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FEFEMHARGEY = 73— (NWIC)J &, ENLEGEMEFRAINE TAMLTER I8
RHAGEE S SESMa— 2 (BCCW))J X THAGEGE L S5 a—/%X2 (CSNJ L H®7 0,
RN 2 3 RO REEMNE: TMeCabl & [f##tH UniDic) %> CHEINEL TW5.
FBCCWIJ % TCSIJ £\ o 2BEFED 2 — N ZADEOBIZIE, a—NAT /) F—Yarv e[
iz, IWEEERIEI D T — X X—ZATH 5 [UniDic DBJ (2 H MG AL FERZ 2 BN L T Wiz,
Z D728 3 — X A% & [FfIZ [UniDic DBJ LIRS T & 7208, TNWIC) 134 B B THEZE
ENT2D, HRERAERZEORI E DB ANOEE’TONTHE 59, T O T HBf#T
MODEFERS>TWVWD, T I TARMETIE, BRERMNTZ N T, XF N-gram O B
& B E D IH A S 37 N-gram D ERBZEK L. TNWIC) »5 [UniDic DBJ 12K &
RO HHUH BN FEERZ DGR Z FIET 5 HIEICODWTHRRS, ZHiZk D DB DX 5745 H55E
MWD BT THmL, TUniDicDBJ T2 AKX — b F—XTEKINS TR A UniDic]
JREE B 720, T2 HWERITIC X > T INWIC) T oMM ER 25> T 2i2ED
w5,

1. [FLC®HIC

7 EGERIE AT O — N ABF Y v X — T, BUE, BIRAARGEDEEMTHEEL LT,
BIAE & 357 A UniDic & BIREE U S SEMATH UniDic ® 2 22 AL TWs D, Zn s
D AEEEDFERIIILETH V. 1,745,957 OEFRHBEK (RER) &, TOFEHELD
BB A Wi (REO R UGEHRY) % 258,550 # 5ATWS (K1), LrLAHS,
2013 FERLSKR, (BARGED) f##tH UniDic 12 IZHHl OB HAL B #2720 < | BEEDFERS T TITd
7> TW5B, ZWIEfiEHrf UniDic @t & 72 2 M ALK DB, UniDic DB A3 —/ X2 7 J
T—Ya Ve ERIZHEINTWSEDTH D, FIRGED I — N 2RI BNHAGEE & S5
Yafls o — S APk, KB T b ol itk b, 22 Ta— N2 Y X —TI3H
f£. UniDic ~Hi7212 5,000 OFHFEEZOEMZFIH L TWS, TDO—EE LT, KIf5ETIE.

«teruaki-oka {at} ninjal.ac.jp

@ http://unidic.ninjal.ac. jp/download/#unidic_bccwj
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# 1 f##HrH UniDic O FER&DKE,

GEE = 258,550
HEPHBIZE | 1,745,957

# 2 NWIC o#igt,

No. of URLs 83,992,556
Tokens 3,885,889,575
Types 1,463,142,939
No. of Characters | 33,226,333,292

FEZEMHAY = 73—/ (NWJC) [Asahara et al., 2014] 7> & OFEREZ DM OHIH 12
WO MAZDNWTIHRRD, HAGBIIEGEREDPHLE ST DS RRD, FEEERAN A~
ATHRE NN, ZDIOHBEEREE XTI SRR T2 3LV, £ 2 TR
Tld, BEENE %/t X 12T N-gram D EREINR 2 MV % %83 5 sembei [Oshikiri, 2017]
EWS 7T A L%EEFA LU, K-neighbour classification {2 & - T UniDic (2 BEIZ &S 1T W
BRI W BERBIN 7 ML & K 5 72 30F N-gram & Fiflshg R o U Tl 5,
AFHEIZED, AFICBEU THE XS FBERROERVTRETH L I LDV h o7,

2. EEMHEAEY73—/3Z (NWJC)

FEFEMIHAGEY = 73— S 2%, EEF 2 — S A% L > X —CR¥ Sz 100 EEHEKED
HAZEDOY = 7a—NATH53, 77 R—IDIUEEIZ I Heritrix crawler @WMEH I N, 2D
70 —7% [ fEURLIZDWTURLDY A ZEFHLDD, 37hHIC 1 EEH»L. 1 FHE1L
DRI 2 TR=VZEINEL -, 78 —)LIN7=R—IE nwe-toolkit-0.0.2 Pz & - TIEHL
(HTML & 7§l & NFKC IEBULDOHE, X~epE) Lz, vz 7 EiZidae—3nizR—-y
LEFEL, WEULAEZAR—VYDHIZEZNEEENT WS, D728 Unix @ uniq 2¥ > K& {#
AU, XERIERTIEE AL, BR0ICTEEEE2TV, BEEZ2HERLZ, NWIC 21X, 2014 4
D 10~12 H (2014-4Q) IZMEI N = TR=VDTF — X W FEA ) XEA L LTHRINS T
W2, NWIC Dt T — X %&£ 2 1287,

