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Main goal of this talk
How to create an effective surrogate model for CFD applications using

CFD = Computational Fluid Dynamics
= simulation of fluid flows
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Main goal of this talk
How to create an effective surrogate model for CFD applications using

Pollution? _
Ignition? Y R Acoustics?

 Stability?

Efficiency?
Maneuvers?

Combustion in engines Aerodynamics and Bio-inspiration
acoustics (e.g wing) (e.g boxfish)
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BUT fluid flows are challenging:

v' Expensive to compute (103-107 CPUh)
v’ Few data (10" — 103 samples)

v Unstructured data (mesh = very large graph)
v’ Data is huge (107-10° degree of freedom)
v' Expensive to store (1-100 Go per data)

v Nonlinear (e.g turbulence, shocks etc.)
v Multi-scale (large/small ~ Re¥4 ~ 103-10°)

ISAE-SUPAERO / 4
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Main goal of this talk
How to create an effective surrogate model for CFD applications using

Deep Learning methods?

» Well adapted to high dimensional spaces

* Non-linear & differentiable by construction

» Can leverage large (noisy) datasets

* Flexible method (dynamical systems, videos, unstructured fields, point clouds,

distributions, ...)
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Main goal of this talk
How to create an effective surrogate model for CFD applications using

Deep Learning methods?

» Well adapted to high dimensional spaces

* Non-linear & differentiable by construction

» Can leverage large (noisy) datasets

* Flexible method (dynamical systems, videos, unstructured fields, point clouds,
distributions, ...)

Current difficulties?

» What about limited dataset? Sample-Efficiency?
* Are they really accurate (e.g. on multi-scale problems)? ( Accuracy = f(dataset size)
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Main goal of this talk
How to create an effective surrogate model for CFD applications using

Deep Learning methods?

» Well adapted to high dimensional spaces

* Non-linear & differentiable by construction

» Can leverage large (noisy) datasets

* Flexible method (dynamical systems, videos, unstructured fields, point clouds,
distributions, ...)

Current difficulties?

» What about limited dataset?

 Are they really accurate (e.g. on multi-scale problems)?
» Are they physically consistent? Guarantees &

» Can we trust them? Uncertainties?

l ... among many other opened questions today! /
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Main goal of this talk
How to create an effective surrogate model for CFD applications using
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Deep Learning methods?

» Well adapted to high dimensional spaces

* Non-linear & differentiable by construction
isv) datasets

SIS So is Al really adapted to CFD?

» What about limited dataset?

 Are they really accurate (e.g. on multi-scale problems)?
» Are they physically consistent? Guarantees &

» Can we trust them? Uncertainties?

I ... among many other opened questions today!

int clouds,




Presentation outline

1. How can Al represent complex flows?
o From CNN to Implicit Neural Representation (INR)

2. Can Al move from flow prediction to flow discovery?
o Introducing Active Learning and Uncertainties

3. Research vision and perspectives
o Hailsed & PhiSimAl
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1. How can Al represent complex flows?
o From CNN to Implicit Neural Representation (INR)

2. Can Al move from flow prediction to flow discovery?
o Introducing Active Learning and Uncertainties

3. Research vision and perspectives
o Hailsed & PhiSimAl
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1. How can Al represent complex Eo % 2 o4
F 22 / / /’ Y, o

How to learn flow solutions on meshes & manifolds?

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil
s actuator N
wind —> Ido,th La‘//ZJ water\Q/\/‘
metal plate \_/—/’ — 6 8
" Npqe = 105— 10

.\»w ) A

v‘vmuuuvm\
YOO

KRR Low connectivity
A A rAYAY.
V\/\/

Long-distance interaction

bt

Off-the-shelf Al models were NOT necessary well-adapted to
CFD data format and requirements

ISAE-SUPAERO / 11
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1. How can Al represent complex ﬂows

How to learn flow solutions on meshes & manifolds?

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil

— actuator
wind —> \clothJ ‘
— | P
metal plate

y‘ AVAVAVAVAVAVAV

Ay 4
K \WAVAVAYAVAVAVAVAVAY.
m%}“ 7AVAVA VAV,
SN TAVAVAVAVAY4Y, |

VAT
\TAVAY  AVAV,
AV TAvee

2017 - 2021 >

(a) Interpolation +
Convolutional network

* (Catalani et al., « A comparative study of learning techniques for the compressible aerodynamics over a RAE2822 airfoil », Computers & Fluids, 2023
ISAE-SUPAERO |/ 12



1. How can Al represent complex ﬂows
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How to learn flow solutions on meshes & manifolds?

