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Neural networks as universal
approximation systems

Given enough compute and data any
relationship can be learnt....

For which problems is this true?
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A short history of data-driven weather forecasting

February 2022 - First competitive December 2022
medium-range systems * Deepmind — GraphCast

» Keisler — GraphNN, competitive with
GraphNN

GFS (USA) .
0.25° Many parameters with
* NVIDIA - FourCastNet Fourier+, 0.25°, comparable skill to IFS.

0O(10%) faster & more energy efficient

than IFS
November 2022 January-June 2023
* Huawei - PanguWeather Microsoft — ClimaX

China academia/Shangai Met

Vision Transformer — FengWu
0.25° “More accurate tropical Alibaba — SwinRDM
cyclone tracks” than the IFS. NVIDIA - SFNO

2018 — Concept
explored (ECMWF
and others)...

< ECMWF

December 2023
* Deepmind — GenCast

Probabilistic forecast
(ensemble) — 0.25°
“Outperforming the
leading operational
ensemble forecast”
(aka ECMWF)

June 2024
* Microsoft — Aurora

Higher resolution — 0.1°
Atmospheric composition




Physics-based Forecast: Al Model:
Copernicus ERAS5: 180 000 0.3

15 billion (one off) per forecast

Hersbach, H et al. (2020)

per forecast

Training dataset
Based on a physical model

~1000x
reduction in
energy
Forecast time
reduced from
~30minutes to
~3minutes

Unit: System Billing )
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A short history of data-driven weather forecasting

February 2022 - First competitive
medium-range systems

» Keisler — GraphNN, competitive with

* NVIDIA - FourCastNet Fourier+ , 0.25°,

2018 — Concept
explored (ECMWF
and others)...

GFS (USA)

December 2022
* Deepmind — GraphCast

GraphNN

0.25° Many parameters with

0O(10%) faster & more energy efficient

than IFS

< ECMWF

November 2022
* Huawei - PanguWeather

Vision Transformer
0.25° “More accurate tropical
cyclone tracks” than the IFS.

comparable skill to IFS.

January-June 2023

Microsoft — ClimaX

China academia/Shangai Met
— FengWu

Alibaba — SwinRDM
NVIDIA - SFNO

June 2023
ECMWF — ML
project begins

Early 2023
Prototype AIFS
developments

begin

December 2023
* Deepmind — GenCast

Probabilistic forecast
(ensemble) — 0.25°
”Outperforming the
leading operational
ensemble forecast”
(aka ECMWF)

June 2024
* Microsoft — Aurora

Higher resolution — 0.1°
Atmospheric composition




Three strands of the machine learning project

The hybrid model

Enhanced and accelerated
implementation of ECMWF ML
Roadmap

Delivering results

Development of a ML

ensemble forecast

Data-driven model initialised with
NWP analysis hence requiring
conventional data assimilation.

Embracing novelty

Observations-driven
ML system

A whole system reinventing the path
from observations to predictions.

A scientific challenge



Il ECMWF ML Pllot
Partners

Member State Pilot project
* 14 Member States and ECMWEF.

« Working together across 4 work packages.
» Sharing technical and scientific developments on:
— Data-driven modelling.
— Data-driven ensembles.
— Data-driven data-assimilation.
— MLOps

Part of
EUMETNET E-Al initiative

“Artificial Intelligence and Machine Learning for Weather,
Climate and Environmental Applications” (E-Al)
Optional Programme

High level objectives:
* To enhance the collaboration of European NMHSs and external partners
in the area of Al/ML in weather, climate and environment.

* To share the developments which take place under E-Al using a
commonly-used permissive open-source licence.

Coordinating Member for E-Al: DWD (Roland Potthast) @
EUMETNET



Three strands of the machine learning project

The hybrid model

Enhanced and accelerated
implementation of ECMWF ML
Roadmap

Delivering results

Development of a ML

ensemble forecast
Data-driven model initialised with

NWP analysis hence requiring
conventional data assimilation.

Embracing novelty

Observations-driven
ML system

A whole system reinventing the path
from observations to predictions.

A scientific challenge



Prediction(s)

Modelling
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A short history of data-driven weather forecasting

February 2022 - First competitive December 2022
medium-range systems * Deepmind — GraphCast

» Keisler — GraphNN, competitive with
GraphNN

GFS (USA) :
0.25° Many parameters with
* NVIDIA - FourCastNet Fourier+ , 0.25°, comparable skill to IFS.

