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Abstract

Masked autoencoder have demonstrated excellent
performance in point cloud representation learning
and received widespread attention. However, due
to the unstructured nature of point clouds, existing
methods struggle to effectively model both local
geometric information and global topological fea-
tures, while generally neglecting positional infor-
mation, resulting in insufficient model representa-
tional capacity. To address these challenges, we
propose a Position-Assigned Graph Masked Au-
toencoder (PA-GMAE) framework for point cloud
representation learning. Specifically, we first ex-
plicitly transform the unstructured point clouds into
a graph structure and assigns it positional informa-
tion, leveraging the structured properties of graph
to mine the intrinsic correlations among points.
During the encoding stage, global contextual are
dynamically injected into node features, endow-
ing the model with capabilities of global aware-
ness. In the decoding stage, collaborative work
across multiple decoding tasks fully captures the
global topology and positional dependencies of the
point cloud, enhancing the quality of learned rep-
resentations. Extensive experiments are conducted
on three authoritative benchmark datasets, namely
ScanObjectNN, ModelNet40, and ShapeNetPart,
across typical downstream tasks including point
cloud classification and part segmentation, the re-
sults demonstrate the effectiveness and superiority
of the proposed framework.

1 Introduction
Point clouds, as an efficient representation of 3D objects, are
capable of precisely preserving the geometric, shape, and
structural details of objects [Guo et al., 2021]. They have
been widely applied in key fields such as autonomous driv-
ing, robotic navigation, and digital twins. In recent years,
starting with PointNet [Qi et al., 2017a; Qi et al., 2017b],
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point cloud representation learning have achieved great suc-
cess in the field of deep learning and have shown impressive
performance in various 3D shape analysis and scene under-
standing tasks. Self-supervised learning can learn meaning-
ful representations from unlabeled data without costly anno-
tations, directly addressing the label-dependency problem in
representation learning [Xiao et al., 2023]. This gives it sig-
nificant research importance and application value.

Inspired by the success of self-supervised learning (SSL)
in fields such as image processing and natural language pro-
cessing [He et al., 2022], a large number of self-supervised
3D representation learning methods [Xie et al., 2020; Zhang
et al., 2021; Pang et al., 2022; Liang et al., 2024] have
been proposed. These methods can learn meaningful repre-
sentations from unlabeled point cloud datasets and enhance
model performance on downstream tasks through fine-tuning.
Existing self-supervised methods primarily follow two re-
search pathways: contrastive learning methods and genera-
tive methods. Generative methods mainly adopt a masked
point modeling strategy, which randomly masks portions of
point cloud patches and reconstructs the masked regions us-
ing only information from the visible areas. This forces the
model to learn the inherent geometric and semantic struc-
tures of point clouds. This paradigm derives its supervisory
signal entirely from the data itself, offering greater scalabil-
ity and robustness [Zhang et al., 2022; Pang et al., 2022;
Liang et al., 2024].

Although masked representation learning has achieved no-
table success, existing methods still face several issues: On
the one hand, due to the inherent lack of explicit structure in
point clouds, current approaches that perform random mask-
ing directly on the unordered, unstructured raw point clouds
tend to retain a substantial amount of residual local geomet-
ric information. This leads models to rely on the local context
of adjacent visible patches for shortcut reconstruction [Wu et
al., 2025], making it difficult to capture global semantic rela-
tionships between distant regions and resulting in the loss of
topological structure and positional information.

On the other hand, existing methods generally adopt only
a single reconstruction of the original point cloud as the pre-
training objective. Such a pure reconstruction task primarily
forces the model to learn low-level geometric details (coordi-
nates or surface normals) [Zha et al., 2024], but makes it diffi-
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cult to capture higher-level semantic concepts. As a result, the
model easily falls into low-level shortcuts, focusing merely
on surface texture and density distribution while neglecting
the overall semantic consistency of the object (such as the
structural similarity between aircraft wings), thereby failing
to fully exploit the high-level semantic information and struc-
tured representation capability inherent in point clouds.