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil

e actuator
wind —> [clothJ ‘
— | P
| metal plate

2017 - 2021 >

(a) Interpolation +

Convolutional network v’ Small (weight sharing)

v' Easy to train

X Interpolation loss
X Resolution non-invariance

* Catalani et al., « A comparative study of learning techniques for the compressible aerodynamics over a RAE2822 airfoil », Computers & Fluids, 2023
ISAE-SUPAERO / 13
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How to learn flow solutions on meshes & manifolds?

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil
actuator

wind —5 [cloEIﬂ 1—:\\!//_—1

metal plate

(a) Interpolation +
Convolutional network

+ Pfaf et al., « Learning mesh-based simulation with graph networks », ICLR, 2021
ISAE-SUPAERO |/ 14



How to learn flow solutions on meshes & manifolds?

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil

actuator

_— —

metal plate

A ‘V‘fAVAVAVAVAVAVA,
\NNNAANNA
% PAVAVAVAYAY

2017 - 2021

v' Adapted to meshes and CFD
X Resolution non-invariance
X Local in space
X Memory expensive

+ Pfaf et al., « Learning mesh-based simulation with graph networks », ICLR, 2021
ISAE-SUPAERO |/ 15
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How to learn flow solutions on meshes & manifolds?

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil

e actuator
wind —> [clothJ ‘
— | P
| metal plate

(a) Interpolation +
Convolutional network
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How to learn flow solutions on meshes & manifolds?

4 I
Fourier features

(Tancik et al.)

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil

— actuator
wind —> \clothJ ‘
— | P
metal plate

VAV VAVAVAVAVAVAV‘

VAVAV VAVAVAVA
e
~A

» ?#ﬂu}é{‘
N/
" «ﬁ‘

(a) Interpolation + (c) Implicit Neural
Convolutional network Representation (INR)

\_ — Y,

(b) Graph Networks

P.(x, y)

* Tancik et al., « Fourier Features Let networks learn high frequency functions in low dimensional space », NeurlPS, 2020 Modulation
 Catalani et al., « Neural fields for rapid aircraft aerodynamics simulations », Scientific Report, 2024 ISAE-SUPAERO | 17
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How to learn flow solutions on meshes & manifolds?

4 )

(a) FlagDynamic (b) DeformingPlate

actuator _/\/\
[—:\\‘//:l _/O\/‘

metal plate

(c) CylinderFlow

s
wind —> [clothJ
— | P

XA "” \VAVAVAVAVAVAVA
XX 4!""%Awmuﬁm‘m
V,VA VAYAY . AVAVAY/
e
\ZAVAY, Vv

(d) Airfoil

Fourier features
(Tancik et al.)

2017 - 2021

(a) Interp
Convolutio

* Tancik et al., « Fourier Features Let networks learn high frequency functions in low dimensional space », NeurlPS, 2020
* Catalani et al., « Neural fields for rapid aircraft aerodynamics simulations », Scientific Report, 2024

v' Versatile
v Resolution invariance (continuous)
v" Non-Local in space
v' Memory efficient
v’ Easy and flexible to train
X Not yet fully mature

N " Y

(c) Implicit Neural
Representation (INR)

P.(x, y)

Modulation
ISAE-SUPAERO / 18



c*-:;_‘- T3 Y

* Fan blade — 3D varying geometries & Operating point (flow separation, shocks)
290 samples over varying shapes

DGEN-380 (Akira) * Single geometry [FaNN380] 3D CFD dataset
* Various geometries [FaNN] [FaNN380 : 60 ; FaNN : 290]
Mesh : 107 nodes
* Fesquet et al., « Application of deep learning for fan rotor blade performance prediction in turbomachinery », ISAE-SSUPAERO |/ 19

TurboExpo, 88087 (2024)
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* Fan blade — 3D varying geometries & Operating point (flow separation, shocks)
290 samples over varying shapes

et

/‘
DGEN-380 (Akira) * Single geometry [FaNN380] 3D CFD dataset
* Various geometries [FaNN] [FaNN380 : 60 ; FaNN : 290]

