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We congratulate the authors for an original and stimulating contribution. The proposed
D-BETEL framework offers an elegant and effective compromise between robustness and
interpretability, where inference remains focused on a finite-dimensional parameter 6,
indexing an interpretable parametric model Fy, while still avoiding a full specification
of the data-generating distribution. The procedure is particularly appealing in that
inference results from a prior, specified only on the parameter of interest 8, and a
modified likelihood contribution, obtained by finding the maximum-entropy reweighting
of the empirical distribution of the observations that lies within a neighborhood of Fjy.
Hence, values of 6 are favored when this distance-based compatibility with Fyp can
be achieved with little departure from the uniform empirical weights. In this sense,
the modified likelihood rewards models Fy that explain the bulk of the data while still
allowing atypical observations to be downweighted. We view the nonparametric Bayesian
interpretation in Section 5, which is shown to arise in an appropriate asymptotic regime,
as a distinctive strength of this approach. Unlike many alternative pseudo-likelihood
or generalized Bayes approaches, D-BETEL is shown to arise as a limiting marginal
posterior under a suitable nonparametric hierarchical construction, thereby providing a
genuine probabilistic motivation for its use.

A feature we find especially interesting is that the proposed approach allows the
prior distribution to be defined directly on the finite-dimensional parameter of interest
#, while still encompassing data-generating processes more general than the parametric
family Fy. This aspect brings the proposal into close contact with recent developments
in Bayesian nonparametrics, where prior information is incorporated by specifying the
distribution of selected functionals of a random probability measure. In Gaffi et al.
(2025), the emphasis is on prior elicitation within a given class: once this class has been
chosen, the base measure is selected so that a linear functional, typically the mean,
has a prescribed distribution, while preserving the structure that allows one to rely on
standard inferential techniques for that class. In Kessler et al. (2015), a complementary
strategy is adopted: a canonical nonparametric prior is modified so that the induced
marginal distribution of a functional matches a desired one, resulting in a prior that
generally lies outside the original class and requires adapted posterior sampling methods.
In both cases, the underlying idea is that prior information is more naturally expressed
in terms of functionals than in terms of the full infinite-dimensional object.
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D-BETEL differs from these approaches in how this idea is implemented, but appears
to be driven by a closely related principle. Rather than specifying or modifying a prior
so as to match the distribution of a functional, it introduces a constraint through a
discrepancy functional,

Q — D(Fp, Q),

and selects admissible distributions accordingly. This functional is nonlinear and defined
through an optimization over couplings, and therefore lies outside the class of function-
als typically considered in the literature. The distinction is not only formal. Even in
relatively simple settings, moving from linear to nonlinear functionals entails a substan-
tial increase in complexity: for instance, quadratic functionals of random objects driven
by completely random measures already require nontrivial tools based on Wiener—It6
decompositions and asymptotic analysis, as shown in Peccati and Priinster (2008), and
explicit distributional control is generally difficult to obtain. In this sense, D-BETEL
can be interpreted as extending the functional-based perspective toward functionals
that capture global features of the distribution, such as overall shape and tail behavior.

At the same time, the analogy remains structurally strong. As in the approaches
mentioned above, the infinite-dimensional problem is effectively controlled through a
lower-dimensional quantity, and prior information is incorporated indirectly through
the behavior of a functional. The nonparametric Bayesian representation provided in
the paper further clarifies this point: the procedure can be embedded in a hierarchical
model involving a random mixing distribution, although this equivalence holds in an
asymptotic regime where nuisance parameters are marginalized out. In practice, the
method avoids working with the infinite-dimensional object altogether, and the induced
prior on it is only implicit, but the overall mechanism remains closely aligned with a
functional specification viewpoint.

This perspective suggests a natural extension. The constraint D(Fy, Q) < € imposes
a sharp boundary on the value of a nonlinear functional. One may instead consider
specifying a prior distribution on D(Fp, 15) for a random probability measure P, thereby
replacing the hard constraint with a probabilistic one. Such a formulation would be
closer in spirit to approaches based on fixing the distribution of a functional, while
potentially avoiding boundary effects induced by the constraint. It might also provide
a route to an exact nonparametric Bayesian representation, rather than one obtained
through asymptotic equivalence, by explicitly incorporating prior beliefs on the extent
of departure from the centering model.

From this point of view, the contribution of the paper is twofold. On the one hand, it
provides a practically effective method for robust inference that bypasses the direct han-
dling of infinite-dimensional parameters. On the other hand, it points toward a broader
perspective in which nonlinear functionals, such as transport-based discrepancies, play
a central role in linking parametric structure and nonparametric flexibility. While the
literature on linear functionals offers useful guidance, extending these ideas to more
complex functionals remains largely open. The present work shows that this direction
is not only conceptually meaningful but also may admit concrete implementation, and
therefore deserves further investigation.
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