Booskng
(&4

e TIn ‘oaaaing , we created an ensemble for veducina the variance in

\m'%h— vatiance —low -bias (s{:rona > base waodels

. Booang e onother ensemble method used for Teducm% e bias n

\ni@‘n—\o(as—\ow—Vav‘\ance <weqk> bose wmadels

e Intuiblen: — Even a s'\mF\e (weak) wadel can t':ijcaHy describe Some

as‘;ecks OF the \‘n}:u’c-—ou\-pul— (I/o) Te\ab‘onsh{)o

— Con we then learn aon ensemble of “weak \mec\e\s") where

each weak model describes some \Da-r{‘ of the T/O re\aﬁoﬂSh\'P/

and combine these wodels into one “sh‘ong model ” 7



Booana shares gome similarihes with baaa&ngl
— Both vuse an ensemble of wodels for cam‘oining predictiong

— RBolth can be Used with ony reﬁressx’oﬂ or classificahon q\Sowr{-Hnm

. Df\oeerehce between bougg\‘n% and booglﬁn% \lez in how the base

models are \oe?n% rained

— TIn \oaaamg , '’ io\en’dca\\y dictkvibuted wodels are conshucted
Pcva\\e\\/

e

Tn ‘ooos‘dr\g, Yhe easemble members are conghructed

sequen\'{a\\y .



gequen‘l:'(a\ Conglruchon in Boosting
' G

In{"orma)ly) the Sequenb‘a'\ construction oF ensemble memberz T2 Jdome

n such a woy Hhat each medel tries to correct Bae mislakes wade

by Yhe previovs one

Medified Modifiod Modified
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Boosted Model



Example af— sectu.enh'al conshruchow in boesHvL%

X
Consider o ‘oinary c\cxss('g\'cq{-foh F-roblem with aD ;nPu]: %X = [x:_]
— There ave N=10 datopoints , 5 fom each class

— N classificaton tree of depth one (weak wodel) {c vsed as the base classifier
(eplik into twe 'regt‘cm.@

(Modrfed dah)

(Modified data)
Re-weighted data from y?)

(Orisinal training o\qh) . m
Re-weighted data from y

Initial data
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X1 lineay

 \Weak model 1 Weak t&\afde\ 3 Weak Model 3 decision
= boundary
Yboost Nonlinear
d ecision )
boundary v
The boosted
) classif\'er is  move
0 2 4 6 8 '?\exible Yan the
e individual classifiere
B oosted wodel
The _P‘-na\ clossilier ’9\9 . (x) = \Nen'j\nl:eé majovﬂ-s vote of the three
aas

weak dectsion trecs



BOOSth PYOC@AUY'& (\Cov c\assi@ico’rforo

Input: T'rairf\r\a set T = {5(‘), 7‘” N

i=1

Ou’CPut: Boosted Freci(c%‘cms 3 ( )

oosl:

(1)
1. Assign wefah{s w, =1/, to all data Foin'l‘s

- For b=1 1o B

— Train o weak classifier \/( )(X) on the wenahjceo\ l:'rammg data. {( = (')

‘."’ 3

=\

— Update the we\‘a\n’cs iw-fw)}‘.: From iwiw}.:‘ :

—* Inevease weiah’cs for all points miseclassified by ?(1.)<_&)

—> Decrease weights tor all points Covrectly classified by y(b)(ac_)

2 The Preci{c\-\'or\s Brom the ‘B classifiers | ';,(\) (x), ?cafz))...,)’ (%), are

combined usina o we\‘g\ﬂ'ecﬂ ma‘jovi{-y vote:
St3n<

o((b) >0 a\woxls




]:Eera{-'on b=1
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¢« How do we Y‘ewenah% the dat, W

e How are the coe?‘FiC\'enfS &m; --

‘ : ! v O\E’j'fee J’ C‘ov\f\'c\ence
) in “\e PTQdI-CHO“S
__ 0, _ made by the o

X1 o((z) §(z) X1 ok(s) y(s)j
y boost

ensemble mewmbex
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>’b°°s* (9( = 5‘3“ Zl A b) (b ('x)

b=\

xl,___,____ ol

()7

- olm) com?u‘ted 7



ANda Beost (Adopl-ive Boos%in8>

e It is the Hret soccessful implementation af the tdea of boos{-ina

* We will yesticet our focus o bina'ry classification , but ‘ooosﬁng is

also applicable o wmulti-class classification £ Y‘eﬂressfon problems

* Output of the AdaBesst classifier

B
A (¥) A (b
Y booct () = Sign Z o 7< ’ (2)

b=

« The \-mming of an AdaBoost classifier follows the general form of o
‘oinmy clossifier v = s\‘an { '?'(?S)_}
— Te class FY@G\iC’n’oﬂS oxe oblaine ‘97 ‘\“nres\—;o\cmn% QC"_(_} ol zevo