0O(10%) faster & more energy efficient
than IFS

November 2022 January-June 2023 December 2023
* Huawei - PanguWeather Microsoft — ClimaX * Deepmind — GenCast

China academia/Shangai Met LR A,
Vision Transformer — FengWu Probabilistic forecast
0.25° “More accurate tropical Alibaba — SwinRDM (ensemble) — 0.25°
cyclone tracks” than the IFS. NVIDIA - SFNO ”Outperforming the

* Microsoft — Aurora

Higher resolution — 0.1°

leading operational Atmospheric composition

ensemble forecast”
(aka ECMWF)

June 2023 Jan/Feb 2024 Feb 2025: ECMWF

2018 — Concept
explored (ECMWF ECMWF - ML ECMWEF - AIFS — AIFS Single 1

and others)...

project begins first updates operational

Early 2023 October 2023 July 2024...
Prototype AIFS ECMWEF - AIFS ECMWEF - First AIFS
developments experimental ENS experimental

begin forecasts live
S ECMWF J




AIFS Single vs IFS AIFS ENS CRPS vs IFS ENS

Lang et al 2024a Lang et al 2024b
Operational system from 25/2/25 Operational system later this year
INPUTS
Atmospheric state: M S ——
X(1), X(t-6h) Prediction: ;_-—’ U e Target
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Case Studies: AlFS Single v1

e Snowiall

Monday 20 January 'y 2025 00 UTC ecmf t+48 VT:Wednesday 22 January 2025 00 UTC st
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Rare snow along the Gulf Coast
Structure well-predicted but underestimated

Heavy precipitation event in

Queensland
AIFS predicts more extreme
precipitation than the IFS

More on AIFS
case studies
from Linus on
Thursday
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reme anemoi
Open source ML software
framework for earth system
modelling. Underpins AIFS, DestinE
Al activities and more activities See Jorn’s talk for more!
across Europe.

Open recipes for training the AIFS
and open models.

Developed and used by
meteorological centers across
Europe.

AEMET, DWD, FMI, GeoSphere,
KNMI, MET Norway, Meteo Swiss,
Meteo France, RMI, & ECMWEF

2023/05/23 06Z

Pooling of resources
without resulting in a single
forecasting model.

ANEMOI in action: developing weather model for the Nordics

Y
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RUﬂning AIFS yOurself interaCtively https://huggingface.co/ecmwf/aifs-single-1.0

~  Hugging Face Models Datasets Spaces Posts Docs Enterprise  Pricing = @
aifs-single-1.0T ke Following ~ ECMWF
Graph Machine Learning ~ Anemol @ English  doi:10.57967/hf/4629 2406.01465 o cc-by-4.0

Model card Files and versions Community Settings H

& Edit model card

AIFS Single - v1.0 Esznloads last month \/\\_,W\

View full history

Here, we introduce the Artificial Intelligence Forecasting System (AIFS), a data driven forecast
model developed by the European Centre for Medium-Range Weather Forecasts (ECMWF).
+ Inference Providers new

The release of AIFS Single v1.0 marks the first operationally supported AIFS model. Version 1 *¢ Graph Machine Learing

supersedes the existing experimental version, 0.2.1 AIFS-single. The new version, 1.0, brings changes

to the AIFS Single model, including among many others:

Improved performance for upper-level atmospheric variables (AIFS Single still uses 13 pressure-

- . @ Collection including ecmwf/aifs-single-1.0
levels, so this improvement mainly refers to 50 and 100 hPa)

& Collection

Improved skill for total precipitation. AIFS Single

Additional output variables, including 100 meter winds, snow-fall, surface solar-radiation and

land variables such as soil-moisture and soil-temperature.

« AIFS Single 1 on Hugging Face — an open

platform for sharing the models.

