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QLA: A New Coordination Method for Multi Agent Systems

B. Jafarpour M. R. Meybodi

Computer Engineering and Information Technology Department
Amirkabir University of Technology
Tehran Iran
(jafarpour@.aut.ac.ir, mmeybodi@aut.ac.ir)

Abstract

A Learning automaton is an abstract model which randomly selects one action out of its finite actions and
performs it on a random environment. Based on the responses received from the automaton changes its behavior
so that it receives maximum reward from the environment. In this paper a new model based on learning
automata for multi agent coordination is proposed. In this model, a learning automaton is put in each state of the
environment which is responsible for determining the next state for the visiting agent. To show the performance
of proposed model, it is used to solve multi agent Foraging Problem and compared the results with Q-Learning
and Pheromone based solutions. Comparisons show the superiority of QLA over Q-Learning and Pheromones.

Keywords: Multi Agent Systems, Coordination, Learning Automata, Q-Learning, Foraging Problem.
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