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Figure 1. Physical knowledge is crucial for realistic and functionally efficient 3D shape generation. Without physics, (a) generated shapes
may appear visually plausible yet violate basic physical feasibility, such as car wheels intersecting the body or chairs with broken or
unstable legs, and (b) aerodynamic shapes produce wide turbulent wakes, indicating low aerodynamic efficiency. (c) In contrast, physics-
guided generation produces shapes with coherent flow and reduced drag, achieving both aesthetic appeal and physical efficiency.

Abstract

Existing generative models for 3D shapes can synthesize
high-fidelity and visually plausible shapes. For certain
classes of shapes that have undergone an engineering de-
sign process, the realism of the shape is tightly coupled with
the underlying physical properties, e.g., aerodynamic effi-
ciency for automobiles. Since existing methods lack knowl-
edge of such physics, they are unable to use this knowledge
to enhance the realism of shape generation. Motivated by
this, we propose a unified physics-based 3D shape gener-
ation pipeline, with a focus on industrial design applica-
tions. Specifically, we introduce a new flow matching model
with explicit physical guidance, consisting of an alternat-
ing update process. We iteratively perform a velocity-based
update and a physics-based refinement, progressively ad-
justing the latent code to align with the desired 3D shapes
and physical properties. We further strengthen physical
validity by incorporating a physics-aware regularization
term into the velocity-based update step. To support such
physics-guided updates, we build a shape-and-physics vari-
ational autoencoder (SP-VAE) that jointly encodes shape
and physics information into a unified latent space. The
experiments on three benchmarks show that this synergis-
tic formulation improves shape realism beyond mere visual

plausibility. Our code and model weights are available at
https://github.com/kasvii/PhysGen.

1. Introduction
Generative AI has achieved remarkable success in text [30]
and image [46] processing. Meanwhile, 3D content creation
has gained increasing attention with applications across a
wide range of fields, including virtual reality [28], gam-
ing [7], retail [6], and engineering design [41]. The existing
3D generative models [1, 5, 22, 49] excel in creating ap-
parently realistic objects. However, such realism is only
skin-deep. Close examination often reveals inconsistencies
or implausibilities, which might be acceptable in some en-
tertainment applications where the objective is merely to
produce visually appealing results, but become detrimental
when the end goal is engineering-oriented. For example, as
illustrated in Fig. 1, the wheels of generated cars [22] touch
the body of the car, which makes no sense when designing
functional cars. Similarly, the chairs [19] generated from
images contain feet with the wrong topology, making them
unsuitable to bear the weight of a person.

These failings can be traced to the fact that these meth-
ods are trained solely on static datasets [2, 9] of 3D shapes,
without regard to the engineering design process that was
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used to create them. For instance, automobile and airplane
designs [38, 39] are usually optimized for aerodynamic ef-
ficiency, which conditions their shape beyond just aesthet-
ics. Such physical awareness is absent from the current 3D
shape generation pipelines [1, 19, 22]. To bridge this gap,
we demonstrate that physical knowledge can be used to de-
fine regularization constraints, which are then used to im-
prove the quality and realism of 3D shape generation.

To this end, we present PhysGen, an approach to en-
forcing physical realism on generated 3D shapes, by using
information around the physics of the shape. Specifically,
we propose a physics-guided flow matching model, built
upon an alternating update algorithm that switches between
a velocity-based update and a physics-based refinement.
Given the desired physical properties, we further enhance
the physical guidance by introducing a physics-aware reg-
ularization in the velocity-based update. We update the la-
tent code leveraging gradients derived from the discrepancy
between the predicted and target physical values. Notably,
3D generative models typically rely on VAE-learned latent
spaces, but existing shape VAEs [5, 49] encode no physics,
making physical properties unrecoverable from their latent
codes. To enable effective physics-based regularization, we
propose a shape-and-physics variational autoencoder (SP-
VAE) that embeds both 3D shape and physics information
into a unified latent space.

In this paper, we focus on the application of 3D shape
generation in automobile design, where physical perfor-
mance is pivotal to ensuring that generated shapes satisfy
real-world engineering requirements. We also showcase ad-
ditional applications, such as structural optimization [48]
under prescribed loads and boundary conditions, which
demonstrates the generalization ability of our approach.
We evaluate our PhysGen across benchmarks [2, 12], in-
cluding unconditional 3D generation, 3D generation con-
ditioned on a sketch, and 3D generation conditioned on a
real single-view image. The results demonstrate that by
utilizing physics-based regularization, PhysGen produces
shapes that are more geometrically plausible and physically
efficient than previous approaches. We also conduct com-
prehensive ablation studies on the key components in our
pipeline. In summary, our contributions are as follows:

• We investigate the physical realism in 3D shape gener-
ation models and propose a novel physics-guided flow
matching model that generates physically efficient and
aesthetically pleasing 3D shapes.

