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PointGame: Geometrically and Adaptively Masked
Auto-Encoder on Point Clouds

Yun Liu, Xuefeng Yan, Zhilei Chen, Zhiqi Li, Zeyong Wei, and Mingqiang Wei, Senior Member, IEEE

Abstract—Self-supervised learning is attracting large attention
in point cloud understanding. However, exploring discriminative
and transferable features still remains challenging due to their
nature of irregularity and sparsity. We propose a geometrically
and adaptively masked auto-encoder for self-supervised learn-
ing on point clouds, termed PointGame. PointGame contains
two core components: GATE and EAT. GATE stands for the
geometrical and adaptive token embedding module; it not only
absorbs the conventional wisdom of geometric descriptors that
captures the surface shape effectively, but also exploits adaptive
saliency to focus on the salient part of a point cloud. EAT
stands for the external attention-based Transformer encoder with
linear computational complexity, which increases the efficiency
of the whole pipeline. Unlike cutting-edge unsupervised learning
models, PointGame leverages geometric descriptors to perceive
surface shapes and adaptively mines discriminative features from
training data. PointGame showcases clear advantages over its
competitors on various downstream tasks under both global and
local fine-tuning strategies. The code and pre-trained models will
be publicly available.

Index Terms—Representation learning, self-supervised learn-
ing, masked auto-encoder, geometric descriptors, geometrical and
adaptive token embedding.

I. INTRODUCTION

ADVANCED 3D sensors, e.g., optical and laser scanners,
are booming to digitize the real world [1]. The captured

data from these sensors are originally represented by point
clouds [2]. Currently, point clouds are a mainstream yet very
simple data representation form, serving various practical
3D applications such as self-automation driving, Metaverse,
SLAM and robotics [3]. Recent years have witnessed many
efforts of using deep learning to understand point clouds [4],
[5]. Representation learning is often the first step for point
cloud understanding [6]–[8], which refers to extracting dis-
criminative features from point clouds.

Representation learning on point clouds is still not well-
solved. Currently, there mainly exist two representation learn-
ing paradigms for point clouds, i.e., supervised learning and
unsupervised learning. For supervised learning, one requires
considerable annotations of point clouds for training. However,
unlike 2D images, point clouds consist of a series of disordered
and irregular 3D points, which leads to the hard and inaccurate
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human annotations. This explains why we have few labeled
point clouds of real-world scenarios nowadays. Although one
can create 3D point cloud models and automatically label
them with various geometric modeling tools, training on such
‘fake’ data will inevitably suffer from domain shifts in real-
scanned point clouds. In contrast, unsupervised learning can
alleviate the shortage of labeled real-world data by absorbing
the knowledge of point clouds themselves; it encourages to
use massive unlabeled data and is invulnerable when applied
in different scenes.

As a popular unsupervised learning paradigm, self-
supervised representation learning (SSRL) of point clouds
aims at learning one hidden part of the input point cloud from
another unhidden part. According to different pretext tasks,
existing SSRL methods are categorized into contrastive and
generative techniques. Contrastive methods impose different
transformations on the given point cloud, and seek to perform
feature space similarity measurement between positive and
negative samples. By contrast, generative methods first encode
the point cloud into the latent feature space, then randomly
discard some feature tokens and restore the original 3D
geometric structure from them.

Although current SSRL methods [9]–[11] have achieved
impressive progresses on point clouds, they can be further
improved from two aspects: (i) Multiple types of feature
representation may be explored, which complement to each
others to better perceive the global and local features of point
clouds. (ii) It is of critical importance to distinguish different
contributions of features in the channel and spatial axes, which
is little discussed by current literature.

