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Abstract

Point cloud upsampling (PCU) enriches the representa-
tion of raw point clouds, significantly improving the per-
formance in downstream tasks such as classification and
reconstruction. Most of the existing point cloud upsam-
pling methods focus on sparse point cloud feature extrac-
tion and upsampling module design. In a different way, we
dive deeper into directly modelling the gradient of data dis-
tribution from dense point clouds. In this paper, we pro-
posed a conditional denoising diffusion probabilistic model
(DDPM) for point cloud upsampling, called PUDM. Specif-
ically, PUDM treats the sparse point cloud as a condition,
and iteratively learns the transformation relationship be-
tween the dense point cloud and the noise. Simultaneously,
PUDM aligns with a dual mapping paradigm to further im-
prove the discernment of point features. In this context,
PUDM enables learning complex geometry details in the
ground truth through the dominant features, while avoiding
an additional upsampling module design. Furthermore, to
generate high-quality arbitrary-scale point clouds during
inference, PUDM exploits the prior knowledge of the scale
between sparse point clouds and dense point clouds during
training by parameterizing a rate factor. Moreover, PUDM
exhibits strong noise robustness in experimental results. In
the quantitative and qualitative evaluations on PU1K and
PUGAN, PUDM significantly outperformed existing meth-
ods in terms of Chamfer Distance (CD) and Hausdorff Dis-
tance (HD), achieving state of the art (SOTA) performance.

1. Introduction
Point clouds, as a most fundamental 3D representation,

have been widely used in various downstream tasks such as
3D reconstruction [19, 24], autonomous driving [4, 16, 49],
and robotics technology [42, 46]. However, raw point
clouds captured from 3D sensors often exhibit sparsity,
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Figure 1. Most existing methods achieving satisfactory results for
input sparse point clouds with clear geometric structures (such as
the hole on the green cover rear), but performing poorly for those
with fuzzy geometric details (like the eyes of the red pig). How-
ever, our results, with close proximity to the ground truth.

noise, and non-uniformity. This is substantiated across di-
verse publicly available benchmark datasets, such as KITTI
[8], ScanNet [5]. Hence, point cloud upsampling, which in-
volves the transformation of sparse, incomplete, and noisy
point clouds into dense, complete, and artifact-free repre-
sentations, has garnered considerable research interest.

Inspired by deep learning, the pioneering work PU-
Net [44] is the first to utilize deep neural networks to ad-
dress this problem. This first divides the input point cloud
into multiple patches and then extracts multi-scale fea-
tures. Subsequently, these features are aggregated and fed
into an upsampling module to approximate the dense point
cloud coordinates. Building this approach, many works
[17, 18, 21, 30, 43] optimize neural networks by focusing on
sparse point cloud feature extraction and upsampling mod-
ule design.

However, while these methods have achieved improved
results, predicting dense point cloud coordinates via sparse
point cloud features is an indirect approximating approach.
Typically, these methods first utilize an encoder to extract
sparse point cloud features, and then use a carefully de-
signed upsampling module to fit dense point cloud coordi-
nates. This approach has three limitations. First, the non-
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dominance of features causes the generated results to be
more inclined toward input sparse point clouds, struggling
to represent reasonable geometry details from the ground
truth, as Fig 1 illustrated. Second, the additional upsam-
pling module designs increase the workload for algorithm
designers and often disrupt the intrinsic coordinate map-
pings in point clouds [30, 43, 44]. Third, they mostly re-
quire the joint supervision of the CD loss and other losses,
resulting in them sensitive to noise [13, 39].

In this paper, we consider the point cloud upsampling
task as a conditional generation problem. This first ex-
plores the incorporation of probabilistic models for point
cloud upsampling. We propose a novel point cloud upsam-
pling network, called PUDM, which is formally based on a
conditional DDPM. Unlike previous methods, PUDM mod-
els the gradient of data distribution from dense point clouds
(i.e., the ground truth), directly utilizing the dominant fea-
tures to fit the ground truth, and decoupling the dependency
on CD loss. Moreover, the auto-regressive nature of DDPM
enables PUDM to efficiently avoid the additional upsam-
pling module design, ensuring intrinsic point-wise mapping
relationships in point clouds.

Simultaneously, to improves the ability of perceiving
point features, PUDM employs a dual mapping paradigm.
This naturally establishes a dual mapping relationship: be-
tween the generated sparse point cloud and the sparse point
cloud, and between the dense point cloud and the noise. In
this context, PUDM has the ability to learn complex geo-
metric structures from the ground truth, generating uniform
surfaces aligned with the ground truth, as Fig 1.

