
3DDM: Physically-based Anisotropic 3D Diffusion Model with 3D Gaussian for
Point Cloud Completion

Long Xi1,2*, Jia Ma2, ZhenYu Yuan2, Tao Xue1, Wen Tang3*, Wen Lv1

1School of Cybersecurity, Xi’an Polytechnic University, Xi’an, China
2School of Computer Science, Xi’an Polytechnic University, Xi’an, China

3Faculty of Media, Science and Technology, Bournemouth University, United Kingdom
{lxi, xuetao, 20240219}@xpu.edu.cn, {240721046, 240721124}@stu.xpu.edu.cn

wtang@bournemouth.ac.uk

Abstract
A 3D point cloud completion task is to generate completed
3D objects given partial observations. Auto-encoder-based
models suffer from poor generalization ability to untrained
3D data. Current diffusion-based models add isotropic noise
with the same variance in three x, y, z axes. More impor-
tantly, these models ignore real-world anisotropic evolution
properties of 3D particles from a non-equilibrium state to
thermodynamic equilibrium in the real physical world due
to the velocity and energy thermodynamics of the parti-
cles, leading to unstable completions of 3D object topology.
This paper presents a novel physically-based anisotropic 3D
diffusion model (3DDM) to address these issues. We also
present derivations of our proposed forward and reverse pro-
cesses and a loss function in closed form, thus reproducibil-
ity. The 3DDM contains anisotropic energy-aware forward
and reverse processes with a novel anisotropic quadratic loss
function. The forward process adds anisotropic 3D Gaussian
noises per-axis and mimics the thermal non-equilibrium evo-
lution towards Maxwellian equilibrium based on velocity and
kinetic energy evolutions of 3D particles in the real physical
space. The reverse process learns to denoise along per-axis
and per-timestep anisotropically. The anisotropic quadratic
loss function penalizes errors along certain axes, yielding
a highly flexible and anisotropic reverse diffusion process
and a physically realistic generative model. The 3DDM de-
noises along x, y, z axes with different velocities from the
non-equilibrium evolution, achieving fewer than 20 diffusion
steps and strong generalization to unseen 3D objects and real-
world scenes that were not trained.

Code and technical appendix —
https://github.com/LONG-XI/3DDM

Introduction
3D point clouds have been widely applied in various
computer vision applications, including autonomous driv-
ing (Chen et al. 2025; Gu et al. 2025), game (Ji et al.
2025), robotic perception (Pan et al. 2025), and virtual re-
ality (Novotny and Laidlaw 2024). 3D point cloud comple-
tions from partial observations are an active research topic.

Although most state-of-the-art auto-encoder-based net-
works, such as PCN (Yuan et al. 2018), FoldingNet (Yang
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et al. 2018), TopNet (Tchapmi et al. 2019), PoinTr (Yu et al.
2021), AnchorFormer (Chen et al. 2023), SeedFormer (Zhou
et al. 2022) and FSC (Wu et al. 2024), demonstrate strong
reconstruction performance on partial inputs, they perform
poorly on generalization ability for untrained datasets. Quite
often, these untrained datasets contain point distributions
and densities that are different from the training datasets.

Current diffusion-based methods, such as PVD (Zhou,
Du, and Wu 2021), SDFusion (Cheng et al. 2023), directly
adopt the standard diffusion model in DDPM (Denoising
Diffusion Probabilistic Model) (Ho, Jain, and Abbeel 2020).
However, the DDPM adds isotropic noise with the same
variance in x, y, z axes and does not realistically simulate
the evolution of 3D particles from a non-equilibrium state
to an equilibrium state in a real 3D physical space, ignor-
ing the real-world anisotropic properties and real physical
evolution of the 3D particles which is due to the velocity
and the energy evolution of the particles. As a result, current
DDPM-based models generate unstable 3D object topolo-
gies and require hundreds or even thousands of diffusion
steps to converge, leading to low sampling efficiency and
poor generalization ability for untrained datasets.

In this paper, we propose a novel physically-based
anisotropic 3D diffusion model, 3DDM, to improve the gen-
eralization ability of the diffusion model and largely reduce
the diffusion steps. We make an important observation: the
physically realistic modelling of the evolution of 3D parti-
cles from a non-equilibrium state to a thermodynamic equi-
librium state in a real-world 3D physical space can enable
the diffusion process to be accurately explained through a
physically-based simulation process using closed forms. The
simulation process can detect real-world anisotropies and
improve the generalization ability for untrained datasets.
Furthermore, the proposed physically-based 3DDM will re-
quire fewer diffusion steps for convergence since it learns
to denoise anisotropically along x, y, z axes with different
velocities from the non-equilibrium evolution.

