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PSO-LA: A New Model for Optimization

Mohammad Sheybani Mohammad Reza Meybodi

Abstract

Particle swarm optimization (PSO) is a population based statistical optimization technique which inspired by social
behavior of bird flocking or fish schooling. PSO starts with a random population of particles. Each particle of the population
tries to move toward the points of search space in which the best experience of the particle itself and also the best
experience of the population occurred. The main weakness of PSO especially in multi modal problems is trapping in local
optimums. In this paper a new PSO model called PSO-LA is proposed in which a learning automaton takes the role of
configuring the behavior of particles and also creating a balance between the process of global and local search. The results
of experiments conducted on some standard problems show that the proposed algorithm produces better results than the
standard PSO.
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For each particle
Initialize particle
End For
Do
For each particle
Calculate fitness value of the particle f,
/*updating particle’s best fitness value so far)*/
If f, is better than pBest
set current value as the new pBest
End For
/*updating population’s best fitness value so far)*/
Set gBest to the best fitness value of all particles
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For each particle
Calculate particle velocity according equation (1)
Update particle position according equation (2)
End For
While maximum iterations OR
minimum error criteria is not attained
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Initialize the LA
For each particle
Initialize particle
End For
Do
The LA selects an action ac
For each particle
Calculate fitness value of the particle f,
/*updating particle’s best fitness value so far)*/
If f, is better than pBest
set current value as the new pBest
End For
/*updating population’s best fitness value so far)*/
Set gBest to the best fitness value of all particles
For each particle
if ac is “follow the best”
Calculate particle velocity according equation (7)
Update particle position according equation (2)
End For
While maximum iterations OR
minimum error criteria is not attained
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Initialize p to [1/s,1/s,...,1/s] /*s is the number of

actions®/

While not done
Select an action i based on the probability vector p
Evaluate action and return a reinforcement signal 3
Update probability vector using learning rule

End While
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