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Introduction Overview

* What's Anemoi?
* Overview of the framework
o Main packages
o Earthkit
* Examples of the use cases
* What's next?

 Keep learning about Anemoi
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What's Anemoi?

Anemoi: a European framework for operational Al in weather and climate

* Anemoi is an open-source framework that provides a
complete toolkit to develop data-driven weather models -
from data preparation through to inference

« It's a highly modular framework organised into different — =" |
Python packages
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*  The framework builds upon on established Python tooling A
including PyTorch, Pytorch Lighting, Hydra, Pydantic, [ 0
and earthkit. I) |
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Goals

Anemoi: a European framework for operational Al in weather and climate

» Set of tools, shared and co-developed across Europe for building data driven forecasting systems
» Users can bring their data and pick a suitable architecture and training method
« Advanced users can design new architectures or change training strategies

* Enable research, but designed with operations in mind
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Anemoi in a Nutshell

anemoi
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Anemoi-core
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Anemoi core >

Prod Al Efficient large- FEIEEL
rz Léces - " trainii inference for
ready datasets g large models
Managing & Writing
cataloguing E;rth sy:telm DTE/data-bridge
datasets MOAEES datasets
Transferring Powers
datasets across Interface to forecast-in-a-
HPCs MLOps box
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User Base

Researchers Developers Operators
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User Base

Modifies Configs for
Experimentation and
Implemenation of
Operational Models
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Modifies Codebase to
implement new
Features and
Augment Anemoi
Libraries

Runs the Anemoi
Modelin acommon
interface on reliable
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Anemoi uses Earthkit components
across the framework

What's Earthkit aiming at from an ECMWF software stack perspective

Application environment layer Research notebooks ‘

earthkit-data earthkit-regrid earthkit-meteo earthkit-geo anemoi
earthkit-plots earthkit-time earthkit- ...

Earthkit components layer (Python) O earthkit @ earthkit
() gartnkie earthkit @) sarpw

hi https://fecmwf.github.io/earthkit-website/ hks

ECMWF dependencies layer (binary and Python operational libraries) @ o O A

%0 earthkit earthkit earthkit earthkit
@}'} workflows meteo utils

System dependencies layer (binary and Python)
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What does Anemoi enable? Al forecasts ready in minutes rather than hours

Initial Conditions Forecast time Forecast Initial Conditlons Forecast time Forecast
Deterministic Model Probabilistic Model - Learn an ensemble via optimization of a probabilistic
score
™
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What does Anemoi enable?

Regional Area Modelling

Global

Surface short-wave (selar) radaten downwards AIFS FC
202306-01T18:00

Nipen et al. 2024

Example: Encoder Graph
+ Global RO3B01 (~800 km)

it Stretched Grid
Model
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What does Anemoi enable?

- Forecasting and Time Interpolation

Temporal Interpolation
Forecasting

= 6h 6 hour 6 hour
g By [ v autoregressive autoregressive
‘ " model model

v .‘v - .
| - S0 o 0 00 -

1 hour
interpolation
model

Autoregressive forecasts stepping 6h into the future xn = f(xn-1) ...

LEEHEEEEE(E) M
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How does Anemoi achieve this?

AIFS weak scaling efficiency - 1024c n220

o Generation of ML-optimised datasets from common
meteorological sources (NetCDF, HDF5, GRIB, MARS, CDS)

o Cutting-edge Model architecture blocks

=
o

o Support to track training results using MLflow

Efficiency

o Ability to train large scale models with both data and model
parallelization

=
~

""" Leonardo ideal
Tl eees MMNS ideal

(=]
B

o Testing Suite — Unit tests and Integration Tests = Leonerss
o Highly configurable framework both for training and inference BT 10! Lot Count 10°
o End-to-end capturing of metadata lineage moe e

o Open research and open development

Model Sharding

o Collaboration — investigating and bringing new features (MLPP
and E-Al programmes)

o End-end workflow — allow to develop DDWF suitable for NWP
operationalisation
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What's next?

Global

Direct observation
prediction

Surface short-wave (selar) radaten downwards AIFS FC
202306-01T18:00
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|
Wh at S next? < C 25 anemoi.readthedocs.io/en/latest/contributing/roadmap.html

@ / Development Roadmap View page source

anemoi

Development Roadmap

‘_/Search docs ) Authors: Anemoi Technical Subgroup (ATS)

GETTING STARTED e

Introduction This roadmap outlines the future development of the Anemoi project, emphasizing flexibility,
Anemoi Packages adaptability, and high performance to meet the evolving needs of weather and climate modeling.
We aim to build a modular, extensible ecosystem — much like a set of well-defined Lego blocks —
where components such as model layers, training approaches, and data pipelines can be easily
assembled, reused, and adapted to support diverse use cases, from regional to global forecasting.

