170

ANLHuE¥&iE 18% 25 (200343 H)

T—=8 A= T3 D I 5 A5 v TFE (2)
— KI5 ~OHI & SO DI —

A Survey of Recent Clustering Methods for Data Mining (part 2)
— Challenges to Conquer Giga Data Sets and The Curse of Dimensionality —

E BN PSR A S TR T

Toshihiro Kamishima

National Institue of Advanced Industrial Science and Technology (AIST)

mail@kamishima.net, http://www.kamishima.net/

keywords: Clustering, Unsupvervised Learning, Survey, Data Mining

A (1) (S ol EEE T -y~ =7
FHDY 5 A8 v I FEEANT 5. AR 27
FEF1LICEHL.

8. RBRT—F OB

T=8 A =V I CRIEFICRBIE D 7 — % 28T 2
WD 273, WEEO TR DORER S H 5. —D
X, T2 0 TrERBLRICIARFTCELRVI L. B
—OU%, FHERICET 2T, BRENFETIE O(N?),
k-means T3 O(Nk) TH 205, O(N) TH%Z LHEE
L, RETIE NS ORI L 2 FiEz2 /07 5
§1 CLARANS

WEAEDREIRAIZ DL T DOWFEIE Ng 5D CLARANS
(Clustering Large Applications based on RANdom-
ized Search) [Ng 94] IZ#i% %. CLARANS I, PAM
& CLARA DIRETF LD T, FFINsITo0TRER
%, PAM (Partition Around Medoids) ¥ k-means
EHPILT WD, 77 AR %2y b FTIERL
medoid (7 7 A HDONRD—2) TREY 3 miHiH
7%, medoid MM DR G IE, & HITLV> medoid 23RFE
27 7 A8 EIN, medoid FTOHRED JER]
(RFvereL) /MM e5EleRkD5, 7L X

®1 Afmoids&id—R

T; : W5 (object, TINDHD)
N D RNGRE

X={z1,...,zn} : NRESH

d WM RERTBEMERY FLORILE
xiz(mil,. .. ,xid) T X DFMHE~R > b v
Dl,...,Dd : E’I‘i@fﬁ@z

k VTR

Ch,...,Ck EII N T RY

n; 1 Cp MO RE

ci (G Dk vbuA R (F)
D(xi,x5) sz & oxy ORIOEEE GEMEDED)

L% k-means & BEEIC, kO medoid 2 5 ¥ % A
IERT 2, 20%I1F, NROFHVYTL, FFrey
N ZE/ANMZT 5 X 9 7% medoid DIEIR%Z R F (T T,
medoid SHEHT I N7z RIUXEILT 5. PAM Ot E
X O(N%k) Th b, FERNEDT, FvFLdr 7L
Z M7z CLARA (Clustering LARge Applications)
DREI NI, NHONRY S 40+ 2k % 7 > & L3
Y7 7L PAM %M L T medoid K0 5. s
2, ZVFLF TV TINGD NS E, RLE
v medoid ICHIM T2 2 & THEIZAERT 5. ZOFH
ERMEDPFEIT L TR T v v VRN 72 2 55 % 0%
RT%. CLARA OilH&RIZ Ok + Nk) £/N& k3
S, MEEIXET 3%, CLARANS IZZ DM AHR LT
#TH 3. CLARA DX I ITRENCH > 7V v 7T 5D
Tld7% <, medoid DEFIRFIZ T VT LH TV v 7%
LT, Z2DY v 7 N7EI1F2H727% medoid DM & LT
FHIli S 2 AR 5. FSCTIE, RISy v v A
A% k(N —k)/80 &£ 250 DRE WL LTWw3, FERIC
X0, FUKHTCLARANS i CLARA XD b RF v
S NDNS B RN TEL I ERR LTS,

§2 BIRCH

Zhang 5 ® BIRCH (Balanced Iterative Reducing
and Clustering using Hierarchies) [Zhang 96, Zhang
97] 1%, 77 AZ ) v 7IBWT, ilEARZHRNICE
BL, flE&R%Z ON) T2 R CHEHIREETDH
3. FLEARLFIERZHNNTE 28%, RUICT—F 4
&% E2 L C Clustering Feature Tree (CF-tree) & \»
)T =5 DERIERE AR L, DBEOEIEEZ Z D CF-tree
PIICRET 2 HICH B, ZD CF-tree 13 N 12X LT
TN Z DT, RN T—F 2EET 570D ER
O(N) B&FOFHHEREICAZD, 612, FHilE RicfRE
THETH 5.

