The 30th Annual Conference of the Japanese Society for Artificial Intelligence, 2016

21.5-2in2

B EZE M o NoBfikIc 5D <
vy b OBEEERANDILD A

An Approach to Humanoid Robot Motion Generation
based on the Identification of Human Motion on Latent Space.
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In the near future, it is expected that robots are used at residential environments and are required to learn
the residents’ experience in their everyday lives by observing and mimicking residents’ behavior. Considering this,
as the first step for achieving the requirement, we aim to make a robot mimic human motion obtained through
Kinect camera as visual information. To achieve this, we have introduced Gaussian Process Latent Variable Models
(GPLVM) to reduce the high dimension of human kinematic motion to lower latent dimension of the motion. We
have further introduced Multilayer perceptron to the framework of GPLVM for better convergence of the algorithm,
and then obtained better latent variables rather than the original algorithm of GPLVM. As robot motion generation,

we have employed Rviz and Movelt! simulator.
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Algorithm 1 GPLVM

Require: XY , KT
Initialize X through PCA.
for T iterations do

Optimise (1) with respect to the parameters of K using
scaled conjugate gradients.
Optimise p(Y| X, a, 3,v) with respect to X

end for
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Algorithm 2 GPLVM with MLP
Require: XY ,K
Initialize X through PCA.
while Mean squared error > € do
Select a new X using the MLP algorithm.
Optimise (1) with respect to the parameters of K using
scaled conjugate gradients.
Optimise p(Y|X,a, 3,v) with respect to X using
MLP.
end while
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