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Abstract

This study presents a new high-fidelity multi-modal dataset containing 16000+
geometric variants of automotive hoods useful for machine learning (ML) ap-
plications such as engineering component design and process optimization, and
multiphysics system surrogates. The dataset is centered on a practical multiphysics
problem—hood deformation from fluid entrapment and inertial loading during
rotary-dip painting. Each hood is numerically modeled with a coupled Large-Eddy
Simulation (LES)-Finite Element Analysis (FEA), using 1.2M cells in total to
ensure spatial and temporal accuracy. The dataset provides time-resolved physical
fields, along with STL meshes and structured natural language prompts for text-
to-geometry synthesis. Existing datasets are either confined to 2D cases, exhibit
limited geometric variations, or lack the multi-modal annotations and data struc-
tures—shortcomings we address with AutoHood3D. We validate our numerical
methodology, establish quantitative baselines across five neural architectures, and
demonstrate systematic surrogate errors in displacement and force predictions.
These findings motivate the design of novel approaches and multiphysics loss
functions that enforce fluid—solid coupling during model training. By providing
fully reproducible workflows, AutoHood3D enables physics-aware ML develop-
ment, accelerates generative-design iteration, and facilitates the creation of new
FSI benchmarks. Dataset and code URLs in[D.1l

1 Introduction

Classical numerical solvers [1} 2] provide accurate predictions for practical systems such as propulsion
systems [3l 4} 5] and turbine performance [6, [7, [8]]; however, they are computationally expensive
and often intractable for iterative design processes [9]]. The latest advances in computational fluid
dynamics (CFD) now incorporate ML techniques to develop turbulence closure models [10, [11],
modify wall-modeled LES [12]], and for real-time flow control strategies [[13}[14]. Traditional ML
approaches have improved both predictive accuracy [15}[16] and time-to-solution across a variety of
CFD applications [[17,[18]]. Despite these advances, iterative design workflows rely predominantly on
design-of-experiments methodologies integrated with CFD solvers to drive large-scale optimization
studies.
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In recent years, several comprehensive aerodynamic datasets [19]20] have been published, covering
everything from 2D airfoil profiles to full 3D vehicle exteriors and complete car geometries
[23]. These large-scale collections serve to bridge the gap between data-driven surrogate models and
high-fidelity CFD solvers. However, most publicly available repositories are RANS based, confined
to 2D configurations, or lack both a sufficient sample size and a transparent generation workflow to
support in-depth design exploration. Moreover, real-world applications frequently involve additional
physics, such as multiphase flows or coupled fluid-structure interactions, that these datasets do not
capture. To date, no resource offers a reproducible, end-to-end pipeline alongside a large-scale,
multiphysics 3D dataset.
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Figure 1: Dataset modalities (left): base 3D STL hood shell, surface point-cloud sampling, raw
fluid and solid meshes, and sample surface fields (normalized displacement and pressure-gradient)
extracted on the hood surface. Example variants (right): selected hood geometries with interpolated
deformation fields mapped onto the STL, demonstrating how different cutout topologies yield distinct
deflection patterns on both the front and rear faces.

We present the AutoHood3D dataset (shown in Figure|[T) to overcome the aforementioned gaps. In
particular, the dataset poses a unique challenge for current data-driven methods due to its multiphysics
modality. The multiphysics challenge at the core of this study is the deformation of automotive
hoods during the rotary dip paint process [24}23]]. The automotive hood consists of two principal
elements: an exterior panel designed for aerodynamic flow management and aesthetic styling, and
an interior reinforcement, typically a hollow honeycomb lattice that accommodates fluid lines and
provides thermal insulation while resisting static and dynamic deflection. Aerodynamic efficiency
remains a key design factor, but pedestrian safety regulations [26), and utility requirements impose
orthogonal constraints on the overall hood design. However, during the rotary dip paint process,
rapid rotation of the carrier arm entrains residual coating fluid within the engineered cutouts and
recesses, subjecting the shell to transient body forces that, combined with inertial loading, produce
localized deflections [24]]. Because these manufacturing-induced loads are rarely incorporated into
early-stage design analyses, unexpected deformations occur in thin-walled, geometrically complex
regions. This behavior is analogous to industrial occurrences, such as, distortion of composite panels
from immersion coatings, and finds a conceptual parallel in adaptive warping wing designs [28].

The dataset comprises over 16,000 unique 3D hood geometries with time-resolved FSI solution
snapshots, provided in multiple modalities (see Figure[T). All geometry generation scripts, FSI
simulation workflows, and analysis tools are released under an open-source license and readily
available to the developer community. We expect these modular workflows to accelerate the creation
of new large-scale 3D FSI benchmarks, enabling temporal autoregressive modeling and physics-
informed [29] PDE learning applications. In an overarching way, our contributions can be summarized
as follows:

* Introduce the first open-source dataset of more than 16,000 3D automotive hood geome-
tries with engineered cutouts, providing extensive design diversity for fluid dynamics and
structural studies.

* Provide a fully reproducible, end-to-end workflow, from STL generation to FSI co-
simulation, designed for scalable synthesis of design variants of new components, and
extensible to diverse engineering contexts.
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* Deliver a truly multimodal benchmark, comprising high-fidelity STL meshes, raw CFD
solutions with time-resolved flow and surface fields, FEA displacement and stress out-
puts, surface point clouds, and tokenized natural language annotations, accompanied by
performance benchmarks for five neural architectures.

2 Related Work

In scientific-ML (SciML) domain, the integration of Al into CFD to accelerate high-fidelity simu-
lations has become a prominent research thrust. Large-scale repositories, such as PDEBench [30],
PINNacle [31], Airfrans [21]], and BubbleML [32]], provide comprehensive datasets for PDE learning,
airfoil optimization, and multiphase flow modeling. Beyond application-specific datasets, cross-
domain databases such as BLASTNet [19] and ThePDEWell [20] aggregate varied PDE system
results and spatio-temporal solution fields, enabling systematic benchmarking and transferability
studies across scientific disciplines. In the industrial domain, large-scale datasets such as DrivAer-
Net++ [22] and WindsorML [23]] have emerged, presenting realistic scenarios that enable engineers
to predict surface pressure distributions, volumetric flow characteristics, and the resulting forces and
moments on novel geometries under varied operating conditions. Despite their individual strengths,
existing datasets exhibit notable gaps: some provide extensive geometric and solution data but lack
generative workflows for creating new variants 31, |20l [19]; others deliver end-to-end pipelines, yet
remain confined to 2D cases with only limited extensions to three dimensions [21}32]]; and a few
support full 3D flow simulations but offer limited design diversity due to computational costs [23]].
Consequently, no public dataset unifies broad design variations, reproducible generation processes,
and a comprehensive 3D FSI benchmark with multiple modalities such as point cloud and STL.

In parallel, recent work [33]] has shown that point clouds serve as a versatile representation for physical
world and scene reconstruction [34] across applications such as virtual reality, object recognition,
autonomous navigation [35]], and robotic manipulation. For example, PointLLM [36] and related
models [37] use joint text—point-cloud embeddings [38] to generate 3D geometries from natural
language prompts [39]. Despite these advances [40, |41]], the development of text-grounded CAD
point cloud models is hindered by the absence of large-scale, diverse 3D engineering datasets with
detailed natural language annotations. Furthermore, point cloud data are inherently sparse and
typically lack semantic context, limiting their utility for comprehensive scene understanding [42 33]].
To bridge these domains, we augment our FSI dataset with paired natural language annotations
and point cloud outputs, creating a text-to-geometry corpus for supervised fine-tuning of LLMs in
CAD-driven generative-Al workflows.