Furthermore, we found that DDPM only models fixed-
scale point cloud objects during training. To overcome this,
we consider parameterizing a rate factor to exploit the prior
knowledge of the scale between sparse point clouds and
dense point clouds. In this way, PUDM enables to generate
high-fidelity arbitrary-scale point clouds during inference.

In additional, benefiting from the inherent denoising ar-
chitecture and the non-dependency for CD loss, PUDM
demonstrates a remarkable degree of robustness in noise ex-
periments.

Our key contributions can be summarized as:
• We systematically analyze and recognize conditional

DDPM as a favorable model for generating uniform point
clouds at arbitrary scales in point cloud upsampling tasks.

• We propose a novel network with a dual mapping for
point cloud upsampling, named PUDM, which is based
on conditional DDPM.

• By exploiting the rate prior, PUDM exhibits the ability
of generating high-fidelity point clouds across arbitrary
scales during inference.

• Comprehensive experiments demonstrate the outstanding
capability of PUDM in generating geometric details in
public benchmarks of point cloud upsampling.

2. Related Works
Learnable Point Cloud Upsampling. The integration

of deep learning with formidable data-driven and trainable
attributes has markedly accelerated progress within the 3D
field. Thanks to the powerful representation capabilities of
deep neural networks, directly learning features from 3D
data has become achievable, such as PointNet [28], Point-
Net++ [29], DGCNN [27], MinkowskiEngine [2], and KP-
Conv [38]. Benefiting from the above, PU-Net [44] stands
as the pioneer in integrating deep neural networks into point
cloud upsampling tasks. This first aggregates multi-scale
features for each point through multiple MLPs, and then ex-
pands them into a point cloud upsampling set via a channel
shuffle layer. Following this pattern, some methods have
achieved more significant results, such as MPU [43], PU-
GAN [17], Dis-PU [18], and PU-GCN [30]. PU-EVA [21]
is the first to achieve the arbitrary-scale point clouds up-
sampling via edge-vector based affine combinations in one-
time training. Subsequently, PUGeo [32] and NePs [7] be-
lieve that sampling points within a 2D continuous space can
generate higher-quality results. Furthermore, Grad-PU [9]
transforms the point cloud upsampling task into a coordi-
nate approximation problem, avoiding the upsampling mod-
ule design.

Most methods predict the dense point cloud coordinates
via sparse point cloud features, and extend the point set rely-
ing on an upsampling module. This causes them to struggle
to learn complex geometry details from the ground truth.
Moreover, they frequently exhibit a susceptibility to noise
due to depending on CD loss during training. In this pa-
per, we consider transforming the point cloud upsampling
task into a point cloud generation problem, and first utilize
conditional DDPM to address the aforementioned issues.

DDPM for Point Cloud Generation. Inspired by the
success in image generation tasks [33–35], there has been
greater attention on directly generating point clouds through
DDPM. [22] represents the pioneering effort in applying
DDPM to unconditional point cloud generation. Subse-
quently, [50] extends the application of DDPM to the point
cloud completion task by training a point-voxel CNN [20].
However, the voxelization process introduces additional
computational complexity. Furthermore, PDR [23] takes
raw point clouds as input. But this requires training the two
stages (coarse-to-fine) of diffusion models, resulting in a
greater time overhead.

In this paper, we explore to the application of conditional
DDPM to handle the point cloud upsampling task. Unlike
the point cloud generation and completion task, point cloud
upsampling exhibits the difference of the point cloud scale
between training and inference. We overcome this issue by
exploiting a rate prior. Meanwhile, our method based on a
dual mapping paradigm enables to efficiently learn complex
geometric details in a single-stage training.

20787



3. Denoising Diffusion Probabilistic Models
3.1. Background for DDPM

The forward and reverse process. Given the dense
point cloud x sampled from a meaningful point distribution
Pdata, and an implicit variable z sampled from a tractable
noise distribution Platent, DDPM establishes the transfor-
mation relationship between x and z through two Markov
chains. This conducts an auto-regressive process: a forward
process q that gradually adds noise to x until x degrades to
z, and a reverse process pθ that slowly removes noise from
z until z recovers to x. We constrain the transformation
speed using a time step t ∼ U(T ) (T = 1000 in this paper).

