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Last Time:
Visual Datasets




DataSets

+ Relate geometry and topology to data semantics

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




What 1s WordNet?

Organizes over EStab.hSheS
150,000 words Ont0108}cal and
into 117,000 lexical
categories relationships in
_ called synsets. NLP andkrelated
Miller, et al tasks.
1990] cited
over 5,000

times



Taxonomy: is-a Relationship

objact
artifact
inﬁtmmé.l-':ltalil‘j' E;-I.‘.tif-:lE!
conveyance, transport x-.;-au.e
vahicle tahla ware
wheealed vehicle cuthery, ;;Ung utensil
aumrrrc_:ti\rfg.-;;mr ;I;'E-!_ bicycle fﬂrk

car, auto, ... truck




IMAGENET is a knowledge ontology

* Taxonomy (with WordNet backbone)

LIS BTN RREN CEE o We i EI™E
B 4% WEP Zar PEu ML AW AT
BEYE Pl R QM WS - SR FaEiE

mammal —— placental —— carnivore canine ——-workingdog —— husky

* 5:(n) Eslomo dog, busky (breed of heavy-coated Arctic sled dog)
o gdirect lvpermm { inherited lvpermym | sister term
* & (n) working dog (any of several breeds of wsnally large powerful dogs bred to work as draft ansmals and guard and guide dogs)
* 5 (n) dog, domestic dog, Canis famsians (a member of the genus Cans (probably descended from the common wolf) that has been domesticated by man since prehistonic times, ocours in many
breeds) "the dog barked all nighs"'
® 5 (n) canine, carmd (any of various Bisiped mammals with norretractile claws and typically long muzrles)
® 5 (n) carnivore (a terrestrial or aquatic flech-eatng masvemal) “rerresirial earrivores have four ar five clowed digits on sach limb ™
® & (n) placental placentsl maseal, sotherian, eothesian manunal (mamemals having a placesta; all marmemals sxcept monotremes and marsupdals)
* 5 (n) mammal, mammalian (amy wanm-blooded vertebrate having the skin more or bess covered with hair; young are born ale except for the small subclass of
monctremes and nourished with milk)
* 5 (n) vericbrate, crangate (ammals having a bony or cartlaginous skeleton with a segmented spinal column and a large brain enclosed in a skull or crannam)
* 5 (n) chordate (any animal of the phylam Chordata having a notochord or spinal cohzmn)
# 5 (n) armmal, animate being, beast, brute, creahme, fiuma (a bving crganssm characterized by vohntary movement)
® 5 (n) organism being (a bving thing that has (or can develop) the abdity to act or fimetion Ddependently’)
® 5 (n) ving thing, snimate thing (a iving (or once bving) entity)
® 5 (n) whole, unit (an assemblage of parts that is regarded as a single entity) “how big 5 that paet compared fo the
whale? ' "the feam is a wwmit™

Slide Credit: Fei-Fei Li, Jia Deng . i:;}n st phsicaoict o angble il oty an oyt can st hado) i v ol o ekt
s and other abjects "

* 5 (n) physical sntity (an entity that has physical existence)
® 5 i(n) entity (that which is percetved or knovwn or mfered to have s own distinet existence (ving or
nonlving))



ImageNet Challenge Tasks

Steel drum

Classification

Classification + Localization

Objects: 1000 classes
Training:  1.2M images
Validation: 50K images

Test: 100K images Person

Helmet

Object Detection

Objects: 200 classes

Training: 450K images, 470K bounding boxes

Validation: 20K images, all bounding boxes

Test: 40K images, all bounding boxes 7



3D Opportunities: Encoding Knowledge

Among all digital representations we have of a real artifact, 3D is the most faithful
to the actual physical object 8



ShapeNet (>3|V| I\/Iodels) https://www.shapenet.org/

Q  Options ~

chair

a seat for one person, with a support for the back; 'ne put his coat over the back of the chair and sat down'
mageNet MetaData

Stanford:
Leonidas Guibas
Choose a taxonomy: Synset models Pat Hanrahan
ShapeNetCore A

Displaying 1 to 40 of 7080 Silvio Savarese
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- basket,handbasket(2,140) é J H { ’ I ‘
cantilever

""" bathtub.bathing tub.bath.tub(0.932) club chair chair armchair  straight chair straight chair club chair  deckchair  rex chair
ed(13.353)

- airplane_aeroplane.plane(12.4501)
------ agquarium.fish tank.marine museum(0.4)
------ ashcan.trash can,garbage can,wastebin.ash bi ||

