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MAM Period participation overview i .
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MAM Period participation overview e -
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MAM Period evaluation: Top-performers overview for week 3 ahead Al g

Evolution of period-aggregated
variable-averaged RPSS scores
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MAM Period evaluation: Top-performers overview for week 4 ahead
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MAM Period evaluation: Scientific insights

1
' A Increasing number of teams and models outperforming climatology. !
i A" No corresponding trend in intrinsic predictability (inferred from IFS |
|
l
|
|

Weather
Quest = Ecvwr

Variable average, days 26 to 32
1 son 2025 DJF 2025/26 MAM 2026

EOA

Variable average, days 19 to 25
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Weather
East African MAM rainfall case study @A Quest e

i A East African rainfall is characterised by a primary wet season
during March to May (MAM), and a secondary, shorter and

MAM seasonal-mean daily rainfall

|
‘ 10 | .
\//_// I weaker wet season during October to December (OND).
| o ' A MAM 2026 exhibited pronounced intraseasonal variability, with
o . ' above-normal rainfall at onset followed by below-normal
X .. . conditions during peak and cessation.
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Weather
East African MAM rainfall case study @A Quest e

A The first four weeks of MAM were dominated by widespread
A

above-nor mal rainfall (=2 60% of 0l o
2nd March 2026

Conditions transitioned in April and May, with roughly half the
grid points experiencing below-normal rainfall.
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MAM 2026 weekly-accumulated precipitation & climatological quintile coverage
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East African MAM rainfall case study
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i A Skill peaks at the beginning and end of the season.
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Presentation by team CMAandFDU

Best ranked-team of the MAM Period for variable-averaged,
period-aggregated scores, for both 1st and 2nd forecast windows
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Univiezsitity

Our Team Members

Jie Wu Chenguang Zhou

Jiahui Hu  Qifeng Qian Chenpeng Wang

Liangmin Du

Zesheng Dou Yang Zhao Yuhang Xin
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Chunyan Zhao

Xiaohui Zhong

Lei Chen

Zhihao Shu

Three Submitting Models:
LBl A Fengshun (Al-light weight)

Di-ul A FengshunAdjust

A FengshunHybrid  (AI+NWP)



Fengshun

1. Purely Data -Driven (ERA5);

Chenetal,2024 ¢ ¢ FUXi-S25 , o0 ast weekly quintiles directly (  tas, pr, slp):

nature communications a

3. Easyto update (no need to calculate climatology)

Article https://doi.org/10.1038/s41467-024-50714-1

LSBT T RO R IS0 i SNl Use Monday  initial  conditions  only, due to ERAS delay

a  FuXi-S28 inference stage

conventional global subseasonal
Jay o al=
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FengshunAdjust Updates

An ensemble model for multiple Al forecasts

AFor the MAM season, we extended the original

B Al Model Fengshun and FengshunDiffusion framework by
- ase ode S\ Weekly adding a new model with Group VAE and Mamba
Quintile forecast for state -space transition modeling

Fengshun

-

Aug 2025 to May 2026
) 012

- a / \ -

0.08 +
FengshunDiff 2 ]
usion B

0.04 4

- / Y Fengshun
. 0.02 1
- N Adjust
multl-m_odel 000 wgd - weekd P e pheekd vk o eckd
Group VAE + Correct|0n/ urface Temperature ean Sea Level Pressure otal Precipitation
calibration mum FengshurAdjust . FengshunAd just
Mamba k / DJF period MAM period

J
: Group VAE Training Pipeline‘ ) / \
| . = Key update in MAM:
(TTTTTIT s ‘\ Xt k\/—— B b T
| State-space transiton ! + Group VAE base model
I modeled with Mamba | - — P— .
1 J ‘ M(lhart 5) }‘; # ) Dx -ml_ug\»c,d.,.,u..w.m/-\ + Mamba state -Space transition

\_ + Better forecast skill Y,
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| -
| 76 variables | : Fengshun FengshunAdJust
from ERAS | FengshunDiffusion

Input limited to Monday

3 data-driven models - ‘%O(@\
Ensemble forecasts probability

FengshunHybrid

Weighted mean _
(Hybrid model)

4 dynamical models Ensemble forecasts probability
ECMWF _
\ eccc | Dynamical model mean
Ngl\'ii (Dynamical-S2S)

Evolution of weekly RPSS scores in the MAM 2026 period, for variable-averaged and the first forecast window:

