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Large spatio-temporal problems often appear in contexts where the observation structure is
complex at the same time as the latent or true spatio-temporal structures are non-trivial. This
leads to numerous modelling and computational challenges. Some general issues are listed
below.

1. Emergent behaviour; modelling phenomena, not descriptive statistics, moving beyond
computational recipes (e.g., the kriging equations) and into analysis of general concepts
(e.g., posterior means, variances, and quantiles in posterior distributions in generative
models, using whatever computational method can provide them):

e Generative models
e Hierarchical multiscale models
e Local differential operator specifications for SPDEs
2. Equivalent representations of Gaussian random fields; model vs method. Although the
line is sometimes blurry, some distinctions can be useful:
e Models: Covariance kernels, precision operators, power spectra, Markov properties

e Methods: Tapering, basis expansions (finite elements, low-dimensional approxim-
ations, and combinations), sparse Cholesky decomposition, iterative solvers, fast
Fourier transformation, Laplace approximation, MCMC

3. Computational challenges:

e lterative, matrix-free methods for large models; 10° is a relatively modest space-
time dimension; what about 10° and beyond? Irregular data locations lead to non-
standard numerical issues.

e Using modern computational methods for uncertainties, not just point estimates.
Approximations for intractable likelihood.

e Turning approximate methods into preconditioners; allows the same freedom as
designing MCMC proposals. E.g., Gauss-Seidel iterations converges slowly for the
same reason as Gibbs sampling mixes slowly, but can be useful as a multigrid pre-
conditioner.

See overleaf for reading suggestions, and contact Finn Lindgren (finn.lindgren@ed.ac.uk) or
Wendy Meiring (meiring@pstat.ucsb.edu) for further suggestions and interests.
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