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From Last Time:
Deep Learning

Supervised Methods
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• Feed forward networks
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Deep Learning Networks

Classification



Success Made Possible By ….

Plenty of annotated data
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Semantic Annotations
for

Visual/Geometric DataSets
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From semantic networks to visual or geometric data networks
WordNet, ImageNet and ShapeNet

Approaches for annotation acquisition 
From vertical networks to horizontal networks

Annotation transportation in ShapeNet

Large and high-quality data sets are essential for both training and 
testing machine learning algorithms

Agenda
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Explain how big visual datasets including ImageNet and ShapeNet are 
organized

Goal of this Lecture
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Explain how ShapeNet are annotated

Goal of this Lecture
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Physical 
properties

Part 
decomposition

Symmetry

Affordance

Material



Show examples of label transportation in a network
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Goal of this Lecture



Semantic Networks: Storing 
Knowledge about the World
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Also known as frame networks
Encode semantic relations between concepts
Often used as a form of knowledge representation 
A directed or undirected graph consisting of vertices, which 
represent concepts, and edges which represent concept 
relations

Semantic Networks
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Example of a Semantic Net
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Semantic Net in Lisp Graph representation
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Google Knowledge Graph
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WordNet



a lexical database of English
words -> synonym sets (synsets)

WordNet

16
G. A. Miller, R. Beckwith, C. D. Fellbaum, D. Gross, K. Miller. 1990.
WordNet: An online lexical database. Int. J. Lexicograph. 



Important relations between synsets (nouns):

WordNet
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Taxonomy: is-a Relationship
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Partonomy: has-a Relationship
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Instantiate concepts by exemplars
Concepts from WordNet

Defined by properties (using language)

Exemplars from sensor data
images (ImageNet)
3D shapes (ShapeNet)
videos

From Semantic Networks to Visual Data Networks
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Grounding concepts
to the real world



“A picture is worth a thousand words”
Concepts and their relationships emerge directly from data 

Why Go from a Semantic Network to a Visual Data Network ?
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(with WordNet backbone)

Slide Credit: Fei-Fei Li, Jia Deng
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ShapeNet (>3M Models)



Object Knowledge
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Parts, symmetries, keywords, physical properties, materials, affordances, …



ImageNet

25Slide Credit: Fei-Fei Li, Jia Deng
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ImageNet
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Illustrating WordNet Nodes
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WordNet Ontology
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“Illustrating” WordNet
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Cleaning Up the Results
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Cleaning Up …
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Cleaning Up …
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Classify and Collect
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Classify and Collect
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Massive Parallelism
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ImageNet Targeted Scale



1. Training data released: images and annotations
• For classification, 1000 synsets with ~1k images/synset

2. Test data released: images only (annotations hidden)
• For classification, ~ 100 images/synset

3. Participants train their models on train data

4. Submit text file with predictions on test images

5. Evaluate and release results, and run a workshop at ECCV/ICCV to 
discuss result
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ImageNet Yearly Challenges
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ImageNet Challenge Tasks

Classification

Classification + Localization

Object Detection



Captures only shallow information in images

Limitations of ImageNet 
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Object name, bounding box location

Geometric and physical knowledge of objects is missing (e.g. 
ShapeNet)
Relationships among objects are missing (e.g. VisualGenome)

From knowledge representation perspective
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Geometry and Physical Knowledge of Objects
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3D Opportunities: Encoding Knowledge

Among all digital representations we have of a real artifact, 3D is the most faithful
to the actual physical object
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Information Transport



ShapeNet
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ShapeNet (>3M Models) https://www.shapenet.org/

Stanford:
Leonidas Guibas
Pat Hanrahan
Silvio Savarese

UT Austin:
Qixing Huang

Princeton:
Tom Funkhouser
Jianxiong Xiao
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Object Knowledge: ShapeNet

Parts, symmetries, keywords, physical properties, materials, affordances, …



ShapeNetCore
51,300 textured 3D models classified into 55 classes, 

mostly man-made objects
Mesh, point cloud, volumetric representations are 

provided
Consistent orientation within each class
Semantic part annotation for a subset

47

Where is in ShapeNet currently?



ShapeNetCore
ShapeNetSem

12,000 textured models classified into 270 categories, indoor objects
Mesh, volumetric representations are provided
Consistent orientation within each class
Physical dimensions and weights
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Where is in ShapeNet currently?
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Object Affordances

[V. Kim, S. Chaudhuri, L. Guibas, and T. Funkhouser, Siggraph 2014]
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Object “Active Sites”
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Object Interaction Knowledge
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Focus: Knowledge Transport

3D knowledge 
representation

Acquire knowledge from 
signals, web pages, 
crowdsourcing, …

Knowledge delivery to 
new signals

⋯



Object Part Annotation
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Model Part Annotation
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Transport 
learning

2D annotations
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Annotation Propagation

Feature embeddings Shape correspondences
Shape alignments
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Verification More Efficient Than Annotation

