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Abstract

Point cloud upsampling can improve the quality of the ini-
tial point cloud, significantly enhancing the performance
of downstream tasks such as classification and segmenta-
tion. Existing methods mostly focus on generating the ge-
ometric details of point clouds, neglecting noise suppres-
sion. To address this, we propose a novel network based
on a conditional diffusion model, incorporating the Adap-
tive Noise Suppression (ANS) module, which we refer to as
PDANS. The ANS module assigns weights to each point and
determines the removal strategy based on these weights,
reducing the impact of noisy points on the sampling pro-
cess. The module first selects the neighborhood set for each
point in the point cloud and performs a weighted sum be-
tween the point and its neighbors. It then adjusts the re-
moval points based on the weighted sum, effectively miti-
gating the bias caused by outliers. We introduce the Tree-
Trans (TT) module to capture more correlated feature infor-
mation. This module learns the interaction between high-
level and low-level features, resulting in a more compre-
hensive and refined feature representation. Our results on
several widely used benchmark datasets demonstrate that
PDANS exhibits exceptional robustness in noisy point cloud
processing and outperforms current state-of-the-art(SOTA)
methods in terms of performance. Code is available at
https://github.com/Baty2023/PDANS.

1. Introduction
Point clouds, as one of the key representations for 3D recon-
struction [17] [22], are widely applied in autonomous driv-
ing [5] [47], embodied intelligence [18] [42], and AR/VR.
However, real-world scanned point clouds are often sparse,
noisy, and uneven, negatively impacting their performance
in downstream tasks such as classification and segmenta-
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tion. Point cloud upsampling can transform sparse and
noisy point clouds into dense, artifact-free representations.
In recent years, significant progress has been made in this
task [15] [27] [45] [40].
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Figure 1. Most existing methods achieve satisfactory results when
input without noise, but they often struggle to effectively recover
the geometric structure (e.g., panda ears) when dealing with input
with noise.

Inspired by deep learning, several methods have adopted
deep networks to perform this task. Existing upsampling
methods can be broadly classified into two categories: those
based on generative models and those based on refinement
methods. Generative models [15] [27] [28] first extract fea-
tures from sparse point clouds into a latent space and then
design a generator based on the extracted features to gen-
erate the coordinates of dense point clouds. The limitation
of such methods lies in the difficulty of accurately predict-
ing 3D coordinates, leading to potential outliers or artifacts
in the generated dense point clouds [8] [45]. Refinement-
based methods [4] [39] [30] first use interpolation to gen-
erate a coarse dense point cloud, and then employ a neural
network to extract geometric features from the coarse point
cloud for refinement. Combined with reconstruction loss
functions, this process refines the point cloud to match the
ground truth.

These methods share two common issues: (1) The fea-
tures lack significant dominance or distinguishability, lead-
ing to generating point clouds without clear structure, which
tend to be sparse and scattered. (2) Most of these methods
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rely on loss functions such as CD loss, EMD loss, and other
similar metrics, which are highly sensitive to outliers. This
sensitivity makes the model ineffective at handling noisy
point clouds [12] [38], as shown in Figure1.

To address the above issues, we propose a point
cloud upsampling method with adaptive noise suppression,
PDANS. The network is designed based on a conditional
diffusion model, leveraging the inherent denoising proper-
ties of the diffusion model’s generative process to enhance
its adaptability to noisy point clouds. The network also
integrates an Adaptive Noise Suppression (ANS) module,
which we designed to compute downsampling weights for
each point by utilizing the relationships between the point
and its neighboring points. This approach enables the ex-
traction of more accurate downsampled points and features.
It effectively reduces the impact of noisy points during fea-
ture extraction and minimizes the bias caused by outliers.

To enhance feature representation, we propose a struc-
ture based on graph convolutional networks [14], called the
TreeTrans (TT) module. This module incorporates ances-
tral and recurrent terms[32] to fully utilize the features out-
putted by each encoder layer. Additionally, we apply both
local and global attention mechanisms to the output fea-
tures, further improving the efficiency and expressiveness
of the feature representation.

Additionally, we designed a conditional point cloud net-
work and a diffusion point cloud network. The conditional
point cloud network provides relevant features of sparse
point clouds to the diffusion point cloud network through
a mutual attention module, guiding the diffusion network
to generate the required noise for point cloud densification.
Similar to PUDM[29], we incorporate the diffusion model,
thereby eliminating the reliance on CD loss. Combined with
the ANS module we designed, PDANS demonstrates excep-
tional robustness in noise experiments. Our main contribu-
tions are as follows:
• We designed a noise suppression module named ANS,

which adaptively adjusts removal points and their neigh-
borhood features to improve robustness against noise and
outliers.

• The proposed TT module fully leverages features across
different layers of the encoder, incorporating ancestral
terms, recurrent terms, and local and global attention
mechanisms to achieve more comprehensive and refined
feature representations.

