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Deterministic Point Cloud Diffusion for Denoising

Zheng Liu

Abstract—Diffusion-based generative models have achieved re-
markable success in image restoration by learning to iteratively
refine noisy data toward clean signals. Inspired by this progress,
recent efforts have begun exploring their potential in 3D domains.
However, applying diffusion models to point cloud denoising in-
troduces several challenges. Unlike images, clean and noisy point
clouds are characterized by structured displacements. As a result,
it is unsuitable to establish a transform mapping in the forward
phase by diffusing Gaussian noise, as this approach disregards the
inherent geometric relationship between the point sets. Further-
more, the stochastic nature of Gaussian noise introduces additional
complexity, complicating geometric reasoning and hindering sur-
face recovery during the reverse denoising process. In this paper,
we introduce a deterministic noise-free diffusion framework that
formulates point cloud denoising as a two-phase residual diffusion
process. In the forward phase, directional residuals are injected
into clean surfaces to construct a degradation trajectory that en-
codes both local displacements and their global evolution. In the
reverse phase, a U-Net-based network iteratively estimates and
removes these residuals, effectively retracing the degradation path
backward to recover the underlying surface. By decomposing the
denoising task into directional residual computation and sequential
refinement, our method enables faithful surface recovery while
mitigating common artifacts such as over-smoothing and under-
smoothing. Extensive experiments on synthetic and real-world
datasets demonstrate that our method achieves state-of-the-art
performance in both quantitative metrics and visual quality.

Index Terms—Point cloud denoising, diffusion models, residual
diffusion, 3D deep learning, point cloud processing.

|. INTRODUCTION

ITH the increasing availability of 3D scanning tech-
W nologies, including laser scanners and depth cameras,
point clouds have become an essential data representation in
variousfieldslike digital twins [1], [2], manufacturing [3], [4],
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and robotics [5], [6]. Nonetheless, the scanning process inher-
ently introduces noise as aresult of measurement errors, which
diminishes data quality and complicates subsequent tasks, such
as point cloud understanding [7], [8], [9], [10], completion [11],
and reconstruction [12].

Over recent decades, considerable progress has been made;
however, conventional denoising methods[13], [14], [15], [16],
[17], [18] remain constrained by their reliance on local dataand
their inefficacy in addressing intricate noise patterns. Further-
more, the majority of these traditional approaches necessitate
manual parameter adjustment, which requires expert knowl-
edge for optimal configuration. This adjustment processis both
time-consuming and labor-intensive, yet essential for obtaining
satisfactory denoising outcomes, consequently restricting the
applicability of these traditional methods.

Over the past few years, learning-based approaches have
emerged as powerful aternatives to traditional denoising tech-
niques. Among them, displacement-based methods have gained
prominence for their conceptual simplicity and strong perfor-
mance. These methods estimate the point-wise displacement of
noisy points from the underlying surface and apply the inverse
displacement for denoising, either inasingleinferencepass[19],
[20] or through iterative refinement [21]. However, these ap-
proaches face a fundamental trade-off. Single-pass methods
often leave noise and outliers, resulting in artifacts like pro-
trusions or false edges. Iterative methods, while more effective
at noise removal, tend to over-smooth geometry, causing surface
shrinkage or loss of fine details. This inherent tension between
restoration effectiveness and detail preservation limits the per-
formance of displacement-based denoising methods.

Recent advanceshave generated considerableinterest inlever-
aging diffusion model sfor point cloud denoising. Thesemethods
generally adopt a forward process that adds Gaussian noise
to clean point clouds and a reverse process that estimates the
data distribution gradient to reconstruct the surface [22], [23].
Whilethese modelsexcel in preserving complex shapesand fine
details, their stochastic nature in the forward process overlooks
the deterministic displacements between noisy points and the
true surface. Specifically, theinjection of Gaussian noise during
the forward process increases the stochasticity of the diffusion,
as it neglects the structured geometric relationships between
noisy and clean point sets. Thisomission not only diminishesthe
interpretability of the diffusion process but also compromises
the effectiveness of the reverse denoising. The accumulated
randomness introduced throughout the forward diffusion com-
plicates surface recovery, leading to artifacts such as uneven
point densities, spurious bumps in smooth regions, and false
geometric features.
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Key insight and motivation. Top: Existing diffusion-based methods inject Gaussian noise during the forward process, disrupting the geometric structure

of point clouds and increasing ambiguity in the reverse phase, which makes accurate restoration difficult. Bottom: In contrast, our method establishes a directional
degradation path in the forward process, enabling the reverse phase to progressively restore the underlying surface along a clear, well-defined trajectory. Thisdesign
leads to superior denoising performance and better preservation of fine geometric details.

To address these challenges, we reformulate point cloud
denoising within the Residual Diffusion Model (RDM) [24],
which comprises two tightly integrated stages: forward residual
addition and reverse residual removal. In 3D domains, residual
directions are geometrically meaningful and crucial for sur-
face recovery, so our model incorporates both geometric inter-
pretability and directiona guidance. In the forward process, we
establish a deterministic degradation path by iteratively adding
residua vectors—defined as point-wise displacements from
the clean surface—thus linking clean and noisy point clouds.
This geometry-aware formulation overcomes the limitations of
stochastic forward diffusionin prior methods, asshowninFig. 1.
In the reverse process, we train a U-Net to traverse this path in
the opposite direction, progressively predicting and subtract-
ing residuals to recover the underlying surface. By breaking
down the denoising task into directional computation (forward)
and residual prediction (reverse), our geometry-driven approach
produceshigh-fidelity resultswhile effectively minimizing over-
and under-denoising artifacts.

