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Algorithm 1 GPDM
Require: XY .K
Initialize X through PCA.
forr=1to T do
while Mean squared error > € do

Select a new X using the MLP algorithm.
Optimise (1) with respect to the parameters of K
using SCG.
X, < optimise p(Y|X, ¢;1,¢y) with respect to
X using MLP.
end while
{X"}R < generate R samples from p(X|Y, @', ¢y)
using Mean prediction.
¢, < optimise (6) with respect to ¢x using SCG.
for k =1tod do
we = \NOTGER K7y
end for

end for
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2.2.1 GPLVM with MLP
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p(Y|X, phiy) = eXP(—%tr(KleYT)) ey

@m)”Pik1P?

k(X Xn) = ayexp(—%xn—xmf(xn—xm))
+  SumBy 2)
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2.2.2 Mean prediction
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p(Y’ X» ¢Xa ¢Y)

= p(Y|X, ¢y)p(X|$x)p(dx)p(Py)
1
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exp(—ztr(Ky_l YY")

X p(-xl) (2 n )DX(N—I)/2|KX|DX/2
x p(¢x)p(dy) (6)
KOG %) = ax xp(= 25 (= ) (= )

+ 511mﬂ:Y1 T NxXn - X (7)
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