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State-of-the-art Al extreme
weather forecasts

Challenges and opportunities
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Al forecasts

For a long time, weather forecasting has been dominated
by physics-based, numerical computer models.

Al forecasts: Computer models that "learn” to predict
weather from large amounts of past data, without physics.
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Al forecasts

Computer models that "learn” to predict weather from
large amounts of past data, (mostly) without physics.

Tomorrow’s weather
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Image: Adapted from Google DeepMind



Al forecasts

Dear ChatGPT, can you forecast weather in Sweden two weeks ahead?

| can explain how far ahead weather can typically be forecast and | can look up current long-range

forecasts if you want — but | cannot independently generate real meteorological forecastsjwithout data.
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Al forecasts

Dear ChatGPT, can you forecast weather in Sweden two weeks ahead?

| can explain how far ahead weather can typically be forecast and | can look up current long-range

forecasts if you want — but | cannot independently generate real meteorological forecasts without data.

If | gave you data could you independently generate real
meteorological forecasts?

Short answer: | can analyze and interpret data, but | cannot run a full physical weather model.

Can you run a non-physical weather model?

Yes —{1 can run and design non-physical (statistical or ML-based) weather models} as long as the required

data is provided.
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Why do we want to do this? Conventional physics-
based weather forecasts were already quite good!
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Al forecasts

Why do we want to do this? Conventional physics-
based weather forecasts were already quite good!

= Lowered cost (computational efficiency).

» |mprovement of forecast performance (e.q., Bi et al., 2023, Lam et
al., 2023, Price et al., 2025).

¢ FINANCIAL TIMES
Science and technology | Taming the chaos
The high‘tech race to improve na ure JS COMPANIES TECH MARKETS CLIMATE OPINION WORK & CAREERS LIFE & ARTS HTSI

Weathel‘ forecasting Explore content ¥ About the journal ¥  Publish with us v Subscribe

2024: A testing year for democracy?

Subscribe to the FT and stay ahead of the race for the White House.

NEWS | 14 November 2023

Climate science ( + AddtomyFT

Al outperforms conventional weather
forecasting methods for first time

DeepMind Al accurately forecasts
weather — on a desktop computer

The machine-learning model takes less than aminute to predict future weather
worldwide more precisely than other approaches. Google DeepMind's model beat world’s leading system in 90% of metrics used and took
only a fraction of the time

Images: The Economist; Nature; Financial Times
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Many success stories:

ERAS Reanalysis‘l __IFS F\'IRES Graphcast

Storm Ciaran, Charlton-Pérez et al. (2024)

Wind speed at 10m (ms™1}

Wind speed at 10m (ms™)

'.l?ﬂ'

2022 cold-front dynamics in Taiwan, Mardani et al. (2025)
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Do data-driven forecasts struggle with extremes?



Do data-driven forecasts struggle with extremes?
Possible issues:

» Limited sample size and challenges related to extrapolation (Watson,
2022, Zhang et al., preprint)

»= Choice of loss function — e.g. global MAE/MSE (Xu et al., 2024)

» Global and temporal averaging across variables and time scales
(Bonavita, 2024)



Do data-driven forecasts struggle with extremes?
Coloured: Al best. Grey: Physics-based best.
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Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= Comparatively poor performance on extremes.



Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

» Tailored forecast models for specific extremes or regions (e.g.
Oskarsson et al., 2023, Xu et al., 2025).

= Combination with extreme value theory (Olivetti and Messori 2024Db).



Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= Ethical dimension: we can now chose what to improve.



Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= Algorithmic fairness (Olivetti and Messori, 2025).



Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= Poor extrapolation to unseen events.
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Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= "Translocation" (Qiang Sun et al., preprint).
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Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

» Lack of explainability = lack of trust in "unusual” forecasts.



Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= Explainable Al approaches (Mengaldo, 2025).
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Image: Adapted from Mengaldo (2025)



Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= |ack of data to evaluate the forecasts.

I

Past weather

Learning process

Start of available data Today

Image: Adapted from Google DeepMind



Challenges and opportunities

Selected challenges and opportunities (focussing on
extremes):

= See Amy’s presentation.
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Past weather

Learning process

Start of available data Today

Image: Adapted from Google DeepMind
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