~-bag,traveling bag,travelling bag.grip,suitcase(

-bench(5,1953) '
------ birdhouse(0,79) ; Princeton:
------ boat(12,1635

(12,1635) Tom Funkhouser
------ bookshelf(0,495) buttery ) ) )
“.bottle(6,550) straight chair  clubchair  club chair  swivel chair chair: armchair armchair  club chair J|anx|ong Xiao

~-bowl(1,234)

us,autobus coach charabanc.double-decker | &G
abinet(9,1644)
amera,photographic camerai4,134)

cantilever

i--can.tin tin can(2,108) recliner chair swivel chair  swivel chair  armchair  folding chair rocking chair  club chair
ap(4.81)

ar,auto,automaobile, machine, motorcar(18,244 @
~-cellular telephone.cellular phone,cellphone. cell d . w ﬂ ﬁ ? £ 7~
--chair(23,7083) .
. < . UT Austin:

4

Qixing Huang 9



Object Knowledge: ShapeNet

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

Link to WordNet Taxonomy AIignment+Symmetry Part Hierarchy Part Correspondences

rinageNe?] r Swivel chair

Dim: 50 x 45 x 5 cm
Material: foam, fabric

Backrest
Mass: 5 Kg
Function: support

J—E
i/

9’
L. |
Base
W T / Wheel .
10

escesssssccnna,,
=
-
e

r WordNet synset

Swivel chair: a chair that swivels

on its base

Hypernyms: chair > seat > furniture > ...

Part meronyms: backrest, seat, base
":'Sister terms: armchair, barber chair, ...




Model Part Annotation

[Li Yi et al., A Scalable Active

. . 'Label P ti
Framework for Region Annotation (;eceG) ropagation
in 3D Shape Collections, . " Transport
feature-based
VVVVVVV alignment-based
Input Annotation Interface Verification Interface|
(Sec 5.1) (Sec5.2)
Shape Collectio ; < Confirmed >
- Output
| want . .
( ) Label region: Verify labeling:

user-paint region \—/
Unconfirmed >

erase all select tool:
annotations brush or eraser

P .
Part does not exist Part exists, but not visible

A0 de &

“
-
indicate if image o %’
&
&

cannot be labeled -
2D annotations B @ 11
N ™ £ £
switch between shapes g & a &



Crowdsourcing and Algorithmic Propagation

Label Propagation
(Sgc 6)

- el

| &~ M=
>

» feature-based
«-- alignment-based

Input Annotation Interface Verification Interface
(Sec 5.1) (Sec5.2)
hape Collection < Confirmed
B
¥ Output
| want ( ) h )
Label region: Verify labeling:

erase all select tool:
annotations brush or eraser

Clear label seat

switch between shapes

indicate if image Joint learning between humans and algorithms

cannot be labeled

12



Crowdsourcing and Algorithmic Propagation

Label Propagation
(Sgc 6)

- el

| &~ M=
>

» feature-based
«-- alignment-based

Input Annotation Interface Verification Interface
(Sec 5.1) (Sec5.2)
hape Collection < Confirmed
B
¥ Output
| want ( ) h )
Label region: Verify labeling:

erase all select tool:
annotations brush or eraser

Clear label seat

switch between shapes

indicate if image Joint learning between humans and algorithms

cannot be labeled

13



Object Function / Interaction Knowledge

Vector Field to Histograms







Digitizing Human Physical Interactions and Manual Skills




PartNet: Fine-Grained Parts

Display Door

Clock Dlshwaéher Earphone

?
/|\
Keyboard Knife = Laptop Lamp Microwave Mug Refrigerator Chalr Scissors Table ~  TrashCan  Vase Bottle

+ 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

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. T



PartNet Data: Hierarchical Segmentation

+ Provides 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-Mobility: Annotate Part Motions (SAPIEN)

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.



