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» The conditional predictive distribution is also Gaussian - Find M local experts having the highest similarities with X, among all .
the local experts according to tensor kernel function wy = k(X,, C —tensor x-OLGP _‘ g
p(f.1X., X,y,8,02) = N(n., 02) p g . k= k(X C) | “mewoed |\ e
T - L . )}
m, = ky(K+ o’I) "'y - Find its nearest local expert C; = {Xe¢,, ye, } from the input X-space 2 6
02 =k, — kDTc(K + 021) ky using tensor kernel function
) - Find M local experts {C,, = {DC@m,y@m}}fq\f:1 that are being closest to y¢, in == == | R
TEnSOR OLGP REGRESSION y-space among all the loc.al expert centers as the candidates RN T A e, 10 T T2

- Use wy = k(X,, Cx) as the weight of local expert k, and the prediction .
is the weighted combination from each local prediction
7k = ki( X, Xp) T (Ki + 0%1) 1y, as follows

. : Use the covariance function of tensor GP
as a similarity measurement to sequentially partition the training data
points into a number of small-sized experts

. : Find a fixed-number of local GP experts to make
predictions (for given test tensorial inputs) with a Gaussian mixture

CONCLUSION

» A new tensor-variate local GP regression framework has been introduced, it
successfully adapts the local GP modeling to the tensor input space

» Large data is efficiently processed by several small-sized GP in an online way
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