Appendix
In Appendix [A] we provide additional experiments results.

* In Appendix [A.T] we further provide the full results for 3D vehicle aerodynamic design.
* In Appendix we provide more visualization of design results.

* In Appendix[A.3] we provide more qualitative comparisons of topology-preserving refine-
ment.

Appendix [B} The implementation details of baseline methods.
Appendix |C} The dataset processing details.

Appendix [D} The implementation details of 3DID.
Appendix [E} The evaluation details of 3DID.

Appendix [F} The broader impact of 3DID.

Appendix [G} The limitations of 3DID.

Appendix [H} The licenses of datasets, codes, and models used in this paper.
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A Additional Results

A.1 Full Results for 3D Vehicle Aerodynamic Design

Here we present the full statistical results of our experiments, including 95% confidence intervals
for all compared methods, shown in Table[T} A box plot of the simulation-derived drag coefficient
(Sim-Drag) is shown in Figure[T] illustrating the distribution, variability, and outlier behavior across
different approaches.

Table 1: Quantitative comparison for aerodynamic vehicle design.

Method Pred-Drag| Sim-Drag| Novelty? Coverage?

GP, Voxel 0.29974+0.0436  0.4254 £ 0.0351  1.03994+0.0572  0.520040.0675
GP, Voxel+PCA 0.3059+0.0490  0.4363 £ 0.0425 0.97344+0.0195  0.585040.0675
CEM, Voxel 0.2951£0.0421  0.4097 £ 0.0279  0.97924+0.0213  0.4350+0.0676
CEM, Voxel+PCA 0.3088+0.0478  0.4393 £+ 0.0469 0.986440.0250  0.510040.0600
CEM, TripNet 0.3154+0.0476  0.4161 £ 0.0415 1.039940.0323  0.6050+ 0.0725
Backprop, Voxel 0.29794+0.0314  0.4146 £ 0.0244  0.98604+0.0204  0.475040.0675
Backprop, Voxel+PCA 0.3061+0.0576  0.4614 £ 0.0316  0.9798+0.0208  0.4950+0.0675
Backprop, TripNet 0.3153+0.0472  0.4170 £ 0.0444  1.029440.0290  0.5900+0.0700
3DID-NoTopoRefine (ours)  0.2623+0.0373  0.3766 £+ 0.0393  0.91954+0.0213  0.6950+-0.0627
3DID (ours) 0.2607+£0.0331  0.3536+ 0.0313  1.170940.0282  0.4300+0.0650
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Figure 1: The box plot of the simulation-derived drag coefficient.

A.2 Visualization of 3DID Design

Additional visualizations of our designs are provided in Figure 2] where each design is shown
alongside its geometry and corresponding physical fields.

A.3 Comparisons of Topology-Preserving Refinement

We provide additional qualitative comparisons in Figure [3]to demonstrate the effectiveness of our
refinement stage. As shown, the design candidates consistently evolve toward a fastback profile
after refinement, exhibiting reduced low-velocity recirculation regions and enhanced downward flow
patterns, which indicate improved aerodynamic performance.
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Geometry Velocity Pressure

Figure 2: Qualitative results of our 3DID. Each row displays a design candidate along with its
corresponding velocity and pressure field heatmaps.
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Figure 3: Qualitative comparisons of topology-preserving refinement. Each row presents two
design candidates comparisons with their geometry and simulated velocity field heatmaps.
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B Baseline implementation details

In our experiments, we compare our method against traditional sampling-based and backpropagation-
based approaches using various design representations. As baselines, we include the Cross-Entropy
Method(CEM) [1l], the Gaussian-process surrogate with Bayesian optimization(GP) [2], and the
gradient-based backpropagation method(Backprop) [3]]. For representations, the optimizer is instanti-
ated with three representations: a dense voxel grid [4], a PCA-compressed voxel grid (Voxel+PCA) [3]],
and a pure geometry triplane network (TripNet) [6]]. For each representation, we train a VAE model [7]]
to compress the high-dimensional geometry into a compact latent code, which serves as the optimiza-
tion space for inverse design.

