Simulation Al:

State of the art, best practices, trends




Two Sentiments

The Revolution

Omnipresence

Leaps in model ability

New models every month

YASAI

The Mirage

Not much seems to work

Unclear what Al is supposed
to do

Negative ROI



The Revolution YASAL

Al is All Around Us:

‘

» Text [ Image [Video
Generation

* Programming Tools

« Conference Presentations

Al Generated Image
Workload: 2 seconds typing




The Revolution

Al in Simulation:




The Revolution

Al in Simulation:

*Surrogate models for faster simulation results

*Near-real-time design evaluation
*Reduced-order models

*Neural operators for field prediction

*Geometry-to-field prediction
*Meshless flow/thermal prediction

*Fast pressure, temperature, stress, or velocity estimates

*Design-space exploration
*Optimization acceleration
*Inverse design

*Parameter studies

*Sensitivity analysis
*Uncertainty quantification
*Out-of-distribution detection
«Simulation result interpolation
*Simulation result extrapolation
+Digital twins

*Real-time monitoring models
*Predictive maintenance models
Calibration of simulation models
*Model updating from test data
*Test/simulation correlation
*Material model identification
*Turbulence closure modeling
*Subgrid-scale modeling
*Boundary-condition estimation

almitial AAnAIFIAN ActinmaatiAan

*Geometry cleanup
*CAD-to-simulation preparation
*Automated boundary labeling

*Simulation setup assistants
Parameter recommendation
*Failure detection in simulation runs

*Convergence prediction

*Early stopping of bad simulations

*Error estimation

*Result plausibility checks

*Anomaly detection in fields

*Feature extraction from simulation results
*Automated postprocessing

*Report generation

*Engineering decision support
*Requirements-to-simulation mapping
*Knowledge capture from past projects
*Search over simulation archives
*Similar-case retrieval

*Reuse of historical simulation data
*Multi-fidelity modeling

*Combining 1D, 3D, test, and field data
*Generative design

*Physics-informed machine learning
*Physics-constrained prediction

*Data-driven correction of low-fidelity models
*Hybrid simulation/ML workflows

Al copilots for CAE tools

*Natural-language access to simulation data
*Automatic documentation of simulation workflows
*Risk screening before expensive simulations




Al Race YASAI

New papers present better models every month:

Miwicl Structured Mesh Point Cloud
Plasticity Pipe Airfioil Elasticity
WMT (2021) 0076 UNTT 00075 (L0355
U-FMO (2022) L34 56 00269 (239
Geo-FNO (2023a) 0074 0067 L0138 (229

L-NO) (2023) 0034 00100 00078 (L0258
[ ) I I 2 2 O 2 5 F-FNO) (2023) 00047 D070 DUDOTE 263
r a n S O V e r + + LSM (2023) 025 DsD 0.0059 0OZ1%

* GFocal (8
QMO (2024) NLVEES LNISZ (6] o g
1RO (2024) L.K33 ! (LD0EE (D] 5w
o P G OT 1 2 2025 Transolver (2024} (LN13 (N3 (0053 (O 7%
SAOT (2025) L4 LiM62 CEWIHy

Gialerkin (2021} 00120 OUO098 00118 (0240
HT-Net (20024) 00333 D059 (UGS !

2 O 2 OFormer (2023c) 0.0M7T  DO6R  (L01ES (LD E3
GMNOT (2023) 00336 M7 000076 LV

EactHormer (2023%d) o312 OLOO60 00T !

* MGN-T

1 /2026) e
Transolver 3

Tuble 4. Relative 1.2 errors (in %) of surface pressure ps and skin friction coefficient C.-'Jr on the NASA-CRM dataset, and surface pressure
2 /2026 ) s, volurme velocity w., wall shear stress 7 and volume pressure g on the AhmedML and DrivAerML datasets.