3 Dataset Workflow

The dataset generation workflow is organized into three broad phases. In the first phase we process
the inner—hood designs from [43] to reconstruct complete hood shell and segment cutouts as ordered
point clouds. In the second phase focused on design-variation synthesis, we generate new hood
variants by embedding the previously extracted cutouts chosen under user-defined spacing and
plane-separation constraints. Finally, in the third phase, consisting of the FSI simulation pipeline,
we automate mesh generation and solver initialization to perform fluid—structure analyses at scale.
Detailed methodologies are as follows.

3.1 Base Geometry Generation

We adopt 100 inner-only hood geometries from [43]] as our base set. To obtain a complete dual-shell
model, each inner-hood design is processed with a convex-hull algorithm [44] to produce an outer
envelope surface. The resulting hull is then translated and rotated so that the inner shell is centered at
the global origin and aligned approximately perpendicular to the incoming flow direction. Finally,
a uniform thickness of 10 mm is extruded from the hull to form the full outer and inner hood shell.
To generate a diverse set of engineering cutouts on these base shells, we draw on a collection of
approximately 250 inner-hood geometries from [43]], each of which contains about four to eight
cutouts. Each feature of the cutout is parameterized by smooth Bézier curves, thus avoiding sharp
corners that can induce stress concentrations. To isolate these cutouts curves, we project the 3D inner
hood surface onto a reference plane and employ the SAM-2 segmentation model [45] to delineate



individual cutout zones (see Fig. [2). From each segmented region, the curve boundary is extracted to
produce an ordered point cloud, which is then stored in a design database.
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Figure 2: Workflow for generating multiple hood geometries. Starting from the base inner-hood CAD
(left), the surface is projected onto a 2D plane and segmented into individual cutout masks. Each
mask boundary is extracted as an ordered point-cloud curve. These curves are then re-embedded into
the full 3D hood shell to produce the final geometries with engineered openings (right).

The design database comprises approximately 1,750 unique cutout profiles, each characterized by its
perimeter and enclosed area. We apply the K-Means [46] clustering algorithm in the two-dimensional
feature space (perimeter, area), which yields nine distinct groups (see Fig. [T4). When generating new
hood variants, we sample between one and four curves from the unique clusters, enforcing bilateral
symmetry about the vehicle (or hood) centerline. Two user-defined parameters govern the layout: (1)
the minimum distance between adjacent curves on a given cutting plane, and (2) the axial separation
between mirrored cutout planes. For each design iteration, we uniformly sample these parameters
from prescribed ranges to ensure both engineering relevance and sufficient diversity in the resulting
hood geometries. Additional information provided in Appendices|[D.3|and [D.4]
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Figure 3: Co-simulation workflow.

All simulations were carried out using the open-source OpenFOAM v2312 framework [47]. For the
fluid phase, we developed UM_pimpleFoam, a CPU-based LES solver that extends OpenFOAM’s
transient, incompressible pimpleFoam solver with the Spalart—Allmaras Delayed Detached-Eddy-
Simulation (DDES) turbulence closure [48]]. The primary modification in UM_pimpleFoam is the
inclusion of an additional transient forcing term in the momentum-conservation equation, enabling
explicit time-dependent body-force effects within the Navier—Stokes system. For the structural phase,
we used UM_solidDisplacementFoam, built on top of OpenFOAM’s solidDisplacementFoam utility.
This solver assumes a small-strain linear-elastic constitutive model, Hooke’s law, to compute the
hood stress and displacement fields. Since the predicted deformations are minor and exert negligible
spatio-temporal perturbations on the flow field, we adopt a one-way coupling approach: the fluid
solver drives the structural response without reverse feedback. Multiple studies have shown that
one-way coupling can capture the correct system response [49, 50, 51, 152]. Ceritically, the fluid



and solid solvers execute concurrently, exchanging pressure field at each coupling interval (Fig.[3).
Additional details on computational setup and solver test cases are provided in Appendix[C]

Inter-solver communication preCICE library [53] provides the essential adapter to couple mul-
tiphysics simulations by mapping boundary value exchanges at each coupling interval [54]]. We
adopt a nearest-projection scheme to map the fluid-solver pressure field onto the structural-solver
mesh (shown in Fig. ) and to transfer deformation if bidirectional coupling were to be employed in
future. Because both meshes are generated from an identical STL source, the geometric discrepancy
is negligible, ensuring that the nearest-projection operator introduces minimal interpolation error.
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Figure 4: One-way coupled FSI co-simulation overview. An impulsive inflow acceleration is applied
to the fluid domain, which uses free-slip exterior walls and a no-slip hood surface. The computed
pressure field on the fluid mesh is transferred via preCICE’s nearest-projection adapter to the solid
mesh, where the hood shell is fully clamped for structural deformation analysis.

Computational Mesh Mesh generation was performed with OpenFOAM’s SnappyHexMesh utility,
incorporating targeted surface boundary refinements to capture near-wall flow features 23]). The
final LES mesh comprises approximately 750,000 polyhedral cells (A = 0.003125 m) in total, of
which 170,000 to 180,000 cells are concentrated in the boundary layer region surrounding the surface
of the hood to ensure accurate capture of pressure distribution phenomena. For structural analysis,
a surface mesh of approximately 400,000 cells (A = 0.00220 m) was extracted from the same STL
geometry, providing sufficient spatial resolution to resolve the dominant deflection mode [56].

Boundary Conditions The computational domain is tightly wrapped around the hood to concentrate
the resolution on the fluid loads acting on its surface. At the downstream boundary, a zero-gradient
(extrapolation) outflow condition is imposed to suppress spurious reflections back into the domain.
The hood geometry is placed normal to the incoming flow, with its engineered cutouts facing upstream.
We apply a time-dependent acceleration impulse at the inlet, that is, a uniform force history imposed
simultaneously on all fluid cells, while the flow is initialized in a quiescent state. For all simulations,
a constant acceleration pulse of magnitude o = 2.7 m/s? is applied over a fixed duration of ¢ = 0.07
s at 30° to the flow direction (sampling time 0.01s, total of 8 solutions). The structural domain
is defined as the complement of the fluid mesh (with only the hood shell), and is fully clamped
at its mounting interfaces with material properties set as: density (p,) = 2700 kg/m?, Poison ratio
(v) = 0.33 and Young’s modulus (E£) = 68.9¢9 N/m. Figure E|details the boundary conditions and
domain configuration used in the co-simulation. In the fluid domain, all faces have slip or “inviscid”
conditions and has no fluid boundary layer growth; the hood is treated as a no-slip wall to capture
viscous effects at the solid—fluid interface.