3DDM contains anisotropic energy-aware forward and
reverse processes with a novel anisotropic quadratic loss.
Specifically, we design three modules in the forward pro-
cess of the 3DDM, including a kinetic energy evolution,
an energy-aware βt rescaling, and an anisotropic 3D Gaus-
sian modeling. The kinetic energy evolution module mimics
the thermal non-equilibrium evolution towards Maxwellian
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equilibrium based on velocity and kinetic energy evolutions
of 3D particles by adopting Langevin dynamics (Giovanni
and Michele 2007). The energy-aware βt rescaling module
adaptively adjusts the diffusion strength based on per-axis
energy deviations and guides axis-specific noise adjustment
to Maxwell equilibrium. The anisotropic 3D Gaussian mod-
eling module adds anisotropic 3D Gaussian noise per-axis,
and this anisotropic diffusion makes the diffusion process
physically-based and realistic.

The reverse process of 3DDM mimics the inverse pro-
cesses of anisotropic thermalization in real physical sys-
tems, and learns to denoise along per-axis and per-timestep
anisotropically. To further enhance training stability and
physical consistency, we derive an anisotropic quadratic
loss, which penalizes errors along certain axes, yielding a
highly directional flexibility of the reverse diffusion process.

The main contributions of this paper are as follows:

• A novel physically-based anisotropic 3D diffusion
model, 3DDM, for 3D point cloud completion with fewer
diffusion steps.

• An anisotropic energy-aware forward process in 3DDM,
which adds anisotropic 3D Gaussian noises per-axis and
mimics the thermal non-equilibrium evolution towards
Maxwellian equilibrium, enhancing the interpretability
of the diffusion model.

• An anisotropic reverse process, which learns the reverse
thermal non-equilibrium evolution and enables the model
to capture anisotropic features, enhancing completion
quality and generalization ability.

• Closed forms for the proposed forward, the reverse and
the loss function.

• State-of-the-art completion performance and strong gen-
eralization ability to unseen real-world 3D semantic
scenes that were never trained.

Related Work
Auto-encoder-based methods often adopt the PointNet-
based (Qi et al. 2017a) encoder and proposed different de-
coders for reconstructing the global features of partial ob-
servations to complete 3D point clouds, such as a folding
operation to deform 2D grids into 3D point clouds in the de-
coder (Yang et al. 2018), and a two-stage PointNet-based
encoder (Yuan et al. 2018) for feature learning and uses
fully connected layers followed by the folding operation to
achieve completion results. TopNet (Tchapmi et al. 2019)
designs a tree-based decoder where all leaf nodes generate a
complete 3D point cloud. These methods focus on learning
global features without considering local features for fine
details.

Transformer-based methods consider the fine detailed lo-
cal features for high-quality completion results. PoinTr (Yu
et al. 2021) considers the completion process as a point-to-
point translation problem and uses a transformer encoder-
decoder to learn local features for fine details. Seed-
Former (Zhou et al. 2022) and AnchorFormer (Chen et al.
2023) learns regional features for local pattern reconstruc-
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Figure 1: 3D point cloud completion architecture.

tion. FSC (Wu et al. 2024) uses a dual-branch feature extrac-
tor with several attention modules for sparse point clouds.
Although these methods perform well in reconstructing par-
tial input, they are less effective in generating missing re-
gions and lack structural completeness. Additionally, they
commonly suffer from overfitting to the training distribution
and degraded performance across different datasets, which
shows poor generalization capabilities on unseen datasets
that were never trained.

