Data-handling and Infrastructure

Ewan Pinnington
(many thanks to Cathal O’Brien and Florian Pinault)

-c EC MWF © ECMWEF October 28, 2025



Overview

* Intro

* Where’s the data live and where do we need it to get to?
 File Layout, Data Formats, Chunking

» High-level Summary

» Other Considerations with Data?
— When can it go wrong?

— Some real-life examples...
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Background

* Machine learning is an old idea
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* Increased compute power (and available data) makes machine learning
possible today

— Moores law

— "Domain specific compute architectures” e.g. GPUs

 But there is a problem... as compute got faster, other components couldn’t
keep up
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https://siliconmatter.substack.com/p/the-memory-wall-and-its-implications
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Data Handling and infrastructure

Questions

How do | parallelise part ... of my workflow?

How do | transfer my datato ... ?

Should | use more memory/machines/nodes/GPUs?
Which data should | copy? Where?

Which format should | choose for my data?

How to make “it” fast?

oY
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Data Handling and infrastructure

Questions Know your dataset

How do | parallelise part ... of my workflow? Total size on disk?

How do | transfer my datato ... ? Total uncompressed size?

Should | use more memory/machines/nodes/GPUs? How many files?

Which data should | copy? Where? Any missing data? Nans ?
Which format should | choose for my data? Dimensions of the data? Full n-dimensional array? Several arrays?
How to make “it” fast? For machine learning :

What is the size of one training sample? Of one batch?

Where is the data from? On which data will | run inference? How?
Know the technology

HPC (High Performance Computing)? Cloud? Know your read/write patterns
S3 buckets vs Lustre filesystems? Random read (shuffling)
“Bring the code close to the data instead of data to the code.” Transpose the data if needed

“Cloud-friendly” format?

oY
-y ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS 8



The best solutions will usually depend

Universal answer

=>“It depends”

on the size of the data

on the project requirements
on the available funding

on previous experience

on personal preferences

~~(_t~- e P = — — -

and more...
“When you have a hammer, everything looks like a nail.”
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Data flow: Feeding the GPU with data

One
training
batch

e Data is on disk
* We need to move it to the GPU

* One main requirement :

-

Storage

Faster than GPU processing

o)
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Data cascade of caching

4

Smaller
subset of
data

Nearby
Shared

Storage

Remote
Storage

Closer to computing
1 >
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Data cascade of caching: ERAS example

Smaller
subset of

data

GPU Processing
Memory

-, S

\. RAM 1 sample float16
200 MB

1 sample float32
400 MB

' Nearby
Shared
Storage

Remote
Storage

Subset of
variables/times
0

MARS or
Climate Data

| Store (CDS) I
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GPU Memory Hierarchy

S\ SRAM: 19TB/s (20 MB)
SRAM

HBM:1.5TB/s (40 GB)

\UET R eI DRAM: 12.8 GB/s
(CPU DRAM) (>1TB)

Memory Hierarchy with
Bandwidth & Memory Size
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GPU Memory Hierarchy

S\ SRAM: 19TB/s (20 MB)
SRAM

HBM:1.5TB/s (40 GB)

\UET R eI DRAM: 12.8 GB/s
(CPU DRAM) (>1TB)

Memory Hierarchy with
Bandwidth & Memory Size
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What is a GPU?

GPU

o)
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What is a CPU?

( Instructions ( \

“e
.................... 2w
. ®

CPU GPU

Data
>

<
\_ J 1073 Cycles! . J

* Must be driven by a CPU
— CPU launches all programs (called ‘kernels’) on GPU

— CPU and GPU have separate memory spaces and must explicitly transfer data
(slow)
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CPU

* Primary use in machine learning is to prepare data for the GPU

Chris Gina
= @
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= O
=)
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| P ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS 17



CPU

* Primary use in machine learning is to prepare data for the GPU

Chrig Gina

)
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CPU

* Primary use in machine learning is to prepare data for the GPU

Chris Gina
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CPU

* Primary use in machine learning is to prepare data for the GPU

Chris Gina
=
= @)%
=
=

dataloader:
num_workers:
training: 0
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CPU

