
Feature Extraction and Representation of Pre-training Point Cloud Based on
Diffusion Models

Chang Qiu
Southeast University
230238519@seu.edu.cn

Feipeng Da*

Southeast University
dafp@seu.edu.cn

Zilei Zhang
Southeast University

230238524@seu.edu.cn

Abstract

The pretrain-finetune paradigm of pre-training a model on
large amounts of image and text data and then fine-tuning
the model for a specific task has led to significant progress
in many 2D image and natural language processing tasks.
Similarly, the use of pre-training methods in point cloud
data can also enhance the working performance and gen-
eralization ability of the model. Therefore, in this paper,
we propose a pre-training framework based on a diffusion
model called PreDifPoint. It is able to accomplish the pre-
training of the model’s backbone network through a diffu-
sion process of gradual denoising. We aggregate the po-
tential features extracted from the backbone network, input
them as conditions into the subsequent diffusion model, and
direct the point-to-point mapping relationship of the noisy
point clouds at neighboring time steps, so as to generate
high-quality point clouds and at the same time better per-
form various downstream tasks of the point clouds. We
also introduce a bi-directional covariate attention (DXCA-
Attention) mechanism for capturing complex feature inter-
actions, fusing local and global features, and improving
the detail recovery of point clouds. In addition, we pro-
pose a density-adaptive sampling strategy, which can help
the model dynamically adjust the sampling strategy between
different time steps, and guide the model to pay more atten-
tion to the denser regions in the point cloud, thus improving
the effectiveness of the model in point cloud recovery. Our
PreDifPoint framework achieves more competitive results
on various real-world datasets. Specifically, PreDifPoint
achieves an overall accuracy of 87.96%, which is 0.35%
higher than PointDif, on the classification task on PB-T50-
395RS, a variant of ScanObjectNN dataset.

1. Introduction
Recent work has demonstrated that the pretrain-finetune
paradigm, where a model is first pretrained on large
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amounts of image and text data and then fine-tuned for spe-
cific tasks, has led to substantial advancements in many 2D
image and natural language processing tasks [11, 16, 27].
Pretraining the backbone on large-scale datasets enables
the model to learn rich feature representations while also
avoiding the need for large amounts of data and computa-
tional resources required for training a model from scratch
[8, 9, 32]. Pretrained models, after fine-tuning, can learn
task-specific knowledge, exhibit better generalization capa-
bilities, and converge to optimal performance levels more
rapidly [6, 14]. Similarly, using pretraining methods for
point cloud data can also enhance the model’s performance
and generalization ability [44, 46, 48].

Generative pretraining methods, through generative
models, capture the complex structure and intricate de-
tails of point cloud data, thereby obtaining more power-
ful feature representations. Early works such as Point-
BERT [44], Point-MAE [23], and Point-M2AE [45] em-
ployed self-supervised learning by reconstructing masked
local point patches, forcing the model to learn local point
cloud information. However, this masking and reconstruc-
tion approach may overlook the contextual relationships be-
tween masked and unmasked regions, preventing the model
from effectively understanding the global structure of the
object or scene. Inspired by diffusion models [10], which
can understand global structure and long-term dependencies
through the process of adding and removing noise, we pro-
pose using a diffusion model to guide the pretraining pro-
cess of point clouds.

Thus, we introduce a diffusion-based pretraining frame-
work, named PreDifPoint. This framework pretrains only
the backbone network of the model, and then fine-tunes the
task-specific parts. The pretraining of the backbone net-
work is achieved through a progressive denoising diffusion
process, as shown in Fig. 1. By pretraining the backbone, it
can learn meaningful features during the feature extraction
phase, which also significantly enhances the model’s gener-
alization ability. At the same time, this reduces the number
of parameters that need to be adjusted during training, ac-
celerating convergence and reducing overfitting.
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Figure 1. Schematic illustration of our PreDifPoint. Our PreD-
ifPoint can be used to train different backbones and reconstruct
the original point cloud from the noisy one through a diffusion
process.