Installing

ATour Through Anemoi

CONTRIBUTING By promoting generalization, interoperability, and ease of integration, Anemoi enables users to

G experiment with new combinations or build on existing ones. The collaboration of diverse
ontributn; . . . . . . . .
& institutions remains a core strength, allowing the project to stay domain-agnostic and responsive to

Anemoi Governance the specific needs of a wide range of stakeholders.

3J Development Roadmap
Key Development Themes Key DEVEIOPment Themes

Engaging More Users

The technical direction for this project focuses on extending its usability, modularity, and flexibility
Development Set-up . i . i .
across different domains and datasets. We have identified 4 key areas for improvement and

Development Guidelines expansion.

Code Quality and Style

Testing 1. Flexible Model Architectures

Documentation e Current Focus:

+ Focus on graph neural networks.

ANEMOI PACKAGE DOCUMENTATION + Enhance model architectures to be more modular.

anemoi-datasets » Focus on implementing probabilistic and ensemble forecasting techniques (e.g., CRPS
Loss, diffusion).

¢ Long-Term Vision:

anemoi-inference + Develop a robust framework for model sharing across various ecosystems, supporting

anemoi-graphs

anemoi-models different types of models.
+ Ensure that the infrastructure for model development and training can easily scale from

anemoi-registry

laral +A ~lahal favacarbna baclir suhila malnbainina camnidbablanal affRclana
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anemoi

Keep learning about Anemoi i —

The Anemo framework providet 3 complete bookit 30 develop data- drtven weather madeh - from

rence. The tramework h componed of eve SChIEEs Which

dits peepacat

target the oertruct daty westher

Seveloprment 30d depioyment. e 20 be used by the ustaequent

* Webinars and documentation

packages. The framewoek bulkds g g
"d
.
* HuggingFace — run AIFS v2 yourself!
N
—— — ——
[ — —— —— — e o
*~ Hugging Face Models 1 Ce— — — - ——
AIFS Single v2 l —_— —_ > ——— R
l —
[ cense lGGEv=RD] rrarevor RSN w— | — = = r—om==
aifs-single-1.010C like Following — ECMWF S ==
The AIFS is ECMWF's Artificial Intelligence Forecasting System. It consists of two data-driven = v— —— - et
Graph Machine Learning  Anemol s English  doi:10.57967/hf/4629 2406.01465 medium-range forecast models:
AIFS Single v2 (described here}
Model card Files and versions Community B Settings AIFS ENS v2 (described on the following page)

ek

AIFS Single v2 was implemented on 12 May 2026 and supersedes version L1. Itis run operationally modeds (lrited-anes models o ssstched gridy)

by ECMWF, generating a single 15-day (6-hourly) glabal forecast four times per day. ocean madeh

AIFS Single - v1.0

_ - ) Table of contents madds https://anemoi.readthedocs.io/en/latest/
Here, we introduce the Artificial Intelligence Forecasting System (AIFS), a data driven forec .
What's new inv2
model developed by the European Centre for Medium-Range Weather Forecasts (ECMWF). a
Model overview Web
The release of AIFS Single v1.0 marks the first operationally supported AIFS model. Version Dot detail 0 Webir
ata details
supersedes the existing experimental version, 0.2.1 AIFS-single. The new version, 1.0, brings Training Y
to the AIFS Single model, including among many others: Evaluation SNNE T BINA N IT NS 77 Potrwary 1990 W1
Known limitations Cecatin
Improved performance for upper-level atmospheric variables (AIFS Single still uses 13 | Technical specifications :
Technical specifications et fares of crive we
levels, so this improvement mainly refers to 50 and 100 hPa) Citation
Faare reghvter for o8 wetsmars of

Par e e iay Reg Al b Oty
ot %00 UTC two days bedors snch

vt

Improved skill for total precipitation.

Additional output variables, including 100 meter winds, snow-fall, surface solar-radiati
What's new in v2

land variables such as soil-moisture and soil-temperature.
The release of AIFS v2 introduces:

Anew wave component, including 11 wave variables, marking ECMWF's first operational data-
driven wave forecasts.
The addition of a new snow variable to the existing land component.

