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The purpose of this study is to challenge a computational regression-type problem, that is handling large-size
data, in which conventional metamodeling techniques often fail in a practical sense. To solve such problems,
regression-type boosting, one of ensemble model techniques, together with bootstrapping-based re-sampling is a
reasonable choice. This study suggests weight updates by the amount of the residual itself and a new error
decision criterion which constructs an ensemble model of models selectively chosen by rejection limits. Through
these ideas, we propose AdaBoost.RMU.R as a metamodeling technique suitable for handling large-size data. To
assess the performance of the proposed method in comparison to some existing methods, we used 6 mathe-
matical problems. For each problem, we computed the average and the standard deviation of residuals between
real response values and predicted response values. Results revealed that the average and the standard deviation
of AdaBoost RMU.R were improved than those of other algorithms.
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ool BAYL AAFLA AYF Bopolq ABeHE  HARYAEL o8 BF AF NHOT NBDH LR
GRE 7MY SRl B2E S o] §etauat do RAEL TIU} AdaBoostol & &3} W2 ot} ]— ] , AdaBoost.R 2] 73
ThoFel ZARAD S WA, o] 53 HE R et M2 o $ A EAld 24317 ol H ks ©H S 78 th(Freund and
B IMSAR 2Fsts Wolt F A8 S tFF tojgle] 2 Schapire, 1991) AdaBoost R29] 7 ¢ §]-‘H 29 - (regression
&ots 7ol A ELFE W< ol &kl W HolH  tree) 7H'd & =UT 71 0] 221 AdaBoostRE] 28 W€ 4
oA YF HolHE el &, o] 5 o] &3te] ZARDS A 3]7] Haf AAdHU AT FHA o] RAEA ob= A7
Aeth & FEAEYH 7Pty dGEAFE WHOZ o ZA 59 th(Drucker, 1997). AdaBoost RTE= 4t 23 E S &
FT AL S YT F Ao net GAHCE 7hE QRIIWOE ko272 HolHE A W) A5o] Hlw A
Ag gelste] 2o $2uL B YU ol E B A0 SelA You FRAG R oA 2A7L 5 E
Ao & 4 It A B AFdM = F28 7o) o) 3t (Shrestha and Solomatine, 2004; Shrestha and Solomatine,
FAQ 4 &2l AdaBoost] 7dS o] &3t 3| ARD Al 2006). AdaBoost.SVC.R I} AdaBoost. SVR R 7] 2] AdaBoost o]l
Aol A4 2 G EE At A EZE W mAl 7id < o] &3] A28k Ath(Kou e al., 2013).

o] 719l 7 &g F ol A AL E = shetulE ghol g

12 S 47 A7 BRI ARl o1& H 3] A8 A7 Dash,

A9 29e 9 Rago) dTE o vFE Aol 7
o QU HARLE AT R 2 Y B 1 RH 0z 2 FARDE JF AL F2F 7] AL
v 450l 42E BRE B Raw 7Y L ol fagT)
o) oA HARD MES o2 BF ATe| Aoz M B ATIA AL AdiBoost RMUR 2312)%) BAHe <Figure
st ol Basth o AL AE ANA AZH S ol ok ATk $4 AEATE F 6714 ks AR Ak
o eATl1EA NG AN BE BRA Ao ANHE, 27 DO AA AU 5 A P RD AHE T 9S
GoW B ERYAOE A4HE P S vt kDS 2D SHE A3 93 A ARHAA 33

Hzo| S ARE S AT H 28 71 AdaBoostRY] A5, H= AFH M p, WE ALY ASE A 7FE T,

Algorithm : AdaBoost.RMU.R

- create an ensemble of regression models

Input :

§={(z,, y,)lz,€R”, y,ER s=1,2, -, N}, regression sample

k, the number of rounds

p, the number of .,

T, threshold

f, a regression learning scheme

Z, the maximum number of model rejection per iteration

Output : A composite model

Method :

@ initialize the weight w of each sample in S to 1/, r,=0

@ for i=1 to k

©) sample 5; by using sampling based on weight w with replacement and generate a model, A7

