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Simulating & Analyzing the Atmosphere is Challenging
Multi-scale, multi-physics, nonlinear, high-dimensional & chaotic/noisy…



General circulation models (GCMs): Large-scale processes

𝑑𝑼

𝑑𝑡
= 𝐅(𝑼, 𝐏(𝑼))

solved numerically at 𝒪(10)-𝒪(100) km resolutions

https://admg.engin.umich.edu/

Current Approach:
Low-resolution numerical solver + physics-based subgrid-scale (SGS) models

Parameterizations (closures) for SGS processes

𝒖 = 𝐏(𝑼)
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https://admg.engin.umich.edu/


1910: first numerical weather 
forecast failed (L. Richardson)

modified 
From

www.easterbrook.ca

1949: first successful 
numerical weather forecast

1960s: first 
successful GCMs

1928: Courant-Friedrich-Lewy 
(CFL) condition

data science:
pattern matching
I. Krick (Caltech)

vs.
first principles, PDEs

CG. Rossby (U. Chicago)

1st Revolution in Weather and Climate Prediction: 1950-2000
Numerical solution of PDEs governing atmosphere, ocean etc.

Source: 
NOAA

So
ur
ce
: 
N
A
S
A

Source: 
NASA
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http://www.easterbrook.ca/


AI-based approach: Low-resolution numerical solver + 

data-driven subgrid-scale (SGS) models
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ℒ = 𝒖 𝑡 + ∆𝑡 − 𝐍𝐍(𝒖 𝑡 , 𝜽) 2

𝒖 𝑡 + ∆𝑡 = 𝐍𝐍(𝒖 𝑡 , 𝜽)

autoregressive

initial-value solver

2nd Revolution in 1-15 Day Weather Forecasting (2018-now)
105x faster and more accurate than the best physics-based models
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𝒖 𝑡 + ∆𝑡 = 𝐍𝐍(𝒖 𝑡 , 𝜽)

autoregressive

2022: https://arxiv.org/abs/2202.11214

Trained only 
on 33 variables
of 1979-2017 25km 
ERA5

~75M learnable parameters 
(transformer + FNO)

out-of-sample forecast: water vapor 

2nd Revolution in 1-15 Day Weather Forecasting (2018-now)
105x faster and more accurate than the best physics-based models



2nd Revolution in 1-15 Day Weather Forecasting (2018-now)
2019 Oxford workshop: getting close to IFS is 10 years away

2022: FourCastNet (done) → 2023: IFS is beat!

Pangu
Bi et al. 2023 (Nature): 200M parameters (transformer)

GraphCast
Lam et al. 2023 (Science): 300M parameters (graph neural nets)

𝒪(105) x faster 

Lam et al. (2023) www.ecmwf.int 8

NeuralGCM

Aardvark

Salient

GraphCast

FourCastNet

WeatherMesh

Aurora

ClimaX

FuXi

Pangu

Prophet

Prithvi

From Neil Hausmann
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1st Revolution in Subseasonal-to-Seasonal (S2S) Forecasting?
Requires capturing the interactions of atmosphere-ocean-land and 

generating calibrated ensembles 

Source: NOAA



Why generate a forecast with an AI model? Speed is a huge factor

● Several hours to run an NWP forecast but several minutes to 

run an AI forecast - instead of redoing all of the physics for 

each simulation, you can emulate patterns much faster

● Thousands of CPUs vs 1 GPU to make a forecast - energy 

savings

○ Large upfront cost in training, but once these models are 

trained, much faster to inference

○ Generally only need one GPU for inference (although 

several GPUs needed for training)

