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« Vapnik V N. 1995. The Nature of
Statistical Learning Theory. Springer-
Verlag, New York

« Vapnik V N. 1998. Statistical
Learning Theory. Wiley-Interscience
Publication, John Wiley&Sons, Inc
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o GEib S ELL AL NREARGE T A U
=2 Eﬁﬂ%'fbiiib

» Bt i AR =Y 5 AR EX L [AFAEHR
Rt B, EI’JREPF@%%\,EIJ R FINE R AT
P(X,Y), POXY) SR 7 A RIR . 522
] AT DAARE H 9 AR IS IS A A7 5] 43 AT
( Independently drawn and identically
distributed )M #A<train set,

(x1,y1),(x2,y2),...,(xn,yn)
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o IR
- P42 (G) generates observations x

(typically in A7), independently drawn
from some fixed distribution F(x)

- YZr3$Supervisor (S) labels each input
x with an output value y according to

G —1m S > some fixed distribution F(y/x)
S - 23] HlLearning Machine (IM) “learns”
1 — from an i.1i.d. /-sample of (x, y)-pairs

output from G and S, by choosing a
M function that best approximates S from
a parameterised function class 7(x, o),
where o is in A the parameter set

o REEMA&: F(x,y), an i.i.d. /-sample on £
functions £(x, &) and the equivalent
representation of each £ using its index «
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7 2 Bl AR H=E(x, w) 1ES N pR G H P wog
|7 XL E XX, Y)HﬁﬁﬂﬁﬂbR(w)E(aﬂéﬁﬁ
%—JEI/J;&BT}_U&)

R(W) = | L(y, f(x,W))dF (x,y)

o, {fOW)PRRVE AU B 208, W BRZRI T X
ﬁ%éﬁz {fO,W)} ] LRI R &S . L(y,f(X,w))
7':1 T RO W)Xy AT T 1 3& R R 2k o AN [F]
KT [ 2 S o) S A [ 2R 40 2R B
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nxttrain set B4 B RUESR, (W) BEFR
NS RS (5 > 2R 22):

Rung (W) =73 L(y, (X, W)

EER. (W) RIR(W)E W R, 55
KR v o (1) B 0 T (1F — 52 S 1 F)
MREAORT 5T B IR, (W) AEE % X
LI TRW), EAH PRUETER,, (W) 5/
0 5B B 55 FER(W) B2/ (] 55N «
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WRAEG T S IS P o T R 1Y
HE R RIS 1w, T2 2EH]
A TR 7S BRIELERF (X, W)Elﬁﬁﬁﬁ@l%((i‘
SR B 5 A0 20 6 AU O3 /)N B PRIERD)
Lﬂ@%ﬁmﬁ*ﬁﬂbmmzﬂﬁ
EIZ;JQJ;F— 1-n(0<n<) M R AFAE X

R(W) < Ry (W) +0(N /1)

}
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VC#%

VCZE (Vapnik—-Chervonenkis Dimension) . FEFGIRF 5
HVCERIEME X Z: MN—MersREE, mRFEM
oS BE % 4% PR 2R B 1) BRI BB BT R AT BB Y 2h FR TR ﬁﬁ’fi
TR R BB N FEARITE. RBERIVCLERLZ

BeFT U B KA B h,

o(h/1) = Jh(ln(ZI /h +I1) —In(n/4)

h2 BRI ETH=f(x, W)[FIVC4E, e R A4

(VY \I
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— M 57 2 T (A 22 X 2% ) /2
T Remp(w) s/ i 251 O Y 2R84

¢ F g

) da AR ADURT ZE BT 18 AT DL 3

V£ (ANt W]

2%) HIMEAE 1S Remp(w)

B AR ELZ= N0
(B ZMHEREE (MMt 1

RN, VCAEhSE N, T o(h/I)1E
A PR BR XS R(w SN X 5l F& 27 >
BIERIE RS (Overfitting).
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it & 3] Overfitting and underfitting

Problem: how rich class of classifications q(x;0) to use.

underfitting good fit overfitting

Problem of generalization: a small emprical risk R, does not
Imphy,.small true expected rigk R. sz 1



I QI EE

1. ZATEKN—BEE®
What are (necessary and sufficient) conditions for consistency
(convergence of R, to R) of a learning process based on the ERM
Principle?