Improved vertical velacities, by changing parameter W from a prognostic to a diagnastic field

o Diacaver Aname

Animproved representation of the stratasphere, with the addition of pressure level fields at bu ve o e Ao JUSEN
10hPa. T  wive ond S9em 3enrte Barewnrt e Srvpioping .l
Animproved training regime, using 2 years of additional training data compared to AIFS Single oscte aueg 1o@ of A
VLl srove ¢ Mchs b v e .es .
Far full details of the changes intraduced with this upgrade, see the implementation page. . . o o0 w gy %
. §OEg rec s Bk et - dara
Outower Aramad wd leatre sn wators ¢ T e o by -
. ytem. The me -

https://huggingface.co/ecmwf/aifs-single-2.0 : G
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Anemol

The first step in the pipeline.

Goals & non-goals Building datasets Using datasets
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DATASETS

Anemoi Pipeline
% anemoi
transform

pataset Checkpoint .

% anemoi l PR % anemoi .é % anemoi
datasets g training inference
e _— P
Model ’ /\\

| sos
GRIB

NetCDF

| N
. anemaol anemoi
\ ) models graphs

|




DATASETS

Goals

Machine-learning-ready Efficient loading Rich metadata

Create datasets ready to train Make the loading of individual Carry everything training and

data-driven weather forecasts training samples as fast and inference need to interpret a
lightweight as possible sample

no last-mile pre-processing - variables, grid, dates, statistics.

required. keep the GPU fed.
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DATASETS

Non-goals

A replacement for the original source An analysis-ready collection
of data

The read patterns for training differ from those for

Keep the original GRIB/NetCDF archive. Anemoi analysis.

datasets exist alongside it — they don't Extracting a single point as a time series will be

supersede it. slow.

THINK OF IT AS Pre-processed data, kept as close as possible to the needs of training — and nothing more.
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TRAINING DATA-DRIVEN FORECASTS

Terminology

sample EXAMPLE VARIABLES
The state of the atmosphere at a time T. SURFACE
2m_ temperature surface pressure 10u, 10v
tp
model
Given the state at T, returns the state at 7+ 1. PRESSURE LEVELS
geopotential, winds, temperature on
1000 hPa 500 hPa
variables

A sample is a collection of meteorological fields.
Anemoi enforces no constraint on what a sample contains— that's a

modelling choice.
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TRAINING DATA-DRIVEN FORECASTS

The simplest abstraction

Everything that follows exists to make these three lines fast, reproducible and reusable.

, = ds| : + 1]
= model .predict (x)

= model.loss (v, )

1 - Get the data — 2 - Make the prediction — 3 - Loss & back-prop
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TRAINING DATA-DRIVEN FORECASTS

The problems

GRIB (from CDS) Zarr (ML-ready)
® Our best approximation of the "true™ state of the e - [ ]
atmosphere: ERAS. . U [ ]
® Adataset like ERAS is too large to fit in memory. ' [ ]
& & & . i - z T
® We need to store the data on a filesystem ready Reating L Eme step = scan sntirs i Tooing) i = B
to go.

e We want each sample to be one retrieval operation

— fast, predictable, parallelisable. CHUNKING

Climate chunking ML chunking
(bad for ML: 1 sample touches many chunks) (good: 1 sample = 1 chunk read)
1

== 1 training sample == 1 training sample

IN OTHER WORDS ’

The on-disk layout matters as much as the data itself.

Space (grid points)
w

Space (grid points)
w
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STORAGE

Using Zarr

Zarr offers an array-like view on a collection of files.

We use it to define an array whose chunks match a training sample exactly — one file per date.

ONE SAMPLE = ONE CHUNK READ INTERNAL DIMENSIONS

Date 1 4=t | 2t | [wsl| | 10u]| |10v| | tp }9 Chunk 1 Dates Variables Ensembles Grid points
Date 2 —% 2t msl 10u 10v te ——>| Chunk 2
D t L [ X ¥ ' L X ¥ , *sew , *ee J

ate 3 —1 at wsl | | 10u| | 10v te ——| Chunk 3
Date 4 = BES wsl [ [10u| [10v | | tp ——>| Chunk ¢
Date 5 4 |2t | |msl| [10u] [10v] | tp | Chunk 5 WHY ZARR FITS

* Array-like view over a directory of chunk files
I at | fwsl| [ 10uf 1OV | tp — * Chunk shape mirrors the training access pattern

* Cloud- and POSIX-friendly, language-agnostic
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Building

YAML-controlled pipelines — self-documenting and reproducible.
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BUILDING DATASETS

Dataset layouts

Three types of data organisation — pick the one that matches how your data lives in time and space.

