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Big (Multimodal) Data Challenges

B Data are Voluminous:
24 hrs of TV =430 Gb =2.160.000 still (frame) images

J WWW: 300-hr videos are uploaded on YouTube per minute.
] 300 millions images are uploaded on FaceBook per day.
J Kinect sensor: 250 MB/sec (uncompressed RGB)
B Data are Dynamic
] Temporal video, Website updating, News quickly get obsolete

® Different Temporal Rates

J Video: 25-30 frames /second
] Audio: 44000 sound samples/sec,
J Speech: 100 feature-frames/sec, 4 syllables/sec

B Cross-Media asynchrony

) image and audio scene boundaries are different



IHoAvowaotota Qopvpmon Asoousva !

EIKOVEG TTPOCWTTWYV KEIPEVO

Celebrations over the historic election of the first black president
have been interspersed with emotional protests against a series of
bans on bay marriage, and calls to remember the bigger picture. In
California, voters approved a proposition by 52.5 percent to amend

the state constitution to ban same sex marriage. Similar bills also

passed in Arizona and Florida. Since then, protests against the
measure have surged in Los Angeles and San Francisco, and civil
rights organizations have banded together to attempt to block the
implementation of the measure On other fronts, animal rights

activists are also calling the passage Proposition 2 in California a
victory, and an anti-choice measure failed in California. Reports of
celebrations over Barak Obama's victory continue to come in from
Hollywood, New York, and New Orleans, while activists are working
to keep the issues in the forefront: » Rochester, NY — a coalition of
anti-war and veterans organizations banded together to make the
following statement: "For nearly two years, major polls have shown

that a majority of Americans want an end to the war in Iraq. The war
has not "brought democracy" to the Middle East. It has not improved
the lives of the Iraqi people, nor has it reduced the violence in the
- < e exactly the opposite." Read More:
vement Responds to 2008 Election
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Manifold of face category




Singular Value Decomposition (SVD)

Ref: G. Strang, Linear Algebra and Its Applications, 1986.



Singular Value Decomposition (SVD): Any (real or complex) m x n
matrix A can be factored as

—_
-]
e’

A=UxVY = Z o vy
i=1

where the m x m matrix U is unitary and its columns uy, ..., u,, are the eigen-
vectors of AAY, the n x n matrix V is unitary and its columns vy, ..., v,, are

the eigenvectors of A? A, and the m x n matrix X is real diagonal whose only
nonzero elements are its r diagonal terms oy, 09, ...,0, > 0, called singular
values, with

r =rank(A) < min(m,n). (8)

The singular values are the square roots of the nonzero eigenvalues o? of both
AAM and A7 A. Thus, the SVD of A is related to the spectral decomposition
of the Hermitian AAY as follows:

AAYT = UXX'UY =37 ofuu)! (0)
APA = VEIXVH =3 otviv '

If A is real, the only difference in its SVD (compared to the complex case)
1s that U and V are orthogonal matrices. If A is Hermitian and positive
semidefinite, its SVD is identical to its spectral decomposition VAV, If A
is indefinite, then any negative eigenvalue in A becomes positive in .



Applications of SVD:
(1) Effective Rank: Keep only the singular values above a threshold that de-
termines the numerical precision.
(2) Image/Signal Compact Representation: Use only a few large singular val-
ues to approximately represent A using a truncated version of (7).
(3) Polar Decomposition: Factorize a real square matrix A as QS where Q is
orthogonal and S is symmetric and positive semidefinite. (If A is invertible, S
is positive definite.)

A=QS, Q=UV' s=vxv! (12)

This has applications in robotics where QQ represents rotation or reflection, and
S represents stretching or compression.
(4) Least Squares: The minimum length least squares solution to the set
of linear equations Ax = b is given by

x"=A"h, AT =VZTUY (13)

where A™ is called the pseudoinverse of A and X7 is a diagonal matrix with
1/oq,...,1/0, as its only nonzero diagonal terms.



IIpooeyyion Ihwoka (Ewkova, Agdopeva) ne SVD

Let a matrix A be factorized using SVD and order the singular values as
oy > -+ > o, If we approximate the matrix by keeping the p < r largest
singular values

P
A H 1
A = E ULV, (14)
k=1
this approximation yields the smallest squared error
m
2 =
th ? J T _1(3 J ‘ HA AHF?:)E}unnm) (l’)
i=1 j5=1

among all m x n matrices with rank p. Thus, by keeping the p largest singular
values the SVD gives the best rank-p matrix approximation that minimizes
the Frobenius norm of the error. The minimum error is

Jovd = Z o (16)

k=p+1
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E16000¢: ApyiKo onuo-otlovuGuo: X = [x[O],x[l],...,x[N —I]T
E&odoc: Met/opevo onpa-diavoopa: y = y[0], y[1],..., y[N — 1]]T

O NxN ITwokag Metaoynpatiopov A =[a[n, k]| ewor Unitary
(A ewvar OpBoymvioc yia ITpaypoatikoug mvakeg):
AA" =1

I'pappikoc Metaoynuatiopog (Ilvaxkag x Atavocua €16000v):

Wk1= Y a' Tk, nxn]

k=0,1,..,N-1
Avtiotpo@os Metaosynuatiopnog (Avtiotpooc ITvakog x Atavocoua E€ooov):

y=AHx,

N-1

oAy, | 0= 2aln A

n=0,1,...N—-1




Unitary Discrete Fourier Transform (DFT)

