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This session is being recorded.

The recording will be made available
online after the webinar. If you do not wish
to appear, please turn off your camera.

Please mute your microphone.

Please keep yourselves muted during
presentations. You are welcome to ask
questions during the Q&As.
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Fifth WMO Al Webinar

- . Weather
Quest framework and participation AlGss

The ECMWEF Al Weather Quest is a global benchmark and learning framework launched in August 2025 to compare
ML models for sub-seasonal weather prediction. It is open to all (researchers, tech companies, forecasting institutions, etc.).

Participants currently produce global weekly forecasts
for weeks 3—4 ahead for the following variables:

Near-surface (2m) Mean sea level eIt
temperature (tas) pressure )
(mslp) pr

Forecasts are evaluated weekly against reference
observational datasets, and results are published live:

ECECMWF Al Weather Quest Data Portal
ko of s declory
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Fifth WMO Al Webinar

. . . . Weather
Participation overview Al

Participation across previous competitive periods
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Fifth WMO Al Webinar

Evaluation insights : First competitive year overall scores Al

0.20 Week 3 Global average RPSS
018 Dynamical Post-processing Data-driven Hybrid

i The most skilful models use dynamical
forecasts.

(1) Top-performing approaches shifted from post-
. - . processing techniques (e.g. MicroEnsemble’s

:gig Globally-aggregated, variable-averaged RPSS at week 3 lead time for models M icrODuet) ea rly in the fO recasti ng yea r to hyb rid

0.02

0.00
=0.14 with RPSS = -0.2 and at least 52 weeks of available forecasts. Numbers above .
:g:ig (below) bars indicate the number of weeks assessed. models (e.g. CMA&FDU’S FengshunHybrld)'

-0.20

Variable-averaged RPSS
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Week 4 Global average RPSS
g:ig Dynamical Post-processing : Data-driven Hybrid " AI FS SZS H e ra
= CMA&FDU FengshunAdjust

-0.08 52 HEm impa
-0.10

Ihir =
-0.12 Globally-aggregated, variable-averaged RPSS at week 4 lead time for models . . I I "

=0.14+ with RPSS =-0.2 and at least 52 weeks of available forecasts. Numbers above ko do Metormition
=020 (below) bars indicate the number of weeks assessed. . ;I -
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Variable-averaged RPSS

52

-0.18 rhiza

research

\)\‘-@" ™ ((e&" o @\Q Given skillin post-processing and hybrid forecasting systems, we acknowledge efforts led by CMA, ) :"
<« ECMWEF and IRI to host the WWRP/WCRP S2S database.

Dynamical predictions calibrated

against a reforecast climatology. . . . peiy o
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Fifth WMO Al Webinar

Evaluation insights : First competitive year overall scores Al

The Quest has observed the
development of innovative
— Week 3 Global average RPSS .
0.18 4 Dynamical Post-processing Data-driven Hybrid fo reca Stl ng m et h Od S.

0.16
0.14
0.12
0.10 52 5
0.08 -
0.06
0.04
0.02
0.00 -
—0.02 1
—0.04 1
—0.06 1
—0.08
—0.10 1
-0.12 1
-0.14 Globally-aggregated, variable-averaged RPSS at week 3 lead time for models
—~0.16 1 with RPSS =-0.2 and at least 26 weeks of available forecasts. Numbers above
-0.181 (below) bars indicate the number of weeks assessed.

-0.20

2 Team CLINT developed multiple skilful
forecasting approaches:
= Bias-adjusted, lagged ECMWF
ensemble forecasts.
= A pre-trained U-Net model for
probabilistic forecast calibration.

52 52
52 g,

52 35 52 52 52 52 52 55 33 33 27 47 48 27

Variable-averaged RPSS
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A Weather
Quest

Evaluation insights : JJA Top-performers overview for week 3 ahead

175

80

Evolution of period-aggregated

variable-averaged RPSS scores \ TSR
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Evaluation insights : JJA Top-performers overview for week 4 ahead Hes

Evolution of period-aggregated

variable-averaged RPSS scores .
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Fengshun Family by CMAandFDU

China Meteorological Administration | Fudan University
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Fengshun Team (2021~now)

Meteorologists Al Experts
@ Model portfolio
\ d: DATA-DRIVEN
Jie Wu Chenguang Zhou Zeshéng Dou Yang Zhao
CMA ‘ «  Fengshun
N  FengshunAdjust
Chunyan Zhao
Al + NWP
 FengshunHybrid
FDU
University
Xiaohui Zhong Lei Chen




Research to Operations

CRA40
EEEe——>

FuXi-S2S

Fengshun 1.0: First Data-Driven S2S Forecasting
(Chen et al., 2024)

Operational System

Became Operational ever since September 2024

nature communications
CMA Al Cluster Daily Run:
A800: Scheduled Jobs 16:30 BJT
Article https://doi.org/10.1038/s41467-024-50714-1
A machine learning model that outperforms
. ~25mi
conventional global subseasonal Data ; , it »
s s reprocessin nrerence
forecast models Acquisition - 2
a  FuXi-S2S inference stage
h it ~45min
Input Encoder /5\ al Decoder (1%%!;:;:)[)8!‘5]
Perturbation Add pertubatlon
module
Output
uXi- raining stage ~20min
b FuXi-S2S training stag | o G:;Z‘::;:n Post-
Y s s B processing
Sampling Weighting 5 . i