• We achieve the physical guidance by alternating between
a velocity-based update with physics-aware regulariza-
tion and a physics-based refinement.

• We build a shape-and-physics variational autoencoder
that encodes 3D shape and physics in a unified latent
space, enabling the physical guidance in the presented
flow matching model.

2. Related Work
2.1. 3D Shape Generation
Inspired by advances in image and video generation, gen-
erative models for 3D shape generation [5, 22, 44, 49–51]
have recently made rapid progress. One line of work dis-
tills knowledge from powerful 2D diffusion models into 3D
domains [4, 21, 24, 25, 35, 37, 40], alleviating the scarcity
of high-quality 3D data. While effective at producing vi-
sually appealing shapes, these methods often exhibit slow
convergence and unstable optimization. Another line of
work builds native 3D generative models [5, 22, 49, 50].
Methods such as 3DShape2VecSet [49] and Dora [5] com-
monly adopt a two-stage paradigm, where a 3D VAE first
encodes geometry into a latent space, followed by a diffu-
sion model for 3D shape generation. While achieving vi-
sually plausible shapes, neither the VAE nor the diffusion
models encodes physics information, which limits their use-
fulness in physics-sensitive domains. To address this, we
propose a joint shape-physics VAE that embeds geometry
and physics information into a unified latent space, captur-
ing their intrinsic correlations and enabling more physically
aware shape generation.

2.2. Physics-Aware Shape Generation
Physics is often incorporated into 3D generation via post-
processing optimization [14, 33]. Finite element methods
(FEMs) [20, 42, 45] and force density methods (FDMs) [33]
can stabilize generated meshes under external forces [14],
but they operate solely on explicit meshes. In contrast,
generative models encode shape priors implicitly in latent
spaces [5, 22, 49], making optimization without shape pri-
ors highly sensitive to initialization and prone to failure
once shapes drift out of distribution [14]. These limitations
motivate physics-aware generation directly in latent space.
TripOptimizer [41] applies drag-driven gradient updates to
VAE parameters, but often disrupts the model priors learned
from the dataset. Recent works [13, 29] inject physical gra-
dients into the diffusion process. However, physics esti-
mates on noisy early samples are unreliable, and the lim-
ited steps in later diffusion stages are insufficient for con-
vergence. To address these issues, we propose a physics-
guided 3D shape generation method that integrates flow-
matching generation and physical guidance into a unified
framework. Rather than generating a shape followed by
heavy post-optimization, our method alternates between a
velocity-based update and a physical refinement, facilitating
the convergence toward shapes that are both geometrically
plausible and physically valid.

3. Method
Problem Formulation. We aim to generate a 3D shape S,
conditioned on physics information A and, optionally, on



Cross Attention S
elf A

ttention

Cross Attention

KV

KV

Q

Encoder

Shape Decoder

Drag Decoder

Pressure Decoder

Self Attention

   (Drag 

Coefficient)

Query 

Points

C
ross A

ttention
MLPLN

MLP Sigmoid

Salient Points

3D Mesh

Uniform Points

Surface Pressure

(a) Shape-and-Physics Variational Autoencoder (SP-VAE)

Diffusion Transformer

...

Physical Refinement

LiftDrag Lateral Force

Diffusion Transformer

...

...

Physical Refinement

LiftDrag Lateral Force

Sketch

(b) Physics-Guided Shape Generation

2

2

Figure 2. Overview of the proposed framework. (a) The proposed SP-VAE learns a unified latent representation that jointly encodes
geometric structure and physical properties. From this shared representation, three decoders reconstruct the 3D shape, surface pressure
field, and drag coefficient, respectively. (b) The physics-guided shape generation iteratively bridges flow-matching updates and physical
refinements, optionally conditioned on an image, such as a sketch. This alternating strategy updates the latent code to align with the desired
3D shape and physical properties, ensuring both visual plausibility and physical validity.