HPC Setup Simulations were executed on our internal HPC cluster, comprising 16 compute nodes
with 8 NVIDIA H100 SXM 80GB GPUs each and a total of 1536 CPU cores (Intel Xeon Platinum
8468 2.1G). Each simulation case was parallelized over 12 cores with 72 GB of memory requirement.
The full simulation dataset occupies approximately 1.2 TB of storage and consists of 37,000 output
files. In aggregate, the co-simulation campaign consumed roughly 5000 CPU-core hours.
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Figure 5: Supervised fine-tuning (SFT) example data point: an LLM is trained to map structured
text prompts, specifying cutout parameters such as curve count and geometric spacing, to the
corresponding 3D point cloud hood geometry.

3.3 Dataset for Generative Al

We constructed a text-based paired corpus of 2587 hood geometries by leveraging the Gemma3 model
(gemma3-27b-it)[[57] in its vision-language configuration. For each sample, we authored a concise
text prompt encoding the engineered cutout parameters: minimum intercurve spacing, center plane
offset, and total curve count along with a snapshot of the geometry and passed it through Gemma3’s
multimodal encoder. The model then generated the corresponding 3D point cloud description of
the hood shell and a chain-of-thought procedure, which we captured as the supervised output (see
Fig. [5). This dataset supports training and supervised fine-tuning (SFT) of LLMs to map natural
language design specifications onto 3D point cloud representations, thus establishing a foundation
for generative Al CAD workflows ranging from zero shot shape synthesis and parametric editing to
language-driven mesh refinement and automated design variation generation. Additional details in SI.

3.4 Dataset Structure

The dataset encompasses automotive hood designs across multiple modalities, ensuring diverse
representations and enabling seamless integration into a variety of downstream ML and generative
Al applications.

» 3D Base Geometries: High-fidelity STL meshes of complete hood shells, suitable for CAD
workflows, CFD mesh generation, design optimization, and generative modeling.

* CFD Results: Time-resolved surface-interpolated velocity and pressure fields at eight
temporal snapshots, ideal for data-driven fluid dynamics studies and autoregressive sequence
models.

* FEA Results: Displacement and stress fields on the hood under CFD-derived loads, allowing
structural performance analysis and surrogate model training.

* Point Clouds: Surface point cloud representations of the hood with variable point densities,
for use in reconstruction algorithms.

* Engineered STL Variations: A diverse set of STL hood shells with integrated cutouts,
curated for generative-design, topology-optimization, and virtual-reality applications.

» Text Descriptions: Tokenized natural language annotations for each STL file, facilitating
transformer-based mapping between textual metadata and geometric models.

The dataset is organized into two levels, a sample subset of 4500 (approximately) and an extended
sample superset of 12000+ hoods, structured in a curriculum learning sequence [58]. Beyond
these datasets, an additional set consisting of 10000+ hood geometries with randomized cutout
configurations is included. Within each tier, samples progress from designs with the fewest cutout
curves to those with the most, enabling staged training from simpler to more complex geometric
variations. Additional details in Appendix

Dataset Access The dataset is released under CC BY-NC-ND 4.0 and is freely available without
requiring an account (see[D.I)); full download instructions and metadata (Croissant format) appear
in SI and GitHub. Due to the large size of the data, pre-split subsets for training, validation, in-
distribution (id) testing, and out-of-distribution (ood) testing are also provided.



4 ML Benchmarking

Accurate prediction of fluid-induced deformations is essential in the automotive hood design pro-
cess. Because rapid evaluation of numerous design variants, each subject to multiple performance
constraints, is required, low-latency surrogate models are indispensable. In this section, building
on previous benchmarks [22, 21} 23], we present ML approaches for predicting the normalized
deformation response across different hood geometries. Using PyTorch [59], we evaluate five archi-
tectures—MLP, PointNet [60]], GraphSAGE [61]], Graph U-Net [62]], and PointGNNConv [63]]—each
composed of an encoder, core model, and decoder. An MLP-based encoder first maps each hood
vertex (or point-cloud sample) and its auxiliary attributes (e.g., surface pressure) into a latent feature
vector. The core model then aggregates these embeddings, via point- or graph-based operations, to
capture local and global geometric context. Finally, an MLP-based decoder regresses the normalized
deformation at each node. For this study, we used the 4500 hood geometries subset, partitioned
into training (75%), validation (15%), id-testing (10%), and ood-testing (single isolated geometry)
segments. Model inputs consist of point-cloud coordinates, surface normals, and mesh-connectivity
data, while outputs comprise the velocity components U, pressure p, and displacement D. All models
were trained for 750[7:]epochs using the mean squared error (MSE) loss function. Comprehensive
hyperparameter configurations and architectural details are provided in Appendix

Benchmarking Metric Model performance is evaluated using the Mean Squared Error (MSE),
defined as the average of the squared differences between predicted and true deformations. Due to its
quadratic error term, the MSE is particularly sensitive to outliers in prediction errors.

4.1 Benchmarking Results

4.1.1 In-Distribution Tests

Model Us U, U. P D, D, D,
(x107%)  (x107%) (x107%) (x107%) (x107?) (x107?) (x107?)
MLP 0.25 0.27 0.44 0.37 2.80 0.51 0.76
PointNet 0.31 0.26 0.48 0.55 0.29 0.40 0.43
GraphSAGE 4.89 1.31 2.04 422 14.88 3.98 6.86
Graph U-Net? 1.91 0.86 1.18 3.09 2.89 0.92 0.97
PointGNNConv 4.50 1.42 2.69 7.70 11.71 8.92 15.41

Table 1: ID Test: Mean squared error on the different normalized fields for all the models.

Table[T] and Fig. [6| demonstrate that simple architectures, namely MLP and PointNet, outperform
more complex graph-based methods on ID test data. As shown in the table, the MLP achieves the
lowest MSE on U, and U, and on p, while PointNet shows the best overall balance of errors across
all fields. The visualizations of the field map in Fig. [6] confirm these quantitative findings. The MLP
and PointNet reconstructions capture the primary patterns in ||U|| and p with minimal smoothing, and
reproduce the high-deflection zones around cutout edges in || D||. In contrast, graph-based models,
such as GraphSAGE tend to underpredict peak values and introduce spurious oscillations in regions of
sharp geometric change. Graph networks are based on a fixed neighborhood radius or neighbor count,
which forces a trade-off between over-smoothing fine cutout details and depriving nodes of broader
context. In particular, the dramatic degradation in D, performance is possibly due to displacement
being a secondary field driven by the integrated pressure load, so any upstream errors in velocity
or pressure predictions amplify downstream effects. See Appendix [B]for further analysis of MLP
performance compared to graph models (homophily and ablation tests).

4.1.2 Out-of-Distribution Test

The OOD test set reveals a different trend for model performance: graph-based architectures out-
perform point- and MLP-based models when faced with novel geometries (Table[2). While MLP

2Graph U-Net results are reported at 320 epochs due to its longer per-epoch runtime. However, the training
loss curve aligns closely with those of the leading models trained for 750 epochs.
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Figure 6: In-distribution test predictions for the three lowest-error models. Each block shows results
for a specific mode—MLP (STL), PointNet (STL), and GraphSAGE (Point Cloud)—with target (left)
and predicted (right) fields plotted for ||U|| , p, and || D] on the front (top row of each block) and
back (bottom row of each block) surfaces of the hood geometry.

