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What are we going to explore?

W

nat is data-driven forecasting?

W

nat datasets are used?

How are data-driven models trained?

W

nat architectures are used, and why?

W

nat are the current strengths/weaknesses?

Are data-driven models physical?

Other approaches for ML forecasting

L
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What is data-driven weather forecasting?

Conventional Weather Forecasting
Observing System

Initial Conditions v/ Numerical Model 8
(Analysis) — (Navier Stokes...) —

Data Assimilation

Data-Driven Weather Forecasting

Flexible data structure

/
/

“-»  Initial Conditions @ ML Model =
o (Data) —  (CNN, GNN..)) ‘@
Different terﬁporal frequencies TTraining

Historical Data
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Prediction
(T, z, ...)

Flexible output space

Prediction
(T, z, ...)



A short history of data-driven weather forecasting

February 2022 - First competitive
medium-range systems

» Keisler — GraphNN, competitive with
GFS (USA)

* NVIDIA - FourCastNet Fourier+, 0.25°,
0(10%) faster & more energy efficient
than IFS

November 2022
+ Huawei — PanguWeather

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

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

December 2022
* Deepmind — GraphCast

GraphNN
0.25° Many parameters with
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

October 2023
ECMWEF - AIFS
experimental
forecasts live

December 2023
* Deepmind — GenCast

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

Jan/Feb 2024
ECMWF - AIFS
first updates

July 2024...
ECMWEF - First AIFS
ENS experimental

June 2024
* Microsoft — Aurora

Higher resolution — 0.1°
Atmospheric composition

Feb 2025: ECMWF
— AIFS Single 1
operational

July 2025: ECMWF
— AIFS ENS
operational




What data”?
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The observing system

Sa’relli’[e observa'riins

) e

Geo-stationary satellites Polar-orbiting satellites GPS satellites — 2,200

g
2\

% Atmospheric

/o motion vector — 750,000 v Ozone - 124,000
7 S~ : m SCATT - 2,800,000

/ Radiances - 4,400,000
Radiances

AIRCRAFT - 150,000

Buoys -
Drifting — 35,000
Moored - 1,500

SYNOP - Ship - 10,000
PILOT - 800

BE

SYNOP - Land - 70,000

|
l
|
|
|
|
|
|
; METAR - 45,000

<~ ECMWF
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A complex system...

NOAA-13 MSU
Aqua AMSU-A
NOAA-15 AMSU-A {
NOAA-16 AMSU-A {
NOAA-18 AMSU-A |
NOAA-19 AMSU-A {
METOP-A AMSU-A
METOP-B AMSU-A {
METOP-C AMSU-A {
NOAA-20 ATMS
NPP ATMS

MW Sounders

NOAA-16 AMSU-B 4
NOAA-17 AMSU-B {
NOAA-18 MHS 4
NOAA-19 MHS 4
METOP-B MHS 1
METOP-C MHS 4
FY-3D MWHS-2 4

MW humidity sounders

GCOM-W1 AMSR-2 4
DMSP-17 SSMI/S 4
DMSP-13 SSMI §
TRMM TMI 4
Coriolis Windsat
Aqua AMSR-E
DMSP-18 SSMI/S 4
GPM GMI 4

MW Imagers

AQUA AIRS
METOP-A 1AS|
METOP-B 1AS] 4
METOP-C IASI 4

NPP CriS
1ASI PCH

Low Earth orbit IR

MTSAT IMAGER -

GOES IMAGER 4
Meteosat 8 SEVIRI 4
Meteosat 9 SEVIRI
Meteosat 10 SEVIRI
Meteosat 8-10DC SEVIRI 4
Meteosat 11 SEVIRI
Himawari AHI 4

GOES ABI

Geostationary IR

METOP-A ASCAT 1
METOP-B ASCAT 4
METOP-C ASCAT 4

Scatterometer

METOP-A GPSRO -
METOP-B GPSRO 4
METOP-C GPSRO
SYNOP reports {land/ship) 4
Buoy 4
Radiosonde 4
Dropsonde -

