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We present MaskPOINT, a novel scheme of masked-wise pretrained models for point

SN ) cloud self-supervised learning, addressing the challenges posed by 3D understanding,
ISSN (orﬂlne). 2582-7138 including the ambiguous underlying geometry and irregular topology information. In
Volume: 05 fact, surface-based geodesic topology pro- vides strong cues for 3D semantic analysis
Issue: 05 and geometric modeling, but such connectivity information is lost in point clouds and
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Page No: 440-447 field given a query point. Then, the Manifold Understanding enables the point cloud

dived into topology strands based on manifold contrastive learning. Then, we
randomly mask out some strands of input topology and feed them into the vanilla
Transformers. The pre-training objective is to recover the underlying geometry and
irregular topology information the masked. We evaluate our pretrained models across
several downstream tasks, including point clouds classification, 3D segmentation,
few-shot, registra- tion and demonstrate competitive results while representations
learned by Mask Point owning strong interpretability.
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1. Introduction

Mask-based pre-training technology attracts many researchers by being influential in various ML scenarios, including robustness
2,11, 12,13, 14, 15,16, 17 ' reqularizer [> 722 21,2223, 34 gnd neural network interpretability (82 33 34571 In terms of self-supervised
learning (SSL), the key enabler of mask-based SSL is to recover the mask context based on the pretext task. Thanks to
Transformer, most of mask-based SSL framework is based on that strong backbone, because of its tokenlizer ability and captures
long-range dependence. Starting from masked language modeling, BERT and its variant achieve state-of-the-art performance
across nearly all NLP downstream tasks by predicting masked tokens during pretraining. Notably, recent image self-supervised
studies start to explore a novel mask-wise reconstruction methods, which inspired by Masked Language Modeling (e.g, BERT),
namely mask image modeling. In general mask image modeling is to formulate the image as visual token that can be better
described by the ViT transformer. In general, prior arts attempt to figure out a problem, that is how to leverage original image
features as a self-supervised signal facilitating tokenization image [°0: 44 33.29.27],
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Fig 1: Mask Topology pre-training pipeline

Despite, tokenize produce achieves promising results in 2D
vision [?] and language community, it is under-explored in
the 3D vision and graphics field yet. Several attempts have
been made for self-supervised representation learning on
point clouds tasks, such as reconstruction [] and generation.
Technically, point cloud pre-training model can be roughly
categorized into two branches, contrastive learning and
transformer-friendly pre-training. For the first line, the 3D
point contrastive learning either contrast among various point
clouds or different projected views of the input point cloud
for representation learning. On the other hand, exiting
transformer-based point cloud models biases local feature
aggregation and neighbor embedding, where betrays the
tokenize 3D points and hardly servers as transformer-friendly
pre-training. Until recently, such positive initiatives in image
and language are hardly replicated in 3D point cloud. That
shares us a hint what makes masked 3D point cloud problem
such tricky. We try to figure out that from the following
observations:

1. Geometric Vocabulary. Different from language
[Devlin et al. researches omit point cloud surface
topology that possesses crucial self-supervised contents.
We advocate, a geometric vocabulary that hold
geometric features and surface topology indeed refine
self-supervised 3D point pre-training

2. 3D Sampling. The other essential difference between the
3D point cloud and already explored self-supervised
modal is sampling process. Both language and image
rarely toward sampling to satisfy downstream tasks,
opposite full information offers more high-frequency
rich semantics. In contrast, the raw 3D point data is
redundant or sparse posing a major challenge to obtain
vital features. One widely solution is to employ Farthest
Point Sampling (FPS) that selecting a subset of points in
which points are farthest away from each other to
describe global point cloud. However, classic sampling
never value the downstream task, while recent work
showed that learning a task-specific sampling are
helpful. Yet, the proposed techniques overlook the point
topology task-specific for self-supervised and even not
differentiable.

