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Supersonic Transport (SST) Design Challenges

1. The “locked-in” effects:

* Higher design confidence is needed in
conceptual design

WING APEX

FUSELAGE

Wilde 1969 [

[1] Wilde and Cormery, “The aerodynamic derivation of the concorde wing,” 1969 Stanford University
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Supersonic Transport (SST) Design Challenges

1. The “locked-in” effects:

* Higher design confidence is needed in ot < ¢
conceptual design _ il
2. Conflicting objectives: 3 M -4‘
* Supersonicvs. subsonic performance f RN ’ e f Afe-tail
2 i | .
=

 Stability considerations

¢ ‘ Aft-deck

Aft-deck Aft-deck

+Aft-tail ' E 3142:*»

CL, Stability Axis Livhe 2024[2]

[2] Livne et al., “Compilation of Supersonic Configurations at Low Speeds (SCALOS) Final Report . .
and Appendices A-F,” 2024 Stanford University
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Supersonic Transport (SST) Design Challenges

1. The “locked-in” effects:

* Higher design confidence is needed in
conceptual design

2. Conflicting objectives:
* Supersonicvs. subsonic performance

 Stability considerations
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3. Modeling limitations: : RSAC, Re = 10E7

0.10+ LF

e LF methods may produce biased T

predictions that mislead search direction "

0.00
* HF methods can be costly, fragile, and

often infeasible
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There is a fundamental fidelity-cost gap:

The desired level of analysis fidelity for conceptual design is often
unattainable because of the cost required to generate it.

Two Paths to Close the Fidelity-cost Gap

Reduce the HF Cost Knowledge Transfer to LF Runtime
* Parallelization and GPU * Correct LF analysis using sparse HF
acceleration: O(hrs) —» O(min). observations.
* Workflow automation: agentic * Builtupon the current conceptual

DOE, case setup, and meshing. design workflow.

Stanford University
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Multi-fidelity Methods and Surrogate Models

“multi-fidelity methods use low-fidelity models to reduce the runtime ... but
recourse to the high-fidelity model to preserve the accuracy of the outer-loop
result...” - Peherstorfer 2018 13!

Vur =i2) yLe(2) +£Z) [4]

Yur =F C yrp,z) B

Surrogate Models: bridging the fidelity-cost gap

[3] Peherstorfer et al., “Survey of multifidelity methods in uncertainty propagation, inference, and optimization,”2018
[4] Kennedy and O’Hagan, Bayesian Calibration of Computer Models, 2001

[5] Fernandez-Godino, Review of Multi-fidelity Models, 2023 Stanford Un1ve1'51ty
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The Big Picture

LF Simulations A MF Results
RSAC, Re = 10E7 “Usefu l” RSAC, Re = 10E7
0.10 e IF . . —— MF
0.05 —— T Multi-Fidelity 0.02 —— W
0.00 Surrogate 0.00
S -0.05 Model S —0.02
-0.10 -0.04
-0.15 @
—-0.06
-10 0 Aég(“) 20 30 i -10 0 Aég(“) 20 30

What makes a surrogate model “useful” for conceptual design?

Stanford University
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Useful Features of MF Models

1. Generalization across the
design space
e Learn from sparse HF
samples

HF Samples

Stanford University



Useful Features of MF Models

1. Generalization across the
design space
e Learn from sparse HF
samples

2. Computational efficiency for
online use

* Design framework
integration

[6] Wendorff et al., “SUAVE: An Aerospace Vehicle Environment for Designing Future Aircraft,” 2020
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»

Wendorff 2020 (¢!
Optimization

Modeling

Assessment

MF Surrogate
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Useful Features of MF Models

1.

