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What 75 AdaBoost ?
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For the glory of God

© AdaBoost, Short o Adopifie Boosting . T one o pupula- bsasliig Hechniues deteloped; ™ 149¢.
v

Boosting s an encemble Hechvique Hk sHlempls 4o Oente & shong clostlier fom a number of

v

A weak clossifler s Simphy & clossier Hut R?-des poo“ﬂ d pe\-Poms bebler thaw vandom uessing -

eq. classtlyjing a person as male ov Jemale based, ow Hhe heigiks ouly.

- Ada.Boost wos +he Pus} vealluy sucesshul, booshing algorrthm Jor bmag classirasbvon -

( T+ wos ochully e best algorthm b binany algortHm 5 however, s \epudalion Jeit o Hhe shade belbe ANN)

~ AdaBoost hos been useds i congunckion with other leoting algorithms +o Tmprove Hhei perfymance

Tnburtve explanadion on AdaBoest

Let's say you are given the tas sting out al the people in the city »f San Francisco who
are taller than 57", weigh less than 190 lbs, and are between the ages of 28 and 41. Now

the problem is that you are supposed to do this without the help of machines. All you are

allowed to do is take a look at the person and determine whether or not that person

qualifies. How do we do it?

‘)

of people who qualify. Wouldn't you agree? This is the cor

How does @ work ?

* Tn order v e 4o expla ®, et

0) Adapltie

You may or may not be good at estimating
these parameters just by looking at the

person. So to improve the accuracy, you get

three people to help you out. The first person

eally good at guessing th ight, th
second person is really goc gu ng th
‘)ﬂ\' and')u‘ thira € S 'u:\; O d at
guessing the age. Individually, they may not

be all that useful to you, because they can do

ombine them

only one simple task. But if you «

and filter out all the people, you have

chance of getting an accurate list

cept behind AdaBoost

l
how does 7 work 7 we wi get Here.

e dempose Hhe words AdopHie - Brosking .

- MaBust & adoptive Fn#k%%sub&gw&umklmmawwmpamopﬂuemm

wisclossified by pevibus clossifiers.

- M the begiiing, we giie Zqual weigds +o all of hating ook

Things you should know (Machine learning) Page 1



- Buk ow eoch Yound . +he weigide of Mconedly classified examples ae incrensed, Such Hhat wesk leover
% Joced, 4o fooug o +he ved- vound . For conecly clossed examples. ate dectensed, T e wetglks.

b) Boosting
- The bosic coneept belind, AdaBost i +o cledte o shong classifer by the conlunclve ¢ Moy wesk classifers

Brample ( Aderene Mool )
* lebs Suppoce Hak He hating dota ave giiew for by classiivardion

* Slep 1) ek the Wil wei

':l ; whee n i the WML&:P -HATm'vﬂ dota

|\I\
z
&
-
=
x
n

l

70

- Slep2) Rwn the weak leotuing algortthm 4o get o, wesk claseifier

n
2" Thee are niecbesiPed bosed. on the by boum:ln-:] (s Jowale with heiglek > 170.0m )

o n

\
+
e €9 e | matle 5 classiPation wle = wele a'-phegﬂ-fsg\m‘&m [ocm-

- We wmay veel, 4o aladate the wischestization wde

N
z W™ (Yr % Gm ()

n

Misclossilieation ewor m
= wy™
=1

(0% 1) + (0.1x1) + (0\X 1)
i N=10 and 3 v Y5 % GuOk)

0.1 +0.140.1% -~ + 0|

= 0-3

- For +he vied Slep, lebs anaddte +he optimal weiglek for by clossifer

g ) |- éror
Boplival = 3”6"'{ Erior )
| |-0-3
= ;M( 0.3 )
= 0.43365
© Slep3) Liplde weigis
Iy
=ty i Tncence e weies o e wisclcsibed debu
i
: S | UGPSR | TR TN PNV | INRRPNIY Y IO Sy R B
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>4

Wy, new =

n

[}

- For +he doda, peadt 4.

Wy, new = Wa,od - exp (-1 0.42 1)

o.|

0.1 x).62

Incrense the wea‘ﬂld-s ow +he wisclosstiied, deke
Deciense the wegids ow Hhe conechly Clossified, deke

0.42

- e

0-|52

'Fo\-‘l-‘\eola‘ulpoﬁ*l,

o0.] & ©-06657 (Denreoe)

- In ovder 4o updede Hhe weigleh, we've golig 4o Uce the Guakiow as follows ;

Wr[m‘) = wr™ exp (')’fﬂ"‘q'"‘o&))

{
Note Hdk Vs = 1 bk Gm(ta) = -1 (witsclossireation)

Wi new - exp (-l -0-42-1)

ol x e

0.42

0.1 X 0.657

0.0657

h,

+

+

-I-"'.|.

[

- As cow be see, Thavech clocsilreation womd, veneive Wigher wercks .
4 T+ pompts our classThiers +o poy mere allenton o them i the next Heration .

- Step 4) Repenk the Sheps Aom 2 ond 3 boed, on e updeted, Hutting deke

Mechssied,

+ h,

Lebs say thak Hhe wenk algorithm piedicls the bundoy bosed ow Hhe updated, g deda.