To this end, we present Masked Topology sampling for self-
supervised 3D geometric pre-training to jointly analyze the
3D point-wise masked modeling from the previous two non-
trivial points. Driven by previous analysis, we first dig the
deeper into the fundamental problem of point clouds and
present a fully differen- tiable topology sampling. Superior to
OcCo [Wang et al. 2021a], the current state-of-the-art
describes an encoder-decoder architecture to reconstruct the
occluded viewpoints, via a non-differentiable generation.

In terms of better tokenize geometric vocabulary, we follow
the popular study[?] that predicts the vanilla 3D point
typology proper- ties (e.g, normal, geodesic, curvature)
instead of directly predicting point patches that largely
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empowers the SSL point to learn 3D silhouette.

2. Related Work

2.1. Transformers

The Transformer [Vaswani et al. 2017] backbone been
immensely dominated NLP society, such as [Brown et al.
2020; Qian et al. 2021]. Thanks to its minimal inductive and
long-distance capturing feature, Transformer starts to
empower 2D vision as a strong backbone, starting from
Dosovitskiy. et al. Latterly, kind of strong visual
Transformers backbone like Swin-ViT [Liu et al. 2022c,
2021] and VIiT surpass ConvNets among various tasks, such
as detection [Kim et al. 2021], instance segmentation[Wang
et al. 2021b], image in painting [Yu et al. 2021b]. Despite
there is a trend of unifying transformer in the field of NLP
and 2D vision, the development of transformer in 3D vision
falls behind the expected. Luckily, there is some of
preliminary studies initiating the Transformers-based point
cloud backbone. For instance, PCT [4143.44.45.46,47. 48] mp| oy's
a coordinate- based embedding layer while altering the self-
attention mechanism with an offset-attention optimization
process that can be better similarly formulated as a Laplace
process. Besides, Point Transformer also modifies the
Transformer layer, which enables invariant to permutation
that smoothly suits to point cloud processing. Driven by
previous efforts, Point-BERT [Yu et al. 2022] success in
encouraging standard Transformers to 3D point cloud
learning, with minimal inductive bias. Despite this, we argue
that prior art [Yu et al. 2022] and some non-peer review
work[Liu et al. 2022a; Pang et al. 2022] naively tokenize
point cloud into transformer-friendly parches, yet makes the
transformer backbone out of the surface manifold in point
cloud. By contract, we seek to introduce the surface and
topology feature of point cloud into the transformer backbone
to better understand global point cloud structure.

2.2. Sampling methods for Points Cloud

Point cloud sampling serves as a fundamental technology of
the learning-based point cloud process, which refines the raw
inputs while reducing computational costs for downstream
tasks. Widely- adopted point cloud sampling methods include
RS, FPS, and IDIS. A handful of recent works began to
explore advanced and so- phisticated sampling schemes.
Nonetheless, despite the remarkable progress in point cloud
sampling, these methods are task-agnostic and rather
universal, lacking awareness of the important features which
a particular task may require. Recently, Dovrat et al. pro-
posed a learnable, data-driven sampling strategy by imposing
a specific task loss to enforce the sampler in learning specific
related features for a particular task. Later, Lang et al
extended the learning approach by introducing a
differentiable relaxation to minimise the training and
inference accuracy gap for the sampling operation.
Nevertheless, by introducing an additional task loss,
sampling ultimately becomes constrained and prone to over
fitting on a specific task model instead of the task itself.
Additionally, this also requires significant extra training to fit
a particular goal.