• We designed an end-to-end network architecture named
PDANS, which utilizes a mutual attention mechanism
and a diffusion model to guide the densification of sparse
point clouds. The ANS module further enhances the net-
work’s ability to handle noise.

• Extensive experiments demonstrate the outstanding per-
formance of PDANS in point cloud upsampling bench-
marks, particularly in generating geometric details and

handling noisy point clouds effectively.

2. Related Work

2.1. Learning-based point cloud upsampling
Several methods [25] [26] [36] [11] shave been developed to
extract features from 3D data directly with the strong data-
driven and representational capabilities of deep learning
networks. PU-Net [45] was the first learning-based method
for point cloud and upsampling. Following its proposed ar-
chitecture, many methods have emerged: MPU [44], PU-
GAN [15], Dis-PU [16], PUGCN [27], and RepKPU [30].
The NePs [7] method enhances neural radiance fields by
combining 2D information with 3D features, enabling point
cloud upsampling. Some networks attempt to perform point
cloud upsampling based on denoising paradigms. They
generate a rough upsampled point cloud through interpola-
tion, and then refine it using neural networks, such as Grad-
PU [8] and PU-Flow [21].

Most methods predict the coordinates of dense point
clouds from sparse point cloud features and then rely on
upsampling modules to expand the point cloud, or fur-
ther refine the coordinates from the coarsely densified point
clouds. Since these methods typically depend on CD
(Chamfer Distance) and EMD (Earth Mover’s Distance) as
loss functions, they exhibit high sensitivity to noise. In this
paper, we design an additional denoising module and utilize
conditional DDPM to reduce the dependence on CD.

2.2. DDPM for 3D Generation
Inspired by the success of image generation tasks [10] [34]
[9], direct point cloud generation using DDPM has gained
increasing attention. Luo et al. [19] is the first to apply
DDPM to unconditional point cloud generation. The DAM
[35] network explores the interpretability of diffusion mod-
els for point cloud generation tasks. Nunes et al. [23] ap-
ply DDPM to the 3D-LiDAR point cloud completion task
in real-world scenarios. The PDR [20] network takes the
initial point cloud as input, but it introduces a coarse and re-
finement network, which increases time overhead. PUDM
[29] densifies point clouds through conditional diffusion,
but its performance in noise suppression is suboptimal.

This paper uses a conditional diffusion model to perform
point cloud upsampling. To enhance the model’s denoising
capability, we design an additional ANS module.

3. Background of Conditional Diffusion Mod-
ule

We assume that the dense point cloud x is sampled from a
meaningful distribution Pdata, and that the latent variable
xT ∼ N (03N , I3N×3N ) is sampled from a noise distribu-
tion Platent which is easier to handle, where N follows a
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Gaussian distribution. DDPM[10] establishes a transfer re-

lationship between x and xT through two Markov chains.

This is an autoregressive process: the forward process pro-

gressively adds noise to x until xT , and xT is denoised

back to x through the reverse process. We use the timestep

t ∼ U(T ) to control the speed of transformation.

Forward Process The process gradually adds noise to

x0 until xT through the probability q(xt|xt−1). The entire

process can be defined as:

q(x1, · · · , xT |x0) =
T∏

t=1

q(xt|xt−1) (1)

Where q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI), where the

hyperparameter βt is a positive constant. Based on the

derivation by Ho et al. [10], xT can be computed directly

from x0. Define αt = 1−βt and ᾱt =
∏t

i=1 αi, so that xT

can be sampled from the following formula:

xt =
√
ᾱtx0 +

√
1− ᾱtε (2)

Where ε follows a standard normal distribution.

Reverse Process The reverse process aims to predict and

eliminate the noise added at each step t. It is conditioned

on a set of conditions, which may include incomplete point

clouds c, upsampling factor r, etc. We denote the set of con-

ditions as C = {ci | i = 1, . . . , Nc}, where Nc represents

the number of conditions. We can define the reverse process

from denoising xT to x0 as follows:

pθ(x0, · · · , xT−1|xT ,C) =

T∏
t=1

pθ(xt−1|xt,C) (3)

Where pθ(xt−1|xt,C) = N (xt−1;μθ(xt,C, t), σ2
t I),

where the mean μθ(xt,C, t) is the result predicted by a

neural network, and σ2
t is a time-dependent constant. Based

on the derivation by DDIM [33], the reverse process can be

written in the following form:

xt−1 =
√
ᾱt−1(

xt −
√
1− ᾱtεθ(xt,C, t)√

ᾱt
)+

√
1− ᾱt−1 − σ2

t εθ(xt,C, t) + σtεt

(4)

Where εt ∼ N (03N , I3N×3N ) is standard Gaussian

noise independent of xT . The noisy point cloud xT is pro-

gressively denoised according to the above equation until

it recovers x0. At each time step of the reverse process,

conditions are added, allowing control over the generation

of dense point clouds, as shown in the process diagram in

Figure 2.