/./

Gridded Tabular Trajectories
Model fields on a (possibly Unstructured in both time and space. Forecast fields indexed by base date
unstructured) spatial grid, regular in and forecast step — a 5-D on-disk
time. array.

most common observations 5-D
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BUILDING DATASETS

Datasets are built from a recipe

Dates flow through a sequence of operations. Each date produces one field, which becomes one row of the

final dataset.

Recipe Dataset
="
Operation 1 Freldl 1 / Row 1
Date 1 [~y \L > Row 2
Operation 2 Feld 2 « Self Documenting
 Reproducible
Date a = ¢ P
Operation 3
Date N 7 \l/ \% Feld ¥
l Row N
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BUILDING DATASETS

Recipes are YAML files

TWO MAIN SECTIONS

recipe.yaml

dates
What time range and frequency.

dates:
start: input
end: Where the data comes from and how it's combined.
frequency:
THEN BUILD IT
input:
grib: S anemoi-datasets create recipe.yaml dataset.zarr
param: [2t, msl, 10u, 10v, lsm]
path:
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OPERATIONS

u ]
J O l n combine variables

Combine several sources of data. Each source provides different variables at the same dates.

input:

Jjoin:

sourcel:

source?2: msl, 10u, 10v,

source3:

SAME DATES, MORE VARIABLES
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OPERATIONS

p ipe transform fields

Transform fields using a sequence of filters. The first step is typically a source; the rest are filters.

source
input: l
pipe: regrid
- source: ) ’
- filterl: .. l
- filter2: [ rescale ]
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OPERATIONS

concat combine dates

Combine different sets of operations that handle different dates.

input:

concat:

- dates:

start: sourcel source2

end: 2020-12-30 - 2021-01-01 2021-01-02 - 2021-01-03
frequency:

sourcel: .. i

- dates:
one continuous time axis
start:

end:
frequency:

source?2: ..
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BUILDING DATASETS

Trajectories

Create a forecast dataset. Same sources, same operations — now five-dimensional, indexed by base date and
lead time.

Enables: Temporal Downscaler, and including the forecast dimension

FIVE DIMENSIONS

steps: dates base date — when the forecast starts
start:
steps lead time — new, 5-D axis
end:
frequency: variables meteorological fields
input: ensembles members

# same sources / operations

grid spatial points
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BUILDING DATASETS

Statistics gathering

Statistics are computed on a subset of dates by default — to keep a tail of truly unseen data.

DEFAULT SUBSET RULE USER-PROVIDED DATES
statistics:
@ If the dataset covers 20 years or more, the last 3 years are excluded. end: 2020

ALLOW NANS

@ If the dataset covers 10 years or more, the last year is excluded. By default, fails if a NaN is found.

statistics:

@ Otherwise, 80% of the dataset is used. allow_nans: true

STATISTICS OF INCREMENTS

Also computable for common lead times:

1h 3h 6h 12h 24h
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REFERENCE

General-purpose sources

NAME DESCRIPTION EXAMPLE

. grib:
grib Access GRIB files on disk. param: (msl, 2t]

path:

netcdf Access NetCDF files on disk (xarray-based). ;‘i;‘?f:
opendap Access OpenDAP servers (xarray-based). openase
xarray-zarr File-based or cloud-based Zarr (xarray-based). o
xarray-kerchunk Access kerchunk datasets (xarray-based). EXPERIMENTAL
zenodo Access a dataset given a Zenodo DOL. EXPERIMENTAL
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REFERENCE

General-purpose sources

2/2
NAME DESCRIPTION EXAMPLE
butz Access BUFR files on disk. e
anemol-dataset Access an existing Anemoi dataset. ;Ziififdataset:
more.. And more, plus organisation-specific sources contributed by FATENSIEEE

individual sites.
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REFERENCE

Filters anemoi-transforms

A small selection — work in progress. Some sites implement their own filters too.

