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» PHYSICS X

Auto CFD results discussion

Tuesday, 13 October 2026

Confidential property of PhysicsX



»
Experiment description : Focus on scarce splits

Pre-trained model corpus::

- Geometryis Out of
Distribution(OOD)

full 400 34 50 Standard - requested , ,
Seraline - Simulator IS.OOD |
-  RANS simulations
Scarce* 67 34 50 Standard e Datainfo:
Superscarce* 11 34 50 Standard .
- Reported coefficients are

based on integrals
*Trained both from scratch and via finetuning - Fine tunning means ‘warm

start’

- Training:

- 2B200-30 hours
- 300 epochs
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’ Data factory

LPM | Neural Model Architecture

PX Neural Field Architecture

Context: Query: Query:
Subsampled Surface Surface Points

(Points)

(Normals) (Points] ¢ oints}

PX-Car-Aero-vi l

Context Self-attention

and queries

Volume Points

(Areas) kNormals] ( SDF Gradients}

%_)

Cross-attention between context

(—) {ﬁﬁjﬁ

Outputs
Scalar Forces Surface Wall Shear Volumetric

Pressure Stress Pressure
Coefficient Coefficient Coefficient

Volumetric
Normalized
Velocity

Relaxed inference-time requirements

* Both surface and volumetric fields can be predicted at
arbitrary points or none at all

Efficient scaling to an arbitrary number of predicted query points
* can process an arbitrary number of queries in chunks
Surface mesh invariance

* low sensitivity to the meshing of the surface it accepts as
input

Training Inputs
* Raw geometry mesh
* CFD Surface + Volume mesh (optional)
* Fields for both of above (optional)

* Experimental Data (optional)
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MDS-2

Chamfer distance visualisation of samples for each split

Same 50 test cars; training shrinks 400 -» 67 — 11. Colour = Chamfer distance to nearest training shape.

Full (400) (400 train)

Scarce (67) (67 train)

Super-scarce (11) (11 train)
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Error for full spli
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-®- Pred Cy (field-integrated)

0.34 - —8— GT Cq4 (constref)

Sample id (ordered by increasing GT Cy)
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Error evolution for each split

GT =+ 2 counts (+0.002)

~@— Scarce finetuned p=0.991

Drag coefficient vs sample (sorted by GT Cy) — five

models, n=50

9= GT Cy
~B - Full scratch p=0.995
~V-- Scarce scratch p=0.983

—#-- SS scratch p=0.904
—4g— SS finetuned p=0.976
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Training from scratch versus fine tunned

Cgq error vs sample — scratch vs finetuned
" +0.002 —@— Scarce finetuned mean |err|=0.0033
—— Zero error #% - S5 scratch mean |err|=0.0094
¥ - Scarce scratch mean |err|=0.0042 —&— SS finetuned mean |err|=0.0053
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»

DrivAerML | Metrics and beyond

Spearman

mean |Cd error|

min |Cd error|

max |Cd error|

Full
scratch

0.995

0.985

0.00261

0.00002

0.0114

Scarce
scratch

0.983

0.967

0.00424

0.00028

0.0188

Scarce
finetuned

0.991

0.982

0.00330

0.00017

0.0089

Super-
scarce
scratch

0.904

0.857

0.00941

0.00060

0.0253

Super-
scarce
finetuned
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0.976

0.957

0.00526

0.00023

0.0162

Full — from-scratch (64-scratch)
Ground truth

Full FS

Scarce — from-scratch (64-scratch)
Ground fruth

Scarce FS

Scarce — finetuned (64-finetuned)
Ground fruth

Scarce FT

Prediction

Delta (prediction - truth)

aita (pragiction - fruth)
00878 00% % 3439 00878
(= .

Delta (prediction - truth)

Property of PhysicsX



»
Gains hold for every field

Gains hold for every field; Cd design ranking recovers to p = 0.98.
Finetuning gain by quantity Cd design ranking (higher = better)

Bl Scarce
B Super-scarce

Spearman p (Cd pred vs truth)
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We need some colourful animations — From scratch and fine tunned

Isosurface of CpT with velocity — delta is chamfer distance to GT iso surface
Scarce Super Scarce

Scarce -- from-scratch (64-scratch) Super-scarce -- from-scratch (64-scratch)
Ground truth (|U]/Uinf) Ground truth (|U}/Uinf)

Scarce FS SScarce FS

:::::::: finetuned (64-finetuned) Super-scarce -- finetuned (64-finetuned)
Ground truth (JU|/Uinf)

Scarce FT SScarce FT
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Profiles best and worst
Best

Constant velocity profiles (16 stations, 15% of quality score) - case run_11 Constant velocity profiles (16 stations, 15% of quality score} - case run_199
this case: pooled R*2 = 099474, mean RMSE = 0.01518 | official split-level R"2 = 0.99547, RMSE = 0.01297 this case: pooled R™2 = 095952, mean RMSE = 0.03555 | official split-level R*2 = 0.99547, RMSE = 0.01297
= Ground truth === Prediction

velocity ratio |U] / U inf

autocfds_1 (RMSE 0.0132)

autocfds_rl (RMSE 0.0045)

autocfds_r2 (RMSE 0.0057)

autocfds_r3 (RMSE 0.0094)

k] a
distance_m

autoefds_ul (RMSE 0.0039)

005 010 015 020 025 030
distance_m

autocfds_u2 (RMSE 0.0192)

005 010 015 020 025 030
distance_m

autocfds_u3 (RMSE 0.0130)

005 010 0.20
distance_m

autocfdS_u4 (RMSE 0.0119)

10 15 2.0
distance_m

autocfds_us (RMSE 0.0194)

10 15 20
distance_m

autocfds_us (RMSE 0.0220)

