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DCPoint: Global-Local Dual Contrast for
Self-Supervised Representation Learning
of 3-D Point Clouds

Lu Shi, Guoging Zhang, Qi Cao ", Linna Zhang, Yigang Cen*, and Yi Cen

Abstract—In recent years, 3-D vision has gained
increasing prominence in practical applications such as
autonomous driving and robotics. However, the scarcity
of large labeled point cloud datasets continues to be a
bottleneck for deep networks. Self-supervised representation
learning (SRL) has emerged as an effective approach to
alleviate this issue by pretraining general feature encoders
without requiring human annotations. Existing contrastive
SRL methods for 3-D point clouds have predominantly
concentrated on object representations from a global or
point perspective. They overlook essential local geometry
information, thereby constraining the generalizability of
pretrained models. To address these challenges, we propose
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a local contrast module as an intermediate level between the scene and point levels. It is then integrated with a global
contrast module to form a dual contrast method known as DCPoint. The local contrast module operates on pointwise
representations of objects and designs contrastive pairs based on the spatial information of point clouds. It effectively
addresses the challenges posed by the sparsity and irregularity of point clouds and imperfect partition issues. The
pointwise local contrast module aims to enhance the internal connections between the components within the point
cloud, while the global contrast module introduces semantic information about individual instances. Experimental
results demonstrate the effectiveness of DCPoint across various downstream tasks on synthetic and real-world
datasets. It consistently outperforms previously reported SRL methods and the randomly initialized counterparts.
In addition, the proposed local contrast module can enhance the performances of other SRL methods. Our source codes

of this research are available at https://github.com/UnderTheMangoTree/DCPoint.git.

Index Terms— 3-D point clouds, contrastive learning, deep

learning, self-supervised representation learning (SRL).

[. INTRODUCTION

HREE-DIMENSIONAL vision tasks are fundamental
T perception tasks for machines to understand the physical
world like a human. Therefore, 3-D scene understanding
methods have been widely applied in various practical
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applications, including robotics [1], autonomous driving [2],
and human—robot interaction [3]. Point clouds, as an essential
format of 3-D data, preserve the original geometric informa-
tion of objects in 3-D space. With the advent of powerful
deep learning methods, promising results have been reported
in using point clouds for various 3-D tasks [4], [5], [6],
[7]. However, training complex deep learning models requires
large-scale human-annotated training data. It is laborious and
time-consuming due to the inherent ambiguity of 3-D views
and the subjectivity of human perception [8].

In this article, we investigate self-supervised represen-
tation learning (SRL) to mitigate the 3-D point cloud
annotation challenges. SRL pretrains models with unlabeled
data to extract general representations of objects. These
learned representations can be transferred to various down-
stream tasks by fine-tuning the pretrained models with fewer
labeled data. Many works in the 2-D domain have demon-
strated the feasibility of SRL [9], [10], [11]. In recent
years, SRL of 3-D point clouds has attracted increasing
attention [12], [13], [14], [15].
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Fig. 1. Contrastive SRL methods of 3-D point clouds. (a) PointContrast
[19], (b) STRL [20], (c) CrossPoint [16], and (d) our proposed DCPoint,
which is different from other methods. It simultaneously considers the
internal structural information and the latent classical consistency by the
global-local dual contrast.

Contrastive SRL, hereinafter referred to as contrastive SRL,
has demonstrated remarkable performances in 2-D and 3-D
domains [16], [17]. It focuses on the similarity between
different objects in the representation space [18]. A critical dis-
tinction among contrastive SRL methods lies in the attention
scope and information granularity of the representation space.
The existing contrastive SRL methods for 3-D point clouds
predominantly concentrate on contrasting global scene repre-
sentations or point representations of objects. A few examples
are reported in the literature such as PointContrast [19],
STRL [20], and CrossPoint [16], as shown in Fig. 1(a)—(c).
However, an exclusive emphasis on global-level representation
overlooks detailed information about objects. It focuses solely
on point-level representation, which may disregard instance-
level characteristics. These mono-perspective contrastive SRL
methods will be further discussed in Section II. To address
these issues, we propose an intermediate level of contrast,
termed local contrast. Next we incorporate it with global
contrast to form a global-local dual contrast method, as shown
in Fig. 1(d). The proposed dual contrast method, denoted as
DCPoint, fills the absence of multiperspective contrastive SRL
methods for 3-D point clouds.

The local contrast module aims to capture the correlations
between the components of objects. It is impractical to directly
apply 2-D local contrast techniques to construct 3-D local
contrastive sample pairs due to the sparsity, irregular spa-
tial distribution, and permutation invariance inherent in 3-D
point clouds. To address this challenge, previous 3-D SRL
methods introduce the proposal extractor and self-similarity
model [12], [21], at the cost of increasing the computational
load. In this article, we propose a pointwise local contrast
module, which defines local contrastive sample pairs through
spherical partition in the Euclidean space of point clouds.
To enhance interpartition consistency and intrapartition dis-
crimination of objects, this module shrinks the representation
distances between a center and its neighbors within the
same partition. While it increases the representation distances
between the centers of different local regions. Compared with
previous local SRL methods, our pointwise local contrast mod-
ule adapts to the unique properties of point clouds. It mitigates
the imperfect local partition problem arising from the absence

of the ground truth [22]. For instance, a randomly divided
local point cloud of a plane may include points from both the
fuselage and the wings.

Our global contrast module proves beneficial in learning
data invariance. Considering its stability, we use an asymmet-
ric architecture to shrink the global representation distances
between two augmented views of a point cloud. Significantly,
our global contrast module is streamlined by learning exclu-
sively from semantic-related pairs, drawing inspiration from
BYOL [23].

By incorporating the intermediate level of contrastive learn-
ing with the global scene level, our DCPoint overcomes the
limitations of mono-perspective SRL methods. It boosts the
discriminative power of the learned representations.

We evaluate DCPoint across three downstream tasks to
illustrate its effectiveness: 3-D object classification, part seg-
mentation, and semantic segmentation. Two datasets are used
in the classification evaluation: the synthetic dataset Model-
Net40 [24] and the real-world dataset ScanObjectNN [25].
It is observed that DCPoint consistently outperforms the
state-of-the-art SRL methods in linear classification accu-
racy. Specifically, DCPoint achieves an accuracy of 91.5%
on ModelNet40 and 82.3% on ScanObjectNN. Moreover,
DCPoint surpasses its randomly initialized counterparts and
other SRL methods, in the evaluations with fine-tuning and
few-shot learning (FSL). Furthermore, compared with its
closest competitor, STRL [20], and randomly initialized coun-
terparts, DCPoint demonstrates notable advancements in the
part segmentation dataset ShapeNetPart [26] and the semantic
segmentation dataset S3DIS [27]. Particularly in the con-
text of semi-supervised learning, DCPoint exhibits promising
improvements. To gain further insights into the effective-
ness of DCPoint, we conduct abundant ablation studies to
examine the componentwise contributions of our global and
local contrast modules. The results confirm the significance
of both the components in enhancing the overall perfor-
mance of DCPoint. In addition, our experiments reveal that
the proposed local contrast module can effectively improve
the performances of other SRL methods [20], [28], which
implies its potential as a valuable enhancement to the existing
approaches.