To deal with the above-mentioned problems, we propose
a geometrically and adaptively masked auto-encoder, dubbed
PointGame, for self-supervised point cloud representation
learning. Specifically, we first extract local geometry de-
scriptors for point patches, and then design a geometrical
and adaptive token embedding (GATE) module to fuse patch
features and geometry features, which can enrich the feature
representation for better point cloud understanding. Since the
attention mechanism is proved to be effective for represen-
tation learning in previous works [12]–[14], we introduce an
adaptive saliency module in GATE to highlight the beneficial
features and suppress the unnecessary ones, thus improving
the power of feature representation. The adaptive saliency
module consists of a channel attention and a spatial attention
to adaptively distinguish the informative features in both the
channel and spatial axes. Given the geometry-aware robust
feature tokens, we randomly mask some tokens as Point-
MAE [10], and devise an external attention-based Transformer
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(EAT) encoder to generate deep features for subsequent recon-
struction decoder. It is worth noting that we utilize external
attention [15] instead of self attention [16] to combine the
correlations between different samples and reduce quadratic
computation complexity. Comprehensive experiments demon-
strate that PointGame achieves competitive performance with
the state-of-the-art methods on both synthetic and real public
benchmark datasets.

Our main contributions can be summarized as follows:
� We propose an efficient geometrically and adaptively

masked auto-encoder for self-supervised learning on
point clouds (PointGame). Unlike existing unsupervised
learning models, PointGame leverages geometric descrip-
tors to perceive surface shapes and adaptively mines
discriminative features from training data.

� We design a geometrical and adaptive token embedding
module to fuse patch features and geometry features,
which not only embeds the distinctive point cloud struc-
ture into feature representation, but also highlights the
vital features in both the channel and spatial axes.

� We introduce an external attention based Transformer
encoder to generate deep features from unmasked feature
tokens, which can takes into account both the correlations
between different samples and computational complexity.

The remainder of this paper is organized as follows: Section
II introduces the related work. Section III gives the details of
our method. Section IV shows the experiments on downstream
tasks, followed by conclusion in Section V.

II. RELATED WORK

A. Point Cloud Representation Learning

Unlike 2D images that are arranged on regular grids, 3D
point clouds are irregularly distributed in 3D space. As a result,
it is hard for current CNNs to extract robust features from point
clouds. A multitude of methods have been proposed to address
this issue. We begin with a brief review of previous works on
point cloud representation learning for integration purpose.

Projection-based methods [17]–[19] tackle the unordered
problem of point clouds by projecting them onto image
planes. The resulting 2D images are then processed using
2D CNNs to extract point cloud features. Finally, the ex-
tracted features from each image are fused to form the final
output features. Voxel-based methods [20], [21] address the
unordered problem by transforming the point cloud into 3D
voxels, followed by 3D convolutions to extract point cloud
features. However, this type of methods will result in massive
computation and memory costs due to the cubic growth in
the number of voxels as a function of resolution. Point-
based methods [22]–[24] directly process point clouds as sets
embedded in continuous space. PointNet [22] is a pioneer
network, which operates directly on unordered points and
propagates information via pooling operators. PointNet++ [23]
is proposed as a hierarchical feature learning paradigm to
recursively capture local geometric structures, based on the
PointNet network. DGCNN [25] connects the point cloud into
local graphs and dynamically computes these graphs to extract
geometric features.

The transformer structure has flourished in natural language
processing (NLP) and 2D computer vision (CV) tasks for a
long time. Inspired by the successful applications of trans-
formers in NLP [16], [26] and image region [27], [28], a
lot of 3D vision backbones have been proposed. Transformer-
based methods in 3D computer vision tasks follow an encoder-
decoder architecture that comprises stacked self-attention and
point-wise, fully connected layers. The self-attention mech-
anism is particularly well-suited for processing 3D point
clouds because it can naturally operate on sets of points
with positional attributes. Zhao et al. [24] and Guo et al.
[29] have developed point transformer layers that utilize self-
attention for various 3D scene understanding tasks, such as
semantic segmentation, object part segmentation, and object
classification. These methods with transformer architecture
have salient benefits such as massively parallel computing,
long-distance characteristics, and minimal inductive bias.