a 2D image I. In other words, we aim to maximize the
posterior distribution q(S|A) (or q(S|I, A) when I is avail-
able). We use a flow matching model [26] to evolve the
samples based on physical guidance to ensure that the re-
sulting shapes are plausible from a physics point of view.
In this paper, we take A to be aerodynamic properties for-
mulated as A := {Cd,P}, where Cd is the dimensionless
coefficient of drag and P : R3 → R+ is the pressure field
measured at surface points. S is represented by a signed dis-
tance function (SDF) S : R3 → R that evaluates the signed
distance of 3D points to the surface.
System Overview. To achieve the mapping from physics
information to a 3D shape, we propose a unified framework
that incorporates physical awareness into the flow matching
generation mechanism, as illustrated in Fig. 2. Specifically,
we develop a joint latent space capturing both geometry and
physical properties (Sec. 3.1), and a physics-guided flow
matching model for 3D shape generation (Sec. 3.2).

3.1. Shape-and-Physics Variational Autoencoder

Recall that we aim to achieve physics-guided 3D shape gen-
eration. However, the existing 3D shape VAEs [5, 49] only

encode 3D geometry information in the latent space. The
lack of physical properties in these representations makes
it difficult to generate physically efficient 3D shapes from
the latent space. To this end, we develop a Shape-and-
Physics Variational Autoencoder (SP-VAE) that jointly en-
codes shape and physics within a unified latent space.

3.1.1. Shape Encoder and Decoder

We adopt Dora [5] as the baseline architecture for our shape
encoder E and shape decoder Ds. Specifically, uniform sur-
face points Pu and salient edge points Ps are first extracted
from the mesh as inputs. The encoder applies a dual cross-
attention mechanism between Pu and Ps, aggregates the
results via self-attention, and outputs the latent code z. For
shape decoding, different from Dora that predicts an occu-
pancy field, we adopt an SDF representation to capture finer
geometric details [23]. Several self-attention layers process
z, followed by cross-attention with a linear projection that
takes query point x ∈ R3 and outputs corresponding SDF
value s = Ds(x, z). The final 3D mesh is reconstructed via
the marching cubes algorithm [27]. Detailed architecture is
provided in the supplementary material.



3.1.2. Pressure and Drag Decoders
Pressure Decoder Dp. The pressure decoder predicts a
continuous pressure field that allows querying the pressure
value p ∈ R based on the latent code z at any 3D spatial
point x ∈ R3, formulated as:

p = Dp(x, z) (1)

As shown in Fig. 2 (top right), given the latent code z, the
decoder employs three parallel branches to capture multi-
level physical information: a self-attention models global
surface dependencies, a channel branch uses a squeeze-
excitation [15] mechanism to reweight feature channels, and
an MLP refines local representations. The outputs of these
branches are fused as zfused = w1 ·zattn +w2 ·zchannel +w3 ·
zmlp, where w1, w2 and w3 are learnable weights. Finally,
the fused features are decoded through a cross-attention
layer that takes 3D spatial point x as queries and predicts
the corresponding pressure value p.
Drag Coefficient Decoder Dd. Unlike the previous de-
coders that estimate spatial fields, the drag decoder predicts
a global drag coefficient Cd ∈ R from each latent code.
Similar to the pressure decoder, the drag decoder employs
the same three-branch feature extraction module, followed
by a three-layer MLP that outputs the drag coefficient Cd.

3.1.3. Training Strategy
To achieve stable convergence and promote interaction be-
tween geometric and physical information, we adopt a two-
stage training strategy consisting of modular pretraining fol-
lowed by joint fine-tuning.
Stage 1: Independent Training. For the encoder and
shape decoder, we initialize from the pretrained weights of
Dora [5] and fine-tune them on our dataset. The training
objective combines the SDF loss with a Kullback–Leibler
(KL) regularization term:

Lshape = λsdfLsdf + λKLLKL, (2)
Lsdf = ∥s− ŝ∥22, (3)

where s and ŝ denote the predicted and ground-truth SDF
values, respectively. With the encoder frozen, the pressure
and drag decoders are trained separately from scratch using
a composite loss that combines mean absolute error (MAE)
and mean squared error (MSE):

Lpress = ∥p− p̂∥1 + ∥p− p̂∥22, (4)

Ldrag = ∥Cd − Ĉd∥1 + ∥Cd − Ĉd∥22, (5)

where p̂ and Ĉd represent the ground-truth surface pressure
and drag coefficient, respectively.
Stage 2: Joint Fine-Tuning. Finally, all components, in-
cluding the encoder and three decoders, are jointly opti-
mized under the combined objective:

Ltotal = λshapeLshape + λpressLpress + λdragLdrag, (6)

where λshape, λpress, and λdrag balance the contributions
of different tasks. This staged training ensures stable con-
vergence and a physics-informed latent space, forming the
basis for physics-guided generation (Sec. 3.2).