Aug 2025 to May 2026

0.12
0.10
0.08
2
£0.06 4 =
& 2
0.04
0.02
0.00 ¥
wegurface Temperature ean Sea Level Pressure ?otal Prempltatlon vynamical
o FengshunHybrid FengshunHybr id iy 10 11 12

with dynamical ECMWF with 4 dynamical models mean
[Crnancrou]

@ FengshunAdijust

FengshunHybrid Updates

A combination of a data-driven model and d




Variables: total precipitation
Base time: 26 February, 2026
Forecast period: week-3

RPSS
1.00

0.75

0.50

-0.25

- 0. 00

-—0.25

- -0.50

--0.75

--1.00

ECMWF
(Dynamical-S2S)

FengshunAd just
RPSS (pr) :0. 024

FengshunAdjust
(Data-Driven)

FengshunHybrid
RPSS (pr) :0. 049

FengshunHybrid

integrates the advantages
both and balances their
respective weaknesses

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

outperforms the dynamical_S2S model

FengshunHybrid

surface temperature
09 April, 2026

ECMWF
RPSS (tas) :0. 031

FengshunAd just
RPSS (tas) :0. 001

of

FengshunHybr id
RPSS (tas) :0. 049

In case 2, the dynamical_S2S model

A combination of a data-driven model and dynamical models

(ECMWF)



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

Observed
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HES : GS (2019) 17865

Thu 19 Mar 2026 ~ Mon 06 Apr 2026 - Sun 12 Apr 2026 ~ Eastern Asia ~

Case of 06 to 12 April 2026,
heavy rainfall on Jiangnan, China

Dynamical model mean
Dynamical-S2S

FengshunAdjust

Data-driven

FengshunHybrid
Hybrid-model



Predictability
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phere

(weather)

land

30 days

Time

1. Incorporating multi

-sphere variables (ocean, land) for S2S prediction

Given the higher predictability of ocean and land surfaces, additional variables from

these spheres can be jointly leveraged during model training.

FengShun-CSM

2. Enforcing physical constraints in the loss function for long

-term influences

Design physics-informed loss functions to embed the prolonged memory effects of

ocean and land on the atmosphere into autoregressive training.

Perturbation

Atmosphere-Land prediction Model

3. Exploring coupling schemes for multi  -sphere

— Az INfOrmation

Ar—2an At

Investigate effective ways to couple information

across different Earth system components.

Perturbation

N
6[—24h: ét

Transformer| | Transformer D> Transformer ..—»{ Transformer
Block Block b B Block ' 4 i Block"I
(1) (5) (25) (30)

ha o h o
Coupling Module Coupling Module
b 4 z
3 g ) aﬂ 5)
S
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Ocean-Sea ice prediction Model
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Team SBUHybrid

Al Weather Quest MAM Webinar

Cheng Zheng and Edmund Chang, Jun 18, 2026



Team Members

M

Cheng Zheng Edmund Chang
Research Scientist Professor

Academic research group
School of Marine and Atmospheric Sciences, Stony Brook University (SBU)

Stony Brook University: The largest campus of the State University of New York (USA)



SBUHybrid Model A (hybrid) method incorporating data-driven tools, climate model
simulations, and dynamical model predictions

Training Stage
Past observed Information Predictions from dynamical models

Input: (week -2 and -1) weeks 1-4
ENSO, MJO and Z500 MJO and Z500

Linear model for .
current application Data-driven Model

outout: Week 3 & 4
put. Precip, T2m, MSLP

Application (real-time) ENSO, MJO (Madden Julian Oscillation), and Z500 (500-hPa
geopotential height) represented by indices

Application/Tuning (reforecast)

The data-driven model is a reconstruction/prediction model for
precip, T2m and MSLP

Computer resources: HPC clusters at Stony Brook University



SBUHYybrid Model

Training Stage

Training with climate model data

Application/Tuning (reforecast)

Application (real-time)

Computer resources: HPC clusters at Stony Brook University

ENSO, MJO and Z500 in CESM2-LE

-~ -
-~ -
-~ -
-
- -
- -
-
.....
-~ -
- -
- -
- -
- -
-~ -

Past observed Information Predictions from dynamical models

Input: (week -2 and -1) weeks 1-4
ENSO, MJO and Z500 MJO and Z500
Multiple configurations of the
Linear model for data-driven model are
current application Data-driven Model trained utilizing d|ffer.ent
amount of week 1-4 input
information
Precip, T2m, MSLP
in CESM2-LE ~
T Week 3 & 4
Outpult: * =

