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Abstract

We address the task of point cloud denoising by leverag-
ing a diffusion-based generative framework augmented with
adversarial training. While recent diffusion models have
demonstrated strong capabilities in learning complex data
distributions, their effectiveness in recovering fine geomet-
ric details remains limited, especially under severe noise
conditions. To mitigate this, we propose Adversarial Dif-
fusion Bridge Model (ADBM), a novel approach for de-
noising 3D point cloud data by integrating diffusion bridge
model with adversarial learning. ADBM incorporates a
lightweight discriminator that guides the denoising process
through adversarial supervision, encouraging sharper and
more faithful reconstructions. The denoiser is trained us-
ing a denoising diffusion objective based on Schrodinger
bridge, while the discriminator distinguishes between real
clean point clouds and generated outputs, promoting per-
ceptual realism. Experiments are conducted on the PU-Net
and PC-Net datasets, with performance evaluated employ-
ing the Chamfer Distance and Point-to-Mesh metrics. Qual-
itative and quantitative results both highlight the effective-
ness of adversarial supervision in enhancing local detail
reconstruction, making our approach a promising direction
for robust point cloud restoration.

1. Introduction

Point cloud denoising is critical for enhancing data qual-
ity in applications where accurate spatial representation di-
rectly impacts system performance and user accessibility.
Point clouds acquired via LiDAR, depth sensors, or pho-
togrammetry frequently contain noise from environmental
interference, sensor limitations, or motion artifacts. This
degradation is especially critical in accessibility applica-
tions such as assistive navigation, where noisy inputs cause
errors in object detection [2, 11, 16] and scene reconstruc-
tion [14]. Also, the presence of noise can obscure fine geo-
metric details and lead to inaccurate shape representations,

ADBM
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Noisy samples Denoising results

Figure 1. Visual examples of point cloud denoising results using
the proposed method, ADBM. Each row represents a different ob-
ject category. From left to right: noisy input point cloud, denoised
output by ADBM, and clean ground-truth shape. The ADBM ef-
fectively removes noise and restores fine-grained geometric struc-
tures, producing outputs that are closely aligned with the original
clean shapes.

which are especially problematic for applications requiring
high-precision measurements. As the reliance on 3D point
cloud data also continues to grow across diverse fields such
as robotics [5, 12], urban mapping [18, 19], and medical
imaging [1, 3], the demand for robust and effective denois-
ing techniques becomes increasingly important.

Traditional 3D point cloud denoising approaches [7, 10,
24, 28] have mainly relied on geometric priors and statis-
tical optimization. These approaches demonstrated mea-
surable denoising efficacy under controlled conditions, par-
ticularly for Gaussian-type noise distributions. However,
they consistently struggled with structural oversimplifica-
tion in real-world scenarios, where rigid smoothing opera-
tors erode fine features like edges and corners, degrading
geometric fidelity. Also, non-Gaussian noise from LiDAR
or other sensors caused performance collapse, while itera-
tive optimization hindered real-world deployment. These
limitations have prompted a shift toward learning-based de-
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noising approaches to adaptively model complex noise pat-
terns while maintaining geometric fidelity.

Recent years have seen generative models, particularly
diffusion models, emerge as powerful tools for 3D point
cloud data synthesis and restoration [13, 17, 22]. By iter-
atively refining their understanding of complex data distri-
butions, these models achieve high-fidelity reconstruction
of noisy inputs through the structured denoising process.
However, traditional diffusion approaches suffer from slow
sampling speeds, sampling trajectory design inefficiencies,
and instability when handling complex noise distributions.
Diffusion bridges [4, 20, 21, 23] address these gaps by pre-
dicting a direct probabilistic pathway between noisy and
clean data distributions, through mitigating the constraints
on the prior distribution. While the direct pathway offers
improved sampling efficiency and stability, achieving op-
timal denoising performance, particularly against complex
and unknown noise patterns, necessitates a more adaptive
and self-improving mechanism.

