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Abstract

Reliability-based design optimization (RBDO) aims at optimizing engineering systems under un-
certainty while enforcing probabilistic safety constraints. In practical applications, the compu-
tational cost of RBDO remains a major bottleneck, as reliability assessments must be performed
throughout the optimization process. This difficulty is further exacerbated in the presence of
high-dimensional uncertainty and expensive-to-evaluate computational models.

Computational models used in RBDO are in general deterministic. In this work, we reformulate
the RBDO problem using stochastic simulators. Unlike deterministic models, whose response
is fully determined by the input parameters, stochastic simulators generate random outputs
even when evaluated multiple times with the same input parameters. This behavior reflects the
presence of intrinsic stochasticity that cannot be controlled or directly observed, and which is
instead driven by latent random variables. As a result, the simulator output must be understood
as a random quantity.

In this contribution, we reformulate the RBDO problem using stochastic emulators, which are
surrogate models designed to approximate the conditional output distributions of stochastic
simulators. More precisely, the input parameters are decomposed into deterministic design
variables and random variables. The emulator is then built in the space of design variables,
while the effect of random variables is lumped as a stochastic simulator. This formulation
implicitly reduces dimensionality by capturing the influence of high-dimensional uncertainty
through a latent representation, while simultaneously providing direct access to conditional
response distributions. As a result, reliability measures such as failure probabilities or quantiles
can be evaluated in a semi-analytical manner, avoiding the repeated use of classical Monte
Carlo simulation or First/Second Order Reliability Method (FORM/SORM) procedures within
the optimization loop.

Building on an existing proof of concept relying on stochastic polynomial chaos expansions
(SPCE) [2] and generalized lambda models (GLaM) [1], we analyze the performance of stochastic
emulators as a scalable solution for high-dimensional RBDO. Numerical benchmarks illustrate
the potential of these models to significantly reduce computational cost by several orders of
magnitude, while maintaining accurate reliability estimates, even for low failure probabilities.
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The focus of the ongoing PhD work is to further improve the robustness and efficiency of this
approach. Current research directions include (i) improving emulator accuracy through sparse
regression techniques, with particular emphasis on accurately capturing the tails of conditional
response distributions, and (ii) developing active learning strategies that adaptively enrich the
surrogate’s experimental design in regions most relevant to reliability assessment and optimiza-
tion.
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Jaad Bel Houari-Durand is a PhD student at the Chair of Risk, Safety and Uncertainty Quan-
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Abstract

Optimal experimental design (OED) addresses a fundamental question: where should one ob-
serve a given system in order to maximize the information gained about it? This question is
particularly critical in ocean modeling. Observations are costly to acquire, while our ability to
understand and predict large-scale geophysical processes strongly depends on how and where
data are collected.

Classical approaches to Bayesian optimal experimental design (BOED) are well established for
linear models with Gaussian priors and observation operators [1, 8]. However, when moving
toward realistic operational ocean models, several challenges arise simultaneously. These in-
clude strong nonlinearities, non-Gaussian features, and the high computational cost associated
with forward simulations, all of which make standard BOED formulations difficult to apply in
practice.

Recent gradient-based strategies have emerged as a promising alternative. Instead of minimizing
the Expected Information Gain (EIG) directly, these approaches rely on optimizing a computable
bound on the EIG [3]. Although approximate, this bound can be evaluated and differentiated at
a much lower cost, thereby significantly reducing the number of expensive model runs required
during optimization. In the linear–Gaussian setting, variance-based criteria such as A-optimality
and D-optimality, combined with low-rank structure in the prior-to-posterior update [7], further
enhance computational efficiency.

The objective of this project is to investigate key numerical aspects of this gradient-based BOED
framework in the context of ocean modeling. In particular, we focus on three complementary
research directions:

(i) Theoretical validation and acceleration. We systematically compare designs obtained
from bound-based objectives with those computed using conventional EIG-based approaches [3,
1]. In addition, we explore the use of bound-based solutions as initializations or preconditioners
for full BOED optimization. This majorize-then-minimize strategy aims to retain the accuracy
of EIG-driven designs while benefiting from the computational savings of surrogate objectives.

(ii) Large-scale computational efficiency. To make the approach scalable, we employ tools
from randomized numerical linear algebra, including randomized SVD and low-rank posterior
updates [6, 7]. These methods take advantage of the fast spectral decay and low intrinsic
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dimensionality commonly observed in geophysical inverse problems [1, 4], and are well suited to
problems involving tens of thousands of discretized parameters.

(iii) Integration of realistic constraints. Finally, we incorporate physical, technical, and
financial constraints directly into the sensor placement problem [5]. This step is essential to
ensure that the resulting designs are not only statistically efficient, but also feasible within real
operational oceanographic settings.

Overall, this work lies at the intersection of Bayesian statistics, inverse problems for PDEs, and
high-performance scientific computing. While motivated by oceanographic applications, the
proposed methodology is more broadly applicable to large-scale parameter estimation problems
governed by expensive forward models, where gradient-based BOED and low-rank randomized
techniques can provide substantial computational gains [2, 6].
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AIRSEA research team at Inria Grenoble. My research focuses on computational methods for
Bayesian optimal experimental design, with a particular emphasis on sensor placement strategies
for ocean models and large-scale inverse problems.

I am especially interested in the development of numerical and statistical tools that make BOED
tractable for complex geophysical systems, where forward simulations are expensive and the
parameter space is high dimensional. My work combines ideas from numerical linear algebra,
optimization, and uncertainty quantification.

I hold a degree in Applied Mathematics and Modeling from Polytech Lyon, as well as a post-
master’s degree in High Performance Computing from Mines Paris – PSL. This training in
scientific computing and HPC provides a strong foundation for addressing the computational
challenges encountered in ocean and climate modeling, particularly in the context of large-scale
inference and data assimilation.

References

[1] A. Alexanderian. Optimal experimental design for infinite-dimensional Bayesian inverse
problems governed by PDEs: A review. SIAM Review, 63(3):307–403, 2021.

[2] J. M. Bardsley and K. Solna. Randomized sampling-based model order reduction for struc-
tural dynamics applications. International Journal for Numerical Methods in Engineering,
102(5):1243–1263, 2015.

[3] Q. Chen, E. Arnaud, R. Baptista, and O. Zahm. Coupled input-output dimension reduction:
Application to goal-oriented bayesian experimental design and global sensitivity analysis.
SIAM Journal on Scientific Computing, 47(5):A2403, 2025.

[4] J. Gao and P. Chen. Accurate, scalable, and efficient Bayesian optimal experimental design
with derivative-informed neural operators. arXiv preprint, 2024.

[5] J. P. Kaipio, E. Somersalo, et al. Goal-oriented optimal experimental design for large-scale
Bayesian linear inverse problems. Bibliographic details to be completed.

[6] P.-G. Martinsson and J. A. Tropp. Randomized numerical linear algebra: foundations and
algorithms. Acta Numerica, 29:403–572, 2020.

[7] A. Spantini, A. Solonen, T. Cui, J. Martin, L. Tenorio, and Y. Marzouk. Optimal low-rank
approximations of Bayesian linear inverse problems. arXiv preprint, 2015.

[8] A. M. Stuart. Inverse problems: a Bayesian perspective. Acta Numerica, 19:451–559, 2010.

2



MASCOT-NUM 2026 April 1–3, Rennes, France

Conformal Predictors for Polynomial Chaos Expansions

Arthur Hatstatt†,1, Xujia Zhu§,2, Bruno Sudret§,1

† PhD student (presenting author) § PhD supervisor

PhD expected duration: Jun. 2025 – Jun. 2029
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CentraleSupélec, Laboratoire de Sigaux et Systèmes,
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Abstract

Polynomial chaos expansions (PCEs) are widely used surrogate models in uncertainty quan-
tification due to their strong approximation properties and favorable computational efficiency.
They are particularly attractive in applications where repeated model evaluations are required,
such as sensitivity analysis, reliability assessment, or uncertainty propagation. Despite their
widespread use, the quantification of local predictive uncertainty in PCE-based surrogates re-
mains an open and insufficiently addressed problem. Most existing approaches focus on global
error metrics or rely on resampling techniques, which do not provide rigorous guarantees at
individual prediction points.

Bootstrap resampling is commonly employed to approximate local prediction uncertainty in
PCEs, especially in active learning contexts [3]. While easy to implement, bootstrap-based in-
tervals lack finite-sample coverage guarantees and can perform poorly when the available training
data are limited. This limitation is critical in many engineering and scientific applications, where
data acquisition is expensive and surrogate models are often trained on small experimental de-
signs. In such settings, there is a clear need for uncertainty quantification methods that provide
statistically valid prediction intervals with minimal assumptions on the underlying surrogate
model.

Conformal prediction [4] has recently emerged as a powerful framework for uncertainty quan-
tification in machine learning. It offers distribution-free, finite-sample guarantees on prediction
interval coverage under minimal assumptions, typically exchangeability of the data. Its model-
agnostic nature makes it particularly appealing for surrogate modeling, as it can be combined
with a wide range of regression techniques without altering the underlying predictor. Despite
these advantages, the integration of conformal prediction with PCE-based surrogates has re-
ceived little attention so far.

This contribution investigates the application of conformal prediction to polynomial chaos ex-
pansions, with a focus on both full and sparse PCE formulations. Two conformal prediction
strategies are considered: the full conformal method [4] and the Jackknife+ approach [1]. Both
methods are adapted to the specific structure of PCE regression and evaluated in terms of
statistical validity, calibration, and computational efficiency.
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For full PCEs, which rely on standard least-squares regression, the structure of the regression
problem allows for significant computational simplifications. These are exploited to reduce
the computational cost for both full conformal and Jackknife+ prediction intervals, without
compromising their theoretical guarantees.

Sparse PCEs introduce additional challenges. Their construction relies on non-symmetric re-
gression algorithms, which violate assumptions commonly used in conformal prediction. Naive
extension of the conformal methods for full PCEs in this context leads to invalid or poorly cali-
brated prediction intervals. To address this issue, appropriate modifications to the construction
procedure are introduced, restoring the validity of the conformal framework while maintaining
computational efficiency [2].

The proposed methods are assessed through numerical experiments on benchmark functions
commonly used in surrogate modeling. The results show that conformal prediction yields well-
calibrated prediction intervals for both full and sparse PCEs. Compared to bootstrap-based
approaches, the conformal prediction intervals achieve coverage levels much closer to the tar-
gets. The Jackknife+ method tends to produce slightly conservative intervals, whereas the
full conformal approach provides tighter intervals with coverage that more closely matches the
prescribed confidence level.

From a practical perspective, the choice between full conformal and Jackknife+ depends on the
application requirements. The full conformal method is better suited for risk-critical scenarios
where reliable, locally adaptive prediction intervals are required at specific input locations,
especially in regions of sparse data. This increased accuracy comes at a higher computational
cost, which may limit its applicability in large-scale problems. The Jackknife+ method offers
a more computationally efficient alternative, providing robust coverage guarantees and a useful
global characterization of predictive uncertainty across the input space.

Overall, this work demonstrates that conformal prediction provides a principled and effective
framework for enhancing uncertainty quantification in PCE-based surrogate models. It bridges
an important gap between the efficiency of polynomial chaos methods and the need for statisti-
cally sound local uncertainty estimates.
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Abstract

Hierarchical Bayesian inference aims to infer the population-level hyperparameters θX , which
determine joint distribution of the input parameters of a computational model M. A hierar-
chical (multilevel) model can be defined as a system composed of deterministic and stochastic
submodels, which jointly represent the physical behavior of the system and the uncertainties
inherent to it [1]. The forward model of the system is given as:

M : (m,x, ζ,d) 7→ ỹ = M(m,x, ζ,d) (1)

where ỹ are predictions of some observable response y as a function of the input parameters
{m,x, ζ,d}. Here, d represents known experimental conditions, m denotes fixed but unknown
constants (epistemic uncertainty), and ζ have unknown realizations ζi drawn from a known
distribution fZ(ζ;θZ) (aleatory uncertainty). The parameters x have unknown realizations xi

drawn from a population distribution governed by unknown hyperparameters θX .

Prior information on all unknown quantities is encoded through the joint prior distribution
π(m,x, ζ,θX). This information is then conditioned on available experimental observations
through the joint likelihood distribution fE(yi −M(m,xi, ζi,di);Σi), where Σi is a set of
model discrepancy parameters that can represent both experimental noise and model error,
often a covariance matrix in case of assumed Gaussian noise. This yields the joint posterior
distribution:

π(m,x, ζ,θX | y) ∝

(
n∏

i=1

fE(yi −M(m,xi, ζi,di);Σi)

)
π(m,x, ζ,θX). (2)

To infer the hyperparameters θX , the posterior distribution is typically sampled through Markov-
Chain Monte Carlo (MCMC), using one of two main approaches. The first involves sampling
the joint posterior distribution over x and θX by updating the full set of (hyper-)parameters
(m,x, ζ,θX) in a single MCMC scheme. In the second approach, inference is performed using a
double-loop MCMC scheme: the outer loop samples the hyperparameters of interest θX , while
an inner loop samples x ∼ fX|ΘX

(x | θX) to calculate the marginal likelihood fE(y | θX).
Both approaches suffer from high computational costs, particularly for for high-dimensional
or expensive forward models. This can be in principle mitigated by using classical surrogate
models M̂d(m,xi, ζi,di), at the cost of constructing accurate surrogates over the entire input
parameter space, a task that can become intractable in high-dimensional settings [2].
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Figure 1: Schematic representation of the inference framework using deterministic (left) vs.
stochastic (right) emulators.

In this contribution, we exploit recent developments in stochastic emulators to eliminate the
inner MCMC loop and directly emulate the conditional distribution of model outputs as a func-
tion of the hyperparameters θX . Unlike deterministic surrogates, which approximate the in-
put–output mapping at the level of individual parameters, stochastic emulators (such as gener-
alized lambda models [3]) aim at approximating the stochastic model response conditioned on a

set of explicit parameters, in this case M̂s(m,θX) ≈ fE(y,m,θX). In other words, they cap-
ture the population-level response induced by variability in the latent parameters X, effectively
marginalizing over them. The conceptual difference between the deterministic and stochastic
inference frameworks is illustrated in Figure 1.

This stochastic emulator-based approach enables direct calculation of the marginal likelihood
fE(y | θX) and thereby substantially reduces the dimensionality and overall complexity of the
problem. This framework makes previously intractable hierarchical Bayesian inference problems
computationally accessible, particularly in settings where inference targets population-level pa-
rameters, or where the computational forward model is intrinsically stochastic.

Short biography (PhD student)

Anna received her Bachelor’s degree in Natural Sciences and Master’s degree in Physics from the
University of Cambridge. She has gained research experience through internships at ETH and
the University of Oxford. Her PhD is part of the ORACLES project (Optimization, Reliability
And Calibration using Emulators of Stochastic computational models), which is funded by the
Swiss National Science Foundation.

References

[1] J. B. Nagel and B. Sudret. A unified framework for multilevel uncertainty quantification in
Bayesian inverse problems. Probabilistic Engineering Mechanics, 43:68–84, 2016.

[2] Y. M. Marzouk and H. N. Najm. Dimensionality reduction and polynomial chaos acceleration
of Bayesian inference in inverse problems. Journal of Computational Physics, 228(6):1862–
1902, 2009.

[3] X. Zhu and B Sudret. Emulation of stochastic simulators using generalized lambda models.
SIAM/ASA Journal on Uncertainty Quantification, 9(4):1345–1380, 2021.

2

https://data.snf.ch/grants/grant/10004826


MASCOT-NUM 2026 April 1–3, Rennes, France

Multi-Fidelity Gaussian Processes for Time-Series

Prediction with application to Tire Manufacturing
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Abstract

Accurate forecasting and uncertainty quantification (UQ) of time series are of extreme impor-
tance for process control and safety in tire manufacturing. These processes rely on strict ther-
modynamic constraints, where deviations can significantly impact product quality and energy
efficiency.

