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Abstract

The widespread use of neural surrogates in automotive aerodynamics, enabled by
datasets such as DrivAerML and DrivAerNet++, has primarily focused on bluft-
body flows with large wakes. Extending these methods to aerospace, particularly
in the transonic regime, remains challenging due to the high level of non-linearity
of compressible flows and 3D effects such as wingtip vortices. Existing aerospace
datasets predominantly focus on 2D airfoils, neglecting these critical 3D phenom-
ena. To address this gap, we present a new dataset of high-fidelity CFD simulations
for 3D wings in the transonic regime. The dataset comprises volumetric and
surface-level fields for around 30, 000 samples with unique geometry and inflow
conditions. This allows computation of lift coefficients, drag coefficients, providing
a foundation for data-driven aerodynamic optimization of the drag-lift Pareto front.
We evaluate several state-of-the-art neural surrogates on our dataset, including Tran-
solver and AB-UPT, focusing on their out-of-distribution (OOD) generalization
over geometry and inflow variations. AB-UPT demonstrates strong performance
for transonic flowfields and reproduces physically consistent drag-lift Pareto fronts
even for unseen wing configurations. Our results demonstrate that AB-UPT can
approximate drag-lift Pareto fronts for unseen geometries, highlighting its potential
as an efficient and effective tool for rapid aerodynamic design exploration.

1 Introduction

Machine learning—based surrogates have recently emerged as powerful tools for accelerating aero-
dynamic design and analysis [1} 2]. In automotive aerodynamics, large-scale datasets such as
DrivAerML [3] and DrivAerNet++ [4, 5] have enabled neural models to predict complex bluff-body
flows with remarkable accuracy, potentially reducing reliance on expensive Computational Fluid
Dynamics (CFD) simulations. In aerospace applications, the design goals and flow physics differ
significantly from the automotive domain. Automobiles are bluff bodies with early flow separation,
leading to high pressure drag [6]. In contrast, aircrafts are streamlined bodies designed to maintain
attached flow and optimize the lift-to-drag ratio [7], which we refer to as drag-lift Pareto front.

While CFD is a fundamental design tool, its high computational cost creates a bottleneck in the design
cycle. This has spurred the development of data-driven surrogate models [1} (8} 9], which learn the
complex mapping between geometry and flow fields [10]. However, extending these approaches to
aerospace applications remains challenging. Transonic flight regimes involve intricate 3D phenomena,
such as shock—boundary layer interactions and wingtip vortices, that are not captured with existing
2D airfoil datasets [[L1}[12} 13} [14]. Moreover, the lack of publicly available high-fidelity 3D flow
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data limits the development and benchmarking of neural surrogates capable of generalizing across
realistic aircraft geometries and operating conditions, as well as optimizing lift-to-drag performance.

To address these limitations, we introduce a new dataset of high-fidelity RANS simulations for 3D
wings in the transonic regime. To the best of our knowledge, this is the first publicly available dataset
that comprehensively captures both geometric and inflow variations for realistic 3D configurations.
The dataset comprises approximately 30, 000 simulations with a unique combination of geometry and
inflow parameters, providing volumetric as well as surface-level flow-field data. These data enable
the computation of aerodynamic performance metrics such as lift, drag, and drag-lift polars, thereby
supporting data-driven design-space exploration and optimization.

Using our new dataset, we evaluate several state-of-the-art neural surrogates, including Transolver
[8] and the recently proposed AB-UPT [l1]], with a focus on out-of-distribution generalization to
unseen geometries and flow conditions. Our results show that AB-UPT accurately predicts transonic
flow fields and can reproduce physically consistent lift—drag trade-offs for unseen configurations,
outperforming all competitors. Overall, our study demonstrates that AB-UPT can approximate
lift—drag Pareto fronts for unseen geometries, highlighting its potential as practical tool for rapid
aerodynamic design exploration.

2 Methodology

Our methodology centers on the generation of a high-fidelity dataset of 3D wings operating in the
transonic regime, followed by the evaluation of state-of-the-art neural surrogate models. Existing
aerospace CFD datasets predominantly focus on subsonic 2D airfoils, as summarized in Table[T} and
therefore neglect critical 3D flow phenomena such as shock—boundary layer interactions and wingtip
vortices. We generate a new dataset comprising around 30, 000 cases with a unique combination of
geometry and inflow parameters. The data generation process is organized into three key components:
(1) the design of experiments for geometry and flow conditions, (ii) the setup and execution of
high-fidelity CFD simulations, and (iii) the dataset split strategy used for training and evaluating
neural surrogates.