Pilot

Aircraft 4

Aviation METAR 4
SYNOP precip 1h 4
SYNOP cloud
SYNOP visibility
AMV A

SARAL ralt 4
NEXRAD precip

Radio occultation

-=-- Start Event
-=- End Event
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Data assimilation

Model Forecast (with errors) Observations (with errors)

it =i

Earth system modelling needs accurate information from a wide range of observing systems,
including satellites, radar, ocean floats and buoys, weather stations, weather balloons and
aircraft. (Image credits below)

Physica
Models

prior state constraints observational constraints
A A
s N —~

Jx)=(x"—x)"B7'(x" —x) + (y — h(x))'"R™!(y — h(x))

Non-orographic

03 Chemistry
Long-wave Short-wave CHg Oxidation
radiation radiation
/ Cloud
s
1 Subgrid-scale
orographic drag
Deep = ‘
convection _._\j\

Shallow
convection

1 Turbulent diffusion
Sensible () <)
Latent
_J L Long-wave Short-wave heat peatiiug

| Wind Waves

flux flux flux Surface

Sea-ice

Ocean model

Analysis (with smaller errors)




Choosing the Right Data: From Observations to Reanalysis: ERAS

20t century saw an explosion in the number of measurements
from many platforms and types of sensors.

© Reanalysis (IFS Cycle 41r2)
1940—, consistent

+ Operational (IFS HRES)
2016—, inconsistent A

ERAS provides accurate,
reliable, and easy-to-access
data, the perfect foundation for
machine learning exploration.

subsurface

surface

Operational analysis data are

1973: First 1999: First used for fln.e-tun_lng.and

operational Arguo model operationalisation, as
satetliie probe for Al models rely on them for

soundings ocean o .
(NOAA-2) monitoring initialization.

\VET[VE] 1938: First
stations, radiosonde
limited networks,
data systematic
exchange soundings

<& ECMWF



Physics-based Forecast: Al Model:

Copernicus ERAS: 180 000 0.3
15 billion (One Off) per forecast per forecast
Hersbach, H et al. (2020)
Training dataset
Based on a physical model
~1000x
reduction in
energy
Forecast time
reduced from
~30minutes to
~3minutes
Unit: System Billing ) f?’
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Training setup
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Training setup

Variables?

Training task?

How to handle time?

| oss function?
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What variables to use?

* Two driving motivations:

— What helps me predict better.

— What do users want from the system.

« If high quality data exists, then it can be added directly to the training...

 Typical set used by many models:

— ~13 pressure level (with model top at 50hPa)

* Contrast with 137 model levels in the IFS.

* GraphCast version with 37 levels isn’t more skilful than 13 level version.

- q,tu, v,z
* But no direct cloud information.

— At the surface: 2t, msl/sp, 10u/v and precipitation for some.

oo
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Variables used in AIFS1.1.0

Variable name Short Level type | Variable | Normalization| Scaling
name Pressure type:
level  (50- | Prognostic,
H H H H H 1 . 1000 hP Di tic,
A mix of prognostic, diagnostic, and forcing variables: o Surtsce | Porcima "
Geopotential z Pl P Z-score 12
Horizontal wind components u, v Pl P Z-score 0.8, 0.5
Specific humidity q Pl iy Std 0.6
Upper Atmosphere (13 pressure levels) Temperatuze t Pl P . B
urface pressure sp 5 P Z-score 10
H H Mean sea-level pressure msl 5 P Z-score 1
° . G eo pOte ntl al h el g ht Skin temperature skt S P Z-score 1
- 2 m temperature 2t S P Z-score 1
. Wind com ponents (u, v) % m dewpoint temperature | 2d 5 P Z-score 05
. . . 10 m horizontal wind compo- | 10u, 10v S P Z-score 0.5, 0.5
[ ] nents
S peCIfI c h u m I d Ity Total column water tew 5 P Std 1
Volumetric soil water level 1 | swvll, S P None 1,2
* %%+ Temperature T P "
Soil temperature level 1 and | stll, stl2 S P None 1, 10
2*
Total precipitation tp S D Std 0.025
H Convective precipitation cp S D Std (tp) 0.0025
@ Surface Variables e
Total cloud cover* tee S D None 0.1
* \D 2 m tem pe rature High cloud cover hee S D None 0.1
- Medium cloud cover* mec S D None 0.1
L4 1 0 m win d S pe ed Low cloud cover* lee S D None 0.1
. . . Runoff* ro S D Std 0.005
) - P re CI pltatl o n i‘;fiff solar radiation down- | ssrd S D Std 0.05
Surface thermal radiation | strd S D Z-score 0.1
downwards*
- 100 m horizontal wind compo- | 100u, 100v | S D Z-score 0.1, 0.1
External Forcings nents"
Land-sea mask lsm ) F None
Orography z 5 F Max
° . 0 rograp hy Standard deviation of sub- | sdor S F Max
= grid orography
s I ns OI atl 0 n Slope of sub-scale orography | slor 5 F Max
- - Insolation insolation | S F None
° 0 LatItUd e I Lo ng ItUd e L:?.titude/longitude (cos/sin) lat/lonl S F None
Time of day/day of year local time, | S F None
julian day

