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Recap Point Clouds

A Unordered sets of points in
3D space

{pla ey p’n} C R3

A Often represented as (Nx3)
array (implicit order)

A No explicit connectivity

A Often captured in an
iImage-like manner from
Sensors

=) Unevendensity
=) Incomplete



3D Vision Tasks on Point Clouds
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ProjectionBasedApproaches

ARenderpoint cloud from multiple views
AUse 2D CNNsdor feature extraction
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rendered with 2D rendered our multi-view CNN architecture output class
different virtual cameras images predictions

Multi-View Convolutional Neural Networks for 3D Shape RecognitionSuet al. ICCV '15
Rotationnet, Kanezakiet al. CVPR '18



ProjectionBasedApproaches

ARenderpoint cloud from multiple views
AUse 2D CNNsdor feature extraction
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A Geometric information inside point clouds is collapsed

A Underutilize sparsity of point clouds

DQHDD

A Choice of views heavily influences performance
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3D shape model
rendered with 2D rendered our multi-view CNN architecture
different virtual cameras images

output class
predictions

Multi-View Convolutional Neural Networks for 3D Shape RecognitionSuet al. ICCV '15
Rotationnet, Kanezakiet al. CVPR '18



VoxetBasedApproaches

ADiscretize point cloud into occupancy

voxelgrid

APerform 3Dconvolutions
AOctrees for better memory

management

ASparseconvolutions

VoxNet Maturana et al. IROS '15
OctNet, Riegleret al. CVPR '17
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VoxetBasedApproaches

ADiscretize point cloud into occupancy
voxelgrid

APerform 3Dconvolutions

AOctrees for better memory
management

ASparseconvolutions
4

. Occupancy Grid 7| ——~—~__
T2 32x32x32

Conv(32,5,2)
14x14x14

A Loss of geometric details due to quantization

o

VoxNet Maturana et al. IROS '15
OctNet, Riegleret al. CVPR '17



PointBasedNetworks

B cat Cow M Chair Car

Network that directly
consumes points

Point-Based Network

Desired Properties:
A Permutation-invariance
A Variable number of points

A Locality-aware
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Permutationnvarianceoy Ordering
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Permutationlnvariant symmetrig Functions

ACan you think of a symmetric function

f(Xla '“?Xﬂ) — f(Xﬂ'(l): '“?X?T(ﬂ))



Permutationlnvariant symmetrig Functions

ACan you think of a symmetric function

f(Xla '“?Xﬂ) — f(Xﬂ'(l): '“?X?T(ﬂ))

APooling:
ol f(x1,...,X,) = max x;
x; ERYO Z
0 0 yeR f(x1, ..., Xn) = mean; x;
&

ANote: This alsoallows variable number of input points



PerPointTransformations

Alf gis symmetric, then so is

g(h(x1), ..., h(xn))

AApplyingthe same function h
to each point is permutation-
equivariant

ANot really expressiveenoughyet



FeatureTransformations

Alf gis symmetric, then so is

f(g(h(x1), ..., h(xy))) & EE
Alf we let & 2
g = max ()

we ggt’vj;nﬁl %%iﬁt?\l et - >
architecture (2 ()




VanillaPointNet

h
(1,2,3) — MLP

(1,1,1) —[ e > & f
(2.3.2) — Wil —» MLP —»I

(2,3,4) — mLP PointNet (vanilla)

Intuitively: a) process points independently, b) pool, ¢) process global feature



VanillaClassificationPointNet

/Hidden Iayersizes\

mlp (64,64) mlp (64,128,1024)

Z —p —» —» —» max mlp

a | O —

= global feature
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output scores

PointNet, Qi et al. CVPR '17



Rotationlnvariance

If we rotate the object, we expect
the same output from the network
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input points

Rotationinvariancen PointNet

AMini-PointNets (T-Nets) predict 3x3 and 64x64ransformations
AHelp overcome rotation dependence by "undoing" rotations
ARegularization L., = ||I — AAT|%

output scores

input mlp (64,64) mlp (64,128,1024)
transform —> feature —> -—»> max mlp
. _I_%> - transform - —> | —» pool {4 (512,256 k)
N 3 3
g —>| & shared X > — % shared nx1024 [ |—
global feature K
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Localand Global Features

APointNet produces point-wise local features and globalfeatures
AFortasks like segmentation you need both!