In this context, High-Fidelity (HF) measurements are often scarce due to acquisition costs or
availability, while Low-Fidelity (LF) simulation data is abundant but imperfect. Multi-Fidelity
Gaussian Process (MFGP) frameworks can leverage this cheap data to enhance predictions as
well as giving accurate uncertainty quantifications [1, 2, 4, 5] .

Figure 1: Time Series with High-Fidelity noisy measurements and Low-Fidelity simulations

Common MF formulation assumes an autoregressive relationship of the form

fhigh(x) = ρ(x) · flow(x) + δ(x)

where the HF response fhigh(x) is approximated by scaling the low-fidelity Gaussian Process
posterior flow(x) by ρ(x) and adding a bias term δ(x) modeled by a GP.
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However, this formulation inherently assumes a static, linear correlation between fidelities. Con-
sequently, it often proves insufficient for dynamic industrial systems, where the discrepancy
between simulation and physical reality is non-stationary and evolves over time.

To overcome these limitations, we propose a time-aware Multi-Fidelity Gaussian Process frame-
work specifically designed for time-series modeling by decomposing the input space x = [t, z],
where t represents the temporal dimension and z represents the physical state variables.

Our approach generalizes the standard autoregressive formulation by introducing time-dependent
correlation coefficients ρ(t, z) and bias terms δ(t, z), enabling the model to capture non-stationary
and evolving fidelity relationships.

To capture global trends and decouple the temporal dimension, we also investigate flexible
time-scaled covariance structures [3, 6] using a product kernel formulation:

k(x,x′) = k(t, t′)× k(z, z′)

We highlight the efficiency of these methods, demonstrating improvements in both prediction
accuracy (RMSE and Q2) and the quality of the confidence interval (IAEα) compared to
standard static-MF approaches, while remaining computationally efficient.
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Abstract

We will consider a numerical code modeled by a function ϕ : Rd → R, considered as black-
box and deterministic, costly to evaluate and with no regularity assumptions. The inputs are
modeled by the d-dimensional random vector X = (X1, . . . , Xd) with values in X ⊂ Rd and d
being moderately large, typically between 10 and 30. Moreover X is supposed to be absolutely
continuous with probability density function fX and with no independence assumption. The
output Y = ϕ(X) is a random variable with values in R and is supposed to be square integrable.

The reliability analysis of a black-box numerical model consists in estimating the failure prob-
ability. Without loss of generality, the failure event is defined by {ϕ(X) > t} with t ∈ R and
its associated probability is pt := P(ϕ(X) > t) = E[1Ft

(X)], where Ft = {x ∈ Rd | ϕ(x) > t}
is the failure domain. When pt ≪ 1, more suited methods than crude Monte Carlo can be
used developed such as importance sampling, subset sampling, moving particle, FORM/SORM
or surrogate-based procedures. From these estimation schemes, it is possible to recover failing
samples, meaning samples X̃(n) of X satisfying ϕ(X̃(n)) > t and distributed according to the
conditional density fX|Ft

, defined by fX|Ft
(x) := fX(x)1Ft

(x)/pt.

When studying the failure of a system, the reliability analysis brings no information on why the
failure occurs and how the uncertainty in the input variables is related to the failure. We hence
are interested in a sensitivity analysis performed on 1Ft(X). As the inputs may be correlated,
the target Sobol indices loose their interpretability power. To overcome this limitation, one
approach is to consider the target Shapley effects, which are defined using the target closed
Sobol indices [2]. The existing estimation schemes are based either on Monte Carlo and require
too much calls to the model ϕ when pt ≪ 1 [2], or on importance sampling to overcome this
previous limitation [1]. However, this last method suffers from the curse of dimensionality as
it relies on a nearest-neighbor approximation. As a consequence, we present a new estimation
scheme based on normalizing flows to estimate the target Shapley effects when the dimension
exceeds 10.

The proposed methodology is as follows. After having obtained an estimate of pt and recovered
failing samples (X̃(n)), we first propose a rewriting of the closed target Sobol indices following
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the same principle as in [4]. These rewritings may involve conditional densities of large dimen-
sion, which we propose to estimate with normalizing flows [3] using the failing samples. These
conditional densities being estimated, we then estimate the target closed Sobol indices with
crude Monte Carlo. Finally, suited aggregation procedures are used to avoid the complexity due
to the dimension. As a result, this methodology allows to obtain estimates of target Shapley
effects without additional call to ϕ than those used to estimate pt. In addition to this estimation
scheme based on normalizing flows, we propose a procedure to quantify the error made on the
estimation, also without additional call to ϕ. This procedure allows to take into account the
error made by the normalizing flows, by the estimation of the target closed Sobol indices and
by the aggregation procedure. Promising results have been obtained for a Gaussian linear case
in dimension 15, which are displayed in Figure 1 below.

Figure 1: Estimation of target Shapley effects for the Gaussian Linear case, d = 15, with
reference values, taking into account all sources of error.
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in reliability-oriented sensitivity analysis with correlated inputs by importance sampling.
International Journal for Uncertainty Quantification, 13(3):1–37, 2023.

[2] Marouane Il Idrissi, Vincent Chabridon, and Bertrand Iooss. Developments and applications
of shapley effects to reliability-oriented sensitivity analysis with correlated inputs. Environ-
mental Modelling & Software, 143:105115, 2021.

[3] George Papamakarios, Eric Nalisnick, Danilo Jimenez Rezende, Shakir Mohamed, and Balaji
Lakshminarayanan. Normalizing flows for probabilistic modeling and inference. Journal of
Machine Learning Research, 22(57):1–64, 2021.

[4] Guillaume Perrin and Gilles Defaux. Efficient evaluation of reliability-oriented sensitivity
indices. Journal of Scientific Computing, 79:1433–1455, 2019.

2



MASCOT-NUM 2026 April 1–3, Rennes, France

Optimization Under Uncertainties for Multi-Fidelity

Black-Box Simulators

G. Pierron†,1,2, M. R. El Amri✠,2, C. Helbert§,1, G. Perrin§,3, D. Sinoquet✠,2

† PhD student (presenting author). § PhD supervisor. ✠ PhD advisor.

PhD expected duration: Oct. 2025 – Sep. 2028

1 Institut Camille Jordan, Centrale Lyon
{celine.helbert, guillaume.pierron}@ec-lyon.fr
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Abstract

We consider a complex physical system S, depending on a controllable parameter x ∈ DX ⊂ RdX

and on an uncontrollable parameter u ∈ DU ⊂ RdU . We consider that u is an output of a random
variable U, defined on a universe (Ω,A,P) and with support equal to DU .

We want to optimize the system S, by tuning the parameter x. More precisely, we consider a
feature F (∞)(x,u) of our system, and we aim to solve the optimization problem (1).

arg min
x∈DX

E
[
F (∞)(x,U)

]
(1)

For a given (x,U), we cannot directly compute F (∞)(x,U) as long as it depends on the system S,
whose physical equations are too complex to solve in closed form. Thus we must approximate
our function of interest F (∞) through a set of computer codes

(
F (1), · · · , F (L)

)
, so that, for

ℓ ∈ {1, · · · , L}, the code F (ℓ) simulates F (∞) with the fidelity level ℓ, with the associated
computational cost wℓ. We assume that w1 < · · · < wL (the lower the fidelity, the cheaper the
simulator evaluation).

The practical optimization problem that we will try to solve is the following (2).

arg min
x∈DX

E
[
F (L)(x,U)

]
(2)

An existing algorithm to address such a problem is a combination of two intricated loops :

• an outer optimization loop, which relies on the Efficient Global Optimization (EGO, see
[2]) with objective function f (L) = E

[
F (L) (·,U)

]
, using a metamodel that can integrate

uncertainties on each new observation (as we never can compute the exact value of the
desired expectation).

• an inner estimation loop, which aims to estimate f (L)(x) for a new point x, reducing the
uncertainty of the estimation by evaluating many times the (costly) simulator F (L).

1
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This methodology is very costly. The goal of this thesis is to learn how to use the low-fidelity
codes, in order to have a better control on the uncertainties with the same computational expense
for each iteration and to have better optimization results with the same total cost.

Several strategies could allow us to make use of these lower-fidelity simulators.
One possible way could be the modelization of all the fidelity levels, taking into account the
difference of costs, in a mutli-fidelity meatmodel (similar to that introduced in the PhD thesis
of Loic Le Gratiet [3]) on which it could be possible to build specific acquisition functions.

Another approach keeps stucking to the only modelization of F (L), but uses the low-fidelity
codes as control variates [1]. The first part of my PhD work is to explore this approach. An
existing elegant method, named Multi-Fidelity Monte-Carlo (MFMC), and developed in [4],
allows to minimize the variance of the estimator of our objective function, with a fixed cost
budget, by tuning a control-variate coefficent and an allocation of the budget to the different
fidelity levels. We want to plug this method in our bayesian optimization loop.

This existing method assumes that we already know at least some coefficients of the covariance
matrix of the random vector

(
F (ℓ)(x,U)

)
for any design point x. We will try to move beyond

this strong hypothesis, and we aim to see if it is still possible to obtain better optimization
results than with the simple Monte-Carlo method on the high-fidelity simulator.

Short biography (PhD student)

My background is a master’s degree on statistics and probability. My PhD thesis is partly
funded by the CIROQUO consortium, which is a partnership between researchers and industrial
companies to address issues raised by the high costs of data in optimization and uncertainty
quantification. I am an employee of IFP Énergies Nouvelles for 3 years, and I am also enrolled
as a PhD student in Centrale Lyon.
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Abstract

Expensive-to-evaluate blackbox simulations play a key role for many engineering and industrial
applications. In this context, surrogate models have been widely used to address a large range
of applications, e.g., aircraft design [6], deep neural networks [5], coastal flooding prediction,
agriculture forecasting, or seismic imaging. Most blackbox simulations are complex and com-
putationally expensive. Typically, multidisciplinary design of aircraft leads to calling solvers,
such as computational fluid dynamics or finite element, that can take days to be executed across
clusters. As a result, there has been a growing interest in more efficient surrogate models,
particularly in the context of Bayesian optimization based on Gaussian processes.

This work follows the PhD thesis of Paul Saves (2020-2023) in which high-dimensional multi-
disciplinary design optimization methods were developed for aircraft eco-design. Contributions
on dimension reduction and mixed-variable techniques [8] for Gaussian processes were added
to the open source software SMT (https://smt.readthedocs.io/en/latest/) and applied on both
large sets of industrial or academic tests [7].

While mixed-categorical and hierarchical variables [9] enable more complex modeling, they also
significantly increase computational overhead. To mitigate the resulting increase in execution
time, parallel computing has emerged to be the most effective solution. Consequently, high-
performance computing is now of main interest, even more in the machine learning field. Large-
scale tasks can require energy-intensive exascale systems infrastructure, such as the european
supercomputer Jupiter, whereas smaller-scale operations may be more efficiently executed on
regional clusters or standard workstations. As such, we evaluate an energy consumption mini-
mization problem by distributing workloads across a network of computers and their cores, using
numerical simulations with various hyperparameter configurations. This problem can be formu-
lated as a System Architecture Optimization problem [1] subject to an environmental budget
threshold. Additionnaly, we plan to develop an acquisition function to be explicitly aware of the
remaining budget, in a “non-myopic” look-ahead approach [2].

1
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Existing works around hyperparameter optimization minimizing energy consumption of neural
network’s training have already shown that energy can be saved while keeping the same accuracy
[10]. The eco-design approach will be further improved by integrating spatial and time [4]
dependencies into the network of available computers. The targeted application of this PhD
will be the eco-design of High Altitude Long Endurance [3] drone by including the architectural
choice of the computational infrastructure in the overall process.

Short biography (PhD student)

The PhD is funded by the ONERA - ISAE - ENAC joint resarch group. The subject became
part of my interests as I have graduated a MEng in Aeronautical Engineering at the Arts et
Métiers Institute of technology following several internships in the aircraft design industry.
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Abstract

Designs of water-cooled reactors including new thermal-hydraulics systems undergo safety anal-
ysis during the licensing process. For economic reasons and safety concerns, systems are firstly
tested on reduced scale test facilities. Appropriate scaling guarantees that safety-relevant phe-
nomena are accurately represented in experiments. However, conventional equation-based scal-
ing techniques rely heavily on expert knowledge of the governing equations, which constitutes a
major limitation.

As an alternative, this work proposes a data-driven method to design nuclear test facilities,
called D4NL for Data-Driven Discovery of Dimensionless Numbers and Governing Law. From
a dataset, D4NL method aims to identify a governing law that describes the dominant safety-
related phenomenon. The law is a function of dimensionless numbers, which are physically
meaningful combinations of dimensional1 variables identified by the algorithm. Dimensionless
numbers are commonly used in scaling techniques, as they benefit from scale-invariant properties.
They can be interpreted as dimensionless ratios of characteristic times, forces, or energies, and
thus highlight the relative competition between different effects in a same phenomenon [6]. More
generally, the D4NL method is part of the dimensionless numbers learning methods [2, 5, 1, 7]
and adopts an approach conceptually similar to that of Xie et al. [7], while introducing significant
methodological extensions.

In short, the D4NL method objective is to find, from a sample of physical dimensional variables,
a set of constrained parameters that fully defines the nondimensional governing law. The law is
assumed to be a polynomial function of a single dominant dimensionless number–an assumption
that will be relaxed in future work. The constraints ensure both the physical interpretability of
the law and the dimensionless nature of its terms. Two variants of the method are proposed.

1There are only seven fundamental dimensions in physics: L (length), T (time), M (mass), Θ (temperature),
I (electric current), N (amount of matter), and J (luminous intensity). If one of the variable is a velocity v, its
dimension, noted [·] in physics, is consequently [v] = L1T−1.
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In the first variant, the sample includes dimensional inputs (like a pipe diameter or the density of
the fluid in the pipe) and a known dimensionless output. The optimal set of parameters defining
the law is obtained by minimizing a constrained loss function through a gradient-descent-based
algorithm. To enhance robustness against small datasets (common in the nuclear context due
to the high costs of experiments) and to mitigate the risk of convergence to local minima, the
loss is estimated by K-Fold Cross-Validation and minimized via a multistart process based on
space-filling-design methods. As a proof of concept, our method is tested on a noisy simulated
dataset, which is representative of the single-phase natural circulation established in a passive
heat removal system (a system studied for advanced nuclear reactors designs [4]). The method
yields satisfactory results as it recovers the dominant dimensionless number and the governing
law from the natural circulation physical model. In addition, a bootstrap approach is proposed
to estimate confidence intervals on the parameters identified.

The second variant extends the D4NL method by no longer assuming that the dimensionless
output is known. Instead, the algorithm estimates it jointly with the input dimensionless num-
ber and the associated governing law. This leads to a nested optimization relying on the D4NL
architecture. Functional analysis based on variance decomposition and Sobol’ indices [3] is in-
corporated into the algorithm to guide the construction of the output dimensionless number and
ensure that the discovered law remains physically meaningful with respect to the phenomenon of
interest. This D4NL extension is tested on similar natural circulation data: it identifies several
governing laws that depend on variants of the physical model input and output.