Training process under given conditions The goal is

to optimize the denoising model’s prediction of the noise

εθ at step t. Given a set of conditions C and under the

Conditions

Ratio: r

Interpolated 
Points: i ,

Conditions

Ratio: r

Interpolated 
Points: i

Forward   (data        noise)

Reverse (noise        data)

Figure 2. Visualization of the forward and reverse processes of

PDANS.

condition that the time step t ∼ U(T ), the training objective

of DDPM is:

L(θ) = Et∼U(T ),ε∼N (0,I)‖ε−εθ(
√
1− αtε+

√
αtx0,C, t)‖2

(5)

In the above equation, there are no CD loss or EMD loss

terms commonly used in traditional point cloud upsampling

networks, because DDPM naturally defines a one-to-one

pointwise correspondence between two consecutive point

clouds, as shown in equation1.

4. Method
This section introduces each module’s design and the net-

work’s overall structure. In PDANS, we propose two mod-

ules: the Adaptive Noise Suppression (ANS) module and

the TreeTrans (TT) module. These modules are described

in Sections 4.1 and 4.2, respectively. The design of the over-

all PDANS network is presented in Section 4.3.

4.1. Adaptive Noise Suppression(ANS) Module
In the encoding stage, many frameworks perform down-

sampling using Farthest Point Sampling (FPS), followed

by selecting neighboring points within a certain radius [20]

or via KNN [1] to enhance the features of the sampled

points. However, two issues arise when the input point

cloud contains significant noise: (1) FPS is sensitive to

outliers[43][41], making it challenging to process noisy

point clouds effectively. (2) FPS does not filter noisy points,

leading to the inclusion of noise features in the enhanced

features, which affects the accuracy and reliability of the

sampling.

We propose the Adaptive Noise Suppression (ANS)

module to address the issues abovementioned, as shown in

Figure 3. Unlike FPS, we first select the neighborhood point

cloud PK ∈ R
N×3×K for all points in the initial point cloud

P ∈ R
N×3, where K denotes the number of neighboring

points for each point. These neighborhood point clouds

contain both correct and noisy points. We then input the

neighborhood point cloud, the initial point cloud, and their

corresponding features into the ANS module to perform the

removal operation.
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Fi g ur e 3. Vis u ali z ati o n of t h e A d a pti v e N ois e S u p pr essi o n ( A N S)
m o d ul e

F or e a c h p oi nt x i s el e ct e d fr o m P , w e s el e ct its c orr e-
s p o n di n g f e at ur e f i fr o m F s ∈ R N × D l , w h er e F s is t h e
f e at ur e s et o bt ai n e d b y r e or d eri n g t h e i niti al p oi nt cl o u d. We
us e K N N t o s el e ct its K n e ar est n ei g h b ors x i, 1 , . . . , xi, K ∈
N (x i ) a n d t h eir c orr es p o n di n g f e at ur es f i, 1 , . . . , fi, K ∈
N (f i ), w h er e N (x i ) r e pr es e nts t h e K n e ar est n ei g h b ors of
p oi nt x i . N e xt, w e c al c ul at e t h e p oi nt a n d f e at ur e w ei g hts
usi n g a n att e nti o n m e c h a nis m, wit h b ot h p oi nts a n d f e at ur es
u p d at e d si mil arl y. w (f i ) c al c ul ati o n c a n b e e x pr ess e d as:

w (f i ) =
K

j = 1

θ (x i , xi, j ) · γ (f i, j ) ( 6)

I n t h e e q u ati o n, t h e f u n cti o n θ is us e d t o c o m p ut e t h e
r el ati o ns hi p b et w e e n a n ei g h b or p oi nt a n d t h e c e nt er p oi nt.
T h e f u n cti o n γ (f i, j ) r e pr es e nts t h e li n e ar tr a nsf or m ati o n of
t h e n ei g h b or h o o d f e at ur e, e x pr ess e d as γ (f i, j ) = W γ f i, j +
b γ , w h er e W γ a n d b γ ar e l e ar n a bl e p ar a m et ers.

T h e f u n cti o n θ is c o m p ut e d usi n g t h e d ot pr o d u ct si mi-
l arit y i n t h e att e nti o n m e c h a nis m:

θ (x i , xi, j ) = s oft m a x( q (x i ) · k (x i, j )
T / C q ) ( 7)

W h er e q (x i ) a n d k (x i, j ) r e pr es e nt t h e li n e ar tr a nsf or m a-
ti o ns of t h e c e nt er p oi nt x i , a n d t h e n ei g h b or h o o d p oi nts
N (x i ), w hi c h c a n b e i m pl e m e nt e d usi n g a 1 × 1 c o n v ol u-
ti o n k er n el. T h e i n p ut t o q (x i ) is t h e r e al c o or di n at es of
t h e c e nt er p oi nt, w hil e t h e i n p ut t o k (x i, j ) is t h e r el ati v e
c o or di n at es b et w e e n t h e n ei g h b or h o o d p oi nt a n d t h e c e n-
t er p oi nt. T h e c o n v ol uti o n k er n el h as a n o ut p ut c h a n n el of
C q a n d a n i n p ut c h a n n el of 3. Usi n g r e al a n d r el ati v e c o-
or di n at es, t h e m o d el eff e cti v el y c o m bi n es gl o b al a n d l o c al
s p ati al i nf or m ati o n, e n h a n ci n g its a bilit y t o p er c ei v e t h e 3 D
s p ati al g e o m etr y.