Originally developed for 2D image generation, diffu-
sion models, from DDPM (Ho, Jain, and Abbeel 2020) in
data space to LDM (Rombach et al. 2022) in latent fea-
ture space, offer greater quality than GANs (Goodfellow
et al. 2014). Diffusion-based 3D point cloud completion
method, PVD (Zhou, Du, and Wu 2021), uses the stan-
dard DDPM (Ho, Jain, and Abbeel 2020) directly in data
space for 3D point cloud completion. SDFusion (Cheng
et al. 2023) uses the standard LDM (Ho, Jain, and Abbeel
2020) in latent space for 3D signed distance function com-
pletion. However, these diffusion-based 3D methods rely on
isotropic noise assumptions and do not realistically simu-
late the evolution of 3D particles from a non-equilibrium
state to equilibrium in 3D physical space, which ignores
real-world physical anisotropies in 3D point clouds and lim-
its their physical realism and interoperability. As a result,
they treat three spatial axes x, y, z uniformly and fail to cap-
ture the directional variations in real-world physical space,
leading to unstable 3D structure completion with hundreds
or thousands of diffusion steps. Additionally, the lack of a
physical realism diffusion process in these methods severely
limits their generalization ability to untrained datasets.

In contrast, our physically-based 3DDM model incorpo-
rates an anisotropic diffusion process based on velocity and
kinetic energy evolutions, which realistically simulates the
evolution of the non-equilibrium towards Maxwellian equi-
librium. Our novel approach significantly improves com-
pletion accuracy on unseen geometric structures and cross-
domain generalization, while achieving high-quality com-
pletion results with fewer than 20 diffusion steps.

Methods
3D point clouds often have geometries that vary along differ-
ent axes. (e.g., A 3D table is wider in x/y and short in z. A
3D lamp is tall in z and narrow in x/y). The directional dif-
fusion control reflects these anisotropies, which makes the
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Figure 2: 3DDM forward process.

diffusion process more physically realistic. When simulat-
ing realistic Langevin dynamics-based diffusion, the energy
distribution often differs by axis.

The Maxwell-Boltzmann velocity distribution is a 3D
Gaussian distribution, which illustrates the velocities of 3D
particles in a Maxwellian equilibrium state in 3D physical
space. The velocity distributions f(vx, vy, vz) of 3D parti-
cles are completely independent and uncorrelated along the
x, y and z directions, as defined by Equation 1.

f (vi) =

√
m

2πkBT
e
− mv2

i
2kBT , i ∈ {x, y, z} (1)

where m is the mass of a 3D particle; T is the absolute tem-
perature; kB is the Boltzmann constant; V = (vx, vy, vz)
represents the velocities of 3D particles along the x, y and z
directions, respectively.

Inspired by the Maxwell-Boltzmann velocity distribution
in a physical equilibrium system, we propose a physically-
based anisotropic 3D diffusion model, 3DDM, to mimic
the forward and reverse processes of the thermal non-
equilibrium evolution toward Maxwellian equilibrium phys-
ically and generate completion results from partial 3D point
clouds. Figure 1 shows the overall architecture of 3DDM for
3D point cloud completion. Given a partial 3D point cloud
input, where each point is defined as Pi = (x, y, z). 3DDM
considers latent features of the partial input as the condition
and generates the corresponding complete 3D point cloud
based on the condition. The 3DDM contains an anisotropic
energy-aware forward process (Figure 2), which mimics the
thermal non-equilibrium evolution toward Maxwellian equi-
librium. The reverse process learns to denoise along per-
axis and per-timestep anisotropically. The novel anisotropic
quadratic loss function is proposed to train 3DDM.

Anisotropic Energy-Aware Forward Process
The novel anisotropic energy-aware forward process mimics
the thermal non-equilibrium evolution towards Maxwellian
equilibrium in 3D physical space. Three modules are pro-
posed in the forward process: (i) a kinetic energy evolution;
(ii) an energy-aware βt rescaling; and (iii) anisotropic 3D
Gaussian modeling modules, as shown in Figure 2.

Kinetic Energy Evolution. The kinetic energy evolution
module aims to modulate the per-axis diffusion intensity by
calculating the relative kinetic energy deviations of 3D par-
ticles from a thermal equilibrium state. First, we simulate
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the velocity evolution based on Langevin dynamics (Gio-
vanni and Michele 2007), which models the relaxation of a
non-equilibrium state towards a thermal equilibrium state,
as defined by Equation 2.

v0i = vmaxwell
i + σ · ξ0, i ∈ {x, y, z} ; ξ0 ∼ N(0, 1)

vti = (1− γ)vt−1
i + z

√
2γkBT/m

(2)

where v0i is the initial velocity of 3D particles for non-
equilibrium perturbation. v0i contains velocities (v0x, v