Training objective under specific conditions. Given a
set of conditions C = {ci|i = 1..S}, the training objective
of DDPM under specific conditions is (please refer to the
supplementary materials for the detailed derivation):

L(θ) = Et∼U(T ),ϵ∼N (0,I)||ϵ− ϵθ(xt,C, t)||2 (1)

where xt =
√
1− αtϵ+

√
αtx0 [11].

The gradient of data distribution. Furthermore, we use
a stochastic differential equation (SDE) to describe the pro-
cess of DDPM [37]:

sθ(xt, t) = ∇x log(xt) = − 1√
1− αt

ϵθ(xt, t) (2)

The training objective of DDPM is essentially equivalent
to computing the score (the gradient of data distribution),
which differs only by a constant factor − 1√

1−αt
.

3.2. Analysis of DDPM for PCU

We pioneer the exploration of the advantages and lim-
itations of DDPM for PCU, hoping these insights encour-
age more researchers to introduce probabilistic models into
PCU.

DDPM is an effective model for PCU. As mentioned
in Sec 3.1, the auto-regressive nature of DDPM allows it to
directly learn geometry details of the ground truth using the
dominant features, generating closer-to-truth, fine-grained
results.

Simultaneously, the reverse process of DDPM in PCU is:

pθ(x0:T , c) = p(xT )

T∏
t=1

pθ(xt−1|xt, c) (3)

where c means the sparse point cloud sampled from a data
distribution Pc. According to Eq 3, the condition c par-
ticipates in each step of the reverse process. In fact, this
is usually achieved using an additional branch network in-
teracting with the noise network, without intrinsically dis-
rupting the auto-regressive process of DDPM, thus cleverly

avoiding to design an additional upsampling module. More-
over, the process naturally defines a one-to-one point-wise
mapping relationship between the dense point cloud and the
noise, preserving the order of points in the diffusion pro-
cess.

Furthermore, the efficient denoising architecture and the
decoupling of CD loss significantly support the strong noise
robustness of DDPM.

The limitations of DDPM in PCU. While DDPM show-
cases some advantageous attributes within PCU, it also har-
bors certain potential limitations:
• Limitation 1: The lack of effective prior knowledge in

the 3D field results in the weak feature perception capa-
bility for point cloud conditional networks [14, 31, 47],
significantly affecting the final generation results (Tab 8).
Although some methods [23] compensate for this prob-
lem via a two-stage (coarse-to-fine) training approach,
they require a higher training cost.

• Limitation 2: The auto-regressive nature of DDPM pro-
vides robust modeling capabilities for fixed-scale objects
during training, but it struggles to generate high-quality
arbitrary-scale ones during inference (Tab 9). Some
works treat different scale point cloud upsampling as mul-
tiple tasks [30, 43, 44], but it’s not advisable for DDPM
due to the excessively high training cost.

4. Methodology
4.1. Dual mapping Formulation

For limitation 1, we adopt a dual mapping paradigm. We
first provide a formal exposition of its conception, subse-
quently delineating the manner in which PUDM aligns with
these principles, with a particular emphasis on its role.

Given two point sets of x1 = {x1i ∈ R3|i = 1..M},
and x2 = {x2i ∈ R3|i = 1..N} from different data dis-
tributions, a network fx with a dual-branch architecture
(fx = {f1, f2}), and the corresponding supervision signals
for these branches (lx = {l1, l2}), if fx satisfies:

y1 = f1(x
1), y2 = f2(x

2) (4)

where y1 = {y1i ∈ R3|i = 1..M}, y2 = {y2i ∈ R3|i =
1..N}. fx can be claimed as a dual mapping network. Eq
4 means that each element in the original input has one and
only one corresponding element in the final output in each
branch.

In PUDM, we only require the conditional network to
meet the above condition, because the noise network in-
herently builds a one-to-one point-wise mapping between
the input and the output [23]. Specifically, we first force
the output c′ = {c′i ∈ R3|i = 1..M} from the condi-
tional network fψ to approximate the sparse point cloud
c = {ci ∈ R3|i = 1..M} coordinates via MLPs, and then
optimize the process by the mean squared error loss:
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L(ψ) = Ec∼Pc ||c− c′||2 (5)

Formally, this establishes a one-to-one point-wise map-
ping between the input and the output for the conditional
network, c′ = fψ(c) = Dc(Ec(c, T M(En(xt, r, t)))), as
shown in Fig 2. T M(·) denotes the Transfer Module de-
fined in Sec 4.3.

