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What We Build at Pasteur Labs

Data Generator

Real-time Visualization: )
Steering Wheel Stress Distribution’

AutoPhysics Emulator

Numerical Simulations and Physics-Al for o 175 et
industry-grade engineering workflows. — | A A. ,ﬁ}

‘What-if” Surrogate ¢

Adaptive Space Surrogatei

From automated CAE data engines
to Physics-Al models and
fully differentiable optimization pipelines.

Use state-of-art prediction models, Real-time design validation,
auto-tuned for your designs & data, with operational scenarios,
L without Machine Learning expertise! ) L without CAE wait times!
Workspaces

Testbeds: Automated CAE data engines
Tesseract power runsin

AutoPhysics: Pre-Conf. Components & Workflows Catalogue
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Our Flagship Models

Run Overview

Sequential vs. Combined vs. Separate Training
Data Scarcity

Downsampling Impact

Explainable Models

Just run everything in the Sl Platform

DrivAerML
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Courant: Interpretable Neural Surrogates for CAE

e Neural surrogates speed up numerical simulations
but behave as black boxes.

e Unlike FEM, engineers cannot easily inspect or
validate what they are doing.

e Courant stays accurate while also being explainable
at scale

o  Bytyinglatent embeddings to spatial
anchors and using an affine decoder

o  Every full-field prediction decomposes
exactly into a local, adaptive,
partition-of-unity-like basis.

Kumar, Bjorgaard, Bouklas, Salvador, Lavin (arXiv:2605.25115)
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Figure 1| Design of Courant across encoder, processor, and decoder. Selected point anchors are used to compress the
input point cloud into latents using Perceiver layers. The processor evolves the latent anchors through a NeuralODE
using self-attention for the right hand side operator. The decoder is a separate cross attention layer followed by a

linear layer. At inference time, the latents can be decoded separately.
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https://arxiv.org/abs/2605.25115

RWR: Neural PDE Surrogate with Local and Global Processing

message passing latent attention
e Global surrogates (latent-token attention) act like a each node updates from its mesh neighbours compressed to a few tokens, processed, expanded back
spatial low-pass filter and smooth over fine local detail. (L Ve S
e Local surrogates (mesh message-passing) capture fine /\\*. e E T

details but cannot propagate information across large
meshes.

the field a surrogate has to produce

- -
message passing sees ® latent attention returns

e RWRinterleaves both acting as the two halves of a
multigrid cycle, one correcting low-frequency error, the e - -
other high-frequency error.

sharp, but only within its reach the whole domain, but peaks

message passing latent space message passing
along mesh edges, X mj read — attend - write, X r along mesh edges, X m»
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each node sees every point reaches every other each node sees
its neighbours through L latents its neighbours
i 4
b st i e i repeat the block through the depth of the network —=—==—======== !

Kumar, Zimmermann, Bjorgaard, Chaplais, Bouklas, Salvador, Lavin (arXiv:2608.21677) @ PASTEUR LABS


https://arxiv.org/pdf/2608.21677

RWR: Neural PDE Surrogate with Local and Global Processing

Global surrogates (latent-token attention) act like a
spatial low-pass filter and smooth over fine local detail.

message passing latent attention

each node updates from its mesh neighbours compressed to a few tokens, processed, expanded back

Local surrogates (mesh message-passing) capture fine
(
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details but cannot propagate

RWR: between MGN and RWP

7 surrogate has to produce

meshes. MGN RWP

e

local message passing global latent attention

e RWRinterleaves both acting
. . . only (r =0) (ma1, r, m2): both only (m = 0)
multigrid cycle, one correctil ’ R ’ - -
Other high_freq uency error. ° iF;\é\?Fa(ticgrrEl;ir(];lsog(?)s.sage-passing sweeps m (local) with latent read-write

latent attention returns

the whole domain, but peaks averaged away
e Setmi=m:2= 0 andyou get RWP, the Read-Write Perceiver; drop r and
you get MGN.
MESS| e Oursubmissions: RWR for the surface fields, RWP for the volume yage passing
fields.
along me esh edges, X m»
- _J
u(t) —» - - —u(t+1)
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each node sees
its neighbours

every point reaches every other
through L latents

each node sees
its neighbours

Kumar, Zimmermann, Bjorgaard, Chaplais, Bouklas, Salvador, Lavin (arXiv:2608.21677) @ PASTEUR LABS
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Run Overview