Input ——» En;::)der N(6}) »ﬂm 20min

_________________________________________ Target

KL loss b
L1 loss

S —— | : [ Run Logs
Target —> E"E’g;’e' b N(th) %Dmﬂ B , Decoder Output

Sampling  Weighting




Fengshun 1.0 : open source

Graphic Products at MAZU Platform

0 0 (XXX EN

http://ew4all.wmc-bj.net/EW4ALL/predictions https://github.com/NCC-China/CMA-AIM-S2S-Fengshun



Fengshun Models for Al Weather Quest

A light-weighted version
1. Purely Data-Driven (ERA5);

Model portfolio 2. Forecast weekly quintiles directly (tas, pr, slp);

3. Easy to update (no need to calculate model climatology)

DATA-DRIVEN

 Fengshun
 FengshunAdjust

number Monday Tuesday || Wednesday riday Satu
| AI+NWP ° Q

1 6 7
2 13 14 15 16 17 18

+ Fengshunkybrid Ol e | » [ 2 | 2 | » | 2 | x5 |
> | 7 | » | » | n | a | 2
5 33 34 35 36 38 39
6 40 41 42 43 44 45 46

4.l Forecast submission window [l First forecast period [ Second forecast period | Publication of evaluation res



Base Al Models

@ Fengshun

New in

1
MAM :
and JJA :

—_—— e =

/
: State-space transition
: modeled with Mamba

Weekly Quintile
Forecasts

—t/

Fengshun
N Adjust

multi-model

kcorrection / calibratiory

\_ J
e N
FengshunDiff
usion
\— J
e N
Group VAE +
Mamba
Y,

Group VAE Training Pipeline

1111111

* For the MAM and JJA seasons, we extended the
original Fengshun and FengshunDiffusion framework

by adding a new model with Group VAE and
Mamba for state-space transition modeling

Aug 2025 to May 2026

wl
L 0.06
[+
0.04
0.02
0.00 -
k3 kd k3 kd k3 kd
weEur'l’ace Temperg%ﬁre I\Iggn Sea Level Prggsure we(i“o‘cal Precipitaw%?on
FengshunAd just FengshunAd just
B DUF period B MAM period

Key update in MAM:

@ + Group VAE base model
+ Mamba state-space transition

\_ + Better forecast skill Y,




FengshunAdjust: Case Study

FengshunAdjust

-

near surface
temperature

02-08 Mar, 2026

\
S

mean sea level
pressure

27 Jul-02 Aug, 2026

4| RPSS

20"
Ll A - =
.

] RPSS = 0.356 P g

o
4

total precipitation

27 Apr—03 May, 2026

Forecast
period




FengshunHybrid: AI+NWP

I ________ 1 ! -

| 76 variables | = Fengshun FengshunAdjust
| from ERA5 I ~ FengshunDiffusion Data-dri del
L Tom ERAS | " groupVAE+MAMBA (Data-driven model)

Input limited to Monday

data-driven models N
Ensemble forecasts probability

FengshunHybrid

Weighted mean _
(Hybrid model)

m 4 dynamical models Ensemble forecasts probability
ECMWF ]
\ eccc = Dynamical model mean
NCEP (Dynamical-S2S)

CMA

Aug 2025 to Aug 2026

0.10 1
0.06 1
0.04 1
0.02 1
0.00 T T T T

week3 weekd week3 weekd week3 weekd
Surface Temperature Mean Sea Level Pressure Total Precipitation 17

[ FengshunHybrid with FengshunHybrid with
dynamical ECMWF 4 dynamical models mean

RPSS
g




FengshunHybrid

Variables: total precipitation surface temperature
Base time: 26 February, 2026 09 April, 2026
Forecast period: week-3 week-3
RPSS
Lo ECMWF
(Dynamical-S2S)
0.75
= b - B .:‘
0.50 — —
R
- 0.25
FengshunAdjust
- 0.00 AT (Data-Driven) o,
-—0.25
- —0. 50
FengshunHybrid
o integrates the advantages of .
o A both and balances their RPSS (tas) 0,049
—--1.00 respective weaknesses

In case 1, the data-driven model (FengshunAdjust) In case 2, the dynamical_S2S model (ECMWF) 12
outperforms the dynamical_S2S model (ECMWF) outperforms the data-driven model (FengshunAdjust)



Case Studies

An abnormally northward and strong subtropical high caused
heavy rainfall across the Jiangnan region in early April.

Observed

Dynamical model mean
Dynamical-S2S

M ERG
2E k& a5 TN
20265E04506H-048128 .
FengshunAdjust
Data-driven
v ok /
\ o ‘ .\

[ 101~5 ;.»;'i[bu o )Mv;‘ .
. HES : GS (2019) 17862 o TWw o . FengshunHybrid
LE#IR : 1:20 000 000 5 s L : .

