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Literature review: How do Al weather models perform at
forecasting extreme events?

m Al models outperform HRES in forecasting
cyclone tracks with smaller track errors (Bi et al.
2023; Lam et al. 2023; Bodnar et al. 2025)

Figure source: Figures 2 and 3 in Olivetti & Messori 2024
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Conclusion: no consistent results, verification results often depend on which type of extreme events and which
specific events are considered; often no clear interpretation of the results
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Figure source: Figures 2 and 3 in Olivetti & Messori 2024
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Extrapolation problem: How do neural networks underlying Al
models extrapolate?
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m All neural networks fit almost perfectly the training data

Figure source: Figures 1 in Shen & Meinshausen 2025
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m All neural networks fit almost perfectly the training data
m Yet they exhibit uncontrollable and arbitrary behavior outside the training domain [—2, 2]
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Extrapolation problem: How do neural networks underlying Al
models extrapolate?
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m All neural networks fit almost perfectly the training data
m Yet they exhibit uncontrollable and arbitrary behavior outside the training domain [—2, 2]
m Question: Do Al weather models suffer from the extrapolation problem?

Figure source: Figures 1 in Shen & Meinshausen 2025
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How to define the training domain of Al weather models?
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m Define records for each variable, each grid cell, and each month based on the training data of Al models (ERA5 from
1979 — 2017)
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m Define records for each variable, each grid cell, and each month based on the training data of Al models (ERA5 from
1979 — 2017)

m Systematically evaluate Al forecasts of record-breaking heat, cold, and wind extremes, and compare to
physics-based HRES forecast
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Model comparison on records’ intensity
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Forecast errors and bias against record exceedance
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Summary

m Through systematic forecast evaluation, we show that for record-breaking weather extremes, the leading
physics-based numerical model still consistently outperforms state-of-the-art deterministic Al models such as
GraphCast, Pangu-Weather and Fuxi for heat, cold, and wind across nearly all lead times

m We further find that the examined Al models tend to underestimate both the frequency and intensity of
record-breaking extreme events

m Here we focused on deterministic Al weather models. Evaluation of probabilistic Al weather forecasts is ongoing
m Interpretation is equally important as verification

m Open-source pre-trained model weights and forecast data are crucial for independent evaluation to build trust in the
Al models
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Thank you for your attention!

Contact: zhongwei.zhang@kit.edu

AT


zhongwei.zhang@kit.edu
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