We t h e n us e t h e c o m p ut e d w (f i ) t o r e fi n e t h e i niti al
p oi nts a n d t h eir f e at ur es. T his o p er ati o n s el e cts p oi nts wit h

m or e s urr o u n di n g n ois e p oi nts as r e m o vi n g p oi nts, r es ult-
i n g i n m or e a c c ur at e f e at ur es. I n ot h er w or ds, w e c a n fi n d
t h e s uit a bl e r e fi n e d p oi nt x ∗

i a n d its c orr es p o n di n g f e at ur e
f ∗

i , e x pr ess e d as:

x ∗
i = δ p (w (f i ))x i , ( 8)

f ∗
i = δ f (w (f i ))f i . ( 9)

W h er e δ p a n d δ f is a cti v ati o n f u n cti o n. Fi n all y, w e f us e t h e
p oi nts x ∗

i a n d t h eir c orr es p o n di n g f e at ur es f ∗
i t hr o u g h a n

att e nti o n m o d ul e t o o bt ai n t h e m o d ul e’s fi n al o ut p ut f e at ur es
f o u t .

4. 2. Tr e e Tr a ns( T T) M o d ul e

I n t h e d e c o di n g pr o c ess of e n c o d e d p oi nt cl o u ds, pr e vi-
o us m et h o ds oft e n b e gi n wit h t hr e e r o u n ds of i nt er p ol ati o n,
f oll o w e d b y f e at ur e f usi o n usi n g n ei g h b ori n g p oi nt cl o u ds
[2 6 ], a n d s o m e m et h o ds a d o pt p oi nt- a d a pti v e d e c o n v ol uti o n
t e c h ni q u es, s u c h as P D R [2 0 ]. T h es e m et h o ds ar e t y pi-
c all y b uilt o n U N et ar c hit e ct ur e [ 3 1 ], w hi c h l e a ds t o s e v-
er al iss u es: ( 1) T h e m o d el b e c o m es o v erl y d e p e n d e nt o n
gl o b al f e at ur es, t h er e b y n e gl e cti n g l o c al f e at ur es, a n d ( 2)
T h e utili z ati o n of m ulti-s c al e f e at ur es is n ot c o m pr e h e nsi v e
e n o u g h, l e a di n g t o s u b o pti m al p erf or m a n c e w h e n h a n dli n g
c o m pl e x p oi nt cl o u ds.

We pr o p os e t h e Tr e e Tr a ns ( T T) m o d ul e as o ur d e c o di n g
n et w or k t o a d dr ess t h e a b o v e iss u es. We first e m pl o y t w o
o p er ati o ns si mil ar t o Tr e e G C N[ 3 2 ]: t h e c y cli c a n d t h e a n-
c est or o p er ati o ns, w hi c h pr o p a g at e f e at ur es fr o m t h e r o ot
n o d e t o t h e l e af n o d es. Aft er o bt ai ni n g t h e i nt er m e di at e
f e at ur es f t r e e , w e c o m bi n e f t r e e wit h t h e c orr es p o n di n g
f e at ur es fr o m t h e e n c o d er usi n g l o c al a n d gl o b al att e nti o n
m e c h a nis ms t o o bt ai n t h e o ut p ut f o u t .

I n tr a diti o n al gr a p h c o n v ol uti o n al n et w or ks, t h e c y cli c
o p er ati o n us es a s e p ar at e w ei g ht t o tr a nsf or m t h e c urr e nt
n o d e f e at ur e f l

i t o t h e n e xt l a y er. H o w e v er, a si n gl e w ei g ht
oft e n f ails t o c a pt ur e all t h e r el e v a nt i nf or m ati o n i n p oi nt
cl o u ds. T h us, w e e m pl o y a K -s u p p ort- b as e d c y cli c o p er a-
ti o n t o r e fi n e t h e f e at ur e r e pr es e nt ati o n pr o gr essi v el y:

S l+ 1
i = F l

K (f l
i ) ( 1 0)