Specifically, the PreDifPoint framework consists of three
core modules: the Conditional Point Generation Network
(CGNet), the Conditional Denoising Network (CDNet), and
the Conditional Diffusion Network (CDPNet). CGNet ag-
gregates the latent features extracted by the backbone and
feeds them as conditional inputs into the subsequent dif-
fusion model. CDNet utilizes these conditional inputs to
perform denoising and restore point cloud details. CDPNet,
through the point-to-point mapping of noisy point clouds
between adjacent time steps in the diffusion process [48],
ensures that the generated point clouds excel in both global
consistency and local detail. With this design, the model can
generate high-quality point clouds based on various condi-
tions, exhibiting strong diversity and adaptability to perform
various downstream tasks.

Additionally, we propose a density-adaptive sampling
strategy. We divide the entire time step range into several
subintervals, each containing multiple time steps. Within
each subinterval, the sampling probability is dynamically
adjusted according to the local density of the point cloud at
each time step, prioritizing sampling from steps with higher
density. This strategy allows for more fine-grained control
over the sampling process at each time step and helps dy-
namically adjust the sampling strategy across time steps,
improving the model’s point cloud recovery performance.

Our main contributions can be summarized as follows:

• We propose a diffusion-based point cloud pretraining
framework, PreDifPoint, which leverages conditional
guidance for generation, denoising, and recovery, as well
as global and local feature modeling. This framework en-
hances the performance of point cloud generation and de-
noising tasks and provides high-quality feature represen-
tations for downstream tasks.

• We introduce a DXCA-Attention mechanism into the
model to capture complex global feature interactions and
generate more instructive condition vectors to enhance
the detail reconstruction of the point cloud. The condi-
tion vectors obtained through CGNet will be combined
with time-step information and passed to the subsequent

network for denoising.
• We propose a density-adaptive sampling strategy, which

can help the model dynamically adjust the sampling strat-
egy between different time steps, and guide the model
to pay more attention to the denser regions in the point
cloud, thus improving the effectiveness of the model in
point cloud recovery.

• The PreDifPoint framework requires only fine-tuning
for task-specific components (such as classifiers), al-
lowing the model to perform optimally across various
tasks, particularly in data-limited or computationally con-
strained environments. Notably, the PreDifPoint frame-
work demonstrates competitive performance in a variety
of practical downstream tasks.

2. Related Works

2.1. Point Cloud Pretraining

In deep learning, pretraining has become a key technique
for enhancing model performance, especially when data is
scarce or labels are limited. For point cloud learning tasks,
pretraining is particularly important. Point cloud data typ-
ically has complex spatial structures and sparsity, and tra-
ditional training methods often rely on large amounts of
labeled data, which is difficult to obtain in real-world ap-
plications. Therefore, learning effective point cloud repre-
sentations through pretraining not only reduces reliance on
labeled data but also improves the model’s generalization
and robustness in downstream tasks.

Currently, point cloud pretraining methods can be
broadly categorized into three types: self-supervised learn-
ing, generative models [29, 34, 43], and transfer learning.
Each approach has its unique advantages and application
scenarios.

Self-supervised methods [4, 30, 31] can mask parts of the
data and train the model to reconstruct the missing parts or
optimize the model’s representation ability through strate-
gies like contrastive learning. Point-MAE [23] randomly
masks certain points in the point cloud and trains the model
to recover these missing points, thereby effectively learn-
ing the geometric features of the point cloud. Point-M2AE
[45] for hierarchical self-supervised learning of 3D point
clouds modifies the encoder and decoder into a pyramid
architecture to incrementally model the spatial geometry
and capture the fine-grained and high-level semantics of 3D
shapes. PointContrast [42] employs contrastive learning to
treat point cloud representation as a learning task, improv-
ing the model’s ability to distinguish between similar and
different point cloud segments.

