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A Double-window-based Classification Algorithm for
Concept Drifting Data Streams
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Abstract
work is built on a single-window-based mechanism to detect concept drifts. Due to the inherent limitation of the single-

Tracking concept drifts in data streams has recently become a hot topic in data mining. Most of the existing

window-based mechanism, it is a challenge to handle different types of drifts. Motivated by this, a new classification
algorithm based on a double-window mechanism for handling various concept drifting data streams (DWCDS) is proposed
in this paper. In terms of an ensemble classifier in random decision trees, a double-window-based mechanism is presented
to detect concept drifts periodically, and the model is updated dynamically to adapt to concept drifts. Extensive studies
on both synthetic and real-word data demonstrate that DWCDS could quickly and efficiently detect concept drifts from
streaming data, and the performance on the robustness to noise and the accuracy of classification is also improved

significantly.
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IR AT AR I L B 1R Bl it 73 28 5% DWCDS
(Double-window-based classification algorithm for
concept drifting data streams), %5 75K HXZ &
FUNLHI PR B & IR RS, I 2l A 1L 1 R 7 11K/ DA
SRV G L, FO R TR LA A R
MIA L. SEEGERN]: LR a A, U2 & DAL
AT AL R AN AE J5; BE4E, DWCDS Sk A
BRI S IER AL BERE ), HA5 3T B ) e AR A
R M 2 IR A I 5% CVEDT (Concept-
adapting very fast decision tree learner)® . HT-
DDM (A single Hoeffding tree with a drift detec-
tion method)!'% Fl HT-EDDM (A single Hoeffd-
ing tree with an early drift detection method)!),
Je BE T AR BB ) MSRT (Multiple semi-
random decision trees for concept-drifting data
streams)l”’. CDRDT (A streaming data algorithm
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for concept drifts in random decision tree)® ik
FILE, DWCDS KK T Pt RELS 73 R

ARSI ARG IR 55 1 5 g8 v A
KAE; 55 2 1541 DWCDS (¥ v AR R LA £
55 3 WO AT T SER U M B R AT T
ISEAES) LN

1 HxI{E

VTR, Vi 2 573 BN S B 8 Ll U ) 73 2R
I i T ORISR SR, Hulten %57 2001
TR AL T AR PO B ) CVEDT 5532, R
TR B Bl L A B A8 45 G R e A, U
Rr &5 T AE R L T R A RS, — EUR IR
TR 3 S IEA A0 T IH 4%, D0 FH sk 7 4 5 4 11
B DURA DR ABE Y S I Fge B . SR, W) P AN 25
s ASCBL AR 0 A T R O B, R AN R
T I A8k, Gama 25T 2004 FHEH
— R S IR A U7 vk —HT-DDM 5 ik, %
J7 S P B ) o R DR A, IR S5 A 23
AT BEE BE X 7 B R B . AR, AT
G T b i A A%, 2 T, Baena— Garcia
S5 2006 R H ek RS EE A RN U vk — HT-
EDDM J5i%, %7 R N AR A ) A iR Fe AR A b5
BRI BE S (15 FIWTAE S A% . Nishida
ST 2008 AFEHR H TP AR MR SRR A I T VS —
LID (A leaky integrate-and-detect) J5 k12, K4
20 RS PR SRV 3 RS PR T A

