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Bayesian estimation of high-dimensional parameters for complex fault models
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Bayesian estimation using Monte Carlo sampling faces challenges with poor convergence of sample distribu-
tions when parameters are high-dimensional. In this study, we developed a sampling method that constructs
a probability distribution close to the posterior probability distribution using a small number of samples,
and then calculate the transition to the posterior probability distribution with a large number of samples,
making it robust for high-dimensional settings. As an example of a high-dimensional problem, we estimated
fault slip for the 2024 Noto Peninsula earthquake and demonstrated that a convergent posterior probability
distribution can be obtained with less computational cost compared to a conventional sampling scheme.
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