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Abstract—Masked Autoencoders (MAE) demonstrated exceptional per-
formance in natural language processing and 2D vision tasks and have
now been introduced into point cloud representation learning. We propose
Point-UMAE, a novel self-supervised learning method based on a Unet-
like structure, designed to enhance the capture of local details and global
semantics in point clouds. Point-UMAE employs an asymmetric encoder-
decoder architecture with a top-down fine-grained masking strategy to
improve multi-scale consistency. The pre-trained model achieves state-of-
the-art performance across various downstream tasks. Compared to the
baseline Point-BERT, our method achieves a classification performance
improvement of 1% and 4.14% on the ModelNet40 and ScanObjectNN
datasets, respectively. We also investigate the impact of masking strategies
and encoder structures on performance.

Index Terms—Point cloud, Self supervised learning, MAE.

I. INTRODUCTION

Self-supervised learning (SSL) [1]-[5] aims to enable models to ef-
fectively learn feature representations from data through pre-training
tasks. Recently, the success of MAE [6] has inspired researchers to
introduce it into 3D signal processing [7]-[12]. However, the irregular
sampling and sparsity of point clouds present additional challenges,
requiring algorithms not only to capture local features but also to
understand the global structure and geometric relationships of the
point clouds.

We note that the success of Unet [13] in medical image segmenta-
tion is attributed to its design for multi-scale feature fusion and spatial
information preservation. Swin-Unet [14] further demonstrated the
potential of combining transformer architectures with Unet design
principles, which inspired us to incorporate these advantages into
self-supervised learning for point cloud signals. To the best of our
knowledge, the most relevant prior work to our research is Point-
M2AE [10], which was the first to introduce a multi-scale pre-
training framework for point cloud SSL. However, Point-M2AE has
a drawback of position information leakage at low scales. Addi-
tionally, Point-M2AE fails to fully transfer the advantages of the
Unet structure to downstream models. This results in the framework
overemphasizing the aggregation of global features while neglecting
the construction of local detail features in downstream tasks.

In response, this paper proposes Point-UMAE, designed to effec-
tively integrate the advantages of multi-scale structures. Our approach
employs a top-down masking strategy to ensure mask consistency
across different scales. Specifically, we begin by randomly masking
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point cloud patches at the lowest scale according to a predetermined
masking ratio. Next, we apply the farthest point sampling (FPS)
algorithm to determine the downsampled point cloud at higher scales,
followed by using the k-nearest neighbors (KNN) algorithm to
identify feature merging groups. This strategy effectively prevents
position information leakage at low scales and enhances multi-scale
masking efficiency.

Following the design principles of MAE, we constructed an
asymmetric encoder-decoder structure during the pre-training phase.
The decoder is equipped with a simplified multi-layer transformer
module, specifically designed for feature interpolation of masked
point cloud patches at the lowest scale. After the pre-training phase,
the complete Unet-like encoder is transferred to the fine-tuning stage.
This indicates that, apart from the task-specific prediction head,
the weights of the downstream network model are fully initialized
through the pre-training process.

The experiments demonstrate significant achievements of our
method in multiple downstream tasks. After pre-training, Point-
UMAE achieves an accuracy of 93.1% on the ModelNet40 [15]
dataset using linear Support Vector Machine (SVM) for classification,
surpassing many fully supervised learning methods. After fine-tuning,
Point-UMAE achieves classification accuracies of 94.2% on the
ModelNet40 [15] dataset and 91.57% on the ScanObjectNN [16]
dataset. Additionally, we evaluate Point-UMAE’s performance in
tasks such as few-shot learning, part segmentation, and 3D object
detection, where Point-UMAE demonstrates the best performance.

II. METHOD

As shown in Figure 1, during the pre-training phase, Point-UMAE
first segments and masks the input point cloud, then learns its
multi-scale features and contextual information through the encoder.
Subsequently, the decoder reconstructs the original point cloud. After
pre-training, the features learned by the encoder are utilized in the
model structure for downstream tasks.

A. Point Patch Embedding

For a given point cloud X € R™*3, we apply the farthest point
sampling (FPS) strategy to downsample and obtain m; representative
center points. Then, using the k-nearest neighbors (KNN) algorithm,
we select and aggregate k1 neighboring points for each center point,
constructing local point cloud patches P € R™1**1 X3,

P = KNN (FPS (X),X), PeR™ k>3 )
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Fig. 1.

Overall architecture of our Point-UMAE. The upper part of the figure illustrates the block division of point clouds and the top-down multi-scale

masking strategy employed. Below, we elaborate on the detailed process of our method, where the encoder consists of a contraction path and an expansion
path, responsible for multi-scale feature extraction and interaction of contextual information. Subsequently, a structurally simple decoder and a reconstruction

head are used to reconstruct the masked point cloud.