For point cloud tasks with unordered structures, this pat-
tern effectively enhances network capability in capturing
point features by preserving the ordered relationships be-
tween input and output points [3, 12]. Moreover, corre-
sponding supervision signals ensure adequate training for
each branch network (Fig 7), providing an effective strategy
to address the challenge of lacking robust 3D pre-trained
models for conditional branch networks in point cloud gen-
eration tasks.

4.2. Rate Modeling

For limitation 2, drawing inspiration from the practice
of adding class labels in conditional probabilistic models
[6, 10, 26], we propose a simple and effective approach to
achieve high-quality arbitrary-scale sampling during infer-
ence. Specifically, we first add a rate label r to each sample
pair, (c,x) → (c,x, r) (the supplementary materials pro-
vide ablation studies for different forms of the rate label r).
Subsequently, we parameter the rate factor using an embed-
ding layer. In this way, the reverse process of DDPM is:

pθ(x0:T , c, r) = p(xT )

T∏
t=1

pθ(xt−1|xt, c, r) (6)

Eq 6 demonstrates that this simply adds an additional
condition to DDPM, the rate prior r, without increasing the
number of samples. Unlike class labels, we found in exper-
iments that this conditional prior we exploited can signifi-
cantly improve the generation quality of unseen-scale point
clouds. The reason is that generating unseen-scale and seen-
category objects usually are easier compared to generating
seen-scale and unseen-category ones for models.

4.3. Network Architecture

In this section, we introduce the overall framework of
PUDM, consisting of three crucial components: the condi-
tional network (C-Net), the noise network (N-Net), and the
Transfer Module (TM). This process is remarkably illus-
trated in Fig 2. The parameter setting and implementation
details are provided in the supplementary materials.

The Conditional Network (C-Net). We use PointNet++
[29] as the backbone. This follows the standard U-Net
framework. The encoder and decoder are composed of mul-
tiple Set Abstraction (SA) layers and Feature Propagation

Q   K  V

Rate Prompt

Interpolate

element-wise
addition

skip connection

MSE loss

Q   K  V

features
exchange

The N-Net The C-Net

Q   K  V

Cross-
Attention

The Transfer
Module

Figure 2. The overall framework of PUDM: The N-Net (upper
branch) and the C-Net (lower branch) both establish a one-to-one
point-wise mapping between input and output using mean squared
error loss. They engage in information exchange through a transfer
module (TM). Simultaneously, the rate prompt is provided to ex-
ploit the prior knowledge of the scale between sparse point clouds
and dense point clouds.

(FP) layers, respectively. Unlike PointNet++ using the max-
pooling layer to filter features, we consider utilizing the
self-attention layer to retain more fine-grained information
[25, 48]. In addition, we only feed the sparse point cloud
into the C-Net to ensure the feature extraction in a pure and
effective manner.

The Noise Network (N-Net). The N-Net and the C-Net
share the same network architecture. In contrast to the C-
Net, we need to introduce additional guidance information
to the N-Net for modeling the diffusion steps.

We first transform the sparse point cloud c ∈ RN×3 into
the interpolation point cloud i ∈ RrN×3 through the mid-
point interpolation [9], and then sum i and xt as the input
for the N-Net. Meanwhile, we extract the global features
from i to enhance the semantic understanding. Furthermore,
to identify the noise level, we encode the time step t. Fi-
nally, as mentioned in Sec 4.2, we parameterized the rate
factor r. These additional pieces of information are both
treated as global features, and incorporated into each stage
of the encoder and the decoder in the N-Net.

The Transfer Module (TM). We propose a bidirectional
interaction module (TM) to serve as an intermediary be-
tween the C-Net and the N-Net. We only place the TM
at the bottleneck stage of U-Net, due to the significant com-
putational efficiency and the abundant semantic information
via the maximum receptive field [12, 15].

Given the outputs of the encoder in the C-Net and the
N-Net, F c ∈ RNc

e×C
c
e , Fn ∈ RNn

e ×Cn
e separately, the TM

first transforms F c → (Q) ∈ RNc
e×Ci and Fn → (K,V ) ∈

RNn
e ×Ci via MLPs. Next, we can obtain the fused feature:

Ff =MLP (softmax(
QKT

√
Ci

)V ) + F c (7)
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Subsequently, Ff is fed into a feed-forward network
(FFN) to output the final features. Similarly, the same oper-
ation is also applied in reverse direction, so that information
flows in both directions, F c → Fn and Fn → F c.