The main contributions of this research are summarized as
follows:

1) We introduce a local contrast module for 3-D point
clouds to capture crucial structural information of
objects. It improves the consistency and discrimination
of various local regions on the representation space.
This module constructs contrastive sample pairs based
on the spatial heuristic of 3-D point clouds. It effectively
addresses the local partition problem arising from the
absence of ground truth and accommodates the unique
properties inherent in point clouds.

2) We introduce DCPoint, a dual contrast method that
integrates our local contrast module with a global con-
trast module. DCPoint captures information at multiple
levels of granularity and perspectives. It enables a more
comprehensive and nuanced understanding of 3-D point
clouds.
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3) We evaluate DCPoint across various downstream tasks
on four widely used synthetic and real-world datasets,
where our DCPoint outperforms its randomly initialized
counterparts and other SRL methods. The proposed local
contrast module can further enhance the generalization
capabilities of other SRL methods.

[I. RELATED WORK

With the advancement of deep learning techniques, the
scale and quality of training data gradually become a bot-
tleneck [18]. Labeling a large dataset is time-consuming
and labor-intensive. Therefore, unsupervised learning becomes
popular in the research area of artificial intelligence, which
aims to train neural networks without human annotations [29].
As the intermediate product of unsupervised learning, SRL
has gained considerable attention and demonstrated remark-
able efficacy in 2-D vision tasks [17], [23]. Researchers
have recently explored the SRL methods of 3-D point
clouds, which mainly comprise context-based and generative
methods [8].

A. Context-Based SRL of 3-D Point Clouds

Context-based SRL of 3-D point clouds intends to learn the
different contexts of point clouds, encompassing contrastive
and structural SRL.

Contrastive SRL of 3-D point clouds is one of the main-
stream SRL types. It aims to capture the potential semantics
from constructed positive and negative pairs [30]. Drawing
inspiration from the success of contrastive SRL in 2-D vision
tasks, numerous researchers have explored the effectiveness
of such techniques in 3-D vision tasks [31], [32], [33]. For
example, PointContrast [19] extends MoCo [17] to the point-
level contrast, where a positive pair comprises two points of
two views generated from a point cloud. STRL [20] adopts
the framework of BYOL [23] to learn the representations
of 3-D point clouds. CrossPoint [16] and Simipu [34] intro-
duce cross-modal contrastive SRL methods by incorporating
3-D-2-D consistency in addition to 3-D self-consistency.
Different from the above mono-perspective methods, our
DCPoint simultaneously uses global and local contrast
to capture the semantic and geometric representations of
objects.

Structural SRL of 3-D point clouds aims to capture geo-
metric information of point clouds by predicting their spatial
information. It provides accurate geometric representation and
natural geometric labels. For example, self-orientation [28]
pretrains a model to predict the rotation angle of objects.
It uses orientation information as a supervision signal without
relying on human annotations. However, the disparity between
the classification-related information and the one-sided geo-
metric information limits the generality of structural SRL
methods. Therefore, the recent work [35] uses structural SRL
as the auxiliary pretext task. Differently, our local contrast
module captures the latent structural information by distin-
guishing between local positive and negative sample pairs.
It can be as a plug-and-play module, which further enhances
the generality of structural SRL methods.

B. Generative SRL of 3-D Point Clouds

Generative SRL of 3-D point clouds aims to generate
original and complete point clouds from their destroyed coun-
terparts. Through the reconstruction process, the point cloud
encoder can capture the association between local and global
areas. For instance, Jigsaw [36] uses randomly disrupted 3-D
point clouds as the input and aims to generate the original
version. OcCo [37] first masks a portion of point clouds from
specific camera views and then reconstructs the complete point
clouds from the masked version. Point-MAE [14] reconstructs
the masked content of a point cloud by masked autoencoding
with transformer [38]. ACT [39] is reported to capture the
latent knowledge of 3-D point clouds from natural language
and 2-D vision with cross-modal reconstruction task.

I1l. METHOD

In this section, we elaborate on the proposed global-local
dual contrast SRL method: DCPoint. We start with the pre-
liminaries in Section III-A, including the problem formulation
and notations of contrastive SRL. Then, we briefly describe
our SRL method DCPoint in Section III-B. Next, the crucial
components, i.e., local contrast (see Section III-C), global con-
trast (see Section III-D), and the global-local joint objective
(see Section III-E), are described in detail.

A. Preliminaries

Due to the tedious and time-consuming nature of labeling
point clouds, the number of large-scale annotated datasets
remain limited in the field of 3-D computer vision tasks [8].
In this article, we aim to alleviate the dependence of deep
networks on human annotations in the 3-D point cloud domain
through SRL. SRL guides models to extract object-specific
features through pretext tasks that do not require human
annotations, e.g., reconstruction and contrastive tasks. It serves
as a beneficial initialization for the feature encoder because it
imparts the model with an understanding of object features
and their relationships. It can significantly enhance the model
performance on downstream tasks. SRL equips the model with
a more robust and generalized representation of objects in the
pretraining process. As such, the models will not easily overfit
with few labeled training data compared with the random
initialization [29].

As an essential branch of SRL, contrastive SRL has demon-
strated superior performances in the 2-D and 3-D domains.
Two critical issues of contrastive SRL are positive pairs and
negative pairs. Contrastive SRL aims to reduce the embedding
distances between positive pairs and enlarge the embedding
distances between negative pairs. InfoNCE loss [17] is a
widely used training objective function, which is defined as
follows:

exp(fy(0)" - fix)/7)
>eexp(fy0)" - fiulxh)/7)
where the inputs x, x*, and x* can be images, point clouds,
or patches. The input x* is a positive pair of x, and x*isa

negative sample of x. Their instantiations are dependent on
specific pretext tasks. The f, and f; are encoder networks,

(1)
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which can be identical, partially shared, or different. exp(:)
maps the extracted representation onto scalar-valued scores,
where higher scores indicate higher likelihood. ¢ denotes the
temperature, which controls the strength of penalties on the
hard negative samples.