Inspired by the success of adversarial learning in genera-
tive model [8, 9, 25, 27], we propose Adversarial Diffusion
Bridge Model (ADBM), which integrates adversarial super-
vision into the diffusion bridge framework to enhance 3D
point cloud denoising. Specifically, a lightweight discrimi-
nator is incorporated into the training pipeline to compel the
diffusion bridge model to generate outputs that are not only
distributionally close to clean data but also perceptually re-
alistic. As shown in Fig. 1, ADBM effectively restores
clean shapes from severely noisy inputs across various ob-
ject categories. The adversarial signal complements the
original diffusion bridge objective, providing an additional
learning signal that facilitates the recovery of fine geo-
metric details, particularly under complex or non-Gaussian
noise conditions. We validate ADBM on PC-Net [26], PU-
Net [17] 3d object-level point cloud datasets. Experimental
results demonstrate that ADBM consistently outperforms
existing state-of-the-art denoising methods in terms of both
fidelity and generalization.

2. Related work
2.1. Traditional denoising methods

Traditional methods for 3D point cloud denoising mainly
leverage geometric priors and local statistics to suppress
noise while preserving structural features. Han et al. [7]
proposed a position-guided linear filter for 3D point cloud
denoising that significantly improves computational effi-
ciency while preserving geometric features. To preserve
sharp features in noisy point clouds, Zheng et al. [28] pro-
posed a guided filter extension that assigns multiple nor-
mals to feature points via k-medial skeleton extraction and
k-means clustering. To enhance the quality of noisy point
sets, Yadav et al. [24] introduced a constraint-based de-

noising method utilizing a vertex-based normal voting ten-
sor and binary eigenvalue optimization. Their approach it-
eratively filters vertex normals and updates positions with
feature-aware constraints, enabling effective noise removal
while preserving geometric sharpness. To address the trade-
off between noise removal and feature preservation, Liu
at al. [10] developed a two-stage point cloud denoising
method that decouples normal filtering from position up-
dating. Their optimization-based framework maintains the
underlying geometric structures, achieving high-quality de-
noising without oversmoothing sharp edges.

2.2. Deep-learning-based methods

To overcome the limitations of traditional denoising ap-
proaches, recent research has shifted toward learning-based
methods that leverage neural networks to model complex
noise patterns in point clouds. PointCleanNet [17] intro-
duced supervised frameworks that learns mappings from
noisy to clean point clouds using regression-based losses.
They employs an acchitecture that explicitly encodes spatial
features while incorporating a two-step denoising mecha-
nism to refine predictions iteratively. Another notable ap-
proach is score-based point cloud denoising [13], which
introduces a probabilistic generative framework based on
score matching and Langevin dynamics. By learning a
score function that estimates the gradient of the data dis-
tribution, this method can denoise corrupted point clouds
through iterative updates. However, the stochastic nature
and high iteration cost of score-based sampling remain key
challenges. More recently, the P2P-Bridge [22] frame-
work proposes a diffusion-bridge-based model that con-
structs a direct probabilistic path between noisy and clean
point clouds via a Schrédinger bridge formulation [4]. This
method utilizes a learnable forward diffusion and reverse
denoising to generate geometrically consistent reconstruc-
tions, offering improved sample efficiency and generation
quality.

While P2P-Brige demonstrates strong performance, it re-
mains limited in adaptively learning discriminative features
for real-world noise, due to the absence of an explicit adver-
sarial signal. In this work, we integrate adversarial learning
on the diffusion bridge model based on P2P-Bridge to fur-
ther enhance robustness against diverse noise types.

