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Last Time: (PCA)
Principal Components Analysis
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• Introduced by Pearson (1901) and Hotelling
(1933) to describe the variation in a set of 
multivariate data in terms of a set of 
uncorrelated variables.

• PCA looks for a single lower dimensional 
subspace that captures most of the 
variation in the data.

• Specifically, we aim to minimize the error 
introduced by projecting the data into this 
linear subspace.

Principal Components Analysis (PCA)
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• Minimizing the reconstruction error is equivalent to maximizing the variance of 
the projected data.

• Remember the mean is 0
𝑟𝑟2 + 𝑣𝑣2 = 𝑑𝑑2

Reconstruction Error and Variance
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NB, projections of
centered data are
centered



• Finding the direction of maximum variance is easy if the covariance matrix is 
diagonal.

• So, in general, we want to rotate the coordinate system so as to make the 
covariance matrix diagonal.

• This is an eigenvalue problem; the eigenvectors of the covariance matrix point in 
the directions of maximal and minimal variance – so we rotate the axes to align 
them with the directions of maximal and minimal variance.

PCA by Diagonalizing the Covariance Matrix
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The General PCA Problem

6



• Key result:
• Exploit spectral analysis of the covariance matrix C of the data
• For any integer p, the error-minimizing p-dimensional subspace is the one 

spanned by the first p eigenvectors of the covariance matrix

PCA
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• Assumption behind PCA is that the data points x are well 
represented by a small-dimensional linear subspace

• Often this assumption does not hold …

• However, it may still be possible that a non-linear 
transformation φ(x) “linearizes” the data, but in a higher 
dimensional space -- then we can perform PCA in the 
space of φ(x)

• Kernel PCA performs this “lifted” PCA; however, because 
of “kernel trick,” it never computes the mapping φ(x)
explicitly.

Kernel PCA (KPCA)

8



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

From semantic networks to visual or geometric data networks
WordNet, ImageNet, and ShapeNet

Approaches for annotation acquisition
Difficulty of 3D labels

From vertical networks to horizontal networks
Annotation transportation in ShapeNet

Agenda
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Relate geometry and topology to data semantics
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



Using synthetic data and simulation to get geometry + image data

Goal of this Lecture
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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

20
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

29Slide Credit: Fei-Fei Li, Jia Deng



30

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

51

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

[S. Pirk et al., Understanding and Exploiting Object Interaction Landscapes, ACM TOG 2017]
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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

[Li Yi et al., A Scalable Active 
Framework for Region Annotation 
in 3D Shape Collections, 
SIGGRAPH Asia, 2016]
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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]









61



62



63



64



65

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 and SAPIEN: Part Articulation

https://sapien.ucsd.edu/ Xiang et al., “SAPIEN: A SimulAted Part-based 
Interactive ENvironment”, CVPR 2020

Synthetic, 3D Shapes
Based upon ShapeNet/PartNet
14,068 Articulated Parts
2,346 Objects, 46 Categories

Part Articulation
Physical Simulation

Support the study of various 
robotic manipulation tasks

https://sapien.ucsd.edu/


Geometric + Image Data 
through Simulation
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Combing Geometric and Image Data

Many real-world tasks (e.g. robotics) require image data with 3D 
annotations.

81
[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]



3D Annotations are Difficult

car

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



Accurate Label Acquisition is Expensive

What’s the camera viewpoint angles
to the SUV in the image?

Task:
3D Viewpoint Estimation

azimuth

elevation

in-plane rotation

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



PASCAL3D+ dataset [Xiang et al.]

Accurate Label Acquisition is Expensive

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



PASCAL3D+ dataset [Xiang et al.]

Accurate Label Acquisition is Expensive

Step2:
Coarse Viewpoint
Labeling

Step3:
Label keypoints
For alignment

Step1:
Choose similar 
model

Annotation takes
~1 min per object

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



Key Idea: Render for CNN

Rendering

Viewpoint

Synthetic Images

Training

ShapeNet

Leverage ShapeNet annotations
to generate large-scale synthetic dataset

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]

Viewpoint

Real Images

Testing



A “Data Engineering” Journey

ConvNet:
Ah ha, I know!
Viewpoint is just
the brightness
pattern!

47% on real test set 
95% on synthetic val set

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



A “Data Engineering” Journey

ConvNet:
Ah ha, I know!
Viewpoint is just
the brightness
pattern!

47% on real test set 
95% on synthetic val set

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



47% -> 74%

A “Data Engineering” Journey

Randomize
lighting

ConvNet: hmm.. viewpoint is not the brightness
pattern. Maybe it’s the contour?

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



47% -> 74%

A “Data Engineering” Journey

Randomize
lighting

ConvNet: hmm.. viewpoint is not the brightness
pattern. Maybe it’s the contour?

