Review of the Doctoral Thesis by Mikotaj Stupinski on
“Advancing Bayesian Models with Latent States and Markovian Dynamics”

Sebastian Tschiatschek
University of Vienna
sebastian.tschiatschek@univie.ac.at

Mikotaj Stupinski's thesis focuses on advancing probabilistic models for sequential data with a
focus on interpretability, robustness, and data efficiency. The work addresses well-known
limitations of Hidden Markov Models (HMMs) and Switching Linear Dynamical Systems (SLDS),
geometric duration assumptions, state collapse, and over-segmentation, by introducing explicit
duration modeling, recurrent (context-dependent) transitions, and Bayesian nonparametric
formulations. The core technical contributions comprise four models: the Explicit Duration SLDS
(EDSLDS), the Recurrent Explicit Duration SLDS (REDSLDS), the Recurrent Sticky HDP-HMM
(RS-HDP-HMM), and the Recurrent Explicit Duration HDP-HMM (RED-HDP-HMM). Inference relies
on carefully designed procedures, including extended beam sampling and Pélya-Gamma
augmentation, with empirical evaluations on both synthetic and real-world benchmarks. Overall,
the thesis argues for the persistent value of probabilistic state-space models in the deep learning
era, especially in cases in which interpretability and principled uncertainty quantification are
critical. Across contributions, the thesis reports consistent improvements in segmentation quality
and avoidance of state collapse.

The thesis is organized in 8 chapters, briefly summarized in the following.

Chapter 1: Introduction. The introductory chapter motivates the need for effective segmentation
of spatiotemporal data under non-stationary, non-geometric dynamics, identifies weaknesses of
standard HMM/SLDS formulations (e.g., state persistence due to geometric durations and position-
independent transitions), and outlines the structure of the thesis. The chapter clearly sets the
stage for the subsequent technical developments and outlines the problem space.

Chapter 2: Motivation. This chapter motivates Bayesian learning in sequential models by
emphasizing regularization, uncertainty quantification, and automatic complexity control (via
nonparametric methods like HDP) as remedies for overfitting and brittle model selection. It further
justifies the ongoing use of HMMs/SLDS in domains where interpretability and decision-making
transparency matter and contrasts this with the opacity of deep learning-based approaches for
time series modeling. The chapter effectively makes the point why the later emphasis on duration
modeling and recurrence is important. Despite being indicated in the thesis overview in Chapter 1,
there are no explicit research questions mentioned in this chapter but the research objectives
become clear.



Chapter 3: Background. This chapter provides a broad background, from basic distributions and
exponential families to Gibbs sampling, HMMs/SLDS, and nonparametric Bayesian tools such as
Dirichlet and Hierarchical Dirichlet Processes. It also introduces explicit duration modeling and
Pélya-Gamma augmentation. Beyond general background, the chapter explicitly discusses
evaluation protocols and justifies model-specific choices and comparisons.

Chapter 4: State persistence. This chapter targets the state underutilization (collapse) problem in
SLDS by introducing explicit duration variables with infinite support, instantiated via a Poisson
duration distribution. This enables to remove self-transitions and avoids the need to pre-specify a
maximum segment length. The chapter’s contribution is a novel integration of infinite-support
duration modeling within the SLDS framework, effectively bridging HSMM-style temporal priors
with continuous latent dynamics. Unlike prior ‘sticky’ approaches that approximate persistence,
this work explicitly models state durations. To enable this, an extended beam sampling algorithm
is developed, providing a computationally tractable inference strategy for the complex posterior.
The methodological choice of MCMC over variational inference is justified by posterior complexity
and empirical observations, with experiments showing the MCMC approach to successfully recover
segmentations where simpler variational inference struggled. Experiments on Spikes, Bouncing
Ball, and Lorenz Attractor demonstrate improved segmentation accuracy, avoidance of state
collapse, and more interpretable regime transitions relative to standard SLDS. The chapter’s
contributions were published at ICONIP 2023.

This chapter makes a clear, well-motivated contribution: moving from truncated categorical
durations to explicit infinite-support durations in SLDS paired with efficient inference, and
demonstrating both conceptual and practical benefits.