As is well-known, supervised representation learning meth-
ods rely heavily on large amount of labeled datasets and
typically designed to address specific tasks and datasets,
with limited transferability to other domains. To address the
challenge of relying on large-scale annotated point cloud data,
more researches focus on unsupervised representation learning
with unlabeled point clouds, utilizing various paradigms of
self-supervised learning pipelines. SSRL methods aim to pro-
duce general and robust features of unlabeled datasets which
can transfer effectively to other datasets.

B. Self-Supervised Representation Learning

SSRL aims to acquire robust and general features from unla-
belled data, thereby alleviating the burden of time-consuming
data annotation and achieving superior performance in transfer
learning. This is accomplished through the use of repre-
sentation learning networks and well-designed pretext tasks.
Recently, SSRL for point clouds has shown promising results
in various shape analysis and scene understanding tasks.
Generally, existing methods can be categorized into contrastive
methods and generative methods.

Contrastive methods (e.g., STRL [30], CrossPoint [31])
aim to train a network to learn discriminative features by
distinguishing between positive and negative samples. Recent
studies such as STRL [30] and CrossPoint [31] propose
contrastive learning without negative pairs. These methods
leverage point cloud transformations for augmentation and
employ PointNet [22] and DGCNN [25] as feature encoder.
The loss function is constructed by minimizing the distance
between augmented samples of the same object and maximiz-
ing the difference between samples of different objects.

Generative methods (e.g., OcCo [32], Point-BERT [9],
Point-MAE [10]), employ a destroy-rebuild structure, wherein
the encoder is used for effective feature abstraction and the
decoder for reconstructing the original geometric structures.
For instance, the pre-text task of OcCo [32] method is re-
constructing the occluded points in a camera view. OcCo
utilizes encoders such as PointNet [22] and DGCNN [25]
and applies the decoder to complete the occluded points.
However, methods based on PointNet [22] and DGCNN [25]
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Fig. 1. Framework of PointGame. Firstly, we propose geometrical and adaptive token embedding (GATE) module to generate latent tokens from point patches
and geometric descriptors. Next, our random mask strategy is applied to these latent tokens, followed by a transformer encoder with external attention to
learn high-level latent features from unmasked tokens. Finally, we introduce a decoder module integrated with the self-attention layer and prediction head to
reconstruct the masked point patches of the input point cloud. Please note that in the downstream tasks, the reconstruction module is avoided, and we only
use the GATE and EAT modules as the backbone.

require multiple pre-training for corresponding downstream
tasks. To address this issue, Point-MAE [10] employs a mini-
PointNet [22] as the point embedding module to achieve per-
mutation invariance. Similarily, MaskSurf [11] adds a normal
prediction module to enhance point cloud understanding. Even
though it has better performance than Point-MAE on real-
world dataset, we argue that normal vectors are not sufficiently
robust and descriptive to capture all the nuances in the data.
Hence, we investigate geometric descriptors to extract robust,
descriptive, and comprehensive local information through sta-
tistical analysis of neighboring point characteristics.

In contrast to methods that based on the standard trans-
former blocks with self-attention mechanisms, aligning with
the objective of robust 3D representation learning, we employ
an external attention block [15] to incorporate the correlations
between different samples while reducing the computational
complexity simultaneously.

III. PROPOSED METHOD

Overview. We propose a geometrically and adaptively
masked auto-encoder, dubbed PointGame. PointGame seeks
to efficiently and effectively extract discriminative and trans-
ferable features in an unsupervised manner for downstream ge-
ometric tasks. It mainly consists of a geometrical and adaptive
token embedding (GATE) module, an external attention based
Transformer (EAT) encoder, and a reconstruction module, as
shown in Fig. 1.

