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• Procedure:

๏ Choose Prior (e.g. « linear relation »)
Compute Likelihood
Evaluate Posterior
๏ Repeat (with new Prior)

• Priori beliefs (H) are updated according
to evidence (E), using Bayes’ rule
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supported by the data, so I’m
now more confident in it
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😡
😡
Conclusion:
The data doesn’t support H
2

y = ax + bx + c

😁

Conclusion:
Nothing works!

Some problems are ill-posed:
There is a fundamental ambiguity
that cannot be resolved

[1] Wolpert, David H. "The lack of a priori distinctions between learning algorithms." Neural computation 8.7 (1996): 1341-1390.
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Machine Learning

The scientific
method is
historically a
deductive
approach. The
data validates
the model.
Data-driven
approaches are
inductive. The
model is the
output.

Breiman, L. (2001). Statistical modeling: The two cultures. Statistical science, 16(3), 199-231.
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If you can do it but you don’t know how,
you can’t code it. Example:

Know the problem before
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Don’t let ML do the hard
work of choosing features
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1. Subgrid-scale
modeling with CNNs

Ongoing PhD of Victor Xing, Cerfacs
Lapeyre, C.J., Misdariis, A., Cazard, N. & Poinsot, T (2018). A-posteriori evaluation of a deep convolutional
neural network approach to subgrid-scale flame surface estimation. Proc. CTR Summer Program, 349-358.
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Very large scale combustion
• Context: safety of industrial
complexes in combustible gas
leaks

• Reactive LES of very large domains

Fig. 2. Explosion chamber configuration of Sydney [27,28]. The vessel is orien
vertically in the experiment: the bottom end of the vessel is on the left of the fi
and the top end on the right.
Fig. 1. Classical turbulent combustion diagram for premixed turbulent flames
[22,23] as a function of the length ratio (turbulence integral scale lt /flame thickness
δl0 ) and velocity ratio (rms (root mean square) velocity u! /flame speed Sl0 ). The approximate locations of the SydGex database are indicated by the three oval curves:
Sydney’s small-scale experiment (SS), GexCon’s medium-scale experiment (MS) and
GexCon’s large-scale experiment (LS).

chamber exit. The pressure curve is very sensitive to the reaction
rate which is the quantity we want to investigate. No comparison
with velocity, temperature or species field will be performed here
but this is compensated by the fact that the comparison is not performed for one or two regimes but for more than 10 cases where
the overall size of the setup, the fuel type and the configuration
(number and location of obstacles) will be changed systematically.
The SydGex database is presented in Section 2. The setup of
the small-scale
22 Sydney experiment is briefly recalled before pre-

Table 1
Configurations studied for the small-scale (SS) experiment of Sydney [28].
Fuel

LPG
CNG
H2

Configuration
BBBS

OBBS

OOBS

BOOS

!
!
!

!

!

!

tio of 0.24) is fixed [28]. The bottom end of the chamber is clo
and the top end is opened out to the atmosphere. The vessel is
tially filled with a premixed mixture of fuel and air at atmosph
pressure and temperature. The mixture is then ignited by lase
the closed end. Experimental results include pressure signals

Elsa Gullaud, Post-Doc 2019
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(number and location of obstacles) will be changed systematically.
The SydGex database is presented in Section 2. The setup of
the small-scale
22 Sydney experiment is briefly recalled before pre-

Table 1
Configurations studied for the small-scale (SS) experiment of Sydney [28].
Fuel

LPG
CNG
H2

Configuration
BBBS

OBBS

OOBS

BOOS

!
!
!

!

!

!

tio of 0.24) is fixed [28]. The bottom end of the chamber is clo
and the top end is opened out to the atmosphere. The vessel is
tially filled with a premixed mixture of fuel and air at atmosph
pressure and temperature. The mixture is then ignited by lase
the closed end. Experimental results include pressure signals

Elsa Gullaud, Post-Doc 2019
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JZ Grand Challenge
• We target large scale LES => hybrid CPU/GPU and
solver/neural network approach must scale to HPC
• 2019-2020: Jean Zay Grand Challenge
AVBP-DL: 2000 CPU + 64 GPU simulation on Jean Zay

GPU1

GPU17
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Fig. S1. Neural network architecture. During training, the model is optimized to predict cell average time-derivatives or time evolved solution values from cell average values,
based on a precomputed dataset of snapshots from high resolution simulations. During inference, the optimized model is repeatedly applied to predict time evolution using the
method of lines.
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• Objective: achieve better gradient estimation on coarse
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Complete source code, allowing production of a training dataset, training the network on it, and deployment
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between each layer. Our neural network predictions at a single point are thus dependent on values of the local solution over a
maximum range of 13 grid cells, independent of the model resolution. The code allows for easily tuning these hyper-parameters.
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Coarse LES

Great idea, difficult execution
• Challenge #1: differentiability

๏ NN require the chain to be differentiable i.e. you must
rewrite your CFD solver in a deep learning framework
๏ Several solvers with this tech under development (e.g.
PhiFlow [1] at TUM)

• Challenge #2: time stability

๏ Supervised learning (error wrt next iteration) leaves room for
small errors that accumulate => divergence
๏ BUT training in a supervised manner long term doesn’t
seem to work: turbulent paths differ, and punishing the
network for difference to DNS doesn’t work anymore
41

[1] https://ge.in.tum.de/research/phiflow/
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• Papers:
๏ Lapeyre, C.J., Misdariis, A., Cazard, N., Veynante, D. & Poinsot, T. (2019). Training convolutional neural networks to estimate
turbulent sub-grid scale reaction rates. Combustion and Flame, 203, 255-264.

• Conferences:
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๏ Ronan Paugam, Melanie Rochoux, Nicolas Cazard, Corentin Lapeyre, William Mell, Joshua Johnston, and Martin Wooster:
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Observations. The 6th International Fire Behaviour and Fuels Conference, Marseilles, May 2019.
๏ Ronan Paugam, Melanie Rochoux, Nicolas Cazard, Corentin Lapeyre, William Mell, Joshua Johnston, and Martin Wooster.
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• Other:
๏ Lapeyre, C.J., Misdariis, A., Cazard, N. & Poinsot, T (2018). A-posteriori evaluation of a deep convolutional neural network
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