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Explaining and Predicting Earth System Change
WG 1

Observing and Modelling 
Earth System Change

WG 2 WG 3
Integrated Attribution, 

Prediction and Projection
Assessment of Current and 

Future Hazards

• Explain multi-annual to decadal 
changes e.g. through single/ 
multiple forcing experiments

• Build attribution capability for 
changes observed and 
predicted by WMO Annual to 
Decadal Lead Centre

• Apply modelling and observation 
in effective ways to quantify and 
improve understanding of 
observed variability and model 
strengths/deficiencies in 
representing

     - Earth’s energy imbalance
     - Snow and its role in modelled/    
       observed trends & variability

• Understanding and predicting 
how changes on multi-annual-
to-decadal timescales affect 
risks from weather and climate 
hazards



Activities under ESMO
WGSIP DCPP Panel

S2S Panel

Formulation of decadal prediction experiments     
for CMIP7
• New emphasis on multi-year prediction to 28 months
• Fast track 10-year prediction from for AR7
• High-resolution experiments

Volcanic Response Readiness Exercise
• 8 centres re-ran predictions from 2022 incorporating 

forcing from hypothetical large eruption
• BAMS 2024

Ongoing 2019-2024 Research Foci
• Long-range forecasts of monsoons
• Influences of temperature trends*
• Information for decision making

2025-2029 Research Foci
• ML/AI*
• Sources of predictability
• Ensemble information across time scales
• Land-atmosphere interactions

Climate-system Historical Forecast Project 
(CHFP)

• Long-term project to collect and archive seasonal 
hindcasts, enabling science & assessment of skill 
evolution as advocated by TPOS 2020

• Ingesting previous-generation hindcasts from 
WMO Global Producing Centres 

• Data centre migrating to APCC/Busan

2022-2026 temperature 
anomalies without (left) 
and with (right) eruption

• Currently spinning up to further S2S prediction 
science under WCRP, complementing WWRP SAGE

• Initial research foci under science plan:
     - S2S predictability and prediction of the Earth 
       system across scales
     - Initialization and observation impacts

https://doi.org/10.1175/BAMS-D-23-0111.1


International Conferences on Subseasonal to Decadal Prediction
Third International Conference on Subseasonal to Seasonal Prediction (S2S)

Third International Conference on Seasonal to Decadal Prediction (S2D)

• 7-11 September 2026, University of Reading, UK
• Parallel conferences + plenary sessions on cross-cutting themes and synthesis
• Organization led by WCRP with WWRP involvement
• S2S leads: Cristiana Stan, Steve Woolnough S2D leads: Magdalena Balmaseda, Adam Scaife
• Save the date announcement + web site coming soon
• Contacts: Anca Brookshaw anca.brookshaw@ecmwf.int, Bill Merryfield bill.merryfield@ec.gc.ca 

mailto:anca.brookshaw@ecmwf.int
mailto:bill.merryfield@ec.gc.ca


Predicting a rapidly changing 
Earth system



Example: Arctic sea ice prediction
• Arctic sea ice is one of the most rapidly changing components of the Earth system

• Conventional reference periods e.g. 1991-2020 are not suitable →

• ECCC provides calibrated probabilistic forecasts of Arctic ice-free                            and freeze-
up dates to the WMO

• Sliding 9-year reference period chosen as relevant to users

2024 early, near-normal or late ice-free dates relative to 2015-2023
Forecast probabilities Observed

Methodology:
Dirkson et al. Wea. Forecasting 2021

https://doi.org/10.1175/WAF-D-20-0066.1
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Impacts of trends and trend errors: seasonal
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Impacts of trends and trend errors: seasonal
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Impacts of trends and trend errors: decadal

CanESM5 global temperature decadal predictions initialized 1961-2025 

Bias corrected Bias & trend corrected

Kharin et al. GRL 2012
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https://doi.org/10.1029/2012GL052647


Are seasonal forecast models biased “warm”? 



Frequency of prediction of above-average (upper tercile) and below-average (lower tercile) 
monthly mean land surface temperature anomaly in North America during the NMME real-
time period of 2011–20. NMME prediction is shown for a 1.5-month lead and is the 
multimodel ensemble-mean anomaly of eight equally weighted models…

Are seasonal forecast models biased “warm”? 

