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What is Anemoi

A framework for developing data-driven weather forecasting
models

Entire framework from datasets to inference

Multiple use-cases

MET Norway
Bris

— Global, LAM, stretched grid, ensembles
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A tale of two models

2024
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64 GPUs

1T7B 'of data

- T~

L/ q“

)
p)
S
420
¢
C
Ll
maiDESE
@ g
E@%%EEQ )
(I [
E@@EE R
= (I 4
\] M 2
i3 o
, 1]
- =
D ]
S =
ol 3
< ) 2
-
" =
[14
o]
L.
B M o
> d -
. s - o
— ~ =
<
w
& o
@]
- [1'4
o]
S DOE w
BN - -I.” H — 1 w
ES)S D& E
S S w
pee®® A_w
¢ w@%@@
* ee@®0g0

@O O@




A tale of two models

2024
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AIFS: Data-driven Weather Forecasting Systems

Input
Atmospheric state:

X(t), t-6h)

» AIFS MODEL

encoder processor

SR GRS IS VARSI I CRR e S

e SR SVl o - 0.

Graph attention

SO J

Transformer blocks and windowed
attention (attention across regional bands).
On a coarser grid than input grid
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Output

Prediction:

Implemented in

anemoi
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Parallelism in Anemoi

1{23pa] 54 718

- Data Parallelism: DistributedDataParallel (PyTorch) o [ro]ufia] s sdfas s
L . _ 17 | 18 | 19 _gc_)_'ii' 22| 23|24

o Distribute training batch across model replicas . PO e e 5 Y

~~~~~

o Aggregate gradients via all-reduce, good scaling :)

o Limited by batch size :(

Model parallelism: domain-specific sharding March 2004
o Distribute input data and activations across GPUs
1 2 3 4 5 6 7 8
o Collective communication to handle synchronisation > |10 i1 e 5 |-1¢J5 |56
o Limited by communication overheads 171819 |20 21 (22|23 24
2512627128129 ]130]|31
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Scaling the input resolution
Batch Size

096 (100km) 0.05 GB

N320 (32km) 0.65 GB
1. Loading/storing full training batch on device 01280 (9km) 7.40 GB

* Bottlenecks:

2. Encoder/Decoder: communication and memory overhead 02560 (4km) ~30 GB

stream 17 17 O ProfilerStep#8
DistributedDataParallel. forward ProfilerStep#9

computation |
stream 28 28 O | |

srede@EAMUNication g 11

e HEE |II|I‘I“|IIII|III"]|IH|I| E| )
neelDev
O

v python3.12 0

~ Spans 27606 O forward

* Improvements:
1. Keep batch sharded
2.1. Mapper edge sharding
2.2. Mapper chunking

» s ® ® 3
8 8 8 8 5
o © 1l ] ©
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Keep batch sharded

096 (100km) 0.05 GB

 Avoid materialising full input/output grid in memory N320 (32km) 0.65 GB
* Load batches in shards 01280 (9km) 7.40 GB
«  Compute loss locally + all-reduce for global loss 02560 (4km) ~30 GB

before




Sharding Attention

Output

» 4x all-to-all communication per fwd/bwd

« But: we can do better by exploiting sparsity + locality of graph attention

Input

Y
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Mapper edge sharding

* 1x all-gather in fwd + reduce-scatter in bwd
« +independent subgraphs on each device (with small overlap)
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Mapper chunking

« Same idea as edge sharding but sequentially

1 chunk

14.0G —

12.0G —

10.0G

Memory
usage

9.00G —

4 chunks




AIFS single inference 15-day forecast (100 fields, 150 steps, no output)

1200

T

1000

800 F

Before optimisation

Time (s)

600
After optimisation

400

200

1 1 1 1

0 2 4 6 8 10 12 14 16
Number of NVIDIA Grace Hopper (GH200) Superchips
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-@— 9km original
== 4km original
—f— 9km optimised
- 4km optimised
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Anemoi datasets files per date

096 (100km) 1

N320 (32km) 1
— Offers an array-like view of a collection of files 01280 (9km) 4

— Each date is at least 1 file 02560 (4km) 16
— Larger resolutions are split across multiple files

* Anemoi-datasets built on top of Zarr

Dates Variables Ensembles Grid points
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Reformatted datasets

Dataloader throughput per 'GPU' - (4N, 4gpn, 16gpm, 16gpr)
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0l280-ds0 0l1280-dsl 0l1280-ds2 0l1280-ds3 0l280-ds4
Config

0l1280-ds0=/home/mixfai-ml/datasets/aifs-od-an-oper-0001-mars-01280-2023-2023-6h-v1-one-month.zarr
0l280-dsl=jec/resd/scratch/nacofaifs/inputs/custom/aifs-cd-an-oper-0001-mars-01280-2023-2023-6h-v1-one-month-dgridchunks. zarr
0l280-ds2=/ec/resd/scratch/nacofaifsfinputs/custom/aifs-od-an-oper-0001-mars-01280-2023-2023-6h-v1-one-month-S8gridchunks. zarr
0l280-ds3=jec/resd/scratch/nacofaifs/inputs/custom/aifs-cd-an-oper-0001-mars-01280-2023-2023-6h-v1-one-month-16gridchunks. zarr
0l280-dsd=/ec/resd/scratch/nacofaifs/inputs/custom/aifs-od-an-oper-0001-mars-0l1280-2023-2023-6h-v1-one-month-32gridchunks.zarr
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Constant

Forc?ngs

Qomputeo‘
Constant
Forcings

Anemoi inference

First input tensor
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Results

Next input tensor
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Constant

Forc?ngs

Qomputeo‘
Constant
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Anemoi inference

First input tensor
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Next input tensor
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Inference component growth

[ Compute (iter/s)
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Inference component growth

[ Compute (iter/s)
@ Output volume (GBfiter)
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Parallel output

Inference runtime - 9km 1024c 4 A100s
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Performance ClI testing

O 8 & anemoi.ecmwf.int

Benchmark: Normalised throughput (it/s)

1.05
® Ensemble
® Graph Transformer
1.00 e LAM °
@ Stretched Grid .” .
0.95 1 ®
0.90 1
Benchmark: Normalised peak memory (MB)
1.05
® Ensemble
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1001 e LAM
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0.95
0.90 A

o>
1% O %
e e >

* Runs nightly
— A variety of use cases tested: Global, LAM, Stretched grid and ensemble
— Throughput and memory usage monitored

— Model split over 2 GPUs
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Next steps: pushing model sharding

AIFS training strong scaling

T
. L Source Resolution
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Thank you

D A At

Agencia Estatal de Meteorologia

AVOS COTES, DAN:
CLIMAT QUI CHANGE

Met Office

?;%"s Koninklijk Nederlands
438 Meteorologisch Instituut :
Miii?tz:ii \?agl; ?rczfra;:ulaﬂrr en Waterstaat O N orwe g ian )
Meteorological
~v Institute

Swedish Meteorological and Hydrological Institute w EC Mw

c MeteoSwiss .
anemol

@8 )« GeoSphere .
(c Austria <f» ® The Danish

_ ® Meteorological

Institute I

Open-source development driven by
European Meteorological Centers and ECMWF
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