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3D Direct energy deposition 2D Shockwave
3D shaped charge

(1 hour on 40 cores)
BLAST

Pore-collapse 

Physical simulations play an important role in modern science

(1 week on 1024 cores) ALE3D

HE Xtal

Energetic 
Binder

Voids

(23 hours on 96 GPUs)
BLAST(40 minutes on 4 cores) ANSYS

Digital Twin: source from 
thedigitalspeaker.com
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How can you accelerate existing physical simulations with data?

Permeability Pressure

1. Generate Simulation data

Input Output

2. Get the relation between input and output, 
e.g., training a neural network

*Kadeethum, O’Malley, Fuhg, Choi, Lee, Viswanathan, Bouklas. “A framework for 
data-driven solution and parameter estimation of PDEs using conditional generative 
adversarial networks." Nature Computational Science, 2021.

Conditional Generative Adversarial Neural Network

Blackbox approach

Blackbox
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Dynamic mode decomposition 
(DMD):

How can we get an interpretability? LaSDI

t = 0 sec t = 0.7 sec

t = 1.7 sec t = 3.0 sec

com
press

high dimensional simulation data

Latent space dynamics data
with dimension of 3

Fit into 
ODE

Interpretable

Parameterized initial condition:
Radial advection:

Linear compression: POD, SVD, …
Nonlinear compression: Autoencoder

<latexit sha1_base64="x5jMcECPHlQOMZMvC043AKCbwEg="></latexit>

dû

dt
= Â(µ)⇥(û)

<latexit sha1_base64="czke9eTCjda0DjsgLnidJOdg6ws="></latexit>

dû

dt
= Â(µ)û

Operator Inference
(OpInf):<latexit sha1_base64="C2CLF0kSBKOWbH9AaaWzyZVDDlw="></latexit>

dû

dt
= Â(µ)û+ Ĥ(û⌦ û)
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Parameterized latent space dynamics identification (LaSDI)

<latexit sha1_base64="XKeGDl+v/fRpuFyyMWNN6Oe9hCY=">AAACFnicbVDLSsNAFJ34rPUVdekmWAQRLElB7LKgC5cV7APaUCaTm3boZBJnJkIJ/Qo3/oobF4q4FXf+jZM0i9p6YOBwzr137j1ezKhUtv1jrKyurW9slrbK2zu7e/vmwWFbRokg0CIRi0TXwxIY5dBSVDHoxgJw6DHoeOPrzO88gpA04vdqEoMb4iGnASVYaWlgXvQ9GFKewkOSK+fTcj/EakQwS280B+7PeQOzYlftHNYycQpSQQWaA/O770ckCYErwrCUPceOlZtioShhoOcnEmJMxngIPU05DkG6aX7W1DrVim8FkdCPKytX5ztSHEo5CT1dma0sF71M/M/rJSqouynlcaKAk9lHQcIsFVlZRpZPBRDFJppgIqje1SIjLDBROsmyDsFZPHmZtGtV57Jq39UqjXoRRwkdoxN0hhx0hRroFjVRCxH0hF7QG3o3no1X48P4nJWuGEXPEfoD4+sXIhuf7w==</latexit>

D

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

<latexit sha1_base64="4nGo9j5AwrXjTccd5YgfUeNIFUo="></latexit>

˙̂u = Â(µ1)⇥(û)

<latexit sha1_base64="Oj3VjqxrFYJ3f2hPZDwviUf2A+s="></latexit>

˙̂u = Â(µ?|µ1, µ2, µ3, µ4, µ5)⇥(û)

<latexit sha1_base64="I70yxDTwHwro6qhgmiNWLHLq8+E="></latexit>

˙̂u = Â(µ2)⇥(û)

<latexit sha1_base64="zWIYyqiI3q5JrZyeJVuMe5EsGX4="></latexit>

˙̂u = Â(µ3)⇥(û)

<latexit sha1_base64="wxlu2Hk77xKMbTFngqlXUK5qcuk="></latexit>

˙̂u = Â(µ5)⇥(û)

<latexit sha1_base64="x6kdXsasFKcwTzSNOCwnGeb9Gkg="></latexit>

˙̂u = Â(µ4)⇥(û)

Interpretable
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Performance of LaSDI to radial advection problem

Parameterized initial condition:
Radial advection:

t = 0 sec t = 0.7 sec

t = 1.7 sec t = 3.0 sec

High dimensional simulation data

Latent space dynamics identification
with a dimension of 3

Maximum relative error:
5.4% with 25 uniformly sampled training points

Speed-up of 200x

Interpretable



8
LLNL-PRES-836951

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

Uniform sampling Physics-informed greedy sampling

Maximum relative error:
5.4% with 25 uniformly sampled training points

Maximum relative error:
2.0% with 25 greedy sampling points

*He, Choi, Fries, Belof, Chen. ”gLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics 
Identification." arXiv:2204.12005. 2022.