2.5 S i FE W SO ) FE T B
How fast is the rate of convergence of a learning process?
3. EHlE I IR R
How can one control the rate of convergence (the
generalization ability) of a learning process?

4. iEF A HERE R
How can one construct algorithms that can control the
generalization ability?

2014/4/14 SRR MM 12



4549 R PE B AN IB LA T (SRM)

 ERM Is intended for relatively large
samples (large I/h)

— Large I/h induces a small ¢ which
decreases the the upper bound on risk

— Small samples? Small empirical risk
doesn’t guarantee anything!
...we need to minimise both terms of the
RHS of the risk bounds
1. The empirical risk of the chosen acA

2. An expression depending on the VC

dimension of A
2014/4/14 LRy i G P2 S 13



4549 R PE B AN IB LA T (SRM)

* The Structural Risk Minimisation (SRM)
Principle
— Let S ={Q(z,a),aeA}. An admissible

structure S;cS,c...cS,c...cS:

* For each k, the VC dimension h, of S, is finite
and h,sh,<...sh <...shg

« Every S, is either is non-negative bounded, or

satisfies for some (p, r}
(J 0 C.ahir )
:SAP R(O!)

2014/4/14 SRR MM 14
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4549 R BT BN IF R (SRM)

 The SRM Principle continued

— For given z,,...,z, and an admissible structure
S,cS,c...cS,c...c S, SRM chooses function
Q(z,¢*) minimising R,, in S, for which the
guaranteed risk (risk upper-bound) is minimal

— Thus manages the unavoidable trade-off of
guality of approximation vs. complexity of
approximation

2014/4/14 S ME 15



girt) W g/ ME IR RN (SRM)

\ /‘jﬁlBEBound on the ri

BHiEWUE
\\ ;/ Confidence interval
o —

216 XK Empirical risk

h* N h
- T

S1 ) S* Sn
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3 ¥ @ ¥ 4 SVM

« SVMs are learning systems that

— use a hyperplane of linear functions
— in a high dimensional feature space — Kernel function

— trained with a learning algorithm from optimization
theory — Lagrange

— Implements a learning bias derived from statistical
learning theory — Generalisation SVM is a classifier
derived from statistical learning theory by Vapnik and
Chervonenkis

2014/4/14 SRR MM 17



SR XSS
X > f > yest

f(x,w,b) = sign(w. x - b)
° denotes +1

° denotes -1

, . o How would you
q classify this data?

2014/4/14 S M 18
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spsrrr Lo

f(x,w,b) = sign(w. x - b)

° denotes +1

° denotes -1

How would you
classify this data?
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gdhosrtsr | ‘
_X_‘ f — " yest

f(x,w,b) = sign(w. x - b)

° denotes +1

° denotes -1

How would you
classify this data?

2014/4/14 SEAE RS 20
Copyright © 2001, 2003, Andrew W. Moore
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° denotes +1

(@)

denotes -1

&gz_‘ > yeSt
| T

f(x,w,b) = sign(w. x - b)

How would you
classify this data?

2014/4/14
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° denotes +1

(@)

denotes -1

&gz_‘ > yeSt
| T

f(x,w,b) = sign(w. x - b)

How would you
classify this data?

2014/4/14
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& X i4) % 1
— .X*

r > yeSt

° denotes +1

° denotes -1

2014/4/14 gy | LInear SVM

Copyright © 2001, 2003, Andrew W. Moore

f(x,w,b) =sign(w. x - b)

The maximum
margin linear
classifier is the
linear classifier
with the maximum
margin.

