©
2020 2022

Development of time series algorithms based on kernel Bayesian inference
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Kernel Bayesian inference infers kernel means (functions belonging to the
reproducing kernel Hilbert space) of probability distributions. The kernel Bayes® filter (KBF) and
kernel Bayes" smoother (KBS), which perform filtering and smoothing of state-space models in a
kernel Bayesian framework, were proposed. In this study, we apply KBF and KBS to various state-space

models to identify problems, refine and improve the framework, and discover new research topics.
The following research results were obtained: A filtering algorithm (mbn-KBF) for
continuous-discrete models was developed considering continuous-time state-space models. We
developed a smoothing algorithm (mbn-KBS), visualized the results in the Stochastic Volatility model
in detail, and created a movie. Three variants of the kernel Bayes" rule and kernel Kalman rule

were numerically compared.
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