We argue that our method is not a direct extension of image-
based diffusionmethods[24],[25],[26]. Instead, itisspecifically
designed to address the unique characteristics of point cloud
denoising. For images, Gaussian noise provides a reasonable
degradation model; however, in point clouds, the relationship
between clean and noisy data is governed by structured geo-
metric displacements. Applying Gaussian noise in the forward
process ignores these intrinsic geometric relations, resulting in
a mismatch between the assumed degradation model and the
actual noise distribution. Furthermore, the stochastic nature of
Gaussian noise introduces additional randomness into the re-
verse denoising phase, which complicates geometric reasoning
and hinders accurate surface recovery. To overcome these limi-
tations, we establish a deterministic degradation path guided by
residual displacements between clean and noisy point sets. This
design eliminates the adverse effects of random noise, leverages
underlying geometric structures, and enables a more stable and
geometry-consistent denoising process specifically tailored to
point cloud data.

Our main contributions are summarized below:

e \We reformulate point cloud denoising as a deterministic
residua diffusion process, decomposing it into a sequence
of directional computation and prediction subproblems.
This formulation facilitates high-fidelity restoration with
fine-grained details while suppressing over- and under-
smoothing artifacts.

e \We introduce a deterministic degradation path in the for-
ward process, which establishes an explicit trgjectory from
the clean to the noisy point cloud. Thistrajectory provides
directional guidance for the reverse denoising process,
where a U-Net progressively predicts and removes residu-
als along the learned path.

e \We validate our approach on synthetic and real-world
datasets. Extensive experiments demonstrate that our ap-
proach outperforms state-of -the-art baselinesin both quan-
titative accuracy and visual quality.

Il. RELATED WORK
A. Point Cloud Denoising

Given the extensive body of literature on point cloud denois-
ing, areview isbeyond the scope of thiswork. Werefer interested
readersto [27] for acomprehensive review. Instead, wefocuson
three representative categories of methodsthat are most rel evant
to our approach.

Estimating displacements for denoising: PointCleanNet [19]
removes outliers and estimates displacements for the remain-
ing points using a distance-minimizing loss function. PointFil-
ter [28] adopts a similar architecture but introduces a bilateral
loss that incorporates both point and normal information, ef-
fectively preserving sharp edges. FCNet [29] reduces feature
noise through a teacher—student training strategy with feature
domain constraintsto guidethe student network inlearning clean
features. PointFilterNet [20] learns threefiltering coefficientsto
generate denoised point coordinates based on the local neigh-
borhood of each noisy point. RePCD [30] employs a recurrent
architecture to learn multiscale geometric features for effective
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displacement estimation. IterativePFN [21] models progressive
smoothing using a step-wise loss that gradually refines point
positions toward the clean surface. Wang et al. [31] proposed
a random screening-based feature aggregation approach that
merges dense and sparse point features to improve the quality
of denoising. Recently, PathNet [32] introduces areinforcement
learning framework to select optimal relocation paths, guiding
noisy points more effectively toward the underlying surface.
More recently, ASDN [33] introduces an adaptive strategy
that ceases denoising aready cleaned points to prevent over-
denoising, while continuing to refine points that remain noisy.
Two-phase point cloud denoising: Lu et al. [34] divided the
point cloudinto two subsetsand estimated multiple normalsonly
on aselected feature set to better preserve geometric edges. Wel
et al. [35] designed adual-network architecture that filters noisy
normals by leveraging geometric priors. To further improve
normal quality, Zhou et a. [36] and Zhang et a. [37] proposed
asimilar pipeline in which normal filtering and refinement are
treated as separate sub-tasks. More recently, joint denoising and
normal estimation have gained attention. Edirimuni et a. [38]
employed a contrastive learning framework where the decoder
simultaneously outputs denoised points and refined normals.
Alternatively, PCDNF[39] and PN-Internet [40] adopt the multi-
task learning framework with dual interactive branchestojointly
restore points and filter normals. A mesh denoising method,
ResGEM, which alternates between normal and vertex posi-
tion optimization, offersinsights for dual-branch approachesin
point cloud denoising. ResGEM employs atwo-branch pipeline
that sequentially recovers local geometric details and corrects
vertex distortions. This approach integrates multi-scale edge-
conditioned convolutions with complex decoding layers, effec-
tively balancing denoising performance and computational effi-
ciency. Most recently, Li etal. [41] proposed CustomBF, ahybrid
approach that overcomes the limitations of the classic bilateral
filter by employing aper-point customization strategy. Thisstrat-
egy uses multi-graph encoders to adapt the filter components.
Inferring underlying clean surfaces for denoising: Total De-
noising [42] projects noisy points onto clean surfaces in an
unsupervised manner using spatial priors. DMRDenoise [43]
identifies an underlying downsampled surface, which serves as
the basisfor reconstructing the clean surface. ScoreDenoise[44]
estimates the score of the noise-convolved distribution from the
noisy input and applies gradient ascent to recover the clean
surface. Zhao et al. [45] introduced a method that perturbs
latent-space features and exploits shared structures to recon-
struct the clean surface. PD-Flow [46] learns a mapping from
Euclideantolatent space vianormalizing flowstofacilitate noise
removal. DeepResampling [47] employsalearned gradient field
toiteratively project noisy pointstoward the underlying surface.
More recently, Mao et a. [48] proposed an invertible network,
which can disentanglenoisein thelatent spacefor noiseremoval.
Wang et al. [49] introduced an implicit filtering method that
learnsintrinsic signed distancefieldsfrom noisy point cloudsfor
noise removal. Most recently, an improved Octree U-Net [50]
hasbeen proposedtojointly perform point cloud upsampling and
cleaning, offering simplified architecture and markedly higher
efficiency compared to patch-wise denoising methods.
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B. Diffusion Models From Images to Point Clouds