” input mlp (64,64) . nlp (64,128,1024)

— > cature > max -

= transform — p

3 | _I_,%> - transform | —» pool 104 (512.256.%)
=3 N

= 2 > £ shared \"2 —» — shared nx1024

o

= —> I_I_Pb > —

output scores

Local features & global features



PointNetSegmentation Network

input mlp (64,64) feature mlp (64,128,1024) max mlp
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Segmentation Network

Concatenate local and globalfeatures and process point-wise to obtain segmentation classes



Part Segmentation
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SemanticSegmentation

We can also attach additional features (like color) to points

Input

Output




CNNvsPointNet- Locality

PointNet CNN
A Per Point Features A Progressivelycaptures features at increasingly
A Global Feature large scales
A No notion of locality A Multi-resolution hierarchy with increasing
receptive fields
A yd ¢
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PointNet+

Hierarchical network exploiting locality and PointNet as basic block

PointNet++: Deep Hierarchical Feature Learning on
Point Sets in a Metric Space

CharlesR.Qi LiYi HaoSu Leonidas J. Guibas
Stanford University

PointNet++, Qiet al. NeurlPS'17



HierarchicaPoint Set Feature Learning

"""""

ooo

—_ — > —

sampling & pointnet sampling & pointnet
grouping grouping

Y Y
set abstraction set abstraction



HierarchicaPoint Set Feature Learning

ASample centroids
using iterative farthest
point sampling

AForm (otentially
overlapping) groups of
close points around

centroids
AP h I sampling & pointnet sampling & pointnet
rocesseach groupin roupie P

local frame with a N ¢ U\ ¢ J
PointNet

set abstraction set abstraction

111




PointNet-+ Classification

Processfinal abstraction layer's points + features by a PointNet

Hierarchical point set feature learning
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PointNetr+ Segmentation

Problem:
Original point set is subsampled but we want per-point label

We havefeatures for

We want a label for subsampled points

each original point

LT
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sampling & pointnet sampling & pointnet
grouping grouping

\ J J
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set abstraction set abstraction




PointNetr+ Segmentation

Feature propagation vianterpolation

s .
interpolate unit

pointnet

— — —> —_—
sampling &~ pointnet ~ sampling&  pointnet
grouping grouping

W AN J
Y Y

set abstraction set abstraction

skip link concatenation

interpolate

pointnet




PointNet-+ Summary

Method Error rate (%) Method Input  Accuracy (%)
Multi-layer perceptron [24] 1.60 Subvolume [21] VOX 89.2
LeNet5 [11] 0.80 MVCNN [26] img 90.1
Network 1in Network [13] 0.47 PointNet (vanilla) [20] pc 87.2
PointNet (vanilla) [20] 1.30 PointNet [20] pc 89.2
PointNet [20] 0.78 Ours - 90.7
Ours 0.51 Ours (with normal) pc 91.9
Table 1: MNIST digit classification. Table 2: ModelNet40 shape classification.

Some improvement over vanilla PointNet

Butincreased complexity, hyperparamters etc.



Transformergor Point Cloud Processing



Refresher: Attention

Can you me help this sentence to translate

AL I A

Kannst du mir helfen diesen Satz  zu uebersetzen ?

Can you help me to translate this sentence

1 X

Kannst du mir helfen diesen Satz  zu uebersetzen ?

The_
animal_
didn_

street_
because_
it_

was_
too_

tire

The_
animal_
didn_

L

Cross_
the_
street_
because_
it_

was_
too_

tire



QueryKeyValueFormalism

2 YouTube

Query: Searchquery
Keys: Videotitles

Values: Videos

Compare guery against
keysand return values of
best matches

Q

\



Attention Scores

Whatis "She' referringto?

Query: Things | amooking for
Keys: Things lhave

Compare query against

The
—

doctor
—

asked
—

the
<
nurse
—
a
———————
question
——<
She

|

| The
: doctor

i asked
the

Keys:



Value Aggregation

Query: Things | amooking for
Keys: Things lhave

Values: Things lwant to
communicate

Compare query against
keysto get attention weights.

Aggregatevalues proportional
to attention weights

Attention
Keys weights Values Output
k, —{aq.k)}-- v
K, ——{dq.k)L—-— v,

— — — —>
k ——\a(q, k)F-— v,
Query q




Attentionis all youneed

Attention Is All You Need

Ashish Vaswani™
Google Brain
avaswani@google.com

Llion Jones™
Google Research
1lion@google.com

Niki Parmar’
Google Research
nikip@google.com

Noam Shazeer®
Google Brain
noam@google.com

Jakob Uszkoreit™
Google Research
usz@google.com

Fukasz Kaiser”
Google Brain
lukaszkaiser@google.com

Aidan N. Gomez* |
University of Toronto
aidan@cs.toronto.edu

Illia Polosukhin® *
illia.polosukhin@gmail.com



TransformeArchitectures
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Transformefor Point Cloud Processing

A Extremelypowerful for NLP and 2D
vision tasks

A Naturally permutation-invariant

A Can process sequences of variable
length

ldeal choice for point cloud processing




Scalar Attention Vs.  Vector Attention

M S ) MY
y= o Vi + o A& y= o3 Olvy + a2 ®V\2
Per channel
Multipl .
— — . J \______J
A Scalar attention weights A Vector attention weights
A Featureis aggregatedas linear A Samedimension as value vector
combination of value vectors A Channel-wise attention
A All channels have same weight