This is the
simplest kind of
SVM (Called an

___—LSVM)

23
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* Training set: (x;, y;), iI=1,2,...N; y,e{+1,-1}
* Hyperplane: wx+b=0
— This is fully determined by (w,b)

2014/4/14

SUBAE R R
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According to a theorem
from Learning Theory,
from all possible linear
decision functions the one
e that maximises the margin
of the training set will
minimise the
generalisation error.

*1

2014/4/14 S ME 25
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Notel: decision functions (w,b) and
(cw, cb) are the same

Note2: but margins as measured by
the outputs of the function
X=2>WXx+b are not the same if we
take (cw, cb).

Definition: geometric margin: the
margin given by the canonical
decision function, which is when
c=1/||w||

Strategy:

1) we need to maximise the
geometric margin! (cf result from
learning theory)

2) subject to the constraint that
g%@ing examples are classified,
correctly

2014/4/14 ShEFE
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According to Notel, we can demand the function output
for the nearest points to be +1 and —1 on the two
sides of the decision function. This removes the
scaling freedom.

+b=+1an

- -1
Denoting a nearest posmve examp &% X, ana a nearest
negative example x_, thisis

1 C¥Mmputing the Yegmetrit margih (that has tbe py -1
2| WﬂiaXIrﬁh%H) jw ||W|| 2] wij [ 'w ]

WX; +b>+1 fory, =+1| — y (wx, +b)—1>0 foralli
Arw)@e,ngagax@ the ﬁQnsiraints:

2014/4/14 SR LM 27



Maximum margin — summing up

2014/4/14

WX+

WX+b=-1
PR R

Given a linearly separable
training set (x;, Vi),
i=1,2,...N; y;e{+1,-1}

Minimise ||w]|?

Subject to

y,(Wx; +b)=1>0, i=1.N

—> This Is a quadratic
programming problem with
linear inequality constraints.

p=1 There are well known

procedures for solving it ©

28
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The training points
that are nearest to the
separating function
are called support
vectors.

What is the output of
our decision function
for these points?

29



P EFBOGEF AT

D IS | AVREA
T ={(%, Y1)+ (%, y)}e (Xx Y)
P x e X=R"UEMAIEIRIE, RN, SO, H4
WOV, SR, SIS
Ve Y={L-3 Zbists, ok,
R SN X, R T R Y R R
SERR: R EAMER" A4 T R4

2475 8] 432500 /) —=> ngfE =S [A] L4335 n) .
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o &F ATk

iz T={00 Y- (%, ¥ e (Xxy)
Hof g eX=R\y e Y={L-Thi=L- 1, 33k X=R" L/
k% 9(x) , FRE AL
f (x) =sgn(g(x))
HIWHT—HE X 0B Y A

AL, 70 25 I ——H 38 D SR R B U7 v (R
MRIDRAE = ZRIPRFE

LM R AN = AR 9852 2T
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¥ 18 R L2k T] 43 1 43 2 a) .

XEAHFLZHS W-X)+b=0 ABK A IEHRSTT.

T An] 356 WA b ?

TR : RETMWERE, ki h ?

MRE: Wik ——B 4 —Hm aal, il
— It LA R 2R 4 R

LW 7

A PL—AW o AT B2 |, =L w) L=1(w), Wy A ZREEEE

A “IIRR” BARNEE “TRIBRT K
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wEim W B, XERRHEL TR
(W-X)+b =ku(W-x)+b =k

i@*ﬂ%b’ @%Tﬂ‘ _ N
(W-X)+b =k, (W-x)+b=-k

4 w=b=2, MRS
(W-X)+b=1 (w-X)+b=-

SRR R F Ak AL (w-X) +b =0
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4o 4T 1+ H %] 19 /8 2

