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A Two Layered Reinforcement Learning for a Multi-Agent Task
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We propose a two layered reinforcement learning system that learns switching of attentive levels using the
two layers in multi agent environments. This study investigates the needed learning steps while a robot learns
strategies to approach an agent. We conducted two experiments using the proposed system. As results of a capture
experiment, The proposed learning system, which learns switching of attentive levels, got higher success rate than
conventional systems, which can not learn the switching. As results of a guidance experiment, we could confirm
the same effect in a more realistic environment. We can expect the use of the proposed system for a robot to learn

the way to approach a human.
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O 1: Proposed reinforcement learning system

x is the position and posture of a robot. y is the position and posture of an
agent that the robot approaches. z is the position and posture of objects
in the environment. This information is obtained from the sensory inputs
of the robot. Here, a and a are actions that have been performed in the
previous step and actions that have not yet been performed.
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O 3: Success rate (2,000 trial moving average)
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O 4: Attentive leveles during the early stage (left) and
attentive levels during the last stage (right)
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O 5: Experimental environment

O 1: State space of the learning system

Target [ Information (dimension) [ Range |

Robot (x) Neck yaw (1) [—1,1]

Agent (y) Horizontal weight center (1) [0, 1] (detected)
Rotation (cosf, sinf) (2) —1 (not detected)

Cage (z) Horizontal weight center (1) [0, 1] (detected)

Horizontal corner position (2) —1 (not detected)
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0 2: Collision Avoidance
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0O 6: Force field (left) and
guideance (right)

force field while taking the
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O 7: Success rate of the guiding robot simulation
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