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LaPDA: Latent-Space Point Cloud Denoising
With Adaptivity

Peng Du®, Xingce Wang®, Zhongke Wu

Abstract—Point cloud denoisingisafundamental yet challenging
task in computer graphics. Existing solutions typically rely on
supervised training on synthesized noise. However, real-world noise
often exhibitsgreater complexity, causing learning-based methods
trained on synthetic noise to struggle when encountering unseen
noise-a phenomenon we refer to as noise misalignment. To ad-
dress this challenge, we propose LaPDA (L atent-space Point cloud
Denoising with Adaptivity), a neural network explicitly designed
to mitigate noise misalignment and enhance denoising robustness.
LaPDA consists of two key stages. Fir st, we adaptively model noise
in the latent space, aligning unseen noise distributions with the
known training distributions or adjusting them toward distribu-
tions with lower noise scales. Training objectives at this stage are
formulated based on controlled synthetic noise with varying inten-
sity levels. Second, we introduce a gradual noise removal module
that optimizes the spatial distribution of the adaptively adjusted
noisy points. Extensive experiments conducted on both synthetic
and scanned datasets demonstrate that LaPDA achieves enhanced
accuracy and robustness compared to state-of-the-art methods.

Index Terms—Point cloud denoising, 3D deep learning, noise
modeling, adaptive denoising, latent space.

|. INTRODUCTION

OINT cloud directly output of 3D acquisition using sensors

such asLiDAR. The dataobtained from these sensors often
contain random noise and uneven point distributions caused by
inherent sensor inaccuraci es, environmental interference, andre-
flective surface properties. Consequently, point cloud denoising
has become a fundamental research topic in computer graphics
and 3D vision. Producing high-quality denoised point cloudsis
crucia for downstream tasks such as 3D reconstruction, scene
understanding, autonomous driving, and urban modeling, to
name a few.
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Over the past decade, significant progress in point cloud
denoising has come from both traditional geometric approaches
and modern deep learning-based techniques. Conventional
methods typically rely on geometric priors to recover the un-
derlying surface of noisy point clouds. These methods fall into
two categories: moving least squares (MLS)-based [1], [2],
[3], [4], [5] and locally optimal projection (LOP)-based [6],
[71, 8], [9]. MLS-based approaches explicitly compute surface
parameters to define a smooth manifold, whereas L OP-based
methods iteratively project noisy points onto the underlying
surface by reweighting local neighborhoods. While effective,
these methods often require careful parameter tuning and may
oversmooth geometric details.

Recently, deeplearning hasemerged asapowerful aternative,
offering data-driven solutions that learn denoising directly from
examples. Most |earning-based methods adopt supervised train-
ing on clean point clouds corrupted by synthetic noise, typically
Gaussian. Although this setup enables networks to learn robust
mappings for controlled scenarios, it introduces a critical gap:
real-world noiseisfar more diverse and complex than synthetic
noise distributions. It is infeasible to anticipate and model all
possible noise types during training, and attempting to do so can
even destabilize learning. As a result, when the noise encoun-
tered during inference deviatesin type or scale from thetraining
distribution, existing methods often fail to fully restore surfaces,
leaving residual noise or causing point clustering.

We refer to this gap between training assumptions and infer-
ence conditions as the noise misalignment phenomenon, illus-
tratedinFig. 1. Addressing thischallengerequiresnot only better
denoising models, but also mechanisms that can adapt to previ-
ously unseen noisedistributions at test time, ensuring both accu-
racy and robustness. Similar challenges have been studied in 2D
image denoising, where self-supervised approaches [10], [11],
[12] learn to handle unseen noise by constructing noise pairsvia
downsampling. However, directly extending such techniques to
point clouds is difficult, as perturbations disrupt point-to-point
correspondence and alter geometry.

To overcome these challenges, we propose LaPDA (Latent-
space Point cloud Denoising with Adaptivity), atwo-stage neural
network that operatesin latent space. Unlike PDLTS[13], which
assumes a hijective mapping to disentangle noise into inde-
pendent latent dimensions—an assumption prone to failure un-
der high noise intensities-LaPDA introduces an adaptive noise
modeling stage followed by a dedicated denoising stage. The
adaptive stage reweightsinput noise distributions through learn-
able perturbations in latent space, aligning unseen noise with
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Fig. 1.  Illustration of the noise misalignment phenomenon in deep learning-
based point cloud denoising. Top: Existing methods typically learn to denoise
specific synthetic noise distributions during training. At inference time, these
learned displacement vectors may fail to accurately restore points when en-
countering unseen, complex noise distributions, resulting in residual noise or
surface inaccuracies. Bottom: Our proposed method addresses this issue by
adaptively aligning unseen noise to known training distributions or reducing
its scale through adaptive latent-space noise modeling, enabling more effective
and robust point cloud denoising.

known training distributions or reducing it to lower scales. The
denoising stage then refinesthe adjusted point cloud. By training
the adaptive stage with multi-scale Gaussian noise as targets,
LaPDA learns to handle complex and previously unseen noise
while producing well-distributed point sets. Extensive experi-
mentson both synthetic and real -world datasets demonstrate that
LaPDA effectively mitigates noise misalignment and achieves
improved accuracy and robustness compared to state-of-the-art
methods.

Our main contributions can be summarized as follows:

e To the best of our knowledge, we are the first to identify
and explicitly formulate the noise misalignment issue in
point cloud denoising.

e WeproposeLaPDA, anovel two-stagelatent-space denois-
ing method that model sand adapts noi seto handle complex
and previously unseen noise distributions robustly.

Il. RELATED WORK
A. Conventional Methods

Conventional methods denoise point clouds by recovering
smooth underlying surfaces [14]. Early approaches, inspired
by the MLS [5], led to a series of works that incorporated
feature preservation and adaptive neighborhoods to mitigate
the over-smoothing inherent in MLS-based methods [1], [3],
[4]. However, ML S-based methods and Jet [15] require explicit
surface parameter estimation. To overcome thislimitation, Lip-
man et al. proposed the LOP [6], which employs L1 median
optimization to represent the underlying surface with a set of
points and project arbitrary point sets onto target sets. Sub-
sequent extensions, such as Weighted-LOP (WLOP) [7], [16]
and Continuous-LOP (CLOP) [9], improved point uniformity
and computational efficiency. Nonetheless, these point-based
methods often require large neighborhoods to achieve stable
smoothing at high noise levels, which can lead to aloss of fine
geometric details.
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Some methods incorporate normal information to guide de-
noising. Normals are typically estimated using principal com-
ponents analysis (PCA) [17] from noisy point clouds. EAR [18]
leveragesinitial normalsto repel pointslocated on oppositesides
of edges, thereby preserving sharp features. GPF [19] replaces
distance-based weighting functions with point-to-tangent dis-
tances to better maintain features. Among other normal-based
methods, Fleishman et al. introduced bilateral filtering for mesh
denoising [20], while Mattei et al. incorporated the similarity of
normalswithin local neighborhoods into the weighting function
to preserve sharp features [21]. However, these methods over-
look the mutual influence between noise and normal quality,
relying heavily on the accuracy of theinitial normals.

