
Bayesian model calibration with a non-additive phase discrepancy
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2 CMAP, École polytechnique, Institut Polytechnique de Paris, France
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Calibrating a simulation code consists in determining the parameters that allow the code to re-
produce experimental outputs as accurately as possible. In the context of uncertainty quantification,
a popular method for solving this problem is Bayesian calibration [3]. The idea is to link experi-
ments and simulations by taking into account the various sources of error (measurement, model, and
surrogate errors) in order to then determine the distribution of the calibration parameters β condi-
tionally on both simulations and experimental data collected under different experimental settings x.

We focus here on calibration problems where the outputs are time series. In this setting, exper-
imental and simulation outputs are usually related through additive errors [2]. Recent studies have
highlighted the importance of accounting for temporal misalignment between signals as well [1, 4].
To address this issue, we introduce a novel Bayesian calibration framework that incorporates, in
addition to an additive model error δ, a phase discrepancy γ, allowing the simulation output to be
flexibly aligned with experimental observations:

yexp(t) = ysim(x, β, γ(x, t)) + δ(x, t) + ε.

This formulation enables a richer representation of discrepancies between simulations and ex-
periments and provides a natural mechanism for handling temporal shifts. Introducing this phase
discrepancy raises several challenges. First, an appropriate prior must be assigned to γ. We com-
pare different priors proposed in the literature for temporal misalignment. Second, the error terms
can no longer be combined into a single multivariate Gaussian distribution, which leads to a more
challenging sampling problem. We show that, under appropriate approximations, our framework
can be reformulated as a tractable variant of the method proposed in [1]. Finally, we demonstrate
the practical relevance of the approach through the calibration of the Johnson damage model, which
describes material degradation induced by shock-wave propagation.
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