4.4. Training and Inference

Training. As mentioned earlier (Eq 1 and Eq 5), PUDM
is a dual mapping network, and models the rate prior during
training. Therefore, the training objective is:

Lmse = L(θ) + αL(ψ) (8)

where α means a weighting factor (α = 1 in this paper).
Inference. We found that adding the interpolated points

i as the guidance information significantly improves the
generated quality during inference. Therefore, we itera-
tively transform xt into x0 based on :

xt−1 = γ(
1

√
αt

(xt −
1− at√
1− αt

ϵθ(xt, c, r, t)) + σtϵ+ i)

(9)
where γ denotes a scale factor (γ = 0.5 in this paper).

5. Experiments
5.1. Experiment Setup

Dataset. In our experiments, we utilize two public
benchmarks (PUGAN [17], PU1K [30]) for evaluation. We
adhere to the official training/testing partitioning protocols
for these datasets. This uses Poisson disk sampling [45] to
generate 24,000 and 69,000 uniform patches for training,
respectively. Each patch contains 256 points, while the cor-
responding ground truth has 1024 points. Meanwhile, 27
and 127 point clouds are used for testing, respectively. The
input sparse point clouds consist of 2048 points, and are
upsampled to 2048×R points via evaluated methods.

Metrics. Following [9, 43, 44], we employ the Chamfer
Distance (CD × 10−3), Hausdorff Distance (HD × 10−3),
and Point-to-Surface Distance (P2F × 10−3) as evaluation
metrics in our experiments.

5.2. Comparison with SOTA

Results on PUGAN. We first conduct the point cloud
upsampling at low upsampling rate (4×) and high upsam-
pling rate (16×) on PUGAN. Tab 1 illustrates the substan-
tial superiority of our method in geometric detail descrip-
tion compared to other methods, as evidenced by signifi-
cantly reduced CD and HD. Because our method models
the gradient of data distribution from dense point clouds, fa-
cilitating the direct approximation of geometric details from
the ground truth, thereby yielding higher accuracy of our re-
sults. Fig 3 further substantiates our viewpoint, and shows
that our method produces fewer outliers, aligning with more
uniform surfaces, closer to the ground truth.

In addition, despite P2F falling slightly behind Grad-PU
[9] at 4×, the difference is insignificant due to the asymme-
try between points and surfaces [9, 17].

Methods 4× 16×
CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

PU-Net [44] 0.529 6.805 4.460 0.510 8.206 6.041
MPU [43] 0.292 6.672 2.822 0.219 7.054 3.085
PU-GAN [30] 0.282 5.577 2.016 0.207 6.963 2.556
Dis-PU [18] 0.274 3.696 1.943 0.167 4.923 2.261
PU-EVA [21] 0.277 3.971 2.524 0.185 5.273 2.972
PU-GCN [30] 0.268 3.201 2.489 0.161 4.283 2.632
NePS [7] 0.259 3.648 1.935 0.152 4.910 2.198
Grad-PU [9] 0.245 2.369 1.893 0.108 2.352 2.127
Ours 0.131 1.220 1.912 0.082 1.120 2.114

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

Arbitrary Upsampling Rates on PUGAN. Similarly to
[9], we perform comparative analyses across different rates
on PUGAN. Tab 2 shows that our method steadily outper-
forms Grad-PU [9] across nearly all metrics. In particular,
our method demonstrates a significant performance advan-
tage in terms of CD and HD, further affirming the superior-
ity in learning complex geometric details.

Moreover, we visualize the results at higher upsampling
rates (16×, 32×, 64×, and 128×) in Fig 4. Our results ob-
viously exhibit more complete, uniform, and smooth com-
pared to Grad-PU [9].

Rates Grad-PU [9] Ours
CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

2× 0.540 3.177 1.775 0.247 1.410 1.812
3× 0.353 2.608 1.654 0.171 1.292 1.785
5× 0.234 2.549 1.836 0.116 1.244 1.794
6× 0.225 2.526 1.981 0.107 1.235 1.980
7× 0.219 2.634 1.940 0.106 1.231 1.952

Table 2. Grad-PU vs. ours at different rates on PUGAN. Benefit-
ing from the rate modeling, our method still exhibits remarkable
performance at different rates.

