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Abstract In Estimation of Distribution Algorithms proposed in published literatures, learning of
probabilistic model is dependent more or less on the prior-knowledge of the structure of model,
which is unavailable in the process of evolutionary optimization. This paper proposes a new idea,
which learns probabilistic model in EDAs by an approach similar to ensemble learning in machine
learning, to implement automatic learning of both model parameter and model structure. Accord-
ing to this idea, a new EDAs for continuous optimization based on progressive learning of Gaussi-
an Mixture Model is proposed. A greedy EM algorithm is adopted to estimation GMM in a pro-
gressive manner, which has the ability of learning the model structure and parameters automati-
cally without any requirement of prior knowledge. A set of experiments on selected function opti-
mization problems are performed to evaluate, and to compare with other EDAs, the efficiency and
performance of the new algorithm. The experimental results confirm the feasibility and effect of
the idea, and also show that, with a relative small number of generations, the new algorithm can

perform better or as well as compared EDAs.

Keywords estimation of distribution algorithms; continuous optimization; greedy EM; progres-

sive learning; Gaussian mixture model
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The work of this paper belongs to a new branch of Evo-
lutionary Computation called Estimation of Distribution Al-
gorithms (EDAs), which introduces statistic learning explic-
itly into the process of evolutionary optimization. Various
EDASs has been applied to optimization problems of both con-
tinuous and discrete domain, and has been proven to be a new
promising evolutionary optimization method. One of the key
problems of EDAs is the probability model learning. For
complex optimization problems. complex probability models.
i. e. , Gaussian Mixture Model and Bayesian Networks, are
necessary to describe the dependences between variables. But
the learning of these complex models are usually nontrivial
tasks. Particularly, methods adopted by previous EDAs re-
quire some prior knowledge on the structure of models,
which, however, is not available in the process of evolution-
ary optimization. To deal with this problem, this paper in-
troduces the idea of ensemble learning in machine learning in-
to the EDAs to implement the automatic learning of model
structure, The experimental results confirm the feasibility
and effect of the idea. The experimental results also show
that, with a relative small number of generations, the new
algorithm can perform better or as well as compared EDAs.

The work of this paper is a part of the project of Natural

Science Foundation of China entitled " Genetic Algorithms

based on quantum probability representation”, and is also a
part of the project of Natural Science Foundation of Anhui
Province entitled " Estimation of Distribution Algorithms
based on population strategy". The purpose of the two pro-
jects is to study the evolutionary algorithms based on various
probability models, i. e. , quantum probability model, etc..
The project team has got some progress on this purpose.
They have proposed a genetic algorithm based on quantum bit
probability model and a multi-objective genetic algorithm
based on quantum bit probability model, and have applied the
algorithms (also some other EDAs) to various application
problems, such as 0—1 knapsack problems, function optimi-
zation, data mining, hardware/software co-design, etc.. Be-
sides quantum bit probability model, another important quan-
tum probability model is the Gaussian model, which can de-
scribe quantum system in more complex states. When develo-
ping evolutionary algorithm based on Gaussian probability
models, the problem of efficient model learning arisen, the
performance of the algorithm is greatly influenced by the
model learning method. The work of this paper is motivated
to deal with the problem correlated with learning Gaussian
mixture model, to make the process more efficient and adap-

tive.



