


Agenda

✓ Quest framework and participation

✓ Evaluation and scientific insights

✓ CMAandFDU presentation and Q&A

✓ MicroEnsemble presentation and Q&A

✓ CLINT presentation and Q&A

✓ What comes next 

Please mute your microphone.

Please keep yourselves muted during 

presentations. You are welcome to ask 

questions during the Q&As.

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.



Participants currently produce global weekly forecasts 

for weeks 3–4 ahead for the following variables:

The ECMWF AI 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.).

Forecasts are evaluated weekly against reference 

observational datasets, and results are published live:

The Quest has established a global community fostering evidence and exchange on ML-based S2S skill

250+
Competitors

50+
Teams

100+
Models

Broad usability & uptake Strong participation

Quest framework and participation 



Participation overview 

254
Competitors

57
Teams

102
Models

20
Countries



Evaluation insights : First competitive year overall scores

Globally-aggregated, variable-averaged RPSS at week 3 lead time for models 
with RPSS ≥ -0.2 and at least 52 weeks of available forecasts. Numbers above 

(below) bars indicate the number of weeks assessed. 

Globally-aggregated, variable-averaged RPSS at week 4 lead time for models 
with RPSS ≥ -0.2 and at least 52 weeks of available forecasts. Numbers above 

(below) bars indicate the number of weeks assessed. 

Dynamical predictions calibrated 
against a reforecast climatology. 

The most skilful models use dynamical 
forecasts.

(1) Top-performing approaches shifted from post-
processing techniques (e.g. MicroEnsemble’s 
MicroDuet) early in the forecasting year to hybrid 
models (e.g. CMA&FDU’s FengshunHybrid).

(2) Several data-driven (DD) systems outperform IFS 
including:
▪ AIFS S2SHera
▪ CMA&FDU FengshunAdjust

Given skill in post-processing and hybrid forecasting systems, we acknowledge efforts led by CMA, 
ECMWF and IRI to host the WWRP/WCRP S2S database. 

Highlight contributions from:
Academia and technological 

corporation collaboration 
Meteorological forecasting 

centre



Evaluation insights : First competitive year overall scores

Globally-aggregated, variable-averaged RPSS at week 3 lead time for models 
with RPSS ≥ -0.2 and at least 26 weeks of available forecasts. Numbers above 

(below) bars indicate the number of weeks assessed. 

The Quest has observed the 
development of innovative 

forecasting methods.

Dynamical predictions calibrated 
against a reforecast climatology. 

Highlight contribution from:
SME-Research center collaboration

Team CLINT developed multiple skilful 
forecasting approaches:

▪ Bias-adjusted, lagged ECMWF 
ensemble forecasts.

▪ A pre-trained U-Net model for 
probabilistic forecast calibration.



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

Teams eligible for variable-averaged, period-aggregated scores Teams above climatology
1320

Individual

Anonymous

Evolution of period-aggregated 
variable-averaged RPSS scores



Evaluation insights : JJA Top-performers overview for week 4 ahead

Teams eligible for variable-averaged, period-aggregated scores Teams above climatology
1120

Anonymous

Evolution of period-aggregated 
variable-averaged RPSS scores



Presentation by team 

CMAandFDU



China Meteorological Administration  |  Fudan University

Team Leaders： Bo Lu & Hao Li

Team Members: Z. Dou, L. Chen, Y. Zhao, X. Zhong, J. Hu, Q. Qian, 

J. Wu, C. Zhao, C. Zhou, C. Wang, L. Du, Z. Shu, Y. Xin

Fengshun Family by CMAandFDU



Fengshun Team (2021~now)

Meteorologists AI Experts

CMA

FDU

University

Model portfolio

DATA-DRIVEN

• Fengshun

• FengshunAdjust

AI + NWP

• FengshunHybrid

Bo Lu Jie Wu Chenguang Zhou

Jiahui Hu Qifeng Qian Chenpeng Wang Chunyan Zhao

Yang ZhaoZesheng Dou

Xiaohui Zhong Hao Li Lei Chen



Research to Operations

FuXi-S2S

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

Operational System

Became Operational ever since September 2024

CRA40



Fengshun 1.0：open source

Graphic Products at MAZU Platform
Fengshun 1.0 has been open-sourced

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



Fengshun Models for AI Weather Quest

A light-weighted version

1. Purely Data-Driven (ERA5);

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

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

Use Monday initial conditions only, due to ERA5 delay

Model portfolio

DATA-DRIVEN

• Fengshun

• FengshunAdjust

AI + NWP

• FengshunHybrid



FengshunAdjust: A data-driven ensemble model

Base AI Models

FS Fengshun

FD
FengshunDiff

usion

GV Group VAE +

Mamba

State-space transition

modeled with Mamba

Fengshun

Adjust

multi-model

correction / calibration

▮
▮
▮

Weekly Quintile 

Forecasts

• 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

!

