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Moving beyond computer vision and language
Capturing the continuum



Realistic Climate Simulation is a Computational Grand Challenge
Capturing Fine-Scales is Too Expensive (currently)
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Figure adapted from: Schneider, T., Teixeira, J., Bretherton, C. et al.  “Climate goals and computing the future of clouds”. Nature Climate Change 7, 3–5 (2017)
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Speedup leads to better probabilistic estimates
Large ensembles in seconds



Methods for Scientific 
Computing and Engineering 



Capturing the continuum: neural operators

Train and Inference at any discretization

Neural Network Neural Operator

Input and output at fixed resolution Input and output at any points in domain



Capturing the continuum: neural operators

• Query at any point in the domain

• Decouple resolution and number of parameters

• Converges upon mesh refinement to a limit (continuum).

Mesh refinement

Converging solution



A General Framework for Neural Operators
Integral Linear Operator as a Core Building Block
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Learn weights R in Fourier 
Domain

Integral linear operator

Perform convolution in Fourier domain

Convolution operator
(special case of integral operator)

Fourier Neural Operator
Fourier transform for global convolution



FNO: Fourier Neural operator

Discretization invariant learning on regular grids

• (Fast) Fourier Transform implements global convolution

• Compose global convolution with non-linearity

Input Output
Spectral 

Convolution
Non-linearity

Fourier Neural Operator for Parametric Partial Differential Equations, Zongyi Li, Nikola Kovachki, Kamyar Azizzadenesheli, Burigede Liu, Kaushik Bhattacharya, Andrew Stuart, 
Anima Anandkumar, ICLR’21

Residual connection



Learning across resolutions with Neural Operators

training data
(64x64)

prediction
(256x256)



Learning on a Sphere



Fourier Transform on a Sphere

Sine/cosine -> circular functions (spherical harmonics)

FourCastNet 3: A geometric approach to probabilistic machine-learning weather forecasting at scale, Bonev et al.





AI FOR EXTREME WEATHER FORECASTING

SFNO enables larger ensembles and better risk assessment

Extreme

winds
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FourCastNet 3: A geometric approach to probabilistic machine-learning weather forecasting at scale, Bonev et al.



Learning on Arbitrary 
Geometries



Graph Neural Operator

Finer

discretization

Target

Geometry

Integrate over local ball,
centered on point x,
with radius r,

Layer l



Scaling Neural Operators



Scale is Often the Best Path to Better Skill
However, experimentation at scale is difficult

Image from: Scaling Laws for Neural Language Models, Kaplan et al, 2020 



Scaling up 
Experimentation at scale is difficult

• Need specialized implementation (e.g. Spherical harmonics)

• Need to handle heterogeneous data/geometries:

• Batching is hard

• Computationally expensive

• I/O and storage become an issue as resolution increases

• Need for various types of parallelism (Data Parallel, Fully-Sharded Data Parallel, Domain 
Parallelism)



Scaling up 
Experimentation at scale is difficult

• Custom kernels

• Simultaneous data & model parallelism 

• Incremental training

• Tensor Factorization 1149 280 23
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Neural Operators in Python



Learning Neural 
Operators in Python

Datasets

Darcy 

Flow

Navier-

Stokes

Car-CFD

…

Transforms

Normalizers

Multi-Grid

Data 

Processors

…

Layers

Spectral Convs

NO Blocks

Embeddings

Local Integrals

…

Models

TFNO

FNO

GINO

SFNO

…

Meta-algos

Trainer

MPU

Losses:
(L2, Sobolev, 

PINO, …)

…

A Library for Learning Neural Operators, Jean Kossaifi, Nikola Kovachki, Zongyi Li, David Pitt, Miguel Liu-Schiaffini, Robert Joseph George, 
Boris Bonev, Kamyar Azizzadenesheli, Julius Berner, Anima Anandkumar

https://github.com/neuraloperator/neuraloperator



Open Science
Model code, checkpoints, massively parallel training code and inference/scoring code



Open Source Software
Key technologies regularly ported to mature frameworks
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Thank you!

@JeanKossaifi
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