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1. PROJECT DESCRIPTION

Many time-series models contain a latent state observed through noisy measurements, together
with unknown model parameters. Recent work uses deep neural networks to approximate the
predictive state distributions and a differentiable surrogate for the parameter likelihood |[1, 2].

At observation time k, the relevant likelihood contribution is
Z(9) = py(ok | 01:-1) = Exopo, [Lo(or | X)],

where p; , is the predictive distribution of the latent state. The current method estimates these
expectations by importance sampling and uses the resulting values to train a neural likelihood
surrogate.

This thesis will investigate Markov chain Monte Carlo (MCMC), primarily Hamiltonian Monte
Carlo (HMC), as an alternative. HMC can sample from the differentiable, potentially unnormal-
ized distributions represented by the learned filter. The methods will be compared in terms of
accuracy, robustness, and computational cost, and through their effect on the learned likelihood
and parameter posterior. Trained networks and an existing inference pipeline will be provided, so
the main focus is Monte Carlo sampling, computational statistics, and machine learning.

1.1. Main tasks. The core project is to:

(1) study likelihood-based Bayesian inference, importance sampling, MCMC, and HMC;

(2) implement HMC for the learned predictive distributions and assess its convergence and sam-
pling efficiency;

(3) benchmark the likelihood estimates using a linear Gaussian model and a nonlinear low-
dimensional model with accurate references; and

(4) retrain the likelihood surrogate and evaluate the resulting parameter estimates and posterior
distribution.

1.2. Possible extensions. One extension may be pursued, such as tempered or bridge sampling,
uncertainty-aware surrogate training, propagation of likelihood error to the parameter posterior,
or comparison with another MCMC method.

1.3. Student profile and supervision. The student should have a solid background in prob-
ability and statistics and be comfortable with numerical programming. Courses in Bayesian or
computational statistics, machine learning, optimization, or Monte Carlo methods are particularly
relevant. Experience with programming is expected. No prior knowledge of stochastic analysis,
PDEs, or BSDEs is required.

The project will be carried out in collaboration with Vrije Universiteit Amsterdam. It combines
a literature study with implementation and numerical evaluation in close collaboration with the
supervisors. The project will be supervised by Kasper Bagmark at Vrije Universiteit Amsterdam
and Ruben Seyer at the Department of Mathematical Sciences, Chalmers University of Technology
and the University of Gothenburg.


https://bagmark.github.io
https://ruben.seyer.se/
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