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ceC

cost(X,C) = ZCOS'G(% C)
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C*=arg min cost(X,C)
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X2 [BRRE S, R FERIAERE d ZRMEAE G, B3 SECT BRI AT A d 19 RO
KEFR MFEE AR, —A B AR AR S B HE T 4E TR oK R e 2 Ak 1) R
T k-means [\, FRATA] DAIERH AN 4518

Theorem 1.1. %5 % k-means F)#t9s AN X C R, 1B JL T f : R - R™ % X [tk
X, P m=0(1%), FEALEX LT AL RELR (C1,....C), &
Cit={fYa):zeC}, Ma{CT",....,C;'} & X oy BEnin by REL R,

Remark 1.2. XF "/ IMEBITEAC T P, %I B I IR Xopt o QISR FEAN I /2 cost(X) <
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2 BRYE¥Lff P k-means

Definition 2.1 (BEKFERAEE). L ERIEMA X € R4, ZEH—ABEL4 C, & NE
KIE R4 (cluster indicator matrix) K Io € R™4, &
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Example 2.2. % /5 X = {x1, 29, 23,24, 25,26}, CMNHETREX2, 1,1, 3,2, 1, F4
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Claim 2.3. % cost(C) k=R E X5 C xf L8y k-means Tk, AR 4

| X — IeIZ X3 = cost(C)
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IIX = \/T—”ercix = |Ci|(C3)

kxd ’ kxd

F& v e G, 4 c(r)=p(C), M

C(Il)
IeIFX =

C(:En) nxd

1X = LIE X5 = Y |l — efa)|]* = cost(C)
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Theorem 2.4. é’é},’i X Cc R, A R e RX Hh—AN R - REpy JL T34, b

k=048, X% T B H X. Bk P =& X 89FAk k-means #%%, P& X #9 \-it
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1X = PX||% < (9+O()A|X — P*X||%
Proof. & B=P*X,B=(I—-P)X, WX =DB+DB, Ti&H,
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