25 R& 248 % [B] A A i 1L 4 < TA) 4D TA] B 155

2
A [x], (w-x)+b=1 (1_b__1_bj _D2
W2 W2

(w-x)+b=-1 D

W1
W2

1-b
/ / SR T

[x],
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SRIAFE R W) +h=0 MR A

W

WAL “TRR” BEESEBORME T I NG ol i s ek )

| 1. .
mn - fwlf, ki ] (12.)
.. V((W-x)+b)>1i =1, 2 122)

BeBH : OEIATRAGZ S B s of wib™, AT AIE 73 Rl
IR (W -x)+b =0, SRS RAEL () =sgn((w-x) +b")-

s T Rt R By 4328 19 A A3
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Vil(We X;)+b]-1=0

2014/4/14 SEREAE AR S
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NERAFIEGE PR, ARPE UL BER,  FRATT A 0 r] RER K A

mln %ZZy.yjauaJ Xi- Xj ZO[J

i=1l j=1
|
st. ici =0, -
21: ’ Xt 4 5]
&
ai>0,1=1---1

i Ny R gA Al o S R A RSN N Lagrangesie 1. X2
R ETHIAE T  RA AR RE, ArEE
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4, T o~ 19 M

FRAE SR AT o =@, a)"
I

IELW =D yia'Xi, St a’ (g ey, TR
=1

b =vyi —Z Vi, (Xi-X)

P P (W - x) +b7 =0 s i 4 F () =sgn((w - ) +b")

19 F, o M N B a H S AN IR B T4

SBEFIAULIT o A RERVIGEA (%), 150 R

T o BRI T

PR oo RN IR S| sk s A X SE e I E (SV)
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T 4% &, 44 T 4819 A

RER A IG5 s i R sk 4t yi((w-xi)+0) 21, Syt
ST AN A (Y1) 5] AFAHAS B (Slack Variable) £iz0
L SR B yi((wex)+b)+ &1 (B “Hiefl” Zidiskts

i ) -
§=(&-G)  PRBL T UIZREEBERE S (O, FRH X ek
A RS b R

B ERR: 1R o RTREA 2 G RIFERE X R TR
AR, W TS KEE, BEACET (6, B TT LI 2 L 204

SRS SE_ENGEESE & AR, FTBARRAE H AR RO ¢ 2047 7541
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T A2 £, 7T 89 A

NI, SIA—MESHC>0 , Hi H bR &2y

|
min | +C Y
i=1

w,b,&
st y.(w-x)+b)>1-&,1=1---1
£>0,i=1-]
> (I T AR, i W] IERELT ek e S, LA
SR C SR L RATZ KRR AL fE /TR — k.
MCo0 f, UTALLME R 4 SVC I JR 46 1] R 14 26 14 7T 43
SVCH UG r] el .
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VL ER L E T &Y

Loz T =00 YD O YD e (XY g,
x. e X=R"y eyY={,-1,i=1--,1

2. EFEE {8 C>0, fid R Ml s oAb n) /8t
min %ZZyiyjaiaj(x X ) - Zal

i=1 j=1

glsaisc,izl,---l Ktra =(a,a)
3. HE W Zyax et a [F)— 0 O<a;<C, JRfE I
T tljb_yJ Zy,,(x X;)
4 Mg T XIS T T (W x) el =0, e RN f(X)=59n((W*'X)4J5b*)

ialic| %EFQZ
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Non-linear Classification

What can we do if the boundary is nonlinear ?
O

x X0
O

XO X <
X 5 @)
>< O

9
O
O

|dea: transform the data vectors to a
space where the separator is

2014/4/14 linear SEREAE AR S
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Non-linear Classification

© 9 @

X X Q OO —_— ® ®
X v O xix x
x O x

The transformation many times is made to an infinite
dimensional space, usually a function space.