PEAN, WG IR 3G — 2R 21 fa] 5L 70 S 2 He
DA -FHITEE S L IR O E TS bl
VF2 23 TH R 2R T A AR By S I T VE AL B
HARW, EETAEW R Kolrer %5 2003 4E 4 H 1)
DWM #0131, 2005 4t AddExp Hik04) D
JeAMEAET 2008 AE42 H I M_ID4 513000 #12R H
AN B RS R 2R AL TSR I M 2 R AR
Hllaint, HORFLER MR & IR I & 2E. Fan 45T
2004 FEH LT BEHL YR SR ) ot T S RS T
T30 TR P T I Kt o I ASE 7R 1) R A S A A
SRR, IR AT S8 UE AL 32 5 73 kG
JZ. Gama %5 2005 F48 AL T U SERM ) UFFT
(An ultra fast forest tree system) Hikl6l K% 2k
e LRI 7 B3P 2K T, M P e e 0 ) O v s DU B
Iy RAAT IR, MR FIEDOT AL HE S JE . Li
S5 2008 R HTEE T BEHL O SR ALY (1) MSRT
Fdk, RANZRE WRAXUE LT, A H Hoeffding
W RAEEABE RS 5 (. ek
i B, Li 55T 2010 R4 H T2 TR AL o SR A
¥ CDRDT $3. Wu 457 2009 “Fiit ) AEC
(An adaptive ensemble classifier for concept drift-

ing stream) $7L08) JLF7ELk Bagging Sms 4 a4k
S22, A B BIA 1 S0 AN W b SRR . DA
B K JUR RS CVEDT AL, Y4 F v Sp
FEAN 3 S ORAT TR I 7 10 358 20 54k 1) 2 A AR Ak
R L S, I ZAA T 3R 5 1 £ o A
A4k

AR TR R AL, AR SCHE ) DWCDS
SR EA UMW IR A 1) BT REAL U R A
AR AR, ARG S T LM PR o 2K
J5 2) SR — om0 358 1 002 B RS I RE 2 52 A% 1)
BL, FEAHE 2 1 s o0 A 1 A2 Ak e e VA%

2 DWCDS: £TXNEH OB ZBEE

RORLEE
2.1 EiEER

AR SCHE T RUZ G U HL R 3 M A e A8 5 ot
KA DWCDS, 5k N AN E0 K8, B4
Heor KA K RRBEHL S 2 i, AT o2 4R
BT AN W 21k () )1 Zr s 14 1 b 58T
YRR AR R I R U A I B e 1 R s
I3 AT AR A I TR RS, JF B A M K
AN BFEFEAR AR IR W R

&3% 1. DWCDS

Input. WHIEE DSTR; MREE4E DSTE; J&Mk
EE A KA CT; MR KEE ho; KA
N; BN RBRIAR K; Wt 0 SW; J/NE O BME
MinSW; fx K D BIM{E MazSW; FEARE 1T w; 45 S8
BN FBIEL rmin; L R 1 B R .

Output. 73R A.

1. For (i=1; i<N; i++);

2. KM SW St m R e KOBRBE ML S
PR RIS 28 OT;

3. While (B £k)

4. If (& SW IN)

5. IR B B3 10 5 184 R 2 S U2 4 i 43 26
W CT, FA i s 11 5 3 H 1A Sl o0 A (128 40 50

LTV R T RS
6. If (RATIER)
7. RSS2 CT IR —AN 70 R R %

SRR CT;

8. R — NI RN CT b R
BN B KAN,

9. For (&AM g4)

10. AL IEE T K ARBEHL D SR SR $ L
T 23 2 25 B

11. TR N NEEA SR I T 4 R

2.2 EXALIEHF
221 WEERPLEBHIWE

w1 T BEAL P SR AT B (e o, L A
e 0020 Kk, DWCDS ik Atk N
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MU K BRBEFL R SR I XUE S o 2 s, Horp,
TERE SRR SR I, PRk AT L Jm PR 4% LU &
SRS LTRSS IT MSRT H9k.

h T R ER R, AR T AR
JT A N T R TR T e R D B A,
I3 A B SR S AL P SRR DL R AR v R ) I
PERE, BEANIE A AR I BENL YR A8 K e
X ymin{ Cllorm 2110}, S, -] Sty BHCE,
| Attrs| 4 JETEANEL, [|Attrs|121 =22 g g 5B (1) B¢
K= ho.

