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ABSTRACT

Independently, machine learning [1] [2] [3] [4]and quantum computing [5] [6] [7] [8]have
revolutionised, or at least proposed to, several paradigms in the realm of CFD, suggesting
speed-ups enabling quantitatively new applications and regimes to be explored.

However, the adoption of machine learning to unlock research questions qualitatively
impossible to address within the realm of traditional computational methods is in its infancy,
as applications targeting what could be classified as big science questions emerge, enabling
fundamental understandings of the laws behind the behaviour of fluids in specific conditions
[9]. These explorations have possibly lagged behind in the realm of quantum computing, as
the shortening and limitations of quantum hardware have hindered broad scope numerical
explorations so far, making assessments of computational capabilities much more first-
principled. In this workshop, we plan to gather contributions and encourage discussions about
the interplay of these two technologies in addressing such questions, as well as selected
examples illustrating the recent progress in their separate application.

We expect the symposium speakers to touch at least some of the following, tentative relevant
sub-thematics.

1) Turbulence closures. Can we address this inverse problem, plagued by non-
uniqueness, hidden variables, and multi-regime physics even in scenarios with sparse,
biased data [10]? Which flow regimes do we expect to be most challenging for the
novel techniques explored in this symposium? Bayesian and probabilistic turbulence
closure with physical constraints are a starting point, and quantum-enhanced sampling
for posterior exploration might possibly be a complement.

i1) Scientific inference for PDEs in CFD: beyond physics-informed paradigms. The idea
here is to move further away from “solving faster a known model” into “what is the
governing physics of an unknown regime”? The inverse problems might involve:
unknown forcings, constitutive laws, boundary/initial conditions... Hybrid quantum—
classical variational inference for PDE-constrained problems have been proposed [11],
and physics informed paradigms have reaped some success in this area [12]. What
comes next?

ii1) Rare events in fluids: quantum-ML for tails, transitions, and extremes Here the
rationale is that extreme events are (close to) measure-zero in simulations, but can
dominate risk in real scenarios, and disrupt the accuracy guarantees of the numerics.
Predicting, detecting, and characterizing such transitions (laminar—turbulent, blow-up
events like unstable singularities, rogue waves analogs, intermittency) is thus an
important task [13], often relying on statistics and heuristics.

iv) Multi-physics CFD as a grand inverse problem: condensation, phase change, reactive
flows, multi-physics closures and phase transition kinetics can in principle be
understood also as an inference problem [14] [15], as they sit at boundaries where key
governing physics becomes uncertain, and data acquisition for model validation is
indirect (e.g., nucleation, interfacial transport, reaction mechanisms). Key applicative
areas could span constitutive relations under constraints (thermodynamics, entropy
production), pa rameter/posterior exploration in stiff chemical kinetics / phase changes,
multi-fidelity and multi-scale assimilation, regime classification from sparse sampling
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Organizers of MS proposals are requested to upload an abstract of approximately 400 words
(1 page) no later than May 15, 2026, following the format of this template.

The abstract should briefly illustrate the contents and objectives of the Minisymposium. The list of
prospective speakers is not required.

For practical reasons, each MS shall have a Corresponding Organizer, who will submit the MS
proposal and keep in contact with the Conference Secretariat, and one or more Co-organizers.

Each MS should consist of a minimum of one Session (6 presentations of 20 minutes each). The
number of Sessions for a MS will be determined by the number of papers submitted. A MS
cannot be split in parallel sessions.

For any further request, please contact the congress Secretariat: cfc_sec@cimne.upc.edu
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