B. Learning-Based Methods

Early networks: Early approaches, built on PointNet [22]
and PointNet++ [23], demonstrated the potential of deep learn-
ing with simple architectures and strong representation ability.
Some works enhance geometric detail by introducing shape
descriptors [24], [25], [26], [27]. For example, PointCleanNet
(PCN) [28] proposed a two-stage network to separately remove
outliers and surface noise. Pointfilter [29] incorporated normal
into the loss function and achieved smooth denoising through
bilateral filtering. These methods primarily relied on multilayer
perceptrons (MLP) for feature extraction and network design,
focusing on individual point information while not fully lever-
aging local neighborhood. In addition, the first unsupervised
approaches for point cloud denoising were introduced but were
found to be sensitive to large-scale noise [30]. With the advent
of DGCNN [31], dynamic edge convolution became widely
adopted, providing richer contextual information. Based onthis,
Luo et a. proposed Differentiable Manifold Reconstruction
(DMR) [32], which reconstructs surfaces by selecting clean
pointswithin patches, though downsampling often caused detail
loss and amplified local noise.

Direct prediction versus iterative refinement: A major dis-
tinction among learning-based methods lies in their denoising
strategy. Direct prediction methods regress clean coordinates
from noisy inputs by extracting point-wise features, often im-
proving loss functions[29] or feature representations [32], [33].
However, these approaches generally underperform compared
to iterative methods, which progressively separate noise from
geometry. ScoreDenoise[34] and DeepRS[35] treat noisy points
asconvolutionsof clean surfaceswith noise, iteratively updating
using score functions. IterativePFN [36] extends this idea into
the network structure itself, with multiple modules that target
noise at different scales, achieving strong results but at higher
computational cost. Recently, PDLTS [13] introduced a latent-
space noise disentanglement method using invertible operators,
effectively addressingissues such as patch shrinkage and surface
collapse, which commonly arise when denoising directly in the
spatial domain.

Displacement-based methods: These methodslearnlocal fea-
tures and regress the offset between noisy and clean points.
GeoDual CNN [37] introduces geometric priors to predict point
coordinates through homogeneous neighborhoods, but this also
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Fig. 2.

Illustration of our network structure, comprising the adaptive noise phase and the denoising phase. In the adaptive noise stage, it learns the noise to derive

€°77", correcting unseen noise into a certain noise distribution. The denoising stage predicts the offset ¢© between the adjusted point cloud and the clean point

cloud.

limits the end-to-end performance. PCDNF [33] integrates ex-
tracted point features and normal featuresto enhance the mutual
influence between point and normal information, followed by
point coordinate regression. However, the quality of the initial
normal estimation impacts the denoising performance and the
number of iterations required by PCDNF [33]. Similarly, Silva
Edirimuni et a. proposed CFilter [38], which combines normal
estimation for point cloud denoising. Subsequently, they intro-
duced IterativePFN [36], emphasizing that iterative denoising
of point clouds should not only occur during inference but also
be incorporated within the network structure. IterativePFN [36]
achieves competitive performance by employing target point
clouds with varying noise scales in different iterative modules
within the network, progressively removing noise.
Probability-based methods: Another line of work models
noise probabilistically. Flow-based methods use invertible map-
pings [13], [39] or optimal transport [40], [41], [42] to aign
noisy and clean distributions. Score-based methods, such as
ScoreDenoise [34] and DeepRS [35], are inspired by the back-
ward Langevin dynamics, while recent variants [43] combine
score-based diffusion with boundary preservation.
Latent-space methods: Recent works[13], [44], [45] denoise
by learning noise-free features in latent space, reducing prob-
lemslikesurfacedrift or collapse. Whileeffective, thesemethods
generally assume clean/noisy disentanglement isfeasible, which
becomes difficult under high or unseen noise levels. In contrast,
our approach leverages latent space differently: instead of di-
rectly regressing clean features, we learn the noise distribution
itself and adaptively align it to known or lower-scale distribu-
tions, thereby addressing the noise misalignment problem.

Ill. METHOD
A. Overview

Given a noisy point cloud, we begin by formulating the
denoising problem in Section I11-B and highlighting the issue
of noise misalignment. In Section 111-C, we propose atwo-stage

strategy comprising an adaptive noise stage, which operates in
latent space to adjust input points, followed by a denoising
stage. Section 111-D describes the network architecture and
Section I11-E presentsthejoint lossfunction that supervisesboth
stages during training. An overview of our method isillustrated
inFig. 2.

B. Problem Formulation

For a noisy patch X = {z;}&,, it is disturbed by random
noise ¢ from a clean patch Y = {yj}év:l. In learning-based
methods [34], [35], [36], ¢ is typically sampled from a certain
noise distribution in training stage, such as Gaussian noise:

Y = X+ €, ¢~ N(0, 1), (1)

where o2 istypically related to the diagonal of theinput model’s
bounding box. At this point, both the noisy point cloud and the
noisedistribution are certain, denoted as X © and ¢, respectively.
The denoising network learns adisplacement ¢ to pull the noisy
point cloud X ¢ back to the clean surface through the following
objective function:

0" = argmini2 (178 (x) =[] - (2)

where f§(-) is the neural network based model parameterized
by 6.

Noise Misalignment in Point Cloud: However, during infer-
ence, the complexity of noise distributions may lead to pre-
viously unseen noise ¢* and noisy point clouds X“, where
XU“£X¢. Now that, we can obtain:

(X" +e) A (X +€). ©)

This poses a challenge, the displacement ¢¢ learned from (2)
during training may fail to pull the unseen noisy point cloud
X back to the expected clean surface. This misalignment of
noise between training and inference reduces the generalization
ability of the denoising network to some extent.
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The core of this issue originates from the offset between ¢©
and ¢*, which are sampled from two distinct noise distributions.
The noise offset can be expressed as e“ 7" = (¢ — €°). Our
motivation is to address the misalignment in (3) by learning
e“" before feeding the unseen noisy point cloud X into the
denoising network, thereby obtaining the corresponding clean
point cloud:

Y — X’U. _|_ 6“
— (Xu + ecﬂu) + EC.

Similarly, the network for learning adaptive noise offset ¢““
istrained using the following objective function:

0 = argming [| 7 (X*) — 3] )

where f¢(-) is a neural network parameterized by 6 in the
adaptive noise stage. Consequently, the objective function for
training the entire adaptive noise point cloud denoising network
isasfollows:

(0°,0%) = argmin® [Hfg (f8 (X*) + Xv) — eCHﬂ . (5

C. Learning Adaptive Noise

The objective function for two stages is clearly defined in
form (5), but in practice, it faces the challenge of how to effec-
tively learn the noise distribution from the noisy input. Some
prior works in image denoising [10], [46], [47] address this by
learning aresidual noise image that is added to the input image.
Through various downsampling transformations, they generate
apair of adapted image and target image, and train the residual
noise image by minimizing the difference between them. When
directly applied to point cloud denoising, it can be formulated
as.