3. Load the Model and Run the Forecast
* Includes interactive notebook on how to run

from ECMWF open data, can be adapted for Download the Model's Checkpoint from Hugging Face & create a Runner
other sources.

checkpeint = {"huggingface":"ecmwf/aifs-single-1.0"}

V aa
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Competition Structure Submitting Forecasts Evaluation System Resources About News

Sub-seasonal and beyond
Clear skill for AIFS on sub-seasonal (Lang et al 2024b) A Weather

Lo _RMM index: CORR (bivariate) 20180102-20221225 QUESt
. “3‘0” # AIFS-CRPS 096 By £ ECMWF
., % ® s
’§§$z§¥ The Al Weather Quest, organised by the European Centre for Medium-
081 ;; Range Weather Forecasts (ECMWF), is an ambitious international
#;i% competition designed to harness artificial intelligence (Al) and machine
T 0.6 # learning (ML) in advancing weather forecasting. It challenges participants
& 0.
§ to produce and submit sub-seasonal weather forecasts — covering the
g + critical weeks between medium-range and seasonal predictions — using
& 0.4 1 %+%## AlI/ML models.
1)
0.2 1 R
o ECMWEF organising a sub-seasonal competition this year
' 10 20 30 40

Forecast lead time (days)

First model development and evaluation for seasonal
Kent et al. 2025

a) ACE2 MSLP correlation

b) GloSea MSLP correlation

-

=
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What about climate?

293 Surface temperature (K)
ERA5 1979-2020

292 Pangu-Weather
AIFS v0.2.1

291 GraphCast
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Exploring robustness of data-driven weather
models in changing climate
Rackow et al. 2024

Developing Climate emulator in Destination Earth
See Chris Bretherton for more on Climate.
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Three strands of the machine learning project

The hybrid model

Enhanced and accelerated
implementation of ECMWF ML
Roadmap

Delivering results

Development of a ML

ensemble forecast

Data-driven model initialised with
NWP analysis hence requiring
conventional data assimilation.

Embracing novelty

Observations-driven
ML system

A whole system reinventing the path
from observations to predictions.

A scientific challenge



Hybrid applications of ML

Many applications across the Centre.

Observation operators.

Observation monitoring.
Ensemble of DA emulation.

Learning model error within IFS DA systems

Model Error Estimation and Correction in the IFS

variables.

normalised difference

Figure: Score card 2022/06/03 to 2022/08/31. 12H
assimilation window with NN model error correction
trained online.

model error

Training the NN parameters inside 4D-Var results in further forecast skill improvements for most

Figure: Z500 NH anomaly correlation. 2022/06/03
to 2022/08/31. 12H assimilation window with NN

2|500|n.hem|ccaflan

72 96 120 144 168 192 216 240

correction trained online.

Vaa
L ECMWF BONAVITA - DATA ASSIMILATION AND MACHINE LEARNING T.C. 2025

From Marcin Chrust (ECMWF)

Observation and DA System Monitoring

Observation
statistics

TensorFlow
(LSTM autoencoder) —
detects anomalies

Re-training
performed
periodically

ML classifier
(random forests) —
improves classification

Training based on labelled
warnings populated from the
operational alarm system

Feedback
Improve training

Consolidate warnings and
assign severity per data type

0-B departures timeseries |

Anomaly detection module
(LSTM autoencoder)

Event classifier
(Random Forest)

Dahoui, M. (2023). Use of machine
learning for the detection and classification
of observation anomalies, ECMWF
Newsletter N. 174, Winter 2023

Hybrid Physical-ML models of the observations (H)

Satellite observations Geophysical variables

SSMIS F-17 channel 13 (19 GHz, v)
Microwave brightness temperatures
3 December 2014

Equations & parameters —

where sometimes knowledge
| / is quite uncertain
_xl — _W1 -
Gas spectrosco
x2 WZ P Py
x3 W3 Scattering from hydrometeors
=h Xy R 4 Cloud and precipitation micro and
macro-structure
X5 | |Ws
Snow / ice grain size and structure
-xl =n = -Wl =m = g

From Alan Geer, ECMWF



Driving the IFS with the AIFS

 Following the work by Hussain et al (2024)

* Develop custom AIFS version that
operates on 137 model levels.

* Up to 15% improvements in ACC/RMSE

shaded boxes for confidence boundaries: () 95% () 509%/95% @ 959./9¢
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Three strands of the machine learning project

The hybrid model

Enhanced and accelerated
implementation of ECMWF ML
Roadmap

Delivering results

Development of a ML

ensemble forecast

Data-driven model initialised with
NWP analysis hence requiring
conventional data assimilation.

Embracing novelty

Observations-driven
ML system

A whole system reinventing the path
from observations to predictions.

A scientific challenge




Al-DOP: How to learn a forecast from observations

SEVIRI prediction SEVIRI target

* Use historical observations to train a Neural Network to 10.8ym =
forecast future observations (don’t need analyses)

* Include all available observations of the full Earth system
(atmosphere, ocean, land) simultaneously .