N—1
Avodvon: X[k]l=—=) x[nWy", k=0,1,.,N-1

1
ﬁ

1 N-1
SovOeon: x[n]l=—> X[kW,”, n=0,1,.,N-1
\/N k=0 !
AlLOVOGLLOL YPOVIK®V OELYUOTOV: X = [x[O],...,x[N -1]]T

AlOVUGLLOL GUYVOTIKOV OELYLUOTOV: Y = [X 10],..., XN —1]]T

|
DFT ITwoxac: F=[—W_."], k,n=0,1,.. N-1

\/ﬁ N

F swou Unitary (FF” =1) kot Zoppetpicoc (F =F")

Evfve: y=F"x, Avuotpopoc: x=Fy




Discrete Cosine Transform (DCT)

L k=0,0<n<N-1

\/79
2n+1
,/ﬁvcos 1<k<N-1,0<n<N-1

DCT Swvuopotoc X = [x[O],x[l],...,x[N —1]]T :

k= Bk x{n]cos ”k(zn”) C0<k<N-I

SNIZ (5 \% 1<k<N-1

Avtiotpopoc DCT:

C= [c[k, n]]

x[n]:Nz_l,B[k]y[k]cos ”k(;;”) . 0<n<N-1




Principal Component Analysis
(PCA)

Karhunen Loeve Transform
(KLT)

Avaivon o€ IlpmTEvovoeg
2 VVIGTMGES



KLT, PCA (1): Assume (real or complex) random data vectors x € C“
(which may represent a signal segment or some feature vector in a pattern
recognition problem) We wish to find a unitary linecar transformation (matrix)
A such that the transformed vectors

y = Affx, A1 =A%,

should have two properties: 1) Orthogonal or uncorrelated components, and
2) if we keep the first p < d components to obtain a minimum Mean Squared
Error (MSE). The solution is the KL'T' (a.k.a. PCA). Suppose we know the
orthonormal vectors {eq, ..., e, } that form the columns of A and view them as
an orthonormal basis for the whole space. Then,

d
_ _ gy — _ aH
X = yie;, Y =< X, >=e€;'X
i—=1
If we project this vector onto the subspace formed by the smaller basis {ey.....e, },

then the best approximation X is

P

X = E Yrek

k=1

and the corresponding MSE .J is

T o= Eflx—xl2 = {2} — S vl

d d
= Z E{lui*} = Z e/ R.e;

i=p+1 i=p+1

where R, = £{xx} is the input correlation matrix.



KLT, PCA (2): Now we want to find the optimal basis vectors {ey, ..., e, },
1.e. the optimum A. and to select the p principal directions among them such
that the MSE J 1s minimized. By minimizing .J subject to the constraints
e;H e; = 1, we find that the best orthonormal basis {ey,....es} consists of the
eigenvectors of R,

Rmeg = )\gei, 1 = l 2 d

Hence, ef R.e;, = A\;. Thus, to minimize .J we should order the eigenvalues as
AL > Ay > --- > \g and choose as principal directions {ey,...,e,} those that
correspond to the p largest eigenvalues. The corresponding transform values
{yr - k= 1,...,p} are called the principal components. Then, the minimum
error equals the sum of the d — p smallest eigenvalues:

d
sz’n — E )\z
i=p+1
The above choices diagonalize the correlation matrix of the transformed vector:
R, = &{yy"} = AR, A = diag[\, ..., A
y =E{yy 1= A = diag[Ar, . A

Thus, the transformed vector components {y;} are orthogonal and their vari-
ances equal the eigenvalues of R,; i.e., E{yy,} = A;0;.



KLT for nozero-mean data: If the data have a non-zero mean m =
E{x}, an alternative version of KLT is to subtract it first and then proceed as
above for the new data x' = x — m that will be transformed into y' = Afx’
However, now the matrix A consists of the eigenvectors {u;} of the covariance
matrix C, = £{(x —m)(x —m)”}, and the minimum MSE approximation is

=m + Z YUy = Z U0 + Z Edyi h
i=1 1=p+1

The new principal values {y, : k = 1, ..., p} are uncorrelated and their variances
equal the p largest eigenvalues of C,.



Deterministic PCA: The PCA problem also has a deterministic formu-
lation where our data consist of N put vectors x,,, n = 1,.... N, and the
statistical expectation £ above is replaced by the sample mean (1/N) Z:::l
Thus, the MSE error to minimize is

N P 2

J = ir Z Xn — Zz/knek

n=1 k=1

where 9, =< X,.e; >. The principal directions {e;} are the orthonormal
elgenvectors of the sample correlation or covariance matrix.



Aa0og Yo Amokontn XvvrelectV Met/oumv
(yvo Markov akoiovOwa)
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Figure 5.19 Performance of different unitary transforms with respect to basis
restriction errors (J,,) versus the number of basis (m) for a stationary Markov
sequence with N =16, p = 0.95,




Epappoyn OpOoyoviev Met/cpmv og Xoumeon Etkovov
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PCA-based Subspace Classifiers

- G1ven: training set of feature vectors.

» For each class I, estimate its correlation matrix and form a matrix Ai

whose columns are the p(i) principal eigenvectors.

* Classify unknown vector X to class j if

T T . .
TASX] > |[[A; x| Vi#
* Equivalent to classifying a vector in its nearest class subspace

(IIvBayopero Oewpnua).

« If classification error 1s high, improve performance via learning
subspace methods: iteratively rotate subspaces to adjust projection
lengths of training vectors.

* Decision surfaces ?