Short biography (PhD student)

After preparatory classes, I obtained an energy and nuclear engineering degree from Phelma
(Grenoble-INP school). I then pursued my cursus with a PhD at CEA Cadarache, in applied
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Marrel and Bertrand Iooss. The thesis is funded by CEA and linked to EDF R&D.
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Abstract	

Nowadays, simulators are ubiquitous in various research and industrial sectors, enabling 
exploration, prediction, model validation, cost and risk reduction, etc... The field of 
electromagnetics is no exception, allowing engineers to optimize parameters and 
configuration before physically testing them. These simulators rely on the use of digital 
twins of complex environments (terrain, vegetation, vehicles, etc.). At ONERA we have a 
software: EMPRISE [1] that act like a radar simulator and simulate electromagnetic scene. 
However, the reliability of the predictions provided by digital twins depends on their 
representativeness, which by design involves a certain degree of uncertainty. Therefore, 
given that reliability and accuracy are critical, it is essential to quantify uncertainties in EM 
environment and to move beyond deterministic digital twin models toward stochastic 
ones. The difficulty with EM environments is the plurality of uncertainties and their highly 
heterogeneous nature. Environmental uncertainties such as changes in vegetation, the 
presence or absence of vehicles or humidity and temperature, which will impact how 
materials reflect radar waves. There are also uncertainties due to measurements, such as 
noises and imperfect georeferencing. It should be noted that most of these uncertainties 
are highly correlated spatially and sometimes very difficult to observe directly. Radar 
scenes are therefore complex environments, which multiplies the possible uncertainties. 
Given the issues raised by determinist digital twins, it is reasonable to ask how to build 
and exploit digital twins of electromagnetic environments whose uncertainties are 
explicitly represented in order to produce more reliable and interpretable RADAR 
simulations. 	
The initial data input step is itself subject to uncertainties [3], as the data are only valid at 
a specific point in time; therefore, a deterministic approach is not the most appropriate. 
The idea is therefore to find a probabilistic but accurate representation, notably by 
incorporating stochastic processes into the selection of parameters or spatial variability. 
The question is also to determine and quantify the extent to which uncertainties in our 
digital twin impact simulated radar measurements.  Imagine we have taken measure of 
Toulon environment thanks to SETHI [2], we can use EMPRISE to simulate the 
environment and then do a simulation measurement comparison, which give us an 
accurate measure of representativeness of our product. But what if we want to track a 
drone in an environment for which we have no data bases of real measure? How can we 
estimate how reliable it is; for practical use we must be able to measure the 
trustworthiness without comparison to simulation. 	
To conclude, my thesis lies at the interface between statistics, uncertainty measurements, 
and electromagnetic physics.  Above all, we are seeking an unified approach to uncertainty 
measurements [4] that we will apply to realistic EM environments. Although EM is our 
field of application, the idea is to make methodological contributions that can be 
replicated in other environments Accordingly, this project aims to improve the reliability 
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of RADAR simulations used for decision support, as well as to increase the robustness of 
digital twins as their adoption continues to grow. It’s a real challenge in the field of 
uncertainty due to the complexity of the simulated environments and the imperfect nature 
of the data used.	
Short biography (PhD student)	

My name is Aurelien Saou, after a very classical mathematical background with a 
bachelor’s degree in mathematics followed by master’s degree in applied mathematics, I 
chose to do a thesis in order to fully understand the world of research. However, as I value 
the practical side of mathematics, I naturally turned to this thesis founded by both AID and 
ONERA to contribute to our EMPRISE software in radar simulation. My goal is to be able to 
quantify the reliability of the simulation. We just started in January so we’re still in an 
exploratory stage	

[1] https://www.emprise-em.fr/	

[2] “Sethi : Review Of 10 Years Of Development And Experimentation Of The Remote Sensing 
Platform” Rémi Baqué , Philippe Dreuillet, Hé lène Oriot 	 	 	    https://hal.science/
hal-02502425/document	

[3]  Kessels, B.M., Fey, R.H.B. & van de Wouw, N. Uncertainty quantification in real-time parameter 
updating for digital twins using Bayesian inverse mapping models. Nonlinear Dyn 113, 7613–7637 
(2025)	

[4] Daniel P. Thunnissen, “Uncertainty Classification for the Design and Development of Complex 
Systems”, Proceedings of the 3rd Annual Predictive Methods Conference, Veros Software, Santa Ana, 
CA, 2003	
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2 Électricité de France, EDF R&D Lab Chatou
first.last@edf.fr
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Abstract

Probabilistic Seismic Hazard Analysis (PSHA) traditionally relies on seismotectonic zoning mod-
els based on homogeneous Poisson processes [2]. While robust and conceptually transparent,
these models struggle to capture the heterogeneous, uncertain, and spatially variable nature of
seismicity [3]. Particularly in low-seismicity contexts such as metropolitan France, where limited
data, catalog incompleteness, and diffuse earthquake patterns challenge classical assumptions.
Zoneless approaches such as Kernel Density Estimation (KDE) attempted to address these short-
comings, yet they remain limited by their frequentist rigidity, sensitivity to bandwidth choices,
and reduced effectiveness in sparse-data environments. These limitations highlight the need
for a probabilistic framework capable of flexibly adapting to data while integrating decades of
geological and geophysical expertise.

A promising direction arises from spatio-temporal Hawkes processes [1], which model
seismicity as a combination of background activity and clustered aftershock sequences through
a conditional intensity

λ(t, x, y) = µ(x, y) +
∑

i : ti<t

g(t− ti, x− xi, y − yi).

This formulation captures well-established empirical laws such as Omori decay and Gutenberg–
Richter scaling and provides a coherent structure for distinguishing mainshocks from aftershocks.
However, standard Hawkes models rely on fixed parametric forms for both the background
rate µ(x) and the triggering kernel g(·). Such rigid specifications constrain their ability to reflect
complex spatial structures or accommodate the large epistemic uncertainties inherent to low-
activity catalogs. As a result, parameter estimates may become unstable or overly dependent
on arbitrary modeling choices.

This motivates a Bayesian nonparametric approach, which offers several decisive advan-
tages. First, by modeling the spatial background intensity µ(x) with flexible priors — such
as Dirichlet Processes [5], Gaussian Processes [4] — the model’s complexity adapts directly to
the data, avoiding the need to predefine the number or geometry of seismic sources. Second,
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Figure 1: (Left) A seismotectonic model of France proposed by EDF. (Right) A French
earthquake catalog for the PSHA.

Bayesian inference provides a principled mechanism for incorporating informative priors de-
rived from traditional zoning, thereby embedding expert knowledge within a fully probabilis-
tic learning framework. This allows geological structures, fault systems, and domain knowledge
accumulated by EDF and the scientific community to guide inference without enforcing rigid
parametric constraints. Third, the Bayesian paradigm naturally quantifies both epistemic
and aleatory uncertainties, enabling richer risk assessments and transparent propagation of
uncertainties into PSHA outputs. Ultimately, this research seeks to deliver a new generation of
seismic source models that enhance the robustness, interpretability, and practical usability of
PSHA for low-to-moderate seismicity contexts.

Short biography (PhD student)

I completed both my bachelor’s and master’s degrees in mathematics at Sorbonne University.
I then undertook a PhD in applied mathematics funded through a CIFRE contract from the
ANRT, in collaboration between EDF R&D MIA Paris-Saclay laboratories. My research is
motivated by EDF’s fundamental need to assess and enhance the safety of its critical industrial
facilities with respect to seismic risk.
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Abstract

Conformal prediction (CP) [3, 6] is a distribution-free method to construct reliable prediction
intervals that has gained significant attention in recent years. Despite its success and various
proposed extensions, a significant practical feature which has been overlooked in previous re-
search is the potential skewed nature of the noise, or of the residuals when the predictive model
exhibits bias [4, 2, 7]. In this work, we leverage recent developments in CP [1] to propose a new
asymmetric procedure that bridges the gap between skewed and non-skewed noise distributions,
while still maintaining adaptivity of the prediction intervals.

More precisely, let us consider two RKHSs Hlow and Hup with respective feature maps ϕlow

and ϕup. For Alow ∈ S+ (Hlow) and Aup ∈ S+ (Hup) two positive semi-definite (PSD) op-
erators from Hlow (resp. Hup) to Hlow (resp. Hup), we define two non-negative functions
flow(X) = ⟨ϕlow(X),Alowϕlow(X)⟩Hlow

and fup(X) = ⟨ϕup(X),Aupϕup(X)⟩Hup , called kernel
sum-of-squares. These two functions, thanks to their non-negativity property, are key compo-
nents of our proposed new asymmetric score function for CP:

S(X,Y ) = max
(
m̂n(X)− flow(X)− Y, Y − m̂n(X)− fup(X)

)
.

From there, we propose to estimate the functions flow(X) and fupp(X) defining the prediction
bands by solving the following learning problem:

inf
Alow∈S+(Hlow)
Aup∈S+(Hup)

b

n

n∑
i=1

(flow(Xi) + fup(Xi)) + Ωlow(Alow) + Ωup(Aup) + λP (1)

s.t. m(Xi)− Yi − flow(Xi) ≤ 0, i ∈ [n]

Yi −m(Xi − fup(Xi) ≤ 0, i ∈ [n] .

The new statistical learning problem in Equation (1) constructs adaptive and asymmetric pre-
diction bands, with a unique feature based on a penalty which promotes symmetry: when the
penalty intensity varies, the intervals smoothly change from symmetric to asymmetric ones. We
study two possible penalties to achieve this, one on the operators and one on the training points:

P = ∥Alow −Aup∥⋆ + ∥Alow −Aup∥2F , P =

n∑
i=1

(flow(Xi)− fup(Xi))
2
.

1
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Figure 1: Comparison of prediction interval width (lower is better) and local coverage (vertical
line indicates target level 1− α) for a symmetric datasets (left) and an asymmetric one (right)
with n = 100,m = 1000 and 20 repetitions.

This statistical learning problem is based on reproducible kernel Hilbert spaces and the recently
introduced kernel sum-of-squares framework [5]. First, we establish representer theorems to
make our problems tractable in practice, and derive dual formulations which are essential for
scalability to larger datasets. We also provide theoretical guarantees that these penalties indeed
provide a continuum between asymmetric and symmetric prediction bands. Second, the intensity
of the penalty is chosen using a novel data-driven method which automatically identifies the
symmetric nature of the noise. We show that consenting to some asymmetry can let the learned
prediction bands better adapt to small sample regimes, outliers or biased predictive models.
Finally, our experiments illustrate the efficiency of such penalized kernel sum-of-squares to
construct adaptive prediction bands.
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Abstract

Surrogate models provide fast approximations of costly computer codes or experiments and are
trained with a limited set of observations from said code. In the multi-fidelity framework, we
assume that two computer codes of different costs and accuracy levels are available. The high-
fidelity code zH is the most precise, but also the most expensive, whereas the low-fidelity code
zL is much cheaper but less accurate.

In that context, several types of models exist, but we focus in this work on Gaussian processes
(GP) [4] and notably, on the auto-regressive model which supposes a linear relation between the
two codes:

∀x ∈ RD, zH(x) = ρ(x) · zL(x) + δH(x),

where ρ is the scaling factor and the functions zL and δH are approximated with GPs. This
model was initially developed by [2] and improved afterwards by [3] with the more computa-
tionally efficient recursive formulation. However, two important assumptions are made in these
works: the observed outputs are deterministic, and the experiment designs are nested, i.e. at
the input level, every high-fidelity point coincides with a low-fidelity point. Several aspects
are simplified in this framework: the equations for the predictive mean and covariance, and in
particular, the likelihood function for the parameter optimization.

It is possible to relax one of these assumptions by relying on the approach proposed by [5]
which utilizes the EM (expectation-maximization) algorithm to infer the parameters when the
experimental designs are not nested, but for noise-free outputs. We generalize this approach to
the case of noisy outputs and to the case where ρ is a linear predictor defined with a vector
parameter βρ: ρ(x) = gL(x)

⊤βρ and not a fixed function. We apply the developed model to
several cases of varying difficulty [1].
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Abstract

Many quantities of interest in engineering, physics, and risk analysis can be expressed as ratios of
expectations R = E[A]/E[C], where A and C are arbitrary real random variables. The standard

Monte Carlo (MC) estimator, defined as the ratio of empirical means R̂MC
MC

= An/Cn, suffers

from high variance when the number of samples n is small, which is often the case in practice.

To reduce variance without increasing n, the Control Variates (CV) method [1] is applied to
both numerator and denominator. The idea is to exploit auxiliary random variables B and D,
correlated with A and C, whose expectations are known. The CV ratio estimator is defined as

R̂CV
CV

=
An + α(E[B]−Bn)

Cn + β(E[D]−Dn)
(1)

where (Ai, Bi, Ci, Di)i=1...n are i.i.d. real samples from the joint distribution of the random
variables A,B,C,D ∈ L2. In practice, the coefficients α and β are estimated.

In applied settings, the expectations E[B] and E[D] are often unknown, but they may be esti-
mated from a larger set of n + m samples of B and D, resulting in the Approximate Control
Variates (ACV) ratio estimator [5]. We consider this framework, referred to as semi-supervised,
where n joint samples of A,B,C,D are available with m additional samples of B and D.

For single mean estimation, the CV approach guarantees variance reduction without added bias.
However, extending the method to ratio of means estimators is delicate. We show that ill-chosen
coefficients can lead to a variance increase, in particular the ”classical” coefficients [1] for single
mean estimators, and the coefficients proposed in [4] optimized sequentially for ratio estimators.

We propose new jointly optimized coefficients that guarantee variance reduction.

(αo, βo) := argmin
(α,β)∈R2

Var

(
An + α(E[B]−Bn)

Cn + β(E[D]−Dn)

)
(2)

Closed-form expressions of these optimal coefficients are derived [2], by minimizing an asymptotic
approximation of the ratio variance which is convex if |Corr(B,D)| < 1. Alternative expressions
of the optimal coefficients are known if that condition is not fulfilled. Significant variance
reduction can be achieved, depending on the correlation structure between the variables of
interest A and C, and the control variates B and D, as seen in Figure 1.

1
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Figure 1: Boxplots of ratio estimations on highly-correlated simulated Gaussian data (n=100).
From left to right: Monte Carlo estimator, CV estimator with single-mean coefficients [1], CV estimator
with ratio coefficients [4], and CV estimator with the proposed optimal coefficients [2].

To illustrate the approach, we applied the proposed optimized CV estimators on three realistic
problems on multi-fidelity datasets: strut mass fraction estimation, conditional Value-at-Risk
(cVaR) estimation, and Extreme Value Index (EVI) estimation [3].
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2 CMAP, Ecole polytechnique, Institut Polytechnique de Paris, France

3 CEA / DAM / DIF, France

paul.casteras@cea.fr

Abstract

To study complex phenomena, computer models are often used for simulation. These models
typically depend on unknown parameters that must be estimated prior to their use. This
task, known as model calibration, becomes particularly challenging when the outputs are high-
dimensional. In this work, we focus on calibration problems where the outputs are time series.

To calibrate the model parameters β, one has to compare model outputs with experimental data
for different experimental settings x. Since there are multiple ways of comparing time-dependent
outputs, [2] suggests modeling error terms to account for time deformation using the framework
of [5]. This approach, referred to as elastic calibration, offers two main advantages. First, an
elastic transformation may simplify the representation of simulation outputs, thereby improving
the performance of surrogate models. Second, elastic calibration makes it possible to introduce
a temporal discrepancy term to explicitly account for time deformations.

However, because time series are measured on preselected time intervals, they are mecessarily
truncated after an arbitrary final time. As a result, [1] argues that time deformations should be
used that allow for this additional degree of freedom through a framework called elastic partial
matching. In this work, we propose to extend the approach of [2] with elastic partial matching.
This extension makes it possible to apply elastic calibration to a broader range of problems.
Within the elastic framework, a function is decomposed into two components: an amplitude
and a phase. A phase is a time warping function that aligns a function with a template. The
amplitude is the aligned version of a function. For all experiments yexp(x, t) and simulation runs
ysim(x, β, t), we partially match the functions to a template to obtain amplitudes, denoted by
fexp(x, t) and fsim(x, β, t), and phases, denoted by γexp(x, t) and γsim(x, β, t). Figure 1 shows
the result of the partial matching procedure for one dataset.

We then want to apply a Bayesian calibration framework, as introduced by [3], in the amplitude-
phase space. However, the phase space is not a vector space and it is difficult to compare phases
in this space. Thus, following [2], we first transform each phase γ(t) into a shooting vector
function v(t) and a truncation parameter tf .