● GPUs - great for parallelism -



AI Weather Model Architecture is on a Spectrum of 
Data-driven Behavior

DynamicalPurely 

data driven

Hybrid

IFS

GFS

NeuralGCMACE2FourCastNet

PanguWeather

FuXi

FuXi S2S

GraphCast

AIFS

Gencast

incorporates physical 

center of mass rules
combines a dynamical 

core with machine 

learning processes purely dynamical, 

simulating earth 

system with 

physical laws

earth-specific 

transformer 

mechanisms

conditional 

diffusion

https://www.nature.com/articles/s41612-025-01090-0


Graphcast looks at earth as nodes in a mesh, examining how nodes 
interact

source: Lam et al. 2022, 2023

● Initial weather states defined on a 

25 km grid - 5 surface variables, 

6 atmospheric variables, 

repeated at 37 pressure levels 

here 

● Multi-mesh grid that enables 

earth-specific training across 

nodes (locations) and 

atmospheric levels

https://arxiv.org/abs/2212.12794
https://www.science.org/doi/10.1126/science.adi2336


AIFS (deterministic and ensemble) works as a transformer with a sliding attention window

source: ECMWF, see recent seminar on AIFS ENS for more information on recent advances

AIFS model (GNN and transformer 

based)



Double penalty problem and how it relates to spectral bias

a) unstable

b) stable yet unphysical

d) spectral bias 

c) mean z500 & u250

a) unstable

b) stable yet unphysical

d) spectral bias 

c) mean z500 & u250

ℒ = 𝒖 𝑡 + ∆𝑡 − 𝐍𝐍(𝒖 𝑡 , 𝜽) 2

𝒖 𝑡 + ∆𝑡 = 𝐍𝐍(𝒖 𝑡 , 𝜽)

Chattopadhyay, Sun & Hassanzadeh (2023 https://arxiv.org/abs/2304.07029)



source: Price et al. 2025

Conditional diffusion models, one way to 

address spectral bias isse - example GenCast

Son et al, 

2021

https://www.nature.com/articles/s41586-024-08252-9


NeuralGCM setup - includes a dynamical core - aims to tackle spectral bias challenge with 

learned physics - maintain physical consistency in the subgrid scales

Source: Kochkov et al. (2024) Nature

https://www.nature.com/articles/s41586-024-07744-y


AIFS ensemble tackles spectral bias with improved training metrics -

training probabilistically instead of optimizing for deterministic total error

What is continuous ranked probability 

score (CRPS)?

Scoring rule that compares full 

predicted probability distribution to 

observed outcome, rewarding 

predictions that capture both large-scale 

trends and small -scale variations

Training include variance requirements -

reflecting how confident a model is 

about the small- vs large- scale patterns

AIFS ENS is optimized with a 

modified version of CRPS to make 

the scoring fair, accounting for 

ensemble size - see intro to AIFS 

ENS for more details

https://www.youtube.com/watch?v=pWxkf7cGI9k&list=PLwv2rZ5UPWUEMJ_lDBdaU-79y2wLv4Al-
https://www.youtube.com/watch?v=pWxkf7cGI9k&list=PLwv2rZ5UPWUEMJ_lDBdaU-79y2wLv4Al-


AIFS ensemble training approach

● Trains an ensemble of forecasts gets 
an injection of noise

● Trained on fair continuous ranked 
probability score (CRPS) based loss 
– fair CRPS accounts for number of 
ensemble members used – can 
train AIFS with 2 members only

Result: CRPS loss not possible for the 
model – so the model has not lost the 
small scale of variability to fulfill the 
training target by Day 10.

Some differences between AIFS single vs. latest ensemble version
How models are trained matters - improvements with CRPS loss

less blurry by day 10, more physical realism

Day 1 Forecast Day 10 Forecast

AIFS 

Single

AIFS 

Ensemble

Source: ECMWF, see recent seminar on AIFS ENS for more information on recent advances

Note, probabilistic version of NeuralGCM also trained to 

minimize CRPS to reduce spectral bias

https://www.youtube.com/watch?v=pWxkf7cGI9k&list=PLwv2rZ5UPWUEMJ_lDBdaU-79y2wLv4Al-
https://www.nature.com/articles/s41586-024-07744-y


Spectral bias - a thorn in AI models - NGCM big push to cut down on 
spectral bias (a reason for the ‘blurriness’) 

Source: Kochkov et al. (2024) Nature

https://www.nature.com/articles/s41586-024-07744-y


- Benchmark! Benchmark! Benchmark!