Generative models [19, 20, 24, 37, 41], particularly de-
noising diffusion models and variational autoencoders, have
made significant progress in point cloud pretraining in re-
cent years. These models learn the generative distribution of
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point cloud data, capturing the details of the point cloud and
completing missing data. DDPM [22] demonstrates how to
use pretrained denoising diffusion models for conditional
point cloud generation and completion, significantly im-
proving the quality of point cloud reconstruction. PVD [49]
introduces a conditional variational diffusion model (CV-
Diffusion) that can generate high-quality 3D shapes through
conditional information, effectively applied to point cloud
generation and completion tasks.

Transfer learning methods [3, 12, 15] involve pretrain-
ing a model on a large-scale dataset and then transferring
it to a specific task, significantly improving performance
when data is limited. Meta-PointNet [17] proposes a meta-
learning-based pretraining method for point cloud classifi-
cation and segmentation, where knowledge is shared across
multiple tasks, greatly improving performance on few-shot
tasks.

2.2. Diffusion Models

The core idea of diffusion models [13, 28, 36, 39, 51] is to
simulate a process of gradually adding noise and then recov-
ering the data through reverse denoising. Diffusion models
have been widely used in recognition tasks such as object
detection [5] and semantic discrimination [1, 2, 38]. Dur-
ing training, the model learns how to recover real data from
noise, which helps generate high-quality samples. This pa-
per uses conditional diffusion models, which introduce ad-
ditional conditional information into the diffusion process
to guide the generated model. These conditional inputs can
include labels, textual descriptions, or other external fea-
tures that help the model generate data that meets specific
conditions. Conditional diffusion models have shown ex-
cellent performance in multimodal generation tasks, par-
ticularly in image generation, point cloud generation, and
speech synthesis.

Diffusion probabilistic models [21] proposed a point
cloud probabilistic generation model inspired by nonequi-
librium thermodynamics that utilizes a backward diffusion
process to learn point distributions. And they achieved com-
petitive performance in point cloud generation and auto-
matic coding, and comparable results in unsupervised repre-
sentation learning. PointDif [48] proposes a conditional dif-
fusion model for point cloud pretraining tasks. This model
can more precisely control the structure and details of the
point cloud during the generation or denoising process, per-
forming particularly well in point cloud denoising and gen-
eration tasks. ICDDPM [47] can uses 2D images as prior
information to guide end-to-end 3D point cloud generation,
and obtain high-quality 3D point clouds of different types
of targets from real-world images.

The PreDifPoint framework we have developed pretrains
the network by recovering the original point cloud from ran-
domly noisy point clouds, forcing the network to learn local

and global geometric priors of point clouds. The extracted
point cloud features are passed as conditional information
into the diffusion process, guiding the generation of point
clouds step by step. Additionally, we propose a density-
adaptive sampling strategy, which allows for finer control
over the sampling process at each time step and helps dy-
namically adjust the sampling strategy between time steps,
thus improving the model’s ability to recover point clouds.

3. Method
In our pre-training process, the backbone of the overall
framework PreDifPoint is a transformer encoder. Notably,
this backbone can be replaced with any other backbone net-
work for pre-training. The input point cloud is grouped and
features are extracted, followed by masking operations and
contextual enhancement via a Transformer with positional
encoding. Subsequently, CGNet further processes these
features to generate conditional vectors that serve as con-
ditional inputs to CDNet. In CDNet, time-step embedding
is combined with conditional vectors. Finally, the CDPNet
network integrates CGNet and CDNet to generate the orig-
inal point cloud by stepwise denoising the data through a
diffusion model. The pipeline of our PreDifPoint is shown
in Fig. 2.

3.1. Diffusion Process
In the diffusion model, a clean point cloud X0ϵRn×3 is
gradually corrupted into a fully noisy point cloud XT by
incrementally adding noise. The diffusion process at each
time step t follows:

q(Xt|Xt−1) = N (Xt;
√
αtX

t−1, (1− αt)I), (1)

where αt = 1 − βt denotes the noise attenuation coeffi-
cient at time step, and βt represents the noise level. Through
this process, noise is gradually added to the point cloud until
it becomes nearly random at XT .