Becker et al. BAMS 2022

https://doi.org/10.1175/BAMS-D-20-0327.1


• A suggested possible contributor to apparent too-frequent NMME 
prediction of above normal is excessive NMME temperature trend 
over much of the US     →

• However, this is based on consideration of ensemble means 
rather than individual ensemble members:

Are seasonal forecast models biased “warm”? 
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• A suggested possible contributor to apparent too-frequent NMME 
prediction of above normal is excessive NMME temperature trend 
over much of the US     →

• However, this is based on consideration of ensemble means 
rather than individual ensemble members:

Are seasonal forecast models biased “warm”? 
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→ test this hypothesis using an 
    independent model (CanESM5)



CanESM5 ens mean Observed (ERA5)
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CanESM5 ens mean Observed (ERA5)

Are seasonal forecast models biased “warm”? 

NMME ensemble mean Observed (GHCN1CAMS)

CanESM5 ensemble mean Observed (ERA5) CanESM5 ensemble members

Frequency of prediction of 
monthly mean temperature 
anomaly in North America 
during 2011–20



The AI/ML revolution: 
Where will it lead?



Early NN-based ENSO predictions
W. Hsieh et al. CPC outlooks from Mar 1996, IRI from Jun 2004:

https://www.cpc.ncep.noaa.gov/products/predictions/experimental/bulletin/Mar96/article10.html
https://iri.columbia.edu/our-expertise/climate/forecasts/enso/archive/200406/SST_table.html


CNN-based ENSO predictions
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Followed by…

Shen et al. Appl. Computing Geosci. 2024

Ham et al. CNNCanCM4
Lyu et al. ResoNet

https://doi.org/10.1016/j.acags.2024.100201
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AI driven GCM-based predictions



2024/12 GenCast: ensemble to 15 days

2023/11 GraphCast: deterministic

2023/07 Pangu: higher deterministic skill

2022/02 FourCastNet: deterministic

2023/01 ClimaX: NWP+climate

2024/11 ACE2: accurate forced response  

2024/07 NeuralGCM: hybrid GCM 

2024/05 Aurora: includes air pollution, ocn waves

2024/06 AIFS: operational 2025/02 

Astonishing pace of 
emergence of AI-based 
GCMs and weather 
prediction 

. . .

2025/03 Aardvark: ingests raw observations



AI-driven global subseasonal predictions
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2024/11 FengWu-W2S: 42 days, attention to surface coupling

Composite OLR anomalies 15°N-15°S 
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2024/07 FuXi-S2S: 42 days



AI-driven global seasonal predictions

Conditional Generative 
Forecasting (CGF) 
architecture

CGF Dynamical (CanCM4)
ONDJFM precipitation from July

ROC

(DJF from 1 Nov)

2025/03 ACE2: 4 months (2-tier)2022/02 CMIP-based analogues



Toward AI-driven global multi-year to decadal predictions

• Trained on 20 CMIP6 models
• SODA/ORAS5 pre-1980 for parameter tuning
• GODAS post-1980 for verification
• Does not yet treat changes in radiative forcing

Multi-year ENSO skill

Near equatorial subsurface temperature skill

Multi-year to decadal climate mode skill

2024/05 ORCA-DL: data-driven 3D ocean model for S2D prediction



2024/10 ESM→RCM→generative diffusion

2025/02 25km→generative diffusion→2km

AI for km-scale downscaling

100 km 45 km 9 km

• Input: 25km reanalysis or dynamical/AI model data 
• Training & verification data: input downscaled to 2km by WRF
• WRF spectra & PDFs reproduced well 
• 32-member ensembles → overconfident, calibration remains a challenge

Ensemble mean Ensemble std dev Ensemble member Target (WRF)

RMSE (K) Rank
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)

• Trained on 45km→9km WRF differences
• CRPS greatly improved vs interpolated 45km and BCSD



hot, dry extreme

AI to probe realizable extremes

2024/08 Spherical Fourier Neural Operators→7424-member ensemble

• 15-day hindcasts initialized on each day of summer 2023
• Improved characterization of extreme quantiles (if reliable)

Non-AI approaches
UNSEEN
• 1000s of validated seasonal/decadal hindcasts as independent realizations
• Example: chances of unprecedented hot months in South East China

Thompson et al. Clim Dyn 2019

Rare event algorithms/Ensemble boosting
• New ensembles successively bred from 

ensemble members trending toward 
extremes

unprecedented 
extremes

Te
m

pe
ra

tu
re

 a
no

m
al

y 
(°

C
)

https://link.springer.com/article/10.1007/s00382-018-4281-5


Large language models 
as a source of climate 
prediction information

Chatbot A



Current utility of 
LLM: A test

Are there any seasonal 
forecasts of heating and 
cooling degree days?