0° = argning [||T1 (X') =Ty (X')]I3

with X/ = X + £2 (X"), (6)

where Ti(-) and T,(-) represent different transformations,
specifically downsampling in (6). However, for unstructured
point clouds, this approach disrupts the original point-to-point
correspondence. M ost importantly, unlikeimage noise, the noise
of point cloudisnot cumulative. Consecutive noi se perturbations
at asingle point do not necessarily result in increasingly severe
point displacement.

Adaptive noise stage: Directly learning the noise distribution
in the original point cloud representation space, typically R3,
by adding coordinate offsetsis challenging because the noise si-
multaneously affects both the range and domain of the data[30].
Recent works, such as SVCNet [44] and FCNet [45], address
point cloud denoising by isolating noise-freefeaturesfrom noisy
ones to regress clean point coordinates. This insight motivates
us to learn the noise distribution in the embedding space of
the point cloud rather than its original representation space,
thereby avoiding the af orementioned challenges. It isimportant
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to note that while SVCNet [44] and FCNet [45] directly learn
the representation of clean point clouds from noisy features, our
approach focuseson learning the noiseitself from thenoisy point
cloud.

Specifically, we first encode the unseen noisy input X to
obtain its feature representation in the latent space. Then, we
add a learnable noise perturbation Ah into the embedded fea-
tures. By generating a pair of noise-perturbed features, wetrain
the network to capture the similarity between these two noise
features, enabling it to learn an adaptive understanding of the
underlying noise distribution:

7" = Similarity (Th (X*), Ty (X"))
with T} (X*) = FeatureExtraction (X™)
and Ty (Xu) =T (Xu) + Ah,

where, b7 refersto the noise distribution learned in the latent
space and Ah represents alearnable perturbation feature that is
directly added as offset to the embedded features. Similarity(-)
and FeatureExtraction(-) are the similarity function and the
feature extraction function, respectively, both parameterized by
neural networks.

The learned noise feature h“~* in the latent space is then
decoded back to the R® space to match the training process
defined in (4).

This brings up another challenge in implementing (4) —
namely, how to construct the target noise offset ¢“* during
training. Referring to (1), when the noise distribution ¢ added
during training is a certain Gaussian distribution, o character-
izes the noise scale. During training, the input certain noise is
represented as €(o), which corresponds to the training objec-
tive ¢~ = ¢“(so?) for constructing fg. Here, s is a scaling
parameter that controls the relative scale of the noise compared
to the original noise. By training in this manner, the previously
encountered noise distributions, such as Gaussian noise, are
adjusted to alower scale, or unseen random noiseisaligned with
Gaussi an noi se, thereby avoi ding the misalignment phenomenon
in(3).

Denoising stage: We require the denoising stage to reliably
learn the noi se displacement from aknown noise distribution in
order to recover clean point clouds. Therefore, wefirst pre-train
f&(-) independently on a certain noise distribution according
to the objective function in (2). Finally, when jointly training
both stages, the noise point cloud adjusted by the adaptive noise
stage will be aligned with the expected noise distribution for the
denoising stage.

D. Sructure of Network

The overall pipeline of our network is illustrated in Fig. 2,
which is mainly divided into two stages. the adaptive noise
stage and the denoising stage. Given anoisy input patch X" =
{z¥ f\i’:l), we first encode it into alatent space using a feature
extraction module. Following [36], we use the Dynamic Edge-
Conv [31] for feature extraction. Specifically, for the (I + 1)-th
layer, wefirst construct agraph viak-nearest neighbors (KNN),
where the neighborhood size is set to & = 32. Then update the
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Fig. 3. Illustration of our module. (a) The FeatureExtraction module consisting of three layers of Dynamic EdgeConv, where the input to the final layer

concatenates the outputs of the first two layers to enhance contextual information. (b) The Decoder module composed of three linear layers, which decodes from

the high-dimensional latent space back to R3.

feature . of each vertex to obtainthe (I + 1)-th layer features
R (B! = Xv):

= {(n}L

with pi Tt =

hl+1

eRN*dir =12 ... L—1

MLP (k)
+ ) MLP(hL, B -

19179
JENN(3)

hi),

where, MLP standsfor Multi-Layer Perceptron, d; ., represents
the dimensionality of the (I + 1)-th layer, and the neighborhood
of the i-th vertex is denoted as NN (¢). L denotes the index of
the last Dynamic EdgeConv layer. Theinput to thefinal layer of
Dynamic EdgeConv is the concatenation of the output features
fromthe previoustwo layers, enabling the generation of features
with richer contextual information. We add a perturbation noise
feature Ahe RN*? to the input noise feature h” obtained in
the latent space, and denote the adapted feature as h:

h* = bt 4 Ah.

For the obtained noise feature pair 4 and h”, we learn their
similarity viathe Similarity moduleshowninFig. 4. Specifically,
we apply two cross-attention mechanisms [48], where A4 and
h! serve as query features, respectively. Through this process,

the noise feature pair is re-weighted to capture the similarity
between them:

"4 — CrossAttention (h" h*, n?)
LA
:SoftMax(h h )-hA
Vd
and h'" = CrossAttention (h/A, ht, hL)
1A 3 L
— softMax | 1)
Vd

The reweighted features integrate information from the orig-
inal noise feature pairs and are further normalized using Layer-
Norm and refined through an MLP to produce the learned noise

Q.K
Decoder Modul
Ah I-—QB—. e ecoder Module
hE v Wy I (256.3)
QK
EB Addition

I | Feature I Cross Attention
LayerNorm

Fig. 4. lllustration of our Similarity Module. For the input noise feature h ™
in the latent space, we obtain a noise pair by adding a learnable perturbation
feature Ah. The similarity between them is learned and reweighted to obtain
the adjusted noise representation h°~* in the latent space. Finally, it is decoded
back to R3.

distribution A" in the embedding space,
he~ — MLP (LayerNorm (h"‘, hL>) :

Finally, alinear layer is applied to decode the adapted noise
feature A", producing the estimated adaptive noise offset
€°7" in the original point cloud space R3. This offset is then
residually added to the input noisy point cloud X“, resulting in
the expected noisy point cloud for the denoising stage during
pretraining. Finally, the adapted noisy point cloud isfed into the
denoising stage, where Dynamic EdgeConv is used to extract
features, followed by three linear layers to decode and predict
the corresponding point-wise displacement ¢¢, as illustrated in
Fig. 3.

E. LossFunction

Recalling (4), the training loss function for the network pa-
rameters 6 in the adaptive noise stage can be denoted as

= B [l — 3] ™
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When the scale of the input noise €€ is o2, the noise scale of
€“~* isdetermined by so2. However, ¢~ is not sampled from
a new distribution but instead obtained by directly scaling the
input noise e© using the scaling parameter s. Thisis because, for
a specific point in the point cloud, the perturbation trajectories
of two noise instances may be entirely opposite. Let e« =
€“(s0?) = s-¢“(0?), where s is a random number between 0
and 1. Thus, (7) can be rewritten as:

[0=E [||eHu - s-ecug} ,s€(0,1).