* Primary use in machine learning is to prepare data for the GPU
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CPU

* Primary use in machine learning is to prepare data for the GPU

Dana CL\F;S Gina
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CPU

* Primary use in machine learning is to prepare data for the GPU

Dana Chris Gina
% )] [@?

|

dataloader:
num_workers:
training: 1
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CPU

* Primary use in machine learning is to prepare data for the GPU

Déire Dana Chris Gina
=
Gl |

dataloader:
num_workers:
training: 1
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Data flow: Preprocessing is possible on each step

4
Smaller
subset of
data
Processing
Local
- Storage
_ Nearby
Preprocessing Shared Preprocessing (before Machine Learning training)
- Storage is sometimes called
Post-processing (after generation of the data)
Remote Preprocessing is often
Storage performed just after or before
downloading. .
Closer to computing
1 Preprocessing >
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Data cascade of caching: ERAS example

Smaller
subset of

data

GPU Processing
Memory
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\. RAM 1 sample float16
200 MB

1 sample float32
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Shared
Storage

Remote
Storage
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variables/times
0

MARS or
Climate Data

| Store (CDS) I
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Data Formatting: Know your access patterns!

« The AIFS is trained on the reanalysis datasets ERAS produced by the Copernicus Climate
Change Service (C3S) at ECMWF and fine-tuned on operational real-time analysis

« The forecast is produced by autoregressively stepping 6h into the future
« Dataset dimensions: [time, latitude, longitude, variable]

¥ weather variables at t+6

P T R

oY
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Data Formatting: Know your access patterns!

« The AIFS is trained on the reanalysis datasets ERAS produced by the Copernicus Climate
Change Service (C3S) at ECMWF and fine-tuned on operational real-time analysis

« The forecast is produced by autoregressively stepping 6h into the future
« Dataset dimensions: [time, longitude, latitude, variable]
« Approximate sizes for AIFS: [67000, 1440, 720, 100]

y A
Save data with yZd

time “chunks™ <.

Save data with

”

space “chunks’=.

X))‘@
Latitude

Latit_ude

Longitude

Longitude

oY
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Data Formatting: Know your access patterns!

« The AIFS is trained on the reanalysis datasets ERAS5 produced by the Copernicus Climate
Change Service (C3S) at ECMWF and fine-tuned on operational real-time analysis

« The forecast is produced by autoregressively stepping 6h into the future
« Dataset dimensions: [time, space, variable]
« Approximate sizes for AIFS: [67000, 542080, 100]

y A
Save data with yZd

time “chunks™ <.

Save data with

L

space “chunks’=.

2 \
Latitude

Latit_ude

Longitude

Longitude

oY
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Know your access patterns: transposition

Example data
9 fields (f)
14 dates (t)

Real data
100 fields
1M dates
+ additional

dimensions

Data saved by field

- - -
- = -

One file contains the
timeseries of one given field

9 fields

Data saved by date

—

One file contains the set of
values for one given date

9 dates

oY
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More generally:

Each “file” here could be
an S3 object, or a part of
a file, a record in a
database, efc.
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Know your access patterns: transposition

Data saved by field Data saved by date

Read pattern orthogonal to the pattern on disk ?

¢ NO solution to read big data efficiently

—

. Rewrite the data to adapt to the read

pattern

)

o)
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Know your access patterns: transposition

Data saved by field Data saved by date

T

T

T
— L= ——— ] Read pattern orthogonal to the pattern on disk ?
— E=— e
— — T
e # E=——rr ¢ NO solution to read big data efficiently
[ ] E=——TT 9
[ ] T
—_—————— — . Rewrite the data to adapt to the read
— _=_—=_ patiern

T

T

« If you need to read data by timeseries. Store the data by timeseries.
* If you read training samples with 100 parameters for 1 date, do save files containing 100 parameter for 1 dates (but "it depends”)

