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Introduction

Exciting times for data driven weather modelling
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GenCast: Probabilistic weather forecasting with machine learning, Nature 2024
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https://www.nature.com/articles/s41586-024-08252-9

Current data driven models (the majority) @
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But..
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ERAS ~30km

Weather

Generator
We are spanning “only" part
of the phase space:
still far from a seamless ML
approach
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..and

Integrated Forecasting System (IFS) ; - Artificial Intelligence Forecasting System (AIFS)

Andreas Muller

WeatherGenerator.eu



Can we go beyond?

Towards a multi-resolution data driven model for Earth System science



We have lots of data at different scales
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We have lots of data at different scales

0.64,0.51,0.47-um, 20240328 02:00 UTC (1.0 km)

Example:
Himawari GEO

. Spatial resolution: 500m-2km
. Time resolution: 10 minutes
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.. and we have the technology to combine them

* Models that are multi-modal: couple text, video, images in the same feature space

* Models with trillions of parameters that can fulfill multiple-tasks
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.. and we have the technology to combine them &

* Models that are multi-modal: couple text, video, images in the same feature space

* Models with trillions of parameters that can fulfill multiple-tasks
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Can we use these ideas in Earth system science? 10
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Do we have enough data? @b

Do we have enough data?

For parametrization emulation — Yes, but pointless.

For global medium-range weather predictions — Yes, we have ERA.

For longer predictability horizons — The more data, the longer the horizon — Butterfly effect?
For seasonal predictions — Depends on the question and the approach.

For global data assimilation — To be seen.

For land modelling — Yes.

For sea-ice modelling — Yes.

For the ocean — Yes for the surface, no for the deep ocean.

For global atmospheric chemistry — Yes to emulate, no to become better than physical models.
For climate simulations to measure climate sensitivity — No.

X X

For studies of climate tipping points — No.

For extreme weather events in a future climate — Yes, in combination with physical models.
For local down-scaling — Yes for 2mT. Partly for precipitation. Data of physical models for 3D.
For prediction of grey swan events — Yes, when using data of physical models.
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Current data driven models (the majority)

ERAS reanalysis
~ Model trained and

BRGEEa tested for forecasting
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The WeatherGenerator in a nutshell

Satellite data

Ve -
Spatio-temporal representation

Reanalysis data of atmospheric dynamics

large scale

Model
Other sources machine learning

given by the trained
neural network
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Total dataset size: PB-scale
Training needs to capture different scales in space and time
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The WeatherGenerator in a nutshell @

Satellite data Input and output can be global or local, at

100m or 100km resolution, and from the past,
: -— present or future.
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Reanalysis data of atmospheric dynamics
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Key ingredient: Representation learning @

Use transformers to encode the information in feature space

t-2 t-1 t t+1

correlation between
inputs in feature space:
attention
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How to combine multiple time scales scales? ED

T A training window
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AROME
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How to deal with different resolutions? @

space-time target
coordinates

. per cell
ERAS — —
assimiliation engine

METEOSAT N
SEVIRI

SYNOP — ._ . cross-attention read-out head

. self-attention module

embedding
networks

prediction
heads

[ latent state

E global latent Earth system state
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Where do we stand?

We do have the prototype of a model that trains on multiple

datasets
target prediction pred ICtion
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https://github.com/ecmwf/WeatherGenerator
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https://github.com/ecmwf/WeatherGenerator

Downstream applications

Weather and climate prediction

40 year analyses for the Nordics [[EXEID
Extreme precipitation nowcasts for Africa ([[EXELID
Clouds and precipitation forecasting for the Nordics m
Alpine forecasts for Switzerland L) ’
21-day forecasts for the Nordics

Extreme weather forecasting for France m Efj

Extreme weather forecasting for Western Europe [EXZIR

Seasonal forecasts for Western Europe [N "

Global seasonal forecasting [JELEIR

Climate forecasling  Arctic sea-ice forecasting

Downscaled analyses for Switzerand [JXZF3) [ AP13 Jll AP14

Renewable energy
WXZED Solar and wind production forecasting
Power consumption forecasting
River inflow forecasting for hydropower
Multi-year weather scenarios for energy market modelling

Global extended-range forecasting [Nzl I’

Global medium-range forecasting [IEIXIN Model name Component(s) Model size
WeGen-Atmo-S Atmosphere 4-6 billion
WeGen-Atmo-M Atmosphere 10-20 billion
WeGen-Atmo-L Atmosphere 50-100 billion
WeGen-Land Land 100 million
WeatherGenerator Atmosphere, Land 4-6 billion/50-100 billion
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Challenges

Fundamental
science
B
Scaling:
ML HPC o Efficiently scaling distributed training
 How to move to a stochastic model?
5
. I, Accessibility:
* Deployment of the model for the different partners & the public
© 5 0 » Knowledge distillation studies
Maintenance:

* How to integrate new incoming data
* How to expand to new fields/variables without fully retraining the model each time?

WeatherGenerator.eu
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Some thoughts

Nobody knows where ML models will stand in 5 years from now
* How many models do we need?

* How will we integrate them with current NWPs2

There is no guarantee that this approach will work better than having
multiple models

but

We need to stretch the boundaries of what we think it’s possible with ML to shape the next
generation of Earth system models

WeatherGenerator.eu

21



o Funded b Coordinated by .,
RN the Europ){ean union £S5 ECMWF R A I "A;CQ/ We(ﬂ'her
Generator

The RAINA project is funded by the Bundesministerium fiir Bildung und Forschung (BMBF) under grant
agreement 01 1524075.
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