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Challenges anohdustrialapplications in

A HybridAl: How to exploitindustryknowledgeof physical(scientifi¢ and
symbolic(semantig nature in datadrivenlearningmodels

A Trustworthy AlTowardsintegratingAlinto critical system engineering

A GenerativeAl forindustry. How toevaluateand advancespecialized
generativeAl modelsfor industrialapplications
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Motivation: Somephysicalbproblemsin Industry

Relatedto the design and supervision cbmplex(physica)l systems
A CQoveringvariousfieldsin physic§¥mechanicsfluid dynamicsaerodynamicselectromagnetisnX 0
A In awide varietyof Applications inndustry, in particularin numericalsimulation

Electricity (power grids) Aerodynamics Solid Mechanicspneumatics FluidFlows/Dynamics

Picture from Marot, A., et al. (2018). Picture form MerineMartinezet al. CEAS Aeronauticalurnal (2019). From HSA SystemX from EmmanueMenier (PhD, LSINystemX2024)

Domain ChallengesPhysicabystemshat are (eg , inComputationaFluidDynamics; CFD Turbulance Flows)

- Complexo model/solveanalytically

- Compuationallyexpensiveto solvenumerically



Physiceand Machine Learning

o . Power Grid (HSA Project)
. . . l .\IK/ZF P’ ¢l 0SV\llJebrstartlions and IirgjeesC
wPhysicknowledgeto guidelearning %égg , Q

Integratinggeometricpriorsin learnedrepresentationgBronstein 2017)
Geometricdeeplearning GNNand neural passing messag&jponaMartinez2019)

wDifferential equationsto improvedeeplearning
Neuraldifferential equations diffusionmodels ...

w 5 &&nidgto solvedifferential equations
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Y Promisingfor engineering it allows: Scientific Challenges
A the |_ntegr_at|onof analyﬂcknowledgefro_m physicalawsgoverningthe A Problems highlnonlinear, highdimensional,
engineeringsystems to augmentstatisticalknowledgelearnedfrom data : 2 la
: with complex structuresgg.2 NHIF YAl SR Ay
(eg bydeeplearning
A reducingthe highcostof physicakimulation, inparticularin industry A Need for adapted NN architectures: GNNs, Deep AE



PhysicdnformedMachine LearningcombiningML andPhysics

C Enablesprior scientificknowledgebasedon physicgo be takeninto accountin data-driven machinelearningmethods
e.gincludingPINNs PhysicdnformedNeural NetsW | A @apevi®Z019)

C Has beersuccessfullgndincreasinglyappliedto solve awide varietyof linearand nonlinearproblemsin physics
coveringvariousfieldslike mechanicsfluid dynamicsthermodynamicselectromagnetisnX including:

NSE+HE
Veu=0 A SolvingNaviegStokesequationscoupledwith the

dU + (usV)u =-Vp + (Re)*V?u + (Ri)9 = . . .
28+ (u+V)9 = (Pe) V28 £ — correspondingemperatureequationfor analyzingheat flow
convection (NSE+HE). Cai et al, 2021

NSE
E veu=0
% O F (e V)t = Vp F (Re)Vu E P A Solvingncompressible NaviegStokesequations(NSE). Jin et
g | al., 2020.
@
5 S A SolvingEulerequations(EE}hat model highspeed

- aerodynamidlows. Mao et al, 2019

ik Doz =0 E A Solvingthe nonlinearShrodingeEquation (SE).

RaissiM et al. (2019PhysicdnformedNeural Networks: A Deep Learning FrameworkSolvingForwardand InverseProblemsdnvolvingNonlinearPartialDifferential Equations Journal oComputationaPhysics378.0nline

Cuomo, S., et al., (2022). Scientific machine learning through physicsi informed neural networks: Where we are and w h a tnexts Journal of Scientific Computing, 92(3), 88. Read Online 6


https://link.springer.com/article/10.1007/s10915-022-01939-z
https://www.sciencedirect.com/science/article/abs/pii/S0021999118307125

HybridML modeling foisolvingPartial Differential Equations

@ Observations @ Parameters
— @ ————> f+DIfy)=
Variables
Minimization () = y)2 + (f + D [f; 7))

Al solver Differential equation

A neuralframeworkfor solvingPDIEs, where
A the AlsolverisaPINNtrainedto estimatetargetfunctionf.
A Thederivativeof x is calculatedby automaticallydifferentiatingthe b b @uputs.

A When the differential equation parametrizedby (' ) is unknown it can be estimated by
solvinga lossthat optimizesboth the functionalform of the equationandits fit to obsewy.

Wang & al. (2023). Scientifiiscovenyin theageof artificialintelligence. Nature, 62@Read Online

- Eg.Learning Computational Fluid
Dynamics

- NavierStokes Equations:
fundamentalpartial differentials
equations(PDE that describethe
flow of incompressibldluids.

C.L. M. H. NavieMemoiresur les Lois du Mouvements des Fluides, Mem. de
tQ! OFLR® R® { OA®IcI oy OMYHHD

C.G. Stokes, On tfeheoriesof the InternalFriction ofFluidsin Motion, Trans.
Cambridge Phys. Soc., 8, (1845)

- ChallengeHigh-Dimensional
non-linear Physical Equations

Credit: Emmanuel Menier, PhD LISiEtemX
h


https://www.cs.cornell.edu/gomes/pdf/2023_wang_nature_aisci.pdf

DeepNNetsfor unsupervisedepresentationLearning

Latent VariableModels Afamily of probabilisticmodelscapable ofnferring
the intrinsiclatent structure (ofreduceddimension) of the data
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—> Encoder —>E—> Decoder —->
A Variational Auto-encoders- VAE(Kingma& Welling2014)improvethe — Smai™ reconstructed
representationakapabilitiesof AEsby regularizinghe latentspacewith i il S
a Gaussiarmprior, coupledwith avariational learning S epspace T et space
t Cs —
A =>canlearncomplexdistributions. 70k :
3/";—“\\)( ..,.
A DeepNNetsare excellent candidates P )




DeepNNetsfor unsupervisedepresentationLearning

A Nnetsare capable to recover highly ndinear relationships in the data

A Adapted architectures that work in a ledimensional (latent) space
Deep/ Non-Linear

Shallow Linear
PCA/POD

RetainM <D
eigenvectors
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Input Output

PODproperorthogonaldecomposition
PCA: principal componeanhalysis

Brunton, S. L., Noack, B. R., & Koumoutsakos, P. (2020). Machine learning for fluid mechanics. Annual review of fluid mechanics, 52, 477-508. Read Online
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