0
y, v

0
z)

for the x, y and z directions, respectively. vmaxwell
i con-

tains velocities of N 3D particles sampled from a Maxwell-
Boltzmann velocity distribution, which represents the ther-
mal equilibrium. To mimic non-equilibrium conditions in
real physical systems, a random Gaussian perturbation ξ0
is added to the velocity of each particle. σ controls the mag-
nitude of the disturbance. vti and vt−1

i denote the velocities
in the steps t and t− 1 along the i axis, respectively. γ is the
damping coefficient. (1−γ)vt−1

i mimics physical damping,
moving energy gradually from the non-equilibrium system
towards the equilibrium. z

√
2γkBT/m denotes stochastic

kicks that represent thermal collisions with surrounding par-
ticles. The balance between these two terms ensures that
the velocity distribution will stabilize towards a Maxwellian
equilibrium over time.

We then define the kinetic energy evolution by Equation 3.
As shown in Figure 3, the velocities and energies of each 3D
point mimic the relaxation of a non-equilibrium state toward
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thermal equilibrium.

Et
i,n =

1

2
m(vti,n)

2, i ∈ {x, y, z} (3)

where Et
i,n is the kinetic energy of a 3D particle along per

axis at the timestep t in the forward process.
Energy-Aware βt Rescaling. In the non-equilibrium

state towards equilibrium, kinetic energy Et
i,n is anisotropi-

cally distributed. For example, 3D particles may move faster
along the x-axis than along y and z axes. The energy-aware
βt rescaling module detects these anisotropic properties per
axis and adjusts the noise along each axis based on kinetic
energy deviations rti in order to rebalance the system from an
non-equilibrium state to a Maxwell equilibrium state, mak-
ing the diffusion process more physically sound, realistic
and directionally responsive. As shown in Figure 4 (a), rti
assesses how far the system is from the thermal equilibrium
on a per-axis basis, and guides axis-specific noise adjust-
ment towards a Maxwell equilibrium.

rti =
Ēt

i,n − Ek

Ek
, Ēt

i,n =
1

N

N∑
n=1

Et
i,n, Ek =

d

2
kBT (4)

where i ∈ {x, y, z}. Ēt
i,n is the mean kinetic energy com-

puted along the x, y and z axes for N 3D points at each
timestep, respectively. Ek is the equilibrium kinetic energy
per axis.

rti adaptively modifies the βE
t,i along each axis, where

x, y, z axes can equilibrate at different rates. If the energy
in the i axis is higher than the equilibrium, βE

t,i decreases,
vice versa. The original scalar βt in DDPM is rescaled to a
per-axis version βE

t,i, as defined by Equation 5.

βE
t,i = βt · (1 + λ · rti), βE

t = (βE
t,x, β

E
t,y, β

E
t,z) (5)

where i ∈ {x, y, z}. λ controls how sensitive the system is
to kinetic energy deviations. βE

t is independent for x, y and
z axes.

The energy-aware βt rescaling module increases the dif-
fusion density along axes where kinetic energy is higher
than equilibrium, damping excess energy effectively. It re-
duces the diffusion density along axes where the system
is under-energized, preserving fine structures and reducing
over-smoothing. This adaptive behaviour is critical in guid-
ing the diffusion process toward a more physical evolution.

Anisotropic 3D Gaussian Modeling. Unlike adding
isotropic noise in DDPM (Ho, Jain, and Abbeel 2020), we
add anisotropic 3D Gaussian noise per axis. Directions with
excess kinetic energy βE

t,x get more noise decay, and under-
energized directions get boosted, driving the system more
precisely toward equilibrium. Hence, our novel approach
mimics anisotropic thermalization processes of real physi-
cal systems. Figure 4 (b) illustrates the 3D Gaussian noises
added for 3D point clouds. Adding noise per axis allows the
model to reflect the variations of energy distribution per axis,
which enhances generalization abilities for unseen datasets
that are never trained.

To add anisotropic 3D Gaussian noise along the x, y and
z axes, we reconstruct the βE

t,i into a diagonal matrix βE
t , as

defined by Equation 6.