W h er e F l
K is a f ull y c o n n e ct e d l a y er c o nt ai ni n g K n o d es,

a n d S l+ 1
i r e pr es e nts t h e c y cli c o p er ati o n at l a y er l. T h e

c y cli c o p er ati o n is t h e n c o m bi n e d wit h t h e a n c est or o p er-
ati o n t o u p d at e t h e n o d e f e at ur es, e ns uri n g t h at e a c h l a y er
i n c or p or at es i nf or m ati o n fr o m pr e vi o us l a y ers d uri n g c o m-
p ut ati o n. T h e u p d at e d n o d e f e at ur es c a n b e writt e n as:

f t r e e = σ



 S l+ 1
i +

m j ∈ A ( f l
i )

U l
j m j



 ( 1 1)

W h er e σ is t h e a cti v ati o n f u n cti o n, wit h R e L U us e d i n t his
p a p er. A (f l

i ) d e n ot es t h e s et of all a n c est or n o d es, a n d U l
j is
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Fi g ur e 4. O v e r vi e w of P D A N S. T h e C P n et w or k ( u p p er br a n c h) a n d D P n et w or k (l o w er br a n c h) b ot h c o nsist of a n e n c o d er m a d e u p of
f e at ur e e xtr a cti o n a n d t h e A N S m o d ul e, wit h t h e T T m o d ul e s er vi n g as t h e d e c o d er. T h e y e x c h a n g e i nf or m ati o n t hr o u g h a m ut u al att e nti o n
m o d ul e. t h e u ps a m pl e d r ati o a n d i nt er p ol at e d p oi nts ar e us e d as c o n diti o ns t o pr o vi d e pri or k n o wl e d g e of t h e D P n et w or k.

t h e li n e ar tr a nsf or m ati o n w ei g ht fr o m a n c est or n o d es t o t h e
c urr e nt n o d e.

Aft er o bt ai ni n g f t r e e , w e i n p ut it i nt o t h e l o c al att e nti o n
a n d gl o b al att e nti o n m o d ul es. I n t h e l o c al att e nti o n m e c h-
a nis m, t h e c orr es p o n di n g e n c o d er o ut p ut f e at ur es f l+ 1 ar e
c o m bi n e d wit h f t r e e usi n g l o c al att e nti o n, as d es cri b e d b y
t h e f oll o wi n g f or m ul a:

f l o c al = s oft m a x
Q (f l+ 1 ) · K (f t r e e )

T

√
d

· V (f t r e e )

( 1 2)
Q (f l+ 1 ) a n d K (f t r e e ) r e pr es e nt t w o c o n v ol uti o n o p er a-
ti o ns t h at m a p f l+ 1 a n d f t r e e fr o m t h eir r es p e cti v e di m e n-
si o ns t o d . T h e n, t h e att e nti o n w ei g hts ar e o bt ai n e d b y c al-
c ul ati n g t h e d ot pr o d u ct si mil arit y f oll o w e d b y a s oft m a x
o p er ati o n. Aft er w ar d, t h e w ei g ht e d s u m wit h V (f t r e e )
gi v es t h e l o c al att e nti o n f e at ur e f l o c al . O n c e t h e l o c al at-
t e nti o n is c o m p ut e d, t h e r es ulti n g f l o c al u n d er g o es a gl o b al
att e nti o n m e c h a nis m t o pr o d u c e t h e fi n al o ut p ut f o u t of t h e
T T m o d ul e. T h e s p e ci fi c i m pl e m e nt ati o n is as f oll o ws:

f o u t = s oft m a x
q (f l o c al ) · k (f l o c al )

T

√
d

· v (f l o c al ) ( 1 3)

4. 3. N et w o r k A r c hit e ct u r e

I n S e cti o ns 4. 1 a n d 4. 2 , w e i ntr o d u c e d t h e n et w or k’s e n-
c o di n g m o d ul e, A N S, a n d d e c o di n g m o d ul e, T T, r es p e c-
ti v el y. I n t his s e cti o n, w e pr es e nt t h e o v er all fr a m e w or k of

P D A N S, w hi c h c o nsists of t w o m ai n c o m p o n e nts: t h e C o n-
diti o n al P oi nt Cl o u d ( C P) n et w or k a n d t h e Diff usi o n P oi nt
Cl o u d ( D P) n et w or k. Fi g ur e 4 pr o vi d es a d et ail e d ill ustr a-
ti o n of t his pr o c ess.

C P- N et O ur e n c o d er c o nsists of a f e at ur e e xtr a cti o n n et-
w or k a n d t h e A N S m o d ul e. T h e d e c o d er c o m pris es t h e
T T m o d ul e. B ot h d o w ns a m pli n g a n d u ps a m pli n g ar e p er-
f or m e d f o ur ti m es. B ef or e e a c h s a m pli n g o ut p ut, w e e m-
b e d t h e ti m e st e p t t hr o u g h a n M L P: t is e n c o d e d i nt o a
C t - di m e nsi o n al v e ct or s p a c e. T h e o ut p ut f e at ur e f o u t ∈
R N × D l is t h e n tr a nsf or m e d t hr o u g h M L Ps i nt o t h e di m e n-
si o n f ′

o u t ∈ R N × C t . We t h e n a d d t h e t w o t o i nt e gr at e t h e
ti m e st e p i nf or m ati o n i nt o t h e f e at ur e, r es ulti n g i n t h e o ut p ut
f l+ 1 ∈ R N × D l + 1 . A d diti o n all y, w e o nl y i n p ut t h e s p ars e
p oi nt cl o u d i nt o t h e C P- N et t o e ns ur e t h e e xtr a cti o n of ef-
f e cti v e f e at ur es.