To overcome these limitations, we introduce a point
cloud representation learning framework based on a Position-
Assigned Graph Masked Autoencoder (PA-GMAE). Firstly,
we explicitly transform the raw point cloud into a graph,
where nodes represent local point sets and are assigned posi-
tional information, while edges encode the topological struc-
ture. This enables efficient capture of local semantics and
inter-local relationships, facilitating global semantic reason-
ing. Secondly, Based on this graph representation, during
the encoding stage, we propose a local enhancement mod-
ule to mitigate the limitations of purely local modeling and
build global awareness. Additionally, we dynamically align
and complementarily fuse node-level features refined through
graph message passing with the original high-resolution point
features. Finally, to overcome the limitations of a single
low-level reconstruction task, we further design a multi-
task pretraining approach: node reconstruction, center posi-
tion regression, and edge prediction tasks. Through multi-
dimensional decoding, the model is collaboratively driven to
simultaneously learn local geometric details and global topo-
logical structure.

The main contributions of this paper are as follows:

• We propose a Position-Assigned Graph Masked Autoen-
coder framework, which constructs point clouds and
assigns positional information, while simultaneously
learning local geometric features and global topological
structures.

• We introduced a local part enhancement module and a
fusion mechanism, allowing the model to dynamically
inject global contextual information while retaining use-
ful information.

• We propose multi-dimensional collaborative decoding
tasks, driving the model to simultaneously learn fine-
grained local details and global topological structures.

• Extensive experiments on datasets including ScanOb-
jectNN, ModelNet40, and ShapeNetPart demonstrate
the effectiveness of our proposed modules.

2 Related Work
2.1 Representation Learning for Point Cloud
Unlike structured data such as images, point clouds are
sparse, unordered, and irregular, making it difficult for stan-
dard 2D CNNs to process them efficiently. To address this,
researchers have proposed various specialized deep learning
paradigms [Guo et al., 2021]: voxel-based methods, multi-
view-based methods, and point-based methods.

Voxel-based methods, such as VoxNet [Maturana and
Scherer, 2015], convert point clouds into voxel grids and ap-
ply 3D convolutions to extract features. While they achieve

regularized representations, they introduce significant storage
and computational overhead, especially in high-resolution
scenes where efficiency is severely compromised. Multi-
view-based methods [Su et al., 2015; Zhou et al., 2020]
project point clouds onto multiple 2D planes and process
them using standard convolutions, avoiding the high cost of
3D convolutions. However, they are limited by occlusion is-
sues, often requiring the fusion of predictions from multiple
views, and the projection preprocessing tends to cause loss of
geometric information.

Point-based methods operate directly on raw point coor-
dinates [Li et al., 2018], eliminating the need for complex
format conversions. PointNet [Qi et al., 2017a] pioneered
the use of shared MLPs combined with a symmetric func-
tion (max pooling) to aggregate global features, ensuring
permutation invariance. DGCNN [Wang et al., 2019] con-
structs dynamic graph structures between points via Edge-
Conv to capture both local and global features. Point Trans-
former [Zhao et al., 2021] applies self-attention to neighbor-
ing points, leveraging the self-attention mechanism to over-
come the fixed receptive field limitations of traditional local
convolutions or graph convolutions, however, its quadratic
complexity poses challenges for large-scale point clouds.
DeLA [Yang et al., 2024] decouples the conventional neigh-
borhood aggregation process into independent spatial encod-
ing and local aggregation operations, significantly reducing
computational complexity and overcoming the processing
bottleneck for large-scale point clouds. Nevertheless, these
methods still rely heavily on large amounts of annotated data
to train the models.

2.2 Self-Supervised Point Cloud Learning
Self-supervised point cloud learning extracts effective rep-
resentations from unlabeled point cloud data by designing
pretext tasks, where supervision signals are generated from
the data itself rather than through manual annotation, thereby
effectively alleviating the high demand for human-labeled
data. It is mainly divided into contrastive and generative ap-
proaches [Wu et al., 2023].

Contrastive methods learn invariant representations by
constructing positive and negative sample pairs, maximizing
similarity between positive pairs while minimizing similarity
between negative pairs. Representative works include Point-
Contrast [Xie et al., 2020], which performs contrastive pre-
training through cross-view point correspondence, and Cross-
Point [Afham et al., 2022], which enhances cross-modal cor-
respondence between point clouds and their rendered 2D im-
ages while ensuring invariance to spatial transformations.

