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Summary Evaluation
We explore key design choices for autoregressive Deep We expect our models to approx. reproduce the climate of the 10 years following the training
Learning (DL) models to achieve stable 10-year rollouts period since we assume the effects of climate change within this short period to be neglectable.
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esults
We train DL models that learn to predict the state of
the atmosphere X; from a previous state at time #Prognostic Traininig Variables: 33 #Prognostic Traininig Variables: 8
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* Horizontal resolution: 5.625° (64x32 grid points)

* Temporal resolution: 6 hours

* Training years: 1979 to 2007

* Grid: Regular longitude-latitude grid

* Forcing variable: Top-of-the-atmosphere incident

Area-weighted normalized RMSE scores averaged over the variables tas, vas, vas, ta850 and
zg500 for model configurations O — 8 with layer size L = 4. The mean (dots) and standard deviation
(error bars) were computed across 10 seeds (crosses) with finite RMSE. For better readability, the y-

- axis is cut-off at 0.5 and the number of displayed runs out of 10 is shown on the x-axis.
solar radiation

* Constants: Land-sea mask, orography, lon, lat
* Two sets of prognostic variables

— 33 variables: Near-surface temperature (tas) Conclusions

and winds (uas/vas) as well as temperature (ta),

» With the right choice of hyperparameters all model architectures can yield 10-year rollouts that
match important distributional characteristics of the target climate

geopotential height (zg), horizontal winds (vaq,
ua) and specific humidity (q) at 925, 850, 700,
600, 500, 250 hPa

— 8 variables: Near-surface temperature and

» Stability of 10-year rollouts with SFNO is much less sensitive to the choice of hyperparameters
» Multi-step training enhances the stability of long rollouts

» For the non-geometry aware model architectures — ClimaX and FCN — increasing the hidden
winds as well as temperature at 850 hPq,

dimension leads to instabilities of long rollouts
geopotential height at 1000, 700, 500, 300 hPa

» For all evaluated model architectures, some random seeds lead to instabilities of long rollouts
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