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Kernelové metody
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Obsah prednasky:

-Strojové ucenie
-Kernelové metody
-KPCA (PCA)

-GDA (LDA)
-SVM

-Vyuzitie kernelovych metod



Strojové ucenie - Machine Learning

https://www.coursera.org/course/ml

Spam Detection Siroka skala vyuzitelnosti

Credit Card Fraud Detection kernelovych metaod:
Digit Recognition Strojové ucenie
Speech Understan./Recognition Image processing
Face Detection/Recognition Redukcia dimenzie dat

Product Recommendation @ ...
Medical Diagnosis
Stock Trading

http://machinelearningmastery.com/practical-machine-

learning-problems/


https://www.coursera.org/course/ml

- Predikcia prijmov z mobilnej biometrie do roku 2020:

$MOthaCIa * 90% narast prijmoy,
e predpoklad: 33 miliard USD prijmov z biometrie v r.2020.
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Global Biometrics and Mobility Report: The Convergence of Commerce and Privacy



http://www.youtube.com/watch?v=ImPJeKRs8
oE&feature=related

http://www.youtube.com/watch?v=V25qulxp)
Oc&feature=relmfu

http://www.youtube.com/watch?v=0A08VhlI3
oUU

https://www.youtube.com/watch?v= VFUXFirTX4

https://www.youtube.com/watch?v=X41IWA9Mf-Q

https://www.youtube.com/watch?v=b DSTuxdGDw

https://www.youtube.com/watch?v=qv6UVOQO0OF44

https://www.youtube.com/watch?v=xcIBoPuNIliw

10 Machine Learning based Products You MUST See:
https://www.youtube.com/watch?v=dcZvhP-lqY4



http://www.youtube.com/watch?v=V25qu1xpJOc&feature=relmfu
http://www.youtube.com/watch?v=OAO8Vhl3oUU
http://www.youtube.com/watch?v=lmPJeKRs8gE&feature=related
https://www.youtube.com/watch?v=_VFUXFirTX4
https://www.youtube.com/watch?v=X41lWA9Mf-Q
https://www.youtube.com/watch?v=b_DSTuxdGDw
https://www.youtube.com/watch?v=qv6UVOQ0F44
https://www.youtube.com/watch?v=xcIBoPuNIiw
https://www.youtube.com/watch?v=dcZvhP-IqY4
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Principal Components Analysis (PCA)
Analyza hlavnych komponentov

* Hotellingova transformacia

e Karhunenova-Loevova transformacia

* Siroko pouzivana metdda v oblasti
spracovania obrazu vyuzivana pri rieSeni

najroznejsich

uloh klasifikacie, detekcie, predikcie,
extrakcie priznakov a kompresie.

* PCA hlada najefektivnejsie vyjadrenie dat,
pricom maximalizuje ich rozptyl,

a to bez ohl'adu na ich triedy.
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http://www.youtube.com/watch?v=BfTMmoDFXyE



http://www.youtube.com/watch?v=BfTMmoDFXyE

Linear Discriminant Analysis (LDA)
Linearna diskriminacna analyza

* Fisherova linearna diskriminac¢na analyza

» Statistickd metdda, ktora maximalizuje
medzitriedny a minimalizuje vnutrotriedny
rozptyl.

* toto zohladnenie tried je velmi vyhodné v
. problematike rozpoznavania tvari.

worst

1D subspace

best
1D subspace



PCA vs. LDA
Modelovy priklad zlyhania PCA

LDA
PCA 0
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Priklad rozdelenia, premietnutia do podpriestoru bodov dvoch tried (Cierne a ¢ervené kruzky)
metddami PCA a LDA. PCA maximalizuje rozptyl dat bez ohladu na prislusnost k triede. Metéda
LDA maximalizuje medzitriedny rozptyl [http://www.csee.wvu.edu/~timm/cs5910/old/FSS.html]



http://www.csee.wvu.edu/~timm/cs591o/old/FSS.html

KERNELOVE METODY - MOTIVACIA
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http://www.youtube.com/watch?v=9NrALgHFwTo&feature=related

http://www.youtube.com/watch?v=3liCbRZPrZA



http://www.youtube.com/watch?v=9NrALgHFwTo&feature=related
http://www.youtube.com/watch?v=3liCbRZPrZA

Kernelova PCA
(KPCA)

RozSirenie linearnej PCA na KPCA

Ak je transformacia do vysokorozmerného priestoru O,

potom projekciou vstupnych vektorov x,,...,x, do tohto priestoru dostavame O (x,),....,D(x,).