CF-tree 1%, Clustering Feature (CF) &9 #4527
7 A8 DEEREMEIEINTVARTH S, 2D



F=F2 A= IO 5 A5 ) v IFE (2)

EAIR Le——

Phasel: EEANDEGHIASE
CF-tree MIEE

#EA _

Chtree { I

| Phase2(option): CF-tree &/ |
Fi:UN

CF-tree W —

| Phases: xttims 525U~y |
RW

5525 |, —

| Phased4(option): ¥ 5 X% D¥EH |

FURW

5524 |

B 1 BIRCH 7129 XA [Zhang 97]

Kix, SRS (B IEIERIR, L3 ELEWET
BRI A=F LS5, ZIEKI/ — P, &K B D
F/—=F\DVvr%, +/)—FDBETHITI7 FIAZD
CF L HEICfREL, M/ — Fidlek Lo CF &, #&
Ui/ — FEOBAMY v 7 2K 55, 53 X—=% B¢
L%, FHEOR—YOREIZHZELTEDS. T I,
Wi/ — F D CF BWRTEI 7 7 A% C DIERZR

in,xjec’,xﬁéxj (5171 - wj) ’ ($1 - a:j)
n(n—1)

DIKAEETED S, CF-tree 1, ERET KON RES
(#ho3 2 7 A7) OERERIZ T 2/ — PR %
72, NIZHRHLUTIEFEITNS %25, ENERCE 1258
2QUBIRY P VT, MIEAA 7 —D=MTH S,

CF=(n, Z i, Z Xi ;)

z; €C z;€C
2o CFiZl&, =207 7 A% C; & C; O CF
5, WY 5 A8 C,UC; O CF H3HETE 2 HHDH
%, X512, Zhang 5% CF DA 5 FHEATEE 2 D4y
7 2 25Dk DO~D4 bR L Tw5, XAx, 20
—DTH 5,

D2(C;,Cy) = \/Zﬁieq Yajec, (@i —wj) - (wi — ) @

nin;

CFoInsoMHEIZkD, BIRCH 37— % 2kz220
5Lk, CF-tree ZHHTES., 77RAZ VT
TlE, &I/ —FOEy 7 7 A8 %, Hlhdb, —OD
NROLIICF DT, 7L, WCET7 725
HOXMRIED 7 7 AF IS NB 0D, FHL/ —
ROy 7 9 AZ X&) 7 5 AZ IS 5 wligk
BH 5.

RIZ, 17T RAIZDOWTIHR 2, Phasel~
4D9b, 1L 3IIMHET, 243472 avyThs.
Phasel % BIRCH OH.DLNZRBRET, 77— ZHiiiA
AT CF-tree 22T 5. LB TFIHIZ B+-tree &9
NI VARDERFIELFAKRTH S, ThbL, KWL

171

(a) HIEBIM L WE=¢ A (b) L &\l € DL Lo fik

B 2 DENCLUE 7/ 3V X2 [Hinneburg 98]

1%, CF-tree D)V — k25 &/ — FiZm > T\
(DO~D4 D—>TH2) HI7 7 A %2LRTY v 7%
E5. b L, &/ — FohT—FiLw CFICH L vt
REMATH, ZOEEST Khichiuk, 20 CF I
ZONREREMT 5. 29 ThiFL, #im/ —FICCF
ZEMT B, 72720, EIMERICCF OB L X HKREL
585, 2o/, — Fx olkalt, BloIEK
J—FDT/ —FzEed. 35, 20K/ —F
DT/ —FEB B LY RELSBIHEHITISIT LMD
G, — FOF/ — FHEE#HPL, L—F/—FoT
J — FEDSHIRZHEZ 256 13K %2 —BIEC § 5. i,
fRS N7 ERUEA R TTE 272157 CP-tree % 4258
T2, NS TTHIBLT, ARERIFELELE
12T %235 L T CP-tree Z RS 2 Fike, RoNF
VADEL Lo GBI T 2 FEA LD R LT
%. Phase2 T, HiDBPETHER I N7 #IH CF-tree %
ML T, XD Phase D7 7A¥ ) v 7% XD EHICT
3. BRI, PRONRL»EERWIGLL 7 CF
ZIETIEE LTRELLD, EBIGEVWCF 2 LD
% W E% T %, Phase3 TlX, WFD 7 7 A% Y
VIOFEREROTI I A EBEKT S, FwLTIE, DO~
D4 ol (D2 & D4 Z4iE4%) 2 Al THELIREE I T
HBaEHLTWS, xED Phased 13, 77 A% %58
TR THS. Phase3 TRDWI7 A5 DRy buA
FaRo, 2TONRERDITVEY FaA FICHSHE
T3, ZOBRBEFETILE, TV R2EEETSZ
EIZBDT, T—FX—AD JOIN HEPHE GG
2L, 1/0 2 A FFEFITREZVHEICIZEKTE 3,
§3 BFZAHWEFE

T RENT 5701, NRVPEET M, &
KuZ i Lo X #igib L <, @ LY otk
FIZEL, MU THONREZ £ Lo TH) FELDH
%, LENILSTISERICR 20, BEOKLY 7 2
FULDERTERS B DT, LZEYNIEETE UL
HBFEELR S, INSOFEE, LYI< N Thiud
BPINC T — 8 2R T 25MHEE O(N) BeFOFEREIC
%%, ZDX)BTEZLOPHNT 5,