This reverse process predicts the denoising signals at
each time step by the neural network pθ(X

t|Xt−1, c),
which gradually recovers the original structure of the point
cloud as shown in the following equation:

pθ(X
t|Xt−1, c) = N (Xt−1;µθ(X

t, t, c), σ2
t I), (2)

where µθ(X
t, t, c) is the mean predicted by the network,

Xt representing the denoised result at step t, and σ2
t is the

noise variance.

3.2. Conditional Generation Network (CGNet)
CGNet is responsible for extracting global and local fea-
tures from the point cloud, fusing these features through
a DXCA-Attention mechanism to more comprehensively
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Figure 2. Pipline of PreDifPoint. We first group the input point cloud and extract features, which are then subjected to masking operations
and contextual enhancement via a transformer with position encoding. Subsequently, CGNet further processes these features to generate
conditional vectors, which are used as conditional inputs to CDNet. In CDNet, time-step embedding is combined with conditional vectors.
Finally, the CDPNet network integrates CGNet and CDNet to generate the original point cloud by stepwise denoising the data through a
diffusion model.

model the interactions between the features and better adapt
to different data patterns and structures, as shown in Fig. 3.
Finally, a conditional vector c associated with the density
distribution is generated, which is used to guide the subse-
quent denoising process.

We first project the input feature Floc from the point
cloud chunking encoding to the high dimensional space
through the multilayer perceptron (MLP) to obtain the pro-
jected representation Fpro of the local features, and then
obtain the global feature Fglo through the global pooling
operation on Fpro as shown in the following equation:{

Fpro = MLP (F ),

Fglo = GlobalMaxPool(Fpro).
(3)

Then, the attention weights are obtained by calculat-
ing the covariance matrix in both directions to capture the
global contextual relationships and complex feature interac-
tions. In this process, we need to first obtain the important
parameters, Q, K, and V , as shown in Eq. (4).

Q = reshape(Fpro) ∈ RB×G×C ,

K = reshape(Fglo) ∈ RB×G×C ,

V1 = reshape(Fglo) ∈ RB×G×C ,

V2 = reshape(Fpro) ∈ RB×G×C .

(4)

Then centering along the feature dimension C as shown
in Eq. (5). {

Q̄ = Q− Ec[Q],

K̄ = K − Ec[K].
(5)

Then the scaling factor
√
C is introduced to compute the

covariance matrix, as shown in Eq. (6).


AttenScore1 = Softmax

(
Q̄ · K̄T

√
C

)
∈ RB×G×C ,

AttenScore2 = Softmax

(
K̄ · Q̄T

√
C

)
∈ RB×G×C .

(6)
At this point, the bi-directional covariance features can

be aggregated as shown in Eq. (7).
O1 = AttenScore1 · V1 ∈ RB×G×C ,

O2 = AttenScore2 · V2 ∈ RB×G×C ,

O = concat(O1, O2) ∈ RB×G×2C .

(7)

Finally, we fuse the projected features, global features
and the attention-weighted features to output the condi-
tioned vector c, as shown in Eq. (8).

c = MLP (Concat(Fpro, A, Fglo)). (8)

3.3. Conditional Denoising Network (CDNet)
CDNet is responsible for gradually removing the noise and
restoring the point cloud structure during the diffusion pro-
cess, and its core is to achieve layer-level feature optimiza-
tion through residual connectivity.

First, the conditional vector c and the time embedding
temd are fused into the point cloud features through a dy-
namic gating mechanism to achieve density-aware local de-
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Figure 3. DXCA-Attention Module. This attention mechanism
achieves cross-level information fusion through the two-way in-
teraction between global and local features. In the local-to-global
direction, query vectors and key vectors are generated by center-
ing local features and global features respectively, and the contri-
bution weights of local regions to global semantics are computed
through the covariance matrix, and the semantic consistency of lo-
cal features is enhanced after weighted aggregation. In the global-
to-local direction, the global features are used as queries and local
features as keys, and the modulation relation of global context to
local details is captured by covariance attention.

noising. The time embedding temd and the fused features
can be represented as:

{
temd = [βt, sin(βt), cos (βt)],

Hl = σ(Wg[c⊕ temd])⊙ (WfHl−1) +Wb[c⊕ temd],

(9)
where σ is the Sigmoid function for generating gating

weights in the range [0, 1], and Wg ,Wf , Wb are the gating
generation weights, feature transformation weights and bias
generation weights, respectively.