NAME DESCRIPTION

apply-mask Apply a mask to the fields (set values to NaN according to a mask).

rotate wind /

unrotate wind Rotate wind vectors.

rename Rename variables.

regrid Interpolate input fields to a different grid.
rescale Apply unit conversions.

orog_to_z Convert orography (m) to z (geopotential height).

uv-2-ddff / ddff-2-uv Convert wind components between cartesian and polar coordinates.

wz_to w Convert geometric vertical velocity (m/s) to vertical velocity (Pa/s).
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IN PRACTICE

Real recipes scale up

Production datasets stitch together many sources, filters and date ranges.

A SMALL ONE ~10 nodes A BIGGER ONE

start: 2023-08-01T00:00
end: 2024-09-04T23.00:00+
requency: 1h
023-08-14T0E-00:00-
input

uv2dirspeed

nnnnnnnnn
w_na




Using

One Python entry point. Lazy slicing, selecting, combining.
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USING DATASETS

Basics

To open a dataset, use the open dataset function: Then access data via ds as if it were a NumPy array:

anemol.datasets open dataset

print (ds.shape)

print (len (ds))

print (ds[0])
print (ds[10:20])

ds = open dataset("/path/to/dataset.zarr")
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USING DATASETS

BasiCcS o)

T Ability to subset: 2 Or combine datasets:

anemoil.datasets open dataset anemoi.datasets open dataset

open dataset ("path/to/dataset.zarr", ds = open dataset ("path/to/datasetl.zarr",

start=2000,
end=2020)

"path/to/dataset2.zarr")

Lazy by default — these operations compose without touching the disk. Reading happens only when you index into ds.
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USING DATASETS

Opening a dataset

Two equivalent forms — pick whichever fits your config file or call site.

KEYWORD ARGUMENTS

anemoi .datasets

ds = open dataset (dataset,
optionl=valuel,

optionZ2=..)

ANEMOI - DATASETS

open dataset

DICTIONARY FORM

anemoi .datasets
or

ds = open dataset ({

"dataset": dataset,
"optionl": valuel,

"option2": ..,

CECMWF = Il & = — =2 I = = = Wl W = = 2= @ = ™

open_dataset




USING DATASETS

Selecting variables

list keep + preserve order set  keep, any order drop remove specific ones

ds = open dataset ( ds = open dataset ( ds = open dataset (
dataset, dataset, dataset,

select=["2t", "tp"], select={"2t", "tp"}, drop=["10u", "10v"],

CECMWF = [ = F = T 1 = EfE BN = =66 = ™ @ & @ @ 52




USING DATASETS

Reordering variables

... using a list ... or using a dictionary

ds = open dataset ( ds = open dataset (
dataset, dataset,

reorder={
"2t": 0,
"msl": 1,
Hlou'l’ lllOvH’ "Sp": 2,

reorder=|

"

"2t", "mSlH, "Sp ,

I "10u":
"10v"
}y

CECMWF = [ = F = T 1 = EfE BN = =66 = ™ @ & @ @ 52




COMBINING DATASETS

cu tou t limited-area + global

Use a limited-area model where you have it; fall back to the global model everywhere else.

anemoil .datasets open dataset

ds = open dataset (
cutout=[
lam dataset,

global dataset,
1,

LEGEND
LAM points (high resolution, regional)
Global points (used outside the LAM region)

SECMWF = I




REFERENCE

Attributes

Rich metadata is attached to every dataset — available without reading a single chunk.

shape A tuple of the dataset's dimensions. longitudes Longitudes as a NumPy vector.

Original 1D or 2D shape of a single field (fields are flattened resolution The dataset's resolution.

to 1D when building).

field shape

statistics mean, stdev, minimum, maximum per variable.
dtype The dataset's NumPy data type.
. FETE e St Dict mapping lvariable names — channel index.
ates Dates as a NumPy vector of datetime64. - - ds.name to_index["2t"]
frequency Delta between two consecutive dates. variables Variable names in dataset order.
latitudes Latitudes as a NumPy vector. missing Set of indices of the missing dates.

When combining datasets, the statistics of the first encountered dataset are used.




Dataseté

Regional Area Modelling

Surface short-wave (selar) radaten downwards AIFS FC
202306-01T18:00

Nipen et al. 2024

Example: Encoder Graph
+ Global RO3B01 (~800 km)

it Stretched Grid
Model

SECMWF = © H ==l = EFEENE =G
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Thank you

Questions?

www.ecmwf.int

PRESENTER PRESENTER
Ana Prieto Nemesio Harrison Cook
Machine Learning Team Lead Research Software Engineer

ana.prietonemesio@ecmwf.int harrison.cook@ecmwif.int
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