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Physical simulations play an important role in modern science

3D shaped charge

3D Direct energy deposition

_ 2D Shockwave (23 hours on 96 GPUs)
(40 minutes on 4 cores) ANSYS (1 hour on 40 cores) BLAST
BLAST
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R— Digital Twin: source from
Pore-collapse (1 week on 1024 cores) ALE3D thedigitalspeaker.com
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Blackbox
How can you accelerate existing physical simulations with data?

1. Generate Simulation data 2. Get the relation between input and output,

Permeability  Pressure e.g., training a neural network

-
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Conditional Generative Adversarial Neural Network

Blackbox approach

*Kadeethum, O’'Malley, Fuhg, Choi, Lee, Viswanathan, Bouklas. “A framework for
Output data-driven solution and parameter estimation of PDEs using conditional generative
adversarial networks." Nature Computational Science, 2021.
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How can we get an interpretability? LaSDI

Interpretable
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Parameterized initial condition: u(x,0; ) = sin(wiz1)sin(waz2)

high dimensional simulation data Dynamic mo(de de)composition
DMD):
du - .
Latent space dynamics data — = A(u)’u,
with dimension of 3 at
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Interpretable

Parameterized latent space dynamics identification (LaSDI)

u = A(IM)@(’&)

U= At |1, B2, B35 fa, p5)O (1)
u = A(Ms)@(’&)

U = A(Hz)G(m

Fries, He, Choi, “Lasdi: Parametric latent space dynamics identification.” arXiv:2203.02076, 2022.
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Interpretable

Performance of LaSDI to radial advection problem

ou -
+v-Vu=€Q=[-1,1| x [-1,1], t€]0,3], = —dze, 217,  d=(1— 22)2(1 — 22)2
Radial advection:| 9t =LA x =1, 0, 3] v = gde, ] (1 —=7)*(1 —23)

u(x,t;u) =0 on 09, Parameterized initial condition: u(x,0; @) = sin(w;z1)sin(waxs)

Maximum relative error:
High dimensional simulation data 5.4% with 25 uniformly sampled training points
Speed-up of 200x

150 24252319.33232223 3730 22 29 332321@
151 21 231816 29 26 21 [RY18 3.1 28 22 B8 32 29 23[KY20 33
153 181517 17 23 3017 19 19 26 32/1.0 2.1 20 28 3219 21 20 27 [[K
154 1987 16 21 25 15 20 19 23 27|17 21 20 25 29 17 22 20 26 BN
156 24 22 21 FERE] 24 25 2415@@28251631 27 16 S8 8S80
. . ope .
Latent space dynamics identification :» E o1 efiss o« 1s sofiass 2o o[l o1 o
150 30 23 20F8R17 25 24 22§20 30 25 24 [ 24 34 27 26[§8]29135 W

1 1 1 160 214618 1.7 22 27116110 1.0 23 3.0/18 20 20 25 3319 22 22 27
t =0 sec t=0.7 sec Wlth d dlmenSIOn Of3 162 16 16 18 17 22 2816 1.0 1.8 2.4 3.0 1.8 2.0 10 25 32 1.0 22 2.1 28 [E

10 1o+ 28 24 20 KRN 27 26 2.1 4ER] 20 20 22 18] 32 32 25 22 [EEE

— Encoder S 165 [IH]25 20 FENLa[TS] 30 3.1 17 18[15]33 34 23 2437 39 32 3.4[17]
-=- DI 167 322021 8817 20 24 2214120 32 22 24 [§6] 25 37 23 26 [{8] 32 [}
165 2018018 17 20 2715118 18 20 30[15/19 18 21 3418 20 19 2339
170 16 18 18 18 24 3318 10 18 25 35 1.0 10 10 2737 20 21 1.0 25 [
171 32 25 19 FENTEI 31 27 20 #8116 34 30 20 16 16 37 34 22 20 FEN
173 [E8] 26 26 [EREYTS]20 30 {14 45[16] 32 33 21 22[17]3 7188 20 3417
174 3318 211617 3019 2316 20 34 20 2.4 [16 26 [39 2.1 2617 3.1 ¥
176 201417 17 18 2915 18 17 1.9 3316 18 17 19 38 20 1.9 19 21 36
177 18117 1.7 16 23 3318 17 17 2.4 35 1.8 18 17 25 36 20 1.9 18 77

—].0 179 24 24161.416 322617 1516 34 2817 1.9 16 36 3.2 2.0 2.3 L5 EK] "

= = - - ar P 14119 3.0 36 20/13]24 3.1 25 26 34KK132 30 36EXY3.
t=1.7sec t=3.0sec 000 075 150 225 3.00 o [ -+ 1 (21 <[« 54 2 i)« ES ISR
n\\gﬂ\\ ﬁ\\sﬁ\\hﬁ“()’v\\%ﬁ“g’v S A2 '\\q"\ 2 \1'\\%'1 \Qw'l\'\'ﬂw'lb"ff’wvwl% »
w2
- - "«l
Lawrence Livermore National Laboratory N I o8 7

LLNL-PRES-836951 ional Nuclear




Interpretable

Is uniform sampling enough? No, so we need physics-informed
greedy sampling!

Uniform sampling Physics-informed greedy sampling
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Maximum relative error: Maximum relative error:

5.4% with 25 uniformly sampled training points 2.0% with 25 greedy sampling points

*He, Choi, Fries, Belof, Chen. “gLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics
|dentification." arXiv:2204.12005. 2022.
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Interpretable

gLaSDI: physics-informed greedy latent space dynamics identification™

Interactive Auto-DI training
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*He, Choi, Fries, Belof, Chen. “glLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics Identification.” arXiv:2204.12005. 2022
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Interpretable

Curious about the physics-informed greedy procedure?

e Watch this YouTube video (less than 10minutes) : https://youtu.be/A5JIIXRHxr|

Greedy procedure Physics-informed error measure: error indicator
—Au= fon
% =000k Two characteristics for efficient error indicators:
f(z) = sin(@xo + 1)) * Easy to evaluate

M—_u“ No full order model solution is allowed!
Goal: Find a near-optimal set of « € [0.5, 3] Jied
whose reduced order model achieves

relative error less than 1% * Strongly correlated with an actual error measure
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https://youtu.be/A5JlIXRHxrI

Interpretable

Does linear compression always work? No
Benefit of nonlinear compression

20 —— LaSDI-LS 30 —— LaSDI-NM
POD Projection Error 25 Auto-Encoder Projection Error :
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Interpretable

Nonlinear compression outperforms!

Nonlinear manifold Linear subspace

Min Error: 0.77%. Max Error: 3.78%
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Cubic ODE for latent space dynamics model Linear ODE for latent space dynamics model

*Fries, He, Choi, “LaSDI: Parametric latent space dynamics identification.” arXiv:2203.02076, 2022.
*He, Choi, Fries, Belof, Chen. “glLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics Identification.” arXiv:2204.12005. 2022
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Questions? Email choil5@linl.gov

FOM: var 0, t=0.0
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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
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