Synthetic Data for ML

Leverage ShapeNet annotations
to generate large-scale synthetic dataset

Training

ShapeNet

Rendering

%;; in-plane rotation

elevation

>

Viewpoint RS

Testing

Convolutional Neural

azimuth

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

Synthetic Images

Network

Viewpoint [R5

Convolutional Neural

Network

Real Images




Exploit Scene Graphs of Models in the Wild

CAD data include scene graphs:
Part geometry + Hierarchical structure

Annotations

Parts

PGUP/PGDN: slice voxels
Shift+PGUP/PGDN: change plane
Part Typel ‘meshes %]

Group5/meshS/mesh5-geometry
Group6/mesh6/mesh6-geometry
|—Group7
----- Group10
[--Group11
Groupi2
Group_10_1/Group_10
----- Group_12_1/Group_12/mesh25/mesh25-geometry

Group_12_2/Group_12_1_2/mesh26/mesh26-geometry
----- Group_10_2/Group_10_1_2
Group_23_1/Group_23/mesh36/mesh38-geometry
Group_23_2/Group_23_1_2/mesh37/mesh37-geometry

Inconsistent and ulabeled

Images

20



An Application of Horizontal Networks

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

e Based on “horizontal” information diffusion

Output:
ﬁ% Hierarchical Segmentation &
; Y Part Labeling
ﬁtee[ing - ‘?»\
Wheel  Trunk DashBoard Window
Root ) Floor=ee Wiper
e . Hood  .Mirror '
Bod eadlight , & Bum@
y \H Entap- . il

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



Challenges - Heterogeneous Data

Different Parts, Different Hierarchy, Sparse Tagging

~2% of parts are tagged



bipod barrel

body c8 cl4 c25

bipod barrel

23



Today:
CCA & MDS

Canonical Correlation Analysis

Multi-dimensional Scaling




CCA: Shared Structure

ACross
Different Data Sets




Different Views of the Same Data

Cluster by camera similarity

Camera A

Feature Space

Cluster by content similarity

KCCA Common Subspace



Covariance and Correlation




Covariance and Correlation

e Pearson correlation coefficient between two random variables X, Y y i
X p—
X, Y E(X — T Y — mean
px,y =corr(X,Y) = cov(X,Y) _ ( fa ) ( fy )]
OX0y oxO0y

'¢
standard deviation

* Note that, by the Cauchy-Schwarz inequality

E[(X — pz)(Y — py))* < E[(X — pa)?]E[(Y — py)?]

SO

—1<pxy <1

28



Covariance and Correlation

* Correlation measures a linear association between X, Y s AR
cov(X.,Y
p=corr(X,Y) = (X, Y)
\/V&I‘(X)\/V&I‘(Y —— — -
* Note that, X, Y independent, then corr(X,Y) =
* but the opposite is not true
ICE CREAM
[U uniform in [0,21t], X = sin U, Y = cos U] Y %\
* High correlation not the same as causality "pn, e \

DRY, HOT AND SUNNY

SUMMER WEATHER “

SUNBURN

29



Empirical Correlation

* Empirical version, for n measurements x,, y, of Xand Y

(@i =2y — ) > i (zs — 2)(ys — 7))

T ns.sy VL@ - 02 (i - 9)°
rmy:Zx@-yi—nfgz nY Ty — YT Y. Y
NSy 8y vyt — (o x)2y/ndy oy — (O ui)?
* We’ll use centered versions, T=0,y=0 \/szfji 7
2 1
 <zy >

=yl 30



Canonical Correlations
for Two Sets of Variates




Canonical Correlations

* Canonical correlation analysis seeks a pair of linear transformations, one for each
of the sets of variables X, Y, such that when the set of variables is transformed,
the corresponding coordinates are maximally correlated.

Se = (T1,...,Ty)

S=(x1,y1),...,(Tn,Yn)) Sy = (Y1, Yn)

* Consider projections of Xand Y
r— < Wy, T >

Yy — <'wy,y>

* So we get Sew, = (K Wy, @1 >, < Wiy, To >, ..., < Wy, Ty >)

Sy,’wy (< Wy, Y1 >, < Wy, Y2 >y, < Wy Yn >)

32



15t Canonical Correlation

* We choose w,, w, to maximize the correlation between these two vectors

< S,w,,S,w, >
p=(p1 =) MaXy, w, COrr(SeWs, Syw,) = MaXy, w, i G led Mg

S:I:wm”HSywa
* Or, in empirical form, if we write E[f(z,vy)] Z F(x:, yi)

We can re-write the correlation expression as

El<wg,x>< wy,y >
VE[< we, @ >2E[< wy,y >2?]