Scalar AttentiowsVector Attention

T 9 Iy L1 To Tn
k; ko
k, k; k,

Scalars Vectors

Yi = Z softmax(q; k;)v; Y = Zsoftmax(’y(qi —k;)) ©Ovj
J J



Point Transformer Layer

Positional

Value

Key design choices : BN
. input: (X, p)

AVector attention _ |
ASelf—at'[entlon over @, Y: linear §: mlp a: linear

neighborhoods (NN) ;94;
ARelative positional Query | e

encoding viasmall ey I

M LF) output: (y, p)

6 =0(p: — p;) yi= Y softmax(y(q —k; +6)) ® (v; +0)

Point Transformer,Zhaoet al. ICCV '21



Thebuildingblocks

input: (X, p)

Y

linear

v

point transformer

Y

linear

input: (X, p;)

farthest point sampl.

A4

ANN, mlp

h 4

local max pooling

voutput: (y, p)

(a) point transformer block

output: (.

(b) transition down

Downsample

input;: (X;,p;) input,: (X, p»)
linear linear
interp;lation
sumn;ation <

Loutput: (5. o)
(c) transition up

Upsample



Point Transformer Networks

(N, 32) (N/4, 64) (N/16,128)  (N/64,256)  (N/256,512) (N/256,512)  (N/64,256)  (N/16, 128) (N/4, 64) (N, 32) (N. D)

Point Transformer
MLP

Transition Down

Global AvgPooling

Label: chair

Transition Up

(N, 32) (N/4, 64) (N/16,128)  (N/64,256)  (N/256,512) (1,512) (1, Dow)

Figure 3. Point transformer networks for semantic segmentation (top) and classification (bottom).



Results

Ground Truth Point Transformer

A I Y.

beam . column - window - door - table - chair . sofa - bookcase board . clutter




Extensions

Point Transformer v2

YL 2
(03] 9
y= a1 |® Vv + as O vy y= D*j +D*[
Vector attention Grouped vector attention

A PTv1: Largewumber of parameters for
weight encoding layer

A Groupedvector attention with shared
weights overchannel groups

A Modifications to pooling for increased
efficiency

Point Transformer v2 Wu etal. NeurlPS'22

Point Transformer v3

D e

L=

A Serializepoints via space-filling curves

A Group points into contiguous "patches" for
attention

A No costly k-NN search

Point Transformer v3,Wu etal. CVPR'24



Andmanymoretransformerbasedworks..

OctFormer: Octree-based Transformers for 3D Point Clouds

PENG-SHUAI WANG, Peking University, China

Swin3D: A Pretrained Transformer Backbone
for 3D Indoor Scene Understanding

Yu-Qi Yang'* Yu-Xiao Guo? Jian-Yu Xiong"” Yang Liu?!

Hao Pan?  Peng-Shuai Wang®  Xin Tong?  Baining Guo?
'Tsinghua University ~ *Microsoft Research Asia FPeking University

{t-vugvan, yuxgu, v-jixiocng, vangliu}@microsoft.com

haopan@microsoft.com wangps@hotmail.com {xtong,bainguo}@microsoft.com

PCT: Point Cloud Transformer

Meng-Hao Guo Jun-Xiong Cai Zheng-Ning Liu
Tsinghua University Tsinghua University Tsinghua University
gmh20@mails.tsinghua.edu.cn caijunxiong000@&1l63.com lzhengninglgmail.com
Tai-Jiang Mu Ralph R. Martin Shi-Min Hu
Tsinghua University Cardiff University Tsinghua University
taijiang@tsinghua.edu.cn ralphlcs.cf.ac.uk shiminl@tsinghua.edu.cn

Efficient 3D Semantic Segmentation with Superpoint Transformer

Damien Robert!2 Hugo Raguet® Loic Landrieu>*

damien.robert@ign.fr hugo.raguet@insa-cvl.fr loic.landrieulenpc.fr

'CSAIL ENGIE Lab CRIGEN, France
2 LASTIG, IGN, ENSG, Univ Gustave Eiffel, France
3INSA Centre Val-de-Loire Univ de Tours, LIFAT, France
4LIGM, Ecole des Ponts, Univ Gustave Eiffel, CNRS, France



Summary

sampliqg & pointnet sampliqg & pointnet
grouping grouping
set ab;trraction set absYtraction
PointNet: Permutation Invariance PointNet++: Locality
Positional
Encoding

input: (X, p)

| @, linear a: linear |

D
Query | - Value
ey

output: (y, p)

Point Transformer