To replace computationally expensive computer models, we can first run the computer model
for a set of model parameters (βj)j=1,...,Nβ

for each experimental setting. Then, based on these
data, we build time-dependent surrogate models in the amplitude and shooting-vector spaces,
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Figure 1: Example of decompostion into amplitudes and phases

and a scalar surrogate model for tf . We denote these surrogates by f̃ sim(x, t, β), ṽsim(x, t, β),
and t̃simf (x, β). They are constructed using Gaussian process regression combined with PCA, as
explained in [4].

Relations between the experiments and simulations can be written in the new spaces:

f exp(x, t) = f̃ sim(x, t, β) + εf (x, t),

vexp(x, t) = ṽsim(x, t, β) + εv(x, t),

texpf (x) = t̃simf (x, β) + εt(x).

To estimate the calibration parameters and their uncertainties, after modeling errors and choos-
ing prior distributions, one can use the experimental data yexp(xi, t)i=1,...,Nx

measured at differ-
ent experimental settings (xi)i=1,...,Nx

to compute and sample the posterior distributions of β
and the hyperparameters of the errors, denoted by θf , θv and θt :

p(β, θf , θv, θt|yexp) ∝ p(f exp|β, θf )p(vexp|β, θv)p(texpf |β, θt)π(β)π(θf )π(θv)π(θt).

We demonstrate the benefits of this method on the calibration of an equation of state, which
links thermodynamic variables such as pressure, temperature, volume, and internal energy.
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Abstract

When dealing with parameter-dependent partial differential equations (PDEs), classical numer-
ical methods lead to costly numerical simulations. One usually relies on model order reduction
to approximate the original problem by a reduced one which we can solve more efficiently. It
becomes possible to fastly compute a solution for a given input (parameters, initial or bound-
ary conditions) in real time, or to compute a bunch of solutions in a many-query scenario or
uncertainty quantification.

Different reduction methods have been developed for time-dependent problems such as the
Proper Orthogonal Decomposition (POD) [1, 3]. The goal is to construct a reduced basis of an
approximation space that captures the essential dynamic of the problem. However, POD needs
to precompute the global solution trajectory in order to build such a reduced space. This means
having to solve sequentially in time (at least for some part of the global time interval) before
projecting the dynamic onto a reduced space.

An alternative has been developed in [4] where it has been proposed to construct the reduced
basis in a parallel manner in time. It consists in solving the full dimensional problem on small
chunks of the global time interval, as in Figure 1.

Figure 1: From [4]. Comparison of the computational budget in time, POD (top row) versus split in
time approach (middle row). Representation of the local transfer operators at randomly chosen time
points (bottow row).
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The objective is to construct approximation spaces capturing the action of the transfer operator
mapping initial condition to final state on a time interval. For linear PDE operators, learning
the range of the affine transfer operators can be split into two tasks, the approximation of
solutions on subintervals with zero initial conditions, or with zero source term. The latter
task is related to the approximation of the range of a linear operator, for which we rely on
randomized numerical linear algebra methods (RNLA) (range finder or random probes [2]),
that translates into the resolution of the equation with random initial conditions. Using random
initial conditions on each sub-interval, the local trajectories are completely independent from
each other, hence allowing parallelization.

The main interest of such an approach is to capture local in time features of the problem and
construct relevant reduced spaces that can be used afterwards for an efficient resolution over
the whole time interval.

In this work, we extend the approach from [4] to the resolution of evolution problems in tensor
spaces (e.g. resulting from the discretization of high-dimensional PDEs or stochastic PDEs)
and rely on RNLA for tensors and dynamical low-rank methods for the resolution of dynamical
systems in tensor spaces.

We will present numerical examples for parabolic PDEs.
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{el-boukkouri,roustant}@insa-toulouse.fr

2 CMAP, CNRS, Ecole polytechnique, Institut Polytechnique de Paris, Palaiseau
josselin.garnier@polytechnique.edu

Abstract

Kernel-based methods provide a principled alternative to classical numerical solvers for nonlin-
ear partial differential equations (PDEs), especially when mesh-free formulations, regularization,
and uncertainty quantification are of interest. Traditional discretization techniques such as finite
differences or finite elements [2] often become computationally demanding for nonlinear or mul-
tiscale problems and require careful mesh design near singularities. In contrast, the variational
framework introduced by Owhadi et al. [1] formulates PDE solving as a constrained minimiza-
tion problem in a reproducing kernel Hilbert space (RKHS), providing both a functional-analytic
interpretation and a probabilistic Gaussian-process (GP) viewpoint.

Let Ω ⊂ Rp be a bounded domain and consider the nonlinear PDE{
P(u⋆)(x) = f(x), x ∈ Ω,

B(u⋆)(x) = g(x), x ∈ ∂Ω,

where P is a nonlinear differential operator and B a boundary operator. Given an RKHS H(K)
with sufficiently smooth kernelK, and collocation points {xm}Mm=1 ⊂ Ω, the framework proposed
in [1] defines the numerical solution as{

minu∈H(K) ∥u∥H(K)

s.t. P(u)(xm) = f(xm), 1 ≤ m ≤ MΩ, and B(u)(xm) = g(xm), MΩ + 1 ≤ m.

This formulation admits a probabilistic interpretation: if ε ∼ GP(0,K), then the solution co-
incides with the maximum a posteriori (MAP) estimator of ε conditioned on the PDE con-
straints [1]. As a consequence, the choice of kernel K and its hyperparameters directly deter-
mines the admissible solution space, its regularity, and the numerical stability of the solver.
Recent studies have demonstrated a strong sensitivity of kernel-based PDE solvers to hyperpa-
rameter selection, and proposed bilevel and Gauss–Newton strategies to mitigate this issue [4].

In this work, we introduce a multifidelity, physics-informed methodology for constructing RKHSs
adapted to PDE resolution, exploiting hierarchical simulation data rather than relying on ad hoc
kernel choices. We assume access to an ensemble of M low-fidelity simulations {yiL}Mi=1 defined
on a grid XL, together with high-fidelity observations yH available on a nested grid XH ⊆ XL.
From the low-fidelity ensemble, we estimate the empirical mean and covariance kL. Since kL is
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only defined on XL×XL and may lack smoothness, we approximate it by a differentiable kernel
kopt belonging to a smooth kernel family S by solving

kopt = argmin
k∈S

d(k|XL×XL
, kL) ,

where d is a matrix distance, chosen in practice as the Frobenius norm for numerical robustness.

To incorporate high-fidelity information, we adopt the autoregressive cokriging model of Kennedy
and O’Hagan [3, 5], which assumes

YH(x) = ρ YL(x) + Yd(x), Yd ∼ GP(µd, kd),

with kd a stationary kernel modeling the discrepancy between fidelity levels. This leads to the
high-fidelity kernel

k⋆H(x, x′) = ρ2kopt(x, x
′) + kd(x, x

′),

whose parameters are learned by maximizing the marginal likelihood of the high-fidelity data.
The RKHS H(k⋆H) is then directly used in the PDE-constrained minimization problem above,
yielding a multifidelity-informed kernel that combines large-scale regularity from low-fidelity
ensembles with fine-scale corrections inferred from high-fidelity observations.

Beyond kernel construction, we extend the framework to non-centered Gaussian processes, using
a cokriging-informed mean as a physically motivated prior. When sufficient high-fidelity data
are available, we also consider learning a smooth kernel directly from high-fidelity residuals by
likelihood maximization, bypassing the approximation of kL and complementing multifidelity
constructions.

We validate these methodologies on linearized and fully nonlinear Burgers equations. Numeri-
cal results show that multifidelity-informed kernels substantially reduce sensitivity to hyperpa-
rameter selection compared with single-fidelity baselines, while preserving the differentiability
required by operator-based RKHS solvers.

Short biography (PhD student)
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Abstract

Functional ANOVA (or Hoeffding Decomposition) [6] provides a principled framework to model
interpretability by decomposing a prediction function f(X) into main effects and higher-order
interactions. However, beyond the independent feature setting, practitioners typically lack an
explicit decomposition basis and must resort to sampling based approximations that are com-
putationally expensive and can be unreliable under strong dependence. In this work, we address
this limitation for categorical inputs X by proposing an explicit family of basis functions onto
which f(X) can be projected with guarantees. This family is fully explicit and satisfies the
defining ANOVA properties originally formalized by [2] through a constrained optimization
viewpoint, thereby providing a direct and exact decomposition mechanism.

By combining tools from functional analysis with Boolean function analysis [5], we obtain a
fully explicit, closed-form expression for the Functional ANOVA components under arbitrary
dependence structures. The resulting decomposition is strictly exact: it coincides with the
classical orthogonal ANOVA when features are independent, yet it also remains valid in regimes
that are typically problematic for existing methods, including highly sparse support and strong—
even functional—dependencies between features.

Our results also align with, and refine, the generalization hypotheses put forward in [1] and later
in [3]. In particular, these works provide necessary conditions for the existence and uniqueness
of the generalized ANOVA decomposition; the conclusions induced by our explicit decomposi-
tion family, especially regarding uniqueness, recover the previously established boundary cases
identified in these foundational contributions.

Beyond this theoretical scope, the proposed closed-form expressions lead to extremely fast com-
putation: experiments indicate that the decomposition can be obtained ultra fast while ac-
curately recovering main effects and interactions in challenging settings, including very sparse
support and high number of features.

Finally, we highlight an implication for attribution methods. In the independent case, SHAP [4]
can be viewed as arising from the orthogonal Functional ANOVA decomposition; our decompo-
sition therefore suggests a method to extend SHAP-style attributions to correlated categorical
variables by grounding them in the generalized decomposition derived here.
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Figure 1: Example of attribution on the binarized MNIST dataset. Here, we analyze 784
correlated binary features where f(X) = Pr (predicted class = 3). Red pixels increase this
probability, while blue pixels decrease it.
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Abstract

Context and objective The role of meteoceanic conditions is crucial in coastal flooding but
is also difficult to capture with traditional statistic methods. In this context, our objective is
to enhance the modelling of coastal flooding [5] by a design of experiments (DoE) where the
inputs of numerical hydrodynamic models are time series. The difficulty is that the scarcity
of recorded extreme meteoceanic conditions would prevent a DoE from efficiently exploring the
most relevant input regions to coastal flooding. To address this limitation, we propose a method
for simulating extreme time series which have the same behaviour as the observed conditions
but are extrapolated towards high values.
This work is guided by the application presented in [3], focusing on the site of Gâvres in French
Brittany, the amplitude of coastal flooding induced by storms such as Johanna is estimated
using numerical models. Since such results are computationally intensive, a surrogate model
can be trained using selected forcing conditions from the computational domain and outputs
from numerical models.
We analyse the dynamics of the forcing conditions within this domain and use a database based
on the paper of [3]. This town being located in a macro-tidal area, we focus on meteoceanic
conditions occurring (+/-)3h around the high tide (with a fixed time step of 10 minutes).

Methodology We use the notation Xt
M to describe the value obtained at time t for the M th

tidal cycle. Our observations do not meet the standard assumptions of independence and regular
variations.
Construction of a probabilistic model The first step of our method detailed in [2] thus
consists in a “whitening” pre-processing of detrended winter time series X̃t

M . We impose a
minimal duration ∆ between each event and introduce an autoregressive model with residuals
εtM to account for the temporal dependence between tidal cycles while preserving the dependence
within each one of them. In a second step, after applying marginal transformations to the
residuals, we construct a probabilistic model within the framework of [1], which relies on a polar
coordinate representation [4].
Usage of the model for simulation We simulate extreme time series εsim by first sampling
from this representation and then applying inverse transformations to recover time series in the
original space. The final inversion of the autoregressive model depends on an initial time series
X̃M−∆, which can be selected to tune the desired level of extremes. In our case, because we aim
to generate realistic extreme simulations, X̃M−∆ is selected according to the level of ℓ(εsim).
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Numerical results We apply our method to the surge data and assess the quality of our
method by checking that simulations and extreme observations share common behaviours. First
of all, they should have shape similarities (Figure 1).

Figure 1: Comparing simulated time series and extreme observations. Left panel: simulated
sample of 100 extreme time series, right panel: sample of 100 extreme observations. The dotted
lines represent the 95% confidence bands

To further analyze the simulations, we apply principal component analysis (PCA) to the nor-
malized data X̃M/ℓ(X̃M ), as the simulations extrapolate the L2 norm of the observations. The
simulated time series exhibit behavior similar to that of the observed extremes, as their corre-
sponding PCA coordinates are close. Finally, we apply two-sample classification tests, to assess
whether a classifier can distinguish between observed and simulated time series. We show that
the simulations are consistent with the observations, as the value 50% often lies within the
confidence intervals for several classifiers.

Short biography (PhD student)

Former ENSAI student, I began to work on extreme functionals during an internship before
working on it as a PhD student. The objective is to enlarge the toolbox of simulation methods
in extreme time series and to use it in metamodelling for coastal flooding. The thesis is co-funded
by AI Interdisciplinary Institute ANITI and BRGM.

References

[1] C. Dombry and M. Ribatet. “Functional regular variations, Pareto processes and peaks over
threshold”. In: Statistics and its Interface 8.1 (2015), pp. 9–17.

[2] N. Gorse et al. “Simulation of extreme functionals in meteoceanic data: Application to
surge evolution over tidal cycles”. In: arXiv preprint arXiv:2508.13687 (2025).

[3] D. Idier et al. “Coastal flood: a composite method for past events characterisation providing
insights in past, present and future hazards—joining historical, statistical and modelling
approaches”. In: Natural Hazards 101.2 (2020), pp. 465–501.

[4] P. Kokoszka, S. Stoev, and Q. Xiong. “Principal components analysis of regularly varying
functions”. In: Bernoulli 25.4B (2019), pp. 3864–3882.

[5] J. Rohmer et al. “Partitioning the contributions of dependent offshore forcing conditions
in the probabilistic assessment of future coastal flooding”. In: Natural Hazards and Earth
System Sciences 22.10 (2022), pp. 3167–3182.

2



MASCOT-NUM 2026 April 1–3, Rennes, France

Maximin Designs on a Reproducing Kernel Hilbert Space

L.Calzolari†,1,3,4, C. Helbert§,2, M. Munoz Zuniga§,3, D. Sinoquet§,3, C. Prieur§,1,4

† PhD student (presenting author). § PhD supervisor

PhD expected duration: Nov.2024 – Nov. 2027

1 Univ. Grenoble Alpes, LJK,

{lorenzo.calzolari,clementine.prieur}@univ-grenoble-alpes.fr
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Abstract

Numerous advances have been made in the field of computer simulations that replace real life
experiments or time-consuming numerical models [1]. These methods involve learning a function
f : X → R that mimics the behaviour of a real-world phenomenon or a numerical model, using
an input/output dataset. This involves the choice of the input points at which to observe the
real-world phenomenon or evaluate the numerical model. This selection process is referred to
as the search of an Experimental Design. To the best of our knowledge, Design of Experiments
(DoEs) with functional inputs rely on a truncated basis expansion, which projects the entries
over a fixed subspace, as in [3]. In this framework, constructing an initial DoE consists in
selecting a set of coefficient vectors. As observed in [4] this introduces a bias in the choice of the
basis and a loss of information with the truncation. We propose two methods for finding Space
Filling Designs over a Reproducing Kernel Hilbert Space (RKHS) defined on a compact subset
of R, without any prior dimension reduction. These functional spaces are often used in the
resolution of PDEs or in approximation theory. Since this task amounts to covering an infinite
dimensional space with a finite amount of elements, we will focus on the case of subsets where
the norm of the functions in the DoE can be controlled, e.g. the unitary ball of the RKHS.

A distance based criterion Φfunc
p is proposed to ensure the functions are spread out over the

domain. This is based on a generalization of the Morris Criterion , often called maximin criterion,
introduced in [2]. Its optimization over the unitary ball of a RKHS Hk reads

minimize Φfunc
p :=

(∑
i<i′

d(fi, fi′)
−p

) 1
p

subject to ∥fi∥Hk
− 1 ≤ 0 i = 1, ..., n.

