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Introduction

Motivation - why do we need Geometric Machine Learning?
3D world; around us it is a lot of 3D geometry!

Source: https://unibuc.ro/studii/facultati/
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https://unibuc.ro/studii/facultati/


Introduction

Motivation - why do we need Geometric Machine Learning?
Practical problems - Facial expressions:

[Jin et al., 2018]
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Introduction

Motivation - why do we need Geometric Machine Learning?

Practical problems - Pedestrian detection:

[Tuzel, 2008]
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Introduction

Motivation - why do we need Geometric Machine Learning?
Practical problems - Molecular Biology

[Nguyen & Wei, 2019]
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Introduction

Applications: medicine

[Irie et al., 2020]
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https://www.jstage.jst.go.jp/article/mrms/advpub/0/advpub_mp.2019-0106/_pdf


Introduction

Applications: 3D visual computing for cultural heritage

Source: [Mara & Krömker, 2017] 7 / 42

https://www.researchgate.net/profile/Hubert-Mara/publication/320287363_Visual_Computing_for_Archaeological_Artifacts_with_Integral_Invariant_Filters_in_3D/links/59db868345851508a43a099f/Visual-Computing-for-Archaeological-Artifacts-with-Integral-Invariant-Filters-in-3D.pdf


Introduction

Applications: robotics

Source: https://pacetoday.com.au/wp-content/uploads/2016/02/Applications-robot.jpg
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https://pacetoday.com.au/wp-content/uploads/2016/02/Applications-robot.jpg


Introduction

Applications: autonomous driving

Source: Pham et al., 2020
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https://arxiv.org/abs/1909.07541


Introduction

Once again, why do we need GDL?

Source: M. Bronstein: Face recognition. New technologies, new challenges.
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Introduction

Is GDL a topic of interest?

Leonidas Guibas Stephane Mallat Shing-Tung Yau

.... and many others
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https://geometry.stanford.edu/?member=guibas
https://www.di.ens.fr/~mallat/mallat.html
https://www.math.harvard.edu/people/yau-shing-tung/


Introduction

CNNs in the 2D-framework

[LeCun et al., 2015]
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Introduction

Passing to the 3D context
▶ Aim: To extend to the 3D-framework ML algorithms and techniques

that work in the 2D-framework.

▶ Need to understand the key ingredients: (i) data structure; (ii) tasks;
(iii) main operations (e.g., for a CNN: the grid (regular) structure, the
convolution operation).
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Introduction

(i) About the data

▶ How to store the data? What is the meaningful information?

▶ How to represent the data during the analyses? In which format?
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Introduction

(i) About the data: a little bit of CS/CG history

The Utah teapot (1975). Have also a loot at Martin Newell’s drawing of
the Utah Teapot.

Source: Wikipedia, image loaded by Marshall Astor (http://www.marshallastor.com/)

15 / 42

https://www.computerhistory.org/revolution/computer-graphics-music-and-art/15/206/556
https://www.computerhistory.org/revolution/computer-graphics-music-and-art/15/206/556
https://en.wikipedia.org/wiki/Utah_teapot


Introduction

(i) About the data: a little bit of CS/CG history
The Stanford bunny (1994) - the Stanford repository.

Source: Stanford scanning repository
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http://graphics.stanford.edu/data/3Dscanrep/


Introduction

(i) About the data: a little bit of CS/CG history

The Princeton shape benchmark (∼ 2005)

Source: Princeton shape benchmark

17 / 42

https://gfx.cs.princeton.edu/proj/shape/


Introduction

(i) About the data: a little bit of CS/CG history

ModelNet (2015)

Source: [Wu et al., 2015]
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https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Wu_3D_ShapeNets_A_2015_CVPR_paper.pdf


Introduction

(i) About the data: a little bit of CS/CG history

ModelNet (2015)

Source: ModelNet / 3D ShapeNets
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https://3dshapenets.cs.princeton.edu/


Introduction

(i) About the data: a little bit of CS/CG history

ShapeNet (2015)

Source: The ShapeNet repository

20 / 42

https://shapenet.org/


Introduction

(i) About the data: a little bit of CS/CG history

Many resources are nowadays available!

Source: 3D warehouse
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https://3dwarehouse.sketchup.com/?hl=en


Introduction

(ii) Tasks: analysis - classification

Source: 3D warehouse, lounge chair

This is a lounge chair!
22 / 42

https://3dwarehouse.sketchup.com/model/935ab9e9-39ec-4e2a-b626-e5dd17109a8b/LW-Lounge-Chair?tab=links


Introduction

(ii) Tasks: analysis - segmentation

Source: [Zhou et al., 2017]
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https://aapm.onlinelibrary.wiley.com/doi/pdf/10.1002/mp.12480


Introduction

(ii) Tasks: analysis - parsing

Source: [Tiwari et al., 2020]
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https://arxiv.org/pdf/2007.11610.pdf


Introduction

(ii) Tasks: analysis - correspondence

Source: [Boscaini et al., 2016] 25 / 42

https://proceedings.neurips.cc/paper/2016/file/228499b55310264a8ea0e27b6e7c6ab6-Paper.pdf


Introduction

(ii) Tasks: synthesis - shape completion

Source: [Stutz & Geiger, 2018]
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https://openaccess.thecvf.com/content_cvpr_2018/papers/Stutz_Learning_3D_Shape_CVPR_2018_paper.pdf


Introduction

(iii) Operations: (if possible) take advantage of the 2D
mechanisms!

