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A, HolAel oA GAE (ensemble) ol £ o £2 W olgt Tl Kuncheva (2004)=
8 7ol 78B40l bl AES) Fastohd AL o] AN S Ao B Acle) 7
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(Breiman 5, 1984)& ©]83+ AdaBoost (Freund2} Schapire, 1997)2} Arc-x4 (Breiman, 1998)¢] @
2] A Qe oty RAaE duEEe ol ERAl s e 27d Al ¥ AFste] A4
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BRAES AT PHOI Yoon (2010)014= Rad W2 122 do] thawk dlolEln <34
2 dolElE A M2E e GaeSS askth o] GaelEE 7 A e dlojE vzl thst
of, o] Aol wEo BRAEZFE A 7FAE olfste] I AlFe] ERARE wheo] W
olFgA s FRAES Aste] MZE HolHE °ﬂz?ﬂ~£ Woltt o] W& SEA W HET)
A dAstel w2A A-gely AT SHAE E2 A5S (Yoon, 2010). &t} Adaboost
dug &S FEATo] Rol=7t s B L A5l “E’OV]E Aor A At (Dletterlch
2000). 7id ®W37L e B <A wiAl dHolEolA g WErt dojd B SsHHset SEUS
AL 71E (o1- AIZS]) wjx| e thaA Hug olf F&HWS o|2rt A Ao Yzl B &
Ak wEbA =24 wjA] dlolEe]l 485 oy dugEE 450l ok Ax Tl A= 2ol
2} oldsl £ 5 Atk Adaboost] o3 B S573|
Holth A4S} 712 LASSO (Tibshirani, 1996)2} 2+
A B2 B9 g4 ¢7] wiel LASSOE 3+ =

(forward stagewise linear regression)& ©]-&& 4= 9t} (Hastie 5, 2001). & 2ol
Ad 53 3]7 (kernel ridge regression)& ©]-&3fo] AXZ A A3 Z‘J—_ﬂ o
(forward stagewise kernel ridge regression) 7= A|A37|= At F435} 71HE ZAAE S
£ 1% U] GRAEE Youn (2010)0] A SHEN HEAH 1ol S UHe 3uY 4 e
olef 71tha % 9k
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ReEE 8 dlolEt <44 Holele] 18AT ¥au ATAEE erbA AT 20004
278 718 B e FHS] AT A3 712 3FlA Adeth 4FolA s AltE dare
S 7189 F29 U vaE fe) oA AA AR E o] &S] nladith Ak W 7
T IET £2 A5S BYS & 5 Atk viAHeE 5o B =2 Aol tiE 2oF 3

(regularization) 7]
oF Sht AR} B
2 oA A3 37
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Yoon (2010)9] 2 E3} 7 2 Aol meZelA 2-(2)-(d)-(n) EEoltk. 7t BHAY AcE
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2. Twonorm H°oJ¥ : o] Hlolg A2 202H42] 2 IF vlo|golt. ZF 52 &9 &4 3
g Ze thE AqExdA A"t 15 12 37 (a,a,---,0)09 IF 2+
(-a,—a, -+ ,—a)olth
Sphere dlolEle] A9, 7lde] W37} 9= A (no concept drift)= 2] 54 c7F WA 947 o]
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Figure 4.1 Error rates of no concept drift situations
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Figure 4.2 Error rates of concept drift situations

Table 4.1 The simulation results of large scale data

Sphere data Twonorm data
algorithms Average of test error s.e of test error  Average of test error  s.e of test error
depth=1
Boosting 0.190 0.002 0.119 0.001
Proposed method 0.137 0.002 0.057 0.001
depth=2
Boosting 0.120 0.002 0.090 0.001
Proposed method 0.088 0.002 0.057 0.001

a2, AAAE BA
Bhe] % HloEle th8 3 Aue) ERE % AE el E31E 2457 A8 AHEsel

e Adult : ©] t|°o]E|= Kohavi (1996)7} oJ2] 7}x] & #hHE v wdlr] Y& AFR3F u|= Cen-
sus Bureau®| 2t oty uolet uE 5, A, AET 147HA] AF5ATE 54 52 7122
A 50,0008 0] F-2 o3t =Y WEAE ASsh= EAlCIth o] Az lE 50,0002 ©]
Ao 250] 23.93%E AAI5t QJom F 48,842 2] A&7} lth. EHAXALE (training data)+
32,5617 0lH UM A= H|AE ALE (test data) 2 ARE-3IT)

e Anonymous web browsing : ©] A8+ Microsoft 9 Rlo]EE WE3F 32,117H2] Web brows-
ing AL 7128 2tz olt}h. ol 7|A= ALERITL BB web Fo] X2 7|2 E B3] “Free down-

—~
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loads” #|o]A & WES=AE =32} gt} o] AFF 9= “Free downloads” #H| ©] X & H}E31
FA47F 10,835™ (33.1%) 011, 294709 o|& o SW7) 9t HIAE 259 Z7]E 5,0000]

% ZF8+= UCI machine learning repository (Bache®} Lichman, 2013)f| 4] o]-&g —’F— . 2w
£ YYE vrofof 517] wiEel 10 wHE Al3ste] 7 WhHe] e BFE9] BdS v
7} 22 57)7} 5003} 1000 A=t HE2 sdon AE REx= Zo] (depth)7} 19] CART% NS
3}93\“4'- Table 4.20 X+ o] F A5 tigt 23} (HI2EANY LR2FE&S FdH 28 E &+ 3
th. Adult tlolEo A& AtE dae]E ol Ry vhiE T O EAU v A9E BYe
} Anonymous Web browsing Ho|E{of|A&= B8 ¥y o] A|otd dneES Wy EthE Z2AY 37t
T2 2HE BT

Table 4.2 The results of real data sets

block size 500 1000
algorithms Average of test error  s.e of test error  Average of test error  s.e of test error
Adult data
Boosting 0.163 0.003 0.151 0.001
Proposed method 0.157 0.002 0.149 0.001
Anonymous web browsing data

Boosting 0.280 0.002 0.277 0.003
Proposed method 0.291 0.005 0.277 0.003

Yoon (2010)014 % 4 Qo] RAg AL AL W F h8 loEt <24 WA vlo]
Hol thal £ thote] @ 4 gtk aelh Rad SaelBe Agd wolxs EASE 49 1 4
sol ASHETh x4 WA HelEe 49, 53 Ad Wt EAFE A ARl ol =7k EAHs
£ A9 vl A48 £ gome ¥age gio] o £ 4 drkw 259tk oo 2 3
shbs AT7el Aol B =gold Aldkd 414w gaelEe s Ne 2Ades 74

33 Aste] WA 2D GaeFolng

)
e L g% AT Aolet 4aact 4
2 2 erir mou9d A4 A8 A4S Bl A%E du

Shs d 2l5o] &= dHolEH Y =214 HjA)
tlolele] tis] FAgHEY £2 45e 7H & Sle daElseleke Ae Eirh

~ T L
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Abstract

In this paper, we propose forward stagewise algorithm when data are very large or
coming in batches sequentially over time. In this situation, ordinary boosting algorithm
for large scale data and data batch stream may be greedy and have worse performance
with class noise situations. To overcome those and apply to large scale data or data
batch stream, we modify the forward stagewise algorithm. This algorithm has better
results for both large scale data and data batch stream with or without concept drift

on simulated data and real data sets than boosting algorithms.

Keywords: Concept drift, data stream, ensemble method, forward stagewise algorithm,

large scale data.
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