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Goal of this Lecture

 Explain how big visual datasets including 
ImageNet and ShapeNet are organized
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Goal of this Lecture

 Explain how ShapeNet are annotated
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Goal of this Lecture

 Show examples of label transportation in 
a network



Goal of this Lecture

 Demo that networks can be an effective 
tool for organizing and annotating big data
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Agenda

 Goal of this lecture 
 From semantic networks to data networks 

 WordNet, ImageNet and ShapeNet 
 A hybrid approach for annotation acquisition  
 From vertical networks to horizontals 
network 

 Annotation transportation in ShapeNet
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Semantic Networks

 Also known as frame network 
 Encodes semantic relations between 
concepts.  
 This is often used as a form of knowledge 
representation.  
 It is a directed or undirected graph consisting 
of vertices, which represent concepts, and 
edges which represent concept relations
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Examples of Semantic Net
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Semantic Net in Lisp  Graph representation



Examples of Semantic Net: 
WordNet

 a lexical database of English 
 words -> synonym sets (synsets)
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G. A. Miller, R. Beckwith, C. D. Fellbaum, D. Gross, K. Miller. 1990. 
 WordNet: An online lexical database. Int. J. Lexicograph. 



Examples of Semantic Net: 
WordNet

 Important relations between synsets 
(nouns):
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Taxonomy: is-a Relationship
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Partonomy: has-a Relationship
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From Semantic Networks to  
Data Networks

 Instantiate concepts by exemplars 
 Concepts from WordNet 

 Defined by properties (using language) 

 Exemplars from sensor data 
 images (ImageNet) 
 3D shapes (ShapeNet) 
 videos
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Why Go from a Semantic Network to  
a Data Network ?

 “A picture is worth a thousand words” 
 Concepts and their relationships emerge 
directly from data 
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http://www.image-net.org

Li Fei-Fei, Jia Deng, Hao Su, etc 



18Slide Credit: Li Fei-Fei

(with WordNet backbone)



19Slide Credit: Li Fei-Fei



Limitations of ImageNet  
(From Knowledge Representation Perspective)

Captures only shallow information in images
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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)



Geometry and Physical Knowledge 
of Objects are Important
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3D Models are Digital Representations 
Closest to the Physical Form of Objects

 Shapes as polygonal meshes
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Knowledge as Properties 
Attached to 3D Shapes
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Curvature
Parts

SIFT flow, C. Liu 2011

Knowledge as a tower over data



Unified Knowledge 
Representation in 3D

Symmetry
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Unified Knowledge  
Representation in 3D

Part  
decompositionSymmetry
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Unified Knowledge 
Representation in 3D

Affordance

Part  
decompositionSymmetry
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Unified Knowledge 
Representation in 3D

Physical  
properties

Part  
decompositionSymmetry

Affordance

Material
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ShapeNet: A Large-scale 3D 
Model Database

…

~3 million models in total ~2,000 classes Rich annotations
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Where is in ShapeNet currently?
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 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 
 Physical dimensions and weights



Where is in ShapeNet currently?
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 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



How could these Annotations be Acquired?
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Agenda

 Goal of this lecture 
 From semantic networks to data networks 

 WordNet, ImageNet and ShapeNet 
 A hybrid approach for annotation acquisition  
 From vertical networks to horizontal 
networks 

 Annotation transportation in ShapeNet
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Manually Annotate Everything?
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Manually Annotate Everything?
Time consuming

•  Millions of 3D models 
•  Constantly evolving
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Efficiency

Accuracy

Manual Annotation



Algorithm Prediction?
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Algorithm Prediction?

41

Not reliable

• Large variation
• Different levels of semantic 

knowledge are needed



Algorithm prediction?
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Not reliable

• Large variation
• Different levels of semantic 

knowledge are needed
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Algorithm prediction?
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Not reliable

• Large variation
• Different levels of semantic 

knowledge are needed

Efficiency

Accuracy
?