Example: x — cos(u'x)

2014/4/14 SEREAE AR S
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Non-linear SVMs

* Transform x = ¢(x)

* The linear algorithm depends only on xx;, hence
transformed algorithm depends only on ¢(X)¢(X;)

» Use kernel function K(xi,xj) such that K(xi,xj):

)H(X)

2014/4/14

Input space

i |
i e )

FFeature space
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VIR T =406, y,) i =L} L % =(xLIxL)"y e -3
B WT LA ([X1LDX,) ~F i b i) Ok i 2ok 70 &)

[w], +2[w, [x]; +2[W],[X], + 2[W],[XL[X], +[Wls[X]; +[W]s[X]] +b =0

B2 R dm g 23 ] x = (IXDLIX,)T BLsi 3164 23 1] (175 4
A(X) = (LN 2[x1, V2[X],, N 2[XL X1, [XT2 [XE) n
AT 244 23 ] b — vk i £ e 645 23 1] b g — R T

[WLIXT, +v2[WLIX 1, +V2[WL,[X T, +v2[wl,[X], +[Wls[ XI5 +[W],[X]; +b =0
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Ao, RECRI A AR e, 8 X FITE I 24E 2 [B] R M S50\ Rk
SR X FAER)64E=s 8], SR ERXA64EZS B, A F 2t s
MR o Rl 1 -

(W -x)+b =0, Hrw =(w], [w])'
B e e Y DR A TR R ) K 2

(WL, +2[w 1,IX], +2[w L, [x], + 2[w J,[XLIX], +[W Ts[X]; +[wW L[]} +b =0

SRR R GLE =[] v (1K) 70 X ~F T2 (ZR L S 1) B 0 IS
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R R

R IR 1L
min —Zzy.y, a; (4(x)-9(x)) -2 e,

=1 j=1

s.t. Z y.or, =0
i=1

0<a <C,i=1-I
Hor

H(%) = (LN2[x 1 N20% 1, N 2[x L% L [ [ 1)
p(x;) = L N20x, T, V2%, 1,V 20%, 10 1 [ T [ 1)
($(%) - #(x,)) =1+ 2[X LIx; L + 2% 0%, 1, + 20 10 1,0x LI 1,
+[xi]f[xj]1 +[x10%: 15 (2)

2014/4/14 il %EFQZ—:W% 49




_ e

TERIG A M BRI o =(oq,--a0)' J5, 13215 X8 ¥
(W -X)+b" =0

Hop
W =Y yas(c). {110 <a; <C}
b=, - X9 6%)- 60,

B 5 e B

f (x) =sgn((w" - ¢(x)) +b")

f(x) = san(3 yiey ($(x) - 4(x)) +b")

2014/4/14 oy S P2 50



R DR

I SRR KOG, %) O ((% - %) +1)°
H K(Xi ’ Xj) = (([Xi]l[xj]l +[Xi]2[xj]2 +1)2
=[x ]12[)(,]12 +[Xi]§[xj]§ +1+2[x LIx; LIX 10X 1
+2[X, ]1[Xj]1 T 2[Xi]2[xj]2 (3)
LA (2)F1(3), ALK
(P(%)-(x;)) = K(%, %) = ((% - X;) +1)°

Kz P EERSEL, TETW@@ETJEPE’J AL (P(%) - 9(X;))
o PLB T T KOG Xy oA s L A I B (% X ) 79 3




LEMELHE L2 LG RA

g IgRER)E, PR BREBURT KOG, %) O ((% - %;) +1)°
AN B[R AR 2R AR 4 @(X)
R e R AR R A, AT DL R e A
PRk K(X, %), — BIGE 7R, mtnl DASK Ak B A Ak 1n)
1 | I |
min EZZnyJaajK(xi,xj)—Zaj

=1 j=1

st. Zyiozi =
i=1

0<a <C,i=1--I

2014484 o = (o -y )" A LR 52



LMELHE LG RA

|
et £(x)=sgn(), YK (%, X)) +b)

I
;EI\ZEI:' b*:yj_zyiaiK(Xi’Xj) JE{J|O<0[T<C}
=1

K(x,X) — IZR%EL
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1% & # (1% KL 2 4%) 2 3L