- Understanding the limitations: Data and loss function!

AI is powerful but not magical: it cannot forecast things it has not 

seen*!

- Real-time forecasts challenges: see Adam’s talk

- Blending (multi AI models, NWP, other data): see the monsoon’s talk 

- Localization: see DeepMind’s talk

- Downscaling: see Forecast-in-Box and G42 talks 

- Understanding “uncertainties” of the forecasts

Area of research across AI: see Souhaib’s talk

Practical Considerations for Using AI Models



Can AI Predict Events Rarer and Stronger than What is Seen 
in the Training Set?

Can they extrapolate at the distributions’ tails?
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Gray swans (AI+climate): Physically possible weather extremes (for a given climate) that have not 
occurred in the often short training sets

Training dataset 
(short, e.g., 40 years)

Gray swan events

Longer dataset
e.g., 1000 years

Black swan event

Credit: EOS 2022



Can AI Predict Events Rarer and Stronger than What is Seen 
in the Training Set?

Can they extrapolate at the distributions’ tails?

NO!
- Rare events cause “data imbalance” --> 

they do not contribute to the loss function

- So rare absent from training set: AI cannot do out-of-distribution generalization 
(extrapolation) 

YES!
- AI models learn atmospheric dynamics 

(Hakim & Masanam, 2024 AIES; Rackow et al, 2024 …)

22

ℒ = 𝑿 𝑡 + ∆𝑡 − 𝐍𝐍(𝑿 𝑡 , 𝜽) 2

𝑿 𝑡 + ∆𝑡 = 𝐍𝐍(𝑿 𝑡 , 𝜽)



April 2024 Rainfall in UAE: A Gray Swan Event
Can AI weather models predict such an unprecedented event?

1979-2015 Sun et al. (2025)
http://arxiv.org/abs/2505.10241
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http://arxiv.org/abs/2505.10241


Controlled Experiments with FourCastNet: Rarest Extreme Events are 
Removed from Training Set

24

30S-30N

24



Controlled Experiments with FourCastNet
Can AI weather models predict gray swan tropical cyclones (TCs)?
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30S-30N

Why this should not work?

- Rare events cause “data
imbalance”
- AI cannot do
out-of-distribution generalization 
(extrapolation) 

Why this might work?

- Learning dynamics vs 
memorization

- FourCastNet might learn unseen 
Cat-5 TCs (gray swans) from weaker 
(Cat 1-2) TCs in the training set



Controlled Experiments with FourCastNet
Can AI weather models predict gray swan tropical cyclones (TCs)?

26

30S-30N



FourCastNet Cannot Predict Gray Swans
No out-of-distribution generalization/extrapolation at the tails

27

30S-30N

It did not work!
FourCastNet cannot learn 
unseen Cat-5 TCs (gray 
swans) from weaker 
(Cat 1-2) TCs in the 
training set



FourCastNet Cannot Predict Gray Swans: Gives False Negative!
Expected to be the case with all current AI models

Shading: 25-75 percentiles

20 Cat 5 TCs in testing set (2018-
2024)

50 perturbed ICs

5 realizations of each model

28



Controlled Experiments with FourCastNet
Why did the Dubai forecasts work?!

29

30S-30N
Can the AI model translate learning in 
one region to another for “dynamically 
similar” events? YES!



April 2024 Rainfall in UAE: A Regional Gray Swan Event
There are many stronger “dynamically similar“ events in the training set in other regions

1979-2015

30

Only dynamically 
similar events



Setting up your AI Weather Lab

AIM for Scale 
AI Weather Training Program

SEP 22-26

Tech Team



JOINT
13:30 - 17:00

AIM for Scale 
AI Weather Training Program

SEP 22-26
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