Generative methods aim to reconstruct or generate point
clouds, forcing the network to learn geometric structures and
semantic information. Notable works include OcCo [Wang
et al., 2021], which generates occluded point clouds from
random viewpoints and trains an encoder-decoder model for
completion. Point-BERT [Yu et al., 2022], which adopts
a BERT-style pre-training with a discretization tokenizer
and masked prediction, and Point-MAE [Pang et al., 2022],
which achieves self-supervision through high-ratio random
patch masking and direct coordinate reconstruction. These
methods primarily emphasize local patch context and gen-
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Figure 1: The overall pipeline of our PA-GMAE framework. The gray region first partitions the point cloud into a graph structure and gen-
erates two branches—a masked graph and a full graph—which are fed into the student and teacher encoders, respectively, for representation
learning. The blue region represents the core of the encoder, which progressively fuses the Local Part Enhancement (LPE), Graph Convolu-
tion message passing (GCN), and Point-Part Fusion (PPF) modules layer by layer, producing node features at each stage. The yellow region
employs a multi-task decoding strategy, consisting of layer-wise node feature reconstruction, part center position regression, and graph edge
topology prediction, to collaboratively optimize the model representations through these three complementary objectives.

erally struggle to model long-range topological dependen-
cies. MAE3D [Jiang et al., 2025] proposes a general
lightweight framework compatible with various backbones
and uses folding-based reconstruction to recover fine-grained
point clouds. Point-MPP [Fan et al., 2025] captures high-
level semantic information by predicting the positions of dis-
ordered masked point cloud patches.

These methods commonly rely on a single reconstruction
objective, which fails to fully exploit the structured high-level
semantic information in point clouds. To address this, we pro-
pose a Position-Assigned Graph Masked Autoencoder frame-
work that effectively models both local geometric informa-
tion and global topological structural features simultaneously.

3 Methodology
The overall pipeline of the proposed Position-Assigned
Graph Masked Autoencoder framework is illustrated in Fig-
ure 1. In Section 3.1, we first introduce the method of con-
verting point clouds into graphs and describe the generation
of graph node features. Then, in Section 3.2, we present the
local enhancement module and the alignment module within
the encoder. Finally, in Section 3.3, we describe the multi-
task pre-training scheme in the decoding stage, which in-
cludes node feature reconstruction, center position regres-
sion, and edge prediction.

3.1 Position-Assigned Graph Construction
We use a voxelization method to convert the point cloud into a
graph and construct a weight matrix for it, while also assign-

ing positional information to the nodes, as shown in Figure 2.
Point Cloud Partition. Given a point cloud X = {xi ∈
R3}Ni=1 with N points, where xi denotes the coordinates of
the i-th point, we divide the point cloud using a fixed-size
grid. Each point is voxelized into its corresponding grid
cell [Jiang et al., 2024], the point cloud X being partitioned
into s3 parts P = {pi ∈ R3}Vi=1, where s is the division fac-
tor, V = s3 is the total number of grid cells, and pj represents
the set of points falling into the j-th grid cell.

After partitioning the N points into V parts, we explicitly
treat each non-empty part as a graph node V = {vi ∈ P}ni=1,
where n is the number of non-empty parts. For any two
non-empty parts that are spatially adjacent, we establish an
edge A = {eij | pi ∩ pj ̸= ∅, i ̸= j}between them to repre-
sent their adjacency relationship. Through this voxelization
process, the point cloud is explicitly constructed into a graph
G = (V,A).

In the G, each node v corresponds to a non-empty part, and
its node feature is obtained using point feature aggregation
extraction. An edge set A exists between adjacent nodes. We
construct a weighted adjacency matrix W , where the weight
of each edge is defined based on the Euclidean distance be-
tween part centers using a Gaussian kernel:

Wij = exp

(
−∥ci − cj∥2

2σ2

)
(1)

where ci =
1

|pi|
∑

pi∈V pi is the center of the i-th part, and σ

is a hyperparameter.
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Figure 2: Position-Assigned Graph Construction. The point cloud is divided into parts using a fixed-size grid, with each part treated as a
graph node, and edges connecting adjacent nodes.

Position-Assigned Graph. Point-based networks employ
point convolution operations to map point features into a
high-dimensional space, producing per-point features H =
{hi ∈ RD}Ni=1, where hi represents the feature vector of the
i-th point, and D is the feature dimension. Subsequently, ag-
gregation operations (e.g., max pooling or average pooling)
are applied to all per-point features to generate the global fea-
ture of the point cloud:

fglobal = Agg ({Conv(hi) | i ∈ N}) (2)

To obtain the feature of each part P as the node feature in
the G, we aggregate the per-point features within each part to
form the corresponding part-level node feature vector:

vi = Agg ({Conv(hj) | j ∈ pi}) (3)

However, since the aggregated node features are mainly
formed by the fusion of their own local information and lack
positional awareness, we extract a central embedding for each
part’s center point ci through an MLP and fuse it with each
node feature vi to enhance positional awareness.

fi = vi +MLP (ci) (4)

where fi is the feature of the i-th node at the fusion position.

