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Algorithm 1 GPLVM

Require: X,Y,K,T
Initialize X through PCA.
for T iterations do

Optimise log p(Y, X, @, B3,y) with respect to the pa-
rameters of K using scaled conjugate gradients.
Select a new X using the parameters of K.

end for
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Algorithm 2 GPLVM with MLP
Require: XY .K
Initialize X through PCA.
while Gradient log p(Y, X, a,8,y, M) <€ do
Select a new X through feed forward MLP.
Optimise log p(Y, X, a,B,y, M) with respect to the

parameters of K and the synaptic weights of MLP us-
ing scaled conjugate gradients.
end while

gO0O00dooon (Principal component analysis:PCA)
0000 yoOooOoOoxXooooooooooooo
X0yooooooooooooooooooooo
oo0oooooooMLPOOODODOYODOOOXOO
0oooooooooooxoyooooooooo
gooooooooo (H)ooooo logplY,X;a,B,y)
0000o0o0O0o0O0ooOoooooooOoogg «0pdy
OMLPOOOODOwODOOOODOOXOOOOODOO
0000ooooooooooooooooooo ()
0000000000000 U0DOo X0ooooo
000D yYyooOooooooOoooOo xXooooo

_ 1 2 1 2
log p(Y. Xlar.B.7) = log p(Y|X. a..7) + 5 Z X2+ 5 Z‘ w2 (1)

2.2 sharedGPLVM with MLP
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3.1 GPLVM with MLP
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Algorithm 3 sharedGPLVM with MLP:learning
Require: X,Xy,X7,Y,Z Ky, K;

Initialize Xy,Xz through PCA.

Initialize ¢y,dz .

Calculate X using Xy and X.

Calculate p(Y, Z|X, ¢y, ¢z).

while Gradient log p(Y, Z|X, ¢y, ¢z) <€ do
Select a new X3,X’, using the parameter of Ky,Kz
through feed forward MLP.
Optimise log p(Y, Z|X, ¢y, ¢z) with respect to the pa-
rameters of Ky,Kz and the synaptic weights of MLP
using scaled conjugate gradients.
Calculate X’ using X}, and X7.

end while
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O 1: elapsed time
| original GPLVM | GPLVM with MLP |

| 5872.89[sec] |  2527[sec] |

3.2 sharedGPLVM with MLP
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