(P )

The uniqueness result by Moore-Aronszajn ensures that any function in Hk can be written as
a linear combination of kernel evaluations. The explicit dependence of this formulation on the
centers and on the coefficients is exploited for the resolution of (P ). To this end the Dynamic
Cloud Algorithm (DCA) is proposed for a RKHS with a stationary and smooth kernel, allowing
the use of gradient-based optimization procedures.
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An analytical study of (P ) is performed, from which necessary and sufficient conditions for
optimality over the unitary ball of Hk are derived. These amount to a system of equalities
on the norms and on the inner products among the functions of a DoE. These conditions are
exploited to create a quick-to-evaluate algorithm, in which no optimization routines are needed.

As in [4], stationary kernels can be extended to functional spaces like RKHSs, provided the
distance used is induced by the associated inner product. This allows the construction of Func-
tional Input Gaussian Processes (FIGPs). Experimental designs can then be studied through
the entropy of the trained FIGP. As shown in [1], in Gaussian process regression, the dedicated
DoEs of maximal entropy are the ones that maximise the determinant of the correlation matrix.
The entropies of FIPGs trained on 4 different functional DoE are compared: the first is produced
by our fast algorithm solving (P ), the second and third are produced by DCA for functions of
m = 1, 5 kernel evaluations and the fourth corresponds to a Karhunen-Loeve inspired dimension
reduction. With this measure, we show empirically as in Figure 1 that the one shot algorithm
outperforms both the optimization based method and the dimension reduction approach.

(a) Values of the determinant. (b) Percentages against the One Shot Algorithm.

Figure 1: Analysis of the determinant of the correlation function of a FIGP with Matern 5/2
covariance function, with inputs defined on a RKHS associated to the Gaussian kernel with
σ = 0.1, and a DoE of n = 20 functions over [0, 1].
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Abstract

In the context of industrial computational fluid dynamics (CFD), Uncertainty Quantification
(UQ) and optimization processes rely heavily on Reynolds-Averaged Navier-Stokes (RANS)
simulations. These simulations often involve numerous physical parameters determined experi-
mentally, leading to a classical uncertainty propagation problem. However, the computational
cost associated with high-fidelity CFD codes makes Monte Carlo-based approaches prohibitive
due to the sheer number of required evaluations. Consequently, the construction of surrogates,
or metamodels, has become an essential strategy to emulate the input-output relationship of
the solvers. Modeling full physical fields presents specific challenges: primarily the high dimen-
sionality of the discretization mesh (often millions of degrees of freedom) and the necessity to
adhere to fundamental physical constraints (e.g., conservation laws, boundary conditions). In
this work, we address the problem of constructing metamodels for vector-valued physical fields
subject to linear constraints, formulated as:

Q∑
k=1

αk(x)fk(x) = 0 (1)

where x denotes the input parameters, and {fk}Qk=1 are the Q components of the physical, each
mapping RD to a high-dimensional space RS corresponding to the mesh resolution S. While
the literature often combines Principal Component Analysis (PCA) for dimensionality reduction
with Gaussian Process (GP) regression [3], the optimal strategy for handling multiple coupled
fields under constraints remains an open question.

Dimensionality reduction strategies for vector fields: A core contribution of this work
is a detailed analysis of dimensionality reduction strategies for multi-component fields. When
dealing with Q physical fields, the application of PCA is not trivial [4]. We explore three distinct
architectures:

• Field-wise PCA: This approach computes a specific reduced basis for each physical com-
ponent independently. While it minimizes the reconstruction error for each field locally, it
generates distinct latent representations for components that are physically coupled. This
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Figure 1: CFD test case. An exemple of fields predicted by our model (left) in comparison to simulated
fields (middle) and the Spatial Relative Squared Error (SRSE) (right). From top to bottom, the first
and second component of Reynolds stress tensor (τ11, τ22) , and the turbulent kinetic energy k.

results in a disjointed latent space where the physical correlation between fields is difficult
to capture.

• Column-wise PCA: This strategy enforces a single common latent representation (coeffi-
cients) across all fields. Its optimality is strictly conditional on the correlation between
the latent coefficients of the fields when projected onto their own eigenbases.

• Row-wise PCA: Here, we construct a common basis by concatenating the fields. We
demonstrate that this approach offers a critical advantage for our problem: it allows for
the preservation of linear constraints within the latent space itself. Although it may theo-
retically yield a sub-optimal reconstruction error compared to the field-wise approach (as
it seeks a compromise basis for all fields), it solves the interpretability issue by project-
ing all physical fields in an unique basis. We show that the optimality of the Row-wise
approach is dependent on the correlation of the eigenvectors across all fields.

Constraint handling and proposed framework : Ensuring physical validity in predictions
is crucial. A naive approach to handling summation constraints—when data is noise-free—is to
project the data onto the constraint hyperplane. For instance, one could model Q− 1 fields and
deduce the final component via the constraint equation. However, we argue that this introduces
a significant selection bias depending on which field is chosen as the dependent variable. To
overcome this limitation, we propose a bias-free framework that uses all available data. Our
method combines:

• Row-wise PCA for dimensionality reduction, which, as discussed, provides an interpretable
common basis that respects the linear structure of the constraints.

• Constrained Multi-Output Gaussian Process (MOGP) Regression where instead of pro-
jecting data, we enforce the constraint probabilistically by embedding the linear operator
directly into the multi-output GP prior via a parameterized covariance kernel [2]. This
guarantees that posterior samples satisfy the linear constraint (1) exactly, while capturing
inter-output correlations beyond the constraint.

We validate this framework on a case study involving the prediction of the turbulent Reynolds
stress tensor for an incompressible fluid flow in a diffuser [1]. The physical validity of the
predicted tensor field is governed by the incompressibility condition (trace constraint), expressed
as:

τ11 + τ22 − k = 0

where k represents the turbulent kinetic energy. We benchmark our proposed Row-wise PCA
+ Constrained MOGP approach against standard projection-based methods and unconstrained
baselines. The results demonstrate that our method not only strictly satisfies the physical con-
straints but also eliminates selection bias, yielding robust predictions with physically meaningful
uncertainty quantification.
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Abstract

Many numerical models in mechanics and engineering involve inputs that are described as curves
or fields, such as loading histories, operating profiles, or spatially distributed boundary conditions
(see an example in Figure 1 for a force-displacement driver considered in a riveting process [6]).
Within the functional data analysis framework, such quantities are modeled as elements of infinite-
dimensional function spaces, which allows their intrinsic structure and variability to be preserved
rather than reduced to finite-dimensional vectors [4]. Gaussian process (GPs) regression then
provides a natural probabilistic surrogate modeling framework for such settings, enabling flexible
nonparametric prediction together with principled uncertainty quantification [5].

Recent studies have demonstrated the effectiveness of GP based surrogates for models driven by
functional covariates [2, 3, 7]. However, most existing approaches focus on single-task settings
and do not explicitly account for dependencies between multiple responses. Empirical correlation
analyses between tasks may reveal strong dependencies, including both positive and negative cor-
relations, which will be inherently ignored by independent GPs. This limitation motivates the
construction of multitask formulations designed to jointly model correlated responses [1].

In this contribution, we propose a multitask GP surrogate model tailored to functional covariates,
based on a separable covariance structure across three complementary dimensions: the functional
description of the inputs, scalar variables, and tasks. This construction enables inter-task cor-
relations to be explicitly modeled while retaining an interpretable structure. From a computa-
tional perspective, the resulting covariance operator admits a Kronecker product representation
for tensor-structured data, which can be efficiently exploited through structured tensor algebra for
exact inference and prediction, even in the presence of high-dimensional functional data.

Our framework is assessed on a realistic riveting process application involving inputs and outputs
representing force-displacement curves. For the latter application, Figure 1 shows the predictive
envelopes obtained by our framework, and the estimated inter-task correlation matrix. Accord-
ing to our experiments, the multitask formulation consistently improves predictive accuracy and
uncertainty calibration compared to independent GPs models, highlighting the benefits of jointly
modeling correlated responses in complex numerical simulations.
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Figure 1: Riveting process application involving
three functional covariates F = (f1(u), f2(u), f3(u))
and four functional responses ys(F , u), s = 1, ..., 4.
Both inputs and outputs represent force-displacement
curves. The panels show: (top left) samples of f1(u),
(top right) the 95% empirical envelope of the true sim-
ulator responses (orange) and the 95% predictive en-
velope provided by the multitask GP (blue and gray)
for tasks (y1(F , u), y4(F , u)), and (bottom) the esti-
mated inter-task correlation matrix.
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Abstract

In computer experiments, numerical codes M aim to simulate physical phenomena as accurately
as possible. However, most of the time, those high-fidelity simulation tools are time consuming,
preventing their intensive use for an in-depth understanding of the simulated phenomena. To
overcome this, the simulator is replaced by a surrogate model, also called a metamodel. A pop-
ular method for modeling expensive computer experiment is the Gaussian Process Regression
(GPR). As emphasised in [5] and [2], this non-parametric method is particularly well suited
thanks to its flexibility and the natural uncertainty quantification in its predictions, which is
essential for decision-making in safety-critical domains such as nuclear engineering or environ-
mental risk assessment as explained in [7] and [3]. A GPR model is fully specified by its prior
mean function—taken as zero here—and its covariance kernel kθ(·, ·), whose hyperparameters
(HPs) θ are estimated from the data, usually using Maximum Likelihood (ML) estimation. In
most applications, kθ(·, ·) is assumed to be stationary, meaning that it only depends on the
difference between two input locations, not on their absolute positions. Assuming such station-
ary covariance may be inappropriate when the numerical model exhibits distinct behaviours
across different regions of the input space. This situation arises in some thermal-hydraulic
transients studied in reactor safety. One notable example is reactivity insertion accidents occur-
ring in pool-type research reactors, where non-stationarity is suspected. Appropriate covariance
kernels, whose structure depends on absolute input locations rather than solely on relative dif-
ferences, should then be used, leading to complex non-stationary GPR models, as emphasised
in [6].

Before resorting to such advanced methods, it is important to assess whether non-stationarity
is actually present. Its detection may rely on expert judgement or be suggested by descriptive
statistics of the output variable. More commonly, it is inferred from diagnostics applied to an
initially fitted stationary GPR model, following the approach described in [1], which helps to
assess whether the stationary assumption is adequate. In this framework, our contribution is
a new statistical test designed to assess whether the assumed covariance structure is adequate
for a given GPR problem, in a setting where the hyperparameters are neither known nor fixed.
Only a parametric family for the kernel is specified, and the test explicitly accounts for the
uncertainty induced by hyperparameter estimation. This provides a framework for GPR model
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validation and new insights for detecting non-stationarity. In particular, if a broad class of
stationary kernels is rejected, this strongly suggests the presence of non-stationarity in the data.

For a given GPR problem with learning sample Bl = (Xl,Yl), where Xl ∈ Mnl,d(R) is the
experimental design matrix and Yl ∈ Rnl contains the corresponding scalar outputs of M, the
competing hypotheses about the data are:

H0 : ∃θ, M | Bl ∼ GP(m̄θ(·), k̄θ(·, ·)) vs H1 : ∀θ, M | Bl �∼ GP(m̄θ(·), k̄θ(·, ·))

with m̄θ(·) the posterior mean and k̄θ(·, ·) the posterior covariance.

We consider two test statistics T that are representative of H0. The predictivity coefficient
Q2, computed from the posterior mean, quantifies the proportion of variance in the observed
data that is explained by the model. The coverage criterion IAE, computed from the whole
predictive distribution, measures the overall average L1 error of the predictive interval coverage
rates. Q2 and IAE are evaluated on a validation set Bv = (Xv,Yv) of size nv, distinct from
Bl. Both T -based tests are designed to assess whether the observed T is consistent with the
values it would take under the tested model. The bilateral Q2-based test assesses whether the
model’s predictive performance is significantly better or worse than expected, while the right-
sided IAE-based test evaluates whether the predictive variance provides as reliable confidence
intervals as expected. For a significance level α ∈ [0, 1] and each test statistic T (either Q2 or
IAE), the following Algorithm 1 is applied to a learning sample Bl, a validation sample Bv, and
a given parametric covariance kθ(·, ·):

Algorithm 1 New procedure to detect misspecification of a covariance kernel

Step 1: Model training on Bl using ML estimation
1. Estimate θ̂ by maximising the likelihood induced by the prior GP(0, kθ(·, ·)) on the

learning sample Bl

2. Condition the GP(0, kθ̂(·, ·)) on Bl using θ̂ to obtain the predictive distribution
3. Compute the observed test statistic Tobs on the validation set Bv

Step 2: Parametric bootstrap to approximate the distribution of θ̂ under H0

1. Generate nθ virtual observations sets
(
Y

(i)
lvirt

)
i∈J1,nθK at Xl from the prior

GP
(
0, kθ̂(·, ·)

)
2. For each i, estimate HPs θ̂i,virt with ML on virtual learning set B

(i)
lvirt

= (Xl,Y
(i)
lvirt

)
Step 3: Simulation-based approximation of the H0 distribution of T

1. For each i ∈ J1, nθK:
1) Generate new virtual observations (Ylvirt ,Yvvirt

) at (Xl,Xv) from the prior
GP(0, kθ̂i,virt

(·, ·))
2) Estimate θ̃i,virt with ML on virtual learning sample Blvirt = (Xl,Ylvirt)

3) Condition the GP(0, kθ̃i,virt
(·, ·)) on Blvirt = (Xl,Yvvirt

) using θ̃i,virt to obtain the

predictive distribution
4) Compute T on Bvvirt

= (Xv,Yvvirt
)

2. Compute the rejection region at level α from the empirical distribution of T (using
empirical quantiles)

Step 4: Final decision of the test
Compare the Tobs with the level-α rejection zone

Across all significance levels α, the bilateral Q2-based test appears poorly calibrated: it fails to
reject H0 as often as the predefined level α. In contrast, the right-sided IAE-based test shows
correct calibration across all significance levels, with rejection frequencies consistent with the
expected behaviour under H0. Nevertheless, to remain consistent with the usual framework
of GPR model validation based on both the posterior mean and variance, those criteria are
combined into a multiple testing procedure using a Bonferroni correction [4], allowing the control
of the final significance level α by an upper bound.
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As this procedure yielded encouraging results to detect the misspecification of the covariance
kernel on various numerical examples, it is applied to a reactivity insertion use case involving 3
uncertain inputs, with nl = 275 and nv = 45. Resulting p-values, for each T-based test, together
with corresponding final test decisions for α = 5%, are reported in Table 1:

Kernel
p-value Q2 p-value IAE Final decision of the Bonferroni correction

1
2 -Matérn 0.955 0.000 Rejected
3
2 -Matérn 0.052 0.006 Rejected
5
2 -Matérn 0.000 0.100 Rejected

Table 1: Statistical tests results for the reactivity insertion use case

The proposed test procedure rejected all three stationary kernels, providing strong evidence
of non-stationarity in the data. This result is consistent with prior expert assessments and
highlights the need to fit an appropriate non-stationary surrogate model.
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Abstract

The reliability assessment of a critical industrial system (such as electricity power plant) is based
on an analysis of uncertainties and, ultimately, on the estimation of a risk measure characterizing
the risk of a system failure. This estimate can be obtained using a numerical simulator that mod-
els the behavior of the system in its environment. The risk measures generally used correspond
to failure probabilities or high-order quantiles of the ouput Y of the simulator. Nevertheless, a
wider range of risk measures may be considered in practice. For example, the superquantile [3]
and the buffered failure probability [1] are quantities used in risk quantification in finance, and
may also be relevant in engineering, partly due to their many interesting theoretical properties.