3. BEEMZRE

HAEDOHMO—2IZnhbEZ 2 LRV ERHIT NS, T D7 HAREMRN O —FKx
PDOATy T, HEEDE], Sz 7400, EHESEEE A (HARGE) MRRMTILE T
HD, HAGEERMEN TIE, WREMITAREEZHWZFEIERTHY, JK<MbhTn
%Y —)L & LT, CRF [Lafferty et al., 2001] THEFIZEFHRINTWEIERBE RO I A M &Y

& http://webarchive. jira.com/wiki/display/Heritrix/Heritrix/
O http://code.google.com/p/nwc-toolkit/
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3% MeCab [Kudo et al., 2004] @23 %,

NPHEHEEINTVRWEXD SHBEERZDBEMEIIFE LW B S725E, oL
72 J51k13 MeCab D X 5 2 ER— A DL RN 2 FIHT 5L TH S, MeCab %213 U
b, BEEN—ZDRERMN A I X RAGELIEORRENEIEL I N TH 0| RS R A TRAIGE
LR X FHN ) X TN RBZAOBMETE S, L L ZOHKORAIEE
BT ORAGEVPFHFICH > Tz, IELSYD T ne WS Ricd b, £7KICS
X4 E 925 Web 7F A MZIZLK ZFREAPERIED L . T FEEHORH DR\ >~
Y2y FUT, RAGEPRMGELRB I NN EHZ N,

Z ZTCARME TR, WERRMENEHREZ NS T XF N-gram DRI bL2¥ET 5
sembei 7L 3V A L [Oshikiri, 2017] 28 U, HGERZ DM 2 WMEH Z 212 NWIC 225
K-neighbour classifier % > Tt 32 fiik%x & %, sembei 7V TV X LI DWW TIKIREIT
WMARD, RPFEIFHFEONBRENRZ MVELFEEEMALZEDOTH S0, KEMIZIE
[Mori et al., 1996] D35 —AD HARGERMGEEGFIROHEFETH L L WA D,

4. REFE : sembei 7ILTY XL & K-neighbour classifier % AL 7= #iE B RIZH O

4.1 sembei 7 TY XLDFME/NRT A —F/RE

sembei 7)VITVALDT L —LT =27 Tk, £9 3= SAPIZHHET 5 XF N-gram T
IT 4 AIEWT D, TSI CF N-gram 1230 < 230D Al BE 72 43 EoE A & 51128 L C
WEEBRAOND D, FHENR—ADPEREMI THEINDIHFET 7+ AHLUDH DT

o RIZ N-gram 77« A Ecodti (GEE) OFFHEZ M\, N-gram DX hL % FH

?éo

KBEZR Y = 73— XA TH 25 NWIC 259 % N-gram 2 #1535 572, sembei Tl
lossy counting 7 )V T X I 7% il o TIERSHE B O ZFIREIFR & . SHEOEBMEFHEZHHL TW»
%, ARFIETIE, N-gram £ : N=1~8 ZFH L. lossy counting 7)L TV X LIZE D, NWIC
Mo 22455810 fll, BT 1~8 XFDHR D N-gram 25 L 7=,

sembei 7V TV XATIE, I —NAHFOHIHFE N-gram DATT 7« AzEET 25, Th
W UARFIETIR, £ — XA OEHE N-gram 7217 TR <, 225X LHIEFIZ N-gram % &
RUZ\W, ZD72& lossy counting 7 )V IV XL THEML 724 N-gram @ GELL) BHE D 54
WWHDE, 77 1 AEED-HD N-gram & 7 > X LIER U772, EBRIZIE, 22,455,810 fH D
N-gram %% 1,150,000 flil % 8 DD AEIZFEINWT T > X 2 2Hi L, NWIC H1d 3% N-gram
T4 AR T,

I, 2L 72 N-gram 7 7 « A L TO N-gram [AHOI# GERE) SHE D S & N-gram O
7 MVEFE T 5, Oshikiri (2017) Tl. negative sampling & b @ skip-gram € 7 ) (SGNS-
sembei) OZ AL TWEA, ZZTREEEED sembei 7T ) XL ORFHLTWD

@ https://taku910.github.io/mecab/
®) https://github.com/oshikiri/w2v-sembei
©) https://github.com/shimo-1lab/sembei
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eigenwords (OSCCA) [Dhillon et al., 2015] ZfifH L 7z, Z Z T 1,150,000 il ® N-gram & %
V = {vi,v2, ..., Vi150000} £ T, v; 1% N-gram 2R L TW5, v; DHHEZ #(1;,) LKL L. v
& OEEMEE #(v;,v) LRILT D, Cp 1 v \THT BLEEEATHIT, Crld v I 24
WP T CTh D, HEBHEDO Y Y MZH, FE lossy counting 7V TV XL ZHHT 5,

CL — #().vi) € RVXV
VHV) \Zi# (v, v0) i

CR o— #(vi,v)) c vav
VH#©Vi) \ ZiH (Vv ) i

C:=[C,Cg]