Methods CD↓ HD↓ P2F↓
PU-Net [44] 1.155 15.170 4.834
MPU [43] 0.935 13.327 3.511
PU-GCN [30] 0.585 7.577 2.499
Grad-PU [9] 0.404 3.732 1.474
Ours 0.217 2.164 1.477

Table 3. The results of 4× on PU1K. We utilize the experimental
results from the original paper. Our method outperforms other
methods across nearly all metrics.

Results on PU1K. Furthermore, we also conduct the
evaluation at 4× on more challenging PU1K [30]. As re-
ported in Tab 3, our method continues to demonstrate sub-
stantial advantages in terms of CD and HD compared to
other methods.

Result on Real datasets. Additionally, we conduct the
evaluation on real indoor (ScanNet [5]) and outdoor (KITTI
[8]) scene datasets. Note that all methods are only trained

20790



Figure 3. Visualization results at 4× on PUGAN. Our result exhibits fewer outliers, and clearly captures geometric details from the ground
truth (the holes on the casting).

Figure 4. Grad-PU vs. ours at large rates on PUGAN. Our method
consistently generates more uniform and smooth surfaces (these
results are achieved using an NVIDIA 3090 GPU).

on PUGAN. Upsampling scene-level point clouds poses
greater challenges than upsampling object-level ones, due
to the former having more intricate geometric structures.
Due to the absence of the ground truth, our analysis is con-
fined to qualitative comparisons. In Fig 5, our method still
generates reasonable and smooth surfaces on some com-
plex structures, while other methods exhibit artifacts such as
overlap and voids. Simultaneously, Fig 6 illustrates that our
results show more complete and fewer outliers. Although
Grad-PU [9] also demonstrates good outlier results, it gen-
erates a considerable amount of uneven surfaces.

5.3. Validation for Noise Robustness

Gaussian Noise. To demonstrate the robustness, we per-
turb the sparse point clouds with Gaussian noise sampled
N (0, I) added at different noise levels τ .

As shown in Tab 4, our method significantly outperforms
other methods under multiple level noise perturbations (τ =
0.01, τ = 0.02). Specifically, this is because our method
models the noise ϵ (the gradient of data distribution) and
avoids CD loss during training.

Noise Levels τ = 0.01 τ = 0.02
Methods CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓
PU-Net [44] 0.628 8.068 9.816 1.078 10.867 16.401
MPU [43] 0.506 6.978 9.059 0.929 10.820 15.621
PU-GAN [30] 0.464 6.070 7.498 0.887 10.602 15.088
Dis-PU [18] 0.419 5.413 6.723 0.818 9.345 14.376
PU-EVA [21] 0.459 5.377 7.189 0.839 9.325 14.652
PU-GCN [30] 0.448 5.586 6.989 0.816 8.604 13.798
NePS [7] 0.425 5.438 6.546 0.798 9.102 12.088
Grad-PU [9] 0.414 4.145 6.400 0.766 7.336 11.534
Ours 0.210 2.430 6.070 0.529 5.471 9.742

Table 4. The results of 4× at low-level Gaussian noise on PU-
GAN. Our method significantly outperforms other methods in
terms of noise robustness.

Moreover, we also conduct the evaluation under more
challenging noise perturbations. Tab 5 shows that our
method exhibits stronger robustness results at higher level
noise perturbations (τ = 0.05 and τ = 0.1). This indicates
that our method exhibits a trend of resilience for the noise
robustness.

Other Noise. Furthermore, we also investigated the per-
formance of our method on uniform noise. Admittedly,
while our method still keeps SOTA performance, as shown
in Tab 6, the results on uniform noise show significantly
lower than that on Gaussian noise.

We provide an intuitive explanation. Eq 2 demonstrates
that the training objective of DDPM is to fit the gradient of
data distribution (modeling the noise ϵ, named score) [37].
Essentially, DDPM learns the direction of noise generation.
When the conditions with noise are considered, the distur-
bance in the direction exhibits relatively small, because the
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Figure 5. The results of 4× on KITTI. Our method noticeably generates more reasonable and uniform results on some complex geometric
structures.

