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Deep Learning for 3D shapes

• Main Challenge

3D shapes (typically) do not have a canonical (grid-like) representation!

3D point cloud: an unorganized collection of 3D 
coordinates

3D mesh: a collection 
of points and triangles
connecting them.



Last time: Deep Learning on 3D shapes

• Multi-view approaches

• Volumetric approaches

• Spectral methods, pros and cons

• Intrinsic approaches

• Learning via diffusion



Different formulations of Non-Euclidean CNNs

Intrinsic (surface-based)

Extrinsic

View-based Voxel-based



Global parametrization methods

Key idea: map the input surface to some parametric domain (e.g. 2D
plane) where operations can be defined more easily.



Global parametrization methods

Key idea: map the input surface to some parametric domain (e.g. 2D
plane) where operations can be defined more easily.

Gu, Xianfeng, Steven J. Gortler, and Hugues Hoppe. "Geometry images.” SIGGRAPH 2002.

Sinha, Ayan et al. "Deep learning 3D shape surfaces using geometry images." ECCV 2016

Torus 4-cover

Surface S with sphere topology Flat-torus T with 4 replicas of S

Standard Euclidean 2D CNN architectures can now be used on T .

Maron, Haggai, et al. "Convolutional neural networks on surfaces via seamless toric covers." ACM TOG 2017

,



Projection-based Methods.

Advantages

• Represent the shape as a whole (rather than partial views)

• Can reuse shape parametrization methods

• Enables adoption of Euclidean (2D) learning techniques

Limitations

• Parametrizations are not unique

• Can induce (often heavy) distortion

• Rarely used in practice anymore



How to enable neural networks to operate 
directly on 3D data?

Main question:



Approaches for 3D Deep-Learning

Multi-view based Volumetric

Intrinsic (surface-based) Point-based



Today: Deep Learning on 3D shapes

Learning on Point clouds

• Main architectures (PointNet, PointNet++, DGCNN, KPConv, 

Point Cloud Transformers)

• Applications (surface reconstruction, point cloud filtering)



Point Clouds are everywhere!

• Simplest representation for 3D

• Very common output for 3D scanning

• Can be used jointly with images

• Sometimes have collections of points 
in higher dimensions!



Recap: Point Clouds



Learning on Point Clouds Overview

point cloud

Essential challenge in point-based learning: order invariance!
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p1 or p2 or ...pk?

Cannot use any method that depends on the order of the points.
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p1 or p2 or ...pk?



Point-Based methods

• Goal: design a NN architecture that can work directlywith 3D point clouds

• Must deal with unstructured, unordered data

Point-based

architecture



Two representative tasks:

• Point Cloud classification and segmentation



Point-based Architectures

PointNet PointNet++

DGCNN (EdgeConv) KPConv



Naive segmentation network 1

A simple network (shared MLP).
• Input: a 3-dimensional vector (3D coordinates)
• Output: C-dimensional prediction (class label). Apply the same network to 

each point of the point cloud.
<latexit sha1_base64="cTNw4pu5u3TOHYO0pjw+mIuZVbg="></latexit>

ψ(xi) = pc



Naive segmentation network 1

Processing each point independently! We will learn a function from 3D 
coordinates to a label. No communication between points = “shape awareness”.



Naive segmentation network 2

Reshape input to a matrix X of size (3*N). Fully connected layers (MLP) from X 
to a C-dimensional vector:

<latexit sha1_base64="qutiEtRblepqsrDfvcKdfSBnKzU="></latexit>

MLP(X) = p 2 R
C

<latexit sha1_base64="qutiEtRblepqsrDfvcKdfSBnKzU="></latexit>

) = p 2 R
C
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LP(X



Naive segmentation network 2

1. Points tied to their ‘index’ = order in the point cloud (weights for 1st point 
not same as, e.g., 3rd point). 

2. Cannot handle variable input sizes.



PointNet

Qi et al., Pointnet: Deep learning on point sets for 3d classification and segmentation, CVPR 2017



PointNet Overview

feature vector properties:

Only depends 
on  the point

global

point cloud

feature
vector for the
point cloud

feature
vector for a

point

order-
independent

Shared MLP

symmetric

Qi et al., PointNet: Deep learning on point sets for 3d classification and segmentation, CVPR 2017

First component: global feature vector through a symmetric operation!
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f : R
3
→ R

k

learnable MLP



Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017

PointNet: Basic Operations

MLP + Max Pooling
shared weights

The symmetric operation can be anything that is order-independent. 

Original PointNet used max. Other variants use sum.