Linear PCA
.-":- _.i E':

i & Iy o
) d A A el
- - - -~

Eemel PCA

i
o
L

/p R

I
r

N - e
"
e
o

.-'
ol

K

K

Linear PCA and the basic idea of kernel PCA: Using a suitable nonlinear mapping @
and performing linear PCA on the mapped patterns (kernel PCA),
the resulting nonlinear direction in the input space can find the most interesting direction



Original space 15 Projection by PCA
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The (linear) PCA solution

PCA1l PCA 2

The kernel PCA solution (Gaussian Kernel)
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http://research.cs.tamu.edu/prism/lectures/pr/pr_128.pdf
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* kernelovo rozsirend LDA Zovseobecnena diskriminacna analyza

* Metodda GDA si zachovava vlastnost jej
linedrneho ekvivalentu, a to maximalizaciu (G DA)
dzitriedneh nimalizaci i i L .
MEsEiTIsCeno @ minimatizacty Generalized Discriminant Analysis

vnutrotriedneho rozptylu.

» Dalej nadobuda vlastnost Uspesnejej » Kernel Fisher Discriminant Analysis (KFD)
klasifikacie pre pripad zhlukovych,
zlozitejsSich vstupnych dat projekciou do
vysokorozmerného priestoru.

Polynomicky Kernel

0.0 4
-0.2 http://www.mathematica-journal.com/2011/07/fisher-discrimination-with-kernels/



Kernel LDA

140

120

100

http://research.cs.tamu.edu/prism/lectures/pr/pr_128.pdf



Support Vector Machine
(SVM)
Stroj s podpornymi vektormi

*SVM algoritmus navrhnuty Prof. Vladimirom Vapnikom
V. Vapnik, The Nature of Statistical Learning Theory. Springer, 1995.

*Neskor rozsSireny o metddu ,, Jamného rozpetia” (Soft margin), Vapnik a Corinna Cortes (1995)
Corinna Cortes and V. Vapnik, "Support-Vector Networks", Machine Learning, 20, 1995.
http://www.springerlink.com/content/k238jx04hm87j80g/

AT&T Bell Labs

http://www.support-vector-machines.org/

https://www.youtube.com/watch?v=1NxnPkZM9bc



http://www.support-vector-machines.org/
http://www.springerlink.com/content/k238jx04hm87j80g/
https://www.youtube.com/watch?v=1NxnPkZM9bc

SVM - Support Vector Machines

« Siroko vyuZivana metéda strojového uéenia pre klasifikaciu a regresiu
* Metdda ziskavania optimalnej hranice medzi dvoma prikladmi jednotlivych tried

Algoritmus:

1.Definovanie optimalnej hranice, maximalizovanie
hranice medzi triedami : HARD MARGIN

2.Rozsirenie pre linearne neseparovatelny pripad:
pomocou penalizacie za zlu klasifikaciu : SOFT
MARGIN

3.Transformacia do vysokorozmerného priestoru



SVM - Support Vector Machines
1. Definovanie optimalnej hranice, maximalizovanie hranice medzi triedami : HARD MARGIN
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Linearne separovatelny pripad :
* Treba najst taku rovinu ktora zabezpeci

ooooo

oboma triedami



SVM - Support Vector Machines

Support Vectors
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http://cw.felk.cvut.cz/lib/exe/fetch.php/courses/y33aui/03svm.pdf
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Sirka hranice

http://chem-eng.utoronto.ca/~datamining/dmc/support_vector_machine.htm



SVM - Support Vector Machines vektor w je kolmy na plus-rovinu a minus-

rovinu.
kde w je vektor vahovych koeficientov a b je posunutie

2
max —
[

st
(w-x+b)=1 ¥xof class 1
(w-xr+b)=-1 ¥xof class 2

Ww-Xx+b=0

2 (x, —x) =width= 2
BT
w-x,+b=1
w-x,+b=-1
w-x,+b—w-x;—-b=1-(-1)
wW-x,—w-x;=2
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SVM - Support Vector Machines
e Optimalizacny problém ma tvar
N
W] alebo m'”EHWH

st.y,(w-x. +b)>1, vx. st.y.(w-x, +b)>1 Vvx

* Treba najst parametre w,b ktoré su rieSenim
1 2
min =||w|
2

st.y.(w-x. +b)>1, Vx.