Algorithm Prediction

Manual Annotation



A Hybrid Approach
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A Hybrid Approach
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A Hybrid Approach
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A Hybrid Approach
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A Hybrid Approach

48

Manual 
Annotation

Algorithmic 
Propagation

Manual 
Verification

Labeling Loop



A Hybrid Approach
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Manual 
Annotation

Algorithmic 
Propagation

Manual 
Verification

 Categorization, rigid alignment, part and 
key points annotations, weight and size 
annotations

Labeling Loop



Agenda

 Goal of this lecture 
 From semantic networks to data networks 

 WordNet, ImageNet and ShapeNet 
 A hybrid approach for annotation acquisition  
 From vertical networks to horizontal 
networks 

 Annotation transportation in ShapeNet
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[Makwana, 2016] 

[Lee et al., 2009] 

Data-driven feature learning at ascending 
abstraction layers 
 

“Vertical” networks 
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Success Made Possible By …. 

Plenty of annotated data 
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[He et al., 2015] 

Novel deep architectures 
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Novel deep architectures 
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Cannot be trained with a small number of 
annotations to start the labeling loop.



What’s missing?

 The structural relationship among different 
objects are not well exploited 
 Correspondences allow information 
propagation
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 Consistency resolves ambiguities 
 Structures emerge from consistency

Why are Relationships 
Important?
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Horizontal Networks

56

 Explicitly model the structural relationships 
among data
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 A scalable active framework for part 
annotation in ShapeNet 
 Learning hierarchical shape segmentation 
and labeling in a weakly supervised manner 
from online repositories

Applications of Horizontal 
Networks



Applications of Horizontal 
Networks
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 A scalable active framework for part 
annotation in ShapeNet 
 Learning hierarchical shape segmentation 
and labeling in a weakly supervised manner 
from online repositories



A Hybrid Part Annotation 
Approach
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A Hybrid Part Annotation 
Approach

60

Efficiency

Accuracy
Ours

Algorithm Prediction

Manual Annotation



  Utility Function:
worker time

#(ACCURATE labeling)

Utility Function
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  Utility Function:
worker time

#(ACCURATE labeling)

Two Foci:
Accuracy & Efficiency

Utility function
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Pipeline
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Pipeline
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Pipeline
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Label Propagation
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Pipeline
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Pipeline

68



Pipeline

69



Optimization
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How to issue Annotation and Verification tasks 

to optimize the Utility Function

Optimization
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  Utility Function:
worker time

#(ACCURATE labeling)

Optimization
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  Utility Function:
worker time

#(ACCURATE labeling)

worker time

Optimization
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  Utility Function:
worker time

#(ACCURATE labeling)

worker time

#(accurate labeling)

Algorithm Behavior

Optimization
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 The hybrid data labeling approach boosts the 
annotation efficiency dramatically 

 The annotation and verification tasks need to 
be carefully balanced 

 The “vertical” label prediction plus the 
“horizontal” label propagation is the key for 
success

Take-Home Message
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 A scalable active framework for part 
annotation in ShapeNet 
 Learning hierarchical shape segmentation 
and labeling in a weakly supervised manner 
from online repositories

Applications of Horizontal 
Networks
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Input

Output: 
Hierarchical Segmentation 

& Part Labeling
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 Previously expert defined, flat and coarse 

 Knowledge could emerge from horizontal 
collection wise analysis

How to Define Parts?



windscreen

Distill Knowledge from 
Object Graphs
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Object Graph
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94



Car
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…

Object Graph
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Car

SpoilerRightWheel

…

Object Graph
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Common Structures in Object 
Graphs

97

Car Car
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Wheel Wheel

Wheel

The wisdom of the crowd!
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Car Car

SpoilerRightWheel

… …

Challenges - Heterogeneous Data

Different Parts
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Car Car

SpoilerRightWheel

… …

Challenges - Heterogeneous Data

Different Parts, Different Hierarchy



Challenges - Heterogeneous Data
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Car Car