Model Uz U, U. P D, D, D,
(x107%)  (x107%) (x107%) (x107%) (x107?) (x107?) (x107?)
MLP 1.49 1.89 2.97 4.96 181.02 5.87 19.81
PointNet 3.48 2.89 6.87 15.45 73.79 17.83 25.55
GraphSAGE 3.24 1.81 2.65 6.99 84.34 6.07 21.71
Graph U-Net?2 2.04 1.29 1.45 4.05 126.62 7.69 16.13
PointGNNConv 2.84 1.51 1.20 5.79 130.08 4.78 13.67

Table 2: OOD Test: Mean squared error on the different normalized fields for all the models.

achieves the lowest error on U, and PointNet on D, both exhibit substantial degradation in p and D
predictions outside the training distribution. In contrast, Graph U-Net attains the best OOD MSE
for pressure 4.05 x 10~2 and maintains competitive errors across all velocity components, demon-
strating a robust generalization of global flow characteristics. Similarly, PointGNNConv achieves
the lowest error on transverse components D, and D, indicating its efficacy in capturing localized
deformation induced by complex cutout topologies. The field-map visualizations (Figure[7) confirm
these quantitative results: Graph U-Net and PointGNNConv reproduce sharp features in pressure and
the concentrated deflection zones around cutouts with high fidelity, whereas simpler models produce
overly smooth or smeared predictions.

Runtime Analysis Table [3]summarizes the inference times per sample and the parameter counts
for each architecture, highlighting their relative efficiency profiles. MLP and PointNet achieve sub-10
ms inference with strong in-distribution accuracy (see Table[I)), ideal for high-throughput prototyping.
Graph U-Net and PointGNNConv, while costing 200-250 ms per inference, provide higher OOD
fidelity (see Table[2) using advanced message passing. GraphSAGE offers a compromise with 11 ms
latency and moderate generalization.
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Figure 7: OOD test predictions for the top two %raph—based models using point-cloud modality. For
PointGNNConv (top block) and Graph U-Net (bottom block), target (left) and predicted (right)
fields are shown for ||U]|, p, and || D|| on the front (upper row of each block) and back (lower row of
each block) surfaces of a representative OOD hood geometry.

Model Parameter Count Time per Epoch (s) Time per Inference (ms)
MLP 319623 96 + 4 9.66
PointNet 154463 120 £ 3 11.14
GraphSAGE 93703 147 £ 3 9.74
Graph U-Net 3550535 1520 £+ 35 248.86
PointGNNConv 168598 366 + 4 34.34

Table 3: Comparison of model sizes and runtimes. Inference time averaged for 200 samples.

5 Conclusion

We have presented AutoHood3D, the first open source, large-scale benchmark for 3D automotive hood
design and one-way fluid-structure interaction. Comprising more than 16000 parametric variants and
an excess of 108000 time-resolved LES-FEA snapshots on a refined cell mesh, the dataset provides
sufficient geometric diversity and high-fidelity multiphysics solutions. Our fully documented pipeline,
which spans convex shell reconstruction, cutout segmentation, numerical meshing, and preCICE-
mediated co-simulation, ensures complete reproducibility and extensibility to other solvers and new
physical scenarios.

To support data-driven and generative Al workflows, AutoHood3D is released in multiple modalities
(STL, raw CFD/FEA meshes and fields, point clouds) and includes structured natural language
prompts for supervised fine-tuning of LLMs in text-to-geometry synthesis. We further establish
performance baselines across five neural architectures: from MLP and PointNet (inference times
of 7-11 ms, in-distribution MSE ~ 10~3) to Graph U-Net and PointGNNConv (34-249 ms, OOD
MSE as low as 1.2 x 10~2). These results quantify the speed-accuracy trade-offs between model
classes, providing clear guidance for selecting architectures that align with specific performance and
generalization requirements.

We anticipate that AutoHood3D will accelerate research in surrogate modeling, aerodynamic opti-
mization, manufacturing process design, and physics-informed machine learning. By lowering the
barrier to large-scale 3D FSI data generation and offering a modular open source workflow, our work
lays the groundwork for future datasets to advance generative Al and data-driven engineering.



6 Limitations and Future Scope

Despite its contributions, AutoHood3D has several opportunities for improvements. First, cutouts are
currently defined via 2D projections; extending them to fully 3D contours would capture more intricate
geometric features. Second, our ML models are restricted to point and graph-based architectures;
investigating mesh-agnostic neural operator approaches [64] may improve predictive accuracy. Third,
clustering cutouts by area and perimeter may overlook higher-order shape descriptors - incorporating
curvature or modal deformation modes could enhance design-space exploration. Finally, the use
of MSE loss does not explicitly enforce the physical conservation of momentum or force across
the fluid—structure interface; developing multiphysics-aware training objectives that penalize these
residuals could improve fidelity.

In the future, we will integrate non-linear structural solvers and introduce additional geometric parame-
ters (e.g., hood mass distribution and material heterogeneity) to support advanced design-optimization
studies. We also plan to diversify the loading conditions, varying impulse magnitudes and orientations,
to fully cover the operational envelope of manufacturing and aerodynamic scenarios.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction accurately capture the scope and key contribu-
tions of the article, including the CFD/FEA solver test cases (detailed in the Supplementary
Information and on GitHub) and the fully open-source, end-to-end workflow for dataset
reproduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: A dedicated “Limitations and Future Work" section systematically examines
the study’s constraints and their broader implications.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: This is beyond the scope of the current study focused on dataset.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The complete set of codes and the model settings are included in the article
and on GitHub. We also include the pre-split dataset for model training and reproducing the
benchmarking results.

Guidelines:

» The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:[Yes]
Justification: Links to the dataset and the codes are shared in the article.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The details of the training and parameter selection are shared in the main
article. Additional experiment and information on hyperparameters, optimizer, scheduler
settings, and model architecture are included in the SI.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: Not relevant to this study.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The discussion regarding computational resources has been included in the
“Dataset Workflow" section.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The authors confirm that the research follows the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: The authors note that, given the academic emphasis of this work, there is no
direct societal impact.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The current study does not include high-risk models or data.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The dataset and codes are released under the Creative Commons Attribution-
NonCommercial (CC BY- NC 4.0) license, allowing use and modification for noncommercial

purposes provided appropriate credit is given. Additional information is included in the
article.

Guidelines:
* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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* For scraped data from a particular source (e.g., website), the copyright and terms of
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 If assets are released, the license, copyright information, and terms of use in the
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* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Details/instructions of the dataset and code usage are shared in the article and
on GitHub.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Not in the scope of the current study.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Not in the scope of the current study.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: A modality of the dataset, collection of natural language prompts for design
variations, was created using a vision-LLM following user-defined prompts and design
information. This has been discussed in the “Dataset Workflow" section and SI. The
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Guidelines:
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A Hyperparameter Tuning

We adopt a unified set of hyperparameters that yielded stable performance across all architectures, with
the specific parameters of each model (e.g., encoder-decoder configurations, hidden-channel width)
tuned within this framework (see Table[5)). All models are trained using the AdamW [65] optimizer,
paired with a ReduceLROnPlateau scheduler configured as detailed in Table ] For PointGNNConv,
we reduced the base learning rate to 5x 10~ to prevent training instabilities observed in early trials,
and the step patience for GraphSAGE is set to 9* . Although the training pipeline supports distributed
data-parallel (DDP) execution over the full 16000+ design ensemble, the results presented here are
based on a reduced subset of 4500 hood geometries trained using a single H100 GPU.