* Once trained, initialize the model directly with the i
observations themselves o[

« The model can produce a forecast at unobserved 1
locations (e.g., on a grid)

SEVIRI input
30°E 60°E 90°E 90w 60°W 30°W 0*

30°E 60°E 90°E

60°N

40°N

30°E 60°E 90°E

MLP
MLP
LATENT
Graph 250 250
Graph cross SPACE at;:ﬁti;r:oss
i EMBEDDING
attention ig; D6 ot (decoder) " 25 245
240 240
MLP = =
sk 235
1
1
. : 230 230
: 1 225
ey 225
INPUT Rollout 220 220
Observations in [t-12h, t)
OUTPUT
Observations in [t, t+12h)
=
s ECMWF 21

More from Tony (Tuesday) and Mihai (DA workshop, Thursday)



ECMWEF - DESTINATION EARTH

EXPANDING TOWARDS AN EARTH-SYSTEM Al MODEL WITH |

(ATMOSPHERIC COMPONENT) {LAND ) (UCEAN) ( SEA-ICE) (WAVE) (HYDRDLOGY)

FORECASTING THE WEATHER FOR WEATHER FOR CLIMATE DEMONSTRATORS FOR
(ECMWF'S AIFS) EXTREMES PROJECTIONS IMPACT SECTORS



ECMWEF - DESTINATION EARTH

tatus: First protypes across the Earth System

Ocean Surface Waves - 2022-08-23T06:00

ARCTIC - 2022-01-03

0 50 100 150 200 250 300 350 0 1 2 3 4 5
Mean surface wave direction Surface wave height (m)

Precipitation and Runoff - 2023-06-01T12:00

00000 00002 00004 00006 00008 00010  0.000 0.001 0.002 0.003 0.004 0.005 m

Runoff (m) Total Precipitation (m) 0 5 10 15 20 25 30 0.0 0.2 0.4 0.6 0.8 1.0
Sea surface temperature (°C) Sea ice area fraction



Al in Copernicus
C3S

» Leverage developments in ML-based
downscaling.

» Create near-real-time regional reanalysis using
ML downscaling system and ERAST.

* Downscaling for regional climate projections.

25",0,850 285
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CAMS

 Leverage AIFS/Anemoi/CAMS datasets.

— Build AIFS-compo.

— First prototypes in development.

* Also explore hybrid approaches for IFS-compo

Total Aerosol Optical Depth at 550nm AIFS FC

-

2022-09-01T12:00

rw\s\
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0d
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Weather Generator

B2 ERAS nowcashng _Q‘ n WeatherGenerator
=y 2 o

c o CERRES medium-range q 3

o o @

o wn

decadal projections  ~

A DestinE DT — data-assimilation g g
gz o WeatherGenerator F reanalysis 3 o Exploring the next generation
g po(z,y) o ® & of ML models.

wn — . .

Single foundation models
. a0 .

” satellite — energy output © & across time, space and task
g T 5

= ground-based extreme event risk § 3
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centre/news/2024/weathergenerator-project-aims-recast- netherlands
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Outlook

* Empowering Member States to leverage data-driven modelling through Anemoi.
— Collaboration via EUMETNET E-Al and ECMWEF ML Pilot Project [See Jorn’s talk on Tuesday]

» Operationalisation of the AIFS ENS CRPS. [See Simon’s talk on Thursday]
— Learn from data in the hands of users. [See Linus’s talk on Thursday]

— Machine learning offers the idea of faster cycles to improve.
» Experimental subseasonal forecasting and beyond.
* How can we build trust beyond experience? [See Amy’s talk on Thursday]
« Will ML teach us something about predictability? [See Greg’s talk on Friday]
* Widen use of ML across ECMWF activities.

* Like increase in number of forecasting systems.
— Bespoke forecasting systems for specific use-cases?

— How to communicate well about optimal use of many systems to users?

Y aa
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Neural networks as universal
approximation systems

Given enough compute and data any
relationship can be learnt....

For which problems is this true?

Answer: Many...

_c EC MWF © ECMWEF April 10, 2025



Extremes: Extreme precipitation in Central Europe, storm Boris
* AIFS-nudged less jumpy than IFS (48r1 & 49r1). No under-estimation like in AIFS Single.

0-3 day lead time 3-6 day lead time 4-7 day lead time
s ECMWF 3-day accumulated precipitation 28
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