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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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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



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



Examples of Semantic Net

Semantic Net in Lisp

(defun *database* ()
"((canary (is-a bird)
(color yellow)
(size small))
(penguin (is-a bird)
(movement swim))
(bird (is-a vertebrate)
(has-part wings)
(reproduction egg-laying))))

Graph representation

Vertebra > Fur
Animal «= s an >\am4 Bear
is
IS an
Whale

Fish lives in Water

Ain
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Examples of Semantic Net:
WordNet

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

dog, domestic dog, Canis familiaris
=> canine, canid
=> carnivore
=> placental, placental mammal, eutherian, eutherian mammal
=> mammal
=> vertebrate, craniate
=> chordate

=> animal, animate being, beast, brute, creature, fauna
=> . " »

G. A. Miller, R. Beckwith, C. D. Fellbaum, D. Gross, K. Miller. 1990.
WordNet: An online lexical database. Int. J. Lexicograph. 1



Examples of Semantic Net:

\WordNet

& Important relations between synsets

(nouns):

Relation Definition Example
Hypernym | From concepts to superordinates | water' —liquid
Hyponym | From concepts to subtypes water' —seawater
Has-Part From groups to their members water' — oxygen
Part-of From members to their groups water' —ice

Antonym

Opposites

leader— follower

12



Taxonomy: is-a Relationship

article
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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)

 S:(n) chair (a seat for one person, with a support for the back)
& Exemplars from sensor data

& images (ImageNet)

& 3D shapes (ShapeNet)

& videos
15



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

16



http://www.image-net.org
I M i.b G E N E T 14,197,122 images, 21841 synsets indexed

Explore Download Challenges Publications CoolStuff About

NOt iI0g0ed n. Login | Sgnup

ImageNet is an image database organized according to the WordNet hierarchy (currently only the nouns),

in which each node of the hierarchy is depicted by hundreds and thousands of images. Currently we have
an average of over five hundred images per node. We hope ImageNet will become a useful resource for
researchers, educators, students and all of you who share our passion for pictures.

Click here to learn more about ImageNet, Click here to join the ImageNet mailing list.

C

TR

J mmm
What do these images have in common? Find out!

Check out the ImageNet Challenge 2015

D 2014 Stanford Vision Lab, Stanford University, Princeton University support@image-net.org  Copyright infringement

Li Fei-Fei, Jia Deng, Hao Su, etc
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IMAGENET is a knowledge ontology

 Taxonomy (with WordNet backbone)
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mammal —- placental — carnivore canine —-workingdog —— husky

® S () Edamo dog, busky (breed of heavy-coated Ascae sed dog)
© direcr ypernm  imherited kypermym ' susrer rerm
® S (n) workng dog (any of several beeeds of usually large powerfid dogs bred to work as draft animals and guard and pade dogs)
* S (n) dog. domesnc dog. Canis famlans (2 member of e genus Canis (probably descended from the common wolf) that has been domesticated by man since prehistoric Smes; ocowrs i many
breeds) “the dog barked all might™
® S (n) casne, casd (amy of various Sssped masmsnaly with noeyetractie claws and typacally kag sxurzles)
® S (n) camsvere (& tesvestrial or aguatie flesh-eating samenal) “Terrestrial carmvores have four or five clawed digies on each limd™
® S (2) placental placental sassenal cutherian, cutherian marenal (marrssals having a placenta all sesnals cxcept monotremes and marsupaals)
e S (n) mameal massmalan (any warm blooded vertebeate hanving the skin more of less covered with har, young are boen alive except for the small subclass of
monotremes and nounshed wih mik)
® S (n) vertebrage, cramsne (anmmals having a boay or carslagmous skoeleton with a sepmented spmal colame and a large bram enclosed o a shoall or crameam)
® 5 () chordate (amy anmmal of the phykan Chordiata hanving 2 notochord or spmal coksmn)
® 5 (n) mmmal smnate bemg, boast, brute, Greatire, fmna (a Iving crpasines charactermied by vobstary movement)
® 5 (n) crpmsun, bemg (2 bving Smg e has (or can develop) the abdity 1o act or fmcton mdependently)
® S (2) g thag, sssnate thng (a Bving (or cace bvng) catity)
e S (n) whole, uakt (an assemsblage of parts that is regarded as a sngle entty) "how by is that part compared to the

whole? ", "the team is @ wwt™
* S (n) gbiect, phvaical obsrct (a tangible and visible cotity, an cntity $hat can cast a shadow) "¢ was fill of rackess

