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New Continuous Action-set Learning Automaton

Liu Xiao, Mao Ning

(Xian Aeronautics Computing Technique Research Institute, AVIC,Xian,710065,China)

Abstract: earning automaton (ILA) is an adaptive decision maker that learns to choose the optimal action
from a set of allowable actions through repeated interactions with a random environment. In most of the
traditional LA, the action set is always taken to be finite. Hence, for continuous parameter learning
problems, the action space needs to be discretized, and the accuracy of the solutions depends on the level
of the discretization. A new continuous action-set learning automaton (CALA)is proposed. The action
set of the automaton is a variable interval, and actions are selected according to a uniform distribution o-
ver this interval. The end-points of the interval are updated using the binary feedback signal from the en-
vironment. Simulation results with a multi-modal learning problem experiment demonstrate the superior-
ity of the new algorithm over three existing CALA algorithms.
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Fig. 1 Center of action space vs. time step(7 simulations per algorithm)
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