P = MaXy, w,

33



Covariance Formulation

El< wg,x >< wy,y >]
VE[< wy, @ >2E[< wy,y >2?]

p = MaXey, w,

e Canre-write as
E[wga:yTwy]

\/E[w;{mmTwm]E[wgnywy]

P = MaXqy, w,

so that
w;{E[a:yT]’wy

\/wa[wa]wmng[ny]wy

P = MaXey, w,

If we now write

we get wgcmywy

34



Solution by Eigenanalysis

T
w;, Oa,y'wy

T T
\/wm CaaWzw, Cyyw,

* Note that the he expression

is invariant to re-scalings of w, or w,

* We can therefore solve the optimization problem
T
MaXe, w, Wi CpyWy

subject to the constraints

T _ T _
w, Cpew, =1 and w, Cyyw, = 1.

35



Lagrange Multipliers

Ay A
_(wgcw:cww —1) - _y(wgcyywy —1)

L\ w,,w,) = w§C$ywy -5 5

* Setting derivatives of L to O w.r.t. w,, w, we get (after some manipulation)

oL 0L
= UgyWy — )\mca:mwa: =0 = Lya Wy — )\yo’y’ywy =0

8wa: \ 8wy /

multiply by w,’,  multiply by w,"
subtract

R A T T T

_ T T
36



Lagrange Multipliers

Leading to Awl Cppw, = Angnywy and A, =\, (= A)

* Assuming C, is invertible, we can use the w, derivative constraint above to get

;uf = Cgywy — A\yCrzwy, =0
. : oL
* so now from the w, derivate constraint we get w, — Cvewr — M Cyywy =0
OL
xr

37



Eigenvalue Problem

* A generalized eigenvalue problem

CayChy Cyaws = N Crgw,

Ax = \Bx
e Can symmetrically also get

CyaCrq Caywy = N Cyyw,

1
ny CyaWy

A

* One can go back and forth between w, and w, w, =

38



Solving the Eigenvalue Problem

* If C,, is invertible, then can reduce to a standard symmetric eigenvalue problem

—1 —1 12
Copa Cyy O Oy, = N2,

* Numerically, all these inversions and multiplications lose precision

* Alternate approach:

* Cand C, are symmetric positive definite; use complete Cholesky decomposition — R,, lower

triangular so that -

T
* Can re-write C’wyC;?}Cwa;g Uy = N2 Rypptly

—1 —1 —T, 2

For more on the numerics, see the Weenik article

39



Centered Variables, CCA vs PCA

: : T
* For centered variates, the covariance Cgy =" Yy

e Canonical correlation analysis attempts to answer the question “which directions
accounts for most of the covariance between the two data sets?” The goal is to
find directions w,, w,so as to maximize

wg;cwywy = (:cw$)T(

ywy)
* subject to

Jew, || = 1, yw,| = 1

* In PCA we have a single variate and seek the direction that “maximizes the
variance in the data”

waa,m'wfc = (wwm)T(wwm)

* subject to
|wa|| =1

40



CCA vs PCA

PCA

v Vx g
2 X Vy ’Vx
CCA -

41



History of Statistics

Copyrighted Material

T H ELA ¥ THE LADY
TASTING TEA TASTING TEA

HOW STATISTICS
REVOLUTIONIZED SCIENCE
IN THE TWENTIETH CENTURY

How STATISTICS
REVOLUTIONIZED SCIENCE
IN THE -

TWENTIETH ::l.‘" _ DAVID SALSBURG

? AW H. Freeman / Owl Book
Henry Holt and Company
New York

42
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CCA Example 1: Scores Data

Example: n = 88 students took tests in each of 5 subjects:
mechanics, vectors, algebra, analysis, statistics. (From Mardia et
al. (1979) “"Multivariate analysis”.) Each test is out of 100 points

The tests on mechanics, vectors were closed book and those on
algebra, analysis, statistics were open book. There's clearly some
correlation between these two sets of scores:

alg ana  sta
mec 0.547 0.409 0.389
vec 0.610 0.485 0.436

Canonical correlation analysis attempts to explain this phenomenon

using the variables in each set jointly. Here X contains the closed

book test scores and Y contains the open book test scores, so

X € R*®*? and Y € R®8*3 44



CCA Example 1: Scores Data

The first canonical directions (multiplied by 10°):

8.782 al
2.770 mec 5
X1 = 5 517 vec ’ ,81 = 0.860 ana
' 0.370 sta
The first canonical correlation is p; = 0.663, and the variates:
g - %Ogo %%O
g ] e Sagei
. Y
0?1 0.‘2 0|.3 0.‘4 0‘.5 0.|6

Xo,

45
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Higher-Order Canonical Correlates