Generalization across the

design space

e Learn from sparse HF
samples

Computational efficiency for
online use

* Design framework
integration

Prediction of field quantities
* High problem dimension
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Arbitrary
QOls

Field
insights

Stanford University
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Literature Review

1. Scalar Surrogate Models Volume
> Gaussian-Process Regression
> Support Vector Machine
> Artificial Neural Network

c
@]
> ‘»n
(- |
CI)Surface
£
SVR,, v
e
‘ .Guimarae52021
S SVEw Kilic2025
//—// S Mukhopadhaya2020
HF c :
alelted Moderate Broad
Oinputs Opredic model . .
K|[|c2025 Generalization

[7] Kilic and Nikbay, “A comparative study on multi- fidelity machine learning modeling for aerospace . )
problems,” 2025 Stanford University
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Literature Review

1. Scalar Surrogate Models Volume
2. Reduced-Order Models
> POD/POD-Kriging

A(ou2024

JVIrosek2019
Surface

PeckerZ 023

Dimension

Standard
Ap=F(A)
A

Feature = st o
TCA POD - — -

[P0/ |, T _
H= F(ALTca)
Mode lMo e .GU|maraKﬁ;5c22DO2215
' GFK A
A= F(AL6rK) AVIu khopadhaya2020
ScaL .
: e Imited Moderate Broad

Kou 2024 8 Mrosek 2019 Generalization

[8] Kou et al., “transfer learning for reduced-order modeling of transonic flows using multifidelity data,” 2024 . .
[9] Mrosek et al., “Reduced-order modeling of vehicle aerodynamics via proper orthogonal decomposition,” 2019 Stanford University
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Literature Review

1. Scalar Surrogate Models Volume
2. Reduced-Order Models
3. Image-based Neural Networks
2024
> CNNs c £
o Song2022
>~ PINNs g JIrosek2019
@ Surface |wassing2025
E Decker2023
Initial Trained -5
v . v . Inpu::ndf;?‘l'HFS] Inpultndfr:':"['HFS]
)'(”)Q(#\' Encoding Encoding
] “, ‘{ ‘\ : ot B Guimaraes2021
: /\ /\ )@ THES e Kilic2025
. .A. iassss — Scal Mukhopadhaya2020
. " i °m A hited Moderate Broad
Wassing 2025 Song 2022 Generalization

[10] Wassing et al., “Physics-Informed Neural Networks for Transonic Flows around an Airfoil,” 2025 . .
[11] Song and Tartakovsky, “Transfer learning on multifidelity data,” 2022 Stanford UIIIVEI'SIty




Literature Review

Scalar Surrogate Models
Reduced-Order Models
Image-based Neural Networks

B W=

Operator Learning

Surface Geometry Volume

IR

-

< »
« »

Alkin 2025 [12]

[12] Alkin et al., “AB-UPT: Scaling Neural CFD Surrogates for High-Fidelity Automotive Aerodynamics Simulations

via Anchored-Branched Universal Physics Transformers,” 2025
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Literature Review

1. Scalar Surrogate Models Volume
Ikin202
2. Reduced-Order Models ¢
3. Image-based Neural Networks Jmmordino2025
- 2024 §12023
4. Operator Learnin £
P g S Song2022 praff2021
5. Geometry-Aware NNs B Mrosek20
C Surface —
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Encoder> Gral’rowaJrNeurDit}delNetworks E PECKE'I'2023
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[13] Pfaff

Immordino 2025 (14 Generalization

et al., “Learning Mesh-Based Simulation with Graph Networks,” 2021 Stanford University

[14] Immordino et al., “Predicting transonic flowfields in non-homogeneous unstr. grids usingautoencoder GCN,”2025
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Research Objectives

Develop multi-fidelity field data surrogate modeling framework
that brings high-fidelity-informed corrections to low-fidelity
design workflows.

Stanford University
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The Big Picture, Refined

LF Simulations MF Surrogate MF Analysis
RSAC, Re — 10E7 VLM-09120000EF-AOA:16.00° RSAC, Re — 10E7
0.10 —— LF =
10 0.02 — MW
0.00 £ o 0.00
S -0.05 = S —0.02
10
~0.10 1 -0.04
0.15 20 25 30 xa('s] 4 45 50
' —-0.06
-10 0 10 20 30 -10 0 10 20 30
AOA (°) GNN-09120000EF-AOA:16.00° AOA ()
15
10
5
£ .
:e MF Fields
-5
10
15
20 25 30 35 40 45 50
X[m]

Stanford University



Research Objectives

|
Multi-fidelity Field
Surrogate Modeling

“How to build it?”

]
Dataset and
Scaling

“What’s the cost?”

) aerospacedesignlab

Conceptual Design
Integration

“How to use it?”