βE
t = diag(βE

t,x, β
E
t,y, β

E
t,z) (6)

The forward process is then defined by Equation 7.

q(X
(0:T )

) = q(X
0
)

T∏
t=1

q(X
t | Xt−1

)

q(X
t | Xt−1

) = N (X
t | µq(X

t
, t),Σq(X

t
, t))

µq = diag

(√
(1 − βE

t,x),
√

(1 − βE
t,y),

√
(1 − βE

t,z)

)
· Xt−1

Σq = diag
(
β
E
t,x, β

E
t,y, β

E
t,z

)
(7)

where q(X(0:T )) is a ground truth diffusion distribution,
which is defined by gradually adding Gaussian noise to
the complete 3D point clouds X . q(X0) denotes the com-
plete 3D point cloud distribution. q(Xt | Xt−1) is the
Markov diffusion kernel, which adds noise at time step
t and models the distribution of X at the next time step

t + 1. diag
(√

(1− βE
t,x),

√
(1− βE

t,y),
√
(1− βE

t,z)
)

is a
diagonal matrix, indicating the mean of the distribution.
diag

(
βE
t,x, β

E
t,y, β

E
t,z

)
is also a diagonal matrix, indicating

the covariance of the distribution. The detailed derivation of
the forward process is provided in Appendix A.

Reverse Process
The reverse process of 3DDM mimics the inverse processes
of anisotropic thermalization in real physical systems. It
learns to denoise along per-axis and per-timestep anisotrop-
ically and adapts to the variability of x, y and z axes, as
defined by Equation 8. The pθ(X

t−1 | Xt, c) in 3DDM is
modeled as 3D Gaussian distributions with a covariance ma-
trix Σθ, whose three variances in the diagonal are unequal.
This implies that the network learns the anisotropic noise
along x, y, z axes independently.

pθ
(
Xt−1 | Xt, c

)
= N

(
Xt−1 | µθ

(
Xt, t, c

)
,Σθ

(
Xt, t, c

))
µθ = diag

 1√
αE
t,x

,
1√
αE
t,y

1√
αE
t,z

 ·

Xt − diag

 βE
t,x√

1− αE
t,x

,
βE
t,y√

1− αE
t,y

,
βE
t,z√

1− αE
t,z

 · ϵθ(Xt, t, c)


Σθ = diag

(
(1− αE

t−1,x)β
E
t,x

1− αE
t,x

,
(1− αE

t−1,y)β
E
t,y

1− αE
t,y

,
(1− αE

t−1,z)β
E
t,z

1− αE
t,z

)
(8)

where θ is the network parameter. c denotes latent features
of a partial 3D point cloud. µθ is the mean of predicted 3D
Gaussian distributions. ϵθ is the noise predicted by the net-
work. Σθ is a diagonal matrix, indicating the covariance of
the 3D Gaussian distributions.

To derive the reverse process pθ(Xt−1 | Xt, c), the prob-
ability density function of 3D Gaussian distribution is used
to achieve µθ and Σθ . Refer to Appendix B for the detailed
derivation of the reverse process.

Thus, Xt−1 is sampling by Xt−1 = µθ +
√
Σθ ·

ϵθ(X
t, t, c) + σtϵ, where σt =

√
βE
t and ϵ ∼ N (0, I).

Anisotropic Quadratic Loss Function
Unlike the MSE loss in standard DDPM, we propose a novel
anisotropic quadratic loss for 3DDM, which is derived by
maximizing the evidence lower bound of the 3D point sets.
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Methods 34 seen categories 21 unseen categories
F1-S ↑ F1-M ↑ F1-H ↑ CD-S ↓ CD-M ↓ CD-H ↓ F1-S ↑ F1-M ↑ F1-H ↑ CD-S ↓ CD-M ↓ CD-H ↓

PCN (Yuan et al. 2018) 0.19 0.19 0.17 2.15 2.21 2.52 0.12 0.11 0.10 2.80 2.92 3.43
FoldingNet (Yang et al. 2018) 0.16 0.15 0.12 2.21 2.28 2.60 0.10 0.09 0.07 2.66 2.79 3.24
TopNet (Tchapmi et al. 2019) 0.11 0.10 0.08 2.78 2.89 3.37 0.07 0.06 0.04 3.44 3.60 4.23
AnchorFormer (Chen et al. 2023) 0.30 0.30 0.27 1.44 1.48 1.76 0.26 0.25 0.22 1.61 1.71 2.67
SeedFormer (Zhou et al. 2022) 0.10 0.09 0.08 2.30 2.53 3.10 0.07 0.07 0.06 2.57 2.85 3.65
FSC (Wu et al. 2024) 0.21 0.20 0.18 1.97 2.03 2.33 0.13 0.12 0.11 2.49 2.60 3.12
3DDM (Ours) 0.41 0.42 0.38 1.42 1.48 1.90 0.37 0.36 0.31 1.72 1.69 2.37

