
Hands-on AI based 3D Visionς
Summer 25

Lecture 6_2ςPoint Cloud Processing

Prof. Dr.-Ing. Gerard Pons-Moll

University of Tübingen / MPI-Informatics



Recap: Point Clouds
ÅUnorderedsets of points in 

3D space

ÅOften representedas (Nx3) 
array(implicit order)

ÅNo explicit connectivity
ÅOften captured in an 

image-like manner from
sensors

Unevendensity
Incomplete



3D Vision Tasks on Point Clouds



Projection-BasedApproaches

ÅRenderpoint cloud from multiple views
ÅUse 2D CNNs for feature extraction

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



Projection-BasedApproaches

ÅRenderpoint cloud from multiple views
ÅUse 2D CNNs for feature extraction

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

ÅGeometric information inside point clouds is collapsed

ÅUnderutilize sparsity of point clouds

ÅChoice of views heavily influences performance



Voxel-BasedApproaches

ÅDiscretize point cloud into occupancy
voxelgrid
ÅPerform 3D convolutions
ÅOctrees for better memory

management
ÅSparseconvolutions

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



Voxel-BasedApproaches

ÅDiscretize point cloud into occupancy
voxelgrid
ÅPerform 3D convolutions
ÅOctrees for better memory

management
ÅSparseconvolutions

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

ÅLoss of geometric details due to quantization



Point-BasedNetworks

Network that directly
consumes points

Desired Properties:

ÅPermutation-invariance

ÅVariable number of points

ÅLocality-aware



Permutation InvariancebyOrdering



Permutation InvariancebyOrdering

Tiny Perturbation Drastically Different Order



Permutation-Invariant (Symmetric) Functions

ÅCan you think of a symmetric function



Permutation-Invariant (Symmetric) Functions

ÅCan you think of a symmetric function

ÅPooling:

ÅNote : This also allows variable number of input points



Per-Point Transformations

ÅIf g is symmetric, then so is

ÅApplyingthe same function h
to each point is permutation-
equivariant

ÅNot really expressive enoughyet



Feature Transformations

ÅIf g is symmetric, then so is

ÅIf we let

we get vanilla PointNet
architecture



VanillaPointNet



VanillaClassification PointNet

PointNet, Qi et al. CVPR '17

Hidden layersizes



Rotation Invariance

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



Rotation Invariancein PointNet

ÅMini-PointNets (T-Nets) predict 3x3 and 64x64 transformations
ÅHelp overcome rotation dependenceby "undoing" rotations
ÅRegularization: 



Localand Global Features

ÅPointNet produces point-wise local features and global features
ÅFor tasks like segmentation you need both!

Local features & global features



PointNetSegmentation Network

Concatenate local and global features and process point-wise to obtain segmentation classes



Part Segmentation



SemanticSegmentation

Wecan also attach additional features (like color) to points



CNN vsPointNet- Locality

PointNet
ÅPer Point Features
ÅGlobal Feature
ÅNo notion of locality

CNN
ÅProgressivelycaptures features at increasingly

large scales
ÅMulti-resolution hierarchywith increasing

receptive fields



PointNet++

Hierarchical network exploiting locality and PointNet as basic block

PointNet++, Qi et al. NeurIPS'17



HierarchicalPoint Set Feature Learning



HierarchicalPoint Set Feature Learning

ÅSample  centroids
using iterative farthest
point sampling
ÅForm (potentially

overlapping) groupsof
close points around
centroids
ÅProcesseach group in 

local frame with a 
PointNet



PointNet++ Classification

Processfinal abstraction layer's points + features by a PointNet



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

Wehavefeatures for
subsampled pointsWewant a label for

each original point



PointNet++ Segmentation
Feature propagation via interpolation



PointNet++ Summary



Transformers forPoint Cloud Processing



Refresher: Attention



Query-Key-Value Formalism

Query: Search query

Keys: Video titles

Values: Videos

Comparequeryagainst
keysand return valuesof
best matches



Attention Scores 

What is "She" referringto?

Query: Things I am looking for
Keys: Things I have

Compare queryagainst
keysto get attention weights



Value Aggregation

Query: Things I am looking for
Keys: Things I have
Values: Things I want to
communicate

Comparequeryagainst
keysto get attention weights.
Aggregate valuesproportional 
to attention weights



Attention is all youneed



Transformer Architectures



Transformer forPoint Cloud Processing

Å Extremelypowerful for NLP and 2D 
vision tasks

Å Naturally permutation-invariant
Å Can process sequencesof variable 

length

Ideal choice for point cloud processing



Scalar Attention

Per channel
Multipl .

Vs. Vector Attention

Å Scalar attention weights
Å Feature is aggregatedas linear 

combination of valuevectors
Å All channels havesame weight

Å Vector attention weights
Å Same dimension as valuevector
Å Channel-wise attention



Scalar Attention vsVector Attention

Scalars Vectors



Key design choices :
ÅVector attention
ÅSelf-attention over

neighborhoods(NN)
ÅRelative positional

encoding via small
MLP

Point Transformer Layer

Point Transformer,Zhao et al. ICCV '21 



The buildingblocks

Downsample Upsample



Point Transformer Networks



Results



Extensions

Point Transformer v2

Point Transformer v2,Wu etal. NeurIPS'22

Å PTv1: Large number of parameters for
weight encoding layer

Å Groupedvector attention with shared
weights overchannel groups

Å Modifications to pooling for increased
efficiency

Point Transformer v3

Point Transformer v3,Wu etal. CVPR'24

Å Serializepoints via  space-filling curves
Å Group points into contiguous "patches" for

attention
Å No costly k-NN search

Vector attention Grouped vector attention



And manymoretransformer-basedworks...



Summary

PointNet: Permutation Invariance PointNet++: Locality

Point Transformer