Table 1: Comparison of publicly available aerodynamic CFD datasets for machine learning.

Dataset Size Dim. Regime Notes

AirfRANS [11] 1000 2D Subsonic ML benchmark, varied AoA/Re
UniFoil [12] 500K 2D Sub-/Transonic Very large 2D dataset, wide Re/Mach range
AirFoilCFD [13] 18K 2D Subsonic 9k shapes, 2 AoA, fixed inflow
AirFoilML [14] 2600 2D Subsonic NACA airfoils, fixed AoA/Re
BlendedNet [15] 10K 3D Subsonic Blended wing-body, 9 flight conds.

Emmi-Wing (Ours) 30K 3D  Sub-/Transonic 30K unique geometries + inflows, drag/lift polars

Design of experiments. We select a 2D NACAO0012 airfoil profile, which is extruded into 3D based
on four geometric parameters: the span (b), the taper ratio (), the sweep angle (A), and the root
chord (¢;). In addition, we vary two inflow parameters, namely velocity (U, ) and angle of attack
(). To ensure a broad and diverse range of flow conditions, a total of 29, 727 unique simulation
cases were created by randomly sampling each of the six variables from a uniform distribution within
a application-relevant predefined range. The specific ranges for each parameter and their visual
representation are depicted in Figure|[T]

CFD setup. We conduct simulations using the open-source CFD solver, OpenFOAM-v2506 [16].
The steady-state, compressible flow rhoSimpleFoam solver [17] is used for all cases using the perfect
gas assumption. For turbulence modeling, we selected the Spalart-Allmaras model which offers
good computational efficiency and robust convergence for transonic wing flows with predominantly
attached boundary layers, despite the presence of weak-to-moderate shocks [[18]]. Spatial discretization
utilized second-order schemes including a van Leer limiter for momentum and a bounded upwind
scheme for energy/pressure terms, with first-order upwind differencing applied to turbulence quantities
for enhanced stability. The wing surfaces are set with a no-slip condition, and freestream conditions
are applied at the far-field boundaries. The angle of attack is imposed via the inflow boundary
condition rather than by altering the wing geometry.



Figure 1: A visual representation of the parameterized 3D wing geometry alongside the four key
geometric design parameters and the two in ow condition parameters with their respective sampling
ranges used for the design of experiments. The geometry parameters include t{i®) Jaqer ratio

( ), sweep angl¢) , and chord roofc; ); in ow parameters are the in ow velocityU; ) and angle

of attack( ).

Figure 2:Left: Pareto frontier of dra@p versus liftC, coef cients for all cases in the dataset.
Middle: Cp as a function of angles of attack present in the dat&&ight: C, as a function of the
angles of attack present in the dataset.

The meshing process relies on OpenFOAM's built-in snappyHexMesh to generate a high-quality,
body- tted mesh. Prismatic boundary layer meshing is used to achievg'lovalues in the range
[50 200]in all cases.

The resulting dataset comprisg8, 727 cases, including both surface and volumetric data. The
surface data consists of presspgeand wall shear-stresson the wing. The volumetric data contains

the full 3D ow eld, including pressurepy, the velocity vectou = [ uy; Uy; U], its magnitudgjujj,

and the vorticity vectol =[!,;!y;! ;] and its magnitudg! jj at each point of the CFD mesh. We
provide visualizations of the lift-to-drag Pareto front as well as drag/lift coef cients over varying
angles of attack for all cases in Figure 2. In addition we visualize a set of 3D wing geometries for the
minimum and maximum of each parameter in Figure 14 in the Appendix. Finally, Figure 3a shows a
representative sample for a transonic sample of our dataset exhibiting ow detachment at high angles
of attack and the formation of turbulent structures at the wingtip.

Dataset split. We partition the dataset into a training, a validation, and three test sets, including
two in-distribution (ID) sets and one out-of-distribution (OOD) set. The two ID sets are designed as
(i) random selection a random selection df, 000 cases within the convex hull of the training set,

and (ii) interpolation: a parameter region within the convex hull of the parameter space that spans
1;000unseen cases. The former evaluates in-distribution performance, while the latter speci cally
targets the ability of the surrogate to interpolate between cases in an unseen ID parameter region.
The1;00000D cases are selected as the outermost points of the convex hull of the parameter space.
To create the OOD set and the ID interpolation set, where we used an iterative convex hull peeling
method and isolate thk 000 outermost data points and thg000 innermost points, respectively.

The remaining?5; 727 cases are used for training.