Diffusion models, originally designed for image genera-
tion [51], [52], [53], have since been extended to tasks such
as image restoration and super-resolution. Luo et a. [26] in-
troduced a method that transforms a high-quality image into a
degraded version with fixed Gaussian noise as the mean state by
constructing a mean-reverting stochastic differential equation
(SDE). The corresponding reverse-time SDE is then simulated
to restore the original image from the low-quality one, without
relying on any task-specific prior knowledge. ResShift [25]
achieves image super-resolution by transferring the residual
between high- and low-resol ution images, reducing the number
of diffusion steps and eliminating the need for acceleration
techniques during inference.

Recent studies have extended their applicability to point cloud
processing, demonstrating significant potential acrossarange of
3D tasks. Luo et a. [54] introduced an autoencoder framework
with adiffusion model asthe decoder for point cloud generation.
Chu et d. [55] proposed DiffComplete, a conditional diffusion
model that balances realism, multi-modality, and geometric fi-
delity for point cloud completion. IPoD [56] integrates point dif-
fusion withimplicit field learning, improving 3D reconstruction
through self-conditioning and iterative refinement. Quet a. [57]
developed PUDM, aconditional diffusion model for point cloud
upsampling that learns the transformation between dense point
sets and noise in an iterative manner.

Despite these advances, applying diffusion models to
point cloud denoising remains relatively underexplored. P2P-
Bridge [22] introduces a Diffusion Schrédinger Bridge frame-
work tailored to point clouds, modeling an optimal transport
trajectory between noisy and clean point sets for effective de-
noising. More recently, Wang et al. [23] proposed an adaptive
score-based diffusion method that dynamically adjusts denois-
ing step sizes based on estimated noise levels, and progressively
restores the clean surface using atrained score network. Despite
promising performance, existing diffusion-based methods share
a fundamental limitation: their forward diffusion stage injects
random noise, which lacks geometric interpretability for point
cloud denoising.

I1l. BACKGROUND

Building on the groundbreaking work by Ho et al. [51],
diffusion probabilistic models have demonstrated significant
success in the field of image processing. These models define
aforward procedure that incrementally adds Gaussian noise to
an input image I, across 1" steps, along with a trained reverse
process designed to recover the original image. The forward
process is defined as:

T
a(Lirllo) = [ [a(ZelTi). @
t=1

The reverse process can also be described as a Markov chain,
formulated as:
T
po(Tor) = po(Ir) ] [po(Li-1112), @)

t=1
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The loss function in [51], derived from maximizing the likeli-
hood of the data distribution py(1y), is defined as

L(0) := Eppng(rp).cononlll e — ol 1) 7], (3)
where ¢4 is the noise estimated by the network. This estimated
noise can be used for iterative sampling in the reverse process.
We refer readersto the original work [51] for further details and
discussions.

More recently, Liu et al. [24] proposed residual diffusion
models, which decouple the traditional diffusion process into
two components: residual diffusion and noise diffusion. Specif-
ically, the residual diffusion models separate the forward pro-
cess into a deterministic residual component, which models the
transition from the clean image I, to its degraded counterpart
1;,,, and a stochastic noise component. The residual is defined
as I,.s = I, — Iy. The joint probability distributions of the
forward processis given by:

T
q(llzT‘IO;Ires) = Hq(lt|lt—1alres)7 (4)
t=1
where each step follows:

q(It|It717Ires) = N(It;-[tfl +atI’l"€S7Bt2:[)7 (5)
with a; and g; controlling the contribution of the residual and
theinjected noise, respectively. Inthisforward process, residuals
I,.. and Gaussian noise ¢ are gradually added to I, generating
the noisy sequence {1, }.

The reverse process aims to restore the denoised image from
thenoisy input. Assuming the network predicts both theresidual
12 and noise ey, we can obtain the estimated denoised image

I§ = I — a1, — Bregwithay, = S0 as, By = /S h_, B2
Given I§ and If, the reverse step is formulated as:
po(lealL) := qo(Iea|L, I, 1L ), (6)
where the transfer distribution for sampling 7, _; from I, is
Qo (Li—1It, Lo, Lres) = N (Ti—15 1o + Gp—11res

a2 I — IO+dITes
B, et ae) o)

whereo? =0 - B2p% /B2, andn € [0, 1] controls the stochas-
ticity of thereverse process(e.g., n = 1 for stochastic sampling,
n = 0 for deterministic inference). The training objective in-
cludes two loss terms:

Lres(o) = E[)"res H Ires - Ifes(lt;t7lin) ||2]a (8)

Le(0) :=En || e — eo(Ie, t, Iin) |7, ©)
where hyperparameters i,..s, Ao € {0, 1}. For acomplete theo-

retical derivation and empirical analysis, we refer readersto the
original work [24].

