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Project background and description
In many applied contexts, one has an ensemble of models which generate predictions, that must
in turn be aggregated to form a consensus prediction. Here, we are concerned with probabilistic
predictions, i.e., predictions in the form of subjective probability statements or probability
distributions. Various forecasting applications employ complicated spatial-temporal models to
produce predictive distributions, which one in turn wishes to combine across different models to
obtain robust predictions. The goal of this project is to develop techniques to combine posterior
predictive distributions from spatial-temporal models using output from Markov chain Monte Carlo
(MCMC) that use previously drawn posterior samples to produce a pooled predictive distribution
with minimal computational overhead.

Using logarithmic pooling [1] to combine predictive distributions is an exciting area of research,
with many practical and theoretical lines of inquiry [2]. This method presents many
mathematically attractive properties, but its application in practice is hindered by lack of tractability
of its normalising constant. Here we describe two such lines of research that would lead to direct
practical gain, as well as necessitate novel theoretical approaches.

A) Sampling from the pooled predictive when only samples from previously obtained samples
This is the situation where one has fitted K models to a set of data and thus obtained M samples
for each of the K posterior predictive distributions.

These samples are usually obtained via computationally intensive MCMC techniques. One is only
able to evaluate the un-normalised posterior densities and their normalising constants are
unknown. The challenge is then to produce samples from the logarithmically pooled predictive
from a M ×K matrix of samples from the individual posteriors and a fixed vector of weights.



While sampling from this distribution directly is technically possible in certain situations, the
challenge here is to produce samples from the pooled predictive by re-using the samples already
available; posterior computation is laborious and ideally one would want to construct the pooled
predictive with minimal computational overhead.

B) Calibrating the weights for optimal prediction Many real-world applications require that
predictive distributions are combined in an optimal way such that the combined predictions are
more robust than any of those produced by the models individually. This involves optimising the
pooled predictive density to find the vector of weights that maximises predictive power according
to a proper scoring rule [3] of interest. It finds direct application in model ensembles in Weather
and Epidemiology forecasting [4-7]; employing the techniques would lead to optimal predictive
distributions that are mathematically coherent, respect (strong) log-concavity constraints and
provide predictions robust to model idiosyncrasies.
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