Develop VortexNet to .
correct VLM pressure
fields with CFD data.
Deliver higher fidelity g

(w/VLM) and geometric
generalizability.

Quantify data-model-
accuracy scaling
for VortexNet training.

Release an open-source
multi-fidelity low-speed
SST aerodynamics
dataset.

Integrate VortexNet in
conceptual design.

Demonstrate fidelity
gains through a shape
optimization problem.

Stanford University
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Multi-fidelity Field Surrogate Modeling

| | 1|
Multi-fidelity Field Dataset & Scaling Conceptual Design
Surrogate Modeling Integration

§ aerospacedesigniab Stanford University
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Problem Definition/Dataset

15 Delta wings:
NACA-4 0010 0016 0024 2416 4416

550 } EE— ~—— ’ — pa——
65° > —_— ~e— —— — —
75° » — ~—— ~——— — .

40 free-stream conditions:
e Re, :6.5 x 10°to 1.0 x 107; AOA: 0° to 20°; Ma, :0.35t0 0.5

Stanford University
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Reference State and Graph Definition

vimackr A crp ¢, SU2 CFD ACLF

SUANE code

LF and HF fields
approximate the

AC, establishes
the reference
state, where

same underlying

physical state. srgl:l:l_efldce;ir%e
| correlated.
R -
Cp, upper gsasa Graph Conversion
RSP Nodal Feature [12x1] ___g_rgag_h_g___
: VLM AC, 2x curvature [m7] ' I
camber AOA [rad] 2x chord-wise slope ——0
+ Ma, control pointx.[m] | "1 T [~
Re, control pointy, [m] .
thickness [m] control point z. [m]

Stanford University



VortexNet Architecture

Key features:

Japoou3 ndu)

* U-net style autoencoder. I<§

v’ Capture high-and-low

frequency features.

e Multi-head message
aggregation convolutional
block using Graph Attention
Network [13],
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Japooag nding

The network learns:

ACy"~ Aczlajred =F(G", wy)

Input Encoder

e
=
=
o
(o]
=]
=
=

Convolutional Block

WIoNLITEg

Output Decoder

AUODZALYD
WIoONYNEg
(reuondo) o4

[15] Velickovic et al., “Graph Attention Networks,” 2018

Stanford University
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VortexNet Training and Loss Function

Multi-fold training:

* Ineachfold, 25% of the training set is reserved as cross-validation set.
Loss function:

L = SmoothL1Loss (ACI?F, ACgred) + A PhysicalLoss (AC;red)

Physical Loss improves model generalizability.

PhysicalLoss = ||AIC Pred (ACE™®) — RS

Exponential decay weight A allows VortexNet to shift learning attention

from global features (physics driven) to local features (data driven)
towards the end:

A = A"*¥exp |

Amin/Amax

i—1D]forie{1,.., K}

Stanford University
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Results Organization

1. Performance evaluation:
* Evaluate geometric generalizability through interpolated geometries
0010 0013 0016 2416 3416 4416

T T
___Em
T T

N
E

* Pressure field prediction: qualitative and RMSE(AC},’red,ACEF)

e Cy, Cy prediction: NRMSE(gPred, g¢FP) = RMSE/qCFP

2. Prediction mechanism explanation through information ablation
Stanford University

;
;
_ i
H
.

e 2 Tests:
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Test Geometries, Pressure Field Prediction

55° NACA 0010, AOA: 12.3°, Mach: 0.36, Re: 7.43e+06

VLM AC VortexNet ACHe? CFD Reference AC}F 1.4
0.4 0.4 12
0.21 0.21 1.0
E E 0.8 %
£ o0 E 0.0; S
i g 0.6
—-0.21 -0.21
0.4
—-0.4/ —-0.41 .
: 0.0 0.5 0.0 0.5 e
X [m] X [m] X [m] g

Sweep Angle [°] Root Airfoil (NACA 4-digits)

0013 3416
60 0.1441 0.2695
70 0.2106 0.3293

Stanford University



Error [%)]

Error [%]

Test Geometries, QOIs Prediction

C., VLM to CFD

Cm, VLM to CFD

60 60
50 50
40 40

30
® 20
& 101
0
-10 -10
-20 -20
=305 10 15 20 25 3% 10 15 20
AOA["] AOA["]
60 C;, VortexNet to CFD 60 Cu, VortexNet to CFD
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25