B. Overview of DCPoint

Effective representations of 3-D point clouds must encapsu-
late both local geometric details and global semantic context.
Previous SRL methods of 3-D point clouds predominantly
focus on scene- or point-level understanding of 3-D point
clouds [19], [20]. In contrast, our SRL approach DCPoint
introduces a multiperspective contrastive by simultaneously
considering the underlying connections among different com-
ponents and objects. As shown in Fig. 2, DCPoint comprises
three fundamental modules: Data augmentation, point cloud
network, and joint optimization. Specifically, data augmenta-
tion generates semantic-related pairs, referred to View 1 and
View 2 in Fig. 2. These pairs contain distinct perspectives
on the original point cloud (indicated by different colors)
and serve as the foundation for the subsequent global-local
contrast task. Point cloud network consists of an online module
and a target module capturing multilevel representations of
the input semantic-related pairs simultaneously. This includes
point-level representations (H" and H") for the local contrast,
as well as global-level representations (G" and G™) and
global-level contrastive representations (Z" and Z?) for the
global contrast. Joint optimization is focused on extracting hid-
den structural and semantic information from the hierarchical
representations of point clouds based on our global-local dual
contrast modules.

1) Data Augmentation: Let P denote an input point cloud.
P € RV*3 is a set of vectors, i.e., P = {p1, P2, ..., PN}
Here, p; consists of the 3-D Cartesian coordinates of a point,
and N denotes the number of points in the point cloud P.
We apply two different data augmentation operators 7; and
T, on P to produce two augmented views P! and P*?

P =T;(P) e RV} pr=T(P)e RV (2

where N, is the number of points of P" and P?. The
data augmentation strategies include random translation, scal-
ing, cropping, and cutout (see Section IV-A2 for detailed
definition).

2) Point Cloud Network: We use the point cloud network to
extract multilevel features from two semantically related point
clouds P" and P™. The point cloud network comprises an
online module and a target module. These modules contain a
feature encoder, a feature mapping, and a projector. Besides,
the online module has a predictor.

With the two semantically related point clouds P and
P", the feature encoders of online module and target module
(i.e., fg, and fi) aim to extract their point-level feature
representations H'* and H™. They are illustrated as follows:

H" = fg.(P") 3)
H” = fg,(P") “4)
Jin = MA(fg,) ®)

where MA(-) denotes an exponential moving average strategy.
If we parameterize fi by & and fi, by 0, (5) is represented
as 0 < vf + (1 — v)¢ in each optimization step, where v
denotes a constant and v = 0.99.

After extracting point-level representations of point clouds,
we use representation mapping to capture their global-level
representations G"' and G”

G" = [max(H"), an(Hr])]

G"” = [max(H"?), avg(H"?)] (6)

where max denotes max pooling, and avg denotes average
pooling. The results of max pooling and average pooling
for point-level representations are concatenated to form the
global-level representation of point clouds.

We use learnable nonlinear projectors fg, and fg, to
map the global-level representations G and G into the
contrast space. It can enhance the performance of point cloud
encoders, as discussed in [40]. Furthermore, we adopt the
predictor of the online module f{. to avoid the collapsed
problem. Overall, the online module and target module derive
global-level contrastive representations Z"* and Z2, as shown
as follows:

Z" = [ (f5.(G™) (7)
Z" = fi(G™) ®)
Joro = MA(fir)- )

In Section IV-A1, we will present the detailed architecture
of the point cloud network.

3) Joint Optimization: Given two augmentation views P
and P", their point-level representations (H" and H?) are
optimized with our local contrast module. It enforces structure-
wise discrimination. In addition, their global-level contrastive
representations, Z* and Z", are optimized with our global
contrast module that enforces instancewise consistency. This
joint optimization strategy strengthens feature encoders with
the desired properties for a wide range of downstream tasks.
In the subsequent subsections, we will describe in detail the
formulation of our local contrast module (see Section III-C)
and our global contrast module (see Section III-D). We will
introduce the overall training objective of our proposed
DCPoint in Section III-E.

C. Local Contrast

The existing contrastive SRL methods of point clouds
mainly focus on instance- or pointwise representations of
objects. Contrasting instance-level representations may over-
look the internal structural information of point clouds. While
contrasting point-level representations might fail to capture
the contextual cues necessary for object recognition. Hence,
we propose an additional intermediate level of contrast, i.e., the
local level. Intuitively, this level focuses on the relationships
between the components of objects, which is essential for
object understanding. Moreover, the local structure informa-
tion can boost the performances of point cloud networks that
focus on global information of objects [41].

Similar to other levels of contrastive SRL, the fundamen-
tal challenge faced by the local contrast revolves around
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Fig. 3. lllustration of positive—negative pair partitioning based on spatial distribution in our local contrast module.

determining positive-negative sample pairs. Previous SRL
methods for 2-D vision task [22], [42] divide each image
into nonoverlapping grids. They treat the points of each grid
as separate instances. It is hereinafter referred to as uniform
local contrast. However, it is not straightforward to apply
the uniform local contrast to 3-D point clouds due to their
sparsity and irregularity. Self-Contrast [12] proposes to pre-
train a self-similarity learning model to measure the similarity
between different local areas of point clouds. The local regions
with high similarity form the positive pairs; otherwise, they
form the negative pairs. However, this self-similarity learning
model significantly increases the computational complexity.
Neighboring points might share the same semantic label and
the degree of semantic consistency is related to the distances
among points [43], [44]. As such, we propose to define
contrastive sample pairs based on the spatial relationships
between points. Specifically, as shown in Fig. 3, given a point
cloud, we first select some points with farthest point sampling
(FPS) algorithm [44] based on their 3-D Cartesian coordinates
(i.e., the red points). These selected points can depict the
structure of the point cloud to the fullest extent possible.
Each selected red point is set as a center and forms a local
region with its k-nearest neighbors (i.e., the green points).
Each selected red point and its k-nearest neighbors in green

form the positive sample pairs (i.e., connected by the solid
lines) and a local region. Different centers in red form the
negative sample pairs (i.e., connected by the dotted lines). This
effective and efficient local region partition strategy is tailored
to the unique properties of 3-D point clouds.

Our local contrast module aims to shrink the representation
distances between positive sample pairs, promoting feature
consistency within local regions. Simultaneously, it enlarges
the distances between negative sample pairs, enhancing the
discriminative power between distinct components of objects.
In summary, we divide each point cloud into the number of
C areas. Each area contains the number of K + 1 points, i.e.,
a center and its K neighbors. The learning objective of our
local contrast is defined as follows:

NE

where h; denotes the representation of a center; 4 ; denotes the
representations of its neighbors within the same local area; and
h, denotes the representations of other centers. T denotes the
temperature, which is set to 0.07 according to [16], [40].
Compared with applying uniform local contrast to point
clouds, our pointwise local contrast module effectively avoids

exp

-h; /r)

exp(h T h(,/r) (10
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Fig. 4. Schematic of different local contrast methods. (a) Uniform local contrast [22]. Different colored cubes denote different local areas. (b) Our
point-level local contrast. Different red points form negative pairs. The red points and their surrounding blue points form positive pairs. Different

green ellipses denote different local areas.

the imperfect and invalid contrast problem. The uniform local
contrast module divides point clouds into nonoverlapping
cubes with a fixed size, treating each cube as a separate
instance. The point cloud for a grand piano is depicted in 4.
Observed in Fig. 4(a), the number of points in different cubes
varies significantly because of the variations in point cloud
sparsity across different regions. The red cube only contains
one point of the piano lid support rod, which lacks the corre-
sponding positive pairs. The blue cube contains many points,
where positive pairs may include points from the piano legs
and keys. It may lead to the imperfect local partition problem.
Fig. 4(b) illustrates the partition result of our point-level local
contrast module. For the red points of the piano lid support
rod, our module determines their surrounding points as the
positive pairs, as shown in the larger green ellipse. In the
junction of the piano legs and keys, our module determines
the most similar points as the positive pairs, as shown in the
smaller green ellipse. As such, the sparsity does not impact
the stability of our pointwise local contrast module.

