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Motivation

 Earth system modeling often relies on complex
physics-based simulations which are
computationally expensive.

* Machine learning (ML) models are increasingly
being used to accelerate, or fully replace, these
expensive simulations.

* Here, we introduce the concept of ‘prototypes’:
an approximation of the emulator’s output
provided as an input, serving as a prior to help
the emulator produce higher-quality predictions.




Method

e We use the same Encoder-

Processor-Decoder GNN
architecture as Fillola et al.
(2023)[1].

* |nputsinclude meteorology,
topography as well as prototype

(obtained using expert
knowledge or a data-driven * Figure 1:GNN architecture used to predict footprints using meteorological inputs [1]

based on graphcast [2].
approach). srap 2]

* We use footprints produced by
NAME, the UK’s Met Office LPDM
for GOSAT measurements
(Greenhouse gases Observing
SATellite over Brazil for 2014-16.

logyg (Mmolmol~1{meolm—24s5-1)71)

* Figure 2: Example footprints used for prototypes.



Results
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Improvements on the

baseline that the
expert-driven method. * Figure 3: Comparison of different models. The left panels show training curves for three selected

models averaged over three seeds (shaded area shows standard distribution). The right panels
show the mean score at epoch 100 for different prototype sets and sizes. Error bars show standard
deviation across three seeds.




“I Conclusion and future work

* We demonstrate a structured, easy-to-implement approach to improve GNN-based footprint predictions
where footprints predicted using prototypes achieve better MSE scores.

Future work will focus on explore other applications of prototypes, collaborating with domain experts

and those developing emulators, since it is likely that other physical emulators could benefit from
Incorporating prototypes into their emulation pipeline.
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