3.2 Masked Autoencoder Module
We fully exploit the constructed G by randomly masking a
subset of graph nodes. This generates a visible set Pvis =
{pi}Vi=1 and a full set Pfull, where V = r×V are the numbers
of unmasked, mask ration r is 0.5. Subsequently, We feed
Pvis into the encoder for reconstruction, forcing the model
to learn the intrinsic geometric and semantic structures of the
point cloud. In order to enhance information interaction be-
tween point sets, we incorporate the fusion of Local Part En-
hancement, GCN, and Point-Part Fusion at every layer of the
point-wise encoder to capture both local and global informa-
tion, as shown in Figure 3.

Local Part Enhancement. Existing methods still exhibit
limitations in local representation capability, typically rely-
ing on independent extraction of embeddings for each local
patch using local points only, resulting in the capture of only

limited local context information. Consequently, the aggre-
gated node features are primarily formed by fusing informa-
tion from their own local regions, lacking awareness of the
overall geometric structure information. To endow each node
in the graph with global context awareness, we design the Lo-
cal Part Enhancement (LPE) module, which explicitly injects
global context information into each node. Specifically, to al-
leviate the shortcomings of purely local modeling, we dynam-
ically enhance each local node feature using the global con-
text feature obtained from global pooling through a learnable
gated attention mechanism, thereby building global aware-
ness:

f ′
i = ReLU

(
q(fi)⊙ σ

(
k(fglobal)

))
(5)

where q and k denote linear projections, σ is the activation
function, ⊙ denotes element-wise multiplication.
GCN Representation Learning. To enable feature infor-
mation exchange between local point sets, we employ graph
neural networks (GNNs) for message passing. Compared to
encoders based solely on MLPs, GNNs can explicitly aggre-
gate neighbor information, allowing for a more natural cap-
ture of point-to-point relationships and local structures. We
adopt the following message passing mechanism:

f̂ = GCN(f ′,W ) + f ′ (6)

where W is the weighted adjacency matrix of the G.
Point-Part Fusion. After the message passing stage, each
node has aggregated local geometric information from its
neighborhood, forming rich part-level representations. How-
ever, point features retain finer-grained local details, while
node features integrate surrounding local information. Sim-
ply concatenating or adding the two often leads to informa-
tion redundancy or dimensional misalignment. To achieve ef-
fective alignment and complementary fusion between point-
level and part-level features, we further propose a Point-Part
Fusion (PPF) module. This module adaptively balances the
contributions of the both modalities through a dynamic gat-
ing mechanism, ultimately generating unified enhanced point
features.

Specifically, for each part-level representation f̂i, we first
replicate it |pi| times to align with the points. Then, we
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Figure 3: The structure of each layer in the encoder consists of the
LPE, GNN, and PPF modules. These three components work to-
gether to promote effective interaction and fusion between point-
level and part-level features.

adaptively inject the part-level abstract representation into the
point features hi via a gate mechanism:

Gate = σ
(
ϕ
(
hi ∥ f̂i

))
(7)

f̄i = Gate ⊙ ϕ(hi) + (1− Gate)⊙ ϕ(f̂i) (8)
where ϕ are learnable linear projections, σ denotes the sig-
moid activation, ∥ represents concatenation, and ⊙ indicates
element-wise multiplication. Finally, for the visible input Pvis
and the full input Pfull, the output of the encoder is:

F (l)
s = encoder (Pvis, θ)

s F (l)
t = encoder (Pfull, ξ)

t (9)

where F (l) denotes the part-level features at the l-th layer,
and θ, ξ represents the learnable parameters of the encoder.

3.3 Multi-task Reconstruction Graph Learning
To recover the local structural information of masked nodes
as well as the connectivity between nodes, we employ mul-
tiple decoders to process the node features F (l)

s obtained at
each layer of the encoding stage, guiding the pre-trained en-
coder to simultaneously model local geometric structures and
global high-level semantic information.
Node Feature Reconstruction. We first propose a dynamic
node feature reconstruction task, which performs layer-wise
feature reconstruction on our node features. This task con-
ditions on the multi-dimensional node embeddings output by
the encoder to guide the decoder in reconstructing the local
geometric details of the node features. Specifically, we de-
sign node prediction heads built with MLPs, which are ap-
plied separately to the node features output from each layer
of the encoder, thereby progressively reconstructing the com-
plete node features layer by layer.