After the adaptive noise stage, the original input X isrefined
by é¢. Accordingly, ¢ in (2) must also be refined to construct
the training loss function for the network parameters #¢ in the
denoising stage:

LY=E e = (Y — (X +e7)]3] -

Finally, theoverall traininglossfunctionfor theentire network
isdenoted as L,

L=a-L+ L1
—a-B [ s ||+ B e - (v = (X + & ))].

We set o = 10 to balance the two parts of the loss function,
ensuring they remain on the same order of magnitude.

We did not specificaly design a complex network for the
denoising stage; instead, it remainssmall and straightforward. To
enhance stability during iterative denoising, we adopt an Euler
method for gradual approximation instead of directly adding
the inferred displacements during inference, as demonstrated
in [40]. This process s represented by

1
Xt+1 :Xt“r?q,t: (1,27...7K—1). (8)

In our experiments, setting K = 3 yields the best performance.

IV. EXPERIMENTS AND RESULTS

In this section, we conduct both quantitative and qualitative
comparisons with state-of-the-art denoising methods on two
synthetic datasets, PU-Net [49] and PCNet [28], as well as
real-world scanned datasets, including Paris-Rue-Madame [50],
KITTI-360[51], Kinect v2 [52] and UrbanBIS [53].

A. Setup

Implementation: All experiments were conducted using Py-
Torch onan NVIDIA GeForce RTX 3090 GPU. The pretraining
of the denoising stage and the full network training follow the
same settings. We used the Adam optimizer with a learning
rate of 1 x 10~* . The network is trained and evaluated on the
PU-Net dataset at aresolution of 10K points, withaninitial noise
level of 1.5%. For quantitative evaluation, we adopt standard
metrics used in prior point cloud denoising works [34], [35],
including Chamfer Distance (CD) [54], Point-to-Mesh distance
(P2M) [55], and Hausdorff distance (HD) [39] bothimplemented
using PyTorch3D [56]. CD and HD measure the point-to-point
distance to the clean point, while P2M computes the mean
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distance to the underlying surface. Furthermore, we evaluated
point uniformity (UNI) [13] across different local radii to as-
sess whether denoised point clouds exhibit a well-distributed
sampling.

Datasets and Noise Models: During the training phase, we
followed the protocol of previous works [34] and train our
model using 40 models from the PU-Net dataset [49]. Clean
point clouds with resolutions of 10 K, 30 K, and 50 K are
generated from the corresponding mesh models using Poisson
disk sampling. For each training iteration, clean point clouds
are randomly sampled, normalized to fit within a unit sphere,
and further divided into fixed-size patches (N = 1000) using
farthest point sampling. To adapt to a specific noise distribution
during the adaptive noise stage, Gaussian noise with an intensity
of 02€(0.005,0.02) is added to these patches, with the scaling
parameter s~U (0, 1).

For testing, we use 20 models from the PU-Net dataset [49]
and 10 models from the PCNet dataset [28]. To evaluate the
impact of different noise levels and distributions, we apply
varying levels of noise scale to these models. The synthetic
noise types are categorized into Gaussian noise, non-isotropic
Gaussian noise, Laplace noise and uniform ball noise, where
Gaussian noiseisused during both training and testing, whilethe
remaining noisetypesareexclusively used for testing. Following
the work of DeepRS [35], these noise types are defined as
follows:

1) Gaussian noise: Gaussian noise with an scale of o2 is

generated from the following probability distribution:

3 ©)

L S2)

P (m’ 7 ) 2ro
During testing, the noise scale 02 is set to 1%, 1.5%, 2%,
2.5% and 3% of the model’s bounding sphere radius. The
following additional noise distributions are sampled using
the same noise scal e settings.

2) Non-isotropic Gaussian noise: Wescal ethenoiseintensity
o? by a symmetric matrix to construct the covariance
matrix 3, replacing the variance in (9):

1 -1 _

During testing, the noise scale o2 is set to 2%, 2.5% and
3% of the model’s bounding sphere radius. The following
noise distributions, apart from Gaussian noise, are sam-
pled with the same noise scale settings.
3) Laplace noise: Laplace noise with an scale of o2 is gen-
erated from the following probability distribution:
1

p (JJ; 02) = 20_26 o2

4) Uniformball noise: To synthesize uniform noise within a
3D sphere, we adopt the following distribution:

3 < 2
e

Otherwise
where o2 denotes the maximum radius of the noise ball.
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TABLE |
QUANTITATIVE COMPARISON OF THE DENOISING METHODS ON THE PU-NET DATASET AND THE PCNET DATASET WITH GAUSSIAN NOISE. CD AND P2M ARE
MULTIPLIED BY 10%. NOTABLY, OUR PARAMETERS ARE ONLY 41% OF I TERATIVEPFN.