MLP + Max Pooling

Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017

PointNet: Basic Operations

shared weights

One more component: Learned spatial transformation

MAX
POOLING

reshape to  
dxd matrix

n x d

shared weights

Motivation: the network should first 
transform the shape before analyzing it.  



Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017

PointNet Architecture

Composition of these two basic operations:

1. MLP + Max Pooling

2. Learned transformation matrix



PointNet Architecture

Original design has two learned transformations: on the input 3d 
embedding and on the learned (64-dim) features.

Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017



PointNet Architecture

Multi-Layer Perceptron (shared weights) to uplift the dimensions (important).

Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017



PointNet Architecture

Max Pooling to extract a global feature (i.e., a single vector that summarizes the 
entire point cloud).

Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017



PointNet Architecture

Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017



PointNet Architecture: Segmentation

Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017

• The basic version produces a global feature for the entire 
point cloud. Useful for shape classification.

• In some problems (e.g., segmentation) we need an output 
label for each point. The label has to be informed by the 
overall shape structure (i.e., cannot be done independently).



PointNet Architecture: Segmentation

Stack mid-level features and 

the global feature

Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation” CVPR 2017



PointNet Architecture: Segmentation

Stack mid-level features and 

the global feature

Another MLP to extract the final score for each point



Results

Not even state of the art in 2017. 
However started a “revolution” 
in 3D deep learning.

Object Classification

Object Part 
Segmentation

Scene 
Segmentation



Applications in Shape Reconstruction

• Estimate a surface from its point cloud sampling

Image credit:

Kolluri et al. 2004



Main steps for reconstruction from point clouds:

1. Outlier removal – remove points 

2. If have multiple scans, align them.

3. Smoothing – remove local noise.

4. Estimate normals at the points.

5. Surface fitting (e.g. Poisson-based)
• Triangle mesh extraction.

Common Reconstruction Pipeline

Wolf et al. / Point Cloud 

Noise and Outlier Removal 

for Image-Based 3D 

Reconstruction, 2016



(some of  the) Challenges:

1) Tons of parameters

2) Can over-smooth sharp features or overfit to noise

3) Most often oriented normal are required

4) Theoretical results apply to specific noise and shape models, and are 
often fairly weak (e.g. only recovering topology)

Regard3D surface 

reconstruction interface

Berger et al. / A Survey of 

Surface Reconstruction 

from Point Clouds, 2016[HDD* 92], [HDD* 92] + Poisson, [LW10], [LW10] + Poisson



Main steps for reconstruction from point clouds:

1. Outlier removal

2. If have multiple scans, align them.

3. Smoothing

4. Estimate normals

5. Surface fitting (e.g. Poisson-based)
• Triangle mesh extraction.

Key steps for 3D reconstruction

Wolf et al. / Point Cloud 

Noise and Outlier Removal 

for Image-Based 3D 

Reconstruction, 2016



Examples:

PCA Jet fitting MLS Sphere Fitting

Estimating differential 

quantities using 
polynomial fitting of 

osculating jets, Cazals

and Pouget, 2005

Algebraic Point Set 

Surfaces, Guennebaud
and Gross, 2007

Surface reconstruction 

from unorganized points,
Hoppe et al., 1992

Traditional Approaches – Normal Estimation



Limitations of  Axiomatic Approaches

• Always rely on a user-specified neighborhood

• Can lead to under-fitting (smoothing) near sharp edges or over-fitting to noise 

• Normal orientation is hard.

Small patch size Large patch size

Sensitive to noise Over-smoothing



PCPNET: Learning Local Properties

Intuition:

1) Normal and curvature estimation is a local operation. 

2) Process shapes by patches.

3) Can sample point clouds from surfaces for almost unlimited training data.

PCPNET: Learning Local Shape Properties from Raw Point Clouds,
Guerrero, Kleiman, O., Mitra, 2018



local patch

feature
vector of       

Point Functions Symmetric
Operation

RegressorPre-processing
(center and scale)

point cloud

local
properties at       

and point

deep network, trained end-to-end

PCPNET architecture

PCPNET: Learning Local Shape Properties from Raw Point Clouds,
Guerrero, Kleiman, O., Mitra, 2018



PCPNetmulti-scale

Three radii, 3072 point functions, concatenate patch features
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noise strength

Jet small Jet medium

Jet large Boulch et al.

ours

Jet small Jet medium

Jet large Boulch et al.

ours

average over dataset

ours

Boulch et al.

