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Summary
* Problem: Sensor placement with non-stationary spatiotemporal data. * ConvGNP meta-learns spatial covariance. * Active learning with mutual information identifies highly informative placements.
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ConvGNP learns non-stationary covariance structure Model covariance, k(x1,X2), with fixed x; ConvGNP temperature samples over Antarctica
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* ConvGNP outperforms Gaussian processes (GPs) with a non-
stationary kernel (Gibbs) and a stationary kernel (EQ) on test
data (2018-2019):
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Normalised NLL —1.76 —1.15 —0.72 —060
MAE (°C) 0.93 1.34 2.10
Sensor placement toy experiment Optimally reduces RMSE Optimally reduces entropy Most uncertain location Conclusions
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