D P- N et T h e D P- N et s h ar es t h e s a m e ar c hit e ct ur e as t h e
C P- N et b ut r e q uir es a d diti o n al c o n diti o n al i nf or m ati o n t o
g ui d e t h e diff usi o n pr o c ess. First, w e c o n v ert t h e s p ars e
p oi nt cl o u d P ∈ R N × 3 i nt o a n i nt er p ol at e d p oi nt cl o u d
P ∗ ∈ R r N × 3 usi n g u ps a m pli n g b y a f a ct or of r . T h e n,
w e s u m P ∗ wit h t h e n ois y p oi nt cl o u d P T ∈ R r N × 3 a n d
i n p ut t h e m t o g et h er i nt o t h e D P- N et. M e a n w hil e, w e e x-
tr a ct gl o b al f e at ur es fr o m P ∗ a n d e n c o d e b ot h t h e ti m e st e p
t a n d t h e u ps a m pli n g f a ct or r . T h es e pi e c es of i nf or m ati o n
ar e i n c or p or at e d as c o n diti o ns at e a c h st a g e of t h e e n c o d er
a n d d e c o d er.
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The information provided by the CP-Net is further
guided to the DP-Net through a cross-attention (CA) mod-
ule. Given the outputs of the encoder at each layer for the
CP-Net and DP-Net: Fc ∈ RNc×Dc and Fd ∈ RNd×Dd , the
CA module first reshapes the two feature sets using MLPs:
Fc → (Q) ∈ RNc×Ci and Fd → (K,V ) ∈ RNd×Ci . Then,
the features are fused according to the following formula:

Ff = MLP (softmax(
QKT

√
Ci

)V ) + Fc (14)

Subsequently, Ff is input into the feedforward network to
produce the final features. The same method can also be ap-
plied reversely, allowing data to flow between the two net-
works.

4.4. Loss
For the DP-Net, its loss can be referred to by equation 5.
For the CP-Net, we aim for it to learn more features of the
sparse point cloud. Therefore, we add MLPs at the end of
the decoder to output a sparse point cloud P ′, which is then
supervised by MSE as follows:

LC(P ,P ′) = MSE∥P − P ′∥2 (15)

Combining these loss functions, The training objective is:

Ltotal = L(θ) + αLC (16)

where α means a weighting factor (α = 0.5 in this paper).

5. Experiments
5.1. Implementation Details
Experiment Setup. All PDANS experiments are run in a
PyTorch[24] environment. The PDANS model is trained on
a single Nvidia 4080 GPU using the Adam optimizer[13],
with a batch size 12 for 350 epochs. The channel sizes for
the CP-Net and DP-Net are set to (64, 128, 256, 512) and
(128, 256, 256, 512), respectively.

Dataset. In our experiments, we utilize two public
benchmarks (PUGAN[15], PU1K[27]) for evaluation. We
adhere to the official training/testing partitioning protocols
for these datasets. Poisson disk sampling [46] is used to
generate 24,000 patches on PUGAN and 69,000 patches on
PU1K for training. Each patch contains 256 points, with the
corresponding ground truth containing 1,024 points. Addi-
tionally, 27 and 127 point cloud datasets are used for testing,
respectively. The sparse point clouds contain 2,048 points,
and the number of points in ground truth is set to 2,048×r
according to the upsampling factor r.

Evaluation Metrics Following previous methods, we
select three metrics to evaluate our model: Chamfer Dis-
tance(CD ×10−3)[6], Hausdorff distance(HD ×10−3)[2]
and Point to Surface Distance(P2F ×10−3)[45].

5.2. Evaluation on PUGAN Dataset
We perform sampling on PUGAN at low (4×) and high
(16×) upsampling rates. The reductions in the three metrics
shown in Table 1 demonstrate that our model has a signif-
icant advantage in describing geometric details. The 16×
upsampled point cloud shown in Figure 5 further supports
our claim, as the generated point clouds have fewer outliers
and are closer to the ground truth geometric features.

Table 1. The results of 4× and 16× on PUGAN. Our method
significantly surpasses other methods in terms of CD and HD.

