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As a general method for multi-document summarization, there is a method to obtain the most proper combination
of important sentences in the documents, avoiding redundancy in a generated summary. The exact algorithms,
i.e., integer programming, for optimal combination are often used for proper combination of sentences. They have
however a problem in terms of calculation costs. On the other hand, as an optimization method to obtain quasi-
optimum solution in real time, it is reported that evolutionary computation is useful. In this context, we employ
differential evolution (DE) known as superior to other evolutionary computation algorithms in terms of calcultion
costs and the accuracy of solution, and apply it to multi-document summarization. Besides, under an assumption
that multiple topics are included in a document, latent topics in documents are extracted by means of latent
Dirichlet allocation, and a summary is generated by considering the latent topics.
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