3.2. Physics-Guided Shape Generation
Common physics-guided shape generation methods [41,
48] iteratively update the geometry toward target physical
objectives. However, without explicit awareness of the un-
derlying shape manifold, these methods struggle to recover
once the geometry becomes suboptimal or distorted. In con-
trast, we integrate the flow-matching 3D shape generation
and physics-based guidance into a unified framework, en-
forcing stable convergence toward geometrically plausible
and physically valid results. To achieve this, we propose
an alternating generation paradigm, in which we iteratively
perform a velocity-based update with physics-based regu-
larization and a physical refinement. Please refer to Alg. 1
for the full algorithm description.

3.2.1. Physics-Regularized Flow Matching
We first train a flow matching model that learns a shape
manifold over plausible geometries, which is used for gen-
erating high-fidelity 3D shapes, conditionally from images
or unconditionally from noise. We adopt rectified flow [26]
to formulate the flow matching model, which learns a veloc-
ity field that transports noise ϵ ∼ N (0, 1) toward data z1.
The forward process is expressed as a linear interpolation to
obtain the noisy sample ztn in time step tn ∈ [0, 1]:

ztn = tn z1 + (1− tn) ϵ, (7)

and the corresponding velocity field is defined as:

utn =
dztn
dtn

= z1 − ϵ. (8)

The model is trained to predict this velocity field from an

optional condition c =

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

The network architecture is provided in the supplementary
material. During the forward update, the reverse step is
computed using the predicted velocity û(ztn , tn, c) as:

z′tn+1
= ztn − (tn+1 − tn)û(ztn , tn, c). (9)

Inspired by classifier guidance [10], we incorporate a
physics-based regularization term by using the drag decoder
Dd, trained in Sec. 3.1, as a physics-aware estimator during
sampling. As shown in Fig. 2 (bottom left), at each time
step tn, Dd predicts the drag coefficient of ztn , and the gra-
dient of its deviation from the target dtar guides the update:

ztn+1
= z′tn+1

− λd∇ztn

∥∥Dd(ztn)− dtar
∥∥2
2
. (10)

This physics-based regularization softly steers the flow tra-
jectory toward physically plausible regions of the manifold,
promoting the generation of physically valid shapes.



Algorithm 1: Physics-Guided Generation
Input: initial noise z0, shape decoder Ds, drag decoder

Dd, pressure decoder Dp, velocity estimator û(·),
sampling steps N , refinement steps M , target drag
coefficient dtar, weights λd, λx, λy, λz , normals
nx, ny , nz , local face area A.

ns = 0, tn ← n
N

;
for k = 1 to K do

// Phase 1: Physics-Regularized Flow Matching
for n = ns to N − 1 do

z′
k
tn+1

← zktn − (tn+1 − tn) û(z
k
tn , tn);

zktn+1
← z′

k
tn+1

− λd∇zktn

∥∥Dd(z
k
tn)− dtar

∥∥2

2
;

p← Dp(z
k
1); // Pressure Prediction

for m = 1 to M do // Phase 2: Physical Refinement

Fs =

V∑
i=1

pi ns,i Ai, s ∈ {x, y, z};

L ← λx∥Fx∥2 + λy∥Fy∥2 + λzReLU(Fz);
zk1,m ← zk1,m−1 −∇zk1,m−1

L;

ẑk1 = zk1,M ;
ns = ⌊0.75N⌋;
zk+1
tns

= tns ẑ
k
1 + (1− tns)ϵ; // Re-noise

Output: zK1

3.2.2. Physical Refinement
Given the clean latent zk1 from the flow matching model at
the k-th iteration, the shape and pressure decoders recon-
struct the 3D geometry and its corresponding dense surface
pressure. This dense field provides localized physical infor-
mation that enables fine-grained aerodynamic refinement.
We compute directional forces using the surface pressure
p, face normals ns, and face areas A, where s ∈ {x, y, z}
denotes drag, lateral, and lift directions, respectively:

Fs =

V∑
i=1

pi ns,i Ai, s ∈ {x, y, z}. (11)

The corresponding physical losses are:

Lx = ∥Fx∥2, Ly = ∥Fy∥2, Lz = ReLU(Fz), (12)

L = λxLx + λyLy + λzLz, (13)

where Lx encourages minimal drag, Ly encourages lateral
force symmetry, and Lz enforces negative lift for traction.
The gradients of L are then backpropagated to the latent
code zk1 , yielding the refined ẑk1 for the next iteration.