D. Global Contrast

Global contrastive SRL methods learn the semantic rela-
tionships among unlabeled objects by constraining their
global-level contrastive representations. It has been reported
the favorable performance in both 2-D and 3-D domains [16],
[17]. In global contrastive SRL methods, the positive pairs
contain different augmented views of objects. The negative
pairs contain different object instances from a mini-batch.
However, this selection strategy might generate imperfect
negative pairs. For example, a negative pair may comprise
different instances of the same category. It can result in
erroneous feature distribution after enlarging embedding dis-
tances between samples in the negative pair. To ensure the
reliable contrast, our global contrast module omits negative
pairs. However, learning only from positive pairs may result
in collapsed problems, i.e., models derive the same output
vector for all inputs. To mitigate the risk of convergence
issues, our DCPoint implements global contrast by facilitat-
ing interactions of two asymmetric modules: the online and
target modules. Z"* and Z" denote the outputs of the online

module and target module, respectively. The primary learning
objective of our global contrast mechanism is to minimize the
discrepancy between Z"t and Z", which is quantified with the
Euclidean metric. The learning objective of our global contrast
is defined as follows:

o=zt - z=|. ()

E. Global-Local Joint Objective

Our proposed DCPoint incorporates the local contrast loss
function in addition to the global contrast loss function for
joint optimization. It is to simultaneously support the contrast
properties of global semantic and local structural information
of 3-D point clouds. The global-local joint objective is defined
as follows:

L= L(;+0[LK (12)

where « is a balancing coefficient, ensuring a balanced order
of magnitudes among different constraint functions. Our dual
contrast method does not incur additional overhead for feature
computation compared with that with only using global con-
trast. Algorithm 1 provides the pseudocode of the proposed
DCPoint.

IV. IMPLEMENTATION AND EXPERIMENTS

A. Implementation Details

1) Architecture: As shown in Fig. 2, our DCPoint consists
of the feature encoders (g, and f{,), the projectors ( f5,, and
fbo), and the predictor (fy.,). The feature encoders capture
pointwise features of point clouds to be used by our local
contrast module. The feature encoder of DGCNN [43] has
been widely applied in various 3-D vision tasks. We select it as
the default feature encoders of DCPoint. In addition, we adopt
the feature encoder of CurveNet [45] as the feature encoders of
DCPoint to evaluate the feasibility of DCPoint using different
feature encoders.

The projectors of DCPoint contain two fully connected (FC)
layers. The first FC layer projects the global features of objects
into 4096 dimensions. It is followed by batch normalization
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Algorithm 1 Pseudocode of DCPoint

# initialize
fEn-params = f2 .params
fpro-params = f7 _ .params

# load a point cloud P

for P in loader:
# generate two different augmented
views
P =T(P), PP =T(P) + (2)

# capture the point-level
representation
H" = fg,(P") £ (3)
H" = fp,(P?) +  (4)
# capture the global-level
representation
G" = f(H"), G" = f(H") #
# capture the global-level
tive representation
22 el
— JPro !
# partition positive-negative pairs
for local contrast
H" = pn(H"), H> = pn(H?) # ¥ig. 3
# Local contrast loss
loss; = Ly (H", H?) # (10)
# Global contrast loss
lossq = Lg(Z", Z")#  (11)
# Global-Local joint
loss = loss, +aloss; #  (12)
# parameters update:
loss .backward ()
update (fgn’ f;’)ro’ f;re)
# momentum update: target module
ffgn9=MA(fgn), frro=MA(fp,,) +  (5),
(9)

contras

10SsS

online module

and rectified linear units (ReLUs). The second FC layer
projects the output of the first FC layer into 256 dimensions.

The predictor is exclusively used for the online module of
DCPoint. It is to predict the output of the target module,
preventing collapse in an unsupervised scenario [23]. The
predictor is similar to the projector, but the dimensions of
their input data are different.

In the global contrast module of DCPoint, we generate
two augmented views of a point cloud through the same
augmentation methods used in STRL [20]. In the local contrast
module of DCPoint, we divide each point cloud into 512 local
areas, where each local area contains a center point and four
nearest points. These hyperparameters will be discussed in the
ablation studies represented in Section IV-D3.

2) Point Cloud Augmentation Operations: We first sample
point clouds with different strategies for different downstream
tasks. The sampling details are represented in Section IV-A4.
To obtain the semantic-corrected pair of each point cloud,
we augment each sampled point cloud twice with a set of geo-
metric transformation operations, such as random translation

(shifted within [0, 0.05]), scaling ([0.8, 1.2]), cropping ([0.75,
1.33]), and cutout ([0.1, 0.4]).

3) Optimization: We design the two-stage optimization strat-
egy for pretraining models with our DCPoint. In the first stage,
we train models with our global contrast module using (11).
In the second stage, we continue to train these models with
our local contrast module using (12). The coefficient « is set
to 0.01 empirically.

Our proposed architecture is implemented on the PyTorch
platform. The optimizer is the Adam combined with layerwise
adaptive rate scaling (LARS) and the cosine decay learning
rate schedule. In the first stage, we train the models for
100 epochs on two NVIDIA GeForce RTX 3090 with a batch
size of 32. The initial learning rate is set to 1e~>. In the second
stage, we set the initial learning rate to le~® with a batch size
of 5 on a single NVIDIA GeForce RTX 2080Ti for five epochs.

4) Datasets for Pretraining: To be consistent with previous
works [16], [20], we pretrain models with our proposed
DCPoint on the datasets as follows:

1) ShapeNet': We pretrain DCPoint on the ShapeNet
dataset [53] for the downstream classification and part
segmentation tasks. ShapeNet consists of 57448 point
clouds of 55 categories. In applications, we randomly
sample 2048 points from each point cloud.

