
K= X . XT linear Kurrel Kij= kji=<XpXi) = XjX
linear sim

=Xi -XjT

eprimary a primary
form (data) linear correlation -

h(x = D: w ...

· dual form has imput simki, xi) =kij , not
the data (x)

hix = E . . . . <joxi]
m

Sim(X ,(i)= Kij
dual :-templeXi = patient in hospital.
h(x) = fuction of similarity

h(x) = Function (patenta of (x , other patients)
slood pressure ,

Siptems)



-

·
KernelTrieealter h(x = Fanfon (H)

(xxp =Sim(iii)

·
Oh h works with any ral kenel

(not just linear knel)

· pluy in a domain-specific/sim-designed Kemal (ratia)

# gaussian Kruel kij= eli-xill/ (Prved)

· use
the classiter h() with non-linear karnel.

deal h(x) = function (nortn
· effect : h(x) linear

can do non-linear separation!dassiter
Lex . regression , sum)



Lecture7116 :KNN dassiter => distance/similarities .

= Kernelization/duality of Linear classifiers
= HW5 : Sum + krvels

-at supdateiday 7118 cales

-

- Projects
week : basic seepnote.

Tosutt/mother
-

This
d sample Bustconcise

informal simple good
Conline)

- next week : feedback + direction
-

·modet AlG · debug
· more data · evaluation

· diff data · other idea-

· computation/scale



FundamentalML : similarity (xi) tj) between 2 datapoints
↓ distance (xfj) opposite

⑭ correct/exact sim (i)xj) E correct classification/ML

· default su with linear algebra = <iXj]= xix;
Elinear Kernel Kij =X . Xij = <xix]
Stifjy

· cosine (xi , +j) =

#=productlength-gen
Xi

-
· (I cos
-

-

-



· Enclidian distance Ixi -*j1=-xid)2
- d=1Morm 2 distance) -

· Manhattan desteuer Ii-Fill
norm 1 distance

· Nom p distance Iki-XT=x;P

· Mahalanobis distance mahal(icis) =VT)
COVAR INVERSE

or all feat·if( , o Jinitvarianetheen => Euclid distance
feat V(xi-tyT



between feat·

itOrn
a

=> weighted/normalized
Endidian Distance

featuresmatter same

Yx

· Endidian dist similarity
Gaussian/RBF Kernel Escaler .

·i-til/202-max ket
k = sim(hi , x) = e when Xi = XI

-D
=nun Kij = e =



·Fitdistance Chammilan =# of different
-

ham = ] feat values.
da

diffract-Xia

#RNEL=SIMILARITY K=Ij]i=1 in
Keruel mativ

StiN NXN

· not any similarity (doman) is a id kee (ath)
· what are rand terrels ? K = always hear but

in implicitspace/reputati⑮ ORIGINAL data D-dim ⑪ NEW I

space
X = [Xx. - - x

*]
-
=[ .. -PE]



K=valid kernel>W = d() · ANT
kij =((xi) · P(X)7

linear in O-space
·linear Kernel K=X'XT uses not , or$ = X

Kernel Trick in ML
Tdont use of explicit ,only need existence ($() theory

Ido not compute2)
Know map

dual form
· primal Anh(x) = faction => h( =function(4)
then we can use hi algorithm

with any kernel
.
(Th

,proventh)



#examples (xixj)) ralbend~
explicita for this they example 4-dim

original x= [x x]-> b(=[x)Yx+ XxX*x]
z-dim

[i]2R (iv) (xixi)] X

[Q(xi) ·&(xj)) =# [(j)
<

(x)
2

(xjxj) (x5Xj)]
liner similarity
in of space =( - xj)+ (ixj42+ 2xxjxixj

= (xxj + xixj)2
caclulate watI

= (xixj))) [xi



-

k= (xixj) +1) valid kene! calculate kij =f(xixti)- without I

original
I
exercise Kij = [P(i)

· P(x) >

( ,x- Q[(X)Y, (xY2 ,V2x ,-2x2,
Exx2

,
1J3-dim

ingeneral : polynomial Kend kij = (i · xi)+ <)
↑

-

E JPCmap such that kj = <(i) · DET

practice : we donot
calms late/explicit use I



Gaussian Kernel

kij=Intre
VALID dot product <$(x)

· P(i))
-

k= T #unfinitedimensionality.

laWor:a(h(x) = frutu(xxT) =

=fucton(k)
SVM · KNN to enable usageof valid

.

with Kernels
v Linear Reg
· PCA

vo Perception



-RecallLinear Repression Normal Eq with Lyrpenalty/May # Lecture)

intuition J(w) = ((XW-y)+ (xW=) Convex in w
minimum. ↳ reg

==0 When I(W) is Ttr(w)
ex1 dim(1xD)DXN (N*)

Q? same

↳
=u (wixtw-2wixtin-wWTX - -unix+Y

~pretend I-dim↓Pretend is 1-dim(w) end-dim t XI
. W

-
↑ I idmatrix
=1EXTXW -Y + JI .W

= XXw - xTy + Sw

wanto
-SqDXD , pos

definite (poseiral=

xw = XTY# (*x+xI)w = XTY ⑭

invert-left by#X)

Emme(closedform)x+/
Best (th)w for win squemor of t line



dualize Regression . dual :WFX6(xT)primal ; compute W of
with coef 2 .

(*x +x)w = x yc
=[xx+x xid DXD

NXI NXN

Pf that w =Xx XX
↓is cost for Xi

kthecalcatmanas
w =XTx

(xX + JE] · xTc= xxx+2 + XXd [xX+ J In

= x (xx+ n + xind) = x(xxi+N)
=EMInTEAI] Y

same

= XTYv



dual L-Regression (Kernelined Ridge Regression> HW5)
L = dual var W=X+L
[
=1: N w

h= X .w = xE = E = 12

Primal dual
h()= Lik(xijz)

- i= 1

· train
= function (similarities)

a= (xxi + bin]E test for datapoint z&

use K=Kernel valid other than XXT

tand= [k + /In]FY test hezt=Lik

K= Gaussian , or Kepolynomial



Recall Perception update rule (May 28 Lecture
=

Perception problem :(modfird data) Gradient Des update
Give N Vectors fis , - You 25 a xiw alexin

hyplane w st . Xiw 30 fi and
=-Jud

=--

-Find Zwd-(puts all points on pos side) I =- if Xi=
ERROP(w) =Ein 30 2) T =mistake

-

umtake pos e
= -Xi

E how for from Vector

Niw <O
hyplane Xi is

GDupdate for datap Xi

not unstake I w = Wodt3 .x
XiW30 new

-correct) I all datapoints Xi
=mistakes

- T
&BS : no

error no mistakes ↓ Wnew =Wold +3
*:

=((w)= 0 Xiwo
Ximistakes

Evenstee Exiwcol
d



Perception Algorith .

While (couchton)

[ step K :
Xk misskassified

whew : wod + Xk
mechanics count di =#steps where Xi

has been used for
update.

=add to w
= XT .d

many
times

counts for each datapoint
=Gi ++. -

XN

-#sXe has been added to w

h(x) = X . w = X . (xx) = K.d use any
valid

(XX(--

Kernel !