Weight Decay  Step Factor Min LR Step Patience Epochs LR Warmup

1.00 x 107° 0.1 1.00 x 1077 7 750 Linear, 1.5%
Table 4: Optimizer and scheduler hyperparameters.

Parameter PointGNNCon GraphUNet GraphSAGE PointNet MLP
encoder [10,128,128,64] [10,128,128,64] [10,128,128,64] [10,256,128,64] [10,256,128,64]
decoder [64,128,128,7] [64,128,128,7] [64,128,128,7] [64,128,256,7] [64,128,256,7]
nb_hidden_layers 4 - 4 - 4
size_hidden_layers 64 64 64 - 256
base_nb - - - 8 -
layer - SAGE - - -

pool - random - - -
nb_scale - 5 - - -
pool_ratio - [0.5,0.5,0.5,0.5] - - -
list_r - [0.05,0.2,0.5,1,10] - - -
batch_size 128 128 128 128 128
nb_epochs 750 352 750 750 750

1r le-4 le-4 le-4 le-4 le-4
max_neighbors 4 4 4 — —

r 0.05 0.05 0.05 - -

Table 5: Hyperparameter settings for each model.

A.1 Graph Construction with Max-Neighbor Tuning

In the graph model setup, each node in the mesh is connected to all neighbors within a fixed radius,
defining the local geometric context, where “max_neighbors" (mNN) caps the number of edges per
node. By building the full mesh graph once (so no contour detail is lost to sub-sampling mesh points
or repeated graph construction) and keeping the radius constant, we promote “max_neighbors" to
the only complexity control. To measure its effect on training loss and per-epoch runtime, we train
GraphSAGE (using same settings as mentioned above except the eopchs set to 150) on the complete
mesh, preserving every cutout, and systematically vary only max_neighbors (testing 4, 8, 16, and 32),
thus identifying the optimal neighborhood size that balances accuracy and speed. Here, the entire
dataset is reloaded at each epoch, maintaining a constant memory footprint. This optimal setting
captures critical geometric detail without incurring unnecessary computational cost.

Table [6] demonstrates that increasing the GraphSAGE neighborhood size (mNN) steadily reduces
MSE across all fields but at the expense of both runtime and data-storage footprint. With mNN=4, the
model trains in only 147 s per epoch on a 201 GB dataset, producing acceptable ID errors. Doubling
to 8 neighbors halves certain displacement errors (e.g. D,,) but more than doubles per-epoch time and
dataset size. By mNN=32, further accuracy gains are marginal while per-epoch time reaches ~ 2361
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U, Uy U. p D, D, D Time Dataset

mNN (x107%) (x107%) (x107%) (x107%) (x107%) (x107%) (x107?) per Epoch Size (GB)
4 4.65 131 2.00 4.13 14.56 3.78 6.56 147 £2 201.1
8 3.10 1.19 1.97 5.15 9.95 1.76 3.09 345+ 7 290.4
16 2.93 1.07 1.71 4.30 10.49 428 8.53 443 4+ 15 469.2
32* 1.91 0.98 1.40 3.35 8.10 1.51 2.83 2361 =+ 245 826.6

Table 6: mNN Test: Mean squared error using the ID testing dataset for the different normalized
fields using different mNN settings. *For mNN=32 setting, the model results are reported at 130
epochs due to longer per-epoch runtime.

s and the storage exceeds 800 GB, this configuration was stopped at 130 epochs due to intractability.
Thus, mNN=4 delivers the most favorable speed—accuracy—size balance in this case, especially for
larger graph models where high neighbor counts become prohibitively slow and memory intensive.

B Analysis of MLP Performance

Based on results for in-distribution tests in Sect. .1, MLP model tends to show better performance
on multiple output variables (such as Uy, p) compared to more complex graph models. In this section,
our aim is to explore the underlying reasons for these results, which could potentially be attributed
to overfitting. Another possible explanation is that "MLPs can incorporate geometric information,
given their encoder’s width being four times that of any other model." While it is true that the
MLP’s hidden layer width is four times the dimensionality of its encoder output—in our case, a
64 to 256 configuration—this does not necessarily imply that the MLP is aggregating information
from neighboring points. Instead, each vertex’s feature vector (comprising its coordinates, normals,
and distance field) is processed independently through fully connected layers, without any explicit
pooling or message passing over spatial neighbors. Thus, MLP’s unexpectedly strong in-distribution
performance cannot be directly attributed to local geometric aggregation in the same way as with
graph models. To further investigate this, we performed the following analysis:

Hypothesis Description Result

A. Non-homophily If adjacent nodes differ greatly, ~Rejected: high homophily found (see Table(g),
graph aggregation may harm  so GNNs should benefit from local pooling.
performance.

B. Sensitivity to neigh- GraphSAGE performance de- Confirmed: larger & reduces prediction error

bor count (k) pends on neighborhood size. but at steep compute and I/O cost.

C. MLP Capacity & The wide MLP memorizes Supported: ablation shows ID error rises with

Overfitting training-set patterns, inflating  hidden-dim reduction while OOD error im-
in-distribution scores. proves (Table @)

Table 7: Summary of hypotheses, their motivations, and empirical findings.

B.1 Homophily Test

The hood surface often exhibits cutout edges and curvature changes that could cause non-homophily.
In such cases, neighborhood pooling of GNNs can oversmooth fine features—whereas an MLP’s
point-wise mapping avoids this [66], potentially explaining its ID test errors. Therefore, to measure
the non-homophily, we computed numeric assortativity () [67] and a standard edge-wise multi-
dimensional cosine similarity [68] over the entire in-distribution test data/graphs:

Field U, Uy U, D D, D, D, Multi-dim Cosine
7 +0.9756  +0.9739 +0.9711 +0.9650 +0.9910 +0.9933 +0.9877 +0.9449
or 0.0037 0.0106 0.0059 0.0058 0.0301 0.0154 0.0322 0.0109

Table 8: Mean assortativity () and its standard deviation for each physical field with cosine similarity.
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Interpretation: All fields exhibit strong homophily (7 > 0.96), so neighbor aggregation should be
beneficial for GNNs—not detrimental—if effectively leveraged. This can be done by carefully
selecting the "max neighbors" (mNN), as the quality of feature aggregation in GNNs is significantly
influenced by this choice. This is the focus of Sec.[A.I] where we explore the impact of mNN
selection on GNN performance in more detail.

B.2 GraphSAGE mNN Sweep

In a separate experiment (see Table @), we varied GraphSAGE’s neighbor count (mNN = 4,8,16,32).
Increasing the neighborhood size from 4 to 32 reduces ID MSE by up to 40-50%, but:

Compute Time: per-epoch time grows by an order of magnitude.

Data I/O: dataset size inflates proportionally to neighborhood features stored.

Higher mNN reduced in-distribution errors at the expense of increased computation time, illustrating
the classic trade-off of neighborhood aggregation.

