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Supplementary Material

This supplemental material includes the following sections:
(A) Implementation details.
(B) Additional experiments.
(C) Network architectures.
(D) Dataset details.
(E) Evaluation metrics.
(F) CFD simulation setup in OpenFOAM [5].
(G) Generalization to structural optimization.

A. Implementation Details

A.1. SP-VAE
For each 3D mesh used for training, we extract 32, 768 uni-
form surface points Pu and 32, 768 salient edge points Ps

using the Sharp Edge Sampling (SES) strategy [2]. As
shown in Fig. A, queries Q for cross-attention are con-
structed by applying Farthest Point Sampling (FPS) [9] to
Pu and Ps, each downsampled to 1024 points and con-
catenated into a 2048-point set. We supervise the shape
encoder-decoder using both uniformly sampled coarse
points in the bounding box and sharp points perturbed
around the ground-truth surface, with loss weights λSDF =
1 and λKL = 0.001. The shape encoder-decoder is trained
for 1000 epochs on 4×H100 GPUs (about 2 days). The
pressure decoder is trained using pressure values sampled
near the surface for 1500 epochs on 4×H100 GPUs (about
21 hours). The drag decoder, which predicts a single global
drag coefficient, is trained for 1500 epochs and completes
within one day on a single H100 GPU. After individual
training, we perform joint fine-tuning for 500 epochs on
4×H100 GPUs (about 15 hours) using a combined loss with
λshape = 10, λphysics = 0.1, and λdrag = 10. All experiments
use 5819 training samples and 1147 test samples from Dri-
vAerNet++ [3].

A.2. Physics-Guided Shape Generation
For flow-based generation, we adopt the rectified flow for-
mulation [7], using 100 sampling steps at inference. In
physics-guided shape generation, we incorporate a physics-
based regularization term with weight λd = 0.03 for drag
guidance during velocity-based updates, while directional
weights λx = 0.2, λy = 0.1, λz = 0.1 are applied during
the physical refinement phase. For alternating generation,
we perform K = 20 alternating iterations. In each itera-
tion k, we first apply 20 steps of physical refinement to ob-
tain the refined latent ẑk1 , then re-noise it back to timestep
tns

= 0.75 to produce zk+1
tns

, which initializes the next
velocity-based update phase. The full set of iterations takes

Table A. Shape generation toward minimizing the drag coeffi-
cient. Image-unconditional generation (Unc.) minimizes drag
without image, while conditional generation (Cond.) minimizes
drag with image conditioning. Average drag coefficients simu-
lated by OpenFOAM indicate aerodynamic performance. (SN:
ShapeNet, DAN+: DrivAerNet++.)

Shape Average Drag Coefficient
SN (Unc.) DAN+ (Unc.) DAN+ (Cond.)

w/o minimizing 0.393 0.324 0.334
w/ minimizing 0.304 0.274 0.312

Improvement 22.70% ↑ 15.47% ↑ 6.53% ↑

roughly 210 seconds. Overall, the procedure iteratively al-
ternates between velocity-based updates and physics-based
refinement, with each stage performing only a small number
of steps (25 steps for velocity updates and 20 steps for phys-
ical refinement), gradually converging toward shapes that
satisfy both geometric plausibility and physical efficiency.

B. Additional Experiments

Shape Generation toward Minimizing Drag. Beyond
leveraging a known target drag coefficient to improve recon-
struction accuracy, our framework can also enhance aero-
dynamic performance by minimizing the drag coefficient.
Table A reports average results over 20 samples per dataset,
each simulated using OpenFOAM [5] (see Sec. F for sim-
ulation details), covering both the in-distribution DrivAer-
Net++ [3] dataset and the out-of-distribution ShapeNet [1]
car set. Despite never observing ShapeNet geometries dur-
ing training, our method achieves a substantial 22.7% drag
reduction, demonstrating the generalization and the abil-
ity to maintain shape plausibility while improving aero-
dynamic performance. On DrivAerNet++, unconditional
physics-guided generation (minimizing drag without image
conditioning) reduces drag by 15.47%, whereas the condi-
tional setting (minimizing drag with image conditioning)
achieves a 6.53% reduction, as it balances aesthetic align-
ment with physical efficiency. These findings confirm that
alternating prior- and physics-guided generation generalizes
robustly to unseen geometries and improves aerodynamic
performance while maintaining visual alignment when a
conditional image is provided.
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Figure A. Overview of the SP-VAE shape encoder-decoder. The
encoder fuses uniform and salient surface points via bidirectional
cross-attention and self-attention to produce a latent code. The
decoder predicts an SDF field from query points using cross-
attention and reconstructs the mesh via marching cubes.