Yes, there are seasonal forecasts of heating and cooling degree days. 
Here's a breakdown of what they are and where you can find them: 

Degree Days Outlook – Climate Prediction Center – NOAA
https://www.cpc.ncep.noaa.gov/pacdir/DDdir/N1.html

• Understanding Heating and Cooling Degree Days:  …
• Seasonal Forecasts: …
• Where to find information: …

https://www.cpc.ncep.noaa.gov/pacdir/DDdir/N1.html


Large language models 
as a source of climate 
prediction information

Chatbot B*

Current utility of 
LLM: A test

Are there any seasonal 
forecasts of heating and 
cooling degree days?

…

• Heating Degree Days (HDD): 

• HDD are calculated by subtracting average daily temperature from a 
base temperature, typically 18°C…HDD data is available through 
various sources:

• Historical Data: …

• Seasonal Climate Forecasts: While specific HDD forecasts are 
rare, general seasonal climate forecasts indicate temperature 
trends. For instance, the Old Farmer’s Almanac provides a 60-day 
extended weather forecast for Victoria, which includes 
temperature predictions that can help estimate HDD.

*ca. Feb 2025



Crop-specific 
general 
information

When is the best time to plant my corn crop?

Large language models 
as a source of climate 
prediction information

Determining the best time to plant corn involves considering several factors, 
primarily soil temperature and the risk of frost. Here's a breakdown of key 
considerations:
• Soil Temperature: 

• Corn seeds germinate best when soil temperatures are consistently 
between 50°F to 65°F (10°C to 18°C). For "super sweet" corn varieties, 
even warmer soil temperatures are preferred. 

• Planting in soil that's too cold can lead to poor germination and increased 
risk of seed rot.  

• Frost Risk: 
• Corn is highly susceptible to frost damage, so it's crucial to wait until after 

the last expected spring frost in your area. 
• Paying attention to local frost dates and weather forecasts is essential. 

• … 
• "Plant after all danger of frost has passed" is a very common and very accurate 

rule of thumb. 
In summary, prioritize waiting for consistently warm soil temperatures and ensuring 
the risk of frost has passed before planting your corn crop.



Data LLM

User

When is the 
best time to 
plant my corn 
crop?

Toward individualized   
user-driven services



Data LLM

User

Toward individualized   
user-driven services

What is your exact location?

What is your tolerance for risk?

What is your capacity to irrigate?

…

Probability distribution of last frost

Probabilities of hot and dry spells

Antecedent soil moisture

…



Data LLM

User

Toward individualized   
user-driven services

Recommended courses of action

Decisions



• AI-driven coupled Earth system models producing 

     - seamless forecasts from weeks to a decade+

     - at km-scale resolution

     - including detailed assessment of low-probability high-impact event risks

• Integration of prediction data and chatbots to support user-specific applications 
(happening already with DestinE?)

• This will be a reality by ____________

Coming soon?



• WCRP continues to facilitate advancements in subseasonal to decadal prediction in alignment 
with its strategic plan objective “Prediction of the near-term evolution of the climate system”

• Subseasonal to decadal prediction in a warming climate presents challenges due to
- Evolution of climatic reference points
- Model misrepresentation of regional and global trends
- Potential for misinterpretation of forecast information such as deterministic ensemble means

• AI/ML is propelling extraordinarily rapid advancements
- Advancements in weather prediction and climate modelling have begun to penetrate into 

subseasonal into decadal prediction 
- Services appear on the brink of being revolutionized by merging of Large Language Models 

and climate data
- Assessments of AI/ML advances in weather and climate modelling and prediction are 

snapshots of a rapidly moving target

Summary
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