«® Time of day / Time of year

Table 1: Variables used in the training of AIFS, with their short names, level type, variable type,
normalization method, and scaling factors. Variables marked with * were newly introduced com-
pared to AIFS v0.2.1.

https://doi.org/10.5194/equsphere-2025-4716
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Training Task?

Task:
Given ERAS initial conditions x; ,learn a mapping
forXe = Xeine
such that the predicted state X;, r;approximates the true ERAS atmospheric state x;, ;-
This corresponds to learning a data-driven approximation of the atmospheric time-evolution operator,
analogous to solving the prognostic equations of NWP, but directly from reanalysis data.

The forecast is then autoregressively stepping Xh into the future x, = f(X,.1) ...

 ag
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How to handle time?

<

« How many time slices to provide as input? g .
Wt —6.1) = PN = §(7 4 6.0+ 12) —p PPN —> 500+ 18.7524) oo
— Weyn et al (2020) provide 2 time slices //V
and get out the next two. w A A
— This is now used by many others. | O TE
' xu:»o) A xu—_lz) \ ’ x(1+_13) i x(r:24) ;

« How big of a timestep to make?

— Early work tried 3-day steps but failed to compete with physics models. — Tﬁ??hours

— Many choose 6-hours, but this limits the granularity of the output. - i ?ig ;?E

00 ead Time 1 hour

— Pangu Weather created multiple models for different timesteps...

— but this leads to inconsistencies in time.

200 -
100 -
-
m T T T T T T T
- ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS ) 24 72 120 168

Forecast Time (hours)



\What loss to Optimise’? @ What should the model care about?

Deterministic Forecast (MSE) Probabilistic Forecast (CRPS)
* Regression losses (MSE, MAE): <o Tue value iiﬁié"ii?:’f”
— Robust and easy to implement N ;B e
— Penalises large errors strongly M_ ?m
— Will produce smooth fields. ] EM Coee 00
- Probabilistic (CRPS, Energy Score):
— Harder to implement (ensemble needed) "¢ : 4 W : : o : 4 Va. : é 0
— Evaluates full predictive distribution CRPS: CDF should match the
- Generative (Diffusion models): observation step CDF function
MSE: minimise forecast error

— Slightly modified training task

* From input noise, produce forecasts conditioned on initial
conditions

— Inherently stochastic

<4—— Diffusion solver steps
ﬂ
L)

 For all losses, you need to decide how to aggregate @ 1
over variables & heights. Probabilistic weather forecasting with
machine learning, Price et al 2025 @" N
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Which model?

V as )
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Architecture choices

Convolutions

Graphs

Transformers

Fourier Neural Operators
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Convolutions

« Simplest design, treat the Earth as a cylinder, use convolutions with periodicity in longitude.

— No treatment of the pole. How can flow easily pass over the artic?

* Weyn et al 2020 proposed a clever cubed-sphere approach. ST

VA A

— One set of CNN for the side faces of the cube.

— Another for the polar faces.