* We defined the 1%t canonical correlation p, through the projection vectors /

directions " 0

w, = w,; and w, = Wy

* Given the first k-1 directions, the k-th canonical correlation is defined via
vectors w'" and w!"”, so that we maximize

max (2w (ywd)

* but under orthogonality constraints to the previous directions

|lzwl® | =1, |yw®| =1
(xw T (zwl)) =0,7=1,2,...,k—1
(ywi) " (yw§) =0,j=1,2,..., k-1

47



Equivalent Higher Order CCA Formulations

maXZZ-a:‘FXYTb,,; <:> max trace (ATXYTB)
a?;,bi ' A,B

st a; XX a;=6,;Vj<i st. ATXXTA =1,
b YY'b; =0;-;Vj<i B'YY'B=1,

1
0 XYT](a\_ [XXT o0 ](a min —||ATX—BTY”§
YXT o |\b;)) P o YYT|\b AB 2

s.t. ATXXTA =1,
B'YY'B=1,

48



Principal Angles Between Subspaces

Goal: capture geometric configuration of two subspaces with few and intuitive
numbers

* Principal angles intuition
* Measure angles between ‘most similar’ directions within subspaces
e Capture relative ‘orientation’ of two subspaces
* Recursive definitions with decreasing similarity

Consider subspaces spanned by the cols of X and Y respectively

" Definition

cosf; = max max ufvi

u;€) vieYs max tI'aCeA’B(ATXTYB)
s.b. iz = ffvi2 =1 such that
V ) < ) : T . = T . = 0'
J<tiu;uj=v; Vv, A BcO,
‘align’ them

49



CCA and Principal Angles

* CCA between RVs in column form — principal angles of row spaces spanned by
data matrices

p; = cos b,
* Fori=1, 2, ...

* Note 1: The number of canonical directions/variates is
r = min {rank(X ), rank(Y")}

* Note 2:

* |f Xand Y are orthogonal (X'Y = 0) then all principal angles are 90° and the corresponding
canonical correlations are 0

* If Xand Y intersect in a d-dimensional subspace, then the first d principal angles are O

50



CCA Computation via Sphering/Whitening

For any symmetric invertible matrix A € R"*", there is a matrix
A2 ¢ R™*™ called the (symmetric) square root of A, such that
AL/2 A1/2 — A

We write the inverse of A/2 as A=1/2 Note A~ 1/244°1/2 =T
(Why?)

Given centered matrices X € R™*P and Y € R"™*7 2 we define
Vi = XTX € RP*P and V3 = YLY € R?%9. Then

XZXV);UZ e R" P and )W/:YVY_U2 e R™*4

are called the sphered versions of X and Y.3 Note that the sample
covariance of X and Y is

cov(X) =1/n and cov(Y) =1I/n

(e)

(q)

()

| 5l



Transformed Problem

As suggested by the previous slide, we will take X = XV_l/2 nd

Y = YV, 1/2 , and we'll solve the problem

a1, p1 =  argmax (X&) (YP)
| Xall2=1, [[YB]l2=1

Recall that then a1 = V);l/ ay and 1 = 51

So why is this simpler? Note that the constraint says

1= (X&) (Xa)=a"vy 2 xTxvi%a =a"a

e., |l@|l2 = 1. Similarly, |32 = 1. Hence our problem can be
rewritten as:

~

a1, 31 =  argmax &TMB
[&ll2=1, [|B]l2=1

where M = X1y = V);UQXTYVY_I/2 € RP*9. The same is true
for further directions 52



SVD to the Rescue

Now comes the singular value decomposition to the rescue
(again!). Let » = min{p, q}. Then we can decompose

M =UDV"T

where U € RP*", V € R9*" have orthonormal columns, and
D = diag(dy,...d,) € R™*" with dy > ... > d, > 0. Further:

» The transformed canonical directions &, ...a, € RP and
B1,... 3 € R? are the columns of U and V, respectively

» The canonical directions aq, ..., € RP and 31,... 3, € RY
are the columns of Vgl/QU and VY_I/QV, respectively;

» the canonical variates Xaq,... Xa, € R" and
Y3i,... Y3, € R" are the columns of XV —1/2

YV_l/QV e R™ ", respectively

» The canonical correlations p; > ... > p, are equal to
d; > --- > d,, the diagonal entries of D

U e R" " and

53
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CCA Example 2: Object Recognition

.Iliiiﬁlll e X,
B B B BB P23 w e X,
=
PCA(X; )-

: \ & ‘ [
: N‘ "Ra | » ' ‘?"
PC-A<X2> : {1

Reshaped PCA basis vectors Reshaped principal vectors /
canonical correlation vectors

" “Discriminative Learning and Recognition of Image Set Classes Using
Canonical Correlation” Kim, Kittler, Cipolla [PAMI 07]

e mg CCA(X1,X2)

" Idea: Find low-dimensional subspace embedding s.t.