2) ScanNet*: We pretrain DCPoint on the ScanNet
dataset [54] for the downstream semantic segmentation
tasks. As an RGB-D video dataset, ScanNet consists of
1513 scenes from 707 real-world indoor environments.
We subsample the raw videos at a periodic interval (by
default, once every 100 frames). Therefore, we get a
subset of ScanNet, which consists of 24902 frames.
To obtain the point cloud from a given RGB-D frame,
we transfer the locations of pixels (#, v) in an RGB-D
frame to 3-D points (X, Y, Z) with the camera intrinsics
M using the following equation:

u X
Zlv]|=M\|Y (13)
1 Z

In the experiments, we randomly sample 4096 points
from each projected point cloud.

B. Downstream Tasks

We evaluate the transferability of DCPoint on three widely
used downstream tasks in 3-D SRL: 1) 3-D object classifi-
cation with linear evaluation, fine-tuning, and FSL; 2) 3-D
part segmentation with semi-supervised learning; and 3) 3-D
semantic segmentation with semi-supervised learning.

1) 3-D Object Classification:

a) ModelNet403: As a widely used synthetic point cloud
dataset, ModelNet40 [24] contains 12311 samples of 3-D
computer-aided design (CAD) over 40 common object cat-
egories. Among them, 9843 samples are for training, and the
remaining 2468 samples are for testing.

Uhttps://shapenet.org/
Zhttp://www.scan-net.org/
3https://shapenet.cs.stanford.edu/media/modelnet40_normal_resampled.zip
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TABLE |
THREE-DIMENSIONAL OBJECT CLASSIFICATION WITH LINEAR EVALUATION ON MODELNET40

Method Publication Year SRL Category Accuracy (%)
Latent-GAN [46] PMRL 2018 Generative 85.7
SO-Net [47] CVPR 2018 Generative 87.3
FoldingNet [48] CVPR 2018 Generative 88.4
MRTNet [49] ECCV 2018  Generative 86.4
3D-PointCapsNet [50] CVPR 2019  Generative 88.9
Multi-Task [35] ICCV 2019  Generative 89.1
VIP-GAN [51] AAAI 2019  Generative 90.2
Jigsaw [36] NIPS 2019  Generative 90.6
DepthContrast [52] ICCV 2021 Context 85.4
OcCo [37] ICCV 2021 Generative 89.2
Self-Contrast [12] ACMMM 2021 Context 89.6
STRL [20] ICCV 2021 Context 90.9
CrossPoint [16]* CVPR 2022  Context 91.2
Point-MAE [14] ECCV 2022  Generative 91.2
ACT [39]* ICLR 2023  Generative 91.4
DCPoint(Ours) 2023  Context 91.5
”#” the model simultaneously uses the multi-modal information of objects, such as 3D point clouds, 2D images, and 1D natural languages.
92.0% 91.5%
91.0% 90.9%
90.4%
90.0% 89.6%
89.0% 89.2%

89.0%

88.0%

87.0%

86.0%

85.4%

85.0%

84.0%

83.0%

82.0%

DepthContrast[52] Zhu et al.[31] Tothepoint [33]

Self-Contrast[12] Chenetal.[32] STRL[20] DCPoint (Our)

Fig. 5. Three-dimensional object linear classification with unimodal contrastive SRL method on ModelNet40.

b) ScanObjectNN*: As a popular real-world point cloud
dataset, ScanObjectNN [25] contains 2902 scanned samples
over 15 categories. About 80% of these samples are used for
training, and the rest are used for testing. To ensure a fair
comparison, we use the same dataset as CrossPoint [16].

¢) Object classification with linear evaluation: To demon-
strate the generalizability of our proposed DCPoint on the 3-D
object classification, we evaluate the classification accuracy of
our model with linear classification heads. The corresponding
evaluation metric is shown as follows:

Ca
Accuracy = o x 100% (14)

N

“https://hkust-vgd.github.io/scanobjectnn/

where Cy denotes the total number of testing samples, and
C, denotes the number of samples correctly classified by a
model.

In the implementation, we integrate a linear support vec-
tor machine (SVM) classifier with the pretrained feature
encoder to form a classification model. We fine-tune the SVM
parameters throughout the training process while keeping
the pretrained feature encoder parameters frozen. During the
testing phase, we assess the performance of classification
models, wherein the feature encoders are pretrained using our
DCPoint method or previous SRL methods. Table I, Figs. 5,
and 6 present the results of these models on the ModelNet40
and ScanObjectNN datasets.

As shown in Table I, DCPoint achieves a linear classifi-
cation accuracy of 91.5% on ModelNet40. In comparison to
multimodal SRL methods [16], [39], which use the knowledge
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85.00%
82.30%

81.70%
80.00% 78.30% 77.90%
75.00%
70.00%
65.00%
60.00% 59.50%
55.00% I
50.00% Jigsaw[36] 0cCo[37] STRL[20] CrossPoint[16] DCPoint(Our)

Fig. 6. Three-dimensional object classification with linear evaluation on
ScanObjectNN.

of 2-D images and 1-D natural language to guide SRL
of 3-D point clouds, our DCPoint demonstrates competitive
performance by constraining the representation distribution of
point clouds from multiperspective.

In Fig. 5, we further present the comparative results of uni-
modal contrastive SRL methods. DCPoint outperforms global
contrast SRL methods by significant margins. Specifically,
it surpasses Zhu et al. [31] by 2.5%, Tothepoint [33] by 2.3%,
and STRL [20] by 0.6%. In addition, DCPoint demonstrates
superior performance compared with the voxel-point global
contrastive method DepthContrast [52] by 6.1% and the local
contrastive SRL method Self-Contrast [12] by 1.9%. Further-
more, DCPoint exceeds the performance of Chen et al. [32]
by 1.1%, a method that combines resolution recovery and
global contrast tasks to learn intrinsic feature representations.
These experimental findings underscore the enhanced semantic
awareness exhibited by point cloud encoders, which capture
multilevel information of objects during the pretraining phase.

Fig. 6 shows the classification results of our proposed
DCPoint and other SRL works on ScanObjectNN. Compared
with ModelNet40, ScanObjectNN contains more complex
background noises. Therefore, all the previous works and
our DCPoint achieve lower accuracies on ScanObjectNN than
those on ModelNet40. In such cases, the accuracy of DCPoint
surpasses previous SRL methods, e.g., DCPoint outperforms
the multimodal contrastive SRL method CrossPoint by 0.6%.
These experimental results verify DCPoint’s generalization
and effectiveness for out-of-distribution data.

d) Object classification with FSL: FSL trains models with
limited data. It is commonly used to test the generalization of
SRL methods [8]. In the training stage, models are optimized
with N x K samples over N categories (hereinafter called
N-way K-shot). In the FSL experiments of our DCPoint,
we randomly select the training samples and use the same
testing samples in different trials. The final results of the mod-
els are the mean and standard deviation of their classification
accuracies over ten replications. The classification models in
our FSL experiments consist of an SVM classifier and feature
encoders, which are pretrained by different SRL methods.
Table IT shows the experimental results on the ModelNet40
and ScanObjectNN datasets with FSL.