60° - NACA 0013
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Average
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70° - NACA 0013
70° - NACA 3416
Average

~
o

=)
o

Sweep Angle [°]

~
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~
o

Sweep Angle [*]
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o
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VLM C; VLM Cpy
70
35.8%
60
17.7%
0013 3416 0013 3416
VortexNet C; VortexNet Cy
70 8.8%
60 4.3%
0013 3416 0013 3416
Projected CFD C, Projected CFD Cn
2.1%
70
1.1%

60

0013 3416
Root Airfoil Root Airfoil

7x NRMSE reduction

0013 3416

Stanford University

NRMSE (%)
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Mechanism Explanation: Method

Objective: understand how graph features are utilized across latent layers.
Method: ablation study on latent space information.

* Recursively allowing

selected nodesto @
propagate while I<£-
eliminating others. -

* Repeated acrossall
convolutional layers. [ L SNE

Clustering |

B Clusterl — p— r—
Cluster 2 IM I%
LI [T
Bl Cluster 3
BN Cluster 4 mEnmE] e —

Cluster 0 Cluster 1 Cluster 2

Stanford University
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Results
Cluster 1 Cluste; Cluster 3 Cluster 4
= < N
o
£
T~ Q
c
Q
3 - Q
I -
3 \ {]
[ ]

-1.00 -0.75 -0.50 -0.25 0.00 0.25
ACTod — ACBred

Stanford University
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Section Summary

VortexNet: a first-of-its-kind field surrogate bridging high- and low-fidelity
aerodynamics.

« Shows promising field prediction quality for conceptual design purpose.
* Achieves notable aerodynamic coefficients accuracy gains (>5x).
* Generalizable across unseen geometries and flow conditions.

Latent space study reveals that VortexNet achieves its prediction capability by
blending geometrical information and flow features through non-linear

mapping.

Stanford University
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Multi-fidelity Dataset: “double-delta-aero”

| | 1|
Multi-fidelity Field Dataset & Scaling Conceptual Design
Surrogate Modeling Integration

§ aerospacedesigniab Stanford University
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Design Space Definition

* Design space: 6 design variables

* Designvariable bounds based on
the SCALOS @ and the HSCT [17]

orogram. 0.58 | BW2

* Acollaborative effort with

colleagues from the University of Design Variable Lower Upper

Washington. 6 (°) -8 7
Ain () 47 67
Aour (°) 35 60
Ase (°) 0 25
BW2 0.32 0.47
B (inches) 1100 1300

[17] Welge et al., “N+2 Supersonic Cencept Development and System Integration,” 2010 Stanford University
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Design of Experiments =

— test set

* DOE objectives:
1. Uniform design-space coverage.
2. Nested sampling points.

3. Enable multiple model evaluation o
tasks.

800

Chord (inches)

400

« Saltelli’s Sobol sequence sampling [18]

200

« 256 vehicles generated. 0

-200

* Also provide a LHS holdout test set W aw %

with 16 geometries. ) 3;333[! seninchid

0.0 0.2 0.4 0.6 0.8 1.0
xlc

[18] Saltelli et al., “A quantitative model-independent method for global sensitivity
analysis of model output,”1999

Stanford University



) aerospacedesignlab

The “double-delta-aero” Dataset

Data Availability: HuggingFace Repository

» 2448 flow snapshots across 272
geometries.

« AOAfrom 11°to 19° (9 AOASs)

* Low-speed conditions: Ma =0.3.

* 0.31M CPU-hours.

* Nested dataset:

CFD Solutions

Level 1 2 3 4 5 6
Geometry Count 8 16 32 64 128 256
Dataset Size (D) 72 144 288 576 1152 2304

(2]

c
=
il
=

~;
wn
=
e~
>

* Geometry: DVs and reference values.
* DOE configuration.

* QOls: €y, Cp, Csp, Cuyp;x,y,2,and Cpy 5
* CFD convergence history.

* CFD and VLM run configurations.

QOl and config.