Hinneburg 56 ® DENCLUE (DENsity-based CLUs-
tEring) [Hinneburg 98] IZXWRDEELIHS 7 7 2%
ZRed 5. EBINCHHT 2 &, NROFER (X2(a))


kamisima
ノート注釈
2008.01.24訂正


172

B, WA E LD KE SERAETUET LXK 2(b) ©
k9, BorouiiEEshiiing, 2 LT, &5
RD6 I L O TEHEEDECITIANCILE D ETHEA, FHL
SRS ENET B RNRD 7 7 A Y 2R T 5. 22T,
W RO 2D D B, WEFICHED GEfFEEE
£, WHEONRE T TEHEEMBZ KD S Z L TiltHE%z

HICT 5, R, b 20 DI TOHh TR %Z
GUtaTOEEE Gy, BTTHONREDIE/2d LD Hw
BTOEEE Gy LT 5. BT HONEDEY s B
MO 4o TH L b OZERTL T2 v, 5
T g e Gy & ZNUTHEE L 2 G, HOITR2IEDES
%G 55, 22T |Gyl < |Gp| < N 2D TEHHEE
3P THED, WRrecgliowT, BTFgeG, D
rtuA FE o LDOBEHP 40 AT THS L) RAT
DI&ET g1 ICEEFNDENROES 2R near(z) £ 5.
DL ENR x TOBEREIL

(D(x,xl))2
5 )exp(_w )

xenear(ry

TRDS5N S, BIRCH & R WERIIRD 7 7 253
i cE 2208, ZOMRDITE R o 2T 2 0EDND 5,

Xu 5 DBCLASD (Distribution Based Cluster-
ing of LArge Spatial Databases) [Xu 98] I, ®5H%E
HEICE— LU aBHE L g2 725 C L L
THHT 2. 77 AFHOENRz € CIto0WT, 77
A F WNTh bIEORR F T mMiNg, eC,r£w; D(z, .%'Z)
#EZD. VI AINTNRBE—5M L Tw»5 L ED,
o DD EADOIMIIBER DT, DI LE2H
WTZ 7 A ND—EZBIETE S, 7Y XL
seed £ 2T o1XCOT, H-EDHERIN S X9
BT DG TRIER 7 2 A ICINA B Z LT, 77 A
iR 5.

Z ofth, 2 M2 Tk, Wavelet 2 w7
Sheikholeslami & ® WaveCluster [Sheikholeslami 98]
0, WEREMIEAT 2382 i 2 720 DR IHTF
#TdH 5 Wang 6 D STING(STatistical INformation
Grid-based method) [Wang 97] %2 £E23% 5.

§4 VFKM

CF-tree P10 X 9 ERIEHRTIE %R, Y7 I v
7% H\v3 CLARANS O & 9 % Fi2i%, Domingos 5
@ VFKM [Domingos 01] b%%. i, CLARANS
TRY YTV I RE 2 - AT 4y ZICE D EDL
23, HEROHERI LRI 2 ERT 2 2 L T#EHY LY v 7
N PGET 508 5, TOTETIE k-means iz,
FHE 2P L S MEDEM T 5. k-means %z, [
CHIHIREED SEH L 72 & LT, MREONRDIH - 7
Liaon#le C°, 2oHmD s 725Dy buf FO
frifiz ¢ &5, FRIC NHONRD D - 756D 77
#Wze CN, evirud FofiEz N L35, oL E,

AL A2 18% 2% (200343 H)

<Y —>
€——D(Xa, X) =

B 3 [ xez, ~NDHE [Faloutsos 95]

P X b

TR
(=)

4 ER zqzy, ICEELVH H ~OHE [Faloutsos 95

S

4
[~}

BERzZX Y FuA FEDOHEEOKR

ZD’L”L

THZ, ZOHEERP AT THLMERBIUT, T4bb,

L(CN,C™)

Pr[L(CN,C™®) <¢] <6

ZWMIT LIS TINEERED L, DD, T/
XN REAIC k-means ZHAL, ZOMEICHIE
HEDO LRZHEET 5. BEZERTEUIELT 23,
ZH)ThiFHE, 7728 v 7 ORRICHED T v
TV TTHNREN 28 L, BEZH2TET L
means ZH# DR LEAT 5. 2FOFRERHIL, REO
k-means ICE L 7-IRHD 352 Z XAV ELTED, X
ROFAHIZ L > TIIEH AR NREZS T 2720 T
I IAYEERTE S,

9. TRITOBW, DFEAR

§1 FastMap

4FETHRRZ XIS, 79 A8 ¥ T IEERIZEM T
PRSI X D EX L 2 fE s e n, 2o
RIS 2D Dk, S RICREEER 35 bt
KK > TRILZMHRI LI LTH 3. LiPL noson
FHEOFHER O(N?) DT, N PRELEHAITIIETT


kamisima
ノート注釈
2009.7.17修正
xi-E-xj の直角マークを削除


F=F2 A= IO 5 A5 ) v IFE (2)

A
Al Al
. T ° (:o a. - C'
_.Ic ® D ° o D'
}h>

B 5 CLIQUE ®7 7 A% [Agrawal 98]