ASCRH T Hc KA Naive Bayes PR 4> 257
WMT7. B KRR T IE EATAT s 122, R 73 SR UERf P
FHTEENE AU Naive Bayes; 1fil Naive Bayes #152 )&
PETAPBRNT AR () BRI DALk, S P A i a4 1) s
FRAE 23 AR T ASTR] ) 43 S F0 7 2%,

2.2.2 WEEORIBESZ AN HLH

AR SCAR BB K XUZ E DAL, A
PG I B 10 OSBRI A e TR
B MEEHRKZH 2 DERE O w, 4K
s e 0 (LK 1), BN ERN SW =

{wla W,y Wp—1, wn}

a1 sw

W W, W, W, W,

- -
wHHW,
K1 QA4

Fig.1 The structure diagram of a double-window
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BT 3 JA DR AR 45 T 1011 1371507, 10723 - gy
Bb, Ay Tt G I AR PR S R, AR SR I SCHR [6] TR
BRI AT JT 5, BCEANE B BB X SRR S
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SEAR SR o3 A R BEAL AR B, 0 I AR 15 R b v 22
SR p, = errori /i, s = \/p; (1 —p,) /1, b, i
K BHBINEL, error; AR RIFGIAN L. BARH
ER RIS AR an R
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Hw, XN HETRE p, SHEZE s;; ARG, Bhw, T
FRI B A by BT MR & T 46 54 AS o (1Bl 2
3). FHEEIMSER ] RER AR B B N, B

TR R A TEREEN B LSS, DRUE, $23% DWCODS
I I B PR L

1) BEAIER RAEAE S 1 (1 3, W 2 B
T BV w, TP AL RT AR T RE RS 2, 25
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Fig.2 Drift within the sliding window

2) ML IRRE A A AE T S 1 (B o, i 8T 3
Pz, S E Wy AR AL RAT DS W,
A 25 58, A T HERR ML S R AR A T 1) e i )
IREE, OF SWL LI ILENR R P OJRL SW
IR P ARiEZE S AHANGERX (2) BEATHIE, 3

Wi AL 25, WA R A TS IR Iz, BT R

(e MBI SW, MRS O S
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Fig.3 Drift at the beginning of sliding window
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Ko BRAEAR O T 8 10 RS BOR IS, ANBEIE MY BT H bR
BR B IHY ) i85 0 2% BE AN B S IR A il T
JTINIE TSR0 AS A 5 | RS 1R 2 ST AN 7845 I i

FIA, R T AL A IE NS, SR Bk
ot ) LT PR S A S A R T i IR o A R 2 T —
ARSI, AN, I8 A [RIREAE I T
¥ (i aCR 58748 204 AR AR i A 0 % SR ) i
KANHATEN A WEE, HFWE T KMt (MazSW
5 MinSW). £ KW 2IMSEERE, SW b5
AT FR RN, G 5 I o 20 1R K/ ks 21 i
/NBIE MinSW, WIERER JAEANAR; 5 5 A7 A il 2148
IR, SWONBEIN— AN AR DR/, HAIAF]
T KNBIME MazSW B ASEEE .

2.3 BEiESH

I IA) 42 2% 5 43 A1 DWCDS S92 18 I 18] 45 =
DESAIR R =S WELL NSy 5 2 ol SN a8 1 L R 115
FoAts JURR SRR PERE ELA AR 1. Horpr, |eon| . |dis|
I3 | R S RN B O 4 A B e T R
g5 R B AR FRISFTRAN R O(1), T 42 B 45 75 it
15 BIOFREAT B Ak, R, A BEINAE N O(¢). n
FoRMENE PP EREAE 0w, FANEG [mf| &
NIEME A; MEUEANEG O(S:) RoanBdadh « hiy=s
BINEL; |classes| FRAREIERTIFMNANEG |nieay|
IR T SR SN, | Attrs| RN B AR () @ 1k
8

H 1 nram, fER UM B B, 509 DWCDS
(Rl R e B W) CDRDT S0k, AIG T HoAth Py b 7 2.
MR AL IR, 5075 DWCDS A5 X2 & H
T AT LN EOH O, I s I )z g /3 F A JL Al
Sk, DR, SRR A I R AR SRR IS R D, R4y 2K
FIBBY B, 25 5905 ) I (R AB AR ).