@ compute o = 9= Filz)] _ e,

pute e, = max (y)—min(y) > ¢/ N
® if m;> 7 and r, < Z then

count the number of model rejection(r; =r;+ 1) and save A7 and m; as M,

go back to step 3 and try again

® elseif m; < 7" or r,= Z then
@ if ;= Z then find the model which has the smallest m,, among rejected models in iteration i,
and use the m,, as m; and use the corresponding model A7, as
2 - max(m)— m, . .
® mw, = IHT and normalize 'mwa(me” = 1)
a a=1
ly — F(z )| . N
9 . = s s E —
©) compute F(x Emu” fulzy), B, max (7) —min(y) and normalize SglES 1
N
© update w, = w,+ £, and normalize ’wh(zwsi
s=1
() endif
@ endfor
To use the ensemble to predict response value of point, X
return F(X) = Smw, - f,(X) (i=1,2, -, k)

and m,, temporarily

Figure 1. Procedure of AdaBoost RMU.R
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AdaBoostRMU.RS] %5 Q1< 9f¢f vl Rde 37 rd
< 913 bootstrap aggregating(bagging)Z AdaBoost.RT 27H4 &
A28}, o A 2= Branin, SK7, RSB(Madsen and Zilinskas,
2000), Mystery(Sasena, 2002), Linear, Quad 67] 2] 48} <] A&
AH-8-3kH, <Figure 2>l 2715 o Tt

* Problem : Branin

51 5. 5

1
y=(z,— > . ¢1+?w]—6)2+10(1— 87)005 (z,)+10

Lower bound = [-5 0], Upper bound = [10 15]

* Problem : Shekel7(SK7)

—1
- 3[Se- area)
where
4186325
4186795|
C= 14186323 ,8=10.10.20.20.4 0.4 0.6 0.3]
4186793

Lower bound = [0 0 0 0], Upper bound = [10 10 10 10]

* Problem : Mystery
y=2+0.01(z,—27)*+ (1 —2,)*+2(2—2,)>+ Tsin (0.5,
Lower bound = [0 0], Upper bound = [5 5]

* Problem : Linear
y=2.51+0.523z, + 1.396x, + 8.054x;+ 4.83x, + 20.8346x 5
Lower bound = [0 0 0 0 0], Upper bound = [10 10 10 10 10]

* Problem : Quad

)sin(O.?a:la:z)

y=2.51+0.523z, + 1.396z, + 8.054x, + 4.83z, + 20.8346z ;5 + 12.0852 + 5.18x3 + 4.84322 + 2.084x% + 9.4812% + 9.32322 2, + 15.8138x 7,
+1.1883x 2, +9.84237 x5+ 7.8553x x5+ 28.8545x 25+ 11 813xyx 5+ 8.0546x 37, + 14.8513x 505 + 12.8122 25

Lower bound = [0 0 0 0 0], Upper bound = [10 10 10 10 10]

* Problem : Rosenbrock(RSB)

n—1

u—-§3100 v — 2]+ (1= ))?

where
X=[z,, -, z,JER", n="5.
Lower bound = [0 0 0 0 0], Upper bound = [10 10 10 10 10]

Figure 2. Problems Used to Estimate Performance of the Algorithm
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Table 1. Input Data for each Problem of AdaBoost.RT

Seung-Wook Kim + Dong-Hoon Choi -

Kichun Lee

the number the number threshold the number of regression learning
of rounds(k) of S(p) (¢) regression samples(.S) scheme
Branin 0.013
SK7 0.22 Radial basi
<10° adial basis
Mystery 200 500 68410 20000 function interpolation
Linear 1.33X10
(Powell, 1987)
Quad 0.10
RSB 0.15
Table 2. Input Data for each Problem of AdaBoost RMU.R
the number the number threshold the number of regression learning
of rounds(k) of S.(p) (7) regression samples(S) scheme
Branin 5.12x10"
SK7 0.017 Radial basi
935 10" adial basis
Mystery 200 500 193 %10 20000 function interpolation
Linear 7.22 10
(Powell, 1987)
Quad 0.019
RSB 0.023
AdaBoost RMU.R¥} AdaBoost RTOll Al AHEA7F A3 ok 3>, <Table 4>5 B3] Hol 2 ke 3158 3,4, 52 WA
3t 3% d8H sTHAE <Tab1e 1>, <Table 2>9} Zo] A4 & el P ZEUA e

5\5}
<508 Y T 7|4 oA
daBoost RTY threshold Lo 2 AA 4 0H
AdaBoostRMU RS %= A LAE yo| Hugd A4
o] Apo] 2 AA Y3} threshold ZH .2 AR ST} o] A
threshold #+& T 2A HAg olf+ AdaBoostRMU.RI}

AdaBoostRTY 23} T Alo] T2 7] wj Folt},

Ae 24 e 0oy 20 oM ZARY S i)
AHE ARHEER EAE A4S B7HE AT AR S 1R
1,0007] F&8 &, 3|d Al @A A S5 HF 4
£ BRI E dojyl o 3k Aol o] LA T3t o] W, e b+
) 2445 yof A HAage Afolg 2AYYEE Fhol
o 18 1,00070 9] LAtgkEel e Bt EEUAE o]
&3] A S Hrtsly HE INE ZES UHEVHA 2
Q3 ZARDY NrE EE4S B fi“jr. e @y
e st 2 ZAo tal 200 B8 S A s

37HA daEEe) s e vl

6]-1’4-.