2.3. Adversarial training approaches

Recent studies have explored adversarial training to im-
prove the quality and realism of diffusion-based generative
models. Ko et al. [8] introduces dual discriminators in time
and frequency domains to enhance speech fidelity in multi-
speaker TTS tasks. Zeng et al. [27] leverages semantic pri-
ors and adversarial loss for self-supervised shadow removal,
enabling structure-preserving generation without paired la-
bels. Liu et al. [9] combines adversarial learning approach
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Figure 2. Overview of the proposed adversarial diffusion bridge model (ADBM) training pipeline. The model takes paired clean and noisy
point clouds as input and samples an intermediate latent point cloud. A denoising network predicts the noise from this sample, which is
used to reconstruct a clean version of the input through reverse sampling. The reconstructed output is evaluated by a discriminator trained
to distinguish real clean point clouds from generated ones. The generator is trained with a combination of denoising loss and adversarial
feedback, encouraging both accurate reconstruction and perceptual realism.

with torsion angle priors to ensure biologically valid back-
bones in protein structure generation. A structure-guided
discriminator [25] has also been proposed to finetune dif-
fusion models under layout constraints, improving both se-
mantic consistency and image quality. These approaches
demonstrate the effectiveness of adversarial signals in guid-
ing diffusion models toward more realistic and task-aligned
outputs.

3. Methods

We propose ADBM, an adversarial diffusion bridge model
based on P2P-Bridge, which formulates point cloud denois-
ing as a Schrodinger Bridge problem between clean and
noisy distributions. This approach enables efficient sam-
pling of intermediate states without numerically solving
stochastic differential equations, by leveraging a Gaussian
approximation under a paired data boundary condition. By
predicting the underlying noise component, the model iter-
atively refines the input through a learned reverse process.
To improve the perceptual quality of the denoised outputs,
we further incorporate an adversarial training objective. A
lightweight discriminator is trained to distinguish real clean
point clouds from generated samples, providing an addi-
tional supervisory signal to guide the denoising network.
Fig. 2 presents the overall framework.

3.1. Diffusion bridge training

We formulate point cloud denoising as a Schrodinger
Bridge problem, which seeks a stochastic process that in-
terpolates between two marginal distributions: the clean
data distribution pgan (o) and the noisy prior distribution
Pprior(27). The goal is to find a path measure p* (zo.7) that
minimizes the Kullback-Leibler divergence from a refer-
ence process prer(o.7) while satisfying the boundary con-
ditions:

p* (370) = pdala(xO)a p* (xT) = pprior(xT)~ (1)

Following the formulation proposed in P2P-Bridge, the op-
timal diffusion path is modeled by a pair of forward and
backward stochastic differential equations (SDE), given re-
spectively by:

da, = [f(ze,t) + g2 (t)V log ¥y ()] dt + g(t)duw,,

R 2

o, = [ f@nt) = (0¥ log dulan)] dt + g,
where f(x¢,t) is a vector-valued drift function, g(t) is a
scalar-valued diffusion coefficient controlling the noise and
wy, wy are independent standard Wiener processes. The
and ’(/AJt are potential functions associated with the forward,
backward processes and these two processes are coupled as
follows:

QZ)O '&O = Ddata; wT 12)T = Ppriors, Pt = wt 'th- 3)
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This structure ensures that the marginal density p; interpo-
lates the clean data distribution at ¢ = 0 and the noisy prior
att = T, forming a time-consistent probabilistic bridge be-
tween the two distributions.

However directly solving the system of Eq. 2 is not prac-
ticable for high-dimensional data. To address this, recent
works approximates this bridge under a paired data assump-
tion p(zo, £7) = Pdata(Z0) Pprior(ZT | Z0), and assumes lin-
ear drift with zero external force, i.e., f = 0, yielding a
tractable Gaussian posterior. Under the assumption of a lin-
ear drift f = 0 and a known diffusion schedule g(t), the
posterior of the latent process z; conditioned on the end-
points o and x7 can be written in closed form as a Gaus-
sian distribution:

q(‘rt | $07$T) - N(Mt, Et)7 (4)

where the mean p; and the covariance X, are given by:

=2 2 2-2

T g 0104
= x xp, Yp=—7—=1I, (5
=g gt o et M= gy rls O
where 07 = fot g*(7)dr and 67 = ftl g%(7) dr repre-

sent the accumulated forward and backward variances up
to time t, respectively. This analytic form enables effi-
cient sampling of intermediate states x; without requiring
numerical integration of the SDE. During training, we sam-
ple z; ~ q(z¢ | xo, xT), and define the target noise as the
residual between the noisy sample and the clean sample as
follows:

Ty — Zo

(6)

Ot

The denoiser network eg(xy,t) is trained to predict this
noise using MSE loss:

Lyse = |lea(zi,t) — €. (7

This training objective is conceptually aligned with denois-
ing diffusion probabilistic models, but is distinct in that the
noise is conditioned on paired clean and noisy samples, fol-
lowing the diffusion bridge model.