IR SR Ly M 5Lk DWCDS 114 [ 9 4
TFEAATHRGOME S E DM I
o, RA I EWFE R O(|dn] - |v] - |classes| +
lln| - |Attrs| - |v] - |classes]), |dn|~ |In| 435l &
AN URR G R T A RN B o] Ros & e T
Y BCAE 1R d5e KA B T Bl AR S TR AR
O(k - |w] - le]), k RRPTEEEAE D w, HAH,

\w; | FRFEARE LKA, O(e) RoanFENFGIIAF
fii=3 8], 509 CDRDT 145 ()1 #£[7] DWCDS
Sy A A AN HE; 5030 CVEDT A MSRT #1737
Feornh O(|dn| - |Attrs| - [v] - |classes| + |In]) 1
O(Jt| + |window| - |e|).

3 KIS MRES R

N RAE DWCDS 530 ME 2 122 5 6 I AL 1 1)
R, A SCREEE T AT LIRS Kod 45 ) DWCDS
BRI DL 55 % SRV 4 S ABE TR ) 19 B i 11 AL 1)V
AR (SWCDS) 84T T 88 X b, [H) i,
SEIG AN EE T %0 5 MSRT &%, CDRDT #
;v CVFDT %3k, MOARS (RAAELL 3 HF T H)
PR HT-DDM 53 (& T 518 Hoeffding #4 11
“Learning with drift detection” #E&¥EE %)
HT-EDDM #3% (& T 5.4 Hoeffding H1 “Early
drift detection method” ME&VEEM J7i%) fEHUEME
o3RG RE A5 7 TR Pk BRI

DWCDS 5 SWCDS S 2 ¥ ¥ % & N
ho = [|Attrs| /2], N=10, k = min{ C[[3"*/*! 10},
Nmin = 200, 71 = 1.5, 7 = 3. DWCDS #3)% [
WG SW = 1K, MinSW = 400, MazSW =
2000, FAE L K/N w = 200, SWCDS % H K/
sw = 1000. HH, ko, N 5 ny, WO E MK SCHR
[17-18, 25] " SER0 4518 &5 2% I I 34K
W R RS S AT s 1y, Ty IREERAK R SOk [6] th
Z R U DA SR R 230 1 4518 MR 2 56 T
P4 2.5GHz, 2G WA PC L, FVESZBUREE A
Windows XP Professional Visual C++.

3.1 SREHURE

SR B B T 7 LA SEAL HyperPlane.
S B PE B KDDCup99%%l,  Yahoo shopping
datal” DL K UCI () LED #¥#i4. Hoh, {f &
Hn 1 2R A o T 5% AR AN I 2 e b 2 B A
T AH D& B At SR b Sz B A T 1814 KD-
DCup99 i Fe e Nz K 5 S8 500, Bl oo
Tt A BB L SI M s W T A A AR 0T I 9 A 1) 5
I Z AL BB, % EHE AL SRR [28] AR AR

R1OWRIRIREE ST

Table 1  Time complexity
I3 TR
Sk A ez 2Rl
Max Bayes

DWCDS O(Jcon| - |t| + |dis]|) O(n)

MSRT O(lcon| - [t] - |m3'| + |dis|) Ot - 227" [mat))

CDRDT O(|con| - |t] + |dis]|) O(|S:] - It O(|classes|) O(|nicay]| - |classes| - |Attrs|)
CVFDT O((|eon] + |dis|) - [¢] - 3= )25 [mst]) O(Jt] - Im3t])
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TBE HFE AR AL Y5, Yahoo shopping data
JEIm I A ' Web IR 4542 1 SR AE I AH 9% 77 il i B 43t
FRURT S0 HE PR G ) B e, nT DA RE A A Hh 5 E
DWCDS Sk oAt JLA EE I ol AT . 1y 1B 4%
LED a5 B MAE T30 n) DAL g 5 PR35
ART RIVEVEACA RIS T YU E. 5546, t
T HyperPlane (¥ 45 J& P AH OG0, DA% 4
Pt 2 R Foe K203 20y v, i LA £ s £ 38456 FH AR
M43 2807V
3.2 TEEERHR