. . . . . balls and other oljects™

Slide Credit: Li Fei-Fei © 5 o)l s (an conts that b bl cxtence) 18

® S (n) cotity (e which is perceived or known or afferred 1o have #5 own Esinct cxntence (Bving or

noalneg))




IMAGENET is a knowledge ontology

* Taxonomy
* Partonomy

oew mae ascmciis madec mowros 4 o vefindie vl fow wherh el gropelind by an servaed conduntion Tager N sl @ 0or W pet bo et T

[ S SEST 2384
PO v -
R T T T T NI T T ey ye————r-
B R i T e Tl e R S
PO TS T S per— - mboantdr
At b cadee Do cagar Ou geogeh i mbianbds
o) mmemnehde oy oo hevn memr Bown bemn hewner (8 Arvice on n mtemschde b mling & Sy S
Indle ek o el e deve s Bl rodu s dush e b o sapat)
T (0 e o Ser conming of b @ ooy ond of 8 vriee o et dech md prevar oo dasagr
L Do Db Soww of 4 0
SN Cn e B B Ahvwr of 8 0N CM
.-

Ol tpeaw

"N

o=
wlm vy s veadiw oo im

adc. v (0 by Bt spvoundh e wherh of & veiscde o Mk whadey sary or sl “w B e oot ¢ fonder g wing”

R B N e r 0 el Barwind gow v 0 B e Don of & sotor e el M BT 8 L g
Soxtoms e Soar of m wmomobd )

D I e T L e L e I A L e

DR R B R e ]

iz cadea ofic pavg b adots g @ v om ) relee)

BE g D O Srwwd e WD 8 el 0 Bt P B Pamed velate WOl fr 4 Phes sagee pead)

T St ewl e ling GTERR IS g (AT of & Wt [ B v Ty e R ST Y e TET weeer fAe haor of e

o lmg v arier le reper e plave s enpie

B

TS dd e aaTs

® 3 0 e comsermanat. ancmctis mad. Dk (compamon b m aromctde S e gpaer o dappig o okl e e B gl Moy = e ek
*3 ot vl Lim wmdw B dous v oul of e bk of B o

. ve e O ey by winch e mton of & machew cm S srvened

O 5l vl (e covermg on b of & weer sotacde |

L wamg omd (8 ammvow Sobomd vy a0 o doy boah S Sos of o b

*3 bl b @0 v D (0 wpd movd b bevwons e Bowr sagemsons and berenms S srm sepemsom of (e el rwco, s e sbdier B
*3 e of sl cof Ve aiomatee couf Mevig & Galeg v caniile paart) L dow coif 5o B v N sy’

® 5 i e e B Cone of 5 pew of decommins progecng shave the s Sendery of . mtwoide

O 5wt o B (e ded s e et rnand vee e b e s o 0 st vl ) Uy Al 1 iy e et o B e

. padiy (4 vampaont oposay & & vrhede e dlow v out of B e o bk sl & Capeble of bosy spesed)

Slide Credit: Li Fei-Fei

19



Limitations of ImageNet

(From Knowledge Representation Perspective)

#Captures only shallow information in images

Object name, bounding box location

#Geometric and physical knowledge of objects is missing
(e.g. ShapeNet)

#Relationships among objects are missing (e.g.
VisualGenome) 20



Geometry and Physical Knowledge
of Objects are Important

2]



3D Models are Digital Representations
Closest to the Physical Form of Objects

& Shapes as polygonal meshes

22



Knowledge as Properties
Attached to 3D Shapes

23



Unified Knowledge
Representation in 3D

Symmetry
% ™ Swivel chair '
— =
—
Q ﬁ
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Unified Knowledge
Representation in 3D

s t Part
ymmetry decomposition

25



Unified Knowledge
Representation in 3D

S ¢ Part
ymmetry decomposition

1 Affordance

Back Suggont
Affordance Heatmap
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Unified Knowledge
Representation in 3D
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ShapeNet: A Large-scale 3D
Model Database
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~3 million models in total ~2,000 classes Rich annotations
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shareRRerT Search Q  Options ~ About Download Stats Publications

airplane aeroplane plane
an aircraft that has a fixed wing and is powered by propellers or jets; ‘the flight was delayed due to trouble with the arplane’
imageNet MetaData
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Where is in ShapeNet currently?