3.2.3. Alternating Update Strategy
To ensure that generation satisfies both geometric plausibil-
ity and physical validity rather than drifting toward either
extreme, we adopt an alternating update strategy that cou-
ples the velocity-based update in Sec. 3.2.1 with the physi-
cal refinement in Sec. 3.2.2. As shown in Alg. 1, at iteration

Table 1. Unified generation vs. post-optimization. “†” denotes a
stronger setting (500 steps, learning rate 10−3) than the conserva-
tive one (100 steps, 10−5). “O-Acc.” denotes overall accuracy.

Model F-score (0.01)×100↑ CD×1000↓ O-Acc.

Generation w/o phys. 74.03 27.14 60.86
SP-VAE+TripOptimizer [41] 73.93 27.13 60.89
SP-VAE+TripOptimizer† [41] 67.70 32.78 58.75

Ours 89.65 20.99 66.48

k, the velocity-based update gradually denoises the latent
code and encourages lower drag from time step tns . Given
the sampled latent zk1 , the physical refinement stage applies
direction-aware physical gradients for M steps. The refined
latent ẑk1 is then re-noised to step tns

, following Eq.7 to pro-
duce zk+1

tns
, which initializes the next velocity-based update

phase. After K alternating iterations, the process converges
to geometrically and physically plausible shapes.

4. Experiments

4.1. Experimental Setup
Datasets. We conduct training and evaluation on the Dri-
vAerNet++ [12] dataset, a vehicle aerodynamic benchmark
featuring extensive geometric diversity and high-fidelity
CFD simulations, including drag coefficients, surface pres-
sure fields, and full 3D flow fields. To evaluate general-
ization, we test our method on ShapeNet [2] vehicles and
further apply it to the structural optimization task [48].
Evaluation Metrics. We evaluate our method on physics-
aware shape generation and aerodynamic property estima-
tion. For shape generation, we use F-score [5], Cham-
fer Distance (CD) [5], accuracy [5], and Intersection over
Union (IoU) [5] to assess geometric fidelity. For the esti-
mation task, we adopt standard regression metrics includ-
ing Mean Squared Error (MSE) [3], Mean Absolute Error
(MAE) [3], Maximum Absolute Error (Max AE) [3], Rel-
ative L2 Error (Rel L2) [3], and Relative L1 Error (Rel
L1) [3]. To evaluate real-world performance, we conduct
high-fidelity CFD simulations in OpenFOAM [17] to com-
pute the drag coefficient Cd. Detailed definitions are pro-
vided in the supplementary material.

4.2. Physics-Guided Shape Generation
Unified Generation vs. Post-Optimization. Starting from
a physically imperfect initial shape, TripOptimizer [41] pre-
dicts the drag coefficient of the current shape and iter-
atively updates the shape by minimizing its discrepancy
from the target value. This pipeline treats generation and
physics-based refinement as two separate stages, whereas
our method integrates them into a unified framework. Ta-
ble 1 evaluates physics-aware generation accuracy by mea-
suring the similarity between generated shapes and the



(a) SP-VAE+TripOptimizer (b) Ours (c) Ground Truth

Figure 3. Qualitative comparison of post-optimization and our
unified generation. SP-VAE + TripOptimizer produces distorted
shapes and fails to recover them, whereas our alternating method
restores plausible surfaces closer to the ground truth.

Table 2. Shape accuracy under target drag coefficient dtar .