TSRt LR S5 A1) 3 320 A5 U B R
DWCDS-b-f/f-b #5135 DWCDS X M J5 1
T/ AT AE S BRI A I 7 v s 4R 4 PR R 7R Ay
B PR 4 N GREAR 2R + s 1 R/
+ H R (C: LR, D: BE, CD: IRE )
+ JE TR 4 W
3.2.1 #EEIEREN

* 2 #iik T DWCDS & ¥ # ¥ &
SEA. HyperPlane f1 KDDCup99 b M fifE Ji5 Al
M5 AT P PR A I 7R B A S ST 4
a5, BRAEEE S KDDCup99 &, B R ER 4l
TSR RAR Y, AR SCRA T A . e84
KDDCup99 t, PRI BRI
i 2E ) LR A A o] Be AR T B0 A 28 0 A 1™
AP, AR BIPRS00 T 200 (G,
FATTN A AR M), T e B I 22 4 25 5 RS 2R 1)
FEEE, AT 512 R R

% 3 fiiid T DWCDS SEfE £ 0 100k,
M 2 10% M R4 M SIS SEA Hidls 4L
YIZREHE 0 200k, W24 5% (1)t R & v
¥ HyperPlane $#i 48 DL &R A 8 M2 48 KDD-
Cup99 ¥ A 490 k IR G I 45 5. g
THE S TA: 78 SEA £l 4 L, DWCDS LAl
AT W, BRI 3 MR &SR YA Bl TR A A I
HyperPlane ¥4 b, LRI 99 vk, IEAHAS I H
15 %, Ik 4 K, AAAEDEIIRAL SRR, 2R
s&: A DWCDS 5338 T AN A R I & i A
SEEG IR FE TP A A AR G A AR, = B
IURAS 54K, £ KDDCup99 ¥#i4E |-, DWCDS
LRI 251 ¥R, IEARAS I E SRS 23 IR, R 9
R, 3 AT B 22 VR A R R 4R 1) D R AT EAE T 1%
O S o AR AR, A I T RE T b
BUE DA - T BURAS A R

AR, A B AR SCHE 1 RUE AL ) AT A
SRR AT R, R DWCDS Sk A A
[ 7 AR S T 9% R AOAA S5 R RS R D vk
(SWCDS), I+t 7 BULH & H1E 5 DWCDS i
T T EesE, W 3. & 3 nl I, FET g OpLHf
R LA A 0 7 v SWCDS L A% 6 I BE ) 45 2.
LL SEA #E4E 5], SWCDS SHim ik Hh 11
K, 1 DWCDS S35 6 k. a0l SR FH A2 &
CUHLHIEEAT IR R I () DWCDS 53, Bef i X
OIS RS T BRI TR B o> TR R
R REL (Gn: ~P-RJEERAS IR E i 90 Wkiki/b ok 47
TR, I T A A9 B PR A b 3 1 9 i

R 2 MATEE S WRTERTEB RN ZE B

Table 2 Statistics of drifting detection from two directions
K e ol TR AR TRRAL
D DS-b-f 4
SEA WCDS-b 7 6 0
DWCDS-f-b 48 6 0
o Pl DWCDS-b-f 99 6 4
ypertiane DWCDS-£-b 100 5 4
DWCDS-b-f 251 9 13
KDDCup99
DWCDS-f-b 255 17 12
* 3 EBRNGTHE R
Table 3  Statistics of drifting detection
Hi e 5k Rl €1 WRARIREL IR
DWCDS 47 6 0
SEA-10K-10 % with 3 concept drifts SWCDS 9% 1 0
DWCDS 99 6 4
HyperPlane-200K-5 % with 19 concept drifts SWODS 190 14 4
DWCDS 251 9 13