F̂ (l) = H
(
F (l)

s

)
(10)

where H denotes the decoder for node features, F̂ (l) rep-
resents the reconstructed node features at the l-th layer, the
target node features F (l)

t are directly extracted from the un-
masked graph using a parameter-shared teacher encoder. The
teacher encoder’s parameters are updated from the student en-
coder’s weights θ via back-propagation, with the update mag-
nitude controlled by an Exponential Moving Average (EMA).

The reconstruction loss is computed using Mean Squared Er-
ror (MSE), calculated independently for each layer and then
summed:

Lpart =
1

L

L∑
l=1

(
MSE(F̂ (l),F (l)

t )
)

(11)

Center Position Regression. To ensure that the recon-
structed node features do not deviate from the original point
cloud distribution, prevent bias, and reinforce position aware-
ness, we utilize the reconstructed node features to predict the
original center points of each part. Specifically, we feed the
reconstructed node features from each layer into the position
decoder to reconstruct the original center points:

ĉ(l) = C
(
F̂ (l)

)
(12)

where ĉ(l) denotes the predicted center point of the i-part. We
adopt Chamfer Distance (CD) loss to compute the distance
between the predicted centers and the ground-truth centers:

Lcen =
1

L

L∑
l=1

CD
(
ĉ(l), c

)
(13)

Edge Prediction. To further exploit the topological struc-
ture among parts in the G, we introduce an edge prediction
task on the reconstructed node features. This task aims to
reconstruct adjacency relationships between nodes, thereby
better capturing the global structure.

Specifically, we design an edge decoder E composed of
multiple shared MLPs followed by a sigmoid activation,
which performs binary classification on pairwise node fea-
tures:

Âij = E([f i − fj ]) (14)

where fi is the reconstructed feature of the i-th node, Âij

denotes the predicted probability of an edge between nodes
i and j, and the ground-truth adjacency Aij is obtained from
G.We adopt a weighted binary cross-entropy loss for this task:

Ledge =
1

L

L∑
l=1

BCE
(
Âij , Aij

)
(15)

Total Task. Finally, our node reconstruction task ensures
the recovery of masked point features to model local informa-
tion, while center point regression and edge prediction further
guarantee positional awareness and global structural consis-
tency. The overall loss is formulated by jointly optimizing
these three objectives:

Ltotal = Lnode + α · Lcen + β · Ledge (16)
where α, β is a hyperparameter that balances the contribu-
tions of the two tasks.

4 Experiments
In this section, we conduct a comprehensive evaluation of
PA-GMAE across multiple downstream tasks. We first pre-
train the model on synthetic point clouds, then validate its
effectiveness on various downstream tasks using both syn-
thetic and real-world point clouds. Finally, we perform abla-
tion studies to investigate the effectiveness of our framework
design and discuss its limitations.
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Sup. Methods Input Acc.

VoxNet 1K points 85.9
PointNet++ 1K points+normal 91.9
MVSG-DNN Images 92.3

FSL PointConv 1K points+normal 92.8
DGCNN 1K points 92.9
PointTransformer 1K points+normal 93.7
DeLA 1K points 94.0

CrossPoint 1K points 91.2
Point-BERT 1K points 92.7
Point-MAE 1K points 93.4

SSL MAE3D 1K points 93.4
Point-M2AE 1K points 94.0
Point-MPP 1K points 93.6
PA-GMAE(Ours) 1K points 94.1

Table 1: Classification results on the synthetic dataset ModelNet40.
We report the classification accuracy (%) and the number of points
in the input. ’FSL’ stands for supervised learning, and ’SSL’ stands
for self-supervised learning.

4.1 Training Settings
Following the standard practice in prior studies [Pang et al.,
2022], we pre-train our framework on the ShapeNet [Chang
et al., 2015] dataset. ShapeNet [Chang et al., 2015] contains
over 50,000 clean 3D models covering 55 common object
categories, providing rich diversity and geometric complex-
ity that are crucial for robust representation learning. During
pre-training, we use 1,024 points as input without employing
any annotated labels.