Stanford University
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VortexNet Scaling

| | 1|
Multi-fidelity Field Dataset & Scaling Conceptual Design
Surrogate Modeling Integration
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Empirical Scaling Law

* Empirical scaling laws describe how model performance improves with increasing
training/modeling scale:

an ap
RO T
N D

* N: model parameters; D: flow snapshots
* €:meansquared error (MSE) on the holdout test set.
e = MSE (ACHF,ACE™%)

* Objectives of the scaling experiment:
1. Empirically estimate the scaling exponents.
2. How many geometries is sufficient to train the surrogate model?

[19] Kaplan etal., “Scaling Laws for Neural Language Models,” 2020 Stanford University



Experiment Setups

Data size scaling (6 dataset):
* Increased geometric sampling density

Level 1 2 3 4 5 6
Geometry Count 8 16 32 64 128 256
Dataset Size (D) 40 80 160 320 640 1280

Model size scaling (4 models):
* Higherlatent nodal feature dimension

Level hidden_feature heads Model Size (N)

Mini 13 5 0.103 x 10°
Small 27 5 0.538 x 10°
Medium 37 5 1.144 % 106
Large 45 6 2.411 x 10°

) aerospacedesignlab

)

Model @ N }

\ 4

Training @ D \

Holdout test
evaluation every

10 epochs

(repeated x6) /

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
0.20 0.20
Y101 , 10711
Z 0.09 2 0.09
v 0.08 = 0.08
3 0.07 ‘® 0.07
g 0.06 ~ 0.06
0.05 0.05 D=40
0.04 0.04
0.03 0.03
0.02 10‘14 1(‘)15 1616 0.02 10‘14 1(‘)15 1616
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
0.20 0.20
;"E 1071 Ko D:80 0 10~
Z 0.09 2 0.09
v 0.08 = 0.08
3 0.07 ‘® 0.07
g 0.06 " 0.06 \
0.05 0.05 N
0.04 o D=80
0.03 0.03
0.02 1014 1015 1016 0.02 1014 1015 1016
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
0.20 0.20
;"E 1071 g ot 0 10~
Z 0.09 2 0.09
v 0.08 = 0.08
3 0.07 ) ‘® 0.07
£ 0.06 D=160 = 0.06
0.05 0.05 L Y i
W D=160
0.04 0.04{ X
0.03 0.03
0.02 10‘14 1(‘)15 1616 0.02 10‘14 1(‘)15 1616
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
0.20 0.20
E 10714 et 1011
= 0.09 2 0.09
v 0.08 = 0.08
30.0 g L\ S 0.0
5 0 0; RN £ 0 0;
i g D=320 -
0.05 0.05

0.04 0.04{ 7. , D=320

0.03 0.03

0.02 0.02

1014 1015 1016 1014 1015 1016
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
0.20 0.20
;LE 10711 7".,\-@,_',.,#- " 10711
Z 0.09 2 0.09
v 0.08 = 0.08
3 0.07 g\ | ‘® 0.07
t VRN = \
8 0.06 SR 0.06
0.05 o D=640 0.05 N R
Yo e
0.04 0.04{ h ’x D=640
0.03 0.03
0.02 1014 1015 1016 0.02 1014 1015 1016
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
0.20 0.20
;LE 10714 7".,\-@,_',.,#- " 10714
= 0.09 @ 0.09
v 0.08 —C’ 0.08
3 0.07 g\ | . ‘® 0.07
ﬁ »‘ AT el e =
& 0.06 ”&NM D=1280 0.06 ‘ |
0.05 - 0.05 Ny U \
W l'}':«.r,‘\'.“_;.\ \‘ \
004 R N 20
0.03 0.03
0.02 1014 1015 1016 0.02 1014 1015 1016
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
—e— mini —e— mini
0.20 0.20
Y1071 ,, 1071
Z 0.09 2 0.09
v 0.08 = 0.08
3 0.07 g | ‘© 0.07
g 0.06 " 0.06
0.05 0.05 AR \
VRECRN, AN
0.04 0.04/4 -, x\
0.03 0.03
0.02 1014 1015 1016 0.02 1014 1015 1016
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
—e— mini —e— mini
small small
0.20 0.20
" 10714
9 0.09
: - 0.08
\ 2 C
; ; { ‘© 0.07
- \ ‘_‘”“ 3 =
g 0. R , 0.06 .
; 0.05 "\\ |
) ) ‘1&7\;-»“:»\ \ \
0.04 0.04{§ \\
0.03 0.03
0.02 10'14 1615 1616 0.02 10'14 1615 1616
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
—e— mini —e— mini
small small
0.20 —e— medium 0.20 —e— medium
1071 ,, 1071
= 0.09 2 0.09
v 0.08 —C' 0.08
o =
4 0.07 © 0.07
+ =
2 0.06 o 0.06
0.05 0.05
0.04 0.04
.‘,\_\
0.03 0.03
0.02 10'14 1615 1616 0.02 10'14 1615 1616
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Test and Train Loss History