Finally, to alleviate the gradient vanishing problem, the
output of each of our layers can be connected using residu-
als such that the output of each layer is represented as:

Hl = Hl−1 + CDNet(Hl−1, c, temd). (10)

3.4. Conditional Diffusion Point Network (CDPNet)
The CDPNet integrates a density-weighted diffusion pro-
cess, a conditional point generation network (CGNet), and
a conditional denoising network (CDNet) to achieve step-
wise generation from noisy to clean point clouds.

In a nutshell, it is to first get a completely noisy point
cloud XT from a clean point cloud X0 in the forward diffu-
sion process, then obtain the conditional vector c by CGNet,
and then update XT step by step from t = T to t = 1 in
CDNet, and finally get the reconstructed point cloud X0.

3.5. Density-Adaptive Sampling
To dynamically adjust the time step scheduling in the diffu-
sion model, we propose a density-adaptive sampling strat-
egy. This strategy weights the sampling probability of each

time step based on the local density of points, prioritizing
denser regions (e.g., edges) during training to enhance de-
tail reconstruction.

First, the local density ρi of each point xiϵX0 is com-
puted using k-nearest neighbors:

ρ(xi) =
1∑k

j=1 ∥xi − xj∥+ ϵ
, (11)

where k is the neighborhood size, ∥xi − xj∥ is the Eu-
clidean distance, and ϵ is a small constant to avoid division
by zero.

The time step interval [1, T ] is uniformly divided into h
sub-intervals {Q1, Q2, ..., Qh}, each corresponding to dif-
ferent noise levels. The sampling probability for Qi is
weighted by the local density within the interval:

P (Qi|ρ) =
ρi∑T
i=1 ρi

. (12)

This weighting strategy ensures that more samples can
be performed in the denser regions, thus improving the re-
construction accuracy in these regions.

Within each interval Qi, we randomly sample a time step
ti from that interval and compute the diffusion process at
that time step. Since the sampling is based on local den-
sity weighting, the sampling probability for each interval
reflects the denseness of the region. In updating the sam-
pling, we use the following weighted loss function to calcu-
late the loss at each time step:

L(θ, ρ) =
1

h

h−1∑
i=0

L(θ, ρ, ti∼Qi), (13)

where L(θ, ρ, ti∼Qi) is the loss for the sampled ti.

3.6. Density-Weighted Diffusion Loss
In the training of diffusion models combined with density-
adaptive sampling, the loss function consists mainly of the
error in the prediction noise and the error in the density
weighting. Our goal is to minimize the difference between
the predicted noise and the real noise at each time step.

The standard diffusion model loss is achieved by calcu-
lating the mean square error (MSE) between the predicted
noise and the real noise, as shown in Eq. (14):

Ldenoise(θ) = Ex0,t,ϵ[
∥∥ϵ− ϵθ(

√
αtx0 +

√
1− αtϵ, t, c)

∥∥2],
(14)

where x0 is the input original point cloud, t is the current
time step, ϵθ is the noise predicted by the network, ϵ is the
noise actually added, αt is the noise attenuation coefficient
at each time step, c is the conditional information generated
by the conditional aggregation network CGNet, and Ex0,t,ϵ

26563



is the indication of the need for averaging all the possible
values of these variables to calculate the final loss.

