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A Study on Learning the Corresponding Relation between Different Time-series Data Using
Shared Latent Space
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In this research, we focus on high dimensional time-series data following Gaussian process. First, we consider the
dimensional compression in the latent space using Gaussian Process Latent Variable Models, and to improve the
accuracy of the conventional linear identification, we introduced a method that uses Multilayer perceptron(MLP)
which can identify nonlinearly. Next, we introduced Shared Gaussian Process Latent Variable Models that can
capture correspondence of multiple time-series data. However, because the dynamics of time-series data in the
latent space is not taken into consideration when performing dimensional compression, it is difficult to compact
accurately into the latent space. In this research, we propose a method applying the optimization method of MLP
to Gaussian Process Dynamical Models, which takes the data in the latent space as Gaussian process.
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Algorithm 2 GPLVM with MLP

Algorithm 1 GPLVM Require: XY K
Require: XY K, T Initialize X through PCA.
Initialize X through PCA. while Gradient Eq.(3) < ¢ do
for T iterations do Select a new X using the parameters of K through
Optimise Eq.(1) with respect to the parameters of K feed forward MLP.
using scaled conjugate gradients. Optimise Eq.(3) with respect to the parameters of K
Select a new X using the parameters of K. and the synaptic weights of MLP using scaled conju-
end for gate gradients.

end while
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Algorithm 3 SharedGPLVM with MLP:learning

Algorithm 4 SharedGPLVM with MLP:mapping

Require: X,Xy,XZ7Y,Z,KY7KZ

Initialize Xy ,Xz through PCA.

Initialize ¢y ,¢pz .

Calculate X using Xy and Xz.

Calculate p(Y, Z| X, ¢y, ¢z).

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

end while
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Require: X,,c,,Z, Kz
for X,ew do
Calculate Eq.(8) using Z,Kz.
end for
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Algorithm 5 GPDM with MLP
Require: XY Kx , Ky
Initialize X through PCA.
while Gradient log Eq.(10) < € do
Select a new X using the parameters of Kx and Ky
through feed forward MLP.
Optimise log p(Y, X, ¢y, ¢px ) with respect to the pa-
rameters of Kx and Ky , the synaptic weights of MLP

using scaled conjugate gradients.
for k=1 to Dy do

Wy <= \/N(yka;ly:,k)’l
end for

end while
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