4 N\
— Interpretability N // |
— Not structure-preserving prediction g I S ,‘
— Not robust in extrapolation c //"\\\ s |,
N\
= Examples: S
— LaSDI: Latent space dynamics identification ~ \ l

~~ Ty — l ()
— Greedy sampling: W =W = Wref +\g(1_l_]),”v =7

* Physics-informed
* uncertainty-guided — + ( I )
— DMD: Dynamic mode decomposition
— WgLaSDI: Weak glLaSDI
— pROM: projection-based ROM
— NM-ROM: Nonlinear manifold ROM
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Summary and conclusion

= Four different issues of data-driven approaches:
— Relying on big data -> curse of dimensionality
— Interpretability
— Not structure-preserving prediction
— Not robust in extrapolation

= Examples:

— LaSDI: Latent space dynamics identification I3 Ty

— Greedy sampling: T e
* Physics-informed
* uncertainty-guided

— DMD: Dynamic mode decomposition

— WglLaSDI: Weak glLaSDI

— pROM: projection-based ROM

— NM-ROM: Nonlinear manifold ROM

— DD-NM-ROM: Domain decomposition NM-ROM
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Questions? Email choil5@linl.gov
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Disclaimer

This document was prepared as an account of work sponsored by an agency of the United States government. Neither
the United States government nor Lawrence Livermore National Security, LLC, nor any of their employees makes any
warranty, expressed or implied, or assumes any legal liability or responsibility for the accuracy, completeness, or
usefulness of any information, apparatus, product, or process disclosed, or represents that its use would not infringe
privately owned rights. Reference herein to any specific commercial product, process, or service by trade name,
trademark, manufacturer, or otherwise does not necessarily constitute or imply its endorsement, recommendation, or
favoring by the United States government or Lawrence Livermore National Security, LLC. The views and opinions of
authors expressed herein do not necessarily state or reflect those of the United States government or Lawrence Livermore
National Security, LLC, and shall not be used for advertising or product endorsement purposes.