The risk measures can be classified into two different categories: Y -homogeneous risk measures,
that have the same unit of measure as the output Y , and [0, 1]-homogeneous risk measures,
that are homogeneous to a probability, i.e., valued in [0, 1]. The quantile and the superquantile
are Y -homogeneous risk measures, whereas the failure and buffered failure probabilities are
[0, 1]-homogenous risk measures. A connection can be made between these two categories: the
quantile is associated to the failure probability, and the superquantile to the buffered failure
probability. More precisely, guaranteeing that a Y -homogeneous risk measure is below some
threshold is equivalent to guaranteeing that the associated [0, 1]-homogeneous risk measure is
below some acceptable risk [4].

A general formalism for decision-making based on risk measure estimation is proposed in [4].
This formalism allows to guarantee, with some confidence level, that a risk measure is below
a given threshold. When used on the failure probability, this framework is similar as the one
developped in [2]. It gives a criterion to guarantee that the failure probability is below some
acceptable risk. It is equivalent to a decision criterion made on the Wilks estimator of the
quantile [5]. If we further assume that output Y is bounded, then the framework can be used on
the superquantile, giving the guarantee that the superquantile is below a given safety threshold,
or equivalently that the buffered failure probability is small enough.

The main interest of such a framework is the non-asymptotical statistical guarantee. However,
there is a critical sample size that must be reached to obtain a relevant criterion. For classical
Monte-Carlo estimators and when the acceptable risk is close to zero, this critical sample size
may be prohibitive. The usage of more advanced estimators, with reduced variance in the rare
event case, is therefore studied in this decision-making framework.
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Abstract

For real-time monitoring, such as digital twins, we want to predict a system behavior on the
fly. We therefore need a low complexity model as accurate as possible. Assuming availability
of spatially sparse measurements, we can enhance these observations with a priori knowledge
on the system. It leads to a two step approach involving a stochastic Reduced-Order Model
(sROM) [4] and data assimilation [3]. The sROM learns a priori knowledge from high-fidelity
simulations and physics equations through a low dimensional model. One can see it either as a
generative model or as a predictor including uncertainty quantification. The data assimilation
step combines the sROM prediction with the accessible measurements.

In this work, we focus on the hyperreduction part of the sROM. The core of the sROM is the
dimensionality reduction that we perform with POD-Galerkin, where POD stands for Proper
Orthogonal Decomposition. It mainly consists of projecting linearly the physics partial differ-
ential equation onto a linear reduced basis built through PCA (POD). However, there is no
complexity reduction when applying this method directly to nonlinear terms of the original
physical equation. Hyperreduction comes into play to preserve dimensionality reduction when
projecting nonlinear terms.

There are two main types of hyperreduction method, referred to as the Discrete Empirical In-
terpolation Method (DEIM) [1] and Empirical Cubature [2]. Both methods are approximations,
so neither gives an exact projection. The modeling of their errors to enhance the uncertainty
quantification in the sROM is the main point of the presentation. We focus on DEIM, which
interpolates the nonlinear terms from few local evaluations before projecting onto the PCA
modes.

We show that the DEIM method is similar to Gaussian process regression (kriging) with a
covariance built from an additional PCA learned on a training set of the nonlinear terms. This
PCA suits well reduced models, also built from a training data set of high fidelity simulations.
Similitude between DEIM and kriging is particularly helpful to quantify the hyperreduction
uncertainty. It includes contributions from the PCA truncation and Bayesian quadrature. This
second contribution results from the projection of the kriging approximation onto the PCA
modes.

We apply this methodology in the context of 3D unsteady turbulent fluid dynamics. The fields
are statistically non-stationary in both space and time. Results focus on time extrapolation of
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the nonlinear terms inside the sROM. Quality of the deterministic hyperreduction prediction
and its associated confidence interval are assessed.

(a) Reference high dimensional field (b) Kriging conditional mean approximation with
16 PCA modes and 16 observation points

Figure 1: Iso-surfaces of the target nonlinear term at a given time step.
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Abstract

We propose a preferential sampling framework for the efficient estimation and analysis of Sobol’
indices [6, 5]. Let X = (X1, . . . , Xd) be a random input vector with independent components
and density p, and let f : Rd → R be a model such that f(X) ∈ L2. In the classical setting,
first-order Sobol’ indices satisfy

Si =
Var(E[f(X) | Xi])

Var(f(X))
=

ηi − E[f(X)]2

Var(f(X))
, ηi := E

[
mi(Xi)

2
]
, mi(xi) = E

[
f(X) | Xi = xi

]
,

so that the conditional second-moment ηi is the key quantity to estimate and typically the main
source of statistical difficulty. Efficient estimators and asymptotic efficiency results for Sobol’
indices motivate focusing on ηi [7, 2, 4].

We show that ηi, originally defined under the reference distribution p, can be estimated from
samples drawn under an auxiliary density q by reweighting model outputs, in the spirit of
importance sampling [3]. For a factorized proposal q(x) = qi(xi) q−i(x−i | xi), define

Zi =

√
pi(Xi)

qi(Xi)

p−i(X−i)

q−i(X−i | Xi)
f(X), X ∼ q,

which yields the identity

ηi = Eqi

[(
Eq−i(·|Xi)[Zi | Xi]

)2]
.

This representation provides importance sampling estimators of ηi and enables a direct analysis
of their asymptotic variance. We derive an optimal joint sampling distribution minimizing the
asymptotic variance of efficient estimators and show that, when f ≥ 0, there exists q⋆ such that
the optimal variance vanishes [1], with

q⋆(x) ∝ p(x) f(x)mi(xi).

This characterization clarifies how preferential sampling should concentrate on influential regions
of the input space.
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Pseudo-Bayesian viewpoint and harmonic-mean estimation. When f ≥ 0, the optimal
marginal density admits the pseudo-Bayesian form

q⋆i (xi)︸ ︷︷ ︸
posterior

∝ pi(xi)︸ ︷︷ ︸
prior

× mi(xi)
2︸ ︷︷ ︸

pseudo-likelihood

, ηi︸︷︷︸
evidence

=

∫
pi(xi)mi(xi)

2 dxi.

Hence, the quantity ηi appears as a normalizing constant (marginal likelihood). For any density
φ such that

∫
φ(xi) dxi = 1,

ρi = Eq⋆i

[
φ(Xi)

pi(Xi)mi(Xi)2

]
=

1

ηi
.

Moreover,

Varq⋆i

(
φ(Xi)

pi(Xi)mi(Xi)2

)
= 0 iff φ = q⋆i ,

highlighting the optimality of the target density itself.

This interpretation turns the estimation of ηi into a marginal-likelihood problem and enables
the use of standard Bayesian evidence techniques. Crucially, once an approximation of q⋆i is
learned (e.g. via MCMC or related methods), ηi can be estimated directly from the generated
samples without requiring additional evaluations of the expensive model f , in contrast to classical
importance sampling schemes that necessitate new runs under q⋆. This significantly reduces the
overall computational cost while preserving variance reduction properties.
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Abstract

Sampling from an un-normalized density is a fundamental problem in computational statistics,
with applications in Bayesian inference and statistical physics. Such problems are usually tackled
with Markov Chain Monte Carlo (MCMC) methods, which, to some extent, can be extended
to Riemannian manifolds [4]. There are several reasons to consider sampling on Riemannian
manifolds. The state-space might naturally have a manifold structure, e.g. the Grassmann
manifold in shape analysis. Constraints might also naturally be expressed as a manifold, e.g.,
the spherical Ising model. Finally, when sampling a Bayesian posterior, the Fischer metric
provides a natural geometry to the parameter space.

Regardless of the latent geometry, MCMC methods often struggle with multi-modal distribu-
tions, as mode-trapping results in poor mixing properties. Recent works proposes adapting
stochastic interpolants - at the core of several gnerative models such as diffusion and flow-
matching - to these sampling problems [5]. The core idea is to replace the initial problem with
several intermediary, easier sampling sub-problems, for which MCMC methods are efficient.

In my first PhD year I worked on a generalization of this apporach to Riemannian manifolds [3].
Instead of the diffusion-based interpolations used in the Euclidean case, we used deterministic
interpolations, inspired by recent works on Riemannian flow-matching [2].

The setting is the following: given the target distribution π1, the interpolant is

Xt = ExpX0

(
(1− t) LogX1

(X0)
)
, t ∈ [0, 1], (1)

the geodesic interpolation between X0 ∼ π0 and X1 ∼ π1, where π0 is a simple distribution,
e.g., uniform if M is compact. We define a Markov projection, solution of an ODE driven by
the vector field ut(Xt) = E[Ẋt|Xt], whose time-marginal densities (pt)t∈[0,1] are the same as
the intractable interpolant X. This process can be simulated using sequential Monte-Carlo
estimation of u. This requires (a) an explicit expression of the conditional densities p1|t, which
we derived for a large class of manifolds, and (b) efficient sampling of these densities.

We have illustrated this approach for several bi-modal distributions defined on the d-sphere and
the Grassmann manifold, where our algorithm outperforms a naive method when using the same
overall number of MCMC steps. The main drawback of this approach is the high dependency
on the hyperparameter t0, the starting time of the interpolation. Numerical results suggest the
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Figure 1: Performances of our algorithm (solid blue line) and MALA (dashed blue line) instances
for a bi-modal Gaussian targets on the Grassmann manifold Gr(8, 3), as a function of t0, in low
mode separation regime (left) and high mode separation regime (right).

existence of an optimal t0, for which high-quality samples are obtained. However, tuning this
hyperparameter is still an open problem, partially adressed in [5, 3].

Since February 2026, I have started working on a concrete sampling problem. Positron emission
tomography is a medical imaging technique which involves a difficult Poisson inverse problem,
with a non-trivial Fisher metric. Most existing methods for this problem rely on optimisation,
and typically do not include any uncertainty quantification. If sampling methods proved efficient,
it would open the door to uncertainty quantification in this context, which can be crucial for
medical applications. Riemannian sampling methods that leverage the Fisher metric are a
natural approach. First, one needs a prior distribution, which is not straightforward in this
context, as PET samples are not alike natural images. A prior could be learned from data using
Poisson diffusion models [1], that could fit with the non-Gaussian nature of the distribution.
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Abstract

The analysis of complex input/output systems has received growing attention in the last decades.
Two key challenges are the construction of surrogate models to approximate expensive compu-
tational codes, and the computation of Sobol indices to quantify the influence of input variables.
Among the various approaches to address these tasks, sparse regression polynomial chaos expan-
sions are a well-established and cost-efficient tool. They rely on representing the model in bases
of polynomials which are orthogonal with respect to the distribution of the input parameters.

In this work we propose to use weighted Poincaré chaos expansions, where polynomial bases are
replaced by the so-called Poincaré bases. Each one of these bases consists of eigenfunctions of
a differential operator involving a non-negative function w, that we call a weight, as diffusion
constant. A key advantage of using Poincaré bases is that they are uniquely characterized by
the property that differentiating the basis functions yield another orthogonal basis, as we show
by generalizing the classical case (with w ≡ 1) addressed in [3]. This structural property allows
one to use the derivatives of the model, when available, as additional information to improve
the accuracy of surrogate models and Sobol indices estimators.

Our work presents two significant contributions with respect to the existing literature [3, 4]:
it incorporates gradient information into the construction of surrogate models and extends the
classical Poincaré chaos framework (with w ≡ 1) to non-constant weights w. The introduction
of a weight provides an additional degree of freedom to enhance the accuracy of the surrogate
models and Sobol indices estimators. In [2] we have develop guidelines for choosing it. In
our analysis, the weight w is chosen to ensure that the first non-null eigenfunction e1, which
is inherently monotonic, coincides with any prescribed monotonic function. In particular this
allows us to:

• consider the classical weight wlin for which the eigenfunction e1 is linear (also called the
Stein kernel), which is therefore well suited to models with linear trends. This choice yields
as eigenfunctions the three classical families of orthogonal polynomials: Hermite, Laguerre
and Jacobi, associated to the normal, gamma and beta distributions, respectively. As such,
gradient-enhanced surrogate modelling using these bases has already been developed for
models involving these canonical measures (see e.g. [1]). Our approach makes it possible
to deal with more general probability distributions;

1
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• consider data-driven weights constructed from monotonic estimators of the so-called main
effects, which capture the model’s behavior with respect to each individual variable. The
performance of such weights was tested in the context of Poincaré-inequalitiy-based upper
bounds of total Sobol indices, a method essentially relying only on the eigenfunction e1.
By using chaos decomposition we involve the whole family of eigenfunctions.

We apply the proposed methodology to a simplified flood-dyke model, with non-standard input
distributions such as truncated Gumbel, truncated normal, triangular. We present numerical
results obtained using the classical Poincaré chaos, where w ≡ 1, as well as those obtained using
the Stein kernel wlin. These are shown in Figure 1, illustrating the L2 error between the true
model and the constructed surrogate models, and estimations of total Sobol indices. All the
results are computed using either model evaluations only (der-free) or a combination of model
and gradient evaluations (der-based). We observe that the best performance is achieved when
gradient information is included and when we use the bases associated to the weight wlin.
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(a) L2 error
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(b) Total Sobol indices of the four most influential vari-
ables Q, Ks, Zv and Hd.

Figure 1: Results for the annual maintenance cost of a dyke.
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Abstract

In this presentation, we will address the following question:

How can we construct a predictor under functional constraints?

Classical methodologies for constructing predictors from observational data are well established;
however, they generally neglect prior structural information about the underlying function.
Our goal is to incorporate such knowledge by requiring that the predictor f̂ belongs to some
constraint functional space F .

More precisely, when X denotes the input space and R the output space, we focus on two specific
families of constrained functions:

1. Monotone functions. Given a partially ordered space (X ,⪯), a function f : X → R is
called monotone whenever

a ⪯ b ⇒ f(a) ≤ f(b).

2. Equalizing maps. Given two probability measures P and Q on X , a map f is said to
equalize P and Q if their pushforward by f coincide: f♯P = f♯Q, where for any probability
measure µ, the pushforward of µ by f denoted f♯µ is defined by f♯µ(B) = µ

(
f−1(B)

)
for

every Borel set B ⊂ R.

These constraints arise in different contexts. Monotonicity constraints are typically motivated
by physical considerations, where the output is known to evolve monotonically with respect to
certain variables. Equalization constraints, instead, are rooted in fairness concerns in machine
learning. Given a binary protected attribute S ∈ {0, 1} (such as gender or race) and random
variables X and S defined on a probability space (Ω,Σ,P), one may require statistical parity,

that is, asking the outup to be independent of the protected attribute: f̂(X,S) ⊥⊥ S that can

be framed as f̂ equalizing L(X | S = 0) and L(X | S = 1).

Our presentation will discuss two tools we used to integrate structural information in the con-
struction of a predictor. First relies on the theory of Gaussian Processes while the second on
convex analysis methods.
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Gaussian Process (GP) Predictors. To construct predictors f̂ that satisfy functional con-
straints, we rely on GP models and incorporate the constraint directly into the conditioning of
the process. Given observational data {(x1, y1), . . . , (xn, yn)} ⊂ X × R, a functional constraint
F , and a GP {W (x) : x ∈ X}, we aim to construct

ŴF :=
(
W | W (xi) = yi + ϵi, i = 1, . . . , n, W ∈ F

)
,

where (ϵi) are i.i.d. centered Gaussian variables independent ofW . We will detail approximation
strategies for these conditional laws and how to derive predictors from them. In the case of
monotonicity constraints, we present the work of [3], extending and generalizing approaches in
[1]. For statistical parity constraints, we rely on a recent characterization [2], noting that this
constraint is fundamentally non-convex, unlike the monotone case. To the best of our knowledge,
we propose the first construction of “GP predictors” satisfying statistical parity constraint.