Submission Output Split (train cases) Strategy Volume model

training sequence combined p wss surface full (400) combined - [ ] ®
individual_p_wss surface full (400) separate - [ ] [ ]
combined_u_p surface + volume full (400) combined RWP o [ ]
individual_u_p surface + volume full (400) separate RWP o o
pin_u_p surface + volume full (400) pin (p as input) RWP [ ] [ ]
courant_combined_u_p surface + volume full (400) combined Courant (3] [ ]
courant_individual_u_p surface + volume full (400) separate Courant [ ] [ ]
courant_pin_u_p surface + volume full (400) pin (p as input) Courant [ ] [ ]

sample scarcity scarce_combined_p_wss surface scarce (67) combined - (&)
scarce_individual_p_wss surface scarce (67) separate = Q
scarce_combined_u_p surface + volume scarce (67) combined RWP [ ]
scarce_individual_u_p surface + volume scarce (67) separate RWP [ ]
super_scarce_combined_p_wss surface super-scarce (11) combined = [ ]
super_scarce_individual_p_wss surface super-scarce (11) separate = [ ]
super_scarce_combined_u_p surface + volume super-scarce (11) combined RWP [ ]
super_scarce_individual_u_p surface + volume super-scarce (11) separate RWP ®

downsampling ds50 surface, p only full (400) VTK 50 % - [}
ds50match surface, p only full (400) full mesh - [ )
ds90 surface, p only full (400) VTK 90 % = [ ]
ds90match surface, p only full (400) full mesh - [ )
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Surface - Full Split

relative L2 error [%] Evaluator total score
R? (higher is better) (lower is better) (higher is better)
12

1.00- 60 - maximum 60
S 0.98 -
o
o
-
©
£ 0.96-
©
@
(%2}
<
©
=094 1
o

0.92 1

0.90- 0

cd Cl Cm pitch Cp profiles surface surface total score
pressure wall shear

Em Combined model (p + WSS) BN |ndividual models (p | WSS)
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points

Surface - Scarce Data - Score Breakdown

Field score (max 50) Force score (max 100)
L2 of surface p and WSS Cd, Cl, Cm pitch
L
40 - 2501
31 33 227
30
21, 22 )
20- g 200 Mesh based model,
o
o
10- S fitson 1 GPU
o o 2 150+
super-scarce scarce full super-scarce scarce full 2
11 67 400 11 67 400 o
<
. . g 100+
Diagnostic score (max 40) Overall score (max 60) =
Cp profiles 0.5 field + 0.25 force + 0.25 diag. o
£
40 777377735 """ iinnn i~ m B0 |- g e e ©
=]
50
30+ - 22
40 A 7.3
20 - 30 combined separate combined separate combined ' separate
| super-scarce scarce full
20 11 training samples 67 training samples 400 training samples
10+ 104 4.7 M parameters per model 4.7 M parameters per model 4.7 M parameters per model
i super-scarce scarce full super-scarce scarce full
11 67 400 11 67 400

E Combined model (p + WSS) B Individual models (p | WSS)
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Submission Overview - Volume - Full Split

relative L2 error [%]

. 'R? (higher is better) (lower is better)

16

1.00+ 14 -

13.2%
12.8%
12.4%

0.98 1

0.96

0.94 -

R? (axis starts at 0.90)

0.92 1

0.90- 0-
Cd Cl Cm pitch Cp profiles U profiles volume volume
pressure velocity

B combined B separate

I pin (surface p as input)
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Submission Overview - Volume - Full Split

relative L2 error [%]

. 'R? (higher is better) (lower is better)

16

1.00+ 14 -

13.2%
12.8%
12.4%

0.98 1

0.96

0.94 -

R? (axis starts at 0.90)

0.92 1

0.90-

0 o
Cd Cl Cm pitch Cp profiles U profiles volume volume
pressure velocity

B combined B separate

I pin (surface p as input)
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Training Strategy - Volume - Score Breakdown

Field Regional error statistic Zone details

Volume pressure N Typical case (median) ¥ Underbody & wheels envelope o

3 compatible results shown on the exact volume pressure support. Regional values have zero official scoring weight.

