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An example

o Google’'s Gemini model:!

1 Google Team. Gemini: A family of highly capable multimodal models, 2023.
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First steps: AtmoRep

ore-processed historical observational record x(t) (ERA5 reanalysis)
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large transformer
with 3.5 x 107 parameters

> Weather tforecasting

— Post-processing

—> Downscaling

> Scenario generation

? C. Lessig, I. Luise, B. Gong, M. Langguth, S. Stadler, and M. Schultz. Atmorep: A stochastic model of atmosphere dynamics using large scale representation learn-

ing, 2023; https://arxiv.org/abs/2308.13280
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First steps: Learning from observations

NPP ATMS,
ch. 6

NPP ATMS,
ch. 18

METOP-B, |
ch. 5
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value | lat lon | zen | date | time
273.15| 37.25|25.25| 5.23
37.27|25.29| 5.19
274.53 | 37.29|25.32| 5.17
273.12| 37.30|25.72| 5.12
value | lat lon | zen | date | time
217.87 | 37.25|25.25| 5.23
219.19| 37.27|25.29 | 5.19
253.12 | 37.29|25.32| 5.17
37.3025.72| 5.12
value | lat lon | zen | date | time
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Summary

> Machine learning-based Earth system model is plausible
» Extension of multimodal model (with many challenges)

o Integration of many different data streams in the network
» Correlations between them learned from the data

» Include Earth observations might allow to obtain models
with better skill than conventional ones

> Would (also) allow tor merged botton-up and top-down
approaches for CO2 monitoring

<~ ECMWF
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