 Karlbauer et al (2023) do convolutions on the HealPix
grid (see below)

T; (K}

Latitude [deg]

i T T T T T T ™
0 50 100 150 200 250 300 350

South polar face Equatorial faces North polar face

90°Ss
Figure 10: Lines of latitudes depicted as blue streamline arrows on the cubed sphere (a) and on the HEALPix (b). While 20
the lines corresponding to constant eastward motion describe arcs of different radii on the cubed sphere mesh, the same

motion translates to straight lines on the HEALPix mesh.



3d atmospheric 3d atmospheric

Graph Neural Networks sateat tme sate ot tme 1167

78 channels 78 channels
per (lat, lon) node per (lat, lon) node
(+solar, landsea, etc)

 First demonstrated by Keisler 2022.

1. Encode | /’W 4. Add

- Data is structured in nodes and the T sl et c e e @t statocrangotoimput
connections between them (edges) masioin dp
pansng QNN Latent state Latent state Change in 3d
» Most popular, the message passing . e
256 channels 256 channels

G N N . per node per node 78 channels

per (lat, lon) node

— Involves MLPs on the edges, and nodes.

2. Process 3. Decode
using 9 rounds of from latents on icosahedron
H W i id to physical variabl
— Alternates are GraphConvolutions & Idfangé pasaing ARl o (kg iyl VStion o

message-passing GNN

Graph Attention

Encoder Processor Decoder

* Further developed in GraphCast
— And used in early versions of the AIFS.
 No issues at the poles. \ \/ \

« Can handle irregular data in space. ”'?/\ﬁ“ /\
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&R 2x4x4 &
(a9 Patch
Recovery |#& 88

3D Earth-Specific Transformer

(Vision) Transformers

« Build heavily on advances in vision transformers = — o <
e Earth-Specific Blockx2 #|  Earth-Specific Blockx2
(8 x 360 x 181 x C) (8 x 360 x 181 x C)
— ifi i i er-air Variables : : 4 4 er-air Variables
Specifically Shifted Window (SWIN) approaches.  Upeerair variables - down-samping’ : upsamping b il
® Pan g U y F UXi y Feng Wu . @ :;:C: éﬂ g Eagl:ié%!:;gil(o;lé;@ > Ea{;}:SIE%ZEiEFLo;ETG j’ :;:C: @

. TS rbedding = Recovery | —=
 Embed to a coarser resolution. | , e Decoder =
 Shifted-window approach adapted to include Surface Variables Suface Varfables

(1440 x 721 x 4) (1440 x 721 x 4)

longitudinal periodicity.
— But poles are not explicitly handled.

SwinTransformerV2 block ;

LSS LSS S IS S CL O S SN
r A
a) The overall architecture of FuXi model ~ " U
FuXi

| Layer Norm |

Xt—lxt

| I
| |
' X | cosine(q, k)/t | MEE
% ( ) U-Transformer V2 | ;/ )1 (q )/ I
I I
I |
| |

5 : Cube x48 FC (/' ‘ r\
wu ; " 0 >
; Embedding| | Down Transformer Block Up Layer / : U
/ ' 2%x4x4 Block

| Layer Norm I
o A
LI

(2 x 70 x 721 x 1440)

(C x 90 x 180) y Block o ;‘ :
(70 x 721 x 1440)

<=| Attention
CLedh_ oz,
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Output (time = t + At)

FOU ri e r N eu ral O pe rato rS (a) AFNO architecture

 e.g. FourCastNet, popularised by NVIDIA.

« Part of neural network carried out in frequency space.

— Part in grid-point space.

t
 Grid-invariance built in. e Decoder )
L layers
« Spherical version encodes the symmetries of the sphere. Channel Mixing ]
*  Also used in "ACE”, the climate emulator. ) Spatial Mixing |
zm.n _’_"S}.(') _’} . , f
“ee [ Patch and Position Emhed(lmg j
- 1 = e o ‘, S = e 2
— WE) — Ky — PR, — d 1Ll
P
t
channels . Input (time = ¢)
V ’ Ui longitudes
¢— MLP —%— u e £ b
4 E
s EEEEETES
* MLP fZEcEaeck
ESE T
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So, which to choose?

