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Simulation results show that the simple sum and switching methods could not cope with
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The Coordination Of Multiple Behaviors For A Mobile Robot Acquired by

(OFEiji Uchibe

Abstract: Reinforcement learning has been recently used to build systems that learn to accomplish non-
oo

trivial sequential decision tasks. However, there are few attempts at real robot applications and at achievement
of multiple tasks of which state space are partly inconsistent with each other. This paper proposes a method
which acquire a behavior that achieve such multiple goals based on (-learning, one of the most widely used

situations that are inconsistent with the state space of sub-tasks because they did not consider such situations.
1

different action value functions, switching them according to some situations, and Q-learning with previously
Only the learning method could cope with them. However, the specification of such situations is done by hand,
and the robot so often loses the ball due to its narrow visual field. In the second part, we propose a method to
cope with these problems. Virtual visual field is proposed to expand the visual field of the robot based on the
estimation of the state transition probabilities, which is further used to detect the situations inconsistent with
the state space of sub-tasks. Experimental results are shown and a discussion is given.

reinforcement learning methods. In the first part, three kinds of coordinations are considered: simple sum of
learned behaviors.
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Table 2 Simulation results

Ball
Keeper
Robot
Learning
Robot

Goal

Fig.1 Learning robot regards this situation as ball-lost

Table 1 Parameters
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Fig.4-a The task of shooting a ball into the goal
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Fig.4-b The substates of the ball, goal, post, and line
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Table 3 Interferent states which learning robot detects

| state(ball) | state(keeper) | action [ state(ball) | state(keeper) | action ]
left small right small forward left small lost-left backward
right small left small right spin turn left small lost-left left pivot reverse
right small left small forward left small lost-left left spin turn
* left small left small backward left small lost-right right pivot turn
right small left small right pivot turn || center small lost-left left pivot turn
center small | right small | right pivot turn || center small lost-left forward
right small | center small backward center small lost-right left spin turn
right small | center small | right spin turn || center small lost-right forward
left small left small left spin turn right small lost-right right pivot reverse
right small right small right spin turn right small lost-right right spin turn
left small right small | right pwot turn || right small lost-right right pivot turn
googd
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