3.2. Adversarial training method

While the diffusion bridge framework optimizes a noise
prediction loss based on the Schrodinger Bridge formu-
lation, we further enhance the denoising performance by
incorporating an adversarial learning objective. Inspired
by GAN-based training schemes [6], we introduce a dis-
criminator network that encourages the generation of sam-
ples which are indistinguishable from clean point clouds.
Specifically, let xpeq denote the model-generated clean
sample obtained via reverse diffusion, and let x4 denote the
corresponding ground truth clean point cloud. We define a
discriminator D(-) that learns to assign high scores to real

samples and low scores to generated samples. During each
training step, we first sample x; ~ g(x; | 2o, x7) and use
the denoising network €y to estimate 5. We then obtain
Tpred Via reverse sampling. The discriminator is trained to
distinguish real clean point clouds from those synthesized
by the denoising model. Following the typical GAN formu-

lation, the discriminator loss is defined as:

Lp = _]E:Egt"‘pdum [IOgD(xgt)]
- ]ExpredNPQ [log (1 - D(xpred))] . (8)

The generator (i.e., the diffusion bridge model) is trained
not only to minimize the original noise prediction loss
Lysg, but also to fool the discriminator by maximizing its
predicted score. This adversarial objective for the generator
is defined as:

ﬁadv - *Empmdf\/pg [log D(xpred)] ) (9)

which encourages the generator to maximize the discrimi-
nator’s belief that &peq is a real sample. The adversarial sig-
nal thus acts as an additional supervisory signal, particularly
effective in recovering complex geometric features that are
difficult to optimize solely through point-wise regression.
To balance the reconstruction and adversarial objectives, we
define the final generator loss as a weighted sum:

La = Luse + AadvLadvs (10)

where \,q4, controls the influence of the adversarial signal.
This adversarial extension encourages the generator to pro-
duce denoised point clouds that not only minimize numeri-
cal reconstruction error but also align with the distribution
of real clean point clouds.

The procedure of adversarial diffusion bridge training,
including noise prediction, adversarial loss computation,
and alternating updates of the generator and discriminator
is summarized in Algorithm 1. In the training procedure,
we employ A.q, to 0.7 to balance the MSE and adversarial
objectives.

3.3. Implementation

In this work, we adopt the point cloud denoiser network
proposed in P2P-Bridge [22] as our backbone denoiser ar-
chitecture. The model is designed to predict the drift vec-
tor field between clean and noisy point clouds, following
the Schrodinger Bridge formulation. The denoiser network
follows the encoder-decoder structure of PointNet++ [15],
consisting of multi-scale set abstraction modules and fea-
ture propagation modules.

To facilitate adversarial learning, we introduce a
lightweight discriminator network, which is designed to dis-
tinguish between ground-truth clean point clouds and de-
noised samples generated by the diffusion bridge model.
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Algorithm 1: Training of Adversarial Diffusion
Bridge Model

Input: Noise schedule {a;}]_, {o¢}o;
Batch size B;
Weight \,qy for adversarial loss;
Output: Trained denoising network parameters
Initialize network parameters 6 and discriminator D
while not converged do
Sample minibatch {(zf, z%)}2 | from
pdata(xO) pprior(xT | 370);
Sample ¢ ~ U0, 1], compute p;, 3y from
Eq. 5): o
Sample z} ~ N (p, ) for each pair (zf), z%);
T—aq.

