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Foundation model

Definition

A large-scale machine learning model pretrained on a large body of data that can

subsequently be adapted to solve multiple downstream tasks using some form of finetuning

on a few task-specific samples
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Bishop, C. M., & Bishop, H. (2024). Deep learning: Foundations and concepts. Cham: Springer International Publishing. 2



Example

Foundation model

on a few task-specific samples

A large-scale machine learning model pretrained on a large body of data that can

subsequently be adapted to solve multiple downstream tasks using some form of finetuning
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.. Perdikaris, P. (2024, May 28). Aurora: A foundation model of the atmosphere. arXiv.
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Threats

Data scaling

A large-scale machine learning model pretrained on a large body of data that can

subsequently be adapted to solve multiple downstream tasks using some form of finetuning

on a few task-specific samples
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SCHONFELD, T., AND RUDGYARD, M. Steady and unsteady flows simulations using the hybrid flow solver AVBP.



Threats
Data secrecy

« >
& SAFRAN

AIRBUS




Threats

Modeling assumptions

PoseipoN: Foundation Model for PDEs
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Threats

Weak baselines, outputs reliability, regulations
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McGreivy, N., & Hakim, A. (2024). Weak baselines and reporting biases lead to overoptimism in
machine learning for fluid-related partial differential equations. Nature Machine Intelligence.
https://doi.org/10.1038/s42256-024-00897-5
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Opportunities

Emergence of Open-data Initiatives

1. BLASTNet 3. AirfRANS
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Opportunities

Scalable architectures for SciFMs
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40th International Conference on Machine Learning.

Rahman, M.A., George, R.J., Elleithy, M., Leibovici, D., Li, Z., Bonev, B., White,
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Transformers can be scaled to many
parameters and trained on parallel
computer architecture.

Neural Operators can adapt to different
discretizations (Mesh
independence/Convergence).

Key functions £!

= “IPr

C

Latent

(g* k) (¢', K2}
Query functions | SoftMax —
q
Q r T @ (g%, k?) (@ k)
BR tent
Output function

Value functions ,

Input function 5en V r T L 22
functions . .

GNOT: A General Neural Operator Transformer for Operator Learning, in:

Presented at the International Conference on Machine Learning, PMLR, pp.
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Opportunities

Multimodality: Experiments & Simulations
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Opportunities

Explainability (xAl) & Scientific Discovery

1. U-net flow prediction
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Discovering Symbolic Models from Deep Learning with Inductive Biases.
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Opportunities

Leveraging Domain Knowledge

Symmetries and Equivariance Conservation Laws

Clifford-Steerable PDE (v)
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Opportunities

Few-shot learning/Fine-tuning

Multiple PDE datsets
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Fine-tuning Downstream tasks

/—> state: sa(z,2)

action: ax(z,2) ~ 7(|sa(z, 2))

\\—> reward: 7x(z, 2) -

Long trajectory 3D data High resolution Irregular mesh
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Opportunities
Hybrid DL/CFD models
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Opportunities

Fast and Reliable simulations for Engineering

= CERFACS ZVBP
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SCHONFELD, T.,

AND RUDGYARD, M.

Steady and unsteady flows

simulations using the hybrid flow solver AVBP.

Ma, Z., Azizzadenesheli, K., Anandkumar,

A., 2024. Calibrated Uncertainty Quantification for

Operator Learning via Conformal Prediction. https://doi.org/10.48550/arXiv.2402.01960

Liu, Q., Thuerey, N., 2024. Uncertainty-aware Surrogate Models for Airfoil Flow Simulations
with Denoising Diffusion Probabilistic Models. AIAA Journal 1-22.
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Conclusions & Perspectives

Challenges around SciFMs for CFD are due to

Data heterogeneity, high-fidelity data scarcity, data secrecy, etc.

Opportunities arise from community’s commitment to open data

CERFACS aims to build SciFMs for CFD using PhyDLL + AVBP

Feedbacks are welcome |

Fernando Gonzdlez (gonzalez@cerfacs.fr)

Luciano Drozda (drozda@cerfacs.fr)
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