Hybrid-model

Base time Valid time Quintile
interval

Thu 19 Mar 2026 ~ Mon 06 Apr 2026 - Sun 12 Apr 2026 ~ Eastern Asia ~ >= 80%

19



Performance in Al Weather Quest

Evolution of period-aggregated RPSS scores in the MAM 2026 period, for variable-averaged and the second forecast window: Evolution of period-aggregated RPSS scores in the JJA 2026 period, for variable-averaged and the second forecast window:

01 1 02
1

FengshunHybrid FengshunAdjust

Period-aggregated RPSSs
Period-aggregated RPSSs

CMAandFDU D ical_S2SDatab:
ynamica _oZsDatabase [ /- dFDU

@ . (o) . @ P Dynamical_S2SDatabase
FengshunAdjust FengshunHybrid multimodel_mean FengshunAdjust

FengshunHybrid multimoel_mean

MAM Ranking (Week 4): Hybrid better JJA Ranking (Week 4): Al-Ensemble better

» Ranking #1 for MAM (Week 4): FengshunHybrid
» Ranking #1 for JJA (Week 4): FengshunAdjust




tas

mslp

2 ENSO also provide
predictability for purely
o data-driven Al model

0.00 1
01-01 02-01 03-01 04-01 05-01 06-01 07-01 08-01
init date
—eo— FengshunAdjust NINO3.4

RPSS for FengshunAdjust in 2026

21
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Predictability

/7 day

atmosphere

(weather)

land

S 30 days

LND

=
51@%:]«0*2)

[

Time

FengShun-CSM

Our Team will participate Al Weather Quest in Year2

MJO, TC activity...
Beyond:

€4 Land & Ocean forcings provide predictability

source for longer time range.

€4 Can Fengshun provide skillful prediction at

seasonal or longer time range?

Perturbation

Atmosphere-Land prediction Model

At—24h' At

S——|
——
S | ICE
: £ 4(@2%2)

Perturbation

(A

t-24n Ot

Trar;fo;‘(mel‘_,,,_, Trarl;slfo:ner D> _,Trar;fo:(mer (D> -—»{Transformer > B > HOW tO train a mOdeI that Captu res
oc oc 1 oc| 3 Block
& = . G variation at different timescale b/w
ha fia fa
Coup:ng Module Coup;ng Module m u It- S p h e r e?
3 o Sis
hy a |5 @ S . . .
» How to introduce physical constrains
T Sl Brfrmgtegma = § [ 0o given the limited samples?
M (5) (25) (30)
Ocean-Sea ice prediction Model 292




Nino3.4 SST anomaly (degC)

Nino3.4 SST anomaly (degC)

2026 El Nino Forecast by Fengshun_CSM

Nino3.4 predictions (blue curves)

Forecast P10-P90
- Forecast mean (30-day windows)

Init 2026-01-01

3.0

2.5

2.0

A:5°

1.0 1

0.5

0.0

—0.5 1

w0 e 1016'05 1016'01 wo% jme™

Init 2026-03-01

3.0 A

2.5

2.0

1:5+]

1.0 1

0.5

0.0

—0.5 1

03 107_6—“" 107_6 ol 1016_09 1026_x1 7_07»1 oY

202%°

----- ERA reference (forecast definition)
—e— Supplied monthly observations

Init 2026-02-01

Nino3.4 SST anomaly (degC)

107_6‘07' 1016‘°A

Observed SST Anomaly

Pentad Mean SST Anomaly 202609P2

-

Nino3.4 SST anomaly (degC)

=

1016'06 1016'06 10’16"’0 7_()16 A2
Init 2026-04-01
107_6‘0A 1016'06 1016‘06 7_07_63“ 1016‘0' 7_07—1 ot

Forecast: ERA 1981-2010 baseline. Supplied observations: ERSST v6, 1981-2010 baseline. SST products and sampling differ.
Observations are calendar months; forecast windows are shown at their actual midpoints. Missing observations are not extrapolated.

T r T | T
150W

60E 90  120E  150E 180
BT [ [ [
3 25 2 15 -1 05 0 05 1

15 2 25 3

120W 90w
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e () impa
ry— MicroEnsemble &
e StillLearning, Huracan, MicroDuet R

Jonathan Weyn

Microsoft MIT

Lester Mackey Alex Lu Genevieve Flaspohler Zekun Ni Haiyu Dong

Microsoft Research Microsoft Research Rhi’\esearch Microsoft Microsoft



StillLearning = Probabilistic bias correction (PBC)

—

Deterministic dynamical / Al

ensemble members

é Lagged observations \

0.2

a Climatological quantiles\

0.4

Learns to correct forecasting
errors using adaptive training
periods

l

PBC forecasts

Paper: Advancing Subseasonal
Forecasting with Machine Learning

(Guan et al., arXiv, 2026)
Code: github.com/mouatadid/pbc



https://arxiv.org/pdf/2604.16238
https://arxiv.org/pdf/2604.16238
https://github.com/mouatadid/pbc
https://github.com/mouatadid/pbc
https://github.com/mouatadid/pbc
https://github.com/mouatadid/pbc
https://github.com/mouatadid/pbc

PBC broadly boosts the skill of raw ECMWF forecasts
more effectively than operational debiasing

2016-2024
Raw ECMWF Debiased ECMWF PBC-ECMWEF PBC-ECMWF - Debiased ECMWF

Temperature
Week 3 Week 3

Precipitation

Sea Level Pressure
Week 3

~1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 WE 1.00 —0.2 -0.1 0.0 0.1 0.2
Ranked probability skill score (RPSS) RPSS difference




PBC enhances the subseasonal skill of ECMWF’s Al
Forecasting System (AIFS-SUBS)

