
Multi-View and Structured 3D Shape 
Representations

Richard (Hao) Zhang

CMPT 464/764: Geometric Modeling in Computer Graphics

Lecture 6



2

Outline on 3D representations

n Implicit reps

n Parametric reps

n Meshes (subdivision)

n Point clouds

n Volumes

n Projective reps

n Structured reps

Smooth curves and surfaces

Discrete representations

Parts + relations = structures 
Encompasses all low-level reps

3D → 2D
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Today

n Implicit reps

n Parametric reps

n Meshes (subdivision)

n Point clouds

n Volumes

n Projective reps

n Structured reps

Smooth curves and surfaces

Discrete representations

Parts + relations = structures 
Encompasses all low-level reps

3D → 2D
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Multi-view representation of 3D shapes

n Represent a 3D shape as a set of 
images from one or more views

n Technically not a 3D representation

n Why would this be a good idea?

n Images are easy to acquire
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Multi-view representation of 3D shape

n Represent a 3D shape as a set of m 
images from one or more views

n Technically not a 3D representation

n Why would this be a good rep?

n Images are easy to acquire

n For visualization, all we care about is 
to view the 3D shape from another 
angle — novel view synthesis

n Do we still need 3D then? J 



6

Projective shape processing and analysis

n Perform analysis in image space and then “back-project” into 3D

[Wang et al. SIGGRAPH Asia 2013]
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Projective shape processing and analysis

n Perform analysis in image space and then “back-project” into 3D

[Wang et al. SIGGRAPH Asia 2013]



8

Projective shape processing and analysis

n Perform analysis in multi-view image space …

[Wang et al. SIGGRAPH Asia 2013]
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Projective shape processing and analysis

n Perform analysis in image space, leveraging large volumes of 2D 
segmentation training data 

[Wang et al. SIGGRAPH Asia 2013]
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Projective shape processing and analysis

n “Back-project” multi-view segmented images into 3D: non-trivial task

[Wang et al. SIGGRAPH Asia 2013]

Paper: https://www.yunhaiwang.net/public_html/psa.html

https://www.yunhaiwang.net/public_html/psa.html
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Projective shape processing and analysis

n Perform analysis in image space and then “back-project” into 3D

[Wang et al. SIGGRAPH Asia 2013]
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Novel view synthesis via neural networks 

n Neural Radiance Field (NeRF) [Mildenhall et al. ECCV 2020]
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Novel view synthesis via neural networks 

n Neural Radiance Field (NeRF) [Mildenhall et al. ECCV 2020]

n Input: multi-view images (a dense set in the initial NeRF paper)

n Output: a neural network trained via differentiable rendering, that 
can be “queried” for novel view synthesis through volume rendering
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What is a neural field?

n A field of values (typically in voxel grids for 3D), e.g., occupancy or 
signed distance function (SDF), predicted using neural networks

Survey: https://arxiv.org/abs/2111.11426

https://arxiv.org/abs/2111.11426
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What is a neural field?

n A field of values (typically in voxel grids for 3D), e.g., occupancy or 
signed distance function (SDF), predicted using neural networks

n NeRF: color and density per voxel for volume rendering
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What is a neural field?

n A field of values (typically in voxel grids for 3D), e.g., occupancy or 
signed distance function (SDF), predicted using neural networks

n NeRF: color and density per voxel for volume rendering

n The 3D representation is the neural network that is trained on multi-
view, or even single-view, images: an “overfit” network
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What is a neural field?

n A field of values (typically in voxel grids for 3D), e.g., occupancy or 
signed distance function (SDF), predicted using neural networks

n NeRF: color and density per voxel for volume rendering

n The 3D representation is the neural network that is trained on multi-
view, or even single-view, images: an “overfit” network

n A compressed representation that can be quickly queried
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3D Gaussian splatting (3DGS)

n 3DGS [Kerbl et al. SIG 2023] surpassing NeRF (2000) in speed

n Also from multi-view images as input and produces a PBR

 



🙁 NeRF and 3DGS: rendering, not modeling primitives

Images from MobileNeRF [Chen et al. CVPR 2023]

Critical issue #1



Critical issue #1

Images from MobileNeRF [Chen et al. CVPR 2023]

🙁 NeRF and 3DGS: rendering, not modeling primitives
• Unstructured: not how human reasons about 3D
• Not editable/reusable
• Not functional
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vs.