E 72\, 22T, Faloutsos 51 FastMap*![Faloutsos
95] LS, ba—Y AT 4y ZIHD(EHEE O(N) D
FEZREL T3, HRROSE 1w Rk
ZX 3R Y, NREGOHNSTE L2 TN 2
DRz, & xp RO S, ZNoZ@LEMR v.1 1,
DR z; ZHWET 5 LT, o, DHHBEDIENALY;
ZRD L, BRI, K3DEIHIZ, z; 25 1EME 2.2
~NOTERORE E L L, x, & E ORIOH#HE

(D(xa,xi))2 + (D(;va,xb))2 - (D(wb,xi))z

}/’i =
2D(zq,xp)

% x; OREREOSE 1M E T2, finREo% 2 B
filil, X4 D&%, B zz, ICEER d—1XITD
P H 2 ICTRD 5, Thbb, NRE2 HICHY
THUZL, x4 & zp PER DD THRED—DOH->TN-1
12, FLRTUED d—112k 2720, LRoFENHEY
WHTE%, 22T, HRD H LTOREEEIZAZET,
H EToNRKE O UE+7Th 2 MPEET
b5, WNFa;, &y O H LOWEEE D (z;,2;) 1%, B
= v;G 2 EAD L
(D’(Jci,ycj))2 = (D(ﬂci,gcj))2 —(Yi—Yj)?
DR S BZ KD END, HRILREED R L 2
Z AR & L 722 T, WU SERHTIE S XOuRE
%% BN 2 K55 % FastMap 133@#8T& % LT3,
iz, BEEDEE FIRF IS 2% 6 O HyperMap [%
02] %>, Fisher HRIAHTTRIGZ MHR S & 5 KK S DA
FERK 02 ELH 5,
§2 CLIQUE

RILOMHRE 7 F A Y v 7R ERHIATI Fikb v
DIREZINT WS, BV — L oS R TFE Apriori
[Agrawal 94] T#E £ 7% Agrawal i3 Apriori TH7-14HE
77 A% v 7IZ#EM L7 CLIQUE (CLustering
In QUEst) [Agrawal 98] Z#¢% L T\» 5. CLIQUE (%

*1 http://www.cs.cmu.edu/ christos/software.html T
V7 FHEAINTHS

173

M50k ) IcEmz R THRHRICOEL, 2nEn

Zazy P EES 2=y FHOWNROEENS L Z W HE

TEODRELDDZETH S L), W HATRRETE

”Efﬁi’a?%x, ZNoDRO ) ZESEERTET. HIX
HailEtkz A LT L,

(A<A1<8) A (2<A3<5)) V ((2<A;1<6) A (A< Ap<8))

DX ICHEEEZRY, #HEtOLIZy FRRTEHETHD,
3561, :O)Aﬁiﬁi)i‘ﬁj(’é‘i)é LE, ZOfEEE 7 I A
FETL, ZITRSED2RILDEMEEZEZD L, £
@1:7F§9ﬁ®ﬁﬁbbéhfw&w,iof,:
D 2 RIGEMHTIE Y 7 AZIIEFEL R, LaL, B
T Ag %ﬁf*ﬁb JEME Ay ~NBHEE L 72322 (RIoA)
BEZHLE, B O D' BWRWEY %, CLIQUE
2Dk 7261'}_1&0)43 FREMTB DI IR EHRT S,
ZIT, MRNBEREZITS DI, Apriori & FHERD
HEE, bbb, dXuZEMhD 7 7 251%, %D
BOd—1XICEBT2EMTY 7 I RAY TH B & v ) HE
ZHHT 2. 73V AL, 1 RuEETORERLI=y
FEBHL T 7 A2/ O, Rz 2P LT
37 7 28 2T 2 FhiE 2/ 0IRY, #ha=v b
DIERET 2N T UL X o TRHEEL FEREERIED
7 CTHEe, Fio, EMERE, dARERLIZ Y LA
ToRLEOKIL, K 2EHET 2L, O(Ki4 Nd) T
b5, dICHLTREA =5 —ThH 2, FBUTIE, 4B
RELLBILERBENTDH 5.
§3 ORCLUS

Aggarwal 5® ORCLUS (arbitrarily ORiented pro-
jected CLUSter generation) [Aggarwal 00] i%, iz
B2 Tl RO MO EIRS . ZO4
ﬁ%%ﬂf%k 2, HTHATH DR EAE R Z I 5

DRF T T Vo, TE 372 EHRE

%ﬁ?%ﬁ%flﬁ@@k%&ﬁ% #ER9 5. ORCLUS

TS, NRVFE E F-oTHEINZEE ROT 57
DT, EAMEONS B 2ERT 2, 7Lra) X4
@,dAm#%ime,ﬁ@%KW®ﬁﬁ®ﬁﬁ®W
HANDOHEEZ DT 25, KED 7 NG m®%ULt
7 7 AZIIEIN, ZOL o fFiCiib. I 51T,
a@BmCH®CF%#%Lt%%ﬁﬁ%mwfﬂh@
BEZHiL w3, fHERIE, RYORETHERT 27
TAYDEE kg £T 2L O3+ koNd + k3d3). ko 23
NS EEHEEIZRA T 208, KBEIZMETNT 5,