Firstly, we randomly select g points from the whole point
cloud, and construct a patch set G = fPiji = 1; :::; gg
by searching their local neighbor patches. For each of these
selected g points, we also excavate geometric descriptors to
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Fig. 2. The GATE module. First, we construct the point patches and the
geometric descriptors. Second, we feed each point patch and the descriptor of
each patch’s center point into individual MLP modules for patch embedding
and geometry embedding, respectively. Third, the patch embedding is refined
by an adaptive saliency attention module. Finally, all feature maps are
concatenated and fed to another MLP module to obtain the latent tokens.

explore the geometry structure of the point cloud. Then, the
point patches and geometric descriptors are fed into the GATE
to obtain sufficiently robust and distinctive token embedding.
Following the principle of MAE [27], we randomly mask out
some tokens, and utilize the EAT encoder to extract high-level
latent features. Finally, the reconstruction module consumes
the encoded tokens and initialized masked tokens, and predicts
the masked point patches of the input point cloud.

A. Geometrical and Adaptive Token Embedding

Accurate expression for a 3D shape is of prominent im-
portance in point cloud understanding tasks. Previous works
[9], [10] adopt mini-PointNet [22] to extract feature tokens for
point patches, which ignore the local geometry structures of
point clouds, and lack the descriptive and robust feature rep-
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Fig. 3. The adaptive saliency module. It accepts the patch tokens from the
patch embedding module to obtain the salient features.

resentation. This key observation inspires our geometrical and
adaptive token embedding module (Fig. 2), where geometric
descriptors are integrated with point patches to represent 3D
object shapes. For geometric descriptors, we utilize simplified
point feature histograms (SPFH) [33] to perceive the details
of nearby challenging feature regions, which can represent the
underlying surface properties of a point. Formally, we use 3D
coordinates and estimated surface normals to compute SPFH
descriptors, which can be expressed as follows:

� = v � nq;

� =
(u � (pi � pq))

jjpi � pqjj
; (1)

� = arctan(w � ni; u � nq);

where pq and pi represent the query point and its neighbor
point, respectively. nq and ni denote the normal vectors of
pq and pi, respectively. u, v and w are defined as u = nq ,
v = (pi � pq)� u, w = u� v, forming the angular variations
�, � and �. The signature result Api of the pair of pq and pi

is the combination of histogram equalization statistics on �,
� and �. The geometric descriptor of the point pq is define as
Dpq = array(Api); i 2 (0; :::; k � 1).

Since point clouds characterize 3D shapes, constructing
point patches is necessary to investigate the geometrical cues
within a local neighborhood. Given a point cloud, we first ran-
domly sample n points through Farthest Point Sampling (FPS)
and divide the sampled point set into g irregular point
patches (may overlap) via K-Nearest Neighborhood (KNN)
algorithm. Then, each point is normalized by subtracting the
center point of its patch for better convergence. Note that
we apply multi-layer perceptrons (MLPs) to embed geometric
descriptors D and point patches G into high-dimensional
features PT and DT , respectively. Instead of fusing them
directly, we attempt to pay more attention to the distinctive
features contained within point patches. Therefore, we employ
a Channel Attention (CA) and a Spatial Attention (SA) on
PT in parallel, as shown in Fig. 3. This can be viewed as
the process of selecting salient attributes from the input patch
tokens. The calculation of salient feature tokens is as follows:

WCA = Sigmoid(MLP (AvgPoolCA(PT ))

+MLP (MaxPoolCA(PT )));

WSA = Sigmoid(MLP (AvgPoolSA(PT ))

+MLP (MaxPoolSA(PT )));
(2)

ST = PT �WCA �WSA;

where Sigmoid denotes the sigmoid activation function.
AvgPoolx; x 2 fCAg is the average pooling operation
applied in CA. MaxPoolx; x 2 fSAg represents the max
pooling function in SA. Then the salient patch tokens ST are
calculated by matrix multiplication between channel weights
and spatial weights. GATE differs from the existing methods
because it emphasizes vital features and suppresses unneces-
sary features, which allows a further improvement of feature
representation capability of our model. Next, PT , ST and DT

are concatenated and processed by an MLP (Latent Embedding
module). A max pooling layer is leveraged to aggregate
features of patches for the latent feature tokens T 2 Rg�d:

T = MaxPool(MLP (cat(PT ; ST ; DT )));

where cat(:; :) denotes the concatenation, and d is the dimen-
sion of features.