Convex-Analytic View on Monotone Predictors. Let F denote the space of continuous
monotone functions on X . The set F is a convex cone in C(X ), the Banach space of continuous
real-valued functions on X . Denote I := {f ∈ C(X ) : f(xi) = yi, i = 1, . . . , n} the affine
subspace of interpolating functions, and let Ω be an integral convex regularizer [4]. A valid

predictor f̂n that incorporates both observational constraints monotonicity constraint is defined
as the solution of the convex optimization problem

min
f∈C(X )

Ω(f) + χF∩I(f), (⋆)

where χA denotes the indicator function of a set A, equal to 0 on A and +∞ otherwise.

(⋆) can be interpreted as the minimization of Ω over the feasible set F ∩ I. The Rockafellar–
Fenchel duality Theorem, together with characterization of the subdifferential of the Legendre-
Fenchel transform of Ω [4], allows to construct the minimizer of (⋆) from the maximizer of the
associated dual problem. This dual formulation highlights the importance of characterizing the
dual of the cone of monotone functions:

F⋆ := {µ ∈ R(X ) :

∫
X
f dµ ≤ 0, for all f ∈ C(X )}.

The result we will briefly demonstrate is the following equivalence:

µ ∈ F⋆ ⇐⇒ µ(S) ≤ 0 for all monotone sets S ⊂ X ,

where a set S is called monotone whenever it satisfies x ∈ S and x ⪯ y imply y ∈ S.

Short biography Mathis Deronzier did his master degree at Mines de Saint-Étienne and
achieved the agrégation in 2022. He started his thesis at the IMT april 11 2023 thanks to the
ANR GAP grant and will defend his PhD thesis between april and june 2026.
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Abstract

Estimating conservative quantiles, specifically A- and B-basis values, is essential for robust
aerospace certification. These statistical tolerance bounds are defined at a 95% confidence level,
where the A-basis represents the 1st percentile ensuring that at least 99% of the population ex-
ceeds the threshold, and the B-basis represents the 10th percentile guaranteeing 90% population
coverage. While traditionally established through extensive physical testing campaigns [1], the
ongoing research now investigates how to estimate these values directly from stochastic numer-
ical models within a mixed aleatory and epistemic uncertainty while being complaint with the
current means of compliance (analysis supported by tests). This work estimates these quantiles
within a mixed aleatory-epistemic framework mirroring the multi-scale aerospace certification
pyramid using stochastic numerical models. We explicitly model epistemic uncertainties at each
level: probabilistic model identification from limited test data [2], surrogate modeling approxi-
mation error [3], and statistical estimation uncertainty arising from finite computational budgets
[2].

We propose a probabilistic framework for estimating these confidence bounds, where all epis-
temic uncertainties are modeled as random variables. The method leverages variance reduction
techniques, specifically importance sampling and control variates [4], to obtain accurate quantile
estimates. A key advantage of this strategy is that it uses the surrogate model strictly as a vari-
ance reduction tool, thereby preserving the unbiasedness of the quantile estimator regardless
of the surrogate’s fidelity. Furthermore, the framework enables sensitivity analysis based on
Sobol indices at no extra computational cost, identifying whether physical testing or numerical
simulation contributes most to the variance of the quantile estimator.

To illustrate the method’s industrial applicability, we apply the framework to a critical interface
of the main deck cargo door of a commercial aircraft, aiming to estimate the B-basis of
internal transmitted loads (denoted ϕ) subject to 28 uncertain geometric gaps (in a similar
approach than one described in [5]). Figure 1 presents results for a scenario defined by three
specific data budgets: Ntest = 600 physical test (used for probabilistic input identification),
NDoE = 350 numerical training points (used to build the surrogate model), and Nsim =
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Figure 1: Left: histogram of the estimated quantile and the corresponding B-basis; Right: first-order
and total Sobol indices for all sources of epistemic uncertainty.

649 simulation samples (used for the Monte Carlo estimator). The left panel displays the
probability density of ϕ overlaid with the histogram of the quantile estimator q̂α (N = 1000
quantile estimations) obtained via our framework. The resulting B-basis value is the upper
95% confidence bound. The right panel displays the Sobol sensitivity analysis quantifying the
impact of epistemic uncertainties on the variance of q̂α. The Sobol indices decompose the total
variance into contributions from Monte Carlo sampling (X̃), input identification uncertainty

(X̃obs), and surrogate modeling error (Mn). This diagnosis reveals that, in this high-fidelity
scenario, the uncertainty is driven by complex interactions between sampling and model fidelity,
thereby guiding the engineer to efficiently balance numerical resources against physical testing.
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Abstract

In medical research, data scarcity and missing information are prevalent, posing significant
challenges for statistical analysis. These issues often stem from the high cost of collecting
comprehensive patient datasets, the complexity of measuring specific variables, privacy concerns,
or varying levels of patient adherence.

This work addresses these challenges by developing statistical methods for data imputation and
synthetic data generation using mixtures of distributions. Our motivation originates from a case
study at the University Hospital of Bern, for which we have made the data publicly available [3].
The goal was to predict the 10-year risk of cardiovascular disease when some clinical inputs of
the risk calculator were systematically missing. Our method involved probabilistically imputing
the missing variables and propagating the resulting uncertainty into the risk calculator.

Formally, the aim of systematic imputation is to sample from the conditional distribution of
a random vector Y ∈ Rq given observations of X ∈ Rp, based on existing samples of (X,Y).
We propose a generative approach which consists in estimating the joint density f(x,y) using a
parametric probability density function and sampling from the conditional distribution f(y|x)
through analytical formulas.

For this purpose, our work [1] introduces families of multivariate distributions stable by condi-
tioning, including multivariate Gaussian, Student t, and skew normal distributions, but exclud-
ing, for example, multivariate q-Exponential distributions. We demonstrate that stability by
conditioning of a family of trans-dimensional probability distributions can be extended to finite
mixtures and marginal transformations.

This extends the applicability of analytical conditioning across a broader range of multivariate
distributions. We developed an algorithm for conditional sampling using implicit copulas and
latent spaces (see Figure 1).

While our initial study used Gaussian copulas [5], more complex dependence structures like the
Gaussian Mixture copula model (GMCM) were employed to capture multi-modalities and tail
dependencies in our latest work [1].

These generative approaches, based on copulas, can be applied for synthetic tabular data gener-
ation. They produce realistic synthetic data points and are competitive with machine learning
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Figure 1: Workflow of the conditioning algorithm on a 2-dimensional example.

methods in moderate dimensions [2]. Evaluating data quality is crucial, yet there’s no consen-
sus on the best metrics. Therefore, we utilized a variety of existing metrics and introduced
additional ones tailored to assess the statistical utility and privacy specific to our problem.

Finally, addressing complex scenarios where single generators fail to capture multi-modalities,
we developed an iterative procedure inspired by the Expectation–Maximization framework to
combine mixtures of diverse generators, each specializing in different data space regions [4].
We showed empirically that our approach produces high-quality synthetic data and we provide
theoretical guarantees by establishing convergence rates of the mixture distribution.
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Abstract

Probability measure-valued data interpolation plays an important role in many applications.
It arises for example in fluid mechanics to analyse the dynamics of complex phenomena or
in image processing for histogram interpolation. The key ingredient is a reformulation of the
problem in the optimal transport framework [6]. Several works such as [3] have also exploited the
connection between interpolation and optimal transport for smooth interpolation of probability
distributions. This type of approach is particularly motivated by the analysis of computationally
expensive simulation codes, where building accurate surrogate models is essential to enable
detailed studies of complex physical systems.

In this context, Kriging [4] is a popular approach to perform smooth interpolation of spatially
correlated processes. It is widely employed in various disciplines such as environment monitoring
or natural resources evaluation but also in industrial applications involving complex computer
code simulations. A specificity of Kriging is to allow estimating the spatial correlation via the
so-called correlation function or semivariogram before its integration in the construction of a
predictor. However, in its original formulation, Kriging is restricted to real-valued processes.
To tackle the prediction of probability measures we propose a Kriging approach in the optimal
transport framework [2].

By interpreting the Kriging predictor [4] as a barycenter of the observations, we generalize it to
probability measures using the Wasserstein distance, a standard metric from optimal transport
theory. In the one-dimensional case, this distance admits an explicit formulation in terms of
quantile functions, which allows us to derive a new Kriging estimator acting directly on quantiles.

Beyond this methodological extension, we address the practical issue of sparse observations,
which is common when dealing with expensive numerical simulations. We introduce a leave-
one-out cross-validation strategy to estimate the spatial dependence structure, adapting the
virtual cross-validation formulas from the classical Kriging setting [1] to the case of quantile-
based Kriging.
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Finally, we illustrate the proposed approach on a nuclear safety application, focusing on the pre-
diction of probability measures associated with simulated temperature in a reactor core during
a loss-of-coolant accident. Preliminary results demonstrate a clear improvement in predictive
accuracy compared to more traditional methods based on temperature maps, particularly for
high quantiles, which are critical quantities of interest in nuclear safety analysis.

This work is presented in detail in the following preprint [5].
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Abstract

Global Sensitivity Analysis (GSA) is widely used to understand and improve physical models in
industry and environmental sciences by quantifying how uncertain inputs drive the variability
of a quantity of interest. In the classical setting, one considers a computational model Y =
f(X) where X = (X1, . . . , Xd) are the inputs, and aims at ranking the components of X
according to their influence on the output variability. Variance-based sensitivity measures, in
particular Sobol’ indices, are popular because they provide an interpretable variance attribution;
for instance, the first-order Sobol’ index of Xi can be written as Si = Var(E[Y |Xi])

Var(Y ) , while the

total-e!ect index S→
i = 1→S→i accounts for all e!ects involving Xi, including interaction terms.

Such indices are standard tools for GSA [2]. Despite their interpretability, accurate Sobol’ index
estimation often requires numerous calls to the expensive computer code f , which is prohibitive
when a single run may take several dozen hours. A standard approach is to replace f by a
surrogate model f̂ (e.g., a Gaussian-process, GP) and then to compute Sobol’ indices from f̂
using Monte Carlo.

Nevertheless, constructing a reliable surrogate still requires carefully chosen observations of
f . This motivates adaptive designs of experiments (DoE) that allocate expensive runs where
they most improve the learning objective. Recent work [1, 3] suggests using derivative-based
global sensitivity measures (DGSM) to drive such sequential designs. DGSM rely on gradient
information and indicate which directions in the input space are locally influential. Under
a GP prior with standard kernels (RBF, Matérn), gradients of the GP posterior mean and
covariance can be computed analytically, enabling acquisition functions tailored to sensitivity
learning. Figure 1 shows, on a 2D toy function, the spatial distribution of active learning points
selected by Sobol-based random sampling (left) and by two DGSM-driven acquisition functions,
highlighting how gradient-based criteria exploit local sensitivity information.

In this talk, we present an active learning strategy adapted to DGSM in the context of GP
metamodeling [3], focusing on acquisition functions designed to reduce uncertainty on sensitivity-
related quantities. Figure 2 reports the RMSE of DGSM estimates versus active learning steps
on scalar-valued toy functions, demonstrating the e!ectiveness of the proposed approach.

We then discuss how to incorporate input dependencies into these acquisition criteria, an im-
portant requirement in realistic applications where uncertain inputs may not be independent.
Finally, we examine how to extend the framework to complex functional inputs such as time se-
ries, where the e!ective dimension is high and adaptive designs must exploit temporal structure.
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Figure 1: Spatial distribution of active learning points (red) on a two-dimensional toy function
for Sobol’ random sampling (left) and for DGSM-driven acquisition functions: LocalGradVarRed
(middle) and GlobalGradVarRed (right). White points are initial DoE.
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Figure 2: RMSE of DGSM and Sobol total indices estimates versus active learning steps on
three toy functions.

The developed methodologies are illustrated on toy cases and are applied to a 3D spatio-temporal
model of groundwater pollutant management.
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Abstract

We introduce compositional tensor trains (CTTs) for the approximation of multivariate func-
tions, a class of models obtained by composing low-rank functions in the tensor-train format.
This format can encode standard approximation tools, such as (sparse) polynomials, deep neural
networks (DNNs) with fixed width, or tensor networks with arbitrary permutation of the inputs,
or more general affine coordinate transformations, with similar complexities.

Formally, a CTT u is defined by linear operators L : Rd → Rp and R : Rp → Rdo called
respectively lift and retraction, and a univariate basis Φ = {ϕj : R → R}nj=1, such that

u(x) = R ◦ (Id+ψL) ◦ · · · ◦ (Id+ψ1) ◦ L(x),

where ψk are tensors in the Tensor-Train format [6].

This format can be viewed as a DNN with width exponential in the input dimension and
structured weights matrices. Compared to DNNs, this format enables controlled compression
at the layer level using efficient tensor algebra.

On the optimization side, we derive a layerwise algorithm inspired by natural gradient descent [1],
allowing to exploit efficient low-rank tensor algebra. The natural gradient descent tries to mimic
the update in the functional space by an update in the parameter space. In the case of L2

functions, this update simplifies to

θk+1 = θk − αkG(θk)
†∇θL(θk),

where G(θ)ij := ⟨∂θiuθ, ∂θjuθ⟩ is the Gram matrix and L : Θ → R is a loss function e.g.
L(θ) = 1

2∥uθ − v∥2L2 .

In the case of CTT, the Gram matrix G can be stored efficiently due to the Tensor-Train format
and its inherit low-rank format. Computing the update direction can be done using algorithms
such as alternating linear scheme (ALS) [3]. However, the Gram matrix associated to each layer
ℓ may have a bad condition number, so that ALS without preconditioning may show a slow
convergence and yield a highly suboptimal low-rank approximation of the update direction.

A well-established approach to mitigate this issue is to approximate Gℓ with a low-rank sur-
rogate. In particular, the randomized Nyström method [5, 7, 2, 4] achieves this by projecting

1



MASCOT-NUM 2026 April 1–3, Rennes, France

Gℓ onto a randomly generated, low-dimensional subspace. In the context of this work, the
Gram matrix Gℓ is a linear operator acting on tensor spaces, and so we can compute random
projections using a tensor-structured sketch efficiently. The key advantage of this Gaussian
sketching approach is that, with high probability, the span of the sketch captures the domi-
nant eigenspace of Gℓ Viewing the format as a discrete dynamical system, we also derive an
optimization algorithm inspired by numerical methods in optimal control.

Numerical experiments on regression tasks demonstrate the expressivity of the new format and
the relevance of the proposed optimization algorithms.

The Figure 1 shows the performance of the optimizer for a recovery problem where the TT ranks
have provably high. Moreover, by computing layerwise updates, the optimizer is faster than the
state of the art solvers.
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Figure 1: Convergence plot for the optimizers Adam, NGD and L-BFGS for a recovery problem,
in log-log scale, for dimensions d = 4.

We also studied the effective condition number κℓ(θ) := ∥Gℓ(θ)∥2→2∥Gℓ(θ)
†∥2→2 during the

optimization. Experiments show that the Gram matrices become highly ill-conditioned during
optimization, with condition numbers κℓ ranging from 106 up to 1014. In fact, the condition
number increases rapidly, reaching values around 1013 after approximately 20 iterations. Ini-
tially, directions associated with small eigenvalues play a useful role by guiding the optimizer
toward a good configuration. However, as the solution approaches optimality, these directions
contribute progressively less to the reduction of the loss.

Finally, we applied the randomized method to the recovery problem and studying the conver-
gence behavior for various sketching sizes. We have observed that retaining a rank-30 approxi-
mation of the Gram matrix is sufficient to achieve convergence to an optimal solution, which is
less than half of the total eigendirections.