IV. METHOD

In this section, we introduce the notation and define the
residua diffusion model, including the forward and reverse
processes on point clouds. Let P and Pgr represent the noisy
and clean point clouds, respectively. To generate the inputs for
our method, we divide P into overlapping patches { P;,, }, where
the corresponding clean patch is denoted as Pgr. The residual
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displacement isdefined asthe difference between the noisy patch
and its clean counterpart:

Pres :Pln _PGT7 (10)

which captures the geometric discrepancy that we aim to esti-
mate and remove during denoising. In the forward process, the
clean point cloud patch Py = Pgr is gradually degraded into
the noisy patch Pr = P;,, guided by the residual displacement
P,.s, as shown in Fig. 2. In the reverse process, starting from
thenoisy input Pr, aU-Net isemployed to progressively predict
the residual displacement P, at each timestep ¢, which is then
used to compute the previous state P, ;. This reverse step is
repeated until the final denoised patch P, is obtained, as shown
in Fig. 2. Since the denoised patches { P, } overlap, we employ
the stitching strategy outlinedin [21] to reconstruct the compl ete
denoised point cloud.

A. Forward Residual Diffusion

The forward process is defined as a deterministic sequence
that degradestheclean point cloud P, into thenoisy input Pr. At
each timestep ¢, theresidual displacement P, isincrementally
added to the current state P, 1, scaled by adiffusion coefficient
oy, to simulate the progressive degradation as follows:

Pt = Ptfl + atPresa (11)

where «; controls the diffusion strength, determining the extent
to which the residual is incorporated at each step. To facilitate
a smooth and stable transition, we adopt a linearly increasing
schedule for «;. This allows the residual to be introduced
gradually in the early stages and more strongly in later steps,
effectively guiding the point cloud toward the noisy target.
Unfolding the forward process step by step yields:

PT :PT71+04TPTQS
= PT72 + (OéTfl + aT)Pres

- PO + &tprew (12)

where a; = Zle «; denotes the cumulative residual contri-
bution up to timestep ¢. When t =T, we have ar =1 and
Pr = P;,, completing the degradation process. The forward
formulation (12) ensuresthat the residual displacement isintro-
duced gradually and controllably, alowing for an interpretable
and stable reverse denoising process.

B. Reverse Denoising and Training Objective

The reverse process aims to restore the clean point cloud Py
fromthenoisy input Pr by progressively estimating and remov-
ing theresidual introduced during theforward diffusion. At each
timestep ¢, a neural network predicts the residual displacement
Pt ., whichisused to compute the previous state P;_; from P;:

Pt_lzptfotht (13)

where «; controls the step-wise correction strength, and P,
denotes the predicted residua at timestep ¢. By recursively
applying the update step (13), the compl ete reverse processfrom
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P, Pr =Py

Forward Diffusion Process >

Ilustration of the proposed residual diffusion model for point cloud denoising. The forward process gradually degrades the clean point cloud Py = Pgp

into the noisy input Pr = P;,,, guided by theresidual displacement P,..s = P;,, — Por. Thereverse denoising process restores Py back to Py by progressively

removing the predicted residual displacement PLg at each timestep.

Py to Py can be written as:
P() == P1 - alPl

Tes

:Pg—(alPl —|—OégP2

TeS TGS)

T
=Pr—Y Pl (14)
t=1

Training objective: The network is trained to predict the
residual displacement P, . from the current point cloud state
P, and timestep ¢. The objective function is defined as:

LT@S(Q) = ||Pres _Prtes||27 (15)
where P, isthe ground-truth residual displacement, and P
isthe predicted residual at timestep ¢.

Inference: During inference, the process starts with the state
Pr = P;,. The network then iteratively predicts the residua
sequence { P!, .}L | over T timesteps. These predictions are
sequentially applied viathereverse process(14) to progressively
restore the clean point cloud F;.

€es

C. Network Architecture

Main backbone: As shown in Fig. 3, the network takes the
point cloud state P, and timestep ¢ as input, and outputs the
predicted residual P!.,. The input P; is first encoded into a
high-dimensional feature viaa position embedding block, while
t isprocessed by atime embedding block to generate scale and
shift factors. These factors modul ate the spatial feature, which
are passed through a U-Net backbone for residual prediction.
The U-Net is composed of I = 4 encoder and decoder layers
arranged symmetrically.

Position and time embedding: The input coordinates P, are
encoded using sinusoidal position embedding, followed by an
MLP to extract the feature femp as

Jemb = MLP(Emb(F)), (16)
where Emb(-) denotes the sinusoidal position encoding in-
troduced in [58]. Compared to directly applying an MLP to
raw coordinates, this high-dimensional encoding improves the
representation of spatial relationships and relative geometric
structures.

The timestep ¢ is encoded via a time embedding block and
mapped to modul ation parameters { scale, shift}, which are used
to transform the spatial feature as:

fo =scale- femp + shift. 17)

This formulation enables the network to incorporate temporal
information by conditioning spatial features on the current dif-
fusiontimestep, yielding atimestep-aware representation f; that
facilitates residual prediction.