B. External Attention-based Transformer Encoder

Masked auto-encoding [27] masks a portion of input
data and adopts an auto-encoder to reconstruct explicit fea-
tures (e.g., pixels) or implicit features (e.g., discrete tokens)
corresponding to the original masked content. Intuitively, the
masked parts will not contribute any data information, hereby
the auto-encoder could learn high-level latent features from
unmasked parts. Following this idea, we first randomly mask
tokens with a masking ratio r to obtain the visible latent tokens
T v . Next, we utilize an MLP to embed the center coordinates
of visible patches into positional tokens Lv

T . We observe that
most existing methods [10], [11], [34] based on MAE leverage
standard Transformer [16] for self-supervised learning, which
has a quadratic computational complexity and ignores the
potential correlations between different data samples. Taking
visible features tokens T v and positional tokens Lv

T as inputs,
we propose an external attention based Transformer encoder
to excavate deep high-level latent features while minimizing
the computational cost. The applied external attention block
in Fig. 4 (a) is compared with standard self-attention block
in Fig. 4 (b), and the definition of encoded tokens TE with
external attention is as follows:

TE = Encoder(Tv; L
v
T );

TE 2 R(1�r)�g�d:
(3)

C. Reconstruction

Following MAE, the pre-text task is the reconstruction of
the masked points PGT 2 Rr�g�k�3. We employ an MLP
for position embedding, which shares weights for masked
and unmasked centers, Lm

T R and Lv
T R. Then, we initialize

the masked token Tm 2 Rr�g�d by duplicating a learnable
masked token of d dimension. The decoded tokens TD is
formulated as,

TD = Decoder(cat(TE ; T
m); cat(Lm

T R; L
v
T R));

TD 2 Rr�g�d:
(4)
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Following Point-BERT [9] and Point-MAE [10], we adopt
a fully connected (FC) layer for rebuilding the masked point
patches. We feed the decoded tokens TD and obtain the
predicted masked point patches Ppre as,

Ppre = Reshape(FC(TD));

Ppre 2 Rr�g�k�3:
(5)

The loss function is based on the predicted masked point
patches Ppre and their ground-truth counterpart PGT . We
adopt L2 Chamfer Distance [35] to compute the reconstruction
loss as,

L =
1

jPprej
∑

x̂2Ppre

min
x2PGT

jjx̂� xjj22

+
1

jPGT j
∑

x2PGT

min
x̂2Ppre

jjx̂� xjj22:
(6)

IV. EXPERIMENT

In this section, we initially introduce the pre-training pro-
cess of our model on ShapeNet55 [36] and demonstrate its
performance on downstream tasks in Sec. IV-A. Subsequently,
we will evaluate the efficacy of our pre-trained model by
utilizing shape classification tasks on ModelNet40 [37] and
ScanObjectNN [38] in Sec. IV-B. The performance of our
pre-trained model shall be evaluated on the task of part
segmentation on ShapeNetPart [39] in Sec. IV-C. In Sec. IV-D,
we will present the results of our experiments on semantic seg-
mentation with S3DIS [40]. Finally, we will conduct multiple
ablation experiments to scrutinize and substantiate the efficacy
of our designed modules in Sec. IV-E.

A. Pre-training on ShapeNet

Our method is pre-trained with the ShapeNet55 [36], which
contains 52,470 individual clean 3D models covering 55

commonly occurring object categories. The dataset is parti-
tioned into a training set consisting of 41,952 instances and a
validation set consisting of 10,518 instances.