©
o
e

Ranked probability skill score
o
o

2025
Bl AIFS-SUBS PBC-AIFS-SUBS

0.10 1

Temperature

Week 3 Week 4
Precipitation

Week 3 Week 4
Sea Level Pressure



PBC further improves PoET (Huracan), a state-of-the-
art Al post-processor

2024

Raw ECMWF W Debiased ECMWF I PoET W PBC-PoET

Ranked probability skill score

Week 3 Week 4 Week 3 Week 4 Week 3 Week 4
Temperature Precipitation Sea Level Pressure



Ranked Probability Skill Score

MicroDuet = PBC-ECMWF + PBC-Poet

2025 September-October-November

0.10 ~

0.05 -

0.00 ~

—0.05 A

—0.10 A1

0 MicroDuet Bl Dynamical MME B Debiased |MA
B FengshunHybrid B Debiased ECMWF % Debiased HMCR

Bl LPM [ Debiased ECCC I Debiased NOAA
AlFShera B Debiased KMA I

Week 3 Week 4 Week 3 Week 4 Week 3 Week 4
Temperature Precipitation Sea Level Pressure



PBC displays higher skill in predicting floods

2016-2026
Raw ECMWF Il Debiased ECMWF 1 PBC-ECMWF

0.141

Jad

Week 3 Week 4 Week 3 Week 4
All Floods Severe Floods

Brier skill score
o o o o o
o o o o =
S (@)} (0 0] o N

o
o
N




MicroDuet anticipated an extreme cold event missed
by debiased ECMWF

Observed (ERA5S) MicroDuet Debiased ECMWF
LT S0 . ‘ . * - o S&cof
Y R . I et T A B
[ ] ] i ] L L ] [ ]
—2.56 —-0.50 1.56 3.61 5.67 7.73 9.79 0] 3 6 9 12 15 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

Temperature anomaly (°C): Dec 15-21, 2025 Predicted probability of lowest temperature quintile: Dec 15-21, 2025



PBC models can offer agricultural support in
African El Nino response

Following strong local benchmarking
performance, the Kenya Meteorological
Services Authority and the Climate
Hazards Center (CHC) will pilot the PBC
model during the record-breaking 2026
El Nino rainy season. Skillful subseasonal
rainfall forecasts can drive decision-
support for to farmers in taking critical
actions, including planting, fertilizing, and
harvesting.

difference planting timing can make in maize maturation in two
neighboring plots that planted at different times. Photos taken by
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Centro Euro-Mediterraneo
sui Cambiamenti Climatici

Al Weather Quest: How Far Does
Forecast Bias-adjustment Take You?

Harilaos Loukos, Thomas Noel, Fabio Merizzi,
Guilhem Vignal, Ronan McAdam.

WMO Al Webinars: Al Weather Quest
September 24th 2026




CLINT Team

The Climate Data Factory
Private provider of climate data & services

Harilaos Loukos (founder)
Thomas Noel (data engineer)
Fabio Merizzi (ml engineer)
Guilhem Vignal (ml engineer)

CMCC Foundation
(Euro-Mediterranean Center on Climate Change)

Research organisation

e Ronan McAdam (climate scientist)



What we do

Climate Data Products
Services

Climate projections
e Future hazard & weather variables

Climate forecasts
e 4 weeks and 6 months outlooks

Climate Storylines

® Observed weather under past and
future climates

Climate service
® On demand data processing

Ourhigh-resoiution and muitl-model soenanas o1 climats nazants extend up to 2100,
Our climate projections data are designed for direct use I climate change Impact
studies and physical nsk assessments. They have a Nign spatial r2sahiian, encampass
multiple Earth Sysiem Mogels and emission scenarnks, and cover a vanety of cimate
hazarns and varabies, |tis a conerent collsction of climate iInfomation tor nsk analysis

un g future climate condtions,

cplore projest

® P ppona

® % cimate

Qur high-resalition multh-system sull-seasanal ano Seasonal 10Fecasts provide valliabis
Insights nta climata fluctuations from four weeks up io skemenths shead These
forecasts are Dased on axtansive data from lgading operational canters and go thod gy
alvanced pracessing 10 ersure accuracy and redlabdity, Our climaie forecasts ar
designad 1o diract us e in dectson-supporn applicatians tar aifenent business and

aconumic sectors

® ' plimate service

Our cimal

sErvice |5 dedicated to o

UStom management and

meassng of climats

a ACOrCHnNG 10 your unigue spaciicatiol ]

yOU require spe Aamale py ons
Qr fofecast mala, o |1 yauneed 10 manags Or PIocass public or proprtary ata, we can

handie those for yau with the same emclency and oualt)

SNaaTS 0 pied 10 01 oW
data This 1o ensure reflabe: and actanable infivmatian 1o smhance the eflectvensss of

cliimate- rated projacis.