PointNet

Jet medium

Jet large

Jet small

Normal Estimation Results

PCPNET: Learning Local Shape Properties from Raw Point Clouds, Guerrero, Kleiman, O., Mitra, 2018



jet small +

MST orient. prop.point cloud ours

Oriented Normal Estimation & Surface 

Reconstruction



Main steps for reconstruction from point clouds:

1. Outlier removal

2. If have multiple scans, align them.

3. Smoothing

4. Estimate local differential properties

5. Surface fitting (e.g. Poisson-based)
• Triangle mesh extraction.

Key steps for 3D reconstruction

Wolf et al. / Point Cloud 

Noise and Outlier Removal 

for Image-Based 3D 

Reconstruction, 2016



PointCleanNet

Main general idea: 

Learn to denoise point clouds and to remove outliers

Similar approach to PCPNet, except fit a local displacement vector, and a 
classifier score for outliers.

PointCleanNet: Learning to Denoise and Remove Outliers from Dense Point 
Clouds, M.-J. Rakotosaona, V. La Barbera, P. Guerrero, N. Mitra, M. O.



PointCleanNet – Architecture 

PointCleanNet Architecture and description

PointCleanNet: Learning to Denoise and Remove Outliers from Dense Point Clouds, 
M.-J. Rakotosaona, V. La Barbera, P. Guerrero, N. Mitra, M. O., 2019



PointCleanNet – Results 

Results on real data

PointCleanNet: Learning to Denoise and Remove Outliers from Dense Point Clouds, 

M.-J. Rakotosaona, V. La Barbera, P. Guerrero, N. Mitra, M. O., 2019



PointCleanNet – Results 

Results on real data

PointCleanNet: Learning to Denoise and Remove Outliers from Dense Point Clouds, 

M.-J. Rakotosaona, V. La Barbera, P. Guerrero, N. Mitra, M. O., 2019



Limitations of PointNet

Does not extract a sequence of hierarchical 
features; except a global feature



Does not extract a sequence of hierarchical 
features (like CNNs); except a global feature

Does not take into account the local 
geometry formed by points.

Limitations of PointNet



Point-based Architectures

PointNet PointNet++

DGCNN (EdgeConv) KPConv



PointNet++

Uses PointNet module as a building block

mx

shared weights

d

d x d
MAX
POOLING

Transforms a set ofm points to a 

single point with a feature vector

PointNet module

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017

Extracts hierarchical features by recursively applying PointNet module



PointNet++

Sampling

Samples n’points using farthest point sampling

Grouping

For each of the sampled point, selects K points 
using either

● K-nearest neighbors or
● K points within maximum radius of R

PointNet Layer

Applies PointNet-module to each K-grouping 
of points and generates a feature vector

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017



PointNet++

Sampling

Samples n’points using farthest point sampling

Grouping

For each of the sampled point, selects K points 
using either

● K-nearest neighbors or
● K points within maximum radius of R

PointNet Layer

Applies PointNet-module to each K-grouping 
of points and generates a feature vector

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017

Similar to convolution + pooling!



PointNet++ for Classification and Segmentation

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017



PointNet++ for Classification

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017



Max Pool + MLP on features of 

the final layer

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017

PointNet++ for Classification



PointNet++ for Segmentation

Need to go back to the original points

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017



PointNet++ for Segmentation

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017

1. Residual connections

2. Interpolation



PointNet++ for Segmentation

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017

1. Residual connections

2. Interpolation

residual connections

interpolation



Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017

Non-uniform Point Density

PointNet and PointNet ++

implicitly assumes uniform 
point density

- e.g. k-nearest neighbors

in the grouping

Becomes fragile with non-
uniform point density



Fix for Non-uniform Point Density

Multi-scale  

grouping

Multi-resolution  

grouping

Ours = PointNet++

+ Random Point Dropout at

Training
Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017



PointNet++

Better Performance than PointNet

Increased Compute Time

Qi et al. “PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space” 2017

Might not take into account the 
local relations between points

Geometry of hierarchical features 
is pre-determined



Point-based Architectures

PointNet PointNet++

DGCNN (EdgeConv) KPConv



Form a local graph by 

connecting nearby points

Wang et al. “Dynamic Graph CNN for Learning on Point Clouds” ACM Trans. Graph 2019

DGCNN (EdgeConv): Basic Idea



Form a local graph by 

connecting nearby points

Apply convolution-like

operation on this graph

Wang et al. “Dynamic Graph CNN for Learning on Point Clouds” ACM Trans. Graph 2019