Encoder: As illustrated in Fig. 3, each encoder layer E;
receives the output f,_; from the previous encoder layer and
produces the encoded feature f; asfollows:

fi=E(fi-1),l=1,2,..., L. (18)

Each encoder layer consists of several feature aggregation
blocks. For each point p; € P/, where P/~ denotes the
downsampled point set at layer [ — 1, we collect its K -nearest
neighbors in Euclidean space, denoted as pX. To encode local
geometric structure, we first construct a neighborhood-based
representation and apply an MLP to extract local features:

£y, =MLP (p; | pi* | pi —pf || norm(p; — ), (19)
where p; denotes the replicated coordinates of p;, || denotes

feature concatenation, and norm(-) computes the Euclidean
distance. We then concatenate the local feature fz’jl_ with the

point-wise feature f* to form the feature fF. To refine fF, an
MLP followed by a softmax function is employed to adaptively
identify crucial elements, defined as:

fi = SumPooIing(Softmax(MLP((ﬁ»’“) ® f;’“), (20)

where © denotes the Hadamard product, SumPooling(-)
sgueezes the input to a single feature by summation.

We adopt stacked aggregation blocksto extract local features,
yielding intermediate features { f! |, f2 , }, where

. ~ ny .
fa={f} . iefnzn
and n; denotes the number of points in the downsampled set
P}~1. We then integrate the aggregated features f! |, f2 |, and

the original input feature f;_; to compute the fused representa-
tion:

(21)

Jr=MLP(fLy || f71) + MLP(fi-1), (22)
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Illustration of our network architecture. Our network comprises position and time embedding blocks, followed by a U-Net backbone with L. = 4

symmetrically arranged encoder and decoder layers. Given the point cloud state P; and the diffusion timestep ¢, the embedding blocks generate the initial feature
representation fo. Thisfeature isthen fed into the U-Net to predict the residual displacement P?, at the current timestep ¢.

Finally, adownsampling operation is applied to f, to obtain the
encoder feature as f; = DS(f}).

Decoder: Asillustrated in Fig. 3, each decoder layer D, takes
as input the decoder output from the previous layer h; and the
corresponding encoder feature f; 1, and produces the decoded
feature h,; asfollows:

hi-y = Dy(hy, fi-1),l=1,2,..., L. (23)

Specifically, given the decoder feature h,; and the correspond-
ing encoder feature f; 1, we treat f; 1 as the query and the
upsampled decoder feature US(h;) as the key-value pair. These
inputs are projected into a shared feature space via a linear
transformation ¢ (-):

{Q K, V} ={e(fi-1), p(US(h1)), (US(h1))} -

We then apply multi-head cross-attention (MHCA) to compute
an intermediate feature:

hi—1 = MLP(MHCA(Q, K, V)). (25)

Finally, the output decoder feature h; ; is obtained via a skip
connection with the encoder feature:

hiy=MLP(hy_y || fi1).

(24)

(26)

V. EXPERIMENTS
A. Datasets and Settings

Training dataset: We train our framework using the PU-Net
dataset [59], which consists of 40 meshes. Point clouds are
generated from these meshes at resolutions of 10 K, 30 K, and
50K, yielding atotal of 120 training point clouds. Noisy datais
introduced by applying Gaussian noisewith astandard deviation
ranging from 0.05to 0.2 timestheradius of the bounding sphere.
Due to its patch-based nature, our method divides input point
clouds into smaller, overlapping patches for training, allowing
the model to efficiently learn local features and geometric struc-
tures. This enables effective training of the residua diffusion
model on adataset of 120 samples, with sufficient generalization
despite the limited number of training samples.

Testing datasets: We conduct comparison experiments on the
PU-Net dataset [59] at 10 K and 50 K resolutions, resulting in
40 point clouds. To assess the generalization capability of our
method, we also evaluate it on real-scanned datasets, including
the Kinect dataset [60] and the indoor SceneNN dataset [61].
Additionally, to assess the performance of our method on real-
world data, we use the Paris-rue-Madame dataset [62], which
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TABLE|
QUANTITATIVE EVALUATION ON PU-NET WITH CD AND P2M METRICS (x10~4). THE BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN BOLD AND
UNDERLINED, RESPECTIVELY.