Key update in MAM:
+ Group VAE base model

+ Mamba state-space transition

+ Better forecast skill

New in

MAM 

and JJA



near surface temperature

near surface temperature

FengshunAdjust: Case Study

near surface temperature

02–08 Mar, 2026

RPSS = -0.162 RPSS = 0.128

week-4 

Q>0.8

near surface 

temperature

27 Apr–03 May, 2026

RPSS = -0.022 RPSS = 0.128

total precipitation week-3 

Q>0.8

27 Jul–02 Aug, 2026

mean sea level 

pressure week-3 

Q>0.8

ERA5 FengshunAdjustECMWF Forecast 

period

RPSS = 0.248 RPSS = 0.356



FengshunHybrid: AI+NWP

1

0

FengshunAdjust
(Data-driven model)

Dynamical model mean
(Dynamical-S2S)

FengshunHybrid
(Hybrid model)

Weighted mean

Ensemble forecasts probability

Ensemble forecasts probability

Fengshun

FengshunDiffusion

groupVAE+MAMBA

ECMWF

ECCC

NCEP

CMA

76 variables 

from ERA5

Input limited to Monday
3 data-driven models

4 dynamical modelsNew in

MAM

17



FengshunHybrid

1

0

ECMWF
(Dynamical-S2S)

FengshunAdjust
(Data-Driven)

FengshunHybrid

integrates the advantages of 

both and balances their 

respective weaknesses

In case 1, the data-driven model (FengshunAdjust) 

outperforms the dynamical_S2S model (ECMWF)

In case 2, the dynamical_S2S model (ECMWF) 

outperforms the data-driven model (FengshunAdjust) 

Variables: 

Base time:

Forecast period:

total precipitation

26 February, 2026

week-3

surface temperature

09 April, 2026

week-3

18



Case Studies 06–12 April 2026, heavy rainfall on Jiangnan, China

FengshunHybrid
Hybrid-model

FengshunAdjust
Data-driven

An abnormally northward and strong subtropical high caused 

heavy rainfall across the Jiangnan region in early April.

Observed

Dynamical model mean
Dynamical-S2S

19



Performance in AI Weather Quest

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

FengshunHybrid FengshunAdjust

➢ Ranking #1 for MAM (Week 4): FengshunHybrid

➢ Ranking #1 for JJA (Week 4): FengshunAdjust



Higher prediction skill during El-Nino developing phase

RPSS for FengshunAdjust in 2026
21

ENSO also provide

predictability for purely

data-driven AI model



What’s Next? Toward Climate System Model (CSM) 

◆ Land & Ocean forcings provide predictability 

source for longer time range.

◆ Can Fengshun provide skillful prediction at 

seasonal or longer time range?

➢ How to train a model that captures 

variation at different timescale b/w 

mult-sphere?

➢ How to introduce physical constrains 

given the limited samples?

22

Our Team will participate AI Weather Quest in Year2

MJO, TC activity…

Beyond:



2026 El Nino Forecast by Fengshun_CSM

23

Observed SST AnomalyNino3.4 predictions (blue curves)



The END



Presentation by team 

MicroEnsemble



Lester Mackey

Microsoft Research

MicroEnsemble

Jonathan Weyn

Microsoft

Hannah Guan

Harvard University

Soukayna Mouatadid

University of Toronto

Paulo Orenstein

Instituto de Matemática Pura e Aplicada

Judah Cohen

MIT

Alex Lu

Microsoft Research

Genevieve Flaspohler

Rhiza Research

Zekun Ni

Microsoft

Haiyu Dong

Microsoft

StillLearning, Huracan, MicroDuet



StillLearning = Probabilistic bias correction (PBC)

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



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



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



MicroDuet = PBC-ECMWF + PBC-Poet



PBC displays higher skill in predicting floods 



MicroDuet anticipated an extreme cold event missed 
by debiased ECMWF



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 Niño rainy season. Skillful subseasonal 
rainfall forecasts can drive decision-
support for to farmers in taking critical 
actions, including planting, fertilizing, and 
harvesting. 

PBC models can offer agricultural support in 
African El Niño response 

July 22nd 2026 field assessment photos from Western Kenya show the 
difference planting timing can make in maize maturation in two 
neighboring plots that planted at different times. Photos taken by 
Chris Shitote, CHC, just north of Kitale, in northern Trans Nzoia 
County.