Appearance modelling for faces

e When viewed as vectors of pixel values, face images are
extremely high-dimensional
> 100x100 image = 10,000 dimensions

e Very few vectors correspond to valid face images
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e We want to model the subspace of face images



Non-faces:
Lie far from manifold, or in
underpopulated regimes



Eigenfaces: Key idea

e Assume that most face images lie on

a low-dimensional subspace determined by the first k
(k<d) directions of maximum variance

e Use PCA to determine the vectors or “eigenfaces”
u,,...u, that span that subspace

e Represent all face images in the dataset as linear
combinations of eigenfaces

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




Eigenfaces/PCA: linearize manifold

1F
Candidate image
T
| DFFS
,‘ Reconstruction

...-"'ff
_‘_,--*" DIFS
-

Linear subspace spanned by PCA model

24
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Eigenfaces example

Training images




Eigenfaces example

Top eigenvectors: u,,...u,

Mean: p




Eigenfaces example

Principal component (eigenvector) uy
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Eigenfaces: orthonormal basis for faces

e Face x in “face space” coordinates:

X — Wy (X = p), .oy ug (X — )]

|
&
=
£

e Reconstruction:

A

X = p + W1U1+W2u2+W3U3+W4U4+ coe




Eigenfaces (rewritten)

* New input to PCA: ()
e Projection:

wi =) (I(x) — p(x)) ui(x)

I

e Reconstruction:

29



Eigenfaces: Probabilistic formulation

e Probability of image, using Eigenface model

P(I)
e Uncorrelated coefficients: N0 .0
1 WT-"'\_IW A = 0  Xo 0
P(w) = exp ( - ) -
V27| Al 2 \ 0 0 .. )\N}

e |ID Gaussian noise assumption:

Pixel P(lw) — — e (Z ”(””T““W”)

( 2mO




Eigenfaces for Detection

AF

New Image

) 2
r=1 o

-

-

' L (I(x) = T(a;w))”
i DFFS Z |
|

_~ Recgnstruction

-

-
-~ DIFS

e Assumptions:

wliAtw
2
F
B : | < C  face
D(I)=DIFS(I)+ DFFS(I) { >C  other

e Faces lie on a linear subspace
e Gaussian distribution of parameters

e Independent Identically distributed Gaussian noise



Limitations (even if all assumptions hold)

e Global appearance method: not robust to misalignment,
background variation




Challenges addressed by Eigenfaces

Short Term

Expression Pose [llumination

Long Term

eFacial Hair eHairstyle
«Makeup ePiercings
Eyewear «Aging



3D Morphable models

Recover Shape

Synthesize new views

Synthesize new expressions




PCA o¢ Active Appearance Models (AAMs)

[0¢a: Avamapaoctoon Zyquatos Kot YQ1)S 6€ YPUUUIKOVS YOPOVS
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PCA: Active Appearance Models

*  Epgavien = (Zynpa, Yory)
o Yynqua: ovvreTayuiveg 68 onueiov =2 owavoopo 136A

* YOoN: RGB tinéc 10000 onueta (6€ 000ETEPOTONUEVO
WG TPOS TO GYNUU TAUIGLO AVOPOPAES) = OLAVUGLLU
30000A

Enedavion 1 Xyuo s Yo A(x)=I(W(x))

Ws: R’ 2R?, mpoPalier onueia ané ovdctepomomuévo (néco) mraicio-
CYNNO OVOPOPAS GE GNUELN GTO GUGTI|LO. GUVTETUYUEVAV TG ELKOVOC.




PCA: Active Appearance Models

. EAlattoon owactaong pe oA PCA (95%
netafinTotnTo)

. Yympe: s (136A) > p (10A)
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Eoappoyéc PCA - AAM: Eigenfaces

o [Hoapaosiypo: IIPpOTEVOVGES GVVIGTOGES UTO EIKOVES

TPOCOTOV: fE 28 ale
Tovoro |G DL W G ML
EKTTALOEVONG -ﬁ -“- _'
-3 L&EE

Méoo npocono 4 TpOTO 1O0TPOCOTA

 Eo@appoyn oc avayvopion ntpocaonov Y| avayvapiocn outiios
(«owapaocpa yertAtov» opAnTy) om0 YounAootdcToTOo

OLIVUG IO GUVTEAEGTOV TPOPOATC.



Epappoyéc PCA og Active Appearance Models

* Audio-Visual Speech Recognition

AV .. P

* Eye-gaze & facial pose estimation

* Sign language recognition

39



| |anaS‘ Iape ‘U‘Odellng AAM, Dynamic & Static Priors

m Shape-Appearance (SA) Representatlon

I =) flx) =
cropped hand S
frame Ifx) mask M SA image flx)
m Generative model |
W, (x) : 2D affine transform
4% ~ Ag( A Ai( # ,.
f(Wap() o(®) + Z with parameters p € R°

m Training of the Model
Affine alignment of training set
m generalization of procrustes analysis

m iterative manual feedback

PCA to learn4i(z)
m keep only Nc=35 components

f‘(] 4?)(‘7, 4,‘ J(]*

m Fitting : Find parameters A,p that minimize:
E(A,p) = Erec(A,p) + wsks(A,p) + wplp(A, p)

40
[ Rousos, Theodorakis, Pitsikalis and Maragos, JMLR 2013 ]



Ava@opes ywo. Visual PCA-AAM

I'evikeg Avaopec:

 T.F. Cootes, G. J. Edwards, and C. J. Taylor, “Active Appearance Models”, IEEE
Trans. Pattern Analysis and Machine Intelligence, June 2001.

Audio-Visual Speech Recognition:

* @G. Papandreou, A. Katsamanis, V. Pitsikalis and P. Maragos, “Adaptive
Multimodal Fusion by Uncertainty Compensation With Application to Audiovisual
Speech Recognition”, IEEE Trans. Audio, Speech & Language Processing, 2009.