B.3 MLP Hidden-Size Ablation Study

Our ablation study compared MLPs with hidden-layer widths of 256, 128 and 64—keeping all other
hyperparameters consistent with Table[5] The following is the complete set of results:

Model UT Uy Uz p D:r Dy Dz
ode (x1072)  (x1072) (x107%) (x1072) (x107%) (x1072) (x1072%)
MLP256  0.25 0.27 0.44 0.37 2.80 0.51 0.76
MLP 128  0.32 0.30 0.49 0.47 4.59 0.75 0.91
MLP 064  0.39 0.37 0.53 0.58 7.63 0.74 1.02

Table 9: ID Test: Mean squared error on the different normalized fields for all the MLP models.

Model U, U, U. P D, D, D.
ode (x1072)  (x1072) (x1072) (x1072) (x107%) (x1072) (x1072)
MLP 256 1.49 1.89 2.97 4.96 181.02 5.87 19.81
MLP 128  1.58 1.60 2.68 4.65 175.28 7.58 22.91
MLP 064  2.14 1.09 1.59 3.38 124.11 8.50 20.55

Table 10: OOD Test: Mean squared error on the different normalized fields for all the MLP models.

ID Trend: error increases steeply as hidden dimension shrinks, confirming that the 256-dim model
leverages high capacity to fit training data.

OOD Trend: the smaller MLPs generalize marginally better, indicating the largest network is more
susceptible to overfitting the data.

Together, these studies suggest (Table[7) that the advantage of MLPs on ID tests is not directly due to
hidden neighbor aggregation; rather, their wider layers facilitate point-wise memorization of global
patterns. On the other hand, graph-based models take advantage of the existing homophily within the
data, but they must strike a careful balance between neighborhood size and the risk of oversmoothing,
as well as the associated computational overhead. As such, the choice of model for practical surrogate
design will ultimately depend on the specific application: MLPs are better suited for high-throughput,
in-distribution tasks, while GNNs—when tuned for maximum neighborhood size (mNN)—are more
effective for robust generalization, assuming sufficient computational resources are available.

C Numerical Solvers

The following subsections detail the configuration of each solver and the corresponding test cases.

C.1 Fluid Solver

UM_pimpleFoam is a CPU-based solver built on OpenFOAM’s pimpleFoam solver. Unlike the
standard pimpleFoam solver, UM_pimpleFoam incorporates an additional transient acceleration
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source term in the momentum-conservation equation to capture the inertial body force arising from
the prescribed fluid acceleration. For this study, LES simulation is conducted with the Spalart-
Allmaras Delayed Detached Eddy Simulation (DDES) model [48]. UM_pimplefoam solves the
incompressible Navier-Stokes equations on a nonuniform grid. Following are the system of equations
along with the additional acceleration term (A;). The mass-conservation equation is:

8ui
8177;
where x; = (X, y, z) are the Cartesian coordinates, and the components of the velocity vector are u; =

(u, v, w). The fluid is treated as incompressible with constant density p, therefore the momentum
equation is normalized by p [69]. The resulting form is:

=0, ey

A D 1 op 0%u;
P I U A @
ot O0x; p Ox; O0x;0x;
~— ‘ ——— ——— ——
local (unsteady) acceleration ¢ nyective momentum transport  pressure-gradient force  viscous diffusion

Here, the left-hand side collects the inertial terms, while the right-hand side comprises pressure,
viscous, and body-force contributions. The term A; explicitly represents the time-varying acceleration
applied to each fluid cell. Therefore, due to the incompressible formulation, the fluid density p is
implicitly incorporated through kinematic viscosity (v = u/p).

C.2 Solid Solver

UM_solidDisplacementFoam is a CPU-based solver built on OpenFOAM’s solidDisplacementFoam.
We chose OpenFOAM'’s structural solver for its seamless integration with the fluid solver and
streamlined mesh generation, since the solid mesh derives directly as the complementary subset of
the fluid-domain mesh. The solver uses a small-strain elastic deformation model to solve the stress
and displacement of the hood, and solves the stress-strain relationship defined by Hooke’s law. Since
the deformations during the dip process are not large [24, 25]], the linearity assumption between stress
and strain remains valid. However, for larger deformations, different solvers can be incorporated
using the preCICE adapter [53]. Unlike the standard implementation, our solver embeds the force
patch calculation routine [[70] directly within its code, eliminating the need for any external function.
Following equation is the transient linear momentum balance for a deformable solid [71]:

P o2 D; _ do; j n b; 7 3)
ot? Oz; —~—
N~~~ body-force density

divergence of stress

where D; are the displacement vector components and o;; is the Cauchy stress. The small-strain
tensor is defined as:

5305, * o).
2200 Omi)

small-strain tensor

“

And the Hooke’s law for a linear elastic, isotropic material:
oij = Aerkdiy;  + 2pey ©)
—— ——
volumetric response shear response

expressing the stress tensor (0;;) in terms of volumetric response (through Lamé’s first parameter
A) and shear response (through the shear modulus ) [72]. Thermal stresses are neglected in our
formulation, and the corresponding terms are therefore omitted from the governing equations. The
deformation of the solid region is solved based on the pressure distribution at the interface for the
previous timestep.

Extending FEA Leveraging preCICE’s [53] solver-agnostic coupling, our FSI framework can
be extended to incorporate non-linear structural solvers, native to OpenFOAM or through external
libraries such as deal.Il [[73] and FEniCS [74], facilitating multiphysics analyses across various
engineering domains and requirements.
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C.3 Solver Validation
Following validation cases are presented to support the simulation settings and to justify the selection

of parameters such as mesh refinement levels and solver specifications. The cases are provided along
with the associated codes and workflows.

C.3.1 Fluid Test Case

Mesh Features Solution Fields

Figure 8: Computational setup and results for flow over a sphere. (Left) Mesh features showing do-
main dimensions, refinement near the sphere, and inflow direction. (Right) Solution fields illustrating
velocity streamlines colored by velocity magnitude, and pressure contours on the sphere and ground
plane, highlighting the pressure distribution.

This case considers the simulation of a 3D sphere placed in a domain of dimensions 12x6x6 m,
with a uniform flow field to evaluate the pressure drag force, as shown in Fig[8] Inflow consists of
atmospheric air at a velocity of U =20 m/s and a temperature 7' = 293 K, corresponding to a density
p=121041 kg/m3. The sphere has a radius of 1 m, resulting in a frontal area of A = 3.14 m?. Based
on flow conditions, the Reynolds number is calculated as Re = 2.47x 10° , placing it well within the
turbulent regime where the drag coefficient C,; for a smooth sphere is approximately 0.47 (based
on [[73]]). The computational mesh is constructed with a characteristic grid spacing of Az ~ 0.039
m to ensure adequate resolution of the flow features around the sphere. The analytical force can be
computed as F; = % pu? Cy A, and using the provided values, it is found to be 355.582 N. Using
the simulation results, the drag force is calculated as F;?im =Y (p x 1) pA, which yields 357.049 N,
corresponding to an error of 0.41%. The simulation accurately predicts the drag force on the sphere,
with a computed error of only 0.41% compared to the analytical value. This close agreement validates
the mesh quality and the overall solver setup.

C.3.2 Solid Test Case

Simulation Domain Solution at t = 100s

— Analytical
o Predicted

30000

0 [kPa]

25000

20000

15000

10000 B e

Stress 0, at x

Figure 9: Computational setup and results for time varying flow over a flap. (Left) Mesh features
showing domain dimensions, refinement near the hole, and traction directions. Solution fields
illustrating stress contour on the plate at time ¢ = 100s (middle) and normal stress along the vertical
symmetry plotted on the right.

