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ABSTRACT

The solution of inverse problems involving systems modeled by partial differential equations (PDEs)
is computationally demanding. We show how to take advantage of reduced-order modeling (ROM)
techniques, such as the reduced basis method for parametrized PDEs [1, 2], to speed up the nu-
merical approximation of Bayesian inverse problems related with parameter estimation for both
stationary and time-dependent PDEs. In the former case, we rely on Markov Chain Monte Carlo
(MCMC) methods to characterize the posterior distribution of the parameters [3]; in the latter,
we exploit the Ensemble Kalman filter for performing state/parameter estimation sequentially [4].
In both cases, we replace usual high-fidelity techniques (such as the finite element method) with
inexpensive but accurate reduced-order models to speed up the solution of the forward problem.
On the other hand, we develop suitable ROM error surrogates (ROMES) to quantify in an inexpen-
sive way the error between the high-fidelity and the reduced-order approximation of the forward
problem, in order to gauge the effect of this error on the posterior distribution of the identifiable
parameters [5, 3, 4]. Numerical results dealing with the estimation of both scalar parameters and
parametric fields highlight the combined role played by RB accuracy and REM effectivity [6].
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