10K points 50K points
Method 1% noise 2% noise 2.5% noise 1% noise 2% noise 2.5% noise
CD P2M CD P2M CD P2M CD P2M CD P2M  CD P2M
PCN 3.686 1599 7926 4759 10486 6987 1.103 0.646 1978 1370 3.203 2.486
GPDNet 2310 0.714 4284 1855 5.837 3.066 1.049 0.635 3.288 2503 5.085 4.134
DMR 4712 2196 5.085 2523 5277 2669 1205 0.762 1.443 0970 1.696 1.190
Pointfilter 2461 0.730 3534 1.155 4.099 1505 0.758 0.432 0907 0.507 1.099 0.629
Score 2522 0.754 3.683 1380 4.232 1904 0.716 0.400 1.288 0.833 1.445 0.958
PDFlow 2126 0.674 3246 1324 3.627 1702 0.651 0.416 1270 0.921 1874 1.426
IterativePFN  2.055 0.501 3.043 0.843 3.353 1.046 0.605 0.302 0.803 0.436 1.015 0.588
Invertible 1.825 0496 2567 0.824 2.849 1.034 049 0306 0.706 0.447 0.918 0.592
StraightPCF  1.904 0545 2672 0929 2925 1120 0.620 0.389 0.811 0.551 0.987 0.668
P2P-Bridge 2.284 0.686 3.202 1.114 3.531 1386 0586 0.330 0.902 0580 1.165 0.803
Ours 1.781 0.457 2473 0.751 2.756 0.979 0.464 0.287 0.657 0.433 1.120 0.776
featuresreal Paris street scenes captured with a 3D mobile laser TABLEI
QUANTITATIVE EVALUATION ON KINECT DATA WITH CD AND P2M METRICS
scanner. (x10-%)
Baselines: We compare our approach to state-of -the-art meth-
ods, including PCN [19], GPDNet [63], DMR [43], Pointfil- Kinect
ter [28], Score [44], PDFlow [46], IterativePFN [21], Invert- Method
ible [48], StraightPCF [64], and P2P-Bridge [22]. To ensure CD P2M
fair comparisons, we use the publicly available codes of these PCN 13.73 875
methods and retrain them on the same datasets. GDPNet 14.83 8.69
Implementation: The method isimplemented using PyTorch Pointfilter 13.77 791
and trained on an NVIDIA GeForce RTX 4090 GPU. We use Score 13.22 8.18
the Adam optimizer with alearningrateof 1 x 10~%. Themodel PDFlow 13.34 8.69
consists of 611 K parameters and is trained for a maximum of IterativePFN 13.20 8.43
300 epochswith abatch size of 48. Prior to training, point clouds Invertible 13.51 8.96
are normalized to fit within a unit sphere. To sample patches of StraightPCF 12.96 8.59
size 1 K, we apply the FPS (Farthest Point Sampling) and KNN P2P-Bridge 12.92 7.64
(K-Nearest Neighbors) algorithms. For a fair comparison of Ours 12.89 7.59
computational costs, al methodsareeval uated onthe same GPU.
B. Quantitative Results TABLE Il

For quantitative eval uation, we adopt Chamfer Distance (CD)
and Point-to-Mesh (P2M) distance asthe error metricsto assess
denoising accuracy and completeness, where lower values indi-
cate superior denoising performance.

Numerical evaluations: We first evaluate our method on the
PUNet dataset [59], with resultsrecorded in Table 1. As shown,
our approach outperformsthe competing methodsin most cases,
achieving lower CD and P2M values, except under the 2.5%
noiselevel at 50 K resolution. Thisindicatesthat, in general, our
approach produces more representative results on the synthetic
dataset with varying noise levels.

We aso evaluate our method on the Kinect dataset [60],
with results presented in Table Il. Our method achieves
state-of-the-art results on both metrics, demonstrating its sig-
nificant denoising capabilities and robust generalization perfor-
mance on real-world scanned data.

We conducted comparative experiments on the indoor Sce-
neNN dataset [61] to further evaluate the generalization ability

QUANTITATIVE EVALUATION OF INDOOR SCENARIOS (SCENENN DATA) USING
CD AND P2M METRICS (x10~%)

SceneNN
Method

CD P2M
IterativePFN 0.60 0.44
Invertible 0.58 0.42
StraightPCF 0.54 0.38
P2P-Bridge 0.63 0.48
Ours 0.51 0.40

of our method on unseen data. Using 93 indoor scenes as test
data with a resolution of 100,000 and a noise level of 0.1%,
we demonstrate that our method achieves competitive results
in unseen indoor scenarios, effectively removing noise and
outperforming competing approaches, as shown in Table I11.
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TABLE IV
NUMERICAL COMPARISON AMONG COMPETING METHODS UNDER VARIOUS NOISE TYPES. THE UNIT OF CD AND P2M 1S 104,

10K points 50K points

Noise Type Method 1% noise 2% noise 1% noise 2% noise
cb P2PM CD P2M CD P2M CD P2M
IterativePFN  2.603 0.611 4.932 2315 0.611 0309 0.825 0.456
Anisotropic StraightPCF  2.371 0.665 5.214 2672 0.631 0.396 0.955 0.591
P P2P-Bridge 2.871 0915 4.206 1.939 0.608 0.348 0.947 0.621
Ours 2215 0.577 4.857 2724 0470 0.292 0.726 0.490
IterativePFN 2429 0.618 3.486 1.182 (0.662 0.343 1.051 0.618
Laplace StraightPCF 2246 0.668 4.011 1731 0.714 0446 1.676 1.181
p P2P-Bridge  2.613 0.843 3.883 1.721 0.709 0422 1286 0.884
Ours 2.095 0.578 3.577 1742 0.582 0.388 1.217 0.776
IterativePFN  1.355 0.399 2.644 0584 0.444 0254 0.598 0.297
Uniform StraightPCF  1.315 0.438 2376 0.625 0.500 0.337 0.588 0.369
P2P-Bridge 1.768 0.588 2.829 0.827 0465 0277 0571 0.315
Ours 1.225 0.383 2197 0.527 0.365 0.253 0.457 0.283
IterativePFN  1.219 0.394 1911 0.546 0.347 0.254 0.424 0.278
Discrete StraightPCF  1.213 0430 1971 0.599 0.458 0.329 0.559 0.373
P2P-Bridge  1.598 0599 2227 0799 0389 0281 0471 0.321
Ours 1131 0380 1952 0.571 0.323 0.253 0.412 0.280

Robustness to noise types: Noisy points are often contam-
inated by various noise types, such as anisotropic Gaussian,
Laplace, uniform distribution, and discrete noise, all of which
are common in real-world scenarios. To evaluate the robustness
of our method, we test it on the PU-Net dataset with points
at 10 K and 50 K resolutions, using noise parameters in the
work [47]. The results, summarized in Table IV, demonstrate
that our method consistently producing the best and second-best
results across different noise conditions. This highlights the
robustness of our approach, particularly in handling diverse
noise types.

