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The distribution of estimation algorithm EDA-GK using graph kernels is
extended in this study. Conventionally, it has been difficult to achieve good performance in
evolutionary algorithms using graphs as individuals because the mapping from genotype to phenotype
is rugged. In this study, we aim to extend the application area of the algorithm. A mixed kernel is
constructed and applied to graph identification problems with scale-free and small-world properties.

Simultaneously, it is applied to the order/degree problem and the eigenvalue maximization problem,

which are coped with in the field of graph theory.
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