Sign Language Recognition:

* A. Roussos, S. Theodorakis, V. Pitsikalis and P. Maragos, “Dynamic Affine-
Invariant Shape-Appearance Handshape Features and Classification in Sign
Language Videos”, Journal of Machine Learning Research, 2013.

Face detection/tracking, Eyegaze:

» E. Antonakos, V. Pitsikalis and P. Maragos, “Classification of Extreme Facial
Events in Sign Language Videos”, EURASIP J. Image and Video Processing 2014.

« P. Koutras and P. Maragos, “Estimation of Eye Gaze Direction Angles Based on
Active Appearance Models”, Proc. 1IEEE ICIP 2015.




PCA: Iow@oveg (eigenvoices)

* EKTALOEVLGT] HOVTEAMV ECUPTNUEVOV 0TTO TOV OpLANTY)
o dMNuovPyla VITEP-OLOVVSUATOV (@) TOPUUETPOYV / opdinTn

Model Training Model Training
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Speaker 1 HMM Speaker R HMM
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PCA: Iowpomvéc kot Ilpocapuoyn Ouint)

r

"

OFFLINE STEPS

Train SD models for R
speakers (+ 1 SI model)

l

From SD models, get
R supervectors

Apply DRT to get R
eigenvectors (eigenvoices):

e(0), e(1), ... , e(R-1)

l

Keep first K+1 eigenvoices:
e(0), e(l), ..., e(K)

[terate

Data from new speaker

I ™ + eigenvoices + SI model

l

Estimate K weights:
w(l), w(2), ..., w(K)

l

Construct supervector
for new speaker:

e(0)+w(l)e(l)+...+w(K)e(K)

l

Adapted model for
new speaker




PCA: 1010Q0®VEC KO TPOGUPUOYN] OMANTY

Kvpiec Avagpopéc:

 R. Kuhn, P. Nguyen, J.C. Junqua, L. Goldwasser, N. Niedzielski, S.
Fincke, K. Field, and M. Contolini, “Eigenvoices for Speaker
Adaptation”, Proc. 5th International Conference on Spoken Language

Processing, 1998.

e R. Kuhn, J.C. Junqua, P. Nguyen and N. Niedzielski, “Rapid Speaker
Adaptation in Eigenvoice Space’”, IEEE Transactions on Speech and
Audio Processing, 8(6), pp. 695-707, 2000.



Inherent Limitation

e PCA does not find the best projection for classification
~ The direction of maximum variance is not necessarily useful

O e L.
e® © Classification

45



Linear Discriminant Analysis (LDA)

Avairvon I'poppitkng
{Alakpronc N Awymplopnov}



Linear Discriminant Analysis:
Ilepreyopeva

AVAALGT GE VTOYMPOVC: OUTIES

YOPOKTNPOGC KOl GTOYOL

AVOTTAPOGTAGELS

OLOPOPEC LE OVAALCT TPWOTEVOVGMOV GLVICTMGMOV

GUYXPOVEG EPAPHOYES




IHoAvowaotota Qopvpmon Asoousva !

EIKOVEG TTPOCWTTWYV KEIPEVO

Celebrations over the historic election of the first black president
have been interspersed with emotional protests against a series of
bans on bay marriage, and calls to remember the bigger picture. In
California, voters approved a proposition by 52.5 percent to amend

the state constitution to ban same sex marriage. Similar bills also

passed in Arizona and Florida. Since then, protests against the
measure have surged in Los Angeles and San Francisco, and civil
rights organizations have banded together to attempt to block the
implementation of the measure On other fronts, animal rights

activists are also calling the passage Proposition 2 in California a
victory, and an anti-choice measure failed in California. Reports of
celebrations over Barak Obama's victory continue to come in from
Hollywood, New York, and New Orleans, while activists are working
to keep the issues in the forefront: » Rochester, NY — a coalition of
anti-war and veterans organizations banded together to make the
following statement: "For nearly two years, major polls have shown

that a majority of Americans want an end to the war in Iraq. The war
has not "brought democracy" to the Middle East. It has not improved
the lives of the Iraqi people, nor has it reduced the violence in the
- < e exactly the opposite." Read More:
vement Responds to 2008 Election
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LDA: AvaAivon 6€ YTOY®mPovg

rolvotdotota BopvPmon ocdouéva !
VYN AT 010 GTOGT — apald 0E60NEVA + VITO-EKTALOEVOT) ...
* MEeTUGYNUUTIGUOS TOV OEOOUEVMV £TOL (DOTE:
—VO OVOTOPICTAVTOL UE OIKOVOUID,
—V@ OLATNPOVY TO TO “OHUAVTIKD EKUGTOTE YOUPUKTNPLOTIKA(-
TANPOPOPLX)
* XNUOVTIKA GYETIKA PUE TNV EQUPUOYY, TT.Y. :
—amofopvPomoinon
—VIAVGN GNUATOS
—OTTTIKOTTO 01 KOl KOTOVONGT] 0E00UEVOY
—€mA0YT 1 €CAY MY YOPOUKTPLOTIKOV
—KOT1'YOPLOTOLNG1)
—YEVIKELGT HOVTEAOV
—GUUTTLEGT)



LDA: Opoioyia kon Iotopia

Fisher’s Linear Discriminant Analysis
Fisher-Rao Linear Discriminant Analysis

Fisher (1936): sicoymyn pedéoov ya 2 taéerg

Rao (19635): eméktaon Yo moALOTAES KATNYOPIES

IAn0®pa cOYYPOVEOV EKOOYMOV KoL ETEKTAGEWV :
* Penalized Discriminant Analysis, Hastie 1995,
* Generalized Discriminant Analysis, Baudat 2000.