2.3. Self-supervised Learning

Mask-wise Pretraining. Mask-based pretraining was initially
pro- posed in natural language processing (NLP) tasks.
Bidirectional Encoder Representations from Transformers
(BERT) 71 enables representation learning from unlabelled
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texts in a self-supervised manner, in which the Masked
Language Modeling (MLM) makes the major contribution.
Following BERT, a number of studies researched mask-wise
pretraining in linguistic models [6% 61. 62 63,64, 65 Becayse of
the shift from convolution to Transformer backbones in
computer vi- sion tasks, BEIT first adapted the MLM strategy
to image backbone pretraining. BEIT tokenizes the 2D image
into different visual tokens, after which, it randomly masks
some cells and feeds the corrupted feature map into the
backbone. The model is trained to recover the tokens of the
masked cells. Lately, Masked Auto-Encoder (MAE) [
further pushed the limits of mask-wise pretraining. MAE
directly train the backbone to recover the par- tially masked
images in an end-to-end manner. In 3D vision tasks, Point-
BERT [Yu et al. 2022] was the first mask-wise pre-training
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strategy. In this work, we .. d

SSL for 3D. Self-supervised learning (SSL) has gained
tremendous visibility in computer vision tasks, which enables
representation learning without labels [0 7% 72,73, 74,75, 76] 7]
proposed rotation-based SSL in 3D point cloud. [?] presented
jigsaw puzzle-based SSL in the 3D point cloud domain.
Auto-encoding are also of better qualities demonstrated that
robustness improve- ments can be gained with SSL in 3D
adversarial training. [?] proposed OcCo, a completion-based
pretraining in 3D point clouds to better capture the geometric
feature of 3D data. PointContrast lever- ages contrastive loss
on different persepctive of 3D scenes to train the backbone
models [ #5 44, As mentioned earlier, Point-BERT [Yu et al.
2022] was the first study on adapting mask-wise pretraining.
In this study, we present a more sophisticated mask-wise.
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Fig 2: Mask POINT pre-training pipeline

3. Masked Topology

The overall framework of our Mask POINT is illustrated in
Fig. 5.

Given masked and embedded point patches, we learn the
transformer- based encoder and decoder to reconstruct the
underlying masked manifold by simultaneously predicting
the 3d parallel vectors field. In the following subsections, we
introduce the main components in detail Mask POINT
system.

Differentiable Topology Sampling

We formulate construct surface-based geodesic topology of
point cloud as a point sampling problem. Recent efforts
[Lang et al. 2020] explore the differentiable relaxation for
point cloud sampling toward addressing loss-relevant tasks.
But, they ignore the fundamentally understand the topology
of the point could. In the following, we will give a brief
description of Sample Net and clarify our differences to it.
Sample Net Given a set of point clouds which Sample Net
targets at sampling a smaller and concentrate subset of points,
which normally equips a fix-defined number of sampled
points so that the downstream task working on the subsets can
be optimized. To make the whole process differentiable,
SampleNet define a small point group for each, then the small
point group project onto raw point clouds x7 to obtain final
input to the down- stream task. However, learn task-specific
sampling (i.e., perhaps suitable for not a surface-mind task
such as re- construction), while we take a step deeper and aim
to propose an surface-friendly differentiable sampler.
Topology Sampling The goal of the topology sampling is to
develop a learning-based sampling module f & with trainable
parameters, which takes in a point cloud with m points and
outputs a geodesic manifold between two points . It takes as

input the anchor point, also its neighborhood and with the
current path descriptor y zand predicts at every time step t the
next point in the path sequence using an differentiable
heuristic manner:

In other word, we can formulate the problem as how to obtain
a topology priors point representation, and surface coverage
path descriptor with a reasonable heuristic point selector. To
exploit topology of the 3D point cloud, we leverage DGCNN
[Wang et al. 2019] rather than Point Net to encoder the raw
manifold feature. Actually, assuming two points on two
distinct fingertips that are considered close in the Euclidean
space, these points are actually distant on the surface curve
and consequently in the graph feature space. However, naive
DGCNN [Wang et al. 2019] expressively describe
neighborhood information using a single aggregation
function. Sim- ilar to Sharp et. al [2020], we propose a graph
node convolution operation for node feature update.

Where is the feature of point x/ in layer, 67 denotes the
parameters of n-th layer and N/ is the neighbors of point.
Differ- ent from naive solution, the proposed relative feature
formulation enables point clouds decomposition from the
shape topology.