( The alghm wigld 4wy 4o Classily Hhe upddded, dod poidk as exock as possible )

Vo
b

h,

- Slep 5 ) Combine ol wenk Classifrexs

- Tn Wi cose. we have thee weak clossitrrs ;

o+ would be calouladed, with, the Some procadute explaiived; T Slep 2.

eg. 1) classtly Hhe dabe based o ha clossifer
2) ladde the wisclossibicakion voke

3) Calculdde Hhe optiual 3

/
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> Shang Classfier = 2 B Wesk Clossier

+ 66 + .93 )

\30:1 Yhak s @ o shovg wank clossiier. (SGv means either + or -)
Slep 6) Run e Shong ClassPier 4o conduck bivowsy Clossibreation for Hhe Hhating daa

042 (-) + 0. 66 +043(-) = ¢ + i H>o0

;o classifradion

eg N e dodo ik 3, H =
- H<o

Devuadion of AdaBoost
* To begin with. let us suppese Hhak we have o dabe seb | (6,3 (6,3, -, O(u-)’w)f where eock X5 hos an 97 € 1513,

-+ The loss Punclion = dePred os Hhe exponential loss ;

L(y, foo) = exp(-yPon) ;5 The geal & do mimimize +he loss Ruckion .

Tn \egression s Yow veed o winimicze +he dishance behweew pedicled and, ookl wlues.

- Mslep m o Adabeast, shge-wise Addrie monﬁﬁ % used. T genialzes Hhe Jollowing oguakion ;

Mooy = 'Dm—l 00 + AmGul(x) ;5 whee Sm s o oM. ond Gm s a Chelier (o Weak leoner)

- Theefve, the loss funclon beomes ;

[l

N
Ly, Poo) nZﬁeﬂp(-ynJE(m) 5 4olal evor

"

v%\ ep (—)’»PM () -)’nﬂm Gm ()(u))

N
2 p (-InPmr 00)) exp (-YnBm G n))

n=|

£ W™ exp (Jn Bm m )

n=\

i where W™ = exp (Y P O0)

- 8o, usea}egof»g%dwaseémwdl,em Sudv Hdk 7 imimizes the loss fuchon 5

(Bm. Gn) = dgmin '%Wn‘"'exp(-,emywem(m)
B
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pwblem 2-1.
Show Hhak Jov eoch B>0 . Hhe solikion Jv Gm (1) T gilew by ;
_ _A_)_ M)_(M)
Gin = Ohgmin =t I (Y7 % G00)
A&
Solubiow )

~ lek us daMe o look he loss Jhuckon .

w m

)
L= Z Wr exp (- Yr B G U6

) _(m)
= Z W epEB) + Z W™ op(Bm) 5 yr % G 06) mems  Misclassilication
FeGuiw) | Iewoty

Note +hak Y = Gmoxs) mewns they e wil ether -1 o 1 5 Such Mok muTpadtion Jums ek alueys posie values

N m Noowm
= ep(Bm) Z Wi T (Gm0OG) $Y7) & e(P(-Bm)rZ' W™ (1= I (&m0 % Yr))
= =

N B N
= (Ao ey = W™ I (yrx Gor) + P = ™
=\ =
v ¢
I¥s alweys > o i B0 s a conglont wrt. Gim /

- Henee, in order Jo wirimize +he Lunchiow,

N o)
Gm = Ovgmin Z Wi "I (37 % qom)
Gm

Poblem 2-2.

|- &
ZHm

Show Hhat Hhe optimal p s given by Bm = 2 log
Soludiow )

- lebs veatt He locs funclion .

L = Z wr™ep(-pn) + Z W™ oxp (Bm)
Vi =GmOF) Vi % qmOG)

* Tn order o oblain Hhe opHwal A,

- v [ Z W™ exp(-pm) + Z W™ gpp(
Am o«l;'jémuw (y.-=e...nm A e motey 7 )
m

~ lebs st 4he devivative of the fnclion @ Hhe orgwitn, 4o 200 ond, Solie R B

_i ( = W?tmexp(-pm) + Z W™ exp (Bm )) =0
dlem Vi =Gm ) Jix gmOG)
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Vi = Gin OF) Ji % GmOG)

-Bm
= wy™ e'em = 3 wi™e

S %m0 7= G

Z wy™
e eﬁm I7=Gm06)

e hn = W™
i xm 0G)
Z wy™
7= Gl —Bm\-)
o P L R ae ofn (o)) o oBm. o hm
= W™
Trxm06)

y-M
L futm ahn

=z wr™
7= Gm06)

© SBm = Aw

Bl

= wi™
Jr %m0

Eu)fm) s wy (™

N

_l—/é” =t Y& qmOly) 5 wlg\e 2 w.—m) _ Zw‘_m) - Z w(_('m)

a =z wrm) Y= Gmoe) = Yi % Gu Of)
Ji %qm06)

W™ (7 % Gmokd)
) 5 St we defe Givm = 3
= wi™

)
B)-
§
. | —l
?\_
3
|
vz

Prblem 2-3

Show Hhak Hhe weigle Jor dhe nedt eration am be uPJaJeJ, as ;™ = W™ exp (-BmYr G U6)
Solukiow )
- Sinee we defred the weTgH— 0s pollaufvg B
MM) = exp (’)’m‘pm-] ()ln.))
© We caw e the Expression v the wergld of next- Heraiow
ww""“’ = exp (-wam 0w)) - @

- 1P we cow verall the Puckion fw, 7 shouid be S

‘h”‘ Ow) = 'pm—l O) + BmGnOG) -
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et ue Substide @ ko B, Hew we huve ;
ww[mﬂ = exp (_yw (-pm-l () +,3m6'm()(w))>

exp (-y»-pw (XW)) op (-)’wﬁm&?d{?(w))

W™ exp (~n B Gin 0w) )

u

wr(vm) - WTM) exp (—yrﬁme()&.))
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