DGCNN (EdgeConv): Basic Idea



Form a local graph by 

connecting nearby points

Apply convolution-like

operation on this graph

invariant function like max or sum

DGCNN (EdgeConv): Basic Idea



Form a local graph by

connecting nearby points

Apply convolution-like

operation on this graph

Nearby: with respect to node feature 

vectors
invariant function like max or sum

DGCNN (EdgeConv): Basic Idea



EdgeConv: Basic Idea

Form a local graph by

connecting nearby points

PointNet++

Connects k-NN from position 

of points

EdgeConv

Connects k-NN from feature vectors 

of points

Does this at each layer



EdgeConvArchitecture

Step 1: Form a local graph by connecting nearby points with respect to

Step 2: Update feature vectors



EdgeConvArchitecture

Step 1: Form a local graph by connecting nearby points with respect to

Step 2: Update feature vectors

iterate Need to compute a new graph at each stage



EdgeConvArchitecture

Step 1: Form a local graph by connecting nearby points with respect to

Step 2: Update feature vectors

Example

iterate



Feature Space and Semantically Similar Structures

layer

Wang et al. “Dynamic Graph CNN for Learning on Point Clouds” ACM Trans. Graph 2019



Feature Space and Semantically Similar Structures

layer

Wang et al. “Dynamic Graph CNN for Learning on Point Clouds” ACM Trans. Graph 2019



Feature Space and Semantically Similar Structures

layer

Wang et al. “Dynamic Graph CNN for Learning on Point Clouds” ACM Trans. Graph 2019



Feature Space and Semantically Similar Structures

layer

Wang et al. “Dynamic Graph CNN for Learning on Point Clouds” ACM Trans. Graph 2019



Limitations of EdgeConv

Computationally more 
expensive than PointNet and
PointNet++



Limitations of EdgeConv

Computationally more 
expensive than PointNet and
PointNet++

Is this really a convolution
operation?



Point-based Architectures

PointNet PointNet++

DGCNN (EdgeConv) KPConv
Convolution based 
architectures for point clouds



Convolution



Convolution on Point Clouds?

We only have points on
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Convolution on Point Clouds?
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Convolution on Point Clouds

neighborhood of x
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Convolution on Point Clouds

Point Cloud

KernelNeighborhood
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Option: have discrete kernel 
points, and interpolate elsewhere.
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Positions of the kernel points are 
independent of the point cloud.



A specific choice of kernel function

Thomas et al. “KPConv: Flexible and Deformable Convolution for Point Clouds” 2019

Kernel Point Convolution (KPConv)



where

Thomas et al. “KPConv: Flexible and Deformable Convolution for Point Clouds” 2019

Kernel Point Convolution (KPConv)



KPConv Performance

Convolution-based approaches often perform better
than PointNet, etc. especially on local understanding 
tasks, such as semantic segmentation.

Thomas et al. “KPConv: Flexible and Deformable Convolution for Point Clouds” 2019



Sparse Volumes: An Alternate Approach

4D Spatio-Temporal ConvNets: Minkowski Convolutional Neural Networks, Choy et al. 2019
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Sparse Volumes: An Alternate Approach

4D Spatio-Temporal ConvNets: Minkowski Convolutional Neural Networks, Choy et al. 2019

Minkowski Engine enables convolution with sparse 
tensors

3D: XYZ
4D: XYZ + time



Sparse Convolution for semantic segmentation

4D Spatio-Temporal ConvNets: Minkowski Convolutional Neural Networks, Choy et al. 2019



Sparse Convolution for semantic segmentation

4D Spatio-Temporal ConvNets: Minkowski Convolutional Neural Networks, Choy et al. 2019

Easily scalable to scenes compared to 
PointNet/DGCNN based methods

Although comparable performance for 
object-level reasoning

Can be more robust to changes in point 
sampling (better for transfer learning).

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



Sparse Convolution for semantic segmentation

4D Spatio-Temporal ConvNets: Minkowski Convolutional Neural Networks, Choy et al. 2019

Easily scalable to scenes compared to 
PointNet/DGCNN based methods

Although comparable performance for 
object-level reasoning

Can be more robust to changes in point 
sampling (better for transfer learning).

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



PointTransformer[s]

Many transformer 
architectures for point clouds. 

Natural fit since point couds
are unordered sets anyway.

Often leads to more 
parameters/data to train on, 
but also better results.

“Apparently, the straightforward adoption of Transformers does not achieve satisfactory performance 
on point cloud tasks” [1]

[1] Yu, Xumin, et al. "Point-bert: Pre-training 3d point cloud transformers with masked point modeling." CVPR 2022.