* Vision transformer and GNN solutions both hit comparable levels of skill.
— SFNO a little further behind in skill, unclear why.

— CNN not been implemented at the same scale.

* GNN naturally encodes the sphere and allows use of equi-spaced grids.

« Vision transformers (and SFNO) appear to converge faster than GNN.

oo
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(A)RTIFICIAL (IINTELLIGENCE (F)ORECASTING (S)YSTEM

V as )
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https://arxiv.org/abs/2406.01465

AIFS - Artificial Intelligence Forecasting System

TRAINING

INPUTS
Atmospheric state: OUTPUTS
,mn AIFS model (GNN and transformer Prediction:
g based)

X(t+6h)

— MSE

t
TARGET

AIFS
Training Scheme P> reeh

Step 1: pre-training phase, during which the model is given the task to forecast 6h ahead

Step 2: model is autoregressively trained to optimise forecasts between 6h and 72h ahead

& ECMWF 26



https://arxiv.org/abs/2406.0146
AIFS - Artificial Intelligence Forecasting System hitesidoior10.5194/equsphere-2025-4716

TRAINING

INPUTS
Atmospheric state: OUTPUTS

_ X, X(-on N AIFS model (GNN and transformer P;(edf::"‘
NV N [/ PN [/ - t
- based) » h !
{ [ “ :

— MSE
1
TARGET

Transformer (e.g., like LLMs) that works with a sliding attention window - attention bands around the globe.

& ECMWF 27
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https://doi.org/10.5194/egusphere-2025-4716
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https://arxiv.org/abs/2412.15832

Proper score loss — AIFS-ENS (AIFS-CRPS):

In training: run (small) ensemble:

Initial Conditions N x Processor Forecast States

Noise

Encoder Decoder

Target State
(Truth)

Noise '

Encoder Decoder

CRPS loss

Noise |

Encoder Decoder

Noise

Encoder Decoder

To generate a forecast (single member): run model with noise realization for each forecast step

 aa
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N x Processor Forecast States

AI FS_ E N S: Initial Conditions Noise -,;."
Probabilistic training of AIFS: e P

Decoder Target State

(Tru

afCRPS,, := a fCRPS + (1 — a)CRPS

N x Processor

\ < § Decoder A 4
_—

Noise

Encoder

— CRPS loss
N x Processor

Noise

Encoder Decoder
) N x Processor
Noise
Encoder Decoder

AIFS-single, day 1 and 10

AIFS-ENS, day 1 and 10



AIFS-ENS:

Probabilistic training of AIFS:
afCRPS,, := o fCRPS + (1 — a)CRPS

M M M
1 M-1+a«a
S eSS
M & 2M2(M — 1) &
1 A 1—-e LXM
=—) |z; -y |z; — @i
M; s 2M(M—1)jz=:1; ;

Rain and mean sea level pressure

AIFS CRPS
pressure

Initial Conditions N x Processor

. %
Noise ..

Encoder

Noise

Encoder

Encoder

Noise

Encoder

: Rain and mean sea level

10-day forecasts

Forecast States

Decoder Target State

(Truth)

Decoder

l'

CRPS loss

Decoder

Decoder

AIFS Single: Rain and mean sea level pressure



AIFS-ENS and AIFS-Single: Operational since February 2025 AIFS-Single

and July 2025 AIFS-CRPS

AIFS-ENS Forecast configuration:

50 perturbed member, starting from the perturbed initial conditions of the IFS-ENS

1 control member, starting from the unperturbed initial conditions of the IFS-ENS control

15-day forecasts, N320 (~ 0.25) resolution, 6 hourly output, like AIFS-Single

AIFS-ENS training is inherently probabilistic, the control member of AIFS-ENS still has representation of
uncertainty (similar to stochastic representation of model uncertainty in IFS-ENS)! This means, it is
somewhat less skillful on average than the IFS-ENS control




