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2.1 OLA(Observational Learning Algorithm : &3 3}5)
OLAe el stgdolelz e AFHog s4dolgE AAdse
ggo FodAsle Syoltt. o W, & comittee MEYATY o
AEE GAERE M dolEY 2YAUL BASE vk o4
o, FAH02: AHNEAE o/ fH}. AF WES O35 g}
aznzt N #s5 dlolH A D={(x;,y)k=1,... . N)& L
A MEHA £, (i=1,..., Ly FARG%n g, LAe &
WEQRAE g 27 &g doly AL D ZHE bootstrappings
ol gsted NAB LAY %58 4 WEYIEL ) epoch v}
G5 DA(T-step) 9t FRYA(0-step)E  FHaA @, dA9
epochg 23, S dAlE £ B DSE SFde FAYoz %
HEHRY ARANFAEY FHEY. B2YALE d5d JEYAE
o AFE fom T olE3d A7 NY LAY M dolg 4 v
5 AAse dAold. of W, /M4 dole A v 9 dEAdue 9
#9 dloje A p, o YGA- AFEEE B2E F&(noise) &
F7t3te] AAE Aoy, old Y@ v/ 2FHPE, ;A M=
A3 8 AANT L1 A MEHIEY FAE( F.)E A9
A, getd, +1049 gF dHolg A& pfl =D, + VIR
oNAd 8. @, =094M% 7MY HolEst @) b a9
Holg A p, 2% dFo] Y@, ol F8E& G epoch F
HEG ¥, LAY WENA( £)ES NFA o, E o184 2¥Y
02N HFAAE 3], <aFDE 0AE HAE Ao,

Initialize

Let {f;| i=1,...,L} be a set of networks in the ensemble.

Let {D;| i=1,...,L) be bootstrapping replicates of
original data set D.

Let {V;| i=1,...,L} be virtual data sets to be generated.

Do for ¢=1,.G
[T-step] train each network
Az, i=lL..L (m3e D,

[O-step] for each network, virtual data sets are created
VIR (%, 3 =%+ e~M0,D),
3 = Sl ). Sl ¥ = 3 BACE,
%eD;)
D;" =DV
End
Final output The networks are combined with weight a,’s,
S D= B0

<281> OLA(Observational Learning Algorithm)

2.2 Bagging

Bagging(bootstrap aggregating)< Breimanol &&to] sjgd 4y
S8, %g dneEe oAy Ao ARz BE F, olE22 47
G&A7lz a2 ZA#g AYste WHolt(l]l. &, bagging
bootstrapping®l 93t} WEAR LAY doly A diste Lijg
BAag &g dudFse 44¢ &5 ¥, 1 dAsEo] majority
votinge]\t simple averaging® #L W it APHE.
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bagginge ©lole e & wWgty} sg dnaFe A vHe
Aol 2 A¥, F LA (unstable) T FE dneFL AT A
fol AT 45 dehilE ot <IY2>E bagging ¢ 0¥
2 Ad¥ oo,

Initialize
Let {f;1 i=1,...,L} be a set of networks in the ensemble.
Let {D;| i=1,...,L} be bootstrapping replicates of original

data set D.
Do for ¢=1,..G - -
train each network : f(x; y), i=1,...L, (x,y)eD;
End

Final output The networks are combined with weight a;’s

S D= B a s

<Z1B812> Bagging

2.3 Boosting

AdaBoost (Adaptive Boosting)t 8¢5 ®lolE] 4 Z stgdzto A
% Adtlloss)E sl 7ldEst 2 54 dAeo 7HFEAE Fof

FA0 ¥, comitteed A7E GAEE Afst= Yo,
Boosting €A FL FZ weak learning algorithmEg AFAANE
9 %o] 285U, AdaBoost decision treet}t A7 utol g 44
2o A4Yn k. T, AdaBoost™ AT Tt EAEIT o
versiono] s 231 9y},

B AFdME 9gZ(regression)F Aol AdaBoost.R2E, EH(clas
~sification) & Ao WalAE AdaBoost M2Z At&3acH4,5]. <Y
3>2 AdaBoost .R29] ¢12lEE AF Aol

Initialize
Let f be a WeakLearner (=a network)
Let D={(x,,¥).....(x, y.)} be original data set with
yeY=[0,11
Let dist'(s) =
pattern in
Do while Z(%
D' is constructed with dist(j) from D.
train the network : f(z,3), (x. »eD
L= 1%, 9) = y;1

(L max = sup | /(x;, ) — ;| ,over all j)
calculate weighted loss ©: L= gLidist'( 7
“~

"i;, ( j=1,...,n ) be distribution of each
D.

calculate a loss : max

=L

et B=CD (
sl 1-L)

dist"™ () = —“—{'ﬂ-’?z—‘?'—-~-

Z, is a normalization constant.

update distribution :

.

t=t+]
end

o . Ay, 1 1
Final output /., = inf[ ye Y: “z.;y)]og( Br)z 5 log( /3:)]