Presentation by team 

CLINT



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

AI Weather Quest: How Far Does

Forecast Bias-adjustment Take You?

Harilaos Loukos, Thomas Noël, Fabio Merizzi, 

Guilhem Vignal, Ronan McAdam.

WMO AI Webinars: AI Weather Quest 

September 24th 2026



CLINT Team

CLINT Team

The Climate Data Factory

Private provider of climate data & services

● Harilaos Loukos (founder)

● Thomas Noël (data engineer)

● Fabio Merizzi (ml engineer)

● Guilhem Vignal (ml engineer)

CMCC Foundation

(Euro-Mediterranean Center on Climate Change)

Research organisation

● Ronan McAdam (climate scientist)



What we do

Whatwedo

Climate Data Products & 

Services

Climate projections

● Future hazard & weather variables

Climate forecasts

● 4 weeks and 6 months outlooks

Climate Storylines

● Observed weather under past and 

future climates

Climate service

● On demand data processing



Motivation to join the AI Weather Quest

Motivation to join the AI Weather Quest

● Benchmark our bias-correction method of S2S forecast used in our services

○ We focus on correcting daily data to have forecasts that can be used for impact

models and daily metrics calculations

● Test a data driven framework for S2S forecast developed during the EU 

funded CLINT (Climate Intelligence) collaborative research project

climateintelligence.eu



AI Weather Quest CLINT models

AI Weather Quest CLINT models

● CLINT-MF (Multi forecast )

○ Daily bias-correction and forecast pooling of ECMWF forecast (3 days/303 members)

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

● CLINT-DD (Data driven)

○ 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)

○ CLINT-MF with member selection (benchmark CLINT-DD guidance)

=> not performing: not shown



Methods

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



Bias correction

Bias correction
Vrac, Loukos, Noël, 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



Forecast pooling

Forecast pooling
Vitart, Takaya 2021

Lagged ensembles

● Combines forecasts initialized on previous 

days to increase ensemble size

● Tested with ECMWF S2S forecasts

● 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

Our experiments

● Never tested on bias corrected ensembles

● Use 3 and 4 days (303/404 members)



Data driven framework

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

● Pre-training on a paleoclimate simulation 

and fine tuning on ERA5

● Deterministic

Difficulties encountered for AI Weather Quest

● Needs training by forecast week

● Resource demanding



New ML approach

New ML approach
Merizi, Loukos, Noël submitted

A multi-encoder U-Net trained twice

● 10 predictors ×12 weekly means

● One temporal encoder for each

● Residual U-Net, periodic in longitude

● 5 lead weeks in one forward pass, no rollout.

● Pre-trained on past2k (1850 years), fine tuned on ERA5 

(85 years) with a weight anchor

● Guides the ECMWF ensemble (weighted distribution 

shift)

Advantage for operational use

● 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 

z500 atmospheric circulation)

S2S2D Conference 2026

S2S2D Conference 2026



Results

Results

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











CLINT-DD
(last 2 weeks of JJA)

CLINT-DD

(last 2 weeks of JJA)





Next steps for the next AI Weather Quest season

Next steps for the next AI Weather Quest season

● CLINT-MF (Multi forecast )

○ Use to the right ERA5 climatology (6-hourly as AI Weather Quest instead of hourly)

○ Addapt pooling by variable?

● CLINT-DD (Data driven/hybrid)

○ Retrain/optimise the hybrid data driven model on the right ERA5 climatology

○ Extend to pressure and precipitation

● CLINT SE (Selection) => CLINT ED (Ensemble Diffusion/probabilistic)

○ 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

Controlling ensemble variance in 

diffusion models
Merizzi, Evangelista, Loukos 2025

Generative ensemble downscaling

● Denoising Diffusion Implicit Model (DDIM) for

ERA5 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



To conclude

To conclude
● Bias-adjustment and pooling of ECMWF took us into the top 

five, every season, both lead times

● Closing that gap is now the job of the data-driven forecast

Thanks

Harilaos Loukos - harilaos@theclimatedatafactory.com

mailto:harilaos@theclimatedatafactory.com


What comes next 

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. 

MJO

MJO

Tropical storms days

Participants will be able to produce weekly forecasts 

for weeks 3–4 for two additional variables:

Continental evaluation views and clear information 

on model types will be provided on the leaderboards:

Strong participation

Access to submitted data will be granted 

on day 5:

Broad usability & uptake

Where capacity exists, participation by 

African institutions will be supported 

through targeted outreach aligned with 

ArcX-linked initiatives and WMO 

networks. 



Thanks! 
To everyone involved in the organisation of the AI Weather Quest and everyone 

involved in its journey!
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