Test Loss Train Loss
0.30 0.30
—e— mini
small
0.20 0.20 —e— medium
—e— large
1071 ,, 1071
= 0.09 2 0.09
@ 0.08 —C' 0.08
3 0.07 © 0.07
+ =
ﬁ 0.06 0.06
0.05 0.05
0.04 0.04
0.03 0.03 2
0.02 10'14 1615 1616 0.02 10'14 1615 1616
Compute C (FLOPs) Compute C (FLOPs)

Stanford University
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Data and Model Size Scaling (Best Test Loss)

Data Scaling (D) Model Scaling (N) ap vs.N

Data Scaling L(D) = (D./D)% Model scaling L(N) = (N /N)®~ =

= -1
o | 2 —— min/max ® ap (best test loss)
————— ay= 0.010,N.= 3.925¢-123 6x 107! —= ap=0267N0*
£ § mean + std dev
3
> 5
107! 4 10-1 =
~ Q
N S -
“ 2 Y Tl
* PO (R -
£ 6x1072 Ssy $6x%x1072 £
@ N ] & B | B S - 3
e e
~. N
_ N N N 1
4x1072 ___. g = 0.418,0.= 0274 . 4x107 gt
4 mini s g
3x10°2 small s 3x 1072
4+ medium
¢+ large
2x1072 2% 1072
102 103 10% 106 2x10°1 : ,
Data Size (D) Model Size (N) 0.10 ) 1.00
Model Size (N) le6

0.27 Larger models use

0.42
L(D) ~ (T) L(N) ~ € data more efficiently

Compute x N D133

Stanford University
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Section Summary

1. Best Test Loss improves mainly with data, not model size:
* More data is not always better; information quality matters.

2. Increasing GNN size alone does not guarantee lower test loss.
* Further gains require better architecture and feature design.

3. Recommended design-space sampling density:
* 8 samples per design variable.

Stanford University



1]
Conceptual Design Integration

Multi-fidelity Field Dataset & Scaling Conceptual Design
Surrogate Modeling Integration
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The Optimization Problem Definition

« Showcases the fidelity gains
of VortexNet in the conceptual
design workflow.

* Objective: 0.58
minimize Cp,sup (x)
S. t.
CC’(“(;C) :gL Conditions
x)| < Cy, :
| Iﬂgn(x; > KI,W’; supersonic 1.8 0.2 0.06 -
c subsonic 0.3 0.7 0.06 5%
static margin K,, = —% [20]
La

[20] Seraj and Martins, “Aerodynamic Shape Optimization of a Supersonic Transport

Considering Low-Speed Stability,” 2022 Stanford UnlverSIty
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Aerodynamic Shape Optimization Workflow

Two-phase workflow:

« Offline: train VortexNet on paired low- and high-fidelity snapshots using the 32
geometries from the Lv.3 dataset.

* Online: optimizer-driven ASO with VortexNet augmentation.

OpenVSP Surface Pointwise Volume su2 CED C
Mesh Mesh r

Projection

SUAVE
VLM ACLF Surrogate CFD ACHF
& Training 4

Stanford University
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[Offline] Trained Surrogate Validation: Test Accuracy

* How do the MF results compare with the LF and HF results?

