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model COmp|eX relationships in the context set. The use of CNNs also introduces E 990 In Flgure 3(b)' the model Fig 5: WRF forecasts downscaled and corrected to station observations, for (a) temperature, and (b) precipitation. The left column shows the
' adjusts surface pressure original forecast, the middle column is the DeepSensor mean output, and the right column shows the station observations.
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Fig 1. An overview of our approach in applying ConvCNP models to predict high resolution weather fields in Aotearoa New Zealand. We use the Python . . . il Lloo TN\ m = 2 msgs @ B ANGArcClicourvey  mMmidil tuiiilyy oo
package DeepSensor [6], and station data from the New Zealand National Climate Database [7]. Ancillary data includes topography, land use, 3 levels of falls where rainfall is pred ICted’ Fig 4. Maps of the standard deviations for two DeepSensor model predictions, for (a) SCIenblflc InStltute m‘;;’;s/lillzjr(( eocience

topographical positional index, and sinusoidal embeddings of the day of the year. rather than at station locations. temperature and (b) precipitation.
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