Shape F-score (0.01) ×100 ↑ CD ×1000 ↓

w/o target dtar 74.03 27.14
w/ target dtar 89.65 (21.09% ↑) 20.99 (22.68% ↑)

ground truth. Since TripOptimizer is not publicly available,
we reproduce its two-stage strategy using our SP-VAE. Un-
der a conservative setting (100 steps, learning rate = 10−5),
the geometry changes only marginally, whereas a stronger
setting (500 steps, learning rate = 10−3) causes severe de-
formations and lower accuracy. As shown in Fig. 3, once
the shape is distorted, the two-stage method cannot recover
it because it lacks awareness of the shape manifold. In con-
trast, our alternating strategy jointly promotes shape plau-
sibility and physical efficiency, correcting distortions and
producing more accurate shapes.
Shape Generation under Target Drag. As shown in
Fig. 4, starting from the generated shape from the sketch
image without physical information (gray), refining toward
the target drag coefficient (blue) aligns the geometry more
closely with the ground-truth shape (red), particularly in the
rear, roof and vehicle width, where aerodynamic effects are
most sensitive. Quantitatively, Table 2 shows that applying
the target drag coefficient improves the F-score (0.01) by
21.09% and reduces the Chamfer Distance (CD) by 22.68%
compared to the unguided generation, indicating higher ge-
ometric accuracy. These results demonstrate that a target
drag coefficient provides additional cues that help alleviate
the depth ambiguity inherent in 2D-to-3D generation, lead-
ing to improved 3D shape.
Single-View Real Image with Physical information. We
evaluate our method on a real single-view image using
cross-evaluation, as ground-truth meshes are unavailable.
As shown in Fig. 5, without physical information, two
shapes generated from the same image but different initial
noises (red and orange cars) share similar side views yet
differ in front-view width due to depth ambiguity. When

generated

sketch

sketch

optimized ground truth

Figure 4. Physical information improves shape generation accu-
racy. Starting from the physically unguided generation (gray), re-
fining toward the target drag coefficient (blue) aligns the geometry
more closely with the ground-truth shape (red).

Table 3. Comparison of shapes from a real image without (w/o
phys.) and with (w/ phys.) physical guidance.

Case Metric w/o phys. w/ phys.

C
as

e
a Chamfer Distance (×104) ↓ 20.98 2.38

Normal Consistency ↑ 0.78 0.90
F-score (0.01) ↑ 0.41 0.85

C
as

e
b Chamfer Distance (×104) ↓ 8.06 0.83

Normal Consistency ↑ 0.88 0.96
F-score (0.01) ↑ 0.59 0.98

Table 4. Comparison on shape reconstruction. “†” indicates fine-
tuning on the DrivAerNet++ [11] dataset. “O-”, “S-”, and “C-”
denote overall, sharp, and coarse, respectively.

Model O-Acc. O-IoU S-Acc. S-IoU C-Acc. C-IoU

3DSet2Vector [49] 73.58 51.28 64.61 49.80 83.17 54.32
Hunyuan3D 2.1 [16] 89.43 76.55 87.19 77.57 91.81 74.62
Hi3DGen [47] 91.47 81.52 89.37 82.76 93.67 80.08
Dora [5] 86.49 71.28 84.78 74.16 88.32 66.04
Dora† [5] 95.31 88.61 94.32 89.13 96.37 87.62

Ours 96.73 91.89 95.64 91.50 97.89 92.63

physical guidance, which enforces an approximate target
drag coefficient and minimizes directional forces, is applied
(blue and green cars), the generated 3D shapes converge
to similar front-view widths. Table 3 quantitatively shows
reduced inter-shape discrepancy, indicating that physical
guidance effectively mitigates depth ambiguity.

4.3. Shape Reconstruction and Physics Estimation
Comparison of Shape Reconstruction. Here, we use our
trained encoder and shape decoder in SP-VAE to reconstruct
3D meshes from the input point clouds. The results in Ta-
ble 4 show that our model outperforms 3DSet2Vector [49],
the VAEs of Hunyuan3D 2.1 [16] and Hi3DGen [47], pure
Dora [5] model, and its fine-tuned version on the DrivAer-
Net++ [12] dataset, across all evaluation metrics. The im-
provements highlight that our physics-informed representa-
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w/   physics 2


(b)

Figure 5. Physical information mitigates depth ambiguity in 3D
generation from a real single-view image. Two shapes are first
generated from the same image using different initial noises (red
and orange cars). When physical guidance is applied, the resulting
shapes (blue and green cars) converge to similar front-view widths.

Table 5. Performance comparison on drag coefficient estimation.

Model MSE↓ MAE↓ Max AE↓
(×10−5) (×10−3) (×10−2)

GCNN [18] 17.1 10.43 15.03
RegDGCNN [12] 14.2 9.31 12.79
PointNet [36] 14.9 9.60 12.45
TripNet [3] 9.1 7.17 7.70

Ours 4.0 4.83 2.70

Table 6. Performance comparison on pressure field prediction.