▶ Regular data:

▶ “Decompose” the 3D data in 2D layers (multiview), apply standard
CNNs and then “aggregate” back the information.

▶ Replace pixels with voxels (“volumetric pixels”) and the apply
3D-analogous of the convolution.

▶ Irregular data:

▶ Extend / generalize the key operations of a DL/ML pipeline for other
native 3D formats (point clouds, triangle meshes, CAD models, mixed
representations).

▶ Challenge 1: cannot apply the standard 2D-methods on irregular data
structures! Challenge 2: seek for methods that can be generalized to
higher dimensions!
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Introduction

In a nutshell: brief overview

Data   

 as source 

 in the training / test stages 

 native 3D <—> other formats 

Tasks 

• analysis 

• synthesis 

• intrinsic decomposition 

Methods 

 suitable for regular structured data 

 work on native 3D/nD irregular structures  
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Extrinsic approaches. Multiview CNNs

Multiview CNNs: overview of the approach

[Su et al., 2015]

▶ Key of the approach: Aim to get a single compact descriptor
(alternative: pairwise comparisons between single-view
representations).

▶ Try to find similarities with the human view!

▶ Take advantage of the available 2D Neural Networks techniques.

29 / 42

https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Su_Multi-View_Convolutional_Neural_ICCV_2015_paper.pdf
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Extrinsic approaches. Multiview CNNs

Multiview CNNs: comment on data handling

▶ Data: Polygon meshes; apply the Phong illumination model.
Generate rendered views by applying a perspective projection.

Source: http://maxwell.cs.umass.edu/mvcnn-data/modelnet40v1png/

▶ In brief: (i) pass from irregular to regular data; (ii) keyword:
projection!; (ii) get rid of artifacts.

30 / 42

http://maxwell.cs.umass.edu/mvcnn-data/modelnet40v1png/
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Extrinsic approaches. Multiview CNNs

Multiview CNNs: results - saliency across views
Aim: rank pixels in the 2D views with respect to their influence on the
output score Fc of the network (taken from fc8 layer) for its ground truth
class c .

[Su et al., 2015; see also http://vis-www.cs.umass.edu/mvcnn/]
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https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Su_Multi-View_Convolutional_Neural_ICCV_2015_paper.pdf
http://vis-www.cs.umass.edu/mvcnn/


Extrinsic approaches. Multiview CNNs

Multiview CNNs: results - sketch based 3D shape retrieval
Motivation: most online repositories provide only text-based search engines or

hierarchical catalogs. Shape retrieval (e.g. [Eitz et al., 2012]) has been proposed as an

alternative for users to retrieve shapes with an approximate sketch of the desired 3D

shape in mind.

[Su et al., 2015; see also http://vis-www.cs.umass.edu/mvcnn/]
32 / 42

http://cybertron.cg.tu-berlin.de/eitz/pdf/2012_siggraph_sbsr.pdf
https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Su_Multi-View_Convolutional_Neural_ICCV_2015_paper.pdf
http://vis-www.cs.umass.edu/mvcnn/


Extrinsic approaches. Multiview CNNs

Related approaches: Segmentation with multi-view CNNs

Deep architecture for segmenting 3D objects into their labeled semantic
parts.

[Kalogerakis et al., 2017]
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https://openaccess.thecvf.com/content_cvpr_2017/papers/Kalogerakis_3D_Shape_Segmentation_CVPR_2017_paper.pdf


Extrinsic approaches. Multiview CNNs

Related approaches: Segmentation with multi-view CNNs

[Kalogerakis et al., 2017]
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https://openaccess.thecvf.com/content_cvpr_2017/papers/Kalogerakis_3D_Shape_Segmentation_CVPR_2017_paper.pdf


Extrinsic approaches. Multiview CNNs

Reconstruction with multi-view CNNs

Reconstruction of 3D shapes from 2D sketches in the form of line drawings
(”ShapeMVD”).

[Lun et al., 2017]
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https://arxiv.org/pdf/1707.06375.pdf?ref=https://githubhelp.com


Extrinsic approaches. Multiview CNNs

Reconstruction with multi-view CNNs

Local descriptor for 3D shapes, directly applicable to a wide range of
shape analysis problems.

[Huang et al., 2017]
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https://dl.acm.org/doi/pdf/10.1145/3137609


Extrinsic approaches. Multiview CNNs

Multi-view Transformers

3D visual grounding task.

[Huang et al., 2022]
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https://openaccess.thecvf.com/content/CVPR2022/papers/Huang_Multi-View_Transformer_for_3D_Visual_Grounding_CVPR_2022_paper.pdf


Extrinsic approaches. Multiview CNNs

LLMs and multi-view approaches

Use of LLMs for 3D scene understanding.

[Xu et al., 2025]

38 / 42

https://arxiv.org/pdf/2507.12916


Extrinsic approaches. Volumetric methods

3D ShapeNets

[Wu et al., 2015] 39 / 42

https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Wu_3D_ShapeNets_A_2015_CVPR_paper.pdf


Extrinsic approaches. Volumetric methods

VoxNet

[Maturana & Scherer, 2015]
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http://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf


Extrinsic approaches. Volumetric methods

Voxel Transformers

[Mao et al., 2021]
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https://openaccess.thecvf.com/content/ICCV2021/papers/Mao_Voxel_Transformer_for_3D_Object_Detection_ICCV_2021_paper.pdf


Extrinsic approaches. Volumetric methods

ShapeLLM

[Ye et al., 2025]
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https://arxiv.org/pdf/2506.01853
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