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Gaussian Processes (GPs) are recognized for their effectiveness as metamodels of numerical simu-
lators [6]. They offer a Bayesian framework for supervised learning, allowing the incorporation of
prior knowledge about a function through suitable kernel selection [7].

A widely used kernel in GP modeling is the anisotropic Matérn covariance function [7], which can
be written as
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and where I' is the Gamma function, and K, is the modified Bessel function of the second kind.
The parameters v € RT, 0 € R and p = (p1,...,p4) € R+ are usually selected using the
maximum likelihood approach (see, e.g., [4]). This covariance function is known for its ability
to model functions with different degrees of smoothness and variable correlations across different
dimensions.

Building upon this framework, our work focuses on identifying inactive variables—those with no
influence on the function output—in settings where the number of active variables is small (e.g.,
fewer than 20) but the overall dimensionality is large (e.g., greater than 50). Specifically, we
consider functions f : R4 — R, for which there exists function of k inputs, g : R — R, such that:

J(x) =gz, @), Tw), x=(r1,...,2q) € R¢ and {(D),...,(k)} c{1,...,d}.

To sequentially identify inactive variables and reduce dimensionality using GPs, a common first idea
is to use sensitivity analysis, such as in the work of Marrel et al. [3], where GPs are combined with
HSIC (Hilbert-Schmidt Independence Criterion) indices to assess variable importance. Another
approach, as demonstrated by Salem et al. [5], relies on the lengthscale parameters py, ..., pq of
the GP covariance function k, 5 ,. In this method, large values of a lengthscale parameter indicate
slow variation of the output with respect to the corresponding variable, signifying that the variable
is likely inactive.

Our method builds on the latter approach, relying on the lengthscale parameters and adopting a
fully Bayesian framework (see, e.g., [1]). We generate samples from the posterior distribution of
the lengthscale parameters using a Metropolis-Hastings algorithm. The main idea of the proposed
approach is to introduce an inactive control variable x4, which allows us to establish a reference
posterior density for the lengthscale parameters of inactive variables. To determine whether a given
variable is active, a significance level « is first fixed, and a threshold ¢, is computed such that the
posterior probability P, (p4+1 > to) > 1 — a, where pg41 is the lenghscale parameter of the control
variable 2441. Then, we introduce indices P; = P,,(p; < t4), which reflect the probability that the
variable x; is active.

Initial comparisons between our method and R¥g;c indices [2] demonstrate promising results (see,
e.g., Figure 1).
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Figure 1: Distributions of the lengthscale-based indices P; (blue, v = 5%) and the R¥g;c indices [2]
(orange), providing a comparison of variable importance, with a focus on distinguishing between
active (1,...,k), control (contr), and inactive (inac) variables, for 20 repetitions of random uniform
designs of size n = 30. Functions f; and fs have k = 5 and k = 7 active variables, respectively,
within an overall dimension of d = 50. Two randomly selected inactive variables from the set of
d — k are also represented.
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