It is seen in Table II that the proposed DCPoint outperforms
other SRL models on the ModelNet40 and ScanObjetNN
datasets. It is worth noting that DCPoint is less affected by
the scale of training data than other methods. The mean
accuracy of CrossPoint in the ten-way ten-shot experiments
is 8.9% lower than of the five-way ten-shot experiments
on ModelNet40. While the mean accuracy of DCPoint only
decreases 1.8% in the same experiments. This is because our
global-local dual contrast method captures more essential fea-
tures of 3-D objects by simultaneously learning the distinctions
between the inter- and intraobjects. However, the previous
contrastive SRL methods ignore the relationships between
interobjects, and the previous generative SRL methods ignore
the relationships between intraobjects. In addition, DCPoint
consistently outperforms its randomly initialized counterpart,
DGCNN, by significant margins in various FSL experiments.
For example, the mean accuracy gain is up to 55% on
ModelNet40 and 15.5% on ScanObjectNN in the five-way
20-shot experiments.

e) Object classification with fine-tuning: We also evaluate
our SRL method DCPoint by supervised fine-tuning. In the
training step, the pretrained model provides the initial weights
for the feature encoder of the point cloud classifier. The
parameters of the point cloud classifier are optimized with
all the training samples of classification datasets. Table III
shows the fine-tuned results of our DCPoint and previous SRL
methods on ModelNet40 and ScanObjectNN. All the SRL
models share the same architecture, i.e., DGCNN. Compared
with the randomly initialized DGCNN, DCPoint achieves a
performance increase of 0.7% on ModelNet40 and 3.5% on
ScanObjectNN. These improvements are more significant than
the previous SRL methods.

2) 3-D Object Part Segmentation:

a) ShapeNetParf’: As a popular part segmentation dataset
for 3-D point clouds, ShapeNetPart [26] contains 16 881 sam-
ples (14007 for training and 2874 for testing) over 16 object
categories and 50 part categories.

b) Semi-supervised learning: In the experiments of part seg-
mentation with semi-supervised learning, we first pretrain the
feature encoders of DGCNN with our DCPoint and STRL [20]
on the ShapeNet dataset. Then, we fine-tune DGCNN with a
small percentage of training data (e.g., 1%—10%) of ShapeNet-
Part for 200 epochs with a batch size of 32. The optimizer
is a standard SGD with a momentum of 0.9. The initial
learning rate is set to le™3. To evaluate the segmentation
performance of DGCNN, we use the mean intersection over
union (mIoU) as the evaluation metric, as denoted in (15). All
the experiments are based on the PyTorch platform with one
NVIDIA GeForce RTX 2080Ti

I s y=ani=¢j
mloU = — Z —
{y=clu{i =c}

(15)
ICl =
where C denotes a finite set of classes, ¢ denotes one of the
categories, y denotes the pointwise ground-truth labels, and y
denotes the predicted pointwise results.

Shttps://shapenet.org/
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TABLE Il
THREE-DIMENSIONAL OBJECT CLASSIFICATION WITH FSL ON MODELNET40 AND SCANOBJECTNN. THE
RESULTS ARE THE MEAN AND STANDARD ERROR OVER TEN REPLICATIONS

. 5-way 10-way
Method Publication  Year 5 35 Ghot  T0-shot _ 20-shot
ModelNet40
Latent-GAN [46] PMRL 2018 | 41.6 £5.3  46.2+6.2 32.9+29 255432
FoldingNet [48] CVPR 2018 | 334 4.1 35.845.8 18.6£1.8 15.4+2.2
DGCNN [43] TOG 2019 | 31.6 £2.8 40.844.6 19.942.1 16.9+1.5
3D-PointCapsNet [50] CVPR 2019 | 423 £5.5 53.0£59 38.0+4.5 27.244.7
Jigsaw [36] NIPS 2019 | 343 £1.3 422435 26.0£2.4 29.942.6
OcCo [37] ICCV 2021 | 90.6 £2.8  92.5x1.9 82.9+1.3 86.5+2.2
CrossPoint [16]* CVPR 2022 | 92.5 £3.0 949+2.1 83.6£5.3 87.9+4.2
Point-MAE [14] ECCV 2022 | 91.1 £5.6 91.7+4.0 83.5+6.1 89.7+4.1
ACT [39]* ICLR 2023 | 91.8 #4.7 93.144.2 84.546.4 90.7+4.3
DCPoint(Ours) 2023 | 92.6+4.2 95.8+3.0 90.8+1.8 92.7+1.0
ScanObjectNN

DGCNN [43] TOG 2019 | 62.0 £5.6 67.845.1 37.844.3 41.8+24
Jigsaw [36] NIPS 2019 | 65.2 £3.8 722427 45.6+£3.1 48.2+2.8
OcCo [37] ICCV 2021 | 724 x14 77214 57.0£1.3 61.6x1.2
CrossPoint [16]* CVPR 2022 | 74.8 £1.5 79.0£1.2 62.9+1.7 73.9+22
DCPoint(Ours) 2023 | 75.0+5.8 83.3+3.6 65.6+4.3 75.0x4.4

39397

TABLE IlI
THREE-DIMENSIONAL OBJECT CLASSIFICATION WITH FINE-TUNING
ON MODELNET40 AND SCANOBJECTNN

Accuracy (%)

Method SRL Category ModelNet40 ScanObjectNN
DGCNN [43] - 92.5 82.4
Jigsaw [36] Generative 92.3 (-0.2) 82.7 (+0.3)
OcCo [37] Generative  93.0 (+0.5) 83.9 (+1.5)
STRL [20] Context-based 93.1 (+0.6) 85.4 (+3.0)
DCPoint(Ours) Context-based 93.2 (+0.7) 85.9 (+3.5)

”-” the baseline model, which is random initialization without any
pretraining stages;
”( )" the improvement of SRL method over the baseline model.

As shown in Table IV, when fine-tuning with 1% of the
training data from the ShapeNetPart dataset, DCPoint out-
performs its baseline model counterpart by 0.3% of mloU,
which is random initialized without any pretraining stages.
But STRL performs 1.0% worse than the randomly initial-
ized counterpart. As the fine-tuning data increase to 10%,
our DCPoint outperforms STRL by 0.2% and the randomly
initialized counterpart by 0.5%. These experimental results
indicate the significance of our local contrast module in the
part segmentation task. It highlights the necessity for point
cloud encoders to extract local point-level features.

3) 3-D Object Semantic Segmentation:

a) S3DIS: As a large-scale point cloud dataset of indoor
spaces, S3DIS [27] contains 3-D scanned data from six
large-scale indoor areas, denoted as Area 1-Area 6, with
695 878 620 points over 13 categories. Following the previous
work [20], we sample point clouds of each room by selecting

Shttp://buildingparser.stanford.edu/dataset.html

the model simultaneously uses the multi-modal information of objects, such as 3D point clouds, 2D image, and 1D natural language.

