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TInbroduction
* When dofn. is unlabeled, . Supenied, lenning T wot pssible bab an unsupenised; leawiing appieach 7 requited,.
€9 Clusleting s aw Unsupenised, leowing Jechvigue ond clocsTiieation s a Supeniced, lening Hechvigue.

A Suppork Uesher Machine (SUA) T one ¢ e bedt Supenicel, lestnivg algorithme By Clasciobin and o fikh.

A SUM & somebimes more pwerlul Han Aol lehwak i) S complex non-linenr pioblems .
© The otiginal SUM algorethm wos invented, i 1963
© Iw 1992, +he authors suggested & wasy 4o cleate yon-lneat ClossThiers by applyiing the kernel ks . (Maium maigin, )

“Tw 1995, the solt margin wos prepeced, by ohe o Google Employees.

Whot & a SAWNJ- Vaslor Mackine ?

 Tn wackive leowing. & SUA T Supeized, leawing model +hak analyzes daka, el Joy classiliaakion and tegiesin.

A SUM perfms clasciivaation by Kidimg e hyperplane that masiiries Hhe wotgi behueew the dwo closses
(Aote et & aclually con, edend, +o mubT-diensiona classes )

© The Vechors et defihe the hyperplone ate aalled 05 * Supprt vechs®.  This s whete dhe Home aume Hom.
es.

5 We see e Support Veshis i Hhite exomple

© SVM Uses & dechnigue colled, as Hhe kertel ik 4o hancham giew dew and, Hhen bosed, ow Hhese houslmettus
# Pods an opmal boundau behween +he pessible aukpuls.
€9 Suppose thak Hhere ate non- liesrdy seporable datw sebs
kerve) Puc. T
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1‘/\u|,.:._-.,.|~_|.;-.-,|, VeXaXz (b)) Mapping space, H
il space S PIE SPAace.

The non-Iineak Sepatable Case cow be Iinenky Separable whew we nciense +he basis space.
" T Shovt, Separakion o classes s what +he SUM does.

9-%.

How does Fhe sui work ?

&) Inlutliie explanation

" Bosically, Hhe obctiie o e SUM algiehm © 4o Pod 4 luyperplane T an N-erans—mlwww-smug
Clagsifes +he daka poieke .

" leks sy thek we hove e dbncot as bebw ;

© e wanld choose He B TP we vemember o Hhmb vule +o Tlenkily Hhe bw%“%‘%chﬁ%%d‘

- Then, haw obouk Jhi ?
-EEMMMMWWAEMHMQMCM wﬂhow"wj s - clocsthicakion. ;

Aoke Shak 5 (Hbutal, Uohamrk may be shek i ool i)
Hhe baruky o SUK @ Hhek F Hhe dekecet 75 el
Seprable, here s @ wiigue Global solibion w, Hhe

omeTZATm pwl:lem Using %uab&fo prodiamwiing

X o 3} & needed 4o avorl loal nimimum @ses .

- In i coce, we veed Jo ik abosd +he Huunb yule ;
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- A SUK pelims clasciiation by indig the hyperplane ek madiiizes dhe watgi behwew he wo closses

< € wond be selecled) ! l
Whet % Jhe S@m’ﬁ'mme "F mostirzaton ov Jhe argin 7

N I we sleet a hypaplane havﬁj low-Makgiiy > Te--A-or B,
dhere s high chence o wis - classibioukon -
2) Maximizing Hhe mogin dahnee povides swe e bremead-

So k- fiduve date, poids - cowbe classilied with woe anfielne.

- So M we hove disuseed, abued Hhe fieok dericiv boundany cose ouly -
. what F we odd) one daka poic suc Hhed we se unable +o Sepuade enky ?

© : SUM with e classtiadion

@ : VM with nn-imea clossiliention

@

N7 wol. we oaw sckull) e e pid.
* Yow maj be wondering which one s weok ?
- The ansuer % el Lot ote avvect: ﬂwgusehhrvgeloss.ﬁud%w:ﬂvmaj.

- However, Keep i mimd, +ha thee 7 Hade-ofp. /
1 @ Holrades some aultier poiicks b s Pt
2) @ hies +o gditie 0 4dane with perl\blr petiow b s slow.

¢ Iw vl werd, Jhere way hemﬂlrms»PMw-inku’g loks of fme.

< A we duassed, Hee & o e whae we and classy Hhem welk nenrly cepatable way suck as 5

V4 &
* k| kX * X kX
o * — v
*.... * * Keive! Tiick % * *
* kX % X kX %
No%%gew-ﬂem Ml ! we awd class@%us@-lheleml !