Linear Discriminant Analysis:
Avaiven T'poppikng Awakpiong: yapoktnpog & 6toyol

Melmon 0106 Tuc1S OTNPOVTAS OGO TO OLVATOV TEPIGGOTEPO
TNV OLOKPLTIKT] IKOVOTNTO LETASY TOV TASEMV.

E¥peon 1010010vuoudTmy Kotd TIC 01eLOOVGELC TV 0TTOImV Ol
TaEelc oaympilovral KaAvTEPQ.

Aapupdével vroOyv TIC 0TOGTAGELS TOGO LETAED TOV TAEEDV OGO
KOl ECMOTEPIKA TV TASEMV.

Meimon o1deTacnC 0e00UEVOV VO ETIPAEYT, ONA. LE VOO TOV
KOTNYOPLOV/TAEE®V Y100 KAOE 0EO0UEVO.

For the example of face recognition, LDA should be more capable
of distinguishing image variation due to identity from variation due
to other sources such as illumination and expression.




LDA: IIpoPoin og Yroympovg

FIGURE 3.6. Three three-dimensional distributions are projected onto two-dimensional
subspaces, described by a normal vectors W; and W;. Informally, multiple discriminant
methods seek the optimum such subspace, that is, the one with the greatest separation of
the projected distributions for a given total within-scatter matrix, here as associated with
W;. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification.
Copyright © 2001 by John Wiley & Sons, Inc.

UEYLGTOTOIN G OLAKPLONS HETAED TAEEMV



LDA: ®oppoimopnog (2 KaTnyoples)

* Mesoor toemv:

e IIwakeg Avaomopog Tacemv:

* Meoow mpofformv:

* Komyopieg/Tocaws: D, D, neororyewa minbovg n,, n,

S,=> (x—m,)(x—m,),

xeD;

* IIpofoin: Yy = WTX

~ T .
m=wm, (=172

l

* Awomopes tpofformv:

(5.) = Z(WTX—WTmZ.)z =w'Sw, i=12

xeD,




LDA: Evootolikn Awoocmopo

e Ilivakag Evootalikng Awaomopag Taewy
(Within-class Scattezr Matrix)

Sy =8, +8, :S: S:(X_mi)(x_mi)T

i=1 xeD;

0-
* Evéotalikn Aweomopa Ilpoforiav

2

() + () =) ) (Wx—w'm,)’

i=1 xe&D,

'

L T
— W SWW —— Within-class distance




LDA: Awrtolikn Awocnopo

e Ilivakag Awtoliknc Awoomopdac Tacewv

SB — (m1 _mz)(ml _mz)T O

e Awrtoiikn Aweomopa Ilpoforov

(m, —m,)" =w'S,w

Between-class distance




LDA: Béitiotn AVo1 Ko HEYLGTOS
OLAYOPLEUOG 2 TACEMV

Kputiplo J: peyietonoinon d1atoElKOV om0 TacEMY -
ELOYLOTOTOIN O] EVOOTUEIKAOV UTOCTACEMY

IpoPoin/peTacynpuatiopog apytk@y ogdopévay : ) — W X
Evpeon petooymuoticpnov (010vOGUATOS) W:

(”7’1 _”7’2)2 _ WTSBW
() +G) wS,w

argmax J(w) =

Béhtiotn AVon amo TPOPAN N YEVIKEVUEVEOV LOLOTIUOV:
__ —1 __
S,w=AS,w, (SW S, W= )\w )

Beltiotn Avon (2 Tace): 1
w=S, (m —m,)




LDA: ow@opa amo avaivon Tp@mTEV0VGMV

GLVIGTMOGCOYV

* ueimon OdeTaoNS OLTNPOVTOC OGO TO OVVATOV TNV

LETAPANTOTNTO TV OEOOUEVDV

* uebooog ywpic emiPreyn

PCA
!l. / +,-’"-
NTZ /ﬁ
\ {/ *

* 1010KaTELVOLVVOY

LEYLGTOTOIN GG
netapfintotnrog

LDA

* 1010KaTELOLVVOY

LEYLGTOTOIN GG OLAKPLOTS
RETUEY TACEQY




Linear Discriminant Analysis (C classes)

c n
Within-class Scatter matrix ~ S,=> "> (x, -m,))(x, -m,)’
i=1 j=I

S, (m, —m)(m, - m)’

1=

Between-class Scatter matrix S,

. T
projection y = WTX C-1 linear discriminants: }; = W, X

— LDA computes a transformation W that maximizes the between-
class scatter while minimizing the within-class scatter:

1S, | _ max | WTSbW| ¥~ | products of eigenvalues =

'S, | | W' S W/, product of variances in principal directions

max

m S,w.=AS w., W=[w,,. w.,]

~/ ~

Sb, SW: scatter matrices of the projected data y



LDA (C classes)

« Does S, always exist?
- If §,, is non-singular, we can obtain a conventional eigenvalue
problem by writing:
S.'S,w.=Aw.

- In practice, S, may often be singular (e.g. as in images) if the data
vectors’ dimensionality D is larger than the size N of the data set.

(small sample size)

- Since S, has at most rank C-1, the max number of eigenvectors
with non-zero eigenvalues is C-1

(i.e., max dimensionality of subspace is C-1)



LDA combined with PCA (C classes)

« Does S, always exist? — cont.
— To alleviate this problem, we can use PCA first:

1) PCA s first applied to the data set to reduce its dimensionality.