Resolution 10K | 50K
Noise 1% 1.50% 2% 2.50% 3% 1% 1.50% 2% 2.50% 3%

Dataset Method CDJ P2M| CDJ P2M | CDJ P2M| CDJ P2M | CDJ P2M| CDJ P2M | CDJ P2M| CDJ P2M|  CDJ P2M | CDJ P2M|
PCN 3.515 1.148 5.464 2413 7.467 3.965 10.117  6.196 13.097 8.766 1.049 0346 1.208  0.449 1.447  0.608 2341 1.346 3503 2.334
DMR 4.482 1.722 4.721 1.893 4.982 2.115 5377 2.420 5.892 2.846 1.162  0.469 1.317  0.597 1.566  0.800 1.927 1.101 2432 1.528
SoreDenoise 2.521 0.463 3.153 0.735 3.686 1.074 4.427 1.605 4.707 1.946 | 0716  0.150  0.934  0.303 1.288  0.566 1.941 1.067 1.929 1.041
PU-Net PCDNF 7.120 4.204 7.761 4.464 8.250 4.767 8.759 5.133 9.436 5.683 0713 0.128 0925  0.268 1.243 0497 1.625  0.787  2.023 1.106
DeepRS 2353 0.306 2.990 0.543 3.350 0.734 3.788 1.075 4.165 1.345 0.649  0.076  0.801 0.174 0997  0.296 1.200  0.459 1.394  0.582
TterativePFN(HALF) 1.998 0.247 2.573 0.413 2918 0.606 3.201 0.791 3.618 1.065 | 0.581 0.066 0.692 0.133  0.852  0.209 1.125  0.397 1.955 1.006
IterativePFN(FULL) 2.055 0.218 2.691 0.375 3.043 0.555 3.375 0.766 4.242 1.378 | 0.605 0.059 0.706 0.118 0.803  0.182 1.019  0.328 1.970 1.010
Ours 1.898 0.233 2.356 0.373 2.693 0.593 3.017 0.834 3.436 1.155 0.519  0.082 0.648 0.179 0.761 0.250 1.001 0.407 1.489  0.755
PCN 3.847 1.221 6.355 2.038 8.752 3.043 11.573 4374 14.548 5.902 1293 0.289 1.667 0411 1913 0.505 2965 0948  4.204 1.500
DMR 6.602 2.152 6.848 2.156 7.145 2.237 7.528 2.315 8.087 2.487 1566  0.350 1737 0.405 2.009 0.485 2423 0.638 2993  0.859
SoreDenoise 3.369 0.830 4.365 1.016 5.132 1.195 5.981 1.516 6.779 1.942 1.066  0.177 1317 0.249 1.659 0354 2369 0.625 2494  0.658
PCNet PCDNF 9.879 4.804 11.084 523 11.744  5.369 12,532 5.664 13.329  5.902 1.194  0.279 1.509 0423 1.829 0564 2211 0.760  2.591 0.908
’ DeepRS 2.873 0.783 4.172 1.180 4.757 1.118 5.491 1.565 6.140 1.776 1.010  0.146  1.265 0.273 1.515 0340 1.835 0506 2122 0.592
IterativePEN(HALF) ~ 2.754  0.723 3.696 0.855 4.471 1.002 5.071 1.167 6.103 1.574 | 0.903 0.150 1.077 0.206 1282  0.235 1.605 0318 2479  0.658
IterativePFN(FULL) 2.621  0.698 3.725 0.846 4.437 1.009 4.978 1.138 6.021 1.553 | 0913  0.139 1.092 0.192 1252 0.238 1.520 0294 2546 0.711
Ours 2.695 0.525 3.437 0.607 4.075 0.808 4.444 0.921 5.038 1111 | 0.820 0.118 1.002 0.191 1.147 0234 1429 0304 2.083 0.512

It is worth noting that the noise scale parameter o2 for all
our noise models is defined relative to the diagona of the
bounding box of the model normalized to a unit sphere. In
addition to synthetic noise perturbations on PU-Net and PCNet
datasets, we al so conduct comparisons using real-world scanned
point cloud datasets. Specifically, we select four outdoor street
scenes from the Paris-Rue-Madame dataset [50], two scenes
from the KITTI-360 dataset [51], and scanned point clouds of
four models from the Kinect v2 dataset [52]. Additionally, there
is a large-scale point cloud from the UrbanBIS dataset [53],
which contains 1,770 K points. Except for point clouds in the
Kinect v2 dataset, which are obtained from noisy meshes using
Poisson disk sampling in MeshLab, all other real-world scanned
point clouds are directly taken from the datasets.

Baselines: We compare the performance of our method with
state-of-the-art point cloud denoising approaches, including
three conventional denoising methods and seven |earning-based
methods.

Among the conventional methods, we include Bilateral [15],
Jet [20] and MRPCA [21]. For learning-based methods, we
consider displacement-based approaches such as PCN [28],
DMR [32], PCDNF [33], and IterativePFN [36], as well
as probability-based approaches like ScoreDencise [34],
DeepRS [35], and a most recent PDLTS [13]. Notably,
PCDNF [33] requires initial normal for denoising, which we
compute using PCA [17].

B. Results on Synthetic Data

We conduct experiments on the PU-Net and PCNet datasets
with various types of synthetic noise, including Gaussian noise
disturbances with the different noise levels, as well as different
typesof noisedisturbances. When faced with Gaussian noise, the
CD distancesin Tables| and I11, along with the point distribution
shown in Fig. 5(a) and (b), demonstrate that our method outper-
forms others. Although DeepRS and IterativePFN show strong
competitivenessin the P2M distance, visual comparisons reveal
that both methods exhibit varying degrees of point clustering on
the surface, which explainstheir poorer performance about CD.
It also affects the uniformity of the denoised point cloud. As
shown in Table IV, our method consistently produces a better
point distribution across various noise levels. On the other hand,

our network has only 1.3 million trainable parameters, which
is just 41% of lterativePFN. lterativePFN improves denois-
ing performance by repeatedly applying its denoising module
within the network. The full version of IterativePFN contains
four repeated modules. To provide a comparison, we include
a half-version of IterativePFN with two repeated modules in
Table |I. While the half-version improves IterativePFN’s CD
distance, itsoverall performance remainsinferior to our method,
despite having more parametersthan our network. Ontheunseen
PCNet dataset during training, our method demonstrates strong
generalization capabilities. Except for the P2M distance at a
resolution of 50 K and anoiselevel of 2.5%, where lterativePFN
performs better, our method achievesthe best resultsin all other
cases. For complex models such as Netsuke and Column Head,
our method avoids producing noticeable holes, unlike the other
methods.

Table V, Fig. 5(f) and (), presents results under unseen
single noise types. In the quantitative comparison, our method
outperformsthe other approachesin both uniform ball noise and
non-isotropic Gaussian noise. Our approach and PDLTS exhibit
performance degradation under Laplace noise, as this type of
noise tendsto produce outliersthat hinder featurelearningin la-
tent space-based methods. However, our approach outperforms
PDLTS in the presence of Laplace noise at higher noise levels,
due to its explicit modeling of the noise distribution. DeepRS
retains fewer outliers than other methods due to its subsegquent
regularization process (Fig. 5(f)). However, regardless of the
noise type, both DeepRS and IterativePFN suffer from similar
issues, including point clustering on surfaces and artifactsalong
edges, which become more pronounced in sparse point clouds.
While PDLTS, like our method, achieves a more uniform point
distribution on the surface, quantitative analysis indicates that
its overall performance in noise residual reduction isinferior to
ours.

In addition to single noise types, we combined various syn-
thetic noise types to simulate hybrid noise distributions. Table
[, Fig. 5(c) and (d) present the quantitative and qualitative
comparisons. In Fig. 5(c), wefirst combined 1% Gaussian noise
with 1% non-isotropic Gaussian noise (Type 1 in Table 11),
and then progressively added 1% uniform ball noise (Type 2in
Tablell) and 1% Laplace noise (Type 3in Tablell). In Fig. 5(d),
we vary the relative intensity of different single noise types
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Fig. 5. Visual comparison of denoising methods under different synthetic noise settings. Noise distributions are visualized as histograms of error distances. In
(a) and (b), the top two rows and bottom two rows correspond to 2% and 3% Gaussian noise, respectively. In (c), from top to bottom: 1% Gaussian noise; 1%
non-isotropic Gaussian noise; then with an additional 1% uniform ball noise; and finally with an additional 1% Laplace noise. In (d), from top to bottom: 2%
Gaussian noise; 2% non-isotropic Gaussian noise; with an additional 2% uniform ball noise; and finally with an additional 1% L aplace noise. In (€), Gaussian noise
and uniform ball noise at 3% with 50 K resolution. In (f), non-isotropic Gaussian noise and L aplace noise at 3% with 10 K resolution.
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TABLEII
QUANTITATIVE COMPARISON OF DENOISING METHODS UNDER COMPLEX NOISE (PU-NET DATASET, 10K) AND THE KINECT V2 DATASET. HD 1S MULTIPLIED BY
104,
Type 1 Type 2 Type 3 \ Cone Boy Girl Pyramid  Mean
Method Gaussian+non-isotropic Type 1+uniform ball Type 2+Laplace Kinect v2 (P2M)
Ccbl P2M| HD|) CD] P2M| HD| CD| P2M| HDJ
PCN 5403 2374 8443 5407 2379 8.41 7742 4232 15.543 —
DMR 4714 1.889 6942 4.686 1.86 6.852 4997  2.101 7.586 —