Ak su vstupné vzory (linearne) neseparovatelné uvedena
formulacia problému nenajde riesenie



SVM - Support Vector Machines
2. RozSirenie pre linearne neseparovatelny pripad: pomocou penalizacie za zla klasifikaciu :

SOFT MARGIN

kde w je vektor vahovych koeficientov a b je posunutie

Soft margin SVMs, L1,L2 *kde KSI je relaxany parameter (slack variable)
kladné Cislo, ktoré urcuje mieru tolerancie
nespravnej klasikacie.

w1 C je parameter urcujuci mieru vplyvu
toleranéného pasma
w-Xx+b=-1 Ww-Xx+b=1
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W-X+b=0



SVM - Support Vector Machines

2. RozSirenie pre linedrne neseparovatelny pripad: pomocou penalizacie za zla klasifikaciu :
SOFT MARGIN

X1

1 2 ,
111111:”11” "'Cf_,%} tad 1
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* Algoritmus sa snazi ponechat toleranc¢né premenné

&; na nulovej hodnote pricom sucasne maximalizuje
oddelujucu hranicu

Ww-Xx+b=0

e Vacsia hodnoda C—>aq, spbsobi ze rieSenie sa bude
priblizovat k hard-margin SVM

* Parameter C doladuje vplyv nespravane
klasifikovanych vzorov a sirky hranice pri
optimalizacii



SVM - Support Vector Machines : Hladanie riesSenia

minimize L (w,b,¢;) = %”W”2 —Zn:ai (y,(w-x; +b)—-1)

a. >0

. =

Lagrangian - Dualny Problém

maximize Zn:ai —%anzn:aiajyiiji X

i=1 j—’l

aiZO , and ZaiinO
=1

Hladanie rieSenia v sebe zahfna vypocet skalarneho sucinu medzi vSetkymi
dvojicami vstupnych vzorov xi x;



SVM - Support Vector Machines
3. Transformacia do vysokorozmerného priestoru

1992, Bernhard Boser, Isabelle Guyon a Vapnik — nelinedrna klasifikacia , Kernel trik“

o "
® ® - 5 aratmg
L }fperplane



http://en.wikipedia.org/w/index.php?title=Bernhard_Boser&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Isabelle_Guyon&action=edit&redlink=1
http://en.wikipedia.org/wiki/Vapnik

SVM - Support Vector Machines : Kernel trick
K( Xi, Xj) = (I)(Xi )TCD(Xj)

kde K je kernelova funkcia, @ je transformacia do viacrozmerného priestoru
Xi, Xj su vektory v pévodnom priestore

. vl
Linearny kernel: K(Xi : Xj) =X X;

., T
Polynomialny kernel: K(Xi : Xj) — (1-|— X, Xj)ID

Gaussovsky (Radial-Basis Function (RBF) ) kernel:
2
Hxi _XJ H )

20+

K(X;,X;) =exp(-

Sigmoidalny
kernel: K (X, Xj) — tanh(ﬂoXiTXj + /)

* t.j.jej vysledok predstavuje skalarny sucin obrazov v mnohorozmernom priestore, nemusime
vykonavat explicitné transformovanie vstupov do mnohorozmerného priestoru.

*http://www.youtube.com/watch?v=9NrALgHFwTo&feature=related
*http://www.youtube.com/watch?v=3liCbRZPrZA
Bernhard Scholkopf and Alexander Smola. Learning with Kernels. Adaptive Computation and Machine Learning. The MIT Press, Cambridge, Massachusetts, USA, 2002. ISBN

0-262-19475-9.



http://www.youtube.com/watch?v=9NrALgHFwTo&feature=related
http://www.youtube.com/watch?v=3liCbRZPrZA

SVM - Support Vector Machines : Kernel trick
K(X;,X;) = (X -X; +1)°

e Sa nazyva polynomialny kernel stupna p.

e Ak p=2, a vstupny vzor (vektor) ma 7000 prvkov pouzitie kernela znamena
vypocitat skalarny sucin so 7000 ¢lenmi a jeho nasledné umocnenie
dvoma

* Ak by sme mali pouzit explicitnu transformaciu do mnohorozmerného
priestoru znamenalo by to vypocet priblizne 50,000,000 novych
zaujimavych vlastnosti pre oba trénovacie vzory a nasledne pocitat
skalarny sucin uvedenych vektorov

* Kernel trik teda umoZniuje vyraznym sp6sobom znizovat vypoctovu
narocnost v porovnani s explicitnou transformaciou



SVM - Support Vector Machines :

Multi-class SVM

oaasvm: One-Agains-All deconposition,
transforms the

multi-class problem into a series of ¢
binary subtasks

oaosvm: One-Against-One decomposition
g=c(c-1)/2
transforms the multi-class problem into a

; ; Companson of the two strategies in terms
series of g blnary subtasks of complexity on the digit dataset.