Table 1: Evaluations of 3D point cloud completion on 34 seen and 21 unseen categories. -S, -M and -H denote the simple,
median and hard modes with the missing rate of 25%, 50% and 75%, respectively. (Higher F1 and lower CD are better.)

log pθ
(
X0|c

)
≥ Eq(X(1:T )|X0)

log pθ
(
X(0:T )|c

)
q (X(1:T ) | X0)

 =

KL
(
q
(
XT | X0

)
∥pθ

(
XT
))

︸ ︷︷ ︸
1⃝ prior matching term

−Eq(X1|X0)
[
log pθ

(
X0 | X1, c

)]
︸ ︷︷ ︸

2⃝ reconstruction term

+

T∑
t−2

Eq(Xt|X0)
[
KL

(
q
(
Xt−1 | Xt, X0) ∥pθ (Xt−1 | Xt, c

))]
︸ ︷︷ ︸

3⃝ denoising matching term
(9)

1⃝ has no trainable parameters and is equal to zero.
3⃝ is a denoising matching term. The q

(
Xt−1 | Xt, X0

)
transition step acts as a ground-truth signal, since it defines
how to denoise a noisy 3D point cloud anisotropically in
the forward process of 3DDM. The 3DDM learns the de-
sired denoising transition step pθ

(
Xt−1 | Xt, c

)
as an ap-

proximation to tractable, ground-truth denoising transition
step q

(
Xt−1 | Xt, X0

)
. The term 3⃝ is therefore minimized

when the two denoising steps match as closely as possible,
as measured by their KL Divergence.

2⃝ can be interpreted as a 3D point cloud reconstruction
term. Substituting 2⃝ into 3⃝, the final term is :
T∑

t−1

Eq(Xt|X0)

[
KL

(
q
(
X

t−1 | Xt
, X

0
)
∥pθ

(
X

t−1 | Xt
, c
))]

(10)

Since q
(
Xt−1 | Xt, X0

)
and pθ

(
Xt−1 | Xt, c

)
are

modeled as the 3D Gaussian distributions, the KL Diver-
gence between two 3D Gaussian distributions in 3⃝ is:

KL(N (X
t−1

;µq,Σq)||N (X
t−1

;µθ,Σθ)) =
1

2
·[

Tr(Σ
−1
θ Σq) + (µθ − µq)

T
Σ

−1
θ (µθ − µq) + ln

( |Σθ|
|Σq|

)
− d

] (11)

where Tr(·) denotes the trace of a matrix. Σ−1
θ is the inverse

covariance matrix of pθ. d = 3 for 3D Gaussians.
Furthermore, Equation 11 simplifies to:

LAQ = (µθ − µq)
TΣ−1

θ (µθ − µq) (12)
Substituting Equations 7 and 8 into Equation 12, the train-

ing loss function for the 3DDM is:
LAQ = (ϵt − ϵθ)

T · A · (ϵt − ϵθ), A =

diag

(
βE
t,x

(1 − βE
t,x) · ᾱE

t,x

,
βE
t,y

(1 − βE
t,y) · ᾱE

t,y

,
βE
t,z

(1 − βE
t,z) · ᾱE

t,z

) (13)

where A introduces direction-dependent weighting, mean-
ing errors along certain axes may be penalized more heavily
than others depending on A. A is symmetric positive defi-
nite, which is exactly anisotropic.

Experiments
Our 3DDM was trained on an Nvidia GeForce 2080Ti GPU
with 12 GB memory using PyTorch. Implementation details
are provided in Appendix D.

Datasets
We use the ShapeNet34 (Yu et al. 2021) train/test splits
(46,765 for training and 5,750 for testing) from 34 cate-
gories, as it has been done in previous methods (Chen et al.
2023), and (Wu et al. 2024).

Unseen evaluation datasets are never trained and are only
used for evaluating the generalization capability of each net-
work. We select three unseen datasets, including 3D objects
and indoor and outdoor scenes, which are captured by var-
ious sensors with different densities and varied point distri-
butions, posing significant challenges to all networks. The
three unseen datasets are: ShapeNet21 (Yu et al. 2021) for
3D objects, ScanNet (Dai et al. 2017) for 3D real-world in-
door scenes and KITTI (Geiger, Lenz, and Urtasun 2012) for
3D real-world outdoor scenes. See Appendix E for details.