— Tn AdaBoosk, they are oblained by %\res\no\d\ina The wefah\:e&

3vm of PfecJ\\'c’dons moade by all ensemble wmembers



Exponential loss jn AdaBoost

/becau\se it vesults in convenience

° AAQBOOS}.' vses exPonen)n‘a\ los 8 \n Qq\cu\ql(\'ons

Ly, §) = exp (-v- #x s>>

Ma-rﬁm.

——  Exponential loss
- == Misclassification loss

Loss

0 |
-2 -15 -1 =05 0 0.5 1 1.5 2
Margin . §(x)

* The ecnsemble m™embers are added one ot a Hme , and when the "b th
member s oadded, it is done o minimize Ythe exponenbal loss of the

enhre ensewmble conskructed =o ?av



Training of AdaBaost Classifier

» dets write the boosted clascifier after ‘b’ jtevakons

A (b> ( ) S"Sf\ { Z °{(J) (J> ('X)} Model Model2 --.. Mode! B
/\0) A(z)
: () (%) \Z \‘;La)
= .S\'av\ { ’?(b) (?i)} "(z) Z A C3) ’5,(,))

boosf

j_
\/ output o
VA
(v . . (v (b-1) (e) 2 (D ensemble
* We con express £ (%) teratively : £2%(x) = % (%) + o477y (=)

(o)

* The ensemble members os well as the coefficients o are conskructed secruenl"'a\\ly

— At the b’ iterabon | Lynchon 2 (%) is known ond kept fixed
— Only £ and the b’ madel S}U") (x) is learned

— Thie is alse called " GrEEDY" conshruckion



o anqinir\a 1s

a(a)

‘?(b-‘)(’—‘) . oLCb) ?(b)(,_() [ :Y—(o) (?S.) = Ol

done by minim\'zih& the exponenlial less of the dato:

N .
oy - e (0, 1)

(“';) =

= arg min i CKP(‘)’(;)- %CB)C?_((;‘)>>

(&Y =

- org win i exp (—7(‘). (4&-:) (ggﬁ)) + o ,}7 (im)) >

(& ¥) = —
Unknoww.
N : N A .
= arg min Z exp (_7(') :F“D") (Zm) exp _7(')d\ y (i"))
(d19> i=|
o

o Weigh{'s Lo+ individual data Poin{'s n {'Tain\'ng set for ‘L’ H  iteration

Wim o\__e(_‘- oxp <_ y () {Z(b") (3‘”))



. Ne\%h‘h Wg(b) = exp <__ >/(i) ¥(b—|) (?S('.)>>

¢« Note Hthat the wdgh’cs {w((”)}: are independent of 2 3 ?“’)(?_()

=1

~n

— (Ohen Rearning ycb} (x) and & by solv(ng the loss wminimizoabon

N
We can consider iw;“@}‘._‘ 6s constants
B /Caﬂshn{"'

o, 50y G 0050

=

» Rewrite the cbjective Zonction as
Trdicaley Bunchor  yetums

N , _a N () / Wy N o) o/ 1
> W ep(-yPa§(x@)) = N 2w LT{y"= &M
1= L:l é\)_/ COWQCJC
= WC.
Incovreck
R . | /._’\ ec
¥* \/ (ﬁh)> is the ensemble + e > 2 Wi(‘o AL %_ \/ (> #F Y (5(\))}
mewber we arve Yo learn here = .

