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ABSTRACT

In most situations, finding the optimal setup for an experiment is not a trivial task. For the
general case where no assumptions are made about the experiment model, Bayesian inference is a
powerful tool to measure the acquisition of information. One measure of the quality of experiments
is the Expected Information Gain (EIG), the mutual information between observations and the
parameters of interest. To estimate the EIG, one needs to evaluate two nested integrals, which can
be approximated using the Double-Loop Monte Carlo (DLMC) estimator. Approximating the EIG
using the DLMC estimator requires a large number of experiment model observations. Thus, using
gradient methods to maximize the EIG can be prohibitively expensive. Here, we use the Stochastic
Gradient Descent (SGD) to maximize the EIG, avoiding the need for the outer loop of the gradient
of the DLMC estimator and consequently reducing the cost per iteration. The SGD method
requires an unbiased estimator of the gradient of the objective function, which we derive from the
DLMC estimator. We further improve SGD by using Nesterov acceleration and a restart technique.
Moreover, we use two techniques to improve the inner loop of DLMC, a Laplace approximation and a
Laplace-based importance sampling. We validate our approach by optimizing an experiment based
on partial differential equations, an electrode impedance tomography experiment on a composite
laminate. In this experiment, the goal is to infer the orientation angles of the plies of the laminate
from potential measurements from electrodes positioned on its boundary. We use SGD to find the
currents to be imposed on each electrode to maximize the EIG. The SGD method with Laplace
approximation for the inner loop converges to a neighborhood of the optimal solution while avoiding
any Monte Carlo sampling.
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