Additional parameter scans. Practitioners are usually concerned with the optimization of the
drag-lift Pareto front. To this end, lift and drag coef cients are usually investigated on parameter scans
of various angles of attack and varying wing geometries to obtain the wing geometry resulting in

the highest lift and lowest drag forces. To asser the ability of neural surrogate models to capture these



Table 2: Evaluation of different surrogate models onithdistributionandout-of-distributiontest
sets. Relative L1 and L2 errors (in %) are given for surface elds (pregsingall-shear-stress)
and volume elds (pressung,, velocity u, vorticity ! ).

Relative L1 Error (%) Relative L2 Error (%)
Ps Pv u ! Ps Pv u !

PointNet 0.0361 0.2128 0.0344 0.1486 0.383 0.0522 0.2249 0.0496 0.1496 0.3505
Transformer 0.001 0.0178 0.0011 0.0108 0.0819 0.0018 0.0226 0.0018 0.0133 0.1055

Test Set Model

Interpol 1 onsolver  0.0008 0.0166 0.0009 0.0082 0.0656 0.0016 0.0209 0.0014 0.0108 0.0978
AB-UPT  0.0008 0.0166 0.0008 0.0077 0.0564 0.0016 0.0211 0.0013 0.0098 0.0709
PointNet  0.0707 0.4426 0.0672 0.2984 0.4962 0.101 0.4419 0.0962 0.2999 0.454

D Transformer 0.0029 0.0299 0.0029 0.0245 0.1248 0.0058 0.0438 0.0056 0.0377 0.1417
Transolver 0.0024 0.0272 0.0024 0.0205 0.1005 0.0052 0.0407 0.0048 0.034 0.1293
AB-UPT  0.0024 0.0273 0.0024 0.02 0.0883 0.0052 0.0408 0.0048 0.0332 0.1019
PointNet  0.0868 0.5986 0.0823 0.4006 0.597 0.1204 0.5857 0.1145 0.4015 0.5425

oop  Transformer 0.0044 0.0408 0.0045 0.0369 0.1727 0.0085 0.0598 0.0083 0.0561 0.1816

Transolver  0.0036 0.0362 0.0036 0.0308 0.1337 0.0075 0.0546 0.0071 0.0505 0.1557
AB-UPT 0.0037 0.0365 0.0036 0.0302 0.1177 0.0076 0.0548 0.0072 0.0494 0.1256

coef cients for different parameter scans we run additional cases with a unique geoonetrQ (806,
b=1:1963 = 0:562) that does not occur in thH&9; 727 cases. We run two parameter sweeps for

this geometry, namely (i) 2 f 30; 28;:::;28;30g, and (ii) 2 f 0;10; 20; 30; 40; 50; 60; 70g,

to evaluate in-distribution and OOD generalization. The latter sweep concerns a geometry parameter
(sweep angle) as it is the geometry parameter apart from AoA with the most impact on lift/drag. This
results in another 248 cases solely used for evaluation.

3 Experiments

We conduct a series of experiments to evaluate the generalization capabilities of state-of-the-art neural
surrogate models trained on our 3D transonic wing dataset. Our analysis focuses on two main aspects:
(i) the in-distribution performance of different architectures on ow eld and aerodynamic coef cient
prediction, and (ii) their out-of-distribution generalization to unseen geometries and in ow conditions.

Neural surrogates. We benchmark four neural surrogate models on our dataset: Poirttfjet [
Transolver 8], AB-UPT [1], and a Vision Transformer2)]. To incorporate in ow conditions

and geometry design parameters, we add their embeddings to the input for PointNet, and for the
transformer-based models we use a conditioning as in Diffusion Transforgigré\[l models are

trained with a Mean Squared Error (MSE) loss applied to all elds.

Evaluation. We evaluate the predictive performance using the relatjvendL, errors. They are
obtained by normalizing thie; norm of the pointwise error by the norm of the ground truth values,
averaged over all test cases. In addition, we report the coef cient of determinRfmétween
drag/lift coef cients obtained from the best surrogate model with the ground truth coef cients.
Finally, we provide drag-lift Pareto fronts for parameter scans of the best performing surrogate model
compared to ground truth to stress-test their generalization ability.

Results. We report results for volume and surface-level quantities in Table 2 for the different
methods. As expected we observe a consistent increase of error the more the model is pushed towards
an OOD evaluation regime. Furthermore, our results show that except for PointNet, all surrogate
approaches perform similarly on surface-level quantities. However, on volume-level quantities that
exhibit high variance, like vorticity, AB-UPT shows a signi cant improvement over competitors.
Therefore, we consider AB-UPT the strongest neural surrogate approach and evaluate it on the
different parameter scans.