" within-class CCA is maximized

¥ Between-class CCA is minimized

55



CCA Example 3: KCCA for Matching People

* Lisanti, Giuseppe, lacopo Masi, and Alberto Del Bimbo. "Matching people across camera views using kernel canonical
correlation analysis." Proceedings of the International Conference on Distributed Smart Cameras. ACM, 2014.

56



Common Subspace Through KCCA

Camera A

Feature Space

()

Kernel Trick

KCCA

o,
r>

Reprojection

KCCA Common Subspace

57



Multidimensional Scaling




Multidimensional Scaling (MDS)

* A “distance preserving” embedding of the data into a Euclidean space
* Sometimes distances are observed directly (e.g., similarity ratings)
* Sometimes they can be calculated from a data table (e.g., Euclidean distances, correlations)

dimensions

—

Dim 2

—
@
@

X

objects
objects
®
e
\

A

3
3
.\
Qo
N
(]
@
(@]
N
O
3

1

objects 1 "

Dissimilarities Configuration MDS perceptual map >7



Formally (Metric MDS) ...

* Given a (symmetric) matrix of pairwise “dis-similarities” between n objects / data
sets

No need to satisfy the
M — é‘ij triangle inequality
nxn

* Find n points in low-dimensional space Rd, so that their distance matrix is as

close as possible to M

* Low d (=2,3) allows us to visualize the data directly

60



Distances and Dimensionality

* How do distances/dissimilarities determine dimensionality?

01 2 3 4 _0111_
{1 01928 0 3 4

D= 21012 D= |30s5 n_|1 0 11
32101 4 50 11 0 1
(4 3 2 1 0] 11 1 0




MDS: Motivating Example

" Travel times by train between French cities

Bor- Mar- Strassb  Tou-

deaux Brest Lille Lyon seille Nice Paris ourg louse  Tours
Bordeaux 0
Brest 9:58 0
Lille 6:39 7:11 0
Lyon 8:05 7:11 4:52 0
Marseille 5:47 8:49 6:12 1:35 0
Nice 8:30 13:36 8:20 4:33 2:26 0
Paris 2:59 4:17 1:04 2:01 3:00 5:52 0
Strassbourg 8:.08 10:16 6:54 4:36 704 1115 4:01 0
Toulouse 2:02 13:52 9:42 4:25 3:26 6:29 5:14 10:56 0
Tours 2:36 5:38 4:17 4:21 5:13 9:04 1:13 6:03 6:06 0

" Considerations:
* The recovered configuration (X = map) should be 2D

* NSEW not relevant to distances— may have to rotate
" Travel time not necessarily ~ map distance (TGV)
[ |

May need to consider other relations between dissimilarity and
distance in MD space

Source: Patrick Groenen, “Past, Present, and Future of Multidimensional Scaling”, CARME, 2011
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MDS: Motivating Example

" Travel times by train between French cities

Strassbourg

F’aris;‘; Strassbourg

-Tours *

., *Lyon

Bordeaux “,

* Bordeaux Toulouse
L ]

Tou.louse

Actual map of France MDS recovered map

Marseille, Lille, Lyon, ... closer to Paris in travel time (TGV)
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MDS: Motivating Example

ACCELERATION MER T HomrDs
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+ Travel time only partially
related to map distance

Emile Cheysson (1888) —
anaphoric map, showing
decrease in time to travel
from Paris over 200 years

+ Other considerations relating
distance and dissimilarity
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MDS Has Many Uses

Document retrieval &
classification

* Psychology (perception, cognition)

* Political science (voting behavior,
court decisions)

Graph layout

 Sociology (social network analysis) e Pattern recognition

* Archeology (artifact similarity) Dimension reduction

 Biology/Chemistry (molecular . ..
structure, species analysis)
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Obtaining Dissimilarity Data

* Direct ratings (flavor comparisons) Sometimes distances are naturally

e Confusion data (Morse dots and defined — but sometimes we seek
dashes) subjective dissimilarities

* Co-occurrence data (Amazon
recommendations)

Ormge Sherber

* Sorting into groups

Can every distance matrix be realized in a Euclidean space? 66



Example: Pattern Recognition

B Bottom loop articulation

MDS of judged similarity of

.uu | ' handwritten “2”s
' | Goal: determine features

E Eﬁ % | important in pattern

recognition

Top arch articulation

s
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Classic Metric MDS

+ Sometimes we can model our data as points in a high-

&

dimensional Euclidean space — and we are looking for an
embedding to a lower-dimensional space that preserves

(absolute or relative) distances (in the high-d space) as much
as possible.