® ° climate storylines

Cur Stanyl ine simuiations are

XMUCEIONG Of BSErved Weather unoer past and futune
ciimaies. This appicat h enables prareskanats (0 explore how climaie dnange 5
reshaping the magniude Of Exrgme events in an Inores

singly voiathe cimaie. The ERAS
reanalyse [5Used as the prony of ohsaaved weather and the starvines ane contestact 3
version of ERASuUnder preindustnal and rutLine condions at seve sl giabal warming
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Motivation to join the Al Weather Quest

e Benchmark our bias-correction method of S2S forecast used in our services
o \We focus on correcting daily data to have forecasts that can be used for impact
models and daily metrics calculations

e Test a data driven framework for S2S forecast developed during the EU
funded CLINT (Climate Intelligence) collaborative research project
climateintelligence.eu



Al Weather Quest CLINT models
CLINT-MF (Multi forecast )

o  Daily bias-correction and forecast pooling of ECMWEF forecast (3 days/303 members)

=> Qur top performer: Focus of this presentation (skill and where it comes from)

CLINT-DD (Data driven)
o  Deterministic data driven ML approach guiding ECMWF probabilistic forecast (no pooling)

=>Only the last 2 forecast weeks of JJA: Preliminary results (does it beat CLINT-MF?)

CLINT SE (Selection)
o  CLINT-MF with member selection (benchmark CLINT-DD guidance)

=>not performing: not shown




Methods

Bias correction, pooling, and the data-driven component.



Bias correction
Vrac, Loukos, Noél, Defrance 2025

Cumulative Distribution Function-transform
(Quantile mapping method)

Distribution-based bias correction
Non parametric (empirical) and univariate

Designed for non-stationary climates
Applicable to both bias correction and

statistical downscaling
Applied by forecast week with all ensemble
members pooled together

climate
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Abstract

This study assesses the use of Quantile-Mapping methods for bias correction and down-
scaling in climate change studies. A “Perfect Model Experiment” is conducted using high-
resolution climate simulations as pseudo-references and coarser versions as biased data.
The focus is on European daily temperature and precipitation under the RCP 8.5 scenario.
Six methods are tested: an empirical Quantile-Mapping approach, the “Cumulative Dis-
tribution Function—transform” (CDF-t) method, and four CDF-t variants with different
parameters. Their performance is evaluated based on univariate and multivariate proper-
ties over the calibration period (1981-2010) and a future period (2071-2100). The results
show that while Quantile Mapping and CDF-t perform similarly during calibration, signifi-
cant differences arise in future projections. Quantile Mapping exhibits biases in the means,
standard deviations, and extremes, failing to capture the climate change signal. CDF-t and
its variants show smaller biases, with one variant proving particularly robust. The choice
of discretization parameter in CDF-t is crucial, as the low number of bins increases the
biases. This study concludes that Quantile Mapping is not appropriate for adjustments in a
climate change context, whereas CDF-t, especially a variant that stabilizes extremes, offers
a more reliable alternative.

Keywords: bias correction; statistical downscaling; climate models; climate projections

1. Introduction

Over the last few decades, scientists have attempted to model, quantify, and un-
derstand the potential impacts of climate change. To investigate these impacts, various
hydrological, agricultural, and, more generally, environmental “impact models” have been
developed (e.g., [1,2]). Although such models can be different regarding their goals, un-
derlying assumptions, and functioning, they all rely on the use of climate simulations of
climate variables, such as temperature and precipitation, as inputs to simulate impacts (e.g.,
in terms of river flows, crop yields, etc.). Therefore, the realism and robustness of climate
simulations are essential, both over historical and future periods and scenarios of interest,
to obtain confidence in the modeled impacts (e.g., [3]).

However, because global climate simulations usually have a relatively low spatial reso-
lution, a major drawback is that they are not designed to provide local information. Indeed,
Global Climate Models (GCMs) have a mean resolution of approximately 150 x 150 km,
whereas most impact models operate at a much more local scale, from a watershed or

Climate 2025, 13, 137

https:/ /doi.org/10.3390/cli13070137
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Forecast pooling
Vitart, Takaya 2021

Lagged ensembles in sub-seasonal predictions

Frédéric Vitart'® | Yuhei Takaya?

L d b I ! European Centre for Medium-Rang,
a g g e e n s e m es Weather Forecasts, Reading, UK Abstract

M ical Research Institute, Japan The benefits of using lagged ensembles for $2S predictions have been evalu-
Meteorological Agency, Tokyo, Japan ated using the ECMWF sub-seasonal to seasonal (S2S) forecasts. The ECMWF
S2S forecasts are currently produced twice a week from a 51-member ensem-
ble. An experiment where the ECMWF forecasts are produced daily instead of
twice weekly has been performed to identify the minimum lagged-ensemble
configuration which will produce probabilistic forecasts at least as skilful as
the current configuration. Results suggest that the extended-range prediction of
the Madden-Julian Oscillation (MJO) is not deteriorated with the daily lagged
ensemble approach, but there is a slight degradation during the first 10 days.
In the northern Extratropics, the probabilistic skill scores are improved after
week 2 when using lagged ensembles, but only if the daily ensemble size exceeds
20 members. The lagged ensemble approach is more beneficial in the Tropics

Correspondence

Combines forecasts initialized on previous
days to increase ensemble size
Tested with ECMWF S2S forecasts

than in the northern Extratropics, showing even benefits in forecast week 1 over
the Tropics, despite the 24 hr difference between two consecutive forecasts. As
expected, the daily lagged ensemble method is more beneficial for longer lead
times and the optimal lagged ensemble window increases from 2 days for week
2 to 4days for week 4. An idealized numerical simulation, based on a Monte

Longer lead times benefit most: 2 days for
week 2, to 4 days for week 4.

Improved probabilistic skill: if the daily
ensemble has more than 20 members

Carlo approach, confirms the benefits of lagged ensembles. The results obtained
are generally consistent with the ECMWF forecast experiment, suggesting that
such a simulation could be used as a cheap alternative to address the benefit of
lagged versus burst ensembles.