WX & R" HH 18, B XYY _ERREK(X,X)
R (EEZEUZ), WRAAES I ¥ 35— Hilbert

F[R] H OB BT
y—H

¢
X = ¢(X)

45 K(x, X) = (#(x) - ¢(X))
o (1) F2as Hilbert g i

|
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K(X, %) =[(X-%)+C]” 75500 1 2 00 4y 4 e
12 2k BN A% RBF
| X=X |
K (X’ Xi) — eXp{— 2 }

O

BEANFE R AL N — AN SCRF IR, BT A U E B 55 B s e

Sigmoind A 4%
K(x, x.) =tanh(v(x- x.) +c)
S —AMR R R, B BT s RO s B A e
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K(x,y)=(x-y)

— The kind of kernel represents the inner
product of two vector(point) in a feature

space of (“+g—1)dimension.

— For example

(x-¥)? = (23,23, V2 2122) (8,93, V2 192) " = (B(x) - B(y)),

2014/4/14 SEREAE AR S
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SVM-g-4£ % &

’I’%% H"] %U m _.7"/\@ ’|,i :’FE:E ﬂgﬁmg‘j ’ﬁ |F'] ;ﬁrﬂ‘j :

B FEEAREZREBERE. SHE RPEBRN, FER
REFHEZRE. Bla: SFEA ST 40000), TR R
FEFE T B2 A 128J8 N AF;

B SVME R IFMIREFEHETRENEREZEHE, B
IMEEGH T AN E R EZER D

Edgar Osuna(Cambridge,MA)Z A7EIEEE NNSP’97 X 3%
JAn Improved Training Algorithm for Support Vector

Machines ,$#&H T SVMRIRHZE, BURR A& 9B %

FATHE, REEMERIN, iR RAET FE,

R EER 4 R WECT R F R B s LA
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SVM-& £ % &

AR 1) R ) &l o3 AE AR IS BIAN ], K& N
1. Bty (Chunking Algorithm):

% & A Lagrangedfe 155 T E M YI ZriE AN AN 2 520 7 7] 2
IR, K30 FEARR S AR FEAR R FATZR, B

HHAESCFF I,

| 2 R R A TR, 0

AFFE KKT 26 A B 2

SSRGS R EISCRF [ s B IO —

ANETH TAESR . SR ISk, Qb BB ARG s L 45
Bilan.: X EEgH) SMORL .

2014/4/14
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SVM-& £ % i
He &7 (Chunking Algorithm):

SMOfSEFH 1 35 7 e R, 1T SMOSRLVZ: IS 73 fir SRy SR AR HE
IR, BRUGENMARA D s T4R, BRI T
A B B DA R @R LRI AT A, AT AN 7 22k —
KM FAEENGR— 8. REREEZ KA
Weslt, (HEE BT ZAR D HERME, RISV RAR L
EEHBERNER . F7h, FIRHAN AR IE 2 5 R
#RAE, AT EAENAF PR
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SVM-& 4% K ¢

SMOSVER GRS, fErMATHIIX

, KA HPRRE, TR I R/ T 4R

TRy, =T,

- TP SMOIEFE NS EAL,
Tu&ﬁmm% RE%EEyM%ﬁﬁW% =

M ERTE B R RE,
BRI, B4, @:
KRR, N7 B A7

2014/4/14 e

X 35k N IR FEN A

W — R+

FARAUE 26 VE LR A T, ARAE A BT AT AT [X 35
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SVM-& 4% K ¢

KA 4 AR T RAF A S LaP DL A (%)
iz @22 146 4 97.26
EE 83 0 100
92357 137 3 97.81
RAE 32 2 93.75
Rk 106 2 98.11
RE 90 1 98.89
A 34 1 97.06
T 87 2 97.70
Fhak 111 2 98.20
gl 40 1 97.50
& E 91 1 98.90
T 3 0 100
XA 24 2 91.67
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SVM& & X i
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SVM-& 4% K ¢

