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Votivatir Approach Rt
Partial differential equations (PDEs) are critical in science and engineering. Main idea: Learn a model that evolves the state in a global latent space, with a LE-PDE achieves up to 15x speedup w.r.t. state-of-the-art deep learning-
Two major tasks: learning objective for accurate long-term prediction in latent and input space. based surrogate models with competitive accuracy.

* Forward simulation: predicting the time-evolution of the system PDE simulation: 1D

We introduce LE-PDE, a simple, fast and scalable method to accelerate the
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 Inverse optimization: optimizing the boundary, etc. given forward model forward simulation and inverse optimization of PDEs
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Prior methods and their challenges: : . : . -
g PDE simulation: 2D PDE simulation: 3D (4 million cells/step)

Classical solvers 1
Based on Partial Differential Equations (PDEs), discretize the PDE, then

use finite difference, finite element, etc. to evolve the system. v o ) . . . -y =~ | s
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(d) Objective function. (e) Smoke amount at lower outlet.