+ We wiggd be able +o do sum wih, lnon-lines clssieakion as sson befve.
{
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+ We wiggd be able +o do sum wih, lnon-lias Clssieakion as seon befve.
- Thew, haw wutds +hek be pssile ? L%e decition boundasy doesn'y have 4o be as Shoi fie
© T s possible by mhoduding the el
4 The wethad, edends o poHioms thh st ol eovls) sepaable by hanslamakions o ofgial dofes
+o ap ko vew spoce uging e kel uckion

: Hmw.MoﬂfdwmbMJm-bwgs

L we debine o kel hndiow 2 = 1+ y*,

************ tee, w karel i defed os s
©
oo ..... ‘o - T & a Nudon which dakes low divensined ek spe

avd, hanslam @ 4o o bighy divensonal pace .

-~ Se, -B!P% ’F levvel -led—fous"

Some common kernels are lollowing

0 and « 0

b) Mothematical explanakiow ( MIT AT lechne )

* As we discussed), ihak Hhe SUM does s +o ansuer Jhe queckion as Pilowing ;

" How do we divele +he space with dectsion boundaries ?

+ — SVM- —> 2

© rom now ow. lebs diie ifo how SUM driide he spoce mdlemlialg.

* Fieh, lebs Wik abouk 4 veckor [ Qrshael, o be. porpandtudar 4o e dectiow bunday

I aw be haig oy levghhs
" Moo, ks say Hhat we hate o unknan poidh i Hhe space . whichs aw be . Veskt T fom ok
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" Hoe, We ove iwfesled, 7 the unknon & Yogd sile f Hhe deriiion boundouy o I sle.
& Tn order P thet, we ke going o praiect the Uechr T ook @ veckh Such Hhok 5
38 he drelance Nuher ok we go. the answer woud, be Vgt ale of the buncy

o dhe dedane et Jor ey, the answer woud be el side-

- 1Rf#
(O]
Ww e ©|w-wtbzo ;i Ty psiie sople (+)|  whee c=-b
v
Some anslaud " Decigion Rule

* Now, leks Hhiwk abul 4wo poads . They mush follaw s

3 X s a sompe fom posifie spoce bk Skl unknoww
© Th seome fike ok we have Hwo egquakions . which may be porll.
% Leks wake Hhe malh be essy by hoducing o new variable yr suck Hhek 5
Jr=1 i + sampes
1=l - somples
- lek us mubliply 4o Equeton by Yr 5 Hhen, we wnl see a woge !

Vel %+b)z) © W -%+b 2l

- Henae, we have

yr($~i;+h) -1 20
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om dhe tquation, reqording the Supprt weckts, we hate

5 TS & a s o onchand

Yilw-®r+b)-1 =0

€]
- okay, s Five 4o veaal) the qoal o SVl whick was o maxiwize e Wity P Sheet

- SUA pems closciiation by Minding the hypetplone Jhak madmiraes the motgii| behween Hhe 4uwo closses .

+
%, : & vackr om o 4o & poii loded: T pesitie st

- 3P wo caw temember. we defved, +he perpendiular echor as

5 Ih win o ad & Saday wheh & dhe widh

|E.l/

- width = ()Z')?—)‘

i1

* Now. lebs ue @ Gquakion o \evonge o numaahr of the wilth, 5

Mew o 2w
with = = -
nan nwh
- (-1-b _
= ‘I,\L S ) 5 Wik abad 91 = +1 T pecive sonple
nwi Nwh
1-b +1 +b
Iwh
_ 2
nwi
®
2

© So. we wonk 4o maxTide the wibh ;

& my —— < mn IWI < wwm R
W nan AW w2 lw )
> why do ue do s ?
© For sake of mallewatics /

w7 ele e Hhal we ave Pormulating He cplmization pokiem B Suppt vecks wadlive !

|
Miiwze  — nwn*

Subgeck 4o Y7 (w-Hr+b) -l 2o
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@ - [Y(R-L+b) 1] 20 5 Gomalite he anshaia cpiwizabin paem
 Gomtally spesking.
- Soiing unouchaied, opfretiow peblem may be eases than Soliing corchitied opFinrakion, pioklam
- Thete ave 4uo dypes o methods 4o handle Conshaed OpHiFZakion ploblem Diiect method
Tndieck welbod 5 Edar perat Nochin
Telesor penally Pwckiow
el Logogen

© In W cose, mmgoﬁg%mwhgmmmmmw%wwﬁmwk@mﬁs hene, unamshomed ps.
4 - Do+ _Zz)sﬂslx)+é)mkh«(u) 5 Hey ore all ™ gencialized fyms

@
)J'[)'j(lfl‘)?sji'b)"] 523 & a loglangion wuHipier

Mz

o |3 = 2

=|

o

-~ As we knw, Wwe aw hae a wiviimum b'-lukmg alemdi'ueeﬁ P making # Guel 4o Zero.

Csie R % o Puckow ¢ ol B and b,

®
9L 3 - Zoeyks = o W= Z Nk
dw = =
2 e - 4 “ys = ©
ob T TEMce s Foseo

'Asmhem,%emdkwmmgwsuﬂ!
© The vedlor W & o [Tenr sum o the samples.