10. EERROI S AT EHMETBFE

k-means IE EDEL DI A ) v ITFEIEZ, 7T
A Y DI ARTGRHEIRPHEENETH 5 Z ERREL T
W5 207, X6 DEEETRT THERINS L) R
BHRIBRD 7 7 27 I3 TE R\, ZOFETIE, Z
D &I BRIGIRD 7 7 A8 DD IRE e Fik 2 fHA T


kamisima
ノート注釈
2009.07.19追加


174

B 7 DBSCAN][Ester 96]

HANHER L TELD, TNHDOFEEFAIA—F R E
W&o TE, BENGI SAYBHEONBIGELRD S,
£oT, V7R OZLMEETENICHEETEL 2 %7
W 3RTLDT— I ~DHWHICRET 2 L2 TTD 5,
§1 DBSCAN

EREIRD 7 5 2 % 2 it § 2 354 DRGEN 2RI
Ester 5® DBSCAN |[Ester 96] 23% %. ZDFIED
Web R=YD3LUFICH 5 DTSEICI N0,
http://www.dbs.informatik.uni-muenchen.de

/Forschung/KDD/Clustering/

BEIED ( FE L FH B R T 528, WNRO R
REMML7ZFiETH 5. DBSCAN I, i L E Wl
Eps & WRED L Wl MinPts £\ 9 ZDOD/8F X —
FaHVS, IN6DRFIRX=FTRESNZKT DX
I N ROEHBIRE ERL, Bl TW I NRZEL
7 IAZICHERT S, ZOERER% directly density-
reachable (DDR) &MFOY, RDFEMZHwT & ENR 2,
25z, ~\DDR TH % L),

(1) 4 € Nups(zp)

(2) |Nups(zp)| > MinPts
272U, Ngps(zp) ={zq € X|D(2p,24) < Eps}
Z DOBARITHFRTIE % <, 7Dz, 5 x,1d DDR T
HHM, 2O 2 FHHDEM 2N/ S DT DDR
TlEWZ EITEREI N, 2L T, KDz, — z, 9,
To — Tqg — Tp D& I IZ DDR LBIRTENETE 2 04
DEATHWRDSDZ 7 725 L LTHtT 2, 71T
VAL, RO seed &7 208 h 6, DDR BIRICH
ENRENER, WU 27 7AZIHETE. 2DV FRY
HORNRD S DDR W RE2F7ICHOIF 2 LTS
BRI, BRTHZDT, 207 7RI HDORRZI

AL A2 18% 2% (200343 H)

DERE, Fric’e seed Z23EINT 5. X6 /£D K 9 MR
EARD 7 7 25 A AIRET, 612, MDD K9
2/ A ADAET 2856 CH MinPts 2 #EYICRETE
L, NROBEDORECETZ T2 7 2% & LTl
TE 5. Rr-tree D &9 RGN T FEZ MR, Gt
BBt O(Nlog N) T 3. DBSCAN IS8 13
ICRE SN T 228, X —BNZEECNR 2 AT
& % GDBSCAN [Sander 98] %, Eps 22t ¥ 7%
BD7 7 AL % F LD THIHTE % OPTICS [Ankerst
00] LW o ZRRS LI N TS,
§2 CURE

Guha 5@ CURE [Guha 98] %, k-means D X9
kv baAg F—=o>Tr 725 2R%3E¥ 20012, &
BONERZMC 2 FEZREL TR S, 77 AFHT
HAOIZHN T B WREZ WS DR L TRERE T 25,
ZLT, RERE T 7 AYDOHFDLITIANS o 572 I L
TeREBZ, It offifficikoE, RERDSND
NRPIIET 27 7 A8 2 RET 5, 7T X LIEE
LB TFIET, 207 7 A8 Offe LRAEROHE
Bz, 7 IIRYED kA5 ETRET S, DBSCAN
FF 2 A =708 BRERITE Y BERIL 2 iGN
25605 %20, CURE Tk ZOMEIXRMTE 2,
7L, FHEEIEREL, — MBI O(N%logN) T, 2X
% PIRKTETIE O(N?) Th 5.
§3 JI7ZBAWVWLFE

Zofth, 7772\ r 728 v THEROIR
D77 AYBMBTE 5. SN Zahn OFSE [Zahn
71] 1%, minimum spanning tree (£T® / — F & ¥
2277 77T, ZOUDRIENDBHRND S D) %K
O, BROldzYliTs LTy 7A8%4KT 5, flic
I%, Gabriel 7' 7 7 % relative neighborhood 7' 7 7 %
Jiv>7z Urquhart O FE [Urquhart 82], kEBEZ M2
Mizoguchi & ®Fi [Mizoguchi 80], Karypis & DFik
[Karypis 99], Harel & ®F% [Harel 01] 3% .