« General solution: create a dataset dedicated to your training task (perform the transposition offline if required).

oY
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Other examples at ECMWF

« ECMWEF AIFS — Forecasting Weather in next 6-hour time slice
* Needs access to previous 6-hour time slice to predict next step
« Dataset dimensions: [time, space, variable] (bold = chunked dimension)

oY
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Credit:
Maria Luisa Taccari
Kenza Tazi

Other examples at ECMWF

« ECMWEF AIFL — Streamflow forecasting using a Long Short-Term Memory
Neural Network (LSTM)

* Needs access to ~180 days of previously data to predict next step
« Dataset dimensions: [time, space, variable] (bold = chunked dimension)

True

meteorological Observation
forcings

Streamflow

®
c
o
=
©
£
o
o
©
=
=

LSTM model run
Oct 1 Apr 1 Jul 31

Global hydrological catchments

oY
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MODIS Active Fire Detection

Other examples at ECMWF

« ECMWEF Probability of Fire (PoF) — Predicting . , 5o
fire probabilities with XGBoost N ’-’ N H“
 (training on a subset of the data = 10%) " ;daygomecaf

R
SN

 Needs access to instantaneous data for set of

variables for single grid points to predict Extreme
probability of fire < -
30 day PoF forecast
e o High
) Medium

Low

« Dataset dimensions: [time, space, variable]
(bold = chunked dimension)

. - CredAit: Joe McNorton
Time |Lat Lon Fuel MODIS
load active fires Geophysical Research Letters’

Research Letter (3 OpenAccess () @®

A Global Probability-Of-Fire (PoF) Forecast

 an ECMWF J. R. McNorton 3% F. Di Giuseppe, E. Pinnington, M. Chantry, C. Barnard
A\~ 4 EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

First published: 14 June 2024 | https://doi.org/10.1029/2023GL107929 |




Other examples at ECMWF

« ECMWE Direct Observation Prediction — Predicting observations into
the future

» Gets observations in a time window (e.g. 12hrs) and predicts next
time window of observations

« Dataset dimensions: [time, space, observation-type, variable] (bold
= chunked dimension)

300 300

290 290

280 280

2702 20
=

BT[

260 260

250
250

240

240

230
230

90°'W 60°W 30°W 0* 30°E 60°E 90°E 90°wW 60°W 30°wW 0° 30°E 60°E 90°E

Model prediction Target Observations
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Creating datasets optimized for training

To make training efficient we often have to rewrite or
“rechunk” our data to match the read patterns

Lots of efficient data formats to do this: HDF5,
NetCDF4, Grib, Zarr, Parquet (tabular data), Cloud
Optimized Geotiffs, ...

For examples at ECMWF we are using Anemoi-
Datasets to rewrite data into optimized Zarr
datasets for Machine Learning

https://github.com/ecmwf/anemoi-datasets

More info @ Thursday 9am Harrison + Mat

grib

CDS

S3

buckets netcaf

anemoi

oY
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datasets
Zarr iii==‘
file "
Zarr
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https://github.com/ecmwf/anemoi-datasets
https://github.com/ecmwf/anemoi-datasets
https://github.com/ecmwf/anemoi-datasets
https://github.com/ecmwf/anemoi-datasets

Further reading

DATA MOVEMENT IS ALL YOU NEED: A CASE STUDY ON OPTIMIZING
TRANSFORMERS

1

Andrei Ivanov ™' Nikoli Dryden *!" Tal Ben-Nun Shigang Li ' Torsten Hoefler '

¢  GLENN K. LOCKWOOQOD

Writing to make sense of HPC, storage, and system design

HPC - STORAGE - PERSONAL - ABOUT THIS BLOG - MY WEBSITE

Labels February 01, 2025

LLM TRAINING WITHOUT A PARALLEL FILE SYSTEM

FLASHATTENTION-2:
Faster Attention with Better Parallelism and Work Partitioning

Tri Daol:2

l aa )
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Summary: But what does this all mean for you?