C. Qualitative Comparions

In Fig. 4, we present the denoising results on the PU-Net [59]
dataset, using 50 K points with a2% noise level. The color map
represents the P2M distances, demonstrating that our method
closely approximates the ground truth. Compared to all compet-
ing methods, our approach recovers cleaner geometric features
and avoids introducing artifacts in smooth areas, marking a
significant improvement over existing techniques.

In Fig. 5, we show the results on the Kinect dataset [60].
As shown, competing methods tend to blur fine-grained details
and introduce visual artifactsto varying extents. In contrast, our
method produces visually excellent results, effectively preserv-
ing small-scale features while maintaining smooth regions and
avoiding unnatural artifacts.

In Fig. 6, we demonstrate results on the indoor SceneNN
dataset [61]. Asshown, our method effectively suppresses noise
and recovers scene geometry with greater fidelity compared to
competing approaches, highlighting the enhanced robustness of
our method on unseen indoor data.

In Fig. 7, we present the results on the street dataset [62],
which contains stronger noise and complex infrastructure, such
asroads, buildings, and traffic signs. As shown, our method ef-
fectively removes heavy noise while better preserving structural
shapes compared to competing methods. These results highlight
our method'’s superior visual quality and robust performancein
complex scenarios.

Overall, acrossall thetested datasets, our method consistently
produces visually cleaner results with fewer unnatural artifacts.
This shows the effectiveness of our approach in high-fidelity
restoration, even in real-world scenarios.

D. Ablation Sudies

We conduct ablation experiments on several variants of our
method to assess the impact of different module configurations
and parameter settings, as summarized in Table V. All experi-
ments are performed on the PUNet dataset at 10 K resolution.
The ablation study is organized into five parts.

Encoder selection: To evaluate the effectiveness of our
encoder—decoder architecture, we replace it with several well-
known alternatives, including PointNet++[65], Point Trans-
former (PTv1) [66], and Point Transformer V2 (PTv2) [67].
As shown in Table V, our architecture enables more effective
information exchange between geometric and semantic feature
spaces, thereby facilitating the learning of more representative
features. It is important to note that our primary contribution
lies in proposing a generalizable residual diffusion paradigm
that can be seamlesdly integrated with diverse encoder—decoder
architectures, rather than introducing a bespoke architecture.
Consequently, we do not benchmark against the latest
encoder—decoder variants (e.g., Point Transformer V3 [68]),
as the development of more advanced encoding—decoding
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P2M Distance (X 107*)

A ASp

(a) Noisy (b) Score (c) IterativePFN (d) Invertible (e) P2P-Bridge (f) StraightPCF (g) Ours

Fig. 4. Comparison of tested approaches based on P2M distance for 50K -resolution shapes with 2% Gaussian noise on PU-Net. The zoomed-in views show that
our approach recovers cleaner geometric features and avoids introducing artifacts in smooth areas. Darker points (i.e., more blue) indicate smaller distance from
ground truth.

"

W v o) v

"
:
g

(a) Noisy (b) Score (c) IterativePFN (d) Invertible (e) P2P-Bridge (f) StraighPCF (g) Ours

Fig. 5. Comparison of tested approaches on Kinect data. The zoomed-in views show that our approach better preserves fine-grained details while producing
cleaner results.

architectures represents a separate and parallel line of research, 50 stepsisworsethanwith 30 steps. With too few sampling steps,
which we |leave for future exploration. information propagation is inadequate, leading to poor noise

Selection of sampling steps. We investigate the impact of  removal, asshowninFig. 8(a). On the other hand, with too many
different sampling steps in the reverse process on denoising  steps, excessive recovery can introduce outliers and potentially
performance. The resultsindicate that performancewith 10 and  damage surface shapes, as shown in Fig. 8(c). Therefore, we
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(a) Noisy (b) Invertible

Fig. 6.
geometry more faithfully than competing approaches.

(a) Noisy (b) Invertible

Fig. 7.
structural shapes better than competing methods.

select 30 steps as the optimal choice for our default sampling
strategy.

Impact of random perturbations. To evaluate the impact
of stochastic perturbations, we conduct an ablation study by
introducing diffuse Gaussian noise into the forward process.
Theresultsare summarized in Table V, with visual comparisons
shown in Fig. 9. We observe a decline in both quantitative
metrics and visual quality upon the introduction of noise.
This degradation occurs because, while stochasticity enhances

(c) P2P-Bridge

(c) P2P-Bridge

(d) StraightPCF (e) Ours

Comparison of tested approaches on indoor scenarios. The zoomed-in views show that our method suppresses noise more effectively and recovers scene

(e) Ours

Comparison of tested approaches on real-world scenarios. The zoomed-in views show that our approach removes noise more effectively and preserves

diversity in generative modeling, it negatively affects denoising.
Specifically, introducing randomness during the forward degra-
dation phase disrupts the directional geometric cues, increasing
ambiguity in the reverse process. These findings underscore the
importance of employing a geometry-aware, deterministic
degradation path within our diffusion-based denoising
framework.