For training details, we use the AdamW [Loshchilov and
Hutter, 2017] optimizer for all tasks, with a cosine learning
rate scheduler and weight decay set to 5e-2. For the classi-
fication task, the initial learning rate is set to 2e-3, the num-
ber of k-nearest neighbors is 20, the model is trained for 300
epochs, and the batch size is 32. For the part segmentation
task, the initial learning rate is set to 1e-3, with 20 nearest
neighbors, the model is trained for 200 epochs, and the batch
size is 32.

4.2 Effectiveness of Modules on Downstream
Tasks

To demonstrate the effectiveness of our method, we evaluate
the proposed modules using DeLA [Yang et al., 2024] as the
point encoder across three downstream tasks.
Synthetic Object Classification. To investigate the perfor-
mance on synthetic object classification tasks, we conducted
classification evaluations on the synthetic dataset Model-
Net40 [Wu et al., 2014], which contains 12,311 mesh CAD
models from 40 categories. We used 9,843 models for train-
ing and 2,468 models for testing. In our experiments, only
sampled coordinates were used, without incorporating any
normal or color information. For each model, we uniformly
sampled 1,024 points and utilized solely the (x, y, z) 3D co-
ordinates of these sampled points. As shown in Table 1,
under identical input settings, our method achieves an ac-
curacy of 94.1%, outperforming other self-supervised ap-

Methods PB T50 RS OBJ ONLY OBJ BG

PointNet 68.2 79.2 73.3
PointNet++ 77.9 84.3 82.3
PointCNN 78.5 85.5 86.1
DGCNN 78.1 86.2 82.8
MAE3D 77.4 85.4 85.3
Point-BERT 83.1 88.2 87.4
Point-MAE 85.1 88.2 90.0
Point-MPP 84.1 88.6 90.9
PA-GMAE(Ours) 86.3 90.7 90.8

Table 2: Classification results on the ScanObjectNN dataset. We
report the accuracy (%) of three different settings.

proaches. Compared to the recent method Point-MPP [Fan et
al., 2025], it improves by 0.5%, and relative to Transformer-
based masked methods, it shows a gain of 0.7%, demonstrat-
ing substantial performance improvement. This clearly high-
lights the effectiveness of our pre-training approach.

Real-World Object Classification. Since collecting point
clouds from real-world scenarios is more expensive than
generating them from ready-made synthetic data, one of
the key goals of self-supervised point cloud pre-training is
to reduce the need for real-world point clouds by transfer-
ring knowledge learned from synthetic data. We evaluate
our method’s ability to recognize real-world objects on the
ScanObjectNN [Uy et al., 2019] dataset. ScanObjectNN [Uy
et al., 2019] is a real-world indoor object point cloud dataset
containing 15 categories, characterized by occlusion, back-
ground clutter, and non-uniform sampling, and includes ap-
proximately 15,000 objects. For ScanObjectNN [Uy et al.,
2019], we use three standard variants: OBJ BG, OBJ ONLY,
and PB T50 RS. As shown in Table 2, our method achieves
the best results on the OBJ ONLY and PB T50 RS vari-
ants with 90.7% and 86.3%, respectively, outperforming all
compared unsupervised methods. However, it only reaches
90.8% on OBJ BG, slightly underperforming some individ-
ual methods. We attribute this to interference from back-
ground noise during the voxelization-based graph construc-
tion process, which causes some points to be erroneously
grouped into neighboring parts, thereby degrading the quality
of inter-part information interaction and ultimately affecting
classification performance.

3D Object Part Segmentation. We evaluated part segmen-
tation performance on the ShapeNetPart [Yi et al., 2016]
dataset. This dataset consists of 16,880 models, each in-
volving 2 to 6 parts, with a total of 50 distinct part la-
bels. We adopt mean Intersection-over-Union (mIoU) as
the evaluation metric and report two types of mIoU in Ta-
ble 3. Our self-supervised method achieves state-of-the-art
performance, surpassing all recent unsupervised approaches,
demonstrating the effectiveness of our pre-training scheme in
helping the model understand objects and their constituent
parts.
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Methods mIoUc mIoUI air bag cap car chair earph. guitar knife lamp laptop motor mug pistol rocket skateb. table

PointNet++ 81.9 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 82.3 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
MAE3D 82.5 85.6 83.7 81.7 85.3 78.5 90.8 80.1 91.4 89.1 84.6 95.5 66.7 94.8 81.9 58.5 74.6 82.7

