WInT 505 /1550 & HIRRIC DWW T

HEORY ML

)
o

HATEFE DFER

Z

Vo—ary¥a—F ALY AR
Self-Organization of Symbols in Behabior-Based Robot Learning
Jun Tani, tani@csl.sony.co.jp, Sony CSL

Abstract

The paper describes how a dynamical system’s
approach can support intelligent computations
through experiments of an autonomous mobile
robot. The robot interacts with the physical
world by means of its motor outputs and local
sensory inputs, through which it learns an in-
ternal model of the world as embbeded on its
internal neural dynamics. It turns out that the
grammatical representation that describes the
rule set of the world is acquired, which enables
the robot to conduct a deliberative computa-
tion such as planning. It is concluded that
symbolic representations and their manipula-
tions are self-organized through the behavioral
experiences. :
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Figure 1: (a) shows the mobile robot YAM-
ABICO, (b) shows its laser range sensor con-
sisting of three CCD camera and laser line pro-
jectors.

(a)

(b)

Figure 2: An example travel and its sensory
flow.
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(a) A

(b)

Figure 3: (a) is an RNN architecture for for-
ward modeling, (b) is schematics of how a
robot obtains sensori-motor sequences.
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(a) forward computation (b) back-propagation
Figure 4: Motor planning in the cascaded
RNN. (a) shows forward computation of the
distal error by the temporal motor program.
(b) shows the back-propagation of the obtained
error that updates the motor program.
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Figure 7: Travels based on generated motor
programs. (a) and (d) are almost optimal tra-

Figure 5: Trace of the latent learning trajec- jectories, (b) is redundant, and (c) pursues the

tory in the adopted workspace.

goal

Figure 6: Robot planning for specified goal B
from current location A

wrong goal.
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Figure 8: Symbolic sequence of sensory inputs.
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