During the density-adaptive sampling process, we need
to adjust the computation of the loss to be consistent with
the sampling probability of each interval. The final training
loss combining density-weighted sampling and the standard
MSE loss can be expressed as:

L(θ, ρ) =
1

h

h−1∑
i=0

Eti∼Qi
[

Ex0,ϵ

[∥∥∥ϵ− ϵθ

(√
αtix0 +

√
1− αtiϵ, ti, c

)∥∥∥2]
],

(15)
where ti is the time step sampled from the interval Qi,

and the loss function enhances the reconstruction of these
regions by weighting the samples at each time step to ensure
that denser regions can have higher weights.

4. Experiments

4.1. Pre-training Setup
We use ShapeNet to pre-train our model, with the core ver-
sion of this dataset containing 51,300 3D models across 55
common object categories. For each 3D shape, we sample
1,024 points to serve as the input for the model. Following
the approach in PointDif [48], we use 41,952 shapes as the
training set. Additionally, we employ the KNN algorithm to
select the k = 32 nearest points as point patches, resulting
in 64 point cloud patches. Furthermore, we set the embed-
ding dimension of the Transformer encoder to 384, with 6
attention heads, and the condition dimension to 768.

During pre-training, we set the weight decay to 0.05 and
the learning rate to 0.001. Our model is pre-trained for 300
epochs with a batch size of 192.

Additionally, we visualize the point clouds generated by
the PreDifPoint framework to demonstrate the effectiveness
of our pre-training. As shown in Fig. 4, we use the masked
point cloud features, extracted and used as conditions, to
guide the diffusion model in generating the original point
cloud, with a masking rate of 0.8. The visualization results
indicate that the PreDifPoint framework generates high-
quality point clouds and that the learned geometric priors
effectively guide subsequent tasks such as recognition and
detection.

4.2. Downstream Tasks
The performance of a pre-trained model, obtained in a fine-
tuning task, is a test of the effectiveness of the pre-trained
model. Since a high-quality point cloud pre-trained model
should have a high hierarchical geometric prior, we tested

Figure 4. Visualization results on the ShapeNet validation set.
We show a total of six categories of point clouds, each showing the
input point cloud, the masked point cloud, and the reconstructed
point cloud from left to right.

the performance of the pre-trained model on a large number
of real-world datasets.
Object Classification.

We first evaluated the classification ability of the PreD-
ifPoint framework in the ScanObjectNNs dataset.

The ScanObjectNN dataset has 15 classes, which is ac-
tually more challenging due to the complexity of its con-
texts and object locations. The ScanObjectNN dataset
is divided into three subsets: OBJ-ONLY, (only ob-
jects), OBJ-BG(objects and background), and PB-T50-
RS(objects, background, and artificially added perturba-
tions). We take the Overall Accuracy on these three sub-
sets as the evaluation metric,and the detailed experimental
results are summarized in Tab. 2.

As can be seen from the table, our PreDifPoint frame-
work achieves excellent classification results in the ScanOb-
jectNN dataset, regardless of the presence or absence of the
complex background of artificially added perturbations. It
demonstrates the strong adaptability and robustness of our
model in the face of complex and changing environments.
Compared with other state-of-the-art models, the PreDif-
Point framework also achieves the best performance.
Object Segmentation.

We also validated the ability of our model for object seg-
mentation in the ShapeNetPart dataset. ShapeNetPart con-
tains a total of 16 large categories, which are labeled with
semantic information for the semantic segmentation task of
the point cloud.

We use mIoU to evaluate the object segmentation perfor-
mance of the model, and from Tab. 1, we can see that over-
all, PreDifPoint has the best segmentation performance,
which is 0.8% better than MPCT. Among other things, our
model also achieves the best performance in multiple cate-
gories. This indicates that our model has been pre-trained to
learn the generalized feature representation, which can ex-
tract the key features in the input data more efficiently and
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Method mIoU airplane bag cap car chair earphone guitar knife lamp laptop motorbike mug pistol rocket skateboard table

