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Since 2018, CERFACS has been building a team focused on bringing AI to physical modeling, structured as
an inter-academic workgroup: Helios. This transverse team interacts with a wide array of internal modeling
topics, such as subsurface parametrization, data assimilation in atmospheric simulations, aerodynamics and
propulsion. 2021 has been a fruitful year for the team, with several publications in top academic journals and
conferences, the start of new projects, and a successful PhD defense. This document aims to summarize these
achievements, and show what the near term future will look like for the team. As a transverse team, Helios
is involved in many projects with various levels of engagement. We will focus here on the five most fruitful
projects of the year 2021.

1 Neural generative methods for control-space mapping
Camille Besombes successfully defended his PhD at CERFACS on December 13th, with the title “Param-
eterization using Generative Adversarial Networks for Control Space Reduction in Data Assimilation” (to
appear online soon). In it, he showed how using neural networks of a specific breed, GANs, could be used
to learn to map a distribution of plausible physical fields living inside a very high dimensional space on
highly regular, low-dimensional space, known as the latent space. This amounts to dimensionality reduction,
effectively mapping the low-dimensional manifold of fields of interest in a high-dimensional space. Contrary
to most reduction techniques today however, this approach is non-linear and unsupervised, meaning the
mapping function is entirely derived from the data, and not prescribed by the modeler. In his PhD as well
as a publication (Besombes et al. 2021), he showed that the technique was versatile, and could be used to
explore plausible solution fields in atmospheric sciences, as well as acceptable rock facies distributions to
initialize sub-surface flow simulations. The latter application led to an implementation in an industrial context
(TotalEnergies) of the method.

2 CNNs for subgrid-scale modeling
Subgrid-scale (SGS) modeling is at the core of many computational fluid dynamics (CFD) methods, and
are by definition approximations of phenomena that are not directly solved for. As such, many data-centric
methods are used for their elaboration, but based on very simple, often linear techniques. Deep Learning-based
techniques, notably using convolutional neural networks (CNNs) are a promising new avenue to change the
paradigm of hand-derived SGS models.

In the context of Hydrogen appearing as a major actor in the net zero pledges of the EU for years to come,
many safety concerns arise related to its production, distribution and storage. H2 is challenging for traditional
combustion simulations, and simulating large leaks and possible flame propagation in building-size domains
will require considerable advancements in SGS capabilities. This is the topic of both CERFACS’ LEFEX
project (in collaboration with TotalEnergies, EDF and AirLiquide) and the RAISE European Center of
Excellence on “Research on AI- and Simulation-Based Engineering at Exascale”, in which CERFACS has
a high implication and is a work package leader. CERFACS has been active on this topic since 2018, and
this year Victor Xing demonstrated that it is possible to train neural networks to predict SGS quantities
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on academic configurations, and generalize this to larger, more complex setups indicative of realistic flames,
paving the way for in-code neural network based SGS models (Xing et al. 2021).

Both LEFEX and RAISE will run for 2 more years. Work on the physical formulations that can take
advantage of CNNs will continue, as well as the development of the software tools needed to run large-
scale LES simulations with CNNs working in tandem to predict SGS quantities. The prototype for these
developments today is based of the AVBP solver, AVBP-DL.

3 Same for less: CNNs for efficient preconditioning in Poisson
solvers

Another interesting approach to exploit CNNs arises in cases of elliptical PDEs, notably Poisson’s equation in
CFD. Indeed, solving for Poisson’s equation on large meshes traditionally requires Krylov subspace iterative
methods, which can take up a significant portion of compute time in e.g. incompressible predictor/corrector
solvers (to compute the pressure correction), or in plasma solvers (for the electric field). Preconditioning
techniques aim to reduce drastically the number of iterations needed to solve the problem. Ekhi Ajuria has
shown that a CNN can effectively produce excellent initial guesses for the iterative process, leading to a
significant decrease of number of iterations, hence a much lower cost of the computation (Ajuria Illarramendi,
Bauerheim, and Cuenot 2021). What’s more, by construction this approach yields identical accuracy compared
to the traditional incompressible solver, offering a guarantee that few deep-learning based techniques in CFD
can claim to achieve today. Ekhi has showed this year that these results scaled to 2D and 3D Navier-Stokes
simulations, suggesting that applicability of these methods on realistic cases is now within reach.

4 Data-driven locally-adaptative numerical schemes
Numerical schemes are at the heart of the accuracy and speed of many Partial Differential Equations (PDE)
solvers, notably in CFD, with current ongoing work including at CERFACS on promising high-order methods.
When designing such an algorithm, many tradeoffs are necessary, .e.g between the stability, the dissipation
rate, and the dispersion rate of the scheme. The mathematical tools used to derive these schemes have long
relied on frequency-based analysis, seeking a global tradeoff between these characteristics. Recently however,
the machine learning community has demonstrated that data-driven techniques could learn to tune numerical
schemes dynamically, both in space and in time, to optimize them further for the actual physical field solved
for, with examples in CFD. Demonstrations however are mostly limited to matrix-like meshes, impossible to
adapt directly to most production-ready software.

Luciano Drozda’s work this year has shown how the philosophy of these approaches is compatible with
high-accuracy, unstructured numerical schemes, coining an altered two-step Taylor-Galerkin scheme with
locally and temporally adaptative behavior “ML-TTGC” (Drozda et al. 2021). This ongoing collaboration
with Braude University in Israel, funded by a dedicated France-Israel collaboration grant, has shown that
ML-TTGC performs near-perfectly on simple configurations with highly deformed meshes and strong gradients.
Extensions to more realistic configurations and physics is the focus of next year’s work.

5 The virtual mechanic: learning to correlate in-situ sensor data
with rare event precursors

This collaborative work with IMFT started from the observation that underused data from an experimental
combustion test rig could be explored using deep learning techniques, with the goal of finding predictors of
thermo-acoustic instability events. These events are largely undesirable in modern combustion systems, and
manufacturers seek to take action to prevent them from arising as soon as possible, ideally before they arise.
Starting from high-frequency time-series of measurements from a limited number of sensors, Antony Cellier
showed that deep neural networks based on an architecture combining convolutions and a Long Short-Term
Memory (LSTM) module could learn to classify short “burst-like” events in the data from stable operating
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points as suggestive of a nearby instability or not (Cellier et al. 2021). This work was promising enough that
an ongoing collaboration with IMFT has emerged around a new CIFRE PhD student with SAFRAN, devoted
to this task.

6 Conclusion
CERFACS’ AI activities have become more mature this year. Neural generative techniques have gone from
far fetched ideas to an enticing topic ripe for more applied uses. The development of AVBP-DL is now the
focus of several modeling as well as HPC specialists, funded notably by a European CoE. Promising paths for
new solvers making use of AI without compromising accuracy are emerging. Exploitation of data in a pure
deep learning manner has yielded some actionable paths for applications.

In 2022, we aim to strengthen these paths, increasing their TRL, with at least 2 different CFD techniques
run on industrial-scale configurations during the year. Additionally, new use-cases will be explored for the
general framework of hybrid AI solvers, with a special interest in turbulence and wall modeling. As we do so,
we aim — with all HELIOS partners — to gradually build a clearer view of the paths that AI will take to
assist and enhance physical modeling problems. Ideally, an integrated view of many of the “physics-informed
learning” techniques should emerge, giving some cohesion to a field that is currently highly active but that
lacks structure.
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