PointTransformer[s]

Zhao, et al. "Point transformer." CVPR 2021.
Guo et al. "PCT: Point cloud transformer," CVM, 2021.

Many transformer 
architectures for point clouds. 

Natural fit since point couds
are unordered sets anyway.

Often leads to more 
parameters/data to train on, 
but also better results.



PointTransformer[s]

Basic dot product self-attention:

Queries

Keys

Values

softmax

Zhao, et al. "Point transformer." CVPR 2021.

Guo et al. "PCT: Point cloud transformer," CVM, 2021.



PointTransformer[s]

Uses a slight variant (vector attention):

Queries

Keys

Values

Softmax

Positional encoding

MLP for aggregation

Hadamard (pointwise) product

Overall very similar aggregation to 

DGCNN but “closer” to the Transformer 

attention mechanism.

Zhao, et al. "Point transformer." CVPR 2021.

Guo et al. "PCT: Point cloud transformer," CVM, 2021.



PointTransformer[s]

Zhao, et al. "Point transformer." CVPR 2021.



PointTransformer[s]

Zhao, et al. "Point transformer." CVPR 2021.



Many More Point Transformers!

Architectures or Major Training Strategies
1."Point Transformer" - Zhao et al., CVPR, 2021.
2."PCT: Point cloud transformer" - Guo et al., CVM, 2021.
3."Point-bert: Pre-training 3D point cloud transformers with masked point modeling" - Yu et al., CVPR, 2022.
4."Masked autoencoders for point cloud self-supervised learning" - Pang et al., ECCV, 2022.
5."Point-m2ae: Multi-scale masked autoencoders for hierarchical point cloud pre-training" - Zhang et al., NeurIPS, 2022.
6."Point Transformer v2: Grouped vector attention and partition-based pooling" - Wu et al., NeurIPS, 2022.
7."Point Transformer V3: Simpler Faster Stronger" - Wu et al., CVPR, 2024.
8."Pointnext: Revisiting PointNet++ with improved training and scaling strategies" - Qian et al., NeurIPS, 2022.

Multi-modal Models (Often Transformer-based)
1."Ulip: Learning a unified representation of language, images, and point clouds for 3D understanding" - Xue et al., CVPR, 2023.
2."Ulip-2: Towards scalable multimodal pre-training for 3D understanding" - Xue et al., CVPR, 2024.
3."3D-LLM: Injecting the 3D world into large language models" - Hong et al., NeurIPS, 2023.
4."Openshape: Scaling up 3D shape representation towards open-world understanding" - Liu et al., NeurIPS, 2024.
5."Learning 3D representations from 2D pre-trained models via image-to-point masked autoencoders" - Zhang et al., CVPR, 2023.
6."Contrast with reconstruct: Contrastive 3D representation learning guided by generative pretraining" - Qi et al., ICML, 2023.
7."Pointllm: Empowering large language models to understand point clouds" - Xu et al., ECCV, 2024.

Surveys
1."A survey of visual transformers" - Liu et al., IEEE TNNLS, 2023.
2."Unsupervised point cloud representation learning with deep neural networks: A survey" - Xiao et al., TPAMI, 2023.
3."Mm-llms: Recent advances in multimodal large language models" - Zhang et al., arXiv, 2024.
4."3D vision with transformers: A survey" - Lahoud et al., arXiv, 2022. 
5."Transformers in 3D point clouds: A survey" - Lu et al., arXiv, 2022.



Point Cloud 3D Deep Learning

Advantages

• Extreme versatility (everything is a point cloud).

• Efficiency and robustness

Limitations

• Not very adapted to non-rigid shape analysis

• Basic versions are not rotation-invariant

• Not great for generative modeling.



Point Cloud 3D Deep Learning

Guo, Yulan, et al. "Deep learning for 3d point clouds: A survey." IEEE TPAMI 2020

https://github.com/QingyongHu/SoTA-Point-Cloud

https://github.com/QingyongHu/SoTA-Point-Cloud


3D Deep Learning – there is much more work to do!

Our group at Ecole Polytechnique

• We focus on 3D shape analysis tasks & everything related!



3D Deep Learning – there is much more work to do!

Internships:

• Internships available with PhD funding (priority to M2 

students interested in pursuing a PhD)

• Focus on paper publications (great if you already have 

experience, not a deal breaker if you don’t).

• Reach out to me (or Emery!) if you are interested.

Our group at Ecole Polytechnique

• We focus on 3D shape analysis tasks & everything related!



Questions?

Thank You
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