Model MSE↓ MAE↓ Rel L2↓ Rel L1↓
(×10−2) (×10−1) (%) (%)

RegDGCNN [12] 8.29 1.61 27.72 26.21
FigConvNet [8] 4.99 1.22 20.86 21.12
Transolver [43] 7.15 1.41 23.87 22.57
TripNet [3] 5.14 1.25 20.05 20.93

Ours 4.55 1.09 20.02 17.78

tions contribute to more high-fidelity shape reconstructions.
Comparison of Physics Estimation. We predict the phys-
ical properties from the point cloud, utilizing the pres-
sure decoder and drag decoder. As shown in Tables 5
and 6, our method achieves the best performance in both
drag coefficient prediction and surface pressure estimation,
whereas the baselines estimate physical quantities solely
from shape inputs without leveraging complementary infor-
mation. These results show that the joint shape-physics la-
tent representation captures the correlation between geome-
try and aerodynamics, improving both shape reconstruction
and physics estimation.

4.4. Ablation Studies
Effectiveness of SP-VAE Training Strategy. As shown
in Table 7, joint finetuning consistently improves perfor-
mance across drag estimation, surface pressure prediction,
and shape reconstruction. The most notable gain appears in
shape reconstruction, where overall accuracy and IoU im-
prove to 96.73 and 91.89, respectively. These results con-
firm that joint finetuning fosters mutual reinforcement be-
tween geometric and physical representations, leading to a
more coherent and expressive latent space.
Effectiveness of Alternating Strategy. We evaluate joint
shape quality and surface pressure on the out-of-distribution
ShapeNet [2]. As shown in Fig. 6, physics refinement
only moves the initial imperfect shape toward the phys-
ical objectives. However, it introduces geometric arti-
facts without awareness of the shape manifold. Incorpo-
rating flow-matching updates restores geometric plausibil-
ity, yet the physics objectives remain suboptimal. By it-
eratively alternating between physics refinement and flow-
matching updates, the method reconciles physical satisfac-
tion with shape plausibility, achieving both aesthetic quality
and aerodynamic performance.
Impact of Drag Coefficient and Full Pressure Field.
Fig. 7 compares surface pressure distributions for shapes
generated without physical guidance, with drag-only guid-
ance, and with full pressure-field guidance. Without phys-
ical guidance, the generated shape exhibits strong pressure
over the hood and windshield (red box), unstable flow at
the front-roof transition (blue box), and weak low-pressure
continuity at the front corner (gray box), resulting in high
drag. Drag-only guidance reduces the front pressure peak
(red box) and improves flow attachment, but the pressure
distribution remains coarse and lacks local smoothness (red
and blue boxes). Full pressure-field guidance further sup-
presses high-pressure regions and yields smoother pressure
distributions, thus enhancing aerodynamic performance.
Impact of Physical Decoder Structure. Table 8 ana-
lyzes the contribution of the attention, channel, and MLP
branches in the proposed physics decoder. Each pair of
branches provides complementary benefits, and integrating
all three achieves the best performance (4.59 MSE, 1.09
MAE), indicating that multi-dimensional feature fusion ef-
fectively enhances physics prediction accuracy.

4.5. Generalization to Structural Optimization
We further extend our physics-guided shape generation
framework to structural optimization, where the goal is to
minimize compliance under prescribed loads and boundary
conditions, following PhysiOpt [48]. As shown in Fig. 8,
shapes generated by Hunyuan3D 2.1 [16] often contain
thin legs that deform severely under load. PhysiOpt uses
a physics simulator for optimization, but without shape-
manifold awareness, it often distorts shapes and introduces



Table 7. Ablation study on the training strategy of SP-VAE. “O-”, “S-”, and “C-” denote overall, sharp, and coarse, respectively.