SoreDenoise  3.118 0.72 4693 3126 0719 4.695 3.705 1.097 5.475 1.256 0987  0.620 1.132 0.999
PCDNF 7.742 4.46 9977 7738 4463 9958 8287 4.807 11.707 | 1.317 0962  0.648 1.157 1.021
DeepRS 2974 0.543 4941 2977 0536 4966 3455 0.848 5.846 1.230 1.133  0.707 1.199 1.067

IterativePFN  2.671  0.373 4251 2.665 0.367 4239 3.042 0.554 5.027 1.334 0987 0.635 1.196 1.038
PDLTS — — — — — — — — — 1.311 0986 0.621 1.136 1.014

Ours 2337 0371 2.839 2337 0366 2846 2.684 0.592 3.379 1.288 0984  0.613 1.123 1.002
TABLEIIN these areas. Our method demonstrates better smoothness and

QUANTITATIVE COMPARISON OF THE CONVENTIONAL METHODS ON THE
PU-NET DATASET AND THE PCNET DATASET WITH GAUSSIAN NOISE

Resolution 10K | 50K

Noise 1% 2% 1% 2%
Dataset Method CD| P2M| CD| P2M| | CD| P2M| CD| P2M]
Bilateral  3.646 1342 5007 2018 | 0.877 0234 2376 1380
pUNet MRPCA 2972 0922 3728 L7 | 0.669 0099 2008 1.033
Jet 2712 0613 4155 1347 | 0851 0207 2432 1403
Ours 1898 0233 2693 0593 | 0519 0082 0761 0.250
Bilateral 4320 1351 6171 1646 | 1172 0198 2478 0634
pCNet MRPCA 3323 0931 4874 LI78 | 0966 0.140 2.153 0478
Jet 3032 0830 5298 1372 | 1.091 0.180 2582 0.700
Ours  2.695 0525 4.075 0808 | 0820 0.118 1147 0234
TABLE IV

UNIFORMITY COMPARISON OF THE DENOISING METHODS ON THE PU-NET
DATASET, WITH 10 K RESOLUTION AND GAUSSIAN NOISE. THE UNIFORMITY
IS ESTIMATED IN THE LOCAL AREA OF DIFFERENT RADDI AND IS MULTIPLIED

BY 10.
Local area of radii 0.4% 0.6% 0.8% 1.0% 1.2%
Noise Method UNI] UNIJ UNI}] UNI] UNI}
ScoreDenoise 1.004 1.210 1.440 1.717 2.055
1% DeepRS 0.654 0.719 0.840 1.015 1.248
IterativePFN 0.572 0.699 0.822 0.964 1.150
Ours 0.222 0.260 0.291 0.347 0.426
ScoreDenoise 1.973 2453 2.961 3518 4.125
2% DeepRS 1.562 1.634 1.821 2.030 2.297
IterativePFN 0.934 0.983 1.120 1.374 1.633
Ours 0.309 0.379 0.441 0.519 0.647
ScoreDenoise  4.388 5.534 6.487 7.589 8.530
3% DeepRS 2.351 2.409 2.412 2.545 2.883
- IterativePFN 1.132 1.129 1.260 1.463 1.719
Ours 0.465 0.517 0.562 0.648 0.784

to synthesize another hybrid noise for visual comparison. As
the complexity of the noise increased, both ScoreDenoise and
DeepRS exhibited higher levels of residual noise. Moreover,
DeepRSand IterativePFN showed point clustering onthesurface
after denoising. Our resultsdemonstrate superior performancein
handling complex synthetic noise compared to other methods,
showcasing comprehensive advantages in both lower residual
noise levels and better uniform point distribution.

C. Results on Real-World Scan Data

Compared to synthetic noise, real-world scanned data exhibit
random noise, uneven density, and more complex scenes. Figs. 6
and 7 provide a visual comparison on the Paris-Rue-Madame
dataset, focusing on two regions: building exteriors and parked
vehicles. The zoomed-in views highlight denoising details in

uniform point distribution compared to other approaches. In
contrast, other methods either produce artifacts (lterativePFN,
DeepRS) or fail to effectively remove noise (ScoreDenoise,
PCDNF, PDLTS).

Fig. 8 shows avisual comparison on the autonomous driving
dataset KITTI-360. While IterativePFN and DeepRS handle
outliers more effectively than our method, our approach outper-
forms othersin terms of surface smoothness on parked vehicles
and noiseremoval near windows. Other methodstend to produce
noise artifacts in these regions. Although PDLTS achieves a
more uniform point distribution, it retains more residua noise.
The Kinect v2 dataset includes ground-truth meshes, allowing
usto conduct quantitative P2M evaluations (Table I1). ScoreDe-
noise performsworsethan ourson all model sexcept for the Cone
model.

Fig. 9 shows our denoising performance on large-scale point
cloud. Existing SOTA methods [34], [35], [36] handle large-
scale point cloud by first clustering them into smaller patches
before feeding them into the network. We follow the same
preprocessing stepsasIterativePFN [36]. Dueto point clustering
and artifacts at patch edges, IterativePFN introduces holes and
gaps in the entire denoised point cloud. In contrast, our method
effectively removes noise while maintaining a well-distributed
point, mitigating these issues.

D. Noise Robust Analysis and Discussion

Finally, We summarize and compare the performance of each
method in Table VI. We evaluate the performance across six
aspects. noise level, noise type, resolution, dataset, residual,
and point distribution. Our method demonstrates robust perfor-
mance, achieving superior resultsin point distribution

In terms of noise levels, PCN exhibits a significantly higher
rate of change starting from 2% noise scales on the PU-Net
dataset at a10K resolution (Tablel). Similarly, IterativePFN and
PDLTS becomes more sensitive when the noise rises from 2.5%
to 3% (Table V). Regarding noise types, PCN demonstrates
notable sensitivity to Laplace noise, while DMR does not show
the same ease of handling uniform ball noise as other methods
(Table V). Fig. 10(a) compares the CD distances at 10 K and
50 K resolutions for noise scale ranging from 1% to 3%. After
normalizing the values using min-max scaling, we plot them as
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TABLEV
QUANTITATIVE COMPARISON OF THE DENOISING METHODS ON THE PCNET DATASET WITH DIFFERENT NOISE TYPES