In addition, we need to proper encode the path direction to
avoid predictions that are not aligned with the current
predicted path. In particular, loops around nodes along with
misleading direction vectors can derail the path from the
target point. To avoid that, we The key point is to define how
to include the next point in the sequence via a differentiable
process. We leverage the transition probabilityto make this
fully differentiable:

P (le =x; | x",Q) = softmax (MLP ([rj ||_f;“}’r]])
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where Q is the point set that x lie in and MLP denotes a
multilayer perceptron. In this paper we used a 5 layer MLP
accompanied with ReLU activations.

Neural Architecture

Token Embedding. Before forwarding the visible point
patches Pvis to the encoder, we first embed them via token
embedding. Following, we instantiate the token embedding
with a lightweight Point Net, which is composed of multi-
layer perceptrons (MLP) and a max pooling f

Reconstruction Target

4. Experiments

4.1. Pipeline Setups

4.2. Downstream Tasks

In this subsection, we verify our methods via the five main
point cloud downstream task and report the results on the
widely used benchmarks. Besides the previous studies [Yu et
al. 2022] visits tasks, we firstly explore the possibility of the
point cloud 3D registration. On the hand, 3D registration
servers as an essential task while requires strong prior
knowledge of 3D surfaces, that is a ideal down- stream task
to confirm our assumption.

Object Classification. We conduct our object classification
experiments on Model Net40 [?], which includes 12,311
CAD models from 40 categories. 9,843 models are used for
training while 2,468 models for testing. We evaluate our
methods ranging the point cloud resolutions from 1024, 4096,
and 8192 to three levels. And all the levels of the point cloud
is used a uniform sampling from CAD mesh faces.

Real Word Dataset. We next conduct experiments using the
real- world scan dataset Scan Object NN Table 2 shows the
results. Our approach achieves SOTA performance on all
three splits. On the hardest PB s.
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Table 1: Performance of different methods on point cloud datasets

Methods OBJ-BG|OBJ-ONLY|PB-T50-RS
Point Net 73.3 79.2 68.0
Spider CNN 77.1 79.5 73.7
Point Net++ 82.3 84.3 77.9
Point CNN 86.1 85.5 78.5
DGCNN 82.8 86.2 78.1
BGA-DGCNN 81.1 82.9 79.7
BGA-PN++ 77.6 78.9 80.2
Transformer 79.86 80.55 77.24
Transformer-OcCo 84.85 85.54 78.79
Point-BERT [Yu et al. 2022] | 87.43 88.12 83.07
Mask Point [Liu et al. 2022b]| 89.35 88.10 84.3
Mask POINT (ours) 89.23 87.22 85.60

Part Segmentation. We visualize the feature distributions
using tSNE. Fig. shows the features learned by Mask POINT
after self- supervised training on the ShapeNet dataset.

Table 2: Performance of different methods on MioU

Method Mean inst. mloU
Point Net++ 85.1
Point CNN 86.1
DGCNN 85.2
KP Conv deform 86.4
KP Conv rigid 86.2
GDA Net 86.5
Point Transformer [Zhao et al. 2021] 86.6
Point Voxel Transformer 86.5
Point-BERT [Yu et al. 2022] 84.8
Mask POINT (ours) 85.6
Mask Point[Liu et al. 2022b] 86.1

Scenes Understanding. We conduct the semantic
segmentation on the Stanford 3D Indoor Scene Dataset
(S3DIS), which contains 6 large-scale indoor areas with

points shared by 13 classes.

Lim et al. Euclidean Distance Cosine Similarity Proposed

XXX

Fig 3: Mask POINT geodisc

Table 3: Performance of different methods in various indicators of image4x100

Methods Input OA mAcc mloU

Point Net Image 4x100 83.4 49.0 41.1

Point CNN Image 4x100 85.9 63.9 57.3

KP Conv Image 4x100 86.2 72.8 67.1

Transformer Image 4x100 86.8 68.6 60.0

Transferring features protocol

Point-MAE [Pang et al. 2022] Image 4x100 87.4 71.3 61.0

Mask Point (Ours) Image 4x100 88.3 74.1 62.1
Non-linear classification protocol

Point-MAE[Pang et al. 2022] Image 4x100 85.3 65.4 56.1

MaskPOINT (Ours) Image 4x100 83.5 45.8 81.5
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Object Detection. Our most closely related work, Point-

BERT showed experiments only on

object-level

classification and segmentation tasks. In this paper, we
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evaluate a model’s pretrained representation on a more

challenging scene-level

detection on ScanNetV2.