SMOTFLIZAZ ZAT- V%

7E N AT T A SMOBLYEAZ R B Ben AT m A 1A% 70 B =5
B, HA: nANGEFFIFEARAT; na AT
ZH, WRYESEERI WA R NEAT R, BB TR
WERE P R A &= 5l R4 mﬁﬁ?’ﬁ PR [A] ==
PIRZ R BOT S YR . ERZFERES LA lim A
R DN A E A EER AN, AN R ER R A% R
P14, a3k XA 3B 2R PA A SE I AZ R B A 1%
PR A AR HH e . [FIRS, A T SEIUREAS A &
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SVM-& 4% K ¢

Y % E, B EARE A A KN, 1T
EAREAZELS R ADFILT I E], 4R T £

%% A K> (Mb) USRS e A% 5B 5 BRI Y| ZRud T (M:S)
1 0624 5624%23 40726 7:06
10 0624 5624%233 40726 3:90
20 0624 5624*466 40726 2:41
30 0624 5624*699 40726 1:56
40 0624 5624*932 40726 1:29
50 0624 5624*1165 40726 1:23
60 0624 5624*1398 40726 1:08
70 0624 5624*1631 40726 1:05
80 5624 5624*1864 40726 1:04
90 5624 5624*2097 40726 1:07
100 5624 5624*2330 40726 1:37
250 0624 5624*5624 40726 1:12
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SVM& & X i
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SVM-& 4% K ¢

?ﬁiﬂﬁ§§<i_ih: H]jﬁ
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SHENGHEAEF —IL R KA (alpha=0, BE
alpha=C) BREEAEH B KGR, EABHAEN
&EEEES, WRAFEXIENR, BEMNMNINGHEERE
FHERME, BOSMINGHIEERS. 2EEETTH
iR zﬁz&%ﬁﬁ,m%¢¢m¢%%5ﬁ¥— H0
S S AU T B SORF R R SR BT SE RO T T X 4 A51R
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SVM-& 4% K ¢
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SVM-& 4% K ¢
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SVM applications

« Pattern recognition
o Features: words counts

 DNA array expression data analysis
0 Features: expr. levels in diff. conditions

* Protein classification
0 Features: AA composition

2014/4/14 SEREAE AR S
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Handwritten Digits Recognition

f(x)=sign( D v; - k(x,x;)+b).

i=1

ofl = | Output  o(Z vk (x.x)))
v, v, v Weights
- ) () () Dot product (®(x)-®(x )= k(X.x,)
i _ I
D(x,) D(x,) @ (x) D(x) Mapped vectors @(x,), P (x)
) ] I
7 4 1 Support vectors x; ... X,

Test vector x




Applying SVMs to Face Detection

 The SVM face-detection system

1. Rescale the
input image
several times

2. Cut 19x19
window patterns

out of the scaled

image

4. Classify the
pattern using
the SVM

. pyramid

\ /
Input image Extracted window  Light

{19:19 pixels) correction

EE

.

L_.....

3. Preprocess the
window using masking,
light correction and
histogram equalization

Histogram
equalization

|III- ,'I
."I 'I
i

.llll 'I
I|

!

%
- N
Preprocessing

Classification using
support vector machines

SVIM quick discard
possible-face/non-face

l If possible face\

SVIM complete classifier
face/nonface

5. If the class corresponds
to a face, draw a rectangle

)

201474714

SUBAE R R

around the face in the
k output image.
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Applying SVMs to Face Detection

» Experimental results on static images

— Set A: 313 high-quality, same number of faces

TesT seET A Testser B O fa % Bt g
DEeETECT DEeTECT e
RATE FaLsE RATE FaLse
(%) aLarms {(9c) aLarms

=W = = I 20
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Applying SVMs to Face Detection

An example
of the skin
detection

module
implemented
using SVMs

}—/
R

Face
Detection
on the PC-
based
Color Real
Time

\_ System Y,
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Thank You

fuastle ~

Intelligence Science
http://www.intsci.ac.cn
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