Mesh : 107 nodes

Mesh sampling for fast training ISAE-SUPAERO /| 20
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* Fan blade — 3D varying geometries & Operating point (flow separation, shocks)
290 samples over varying shapes

DGEN-380 (Akira) * Single geometry [FaNN380] 3D CFD dataset

* Various geometries [FaNN] [FaNN380 : 60 ; FaNN : 290]
Mesh : 107 nodes
) Training time : o
#. Validation MSE
=+ Train MSE :
= i
) ' : &
g N I =
£ L =
en 4 - O —
» : o =
£ I L
s I =
= 1h4 3 ¢
1
&1+
lo—© T
Mesh sampling for fast training Subsamplil:lé ra‘luo . Fa N30 ISAE-SUPAERO | 21
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* Fan blade — 3D varying geometries & Operating point (flow separation, shocks)
290 samples over varying shapes

* Single geometry [FaNN380] 3D CFD dataset
* Various geometries [FaNN] [FaNN380 : 60 ; FaNN : 290]
E— Mesh : 107 nodes
2 Vet bt
. =+ Train MSE :
S ! & m
£ | -
» 0. 10t £ | FaNN380 ~ 1h30 60
= -'. sa
£ i 2
o . é = FaNN 8h 290
0 o o -i T+
Mesh sampling for fast training 0 e ISAE-SUPAERO | 22

Subsampling ratio in FaNN380




1. How can Al represent complex ﬂows

%

Fan blade — 3D varying geometries & Operating point (flow separation, shocks)
290 samples over varying shapes

=
T o

160
240

RPM: 9000
1.3 - Pressure: 80000 Pa

1.2 1

Pressure Ratio [-]

o Train poin 9
0.9 1

15
Mass Flow Rate [kg/s]

ISAE-SUPAERO / 23




1. How can Al represent complex flows

/S

Fan blade — 3D varying geometries & Operating point (flow separation, shocks)
290 samples over varying shapes

2 o o
@ o © %
[ o &

Pressure Ratio [-]

Mass Flow Rate [kg/s]
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1. How can Al represent complex flows

"i

I o e T, 75
¥ 4 2/ o, /
/‘ S,

A

/ 9
7 i’ s

LSS S iz

Fan blade — 3D varying geometries & Operating point (flow separation, shocks)
290 samples over varying shapes

IIIII

INRs allow fast and accurate predictions of
| flows in realistic configurations

Mass Flow Rate [kg/s]

ISAE-SUPAERO / 25
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How to learn flow solutions on meshes & manifolds?

(a) FlagDynamic (b) DeformingPlate (c) CylinderFlow (d) Airfoil

actuator

wind —> ’ clotrhr %
—l

metal plate

What would be the next generation of Al models?

o Attention-based models? e.g. AROMA, ENMA, Equivariant Neural Fields
o Foundational models? e.g. FluidZero
o Novel physics-based Al methodology? e.g. GLOBE

A. Kassai Koupai et al., « ENMA: tokenwise autoregression for generative Neural PDE operators », NeurlPS, 2025

L. Serrano et al. « AROMA: preserving spatial structure for latent PDE modeling with local neural fields », NeurlPS, 2024

G. Catalani et al., « Geometry aware inference of steady state PDEs using equivariant neural field representations », NeurlPS workship, 2025
* H.Fengetal.,, « FluidZero: mastering diverse tasks in fluid systems through a single generative model », not peer reviewed, %QKE-SUPAERO /
* P.Sharp, « GLOBE: accurate and generalizable PDE surrogates using domain-inspired architectures and equivariance », arXiv, 2025

26
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1. How can Al represent complex flows?
o From CNN to Implicit Neural Representation (INR)

2. Can Al move from flow prediction to flow discovery?

o Introducing Active Learning and Uncertainties

3. Research vision and perspectives
o Hailsed & PhiSimAl
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2, Can AI move from prediction to disc%'ei;y?

y(t) = a1 cos(2xft) + by sin(2xft) + bs sin(6xft)
o(t) = @o sin(2xft — )

Honeybee flapping motion
5D Parameterization of the
kinematics for DNS

Efficiency,

Kinematics Deep network .
Loading

\ NSGA-II ’
ISAE-SUPAERO | 28

* Corban et al., « Discovering optimal flapping wing kinematics using active deep learning », Journal of Fluid Mechanics (2023)
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Optimisation using DL yields a pareto front