10 L5 2.0
distance_m

autocfds_vl (RMSE 0.0044)

10 20
distance_m

autecfds_v2 (RMSE 0.0052)

10 15 20
distance_m

autocfds_v3 (RMSE 0.0280)

15
distance_m

autocfdS_v4 (RMSE 0.0311)

000 025 050 075 100 125 150 175 2.00
distance_m

autocfdS_v5 (RMSE 0.0301)

0.00 025 050 0.75 100 125 150 175 200
distance_m

autocfdS_vé (AMSE 0.0220)

autocfds_I1 (AMSE 0.0251)

— Ground truth

autocfds_rl (RMSE 0.0031)

Prediction

autocfd_r2 (RMSE 0.0036)

autocfd5_r3 (AMSE 0.0072)

3 4
distance_m

autocfd5_ul (RMSE 0.0040)

015
distance_m

autocfds_u2 (RMSE 0.0201)

015 020 025 030
distance_m

autocfds_u3 (RMSE 0.0162)

010 015 020
distance_m

autocfds_u4 (RMSE 0.0263)

10 15 20
distance_m

autocfds_us (RMSE 0.1338)

L0 15 20
distance_m

autocfds_uG (RMSE 0.1154)

L0 L5 2.0
distance_m

autocfds vl (RMSE 0.0033}

oo 05 10 15 20 25
distance_m

autocfds v2 (RMSE 0.0051)

10 15 20
distance_m

autocfds_v3 (RMSE 0.0257)

Lo 15 20
distance_m

autocfdS_v4 (RMSE 0.0726)

000 025 0.50 0.75 100 125 150 175 2.00
distance_m

autocfdS_v5 (RMSE 0.0593)

0.00 025 050 0.75 100 125 150 175 2.00
distance_m

autocfds_ve (RMSE 0.0478)

000 025 050 075 100 125 150 175 2.00
distance_m
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»
LPM | Beyond DrivAerML experimentation with the pre-trained model OOD

Surface Pressure Coefficient (R

no
o

-
=]

* Finetuning gains not just on coefficients
* Even with pre-trained model not scale resolving

Coefficient (RL2, %)

[
(=2}

Surface Pressure

* Shows great promise on how LPMs can complement

novel CFD data | 12 o 26.4% . =019
64 128
. . . Pre-training baselines N
* (Super) Scarce CFD + LPM improves predictions Volume Velocity (RL2, %)

beyond FT design envelope

(x10-3, 1)

* Fullfrom scratch is still the best model.
* Nerual Field does a great job at learning on few
hundred samples
 Hence ~in distribution predictions very good

N
(=2}

(8]
e

Volume Velocity (RL2, %)

RL2 = 32% - N~0:083

64 128
Pre-training baselines N ation Data N
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» PHYSICS X

How to make an LPM ?
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) pata factory
LPM | A data factory is just like real world factory

Q
. @
Raw materials Blueprints Production line Quality control
Geometries Simulator methods Mesh — solve/infer — export Convergence gates
CAD baselines, setup conf, Which simulator, which mesh, Jobs scheduled onto the cluster Converged? Run long enough?
morphed variants, which BC — the spec every run and worked stage by stage Diverged ? Errors ? Worth a re-
is built to try ? Hardware problem ?

i} PostgreSQL database — every step logged, so every data point traces back to its geometry, its settings and its run

48 Property of PhysicsX



) Data factory

LPM | PXsetCar Aerodynamics

We built a data factory to train large physics models, initially for automotive...

o : Diverse boundary & simulator
Aerodynamics simulation y

conditions
. 5 ) 5
Eﬁi /, %M :r)roﬁo.?o
a5 -5 5~ D _o
- Solqen=0 20k =20
A Active learning
\ J
Diverse geometries Models trained on data corpus
oy oo, /
|
[an'S =20 oy =20
tﬁ ﬁ () :}. — e —

650+ ~100 72k+

baseline car morphs per vehicle samples

geometries baseline

PHYSICS X

Produce a geometrically diverse dataset

Car Type Distribution in PXNetCar

~600-3000

CFD simulations per
day
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’ Data factory

LPM | The Data Factory — Driving efficiency of compute

volume.pressure_coeff.RL2.mean

< Every minute

]

A tick observes, GPUSs, licenses & decides

s per geometry
n

ff.RL2
ions per geometry

ume. pressure_co

lume ny

B What’s requested ?

What the modelling team needs

# unigue geometries
o(Cp) jue g

> integrated _lift_coeff truth.MAE.mean

=3
B

ean [counts (le-4)]

eometry
w
By
nea
eometry

s perg

ceff_truth.

conditions per g

ed_drag_c

P 52

# unique geometries # unigue geometries
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) outiook
Outlook | (CFD + LPM)N

Large Physics Model corpus
e Multi-fidelity simulators and experimental data

* Pre-trained ‘lower fidelity’ enables
finetune on higher fidelity CFD data

e 1D < Panel < Euler < RANS < DES < LES <= EXP

* Factory moving towards higher fidelity

e Multi-simulator combination key for
industrialization

e Active learning with UQ enables the factory to
run efficiently to scale corpus for LPM

Multi-physics is the target

* Multiple physics LPMs coupled to each other
enable system thinking

* Rapid multi point/physics models

* Goalis to reach real design robustness

Thermal & structural
power performance

Aerodynamics on demand

-2000-1500-1000 -500 O 500 1000 1500 2000 2500
Vehicle longitudinal coordinate [mm]

Battery Cooling Circuit
Performance

Battery module arrangement

25
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» PHYSICS X

Thank you !

Mani.jc@physicsx.ai
Mani Johannesson-Clark

Principal Simulation Engineer
PX Research — Model Foundry
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