Our model is pre-trained solely on the training set, using
fixed-size point clouds consisting of n = 1; 024 points as input
data. Standard random scaling and translation techniques are
applied for data augmentation. We utilize the FPS algorithm to
sample g = 64 points as group centers from the 1; 024 points,
and then search k = 32 points around every center point
through KNN algorithm. We randomly mask the groups with
a masking ratio of r = 60%. The encoder module is composed
of 12 transformer blocks based on external attention, while the
decoder module comprises of 4 standard transformer blocks
based on self-attention. Each transformer block has 384 hidden
dimensions with 6 heads, and the MLP ratio in transformer
blocks is set to 4. We adopt the AdamW optimizer [41] and
cosine learning rate decay [42]. The initial learning rate is set
to 0:001 and the weight decay is 0:05. Our model is pre-trained
with 300 epochs, with a batch size of 128.

To perform a precise evaluation of our pre-trained model, we
will employ two fine-tuning strategies for downstream tasks:
global fine-tuning and local fine-tuning. Global fine-tuning
involves fine-tuning all parameters, including the pre-trained
encoder parameters and new parameters for downstream tasks.
Local fine-tuning entails freezing all pre-trained parameters
and only fine-tuning the parameters of downstream tasks.
For shape classification, two categories are utilized: linear
classification and non-linear classification, based on the type
of classifier.

We will examine the effect of initializing our self-supervised
model with pre-trained backbone weights. The reconstruction
results of our pre-trained model are demonstrated with Mod-
elNet40 [37], as depicted in Fig. 5. This figure demonstrates
that our pre-trained model achieves excellent reconstruction
performance on the ModelNet dataset. Additionally, we ob-
serve that regions with high masking density lead to less
satisfactory reconstruction outcomes compared to the regions
that are normally sampled.

B. Shape Classification

We assess the performance of our pre-trained model through
shape classification using the widely used ModelNet40 [37]
dataset, which consists of 12,311 clean 3D CAD models,
covering 40 object categories, comprising of a training set
with 9843 instances and a testing set with 2468 instances.
To augment the data, we employ random scaling and random
translation during experimentation. In the task of shape clas-
sification, we utilize two fine-tuning strategies, namely global
fine-tuning and local fine-tuning, and evaluate their perfor-
mance using both linear and non-linear classifiers. For fair
comparisons, we adopt the standard voting method [43] during
testing in this shape classification experiment on ModelNet40.

The tables below exhibit the experimental outcomes, with
‘Pre-trained’ denoting whether the model is supervised or un-
supervised with a pre-trained model, and ‘Rep.’ indicating that
the results are reproduced by us using the official codes. Since
the Point-MAE [10] solely presents the outcomes for global
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Fig. 5. Visualization of raw input point clouds, visible patches masked 60% and reconstruction results on ModelNet40.

TABLE I
OBJECT CLASSIFICATION ON MODELNET40 BASED ON NON-LINEAR

CLASSIFIER WITH THE GLOBAL FINE-TUNING PROTOCOL.

Methods Pre-trained Acc.
PointNet [22] - 89.2

PointNet++ [23] - 90.7
PointCNN [44] - 92.5
DGCNN [25] - 92.9
RS-CNN [43] - 92.9

PCT [29] - 93.2
PVT [45] - 93.6

PointTransformer [24] - 93.7
OcCo+DGCNN [32] Y 93.0
STRL+DGCNN [30] Y 93.1

FoldingNet [46] Y 93.1
Point-BERT [9] Y 93.2
Point-MAE [10] Y 93.8

Point-MAE (Rep.) Y 93.05
Ours Y 93.35

fine-tuning in its official implementation, we conduct all shape
classification experiments with both local and global fine-
tuning techniques, utilizing the pre-trained model of Point-
MAE available in the official codebase, and replicate all
experimental settings from our previous work.