& ShapeNetCore

& 51,300 textured 3D models classified
iInto 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

30



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

31



How could these Annotations be Acquired?

32



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

33
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Manually Annotate Everything?

Input
<~ Shape Collection >

o S Py
| want ( ) \
__Confirmed >

/l

N~

Output
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Manually Annotate Everything?

Time consuming

SAPERET

"yobi 3D

© TursosguUID

e Millions of 3D models
e (Constantly evolving

36



Manually Annotate Everything?

Time consuming Low efficiency
SsHaAaPEmMET
" YObLi 3D
@WR@UB'

e Millions of 3D models e 3D annotation
e (Constantly evolving takes lots of time
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Manually Annotate Everything?

Not satisfactory

Time consuming Low efficiency
accuracy
Airplane tail
S aAarPelRET
P&~
o 25 2
@WR@UB' o o

e Millions of 3D models e 3D annotation e Semantic ambiquit
e (Constantly evolving takes lots of time guiy
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Algorithm Prediction?

Input
<~ Shape Collection >

. Py
| want ( ) \
__Confirmed >

/l

N~

Output
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Algorithm Prediction?

Not reliable

- Large variation
- Different levels of semantic

knowledge are needed
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Accuracy

ManuallAnnotation

Algorithm Prediction

Efficiency

(
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Accuracy

RN | f S

ManuallAnnotation

w
Algorithm Prediction

Efficiency

(
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A Hybrid Approach

—

feature-based
- alignment-based

Label Propagate  Verify
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A Hybrid Approach

Label

- —
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----- » feature-based
«---» alignment-based

Propagate

Verify
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A Hybrid Approach

Label

- feature-based
«---» alignment-based

Propagate

Verify

46



47

-
]
27
4
wdh

at the

them. Images with back but
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A Hybrid Approach

Manual Manual
Annotation Verification

Algorithmic

Labeling Loop Propagation
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A Hybrid Approach

Manual Manual
Annotation Verification

Algorithmic
Propagation

Labeling Loop

& Categorization, rigid alignment, part and
key points annotations, weight and size
annotations 49



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

50



“Vertical” networks

Convolution Fully connected
- . 3 |
- 4 : '-‘: ]
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v \ ' J (" f",‘;‘ '
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| : 1 ’
- f - |" “'.'l{ -
A ]
.
- . { :
- ! : J
LO (Input) L1 L2 L3 L4
S512x512 256x256 128x128 64x64 32x32 (Output)

[Makwana, 2016]

Data-driven feature learning at ascending
abstraction layers

[Lee et al., 2009]
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What's missing?

& The structural relationship among different
objects are not well exploited

& Correspondences allow information
propagation




Why are Relationships
Important?

& Consistency resolves ambiguities
& Structures emerge from consistency

/i!
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Horizontal Networks

& Explicitly model the structural relationships

o

among data
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Applications of Horizontal
Networks

& A scalable active framework for part
annotation in ShapeNet

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

57



Applications of Horizontal
Networks

& A scalable active framework for part
annotation in ShapeNet

& Learning hierarchical shape segmentation
and labeling in a weakly supervised manner
from online repositories
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A Hybrid Part Annotation
Approach

feature-based
- alignment-based

Label Propagate  Verify
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A Hybrid Part Annotation
Approach

Accuracy

e K. Ours

Manuall Annotation

w

Algorithm Prediction

Efficiency
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Utility Function

#(ACCURATE labeling)

Utility Function:
worker time
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Utility function

H(ACCURATE labeling)
Utility Function; ——y ————

worker time

[

Two Foci:
Accuracy & Efficiency
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Pipeline