Interpretable
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gLaSDI: physics-informed greedy latent space dynamics identification* 

*He, Choi, Fries, Belof, Chen. ”gLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics Identification.” arXiv:2204.12005. 2022

Interpretable

<latexit sha1_base64="PbrmJqq3J8RVi0W2QIlrYCVRqL0=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRahp7IrRb0IBS+epIL9wHYp2TTbhibZJckKZem/8OJBEa/+G2/+G7PtHrT1wcDjvRlm5gUxZ9q47rdTWFvf2Nwqbpd2dvf2D8qHR20dJYrQFol4pLoB1pQzSVuGGU67saJYBJx2gslN5neeqNIskg9mGlNf4JFkISPYWOnxbpD2RTK7rpcG5Ypbc+dAq8TLSQVyNAflr/4wIomg0hCOte55bmz8FCvDCKezUj/RNMZkgke0Z6nEgmo/nV88Q2dWGaIwUrakQXP190SKhdZTEdhOgc1YL3uZ+J/XS0x45adMxomhkiwWhQlHJkLZ+2jIFCWGTy3BRDF7KyJjrDAxNqQsBG/55VXSPq95F7X6fb3SqOZxFOEETqEKHlxCA26hCS0gIOEZXuHN0c6L8+58LFoLTj5zDH/gfP4Ao+iQKw==</latexit>

Nµ = 4

<latexit sha1_base64="O+2zR+MS5bMH8nGD9uge8kC3X1s=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoOQU9gVXxch4MWTRDAPTJYwO5lNhszMLjOzQljyF148KOLVv/Hm3zib7EETCxqKqm66u4KYM21c99sprKyurW8UN0tb2zu7e+X9g5aOEkVok0Q8Up0Aa8qZpE3DDKedWFEsAk7bwfgm89tPVGkWyQcziakv8FCykBFsrPR41097Iplen5f65Ypbc2dAy8TLSQVyNPrlr94gIomg0hCOte56bmz8FCvDCKfTUi/RNMZkjIe0a6nEgmo/nV08RSdWGaAwUrakQTP190SKhdYTEdhOgc1IL3qZ+J/XTUx45adMxomhkswXhQlHJkLZ+2jAFCWGTyzBRDF7KyIjrDAxNqQsBG/x5WXSOq15F7Wz+7NKvZrHUYQjOIYqeHAJdbiFBjSBgIRneIU3RzsvzrvzMW8tOPnMIfyB8/kDpW2QLA==</latexit>
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<latexit sha1_base64="uTQQV35fLF9sFjXnyQEYx36FB7Q=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5JIUS9CwYsnqWBroQlls920S3eTsB9CCf0bXjwo4tU/481/46bNQVsfDDzem2FmXphyprTrfjultfWNza3ydmVnd2//oHp41FWJkYR2SMIT2QuxopzFtKOZ5rSXSopFyOljOLnJ/ccnKhVL4gc9TWkg8ChmESNYW8m/G2S+MLNrz61UBtWa23DnQKvEK0gNCrQH1S9/mBAjaKwJx0r1PTfVQYalZoTTWcU3iqaYTPCI9i2NsaAqyOY3z9CZVYYoSqStWKO5+nsiw0KpqQhtp8B6rJa9XPzP6xsdXQUZi1OjaUwWiyLDkU5QHgAaMkmJ5lNLMJHM3orIGEtMtI0pD8FbfnmVdM8b3kWjed+stepFHGU4gVOogweX0IJbaEMHCKTwDK/w5hjnxXl3PhatJaeYOYY/cD5/AEhKkHY=</latexit>
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Curious about the physics-informed greedy procedure?

• Watch this YouTube video (less than 10minutes) : https://youtu.be/A5JlIXRHxrI

Interpretable

https://youtu.be/A5JlIXRHxrI
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Does linear compression always work? No
Benefit of nonlinear compression

☺ Simpler 
latent 
space 
dynamics

☺ Better 
projection 
error

Linear compression     vs.      Nonlinear compression2D Burgers

radial advection

Interpretable
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Nonlinear compression outperforms!

Nonlinear manifold Linear subspace

Latent space dimension of three
Cubic ODE for latent space dynamics model

Interpretable

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

Latent space dimension of five
Linear ODE for latent space dynamics model

2D Burgers
advection-dominated

*He, Choi, Fries, Belof, Chen. ”gLaSDI: Parametric Physics-informed Greedy Latent Space Dynamics Identification.” arXiv:2204.12005. 2022
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Questions?    Email  choi15@llnl.gov

mailto:choi15@llnl.gov
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