Model
Drag Estimation Surface Pressure Estimation Shape Reconstruction

MSE↓ MAE↓ Max AE↓ MSE↓ MAE↓ Rel L2↓ Rel L1↓ O-Acc. O-IoU S-Acc. S-IoU C-Acc. C-IoU
(×10−5) (×10−3) (×10−2) (×10−2) (×10−1) (%) (%) (%) (%) (%) (%) (%) (%)

Independent Training 4.6 5.14 3.08 4.59 1.09 20.12 17.81 95.31 88.61 94.32 89.13 96.37 87.62
Joint Fine-tuning 4.0 4.83 2.70 4.55 1.09 20.02 17.78 96.73 91.89 95.64 91.50 97.89 92.63

(a) Initial Shape (b) + Physical Refinement (c) + Physical Refinement 

and flow-matching updates

(d) Alternating Physical Refinement 

and flow-matching updates

Figure 6. Visualization of generation with physical refinement and flow-matching updates, shown in terms of mesh geometry and surface
pressure. Starting from a physically imperfect initialization (a), physical refinement improves physical objectives but introduces distortions
(b). Adding flow-matching updates restore geometric plausibility but lead to non-uniform pressure (c). Alternating the two produces
refined geometry and more uniform pressure, improving both visual quality and aerodynamic performance (d).

(a) Gen. w/o Phys. (b) + Drag Coefficient (c) + Full Pressure Field

Pressure

Figure 7. Surface pressure distribution of the initial shape and the
generated results under drag coefficient or full pressure field.

Table 8. Ablation study on the components of physical decoder.

Attn. Channel MLP MSE↓ MAE↓ Rel L2 ↓ Rel L1 ↓
(×10−2) (×10−1) (%) (%)

✓ 8.26 1.52 27.44 24.68
✓ 5.43 1.23 22.09 20.07

✓ 5.90 1.27 22.84 20.73

✓ ✓ 5.20 1.21 21.49 19.63
✓ ✓ 5.16 1.23 21.42 20.04

✓ ✓ 5.15 1.21 21.47 19.62

✓ ✓ ✓ 4.59 1.09 20.12 17.81

artifacts. In contrast, our method complements physics with
shape manifold, improving physical performance and shape
quality. See the supplementary material for more details.

Image & Force Hunyuan3D 2.1 PhysiOpt

C: 1.33 : 23.49 C: 0.74 

C: 3.18 : 71.57 C: 2.89 

: 13.13 C: 0.32 

: 64.58 C: 1.08 

Ours

: 5.77

: 55.18

Figure 8. Comparisons for structural optimization. C: compliance
(strain energy; lower is stiffer). uavg: mean displacement.

5. Conclusion

In this work, we present a flow matching paradigm with
explicit physical guidance, including an alternating process
between a velocity-based update with physics-aware regu-
larization and a physical refinement. To bridge geometry
and physics, we develop SP-VAE, which encodes both in a
shared latent space, capturing their correlations and form-
ing the basis for physics-guided generation. Experiments
demonstrate that our method produces both physically ef-
ficient and aesthetically appealing shapes. It also enhances
single-view reconstruction and aerodynamic performance,
and generalizes to structural optimization. We hope this
work inspires further research on physics-grounded genera-
tive modeling for realistic and functional 3D shapes.
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[29] François Mazé and Faez Ahmed. Diffusion models beat gans
on topology optimization. In AAAI Conference on Artificial
Intelligence, 2023. 2

[30] Shervin Minaee, Tomas Mikolov, Narjes Nikzad, Meysam
Chenaghlu, Richard Socher, Xavier Amatriain, and Jianfeng
Gao. Large language models: A survey. arXiv preprint
arXiv:2402.06196, 2024. 1

[31] Carsten Moenning and Neil A Dodgson. Fast marching far-
thest point sampling. Technical report, University of Cam-
bridge, Computer Laboratory, 2003. 1

[32] Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy
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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 [17].
(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 [5]. As
shown in Fig. A, queries Q for cross-attention are con-
structed by applying Farthest Point Sampling (FPS) [31] 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++ [11].

A.2. Physics-Guided Shape Generation
For flow-based generation, we adopt the rectified flow for-
mulation [26], 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 [17] (see Sec. F for sim-
ulation details), covering both the in-distribution DrivAer-
Net++ [11] dataset and the out-of-distribution ShapeNet [2]
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 [5], while extending it to support SDF prediction [23],
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 [27], 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) [34] 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 [32], 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

Concatenation

DiT Block

Layer Norm
Layer Norm

Layer Norm

Layer Norm

Linear
MLP

Timestep

Embed Linear
Input Tokens Condition

DINO

Noised Latent Image

Output

Cross Attention

Self Attention

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++ [11] 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 [2] 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 [17] to com-
pute the drag coefficient, surface pressure distributions, and
airflow velocity fields. A uniform inlet freestream veloc-
ity 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 [17] 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 [48]. 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

C: 8.99 : 1.33 C: 2.78 : 0.90

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 [16] 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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