Point-BERT 84.1 85.6 84.3 84.8 88.0 79.8 91.0 81.7 91.6 87.9 85.2 95.6 75.6 94.7 84.3 63.4 76.3 81.5
Point-MAE 84.2 86.1 84.3 85.0 88.3 80.5 91.3 78.5 92.1 87.4 86.1 96.1 75.2 94.6 84.7 63.5 77.1 82.4
Point-M2AE 84.8 86.5 85.0 88.1 88.7 81.3 91.6 78.8 91.9 87.9 85.6 95.9 77.8 94.9 84.4 66.3 76.7 82.1
Point-MPP 84.7 86.1 84.8 84.7 89.0 81.2 91.5 80.8 91.9 87.5 86.0 96.1 77.3 94.9 85.9 63.5 77.6 81.7

PA-GMAE(Ours) 85.6 87.1 86.3 86.8 89.3 82.9 92.2 81.7 92.2 88.0 85.1 96.7 78.0 95.9 83.5 69.3 78.0 83.8

Table 3: Part segmentation results on the ShapeNetPart dataset. We report the mean IoU across all part categories mIoUC (%) and the mean
IoU across all instance mIoUI (%) , as well as the IoU (%) for each categories.

Accuracy(%)
GCN PPF LPE ———————————

OBJ BG ModelNet40

! % % 89.47±0.59 93.27±0.21
! ! % 89.67±0.43 93.29±0.12
! % ! 90.15±0.38 93.44±0.37
! ! ! 90.6±0.35 93.92±0.2

Table 4: We investigate the effects of different designs and report
the classification accuracy (%) on ScanObjectNN and ModelNet40.

4.3 Ablation Studies
To validate the effectiveness of our network design, we
conduct detailed ablation studies on the ModelNet40 and
ScanObjectNN datasets to verify the contribution of each
component in our framework.

Effectiveness of Network Designs. To demonstrate the ef-
fectiveness of our network design, We conducted ablation
analyses on each module of the encoder separately.We first
perform ablation by removing the designed enhancement and
fusion modules. In each experiment, we vary only one factor
while keeping all other experimental settings unchanged. As
shown in Table 4, incorporating our designed modules in the
encoder effectively improves model performance. This fur-
ther confirms that LPE enhances local perception capability
and reduces information ambiguity for subsequent message
passing, while PPF effectively selects information beneficial
to downstream tasks during the fusion stage.

4.4 Parameter Analysis
We further investigate the impact of the Gaussian kernel pa-
rameter σ and the segmentation number s on graph construc-
tion performance. The segmentation number s controls the
density of the graph structure: smaller s results in fewer nodes
and a sparser structure, while larger s produces the opposite
effect. The Gaussian kernel parameter σ controls the edge
connection strength: smaller σ leads to sparser neighborhood
connections and stronger locality, whereas larger σ results in
broader connectivity ranges. Therefore, we conducted de-
tailed experimental validation across various combinations
of s and σ. As shown in Figure 4, the model achieves the
best performance on the classification task when s = 4 and
σ = 0.5, effectively balancing the capture of local geometric
details with sufficient global context interaction, while avoid-

ing information loss or noise interference caused by overly
sparse or overly dense graph structures.

Figure 4: Parameter analysis. We compared the performance ac-
curacy (%) across different segmentation numbers s and Gaussian
kernel parameters σ. The upper part shows results after fine-tuning
on the ModelNet40 dataset, while the lower part shows results after
fine-tuning on the OBJ BG variant of ScanObjectNN.

5 Conclusion
In this paper, we propose a novel Position-Assigned Graph
Masked Autoencoder for point cloud learning, which aims
to effectively model both local geometric information and
global topological structural features simultaneously. Firstly,
the discrete and unordered point cloud is explicitly trans-
formed into a graph representation and assigns it positional
information, leveraging the topological properties of graph
data to deeply mine the intrinsic associations between points.
Secondly, in the encoding stage, the model is endowed with
capabilities of global awareness by dynamically injecting
global context information. Finally, in the decoding stage,
a multi-task collaborative work method is employed to fully
capture the global topological dependencies and positional
correlations of the point cloud, thereby significantly enhanc-
ing the quality of the learned feature representations. Exper-
imental results demonstrate that the PA-GMAE framework
achieves substantial improvements across all evaluation met-
rics. Future work will focus on designing more robust graph
construction strategies to improve the model’s adaptability in
complex noisy scenarios.
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