Overall, CTTs combine the expressivity of compositional models with the algorithmic efficiency
of tensor algebra, offering a scalable alternative to standard deep neural networks.
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Abstract

In this communication we present a framework for surrogate modelling of incompressible fluid
flows using Gaussian processes (GP) constrained by physical conditions and including uncer-
tainty quantification (UQ). We develop a general method to continuously enforce a prescribed
GP on an arbitrary compact subset of its domain. Other methods that explore boundary con-
ditions on GPs are based on defining particular structures of the covariance kernels or are not
necessarily adapted to consider derivatives of the GP. The proposed strategy uses a spectral ex-
pansion of the prescribed GP on the compact set, which in practice corresponds to the boundary
of an aerodynamic profile (e.g. cylinder, NACA airfoil), to enforce boundary conditions. This
enables us to consider observations of derivatives of the GP directly while satisfying other phys-
ical laws simultaneously. This framework can be thus flexibly merged within data assimilation
schemes based on GP regression for the reconstruction of fluid flows.

Consider a two-dimensional incompressible flow with velocity field u over the computational
domain Ω. This field must satisfy scalar boundary conditions B(u) = 0 over a compact set
Γ ⊂ Ω, where B is a scalar-valued linear operator on u. In this setting the velocity field can
be explained through a scalar stream function ψ such that u = curlψ = (−∂x2

ψ, ∂x1
ψ)

T
. Our

strategy consist in modelling the stream function as a GP prior Z, so that the velocity field
can be modelled as curlZ, verifying thus the divergence-free condition (from incompressibility)
∂x1u1 + ∂x2u2 = 0 everywhere in Ω. Furthermore, a power-law structure for the energy decay
of velocity increments can be accounted for in the definition of the covariance kernel K of
curlZ, as illustrated in [2, 3]. Lastly, boundary information on the profile delimited by Γ can
be included by using our general spectral method [3] based on [1]. In this sense we obtain a
modified version K0 of K satisfying also the homogeneous boundary condition everywhere and
not only at a discrete set of observations.

Now, given a set of velocity measurements V (t) at positions X(t) (e.g. Lagrangian data in
particle tracking velocimetry), this physics-informed GP prior can be used for reconstruction of
the field as u⋆(x, t) = K0(x,X(t))K0(X(t),X(t))−1V (t). UQ counterparts follow in a similar
manner, as well as posterior estimates for the stream function ψ and vorticity ω = curlTu.
Main results are depicted in Figure 1. In [3], we compare the reconstructions with respect to
three choices of the covariance kernel of Z: an incompressible radial basis function (RBF), a
multi-scale additive RBF, and the physics-informed boundary-constrained kernel as described
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above. The calibration of hyperparameters is performed by cross-validation using UQ coverage
indicators of the estimates.
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Figure 1: Reconstruction of the velocity field u of an incompressible flow around the
leading edge of a NACA 0412 airfoil [3]. Ground truth field is depicted in (a), with colormap as
velocity norm in m/s. In (b), the reconstruction of the field is done from 184 velocity measurements
V (black dots •) using GP regression with a one-scale incompressible kernel. In (c), the kernel is
further informed with the profile boundary condition (slip) and an energy decay law [3]. This last
physics-informed estimate u⋆ comes with the UQ counterpart depicted in (d), as the (logarithmic) total
standard deviation. Notice that even if there are no discrete measurements at the airfoil boundary, the
physics-informed kernel K0 used in (c) is able to capture the velocity field, as displayed in (e) and (f)
for each spatial component (horizontal axis is domain of airfoil boundary Γ parameterization).

We further explore the use of this framework to define a data assimilation scheme using the
numerical method on the Navier-Stokes equations for vorticity from [2]. Preliminary tests in-
dicate that this scheme can accurately propagate the initial information through subsequent
assimilation steps, incorporating Lagrangian velocity and vorticity measurements when avail-
able. Moreover, it is competitive in comparison to its pure data-driven version in scarce data
regimes. We are also interested in optimal sensor placement to improve the reconstructions
using UQ of the estimates.
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Abstract

Gaussian processes (GPs) are Bayesian models widely used to interpolate an unknown determin-
istic function f : X ⊂ Rd → R from observed data. A GP prior on f is written ξ ∼ GP(m, k),
with mean function m : X → R and positive definite kernel k : X × X → R. Conditioning on
evaluations of f yields a posterior predictive distribution that provides both point predictions
and uncertainty quantification.

In practice, GP predictive distributions are often miscalibrated, so nominal confidence intervals
can miss their target coverage when assessed under a design-marginal measure on X . This
mismatch is critical in downstream tasks that rely on calibrated uncertainty, since it can bias
sequential design decisions. In [3], we formalize this setting via µ-calibration, which evaluates
calibration under a sampling measure µ that describes how observation locations are generated.

Conformal prediction (CP) provides finite-sample, distribution-free marginal coverage under
exchangeability [4] and has been adapted to GPs for post-hoc correction of prediction intervals
[2, 1]. Conformal predictive systems (CPS) extend this idea by outputting a full predictive
cumulative distribution function (CDF) at each test point [5].

We propose two post-hoc calibration methods for GP interpolation that target µ-calibration.
The first, cps–gp, adapts CPS to kernel methods and returns conformal predictive distribu-
tions. The second, bcr–gp, keeps the GP posterior mean and models normalized errors with
a generalized normal distribution whose parameters are selected by a Bayesian rule inspired by
tolerance intervals.

We compare bcr–gp and cps–gp to the standard GP, an oracle model selected on a test set,
and j+–gp/fcp. Across coverage levels, both methods improve µ-calibration, while bcr–gp
yields smooth predictive CDFs that remain usable in optimization and excursion procedures.
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Figure 1: Top left: Prediction intervals from the GP posterior and from bcr–gp at 1−α = 0.9.
bcr–gp selects parameters using the generalized normal variance, with δ = 0.1. Top right:
Predictive CDFs at x = 0.75 for the GP posterior, bcr–gp (red), cps–gp (stepwise, black
hatches), and an oracle CDF (black) obtained by fitting a generalized normal model on a test
grid with ntest = 2000. The GP posterior is strongly miscalibrated on this dataset. Bottom:
Interval bounds as a function of 1− α. The GP posterior underestimates uncertainty; bcr–gp
and cps–gp produce wider intervals. cps–gp yields unbounded widths for 1− α ≳ 0.85.
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Abstract

In nuclear facilities, dedicated instruments are used to monitor airborne radioactivity in real-
time. The nuclear measurement analysis is performed by rudimentary statistical algorithms that
showed serious limitations in atypical situations [2]. In order to improve analysis, we implement
a deep neural network for a better interpretation of the raw measurement. In the long term,
the results may lead to an effective implementation in nuclear instrumentation, if, and only if
satisfying operational and safety guaranties are achieved.

The final objective of the model is a binary classification task: the monitor has to decide whether
or not some transuranic activity is detected in the local atmosphere. However, in opposition to
our previous work [5], we opt for a preliminary regression framework rather than a direct binary
classification by the neural network. The goal is to predict directly the number of transuranic
events in the spectrum, i.e. the number of alpha particles emissions measured that are due to
a transuranic radioisotope. We motivate this choice with multiple reasons, mainly related to
interpretability requirements.

In such a sensitive use case as worker radioprotection, the need of a reliable quantification of
prediction uncertainty is clear. The use of distributional prediction is common for continuous re-
gression, but less explored for discrete count regression. The idea is to model our heteroscedastic
target count y using a parametric distribution, allowing an uncertainty-aware prediction. Given
its obvious limitations concerning variance modelisation, Poisson distribution is insufficient. We
thus used the Double Poisson (DP) distribution [1], as well two parameterizations of the Neg-
ative Binomial (NB) [4]. Using their negative log-likelihood as loss functions allows to retrieve
a satisfying estimation of the aleatoric uncertainty associated to each input [8]. An innovative
heuristic optimization process of the DP and NB neural networks is proposed, Stop-Gradient
Scheduler (SGS), mitigating a well-known convergence issue and leading to a significant perfor-
mances improvement.

Even if the uncertainty estimates can reach satisfying levels of empirical coverages, this approach
does not achieve any theoretical guaranty, and the confidence intervals may not be always
relevant.
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Therefore, we exploit the conformal prediction framework to address this limitation. The idea
is to correct the predicted confidence intervals on an dedicated portion of the dataset for a
designed confidence level, using the normalised residual ordination method [6, 7]. This leads to
locally adaptive confidence intervals that ensure an empirical marginal coverage consistent with
any confidence level chosen.

Finally, from this transuranic count estimate, the binary decision may be taken from traditional
means. In this case, a natural choice is the sigma-factor inequation, used in many monitors [3].
The decision is therefore interpretable in itself, and the deep learning model task is restricted
to a purely objective analysis of the measurement.

The comparison with the traditional classification done by the 4-ROI algorithm [3] on airborne
radioactive contamination data, detailed Table 1, shows a significant improvement of the perfor-
mances of the classification results with our new model. It is particularly noticeable in the case
of dust-laden atmospheric conditions (inducing background noise in the measure), which is a
situation encountered during dismantling operations. The performances are consistent with the
network trained for direct binary classification with the binary cross-entropy, but the precision-
recall trade-off is more controllable. The precision levels are consistent with the required high
conservatism standard.

Table 1: Classification performances obtained with the different algorithms.

Algorithm Precision Recall

Moderate background noise
4-ROI 97.98 % 83.35 %
Direct classification network 98.16 % 96.97 %
DP count network 1.00 % 97.78 %
NBI count network 1.00 % 98.18 %
NBII count network 1.00 % 97.58 %

High background noise
4-ROI 61.55 % 67.85 %
Direct classification network 96.06 % 91.02 %
DP count network 99.85 % 82.43 %
NBI count network 98.47 % 86.95 %
NBII count network 99.64 % 84.07 %
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Abstract

We are interested in this work in developing a data-driven framework based on dimensionality
reduction, for solving parametric partial differential equations (Parametric PDEs). Model re-
duction methods are used to approximate a manifold of functions M from a (high-dimensional)
Hilbert space X by a low-dimensional space or manifold. We have recently proposed in [1] a
novel approach, which aims at constructing a low-dimensional approximation manifold Mn :=
{L(a) +N (a) : a ∈ Rn} using samples from M . L is a linear map onto a n-dimensional space
Xn and N is a nonlinear map (composition of polynomials) onto a complementary space. The
method relies on an adaptive strategy to construct the maps L and N based on a prescribed
relative precision and Lipschitz constant. The first part of this presentation is dedicated in the
construction of Mn.

In the second part, we use the manifold approximation technique above in an operator learning
context.

Let X,Y be two Hilbert spaces and ρ a measure supported on X. Here, we consider the problem
of approximating a (possibly nonlinear) map T : X → Y , using samples {fj , uj}mj=1 where the
fj are samples drawn from ρ and uj = T fj . We are interested in constructing an approximation
Tθ of T by solving the minimization problem

min
θ∈Θ

∥T − Tθ∥2 := [Ef∼ρ(∥T (f)− Tθ(f))∥2Y ]1/2

In the work proposed in [2], the authors rely on model reduction to construct Tθ. This is done
by first applying Principal Component Analysis (PCA) on the input and output spaces, then
building a map φ between the resulting finite-dimensional coordinates in the bases of principal
components (see Figure 1).

Following this idea, we will propose a new method for constructing Tθ. The approach exploits
the offline nonlinear approach above, to approximate the output space by a nonlinear manifold
Mn. Given a prescribed precision ϵ, the method aims at constructing

Tθ := Dout
n ◦ φ ◦ Ein

m

1
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Figure 1: Operator learning using dimension reduction.

which relies on encoder-decoder pairs (Ein
m, Din

m) and (Eout
n , Dout

n ), such that

∥T − Tθ∥2 ≤ ϵ∥T ∥2.
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Abstract

Dynamical systems are used in real-world applications to model complex time-varying systems.
Despite being broadly used, exploiting the historical effects carried by the data for inversion pur-
poses is an understudied question. Traditional methods often assume simplified settings (linear
or instantaneous models for instance) and do not fully exploit history while more sophisticated
ones often lack explicit Bayesian formalism [2].

In this work, we are interested in reconstructing the time evolution of latent environment vari-
ables whose effects are reflected with a certain inertia on a system’s output (ie. the latter is a
function that rely not only on the present or instantaneous input but also on its past values).
More precisely, we propose a simple and yet effective formalism for a precise Bayesian inversion
for time-series with historical outputs, and investigate three inversion set-ups. We first consider
the scenario where the input-output relationship is approximated based on a standard non-linear
model relying solely on the instantaneous input. In such a set-up, the model captures a part of
historical effects via the temporal correlation of the input process [3] and although it can achieve
good prediction results, we highlight that its usability becomes limited for inversion tasks. Then,
we consider another class of models based on linear history (also called distributed lag models
[1]) that are often exclusively used for prediction in the literature. We demonstrate to what
extent they are useful to handle the inversion problematic being studied and are sometimes
sufficient to tackle it. Finally, for an enhanced accuracy and more versatility, we consider a
combination of the two aforementioned set-ups where the linear history model is complemented
with instantaneous non-linearities.

We evaluate this framework on synthetic data and demonstrate its effectiveness in providing bet-
ter inversion results in different application cases inspired from models describing the dynamics
of biological systems and/or engineering systems.
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Abstract

In the field of Computational Fluid Dynamics (CFD), a growing number of studies focus on
the use of scale-resolved simulations. Less expensive approaches such as averaging methods
(Reynolds Averaged Navier Stokes – RANS) are popular but lack the accuracy required to
account for the naturally unsteady behaviour of real flows. Scale-resolving methods such as
Large-Eddy Simulation (LES) allow for the representation of unsteady features at the expense
of higher computational costs. By nature, these approaches are able to compute extreme events,
identified by highly non-linear features, local in space and time.

However, these features are often difficult to reproduce without the specific input information
leading to such flows. Extreme events can lead to critical issues. For example, Internal Com-
bustion Engines (ICEs) are subjected to strong variability between cycles that may degrade
the efficiency or harm the system. The integration of realistic high-fidelity information in the
simulation is one of the key elements allowing for a better prediction and representation of such
events. This is specifically the goal of Data Assimilation (DA), which are methods designed to
combine a numerical model with a high-fidelity sparse source of information in order to enhance
model prediction. A simplified engine geometry is chosen. A sequential data assimilation ap-
proach known as the Ensemble Kalman Filter (EnKF) [2] is used to infer a simulation of this
geometry. The high-fidelity sparse information, known as the observation, is sampled on the
instantaneous velocity field of a high-fidelity LES (LES-HF) of the system. Fig. 1 shows the
geometry alongside the LES-HF velocity field.

The EnKF algorithm is used to infer a low-fidelity LES (LES-LF) of the system with respect to
the sampled high-fidelity observation. Observation samples are measured downstream the valve,
in the recirculation zones visible in Fig. 1. Two objectives are targeted. First, the parameter
estimation offered by the algorithm is used to successfully calibrate the inlet description of the
simulation with respect to the unsteady velocity information of the observation. Second, state
estimation is used to synchronise the time evolution of local features of the LES-LF flow with
the sparse observation measured on the LES-HF. To that purpose, new developments of the
algorithm are introduced. The hyper-localised Ensemble Kalman Filter (HLEnKF) [4] allows to
treat each observation sensor as a local EnKF by taking into account the correlation distance
of flow features. Apart from improving the overall robustness of the procedure, the HLEnKF
is able to provide a local synchronisation of the inferred velocity fields with the observed data.
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Figure 1: The intake flow rig is used by engine manufacturers in the early stages of development
of ICEs [1, 3]. It is made of one single steady valve inserted in an intake duct and ejecting the
fluid into a cylindrical chamber. The normalised velocity field u/ub of the high-fidelity reference
simulation is visualised on a 2D plane (z = 0). The normalised pressure field p/patm is also
visible on the surface of the single guide/valve.

Furthermore, improvements of the flow topology and modal energy distribution are noticed far
from the sensors used for the DA procedure, in the flow recirculation region. Overall, sequen-
tial data assimilation shows promising features for the inference of scale-resolved simulations,
opening perspectives for the study of complex realistic phenomena such as extreme events.

This work was supported by the ANR-20-CE05-0007 ALEKCIA project and was granted access to HPC

resources of TGCC under allocation no. A0162B10763.
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