[30,000 shapes in 16 categories, 90,000 parts]
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Reduced Annotation Cost
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Model Part Annotation
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How to issue Annotation and Verification tasks

to optimize the Utility Function
worker time

#(ACCURATE labeling)

[L. Yi, V. Kim, D. Ceylan, I. Shen, M. Yan, H. Su, C. Lu, Q. Huang, A. Sheffer, LG, Sigasia 2016]
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Results

~30,000 shapes
~90,000 parts



Fine-Grained Part 
Annotation
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PartNet: Fine-Grained and Instance-Level Parts

[K. Mo, S. Zhu, A. Chang, L. Yi, S. Tripathi, L. Guibas and H. Su, PartNet: A Large-scale Benchmark for 
Fine-grained and Hierarchical Part-level 3D Object Understanding, CVPR 2019]
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PartNet: Fine-Grained Parts

Subset of ShapeNetCore
24 common indoor categories, 26,671 shapes, 573,585 parts
Avg 18 Part/shape, Max 230

Human-annotated: 
more fine-grained parts + instance-level parts
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PartNet: Hierarchical and Consistent Parts

Provide hierarchical segmentation of shapes: parts at multiple scales
All shapes from the same category conform to a consistent part template
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PartNet: And-Or-Graph Semantic Part-Template

Part TemplateOne Table Lamp Example One Floor Lamp Example
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PartNet: And-Or-Graph Semantic Part-Template
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PartNet: Annotation Interface

Encourage different users annotate consistently according to the template
Allow certain freedom to give “other” parts that are not pre-defined
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PartNet: Hierarchical Part Graphs

Part-based structure-aware shape representation
With intra-part relationships: vertical and horizontal
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PartNet-Mobility: Annotate Part Motions

[F. Xiang, Y. Qin, K. Mo, Y. Xia, H. Zhu, F. Liu, M. Liu, H. Jiang, Y. Yuan, H. Wang, L. Yi, L. Guibas and H. Su,
SAPIEN: A SimulAted Part-based Interactive ENvironment, CVPR 2020]



Learning from
Noisy Web Data
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Observations

CAD data on the Web often include scene graphs:
Part geometry + hierarchical structure

ShapeNet Kim et al., 2015
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windscreen
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Distill Knowledge from Object Graphs

Object Graph






Observations

(+) Provide natural part segmentations.
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Observations

(+) Provides natural part segmentations.
(−) Inconsistent -- and often unlabeled.
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• A scalable active framework for part annotation in ShapeNet
• Based on “horizontal” information diffusion
• Learning hierarchical shape segmentation and labeling in a weakly 

supervised manner from online repositories

An Application of Horizontal Networks
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82

Problem Definition

Input

Output:
Hierarchical Segmentation & 

Part Labeling



Observations — Abundant Shapes
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• Previously expert defined

• Can consistent part knowledge emerge from multiple noisy hierarchies 
talking to each other

• Can we exploit this freely-available metadata to analyze and annotate new 
geometry?

How to Define Parts?
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Object Graph
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Object Graph
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Object Graph

87



Object Graph
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Common Structures in Object Graphs

The wisdom of the collection
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Challenges - Heterogeneous Data

Different Parts

90



Challenges - Heterogeneous Data

Different Parts, Different Hierarchy
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Challenges - Heterogeneous Data

Different Parts, Different Hierarchy, Sparse Tagging

~2% of parts are tagged
92



Train a Network that Can Segment and Label

Car
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Segmentation Model
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New model



Approach Overview

Inference Stage

Training Stage
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Approach Overview

Training Stage

Segmentation 
LearningPart Analysis
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Approach Overview

Training Stage

Segmentation 
LearningPart Analysis
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Observations — Abundant Shapes
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Part Analysis
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Part Analysis

Car

Car

Wheel

Wheel Wheel

Wheel

…

Car

SpoilerRightWheel

WheelWheel

Input

car

wheel
wheel

Output

99



Part Analysis
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Part Analysis
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‣ Gather all models from one category (e.g., “cars”)

Preprocessing

Chang et al. 2015ShapeNet
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• Gather all meshes from one category (e.g., “cars”)
• Build manual vocabulary from common names

e.g., left_wheel18, rueda, wheeel -> wheel

Preprocessing
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• Gather all meshes from one category (e.g., “cars”)
• Build manual vocabulary from common names

e.g., left_wheel18, rueda, wheeel -> wheel
• Notice the vocabulary is not comprehensive

Preprocessing

?
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Key Idea — Semi-Supervised Clustering

part geometry feature

part embedding
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Key Idea — Semi-Supervised Clustering

part geometry feature

part embedding
cluster centroid

106



Key Idea — Semi-Supervised Clustering

part geometry feature

part embedding
cluster centroid
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Key Idea — Semi-Supervised Clustering

part geometry feature

part embedding
cluster centroid

Supervision: sparse tags, 
inconsistent hierarchies
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Key Idea — Semi-Supervised Clustering
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Objective Function

c.f. Basu et al. KDD 2004
110

Use an EM algorithm



Objective Function

CarWheel
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Objective Function

CarWheel

Wheel

Car

Embedding parameters
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Objective Function

