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It has been shown that using matrix factorization of the Fisher information
matrix improves the performance of continual deep learning. However, it is difficult to perform
matrix factorization directly on the Fisher information matrix because it is a dense matrix where
the number of elements grows with the square of the number of parameters N. In this study, we use
the H"2 matrix, which is a hierarchical low-rank approximation method that can reduce computational
complexity to O(N). Furthermore, we proposed a method to process all diagonal blocks in parallel by
performing ULV decomposition with fill-in blocks pre-computed and included in the shared basis. We
also developed a method for recovering the numerical accuracy when using low-precision arithmetic
units such as tensor cores, which allows us to factorize ill-conditioned matrices.
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