KDDCup99-490K with 36 concept drifts

SWCDS 484 19 13
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P RA b S5 6 45 SR ) 0, A SCHR H ) 30U

1 (R & A2 AGL TN LA vl A i 1) e 5 el 5
Wiy, BRI N A AR RS, A Rt A I L

A HTRETRE N CVEDT LI T XA
FI# MSRT 554 BRI I 7, DAt
A SOREAE 5 FE 5 NP I 7 1 5 AT ER .
3.2.2 SHEIEIRE

FEYZRE FE DT 1, DWCDS 8032 5 HoAl Mg &
R BRI 2 MSRT . CDRDT. CVFDT.
HT-DDM 1 HT-EDDM 7 £ $¥i4E L HEAT T 525
XPbb. e g Rl g (W€ 4): 7& LED. HyperP-
lane, KDDCup99 5 Yahoo shopping data %4
£ I, DWCDS 5Lz R s th, 70 280 B i A
5 Rk i E T 43% ~ 51.1%. 84% ~
15.3%+0.1% ~ 35.7% 5 2.8% ~ 71.8%. 1t SEA
HH4E L, DWCDS Sk R AL T MSRT 5
CDRDT, ZIWSE T Hofth 3 Fhoik, 1X 2 B
R I R 1)
3.2.3 IIRE

AL EET EME S%~20% 1
LED. HyperPlane 5 SEA #5845 (¢l ¥ 1a] ) i,
AL IR AEAE ] T SEA-1, JLAZEAL), 43 5 2% ¢
7 DWCDS SyEAEA 5 RS T B dtiae /.
S g a4 E LED ¥4k I, 5k DWCDS
e # %% MSRT. CDRDT. CVFDT. HT-DDM
M HT-EDDM 173 KA5FE 7l 7 35% ~
6.9 %~ 3.3% ~ 10.7 % 19.6 % ~ 51.1 %+ 24.4 % ~
50.1% 5 19.7% ~ 43.2% (W 4). 7F Hyper-
Plane ¥4 I, 5% DWCDS )7 K IEfF
BEMRT LA 5 FEVE MRS T 69% ~
10.7 % 3.8% ~ 7.7% 12.0% ~ 16.9%- 7.9% ~
13.0% 5 7.8% ~ 12.8% (WK 5). 7£ SEA-
1 %4 b, 53 DWCDS 4 25 IF i 26 ] AL
T4 MSRT 5 CDRDT, 4932 7 0.8% ~
7.3%+ 1.0% ~ 7.3%; 15 CVFDT. HT-DDM Al

HT-EDDM #H L, DWCDS 7 K% ng 2 (W& 6).
FEJR AL T SEA B Ay =4 @ vk,
DWCDS. MSRT 5 CDRDT " # &1k 2,
LA B R R B

%

90+ LED-100K-50K-D-24
80t
70t
f‘:: 60
= st
2 a0k
E ig —*— HT-EDDM
30¢ cps —&— HT-DDM
—e— DWCDS
20F —&— MSRT —&—CVFDT
10t —8—CDRDT %
0 5 10 15 20
Noise
K4 LED #uilid:
Fig.4 LED database
%
S0F HyperPlane-200K-100K-C-50
ast /—e
2 40f
g
s 35 //
E 30k =%~ HT-EDDM
—a— HT-DDM
25t —a— MSRT —&— CVEDT
, —e— DWCDS —®— CDRDT %
0 5 10 5 20
Noise
K5 HyperPlane £#i%4E
Fig.5 HyperPlane database
9
st
il | SEA-1-100K-50K-C-3
25t
20f

