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Algorithm for automatic constructing Option based on multi-agent

SHEN Jing,GU Guo-chang ,L IU Hai-bo
(School of Computer Science and Technology , Harbin Engineering University , Harbin 150001, China)

Abgtract :In current hierarchica reinforcement learning, the automatic task hierarchies are constructed by low
geed serial learning agorithm based on sngle-agent. A multi-agent based a gorithm for constructing Options au-
tomatically was presented for gpeeding up the learning a gorithm. The a gorithm was developed on the bass of the
Option HRL framework proposed by Sutton. Hrstly, multiple agents cooperated in pardle exploring the state
gace. Then the state Pace was partitioned into severa sub-spaces via immune dustering based on alNet. Next ,
the agentslearned the local strategiesof the different sub- gpace concurrently. Consequently , the Options were con-
structed. The theoretica analyses and experiments with shortest path planning in a two-dimendona grid space
with obstacles show that the peed of multi-agent based algorithm for automatically constructing Options was obvi-
oudy fagter than that of dngle-agent based a gorithms.
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