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Fluid Dynamics
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● Studies the motion of fluids and their interactions with bodies
● under the effect of forces, temperatures or concentration differences, …

● Omnipresent in a range of scientific domains, from aerospace to health

● Non linear, multiscale problems

● High-fidelity Computational or Experimental Fluid Dynamics (CFD, EFD)   
   must resolve all scales à very costly or impossible

● Lower-fidelity descriptions miss part of the Physics

● Transformative potential of AI in Fluid Physics
● Generate AI-driven flow models at a fraction of time and cost 

 à Replace costly simulators and experiments with AI emulators

  à Supplement incomplete experiments or  models by learning from data
Nicoud et al., 2021

https://svs.gsfc.nasa.gov/3827/



AI emulators of costly simulators

Major advances in Weather and Climate models

§ Neural operators learn the solution operator
• FourCastNet (NVIDIA): Fourier ForeCasting Neural Network
• Aurora (Msoft)

§ Accurate short to medium-range global predictions at 0.25◦ 
resolution (about 25 Km)

§ Dramatic reduction of CPU cost (factor 1000)
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Caveat: trained on large amounts of historical data for the same 
environment (Planet Earth)



Learn and recognize physical processes
§ Identify common flow processes within and across flows

§ Represent processes in a suitable feature space
§ Reconstruct complex environments from simpler components
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Roques et al., 2023

Challenge: invariant and interpretable features to describe relevant processes

Clustering of time dynamics (Kaiser et al., JFM, 2014)

Test

Train

Identification of 
spatial dynamics 
across flows
(Roques et al. 2025)



Infer constitutive laws from observations
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Optimize, characterize, control

• Automated design and optimization
• Uncertainty quantification
• Digital Twins and real-time simulation
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Operational uncertainty 

Geometric uncertainty 

RANS Modeling 

De Zordo Banliat et al., 2020
Sayadi et al., 2020

Sureshbabu et al., 2023



Large Language models for fluids

§ Pretrained on large datasets, fine-tuned on fluid-related datasets
• Historical data, pre-existing simulations and experiments, manuals, 

literature, user forums..

§  A measure of human oversight remains critical to ensure correctness 
and adapt to evolving context

7Bommasani et al., 2022



Challenges

Machine Learning models not generalizable outside their training sets
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§ Need for context-aware generalization techniques

 à Learn commonalities among different flows
 à Use context information to predict unseen flows

•  à Include inductive biases from physical principles

§ Careful selection of training data to avoid biases

§ Data availability? Intellectual property? 
 à Health data, military and dual-use applications…

§ Human supervision and critical analysis remains essential

 à AI assistant, not AI researcher!