Compute target noise: €’ =
Predict noise: € = €g (xé, t);
1 »
Compute Lysg = 5 21 |65 — €
Perform reverse sampling to obtain predicted
clean sample x;red;
Compute adversarial loss

Lagy = _% ZzB;l log D('r[i)red);
Update generator parameters 6 using:
L = Lusk + AadvLadvs
Freeze 0, unfreeze D;
Compute discriminator loss:
Lp=
—% 20 [log D(h) +log(1 = D(whey))
| Update D with gradient of Lp;
return 0

1%

The architecture of the discriminator first applies a point-
wise encoder composed of two linear layers with ReLU ac-
tivation and layer normalization, transforming each point
into a latent feature. The resulting latent features are then
aggregated via average pooling across the point dimension,
yielding a global feature vector for each sample. This global
representation is further processed by a two-layer MLP to
produce a scalar output indicating the realism of the input.

4. Experiments
4.1. Datasets

We evaluate our method on two benchmark datasets: PU-
Net [26] and PC-Net [17]. The PU-Net dataset contains
40 object categories for training and 20 categories for test-
ing. For each object, ground truth point clouds are provided
at three resolutions: 10000, 30000, and 50000 points. To
standardize the training input size, we apply farthest point
sampling [15] to extract 2048 points from each noisy input,
regardless of its original resolution. This allows the model
to be trained on a fixed-size representation while leverag-
ing geometric information from diverse scales. The PC-Net

dataset is used solely for testing to assess the generalization
ability of the model. It consists of 10 object categories, each
provided at three resolutions, totaling 30 test samples. Dur-
ing evaluation, the model outputs a 2048-point cloud, which
is then compared to the ground truth using alignment tech-
niques and point-wise distance metrics. This setup allows
us to evaluate denoising performance of the model on both
seen and unseen object distributions across varying resolu-
tions.

4.2. Evaluation measure

To quantitatively assess the quality of denoised point
clouds, we adopt two widely used metrics: Chamfer Dis-
tance (CD) and Point-to-Mesh Distance (P2M). The CD
evaluates the average bidirectional proximity between pre-
dicted and ground-truth point sets. It penalizes both miss-
ing and redundant points, promoting accurate reconstruc-
tion and uniform coverage. Formally, it is defined as:

. L 5
D(P,P) = o > & - NN(i:, P)ll3
i=1

m

+ % Z ij — NN(z;,P)

Jj=1

where P and P denote the predicted and reference point
clouds, and NN(-, -) returns the nearest neighbor. To eval-
uate the geometric consistency with the underlying surface,
we also compute the P2M distance. This metric compares
points to a mesh surface, taking into account both the dis-
tance from points to the mesh and vice versa. It is defined
as:

n

. 1
P2M(P, M) = o min d(Zi, f)
=1

1 . .
+M Z min d(&;, f). (12)

fem TEP

Here, M denotes the ground-truth mesh, and d(z, f) mea-
sures the shortest distance between a point and a mesh face.
The first term captures how well the predicted points lie on
the mesh surface, while the second encourages surface cov-
erage. All point clouds and meshes are normalized to the
unit sphere before evaluation to ensure scale invariance.

4.3. Training details

Training is conducted on a single NVIDIA H100 GPU
80GB with an Intel(R) Xeon(R) Platinum 8480+ CPU, run-
ning Ubuntu 22.04.2 LTS. The model is trained for a total of
650000 iterations with a batch size of 32. Automatic Mixed
Precision is enabled for memory and computing efficiency,
and gradient clipping with a maximum norm of 1.0 is ap-
plied to stabilize training. Both the denoiser network and
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Table 1. Comparison of denoising performance (CDJ / P2M|) under different Gaussian noise levels and point counts.

Number of points 10-103 Points 50-10° Points

Dataset Gaussian noise level 1% 2% 3% 1% 2% 3%
Method / Metric Cb p2PM| CD PPM| CD P2M | CD P2M | CD P2M | CD P2M
PC-Net [17] 352 1.15 | 747 397 | 13.1 874 | 1.05 035 | 145 061 | 229 1.29