Noise Levels τ = 0.05 τ = 0.1
Methods CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓
PU-Net [44] 1.370 13.729 23.249 1.498 14.193 23.846
MPU [43] 1.247 11.645 22.189 1.321 12.415 23.841
PU-GAN [30] 1.124 9.091 21.252 1.271 10.911 23.174
Dis-PU [18] 1.076 7.921 20.603 1.244 10.913 22.845
PU-EVA [21] 1.057 7.910 20.044 1.226 9.305 22.296
PU-GCN [30] 1.263 9.869 22.835 1.456 11.063 25.213
NePS [7] 1.143 9.645 18.642 1.198 9.874 20.162
Grad-PU [9] 0.978 8.057 16.927 1.118 8.946 18.845
Ours 0.618 5.386 14.751 0.853 6.239 16.845

Table 5. The results of 4× at high-level Gaussian noise on PU-
GAN. Compared to other methods, our method demonstrates a
more favorable upward trend for robustness to noise.

noise has a similar distribution to ϵ. Therefore, during infer-
ence, our method demonstrates robustness to approximat-
ing noise distributions of ϵ (Gaussian noise), but performs
poorly when faced with different ones (the supplementary
materials provide more noise experiments to support this
conclusion).

Noise Levels τ = 0.05 τ = 0.1
Methods CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓
PU-Net [44] 1.490 14.473 23.223 1.725 15.442 25.251
MPU [43] 1.224 10.842 20.456 1.545 11.645 23.512
PU-GAN [30] 1.034 7.757 18.617 1.327 9.700 21.321
Dis-PU [18] 1.006 6.856 17.873 1.314 7.463 20.980
PU-EVA [21] 1.024 7.534 18.179 1.334 8.056 21.158
PU-GCN [30] 1.045 9.643 18.899 1.325 10.877 21.633
NePS [7] 1.048 7.345 18.054 1.321 9.645 21.314
Grad-PU [9] 1.067 6.634 17.734 1.399 7.215 21.028
Ours 0.998 6.110 17.558 1.310 6.732 20.564

Table 6. The results of 4× at high-level uniform noise on PUGAN.
Our method outperforms other methods on all metrics.

5.4. Effectiveness in Downstream Task

We evaluate the effectiveness of upsampling quality in
the downstream task: point cloud classification. Mean-
while, we also conducted experiments on point cloud part
segmentation, please refer to the supplementary materials.

PointNet [28] and PointNet++ [29] are chosen as the
downstream task models due to their significant perfor-
mance and widespread influence in 3D tasks. We follow
the official training and testing procedures. Simultaneously,
we select ModelNet40 [40] (40 categories) and ShapeNet
[1] (16 categories) as the benchmarks for point cloud clas-

sification. For a fair and effective evaluation, we use only
3D coordinates as the input. Similar to the evaluated strat-
egy on real datasets, all point cloud upsampling methods are
only trained on PUGAN.

For evaluation, we first subsample 256/512 points from
test point clouds on ModelNet40/ShapeNet. Subsequently,
they are upsampled to 1024/2048 points through evaluation
methods. As depicted in Tab 7, our results significantly im-
prove the classification accuracy compared to the low-res
point clouds, and consistently outperforms other methods
across all metrics.

Datasets ModelNet40 (%) ShapeNet (%)
Models PointNet PointNet++ PointNet PointNet++
Methods IA↑ CA↑ IA↑ CA↑ IA↑ CA↑ IA↑ CA↑
Low-res 87.15 83.12 88.87 84.45 97.61 95.09 98.20 96.11
High-res 90.74 87.14 92.24 89.91 98.89 96.61 99.27 98.18
PU-Net [44] 88.72 85.25 88.99 85.43 97.99 95.69 98.57 96.35
MPU [43] 89.04 85.84 89.54 86.51 98.03 95.92 98.94 96.81
PU-GAN [30] 89.95 85.68 90.45 87.23 98.75 95.70 90.45 87.23
Dis-PU [18] 88.70 85.34 89.56 86.53 98.80 96.07 99.00 97.15
PU-EVA [21] 89.27 85.63 89.96 86.86 98.72 95.69 99.07 97.58
PU-GCN [30] 89.77 85.38 89.45 86.15 98.78 96.06 99.03 97.42
NePS [7] 90.01 86.15 90.32 87.34 98.94 96.20 99.12 97.94
Grad-PU [9] 90.05 86.06 89.98 87.49 98.82 96.19 99.10 97.63
Ours 90.33 86.54 92.14 89.42 98.85 96.58 99.13 97.99

Table 7. The results of point cloud classification. ”Low-res” refers
to the point cloud subsampled, while ”High-res” denotes the orig-
inal test point cloud. Meanwhile, ”IA” stands for instance accu-
racy, and ”CA” denotes class accuracy. Our results have more rea-
sonable, finer-grained, and closer-to-ground truth geometric struc-
tures, thereby achieving more significant classification accuracy.