B.1 Representation Baseline

Voxel. We train a voxel VAE [7] model directly on dense voxelized geometry to learn a latent
embedding, as demonstrated in Figure E} To train the model, we utilize the entire DrivAerNet++ [8]]
dataset, and voxelize the provided geometry with 256 resolution. For the Encoder, we leverage a
sequence of 3D convolution layers followed by batch normalization and LeakyReLU to encode the
voxel grid into a compact latent 2y . For voxel decoder, the latent vector zyoxe 1s first projected
to a high-dimensional feature space and reshaped into a 3D tensor. A sequence of 3D transposed
convolutional layers is then applied to reconstruct the voxel grid from this intermediate representation.
Additionally, a separate drag prediction head, implemented as a multi-layer perceptron (MLP), is
applied to estimate the target drag coefficient. We train the VAE model with reconstruction 1088 Liecon
, KL loss Lki., and the drag coefficient prediction loss Lqr.e. The hyperparameters of the model and
training are provided in Table 2]

Encoder Decoder

Voxel Voxel

Predictor

Figure 4: The overview of Voxel-VAE.

Voxel-PCA. Our Voxel-PCA representation is based on the representation proposed by [5] with
modifications. In contrast to the Voxel-VAE, which directly uses voxel grids as input, the Voxel-PCA
model first applies a dimensionality reduction step before downstream processing, as shown in
Figure[5] Specifically, given the voxel data, we perform PCA [9] to obtain a compact representation
of each geometry. Then, with this representation, we leverage a series of MLPs to encode the reduced
features into a latent code zyoxel-pca- FOT reconstruction, an MLP decoder is first applied to reconstruct
the PCA features from the latent code, which are then projected back to the voxel grid using the
inverse PCA transformation. For drag prediction, similar to Voxel-VAE, a separate drag prediction
head is applied to estimate the target drag coefficient. Our Voxel-PCA model is also trained with
reconstruction 10ss Lrecon, KL loss Lx1. and drag prediction loss Lgrag. The hyperparameters of the
model and training are provided in Table 3]

TripNet. Our TripNet representation is a pure geometry-based triplane representation, similar to the
one proposed in [[6], where it was used for forward prediction. The training procedure mirrors that
of our unified physics-geometry framework, but excludes the physical field prediction branch, as
illustrated in Figure[6] To obtain the representation, we utilize transformers with learnable tokens to
extract features from the input point cloud. These features are then decoded using a transformer-based
decoder and a geometry mapping network to predict the occupancy field of the design geometry. We
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Figure 5: The overview of Voxel-PCA-VAE.

utilize the Binary Cross-Entropy loss Lpcr and KL loss Lk, to supervise the training of VAE. To
further predict the drag coefficient, we adopt the same U-Net architecture used in our objective-guided
diffusion model. The TripNet-VAE architecture adopts the same hyperparameter configuration as the
geometry branch of our PG-VAE. More training hyperparameters are provided in Table 4]
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Figure 6: The overview of TripNet-VAE.

B.2 Optimization Baseline

CEM. Cross Entropy Method [1]] is a traditional sampling-based optimization method widely used in
classical inverse design problems. It starts with an initial distribution, and in each iteration, it samples
multiple candidates from the current distribution. Then, these candidates are evaluated against the
target objective function to select a subset of elite samples with the best performance. The distribution
parameters are updated based on these elite samples. A smoothing coefficient controls the rate of
distribution updates between iterations. This process continues until convergence or a maximum
number of iterations is reached. In our experiment, we utilize a Gaussian distribution derived from
encoded randomly selected samples as the initial distribution to provide a valid starting point.

GP. Gaussian-process surrogate with Bayesian optimization is a classical optimization method for
black-box optimization [[10} [11]]. Bayesian optimization (BO) operates by constructing a probabilistic
surrogate model, commonly a Gaussian-process model, to approximate the objective function based
on past observations. At each iteration, an acquisition function is used to balance exploration of
uncertain regions and exploitation of promising areas, guiding the selection of the next evaluation
point. This strategy enables efficient optimization in high-cost or sample-limited scenarios by focusing
evaluations on the most informative regions of the design space. While this method is effective in
low-dimensional settings, constructing an accurate GP model becomes computationally expensive
and challenging as the dimensionality of the design space increases. Therefore, GP-based Bayesian
optimization is typically limited to small-scale or low-dimensional problems, where the surrogate
can be reliably trained. In our experiment, our Gaussian process employs a Matérn kernel with
constant and white noise components to model the objective function. At each iteration, Expected
Improvement (EI) is used as the acquisition function.
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Backprop. With the trained surrogate models, end-to-end backpropagation enables efficient gradient-
based optimization of the design, leveraging the differentiability of the surrogate to guide updates [3}
12]. In our experiments, we use the trained drag predictor as the surrogate and update the latent code
using the Adam optimizer.

C Dataset processing details.

