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Motivation and overview Score-based generative modelling Earth science datasets on the sphere

> Score-based generative models (SGMs) [6, 2] have shown great Algorithm 2 RSGM (Riemannian Score-Based Generative Model) > We evaluate RSGMSs on occurrences of earth and climate science
success for modelling flexible distributions. events distributed on the surface of the earth.
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» We consider a wrapped Gaussian target distribution on T? = S' x --- x S'.
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