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Context And Problemat (Geometrical Properties of the kernels

e Below is represented the correlation between a cloud and its image by a geometric transforma-
tion. Considered transformations are rotations and translations.

e We compare two scenarios: centered clouds and non-centered ones.

e The different kernels of the Hilbertian Space are the Exponential, the Gaussian(Squared Ex-
ponential), the Matern32 and the Maternb2.

e Metamodel a function over clouds of
points using Gaussian process. centered cloud non-centered cloud

e A cloud is a set of points invariant under _
permutation {x1,...,z,} with z; € R¥*™
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Kernels

Substitution kernel with MMD

Prediction Results on the analytical Function F

e We want to construct a kernel between

two clouds of the form K(X,Y) =

02 exp( i (Q)ggy)) where d is an Hilbertian e We consider a set of 1000 clouds of 10 points each.

2] distance.

e We metamodel the wind-farm proxy function F’ with a Gaussian process of kernel Kgup mimd

e Each point of a cloud is drawn uniformly in a square.
e For two clouds X = {x,..x,} and Y =

{1y1, o Um), Px = % S 5, and Py = e The kernel parameters are learned using 200 clouds by maximizing log-likelihood with BFGS.
™m . -

m Zj.zl 0y, are the respective associated e On each plot, we represent predicted values vs. true ones on the remaining clouds , obtained
empirical uniform distributions. with the different kernels.

o There exists a Reproducing Kernel Hilbert e The corresponding 2, MAE and MSE are also displayed.

Space, H with a characteristic kernel such

as ky(x,.) = eap(—12210),
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