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Abstract

While most of the research on reinforcement learning assumed a discrete control space, many of
the real world control problems need to have continuous output. This can be achieved by using
continuous mapping functions for the value and action functions of the reinforcement learning
architecture. Two questions arise here however. One is what sort of function representation to use
and the other is how to determine the amount of noise for search in action space. The ubiquitous
neural network is used here to learn the value and policy functions, Next, the reinforcement predictor
that is intended to predict the next reinforcement is introduced that also determines the amount of
noise to add to the controller output. The proposed reinforcement learning architecture is found to
have a sound on-line learning control performance especially at high—speed road following of high
curvature road. Both computer simulation and actual experiments on a test vehicle have been
performed and their efficiency and effectiveness has been verified.
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Fig. 1. Proposed reinforcement learning architecture.
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Algorithm
Given state, s(0):
@ Calculate V(0), a(0).
@ Calculate the predicted reinforcement n(1) using
s(0) and a0).
@ Calculate n(0) using r(1).
@ Control the plant using a0)+n(0).
Repeat:
(® Learn Reinforcement Predictor using error as n(t)
- (t).
Calculate AHC error:
4= () + yV)-Vit-1).
Learn Value Predictor using AHC error.
Learn Controller using - n(t) as error.
Calculate a(t).
Calculate (¢t+1) using s(t) and a(t).
Calculate n(t) using (t+1).
Control the plant using a(t)+n(t).
End Repeat.
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Table 1. Parameter values of a Hyundais Grace
van.
Cormering Stiffness(N/rad) 63327
A2Hkg) 1750
A FAH(kg-m) 3464
4, (m) 1.08
L, (m) 1.36
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