Shape Classification on synthetic dataset. As presented
in Tab. I, we employ a non-linear classifier with global fine-
tuning on the ModelNet40 classification task. Our methodol-
ogy results in an accuracy of 0.3% higher than that of Point-
MAE (93.05%), and 0.15% higher than the reproduced version
of Point-BERT (93.2%). Notably, when compared to other
self-supervised learning approaches, our proposed PointGame
outperforms all others in terms of performance.

Subsequently, we freeze the parameters of the pre-trained
model, and solely fine-tune the classifier module. The classifi-
cation results are presented in Tab. II. Our proposed methodol-
ogy brings a boost of 0.16% compared to Point-MAE (Rep.).

TABLE II
OBJECT CLASSIFICATION ON MODELNET40 BASED ON NON-LINEAR

CLASSIFIER WITH LOCAL FINE-TUNING PROTOCOL.

Methods Pre-trained Acc.
Point-MAE (Rep.) Y 92.91

Ours Y 93.07

TABLE III
OBJECT CLASSIFICATION ON MODELNET40 BASED ON LINEAR

CLASSIFIER WITH THE LOCAL FINE-TUNING PROTOCOL.

Methods Pre-trained Acc.
Multi-Task+DGCNN [47] Y 89.1

Self-Constrast+DGCNN [48] Y 89.6
Jigsaw+DGCNN [49] Y 90.6

FoldingNet+DGCNN [46] Y 90.1
Rotation+DGCNN [50] Y 90.8

STRL+DGCNN [30] Y 90.9
OcCo+DGCNN [32] Y 89.2

CrossPoint+DGCNN [31] Y 91.2
IAE+DGCNN [51] Y 92.1
Point-MAE (Rep.) Y 92.71

Ours Y 93.19

In Tab. III, we freeze the parameters of the pre-trained
model and solely fine-tune the linear classifier module. Our
proposed methodology achieves significantly superior perfor-
mance (93.19%) in comparison to Point-MAE (92.71%) and
IAE+DGCNN (92.1%).

Visualize the distribution of features. In order to validate
our pre-trained model based on ShapeNet55 and non-linear
shape classifier on ModelNet40 with global fine-tuning proto-
col, and we employ t-SNE [52] to visualize the feature vectors
of our pre-trained model and classifier in Fig. 6. To facilitate
a meaningful comparison, we opt for Point-MAE [10] as our
baseline and initially generate feature vectors by employing its
pre-trained model and classifier, which are accessible in the
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Fig. 6. Visualization of feature distributions. We show the t-SNE visualization
of feature vectors learned by Point-MAE [10] and ours. (a) after pre-trained
model and (b) after fine-tuning on ModelNet40 by PointMAE. (c) after pre-
training, (d) after fine-tuning always on ModelNet40 by our method.

official codebase. The dimensionality of the feature vectors
derived from the pre-trained model Fpre is d = 768, while
the result vectors from the non-linear classifier Fcls have
a dimensionality of d = 40. We employ t-SNE to depict
the learned features Fpre and Fcls, with the feature vectors
of Point-MAE and our method. Fig. 6 (a) and (b) show
the feature vectors of Point-MAE’s pre-trained module and
classifier, respectively. Subsequently, we utilize similar steps
to calculate the feature vectors of our proposed approach and
visualize them in Fig.6 (c) and (d).

Few-shot Learning. Following previous works [9]–[11],
[32], [53], we conduct few-shot learning experiments with pre-
trained model on ModelNet40 [37]. We employ an n-way, m-
shot setup, where n denotes the number of classes randomly
selected from the dataset, and m represents the number of
objects randomly sampled for each class. We leverage n�m
objects for training, and for evaluation purposes, we randomly
select 20 objects from each of n classes, which are unseen
during training.

In the experiments, we set n 2 5; 10 and m 2 10; 20 and
present the results in Tab. IV. Our method achieves comparable
results to Point-MAE [10].

