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Physics-informed neural nets
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Raissi+, Physics-Informed Neural Networks: A Deep Learning Framework for Solving Forward and Inverse Problems Involving Nonlinear Partial Differential Equations, J. Computational Physics, 2019

Sirignano and Spiliopoulos, DGM: A Deep Learning Algorithm for Solving Partial Differential Equations, J. Computational Physics, 2018 b



Physics-informed neural nets
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Bonfanti+, The Challenges of the Nonlinear Regime for Physics-Informed Neural Networks, NeurlPS 2024
Matsubara & Yaguchi, Number Theoretic Accelerated Learning of Physics-Informed Neural Networks, AAAI 2025

Wang+, An expert's guide to fraining physics-informed neural networks, arXiv:2308.084648 8



Diffusion models / flow matching

=N o JAXDMmEIORRNRERZEFEITDITA1TDETIL
RIREER - BUEZFDER CTHlldr

po(xe—1]x4)
g O Oz
Xf |Xt 1 .

figure from [Ho+ 2020]

P q P q
» .
B @ e (@
i ﬁ
Xi
(a) Data. (b) Path design. (c) Training. (d) Sampling.

figure from Lipman+, Flow matching guide and code, arXiv:2412.06264

Ho+, Denoising Diffusion Probabilistic Models, NeurlPS 2020
Lipman+, Flow Matching for Generative Modeling, ICLR 2023
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Bastek+, Physics-Informed Diffusion Models, ICLR 2025
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Li+, Fourier Neural Operator for Parametric Partial Differential Equations, ICLR 2021
Kovachki+, Neural Operator: Learning Maps Between Function Spaces With Applications to PDEs, J. Machine Learning Research, 2023

Lu+, Learning Nonlinear Operators via DeepONet Based on the Universal Approximation Theorem of Operators, Nature Machine Intelligence, 2021 14
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Fourier neural operators [Li+ 2021]
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figure from [Li+ 2021]

Li+, Fourier Neural Operator for Parametric Partial Differential Equations, ICLR 2021



DeepONet [Lu+ 2021]
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Lu+, Learning Nonlinear Operators via DeepONet Based on the Universal Approximation Theorem of Operators, Nature Machine Intelligence, 2021
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Bleeker+, NeuralCFD: Deep learning on high-fidelity automotive aerodynamics simulations, arXiv:2502.09692
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Simulation-based inference

LEREL p(x | 0) DIEZFTELEY . H&DM p(0 | x) ZiEim I DRIE
» [RERUMS (ikelihood-free inference) | FE/zl&

[ =L —> 3> ICEDLH#E:R (simulation-based inference; SBI) |

>Bi /\9 ‘ * ...: ‘ = j\/\e

Cranmer+, The frontier of simulation-based inference, Proc. the National Academy of Sciences, 2020
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Marlier+, Simulation-based Bayesian inference for multi-fingered robotic grasping, arXiv:2109.14275
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Andry+, Appa: Bending weather dynamics with latent diffusion models for global data assimilation, arXiv:2504.18720
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Hamiltonian neural networks [Greydanus+ 2019]
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Greydanus+, Hamiltonian Neural Networks, NeurlPS 2019
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Ark+, Interpretable Sequence Learning for COVID-19 Forecasting, NeurlPS 2020
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Zeng+, TossingBot: Learning to Throw Arbitrary Objects with Residual Physics, RSS 2019
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Heiden+, NeuralSim: Augmenting Differentiable Simulators with Neural Networks, ICRA 2021 29
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Torrente+, Data-Driven MPC for Quadrotors, IEEE Robotics and Automation Letters, 2021
Saltzmann+, Real-time Neural-MPC: Deep Learning Model Predictive Control for Quadrotors and Agile Robotic Platforms, IEEE Robotics and Automation Letters, 2023 30
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Takeishi, Learning Deep Hybrid Models with Sharpness-Aware Minimization, arXiv:2602.06837
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Foret+, Sharpness-Aware Minimization for Efficiently Improving Generalization, ICLR 2021
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