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Abstract

A tensor can be decomposed to smaller tensors/matrices as the principal com-
ponent analysis or the singular value decomposition for matrices. This is called the
tensor factorization. The conventional tensor factorization with approximation min-
imizes the Frobenius norm (the sum of the squared elements) of the error tensor.
Since this is regarded as the maximum likelihood estimation assuming Gaussian
noise, we can extend it to more general distributions or to the MAP estimation or
the Bayes estimation with a prior distribution. In this paper, we show some prop-
erties of tensors and the conventional tensor factorization and explain our tensor
factorization method based on stochastic models.
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