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Objective Neural Transport Model Sources and Uncertainty

We model weather/climate as a spatiotemporal process u(x,t) Limitation of vanilla advection (.7

Model and forecast weather and climate: = (ul(x,t),...,uK(x,t)) of K quantities as an advection PDE:

1. Closed system assumption
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” 2. Model predicts mean forecasts and uncertainty

= Issues with black box modeling

UOS(x, 1) ~ /V(uk(x, ) + p(x, 1), 62(x, r)), %, 1), 6%, 1) = g (u(x, 1), 1)

KBIack box methods based on Transformers, UNets, etc\

overlook the physical dynamics (P) and continuous Experiments
time (CT) nature and are not compact (C). P CT C .
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® Free-form Neural PDEs do Transformer x x x
not include any physical
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e Develop Neural ODEs/PDEs that

[—-— NODE -+ ClimaX -e— FCN —e— ClimODE * IFS]

To capture local and global effects, we propose a hybrid network
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® Provide uncertainty estimates
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Bias: Explains day-night cycle
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