Evaluation Metrics
To evaluate partial 3D point clouds with ground-truth, we
use Chamfer Distance (CD) (Fan, Su, and Guibas 2017) and
F1 Score (Knapitsch et al. 2017; Tatarchenko et al. 2019) as
the evaluation metrics following PoinTr (Yu et al. 2021) and
FSC (Wu et al. 2024).

To evaluate the partial 3D point clouds without the ground
truth of complete 3D point clouds, we use Minimal Match-
ing Distance (MMD) and Fidelity as the evaluation matrices
following PCN (Yuan et al. 2018) and AnchorFormer (Chen
et al. 2023). MMD finds the minimum CD between comple-
tion results and the ShapeNet dataset. Fidelity is the average
CD, which measures how well the partial input is preserved.

Evaluation on ShapeNet34 and unseen ShapeNet21
To evaluate the completion performance, all networks are
trained and evaluated on the ShapeNet34 dataset. To further
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Figure 5: Qualitative completion results on the ShapeNet34 (top) and unseen ShapeNet21 (bottom).

Methods PCN FoldingNet TopNet PoinTr PVD AnchorFormer SeedFormer FSC 3DDM (Ours)

ScanNet Chair MMD ↓ 5.11 9.55 4.83 8.11 5.08 6.54 6.08 4.32 4.04
Fidelity ↓ 0.05 0.97 0.97 - 1.76 0.02 0.04 0.04 0.03

ScanNet Table MMD ↓ 4.62 6.93 4.99 7.49 4.55 6.04 5.08 4.22 4.20
Fidelity ↓ 0.80 0.56 2.40 - 3.35 0.52 0.40 2.85 0.01

KITTI MMD ↓ 1.84 1.69 1.79 2.18 4.10 3.00 2.87 1.25 0.07
Fidelity ↓ 0.18 0.22 0.19 - 0.29 0.16 0.03 0.21 0.03

Table 2: Evaluations on the unseen real-world ScanNet and KITTI datasets that were not trained. MMD and Fidelity are reported
multiplied by 102. Lower MMD and Fidelity are better. ’-’ denotes that PoinTr has a severe problem on the scales of completion
results for unseen real-world scenes.

evaluate the generalization ability on unseen categories with
different shape patterns that were not trained, we evaluate
these trained models on the untrained ShapeNet21 dataset.

The average F1 and CD on all 34 categories are re-
ported in Table 1 (left) with qualitative results in Figure 5
(top). 3DDM achieves state-of-the-art scores on the whole
ShapeNet34 testing dataset. Table 1 (right) reports the aver-
age F1 and CD on all unseen 21 categories with qualitative
results in Figure 5 (bottom). Our 3DDM outperforms other
state-of-the-art methods and shows a strong generalization
ability for 21 unseen categories that were never trained. An-
chorFormer is followed by our method and still shows great
performance in unseen categories. Please refer to Appendix
F for more detailed results.

Evaluation on Unseen Real-World ScanNet Scenes
We evaluate the generalization ability of all networks on
real-world semantic ScanNet indoor scenes (Dai et al. 2017).
All methods are trained solely on ShapeNet34 and directly
evaluated on ScanNet. Compared to synthetic datasets in the
training dataset, the point clouds in ScanNet are significantly
noisier and exhibit large missing data, posing a more chal-
lenging cross-domain completion task.

As shown in Figure 6 (top), our 3DDM successfully re-
constructs dense and structurally complete geometries, par-
ticularly excelling in regions such as floors and chair legs.
In contrast, PoinTr, AnchorFormer and FSC frequently suf-
fer from poor completion performance in missing structures
(e.g. chair legs). The quantitative results are reported in Ta-
ble 2. Our 3DDM achieves top completion performance in

both MMD and Fidelity, indicating that 3DDM achieves su-
perior completion accuracy and strong cross-domain gen-
eralization capabilities on unseen real-world scenes. More
qualitative comparisons are provided in Appendix G.

Evaluation on Unseen Real-World KITTI Scenes

We further evaluate the generalization ability of all networks
on LiDAR KITTI cars (Geiger, Lenz, and Urtasun 2012). All
networks are trained on ShapeNet34 and evaluated on KITTI
cars. Unlike data in the training data, 3D point clouds from
LiDAR scans are very sparse and incomplete, with different
point distributions. The 1,000 KITTI cars contain 400 points
on average, with some having fewer than 5 points.