C. Network Architectures

C.1. Shape Encoder and Decoder

We build our shape encoder-decoder architecture upon
Dora [2], while extending it to support SDF prediction [6],
enabling finer geometric reconstruction than the original
occupancy-based representation. As illustrated in Fig. A,
the mesh is first extracted into two complementary point
sets: (1) uniformly sampled surface points Pu, which cap-
ture global coverage of the geometry, and (2) salient edge
points Ps, which preserve high-curvature and structurally
important regions. These two sets provide separate geomet-
ric cues to the encoder. The encoder fuses them via bidi-
rectional cross-attention, letting salient regions inform uni-
form samples and vice versa. The fused features then pass
through self-attention layers to produce the latent code z,
capturing both coarse structure and fine details. On the de-
coding side, we deviate from Dora’s occupancy-based for-
mulation and instead predict an SDF field to better preserve
high-frequency geometry. The latent code z is first enriched
through several self-attention layers, and a set of 3D query
points x ∈ R3 is fed into a linear projection to form the

attention queries. Through cross-attention between x and
the latent features, the decoder estimates the corresponding
signed distance value s = Ds(x, z), effectively condition-
ing the local geometry on the global shape embedding. The
predicted SDF field is then supervised with ground-truth
distances sampled around the mesh, and the final mesh is
extracted using the marching cubes algorithm [8], yielding
a high-quality reconstruction faithful to both global shape
and local geometric details.

C.2. Diffusion Transformer Network
We employ a Diffusion Transformer (DiT) [11] within
our flow-matching framework to parameterize the veloc-
ity field that transports noisy latent codes toward clean
representations. As shown in Fig. B, optional condi-
tioning is introduced at the beginning of the network,

where c =

{
I, if conditional on image,
∅, if unconditional. For image-

conditioned generation, the input image is encoded by DI-
NOv2 [10], and the resulting feature tokens are embedded
into a separate conditioning sequence that is injected into
every DiT block via cross-attention. The noised latent ztn
is mapped through a linear projection, while the timestep
tn is encoded using a sinusoidal timestep embedder fol-
lowed by an MLP. These two embeddings are concatenated
to form the token sequence. Each DiT block adopts a pre-
norm structure with residual connections and consists of
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Figure B. Diffusion Transformer (DiT) architecture. Noised latent
and timestep embeddings form the input token sequence, while op-
tional DINO-based conditioning is injected via cross-attention in
each block. Each DiT block applies self-attention, cross-attention,
and an MLP to produce the final velocity prediction.



self-attention over latent tokens, cross-attention with the
conditioning tokens c, and a feed-forward network. After
all blocks, the final tokens are normalized and projected to
produce the velocity field û(ztn , tn, c) required by the flow-
matching solver.

D. Dataset details
DrivAerNet++ [3] is a large-scale aerodynamic design
dataset comprising 8, 000 high-quality vehicle geometries,
each accompanied by high-fidelity CFD simulations, in-
cluding aerodynamic quantities such as drag coefficients,
and both surface pressure and volumetric flow fields. It
spans a wide range of automotive body styles, including
fastback, notchback, and estateback, and features variations
in underbody structure and wheel configurations. Our SP-
VAE and flow-based generator are trained on this dataset.
ShapeNet [1] car split is used to evaluate the generaliza-
tion ability of our method, as it contains vehicle geometries
that are not present in the training set. All shapes are uni-
formly rescaled to match the scale of DrivAerNet++. Al-
though these meshes are physically imperfect yet geomet-
rically reasonable, we use them as initial shapes for our
Physics-Guided Shape Generation pipeline. By optimiz-
ing from these initializations, our method refines the de-
signs into physically efficient and aesthetically pleasing 3D
shapes.

E. Evaluation Metrics
For shape generation quality, we evaluate geometric fidelity
using F-score, Chamfer Distance, Accuracy, and IoU.

E.1. Shape Generation
F-score. F-score (τ = 0.01) measures consistency between
predicted mesh vertices M and ground-truth vertices G,
with threshold τ = 0.01:

F-score(τ) = 2 · Precision(τ) · Recall(τ)
Precision(τ) + Recall(τ)

, (A)

where

Precision(τ) =
|{m ∈ M | d(m,G) < τ }|

|P |
,

Recall(τ) =
|{ g ∈ G | d(g,M) < τ }|

|G|
.

(B)

Here, d(m,G) = ming∈G ∥m − g∥2 denotes the nearest-
neighbor distance from point m to the ground-truth surface
G. Thus, d(m,G) < τ indicates that the point m lies within
a tolerance τ of the target surface.
Chamfer Distance (CD). CD measures the geometric dis-
crepancy between the predicted point set M and the ground-

truth point set G. We use the bidirectional form, defined as:

CD(M,G) =
1

|M |
∑
m∈M

min
g∈G

∥m− g∥22

+
1

|G|
∑
g∈G

min
m∈M

∥g −m∥22.
(C)

Accuracy (Coarse, Sharp, Overall). Classification ac-
curacy evaluates how well the predicted SDF-based in-
side/outside labels match the ground truth at sampled query
points. For a point x, the predicted label is y = 1[ s(x) ≤
0 ], where s(x) is the predicted SDF. The ground-truth label
is ŷ = 1[ ŝ(x) ≤ 0 ], where ŝ(x) is the ground truth SDF.
For each sampling split k ∈ {coarse, sharp, overall}:

Acck =
1

Nk

Nk∑
i=1

1[yi = ŷi]. (D)

where coarse points are uniformly sampled within the
bounding box, sharp points are generated by perturbing
points around the ground-truth surface, and overall points
are the union of the two.
Intersection over Union (IoU). Using the same binary in-
side–outside labels, IoU quantifies how well the predicted
inside region overlaps with the ground-truth inside region.
It is computed as the ratio between the number of points
correctly classified as inside (intersection) and the number
of points labeled as inside by either the prediction or the
ground truth (union). A higher IoU indicates closer agree-
ment between the predicted and true shape boundaries. For
a given split k ∈ {coarse, sharp, overall}, IoU is computed
as:

IoUk =

∑Nk

i=1 ŷi yi∑Nk

i=1 1[ŷi + yi > 0] + ε
. (E)

E.2. Physical Estimation
For the estimation task, we adopt standard regression met-
rics including Mean Squared Error (MSE), Mean Absolute
Error (MAE), Maximum Absolute Error (Max AE), Rel-
ative L2 Error (Rel L2), and Relative L1 Error (Rel L1).
For each sampled point i, let pi denote the predicted pres-
sure and p̂i the ground-truth pressure, with N being the total
number of evaluated points.
Mean Squared Error (MSE). MSE measures the aver-
age squared deviation between predicted and true pressures,
emphasizing larger errors more strongly:

MSE =
1

N

N∑
i=1

(pi − p̂i)
2. (F)

Mean Absolute Error (MAE). MAE computes the aver-
age absolute difference between predicted and ground-truth



pressures, providing a more outlier-robust accuracy mea-
sure:

MAE =
1

N

N∑
i=1

|pi − p̂i|. (G)

Maximum Absolute Error (Max AE). Max AE Quantifies
the worst-case prediction error by identifying the largest ab-
solute pressure deviation across all points:

Max AE = max
1≤i≤N

|pi − p̂i|. (H)

Relative L2 Error (Rel L2). Rel L2 evaluates the global
Euclidean discrepancy normalized by the magnitude of the
ground-truth pressure field:

Rel L2 =
∥p− p̂∥2
∥p̂∥2

, (I)

where ∥·∥2 denotes the ℓ2 norm over all points.
Relative L1 Error (Rel L1). Rel L1 measures the nor-
malized sum of absolute pressure errors relative to the total
absolute ground-truth pressure:

Rel L1 =
∥p− p̂∥1
∥p̂∥1

, (J)

where ∥·∥1 is the ℓ1 norm, equal to the sum of absolute
values over all points.

F. CFD Simulation Setup in OpenFOAM
To evaluate the aerodynamic performance of our generated
vehicle geometries, as shown in Table A, we perform high-
fidelity CFD simulations using OpenFOAM [5] to compute
the drag coefficient, surface pressure distributions, and air-
flow velocity fields. A uniform inlet freestream velocity
of 30 m/s, aligned with the vehicle’s longitudinal axis and
directed toward the frontal surface, is prescribed to rep-
resent standard automotive aerodynamic operating condi-
tions. We employ the steady-state simpleFoam [5] solver
together with the k-ω SST turbulence model. Each simula-
tion is run on 32 CPU cores for about 8 hours and proceeds
through 2500 iterations to ensure convergence. The final
aerodynamic drag coefficient is obtained by averaging the
flow fields across the last 500 iterations.

G. Generalization to Structural Optimization
We further evaluate our physics-guided shape generation
framework on structural optimization by following the set-
ting of PhysiOpt [12]. Given external loads f and user-
specified boundary conditions, we map the latent code z
to an SDF representation, convert it into density-weighted
finite elements, and then solve the linear static equilibrium
equation:

K(z)u = f , (K)

Hunyuan3D 2.1 Ours
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C: 1.26 : 13.63 C: 0.74 : 7.19

C: 0.74 : 13.61 C: 0.39 : 6.30

C: 28.91 : 4.48 C: 6.54 : 1.11

Figure C. Additional results on structural optimization.

where K is the stiffness matrix and u denotes the displace-
ment field. As in PhysiOpt, the optimization objective is to
reduce the compliance:

C = f⊤u, (L)

which measures the structural deformation, or equivalently
the strain energy, under the applied load. Lower compli-
ance indicates a stiffer structure. We also report the average
displacement:

uavg =
1

N

N∑
i=1

∥ui∥2, (M)

where ui is the displacement of the i-th FEM node.
This formulation follows PhysiOpt’s differentiable FEM
pipeline, which optimizes shapes directly in latent space un-
der prescribed loads and boundary conditions.

In this task, both PhysiOpt and our method are optimized
for 180 steps. Specifically, we perform one velocity-based
update after every 5 steps of physical refinement, so that
shape plausibility and structural performance are improved
jointly throughout the optimization. Fig. C presents addi-
tional structural optimization results of our method, where



Hunyuan3D 2.1 [4] generates initial 3D shapes from im-
ages without physical awareness. It can be seen that our
method improves physical performance while preserving
shape quality, yielding structurally stronger and visually ap-
pealing shapes.
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