Resolution 10K | 50K
Noise scale 2.0% 2.5% 3.0% 2.0% 2.5% 3.0%
Noise type Method CcD, P2M, HD, CD, P2M| HD, CD, P2M, HD) | CD, P2M| HD, CD, P2M|, HD, CD, P2M| HDJ
PCN 9.995 3.582 19.633  13.141 5127 29447  16.659 6.948 41.114 | 2503  0.749 4389  3.665 1.245 7.063 5494 2.068 11.247
DMR 7.286 2232 11514 7.876 2.420 13.169 8.620 2.663 15212 | 2219 0576 4539 2804  0.805 6.481 3.642 1.164 9.321

SoreDenoise  5.706 1.553 9.484 6.300 1759  10.442  7.153 2060  11.542 | 1.774  0.460  3.127 2269 0.624  3.968  3.177  0.941 6.317
PCDNF 12.100 5482  17.842 12962 5768 20.844 14.088 6210  24.634 | 1988 0.628 3.451 2423 0.838 4383 2932 1.080  5.653
DeepRS 5.157 1.444 8.379 5.838 1.682  9.461 6.683 2026  10.637 | 1.732 0480 3.093 2.079 0610 3.871 2558 0.775  4.920

TterativePFN  4.668 1.069 7.234 5.540 1.386 8.216 6.246 1.689 9.510 1.773 0313 2983 1914 0479 3280 398 1450 6915
PDLTS 4219  0.848  5.796 4.951 1.139  7.030 6.306 1.699 9.763 1313 0294 2083 1978 0.539 3.691  3.618 1.231 7.398

non-isotropic

Ours 4.233 0870  5.834 4.808 1.096  6.730 5.749 1.476 8.539 | 1.307 0301 2.148 1.868 0490 3.283  3.106  0.968 6.521
PCN 3.655 1.129 3.638 4.913 1454 5.370 6.100 1.832 7.305 1325 0282 1.726  1.495 0344 2.031 1.677 0419 2402
DMR 6.531 2.107 9.947 6.601 2.093 9.979 6.724 2.109 10.193 | 1.555  0.356 2499 1.613 0364  2.638 1.701  0.391 2.885

SoreDenoise  3.925 1.101 6.016 4.398 1.183 6.739 4.787 1.265 7.520 1.139 0238 1941 1.251 0.277 2200  1.349  0.305 2413
PCDNF 9.672 4714 13.689 10352 4942 14331 10886  5.122 14876 | 1.179 0260 1913 1317 0317 2.156 1450 0375 2.392
DeepRS 3.064 1.010 4517 3.671 1.070  5.605 4.153 1.149 6.505 | 0989 0.153  1.596 1.123  0.199 1.811 1.315 0274  2.102

IterativePFN 2,512 0.670  3.386 3210 0.733 4.452 3.668 0.820 5171 | 0914 0.127  1.474 0998  0.150 1.629  1.036  0.183 1.707

uniform ball

PDLTS 2.826 0475  4.021 3220 0513 4418 3.486 0.561 4746 | 0786  0.104 1.119 0.862 0.133 1262 0958  0.170 1.431
Ours 2,609 0514 3541 3.085 0542 4155 3.414 0.579 4.628 | 0.807 0.111  1.160 0.862  0.125 1250 0926 0.139 1.340
PCN 12509 5.046 32502 18.409  8.064 52792  21.956  10.056  68.098 | 3.707  1.355 5.050 6.831 2879 10.078 9.370  4.156  13.920
DMR 7.646 2325 12578 8.690 2,672 15782  9.248 2.891 17.397 | 2417  0.605 5302 3411  0.994 8.886  4.173  1.284  11.984

SoreDenoise  6.196 1.809  10.150  8.681 2,617  15.659  8.606 27720 13721 | 1.897 0506 3354 2760 0772 5.070 3355  0.993 6.489
PCDNF 12.740  5.627  20.094 14.927  6.561 26279 16.029  7.005  29.225 | 2.122 0.695 3.728 2.774  0.978 5160  3.080 1.109  5.886

Laplace DeepRS 5414 1.565 8.949 6.565 2.033  10.661  7.042 2175 11.549 | 1.814 0490 3389 2350 0.672  4.638 2.607 0.749  5.166
IterativePFN  4.861 1.151 7.550 6.806 1.893 9.856 6.555 1.729 9.997 1.854 0322 3309 2487 0.614 4395 3366 0.933 6.553

PDLTS 4.491 0.943  6.240 5.840 1.456 8.616 6.737 1.832 10480 | 1.414 0314 2103 2633 0713 5.184 3943 1.247 8.644

Ours 4.528 0.983 6.394 5.653 1.465 7979 6.405 1.760 9.654 1442 0345 2278 2342 0.642 4209 3.035 0924  6.009

Fig. 6. Visua comparison of the denoising methods on one scene in the Paris-Rue-Madame dataset.

Input ScoreDenoise PCDNF DeepRS IterativePFN PDLTS Ours

Fig. 7. Visual comparison of denoising methods on the other scenesin the Paris-Rue-Madame dataset.
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Ours

IterativePFN PDLTS

Fig. 8. Visual comparison of denoising methods on the KITTI-360 dataset.
TABLE VI

COMPARISON OF THE ROBUSTNESS OF DIFFERENT DENOISING METHODS.
CELLS HIGHLIGHTED IN PINK INDICATE STRONGER PERFORMANCE

Distribution
non-uniform

Dataset Residual
dataset-specific high

Method
PCN

Resolution
sensitive

Level
sensitive

Type
partial

DMR robust partial sensitive generalizable high non-uniform
ScoreDenoise robust comprehensive sensitive generalizable medium  non-uniform
PCDNF robust comprehensive sensitive dataset-specific  medium  non-uniform
DeepRS robust comprehensive robust generalizable low non-uniform
IterativePFN  sensitive ~ comprehensive robust generalizable low non-uniform
PDLTS sensitive  comprehensive robust generalizable low uniform
Ours robust comprehensive robust generalizable low uniform

TABLE VII
TESTING TIME COMPARISON OF THE DENOISING METHODS ON THE PU-NET
DATASET WITH 10 K RESOLUTIONS

Method PCN  SoreDenoise =~ PCDNF  DeepRS  IterativePEN ~ PDLTS  Ours

7.53 1.74

Time (s)  7.25 1.97 11.22 241 3.83

paired coordinatesin ascatter plot to observe whether thetrends
across noise scales are consistent for different resolutions (with
the expectation of aligning closely with the blue dashed line).
Our method predominantly appears at the origin, asits CD dis-
tances are generally the smallest. With the exception of DeepRS
and IterativePFN, other methods show points significantly
deviating from the blue dashed line, with PCDNF exhibiting
the strongest sensitivity to resolution. A similar plotting is used
in Fig. 10(b), where PCN and PCDNF demonstrate higher
sensitivity to the dataset compared to the other methods.
Computational Efficiency: The overall training process of our
model took about 32 hours, including 19 hours for pretraining
and 13 hours for full training. In Table VII, we compare the
average inference time of 20 models from the PU-Net dataset
at a 10 K resolution. IterativePFN, with 3.2 million trainable
parameters, hasthelongest inferencetime. PDLTShas 1.4 M pa-
rameters; although itsinference timeis slightly faster than ours,
the parameter count is comparable. ScoreDenoise and DeepRS
perform better in single inference time. The Euler method used