» Most of the complexity of managing memory is handled by PyTorch, Anemoi, etc.

— Don’t over engineer if working with smaller datasets!
* Try to fill your GPU memory as much as possible
— Increase batch size, #channels, parameter count
* Try to fill your CPU memory as much as possible
— Play with the num_workers parameter

» Think about where your data is coming from

— Downloading from the internet vs loading from an SSD vs loading from a high performance file system

— How is the stored and what are your access patterns?

* Answers will depend on your problem!

More info on optimization and profiling
Friday 10:45am
Cathal and Jan

l aa )
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Other Data Issues %

Data is a fundamental quantity in Machine
Learning

* Need to make sure what we are presenting to

the model “makes sense” (e.g. times aligned,
variables consistent, re-gridding reasonable)

* Models can inherit all the positive and
negative aspects of their training data

« Can present problems if there are data
distribution shifts when fine-tuning or running
inference with models!

oY
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Other Data Issues Example — AIFS 1.0

 Build new datasets through anemoi-datasets
qgithub.com/ecmwf/anemoi-datasets

— New variables, new years of data, etc.

— Now training on
= ERAS: 1979-2022 (1-step, 6-hour forecasts)

= |FS-Operations: 2016-2022
(fine-tuning/rollout, 6 to 72-hour forecasts )

* Decide which features to include in release from
anemoi-core github.com/ecmwf/anemoi-core

» Train example models at 096 (~1 degree) resolution
with varying configurations

* For most promising models train versions at n320 Surface Solar Radiation Cloud Cover
(~30 km) resolution

» Perform more rigorous validation and decide on final
candidate

< ECMWF


http://github.com/ecmwf/anemoi-datasets
http://github.com/ecmwf/anemoi-datasets
http://github.com/ecmwf/anemoi-datasets
http://github.com/ecmwf/anemoi-core
http://github.com/ecmwf/anemoi-core
http://github.com/ecmwf/anemoi-core

AIFS Release Cycle

Collect Release
ibuti : . Train on Operational-
C‘jr";”b:a“ms Train on ERAS5 096 >> Train on ERAS5 n320 analysg e and share
repare
datasets Production

ehr 72hr
forecasts forecasts
Forecast
Evaluation

————>

Experimentation phase

72hr
6hr forecasts
Fine-Tuning forecasts
Forecast Forecast
Evaluation Evaluation

oY
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Other Data Issues Example — AIFS 1.0

« New variables added to AIFSv1 06 011200
— Prognostics: |

= Soil moisture (layer 1 +2) {
= Soil temperature (layer 1 + 2)

— Diagnostics:

= Cloud covers (tcc, Icc, mcc, hcce)
= Surface radiations (strd, ssrd) ¢
= 100m winds (100u, 100v) E.

Medium cloud cover AIFSv3 inhb FC Medium cloud cover IFS FC

=  Snow fall (Sf) % 2023-06-01T12:00 2023-06-0-1Tj2:90

/“‘ -
= Runoff (ro) *. st :&\ »

* AIFS copes well with increased
number of target variables

c ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WE
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Other Data Issues Example — AIFS 1.0

* New variables added to AIFSv1

— Prognostics:
= Soil moisture (layer 1 + 2)
= Soil temperature (layer 1 + 2)
— Diagnostics:
= Cloud covers (tcc, Icc, mcc, hcce)
= Surface radiations (strd, ssrd) <.
= 100m winds (100u, 100v) E.
= Snow fall (sf) »
= Runoff (ro) *.

