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Cristianini(1]= SVMIt 22 He(kernel) HEIEBUAMS
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k(d,d) =< ¢(d),¢(d,) >2 HASD 0l= HEg &
BlltE A 2AIECZ HIOIEH(2A)J E8E & IZ228
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£ LIEHHCH @2 f= 202t MADE CIAFHS DHIHH A
B8 QOIS HMAE AN e BAAl, 2 YHLCE=
Lo SHOIOl SHEBIt, 2 BHT-CE HAEWNAY &Lt
B G= MIH20| XA (latent semantic feature)2A 0l=

O.i o qEoR Z—i
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2o s =3

Ol Bty 22|50 wake-sleep 2 2IF[2, 5]

H
Ol E&tCH ©0! HHE HEE otLte B2AM HEIE FHX®,

wake-HH MM E Q14 ZEE OI88H0 2
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£ MBS 0O ZUE JIZZ LIS Ot SHHCIEE A
S8 WO OlEA EEE ASS OIS0 AADHO| [y
& 2t BAIBCH 01248 wake-EHHID sleep SHE ZE O
OIE{GI CHER BHEXOR 2#aBM QB KHHSE =X
BHCH,

UESZON I8 2N EH0M HSHRZ YL 22
2uULSHd YHZSO 0|.E.:, = 2t ET0| SOISOl CHaH
IR JIEXEY BEOIN, Ol MX K #g Rz msg
& UACH M2 SHABE F&6t= HY N, K= 2932
o X, ¥ NNE £ JH+E OIS RS X 2 M
el olgiol CHEt DIEX EBe2 FosgEs stLiel ZMeln)
REOILH 28 K € MOIS2 0= LSAY 20| &R 249
S USH, LS EW W HEXI 52 SIS 20|
Lb 2@ THSA QB S0D JIEE & AUCH TGEtM
kgy(d;, dy) =< RTd,RTd, > 5 £MZIY SAZT A
& Al BHOIS 2t SI0IBAE DE = ASH, OB Sl
pE#ME P= ROl 90| HEO0l FEEC}.
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24 Oloiel & 2 0 (MEDLINE, CACM)OlI ol 22X 24 &
2 OIYRLH, F 2 &Y R4 UsSy 2L

® MEOLINE: Oi= =@ SYSTAHBZRES =2 1,033MZ
THE0 ASH ZW = 300H0ICH

® CACM: CACM M=o =& 3204002 R&L0H A2H &N
=& 51JH0ICt.
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ol ol YWl HEAC. 22l k-means FNEIH, LSA,
YERX Die R0 8= B U K(k-means 12
B9 2 RWALAGHS «)8 K=16, 32, 48, 64, 80, B2=
BSAIH UJIBA O 2 01F 32 &8 22 39E 4
SIGCH. RAE 2H, MEDLINE OIOIEIOf TH8HA &= generalized
VSM, k-means, LSA, TIEQQXE 25 J& VoML A

SE 228 ¥ % UCH X9 CACM dioigiol UM E
LSASH OIERQUDES s A0l UAAXIS, generalized VSM
I k-means SCIF0 OI1LHE 240] HES 28icd J1& VMol
Hig 450 Xoltsi= A HOUF £+ AULH 01248 Fn=2
O, ¢Es S B HE 080 BAHL |AIE SH0AM
BICAl €80 SXl A8® & = AL H 12 & 24 Y
off CHEt 2F 2HES 11-point BHZE T A Ss58
RABCE.

MEDLINE CACM
word-index 52.7% 16.9%
doc-index 59.8% 15.2%
k-means 60.9+1.11% 13.3+ 0.54%
LSA 62.3% 17.4%
HM 65.3+0.77% 21.2% 0.64%
2 1. &§ 24 Zgo U 1-point BDEEZ,
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WL HAX2Z 108 A8 R B2 450 EEZHLE
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Jg 32 S84 ¥ =0 O& ft-point B8 &
HT gz 2ol YEEX OA DIBS 20| HER AISE
BR0= FINRH(K=16) =0 S FUT 4§ 20|
D 0lE X3 00 Met g5 XY HadL Ho B, LSAg
F2 )0 g S5 A0 A0 K=80% O 3D Hs
£ 2001 1 01ROz HY B2 288 & = UL, HE
MEOLINE 2A ZEo 2 FRY X, LERS HAO
st SAQl HM FHE URCSZ LSAG 248 HI ds20
T AY L4 M5 HACE UM AU ZUAD 8
k.

1
0

O 3. MEDLINE 24 ZEO ¥ A

= B2 R0 U2 45 5F.

MM 2
16, 32, 48, 64,
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2) [4)0IA RIAE spherical k-means ¥1IC|E® HESIULCE.

HE oo TEE UEEX Y S50 ot HAE BHARR
Ef =882 0|8 JIUS2M 210l Hes +&SD OIF O
B3N 24 SAMTE =ZS= Y HAISIACH 242 2
M ZE0 g A8oiA, JiE HNESAZ2L0AMS 2= BM
Ol FALTO| S 20l HISH SOES 20l 2H BE2E &
RE 2Ol 2PH 24 85 BN O S8 MR & U
UCH E& UBFE HAON JIBHE A0 HE T/ HAQ|
generalized VSMOILI k-means ZH2l0) Bldl) B3 T HOAM
REGAUSOH, || (SA JI1Y HDE O SL 222 xR0
MAUESR Hg FR0UE 2 458 48 = JAAUCH

2 20 A2 2AM COIE0 st A8 % Hds HIIY
HEO, =88 ol AS(ZM2A0 XE) 212 2ADIHAE
metstal Ol 24 SAIT EJO0I ¢ A8 LHEW O
S HTE MR A0ICH. EB Support vector machine(SVM)
I =2 3HE ERIE S 2M 2BOA HOE gy
EB3OX BCL

ZAS =&

' P= MEIaR ALY ALY (BrainTech)t RNER
BK21-IT Z20 A5l0 &R XAHAS. 0 I E A
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