1535

TABLE VIII
ABLATION STUDIES. QUANTITATIVE COMPARISON ON THE PU-NET DATASET AT
10 K POINT RESOLUTION

. 1% 2% 3%
Configuration
CcCb], P2M| CD) P2M| CD| P2M|
Cl1 2.16 0.42 3.06 0.92 3.73 1.42
C2 1.97 0.32 3.01 0.92 3.71 1.45
C3 1.99 0.31 2.76 0.67 3.56 1.24
FULL 1.90 0.23 2.69 0.59 3.44 1.17

in the (8) increases ours inference time. In Section IV-E, we
further compare the computational efficiency across different
configurations of our model, demonstrating that our approach
achieves the best performance within arelatively advantageous
time frame.

Reconstruction: The nice point distribution generated by our
method benefits downstream point cloud tasks, such as recon-
struction. Fig. 11 illustrates a visual comparison of reconstruc-
tion results under 2% Gaussian noise. For a fair comparison,
meshes were generated using iterative Poisson Surface Recon-
struction [57] with same parameters. Our method produces
significantly smoother surfaces with clearer geometric details.

E. Ablation Sudies

We conducted ablation experiments to evaluate the contribu-
tion of each key component in our method. Specifically, we
designed three comparative configurations by systematically
removing critical parts from the full model (FULL):

e C1: Remove the adaptive noise stage, retaining only the

denoising stage.

e C2: Remove adaptive noise learning in the adaptive noise
stage, directly passing the extracted features into the de-
coder. This effectively makes the adaptive stage similar to
arepeated denoising stage.

e C3: Remove the Euler method during inference.

e FULL: Our complete model.

Quantitative results for each ablation configuration are pre-
sented in Table VIII, and qualitative comparisons on the Ele-
phant model (with 10 K points under 2% Gaussian noise)
are shown in Fig. 12. Overall, the full version of our method
consistently outperforms all ablated configurations.

We observed that C1 exhibits the most significant perfor-
mance degradation, highlighting the critical contribution of the
adaptive noise stage in addressing noi se misalignment. By com-
paring C1 and C2, we observed that as noise scale increases,
omitting adaptive noise learning significantly reduces the net-
work’s effectivenessin handling diverse noise distributions. The
resultsfrom C3indicate that employing the Euler method during
inference contributes further improvement, especially at lower
noiselevels, enhancing the already effective output produced by
our adaptive framework.

In addition, we analyze the trade-off between inference time
and accuracy for each configuration inthe Fig. 13. While FULL
achieves the highest accuracy, it aso requires the longest infer-
encetime. C1, which removes the noise adaptation stage, attains
the shortest inference time but suffers a substantial accuracy
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Fig.9. Denoising results on large-scale point clouds from the UrbanBI S dataset, with 1770 K resolution. The rightmost shows the denoised result of our method
on the entire point cloud, with the green region zoomed in to highlight local details for visual comparison.
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Fig. 11. Visua comparison of reconstructed surfaces from denoised points.
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Fig. 12. Ablation studies: Visua comparison of different method configura-
tions on the Elephant model (10 K points) contaminated with 2% Gaussian
noise. Points colored from yellow to red indicate increasing distances from

the ground-truth surface. Numerical values represent the percentage of filtered
points lying on the ground-truth mesh.
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Fig. 13. Ablation studies: Efficiency analysis of different method configu-
rations on the PU-Net dataset (10 K point resolution) contaminated with 2%
Gaussian noise.

drop. In contrast, C3, which removes the Euler method during
inference, effectively balances accuracy and efficiency, pro-
ducing near-FULL, second-best results with an inference time
comparableto ScoreDenoiseand DeepRS. By comparing C3and
FULL, we provide aternative choices for applying our model
in different scenarios. FULL is preferable for relief models to
preserve more geometric details, while C3 is better suited for
large-scale point clouds where higher computational efficiency
isrequired. For instance, when processing the large-scale point
cloud with 1770 K points shown in the Fig. 9, C3 accelerates
inference by 1.77x (from 472 seconds to 266 seconds).

F. Limitations

While LaPDA demonstrates strong generalization across di-
verse noise types, it still struggles with severe outliers near
thin structures. This limitation stems from the assumption in
our adaptive noise stage that noise distributions correlate with
surface proximity. In practice, LaPDA learns to adapt noise
by targeting scaled versions of known training distributions.
However, outliers that lie far from the underlying surface often
belong to distinct and independent noise distributions that are
not explicitly modeled. As aresult, the adaptive stage has dif-
ficulty aligning such points, and the denoising stage, designed
primarily for surface noise, cannot reliably remove them. For
instance, when processing outliers around window regions in
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Fig. 14. Limitation when handling outliers near thin structures. While our
method preserves auniform point distribution, it strugglesto effectively remove
distant outliers. Other state-of-the-methods al so encounter similar difficultiesin
such scenarios.

Fig. 7, LaPDA produces spurious detail recovery that distorts
boundaries. Fig. 14 highlights such afailure case.

We observe similar limitations in other state-of-the-art meth-
ods. PDLTS, for example, also struggles to disentangle isolated
outliersin latent space; IterativePFN reduces some outliers but
still leaves residua points outside the surface; and DeepRS
aggressively projects nearly al outliers back to the surface,
which eliminates isolated noise but introduces surface tearing,
point clustering, and artificial boundaries.

V. CONCLUSION

Inthispaper, weidentified the problem of noise misalignment,
showing that recent learning-based point cloud denoising meth-
ods, trained on specific synthetic noise distributions, often fail
when exposed to complex or unseen real-world noise. To address
this challenge, we introduced LaPDA, a two-stage denoising
framework that adaptively learns and adjusts noise distributions
directly from noisy inputs. The adaptive noise modeling stage
aligns unseen inference-time noise either with known training
distributions or with reduced-scale noise, enabling the subse-
guent denoising stage to operate more effectively.

Our progressive approach eliminates the need for explicit
post-processing to handle surface drift, which is commonly
required by displacement-based methods, and produces point
clouds that are both clean and uniformly distributed. Extensive
experiments on synthetic and real-world datasets demonstrate
that LaPDA achieves improved robustness and accuracy com-
pared to state-of-the-art methods.

Looking forward, we see two promising directions. Oneisto
explicitly model outliers as a separate noise category, for exam-
ple by incorporating robust statistical estimators or dedicated
outlier-removal modules into the pipeline. Another is to intro-
duce multi-modal noise priors during the adaptive noise stage,
enabling LaPDA to adapt to a broader range of noise behaviors
and further improve robustness on challenging real-world scans.
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