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Large Weather Models are fast and skilful, but S | G A L ) | “wd&[
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grids i1ntroduces an information bottleneck. Wavenumber Wavenumber

a) Interpolation b) Compressed attention
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We introduce MOSAIC: a 1.5° probabilistic weather
forecasting model which addresses both sources of
spectral degradation:

©) Selective attention  Local attention Block-sparse attention: to avold the information

bottleneck of compressive encoding, MOSAIC processes
weather data at native resolution using block-sparse
attention on the HEALPix mesh.
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MOSAIC is pretrained on ERA5 1979-2018 at 1.5° and < s
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We demonstrate that MOSAIC at 1.5° resolution:
a) Competitive with large models in terms of skill. Learned functional perturbations: a noise vector 1s
b) Ensemble members match weather data spectra. injected into the model weilghts, producing structured,
c) Generates a 24-member, 10-day forecast in <12s. input-dependent uncertainty, trained with CRPS.
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