Zofl, 77278 NVKit% v % Tk [Barbard 00] 7
EbdH 5,

11. # - HEMESZAWISRAYV VT

§1 V7RIS DEE

77 AF Y 7k, HHBES R T v v LD T
RIS /R S N IC DT TIE L v 408l % i
T5. L2L, KOHRWICZOWEMEZED 2 »FH
bHb., ZORDOPEALE LT, HEDTZZXTHI
M5 DEE (Learning from Cluster Examples; LCE)
[Kamishima 03a, #}& 03b] 2% %. LCE %, X8 ®
i, FEHEREEDRBEEND 5. FEBERETE, Gl
WHEGIEED &, WYLy 2R 2 70D 7E O
K2 #5815, oHIERETI, 2%AOHR%ZHWT
RADFTENREGOEY e 3 E 2 HEET 5. FIFEEH



F=F2 A= IO 5 A5 ) v IFE (2)

APEHE ELLSHE KD
NS SEHRESER
Ve | \ 7/ 1 N (OuF(Oy)
CTEey T T IR
mmmlmj:jiii 5
GG R I 2
i . (ram_|%
w0 0 / i oYL 2
gpo o L i
X ¥
R o Ezii]
B S \ ________ HHD
~ , : HERRESD
FEEPIES  EX EEnE
F B AR P

8 U7 AYHID»LDEE

X, FHEINIRNRES L, 2T 5@ R aE O
HThs, Thbbt, LCE REEZIBE E L Tn
T~ TH 5. LCE OffFED—>TH % LCE-MAP

(LCE-Maximum A Posteriori) 7 7’0 —F % DI TIZR

T WNREGEZLUTO IEHEDEMER S P ILTRLBT 5,

Alx;): FENKEYE N HoNfzhznic—o27D
b, ZONROFMELRHT 2,

A(pij): ENRMEEYE TEONR 2, & x; DX p;; D
Bz ET, 2Toc—2F2H55DT, N(N -
1)/2 D=2 | L5355,

A(m): DEIBYE DEBRONTENRESEERORHIE &
7

FEER T, s oREOKEHRE Y ET 5,

Prim=n", A(r),{A(x)},{A(p)}]

7L, r=r* 3D 508 © BEYH0H o L —K
T2L0IHRTH L, ZOBE%E PrlA(r)|r=r*] &
Pr(r=r*|{A(z)},{A(p)}] PRIHEL TRk 2. 538
BT, FRMERRAEIICHEDE, RAMONRES
WZOWTZDBMERRNICT 2002 HEETH LT 5.
§2 COP-KMEANS

Wagstaff 5 1%, EEIN0FNL T, M7 IR
FIZHFHINERERNRONP, INTIFHRSHVNZE
Z—¥PEEL, s oflfEi T kI IcHEz
BOIRSZ ET, 2—YFELEE GRS 5 Tk
EREL VD, W&r 725 7D COBWEB %
WRIZ L 72 Fidi [Wagstaff 00] &, k-means %0512 L
72 COP-KMEANS [Wagstaff 01] 23% %23, #¥&%
AT 3, k-means #TIE, WNRZE D YT 3ERIET,
NRZ—DFTD7 7 AXIHD LTS, ZDLE, COP-
KMEANS Tit, #ID ¥ THEAONRICBAL T, 2—¥
125 Z s =i SN nux, 207 7 AZ~

175

DEDYBTHFIEL, ZORIZIEZ 7 AT ~DHE DY
TxikA S, b LEIDYTHRER 7 7 A Y 23R TR
Wik § 203, 7o & M T 286 THRRZIR Y
EWRBHDEVHMERDPD L. BE WWW ETTED
=9
http://www.cs.cornell.edu
/home/wkiri/cop-kmeans/
TREINTW 3,
§3 INILHD « BURET—IDSDFEE
7IAZN NG XD, TOLDEADENICS
AZ6NTVRERTY 7 ANHENENEMETH 273, 7
SUHY B UIRET =5 DI 7 ANFRERH S,
1%, PEO—HORNRITIZBHETIC L D 752 61
TED, moNRITIES VB VEEI, SLAL
T=FEFELIY, MADT—F 2T Y 7 A%
ZEMTLMETH D, ZOREICOWTIE, [Bensaid
96, Nigam 98, Goldman 00, :H 01] 7 £ D235 5.

12. F & &

Dk, B1iclx, 77250 72T 854
SEIRLZIENoE LD, F2HTE, T4
=V VM OBREDMEZ RN LT, FHEZ, RV
LRI NTEY, £, FELHOMIETETE L
TUTDEIBbDBH B EHEZTND,
o [Rf[H & I RIEEDNENEILT 27 =% - A b
) — A [Barbara 02] D434

oM BN P TIE R\, X b BRI
[Ramoni 02, Keogh 98, [LH 02] #fiE% & DX
R |Taskar 01] D43H

e /' 7 27 F)VOMHA [Ding 01] % &, #itz /s
ALk

o 11 TR & 9 7, HME S HFIZHHT 2 F
% [Cohn 00]

AKRGH, 77 AF ) v T2 - W8T %752 12857
TRV TH 5,

| 33

AL EEL a X v 2R ARARRER (H
K74 -e—-xh), BIESEE Gk, EH%
Rk (PEEBANIRONIZENT) ICEH L 7.