Precip, T2m, MSLP

Training data: NCAR Community Earth System model version 2 Large
Ensemble (CESM2-LE)

CMIP6-style simulations (100 ensemble members, 1950-2022)
No Observational/dynamical forecast data used



SBUHYybrid Model

Training Stage

Application/Tuning (reforecast)

Application (real-time)

Computer resources: HPC clusters at Stony Brook University

MJO and Z500 in IFS-CY49r1

ENSO, MJO and Z500 in ERA5 subseasonal reforecast

Past observed Information Predictions from dynamical models

Input: (week -2 and -1) weeks 1-4
ENSO, MJO and Z500 MJO and Z500
Linear model for Evaluate the performance of
current application Data-driven Model each configuration in
reforecast
Week 3 & 4
Output: =

Precip, T2m, MSLP

Prediction verified against ERAS data

Identify the optimal configuration (amount of dynamical model information
to be included)

Estimate 5-category probabilistic threshold in reforecast period

Precip, T2m, MSLP from dynamical predictions not required as inputs



SBUHYybrid Model

Training Stage

Application/Tuning (reforecast)

Application (real-time)

Computer resources: HPC clusters at Stony Brook University

ENSO, MJO and 2500 in ERAS MJO and Z500 in IFS-CY49r1
(Initial conditions from medium range
forecast in past 5 dgys [ERAS not available])

subseasonal operational forecast

Past observed Information Predictions from dynamical models

weeks 1-4
MJO and Z500

Input: (week -2 and -1)
ENSO, MJO and Z500

HybridPPX:|Best

configurations in reforecast
Data-driven Model at each grid point

HybridAC: Average of all

configurations

Output: Week 3 & 4

Precip, T2m, MSLP

Probabilistic prediction using 5-category threshold estimated in reforecast



Discussion
Not a post-processing model:
Climate model simulations used as training data;
Dynamical predictions of target variable (e.g., precipitation) not used as inputs of the model.

Works well for precipitation:

For a certain weekly-mean large-scale circulation field (e.g., represented by Z500), precipitation is determined by evolution
of synoptic scale circulation under such weekly mean circulation field.

If we consider weekly-mean large-scale circulation is somewhat predictable (e.g., predictability from teleconnections) on
subseasonal time scales, then weekly-mean precipitation prediction depends on sampling possible synoptic scale circulation
evolution under the weekly-mean circulation field.

Dynamical model use about 10-100 ensemble members for such sampling.

The data-driven model is trained with thousands of years of climate model simulations. Applying the data-driven model is
similar to using a very large ensemble to explore possible synoptic scale circulation evolution under a certain weekly-mean
large scale circulation field.

For T2m and MSLP:
1) Less noisy so our hybrid model is less advantageous;
2) More input information (in addition to ENSO, MJO, and Z500) may be required for better predictions




Challenges & Future Developments

Challenges:
- Producing probabilistic forecast using data-driven models trained with climate simulations

- No forecast spread/uncertainty information in climate simulations
- Relatively small reforecast dataset for fine-tuning.

Future Developments:

- Adding more input (predictors) into the model
- Incorporating moisture as an additional predictor leads to higher skill
- Already implemented (SBUHybridStillDeveloping)
- Applying machine-learning method (instead of linear method) in the data-driven model
- Using data from other climate models for training
- Improving tuning procedures



@ AI Weather
INPE - qgg" Quest < ecvwr
Centro Euro-Medi terraneo

sui Cambiamenti Climatic

Presentation by team IgnisNeuralis42

Spotlighted as an outstanding institutional team

VW4
©

< ECMWF B} Destination Earth

METEOROLOGICAL
NIZATIO




~ Centro Euro-Mediterraneo
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GCast42: Lateht -Space Subseasonal Forecasting on
the Sphere and Next Steps
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The Team

IgnisNeuralis42 6 a CMCC (ltaly) x INPE (Brazil) collaboration

Antonio Navarra
CMCC Foundation, Italy

llenia Manco (Team Leader)
CMCC Foundation, Italy

Saulo Ribeiro de Freitas

Otavio M. Feitosa i INPE Instituto Nacional de Pesquisas Espaciais, Brazil

8l INPE, Brazil / CMCC Foundation, ltaly

Haroldo Fraga de Campos Velho
INPE Instituto Nacional de Pesquisas Espaciais, Brazil

Paola Mercogliano
CMCC Foundation, Italy

Competition entry:  GCast42 (data-driven) — submitted weekly to the ECMWF Al Weather Quest. Eligible for variable-averaged, period-aggregated scores and scoring above
climatology.