Depth choice: To evaluate the impact of network depth on
denoising performance, we conduct an ablation study focusing
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TABLEV
NUMERICAL RESULTS OF THE ABLATION STUDIES ON PU-NET AT 10 K
RESOLUTION
10K points

Ablation 1% noise 2% noise 2.5% noise
Ccb p2PM CD P2M CD P2M
Encoder of PointNet++ 1.794 0470 2509 0.762 2.810 1.011
Encoder of PTv1 1.790 0465 2497 0764 2806 0.997
Encoder of PTv2 1.788 0459 2450 0.758 2.750 0.981
10 sample 1.799 0472 2506 0791 2.850 1.064
50 sample 1.789 0466 2499 0773 2.834 1.038
3 layers 1.801 0462 2500 0.759 2.787 0.989
5 layers 1.781 0.449 2485 0.755 2.753 0.988
CD Loss 1.811 0491 2556 0.814 2.853 1.044
Add 0.1% Gaussian noise  1.796 0463 2525 0.771 2.807 1.005
Default 1.781 0457 2473 0.751 2756 0.979

(c) 50 step

(a) 10 steps (b) Default

Fig. 8. Impact of sampling step selection on denoising performance.

(b) Default

(a) Diffuse Gaussian noise

Fig.9. Impact of diffusive Gaussian noisein theforward processon denoising
performance.

on the depth selection of our encoder-decoder architecture. Our
analysis reveals that optimal performance is achieved with a
network depth of four layers. When the network depth is insuf-
ficient, the network cannot fully learn the geometric information
and structural features of the point clouds. On the other hand,
when the network istoo deep, excessive downsampling leads to
the blurring of important geometric details of the point clouds
and increases unnecessary computational cost.

Selection of loss functions: We emphasize that our method
does not rely on a strict one-to-one correspondence between
noisy and clean points. Our method is designed to predict
residual displacements directly, which become more accurate
as the reverse process proceeds. Since Chamfer Distance (CD)

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 32, NO. 2, FEBRUARY 2026

TABLE VI
COMPARISON OF PARAMETER COUNT AND INFERENCE TIME BETWEEN OUR
METHOD AND COMPETING APPROACHES

Method Param. (M) Time (s)
PCN 27.91 10.12
DMR 0.23 0.28
Pointfilter 1.39 5.73
Score 0.18 0.29
PDFlow 0.47 1.18
IterativePFN 3.22 1.85
Invertible 0.68 0.74
StraightPCF 0.53 2.35
P2P-Bridge 26.44 0.73
Ours 0.61 5.09

loss supervises the reconstructed clean point cloud rather than
the residual displacement itself, it does not align with our
formulation. Therefore, MSE loss is more consistent with our
theoretical framework and better suited for our method, asshown
inTable V.

E. Complexity and Efficiency Analysis

We evaluate model complexity (total number of parameters)
and efficiency (inference time) on synthetic 10K-point clouds
corrupted with 1% Gaussian noise. The results are summarized
in Table V1. As shown, Score uses the fewest parameters and
DMR achieves the fastest inference, but both yield lower de-
noising accuracy. Our method employsslightly more parameters
than Score and, owing to the repeated passes required by the
reverse sampling process, incurs a longer inference time than
competing approaches. Despite this overhead, it offers a favor-
able accuracy—efficiency trade-off. Future work will focus on
accelerating inference to further improve overall performance.

F. Limitations

Although our residual diffusion denoising method achieves
state-of-the-art performance, there are several limitationsto our
approach. The first limitation is the relatively high inference
time. Thereverse denoising phaseinvolves multipleiterations of
network processing for sampling, resulting in slower inference
speeds compared to direct inference methods, which is a com-
mon drawback of diffusion-based approaches. Another limita-
tionisthe suboptimal denoising performanceunder high-density
(50 K points) and high-noise (2.5%) conditions. High-density
point clouds usually contain richer geometric details; however,
when severe noise is present, the noise and geometric details
become highly entangled, making them difficult to separate.
Consequently, our method occasionally misinterprets noise as
geometric information, which degrades denoising performance
in such challenging conditions.

VI. CONCLUSION

We have introduced a geometry-driven diffusion framework
for point cloud denocising, which significantly improves the
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quality of denoised point clouds. By establishing a determin-
istic degradation path in the forward process and utilizing a
U-Net architecture to progressively restore the clean surface
during the reverse process, our approach achieves high-fidelity
denoising, effectively preserving fine details and suppressing
artifacts. Extensive experiments on both synthetic and real-
world datasets demonstrate that our method outperforms state-
of-the-art denoising techniques, showcasing its robustness and
effectiveness.

Our geometry-driven diffusion framework not only provides
a novel solution to point cloud denoising, but aso lays the
foundation for future advancementsin the broader field of point
cloud processing. Asaversatileframework, it can be extended to
tasks such as point cloud completion, upsampling, and surface
reconstruction. Furthermore, integrating our framework with
self-supervised or unsupervised learning paradigms could en-
hance its generalizability, particularly in real-world scenarios
where clean ground truth data are scarce or unavailable. We be-
lievethat our approach will have alasting impact on point cloud
processing, especially in applications requiring high-quality 3D
data, such as 3D vision, robotics, and digital modeling.
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