Learning by interacting in 3D

Critical issue #2

🙁 NeRF and 3DGS: rendering, not modeling primitives
🙁 Avoiding 3D supervision is unnatural



Think of an object class, e.g., cars, lamps, 
chairs, buildings, etc., and what properties or 

attributes you are most sure of about it.
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Which object attribute is more predicable from class label, 
e.g., chairs?
v Shape?

v Topology?

Image taken from dreamstimes.com

Predictability of object attributes from class

https://www.dreamstime.com/stock-photos-chairs-image2737993


Which object attribute is more predicable from class label, 
e.g., chairs?
v Color?

v Texture?

v Material?

Image taken from pinterest.ca

Predictability of object attributes from class

https://www.pinterest.ca/pin/439523244854956238/


Why is this not a chair? Or is it?

Is this a chair or not?



What makes a chair a chair?

“There’s little we can find in common to all 
chairs – except for their intended use.”

Marvin Minsky: “The Society of Mind” [1986]

CVPR 
2011



Marvin Minsky’s “The Society of Mind”

“There’s little we can find in common to all 
chairs – except for their intended use.”

“… we need to combine at least two different 
kinds of descriptions (of objects). On one 
side, we need structural descriptions for 

recognizing chairs when we see them. On the 
other side, we need functional descriptions in 

order to know what we can do with chairs.”



Predictability of shape structures

n More predictability in the structure of objects from the 
same class, than other attributes such as color, shape, etc.

n This is due to the common functionality of the objects



Predictability of shape structures

Non-functionalFunctional

n More predictability in the structure of objects from the 
same class, than other attributes such as color, shape, etc.

n This is due to the common functionality of the objects

n Functionality is characterized by object parts + relations, 
i.e., structures!



Structure relations and application

n Part symmetry, repetitions, proximity, angles, relative 
positioning (of parts) such as co-planarity, etc. 

n Application: structure-aware editing

[Zheng et al. 2010]



“For the task of object 
recognition, the visual 

system decomposes shapes 
into parts, . . ., parts with 

their descriptions and spatial 
relations provide a first index 
into a memory of shapes …

Mimicking human perception



Another benefit of structured models

n Reusability, e.g., part re-assembly for 3D model creation

“Modeling by Example” [Funkhouser et al. SIGGRAPH 2004]



Structured representation: CSG

n Constructed solid geometry (CSG) for CAD models



Structured representation: B-Rep

n Boundary representation (B-Rep) for CAD models



Structured representation: scene graphs

n For indoor scenes and object layouts/arrangements



Symmetry hierarchy: symmetry guides grouping and assembly of shape parts 
to form a meaningful hierarchical part organization. 

[Wang et al. 2011]

Structured representation: symmetry hierarchy



Part segmentation Symmetry detection

Symmetry hierarchy construction



Rotational symmetry
Reflection symmetry
Connectivity

Initial graph



Grouping by symmetry

Two operations:

39

Bottom-up graph construction



Two operations:

Assembly by proximity
Grouping by symmetry

Key question: in which order should we group the parts?

Bottom-up graph construction
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Symmetry hierarchy properties

n Structure-aware: hierarchical part organization

n Functionality-aware (a bit): symmetric parts tend to 
perform the same function

n Decouple structure and fine part geometry

n Tree organization reveals part structure

n Leaf nodes reveal part geometries



• First attempt (2011): a model- or rule-driven approach

• Two guiding principles
1. Perceptual grouping based on symmetry

2. Compactness of representation = fewest grouping operations

• Results in a set of handcrafted “precedence rules”
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[Wang et al. EG 2011]

How to order graph contractions



n Grouping-assembly mixing rules, e.g.,

n M1: symmetry grouping takes precedence over assembly

A1 A2

B
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unless A1 A2

B2B1

M2: Assembly before grouping: 2 ops

Grouping before assembly: 3 ops

Example of handcrafted precedence rules



n Symmetry grouping rules, e.g., 
n G1: rot-symmetry takes precedence over ref-symmetry

A4

A1

A2

A3 B
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Example of handcrafted precedence rules


