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Abstract

This paper develops a comprehensive Bayesian inference framework for Markov-switching time-var-
ying parameter autoregressive model. Traditional maximum likelihood estimation often encounters
limitations such as numerical instability, a tendency to converge to local optima, and insufficient
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uncertainty quantification when dealing with high-dimensional time-varying parameters intertwined
with latent regime shifts. To address these challenges, this study designs an efficient Markov chain
Monte Carlo sampling algorithm that integrates log-scale forward filtering-backward sampling for la-
tent states, Kalman smoothing for time-varying coefficients, and Gibbs sampling steps for transition
probabilities based on conjugate priors. Stationarity-inducing prior constraints are also incorporated
to ensure the plausibility of the dynamic process. Simulation experiments demonstrate that the pro-
posed algorithm exhibits stable convergence and high estimation accuracy: the relative deviations of
posterior means for key parameters are generally below 5%, the recovery accuracy of latent regime
paths reaches 100%, and in-sample fitting performance is satisfactory. This research provides a com-
putationally reliable and inferentially complete Bayesian solution for analyzing time series that ex-
hibit both structural breaks and gradual parameter evolution.
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Figure 1. Time series and state transition diagram
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Figure 2. Histogram of posterior distribution
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