For a predefined masking ratio «, at the initial scale s;, we mask
m1 X « proportion of point cloud patches and use these masked
blocks to calculate the reconstruction loss. Starting from the second
scale s2, for each subsequent scale s;, we first perform FPS from the
set of visible point cloud blocks at the previous scale m;—1 X (1 —«)
to downsample to m; = m; X (1 — ) center points. Then, using the
KNN algorithm, we determine k; neighboring points for each center
point based on these center points for feature merging.

Consistent with Point-MAE [7], we employ a Mini-PointNet [17]
architecture to extract initial features for each point cloud patch. To
facilitate model convergence, we choose to represent the positional
information of points within each patch using relative positions, i.e.,
by computing the difference between a point and its corresponding
patch center and normalizing the result. This relative positional
representation helps the model capture local structural features and
enhance its representation capabilities for point cloud data. The
mathematical expression of this process can be formalized as:

Ty T € R™74,

= Mini-Pointnet(Puis ), 2

B. U-shaped Transformer Encoder

The encoder receives tokenized input T and integrates local
features into global features through a contracting path. Subsequently,
the expanding path, through skip connections and feature propagation
mechanisms, gradually backpropagates high-level abstract features
to the original scale, thus achieving comprehensive extraction of
contextual information from the input data and deep interaction
between multi-scale features.

During the interaction between adjacent scale encoders, the en-
coder of a higher-level scale s; receives input tokens 7, which are
merged from the output 7, ; of the encoder at the previous scale. In
the top-down masking strategy, the neighbors for token merging for
each center point at the current scale have been determined. In this

process, a multi-layer perceptron (MLP) and max-pooling layer are
used to fuse these neighboring tokens. This integration process can
be described by the following mathematical expression:
T = Omax(MLP(KNN(TC ), T € R™*% 3)
In this process, Omax represents the operation of max pooling. Subse-
quently, we deploy a network structure consisting of [ standard vision
transformer (Vit) blocks at the current scale to compute the attention
mechanism and interact with context information. The description of
this process is as follows:
TE =Vit(TF), TS e R™*%, 4)
The expansion path is responsible for gradually passing features
from the highest scale s,, back to the initial scale, ensuring that
the features of each local block can be deeply fused with global
information from higher levels. This design strategy not only en-
hances the model’s multi-scale understanding of point cloud data
but also, thanks to the consistency between the input and output
dimensions of the encoder, allows the model to flexibly expand and
adapt to a variety of downstream application tasks. Specifically, this
process is achieved through token upsampling techniques and skip-
connection mechanisms. Between scales s;+1 and s;, we use a token
propagation module to handle TfH at scale s;. This module first
looks for k;41 nearest neighbors for each center point at scale s;41,
then uses a weighted interpolation technique inspired by PointNet++
[18] to reconstruct the tokens TZ-E at scale s;. Subsequently, the skip-
connected T)C and TF are fused using a linear projection layer,
T =

Oproi (T, 1), TF e R™7, Q)

TF = Vit(TF), TF e R™>*%, (6)
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TABLE I
CLASSIFICATION ON MODELNET40 [15] AND SCANOBJECTNN [16].
WE REPORT THE SHAPE CLASSIFICATION ACCURACY (%).

Methods Flops ModelNet40 ScanObjectNN
w/o Vote w/ Vote OBJ_BG OBJ_ONLY PB_T50_RS
PointNet [17] - - 89.2 73.3 79.2 68.0
PointNet++ [18] - - 90.7 82.3 84.3 77.9
DGCNN [19] - - 92.9 82.8 86.2 78.1
with Self-Supervised Representation Learning
Point-BERT [8] 4.8G 92.7 93.2 8743 88.12 83.07
Mask-Point [9] 4.8G - 93.8 89.70 89.30 84.60
Point-MAE [7] 4.8G 93.2 93.8  90.02 88.29 85.18
Point-M2AE [10] 3.6G 93.4 940 91.22 88.81 86.43
Point-UMAE 1.9G 93.7 942 91.57 88.98 86.95
TABLE 11

FEW-SHOT CLASSIFICATION ON MODELNET40 [15]. WE REPORT THE
AVERAGE ACCURACY (%) AND STANDARD DEVIATION (%) OF 10
INDEPENDENT EXPERIMENTS.