In this case the problem has a clean geometric solution.

terative MDS

/ squared difference biw
this and
/ this distances

(or difference between

them squared)
is being minimized

Is this the same as PCA?

PCoA (PCA) o

These residuals squared
are being minimized

(= these shoulders
squared maximized)
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Classic Metric MDS

¢+ To go from dimension D down to dimension d
¢ Given data X e R”

(D -
X = X, X, ... X, and M :(dISt (Xiﬂxj))
o | )
¢ We look for X’, (| )
X'=|x, - x| € R™
\ | | J

¢ We can assume the x;” are centered
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Classic Metric MDS

¢ So that we minimize || M’— M || (related to the stress of the

system)
2
j E Rnxn

¢+ M’is the Euclidean distances matrix for points x;’.

' '
X, _Xj

¢+ where M'=(dist2(xi',xj')):(

min | M’— M ||
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The Math Details

2
+ |deally we want M’=( xi'—xj' j =M
/ / / /
\<xi -X;, X; —X, >) =M
||X P +1x; P -2<x,,x{ > =
e i) (i — x, | |
R N | I Y P A : £ o x
/ ! ! ! / / ,
) s s s — x, — L -
—_ - v
1T X'
want to get rid of these X
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The Magic Matrix J

n ] — . 1
1L -t _1 _1 Lo O
J: n n n .n — _l . . = _lK
: nl: L "
_1 1w 1 o
(@ a a)-J=0
b
b
J: =0
b
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So We Get to The Gram Matrix

Cleaning the system:

!/ !/ !/ ! ! !/
I e i) (I
! ! ! ! ! !

X{// 00 e | H&H_MWXZM//;J
! !/ ! / ! !/
0 e ) U

Note that X’K = KX’" =0,
as X’ is centered

i D2JIX"TXT =2X" X" =IMJT
J=1-—K

n o XTX'=—1JMJ =B

X"X'=B

So from the distance matrix we can get the Gram (inner product)

matrix.
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And Finally Use the Spectral Hammer

We will use the spectral decomposition of B:

X!

a (4 (| Y
X"X'=B=|v, - v, v, v,
\| |/\ /1,1/\| |)
VA Vi N
Y | R S
i) dxd Al
\nxd L
YT YT
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So We Get the X’

So we find X’ by throwing away the last n—d eigenvalues

\/Zvl
X' =| ...
\/Zvd
For this X’ : X’:argminHX’TX’—B p
g
. . L _ 2
This choice minimizes the HAHLz = ZAZ.].

inner product (and distance) loss L]
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More General Metric MDS

* In general, we minimize directly the square loss on distances

Zi Zj (dij
Zi Zj (

N =

— dj . .
) ”> stress = L(dy) = | Y (dyj — f(dy))*/ > dj
]

stress —=
\

f monotonic

* Sammon mapping

5 1 dj — dj)?
Sammon'’s stress(dj;) = ( )
D o<k dek = dij

* This weighting system normalizes the squared-errors in pairwise distances by using the distance in the original space.
As a result, Sammon mapping preserves the small d;, giving them a greater degree of importance in the fitting
procedure than for larger values of d;;

Generally solved by gradient descent 74



Non-Metric MDS

* Sometimes all we can say is that (dis)similarity is ordinally related to distance in
MD space (only ordering of distances matters, not the actual values)

* If we only have ordering information, we can use monotone (isotonic) regression
to find “disparities” that are compatible with the ordering constraints of the
dissimilarities (not unique)

* We can then use alternating least squares (ALS) by repeating
* a monotone regression step, followed by
* a metric stress reduction step

21,95 (X)

Stress(D,X) = {Z’W(d’f _ d,].(X)) }

L] 20 40 &l g0 100
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Assignment 1: PCA + CCA

* Problem 1 (PCA): Face Reconstruction/Recognition: Eigenfaces

* Problem 2 (CCA): Word Recognition in Camera Images

79
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Face Recognition

Photo organization

Surveillance

Has to be coupled with face detection

Detectlor> r
Recognltlo> “Sally”
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Recognition: Embed into R"!