PointNet [25] 83.7 83.4 78.7 82.5 74.9 89.6 73.0 91.5 85.9 80.8 95.3 65.2 93.0 81.2 57.9 72.8 80.6
PointNet++ [26] 85.1 82.4 79.0 87.7 77.3 90.8 71.8 91.0 85.9 83.7 95.3 71.6 94.1 81.3 58.7 76.4 82.6

DGCNN [33] 85.2 84.0 83.4 86.7 77.8 90.6 74.7 91.2 87.5 82.8 95.7 66.3 94.9 81.1 63.5 74.5 82.6
PointCNN [18] 86.1 84.1 86.5 86.0 80.8 90.6 79.7 92.3 88.4 85.3 96.1 77.2 95.2 84.2 64.2 80.0 83.0

DRNet [50] 86.4 84.3 85.0 88.3 79.5 91.2 79.3 91.8 89.0 85.2 95.7 72.2 94.2 82.0 60.6 76.8 84.2
PCT [7] 86.4 85.0 82.4 89.0 81.2 91.9 71.5 91.3 88.1 86.3 95.8 64.6 95.8 83.6 62.2 77.6 83.7

MPCT [40] 86.7 84.9 85.7 89.3 80.9 92.2 78.6 92.6 88.4 86.6 96.5 73.6 95.7 83.5 63.7 80.9 83.6
PreDifPoint(ours) 87.5 85.3 85.2 89.0 81.5 91.2 76.5 92.8 88.2 87.3 96.2 76.2 94.7 84.8 64.9 76.3 81.5

Table 1. Part Segmentation Results (%) on the ShapeNetPart Dataset.

Methods Pre. OBJ-ONLY OBJ-BG PB-T50-RS

PointNet [25] - 79.2 73.3 68.0
PointNet++ [26] - 84.3 82.3 77.9
PointCNN [18] - 85.5 86.1 78.5
DGCNN [33] - 86.2 82.8 78.1

Transformer [44] - 80.55 79.86 77.24
Point-Bert [44] ✓ 88.12 87.43 83.07
Point-MAE [23] ✓ 88.29 90.02 85.18

TAP [35] ✓ 89.50 90.36 85.67
PointDif [48] ✓ 91.91 93.29 87.61

PreDifPoint(ours) ✓ 92.25 93.42 87.96

Table 2. Object classification results on ScanObjectNN. We report
the Overall Accuracy (%) .

thus improve the segmentation accuracy.
Indoor Semantic Segmentation.

We further validate the semantic segmentation capabil-
ity of our model in the indoor dataset S3DIS. The S3DIS
dataset contains point cloud data and detailed semantic la-
bels for several indoor environments, which contains a total
of 6 regions (Area1, Area2, Area3, Area4, Area5, Area6),
which are further divided into 271 rooms or spaces. We
tested our model in Area5 while training in other areas.

We used mIoU and mAcc to evaluate the performance
of the model, and from Tab. 3, we can see that our mAcc
lags slightly behind compared to PointDif, probably due to
the model’s limited ability to extract features in certain cat-
egories, but still achieves a more competitive accuracy. In
addition, PreDifPoint improves by 1.8% in mIoU, which
indicates that our model is able to understand the spatial re-
lationships in the image well and segment different regions
accurately. It is clear that our model obtains more mean-
ingful geometric prior knowledge, which enables it to bet-
ter understand the contextual semantics and local geometric
relationships in complex scenes and achieve better perfor-
mance.

4.3. Ablation Study
Masking ratio.

Methods Pre. mIoU mAcc

PointNet [25] - 41.1 49.0
PointNet++ [26] - 53.5 -
PointCNN [18] - 57.3 63.9
KPConv [40] - 67.1 72.8

Point-Bert [44] ✓ 68.9 76.1
Point-MAE [23] ✓ 68.4 76.2

PointDif [48] ✓ 70.0 77.1
PreDifPoint(ours) ✓ 71.8 76.5

Table 3. Semantic Segmentation Results (%) Obtained on the
S3DIS Dataset, Evaluated on Area 5.