Volume geometric zones - Volume pressure Where total error comes from

Exact evaluator partition shown schematically Share of the field's pooled squared error - each method totals 100%

upstream | outer

RWR - pin
near-body upper near wake Surface p as
input
2075
underbody & wheels
RWR - separate
-2 -0.85 3.65 6.0

streamwise x (m)

Near-body upper
-085<x<365m,|y|<1.25m,0.75<2<2.0
m RWR - combined

Underbody & wheels
-0.85<sx<3.65m,|y|<1.25m, z<0.75 m

Near wake Upstream & outer

365<x<6.0m,|y]<20m,z<25m all remaining native volume cells

o

10 20 30 40 50 60 70 80 90 100
Share of total squared error (%)

These are coarse Cartesian envelopes. The underbody-and-wheels zone is not an

. Underbody & wheels Near-body upper Near wake Upstream & outer
exclusive floor boundary-layer or wheel-patch mask. . . . .

) PASTEUR LABS



Training Strategy - Volume - Score Breakdown

Accuracy inside each zone

Typical case (median) - regional relative L? error - lower is better

25

- - N
o (5] o

Regional relative L* error (%)

o

Underbody & wheels Near-body upper

Near wake Upstream & outer

.RWR - pin .RWR - separate .RWR - combined
Surface p as
input
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Training Strategy

surface models (RWR)

Drag Cd

Lifecl

Front lift CIf

Rear

ar

Pitch moment

Cp profiles

Surface pressure field

Surface wall shear field

P, low z, horiz. faces

P, low z, other faces

p, high z, horiz. faces

P, high z, other faces

full scarce

no clear winner

super-scarce

no clear winner
combined -46%

no clear winner

separate —32%
no clear winner
separate -46% separate -34%
no clear winner no clear winner

no clear winner

no clear winner

separate -22%

no clear winner

no clear winner

separate -12%

separate -11% separate -9%

no clear winner

volume models (RWP; pin only on the full split)

Velocity profiles (RWP)

Volume velocity field (RWP)

Volume pressure field (RWP)

P underbody + wheels (RWP)

p near body, upper (RWP)

p near wake (RWP)

P upstream + outer (RWP)

U underbody + wheels (RWP)

U near body, upper (RWP)

U near wake (RWP)

U upstream + outer (RWP)

separate ~10% vs combined R —
separate —13% vs combined combined -5% vs separate
pin ~77% s separate combined ~36% vs separate combined ~18% vs separate

pin ~79% vs separate

pin ~79% vs separate combined ~39% vs separate

pin —63% vs separate

no clear winner

combined —36% vs separate combined —20% vs separate
no clear winner

combined —19% vs separate

combined —4% vs separate

pin -18% vs separate combined -42% vs separate combined —16% vs separate

no clear winner separate —14% vs combined combined —7% vs separate

combined —4% vs separate no clear winner

separate —6% vs combined separate —7% vs combined
separate —19% vs combined

Surface p as
input

no clear winner
pin -11% vs separate
no clear winner

no clear winner

N separate WM combined  WEE pin

velocity profiles (RMSE / Ue)
volume velocity, rel. L2
volume velocity, per-cell MAE
volume pressure, rel. L2

volume pressure, per-cell MAE

pressure: underbody + wheels
pressure: near body, upper
pressure: near wake

pressure: upstream + outer

velocity: underbody + wheels
velocity: near body, upper
velocity: near wake

velocity: upstream + outer

RWP volume model, full split

-78%

-71%

-79%

-82%

—-63%

T
-100

Combined model as baseline

RWP, scarce (67) RWP, super-scarce (11)

