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Abstract Regarding generative AI, manymagazines and books have been published and there is a lot of social
discussion, but there is not much mathematical technical information about the language models. In order to
proceed with technical considerations, it seems necessary to understand the underlying mathematical models.
Then, this paper introduces statisticalmathematicalmethods forWord2vec, RNN, LSTM,ELMo, andTransfor-
mer, and considers the relationship between named entity extraction technology and existing content manage-
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