<21H3> Boosting(AdaBoost : Adaptive Boosting)
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3. AF9d
B Ao = UCI repository? 4719 A A dlojefe] thale] OLA,
bagging ¥ ¥E, boosting ¥FEY AFE vladgc <> 4

dol A8 dlolE A& 898 Aolrt,

HHD(Hungarian Heart Disease)®} lonospheret ##(classificati-
on) Ao s}, 0zoned}t BH(Boston Housing): o} Z(regression)
Ao diste] HEHUY. &9, a5 dHolg A9 2717 AA %9
dutg Ao ogA dFdE vAeIE Ads] A, 4 doj
H AE2 gy doly A9 378 % A £E0F Uy Al

=
<E 1> Data Set Summary
# of Total Data | # of Training Data (N) [ # of Test Data |# of Variables
HHD 196 50,100,146 50 (fixed) 10
lonosphere 351 - 100, 200 52 (fixed) 34
Ozone 330 50,100,150 150 (fixed) 8
BH 506 100,200 406,306 12

ARG 2YEE stz dAEAn &9ty ¢ dFdolH
Aoz RE %28 HZF(validation) HolE Ao 2l3le] AFH
o2 AAHAG, AF4E FH5ANE dngFo2E Levenberg-
Marquardt ol AMEEHAT. A 7t FFE 2udFES 77,
27 AZAAFA} dE 26749 committeeER %‘20}7“ TAHNAL
o, 4749 dolel Ao AT 10740 Aol W3 93 epoch 5%
& % 2534 uhE Adeigl

. AdAT
<E2>9 <qEPL EFY S FA dig A HH FAE dndF
9 494948 47 a%g Aoldg. 253 d@A diste,
FE Al E}WW“ 98 % & (classification error rate)d] W@
F T B L, 01] =2 Ao s A= MSE(mean squared error)ol
g P4 EE sl

<E 2> Classification Error Rate

ot [z of

Boost! OLA
Data | N u a* u Lo’ u a?
50 28.48 31.43 35.56 78.43 24.96 29, UH
HHD 100 21.28 14.63 26.22 46.02 19.04 10.04
146 20.40 9.00 35.71 40.11 18.80 5.66
) pl 100 13.85 5.57 25.6L 2169 | 13.54 9.98
~here | 200 9.77 5.80 13.46 9.85 10.31 13.83
<E 3> Mean Square Error
Bagging Boosting OLA
Data | N i o U ' i o?
50 24.38 18.48 31.32 83.97 24.74 11.04
Ozone!| 100 19.69 2.16 27.33 31.10 19.58 2.80
150 18.46 1.18 22.79 9.04 19.12 0.87
100 22.58 9.72 28.49 68.92 18.97 9.12
BH 200 | 1668 | 428 PT7.37 hns 1559 | 0.77
AYANE ol gt Z dolE AEE A AR FAE FnYF9
e vasd gy 2o
«HHD : OLA > Bagging > Boosting
OLAo) o1& A73he] 9utdl A 5ol baggingol Hi&d o 11.5% A%

AdEbnen, 4 °"7Elz“" AdZAel g FF9 zole £
Fol ASHURFAFE %)

«lonosphere : OLA > Boosting , Bagging > Boosting
Boosting® A%°] OLAY} baggingol wlal % &tos, 0LA%
bagging, -cr dnyZE zho Aol W FFAol:= f98A £
tHAFF 19).

Ozone : OLA > Boosting , Baggi.ug>Boosting

OLAS} baggingo]l A%ol M olrt gdtns & 4 g,
boostng Aee Uz & gnggel w¥ £x ¥dHFAds
F1%).

BH : OLA > Boosting , OLA > Bagging

OLAZE U A F dmgFof vieh 45X o 19.4% FE2 ¢
F84 AZFHYo9, bagging® boosting® AT AolE Fo5HA|
LAHFATE 1%).

3, 0LAY Aol Holww HDel distel, 3% dlolg A9 3
7] #%0 W 4%E Bagging® vlmsl B A, 50, 100, 1460\]
et Ztzd 14.1%, 11.8%, 8.5%%, &% GlojHY F7 FEEE
0LAY %ol #4498 2ot

5.48&

B AFoAE &< dog AL TASE
e o448 WEHA, LA, bagging ¥4E, g AHES A
A3t3, 4749 UCI repository WolE} Ao tha}o], 01':2}-4 A5&
Ha, Agstdd. 4443, A4AES Aste gl Fse
OLAY) 450l bagging® boostingol wste] &gt £&, 0LAY
E44 % dolgr H&4E & dugdFd ud A5 AN}
AQE A2 £ YU,

£ odroA Add A A d4E dEYIE 4EY By o
E ARG dntg deg und Rolnz, FEHE doly A9
E4-dolH o F&(noise)VE, ¥F AS: 2 FF 5o gg 2
5o fdol getd £ Ao, getd, dHoly A9 54 FA§
= 7128 vtdsta oo me wmago] ZrtsloiAol & Aol
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