We provide a qualitative analysis of the AB-UPT model on the OOD test set. Figure 4 in the
Appendix shows pressure and friction pro les of a randomly sampled test case of the OOD set at
a normalized span locatigieb= 0:75. The corresponding 3D visualizations of the true surface
elds, the predicted elds, and the prediction errors are shown in Figure 5. Remarkably, both pressure
coef cient (Cp) and friction coef cient(Cs ) match the ground truth closely. In Figure 8 in the
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(a) 3D effects on wing. (b) C, correlation to ground-truth. (c) Cp correlation to ground-truth.

Figure 3: Visualization of a 3D wing at = 6:21andU; =296:53. The eld lines detach at certain

span lengths after the shock and vortices form at the wingtp Correlation of predicte@; (3b)

andCp (3c¢) for parameter scans on values that are in-range (IR) and out-of-range (OORaffior
values during training. AB-UPT maintains high correlation to ground-truth, even for OOR values.

Appendix we show correlation of dra@p and lift C; coef cients with the ground truth for all cases

in the OOD test set. The predictions of AB-UPT align closely with the ground-truth coef cients
(R? = 1:0for C; andR? = 0:998for Cp ). Furthermore we report the error distribution across cases
in the OOD test set for different combinations of drag and lift in Figure 9. Intriguingly, we nd that
AB-UPT is most error-prone in higBp regimes, which are dominated by errors iand rather far

from the tangent on the lift-drag Pareto front. This highlights that AB-UPT is a promising contender
for wing design optimization.

Parameter scansWe evaluate AB-UPT on the parameter scans that comprise 248 simulations with
sweeps over and with the remaining parameters xed. We report correlation of the predicted
values forC, andCp in Figure 3b and 3c, respectively, with highlighted cases for out-of-range
(OOR) values of and . Remarkably, AB-UPT maintains high correlation with the ground-truth

(R? = 0:911for C;, R? = 0:804for Cp ) even when observing values that are far beyond the range

of values for or it has been trained on. We complement this observation with relative errors for
surface quantitieps and , as well as an average thereof in Figure 10. Interestingly, AB-UPT seems

to perform better for positive angles of attack than for negative ones, even though the dataset was
sampled uniformly.

In addition, we report the predicted drag-lift Pareto fronts for a selected set of sweep angles (

f 20; 40; 50; 70g) and compare them to the ground-truth in Figures 11 and 12. Intriguingly, we observe
minor deviations from the ground truth for values up to 20, which is far beyond the range the
model has been trained on. Furthermore, the tangent on the drag-lift Pareto front is well captured
up to = 50 , which is again out-of-range compared to the training set. For larger50 we
observe larger divergence from the ground-truth. Finally, we report pressure coef@jesmd

friction coef cient C; at a normalized span length pfb= 0:5 for a test case with out-of-range
values = 20 and sweep angle= 40 . We also showC, andC; for the full 3D wing in Figures 7a

and 7b, respectively.

4 Conclusion

We present a rst comprehensive dataset of high- delity RANS simulations for 3D wings operating

in the transonic regime. Each simulation case comes with unique geometry and in ow parameters
and provides volume and surface-level ow elds. We evaluate state-of-the-art neural surrogates on
our dataset and nd that AB-UPT outperforms other state-of-the-art and provides strong performance
even for unseen cases. Furthermore, we demonstrate that AB-UPT accurately reproduces drag-lift
Pareto fronts even for cases with parameters far beyond its training regime, establishing itself as a
contender for real-time wing geometry optimization.
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A Drag/Lift coef cients

In this section we provide a de nition of the drag and lift coef cients, commonly used in aerospace
engineering. Aerodynamic forces quantify interesting properties of a wing such as drag and lift,
which are the result of an integration of the surface pressuend friction , i.e., force per unit

area exerted by the uid on the surface, acting tangential (parallel) to the surface. These forces are
obtained from the total force actinp on an object in an air ow, which is given by

F = . (ps p1)n+ dS; 1)

whereps is the surface pressung, the free stream pressure,the surface normal vector, andthe
contribution of friction. Drag and lift coef cients are de ned as dimensionless numbers
_ 2F €drag. _ 2F €iift

Co V2Agr I V2Aper @
and often used in engineering][ whereegragis a unit vector into the free stream directi@g a unit
vector into the lift direction perpendicular to the free stream directidhge densityy the magnitude
of the free stream velocity, arfl¢ a characteristic reference area for a certain geometry. Further, the
acting forceF can be converted into dimensionless numbers as drag and lift forces

Farag= F  €drag Fit = F €t : 3

When simulating an airplane in ight, the angle of attacks a common boundary condition which
changes free streaeyrag and lift directioneyi as given by the unit velgci?tg/ vector; as

cos( ) Uy 0
us = ) 0 i €drag = ﬁ; €iift = €drag 1 4)
sin( ) Uz K2 0

wherek:k; is the Euclidian norm. For = 0 these reduce tegag = (1;0;0) andejr = (0;0; 1).