PU-Net [26] ScoreDenoise [13] 252 046 | 3.69 107 | 471 194 | 0.72 0.15 | 1.29 0.57 | 1.93 1.04
P2P-Bridge [22] 245 039 | 327 0.86 | 407 147 | 0.60 0.09 | 095 035|163 0.90
ADBM(Ours) 218 034 | 3.15 0.77 | 398 140 | 0.57 0.08 | 090 0.32 | 1.61 0.88
PC-Net [17] 385 122 | 6.04 145|587 129 | 029 0.11 | 051 0.25 | 3.25 1.08

PC-Net [17] ScoreDenoise [13] 337 095 [ 452 1.16 | 678 194 | 1.07 0.17 | 1.66 0.35 | 249 0.66
P2P-Bridge [22] 287 0.63 | 452 092 | 565 134|092 0.12 | 1.39 0.26 | 2.17 0.51
ADBM(Ours) 282 059 | 443 086 | 557 127 | 090 0.11 | 1.37 0.25 | 2.14 049

the discriminator of ADBM are trained using the AdamW
optimizer. The denoiser network training uses a constant
learning rate of 0.0003, while the discriminator is trained
with a learning rate of 0.0001. The exponential moving av-
erage of the denoiser network parameters is maintained with
a decay factor of 0.999. We use 10 reverse diffusion steps
during both adversarial training and evaluation to generate
denoised point clouds.

4.4. Experimental results

We evaluate our method, ADBM on the PU-Net and PC-
Net datasets under varying Gaussian noise levels and point
cloud resolutions. Tab. | presents the quantitative compar-
ison of denoising performance with Chamfer Distance and
Point-to-Mesh distance, where lower values indicate better
denoising performance. On the PU-Net dataset with 10k
input points, ADBM consistently outperforms all baselines
across all noise levels. At 1% noise, ADBM records a CD of
2.18 and a P2M of 0.34, outperforming P2P-Bridge which
achieves 2.45 for CD and 0.39 for P2M. When the noise
level increases to 2%, ADBM achieves 3.15 for CD and
0.77 for P2M, showing improvements over P2P-Bridge’s
3.27 and 0.86, respectively. At the highest noise level
of 3%, ADBM achieves 3.98 for CD and 1.40 for P2M,
compared to 4.07 and 1.47 by P2P-Bridge. For the high-
resolution setting with 50k points, ADBM continues to out-
perform the baselines. At 1% noise, ADBM achieves a CD
of 0.57 and P2M of 0.08, showing improvements over P2P-
Bridge’s values of 0.60 and 0.09. At 2% noise, the CD and
P2M values achieved by ADBM are 0.90 and 0.32, respec-
tively, whereas P2P-Bridge achieves 0.95 and 0.35. At 3%
noise, ADBM yields 1.61 for CD and 0.88 for P2M, outper-
forming P2P-Bridge’s values of 1.63 and 0.90.

On the PC-Net dataset, which is used to evaluate gener-
alization to unseen shapes, our method, ADBM also shows

robust performance. At 10k input points and 1% noise,
ADBM records a CD of 2.82 and a P2M of 0.59, slightly im-
proving upon P2P-Bridge’s results of 2.87 and 0.63. For 2%
noise, ADBM achieves 4.43 for CD and 0.86 for P2M, again
outperforming P2P-Bridge which reports 4.52 and 0.92. At
3% noise, ADBM shows a clear advantage with a CD of
5.57 and a P2M of 1.27, while P2P-Bridge reports 5.65 and
1.34. For the 50k point resolution, the same trend holds.
At 1% noise, ADBM achieves a CD of 0.90 and a P2M of
0.11, whereas P2P-Bridge reports 0.92 and 0.12. With 2%
noise, ADBM records 1.37 for CD and 0.25 for P2M, im-
proving upon P2P-Bridge’s 1.40 and 0.27. At 3% noise,
ADBM achieves 2.14 for CD and 0.49 for P2M, while P2P-
Bridge results in 2.17 and 0.51. These comprehensive re-
sults demonstrate that our proposed method not only consis-
tently outperforms existing baselines across all noise levels
and resolutions, but also generalizes effectively to unseen
object categories, yielding the best performance in terms of
both point-wise accuracy and surface-level fidelity.

