
Abstract 
 
This thesis develops probabilistic models for sequential data with a focus on interpretability, 
data efficiency, and the ability to capture complex, non-stationary dynamics. Classical 
approaches such as Hidden Markov Models (HMMs) and Switching Linear Dynamical 
Systems (SLDS) are often limited by simplistic assumptions on state durations and 
transitions, leading to state collapse or over-segmentation. To address these challenges, this 
work introduces new models that combine explicit duration distributions, recurrent structure, 
and Bayesian nonparametric methods. 
 
Key contributions include: the Explicit Duration SLDS (EDSLDS), which integrates explicit, 
infinite-support duration variables to improve interpretability and robustness; the Recurrent 
Explicit Duration SLDS (REDSLDS), which incorporates recurrent dependencies to capture 
long-term temporal patterns; and two nonparametric extensions, the Recurrent Sticky 
HDP-HMM (RS-HDP-HMM) and the Recurrent Explicit Duration HDP-HMM 
(RED-HDP-HMM), which unify infinite state spaces, explicit duration modeling, and recurrent 
context-dependent transitions. Efficient inference is achieved through advanced Markov 
Chain Monte Carlo methods, including beam sampling and Pólya–Gamma augmentation. 
 
Extensive experiments on synthetic benchmarks and real-world datasets—including 
honeybee dance communication, mouse behavior, and C. elegans neural 
recordings—demonstrate that explicit duration modeling consistently improves segmentation 
accuracy, recurrence enhances robustness, and nonparametric formulations allow flexible 
adaptation to complex dynamics. The proposed models achieve state-of-the-art results in 
segmentation tasks while maintaining interpretability and analytical tractability. 
 
Overall, this thesis highlights the enduring value of probabilistic state-space models in the 
deep learning era. By combining principled Bayesian modeling with modern machine 
learning techniques, it contributes hybrid approaches that provide robust, interpretable, and 
data-efficient solutions for spatiotemporal data analysis. 
 
Partial results of the research were presented on ICONIP 2023, AISTATS 2025, ECAI 2025, 
and published in conference proceedings. 