B Implementation Details

We perform a hyperparameter search over learningratef le 5;3e 5;5e 5;1e 4gforall
methods and select the best performing one. We train for 10 epochs with a learninglmate of

with linear warmup for the rs6% of training and a cosine decay thereafter. We traifidat16
precision using the Lion optimizeRf] with a weight decay of = 0:05and gradient clipping of

0.25. We preprocess the different elds using z-score normalization except for vorticity where we
apply normalization by the average magnitude. We elaborate on the method-speci ¢ details for the
different methods as follows.

AB-UPT. For AB-UPT we use a hidden dimension of 192 and and set the number of anchor points
for both volume and surface branchesl &) 384. Before processing the geometry we subsample it to
65; 536 points and perform supernode poolingli) 384 points. The hidden dimensionality is set to
192 and the total number of parameters for this model amounts to 7.1 million.

Transformer. We use a Transformer architecture based on coordinates encoded via continuous
sine-cosine positional embeddin@3] and a hidden dimension of 192. We employ 16 Transformer
blocks with three attention heads, resulting in a parameter count of roughly 7.4M parameters.

Transolver. The Transolver baseline integrates the attention mechanism &antg¢ the Transformer
baseline. We use 512 slices for the Transolver attention. The remainder of the architecture is the
same as for the Transformer baseline, resulting in a parameter count of 7.5M parameters.

PointNet. We use a hidden dimension of 192 and an input embedding of 96. We use a global position
embedding of 3072 dimensions, resulting in a model size of roughly 8.3M parameters.

C Ablation studies

Our dataset incorporates variations in geometric design parameters tbasareabléhrough the
point cloud anchon-observablén ow conditions (e.g., in ow Mach number). We therefore per-
formed an ablation study on the best-performing model, AB-UPT, to assess the impact of conditioning



Figure 4: Comparison between CFD data (blue) and AB-UPT prediction (dashed yellow) for the
pressure coef cien{C,) and friction coef cient(C;s ) on the wing surface at a normalized span
location ofy=b= 0:5 for a case of the OOD test set. 3D visualizations are shown in Figure 5.

on these parameters (relative L2 error, Table 3). The results demonstrate that the AB-UPT architecture
effectively infers information about the geometry directly from the point cloud, while non-observable
parameters like in ow conditions are required as explicit conditioning inputs.

Table 3: Impact of geometry and in ow conditioning on the AB-UPT surrogate model's performance,
measured by relative L2 error (%) on thredistributiontest set. All models were trained for 10
epochs.

Conditioning Relative L2 error (%)
Geometry Inow ps pv u !
3 3 0.53 4.16 049 336 105
3 7 0.54 4.16 051 342 10.6
7 3 10.8 435 958 295 337
7 7 109 437 959 29.6 343

D Additional results

In Figure 4, we show the pressure and friction coef cients predicted by AB-UPT and compare it to
the CFD simulation, showing that AB-UPT yields highly accurate predictions.

E Data visualizations

In this section, we visualize several cases obtained by our numerical simulations. An important
aspect when generating a dataset is quality control to ensure that all simulations have converged to
meaningful solutions. Establishing convergence criteria for transonic wing simulations is challenging.
We employed classical metrics including monitoring of residuals and force/moment coef cients on
the wing. However, these indicators may not always distinguish between physically unsteady and/or
discontinuous ows and numerical artifacts.

To supplement these conventional approaches, we employed AB-UPT as an additional quality control
tool. The model's prediction error served as an indicator of data quality—cases with anomalously
high errors were agged as potentially unconverged. This approach successfully identi ed failed
cases where classical convergence monitors had been ambiguous. Manual inspection con rmed these
cases exhibited spurious ow patterns, inadequate boundary layer mesh resolution, or early numerical
divergence (Figure 13). Removing these contaminated samples ensured the nal dataset comprised
numerically consistent solutions.
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