08 F X MO

[Aggarwal 00] Aggarwal, C. C. and Yu, P. S.: Finding Gen-
eralized Projected Clusters in High Dimensional Spaces, in
Proc of the ACM SIGMOD Int’l Conf. on Management of
Data, pp. 70-81 (2000)

[Agrawal 94] Agrawal, R. and Srikant, R.: Fast Algorithms
for Mining Association Rules, in Proc. of the 20th Very
Large Database Conf., pp. 487-499 (1994)



176

[Agrawal 98] Agrawal, R., Gehrke, J., Gunopulos, D., and
Raghavan, P.: Automatic Subspaace Clustering of High Di-
mensional Data for Data Mining Applicatiosn, in Proc. of
the ACM SIGMOD Int’l Conf. on Management of Data,
pp. 94-105 (1998)

(% 02] % B0, Wl —FE, BROEEEE, A0 A, T d, RER A3
&% @ HyperMap: ERIGZERICBII 2FE{ 7NV TY) AL EZD
KM/, 7 A8 ) v T NOIEH, B 13 [T -5 TET — 2
¥ av 7" (DEWS2002), C2-10 (2002)

[Ankerst 00] Ankerst, M., Breunig, M. M., and Sander, H.-P.
K. J.: OPTICS: Ordering Points To Identify the Clustering
Structure, in Proc of the ACM SIGMOD Int’l Conf. on
Management of Data, pp. 49-60 (2000)

[Barbara 00] Barbard, D. and Chen, P.: Using the Fractal
Dimension to Cluster Datasets, in Proc. of The 6th Int’l
Conf. on Knowledge Discovery and Data Mining, pp. 260—
264 (2000)

[Barbard 02] Barbard, D.: Requirements for Clustering Data
Streams, SIGKDD Explorations, Vol. 3, No. 2, pp. 23-27
(2002)

[Bensaid 96] Bensaid, A. M., Hall, L. O., Bezdek, J. C., and
Clarke, L. P.: Partially Supervised Clustering for Image Seg-
mentation, Pattern Recognition, Vol. 29, No. 5, pp. 859-871
(1996)

[Cohn 00] Cohn, D., Caruana, R., and McCallum, A.: Semi-
supervised Clustering with User Feedback, http://www-
2.cs.cmu.edu/ mccallum/papers/semiup-aaai2000s.ps.gz
(2000)

[Ding 01] Ding, C. H. Q., He, X., Zha, H., Gu, M., and Si-
mon, H. D.: A Min-max Cut Algorithm for Graph Par-
titioning and Data Clustering, in Proc. of the IEEE Int’l
Conf. on Data Mining, pp. 107-114 (2001)

[Domingos 01] Domingos, P. and Hulten, G.: A General
Method for Scaling Up Machine Learning Algorithms and
its Application to Clustering, in Proc. of the 18th Int’l Conf.
on Machine Learning, pp. 106-113 (2001)

[Ester 96] Ester, M., Kriegel, H.-P., Sander, J., and Xu, X.:
A Density-Based Algorithm for Discovering Clusters in
Large Spatial Databases with Noise, in Proc. of The 2nd
Int’l Conf. on Knowledge Discovery and Data Mining, pp.
226-231 (1996)

[Faloutsos 95] Faloutsos, C. and Lin, K.-I.: FastMap: A Fast
Algorithm for Indexing, Data-Mining and Visualization of
Traditional and Multimedia Datasets, in Proc. of the ACM
SIGMOD Int’l Conf. on Management of Data, pp. 163-174
(1995)

[Goldman 00] Goldman, S. and Zhou, Y.: Enhancing Super-
vised learning with Unlabeled Data, in Proc. of the 17th
Int’l Conf. on Machine Learning, pp. 327-334 (2000)

[Guha 98] Guha, S., Rastogi, R., and Shim, K.: CURE: An
Efficient Clustering Algorithm for Large Databases, in Proc.
of the ACM SIGMOD Int’l Conf. on Management of Data,
pp. 73-80 (1998)

[Harel 01] Harel, D. and Koren, Y.: Clustering Spatial Data
Using Random Walks, in Proc. of The 7th Int’l Conf. on
Knowledge Discovery and Data Mining, pp. 281-286 (2001)

[Hinneburg 98] Hinneburg, A. and Keim, D. A.: An Efficient
Approach to Clustering in Large Multimedia Databases
with Noise, in Proc. of The 4th Int’l Conf. on Knowledge
Discovery and Data Mining, pp. 58-65 (1998)

[Kamishima 03a] Kamishima, T. and Motoyoshi, F.: Learn-
ing from Cluster Examples, Machine Learning (2003), (in
press)

(W0 03b] #E B, KRS WA, T U 2 9 R BBl
D¥E — 7 7 ALY EEDOMA, NTHIBEF S SGE, Vol. 18,
No. 2, pp. 86-95 (2003)

[Karypis 99] Karypis, G., E.-H.Han, , and Kumar, V.:
Chameleon: Hierarchical Clustering Using Dynamic Model-
ing, IEEE Computer, Vol. 32, No. 8, pp. 68-75 (1999)