2. Can AI move from prediction té_ﬁléeo

2.00- ~ : - - - -
STEP O i Initial dataset
1.75 "‘ E . Predicted Pareto front
@ Selected individuals
1.50 ¥ DNS results
1.251
\ &
= 1.00 Y¥_‘e
‘\\ 2
0.75 "_l-.
A& >
0.50 = o
|t
0.25
0.00,
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Cr
e e & A
4 | oX Pareto
1 1
1 1
— :
~ I »
— 1
1 o 1
1 1
| ]
(1) CFD (i1) Dataset (i11) Training (iv) Optimization

ISAE-SUPAERO / 29
* Corban et al., « Discovering optimal flapping wing kinematics using active deep learning », Journal of Fluid Mechanics (2023)



& o

o

2. Can Al move fEGIERESEE. tﬂfﬂlse%é% W5

DL is unreliable: iterative process (active learning)

2.00 1 T T T 2.00
STEPO w,_ Initial dataset EP 1 Initial dataset
1.75 - Predicted Pareto front 1.751 STEP L Predicted Pareto front
@ Selected individuals Selected individuals
1.50 | ¥ DNS results 1.501 DNS results
1251 \ 195 Previous step
\ Yy ’ Previous Pareto front
= 1.00- Ve = 1.001
Yo N ) oo o
073 7 0.75 1 - :?'\".
—_ » A \\ ."o‘
— ~
0501 i +oe | e -_,. 0.50 S, stedo
[\ 4
0.25 0.25 -
0.00 y 0.00
0.0 0.2 0.4 0.6 70.8 1.0 1.2 1.4 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
CL L
A
4 o Pareto
N
1
! Q front
1 0\
,_, , n|. 0¥
L | T O
w ] N
1 \
O--.
1 - o>
CL
(i) CFD (i1) Dataset (111) Training (1v) Optimization

Acquisition
function

Guidance only by

errors

(v) Selection algorithm

ISAE-SUPAERO /

* Corban et al., « Discovering optimal flapping wing kinematics using active deep learning », Journal of Fluid Mechanics (2023)
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DL is unreliable: iterative process (active learning)

2.00 2.00 2.00
STEPQ = _ Initial dataset Initial dataset Initial dataset
1.75 ““ g Predicted Pareto front 1.754 STEP 1 L e  Predicted Pareto front 1.75 STEP 2\ . P]:';(l]‘;ctell‘::reto front
i & @  Selected individuals Lso] ®  Selected individuals ®  Selected individuals
¥ DNS results = —¥— DNS results 1.50 —¥— DNS results
1.251 \53_. 1.25 A Preﬁous step 195 A Previous step
{ r.:., 9 == == Previous Pareto front
= 1.00- Yo = 1.001 \ 1.00 A
¥eon e 8 :‘;'_-;\\- N Fo=~<_
0.75- A 0.75/ N SE % 0.75 -."2"7- =
‘\ » AN YN sten
0.50 0.50/ Sad 0.50 S
la * sTeA0 A stEpO
0.25 0.25 1 0.25
0.00 !
0.0 02 04 06 08 10 12 14 %0 02 0s os 08 10 12 14 0 02 04 o6 08 10 12 14
CL CL [}

P e 2 A

f : O, Pareto

] : (e front

~z : L PY2%
i .
= | % Peny

1 1

: O-.

. : — O»

N o - o - - — - 7 CL

(1) CFD (i1) Dataset (i11) Training (iv) Optimization
Acquisition Guidance only by errors
function y by
(v) Selection algorithm
ISAE-SUPAERO / 31

* Corban et al., « Discovering optimal flapping wing kinematics using active deep learning », Journal of Fluid Mechanics (2023)
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2.00
STEP O w, Initial dataset
1.75 Y = e  Predicted Pareto front
N Y e  Selected individuals
1.50 “‘\\\;“\ ¥ DNS results
1.251
= 1.00-
0.751
0.50
0.25
0.00
0.0 0.2 0.4 0.6 70.8 1.0 1.2 1.4
CL

2.00 2.00

STEP 1 » Initial dataset STEP Initial dataset
1.754 e  Predicted Pareto front 1.75 e  Predicted Pareto front

