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Operator Learning

Learning a function: Application: Learning the solution operator of parametric PDEs
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Continuous Vision Transformer (CViT)
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Lipschitz constant & Spectral Bias

Lipschitz constant: Lip(f) = sup 1) ~ ()]
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Lipschitz constant of Coordinate Embeddings

Trivial coordinate embedding ¢:(z) = Wz +b, W~ N (0, é)
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systems 33 (2020): 7537-7547.



Advection of Discontinuous Waves

Probl t
roblem setup Goal: Learning the mapping from initial condition
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de Hoop, M.V., Huang, D.Z., Qian, E. and Stuart, A.M., 2022. The cost-accuracy trade-off in operator learning with neural networks. arXiv preprint arXiv:2203.13181.



Benchmarks

Shallow Water , Incompressible Navier-Stokes
# Trajectories: 5,600 # Trajectories: 6,500

# Time steps: 11 # Time steps: 14

Resolution: 96 x 192 , | Resolution: 128 x 128

Variables: Vorticity & Pressure : Variables: Passive Scalar & Velocity

Diffusion Reaction Compressible Navier-Stokes
# Trajectories: 900 - 8 #Trajectories: 9,000

# Time steps: 100 # Time steps: 100
Resolution: 128 x 128 / Resolution: 128 x 128

Variables: Density fields Variables: Passive Scalar & Velocity

1. Takamoto, M., Praditia, T., Leiteritz, R., MacKinlay, D., Alesiani, F., Pfliger, D. and Niepert, M., 2022. Pdebench: An extensive benchmark for scientific machine

learning. Advances in Neural Information Processing Systems, 35, pp.1596-1611.
2.Gupta, J.K. and Brandstetter, J., 2022. Towards multi-spatiotemporal-scale generalized pde modeling. arXiv preprint arXiv:2209.15616.



Shallow Water Equation

Model #Params Rel. L error () e S Vo WD T € T #nS S
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Results

T+1 T+2 7' +3 T+4

Model # Params NS CNS DR

ENO 05M  912% 960% 12.00% E
FENO 13M  839% 520% 5.71% 5
GK-T 1.6 M 9.52% 377%  3.59 % f
GNOT 1.8M  1720% 420% 3.11%

Oformer 19M  1350% 625% 1.92%

DPOT-Ti 7M 1250 % 397% 3.21%

MPP-S 30M - - 1.12 % £
DPOT-S 30 M 991% 337% 3.79 % 5
MPP-L (Pre-trained) 400 M 0.98 % g

DPOT-L (Pre-trained) 500 M 798% 216% 232%
DPOT-L (Fine-tuned) 500 M 278% 131% 073 %
DPOT-H (Pre-trained) 1.03 B 379% 180% 191%

CViT-S 13M 375% 271 % 113 %
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Hao, Z, Su, C, Liu, S., Berner, J., Ying, C., Su, H., Anandkumar, A., Song, J. and Zhu, J., 2024. Dpot: Auto-regressive denoising operator transformer for large-scale
pde pre-training. arXiv preprint arXiv:2403.03542.



Ablation Studies
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Visualizations of decoder cross-attention map
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