4 3k aclally dike) have 4o be e the amet. T+ out be veuj complided

- As Hhe logk shep. le} us substlde © iwh @ .
0 (*®)

3 = o (Zry)(Zxkiks) - Z 2ok - Zhyids - i}n/;fb + 2

@

©| 4 =2x- 3220k

© In o s way, 7 7 cbsered thek Jhe deciion yule & alss k) elaked, 4o e dot- produc

‘W+b 20 ;5 Thn psiiie sanple (+)

© Ny +b 2o
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- okay, s done. lebs summarze -
- loks sy thak we taully wonk +o veagize Hhe howd wisting P ome Vs
- The pioblem may consich b etther Yes ok Mo ClosiPration problems.
- Newal velwork mey be ansidered, as +he best opion i Hhe pioblem .
- Houescr, the AU Wiy be shuck w Hhe local wirimmom.
- 0w he ofter hond,, the SuM may be boHer thon AN beaue s alwaye Dimaladel as et ophiradiow peblem.
> o8 you Pods o optiwm Vi SUR, # & quarcucked, Jnak s @ global optimm.
- The pupese QUM & Ho Classily Hhe desu, spae by deluing e kyperplane where Hhe Wil & matized.
- Tw oidet o maciuize the wikbh. We Rwulele the cptirzation problem with, Loglangax.
- Fom +he oquation @), we may be oble Jo caladste the Laghangian mublipiiers
- Fiom e Gquetion ©. we Hew cw aiadde i
- Fiom the quation @. we can ailadde b.
- Thetelue, we way Lo ale 4o diew the besh shatid e i -He spce.
* Whek # we have o puce where e o e ey ?
- As we dicassed, We ale goig 4o use auy of ketne) Nuckions .
- And, Jhen. we ave going 4o use +he same Jechigue

Pros and) s

Pros and Cons associated with SVM

e Pros:
o It works really well with clear margin of separation
o |tis effective in high dimensional spaces.
o Itis effective in cases where number of dimensions is greater than the number of samples.
o |t uses a subset of training points in the decision function (called support vectors), so it is also

memory efficient.

e Cons:

o It doesn't perform well, when we have large data set because the required training time is higher

o |t also doesn't perform very well, when the data set has more noise i.e. target classes are
overlapping

SUM tegression
“ In Joch mosk f the exomplec of suns are related, +o Clssifiaion

 Howeer, SVM fechigue @ achially able 4o be used Po- vegression . ( Swelines. o 7 aulled; as Suppert Ueoh Aegiessat )
- Then, how does 7 wark 7 let us explati 7 Turvely /

* Recol a5

- In SU, e dve g +o maxie +he wovginy by Jovmuleting e problem as & omex cplwiation pablem 5 . 3 W*
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~ The goal of SUM 7s ackually done looth, i +he clocsifizaton and \egression
a) ClossHication : Moz “he worgh uch Hhet detw pins are coneclly classiied, as muck as possible-
b) Vegiesson : Ao Hhe woigiy Suck +hat -the dela, peints deviale less thaw Hhe \eguiied, acmany ¢ fom J).

L5 ek us Halk 4 ITHe bt more abot Hivs case .

- The goal 7e 4o Mod @ Punclion 200 = wi+ b (Ked, line ) under +he conditon
- The andition & Hhak 200 % within 4 vequiied oauiany ¢ of evow) dohu poid

eg- 1yo) -1 £ ¢ ;5 whee g i Hhe dishance beheen Hhe ted and; Jhe giey fine.
{

So. What 7§ 4he sificone f Hhis valke ?
4> T e same woy 0 with, Clossiicakin appasch . we ek and optnrze the genalizetion bounds ojien. fi \egiessTon.

: The \eglession velies, on, Hhe loce Fhinchion ek Mo costs 7 Hhe dade pals are wilki £
Calbd:asepﬂmﬁdensu‘ve-ﬂw-) ‘ﬁascndsr-?-l-heanp&Jsmealeﬁbdﬁ-H\elwmbﬂ

The cesf 7 Zeto boamee & meile +he band -

* ek us tale an exomple-

Uy The dae, poinls ot he 2 Ved, bais are dhe Suppor- echers i i case

Value Lo

Linike. SUM Classifizaion. +he pont 75 acdvally loeded,  Tnside of the Zone ? How ame ?
- Iw clossiPeakion, e, mdmlews«i‘ey M%mﬁ«#ww

- I vegression, we wank He daka, poief +o be as clase as pessible 4o +he hyperplane .
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 vssally, Tiear vegiession ies 4o P a five 4o data, by mirmizing @ Cock Ruchon . Sk does. do 7 o5 weil.
&> Hueter, @ SUM, ue achually cow depley & ion-Iinek kewel ;7 means we will be able 4o Cezte Von-linesh Vegression. nedel.

T addition, as we disaised,. theve 7 absence of- local wiviiwm .
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