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Abstract

Simulation-Based Inference (SBI) involves estimating parameters @ of a simulator that are
compatible with the observations x without evaluating the likelihood of the data. Currently,
the best solutions for SBI are neural SBI methods, which are trained using datasets built with
simulations. However, simulations can be computationally expensive in fields like meteorology
or cosmology. Consequently, SBI methods can operate in a data-poor regime in these fields.
When only a limited number of simulations are available, traditional SBI methods tend to be
overconfident due to neural methods overfitting the data. This overfitting leads to computa-
tional uncertainty, as many neural networks may fit the training data equally well but perform
differently on the test data.

This thesis introduces a method using Bayesian Deep Learning (BDL) to account for compu-
tational uncertainty in SBI. We design a family of Bayesian Neural Network (BNN) priors that
yield conservative results with as few as 10 samples, setting it apart from all other SBI methods.
We demonstrate that the use of BDL in SBI produces informative and conservative posterior
distribution estimates with only a few hundred simulations on a cosmological application. This
advancement allows for drawing reliable scientific conclusions using our method, even when the

number of available simulations is limited.
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Figure 1: The SBI challenge: Inference of parameters 0 that are compatible with the observa-
tions x. We rely solely on pairs (68,x) generated by the simulator or gathered from
data collection.

Weights Distribution
Posterior — of networks
over weights p(W|D) \Wl/\ p(61]x)

R S O

Observation X W, —

Figure 2: Principle of Bayesian Neural Network. Instead of using a single network to approx-
imate the posterior, a distribution of networks compatible with the data is used to
generate a conservative distribution.
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Figure 3: Comparison between our method (BNN-NPEr) with a traditional method (NPE) and
a conservative method (BNRE) depending on the number of simulations available
on the SLCP benchmark. Traditional methods provide informative results but are
overconfident in data-poor regimes. BNRE is conservative and reliable but produce
less informative distributions in most cases. Our method has both advantages as it
produces conservative and informative distributions.