MODELS | NASA-CEM AHMEDML DrIVAERML
I Pa C"_]’ Ps u T P Ps w T P

GrarH U-NET* 15.85 15.61 .46 415 7.29 518 16,13 1798 27584 2051
GINO® 12.39 1151 790 6.23 B18 £.80 13.03 4058 2171 4490
GAOT® 038 59.79 502 T43 992 10.47 3400 5718 61.00 56.90
UpPT 1278 2378 4725 273 580 310 744 574 12.93 1005
AB-UPT 977 643 3497 1.94 5.60 2.07 J.E2 593 729 608
TRANSOLVER® .6l 704 3.20 1.81 485 241 481 6.78 895 7.74
TRANSOLVER++ 9351 6.95 347 L78 5.06 235 412 470 (.42 670

TRANSOLVER-3 | K71 585 1.96 L.60 4.81 Zla A7l 4.14 5.85 5.72




The Mirage

Why do we see so little true impact?




The Mirage YASAI

Weak baselines and reporting biases lead to overoptimism in
machine learning for fluid-related partial differential equations

Nick McGreivy!2" and Ammar Hakim?

¥ . 4 . — . . - i
Y Department of Astrophysical Sciences, Princeton University, Princeton, New Jersey, USA.
*Princeton Plasma Physics Laboratory, 100 Stellarator Rd, Princeton, New Jersey, USA.




The Mirage

Finding:

60/76 papers publish
overoptimistic results




What's real? YASAL

Hype Substance

* 60 papers were overly * 16 papers did show
optimistic or not reproducible improvements
reproducible compared to standard

numerical methods

 An additional 6 papers
published no improvement as
result



Basic Model Types YASAI

/ Plain Neural Networks: Graph Neural Networks: \

Multilayer Perceptrons GraphSAGE
Convolutional Networks (CNN) GCN
Recurrent Networks (RNN) GAT

Deep
Learning
Transformers: Neural Operators:

GPT DeepONet

Transolver FNO




Core Concepts YASAI

Convolution Memory Attention Phy5|c§
Information

e Spatial e Sequential e Fully learned e Additional
Correlations Correlations set-wise equations
correlations




Application

Research and production-ready models are usually derived from:

f Plain Neural Networks:

Multilayer Perceptrons GraphSAGE
Convolutional Networks (CNN) GCN
Recurrent Networks (RNN) GAT

Deep
Learning
Transformers: Neural Operators:

GPT DeepONet

Transolver FNO

o

Graph Neural Networks: \

Convolution

e Spatial Correlations

Memory

e Sequential
Correlations

Attention

e Fully learned set-wise
correlations

Physics
Information

¢ Additional equations




Application YASAI

Most model architectures are a blend of basic algorithms
and broader concepts

Example:

Transolver



Transolver YASAL
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1. Groups datapoints into
slices with physical
similarities

2. An attention function
weights the influence of a
slice on all points

3. Predicts the field from A e
weighted slice features B
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Application YASAI

There are dozens of new architectures published monthly

How do we know which ones are helpful?



Benchmarks

Table 2. Comparison on large geometries benchmarks. Relative L2 of the surrounding area (Volume) and surface (Surf) physics as well as
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The variety of implementations makes benchmarking difficult

| PoinT CLOUD




Benchmarks YASAL

A few more independent benchmarks exist:

Table 4: Test errors (%) of general-geometry models without parametric inputs.

Table 3: Test errors (%) of branch-trunk neural operators. Bold indicz

Model Heat sink Bracket JEB DrivAerNet DrivAer++
Model Heatsink Bracket Bracket-time JEB Best branch-trunk  0.10% (DCON) 1.75% (DCON) 47.1% (GANQ) 23.1% (GANO) 21.8% (GANO)
DeepONet 0.15% 5.90% 14.8% _
- GNO 5.69% 10.14% 61.1% 45.8% 33.8%
Geom-DespONhet 0.18% 1.84% 15.1% -
S DeepOnet ) ) - ] EA-GNO 6.12% 10.88% 58.6% 48.7% 35.8%
S-NOT ; _ 5.6% i MechGraphNet 5.94% 1127 62.9% 49.6% 46.5%
DCON 010%  175% 10.7% - GI-FNO 1.21% 3.94% 312% 25.6% 19.8%
GANO ole% T8 25%  471% FigConvUNet 0.89% 3.80% 29.8% 23.7% 18.3%
Pointhet 6.14% 8.75% 40.1% 28.5% 18.8%
GNOT 5.55% 3.58% 37.6% 17.9% 18.3%
Transolver 5.23% 2.74% 36.6% 16.7% 17.3%