CarWheel

Wheel

Car

Clustering labels
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Objective Function

CarWheel

Wheel

Car

Clustering centroids
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Objective Function

CarWheel

Wheel

Car

Soft hierarchy graph

115



Objective function

CarWheel

Wheel

Car

Clustering term:
Encourage parts to 

form clusters

Clustering
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Objective Function

CarWheel

Wheel

Car

Clustering term:
Encourage parts to 

form clusters

Clustering
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Objective Function

CarWheel

Wheel

Car

Clustering term:
Encourage parts to 

form clusters

Clustering
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Objective Function

CarWheel

Wheel

Car

Similarity term:
Group parts with 

the same tag or 
geometry

SimilarityClustering
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Objective Function

CarWheel
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Car

Similarity term:
Group parts with 

the same tag or 
geometry

SimilarityClustering
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Objective Function

CarWheel

Wheel

Car

iff almost identical 
or tags are the same

Similarity term:
Group parts with 

the same tag or 
geometry

SimilarityClustering
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Objective Function

CarWheel

Wheel

Car

Dissimilarity term:
Separate parts 

which should not 
have the same label

DissimilaritySimilarityClustering
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Objective Function
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DissimilaritySimilarityClustering
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Objective Function

CarWheel

Wheel

Car

Structure term:
Encourage cluster 

labels to follow overall 
parent child 
relationship

DissimilaritySimilarityClustering Structure
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Objective Function

CarWheel

Wheel

Car

Structure term:
Encourage cluster 

labels to follow overall 
parent child 
relationship

StructureDissimilaritySimilarityClustering
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CarWheel

Wheel

Car

Outputs

Part Analysis
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Part Analysis
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Sample Clusters

128



body

c66
c66

c67body

window

door
door

bumper
hood

window

c63

c63

car

wheel
wheelwheel

wheel
wheel wheel

rim
tirerim tire

tire
rim

tire

rim

brakebrake
brake

brake

c35
c61

c35
c61

c35c61 c35
c61

bumper

c42

c42

c77

c77

c75

c75

mirror
mirror

headlight

headlight

headlight headlight

headlight

headlight

Sample Labeling

129



body

c66
c66

c67body

window

door
door

bumper
hood

window

c63

c63

car

wheel
wheelwheel

wheel
wheel wheel

rim
tirerim tire

tire
rim

tire

rim

brakebrake
brake

brake

c35
c61

c35
c61

c35c61 c35c61

bumper

c42

c42

c77

c77

c75

c75

mirror
mirror

headlight

headlight

headlight headlight

headlight

headlight

Sample Labeling

130



body

c66
c66

c67body

window

door
door

bumper
hood

window

c63

c63

car

wheel
wheelwheel

wheel
wheel wheel

rim
tirerim tire

tire
rim

tire

rim

brakebrake
brake

brake

c35
c61

c35
c61

c35c61 c35c61

bumper

c42

c42

c77

c77

c75

c75

mirror
mirror

headlight

headlight

headlight headlight

headlight

headlight

Sample Labeling

131



Inferred Canonical Hierarchy
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Inferred Canonical Hierarchy
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Approach Overview

Training Stage

Segmentation 
LearningPart Analysis
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Learning Hierarchical Mesh Segmentation

What’s the label of this 
triangle face?
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Learning Hierarchical Mesh Segmentation

What’s the label of this 
triangle face?
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Learning Hierarchical Mesh Segmentation

What’s the label of this 
triangle face?

Supervised Labeling
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A similar MRF formulation as 
Kalogerakis et al. 2010

Learning Hierarchical Mesh Segmentation
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Learning Hierarchical Mesh Segmentation
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Learning Hierarchical Mesh Segmentation

Learned through a fully connected 
neural network 
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Learning Hierarchical Mesh Segmentation

Learned through a fully connected 
neural network 
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Learning Hierarchical Mesh Segmentation

Encodes label structuresLearned through a fully connected 
neural network 
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• infer hierarchy,
• handle incomplete training segmentations,
• handle disconnected surfaces

Learning Hierarchical Mesh Segmentation

Learned through a fully connected 
neural network Encodes label structures
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• infer hierarchy,
• handle incomplete training segmentations,
• handle disconnected surfaces
• exploit connected components

Learning Hierarchical Mesh Segmentation

Learned through a fully connected 
neural network Encodes label structures

144
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ShapeNet Connected Components



Segmentation Output
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Segmentation Output
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Segmentation output
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Segmentation Output
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Distill wisdom from the crowd
Knowledge emerges while jointly analyzing a collection of shapes
A novel method for mining massive but sparsely annotated object 

graphs “in the wild”

Take-Home Message
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The End
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