* AIFS copes well with increased
number of target variables

_c ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WE

1e7
Surface short-wave (solar) radiation downwards AIFS FC ]

L 16
2023-06-01T18:00
T — x _.
. ; L14
L12
30°N

180° 120°W  BOSW o 60°E 120°E 180"

Medium cloud cover AIFSv3 inhb FC Medium cloud cover IFS FC
2023-06-01T12:00 2023-06-01T12:00
P - =

A = \\\
PAr 487 N
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Intro to Scorecards! Example AIFS Scores vs IFS
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Intro to Scorecards! Example AIFS Scores vs IFS oo
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AIFS Release Cycle

Collect Release
ibuti : . Train on Operational-
C‘jr";”b:a“ms Train on ERAS5 096 >> Train on ERAS5 n320 analysg e and share
repare
datasets Production

ehr 72hr
forecasts forecasts
Forecast
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ERAS training

AIFSv1 candidate2 vs AIFSv0.2.1

o
250 [T DT O | o] m
500 N 00D O [0 mmeen m m
mm mm o m o] m
me mm i} o Qunes@em
L 50 IDEEEEEN TTTDRREEN [T EERceeien [ ienE (I T (T (T
100 IIEEAREN OO0 (T110 [ [LLILLIN ] I I annngl o

250 M m 0 [Omm o m e 0 [EEEEEEENEN)
500 [N IIIIT0 0 00000 0 o I oM 0 0o [ m om
.—EEII-ZD [ Om m m 0 0Oom o m m

2l T OO0 0 070000 @ ani} AT OO O O

50 NN E M T 00II0 M o o oo m
100 IEITERENED OO0 (TTO000 B mm o 0 0 Im: W I M o
250 M0 T [ ul ul om0 OO0 OO O
500 [N 0000 0 00 0010m 0 ol [T 0 010 - (1 OO0

.—EEEIIIIIIDEIID o E'grim [T @ ©F I 00 OO0 0 OO0

loff OO O M m m OO 0 00 00 0000 M

z s0 [ 0 (O LTI [T ]

100 i I

250 | [EEEanes | O

500 - NEEEN mm
[ERRECN) 0 o

t 50 (TN D17

100 LAY (ITITTITT] e [
250 (gD o
500 [TTNNW:+ CTTTIID Eeannls 0
[ Jannnsunanafunnnnnnnns) o
ff so [EIEERID: CEFTERINE ] (]
100 LTTARANY ([TTTETTIT] O
250 [IIIIY (LTI B om
500 I COIIII " R
888 . o ] ] O M O
I [Imm CITTITIID
(I O o I
oy - 1] [