Input

hape Collecti
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Pipeline

Input
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Label Propagation

E(f) =) wp+ D Mte(pr,p2)+ Y Xoth(pr,p2)

pES P1.,p2€SXS pP1,p2€S
correspondence
constraint

data term smoothness constraint

Embedded Training Samples

Huang et al. 2013 66



Pipeline
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Pipeline
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Label Propagation
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Label Propagation

Optimization |
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Label Propagation

Optimization |

\

, feature based

/_7 -+ alignment- basgr\

Input Annotation Interfac Verification Interfac

hape Collecti 1 = onfirmed
- - - i i’i —_ ,
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How to issue Annotation and Verification tasks

to optimize the Utility Function
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Label Propagation
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Optimization

Label region:

#(ACCURATE labeling)
Utility Function:
worker time

. Confrmed
28 || (=8
| ,,. ™ | OWPU'

( worker time )
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Optimization

Verification intert: Algorithm Behavior

— = firmed
L i i’i - 3 ”:i
~ ™ |

Label region:

\’X C# accurate Iabelmg))
#(ACCURATE labeling)

Y B I G O T e ( worker time )
worker time
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Manual Annotation

Our
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Results

motorbike (336)

airplane (4027) earphone (73) cap (56)

S

wings body
tail engine

~30,000 shapes
handle  body hand ~90,000 partS

guitar (793) knife

body h

head ) ‘

neck ‘% bl
chair (6742) pistol (307)

car (/496
handle / y.
ba_lrrel
trigger wheels

roof hood




wheel roof | hood
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handle  barrel [itrigger

airplanes

4
{0 {
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Take-Home Message

& 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
sSuccess

84



Applications of Horizontal
Networks

& A scalable active framework for part
annotation in ShapeNet

& Learning hierarchical shape segmentation
and labeling in a weakly supervised manner
from online repositories
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Problem Definition

g

Car

Input
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Problem Definition

Parts
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Problem Definition

Steering -
Wheel Trunk Das rd Window

Roof |Floo Wiper

~.

Body He'f\dligh#) od- Mir ro'&um&?
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Problem Definition

@ @' \\ ' ¢ .‘o Tire Parts
@ @ 2,5 Rim Labels
Wheel @0 -
ee Hierarchy

OV -

Car Door

&eeging - ‘?\

Wheel Trunk Das rd Window

Input .
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Problem Definition

Tire
25 Rim
Output:
Hierarchical Segmentation
& Part Labeling

ﬁeeging - ‘?\

Wheel Trunk Das rd Window
Roof |Floo Wiper

~.

HLe.’f‘ dli gh#md Mi!ro:f,"'“@
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How to Define Parts?

& Previously expert defined, flat and coarse

Py \

& Knowledge could emerge from horizontal
collection wise analysis
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istill Knowledge from
Object Graphs
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Common Structures in Object
Graphs
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Challenges - Heterogeneous Data

Different Parts
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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
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Approach Overview

Training Stage

Inference Stage
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Approach Overview

) Segmentation
Part Analysis )
Learning

Training Stage
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Approach Overview
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SteeringWheel Cluster72

Inference Stage
103



Approach Overview

Segmentation
Learning

Training Stage
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Part Analysis

Output
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Label Propagation through Part
Correspondences
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Key ldea — Semi-Supervised

Clustering
part geometry feature
t
y = f(x)

part embedding
cluster centroid

clustering: min. Il ¢; - #(x) |l
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Key ldea — Semi-Supervised
Clustering

part geometry feature | e 1 W B 18

feature | g—p—p—g——owo " ™
‘ " : : &
BfcOMfcO M2 concat lfc4lfc5:fc6l
— -F e FETERTER R
y — (X) B ® & @ @ : =
feature n:fﬁ:fb—%:fiéz’/”: : .
_ E 5 N & .« =
part embedding
cluster centroid
clustering: min; |l ¢; - f(x) [| /| Supervision: sparse tags,

inconsistent hierarchies
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Key idea — Semi-Supervised
Clustering
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Objective Function

El,p,c, M) =AE.+ M sEs + \gFEqg + Ay By — H

c.f. Basu et al. KDD 2004
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Objective Function

El,p,c, M) =AE.+ M sEs + \gFEqg + Ay By — H
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Objective Function

El,p,c, M) =AE.+ M sEs + \gFEqg+ Ay By — H

Wheel QCar
-— 0O

Embedding parameter
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Objective Function