Methods 4× 16×

CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

PU-Net[45] 0.529 6.805 4.460 0.510 8.206 6.041
MPU[44] 0.292 6.672 2.822 0.219 7.054 3.085
PU-GAN[15] 0.282 5.577 2.016 0.207 6.963 2.556
PU-GCN[27] 0.268 3.201 2.489 0.161 4.283 2.632
Grad-PU[8] 0.245 2.369 1.893 0.108 2.352 2.127
RepKpU[30] 0.254 2.698 1.882 0.107 3.293 1.957
PUDM[29] 0.131 1.220 1.912 0.082 1.120 2.114

Ours 0.119 1.2065 1.897 0.078 1.046 2.028

5.3. Evaluation on PU1K Dataset
Table 2 shows the results of 4x upsampling on the PU1K
dataset. Compared to other methods, we demonstrate supe-
rior performance in both CD and HD metrics. The PU1K
dataset is more complex and diverse than others, and our de-
signed TT module exhibits tremendous advantages in han-
dling such complex data. It helps approximate the valid ge-
ometric details more effectively, achieving higher accuracy.

Methods CD↓ HD↓ P2F↓

PU-Net[45] 1.155 15.170 4.834
MPU[44] 0.935 13.327 3.511
PU-GAN[15] 0.735 9.939 4.234
PU-GCN[27] 0.585 7.577 2.499
Grad-PU[8] 0.404 3.732 1.474
RepKpU[30] 0.331 2.700 1.261
PUDM[29] 0.217 2.164 1.477

Ours 0.155 1.588 1.354

Table 2. The results of 4× on PU1K. Our method outperforms
other methods across nearly all metrics.

5.4. Robustness Test
Experiment setup. Based on the testing meshes provided
by PUGAN, we construct a 4× upsampling dataset to con-
duct a comprehensive robustness test. Ground-truth point
clouds are sampled from testing meshes via Poisson disk
sampling. We tested three different types of noise: Gaus-
sian, random, and Laplacian. These three types of noise
are the most common in real-world point clouds, making
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Figure 5. Comparison (16×) on PUGAN dataset.

the results more practical. We set four different noise levels
for Gaussian noise: τ = 0.01, τ = 0.02, τ = 0.05, and
τ = 0.1. We used two noise levels for Laplacian and ran-
dom noise: τ = 0.05 and τ = 0.1. For the input with 2048
points, we tested the results under each noise type and noise
level.

The results of Gaussian noise Tables 3 and 4 present
the quantitative results of Gaussian noise testing under dif-
ferent noise levels. As shown in the tables, our method sig-
nificantly outperforms other models in terms of resistance to
Gaussian noise. Thanks to the design of the ANS module in
our model, which further enhances noise resistance. There-
fore, our approach excels at noise suppression and surpasses
other methods in both CD and HD metrics.

Table 3. The results of 4× at low-level(τ = 0.01 and τ = 0.02)
Gaussian noise on PUGAN. Our method significantly outperforms
other methods in terms of Gaussian noise.

Methods τ = 0.01 τ = 0.02

CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

PU-Net[45] 0.628 8.068 9.816 1.078 10.867 16.401
MPU[44] 0.506 6.978 9.059 0.929 10.820 15.621
PU-GAN[15] 0.464 6.070 7.498 0.887 10.602 15.088
PU-GCN[27] 0.448 5.586 6.989 0.816 8.604 13.798
Grad-PU[8] 0.414 4.145 6.400 0.766 7.336 11.534
RepKpU[30] 0.384 4.937 6.775 0.800 8.415 14.124
PUDM[29] 0.210 2.430 6.070 0.529 5.471 9.742

Ours 0.185 1.918 5.964 0.309 3.020 9.513

The results of random noise and Laplacian noise Ta-
bles 5 and 6 present the quantitative test results under noise
levels τ = 0.05 and τ = 0.1. The results clearly show that
the PDANS network we designed exhibits superior adapt-
ability in high-noise environments. Figure 6 illustrates that,
in noisy point clouds, our results show more complete struc-
tures with fewer outliers. Our method captures more geo-
metric details, leading to higher-quality point clouds. In
contrast, other methods tend to upsample blindly, result-
ing in point clouds with disorganized structures. While our
method still maintains SOTA performance, it shows slightly

Table 4. The results of 4× at high-level(τ = 0.05 and τ = 0.1)
Gaussian noise on PUGAN. Our method significantly outperforms
other methods in terms of Gaussian noise.

Methods τ = 0.05 τ = 0.1

CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

PU-Net[45] 1.370 13.729 23.249 1.498 14.193 23.846
MPU[44] 1.247 11.645 22.189 1.321 12.415 23.841
PU-GAN[15] 1.124 9.091 21.252 1.271 10.911 23.174
PU-GCN[27] 1.263 9.869 22.835 1.456 11.063 25.213
Grad-PU[8] 0.978 8.057 16.927 1.118 8.946 18.845
RepKpU[30] 1.237 12.335 20.518 1.360 12.902 22.473
PUDM[29] 0.618 5.386 14.751 0.853 6.239 16.845

Ours 0.476 4.038 14.607 0.543 4.327 16.476

lower results than Gaussian noise. The experimental re-
sults validate the effectiveness of the ANS module we de-
signed. By removing noisy point clouds, we can better learn
the objects’ structural information, thereby generating high-
quality point clouds. As a result, PDANS demonstrates
good robustness under different types and levels of noise,
proving its stability in complex noisy environments.