O —— HT-EDDM
—a&— HT-DDM
7 —o— DWCDS Ay
MSRT —&— CVFDT

Error rate
n

=

) . . —®— CDRDT ) i
5 10 15 20
Noise
6 SEA-1 %¥flise
Fig.6 SEA database

L

T4 HEBRELE

Table 4  Error rates of classification (%)

sk DWCDS MSRT CDRDT CVFDT HT-DDM HTEDDM
LED-100K-50K-D-21-5 % 12.51 16.76 23.24 63.59 47.66 55.70
HyperPlane-200K-100K-C-50-5 % 24.78 33.21 30.24 40.03 36.13 35.98
SEA-1 15.86 23.11 16.30 13.62 17.78 17.12
SEA-100K-50K-C-3-10 % SEA-2 14.40 27.70 14.74 19.74 14.26 13.64
SEA-3 19.78 29.34 21.9 13.72 23.88 23.22
SEA-4 17.02 27.98 17.88 23.24 14.76 14.34
KDDCup99-490K-310K-CD-41 % 9.03 12.69 9.13 25.92 45.57 45.48
Yahoo shopping data-84K-28K-CD-22 1.65 50.31 4.45 15.52 21.85 73.47
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Table 5 Complexities of time and space
g S DWCDS MSRT CDRDT CVFEDT
W (T + C) /s 28 (M) W) (T + C)/s 280 (M) B (T + C)/s & (M) #E (T + C)/s 230 (M)

LED 11426 120 70+11 8 1+2 8 4+1 6
HyperPlane 17477 26 164+43 20 347 5 8347 94
SEA-1 1+4 2 10+6 4 1+2 1 9+0 54
KDDCup99 174625 6 924504 5 4+12 3 51+13 23
Yahoo shopping data 12465 34 15+20 30 <1 <1 7+1 29

LAl L, 59k DWCDS 4 Re h B0
oAt 5 oL
3.24 K= ERE

LERF 25710, Bk DWCDS 5 A Fk i Lh g
SR WZR 5 (T: i), C: MARETH)). st gh
Hnlsn: 5y DWCDS fJil i i) 5% CDRDT
(RN RIS TR AH 4, AHZE e KA 15, SR T 50k
MSRT 5 CVFEDT HYIZRI [a], i il i (A A8
THARUMEE. st m R 22 H%k DWCDS
5 CDRDT ¥ H (12 B pLok S A 551 g 1 A
K50 BIAE R IR B2 58 A B ALK, DRIk, RN 45 AT
FEZRIA TR LA b ik MSRT 5 CVFDT fEih
SRR 43 AL INE SR FH () 2 A SV 2 1) 9, 3K A 1
TR A BRI [R]. [FII, SRR NON E RENL T
Z IR T, IR EE N IR I R A
XA AT M, B9k DWCDS f5 b7 M ik #%
5%, DRLEL, I 1) K oAt LA ARV

76 25 W) 5 1, 6 T 0% SR 4 4E Hyper-
Plane. SEA FIiE & B4 4 KDDCup99. Yahoo
shopping data, 5775 DWCDS =¥ [0] ¥ ¥ 5 5 7%
MSRT. CDRDT #H%, LT CVFDT Hik &
AR EPR4E LED &, &k DWCDS 130 S m %=
T AR RS, X H B R SR AR R E ()
TESERTI, #4157 ho 2ak B [n/2], WEERR W SR AR
L3 NN N RSN

4 HERIE

ASCHE T BHL SRS T FloBT I XUZ
T LRI S A% 1 Bt 7 R 5% DWCDS,
(23 Re | NG eI MR o N e € T
R AE BE I . Seia iR, 5 A L
R R SRS 10 7 VR A L, DWCDS S0 A R
ML A AL BERE T7; 1 A & I AE 70 2R
LA EL, FCAE X RIEM R . HUMR IR S5y th R BT RL.
SR, AZSI T EEAL I8 22 BRI, AR HLIA S P A
e A L3 B, g LS £ PC ML TIE
CEZS: O 1N 1 B Nl = 1 M A R
TP KRB BL 2 A KA LB RN, LA K G o] B

iy o MR 25 o R EUBE S AL A R 2P I E ST H AN
J7 1.
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