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Reductive Mapping for Sequential Patterns of Humanoid Body Motion

*Koji TATANI, Yoshihiko NAKAMURA.
Univ. of Tokyo. 7-3-1, Hongo, Bunkyo-ku, Tokyo

Abstract— Since a humanoid robot takes the morphology of human, users will intuitively expect that they
can freely manipulate the humanoid extremities when try to control as pilots. However, it is not realized
with simple devices because it is difficult to issue multivariate control inputs to the whole body at a time.
On the other hand, a small number of control inputs, such as a cam in wind-up mechanical doll, can generate
various motion patterns of extremities. It is useful for motion pattern generation to get mapping functions
bidirectionally between multivariate control inputs to a humanoid robot and a few control inputs that a user
can intentionally operate. From a standpoint of multivariate analysis, by executing principal component
analysis (PCA) in joint angle space, motion patterns are converted into low dimensional variables. The
problem is to find convenient variables not only for specific motion like walk but also multiple whole body
motion patterns. This paper presents the results that 1 dimensional inputs can generate walking pattern
and 3 dimensional inputs does 9 types of motion patterns with hierarchical nonlinear PCA (NLPCA).

Keywords: Dimensionality Reduction, Nonlinear Principal Component Analysis, Internal Representation,

Motion Pattern, Humanoid Robot
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Fig. 1 The left/right side layer denotes input/output
layer of NLPCA neural network. The first half
layers take role of injection and the latter half
ones do projection.
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Fig. 2 The left is the semilog plot of singular value of
motion pattern walk. The right shows the norm
of residual error to compare reproduction power
between PCA and NLPCA. The unit is The ver-
tical error bar on NLPCA shows the dispersion
of ten trials and the asterisks are their average.
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Fig. 3 The design of a hierarchical NLPCA. Two pathways are separately illustrated based on the difference of

functional aspect.
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Fig. 4 Internal representation of walk (top) and its
external appearance (middle) compared to its
original attitude (bottom).
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Fig. 5 The state of varying internal representation
with increment of captured walk patterns.
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Fig. 6 Internal representation of each motion pat-
tern and corresponding attitude of humanoid
robot.
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Fig. 7 Comparison of internal representation be-
tween unit-increment learning(left) and learning
with constant number of units from the begin-
ning(right).
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Fig. 8 Comparison of external appearances; original walk O

mensional internal representation Q%!
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vkl (top) and the regenarated motion from the 1 di-

(middle) and 3 dimensional one (bottom).
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