5.5. Ablation Study

With/Without the dual mapping paradigm. Thanks
to the rich and structured data, the conditional networks for
text or images can be replaced by powerful pre-trained mod-
els [34–36, 41]. However, robust pre-trained backbones are
lacking in the 3D field due to scarce data and challenging
feature extraction [14, 31, 47]. In this paper, we employ the
dual mapping paradigm to augment the capability of per-
ceiving point features for PUDM, ensuring the comprehen-
sive training of the C-Net. To validate this point, we remove
the supervision signal from the C-Net to disrupt this pattern.
Meanwhile, we also validate the importance of the C-Net by
retaining only the N-Net in PUDM .
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Figure 6. The results of 4× on ScanNet. Our results exhibit reduced instances of outliers, concurrently generating more uniform and
complete surfaces.

As reported in Tab 8, disrupting the dual mapping pattern
leads to a significant decrease in performance due to the
weakened point feature perception ability of the C-Net. Fig
7 visualizes the results of the C-Net generating input sparse
points using the dual mapping paradigm.

Meanwhile, although removing the C-Net can maintain
a single mapping pattern, as demonstrated in prior research
[21, 30, 44], sparse point cloud feature extraction plays a
pivotal role in PCU.

Methods CD↓ HD↓ P2F↓
Without the C-Net 0.212 2.015 2.284
Without the dual mapping 0.168 1.498 2.013
With the dual mapping 0.131 1.220 1.912

Table 8. Ablation study of the dual mapping paradigm. The dual
mapping pattern evidently achieves the best performance.

Figure 7. Visualization results of the C-Net generating sparse point
clouds on PUGAN. This demonstrates that the C-Net has been
effectively trained.

With/Without the rate prior. As mentioned in Sec 4.2,
we introduce the rate prior into PUDM during training to
achieve high-quality generation of point clouds during in-
ference. Tab 9 demonstrates the effectiveness of this ap-
proach. Without the rate prior, the overall performance no-
tably decreases, and exhibits significant fluctuations (per-
forming better at 4×, but worse at other rates).

Single/Multiple Transfer Module. In this paper, we
employ a TM positioned at the bottleneck stage of the U-
Net, as its maximum receptive field provides ample con-

Rates Without the rate modeling With the rate modeling
CD↓ HD↓ P2F↓ CD↓ HD↓ P2F↓

2× 0.295 1.816 2.014 0.247 1.410 1.812
3× 0.224 1.544 1.975 0.171 1.292 1.785
4× 0.158 1.512 1.815 0.131 1.220 1.912
5× 0.166 1.548 1.944 0.116 1.244 1.794
6× 0.151 1.528 1.956 0.107 1.235 1.980
7× 0.144 1.425 1.988 0.106 1.231 1.952
8× 0.139 1.399 1.921 0.104 1.215 1.875

Table 9. Ablation study of the rate prior. Utilizing the rate prior
significantly enhances the quality of arbitrary-scale sampling.

textual information [12, 15]. Meanwhile, we also attempt
to place multiple TMs at each stage in U-Net to enable the
interaction of multi-scale information [23]. Tab 10 shows
that although multiple TMs lead to a slight improvement in
terms of CD loss, it is not cost-effective due to the signifi-
cant increase in computational cost.

Methods CD↓ HD↓ P2F↓ Params↓
Multiple TMs 0.129 1.235 1.953 28.65M
Single TM 0.131 1.220 1.912 16.03M

Table 10. Ablation study of the Transfer Module. Using the single
TM strikes a balance between performance and efficiency.

6. Conclution
In this paper, we systematically analyze and identify the

potential of DDPM as a promising model for PCU. Mean-
while, we propose PUDM based on conditional DDPM.
PUDM enables to directly utilize the dominant features
to generate geometric details approximating the ground
truth. Additionally, we analyze the limitations of applying
DDPM to PCU (the absence of efficient prior knowledge
for the conditional network and the fixed-scale object mod-
eling), and propose corresponding solutions (a dual map-
ping paradigm and the rate modeling). Moreover, we of-
fer a straightforward explanation regarding the robustness
to noise for PUDM observed in experiments.
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