El,p,c, M) =AFE.+ M sEs + \gFEqg+ Ay By — H

Wheel OCa
O "‘\,‘5 D
L) o

4 Clusterlng labels
0
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Objective Function

El,p,c, M) =AE.+ s Es + \gFEqg + Ao By — H

Wheel O Car
O "‘\,‘5 D

L)) 9

4 Clustering centroids
" .
0
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Objective Function
El,p,c, M) =AE.+ M sEs + \gFEqg + Ay By — H

Soft hierarchy graph
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Objective Function

Clusterin
El,p,c, M) = A\E.+ s Es + \gFEqg + Ay By — H
Whgl ‘&\?‘;arn
", Clustering term:
o Encourage parts to
%0 form clusters

Wheel O
o ﬂ O
‘ y
9 c® ..\’A
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Objective Function

Clusterin

El,p,c, M) = A\E.+ s Es + \gFEqg + Ay By — H

Wheel

( \‘sCar
o ®

" Clustering term:
o Encourage parts to
form clusters

Wheelﬂ‘:>
@) / O
o W
(]}
o™
.. ‘th
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Objective Function

Clusterin

El,p,c, M) = A\E.+ s Es + \gFEqg + Ay By — H

Wheel \.Qfar E. = Y Y Ppart,centroid || f (Part) — centroid||

»® o . parts centroids
N

| "‘\ Clustering term:
5 *OC‘“ Encourage parts to
AR ! form clusters
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Objective Function

Clustering Similarity

El,p,c, M) =AE.+ s Es|+ NgFEqg + An By — H

Wheel O

L) s
L)) .
[O)) 9
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- \ ° ° °
W Similarity term:
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*O G ts with
roup parts wi
O 4
°%s \’? —> O the same tag or
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‘ y
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Objective Function

Clustering Similarity

El,p,c, M) =AE.+ s Es|+ NgFEqg + An By — H

Similarity term:
Group parts with
the same tag or
geometry
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Objective Function

Clustering Similarity

El,p,c, M) =AE.+ s Es|+ NgFEqg + An By — H

Wheel Ocar E, = y: y: | f(part 1) — f(part 2)]] iff almost identical

or tags are the same

part 1 part 2
Similarity term:

@ Group parts with
% the same tag or
geometry
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Objective Function

Clustering Similarity Dissimilarity

El,p,c, M) =AE.+ s Es + NgEg|+ Ao By — H

Wheel O

L)) ® &

- -

- & o« e .I .
N Dissimilarity term:

,&)
*O S t t
eparate parts
O 4
\"? —> O which should not
e have the same label

Wheel O
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Objective Function

Clustering Similarity Dissimilarity

El,p,c, M) =AE.+ s Es + NgEg|+ Ao By — H

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

Clustering Similarity Dissimilarity Structure

El,p,c, M) =AE.+ s Es + \gFEq + Ao By — H

Wheel OCar
O &> o

. Structure term:
Encourage cluster
= labels to follow

overall parent child
relationship
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Objective Function

Clustering Similarity Dissimilarity Structure

El,p,c, M) =AE.+ s Es + \gFEq + Ao By — H

Wheel

( \‘sCar

"“ Structure term:
@ Encourage cluster
/ ‘ % labels to follow
overall parent child
relationship
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Optimizing the Objective

Clustering Similarity Dissimilarity Structure

El,p,c, M) =AE.+ M sEs + \gFEqg + Ay By — H

SEM optimization:
E step: optimize for p
M step: SGD optimize for 6,¢c,M
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Outputs
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Outputs
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Sample Clusters
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Sample Labeling
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Sample Labeling

. €61c35
regmli/ tire

3
cb S

61 d N7 ) c42
‘¢77

c75
eadlight

\

c75

headlight headligh

: ca \
c63 "k\\\\ g cb6 c77 headlight

"3 mirror
a mirror

headlight ¢
wi

133



Sample Labeling
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anonical Higgarchy
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Approach Overview

Part Analysis -

Training Stage
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Learning Hierarchical Mesh
Segmentation
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Results
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Results

c9

exhaust A engine
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Take-Home Message

& 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”
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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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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)
. oz 142



