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Analysis of convergence time using Markov chain
for OneMax problem in evolutionary computation

KimminoBU Koaca,™ Yasunaca Kazuma,? QINGLiAN Ma, 3
MAKOTO SAKAMOTO? and HirosHr FURUTANIT?

In applying Evolutionary Computation (EC) to realistic problems, it is very important to
estimate their computational times. In this paper, we report the results obtained by Markov
chain model for the convergence time of OneMax problem. First, we describe the evolution
process of OneMax problem within the framework of Wright-Fisher model, which is a version
of Markov chain, and calculate its transition matrix. Next, we show that, if a population
is in linkage equilibrium, OneMax problem is equivalent to the asymmetric mutation model.
The asymmetric mutation model is well studied in population genetics, and the eigenvalues
of its transition matrix were already known. From this result, the analytical form of eigenval-
ues of transition matrix for OneMax problem can be obtained. In Markov chain theory, the
convergence time of Markov chain can be estimated by using the second largest eigenvalue of
the transition matrix. We compare this theoretical estimation with the convergence time of
average fitness, and show that the agreement is very good.
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Fig.1 The distribution of the number of bit 1’s with N =
20 and p,, = 0.01. The dotted line shows the result
of asymmetric mutation model. The thick solid line
for OneMax GA calculation and the thin solid line
for the let eigenvector ug, respectively.
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Fig.4 The population size dependence of the convergence
02 N=2000p,=0010000 100000000 time T, (fitness) with p,, = 0.01 and 0.03. £ = 20.

Fig.2 The distribution of the number of bit 1’s with
N = 200 and p,, = 0.01.
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Fig.5 The bit length dependence of the convergence time
T.(fitness) with N = 200, p,, = 0.01.
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Fig.8 The N dependence of number of generations that
the optimal solution will appear for the first time.
¢ = 40, p,, = 0.005.
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