5-way 10-way

Methods 10-shot  20-shot 10-shot  20-shot

DGCNN [19] 31,6 £2.8 408 +46 199+21 16915
OcCo [20] 906 +28 925+19 829+13 865+22

with Self-Supervised Representation Learning

Point-BERT [8] 946 +3.1 963+27 91.0+£54 927+5.1
Mask-Point [9] 95037 972+17 914+£40 934+35
Point-MAE [7] 963 +25 978+18 92.6+4.1 950+3.0
Point-M2AE [10] 968 +1.8 983 +14 923+45 950+30
Point-UMAE 971 +19 98.6+07 92.6=+4.0 951+3.0

C. Point Cloud Reconstruction

We define the reconstruction of masked regions in the point cloud
as the objective of our SSL approach. This process involves a
lightweight decoder tasked with efficiently interpolating the masked
areas’ features. Additionally, the reconstruction head uses the tokens
output by the decoder to recover the relative positional information.
To effectively handle masked positions, we introduce a shared and
trainable masking token mechanism. At the initial scale, we append
m1 X o masking tokens Tk after the visible tokens. These tokens
are then passed to the decoder for processing, which consists of two
standard Transformer blocks:

TP = Decoder(TF, Tras), TF € R™ >4, (7

We use a reconstruction head consisting of a linear projection
layer to reconstruct the ki nearest neighbor points at the initial
scale. The loss calculation is based on the L2 Chamfer distance
[21], measuring the difference between the reconstructed points and
the original points. In the self-supervised pretraining phase, we
do not use a contrastive loss, but focus on learning the intrinsic
feature representation of the point cloud through the pure masked
autoencoder. The mathematical expression for this process is as
follows:

P= emc(TD)7 Pe R(m1><a)><k1><3 (8)

Z min |5 — pl3 (9)

Len(P,P) |P\ mellp Pz + —=
P | ep”

where, P denotes the ground truth.

TABLE III
PART SEGMENTATION ON SHAPENETPART [23]. WE REPORT THE MEAN
IoU (%) OF ALL PART CATEGORIES (mIoU¢’) AND THE MEAN I0U OF
ALL INSTANCES (mIoU}’) IN THE DATASET.

Methods mloU¢x mloUjy
PointNet [17] 80.39 83.70
PointNet++ [18] 81.85 85.10
DGCNN [19] 82.33 85.20

with Self-Supervised Representation Learning

Transformer + OcCo [8] 83.42 85.10

Point-BERT [8] 84.11 85.60

Mask-Point [9] 84.40 86.00

Point-MAE [7] - 86.10

GPM [24] 84.20 85.80

Point-UMAE 84.56 86.13
TABLE IV

3D OBJECT DETECTION ON SCANNETV2 [25]. WE REPORT THE
AVERAGE PRECISION AT TWO DIFFERENT IOU THRESHOLDS.

Methods APs5 APso
VoteNet [26] 58.6 33.5
STRL [27] 59.5 38.4
PointContrast [28] 59.2 38.0
DepthContrast [29] 61.3 -

3DETR [30] 62.1 37.9
3DETR-m [30] 65.0 47.0
Point-BERT [8] 61.0 38.3
Mask-Point [9] 64.2 42.1
Point-UMAE 66.1 48.4

III. EXPERIMENTAL EVALUATION
A. Pre-training

We pretrained the Point-UMAE model on the ShapeNet [22]
dataset, which contains 55 different categories totaling 57,448 3D
shapes. During the pretraining process, we set the scale value to
3 and used a top-down random masking strategy with a masking
rate of 0.75 to mask the point cloud blocks. For the multiscale
structure, we designed the corresponding numbers of point cloud
blocks as m = [128,64,32], and set the token dimensions as
d = [384,576,768]. At each scale, the encoder consists of two
transformer blocks. Additionally, the decoder also consists of two
transformer blocks.

B. Shape Classification

Table I presents the evaluation results for shape classification
accuracy. On the ModelNet40 dataset [15], our method achieved the
highest accuracy in both settings, with and without voting, surpassing
the baseline Point-BERT [8] by 1% in the voting scenario. On the
ScanObjectNN dataset [16], across three different partition settings,
our method achieved the best performance in both the “OBJ-BG”
and the most challenging “PB_T50_RS” sections, with accuracies of
91.57% and 86.95%, respectively. Under the “OBJ-ONLY” condition,
Point-UMAE achieved the second-best accuracy at 88.98%. In all
three cases, our method outperformed Point-M2AE [10].

C. Few-shot Classification

We evaluated the few-shot learning performance of Point-UMAE
by conducting N-way, K-shot experiments on the ModelNet40 [15]
dataset. Specifically, we randomly selected N classes from Model-
Net40 and sampled K objects from each class. Each experiment was
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TABLE V
ABLATION EXPERIMENTS WITH POINT-UMAE PERTAINING ON THE SHAPENET [22] DATASET. THE FINE-TUNED ACCURACY (%) ACHIEVED IS
REPORTED. DEFAULT SETTINGS ARE MARKED IN GRAY .