Configuration: 191301-3JT Configuration: 191301-3]T

CLvs AOA Cm Vs AOA dC,/da vs AOA dCylda vs AOA
—e— GNN —e— GNN e ———
0.8 —— Mapped CFD 0.021 0.06 M 0.002 e
' —— VLM —=— Mapped CFD
0.05 0.000
0.00 |
0.7 —e— GNN [~} (=]
OJ 6 —— Mapped CFD % 0.04 :aE —-0.002
—— VLM O QO
~0.029 ° © _0.004
06 0.03
—e— GNN
—0.04] —-0.006 -
0.5 0.02 —=— Mapped CFD
12 14 16 18 12 14 16 18 12 14 16 18 12 14 16 18
ACA[°] AOA[°] AOA[°] ADA[°]

GNN-191301-3]T-AOA:18.00° CFD-191301-3)T-AOA:18.00°

E o
>

Y(m]
°

)
(]
=
b
()]
t
(=]
>

20 25 30 35 40 45 50
X[m]
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[Offline] Trained Surrogate Validation: Test Accuracy

* How do the MF results compare with the LF and HF results?

Configuration: 031600-5NR Configuration: 031600-5NR
C,. vs ADA Cm vs ACA dC,/da vs AOA dCu/da vs AOA
0.9 - 0.060 -
—+— GNN —— GNN 0.008 e
«— Mapped CFD ’ «— Mapped CFD —
—— VLM 0.12 VLM 0.055
0.006
0.10 % 0.050 % o
S = < 0.004 — VLM
% 0.045 ) —»— Mapped CFD
o
0.08 e
“—| 0.040 ) 0.002
—e— GNN
—— VLM
0.035| Mapped CFD 0.000
12 14 16 18 12 14 16 18 12 14 16 18 12 14 16 18
AOA[°] AOA[°] AOA[°] AOA [°]

GNN-031600-5NR-AOA:18.00° CFD-031600-5NR-AOA:18.00°

E o
>

Y(m]
°

)
(]
=
b
()]
t
(=]
>
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X[m]
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[Offline] Trained Surrogate Validation: Test Accuracy

* How do the MF results compare with the LF and HF results?

Configuration: 09230100EA Configuration: 09230100EA
0.9 €L vs ACA Cm vs AOA dC,/da vs AOA dCu/da vs AOA
—— GNN —e— GNN 0.050 e ————— .
—<— Mapped CFD | —<— Mapped CFD -
—— VLM 0.10 —— VLM 0.005
0.045) "\ 0.004
0.08]
3 < 0.040 3 0.003
' =
g ¥ 0.002
0.061 0.035
0.001
/ —— NN —— NN
e VLM 0.0001 —— VLM
0.041 0.030 —=— Mapped CFD —=— Mapped CFD
12 14 16 18 12 14 16 18 12 14 16 18 12 14 16 18
AOA[°] AOA[°] ADA[°] AOA["]

GNN-09230100EA-AOA:18.00°
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[Offline] Trained Surrogate Validation: Test Accuracy

* How do the MF results compare with the LF and HF results?

Configuration: 11050006QW Configuration: 11050006QW
C. vs ADA Cm vs AOA dC,/da vs AOA 0.010 dCuy/da vs AOA
—s— GNN —s— GNN — ' — .
0.801\ 2 magped cro 0.2001  pedcro 0.040 —
—— VLM —— VLM ) 0.008
0.75
0.175 0.035 0.006
0.70 5 5
- s 0.150 < 0.030 T 0.004 —e— GNN
Y 0.65 @) G- 3 — VLM
0.125 3 3 0.002 —=— Mapped CFD
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' 0.000
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Trained Surrogate Validation:

Compared with VLM, VortexNet
provides more accurate estimates
of Cp, Cy, Cp o, and Cpy 4.

Accurate K,, estimation!

Error comparison:

097

o8|~

097

08

Methods Cp; NRMSE () NRMSE

080
075
070

0.0535 0.2093
0.0739 1.6019

GNN-based
VLM-based

Yoss

1.4 X C; error
7.7 X Cy error

08

Configuration: 031600-5NR
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Test Accuracy Summary

Configuration: 031600-5NR

€, vs AOA Cu Vs ADA 0060 dCy/da vs AOA dCulda vs AOA
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o A 012 — wx 0055 2
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Online Phase

Optimizer:
* Particle Swarm Optimization (PSO) with 30 particles and 75 iterations.
* Constraints incorporated through a penalty method.

We ran two optimization cases: GNN-guided and VLM-based.
GNN-guided:

* Subsonic QOIs (C; sup, Cpr sub, Kn) are evaluated from VortexNet
augmented AC,,.