Chapter 5: Recurrence Explicit Duration Modeling. This chapter extends recurrent Switching
Linear Dynamical Systems (rSLDS) to the REDSLDS model by integrating recurrent explicit duration
variables, allowing both state and duration transitions to depend on continuous latent variables. It
explores categorical and Negative Binomial formulations for duration, employing P6lya-Gamma
augmentation for efficient inference. The empirically evaluation includes various benchmarks
(NASCAR, dancing bee, BehaveNet). The REDSLDS is reported to significantly outperform rSLDS.
The chapter also discusses initialization strategies and reports that the initialization regime
working best might depend on the complexity of the model.

The recurrent duration extension is a meaningful extension that addresses long-term time-
dependent switching patterns. The inference methodology is well-motivated and the evaluation
design is targeting exactly those settings where recurrence and explicit durations should help.
Overall, the chapter convincingly shows that REDSLDS can add value beyond rSLDS.

Chapter 6: Recurrent Nonparametric Modeling. Moving to nonparametric Bayesian settings, this
chapter augments the HDP-HMM with recurrence to produce smoother, more stable
segmentations and reduce over-segmentation. Two learning and inference algorithms are
presented which are in line with samplers existing in previous works. In experiments, the improved
segmentation performance is demonstrated. The work presented in this chapter has been
accepted for publication at ECAI 2025.



The integration of recurrence into a Bayesian nonparametric HMM is a well-justified expansion and
the experimental results support the claim that recurrence (in a nonparametric framework) is
effective.

Chapter 7: Recurrent Explicit Duration Nonparametric Bayesian Models. This chapter
integrates infinite state spaces, explicit durations, and recurrent transitions into a single
HDP-HMM-based model, the Recurrent Explicit Duration HDP-HMM (RED-HDP-HMM), tackling the
challenges of inference and reporting state-of-the-art performance across multiple benchmarks. It
positions the model as a unification of previously separate modeling paradigms. The unification is
well-aligned with the thesis's overall aims and the emphasis on non-loopy transitions (via explicit
durations) and the recurrent mechanism in a nonparametric setting provides an expressive and
reasonably interpretable model. The chapter’s claims are supported by the reported empirical
performances.

Chapter 8: Conclusion. The concluding chapter recaps the central problems considered in the
thesis, summarizes model innovations, and highlights key findings and insights. It argues for the
broader impact of the work and points out potential directions for future research including the
integration of recurrent structures within nonparametric SLDS frameworks, adopting variational
inference for speed, and application-focused validations and extensions (e.g., in neural activity
modeling and financial risk monitoring).

Shortcomings and areas for improvement. While of high technical quality, the thesis could be
improved in several aspects, some of which are highlighted in the following:

+ Comparisons to other approaches: While the thesis positions its contributions within the
probabilistic modeling landscape and reports sensible results on various datasets, the
reader would benefit from an explicit and systematic comparisons with alternative
contemporary approaches for sequence modeling (e.g., advanced deep sequence models
or hybrid neural state-space methods) to contextualize the reported performances and
advantages.

+ Scalability and inference alternatives: The choice of MCMC over VI is generally well-
argued for (accuracy versus speed) and future work sections already point to variational
approaches for scaling as a natural next step. However, including an empirical exploration
of these alternatives would further improve the relevance of the proposed approaches (in
particular, details could be included when variational inference was apparently already
investigated but dismissed as indicated in Chapter 4: “whereas a simpler variational
strategy struggled in our initial trials (likely due to the complex posterior landscape)”).

+ Presentation: The thesis's presentation could be improved by reducing repetition across
chapters (e.g., methodological rationales are provided in multiple places, also justifications
for the relevance of HMM and SLDS based models in the “era” of deep learning appear
repeatedly). Additionally, clearer equation formatting and consistency checks would
strengthen readability, in particular in mathematically dense sections.



Conclusion

The contributions of this thesis, EDSLDS, REDSLDS, RS-HDP-HMM, and RED-HDP-HMM, advance the
modeling of sequential data via explicit duration modeling (with infinite support), recurrence, and
nonparametric Bayesian methods. The underlying methodological choices are appropriately
justified and the proposed models are systematically evaluated (with immediate competitor
models). The works presented in this thesis have lead to peer-reviewed publications at ICONIP
2023, AISTATS 2025, and ECAI 2025.

In my opinion, the technical quality of the research, the level of the methodological development,
and the scope of the empirical validation satisfy the requirements for awarding the doctoral
degree.
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