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



A “Data Engineering” Journey

74% -> 86%

Add 
backgrounds

ConvNet: It becomes really hard! Let me look
more into the picture.

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



A “Data Engineering” Journey

bbox crop
texture

86% -> 93%

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



A “Data Engineering” Journey

bbox crop
texture

86% -> 93%

Key Lesson: Don’t give CNN a chance to “cheat” - it’s very good
at it. When there is no way to cheat, true learning starts.

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



3D Viewpoint Estimation Evaluation

Metric: viewpoint accuracy and median angle error (lower the better)

Real test images from PASCAL3D+ dataset

Our model trained on rendered images outperforms state-of-the-art model trained on 
real images in PASCAL3D+.
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[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]



3D Viewpoint Estimation



Interactive 3D Simulation

Many tasks require interaction with objects and dense annotations.

Static, task-specific
Interactive simulation

[H. Su, C. Qi, Y. Li, and L. Guibas, Render for CNN, ICCV 2015]

[F. Xiang et al., SAPIEN: A SimulAted Part-based Interactive 
ENvironment, CVPR 2020]



Interactive 3D Simulation

[F. Xiang et al., SAPIEN: A SimulAted Part-based Interactive ENvironment, CVPR 2020]



Data for Many Tasks

Simulation provides data for both vision and interaction tasks.

Movable Part 
Segmentation

[F. Xiang et al., SAPIEN: A SimulAted Part-based Interactive ENvironment, CVPR 2020]

Motion Attributes 
Estimation Robotic Interaction



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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Observations — Abundant Shapes
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Observations

(+) Provides natural part segmentations.
(−) Inconsistent -- and often unlabeled.
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Car

Wheel

Door

Body

Trunk Window

Roof Floor

Steering
Wheel Dashboard

BumperHeadlight Hood Mirror

Wiper

Tire

Rim
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An Application of Horizontal Networks

Input

Output:
Hierarchical Segmentation & 

Part Labeling

[Yi et al., Learning Hierarchical Shape Segmentation and Labeling from Online Repositories, SIGGRAPH 2017]

• Learning hierarchical shape segmentation and labeling in a weakly supervised 
manner from online repositories

• Based on “horizontal” information diffusion



Common Structures in Object Graphs

The wisdom of the collection
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Challenges - Heterogeneous Data

Different Parts, Different Hierarchy, Sparse Tagging

~2% of parts are tagged
105



Train a Network that Can Segment and Label

Car

Body

Cluster76

Door

Wheel

Rim

Tire

Cluster71

Cluster72SteeringWheel
Trunk

Dashboard

Window

Headlight

Hood

Mirror

Roof
Floor Wiper

Cluster30
Cluster41

Bumper

Segmentation Model
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New model



Approach Overview

Training Stage

Segmentation 
LearningPart Analysis
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Approach Overview

Training Stage

Segmentation 
LearningPart Analysis
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Part Analysis

Car

Car
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Wheel Wheel

Wheel
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Car

SpoilerRightWheel

WheelWheel

Input
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Part Analysis

Car
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Wheel Wheel
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…

Car
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Input

car

wheel
wheel

Output
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Part Analysis
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Part Analysis
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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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EM Algorithm: Objective Function

CarWheel

Wheel

Car

Structure

Dissimilarity

Similarity

Clustering
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Optimize:
• Embedding network
• Cluster membership and centers
• Hierarchy (soft adjacency matrix) 



Part Analysis

CarWheel

Wheel

Car

Car

Wheel
Cluster1

Cluster2

Outputs
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Sample Clusters
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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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• infer hierarchy,
• handle incomplete training segmentations,
• handle disconnected surfaces

Learning Hierarchical Mesh Segmentation

Learned classifier that predicts label 
confidence from geometry

Encodes label structures – adjacent 
components should have same label

124

A similar MRF formulation as Kalogerakis et al. 2010



Segmentation Output

Car

Body

Cluster76

Door

Wheel

Rim

Tire

Cluster71

Cluster72SteeringWheel
Trunk

Dashboard

Window

Headlight

Hood

Mirror

Roof
Floor Wiper

Cluster30
Cluster41

Bumper

Hierarchical Surface 
Segmentation Model
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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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Additional 3D Datasets
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ABC: with Parametrized Curves and Surfaces

https://deep-geometry.github.io/abc-dataset/ Sebastian et al., “ABC: A Big CAD Model Dataset For 
Geometric Deep Learning”, CVPR 2019

Synthetic, 3D CAD Models
> 1M Models
mostly, Mechanical Parts

with Explicitly Parametrized 
Curves and Surfaces

Normal Estimation
Surface Parametrization

https://deep-geometry.github.io/abc-dataset/
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AutoDesk Fusion 360 Gallery Dataset

https://github.com/AutodeskAILab/Fusion360GalleryDataset
Willis et al., “Fusion 360 Gallery: A Dataset and Environment for Programmatic CAD 
Construction from Human Design Sequences”, ACM Transactions on Graphics (TOG)

