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An Action Selection Mechanism and Learning Algorithm for Intelligent Robot
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Abstract - An action-selection-mechanism is proposed to deal with sequential behaviors, where associations between some of stimulus
and behaviors will be learned by a shortest-path-finding-based reinforcement learning technique. To be specific, we define behavioral motivation
as a primitive node for action selection, and then sequentially construct a network with behavioral motivations. The vertical path of the network
represents a behavioral sequence. Here, such a tree for our proposed ASM can be newly generated and/or updated, whenever a new sequential
behaviors is learned. To show the validity of our proposed ASM, some experimental results on a "pushing-box-into-a-goal task" of a mobile

robot will be illustrated.
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1. Calculate values of Perception Filters.
2. Select the most appopriate DBM in a given situation,
3. execute Actlon Pattern which connect to selected OBM
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i :index of where the i th SBM

J :index of related IS

k :index of related PF

I, : inhibitory Gain that SBM, applies a inhibition

! :index of same level SBM

effectppy =wVyp,

m :index of maximum valued DBM
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s, ithe index of the i* stimulus
. the index of response behavior

a@
5 :learning rate
4 :decay rate

i

i' : weightings of distance from reference time
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