KEYWORDS
1. tools and method ing (methods), sub

1 | INTRODUCTION

use of imperfect initial conditions and errors introduced
because of imperfections in the model formulation, such

Our experiments
e Never tested on bias corrected ensembles
e Usedand4days (303/404 members)

The paradigm shift from a single weather forecast to an
ensemble of forecasts started in 1992, with the imple-
mentation of global ensemble prediction systems in sev-
eral operational centres (e.g. Tracton and Kalnay, 1993;
Buizza and Palmer, 1995). Unlike single weather fore-
casts, ensemble forecasts provide an indication of the
range of possible future states of the atmosphere. The
multiple simulations are conducted to account for the two
usual sources of uncertainty: the errors introduced by the

as the approximate mathematical methods to solve the
equations. Ideally, the verified future atmospheric state
should fall within the predicted ensemble spread, and
the amount of spread should be related to the forecast
uncertainty. This approach is used to produce probabilistic
forecasts.

There are a number of ways to generate initial condi-
tions perturbations. The simplest way consists of starting
the model integrations at slightly different times (e.g. a

QU R Meteorol Soc. 2021;147:3227-3242. wileyonlinelibrary.comfjournal/qj

® 2021 Royal Metearological Society | 3227



Data driven framework
McAdam et al. 2025

Feature selection for data driven forecast

Purely data-driven seasonal forecasting
Optimally selects from a large pool of

potential predictors

Interpretable feature selection
e Pre-training on a paleoclimate simulation

and fine tuning on ERAS
e Deterministic

Difficulties encountered for Al Weather Quest

e Needs training by forecast week
e Resource demanding

communications earth & environment

A Nature Portfolio journal

3

https://doi.org/10.1038/s43247-025-02863-4

Feature selection for data-driven seasonal
forecasts of European heatwaves

" Check for updates

Ronan McAdam @', Jorge Pérez-Aracil ®**, Antonello Squintu®", César Peldez-Rodriguez?,
Felicitas Hansen', Verénica Torralba®, Harilaos Loukos ®°, Eduardo Zorita‘, Matteo Giuliani® 7,
Leone Cavicchia ®', Sancho Salcedo-Sanz? & Enrico Scoccimarro®'

The early warning of heatwaves using seasonal forecasting systems has the potential to mitigate
economic losses and risk to life. Because of the limited reliability and computational expense of
dynamical forecasting systems, efforts in recent years have turned to exploiting Machine Learning.
Here, an inexpensive approach to forecasting summer heatwaves over Europe is developed, using an
optimisation-based feature selection framework to detect a combination of variables, domains and
time-lags used to skilfully predict heatwaves. The purely data-driven forecasts are shown to match,
and in places outperform, the skill of the state-of-the-art dynamical multi-model products. Moreover,
low skill over Scandinavia, a long-term issue common to most dynamical systems, is improved in our
data-driven approach. This work also highlights that the greatest contribution to skill comes from
predictors at 4-7 weeks time-lag (e.g. mid-March), and identifies predictors which can form the basis

for future studies on mechanisms.

Heatwaves (HWs) are prolonged periods of extreme temperature, and lead
to a wide range of impacts, including the collapse of agricultural yields',
drastic increases in energy usage’, impacts on human health, and increased
mortality™. Europe has experienced devastating heatwaves in the past
decades, including, but not limited to, deadly events in 2003 and 2010° and
more recently in 2022*", Climate projections suggest further intensification
of HWs in the coming decades’, which will likely lead to an increase in
deaths attributed to extreme heat unless mitigation measures are
implemented’. Consequently, the ability to predict extreme summer heat
several months in advance provides an opportunity for the agricultural
industry and national health services to implement mitigation measures™"’.

Seasonal forecasting, the prediction of seasonal climate conditions
several months in advance, has the potential to provide society with time
and necessary information to take meaningful action prior to potentially
damaging climate events. Such information already serves as the foundation
for climate services in various sectors, such as the early warning of droughts
for agriculture’™"” and snow cover for tourism". The generation and
maintenance of seasonal forecasts, however, is an enormous computational
undertaking, with many centres around the world producing dozens of
ensemble members of climate models, each of which couples several com-
ponents of the climate system, at horizontal resolutions typically less than 1
geographical degree. Moreover, predicting heatwaves beyond the

deterministic limit (roughly 10-15 days) is challenging'*"". The state-of-
the-art operational seasonal forecasting systems from the Copernicus Cli-
mate Change Service (C3S) have demonstrated reliable forecast skill over
large parts of Europe when predicting, up to 3 months in advance, seasonal
heatwave indices*"’. However, skill gaps remain; for example, over north-
ern Europe, which is less influenced by more predictable mid-latitude
variability™.,

The increasing use of Machine Learning (ML) for weather and climate
science applications provides a means of reducing the resources required to
make accurate weather forecasts without compromising on skill, as
demonstrated in the field of weather forecasting’’. Dynamical forecasting
systems, named after their ability to solve dynamical and thermodynamic
equations numerically, are now matched in skill or even outperformed by
purely data-driven approaches using a range of machine or deep learning
architectures™ ™. These data-driven approaches leverage techniques
designed to identify relationships between multiple variables from large
datasets of observations or model simulations. The current frameworks used
are being adjusted for subseasonal’” and seasonal timescales™, and any data-
driven approach to seasonal forecasting requires considerably more data
than is available in the observational records™’