[Keogh 98] Keogh, E. J. and Pazzani, M. J.: An Enhanced
Representation of Time Series Which Allows Fast And Ac-

AL A2 18% 2% (200343 H)

curate Classification, Clustering and Relevance Feedback, in
Proc. of The 4th Int’l Conf. on Knowledge Discovery and
Data Mining, pp. 239-243 (1998)

[Mizoguchi 80] Mizoguchi, R. and Shimura, M.: A Nonpara-
metric Algorithm for Detecting Clusters Using Hierarchical
Structure, IEEE Trans. on Pattern Analysis and Machine
Intelligence, Vol. 2, No. 4, pp. 292-300 (1980)

[Ng 94] Ng, R. T. and Han, J.: Efficient and Effective Clus-
tering Methods for Spatial Data Mining, in Proc. of the 20th
Very Large Database Conf., pp. 144-155 (1994)

[Nigam 98] Nigam, K., McCallum, A., Thrun, S., and
Mitchell, T.: Learning to Classify Text from Labeled and
Unlabeled Documents, in Proc. of the 15th National Conf.
on Artificial Intelligence, pp. 792—-799 (1998)

[Ramoni 02] Ramoni, M., Sebastiani, P., and Cohen, P.:
Bayesian Clustering by Dynamics, Machine Learning,
Vol. 47, pp. 91-121 (2002)

[Sander 98] Sander, J., Ester, M., Kriegel, H.-P., and Xu, X.:
Density-Based Clustering in Spatial Databases: The Algo-
rithm GDBSCAN and Its Applications, Journal of Data
Mining and Knowledge Discovery, Vol. 2, pp. 169-194
(1998)

[Sheikholeslami 98] Sheikholeslami, G., Chatterjee, S., and
Zhang, A.: WaveCluster: A Multi-Resolution Clustering
Approach for Very Large Spatial Databases, in Proc. of the
24th Very Large Database Conf., pp. 428-439 (1998)

Rk 02] Ak T, HoBk B, 5 Bi: 2 7 2 S HBEICEE L7
BEEEOEUL — 7 7 25 WEIE —, EFEREEESH
Xk D-II, Vol. J85-D-11, No. 5, pp. 785-795 (2002)

[Taskar 01] Taskar, B., Segal, E., and Koller, D.: Probabilis-
tic Classification and Clustering in Relational Data, in Proc.
of the 17th Int’l Joint Conf. on Artificial Intelligence, pp.
870-876 (2001)

[LH 01) EH &Y JERFSAEAE TV, 5B 4 RISAGERISE
MY — 27> av 7, pp. 89-94 (2001)

[Urquhart 82] Urquhart, R.: Graph Theoretical Clustering
Based on Limited Neghbourhood Sets, Pattern Recognition,
Vol. 15, No. 3, pp. 173-187 (1982)

[Wagstaff 00] Wagstaff, K. and Cardie, C.: Clustering with
Instance-level Constraints, in Proc. of the 17th Int’l Conf.
on Machine Learning, pp. 1103-1110 (2000)

[Wagstaff 01] Wagstaff, K., Cardie, C., Rogers, S., and
Schroedl, S.: Constrained K-means Clustering with Back-
ground Knowledge, in Proc. of the 18th Int’l Conf. on Ma-
chine Learning, pp. 577-584 (2001)

[Wang 97] Wang, W., Yang, J., and Muntz, R.: STING: A
Statistical Information Grid Approach to Spatial Data Min-
ing, in Proc. of the 23rd Very Large Database Conf., pp.
186-195 (1997)

[Xu 98] Xu, X., Ester, M., Kriegel, H.-P., and Sander, J.:
A Distribution-Based Clustering Algorithm for Mining in
Large Spatial Databases, in Proc. of the 14th Int’l Conf. on
Data Engineering, pp. 324-331 (1998)

[ 02) (L &, A fil, $aAR JE258 © B RIRF R s 1o
DRI T =y DEH 7 7 A8 ) v 7 8 1 RGBT
7 x — 7 LR (2002), LG-3

[Zahn 71] Zahn, C. T.: Graph-Theoretical Methods for De-
tecting and Describing Gestalt Clusters, IEEE Trans. on
Computers, Vol. 20, No. 1, pp. 68-86 (1971)

[Zhang 96] Zhang, T., Ramakrishnan, R., and Livny, M.:
BIRCH: An Efficient Data Clustering Method for Very
Large Databases, in Proc. of the ACM SIGMOD Int’l Conf.
on Management of Data, pp. 103-114 (1996)

[Zhang 97] Zhang, T., Ramakrishnan, R., and Livny, M.:
BIRCH: A New Data Clustering Algorithm and Its Appli-
cations, Journal of Data Mining and Knowledge Discovery,
Vol. 1, pp. 141-182 (1997)



F— A=V IO 528 v IFiE (2) 177

—F &F B N

MWE BBAGESE) 1, #ilB(Vol.18, No.1, p.65)%H.