In this work, we conduct experiments on DrivAerNet++ [8], which is the largest aerodynamic car
design dataset, comprising diverse car designs with corresponding CFD simulations. To train our
model, we use the dataset with 8085 car designs to extract the point cloud and physical field. We
first normalize each geometry of cars to fit within a unit cube, then uniformly sample 50,000 points
with corresponding normals from the geometry surface. For the physical field, we apply the same
scaling factor to ensure alignment with the normalized geometry. Subsequently, we randomly sample
50,000 points within the unit cube and interpolate the physical field values at each location. These
points serve as the input of our PG-VAE. For supervision, we additionally sample another 50,000
points, each annotated with both occupancy values and physical field data. In this work, we focus on
the pressure and velocity fields for the physical field representation, as wall shear stress is defined
only on the surface of the geometry and is thus not suitable for volumetric sampling. During physical
field interpolation, since some DrivAerNet++ samples are simulated using only half of the geometry,
we map each sampled point to its symmetric counterpart when necessary. For the U-Net and GNN
surrogate models used in guided diffusion sampling and topology-preserving optimization, we employ
the drag coefficient values provided by the DrivAerNet++ dataset as ground truth supervision during
training.

D Implementation details.

Our framework consists of three key components: the Physics—Geometry VAE (PG-VAE), Objective-
Guided Diffusion, and Topology-Preserving Refinement. Below, we provide detailed implementation
descriptions for each component.

PG-VAE. The PG-VAE serves to compress both the design geometry and the corresponding physical
field into a unified latent representation. We sample N, = N, = 50,000 points for the geometry
and physical field branches, respectively. The encoder consists of one cross-attention layer and
eight self-attention layers, each with 12 attention heads and an embedding dimension of d, = 64.
We use r = 64 for learnable tokens, and each with a channel dimension of d, = 768, to enhance
representation expressiveness. The latent code dimension is set to d, = 32. The decoder architecture
consists of one self-attention layer followed by five ResNet blocks [[13], which upsample the latent
vector into a triplane representation with resolution R = 256 and channel dimension d; = 64. The
output triplane is then queried using a mapping network composed of five fully connected layers
with a hidden size of 32 per branch. We adopt a semi-continuous occupancy formulation [[14]
and supervise both occupancy and physical field predictions using 50,000 sampled points within
the normalized unit cube. We optimize the VAE using a combination of three loss terms: binary
cross-entropy loss (Apcg = 10~?), mean squared error for field regression (Ayvgg = 107°), and KL
divergence (Ak1, = 107°). Training is performed using the AdamW optimizer [13] with a learning
rate of 1 x 10~%, batch size 8 per GPU, for 100,000 steps. We use four NVIDIA RTX A6000 GPUs
to train the model.

Objective-Guided Diffusion. To explore the latent design space efficiently, we employ a latent-space
diffusion model composed of 10 DiT blocks [16], each containing 16 attention heads with a head
dimension of 72. The diffusion process includes 1,000 denoising steps. During inference, an auxiliary
U-Net surrogate network is used to predict the task objective directly from the latent code z, thereby
guiding the sampling process toward optimal designs. The diffusion model is trained using a learning
rate of 5 x 1075, batch size of 4 per GPU, for 300,000 steps with the AdamW optimizer. We use four
NVIDIA RTX A6000 GPUs to train the diffusion model.

Topology-Preserving Refinement. To refine the initial design candidates while maintaining mesh
topology, we apply a Free-Form Deformation (FFD) grid with 20 x 6 x 6 control points along the
X, y, and z axes, respectively. The deformation is guided by a surrogate model based on Mesh-
GraphNet [17]], which comprises 8 message-passing blocks and operates on the surface mesh. The



150
151
152
153

154

155
156

157
158

159

160
161
162
163
164
165

166
167
168
169
170
171

172
173
174

175
176
177

178
179

180
181

182
183
184

185
186

187
188

MeshGraphNet is trained to predict the drag force from a deformed mesh, serving as a differentiable
objective function during refinement. This model is trained with a learning rate of 1 x 10~°, batch
size of 8 per GPU, for 100,000 steps, using AdamW as the optimizer. We use two NVIDIA RTX
A6000 GPUs to train the MeshGraphNet.

E Evaluation details.

In our experiments, we evaluate the design candidates using four metrics: predicted drag force
(Pred-Drag), simulated drag force (Sim-Drag), novelty, and coverage.

