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Xie et al. PointContrast: Unsupervised Pre-training for 3D Point Cloud Understanding. In ECCV, 2020.



Unsupervised Point Cloud Pre-training

Reconstruction
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Pang et a/ Masked Autoencoders for Point Cloud Self-supervised Learning. In ECCV, 2022.
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Limitation & Solution CVPR akihak
« Sample-specific Unsupervised Learning
— Semantics of instances are not fully explored

» New Paradigm of Point Clustering
— Clustering estimates data distribution holistically

— Class-level semantic information mining
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- Semantic Exploration
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 Class-level information exploration
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Feature clusters R Directly apply to Point Clouds

InfoNCE-based Clustering Loss:
exp (fi - uy,/T)

 Ignore inherent geometry of 3D point data
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Caron et al. Deep Clustering for Unsupervised Learning of Visual Features. In ECCV, 2018.



Scene 1

Clustering Learning on Point Clouds
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» Feature invariance learning as the inductive bias in clustering

- Exploitation of geometric and semantics for transformation invariance
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Point cloud of one scene

View 1




Point-level Invariance Learning

Point cloud of one scene

View 1

SEPRE .| .

Apply data transformation (e.g.,
rotation) on each scene to
generate two views
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Point-level Invariance Learning

Point cloud of one scene
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Apply DBSCAN to cluster points
Into Instances

Point prototype set of each view
u™ and u’?
Assigned point label set of each view

yp1 and yP2
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Ester et al. A Density-Based Algorithm for Discovering Clusters in Large Spatial Databases with Noise. In SIGKDD, 1996.
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View 1

Point-level Invariance Learning

Point cloud of one scene
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Point feature extraction
of two views
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Backbone Point feature clusters

Inner-view clustering loss
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Point-level loss t”=r%, +L%.,.
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Instance-level Invariance Learning

Point clouds of all scenes

with instance masks
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Instance-level Invariance Learning

Point clouds of all scenes
with instance masks
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Instance-level invariance learning on all
instances over the entire dataset

Instance feature is obtained through
globally pooling point features

Instance prototype set of each view
u!t and u'2

Assigned instance label set of each view

yI' and yI2
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Instance-level Invariance Learning  ¢yp Akl

Point clouds of all scenes
with instance masks
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Instance feature of two
views

£t and f?

7

Inner-view clustering loss

I I I I Is Io Is
Line = Le(fi',u, 3 t) + Le(f;%,m72,y°2).

Cross-view clustering loss
Lero = Le(£ 0, 5?) + La(£;% 0, 5).
Instance-level loss ' = if,. + LL,..

Overall loss Lo, = L7 +L".
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Experiments

« Datasets

* Pre-training Dataset
« ScanNet: 2.5M RGB-D scaning frames
 Extract 190K 3D scans from 1,200 depth video sequences
« Sample 8,192 points of each scans for pre-training

« Datasets of Downstream Tasks

Dataset Statistic Task Gain
ModelNet40 [62] 9.8K train, 2.5K val Object Cls. +3.0% Acc
ScanObjectNN [56] | 11.4K train, 29K val  Object Cls. +10.1% Acc
ShapeNetPart [6Y] 14.0K train, 2.9K val Part Seg. +1.6% mloU
PartNet [40] 17.1K train, 2.5K val Part Seg. +4.3% mloU
S3DIS [#] 199 train, 67 val Semantic Seg. +6.7% mloU
ScanNetV2 [10] 1.2K train, 312 val Semantic Seg.  +5.7% mloU
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Performance Comparisons

« Comparisons with the state-of-the-art methods

Performances on classification

Performances on part segmentation

rVD mm

CVPR
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Performances on semantic segmentation

Approach | Backbone | ModeINet40 | ScanObjectNN
Scrutch PointNet+4 00,7 77.9
DepthContrast [ 7] | PointNet++ 91.3
GLR [50] PointNet++ 03.0
ReSp [52] DGCNN 92.4
OcCo [0 DGCNN 03.0 -
PointClustering PointNet++ | 941 84.5 ac
Scrutch SR-UNet 90, | 76,2
PointContrast [+°] | SR-UNet 91.2 -
PointClustering SR-UNet 93,6 .15 83.7 w15
Seratch PoimntVil 91.5 17.2
Point-BERT [ 71/] PointViT 93.2 83.1
MaskPoint | ] PointViT 038 84.3
Point-MAE [ 1] PointViT 03.8 85.2
MaskSurf [7 7] PoimViT 034 85.8
PoimClustering PoimViT | 94.5 87.3 a0

Approach | Backbone | ShapeNetPart | PartNet Approach | Backbone |  S3DIS | ScanNetV2
Scratch PointNet++ 84.9 42.5 Scratch PointNet++ 55.3 57.9
OcCo [64] DGCNN 85.0 - OcCo [60] DGCNN 58.0 -

ReSp [77] DGCNN 85.3 . PointClustering PointNet++ 61.2 (459 62.6 (+17)
PointClustering PointNet++ 859 10 47.0 a5 - _
: = — — Scratch SR-UNet 68.2 70.3
e | G 9 e DepthContrast [74] | SR-UNet 715 71.2
o e | ARt > > CsC [27] SR-UNet | 722 738
PointClustering SR-UNet 86.0 .1 42.1 432 s —
PointContrast [#5] | SR-UNet 70.9 74.1

Scratch Point Vil 85.1 45.3 PointClustering SR-UNet 73.2 (+5.0) 75.5 (+52)
Point-BERT [70] | PointViT 85.6 : - ——— -
MaskPoint [+4] | PointViT 86.0 2 Scratch PointVil 58.9 60.1
MaskSurf [ 7] PointViT 86.1 Point-MAE [ 1] PointViT 60.0 -
Point-MAE [+1] PointViT 86.1 - MaskSurf [ 7] PointViT 61.6 -
PointClustering PoimtViT 86.7 (+1.6) 50.1 i+a.3) PointClustering PointViT 65.6 (167 65.8 57

PointClustering achieves better performances with three kinds of point

backbone, i.e., PointNet++, SR-UNet and PointViT, on all benchmarks

16



R Al

Performance Comparisons
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« Ablation Studies

Ablation studies on different invariance learning Ablation studies on instance clustering number K

Model . 01 93.6 042
2 : : ; ModelNet40 | ScanObjectNN ga |
point-level inv.  instance-level inv. 21
Scratch 90.7 77.9 g-m:
SceneClustering 91.0 78.1 i
PointClustering 91.5 80.1 = s
v 93.0 82.6 ol e S
v 93.4 83.1 *° =~ ModelNet40
v v 94.1 84.5 84 ~&= ScanObjectNN
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 Point-level and Instance-level

Point feature visualization on ModelNet40 Unsupervised semantic segmentation on ScaneNetV2
Scenes in ScanNet high
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Thanks!

longfc.ustc@gmail.com
Source Code: https.//qgithub.com/FuchenUSTC/PointClustering
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