SpoilerRightWheel

… …

Different Parts, Different Hierarchy, Sparse Tagging

~2% of parts are tagged



Approach Overview
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Inference Stage

Training Stage



Approach Overview
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Training Stage

Segmentation 
LearningPart Analysis



Approach Overview
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Approach Overview
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Training Stage

Segmentation 
LearningPart Analysis



Part Analysis
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Part Analysis
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Part Analysis
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Label Propagation through Part 
Correspondences
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Car
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Window



Key Idea — Semi-Supervised 
Clustering

109

y = f(x)

part geometry feature

part embedding

clustering:  mini || ci - f(x) ||

cluster centroid



Key Idea — Semi-Supervised 
Clustering
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y = f(x)

part geometry feature

part embedding

clustering:  mini || ci - f(x) ||

cluster centroid

fc2 fc2

fc1fc1

fc3 fc3

concat fc4 fc5 fc6

feature 1

…

feature n

fc2

fc1

fc3

Clustering Loss(    , C )

Contrastive Loss(    ,    )

…

Supervision: sparse tags, 
inconsistent hierarchies



Key idea — Semi-Supervised 
Clustering
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Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

c.f. Basu et al. KDD 2004



Objective Function
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Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Embedding parameter

CarWheel

Wheel

Car



Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Clustering labels
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Car



Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Clustering centroids
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Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Soft hierarchy graph

CarWheel

Wheel

Car



Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Clustering term: 
Encourage parts to 
form clusters

Clustering

CarWheel

Wheel

Car



Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Clustering term: 
Encourage parts to 
form clusters

Clustering
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Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Ec =

X

parts

X

centroids

p
part,centroid||f(part)� centroid||

Clustering term: 
Encourage parts to 
form clusters

Clustering

CarWheel

Wheel

Car



Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Similarity term: 
Group parts with 
the same tag or 
geometry

SimilarityClustering

CarWheel

Wheel

Car
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Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Similarity term: 
Group parts with 
the same tag or 
geometry

SimilarityClustering



Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Ec =
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part 1
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max(0,� � ||f(part 1)� f(part 2)|| i↵ di↵erent tags

SimilarityClustering
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Similarity term: 
Group parts with 
the same tag or 
geometry



Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Dissimilarity term: 
Separate parts 
which should not 
have the same label

DissimilaritySimilarityClustering
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Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Structure term: 
Encourage cluster 
labels to follow 
overall parent child 
relationship

DissimilaritySimilarityClustering Structure
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Objective Function
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

Structure term: 
Encourage cluster 
labels to follow 
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Optimizing the Objective
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E(✓, p, c,M) = �cEc + �sEs + �dEd + �mEm �H

SEM optimization: 
E step: optimize for 
M step: SGD optimize for  

DissimilaritySimilarityClustering Structure



Outputs
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Part Analysis
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Sample Clusters
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Inferred Canonical Hierarchy
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Approach Overview
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Training Stage

Segmentation 
LearningPart Analysis



Learning Hierarchical Mesh 
Segmentation

137

What’s the label of this 
triangle face?

Supervised Labeling



Results
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 Distill wisdom from the crowd 
 Knowledge could emerge while jointly 
analyzing a collection of shapes 
 A novel method for mining massive but 
sparsely annotated object graphs “in the wild”

Take-Home Message



Agenda

 Goal of this lecture 
 From semantic networks to data networks 

 WordNet, ImageNet and ShapeNet 
 A hybrid approach for annotation acquisition  
 From vertical networks to horizontal 
networks 

 Annotation transportation in ShapeNet
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Useful Resources for  
Geometry Processing

Software  
Blender (free)  
Meshlab (free)  
Autodesk Maya (free for students) 
Autodesk 3DSMax (free for students)  
SketchUp (free) 
… 

Geometry processing libraries 
CGAL (C++) 
libIGL (C++) 
gptoolbox (MATLAB) 
… 142