X M
X2 : V2
—=—>PCA-->
| XN Lyided

2) LDA s then applied to find the most discriminative directions:

[V ] [ Z) |
),-

2 [——>LDA——>| 2

| VK | Zc-1



Avalvon AveCapTnTOV
2 VVIGTMOGOV

Independent Component
Analysis

(ICA)



Independent Component Analysis

 Concept of ICA

— A given signal (x) is generated by linear mixing (A) of independent
components (s)

— ICA is a statistical analysis method to estimate those independent
components (z) and mixing rule (W)

A; "l Wi “1
>1 O O
S NN %
B g (2= Wk = Was
S3 O
* "‘ . "‘ . We do not know
* / XM / Z’ both unknowns
S ' (B/I => Some optimization
Mg A X AV Y 7z function is required



Figure 2.3. Example 2-D data distribution and the corresponding principal component and
independent component axes. The data points could be, for example, grayvalues at pixel 1 and
pixel 2. Figure inspired by Lewicki & Sejnowski (2000).



ICA - Problem formulation (1)

Mixture Components

r1(t) = aj181(t)
ro(t)
ra(2)

(12181 (1)

a5 (1)

+ 11289 (1)

+ (19989 (1)

+ ag05,(1)

Independent Components

s1(t) = wyraq (t) 4

- woaa(t) A

-LH(]F;I

woya (t) -

+ 1383 (1)

T 23 53 “H

T (133 84 “H

-y g (1)

- oo () A

i S A “H

warx (t) + waowa(t) + wygas(t)




ICA - Problem formulation (2)

(.I’] HI\

(H] ':r?tl\

(H]H]\

(J'] ':{fJI \

A HI

r2(t) s2(1) Y2 (1)

=W

\en(t))  \sult)/ \yn(t) ) o (1)

Ambiguities:
« Cannot determine variances (energies) of independent components
(assume unit variance).

* Ambiguity of sign: +/-- 1.

« Cannot determine the order of independent components .



Independence vs Uncorrelatedness

independent: L Y1, Yo ) = prlylpaly2).

Py ) / Pl ys Jdys

Necessary Condition of Independence:

Exhi(yJhalye ) = B4Ry ) 24 ha(ya )

Uncorrelated: Elyiyat — E{y tE{y=} =0




Mixture signals

Fig. 1.2 The observed signals that are assumed to be mixtures of some underlying source
signals.




Independent Components

RNy IRERERRAR
JIVY WVVVTTVVTA

Fig. 1.3 The estimates of the original source signals, estimated using only the observed
mixture signals in Fig. 1.2, The original signals were found very accurately.




Joint Distribution of Two Independent Components

P(S55,)

Figure 5: The joint distribution ol the independent components s; and ss with uniform distributions.
Horizontal axis: s, vertical axis: s4.

| ¥ ol I R
JrJI'.-.-] j'-,-"j_ ”" “H-'| - I"-"";
| () ot herwise




Joint Distribution of Mix-2 Components

p(x,,X,)

!

B2t
LD

Figure 6: The joint distribution of the observed mixtures rp and ro. Horizontal axis: @, vertical axis: rs.

plsi) _ |
[} ot herwise



Joint Distribution of Two Independent Gaussian R.V.

The multivariate distribution of two independent ganssian variables.

If mixing matrix A is orthogonal, then the mixed components are
gaussian, uncorrelated and of unit variance

1 R T
-. ry @Iy,
play, oz} = —— expl —)

-.'I




Higher — order Statistics

First Characteristic Fcn
O( jo) = Efexp(jox)} = j exp(jox) p, (X)dx
Moments

(s) = | (ZX : jpx<x>dx=ZE{x"}%

n=0 n'

—00

Second Characteristic Fcn

Y (s) =log®(s) = log(L£{exp(sx) )
Y(s)= y K i K = d ¥(s)
— " nl ds"

s=0




Cumulants

k1 = E{x}
Ko = E{:!:Q} — [E{.‘IHZ
ks = B{a’} — 3E{x"YE{a} + 2[E{x}]’
kg = B{a"} = 3[E{2?}]* — AE{2"}E{x} + 12E{a” }[E{x }]* — 6[E{a}]"
Cross-cumulants (zero-mean r.v.)
cum(x;, x;) =E{x;x;}

cum(a;, x;,xy ) =E{a;x 2}

cum(ax;, @, g, ;) =E{a;xjepe} — Bl JE{@epa; }
— E{a;a YE{x 21} — E{w;a }E{x ;21 }

ICA:  all higher order cross-cumulants = (




Kurtosis

kurt(y) = E{y"} — 3(E{y’})’

Independent:  kurt(ax, + ) = kurt(ax,) + kurt(x,

kurt(ary ) = o' kurt(z )

( .
>0, supetr-gaussian

kurt(y) < =0, y ~ Gaussian

<0, sub-gaussian
.




Supergaussian and Subgaussian Distributions

Do g
-

Fig. 8.9 The density function of the Laplacian distribution, which is a typical supergaussian
distribution. For comparison, the gaussian density is given by a dashed curve. Both densities

Fig. 8.10 The density function of the uniform distribution, which is a typical subgaussian
distribution. For comparison, the gaussian density is given by a dashed line. Both densities
are normalized to unit variance.




Negentropy J(.)

H(y) = — /pﬂ(n) logp,(n)dn

)T(}’) — Ij(y;jrrﬂ.ﬁﬁ) - II(}T)

Approximation - I: Higher Moments:

| R | |
E{y*}? + —kurt(y)?
SEWT T + kurt(y)

Approximation - II : non-quadratic G, standardized gaussian v

J(y) = [E{G(y)} — E{G(v)}]7

J(y) =~

1
G (y) = —logcoshayy,
(f1

Ga(y) = —exp(—y~/2)




Mutual Information I(.)