Prior to the widespread use of ML, statistical seasonal forecasting
showed that the input of known predictors, such as soil moisture for

'CMCC Foundation - Euro-Mediterranean Center on Climate Change, Bologna, Italy. “Department of Signal Processing and Communications, Universidad de
Alcal4, Madrid, Spain. *Programa de doctorado en Computacién Avanzada, Energia y Plasmas, Universidad de Cérdoba, Cérdoba, Spain. ‘Helmholtz-Zentrum
Hereon, Geesthacht, Germany. *Barcelona Supercomputing Center (BSC), Barcelona, Spain. “The Climate Data Factory (TCDF), Paris, France. ‘Department of
Electronics, Information and Bioengineering, Politecnico di Milano (POLIMI), Milan, Italy. e-mail: ronan.mcadam@cmcc.it

Communications Earth & Environment| (2025)6:842




10 predictors * 12 weekly means = 120 input channels
mrsos - pr - psl - rlut - tas - tasmax - tasmin - zg500 - siconc - tos

New ML approach v . .y
Merizi, Loukos, Noél submitted i oo
A multi-encoder U-Net trained twice e
e 10 predictors x 12 weekly means — i
e Onetemporal encoder for each ot ek
e Residual U-Net, periodic in longitude
. Up Block 4690
e Jlead weeks in one forward pass, no rollout. v
. . D Up Block 92 <180
e Pre-trained on past2k (1850 years), fine tuned on ERAS :
0 . — = Up Block 184 = 360
(85 years) with a weight anchor e
e Guides the ECMWF ensemble (weighted distribution GO0
S h ift) 5 forecast weeks * 3 variables (tas, zg500, pr) produced in a single forward pass — not autoregressive
Advantage for operational use ——l

e One training of all forecast weeks, fast inference.



Hybrid data driven framework
McAdam et al. 2026

Blending deterministic data driven and
ensemble dynamical forecast

Hybrid data-driven/dynamical approach
120-member multi-model ensemble
Member selection by similarity

Two methods: grid point or over a domain
Combines complementary skill patterns

Improved forecast skill about 10%
Improved physical representation (summer

2500 atmospheric circulation)

S2S52D Conference 2026

52520
Blending data-driven and dynamical seasonal forecasts 2026

with ensemble sub-sampling:
10% increase in skill of heatwave predictions over Europe

Selecting dynamical members based on similarity to data-driven forecasts

Dynamical and data-driven (McAdam et al., 2025) seasonal Criteria: select the n% members with least difference to data-
forecasts of heatwaves Europe demonstrate skill in different driven forecasts of heatwave index

places - can selection bring out the best in both?
DynMM 120-member ensemble from 4 burst-mode dynamical
b) DynMM systems (ECMWF5.1 , CMCC-SPS3.5, DWD2.1, MF9)
s DD Deterministic Data-Driven forecast from McAdam et al.,
2025
Ensemble Selection by grid Point difference
Ensemble Selection by average Domain difference

Figure 1: Correlation skill of number of summer heatwave days between
seasonal forecasts (DD and DynMM) and ERAS over 1993-2016.

0

McAdam, R., Pérez-Aracil, J., Squintu, A. et al. - N
Feature selection for data-driven seasonal forecasts of European Figure 2: Area of significant skill over Europe as a function of ensemble
heatwaves. Commun Earth Environ 6, 842 (2025). subsample size.

Increase in heatwave skill Improved representation of

Subsample is informed by both data-driven and dynamical i
skill, emerging regions of skill (British Isles) and widening heatwave drlvers

CUSCITN ORE ORI T e Subsampling based on heatwave index also leads to

increase in skill of atmospheric circulation.

Figure 3:
Difference in
correlation skill
. (top) and mapping
f correlation
significance

ghange (botiory Figure 4: Correlation of summer 2500 anomalies in DynMM and ESD-DD

with ERAS. Stippling: significant difference w.r.t random sampling.

Ronan McAdam’, Luca Famooss Paolini!, Marianna Benassi', o0i®. @:00 the
Harilaos Loukos?, Enrico Scoccimarro? el a:%: climate
1CMCC Foundation — Euro-Mediterranean Centre on Climate Change, ntro Eu aneo ¥ e datafactory
Italy

2Tha Nlirmmata Nata Cantan: Cranan




Results

Season-to-date skill, focus on CLINT-MF



season-to-date skill (RPSS)

Variable-average - season-to-date Seasontop5 —— ECMWF = CLINTMF
SON 2025 DJF 2025 MAM 2026 JIA 2026
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forecast initialisation date



Season-to-date skill (RPSS): gain over ECMWF

Days 19-25 - season-to-date Seasontop5 = CLINTMF == ECMWF
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Season-to-date skill (RPSS): gain over ECMWF

Days 26-32 - season-to-date Seasontop5 = CLINTMF == ECMWF
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Where CLINTMF's added skill over ECMWF comes from (RPSS)

Mean of weekly gains Season leader == ECMWF @ Bijas correction ™% Pooling Pooling, negative
DJF MAM JIA

0.08
0.06

Days o004 ' '