®  Selected individuals ®  Selected individuals
1.504 —¥— DNS results 1.50 ~ ¥ DNS results
125 A Preﬁous step 4 A Previous step
== == Previous Pareto front //
= 1.00+ = 1.00 A
0.75 1 0.75 e
0.504 0.50
[EPO
0.254 0.25
0.00

ER1

* STERO

High efficiency motion

(iii) T

1sition
ction

High lift motion

(v) Selection algorithm

ISAE-SUPAERO /

* Corban et al., « Discovering optimal flapping wing kinematics using active deep learning », Journal of Fluid Mechanics (2023)
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DL is unreliable: iterative process (active learning)

2.00

STEPO A Y lnitia.ll dataset ; Initial dataset Initial dataset
1.757 ® » o Predicted Pareto front e  Predicted Pareto front e  Predicted Pareto front
i &8 lea, ®  Selected individuals ®  Sclected individuals @  Selected individuals
N L § ¥ DNS results —¥— DNS results —¥— DNS results
1.251 \1,‘ A Previous step A Previous step

N\ ”‘L‘:—‘ == ==_Previous Pareto fron
= 1.00 y

0.75
0.50 ° ° o ° ° STER 1
Active learning could be guided by uncertainties,
curiosity, surprise, novelty etc.

How to predict uncertainties?

(iii) T

1sition]
High efficiency motion ction High lift motion
(v) Selection algorithm

ISAE-SUPAERO / 33
* Corban et al., « Discovering optimal flapping wing kinematics using active deep learning », Journal of Fluid Mechanics (2023)



* Deep Ensemble (DE): multiple uncorrelated NN: uncertainties as variance of the models output

N trainings / N inferences

-

E

@ N

5 Yy 2

o A S £ E(y")
o > 5 .
Q £ £ N _’ o V(y)
A n-oN m

= fo(z) ——V

=) ~

* Lakshminarayanan et al., « Simple and scalable predictive uncertainty estimation using DE», NIPS, 2017
ISAE-SUPAERO |/ 34



* Deep Ensemble (DE): multiple uncorrelated NN: uncertainties as variance of the models output

* MC Dropout (DO): multiple correlated NN: uncertainties as variance of the models output

N trainings / N inferences 1 trainings / N inferences
D
= E
g 2
) N =¥
& v, o S ';“g(m)
= £ LN y S k =
o > ... E ]E(y ) _— dropout
3 > 3 ik o o
2 o= > —Y L E gy
E 7 Jon (z) —'y¥ g V(y*)

* Lakshminarayanan et al., « Simple and scalable predictive uncertainty estimation using DE», NIPS, 2017

* Galet al., « Dropout as a Bayesian approximation », ICML, 2016 ISAE-SUPAERO / 35



* Deep Ensemble (DE): multiple uncorrelated NN: uncertainties as variance of the models output

* MC Dropout (DO): multiple correlated NN: uncertainties as variance of the models output

DE Very good Costly

MCD S0-s0 Cheap

* Lakshminarayanan et al., « Simple and scalable predictive uncertainty estimation using DE», NIPS, 2017

* Galet al., « Dropout as a Bayesian approximation », ICML, 2016 ISAE-SUPAERO /36
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» ZigZag [Durasov et al.]: single model, but run twice!

O Start from {X, Y=0} — predict Y'= NN(X, 0) — predict Y? = NN(x, NN(x, 0))

1 trainings / 2 inferences

—> 00D

Low uncertainty
e
Large distance

Y
Small distance
p
=)
Large uncertainty

* Durasov et al., « ZigZag: universal sampling-free uncertainty estimation through 2-step inference », ICML, 2024
ISAE-SUPAERO /| 37



Lo

» ZigZag [Durasov et al.]: single model, but run twice!

O Start from {X, Y=0} — predict Y'= NN(X, 0) — predict Y? = NN(x, NN(x, 0))

O | Y2-Y?| is a measure of the total uncertainty [Foglia et al.]

* Durasov et al., « ZigZag: universal sampling-free uncertainty estimation through 2-step inference », ICML, 2024
* Foglia et al., « Do you understand epistemic uncertainty? Think again! » (under submission) ISAE-SUPAERO / 38



https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=tWRCvmEAAAAJ&sortby=pubdate&citation_for_view=tWRCvmEAAAAJ:f2IySw72cVMC

y

2. Can AI move from prediction to d

Lo

» ZigZag [Durasov et al.]: single model, but run twice!