Shape Classification on the real-world dataset. The
objective of SSRL is to design a model with strong capa-
bility of domain adaptation, which trains on the synthetic
datasets while still being able to perform well on real-world
datasets. Real scenes are often more intricate than synthetic
scenes, and can involve multiple objects, some of which may
be incompletely scanned, posing a significant challenge to

TABLE IV
FEW-SHOT OBJECT CLASSIFICATION ON MODELNET40. WE CONDUCT 10

INDEPENDENT EXPERIMENTS FOR EACH SETTING AND REPORT MEAN
ACCURACY (%) WITH STANDARD DEVIATION.

Methods 5-way,10-shot 5-way,20-shot
10-way,10-shot 10-way,20-shot

DGCNN-rand [32] 31:6 � 2:8 40:8 � 4:6
19:9 � 2:1 16:9 � 1:5

DGCNN-OcCo [32] 90:6 � 2:8 92:5 � 1:9
82:9 � 1:3 86:5 � 2:2

Transformer-rand [9] 87:8 � 5:2 93:3 � 4:3
84:6 � 5:5 89:4 � 6:3

Transformer-OcCo [9] 94:0 � 3:6 95:9 � 2:3
89:4 � 5:1 92:4 � 4:6

PointBERT [9] 94:6 � 3:1 96:3 � 2:7
91:0 � 5:4 92:7 � 5:1

PointMAE [10] 96:3 � 2:5 97:8 � 1:8
92:6 � 4:1 95:0 � 3:0

Ours 96:1 � 3:1 97:9 � 1:4
90:3 � 5:1 93:8 � 2:5

TABLE V
OBJECT CLASSIFICATION ON THE REAL-WORLD DATASET,

SCANOBJECTNN. WE EVALUATE OUT METHOD ON THREE VARIANTS,
‘OBJ-BG’, ‘OBJ-ONLY’ AND ‘PB-T50-RS’. ACCURACY (%) FOR EACH

VARIANT IS REPORTED.

Methods OBJ-BG OBJ-ONLY PB-T50-RS
PointNet [22] 73.3 79.2 68.0

SpiderCNN [54] 77.1 79.5 73.7
PointNet++ [23] 82.3 84.3 77.9

DGCNN [25] 82.8 86.2 78.1
PointCNN [44] 86.1 85.5 78.5

BGA-DGCNN [38] - - 79.7
BGA-PN++ [38] - - 80.2

GBNet [55] - - 80.5
PRANet [56] - - 81.0

Transformer [9] 79.86 80.55 77.24
Transformer-OcCo [9] 84.85 85.54 78.79

Point-BERT [9] 87.43 88.12 83.07
Point-MAE [10] 90.02 88.29 85.18

Point-MAE (Rep.) 89.67 88.98 83.83
Ours 88.99 87.95 83.79

shape classification. In this paper, we design a self-supervised
learning approach with high domain adaptation capabilities
to address this challenge. We evaluate the performance of
our pre-trained model on the ScanObjectNN [38] dataset,
which contains approximately 15,000 objects of 15 categories,
that are scanned from real-world indoor scenes with cluttered
backgrounds. We test our model on three distinct variants of
the dataset, namely ‘OBJ-BG’, ‘OBJ-ONLY’, and ‘PB-T50-
RS’. The results are presented in Tab. V. On the hardest
variant ‘PB-T50-RS’, our model achieves 83.79% accuracy,
surpassing Transformer [9] and Transformer-OcCo [9] and
performing slightly inferior to Point-MAE [10].

C. Part Segmentation

Task of object part segmentation aims to predict a more
fine-gained class label for every instance. We conduct part
segmentation on ShapeNetPart [39], which comprises 16,872
samples shared by 16 categories, divided into 13,998 training
and 2,874 testing data. As illustrated in Tab. VI, our method
achieves competitive results compared to the state-of-the-art