Table 5. The results of 4× at high-level(τ = 0.05 and τ = 0.1)
random noise on PUGAN.

Methods τ = 0.05 τ = 0.1

CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

PU-Net[45] 1.490 14.473 23.223 1.725 15.442 25.251
MPU[44] 1.224 10.842 20.456 1.545 11.645 23.512
PU-GAN[15] 1.034 7.757 18.617 1.327 9.700 21.321
PU-GCN[27] 1.045 9.643 18.899 1.325 10.877 21.633
Grad-PU[8] 1.067 6.634 17.734 1.399 7.215 21.028
RepKpU[30] 0.789 4.782 17.813 0.837 3.902 20.953
PUDM[29] 0.998 6.110 17.558 1.310 6.732 20.564

Ours 0.722 3.161 17.634 0.682 4.598 19.401

5.5. Result on Real Dataset
We conducted experiments on the ScanObjectNN [37]
dataset, where point clouds are real-scanned, non-uniform
and noisy. Since there is no ground truth point cloud, we
performed a visual comparison in Fig. 7 . The experiment
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Laplace 𝜏 = 0.1
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Random 𝜏 = 0.1

Figure 6. Visualization results at 4× on PUGAN with random noise and Laplace noise.

Table 6. The results of 4× at high-level(τ = 0.05 and τ = 0.1)
Laplace noise on PUGAN.

Methods τ = 0.1 τ = 0.05

CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

PU-Net[45] 1.943 32.646 26.965 1.861 27.563 24.737
MPU[44] 1.569 20.329 25.164 1.421 19.049 22.783
PU-GAN[15] 1.486 14.919 24.148 1.334 14.243 21.879
PU-GCN[27] 1.587 15.711 25.134 1.425 14.915 22.876
Grad-PU[8] 1.233 10.348 18.576 1.065 9.349 16.591
RepKpU[30] 1.345 13.104 22.295 1.194 12.377 20.218
PUDM[29] 0.704 6.284 18.283 0.643 7.924 16.871

Ours 0.563 4.051 16.287 0.533 4.433 16.195

used an input with 2048 points, followed by a 16× upsam-
pling. The Ball-pivoting algorithm [3] was then applied
to reconstruct the surface from the upsampled point cloud.
Based on the reconstruction results, our generated point
clouds exhibit fewer gaps and smoother surfaces, which
benefits surface reconstruction.

Ours

PUGANInput MPU

RepKPUGrad-PU

PU-Net PU-GCN

PUDM

Figure 7. Visual evaluation of impacts on surface construction on
real-scanned ScanObjectNN dataset.

5.6. Ablation Study
With/Without ANS Module To demonstrate the effective-
ness of the ANS module, we compared it with other network
architectures. Model A replaces the ANS module with an
encoder composed of Dense Blocks [8], Model B uses an
encoder based on Set Abstraction [29], and Model C em-
ploys an encoder from PointNet++ [26]. Our network is
referred to as Model D. We tested these models on the PU-
GAN dataset with Gaussian noise level τ = 0.1, with re-
sults presented in Table7.

Table 7. The results of 4× at high-level(τ = 0.1) Gaussian noise
on PUGAN with different encoders.

Module CD↓ HD↓ P2F↓

A 1.248 9.631 19.657
B 0.853 6.348 16.849
C 1.168 14.498 23.189
D 0.543 4.327 16.476

With/Without TT Module We conducted 16× upsam-
pling tests on the PUGAN dataset, as shown in Table 8. The
experiments indicate a significant performance drop when
the TT module is removed, underscoring the importance of
the TT module in enhancing the quality of the model gener-
ation.

Table 8. TT Module Ablation Study

Methods CD↓ HD↓ P2F↓

Without TT Module 0.094 1.124 2.158
With TT Module 0.078 1.046 2.028

6. Conclusion
We propose a novel conditional diffusion model-based
network, PDANS, designed for point cloud upsampling.
Suppressing noise and ensuring the geometric authenticity
of generated results have long been primary research foci
in point cloud upsampling. To address these issues, we
have designed the ANS and TT modules. The ANS module
integrates point cloud features with neighborhood informa-
tion, enabling adaptive noise removal from the point cloud.
Meanwhile, the TT module effectively captures local and
global geometric details, allowing for a more accurate
reconstruction of geometries close to real values. Extensive
experiments validate that the proposed PDANS outper-
forms existing state-of-the-art methods in performance.
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