Pred-Drag. We use the pretrained surrogate model to estimate the drag force of each candidate mesh.
Given the mesh of designed candidates M *, our surrogate model directly predict the objective drag

force j which can be formalized as:
j = -Fsurrogate(M*)a (1)

where Furrogae denotes the learned mapping from 3D mesh geometry to the predicted drag coefficient.
For our surrogate model, we adopt a MeshGraphNet [17] with 8 message passing blocks as the
surrogate model. Unlike the model used in our topology-preserving refinement stage, this predictor
operates solely on geometry, without requiring the associated physical field. To train the model, we
use the entire DrivAerNet++ [8]] dataset. Given that different representations may produce varying
topological structures, we apply remeshing and simplification to all candidates for fair comparison.

Sim-Drag. To obtain an unbiased evaluation of the generated designs, we perform high-fidelity
Computational Fluid Dynamics (CFD) simulations and compute the corresponding drag coefficients.
Following DrivAerNet++ [8]], we employ the OpenFOAM®V 11 [18]] to conduct steady-state incom-
pressible simulation using the £ — w SST turbulence model, based on Menter’s formulation [19]].
We performed a series of quality checks to ensure the generated geometries were simulation-ready
and properly aligned within the CFD domain. During simulation, considering the computation
cost, we set the maximum local cells to 10 million and the maximum global cells to 50 million in
snappyHexMesh. The simulation iterates for 1000s, and we use the final 30% simulation data to
calculate the average drag coefficient. The hyperparameters of our simulation are provided in Table[5]

Novelty. To quantitatively assess how different the generated designs are from the training data, we
measure the novelty of each candidate. Specifically, novelty is computed as the average distance from
each generated design to its nearest neighbor in the training set, reflecting how distinct the generated
designs are from existing ones. Let {gi}f\;gl denote the set of generated designs and {t; };V:t 1 denote
the set of training designs in the feature space. The novelty is defined as:

N,
1 g
Novelty = A Zmiﬂ d(gi,t;), @)
9= 7

where d(-,-) denotes the distance between feature embeddings, computed using the pretrained
PointNet encoder [20]].

Coverage. The coverage metric (also known as recall) evaluates how well the generated designs
cover the training distribution by measuring, for each training sample, the distance to its nearest
generated design (using a k-nearest neighbor lookup) and reporting the fraction of training examples
that fall within a predefined threshold. Let { gi}f-v:f’l denote the set of generated designs and {¢,} ;-V:tl
denote the set of training designs in the feature space. The coverage is defined as:

Nt
1 .
Coverage = A Z 1[H1iln d(tj,gi) < 7] S

et

where d(-, -) is a distance metric, 7 is a predefined threshold, and 1[-] is the indicator function that
equals 1 if the condition is true and O otherwise.
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F Broader Impacts

Academic Impact. 3DID’s methodology, which enables direct navigation through 3D physics-
geometry space, simplifies the 3D inverse design process. With the unified physics-geometry
representation, the computation gap between 3D and lower-dimensional inverse design is narrowed,
allowing researchers to focus more on exploring cutting-edge inverse design strategies rather than
being constrained by computational limitations. With the two-stage optimization strategy, our method
balances between exploration and validity, offering researchers an effective approach for inverse
design involving 3D geometry.

Social Impact. The proposed 3D Inverse Design (3DID) framework extends the scope of geometry-
driven design by enabling direct optimization of full 3D structures from scratch. By combining unified
physics-geometry representations with physics-aware optimization, our method opens the door to
more efficient, automated design workflows in fields such as aerospace engineering, biomedicine,
additive manufacturing, and nanophotonics. In particular, 3DID can be applied to complex design
tasks that traditionally rely on expert-crafted initial geometries and time-consuming simulation-
based evaluations. In mechanical engineering, it can be used to optimize structural components for
strength, weight, and thermal performance without manual trial-and-error. In the medical field, 3DID
enables the fabrication of patient-specific implants by automatically generating geometries tailored to
individual physiological and functional requirements.

G Limitations

Limited to static physical fields. Despite the fact that 3DID achieves impressive results, a significant
limitation is its focus on static fields. The current framework does not support inverse design
involving time-dependent or dynamic physical fields. Time-dependent physical systems often
involve solid geometries coupled with evolving physical properties over time. This would pose
challenges for representation and optimization within our framework. Enhancing 3DID with time-
aware representations and models may address these limitations, which we leave as an important
direction for future work.