* Supersonic QOIs (Cp, sups Cu,sups Cp,sup) are evaluated by VLM.
VLM-based:
* AW QOlIs (supersonic and subsonic) are evaluated by VLM only.

Stanford University
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Optimization Results

Iteration O
eration 1.00 Metric VLM-Based GNN-Guided
- 0.75 Constraints
° 0.50 Supersonic Cf, 0.2000 0.1986
a E o 65 E Supersonic Cjyy -0.0291 -0.0059
Q5 N Subsonic Cf, 0.7002 0.6983
2 1 0.00 Subsonic Ciys -0.0323 0.0485
= ~0.25 Subsonic K, 0.0555 0.0576
: - : : -0.50 Design Variables
200 30 40 50
X [m] Subsonic AOA 12.7539° 15.5215°
lteration 0 oo Supersonic AOA 3.3393° 3.9636°
' Objectives
10- 0.75 Subsonic Cp 0.1582 0.2046
0.50 Supersonic Cp 0.0144 0.0174
E o 025 E u
> N
0.00
~10 ~0.25 20.8% increase
-0.50

20 30 40 50
X [m]
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Optimized Configurations Validation

CFD validation:

0.100 0.15

C, Cy K,

—— VLM-Based
—— GNN-Guided
+ VLM-Based CFD 0.075
1.04| , _Gui
GNN-Guided CFD 0.101...
0.050{ , Y
_ ’g _ }SN {guided: 0.07
I | = = _\“\ o
Tos z 0025 % 005
£ 8 £
20 = [ S (1 TI LN S ¢ (LU
£ g 0.000 g ------
: A i
0.6 5 % 0007 e
& S _0.025] . 2
(=}
=
-0.050 i :
—~0.05 —— VLM-Based
04 et ' —— GNN-Guided
—0078] — GNN-Guided :
’ « VLM-BasedCFD | fee ¢ . GNN—Ba_sed CFD
+  GNN-Guided CFD ----- VLM-Guided CFD
= -0.10+ ‘ ‘
6 8 10 12 14 16 18 20 0:1007g 8 0 12 14 16 18 20 6 8 10 12 14 16 18 20
AOA[°] ACAI[°] AOA[°]

» Atthe corresponding operation conditions, VLM-Based design failed to meet
the K,, requirement, while VortexNet-Guided exceeded.

Stanford University
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Section Summary

Integrated VortexNet into the SUAVE conceptual design environment.
*  “Drop-in” augmentation with minimal workflow disruption.

Two-point, stability-constrained optimization case shows the GNN-guided
workflow produces a configuration that meets both stability and aerodynamic
targets, while the VLM-only workflow fails.

* Increased fidelity accurately guides the search direction.

* Future work is required to incorporate modeling error into the optimization
framework.

Stanford University



Summary and Future Directions
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Summary

} aerospacedesignlab

I: Multi-fidelity Field
Surrogate Modeling
1. Developed VortexNet, a

multi-fidelity field surrogate
for conceptual design.

2. Delivers significant fidelity
gains by embedding HF field

information into LF analysis.

Il: Dataset and
Scaling

1. Identified VortexNet scaling
laws: data matters more
than model size; revealed
GNN scaling limitations.

2. Created an open-source MF
benchmark for low-speed
SST aerodynamics.

I1l: Conceptual
Design Integration

1. Integrated VortexNet into
a conceptual design
environment (SUAVE).

2. Showed that the added
fidelity improves
confidence in stability-
constrained conceptual
design.

GNNSs can practically bridge the fidelity-cost gap, enabling higher conceptual
design confidence, especially for concepts with limited historical data.

Stanford University
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Future Directions

1. Improve model robustness and generalization

» Strengthening feature encoding and graph construction to better handle
unseen geometries.

2. Expand the framework beyond wing aerodynamics

* Support full-vehicle conceptual design.

* Incorporate additional field variables and additional fidelity levels.
3. Incorporate uncertainty quantification

* Estimate prediction uncertainty, guide adaptive sampling, and better
support engineering decision-making.

Stanford University
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Stanford University srcc.stanford.edu
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GitHub: MF-VortexNet double-delta-aero dataset
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