I(y)= 2 H(y)-Hy)=KLeWII [ [ n.(»))

y=Wx=
[y, Y55 ,) = 2 H () = H(x) = log| det(W)

E{yy'} =I=WE{xx"}W' = det(W) = const
I(y,V,,...,V, )= constant — ZJ(yl.)

Min M.I. €-2> Max sum of non-gaussianities of the estimates when
the estimates are constrained to be uncorrelated.




ICA Bipiwoypagio

A. Hyvarinen and E. Oja, “Independent Component Analysis: A
Tutorial”, 1999.

A. Hyvarinen, J. Karhunen and E. Oja, Independent Component
Analysis, Wiley, 2001.

S. Theodoridis and K. Koutroumbas, Pattern Recognition, Acad.
Press




Avaivon Kovovikov
2VOYETICEMV

Canonical Correlation Analysis

(CCA)



Baowa Xapaktnprotika Avaiveng CCA

e Z7.£070¢ TUYULMV OLOVUGULATOV:
- XE R™ xm y € R" pe pndevikn péon TpA.
— I'voon pon(y)v pAL T(l@]@
R = E[XX'| Ry = EJyy'|, Ry = E[xy |
* ATOVTIOGELS 6E 0V0 CUUTANPOUUTIKA EPOTNNATO:

— 2& 7L PaOpo etvor Ta 0V0 GVVOLL OEOOUEVOYV YPOLLULKA
GVG)YETICUEVU;

— Ilog pmopovue vo HELO®GOVUE T OLAGTAGT] TOV YOPOV
OLOTNPOVTES TUPAAANAG TIS HETOUED TOVS GUGYETIGELS;

« Yyéon petalv CCA ko PCA/LDA:

— Meloon owaotaonc mapouporo pe PCA aird yio tnv
nePLTTOON CEVYOVS neTafaAntov.

— EmPrenopevn néboooc onme n LDA.




Dopporopoc CCA

Evpeon npofor@v mov nEYI6TOTOLOVV TO GUVTEAEGT
oVLOYETIONG:

_n=ax¢g=by, p acR" bR

— 2VVTELEGTIG CVOYETIONG: .
E| a' R.b
p(ab) = nol___ -

\/E [772] \/E [¢2] V a’R.a \/ bTR_\‘}--‘b

Ipopinpna Ba}vtw‘rmtoinm}n

c:
Pi :maxp(a,b) S.L. aijxa:bJT'Ryyb: O,] — 1,...,i— ].

Avon:
— Zg0yn owevoondtov tpoforav (katevBoveelg CCA):

ey B b P plab)

— ®Oivovoa aKoAoVOLE GUVTEALEGTOV GVGYETIONG:
L>py>->p, >0, r=rank(Ry,) <min(m,n)




Ynrohloyiopog Katev@oveeowv péom Avarvong SVD

e  ALLaY1] CUGTNUATOS GUVTETAYUEVOV:
/2, 1/2 —1/2 —1/2
o =R’a, B=RY’Dd, Cy=Ra’RyRy"’
alC, al C,
p(e.B) = yﬁ = e

Jarayp’p) IllBI
 Metooymuotionévo Tpopinna:
pi =maxp(a,B) =maxa’C,,p
st [laf|=[|B|=1and ala=B;B=0,j=1,..i-1.

* Avon pe ™ ponfsia ™S SVD 10V TIVOKE GUVEKTIKOTNTOGS:

- T T
ny:Zpkakﬁka ai{aj:ﬁkﬁjzékja Pk = Pr+1 >0
k=1

. , , Cauchy- TeTpayoviki popon,
— 270 i-070 Prjpa £govpe: Schwartz EMAEWWOELDEG

a’CoB = Y pu(a @) (BB = X (o) < /Y pEed <p

with @ = a;, B = ﬁi? thus a; —R '/2 a;, b; —R_l/zﬁ'




Iowotnteg CCA

AUETAPANTO GUVTEAEGTMOV KOVOVIKNG GUGYETIONS OGS TPOS
YPOUULKT] OVTIGTPEYLUN OAAOYT] GUGTI|ULOTOS GUVTETUYUEVOV:

If X=U"x;,y=Vy, then p/=p;,al=U"a; bi=V"'b

XoppeTplos:
a,b] = CCA(x,y)

b,a] = CCA(y,x)

Amo KooV inpogopia (Yo Gaussian KOTavouég):
1 r
[(x:y)=—=Y log(1—p? (bits)
MSE-Béitiotn ansikovien y=Wx (¢piitpo Wiener):
W = R,R,' = R,,BPA"

A= [31 ...ar], B = [bl ...br], P:diag(pl,...,pr)



Egappoyéc CCA: Awrpomkn) Hpofieyn

Hopaocrypo: Ta x Kot y avTIoGTOLYOVV GE OMTIKES KOl KOG TIKEC
LETPNGELS TOV AoUBAVOVTOL TOTOYPOVA ATTO EVOV OLANTY:

T T R
3000 :'lé? - t‘.‘?j‘f‘?" 1 ;rira'.i“r i

Eo@oappoyn A2V: (Avatar) Teyvnto outA®v tpOGmTO 0ONYOVUEVO
0O 0KOVGTIKO GO

Eoappoyn V2ZA: AnoBopvomoinon akovstikov GNUaTog Ue
YPNON OTMTIKNG TANPOPOPLOG.

Eg@appoyn AV inversion: AvAKTno™m GYNUOTOC QOVNTIKTG 000V
LE GUUUEN OTTIKNG KO OKOVGTIKTC TAN|POPOPIOG.

E@apupoyn o€ cuyypoviono AV kava@v Bivreo: EVpeon
YPOVIKNG OAMGONGNG TOV LEYIGTOTTOLEL TO GLVT. GLGYETIONG.




