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Control of Crawling Robot using Actor-Critic Fuzzy
Reinforcement Learning

1 =2 2
2gE - ol E? YFY

Youngjoon Moonl, Jaehoon Lee? and Jooyoung Park?

2 o
ol Aty 7N VA BofolA B BAe Folgr Fdlsty #d Al M f¥EA AlEEe] & W
HEZE 7HXEFE E83t= 7Y, Aot H (policy) B4 7IW 2 Ag-Zgg 7| To] Jed, & =FdAe o&
T A% e 2 dE dES 2E TAE dste dE-ZEE VHY EdA AlgE dugsEY #HEE yES U
E3] B =52 ¥A o 719l ACFRL € xg]5%, RLS ZE]9 NAC(natural
=

F19= : #Hx =d odel-=glg WY RLS-NAC, 7|& 2%

Abstract

Recently, reinforcement learning methods have drawn much interests in the area of machine learning. Dominant ap—
proaches in researches for the reinforcement learning include the value—function approach, the policy search approach,
and the actor—critic approach, among which pertinent to this paper are algorithms studied for problems with con-
tinuous states and continuous actions along the line of the actor—critic strategy. In particular, this paper focuses on
presenting a method combining the so-called ACFRL(actor-critic fuzzy reinforcement learning), which is an ac-
tor—critic type reinforcement learning based on fuzzy theory, together with the RLS-NAC which is based on the RLS
filters and natural actor—critic methods. The presented method is applied to a control problem for crawling robots, and
some results are reported from comparison of learning performance.
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Table 1. Specifications of the considered crawling
robot[12].

link 1: 34cm, link 2: 20cm
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