Limited to single objective optimization. In 3DID, we address the inverse problem with a single
objective, which may limit its applicability for broader scenarios. Although it is straightforward to
aggregate multiple objectives into a single composite loss, this approach may overlook potential con-
flicts and trade-offs between objectives. Extending 3DID to support true multi-objective optimization
is a promising direction for future research.



20 H License

221 The code will be publicly accessible. We use standard licenses from the community. We include the
222 following licenses for the codes, datasets, and models we used in this paper.

223 1. Dataset
224 e DrivAerNet++ [8]]: CC BY-NC 4.0
225 2. Codes
226 * NVIDIA PhysicsNeMo: Apache License 2.0
227 3. Evaluation
228 * OpenFOAM [18]]: GNU General Public License
Table 2: Hyperparameters for Voxel-VAE
Hyperparameter name \ Value

Hyperparameters for Voxel-VAE architecture:

Input shape [8, 256, 256, 256]
Output shape [8, 256, 256, 256]
Number of 3D convolution layer 5

Dimension of latent zyoxel 512

Number of 3D transposed convolutional layer 5

Number of MLPs in drag predictor 5

Batch size 8

Dimension of encoder (1, 32, 64, 128, 256, 512)
Dimension of voxel decoder (512, 256, 128, 64, 32, 1)
Dimension of drag predictor (512,256, 128, 64, 32, 1)
Hyperparameters for Voxel-VAE training:

Optimizer AdamW

Learning rate le—4

Learning steps 100K

Learning rate adjustment strategy Cosine

Warm-up steps 5K

Lrecon Weight 10—3

Lx1, weight 10~4

Larae Weight 10~3

10


https://creativecommons.org/licenses/by-nc/4.0/deed.en
https://github.com/NVIDIA/physicsnemo/blob/main/LICENSE.txt
https://openfoam.org/licence/

Table 3: Hyperparameters for Voxel-PCA-VAE

Hyperparameter name

| Value

Hyperparameters for Voxel-PCA-VAE architecture:

PCA output dimension

Number of MLP layers in encoder
Dimension of latent zyoxel-pea
Number of MLP layers in decoder
Number of MLPs in drag predictor
Batch size

Dimension of encoder

Dimension of PCA decoder
Dimension of drag predictor

400
4

64

4

2

32

(400, 256, 128, 64, 64)
(64, 64, 128, 256, 400)
(64,32, 1)

Hyperparameters for Voxel-PCA-VAE training:

Optimizer

Learning rate

Learning steps

Learning rate adjustment strategy
Warm-up steps

Lecon Weight

L1 weight

Lrag Weight

AdamW
5e — 4
100K
Cosine
5K

10~2
1074
1073

Table 4: Hyperparameters for TripNet VAE

Hyperparameter name \ Value
Hyperparameters for TripNet-VAE training:

Batch size 8
Optimizer AdamW
Learning rate le—4
Learning steps 100K
Learning rate adjustment strategy Cosine
Warm-up steps 5K
LBCE weight 10—3
Ly weight 10~6

11



Table 5: CFD Simulation Parameters for OpenFOAM

Value
Parameter name
Solver Configuration:
OpenFOAM version vil
Solver incompressibleFluid
Algorithm SIMPLE
Turbulence model k-w-SST

Simulation type

Steady-state RANS

Flow Conditions:

Flow velocity (o) 30 m/s
Kinematic viscosity (1) 1.56 x 107° m?/s
Air density (p) 1.184 kg/m3
Turbulent kinetic energy (k) 0.375 m?/s?
Specific dissipation rate (w) 1.78 s71
Computational Domain:

Domain dimensions 44x8x6.4 m

Inlet distance
Outlet distance

12 m upstream
32 m downstream

Solver Tolerances:

Pressure absolute tolerance 1x 106
Pressure relative tolerance 3x 1072
Velocity absolute tolerance 1x1078
Velocity relative tolerance 5x 1073
Turbulence absolute tolerance 1x108
Turbulence relative tolerance 1x 1073
Potential solver absolute tolerance 1x 1077
Potential solver relative tolerance 1x 1072
Mesh Refinement:

Surface refinement level 3-4
Feature refinement level 4
Regional refinement level 2

Wake refinement level 2
Boundary layers 5 layers
Layer expansion ratio 1.2

Final layer thickness 0.5
Force Calculation:

Reference length (/¢ ) 4777 m
Reference area (A, ¢) 2.0 m?
Reference center 0,0,0)
Drag direction (1,0,0)
Lift direction 0,0, 1)
Simulation Control:

End time 1000 s
Time step Is
Write interval 100 steps
Force coeffs write interval 10 steps

12
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