:We



. ’Rewr'\\-\-ina the o\ojeci-i\re Lrackon

(l

W, = €t 2 w? Ty =5 &)

i=1
N ; . = o o = () (O J (=
Z W;Cb) ex‘:<—y()d\§(im)> = W, + W, We = e % i EgL\/ # V(= )}
1=

[

-/
AN Iy

ORJ3 Cosve ctly I“Cov:rec\‘ly
classified classi Ffeff& 5
da\'ﬂ ?°§r\"5 Cia\'o\ FO\n
« det W= W.4+ We be the bt sum of we.’ahts
N
= Z N'\(b)

=\

* The 027" is winimized in twos S\-ajes:

P~

= first wov k- Y

— then w-v. + A&

- This is possible because the orsu\menlc ,7\ burns out Yo be \‘nc{ePencaenl‘
of the actual value oﬁ— A C? 0)



« det W

1

W, + We
N
Zw

1=

be the ttal sum oe wen'am:s

I

* The "0B3"Y is winimized in two S\-aﬂes:

P~

— fivskt w-v k- Y
— then w-.y. + A&

- This is Fossﬂo\e becauste the orgumen’c ’7\ tormns our Yo be \‘ndePenélenl‘
of the actua\ value & & (70)

e To see Hq(s) note Hhat we can write Hhe

“orT" Lnehon

“ndependent
\! ] 0? (‘
cel" = e W, + €% W, W = Z @/ 7
A
= e (W-wWe) ¥ eFWe = e W+ (e%eHW
. \"\ﬁn'\m'\z‘mg ‘ORI is ejuivq\en’c to mihimizina We w-t.t. 57 weights +

N eovre c\-\\/

N ' Rcobon clo\s.?\'(ﬂ‘e&
(b) |- AL ¢ & Mg Q\OSS %@
gin 2 L{y®= 5=}
=

Yo es Po'mh

A(‘b
Y )



. . A . W L4 g . . . - .
. memzmg OBI s ec}uwo«\en’c to minimizing We w-r.t. Yy

N
A () - A .
\/(b) = arg min Z W 1%7(0# }’(’S_C‘)>}
! = S~ ~ —
wefa\nted misclossiPraahon loss

for the 1th dala point

!

e So the “With entemble wnember should be btrained \07 mim’vn{-cfng the
wefg\rljceo\ miscloccifiaation loss  Lor all data Poin}s

— 1his vesembles standard \'raining of classifiers, except for the
weights W;(b>, which beils down o Wefs\ni\ng the loss for each data
Po'ml'

« The inkuibion & We"g\"h W;(b> s that, at iteration \b/) we should
?ocus ovr attenbion on dato Poinh Ffreufous\y wmicclossified in order

fo “correct the wictakes’ wode by Ythe ensemble of the Hivst
Q:—\) e\ossif’-{ers



e Once tre b B casemble ymember 5 AOD) CX> has been Fainedl

we Ythen weed o learn coe(—?-.‘c(‘@n{— okCBD

\

v 1t (¢ done by \minimithﬁ, the ORT " w.¥y.t ok
3 - argmin e W =+ @‘"— e™*) We

A

— Diffeventate w.vr t- A and cet the derivahve Yo zero

= -—aeW + ale®r e we =0

= W = (eQ‘xa—\) We




. OP‘Hma\ value of- A A = L Rh<\’\/ - 1)

X W e
() . N .
- B o\ef-i\nin E_C") — We _ i W, JL%_ y( ) £ Y (5>(3(x)>}
y 8- brain -  — — ZN N ()
=

Yo be the wei%‘!ﬁec& \mfsc\assf%cgh'or\ evroy -@-or Yhe b Hh o_\assf@'er'

we can express  the oP’n‘ma\ value o?— A as-

()
b 1 - .
ok( ) = ———‘ ,Qﬂ ( E ha\n)

(b)
E rain

b
. o{( ) o\eFeno\s Lpon the \'fa?nina ervror og the ‘b’ B ensemble wember
Hence, A2 ean be interPT@’C@d as the confidence in this membert
Pfedu'c\'l'dn
Q)
N ) ok(?—),. d\(g) are > ©



Ada Boost A\Sor'\'\‘hm

G L1
Input : _ﬁ—aimna data  T= {Z Y ‘)}i=\
Ou’cputl ‘B’ weak c\ass{«g‘ers

Y Assigh weights w;(‘>= Y to all date points

R> 'gor b= 1, -y B do

~

N
y § x0, 4y W

(v ( 5 .
— Compute B = 2 Wi? I {y® 5 50 (5“’)}
\=(

(v
- COMPu\te oﬁ(b) = 6-5 In K\ - Eh‘ain>
(&)

E train

— CG‘MPUITG Wi(b“-‘) = w;(b) exp (- ok(”-"> \/(\') 9‘(\9) (§>>

—_ Set w;(bﬂ) < w‘(b.ﬂ) /i wj(b-n) ‘—?or R:\JZ,...I\\[

1=