To test the solid solver, a 2D problem focused on steady-state linear elastic stress analysis on a square
plate with a circular hole at its center is used. The dimensions of the plate are: side length 4 m and
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radius R = 0.5 m. It is loaded with a uniform traction of o = 10 kPa on its left and right faces, as
shown in Figure 0] Due to dual symmetry, only a quarter of the domain is meshed. We adopt a
plane-stress formulation, neglecting all out-of-plane stress and strain components. For an infinitely
thin plate with a central circular hole under remote uniaxial tension, there is an exact analytical
solution. In particular, the normal stress on the symmetry plane is given by

R> | 3R! S
(O—Ix)xzo _ o (1 + 242 + 2y4> for ‘y| >R ©
0 for ly| < R

The middle plot in Figure @presents the von Mises stress (|o|) field at t=100 s on the quarter-domain
mesh, illustrating the stress concentration around the circular hole under a uniform 10 kPa tensile
load. Along the symmetry line x=0, the computed normal stress is plotted against the analytical
solution derived above. Green markers represent numerical predictions, which closely follow the
solid black curve of the analytical solution, with slight overprediction near the hole rim and good
agreement farther away.

C.3.3 FSI Test Case

Inflow ’

Figure 10: Computational setup and results for time varying flow over a flap. (Left) Mesh features
showing domain dimensions, refinement near the flap, and inflow direction. Solution fields illustrating
velocity streamlines, and pressure contours on the ground plane with force contour (middle) and
displacement contour (right) on the flap.

For the 3D FSI test case, the simulation consists of a thin 3D flap anchored at the bottom in a channel
with a time-varying inflow from the left, as shown in Fig. [0} One-way coupling is used between
the fluid and the solid solvers as described in the previous sections. The overall dimensions of the
domain are 1.8 x 0.6 x 1.2 m with a prescribed no slip (v = 0) condition in the top and bottom
channel walls, with inflow velocity described as « = (10, 0, 0). The case is adapted from [[76], with
the properties of the selected material set as: density (p,) = 2700 kg/m?, Poison ratio (v) = 0.33 and
Young’s modulus () = 68.9¢9 N/m. The flap has dimensions of 0.01 x 0.35 x 0.6 m and clamped
to the bottom. Three different levels of mesh refinements are simulated (cases 1-3 employ successive
2 x mesh refinements), with the fluid solver settings adapted from the previous section. The force
on the flap is measured at the location [0.5,0.35,0.0]. In Figure@ the force time histories for the
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Figure 11: Force response at a flap location under uniform loading for three mesh refinements: Case

1 (baseline), Case 2 (2x refinement), and Case 3 (4x refinement). Left: total force magnitude vs.

time. Right: X-component of force vs. time. The red dashed arrow highlights convergence toward a

smooth solution as mesh density increases.

two finer meshes (Cases 2 and 3) nearly coincide, demonstrating convergence as the mesh resolution
doubles twice. In contrast, the coarsest mesh (case 1) exhibits pronounced oscillations, particularly
in the X-component trace, due to under-resolved pressure gradients and numerical interpolation
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noise across the flap interface. As resolution increases, these spurious fluctuations decrease, and the
solution smoothly decays to its steady-state value.

D Dataset

D.1 Dataset Structure and URLSs

* Code available at : https://github.com/vanshs1/AutoHood3D/

* Dataset of SFT LLM prompts (in 06_LLM_Generation/Final_consolidated_prompts.jsonl):
https://github.com/vanshsl/AutoHood3D/

* Dataset of hood base shells/skins: https://doi.org/10.7910/DVN/9268BB
* Dataset of 4k hoods

— STLs: https://doi.org/10.7910/DVN/HEILMB

Simulation Data (raw): https://doi.org/10.7910/DVN/VCKOK5
Processed for ML task: https://doi.org/10.7910/DVN/60AFF8
Processed for ML task (Graphs): https://doi.org/10.7910/DVN/WODNWY
Test ML workflow™: https://doi.org/10.7910/DVN/FSYRJA

¢ Dataset of 12k hoods

— STLs: https://doi.org/10.7910/DVN/ZOVXLI
¢ Dataset of 12k hoods (randomized)

— STLs: https://doi.org/10.7910/DVN/0JXIS1

The updated URLS for the datasets, particularly the simulation data for the 12k case due to its large
size, and the corresponding Croissant metadata for each dataset are shared on the GitHub repository.
A compact ML test set™* of 100 preprocessed cases is included for the rapid validation of training
workflows. From these, users can easily sample smaller subsets (e.g., 12 or 32 batch sizes) to perform
local testing of the ML pipelines.

D.2 Contents
The dataset contents are as follows:

* 10000+ randomized hoods cut from 108 unique base hood shells.
12000+ clustered hoods cut from 108 unique base hood shells.

* An additional 4500+ clustered hoods.

JSON files for 2500+ prompts.

* 108 base shells for making new geometries.

¢ 1750 different curve cut-out files.

In Figure the naming convention of a standard clustered geometry is shown. The base shell
geo_010 refers to the standard outer shell from which the cutouts are carved. The “clusterID" 5 is
assigned based on the strata of the perimeter and the area of the cuts. Further details on clustering
are provided in[D.4] All geometries are symmetrical, with “crvCount" referring to the number of
cutouts on either side of the hood. “Curve ID" 0290_0694_0710_0627 functions to parameterize
the geometry. The center distance “cd _0.030" refers to the minimum distance between the cutouts
across the mirror plane, and the “md_0.015" refers to the minimum distance between the center of
two cutouts on either side of the hood.

D.3 Hood Geometry Variations

Starting from a single inner-hood CAD model, we leverage a suite of Python scripts built on
pyMadCAD [44] to automatically generate the full exterior shell and project engineered features onto
a reference plane. This end-to-end, workflow transforms one base geometry into numerous distinct
hood variants, capturing a wide spectrum of cutout topologies and enabling rich exploration of design
and fluid—structure responses. The detailed steps are as follows:

30


https://github.com/vanshs1/AutoHood3D/
https://github.com/vanshs1/AutoHood3D/
https://doi.org/10.7910/DVN/9268BB
https://doi.org/10.7910/DVN/HEILMB
https://doi.org/10.7910/DVN/VCKOK5
https://doi.org/10.7910/DVN/6OAFF8
https://doi.org/10.7910/DVN/WODNWY
https://doi.org/10.7910/DVN/FSYRJA
https://doi.org/10.7910/DVN/Z0VXLI
https://doi.org/10.7910/DVN/OJXIS1

File Format

Description

Hood geometries

geo_***_clusterID_x_...stl

Surface mesh of the hood geometry from hood of base shell ***,
cluster x (see Fig[T2)

geo_*F¥*___stl

Surface mesh of the hood geometry from hood of base shell *** with
random cutouts (no cluster sampling) (see Fig[T2)

Results and other data

solid (or fluid)_...vtp

Raw CFD and FEA data, contains field values for the physical quan-
tities. VTP is a poly-data format derived from VTK data type.

batch_**.pt

Torch dataset format containing fields for ML training.

X.json

JSON file containing LLM prompts or structured geometry list for
creating ML training dataset.

