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Why it matters 57 4
e | ocal impacts—heavy precipitation, strong winds, tropical cyclones—are governed Forecasting .
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Highlights 2
e Trained on ERAS only, zero-shot transfer to any physically coherent forecasting model = o3
e Full pipeline trains in 30 A100-days; GenCast requires 480 A100-days at 0.25° 5 Generated ’@7 |
e Preserves the skill of the base forecasting model while reconstructing physically realistic residual
fine-scale variabllity

Problem formulation & method Case study: Hurricane Teddy
Given a coarse trajectory X, reconstruct a high-resolution trajectory X . (a) ERAS (1.5°) “:MSE, O ;Z\)WG (1.5°, best) J‘;{)MSE, ?Z\;G (1.5°, median) (i)MSE, 0/2\7’\’6 (1.5° worst)
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We model the residual via flow matching, learning p(r; | Tx,). bias= +0.05  bias=-1.38¢-03  bias=-0.03
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