Are these models skilled?
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AIFS ENS 1 vs IFS scorecard https://sites.ecmwf.int/aifs/scorecards/aifs_ens_1.html

dates=[2024-03-01 00:00:00,2024-03-01 12:00:00,2024-03-02 00:00:00,...,2025-02-28 12:00:00,2025-03-01 00:00:00]
steps=[24, 48, 72, 96, 120, 144, 168, 192, 216, 240, 264, 288, 312, 336, 360]

n.ham . heam tropics
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AIFS ENS 1 vs IFS scorecar
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AIFS vs IFS 2024
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Are these models useful?
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Case Studies: AIFS Single v1

Monday 20 January 2025 00 UTC ecmf 1448 VT:Wednesday 22 January 2025 00 UTC e Snowfall

W%} VT: 21 January 2025 [} T ;iw/“ ‘”;\,/” ﬁ‘y Rare snow along the Gulf Coast
‘ -/ y Structure well-predicted but underestimated

_~__j _; = ) g
intensity.

Monday 20 Januan ry 2025 00 UTC ecmf t+48 VT:Wednesday 22 January 2025 00 UTC surface Snowfall
: s 10 15 w0 24h snowfall; T+24-48h

-

Heavy precipitation eventin
Queensland

AIFS predicts more extreme
precipitation than the IFS
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Case Studies

24-hour precipitation 16 April 06UTC — 17 April 06UTC in a 0.5 degree box in the Italian Alps

Observations 30-54h forecast from IFS-ENS Mem 1 30h-54h forecast from AIFS-ENS Mem 1
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Case Studies

24-hour precipitation 16 April 06UTC — 17 April 06UTC in a 0.5 degree box in the Italian Alps
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Case Studies

2-metre temperature 30 April 12UTC

Observations 24h forecast from IFS-ENS Mem 1 24h forecast from AIFS-ENS Mem 1
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Case Studies

Evolution of forecasts for 2-metre temperature 30 April 12UTC in Troyes, France
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Are data-driven weather forecasts physical?

 Highly recommend reading Hakim & Masanam 2023:
Dynamical Tests of a Deep-Learning Weather Prediction Model

« Take Pangu weather, and test it on a series of classical dynamical
core test cases.

— Cases need to be applied as deviations from climatology.

— Apply localised disturbances and study the reaction of the system.

« Qverall, Pangu behaves as expected, compared with theory.

— The 1h model is best for the faster evolving processes, which
aren’t well captured by the longer timestep model.

« Hopefully we see lots more studies of this type.
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Are data-driven weather forecasts physical?

« Bonavita 2023 explore other tests with Pangu Weather.

» Geostrophic balance fairly well represented, but not as well as the IFS.
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Other ML approaches
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Driving the IFS with the AIFS

Observed

* 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
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Artificial Intelligence Direct Observation Prediction

TRAINING
OUTPUTS
INPUTS Prediction:
All observations in a 12h All observations in the next 12h
window window

Al-DOP MODEL

processor

in-situ encoders

https: //arxiv.org /abs/2412.15832
A. McNally, M. Alexe et al. (2024)
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https://arxiv.org/abs/2412.15832
https://arxiv.org/abs/2412.15832
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Where are we?

* For headline scores, data-driven models are best.

* Don’t represent all the spatial scales correctly when trained deterministically.
— Still useful, despite this, and probabilistic framing solves this.

 Extreme events

— AIFS Single underpredicts extreme events but still useful. AIFS CRPS and IFS-ENS similar scores
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Where is the field going?

 Earth system data-driven models

— Capture land, ocean and more processes.

Extended range predictions, pushing beyond 2 weeks.

Higher resolution

Use of observations to predict the future state.

— Incorporate data-assimilation into the training.

Collaboration between ECMWF and MS on data-driven models.

— Opportunities to share code/infrastructure whilst still having bespoke models.

What do you think the future will hold?
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Anemoi Pooling of resources

O
a n e m o I without resulting in a single
Open source ML software forecasting model.
framework for earth system
modelling. Underpins AIFS, DestinE
Al activities and more activities
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, & ECMWF

=
N
Wind speed [m/s]

2023/05/23 062
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