m

< ECMWF

Learning Rate
1.00

0.70

0.4

.34
0.24

0.01

epoch

Fine-tuning to operations



Learning Rate
1‘00 __________________________________

0.70 sesseraseresesasssesasrasianras
i Fine-tuning to operations
0.34
0.24
ERAS training |
epoch
" L -
AIFSv1 candidate1 vs AIFSv0.2.1 AIFSv1 candidate2 vs AIFSv0.2.1 AIFSv1 candidate2 vs IFS
| | n.hem | s.hem | troples I n.hem | - ham - | — tropics
ceaf/[see) ceaf/seey rmsef sdat ceaf/ see) sl wdat ceat/jsae) rmest adaf ceal/ see) rmsef : ceat/ seej rmsef sdaf | ccat/see) rmsef
anz Bnz S0 NN SN (|11 CDN EENN S m
100 [ ¢ N (NN (TN Be s ol i o o 100 s 1IN NNED D0 (CTTCTCED NN - W OO0 [T CCTT0
2501 i @ [ ERRRNNN RN [ OO0 Rennl 250 (NSNS [POREENE (11777177 (SN (TERERET (11T TTTITT]
sa0 ) 0 /OO NS R [ 0 - 500 [ONNSNSNNN [TONDDDNN [ (177771 (MMM (CRRRRECDD (1T (1777
850 i 000 EARRRRR m 550 COM— TIRR [0(07) EESN (ENN (0 0
ms i [ IR AR mm ms! [N CORREORNEN (177777777 SN (OO (1 (1170
¢ 50 [MENS (TTERN ([ CON O N O o O 1 S t S0 EEENNNERN WANEERRG CTEDTTUNNN S S [ T W] (00D T —
100 [ 8l [T [0 0 m M T R [ | 100 WE 1 NI W0 COTTTTEE WA 0 W O (DT I
250 (OENTCORT [CTTTTCNT (1 COEE I m [0 - O T ¢ DT 250 (@ m 0 R R o [TTIITTTn 250 NN DESNUE () (C0000 S (SRR (0 OO0 M
500 s nule e [ [TTIToIm O i [T (TN ST @R (10 500 [LONNNENN [CTOICOD O COOC0 O ] [ 0 O 500 SN [ ORI (77T T77T] CHSSSNNT [CORRRCCCT (177777 (— OO ([ CE
B8 m 0 OO S 0 3 O 7 D 1 [T B0 oo I M Dom m m [ OO o m m 850 SNSRI 177777777 ST ERRRETTT (T7TTT7777T] E— O TrrR
x  mm [0 O (COO § m m m QI O (o X D CEOUI 0 OO 60 o [iivsnnannafuinnnnnnsQiRNRRRAn RS 2SS (CORECCD (000D T CORRRCCID (OO —— e E—
ft 50 W00 OECEREEE O 1] N Y LTI () 0 CEN O ([T (O (T S0 NN RN (1 NN (O [ i) i 5 sCRP - SRR - | ff 50 EENNDY  WESSNNNET) [DUDDDUINN SN SN (CCCCCUCDD SN NSNS [ (DD
100 [T I O OO - sl 0 W O [T [ 0TI 100 IETTRIANNN OO (TITTTT0 B DA s O 0 I M OO M o 100 N [NEEEEEE W TTTEEEED (17T B CEEEEE W CCOCEEE (OO O (s ([0
250 (EEOECITTT [T (7] (FE [0 il [0 I N+ B [ 250 COOMIETIN [CCECTLITD (11 (] i 0 0 [0S (EECEES [T 250 (NSNS [EECTCE] (11777777 (SN [PRERERTT (17777777 E— O (11T
500 (ICOOCEN (1 (T (1TT) COEEED (1T (TTETH NN R [T O 500 [DOINNDIND [ECCOED ) (1) (C00 0 i [0 (D00 (0 O (1] (OO 500 (ISR (DN (11110 C1T] MMM [T (0177 (O ([ Cr
Bomm: o 00 (I W m ) (OO R R B850 o o (] 0O O S O S R 850 WSRO TR (17T WSS [CRRRR (11T CR— S (1T
BT, S (i AT R R [ [ N O 10 OO RN [ m m [CCOUETTE [ R G EE [ ion  EESESDDT (CTEORCTCD (O] SN COORERTCID (17 CTCT E— S (1T [T
BBz so pmN (EIEI FEOR Qe ] o8z 0 0 (o ' o 50 (NN IR .
100 0 0 LT o 100 D 100 [N S (I 0
250 nm w0 n 250 - (EEEEAnss - EOEEED m 250 ([TNSNNN [ TREN [ (1] (110
s00 ) m m 500 (EED [ i m 500 [TOMNENNN [T TTEREITT [TONEEN [TTOITTIT
850 T oo u n 50 oo ¢ CIPTTTT T ‘850 [TEREEEEED (TTTTTI MESST] [TITIITTIT
t 50 [IOOOE (DR (00" (T I D ' t 50 COINDENN (CODEE om 0 S (OO (L O t som i m i m (LI (OO
100 [ mn i O (O 100 (TR [ITTITTIT W S O O [ 100 NN (I3 60 [ ([ I || [T
250 (I o o m ma - [ 250 age sl §eeen DiDee w0 250 CHNMEEIET] [TERRLLIIT) [ENSSSTIT] [TIXCIITTT R ([TTEIIIT
500 (] m EEENED  (TTID S00 [ITHEND © [TTTIID el O 500 (HENNNIINT] [TTTITIIIT [EEEITIT] [TITCITTT OB (TTTTITIIT
85011 0o m m W el (O 850 [TTTIEED (T | m o 850 EEESSSNIT) [TRRITIIIT | ([IETILL S (][I0
tt so 0 [IImm D 0 n no ff so DENDID: © (ECTECI [35ee 00 Taa walls o i i # som [ o w 515 5  A R
100 [0 mm [ m (I ([IT00 100 CETTIERAN (ITTTTIIID L5800 LA R e 100 (TENNNENNN [TTTITET [TONNEER [TTTTITTI [N [TTTTITITT
250 (i AT | TPRRR s O O W [ 250 [[PNAA  (ITTTIIITD e n o mm 250 IS [TTRETIID) ISSSNTIT] [TIXCITTIT SN ([TTTITIIT
5001 i i i o 500 NN I o 500 [N [[TIITIIIL T ([TTTTL O ([[TTITTT0
888 om0 o o o i mem 880 o i i I 0 [0 850 EEENEEITT) [ITTITIIN LTI (CITTT I ([[[TIIT10
2t [T ma m 2 [T [T [T 2 [Eussnnane) [ERsssnnnng) [T
10 155 TR [ 00 O Lot [T O i [T L0t [T 1 [ERm [T
v | o 1 m o v | 1 | ETTTEeY ® Euniaaaany