To qualitatively evaluate the denoising performance,
Fig. 3 presents visual comparisons across various object cat-
egories. The first row shows the ground-truth clean point
clouds, uniformly sampled with 10k points per object. To
generate the noisy inputs shown in the second row, Gaussian
noise with a standard deviation of 1% unit sphere radius is
added to the clean shapes. These noisy point clouds ex-
hibit substantial structural distortion and irregular point dis-
tribution, particularly around thin or intricate regions such
as the camel’s legs, the chair’s backrest, and the curvature
of the duck shape. The third row shows the outputs pro-
duced by the P2P-Bridge baseline without adversarial learn-
ing. While the overall shapes are recovered to some extent,
the results often suffer from blurring or loss of fine details.
For instance, the camel’s hump and legs appear less dis-
tinct, and the reconstructed chair structure lacks geomet-
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Figure 3. Qualitative comparison of point cloud denoising results. The first row shows the clean ground truth point clouds, each containing
10k points. The second row presents the noisy inputs generated by adding Gaussian noise with a standard deviation of 1% of the unit
sphere. The third and fourth rows show the denoised results with and without and our proposed method, respectively.

ric sharpness and completeness. In comparison, the pro-
posed method in fourth row, restores both global structure
and fine-grained geometric details. The denoised results ex-
hibit more faithful alignment with the ground-truth, better
preserving object-specific characteristics and surface conti-
nuity. Moreover, the point distribution appears more uni-
form and natural, indicating improved surface coverage and
sampling quality. These qualitative observations are consis-
tent with the quantitative results, highlighting the superior
denoising capability and structural fidelity of our method
across diverse shapes.

Fig. 4 shows per-point error heatmaps between the
denoised outputs and the ground truth shapes, where the
color represents the Euclidean distance to the correspond-
ing ground truth point. All samples consist of 10k points,
and the input noise follows a Gaussian distribution with a
standard deviation of 1% of the unit sphere. Overall, our
method achieves low reconstruction errors across most sur-
face regions, especially in smooth and planar areas such as
the camel’s torso or the cow’s flank. These regions are pre-
dominantly rendered in blue, indicating accurate point-wise
recovery. However, increased reconstruction errors are ob-
served in geometrically complex areas, including thin struc-
tures and high-curvature boundaries such as the camel’s

legs, the edges of the chair’s backrest, and the tail of the
horse. These failure cases typically arise due to the local
sparsity or overlapping noise in the input, which can dis-
tort fine geometric cues during denoising. To mitigate these
localized failures, future work may focus on stabilizing the
adversarial training process and improving the loss function
to better capture fine-grained geometric discrepancies. In
particular, incorporating region-aware weighting schemes
or multi-scale structural constraints into the training objec-
tive could enhance the model’s sensitivity to delicate fea-
tures. These improvements may lead to more faithful re-
constructions in challenging regions.

5. Conclusion

In this paper, we proposed an adversarial diffusion bridge
training method for 3D point cloud denoising. Build-
ing on the Schrodinger bridge formulation, our method
models the interpolation between noisy and clean point
clouds, enabling effective restoration of fine-grained geom-
etry. To further improve the perceptual quality and fidelity
of denoised outputs, we introduced an adversarial learn-
ing scheme, where a lightweight discriminator is trained
to guide the generator toward producing samples indis-
tinguishable from real clean point clouds. The proposed
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Figure 4. Visualization of per-point Euclidean errors between the denoised outputs and ground truth point clouds. All samples contain
10k points, and Gaussian noise with a standard deviation of 1% of the unit sphere is added to the inputs. Blue regions indicate low
reconstruction errors, while red regions highlight areas with higher deviations

method achieves superior reconstruction fidelity, showing
strong generalization performance across diverse object cat-
egories. However, as shown in Fig. 4, denoising perfor-
mance in highly corrupted or geometrically complex re-
gions remains challenging. These cases highlight the need
for further refinement of the adversarial component. In fu-
ture work, we aim to explore improved training stability
through adversarial loss regularization and conduct system-
atic studies on how varying the weighting parameter (e.g.,
Aagy) influences denoising quality and convergence behav-
ior.
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