19-25
"M . e M ii.i
0.08
0.06

Days 0.04

i culla .aH
oM A S HEANE = mHE N

temperature pressure precipitation average temperature pressure precipitation average temperature pressure precipitation average



CLINT-DD
(last 2 weeks of JJA)



GLINT-DD on the weekly leaderboard: rank and sKill (RPSS)

Temperature
Week 3
17 to 23 Aug
Initialised
30 July
Week 4
24 to 30 Aug
Week 3
24 to 30 Aug
Initialised
6 August
Week 4
31 Aug to 6 Sep
model rank

a0

® CLINT-DD @ CLINT-MF  © CLINT-DD corrected

+0.031 +(.282
34th 4th
) ® O
11th
+0.210
-0.208 +0.279
47th 6th
® @ O
12th
+0.255
+0.279 +0.299
15th Sth
Y O
14th
+0.280
+0.265
6th
—-O‘ 6th
g?h +0.269
+0.261
40 30 20 10 1



Next steps for the next Al Weather Quest season

e CLINT-MF (Multi forecast )
o  Use to the right ERAS climatology (6-hourly as Al Weather Quest instead of hourly)
o  Addapt pooling by variable?

e CLINT-DD (Data driven/hybrid)
o Retrain/optimise the hybrid data driven model on the right ERAS climatology

o Extend to pressure and precipitation

o—CLINT-SE{Selection}-=> CLINT ED (Ensemble Diffusion/probabilistic)

o Add ensemble diffusion to CLINT-DD for a purely probabilistic data driven forecast

=> optimise RPSS skill by adjusting the ensemble variance



Controlling ensemble variance in

diffusion models
Merizzi, Evangelista, Loukos 2025

Generative ensemble downscaling

Denoising Diffusion Implicit Model (DDIM) for

ERAS to CERRA downscaling.
Ensemble generation: multiple realizations for
the same Input.

Variance control through diffusion steps
Variance calibration against a reference

ensemble

Uncertainty representation
Efficient high-resolution ensembles

Neural Computing and Applications

ORIGINAL ARTICLE

Controlling ensemble variance in diffusion models: an
application for reanalyses downscaling

Fabio Merizzi® - Davide Evangelista - Harilaos Loukos

Received: 31 March 2025 / Accepted: 5 December 2025
© The Author(s), under exclusive licence to Springer-Verlag London Ltd., part of Springer Nature 2026

Abstract

In recent years, diffusion models have emerged as powerful tools for generating ensemble members in meteo-
rology. In this work, we demonstrate how a Denoising Diffusion Implicit Model (DDIM) can effectively control
ensemble variance by varying the number of diffusion steps. Introducing a theoretical framework, we relate
diffusion steps to the variance expressed by the reverse diffusion process. Focusing on reanalysis downscaling,
we propose an ensemble diffusion model for the full ERAS5-to-CERRA domain, generating variance-calibrated
ensemble members for wind speed at full spatial and temporal resolution. Our method aligns global mean vari-
ance with a reference ensemble dataset and ensures spatial variance is distributed in accordance with observed
meteorological variability. Additionally, we address the lack of ensemble information in the CARRA dataset,
showcasing the utility of our approach for efficient, high-resolution ensemble generation.

Keywords Diffusion models - Ensemble generation - Reanalysis downscaling - Calibrating variance

1 Introduction

Neural approaches to downscaling meteorological reanalyses have proven effective, enhancing spatial and tem-
poral resolutions while reducing computational costs compared to traditional numerical models.

The task is typically framed as an image-to-image prediction, transforming a low-resolution input into a high-
resolution output. Widely adopted prediction-based models, such as U-Net [1] and ViT [2], operate deterministi-
cally and predict the most likely outcome for a given input. While this can produce high-quality predictions, these
models lack the ability to quantify uncertainty or capture extreme events. To address this limitation, conditioned
generative approaches, such as diffusion models [3], have gained traction in the scientific community. Unlike
deterministic models, diffusion models sample outcomes from a learned distribution, producing diverse ensemble
members even when conditioned on the same low-resolution input. These ensembles provide valuable insights
into uncertainty estimation, the underlying physical system, and extreme events.

In this paper, we apply a Denoising Diffusion Implicit Model (DDIM) [4] to downscale meteorological reanal-
yses, focusing on wind speed. Specifically, we perform the transformation from a global reanalysis (ERAS [5])
to a regional reanalysis (CERRA [6]) over the European domain. Building on prior work [7], we develop a dif-
fusion model capable of operating across the full CERRA domain and we explore architectural modifications to

Neural Computing and Applications (2026) 38:60 https://doi.org/10.1007/500521-025-11709-1
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To conclude

e Bias-adjustment and pooling of ECMWF took us into the top
five, every season, both lead times

e (losing that gap is now the job of the data-driven forecast

Thanks

Harilaos Loukos - harilaos@theclimatedatafactory.com

» @ the
0% climate
- datafactory
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Fifth WMO Al Webinar

Weather
What comes next Al G

Building on the success of the first forecasting year, the Quest continues as a long-term benchmarking and learning

infrastructure, with an expanded scientific framework and new improvements.

Continental evaluation views and clear information
on model types will be provided on the leaderboards:

Team name
Team Rank Model Rank Model type
Model name

Participants will be able to produce weekly forecasts
for weeks 3—4 for two additional variables:

Region

m Africa Asia Australasia Europe Central & South America North America

Tropical storms days

Day of week
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