(a) Encoder depth (b) Decoder depth

(c) Block Mask (d) Random Mask

Blocks Acc (%) Blocks Acc (%) Ratio Loss Acc (%) Ratio Loss Acc (%)
1 93.79 1 93.89 0.40 1.73 93.53 0.60 1.43 93.72
2 94.24 2 94.24 0.60 1.94 93.64 0.70 1.51 94.13
3 94.21 3 94.22 0.70 2.07 93.21 0.75 1.53 94.24
4 94.25 4 94.17 0.80 2.15 92.79 0.80 1.67 94.19
(e) Number of Scales (f) Pre-training losses (g) Token Dimension
Scales Acc (%) L2 CD L1 CD EMD Acc (%) 1-st Scale  2-nd Scale  3-rd Scale  Acc (%)
1 93.68 v - - 94.24 384 384 384 93.82
2 93.94 - v - 93.71 384 576 768 94.24
3 94.24 - - v 93.74 256 512 1024 93.95
4 94.23 v - v 94.06 384 768 1536 94.21
s outperformed Point-BERT [8] and Mask-Point [9], which do not have
- the ability to extract multi-scale features.
F. Visualization
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Fig. 2. Visualization of reconstruction. We compared the differences

between the top-down and the bottom-up masking strategy at the lowest scale.

repeated 10 times, and the average and standard deviation of the
results were calculated. As shown in Table II, we achieved state-of-
the-art (SOTA) performance in all four settings.

D. Part Segmentation

We evaluated the part segmentation performance of Point-UMAE
on the ShapeNetPart [23] dataset. Table III presents the mean
Intersection over Union for all classes (mloU¢) and all instances
(mlIoUy). Compared to the fully supervised method DGCNN [19],
Point-UMAE achieved significant improvements of 2.23% and 0.93%
in these two key evaluation metrics, respectively. In the experimental
results, our method achieved an mloUc of 84.65% and an mloU;
of 86.13%, outperforming other point cloud self-supervised learning
methods.

E. 3D Object Detection

To evaluate the performance of the model on the challenging task
of 3D object detection, we conducted experiments on the ScanNetV2
[25] dataset. In this experiment, we used the same encoder archi-
tecture as 3DETR [30] at various scales and retrained the model
specifically for the ScanNetV2 dataset. The experimental results,
as shown in Table IV, demonstrate a significant improvement over
the baseline algorithm 3DETR [30], with a 4% increase in AP2s5
and a 10.5% performance gain in APso. Additionally, our method

We visually compared the top-down masking strategy employed
by Point-UMAE with the bottom-up masking strategy used by Point-
M2AE [10]. As shown in Figure 2, the bottom-up masking strategy
used by Point-M2AE exhibits significant point cloud position leakage,
as this strategy can only guarantee the predetermined masking ratio at
the highest scale. In contrast, our top-down masking strategy demon-
strates good consistency across all scales. Additionally, we show that
under a 60% masking ratio condition, Point-UMAE achieves high-
quality point cloud reconstruction.

G. Ablation Study

To determine the optimal parameter settings for our method,
we conducted a comparative analysis of different configurations,
as shown in Table V. These configurations include various aspects
such as transformer depth, masking strategies, number of scales,
loss functions, and feature dimensions. The default settings for our
method are highlighted in gray in the table. Notably, an encoder depth
of 4 yielded the best performance; however, the performance gain
compared to a 2-block configuration was minimal, while the number
of parameters nearly doubled. We confirmed that a random masking
strategy, compared to block masking, is more effective at preserving
global information integrity at high masking ratios, thereby enhancing
the model’s ability to capture and understand global features during
pre-training. Additionally, L2 Chamfer Distance (CD) loss proved
to be more effective in capturing subtle differences between point
clouds. Finally, the pyramid structure demonstrated a significant
advantage in multi-scale feature encoding.

IV. CONCLUSION

In this paper, we introduce Point-UMAE, an innovative frame-
work for point cloud processing. This method adopts a top-down
masking strategy, ensuring consistency in multi-scale masking, and
leverages the advantages of a multi-scale architecture by successfully
transferring the Unet-like encoder architecture in both pre-training
and fine-tuning stages. Point-UMAE demonstrates competitiveness
in various downstream tasks, including but not limited to 3D shape
classification, part segmentation, and object detection. Looking ahead,
we plan to further enhance the performance of Point-UMAE by
expanding the scale of training data and exploring its application
in a wider range of point cloud-based perception tasks.
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