4. A5 +A

AdaBoost RMU R A& <Table 1>, <Table 2>l Y9} 9= ¢
gk oo F/HH o2 AU 2d v 378 ﬁquH‘r—]O]:“:s_

o 2 ATFAA = o e AR A, ZE 3,4,5% MSA
A71H AdaBoost RMURS A T=¢} T&A4E Hr1etyt)
<Table 3>, <Table 4>, <Table 5>h A -JFH E% w3147

£3,4,52 WAAS W, A B2
B A A4 S5 E R A Tled] 26 2
7 e 957} 49 A8 71202 2A Y5 <Table

7L oA e 2

Z A7k githe AL & 4 .
AR NE AR A4 Spef A Ao wdnke 3
F7h4d o), 7 A& A& <Table 5>F 53 & & Ak o
t}.

N
o

ghA B ATl A = Ao BE vk} ST ZE 42 AAEA
Table 3. Relative Value of Mean of Error at Test Points
3 4 5
Branin 1.00 1.00 0.96
SK7 1.00 1.00 1.00
Mystery 1.07 1.00 0.99
Linear 1.03 1.00 1.17
Quad 1.00 1.00 1.00
RSB 1.00 1.00 1.00

Table 4. Relative Value of Standard Deviation of Error at Test Points

3 4 5
Branin 0.94 1.00 0.99
SK7 1.14 1.00 1.05
Mystery 1.07 1.00 0.98
Linear 1.04 1.00 1.10
Quad 1.01 1.00 1.01
RSB 1.00 1.00 1.00

Table 5. Relative Value of the Number of Generation of Individual

Models
3 4 5
Branin 0.98 1.00 1.01
SK7 1.51 1.00 1.32
Mystery 0.98 1.00 1.01
Linear 1.01 1.00 1.03
Quad 1.09 1.00 1.44
RSB 1.84 1.00 2.28
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Table 8. Relative Value of the Number of Generation of Individual

o] 712 &8 Z<l bagging, AdaBoost RT4l| B8] -3 71 &
&%
Table 6. Relative Value of Mean of Error at Test Points
bagging AdaBoost.RT | AdaBoost.RMU.R

Branin 1.00 23.53 0.12
SK7 1.00 0.95 0.95
Mystery 1.00 15.42 0.27
Linear 1.00 0.18 0.18
Quad 1.00 1.14 0.99
RSB 1.00 1.06 1.00

Table 7. Relative Value of Standard Deviation of Error at Test Points

bagging AdaBoost.RT | AdaBoost.RMU.R
Branin 1.00 4.68 0.03
SK7 1.00 0.68 0.55
Mystery 1.00 3.62 0.07
Linear 1.00 0.22 0.21
Quad 1.00 0.99 0.91
RSB 1.00 1.15 1.00

olF g Ao g9l F = AEY W
o ¢ ﬁbaggmg«l A, A ARHEC] TR ItEAE 2
o)

om o] =7

o

%, bagging 7}
-‘Jr Aottt 74l

NE ZAED

Dla] A @zﬂx o °
st k. apA R o] A
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> o |
Au)
rlr
N

Ve E o)
W o)A A4

Models
bagging AdaBoost.RT | AdaBoost.RMU.R
Branin 1.00 1.00 1.08
SK7 1.00 1.00 1.08
Mystery 1.00 1.00 1.09
Linear 1.00 1.00 1.55
Quad 1.00 1.00 2.11
RSB 1.00 1.00 1.77
A% A LS ZHT 9ol 4 4FH 9B AF
A5 SHkEA AT gl ol A1 S sl Ad] 9
3 AdaBoostRMU.R®] 73-9- At QA& yo] Huhghd H 4%k
o Ato| = 2A AP wetd 4 Aol Bt =1
AL 7FeAE FoAA HAw. ol A5 HF HgE 2
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EEAPH ] 5UF HEAE 27 e 53 4 49
oA o] L5 ZA8A Ae

s 71F R 3t HF HE

TARE Y AFE 7 dargfEel o
H At A o2 e 40]‘3]' <Table 8>5 &3l & AFA
kgl AdaBoostRMU.R©] bagging, AdaBoost.RTol H|3] &
% A W] o B2 N ZARES 8 s s
& 4 9t} bagging¥} AdaBoostRT ] 7% 18] 9] W& 345
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