Table 4: AP performance of different methods under Geo input

downstream

task: 3D object

Methods Methods Pretrained Input AP2s APso
STRL v Geo 59.5 384
Implicit Auto encoder v Geo 61.5 39.8
Random Rooms v Geo 61.3 36.2
Point Contrast v Geo 59.2 38.0
Depth Contrast v Geo 61.3 39.0
Depth Contrast v Geo + RGB 64.0 429
3DETR v Geo 62.1 37.9
Point-BERT v Geo 61.0 38.3
Mask Point v Geo 63.4 40.6
Mask Point (12-layers) v Geo 64.2 42.0
Mask POINT (ours) v Geo 61.7 42.8

Registration. We further conduct comparison evaluation on real- world indoor scenes: 7Scenes.

Table 5: Four evaluation metrics for different models

7 Scenes

Model MAE(t) MAE(r) MIE(t) MAE(r)
ICP 2.4022 0.0699 4.4832 0.1410
Go-ICP 0.7339 0.0259 1.3927 0.0522
S4PCS 1.3964 0.0547 2.7792 0.1103
FGR 2.2477 0.0808 4.1850 0.1573
RANSAC 1.2349 0.0429 2.3167 0.0839
IDAM 4.4153 0.1385 8.6178 0.2756
RPM-Net 0.3267 0.0125 0.6277 0.0246
FMR 1.1085 0.0398 2.1323 0.0786
Point-MAE[Liu et al. 2022a] 0.2374 0.0005 0.3987 0.0010
Ours 0.0492 0.0023 0.0897 0.0049

Few-shot Learning. We conduct the experiments of few shot
learning on the Scan Object NN dataset under the “n-way, m-
shot” setting, where n is the number of randomly sampled
classes and m is the number of samples in each class. The
nxm samples are adopted for training, while we randomly

sample 20 unseen objects from each class for testing. We
report the results of each setting with 10 independent
experiments. Results with n = 5, 10 and m = 10, 20 are
presented in Tab.

Table 6: Four evaluation metrics for our models

5-way 10-way
10 -shot 20 -shot 10 -shot 20-shot

Transformer 51.9+8.3 61.6 £85 385+5.9 455+3.9
Transferring features protocol

Point-MAE 63.9+7.0 77.0+5.2 53.6+5.4 616 £2.7

Mask POINT (Ours) 65.3+4.9 774+5.2 53.8+5.3 554+2.1
Linear classification protocol

Point-MAE 48.3+7.8 56.0 £6.2 39.2+10.1 42.1+£1.7

Mask POINT(Ours) 51.0+8.2 59.8+7.9 41.7+9.2 616 £2.7

Non-linear classification protocol
Point-MAE 56.4+6.8 67.2+6.5 443+6.2 50.8 3.6
Mask POINT(Ours) 60.8 + 6.6 68.3+6.7 46.6 +6.4 61.6+27
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4.3. Analyses and Discussions
Analyses and Discussions

www.allmultidisciplinaryjournal.com

: ~% L Cen e L R L E
u wa g W T AE xad )
* 7 . - ¥ °] - 4
j“%% ‘5;;_{ Q@Q (S { ‘u/-‘rﬁ' .
-20 g’ 'k.* 20 -20 = .-l' ‘ ‘: 1 ?
w -~ “ Py " 1
” o
10 20 0 20 o —40 —20 o 20 40 ~40 -20 0 20 0
Fig 4: Point cloud clustering graph
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