Table 11: Summary of the dataset contents

_clusterID_5_crvCount_4_0290_0694_0710_0627_cd_0.030_md_0.015

\

J\ J J\ )

Base Shell Cluster ID

(Assigned by area

and perimeter)

Y Y Y

Total Curve Count Curve ID Center Distance Min Distance

(4infig.) (for parameterization) (mirror plane) (between curves)

Figure 12: Example hood showing the physical definitions of the geometry naming convention

Convex-Hull Shell Reconstruction: Starting from the inner hood mesh, compute its convex
hull to form an outer envelope that closes all recesses. Extrude a uniform offset (e.g. 10
mm) normal to the hull surface to produce the complete 3D hood shell.

Planar Projection: Translate and rotate the shell so that its engineered features face a
reference plane perpendicular to the inlet flow. Project the 3D surface orthogonally onto this
plane to obtain a binary silhouette highlighting potential cutout regions.

Segmentation and Mask Extraction: Apply the SAM-2 [45] segmentation model to the
2D projection to isolate individual cutout masks. Post-process masks to remove noise and
enforce connectivity, ensuring that each mask corresponds to a single-engineered opening.

Boundary Sampling and Curve Database: Trace the contour of each mask and uniformly
sample boundary points to generate an ordered point-cloud curve. Store these curves in a
parameter database for subsequent re-embedding.

Cutout Reintegration: Map selected boundary curves back onto the 3D shell surface
and subtract them to carve precise openings. Enforce symmetry and user-defined spacing
constraints to create the final engineered hood variations.

D.4 Clustering Cutouts

Figure [T4] delineates nine clusters of engineered cutouts stratified by perimeter and area. Cluster 5
comprises the most elaborate shapes, with a mean perimeter of approximately 0.84 and mean area
around 0.045. In contrast, clusters 2 and 7 represent the most compact designs, exhibiting mean
perimeters between 0.43 and 0.49 and mean areas near 0.015. In contrast, several intermediate
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2D Projection Unique Masks from Segmentation

Inner Hood

Figure 13: Generation of engineered hood shells from inner-hood CAD. The process begins with
the inner-hood surface (second panel), which is convex-hulled and offset to form the complete 3D
shell (first panel). This shell is projected onto a 2D plane (third panel) and segmented via SAM-2
[43] to extract unique cutout masks (right panels), each of which defines a boundary curve used to
parameterize and re-embed the engineered openings into the final shell geometry.
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Figure 14: Clustering of extracted cutout curves. Left: representative boundary-curve features
(original and B-spline fits) for four sample clusters. Center: t-SNE projection of all curves, colored
by cluster label (0-8), illustrating distinct groupings based on perimeter and area metrics. Right:
mean perimeter (top) and area (bottom) with error bars for each cluster, highlighting the geometric
diversity captured across the nine classes.

clusters (e.g., Clusters 1, 3, and 4) exhibit partial overlap, indicating gradual transitions in perimeter
and area metrics and demonstrating that certain mid-range shapes share similar feature compositions.
This overlap underscores the continuous nature of our design manifold and suggests opportunities for
interpolation between cluster centroids when generating new variants. This calibrated partitioning
of cutout topologies provides the dataset with a comprehensive representation of feature scales
and intricacies, supporting systematic investigation of geometry-driven variations in fluid—structure
response.

D.5 Automated Simulations
We developed a suite of six interconnected Python scripts to fully automate the end-to-end HPC

workflow. A primary “manager” script handles mesh generation, solver invocation, and directory
I/O for each design. Two “replicator" scripts clone and distribute case directories across compute
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pools. Two SLURM [77] utilities generate and submit batch jobs for each case. Finally, a top-level
orchestration script monitors node availability, cleans temporary files, assigns pools to nodes, and
invokes the subordinate scripts in sequence.

D.6 Analysis of Simulation Results

Hood STL |:> Numerical Mesh |::> Field: Pressure Field: Displacement

Figure 15: Representative hood variants (left) with corresponding CFD meshes (second column),
pressure distributions (third column), and structural displacement fields (right column) for three
sample geometries

Each row in Figure[T3]illustrates how distinct cutout geometries yield different deformation patterns
under identical loading. As the cutout topology varies across the three samples, so does the displace-
ment pattern despite similar looking pressure fields. The large central openings of the top design drive
pronounced edge deflections, the smaller scattered apertures of the middle design produce localized
deformation around each edge, and the uniformly distributed holes of the bottom variant produce a
more evenly distributed displacement profile in the lower half but a higher concentrated deflection
on the top. Next, we visualize the simulation results for all the 4k dataset to characterize the global
variation in pressure and deformation.
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Figure 16: Raw CFD results: maximum pressure p,,q. (Pa) vs. maximum deflection D,,,,, (m). Left:
colored by geometry index; right: stratified by cluster ID.

The plots in Figure [T6]illustrate how geometric variability drives coupled pressure—deflection re-
sponses across the dataset. In the 2D scatter (left), each point’s color encodes its base-geometry
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index, revealing that certain designs, such as “geo 0", consistently exhibit low D,,,, even under
moderate p,, .., whereas others (e.g., “geo 7") manifest higher deflection at similar pressures. The
3D plot (right) layers these same data by cluster ID, showing that extremes in both deflection and
pressure occur predominantly in Cluster 5 (IDs around 070-090). Within each cluster band, the
spread of geometry-indexed colors demonstrates that individual hood shapes produce unique pres-
sure—deflection signatures. This interplay between cluster-level typologies and specific geometric
variations highlights the sensitivity of the structural response to cutout details and underscores the
importance of a thorough design exploration.

D.7 LLM Prompt

We designed a structured meta-prompt to guide Gemma3’s vision-LLM into producing paired
text—point-cloud training examples. For each hood image and the corresponding variation specifica-
tion, the prompt instructs the model to generate: (1) a User Input section that formalizes the design
request from the base description and variation details; (2) a Chain-of-thought section that explicitly
reasons through curve counts, spacing, symmetry, and surface orientation; and (3) a Solution place-
holder for the resulting point-cloud output. By enforcing this three-part schema, we automatically
extract self-documented examples, complete with transparent intermediate reasoning, suitable for
supervised fine-tuning of downstream LLMs on CAD text-to-geometry tasks. The code along with
necessary details is shared online and the prompt is shown below.

You are a CAD-focused Vision-LLM. Analyze the image provided along with these guidelines:
Description of the base geometry without cuts: description_template

Variation Details: variation_details

Produce exactly three labeled sections—no additional commentary:

1. **User Input** Formulate the user request using the base description and variation details.

2. **Chain of Thought** Show internal reasoning step by step: - Start with: “Let me think through the
requirements. .. " - Parse counts, distances, symmetry from the Variation Details. - Identify inner vs.
outer face features from the base description. - Plan point-cloud density and cut placement.

3. **Solution** Provide a placeholder for the point-cloud output: “Solution: point_cloud"

D.8 Long-term maintenance

The APCL Lab at the University of Michigan manages the dataset and tracks user-reported issues
through the GitHub repository. For long-term accessibility, AutoHood3D is archived on Harvard
Dataverse, and our data management practices adhere to the FAIR principles [78] to ensure findability,
accessibility, interoperability, and reusability.
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