Synthetic, 3D CAD Models
~ 20K Designs

Sketch + Extrude
B-representation

Reconstruction Dataset
Segmentation Dataset
Assembly Dataset

https://github.com/AutodeskAILab/Fusion360GalleryDataset
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CO3D: Common Objects in 3D

https://github.com/facebookresearch/co3d Reizenstein et al., “Common Objects in 3D: Large-Scale Learning 
and Evaluation of Real-life 3D Category Reconstruction”, ICCV 2021

Real-world 3D Shape Scans
1.5M Multi-view Images
19K Objects, 50 Categories

Novel View Synthesis
3D Reconstruction

https://github.com/facebookresearch/co3d
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3D-Front: Large-scale Synthetic 3D Scenes

https://tianchi.aliyun.com/specials/promotion/alibaba-3d-scene-dataset Fu et al., “3D-FRONT: 3D Furnished Rooms 
with layOuts and semaNTics”, ICCV 2021

Synthetic, 3D CAD Models
from Professional Designers

18,797 Rooms
7,302 Furniture Objects

Indoor Scene Synthesis
Texture Synthesis

https://tianchi.aliyun.com/specials/promotion/alibaba-3d-scene-dataset
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ScanNet: Large-scale Real-world 3D Scene Scans

http://www.scan-net.org/ Dai et al., “ScanNet: Richly-annotated 3D 
Reconstructions of Indoor Scenes”, CVPR 2017

Real 3D Scene Scans
RGB-D Videos with 2.5M Views
1,500 3D Real Scene Scans

Semantic/Instance Segmentation
Object Detection/Classification
Scene Completion/
Reconstruction / Generation

http://www.scan-net.org/
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Matterport3D and HM-3D: Larger and Largest

https://niessner.github.io/Matterport/
Chang et al., “Matterport3D: Learning from RGB-D 
Data in Indoor Environments”, 3DV 2017

https://aihabitat.org/datasets/hm3d/

Ramakrishnan et al., “Habitat-Matterport 3D Dataset HM3D: 1000 Large-
scale 3D Environments for Embodied AI”, NeurIPS (dataset) 2021

194,400 RGB-D Images
90 Building-scale Real Scans

1,000 Building-scale Real 
Scans (the Largest until now)

https://niessner.github.io/Matterport/
https://aihabitat.org/datasets/hm3d/
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http://www.cvlibs.net/datasets/kitti/
Geiger et al., “Are we ready for Autonomous Driving? 
The KITTI Vision Benchmark Suite”, CVPR 2012

https://www.nuscenes.org/

Caesar et al., “nuScenes: A multimodal dataset 
for autonomous driving”, CVPR 2020

389 Images
200K Object Annotations

1,000 Scenes
23 Classes and 8 Attributes

Kitti and nuScenes: Outdoor Road Scenes for AV

http://www.cvlibs.net/datasets/kitti/
https://www.nuscenes.org/


136

BuildingNet: Large-scale 3D Building Models

https://buildingnet.org/ Selvaraju et al., “BuildingNet: Learning to 
Label 3D Buildings”, ICCV 2021

Synthetic, 3D CAD Models
292K Parts, 2K Buildings
E.g. houses, churches, 

skyscrapers, town halls, libraries, 
and castles

Part Annotations
e.g. roof, chimney, wall, lamp

Edge Annotations
e.g. proximity, support, 

containment

https://buildingnet.org/
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HoliCity: A City-scale 3D Dataset

https://holicity.io/ Zhou et al., “HoliCity: A City-Scale Data 
Platform for Learning Holistic 3D Structures"

Real-world Scenes in London
Aligned with 3D CAD Models
13312 x 6656 m^2

3D Structural Annotations
e.g. planes, corners, lines

Semantic Segmentation

Support the study of city-
scale 3D tasks

https://holicity.io/
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SensatUrban: An Urban-Scale Dataset

https://github.com/QingyongHu/SensatUrban Hu and Yang et al., “Towards Semantic Segmentation of Urban-Scale 3D 
Point Clouds: A Dataset, Benchmarks and Challenges”, CVPR 2021

3D Real-world Scans
6 km ^ 2 City Landscape

13 Semantic Classes
e.g. ground, vegetation, car

Support the study of urban-
scale 3D tasks

https://github.com/QingyongHu/SensatUrban


From semantic networks to visual or geometric data networks
WordNet, ImageNet, and ShapeNet

Approaches for annotation acquisition
Difficulty of 3D labels

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

Summary
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That’s All
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