TABLE IV
THREE-DIMENSIONAL PART SEGMENTATION WITH SEMI-SUPERVISED
LEARNING ON SHAPENETPART. PERCENTAGE DENOTES THE
PERCENTAGE OF TRAINING DATA IN THE TRAINING SET

Percentage SRL Method mloU (%)
Baseline model 75.1

1% STRL [20] 74.1 (-1.0)
DCPoint (ours) 75.4 (+0.3)
Baseline model 81.3

10% STRL [20] 81.6 (+0.3)
DCPoint (ours) 81.8 (+0.5)

”()” the improvement of SRL method over the baseline model.

the key points within an area 1 x 1 m and randomly resample
4096 points from each sampled point cloud.

b) Semi-supervised learning: In this experiment of semantic
segmentation with semi-supervised learning, we first pre-
train the feature encoders of DGCNN with our DCPoint
and STRL [20] on the ScanNet dataset. Then, we fine-tune
DGCNN with Area 1-Area 5 of S3DIS and test it on Area
6. In the fine-tuning stage, we use a standard SGD optimizer
with momentum 0.9. The batch size is 32, and the total fine-
tuning is 100 epochs. The initial learning rate is set to le ™.
All the experiments are based on the PyTorch platform with
one NVIDIA GeForce RTX 2080Ti.

As shown in Table V, DCPoint consistently outperforms
its randomly initialized baseline counterpart. In particular,
when fine-tuning with Area 3, which only has 1640 sam-
ples, DCPoint outperforms the randomly initialized baseline
model by 1.8% and achieves better results than STRL. When
fine-tuning with Area 5, which has 6852 samples, DCPoint
outperforms the randomly initialized baseline counterpart by
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Fig. 7. Segmentation results on Area 6 of S3DIS. (a) Ground truth. (b) DCPoint (Our). (c) STRL [20].

TABLE V
THREE-DIMENSIONAL SEMANTIC SEGMENTATION WITH
SEMI-SUPERVISED LEARNING ON S3DIS

Area for training SRL Method mloU on Area 6 (%)
Baseline model 57.3
Area 1 (3687 samples) STRL [20] 56.9 (-0.4)
DCPoint (ours) 58.0 (+0.7)
Baseline model 37.8
Area 2 (4440 samples) STRL [20] 38.4 (+0.6)
DCPoint (ours) 38.9 (+1.1)
Baseline model 49.1
Area 3 (1650 samples) STRL 50.7 (+1.6)
DCPoint (ours) 50.9 (+1.8)
Baseline model 36.5
Area 4 (3662 samples) STRL [20] 37.1 (+0.6)
DCPoint (ours) 37.4 (+0.9)
Baseline model 472
Area 5 (6852 samples) STRL [20] 49.3 (+2.1)
DCPoint (ours) 49.3 (+2.1)

”( )7 the improvement of SRL method over the baseline model.

2.1% and performs similar to STRL. Fig. 7 shows the seg-
mentation results on Area 6 of DCPoint and STRL fine-tuning
with Area 1. It is clear that the most significant discrepancies
between DCPoint and STRL locate in the junctions between
three local areas. DCPoint obtains more accurate segmentation
results than STRL. The cause of the performance superiority
is that our local contrast module guides the feature encoder to
learn the local details. Furthermore, DCPoint exhibits greater
accuracy than STRL when labeled data are minimal. This
indicates that DCPoint captures more general fine-grained
architecture attributes of 3-D objects, which is essential in
cross-domain semantic segmentation.

C. Further Analysis of DCPoint

1) Generality of Local Contrast: The previous experiments
show that DCPoint performs much better on different 3-D
downstream tasks. In this section, we perform 3-D object
linear classification and FSL experiments to investigate the
generality of our local contrast module. Specifically, we eval-
vate the performances of combining our local contrast
module with other SRL methods, including STRL [20] and
self-orientation [28], i.e., STRL + local contrast and self-
orientation + local contrast. Among them, STRL pretrains

the models by comparing the global features of objects; self-
orientation pretrains the models by predicting the orientation
of objects. For a fair comparison, we leverage the publicly
available source codes of STRL and self-orientation. In the
pretraining process, we first train DGCNN using these previ-
ous SRL methods. Next, we retrain it using our local contrast
module. We use ShapeNet as the pretraining dataset and verify
the model performances on ModelNet and ScanObjectNN.

As shown in Table VI, after incorporating with our
local contrast module, the linear classification accuracy of
self-orientation is improved by 0.7% on ModelNet40 and
1.0% on ScanObjectNN. The self-orientation + local contrast
always outperforms self-orientation in various FSL experi-
ments. For instance, in the five-way ten-shot experiments, the
mean accuracy gain is increased by 1.4% on ModelNet40
and 1.8% on ScanObjectNN. The accuracy of STRL + local
contrast is higher than that of STRL by 0.6% in the linear
classification experiments and 2.2% in the five-way ten shot
experiments on ModelNet40. Although STRL + local contrast
only slightly improves the accuracy compared with STRL in
the FSL experiments on ScanObjectNN, it outperforms STRL
by 4.4% in the linear classification. The reason is that our
local contrast module enhances the local feature extraction
capability of STRL. It can achieve larger improvements when
fine-tuning with more training data on a complex real-world
dataset.

D. Ablation Studies of DCPoint

1) Architecture of Feature Encoder: In this section, we per-
form 3-D object classification with FSL experiments to
investigate the generality of DCPoint on different feature
encoders. We select the feature encoders of two models,
including DGCNN [43] and CurveNet [45]. These models
are graph-based feature extraction networks. The graph of
DGCNN is created based on nearby points in a small region,
whereas a continuous sequence of nonlocal points forms the
graph of CurveNet. We pretrain these feature encoders using
our DCPoint and STRL [20] on ShapeNet. We compare their
performance in the FSL experiments on ModelNet40.

Table VII shows that our DCPoint outperforms STRL in
the FSL experiments regardless of the feature encoder. These
results confirm that DCPoint can be applied to various feature
encoders to capture more general object features. It is notable
that the feature encoder of DGCNN using SRL methods could
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TABLE VI
THREE-DIMENSIONAL LINEAR CLASSIFICATION AND FSL RESULTS ON MODELNET40 AND SCANOBJECTNN. THE RESULTS ARE
THE MEAN AND STANDARD ERROR OVER TEN REPLICATIONS IN FSL EXPERIMENTS

Accuracy of Few-Shot Learning (%)