Z 2T OSCCA D AEMEBIE G luy,.oux] TH Y. Gy & #0), #(v2), ... #(vy) %
FrT5VRNAGHTH S, up,..,ug 13 VC OERKRRZ ML L K fETH 5,
VC DEHIZ e THD, clFCDEZETH S, uy,..,ux ZatB 3572, randomized
SVD [Halko et al., 2011] ZfifH L, K =200 IZ§%& L7z, ZDHET, 1,150,000 {HD N-gram
Mo, TNEHN 200 RIED 1,150,000 fAD N2 bv (53EERB) PIERE Nz,

4.2 N-gram O ERED S OFREERIZFFHOME

N-gram D73 BERBLD S Hi#laEs R O ez il 9% 72&. Python machine learning toolkit
Td 5 scikit-learn @ K-Neighbour Classifier % fif1 9" %, K-Neighbour Classifier O 3 > X b
7 7 Z51EUE, n_neighbours = 5. weights = ‘distance’ \Zi%E U 7=,

N-gram(e V) 23§ TIZEFHE & U T UniDic IZE#HINTH O, TOALBEEI N5
A7z 1 DRI D BBEICIRD . ik N-gram ORI T MLV EFIFHO EF & U,
TP EIHO AR § 5, F72 N-gram (€ V) PG mD L5 Bl 520t &0HE6S.
AEHOEHI L 35, FfHEHD N-gram &R\ 7z V (UniDic (2 RKEHHRORER) 1L, 20
PR CHriiaEsE O BEAd) 2 af» % JIfH T — X T%# U7z K-neighbour classifier % f#il
HHIS B,

5. &R MEHIhHREBEREROER

AT — 2 DIEFIOTHRET 2 Millcfilz R E Lz &, i Iz RITIFE AR
HA M FFRTH o7z, 72U, ZOMHKESR % Z DX & UniDicDB 2B/ 5 Z L IETE 7%
W, UniDic DR HALEFKIZ IZEAE R BRI D 0. DB NDEFKITII AT OMERMEED BB
%5, NFCOMBREXE BEOREFEEL —BHEML 72F5HR. 50 M OHHEERRE B
BTN U Tz, i« ZFl LB LTI U 728558 @ 5 5| K-neighbour classifier O HE(S &
((K-neighbour classifier.pred_proba(X) BA%( D 1 J1)0~1 Ofi%z & %) T 1.0 TIEHI & ¥ L 7=
fiRze R 3 ITRT,

TR U, @ BiEAEHEE L 2B E. il S 7z 4l N-gram O1F & A E2EIG (e.g.
720 R0, 72 X A) +EE (UniDic DB IZE§FEMA) TH o7z, sembei 7L TV X LITEH
IZEEE T 5 N-gram DEHRD AP O KRBT MV EFERT 5720, H3%D N-gram TH 5
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v; DIEHIE, DEINRZ PVOFEERIZ YR LRV EDVFERZEEZ NS, £IT
#il Z X, UniDic {2 BEIZ B8k ADID XL FF % & N-gram 2 H 6520 UDRAT 5, LI
HAXFHE LTRSS HFZ2FERICEE L LTENT2Z B E2 605,

f  PRFRTRE Lz E HITOFHETHR L Tz NWIC OGRS TTE W)
BER XN oz, THIENWIC iz TmE'W ] OHBELA DI D 500 4L A7 <, lossy
counting D Hf s THH N-gram 22 SN T W72 Z L DHINTH %, lossy counting D /8T A —
REHELZLEZA, TZEWV] BB N-gram & UTH - 7255, Bt N-gram 85 7 (22 I
WIZE KRV A X o7z, ZD72D5%IE, OSSCA IZ X 51750y FEHHE D 5 SGDN %
HoleA Y T4 VFERIZEDNWERBEFHIYVEZ L i TH 5,

6. BbYIC

ARTIE, NWIC D& 3 7mEKAY =73 —/82H 5 UniDic DFHFEREBEMEZ LD X 5
TIHEETEZD0 %2R U7, sembei 7)LT ) XL %A L, XF N-gram DO HEH %2 %
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F 4 EHE PR A S RS R OB (BhE)

W GE e R Al
72 SAUL
72T ADWV
7= AR
72 S AES
7 S AH
72 TAFEN
T AAN
=K XAHED
o R0 EEN
T2oRDiEEE -
725 R0 fii
Tzo R0 ffio
72280 Ao

B L 7-D%, K-neighbour classification (2 & - T 37 N-gram @ 1> & Hi i 58 52 200l & 081
UTzo ZallZBA L TIIFlGE B ORMIER T E 205, Bilic UCiRERzZz G2 VwWo 7z
TUEMEPEETUE o7, TNaEHT 51213, XFEHETAICREGE%Z 88 & 572 N-gram % &
SHUOBRA. U IZARNIZT IR EDHFENRET IS,

B
AL E N FE BT O — S AR v 2 —DFEHE Tz 2 b [a—RAT7 ) F—
va v OHEE - A - BEMLICE T 2 ZEEEIE) (2016-2021 F£E) DR TH 5,

3k
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