O Start from {X, Y=0} — predict Y'= NN(X, 0) — predict Y? = NN(x, NN(x, 0))
O | Y2-Y?| is a measure of the total uncertainty [Foglia et al.]

* [Foglia et al.]: If you have uncorrelated training pairs {X, Y, Y}, then ZigZag can separate
aleatoric vs. Epistemic uncertainties

Epistemic = Cov(Yy,Y;)

* Durasov et al., « ZigZag: universal sampling-free uncertainty estimation through 2-step inference », ICML, 2024
* Foglia et al., « Do you understand epistemic uncertainty? Think again! » (under submission) ISAE-SUPAERO / 39
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 Experimental tests

Drone noise

Setup

Amplitude [dB SPL]

Outputs

Noise spectrum

* Foglia et al., « Empirical uncertainty quantification in DL: applications to fluid dynamics », Computers & Fluid (under review) |SAE-SUPAERO |
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 Experimental tests

Drone noise Airfoil aerodynamics

Setup

Outputs

Amplitude [dB SPL]
|

10 10°
Frequency [Hz]

Noise spectrum

0 2 4 6 8 10 p(Yilx)
tls]

Aerodynamic forces

* Foglia et al., « Empirical uncertainty quantification in DL: applications to fluid dynamics », Computers & Fluid (under review) |SAE-SUPAERO |

41
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 Experimental tests

Drone noise Airfoil aerodynamics
&~f~~~~~~~"“;. c
Setup . = D
Outputs
Noise spectrum '
AUROC . .
Model Drone noise  Airfoil aerodynamics Cost of training
Results
Deep Ensembles  0.99+0.01 0.98+0.01 x5
MC Dropout 0.8440.01 0.49+0.01 x1
Ours 0.88+0.03 0.87+0.02 x1.25

* Foglia et al., « Empirical uncertainty quantification in DL: applications to fluid dynamics », Computers & Fluid (under review) |SAE-SUPAERO |/ 42
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 Experimental tests

Drone noise Airfoil aerodynamics

Setup
Next step is to guide active learning using
Outputs uncertainty measu res. in INR-like architectures
(on going work)
AUROC .
Model Drone noise  Airfoil aerodynamics Cost of training
Results
Deep Ensembles  0.99+0.01 0.98+0.01 x5
MC Dropout 0.8440.01 0.49+0.01 x1
Ours 0.88+0.03 0.87+0.02 x1.25

* Foglia et al., « Empirical uncertainty quantification in DL: applications to fluid dynamics », Computers & Fluid (under review) |SAE-SUPAERO |/ 43
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1. How can Al represent complex flows?
o From CNN to Implicit Neural Representation (INR)
J
N
2. Can Al move from flow prediction to flow discovery?
o Introducing Active Learning and Uncertainties
%

3. Research vision and perspectives

o Hailsed & PhiSimAl
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Al in CFD is still new! Need to further improve methodologies
tailored to its specific challenges

ISAE-SUPAERO /| 45
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Al in CFD is still new! Need to further improve methodologies
tailored to its specific challenges

HAILSED - Hybridizing Al with Large-scale Simulations for Engineering
Design
(lead by A. Kopanicakova)

o Improve guarantees by embedding Al into simulation approaches

ISAE-SUPAERO / 46
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Al in CFD is still new! Need to further improve methodologies
tailored to its specific challenges

HAILSED - Hybridizing Al with Large-scale Simulations for Engineering
Design
(lead by A. Kopanicakova)

o Improve guarantees by embedding Al into simulation approaches

Integrative program — PhySimAl
(lead by P. Novello)

o Create an open-source toolbox with state-of-the-art models tailored to
the specific challenges of large engineering problems

o Develop hybrid and uncertainty approaches towards trustworthy models

o Benchmarks this on realistic industrial « demonstrators » el



Conclusion i 7

Z ///}‘*}Z Z

15987~ ANITI

Institut Supérieur de I'Aéronautique et de I'Espace

SUPAERO

Actually, we ar? still If | had feelings,
far from replacing CFD > | would be very
disappointed
@vismktg
pour @sparklane_f

Thank you!
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