Pre-train Method a assilélcr:iflorn %) 5-way 10-way

10-shot  20-shot  10-shot  20-shot
ModelNet40
Self-Orientation [28] 87.6 88.2+5.5 89.4+5.7 86.4+5.8 88.2+5.7
Self-Orientation + Local Contrast  88.3 (+0.7) 89.6x3.4 90.4+4.3 87.5+6.0 88.5+5.4
STRL [20] 90.9 90.4+4.8 95.5+2.5 84.9+34 91.8+£2.5
STRL + Local Contrast 91.5 (+0.6) 92.6+4.2 95.8+3.0 90.8+1.8 92.7+1.0
ScanObjectNN
Self-Orientation [28] 63.9 74.5£7.6 75.5£7.6 7T73.5+8.7 72.8+8.5
Self-Orientation + Local Contrast 64.9 (+1.0) 76.3+5.3 78.8+6.0 74.0+8.6 74.1+7.9
STRL [20] 77.9 74.6£7.0 82.844.8 65.2+44 73.5+5.0
STRL + Local Contrast 82.3 (+44) 75.0+5.8 83.3x3.6 65.6x4.3 75.0+x4.4
”()” the relative gain achieved by our local contrast module.
TABLE VII
ABLATION OF THE FEATURE ENCODER OF SRL METHODS
5-wa 10-wa

Feature encoder  SRL method - —5-cy y20-shot 10-shot ;O-Shot

STRL [20] 90.4+4.8 95.5+2.5 84.9+3.4 91.8%2.5

DGCNN [43] DCPoint (Ours) | 92.6+4.2 95.8+3.0 90.8+1.8 92.7+1.0

CurveNet [45] STRL [20] 91.5£5.2 95.0£2.5 88.2+2.2 92.3+19

DCPoint (Ours) | 92.9+4.9 95.2+6.5 89.3+3.5 92.7+2.9

TABLE VIl
ABLATION OF DIFFERENT CONTRAST METHODS. OUR DEFAULT SETTINGS ARE SHOWN IN GRAY
One-stage Two-stage

Model Contrast Category optimization _ optimization Accuracy (%)

A Global-local Contrast v 89.5

B Global-local Contrast v 91.5

C Global Contrast v 90.9

D Global Contrast v 90.8

E Local Contrast Ve 85.0

F Local Contrast v 85.5
TABLE IX

ABLATION OF HYPERPARAMETERS. OUR DEFAULT SETTINGS ARE SHOWN IN GRAY (a) NUMBER OF LOCAL AREAS C OF A
POINT CLOUD. (THE NUMBER OF NEIGHBOR POINTS K OF A CENTER POINT IS SET TO 4.) (b) NUMBER OF NEIGHBORS
K OF A CENTER POINT. (THE NUMBER OF LOCAL AREAS C OF A POINT CLOUD IS SET TO 512)

(a)

C Accuracy (%)
128 91.0
256 91.2
512 91.5
1024 91.2

perform better than the feature encoder of CurveNet in some
FSL experiments. The related FSL literature [55] has reported
that complex networks might degrade FSL performances.

2) Global-Local Dual Contrast Versus Global Contrast Ver-
sus Local Contrast: In this section, we design detailed studies
to illustrate the effectiveness of our proposed global-local
dual contrast method. Specifically, we compare it to the

(b)

K Accuracy (%)
2 91.0
4 91.5
16 91.1
32 90.0

cases of only using global or local contrast. To pretrain the
feature encoder of DGCNN, we use different contrast methods
on ShapeNet with different optimization strategies, such as
one-stage and two-stage optimization strategies. As its name
implies, the one-stage optimization strategy only contains one
training process. The two-stage optimization strategy contains
two training processes. The second training process starts from
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the parameters learned by the first training process. After
pretraining, we compare their 3-D object linear classification
accuracies on ModelNet40. Table VIII shows the experimental
results.

a) Global-local dual contrast with different optimization strate-
gies: Different optimization strategies can bring different
performances even under the same model. As shown in
Table VIII, Model A denotes DGCNN pretrained with the
global-local dual contrast under the one-stage optimization,
which obtains a classification accuracy of 89.5% and is lower
than Model B by 2%. The two-stage optimization of Model B
means that the model is first trained with the global contrast
and then trained with the global-local dual contrast. After such
an incremental optimization strategy, the model can realize
more complex learning objectives.

b) Global-local dual contrast versus global contrast: As
shown in Table VIII, Model B outperforms the global contrast
(Model C) by 0.6%. Model B is equivalent to adding the
local contrast to Model C in the second optimization stage.
To further verify the pertinence between the performance
improvement and our local contrast module, we retrain Model
C with global contrast by the same optimization strategy as the
second training stage of Model B, i.e., Model D. However, the
performance of Model D is lower than Model C. The reason
is that directly retraining Model C leads to overfit. While
retraining with our local contrast helps improve the model’s
generalization.

¢) Global-local dual contrast versus local contrast: As shown
in Table VIII, Model E is pretrained only with the local
contrast and gets the lowest classification accuracy of 85.0%.
Model F has a two-stage optimization strategy. In the first
stage, it is pretrained with global contrast. In the second
stage, it is pretrained with local contrast. Model F obtains a
classification accuracy of 85.5%. The reason is that the local
contrast ignores the invariance between different instances,
which is vital to classification tasks.

3) Point Sampling: Our proposed local contrast module of
point clouds aims to keep the consistency of the center point
and its neighbors within a local area. It aims to enlarge the
differences between the center points of different local areas.
Therefore, the number of neighbors K of a center point and
the number of local areas C are essential to our local contrast
module. We ablate such hyperparameters in the 3-D object
linear classification experiments on ModelNet40.

As shown in Table IX(a), if the value of K is set as 4,
changes in the value of C will not significantly impact the
results. However, if the value of C is kept to 512, the model’s
performance starts to saturate with K = 4, as shown in
Table IX(b). The reason is that the more the neighbors of a
center point, the weaker the correlations between the center
point and its neighbors. It leads to incorrect guidance for
representation learning of point clouds.

V. CONCLUSION
This article introduces DCPoint, a global-local dual con-
trastive SRL method for 3-D point clouds. Its global contrast
module aims to capture the instance-level characteristics
of objects by minimizing the distance between the two

augmented inputs in the global representation space. The local
contrast module of DCPoint aims to capture the detailed
characteristics of objects by enhancing interpartition con-
sistency and intrapartition discrimination on the pointwise
representation space. Tailored to the unique properties of 3-D
point clouds, the partitioning of positive and negative pairs
for the local contrast is dependent on their spatial distribu-
tion. Therefore, DCPoint enables the simultaneous learning
of internal structural and semantic characteristics of objects.
In the downstream tasks, such as 3-D object classification and
segmentation in synthetic and real-world datasets, DCPoint
outperforms its randomly initialized baseline counterparts and
previous SRL methods. This article highlights the importance
of multiperspective contrastive learning for 3-D point clouds,
which holds great potential for advancing related studies.
Moreover, the proposed local contrast module can further
improve the performances of other SRL methods.

In future work, we plan to investigate a one-stage optimiza-
tion strategy for DCPoint to improve its training efficiency.
In addition, we aim to explore the extension of our multiper-
spective contrastive strategy to multimodality SRL.
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