As shown in Table 2, our 3DDM achieves the best in both
MMD and Fidelity, indicating strong cross-domain general-
ization ability on unseen LiDAR scans. Figure 6 (bottom) vi-
sualizes comparisons across different methods, and Figure 7
shows details of completion results. Existing methods strug-
gle with sparse and noisy KITTI cars. For instance, PoinTr
significantly underestimates the car scales and sizes for car
number 1 and car number 2, as shown in Figure 7 (third
row). AnchorFormer fails to generate the missing points in
the frontal parts (fifth row in Figure 7). In contrast, our
3DDM generates more faithful and more accurate results in
both size and geometry, which highlights the practical po-
tential of 3DDM in safety-critical applications such as au-
tonomous driving, where reliable 3D shape completion is
essential. Refer to Appendix H for additional comparisons.
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Figure 6: Qualitative completion results on the unseen real-world ScanNet (top) and KITTI (bottom) that were not trained.
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Figure 7: Details of KITTI cars in Figure 6.

Ablation Studies
Feature extraction analysis We conduct an ablation
study using five state-of-the-art encoders in PointNet (Qi
et al. 2017a), PointNet++ (Qi et al. 2017b), PCN (Yuan et al.
2018), DGCNN (Wang et al. 2019), and PVCNN (Liu et al.
2019). The comparison is performed on the guitar category.
The results are reported in Table 3. As can be seen, all five
encoders can be adopted in our 3DDM for feature extraction,
and DGCNN achieves the best completion performance.

Diffusion steps analysis To analyze the impact of diffu-
sion steps on the completion performance of our 3DDM, we
train the 3DDM with varying diffusion steps. As reported in
Table 4, the 3DDM still achieves strong completion ability
with fewer than 20 diffusion steps, which shows the effec-
tiveness of the physically-based diffusion process in 3DDM.
3DDM achieves the best performance with 100 steps. More
detailed ablation analyses are provided in the Appendix.

Methods F1-S / -M / -H ↑ CD-S / -M / -H ↓ Parameters
PointNet 0.82 / 0.81 / 0.73 0.68 / 0.70 / 0.89 1,577,886
PointNet++ 0.65 / 0.63 / 0.58 1.26 / 1.34 / 1.47 1,740,894
PCN 0.82 / 0.80 / 0.72 0.70 / 0.70 / 0.92 1,426,974
DGCNN 0.83 / 0.82 / 0.73 0.64 / 0.66 / 0.86 1,176,222
PVCNN 0.79 / 0.76 / 0.68 0.76 / 0.81 / 1.03 2,708,062

Table 3: Feature extraction analysis.

Steps F1-S ↑ / F1-M ↑ / F1-H ↑ CD-S ↓ / CD-M ↓ / CD-H ↓
1 0.31 / 0.30 / 0.25 7.89 / 8.08 / 8.42
5 0.53 / 0.53 / 0.47 1.63 / 1.69 / 1.88

10 0.58 / 0.57 / 0.51 1.15 / 1.21 / 1.45
20 0.60 / 0.59 / 0.54 1.05 / 1.09 / 1.35
50 0.60 / 0.58 / 0.52 1.04 / 1.09 / 1.33

100 0.61 / 0.60 / 0.54 1.01 / 1.07 / 1.33
500 0.57 / 0.56 / 0.50 1.10 / 1.26 / 1.27
800 0.55 / 0.55 / 0.50 1.20 / 1.28 / 1.31

Table 4: Diffusion steps analysis.

Conclusion
This paper has presented a physically-based anisotropic and
energy-aware diffusion model, 3DDM, for 3D point cloud
completion. By incorporating anisotropic diffusion based
on kinetic energy evolution, energy-guided noise modula-
tion, and anisotropic denoising with a tailored loss function,
3DDM effectively simulates the non-equilibrium dynamics
and anisotropic behaviors of real-world 3D particle systems,
enhancing the physical plausibility and structural integrity
of the generated point clouds. Experiments demonstrate that
3DDM achieves strong performance across multiple bench-
marks, with superior generalization to unseen categories and
real-world scenes, while significantly improving sampling
efficiency. 3DDM offers a new perspective for building ef-
ficient and physically consistent and realistic 3D generative
models.
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