4., -10% -18%
—0% -13% +5%
2% -10% +2%
_— +56% +23%
— +46% +21%
- +57% +25%
~14% +63% 1%
-1% +4%
-37"_/»23% +73% +19%
~1% ~14% 7%
+1%
~le% . -7%
1% ~19%
. : . ; . " \ .
-50 0 50 -100 =50 0 50 -100 =50 0 50

error change vs combined [%] error change vs combined [%] error change vs combined [%]

mmm separate models B pin: surface p as volume input faded: change < 3 %
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Downsampling - Why and What is the Impact?

Why: Fit the problem
to the resources at
hand

method how it picks 10 % of the nodes cost
ONE-TIME VTK REMESHING / DECIMATION

vtkDecimatePro + sample *x mesh decimation (topology kept), cell values averaged to points 109 s, once
vtkQuadricDecimation quadric-error mesh decimation, point data interpolated 144 s, once
vtkQuadricClustering uniform spatial bins, one representative per bin 39 s, once
ACVD remesh isotropic remesh, fields re-interpolated onto it 69 s, once

ON-THE-FLY SUBSAMPLING, EVERY EPOCH

random subsample fresh random 10 % of the nodes each epoch (point cloud)

0.16 s / epoch

graph subsample *x random node drop on the cell-adjacency graph, mesh kept

1.15 s / epoch

© PASTEUR LABS



Downsampling - Impact

Original mesh Graph subsampling, one draw (10 %)

vtkDecimatePro, one-time 10 %

5,599 nodes in window

50,473 cells in window 5,273 cells in window

graph subsampling (10 %), 20 epochs

One-time vtkDecimatePro (10 %)
mean JS divergence = 1.0e-05

JS divergence = 1.1e-02

original, 100 % of nodes original, 100 % of nodes
] == downsampled once, 10 % one epoch, fresh 10 % draw

10734 i
2 10 ] 1
[0 ]
°

1074 J

107 v ' t ' i v v ' ' ! ; '

—4000 -3000 -2000 -—1000 0 1000 —4000 -3000 -—2000 -1000 0 1000

pressure p [Pa] pressure p [Pa]
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Downsampling - Impact

Original mesh

vtkDecimatePro, one-time 10 % Graph subsampling, one draw (10 %)

Share of original nodes seen at least once

88 % seen after 20 epochs
50,473 cells in window 4 0.6 In window
©
One-time| ¢ ochs
JS diverggq 5
: - 0.4+
origin|
. == down on-the-fly subsampling: fresh 10 % every epoch
1073 0.21
] one-time 10 % selection: the same 10 % forever
z2_ 0.0 - . . .
2107 1 5 10 15 20
= i epoch
10_5': ]
107 v ' t ' i v v ' ' ! ; '
—4000 -3000 -2000 -—1000 0 1000 —4000 -3000 -2000 -—1000 0 1000

pressure p [Pa]

pressure p [Pa]
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Downsampling - Comparison

Pressure relative L2 error [%] Pressure field score ' - Drag Cd, R2
lower is better higher is better (0 to 100) higher is better (axis starts at 0.6)
14 -
100 - 1.1
12 4 11.3
096 99 0.99
10.5 80 1 1.0 1 =r==s1.00
101
8 - 60 - ——'60 0.9 0.77
7.0 - =(.87
6 6.0 5.6
4.6 40~ 0.8~
4 —— -30
201 0.7 1
2 -
(ehs 0 0.6 -
ds50 ds50match ds90 ds90match ds50 ds50match ds90 ds90match ds50 ds50match ds90 ds90match
Perfect model: (graph) (graph) (graph) (graph) (graph) (graph)
100% accuracy
on downsampled I trained on the full mesh with graph subsampling (ds50match, ds90match) = = ceiling: a perfect model on that mesh

mesh I trained on a VTK-downsampled mesh, interpolated back to full mesh
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Downsampling - Comparison