< ECMWF



Other Data Issues Example — Rain Pox! &

- After going into operations in Feb 2025 the AIFS

started to exhibit spurious points of rainfall
AIFS Single

Linked to change in initial conditions with new Cycle %ﬁ%‘»ﬁ}iiﬁagbﬁ m‘;\m 0 'u,iimam}!l. o

49R1 release at ECMWF i W i g | o,
7 ! it . ! A1 ' Afii

* Issues with soil moisture that the model hadn't seen in : -

training triggering isolated instances of rainfall o T S
; : W= _’ﬁ e
.,w.;.' B g : ;= 40
‘ 05
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Other Data Issues Example — Rain Pox! &

- After going into operations in Feb 2025 the AIFS
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Other Data Issues Example — Rain Pox! &

- After going into operations in Feb 2025 the AIFS
started to exhibit spurious points of rainfall
AIFS Pox Fix

. L " . a;-:g::;s::;-.:a:;s: b e i
- Linked to change in initial conditions with new Cycle i ‘»}J‘?‘.}‘,&‘ﬁa gﬁ;\;é *':2"‘%1!'{3;;;‘,,'*\\! . B
49R1 release at ECMWF MBI i
Ll ¥ i ..j:..ml A \ .“' m -

. . : , : ; o0
* Issues with soil moisture that the model hadn’t seen in B B
training triggering isolated instances of rainfall oy 5 s R 150
* Fix: Down-weight soil moisture in loss, avoid learning | . L s

unphysical relationships
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Other Data Issues Example — Rain Pox! &

- After going into operations in Feb 2025 the AIFS

started to exhibit spurious points of rainfall

* Linked to change in initial conditions with new Cycle

49R1 release at ECMWF

* Issues with soil moisture that the model hadn’t seen in
training triggering isolated instances of rainfall

* Fix: Down-weight soil moisture in loss, avoid learning

unphysical relationships
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Summary: Other Data Issues

« Data is a fundamental quantity in Machine
Learning

« Be careful to check data quality and watch for

signs things aren’t right in the loss

« Data distribution shifts can cause issues!

 If fine-tuning may have to tweak learning-
rates

« For inference if data shifts happen can

impact forecasts!
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A & 4 ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS 55



What we learned & Questions

Training ML models can be limited by how fast we can load the data

Need to consider data access patterns and pre-process data accordingly! (can
use e.g. Zarr, Anemoi, etc. for this)

Tweak batch size and num_workers to try and optimize training times once
data formatted correctly

Think about where data is coming from
« Bring code to the data/compute

Other Data issues
« Careful to check data quality (misaligned, inconsistent samples, etc.)

 If using multiple data sources distribution shifts can cause issues!

Questions

oY
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