Zhong, W., Liu, Q., Abueidda, D., Koric, S., & Meidani, H. (2025). A comprehensive comparison of neural operators for 3D industry-scale engineering designs.
ArXiv.org. https://doi.org/10.48550/arxiv.2510.05995



Benchmarks

NAFEMS Benchmark (results in october):
* AirfRANS Dataset (1000 NACA airfoils)
* Open-Source Models

* Vendor software?




What Works YASAL

16 models tested in the weak Successful architectures:
baselines paper were truly

.  Plain neural networks
faster than numerical solvers

e Convolutional networks

/ Plain Neural Networks: Graph Neural Networks: I
Multilayer Perceptrons GraphSAGE
Convolutional Networks (CNN) GCN
Recurrent Networks (RNN) GAT
seep * Recurrent networks
Learning
Transformers: Neural Operators:
GPT DeepONet
Transolver FNO
\_ /




What Works

Common applications

Design Space Exploration:

« Efficient DoE
* Optimize Designs

« Often:Tabular Regression

YASAI

(Near) Real-Time Fields:

* Frontloaded Simulations
 Useful when time matters

» Essentially: Very efficient
lookup and intelligent
interpolation
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A larger dataset is used to train the Al




Efficiency

: Point Cloud
Parametric
ML Neural
Networks

—

Low Complexity Model Complexity ~ High Complexity
(Dataset Size / Inductive Bias)

Megabytes of Data Petabytes of Data

Datatables Lakes of Sim Data

Local CPU Training Cloud GPU Training



Pitfalls

Avoiding pitfalls

Overfitting
Leakage

Artifacts




Overfitting

Training Loss

—Training Validation
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Leakage

A model can look good on test data

and still be wrong




True.préssure . .
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Leakage ~ _YASAI

Example:

* Training pressure fields for

airfoils

* Training data contains all
geometries

e Test data uses different held
out inlet velocities

* The model will memorize

pressure fields : 11503 ;520 P"'E.“S‘e’f‘dg mue’ 13¢e+;3

=) Predictions for new geométr-ies wiII be off




Leakage YASAI

Leakage: Effect:
 Model has information at  Models show very good
training time that is not results on test data

available on unseen data

* But perform poorly on

 Analogy: Memorizing without  anything new
understanding



Artifacts

Artifacts are hardly quantifiable




PINNSs

Physics informed neural networks (PINN):

 Don’t have to stick to their physics terms

* Introduce additional numerical instability and computational
overhead

* Don’t outperform numerical solvers

Physics information can be helpful and harmful

Naser, M. (2025). Fundamental flaws of physics-informed neural networks and explainability methods in engineering systems. Computers & Industrial Engineering, 212, 111704.
https://doi.org/10.1016/j.cie.2025.111704




More Practical Advice

Prerequisites to build a Sim-Al model:

« Simulation and application knowledge

« Example Aneurysm Al:
« Simulation Specialists
 Radiologists
* Neurosurgeons

* Cross-sectional ML expertise

* A clear project goal!




More Practical Advice

The most useful Al systems are tailored to a specific
application.

There is no general-purpose pipeline.




More Practical Advice

How to tell if an Al product is useful:

Remove Al from the description.




More Practical Advice

Al is data-driven by definition:

* It makes use of simulations

|t can’t replace simulation




YASAI

Max Kassera
kassera@yas-ai.com

+49 160 1722246

WWW.yas-ai.com
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