Eg@appoyéc CCA: AvakTnon YEOUETPLOS QOVNTIKIS 0000

o [opaocrypa: Ipopreyn e 0éong onuelmv el TS QOVNTIKNG
000V 07T0 OTTTIKT TANPOPOPLA ECAYUEVT] UTTO TO TPOGMTO
oA TY.

upper
blade™. incisor
upper

dorsum lip

'L

®fon onuelmv- Ofon mednTpOV 61N
KAEWOLOV 6TO TPOCOTO YAOGGO,

lower
incisor




Egapuoyéc CCA: Avaktnon I'eoperpiog @ovntiking 0000

mean normalized error

*  Extiunon otatiotikov 2" 1dENG and TEPLOPIGUEVA OEOOUEVOL:

* Alotnpovtog povo tig kopiec CCA ouviot®doeg avcdvel
YEVIKEVTIKT] IKOVOTNTA TOV GUGTIULOTOC

visual to articulatory inversion visual to articulatory inversion visual to articulatory inversion
1.14 11 1

. 1.05 _0.95
& g g
== 1000 train samples E =#-5000 train samples E 0.0/ =#-50000 train samples
5 ! 8
E 'E‘Gsh
2 0.95 g
& g 08
E E
o 0.75
098y 2 3 4 5 6 7 8 0101112 "1 2 3 4 5 6 7 8 9 10 11 12 79 2 a3 4 5 6 7 8 9 10 11 12
mexdal arder macal ardar mndal ardar
Alya ogdopéva [leprtocoOTEpO dEdOUEVQL A@Bova oedouéva
exmoidoguong. EKTAIOELOTG,. exmaiocvong. N=50.000

N=1.000 N=5.000 MAfpne téén CCA = 12.




CCA petay @paktod kot MFCC yopoKTNpLoTIKOV:
Apykn Oeopnon

* KOLVI] 0LTLO PULVOUEVOD — PMOVITIKO GTNL0.
* EVOAAUKTIKES OVUTPUOTAGELS
e .. {LPC xou Cepstrum} vs. Fractal Theory
* TOGOTLKOTOLNG1] GLGYETIONGS NETUED HETPNCGEMV TMV OVO
OLAPOPETIKOV Ocmpnoemv

P,
@‘\‘@

“

Yxnpa 5.3: Yynuatiky avanapdotaon Ty UTOXWPWY HEVIOTNS Kl €EAdY10TNS OU-
OXETIONS OU0 TNYWY TANPoPopiag o1 oToleS Teprypd pour-eEnyoly UEPIKHOS OLLPOPETI-
KEQ TTUYES TOU TUVOAIKOU YWPOU 0 0TOI0S OPEINETAL O€ €va KOO Qaivolero-aitia.




Comparison of Spectral Smoothing Methods

3

| A

|

) ‘ \
Or l:ﬁ " 15 ““1 4_“
T ' l
® / A
% —1 l' ‘\.
= o
g= {
20 2
= / '
EXN:
—4
—5 Short-time Fourier Transtform .
= == == Homomorphic smoothing, 1., = 13
—O6 LPC smoothing., p = 12 .
® Mel cepstrum smoothing, Nfece = 13
_7 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000

frequency in Hz

Rabiner & Schafer 2008



Reconstructed Attractors
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(Pitsikalis & Maragos 2002)
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CCA perold ®paxtod ko MFCC XapoKTnploTiKOV:
Kotatoin ®ovuatoyv

N-ROY0

CCA Coef.
c O H N

N0

CCA Coef.
QO O B N

S NS-XT QL TNX XO
= @© @ »

* KPITNPLO: LECOC OETKTNG GLGYETIONC
* KATATOE QOVNUATOC OVA, OUANTY




CUA HETUGQU WPUKTUA KUL IVAID U U JUPUKTI|PLOTIKWYV,
Ilotoypoppo Kotatoing

o) —
294_ -1St
o 3r 2nd
a
o 2
S
1 ( ﬂ[
0] ’_||_|..ﬂ
'$'$~$§(§(§,§§Q“\E~quw§“\/\,A

* KPLTNPLO: NEGOG OEIKTNG GVGYETIONS
* KOTATOEN QOVIUOTOS AVECHPTINTOS OUIANTY
* TOGEC POPES KATOL0 pOVIO KoToTA)OnKe 10 1 20



Avagopes Yoo CCA

I'evikeg AvaQopeg:

« L.L. Scharfand J. K. Thomas , “Wiener Filters in Canonical Coordinates for
Transform Coding, Filtering, and Quantizing”, IEEE Trans. Signal Processing,
March 1998.

Audio-Visual Synchrony:

* M. Slaney and M. Covell, “FaceSync: A Linear operator for Measuring
Synchronization of Video Facial Images and Audio Tracks”, Proc. NIPS, 2001.

Audio-Visual Inversion of Speech to 3D Geometry of Vocal Tract:

« A. Katsamanis, G. Papandreou, and P. Maragos, “Face Active Appearance
Modeling and Speech Acoustic Information to Recover Articulation”, IEEE Trans.
Audio, Speech and Language Processing, March 20009.

CCA petald ®paktoi kot MFCC yopoktnprotik@v ®ovig:

« V. Pitsikalis and P. Maragos, “Analysis and Classification of Speech Signals by
Generalized Fractal Dimension Features”, Speech Communication, Dec. 2009.




EuxapioaTieg yia BonBeia pe Ta slides:
- laoovac KokKIvocg
- wpyoc¢ lNaTtravopeou

- BaoiAng INMitoikaAng

loTooeAida MaBnuaroc:

http://cvsp.cs.ntua.gr/courses/patrec/




