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Figure 2: Hierarchical models in blue, simpler BO models in orange () and random sampling in grey. 2 Estimated maximiser, Z™: True maximiser, :&: True value at esimated
maximiser, y*: True value at true maximiser. Values given as means over test sets. Left and middle: Copernicus data. Right: London data.

The hierarchical models in blue outperformed random sampling in grey and simpler BO models in orange on the Copernicus data. Our Sum
model performed best on the London data, inding the maxima fastest.
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Figure 3: Hierarchical model used on the data. K RBF-RBF (7') — kR,l(T) T kR,Q(T)
k RBF-Product (T) = kr1(T) + kr2(7)Ew 3(T)
ksum (7) = kr1(7T) + kwa(T)
Conclusion
HYPERPARAMETERS:

Hyperparameter samples are generated using

. L MCMC, and importance weighting is used to fit to
Bayesian optimisation can successfully the test data.

solve the problem, outperforming basic

baselines. |
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