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This paper presents a method for categorizing named entities in Wikipedia. In Wikipedia, an anchor
text is glossed in a linked HTML text. We formalize named entity categorization as a task of catego-
rizing anchor texts with linked HTML texts which glosses a named entity. Using this representation,
we introduce a graph structure in which anchor texts are regarded as nodes. In order to incorporate
HTML structure on the graph, three types of cliques are defined based on the HTML DOM structure.
We propose a method with Conditional Random Fields (CRFs) to categorize the nodes on the graph.
Since the defined graph include cycles, the exact inference of CRFs is computationally expensive. We
introduce an approximate inference method using Tree-based Reparameterization (TRP) to reduce
computational cost. Experimental results show that the proposed method outperforms a baseline
method that uses Support Vector Machines.
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exp (3 Mefe(Wi, yj, 1)), 21 € @) BFRBIZD, RWERIT
Bohierol., FOBAL LT, BEEFTATIRI U—2
T BRMEOK | F| 857 <L OMEEOR)F| = |£]x|L]
THBDIH L, filys,y;, @) OEEORIE, T1D24
EEOY L BRFMEOROTE | F| = L] x |£] x | Fo|(F, : B
HIFEM) b, SR - TIE, F—F P COHE
BRENTHILOLFEET S0, BUEEEZFEO-T
DL CHREEBBRANR=RLRY, RT3 —< 2D
TloeMokbneELZENS.

AROFEC LY #E L EARBFEM> L BERRE
EBETOHG, PRVATFOAXNTBIRZBIE
BEELVW., 22T, CRFs ODRERD I L—FRVEREN
Ao’ CR model DEBRRERIZHVT, BFANBHA
L7 7 gD S CORDEER ply,|z) = X, Pyl
EHRECRME r TTANFY T REBIRoT. K447,
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4: 5¥ERSEE O Precision-Recall ##% (CR model)

CRFs (CR model) DEBRBERIZONT, FINEIVLET
DOEDFEELRE T T7 4V F Y v J LD Precision &
Recall DBffE 7 vy FLEZHOTHS. BifiL, Recall
0.57 fhic ¥ — 7 3% D, O RIZET D Precision 1LE
EZ097 THB. i, FFFEHFETIEARES
BD5 6 5.78%, BEIT%, 2%V 30 BHEREEMPR
DB I RELEFICHEVVEECESTELZLERLTY
. BYRREr 20D, plylz) > THALORBERR
PR O 2 AFTHRATHZLT, PRVax M THER
HCEERRL BRI R TES.

4 F&O

AR T, Web LOSEEEREMTH S Wikipedia 7>
CREICEERBRAES LAETIFEREERELEZ. B
B2, Wikipedia DX E D DOM #iE R B> K FEE
Z, JBEDOI V-V EERTHLICL-TT 7 7
B EY, 77 EBRTHIENLDOT Y —7IZRLT
EEEREEELERF v VEREEAT S 2 & TH
EORGEEFRE L 5272 ET2Ricxtd 2 5BE R T ~LE|
DY TERDS CRFs DEFAVEABE L, FEERIZT,
SVMs LW L TEAWVWEE CEERROSENFRERTH D
ZEERLE.

SHOBEE LT, HETIERREY 7 AOHED
fERZETF oD, SELZEFRALERGECHER
WHZ EOISRICHWD Z 2B BE, BEREYZ T
ADREOHSIIEFEEE THS. i, BRGE
VAT A~NDIEREEZ LGS, BERESHSMEEShT
WA ZETHRERERHEDHEICRZ ZENFAREE 2D, BIZ
DORER EAMETES. L, —BAICHE5ET 255X
NEEPREVGE, £7-NVITLOHEFAEIIDLRL B
7, MHWFRICLAINEIH L 22, oM@ Y
IR TENESBOBETHD.

£, AR CHEALZARRRALSETH A ILREA REWE
BIIMBEEE R L TWER, ZOBBHEZSEICHA
THELLTELRBEMEARAD L. BEHESYZE
L7cFiEE L TE, Max Margin Markov Network[10]

WCESE, BREE L RABOAEELFF DT 7 (Markov
Tree) D&/ — FIZR LTI _AVERED HTE 2 & CHB
BIRSEEI IR YRR 2 ERH BN, Rrid, FHT
WoTREBRE TNV ORBEE E FRMFICE) Z L
FRERETNVORFIZRERVEATHNDEEZAHTHS.
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