Comparison in terms of accuracy on the

digit dataset. OAD OAA
ErTor rate number of 5V Ms 45 10
- e refection -
MLP 0.80% total training time 36 min. 32h 17
SVM - 0AD 0.70% number of 5Vs 5,753 B514
SVM - DAA 0.63%

Comparison in terms of accuracy on the

Comparison of the two strategies in terms
letter dataset.

of complexity on the letter dataset.

Ernor rale
- FIF rejectiion - OAD A A

MLP 3Bl
number of 5V hs 325 26

SVM - QAOD 3.22%

SVM - OAA 3. 18% total training time 4 min. 51 min.
number of 5Vs 9.152 11,109

http://hal.inria.fr/docs/00/10/39/55/PDF/cr102875872670.pdf



http://hal.inria.fr/docs/00/10/39/55/PDF/cr102875872670.pdf

Bi()met ria z gréckych: bilo — Zivot, metric — meranie

sl NNMM |

Behavioralne biometriky
Biometriky sprdvania _— &

B

Fyziologické biometriky
Anatomicke (telesné)
udaje



Biometricky rozpoznavaci systém

Pracovné mody biometrickeho systému su: KPCA

GDA

G » Preprocessmg Feature ExtractlonJ

. \ L ‘BM n il \ b M | WM MWM [ J
> Decision

e Zaznamovy (registracny)

* Verifikacny

* identifikacny

Database




Komercéné systemy - fudska tvar

http://www.eurotech.com/en/products/SekuFACE

http://www.lathem.com/products/automated-systems/fr700-
face-recognition-system.aspx

http://www.xidtech.com/products.htm

http://www.samsung.com/us/experience/smart-tv/




https://www.youtube.com/watch?v=VA2jU7sXh-M

https://www.youtube.com/watch?v=mdhvRNYXOPI

https://www.youtube.com/watch?v=GaOUCaoV8_o&list=PLa7i
Oxl-pL3leU2fmBAWRs993aldkshYp

https://www.youtube.com/watch?v=sgEwBmGCcE-s



Biometricky rozpoznavaci systém HBB NEXT

Farebna RGB
kamera

InfraCervena
Infracerveny hlbkova kamera

Capturing:

Frontal pose

Captured frames
4(50)

Mikrofonové pole




Kinect senzor

Zosnimany
obraz

Vystup na
obrazovku

A

Vzorka
Lokalizacia tvari “Obraz
-Koordinaty tvare
mi -ldentita
l Vystup , . :
: <« Vystupny blok a filter
Obraz do siete (xml) ystupny
-Koordinaty
tvari na obraze Y
N // I
o |/ ]
5/ Vzorka
o | -Obraz
el -Koordinaty tvare
o Modul delenia -LBP extrahované
B obrazu L priznaky
= 7 7 s -| i
S Predspracované obrazy tvari dentita
\/ pomocou histogramovej ekvalizacie SVM
Vzorka Vzorka Vzorka klasifikator
-Obraz i -Obraz -Obraz 1
-Koordinaty | -Koordinaty -Koordinaty see | |
tvire tvire tvére Vzorka
! ‘ -Obraz

Extrakkcia priznakov (LBP)

-Koordinaty tvare
-LBP extrahované
priznaky







NEWS-2016

* http://news.mit.edu/topic/machine-learning

 https://www.extremetech.com/tag/machine-learning

e http://www.kdnuggets.com/2016/08/10-algorithms-machine-
earning-engineers.html

* cloud.google.com/ml

* https://dennikn.sk/558313/najziadanejsou-poziciou-na-svete-je-data-
scientist



http://news.mit.edu/topic/machine-learning
https://www.extremetech.com/tag/machine-learning
http://www.kdnuggets.com/2016/08/10-algorithms-machine-learning-engineers.html
https://dennikn.sk/558313/najziadanejsou-poziciou-na-svete-je-data-scientist

NEWS-2015

* http://www.theguardian.com/australia-news/2015/oct/21/facebook-
photos-could-be-taken-for-use-in-national-biometric-database-officials

* http://www.planetbiometrics.com/article-details/i/3666/desc/dubai-
airport-readies-for-Isquoiris-on-the-move/

* http://www.zive.sk/clanok/109061/presnejsie-navrhy-pri-pisani-vdaka-
neuronovym-sietam-prinesie-ich-swiftkey

* http://www.infoworld.com/article/2901068/authentication/windows-10-
biometric-security-front-and-center.html

* http://news.mit.edu/2015/predicting-change-alzheimer%E2%80%99s-
brain-1006

e http://www.extremetech.com/extreme/211204-google-brings-deep-
neural-networks-to-your-phone-with-translate



