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Adaptive reinforcement learning in dynamic environment
using eligibility traces and softmax controlled by reward prediction
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Abstract— Reinforcement learning is considered to be2.2 00000000000 0O0O SoftmaxO OO0
suitable for navigation of mobile robots in mainly static DOO0OO0O0O0OO00O000O 100 Softmax[1]000 O
environment. In this paper, we propose adaptive reinforc&oftmax0 DO 00000000 (2000000

ment learning in dynamic environment, and succeed in im-

proving the learning performance significantly.

Keywords—Reinforcement Learning, Eligibility Trace, Dy-
namic Environment
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