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Foundations of the proposed SMC method Simulation results

= Study of hidden correlated time-series o Sampling from transition density Estimation example

= long-memory, self-similarity and scale-invariance properties = Hierarchical model
« operator fractional Gaussian processes

. f(uer1, Tegr|ure, 1e) = fug|ure) f (T ueo)
= Sequential Monte Carlo (SMC) for , | o
. . ® Weights proportional to likelihood of observed data
= sequential processing of data

- non-Claussian densities ® Bayesian analysis to derive

« nonlinear observations « {Gp transition density with known and unknown innovation variance.
« OtGp transition density with known and unknown mixing parameters.

(a) All known parameters. (b) o7 unknown. (c) Unknown A and C.. (d) All unknown.
« Filtering and forecasting

fGp filtering MSE
Details of the proposed SMC method . _ .
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Motivation

In finance and econometrics
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