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Data-driven algorithms, in particular neural networks, can emulate the effects of unresolved
processes in coarse-resolution Earth system models (ESMs) if trained on high-resolution
simulation or observational data. However, they can (1) make large generalization errors when
evaluated in conditions they were not trained on; and (2) trigger instabilities when coupled back to
ESMs.
First, we propose to physically rescale the inputs and outputs of neural networks to help them
generalize to unseen climates. Applied to the offline parameterization of subgrid-scale
thermodynamics (convection and radiation) in three distinct climate models, we show that
rescaled or "climate-invariant" neural networks make accurate predictions in test climates that are
8K warmer than their training climates. Second, we propose to eliminate spurious causal relations
between inputs and outputs by using a recently developed causal discovery framework (PCMCI).
For each output, we run PCMCI on the inputs time series to identify the reduced set of inputs that
have the strongest causal relationship with the output. Preliminary results show that we can reach
similar levels of accuracy by training one neural network per output with the reduced set of inputs;
stability implications when coupled back to the ESM are explored.
Overall, our results suggest that explicitly incorporating physical knowledge into data-driven
models of Earth system processes may improve their ability to generalize across climate regimes,
while quantifying causal associations to select the optimal set of inputs may improve their
consistency and stability.
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