The masking operations that we include in the pre-training
will affect the performance of the model in the downstream
task. Thus, we first verified the effect of different mask ra-
tios on the downstream tasks. As in Tab. 4, we examine the
classification and segmentation ability of the model on the
ScanObjectNN dataset and the S3DIS dataset, respectively.
It is clear that the model achieves the best classification and
segmentation performance when the mask ratio is 0.8.

This may be due to the fact that the self-supervision task
is too difficult when the masking ratio is too high, which
may cause the model to have difficulty in learning effective
feature representations, and will affect the model’s ability to
extract enough information from the limited training data to
cope with the prediction task. However, when the masking
ratio is too low, the model cannot be forced to learn deep
feature representations and the model cannot obtain better
prior knowledge. Only when the masking ratio is 0.8, it may
just be beneficial for the model to learn effective feature
representations.
Attention.

The DXCA-Attention mechanism that we use in CGNet
enhances model comprehension by considering feature re-
lationships in both directions simultaneously, enabling a
more comprehensive capture of information. To validate the
utility of this attention mechanism, we report results using
MLP, one-way covariate attention mechanism and DXCA-
Attention mechanism on the ScanObjectNN dataset, respec-
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Datasets ScanObjectNN S3DIS(Area5)

Mask Ratio OA mIoU

0 91.58 69.1
0.5 90.96 68.2
0.6 91.23 69.5
0.7 91.85 70.3
0.8 93.42 71.8
0.9 92.34 70.6

Table 4. The Overall Accuracy (%) on ScanObjectNN and the
mIoU (%) on S3DIS with different masking ratios.

Attention OA

MLP 92.56
Covariance Attention 93.19

DXCA-Attention 93.42

Table 5. The Forms of The Self-Attention Operators.

tively.
As shown in Tab. 5, our proposed DXCA-Attention

mechanism obtains the best performance. It may be because
MLP is able to capture the complex relationship between
features through nonlinear transformations, but it is unable
to take into account the specific interaction patterns between
features. The one-way covariate attention mechanism, on
the other hand, only considers the covariance relationship
between features in one direction, which may have led to
the loss of information. Only the DXCA-Attention mech-
anism can model the interactions between features more
comprehensively, capture more complex nonlinear relation-
ships, enhance the robustness of the model, and facilitate
feature fusion, thus enhancing the expressive power of the
model.
Density-Adaptive Sampling Strategy.

The density-adaptive sampling strategy that we use in
the diffusion process enables the model to focus more on
the denser regions in the point cloud, which makes it eas-
ier for the model to recover the structural details of the
denser regions. We compare this with the uniform time-
step sampling strategy [48], and as shown in Tab. 6, the OA
achieved by the density-adaptive sampling strategy is 0.11
higher than the uniform time-step sampling strategy.

It indicates that uniform time-step sampling may lead
to under-sampling in regions with higher density and over-
sampling in regions with lower density. Since many real-
world applications of point cloud data tend to have non-
uniform densities, the density-adaptive sampling strategy
can utilize the data more efficiently, especially in those
high-density regions that are critical to model performance.

Sampling Strategyn OA

Recurrent uniform sampling 93.31
Density-Adaptive Sampling 93.42

Table 6. The Forms of The Sampling Strategy.

5. Conclusion

In this paper, we propose a pre-training framework based on
a diffusion model called PreDifPoint. Specifically, we pro-
pose a conditional generation network to guide the model
through the point-to-point denoising process. In this con-
text, the two-way covariate attention mechanism used facil-
itates the extraction and representation of point cloud fea-
tures, thus enhancing the model’s comprehension. We also
introduce a density-adaptive sampling strategy based on the
time step to guide the model to pay more attention to the
denser regions in the point cloud, thus making it easier for
the model to recover the structural details of the dense re-
gions. Extensive experiments have shown that our method
has good feature learning and representation capabilities,
and is able to achieve advanced results in a variety of real-
world datasets, which further validates the effectiveness of
the proposed method. In the future, we hope that our work
will further improve the performance of point cloud analy-
sis.
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