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The main objective of my MSc thesis is to use simulation-based inference algorithms for the fast
parameter estimation of cosmological events leading to measurable gravitational waves, such as
binary black hole mergers. More specifically, the goal is framed as the inference problem of
computing posterior marginal distributions over a subset of parameters of interest. From the
Bayes’ rule, posterior marginal distributions are expressed as

p(ϑ|x) = p(x|ϑ)p(ϑ)
p(x) ,

where x is the observation and ϑ are the parameters of interest (e.g., the masses of the two binary
black holes or the sky location of the source). Computing the posterior marginal distribution
above is usually done through Markov Chain Monte-Carlo or Nested Sampling, both of which are
notoriously slow (from days to weeks) for large parameter spaces. However, fast inference would
be especially compelling in this case, as multi-messenger astronomy predicts that the observation
of a gravitational wave due to compact binary pairs will be followed by other messenger signals
such as electromagnetic radiation, neutrinos or cosmic rays. The joint observation of those
signals requires the fast coordination of multiple instruments, in particular in order to point
them towards the predicted sky location of the event. The fast and accurate estimation of
the event coordinates is therefore critical since the time window to catch the messenger signals
following a gravitational wave is limited.

In this context, this work aims to accelerate the computation of the posterior marginals.
The approach is based on a simulation-based inference algorithm which consists in learning the
likelihood-to-evidence ratio p(x|ϑ)

p(x) with a deep neural network. This enables the amortized and
fast (few minutes) evaluation of the posterior.

We evaluate the performances on both gravitational wave generated by a simulator and on a
gravitational wave emitted by real black holes. Experiments on simulated gravitational waves
illustrate the ability to perform reliable inference. The experiments performed on the real grav-
itational wave show that the method can be applied to real gravitational events. The credible
intervals produced are however wider than the one produced using MCMC algorithms. Our
method then complements classical sampling techniques.