Training Data

ERADS reanalysis on an equal -area HEALPIix sphere

Source : ERAS reanalysis, 1950-2016 (67 years), daily fields. The
longest consistent global record, giving the model decades of recurring
seasonal cycles to learn from.

Grid: HEALPIix equal-area, nside=64 ( ~1 deg). No polar singularity
and no latitude weighting in the loss; hierarchical nesting maps onto
encoder-decoder levels.

DATASET AT A GLANCE

6/ YEalS oferas, 19502016

Variables : 138 ERADS fields: upper-air (5 vars x 13 levels), surface,
soil moisture at 4 depths, sea ice, the full radiation budget, CAPE/CIN 138
and stratospheric ozone — the slow forcings that carry S2S signal. atmospheric & forcing variables

Conditioning : Day-of-year climatology (mean + std), z-score

normalized. Anchoring each forecast to the seasonal baseline is what 768 pX HEALPix nside=8 (~815 km)
keeps skill above climatology at these lead times.

d a.l Iy temporal resolution

For the competition, forecasts are regridded to 1.5° and submitted as quintile probabilities at days 19725 and 26i 32,
scored by RPSS against ERAD.




Model Architecture

GCast42 0 forecasting in a learned latent space

The competition model forecasts in a learned latent space
rather than on the raw grid. Three stages:

Encoder : compresses the 138-variable HEALPIx state into a
compact latent representation, keeping the large-scale
structure that drives sub-seasonal signal.

Latent forecast : an autoregressive model advances the state
entirely within latent space out to a 45-day horizon. Working in
low dimension keeps each step cheap and stable over long
rollouts, and lets us draw an ensemble.

Decoder : the latent trajectory is reconstructed into physical
fields, from which calibrated quintile probabilities are produced
for submission.

Trained on H100 GPUSs; a full 45-day forecast runs in seconds.

INPUT ERAS analysis (HEALPix, 138 vars)

ENCODER

138var state - compact | at d

FORECAST IN LATENT SPACE

autoregressive rollout, z(
45-day horizon < ensembl e me

DECODER

|l atent z - physical fiel

OUTPUT quintile probabilities



Challenges & Next Steps

Where we are, and where we are going

Key challenges Planned developments

® The predictability desert.  Skill collapses fastest in weeks 3/4, and Next-generation generative model. A generative model based on diffusion
precipitation is the hardest field of all. / Conditional Flow Matching (CFM), currently in training and being prepared

® Coarse resolution. captures planetary scales but not mesoscale or for publication.
orographic precipitation, which caps T2M and Z500 skill. What our experience tells us

® Probabilistic calibration.  Keeping ensemble spread matched to ML forecast skill follows the classical predictability literature: the signal
forecast error across long rollouts. comes from slow forcings and coupled Earth-system components: ocean,

® |nitial -condition dependence. We still initialize from ERAS5, so the land, sea ice, stratosphere, not the atmosphere alone.

system is not yet self-contained.

MONAN-AI cascade forecast @ 1 deg — init 2023-01-15 00Z — valid 2023-01-15 06Z (+6h = D0.25)

3 dynamic variables (top) | 3 slow f atmospheric variables (bottom)

Z500 — geopotential 500 hPa U250 — jet stream TCWV — total column water vapor
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Key milestones and an announcement: the Quest continues! 53

Initial framework Brlo_lge Expanded framework
period
September - December - March - June - September - | December - March - June - September -
November February May August November February May August November

Access MAM data 07-11/09/26
Access the complete MAM forecast datasets Join us at
and participating teams'

First JJA leaderboards

16/07/26
Joinusfortothe Al Weat her Ques twebindfh (=i
Building on the success of the first forecasting year, the Quest will continue
as a long-term benchmarking and learning infrastructure, with an expanded
scientific framework and new improvements. Join us to learn more!

XY, WORLD

7
c ECMWF - Destination Earth g\n Y METEOROLOGICAL

.
£ ORGANIZATION

<77



Weather
@A Quest < Ecvwr

Thanks!

To everyone involved in the organisation of the Al Weather Quest and everyone
involved in its journey !
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