* Treat image pixels as a long vector ...

. T
k = argmlnHyk — XH
k

el _' £
_'r__r

4 g

Her
‘ .
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Eigenfaces (PCA on Face Images)

* Dimension reduction — compute covariance matrix of face images

e Derive the principal components (“eigenfaces”)
* K eigenvectors with largest eigenvalues

* Represent all face images in the dataset as linear combinations of eigenfaces
* Perform nearest neighbor on these coefficients

M. Turk and A. Pentland, Face Recognition using Eigenfaces, CVPR 1991

83


http://www.cs.ucsb.edu/%7Emturk/Papers/mturk-CVPR91.pdf
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Eigenfaces

Top eigenvectors: uy,...u,

Mean: p
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Eigenface Visualization

Principal component (eigen

ab HFQF'IEEE

@b bt b b
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Camera Text Recognition

Scanned Camera

2 Foundations

In this chapter, we review some i | d material ding key concepts from smceghs 00

probability theory, information theory, and graph theory. This material is included in a separate
introductory chapter, since it forms the basis for much of the development in the remainder
of the book. Other background material — such as discrete and continuous optimization,
algorithmic complexity analysis, and basic algorithmic concepts — is more lacalized to particular

topics in the book. Many of these concepts are d in the ix; others are p d
in concept boxes in the appropriate places in the text. All of this material is intended to focus
only on the minimal subset of ideas required to und d most of the discussion in the

remainder of the book, rather than to provide a comprehensive overview of the field it surveys.
We encourage the reader to explore additional sources for more details about these areas.

2.1 Probability Theory

The main focus of this book is on complex probability distributions. In this section we briefly
review basic concepts from probability theory.

it
Aence
e o O

ol ]

211 Probability Distributions o et o :w\, e 10

When we use the word “probability” in day-to-day life, we refer to a degree of confidence that 5 gl M“ﬂ A e s ¥

an event of an uncertain nature will occur. For example, the weather report might say “there SIS e WO Bk

is a low probability of light rain in the afternoon.” Probability theory deals with the formal !
if for di ing such esti and the rules they should obey.

Before we discuss the representation of probability, we need to define what the events are to
which we want to assign a probability. These events might be different outcomes of throwing
a die, the outcome of a harse race, the weather configurations in California, or the possible
failures of a piece of machinery.

e
ettt oo™
o
e ot

2111 Event Spaces

b e Formally, we define events by assuming that there is an agreed upon space of possible outcomes,
Jcome space which we denote by £. For example, if we consider dice, we might set £ = {1,2,3,4,5,6}. In
the case of a horse race, the space might be all possible orders of arrivals at the finish line, a

much larger space.

In this chapter, we review some important 1n this chapter we FBVIEW SUIHC important
background material regarding key concepts background mated-M regarding WY cnncepn
from probability theory, information theory, and 5mm probability theory information theory and
graph theory... Efaph theory...
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Why OCR Fails

* OCR reads text character by character, but character segmentation can be
challenging.
* View perspective distortions
* Uneven lighting
* Presence of noise and blur

PEOPLE =

89



Word Recognition via Image Retrieval

Recognized

.t‘ good

Huizhong Chen, Visual Word Recognition with Large-Scale Image Retrieval
Stanford EE Ph.D. Thesis, 2015
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If Font Is Known, Task is Easier

Font 2

Query learn Recognized

” — good mm) good

“Book

21



Inter-font Similarities

* Some fonts have visual similarities (e.g., Arial, Helvetica).

THE QUICK BROWN FOX JUMPS OVER THE LAZY DOG
THE QUICK BROWN FOX JUMPS OVER THE LAZY DOG

the quick brown fox jumps over the lazy dog
the quick brown fox jumps over the lazy dog

ARIAL

Cij R;% e) ng)

HELVETICA

CGRaert

Source: www.fonts.com
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Compact Data Base Representation

Feature
Aggregation

WORD

Aggregation by

Descriptor Averaging u Shared
representation

WORD [[Dl[h I_L.J WORD
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Motivation for CCA

Words in the lexicon

/  \

Font 1 Font 2
learn learn
good good
Book Book

Database
features Xl Different X2

! !
X1A1 X2A2

Similar
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Two View vs. Multi-View
CCA




That’s All

FSTOFL ey
1.89

e ——
—
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