Pressure relative L2 error [%] Pressure field score Drag Cd, R?
lower is better higher is better (0 to 100) higher is better (axis starts at 0.6)
14 -
100 1.1
12 1 ( )
Graph subsampling beats one-time mesh downsampling 0.99
101
50 % reduction VTK mesh 7.0 % (Cd R20.96) graph 4.6 % (Cd R20.99)
81 17
e 90 % reduction VTK mesh 11.3 % (Cd R20.77) graph 5.6 % (Cd R?0.99) = =0.87
6 6.0
4.1 o Lower pressure error, drag R? stays 0.99
o e VTK: faithful coarse mesh needs interpolation, watertight and smooth surface
2- e Training only needs a healthy graph
\_ J
o e . o HNE  ENE EE 0 NN ENE
ds50 ds50match ds90 ds90match ds50 ds50match ds90 ds90match ds50 ds50match ds90 ds90match
Perfect model: (graph) (graph) (graph) (graph) (graph) (graph)
100% accuracy
on downsampled B trained on the full mesh with graph subsampling (ds50match, ds90match) = = ceiling: a perfect model on that mesh

mesh I trained on a VTK-downsampled mesh, interpolated back to full mesh
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Explainable Models - Latent Decomposition - Analogy Harmonic Modes

Global modes: whole beam, oscillating Latents: local patch each, weights sum to 1
1.0 . 1.
208
) 0.5 o
3 206
o 00 s
Q 5 0.4
2 g
n —-0.5 % 0.2
plu——— L - T 00 : : : : .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
position along the beam x position along the beam x
_ Modal sum (force at a = 0.3, Q/w1 = 2.5) _ Latent sum, one fitted value per latent
c ‘ c
g -5.0 g =5:0
S, s
. o -25 o -25 N
Harm Mod 5 2 < Latent Decom
armonic Modes ¢ , g atent Decomp.
x o x :
Q [
T 25 T 25
k= = exact amplitude = = exact amplitude
E’ 5.0 == 2 modes (2.8 % RMS error) g- 5.0 — = 6 latents (7.6 % RMS error)
© T T T T T T © T T T T T T m
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 )
position along the beam x position along the beam x
16.61 17.0 .
) =} 14.9 :
g 15 g1s B
310+ g10 ]
2 2
3 . s .
E 51 £ s
1.22 2.2 1.6
0.08
0 -0.05 -0.03 &
moae 1 motlie 2, moclie 3 moc'je 4 moclie 5 L'1 L'2 L'3 L'4 LIS L'6
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velocity change without the latent

Explainable Models

r4_

S €
E Where each latent dominates, per sample (one marker shape per sample) , e '3
'*C: ® latent405 @ latent434 @ °
o 141 @® latent 457 @® latent141 A @
3 ® latent 37 D latent 407 A & ® 2
u @® latent 157 @ latent 155 5] ® )
- 1.2 1 @ latent307 @ latent 257
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a 0 o
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£.0.8 1 » |
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Explainable Models

Time-averaged Cp on the body surface

1.0
1.0 4
0.5
1.0 oir)
05 -~ 004 00 &
0.9 -0.5
-0.5
T ! T v
0 1 2 3 -1.0
X -1.0

latent503 W latent171
latent79 W latent 186
latent 349 W latent 307
il i 1.0 latent 37 W latent 457
Dominant latent on the body surface: side, top, front .
1.0 w
0.5
o2 > 004 |}
it
0.0 hts
-05
0 1 2 3 ~10
x
x
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Chained Inference Workflow in SI Platform

Boundary
case

Attach case
globals

boundary mesh in, surface pressure out

Surface
plots

RWR
inference

Write surface
predictions

Pressure
hand-off

Courant

inference

Volume case
on worker

Courant
latents

Write
predictions

the hand-off zeroes every solved volume field
and attaches the case's geometry parameters

PasteurEval
on worker

scored against the untouched case

Scores
page

E . J




