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Abstract

In this paper, we present a stochastic language model using dependency. This model considers a sentence as a
word sequence and predicts each word from left to right. The history at each step of prediction is a sequence of
partial parse trees covering the preceding words. First our model predicts the partial parse trees which have a
dependency relation with the next word and then predicts the next word from those trees. We prepared about
1,000 syntactically annotated sentences and estimated the parameters of our model. We built a parser based on
our model and tested it on about 100 sentences. The accuracy of the dependency relation was 89.9%.

Key Words Stochastic Approach, Corpus, Parsing, Stochastic Language Model, Speech Recognition

—143—



1 @iwic
EERETmHE L TORENTEIL, BRSELED
BN HERO—DOTH DL, £, FEAFBOEET T
VD% i n-gram €7V TH Y . HiE% EOREERIT
DL LT n-gram T FNRFDOYRIZE T VTN D
(1, 2,3, 4. BEEBITIIERSELEORIOBER TH
D, BENEEZBNTBROEEILS ORI LTHS
ThHb, ROBRBIEILOEELHS»ICT A IUEITTH
b Bift. %< OWENHELBITHISRESN, BVHE
PRESN TV, LAL2HS, BROBERS (O
IR +5Tied, S622BEMEIETRA,
BXBTBROE2BRAO—2E LT, EESEERYD
ST ERDBOBBAEROMLBN N S 2 5 o WX B
CEETMBEMAGDEDL L FEL S, BICET
BOEEN RN SET I VEERL T LI P EE L
Vi, ZIT, AR L, TRTOMELZXFFIIHT S
EREROMPIUTTH LI L2 ERT 2, SEETF
VR THIUEL, BT L THE RS T e 2 <
HMABDED I EHNTRICR S, 250, BEIARBOS
BEFVE, BEFERATISHETFVEL, RO -
gram TFNV LN L EELHEHREAVTRALT 2V, B
RICBXETOBEL B HTLIOTH L, 20X Rlle
LHBEN TR VHE T, EFARES N-best DR
MEEZOBEL O IBEAL, BXEiNSESEh b2 T
RTHBXEITT L L b ICHEELER L. JOKRES
NEIBERROLL ZOBEOHFHHTHZET, 13T
FILBREMNEONL, Lzdio T, BEDRHSL EOMOME
ENFRICLIEELBL OBMMETER LGS, HE
BB LBMBOSELFVIEIERNTHLIENZET L
v

FRLTIE, BERBENRSHEL TH2ERNLRBENT
CEBETNVEENRIETSOBUBITRERET S, 20F
FNTIE, WEREFEOF LA L SR, FRENOBERE
BXHEPSIRCTFRENL, FROERETOREIX, €
DOEEE T TORERFZE D BOBIAROYITH L, Ba
DEFLTE, T, ROBERICHRLEBHHBITA L FH
L. Ehdd, ROBEZEL FNIHRIBTHEHIALL T
W2, BARETIE., TRFROBBERIILTZFORICH
B2 BBERIRLIOT, ROZFITOFEETFHTLLE
3%, LzdoT, BADTFILVEMOSECHAT S
BA, ChEFETE L) KIRT 2 LEF S5, TDE
TV E SRS VR L. #9 1,000 X0 HAZFE
FHLOROLLTI—NARPGLT A=y 2HEE L. 100
Xixt L CHEXCBITER AT 2o 2B R, RV FITRET
89.9% DIENTHE LB,

2 FRYUBGFICEDICHEENEZEET N

COETHE, AVRET BRI ZTICED I HENS
FETTIVIZDOVTHRNL, RO ZFITEEBT L OBFE
MERBRETIVEELD, RADOETLVERELT VI T7ET
NO—DThb, HADEFNL TR, LErHERTZERE
NOBREEFLEICIHICTFHING, FROKEETD
BRI, EARMIZZ, RYEIREORERNFTH D,
B 5 LS EEME 5] 1L L XOEME
CBWT, ROEIKREOHBROBRIZIE LRI S 5,
ZOLREGHHBOLOOAT Y FOBITL - THRES
N, T22BETHLE3N5 6l ZORIREAVE L
T, FRRIREBMICES (EENEETTVEERT L 2
ENTREE 2D,
2.1 XOEFN
BAVPRETHETNVORENLZT 4 TTIk, ThEh
OEEZOFUCBWTL ) EE2FERIE, EiORES
P (REE n-gram EF N % &) Tldh ., FHIShLE
BELRVZIHRIIHIBERTHL LOEBTH 5,
Bl LT, MIREhLDHE LR 2IIREND 6 FHE
DREE VAT PFRENIBROLHEEORI;IC
DVTERT L, W20 LOFFHETRE, 120/ —F
RUOR(msho%bty) b, 200/ - F»pokdK
(my Ema o5ty ma &ms H%bt,)05d b,
RITRBED 2 DODR (b & to) FPROTEEE (me) 14D
ETEHE, COREBRIINLOEERILSTFHSAELD
BENWTHL), TDL) RBAN»L, BKADET VL,
Y. ROBERIGRLIMOBHTAZTFHL, KT, 2
MoK HROFEREEZ FHT 5,

ZIT, BADOETFVERRBICEBATA20IUTO
EBEETL ).

o T = mymg---my, : BERF, BEXIELFS & HH
O TH B,

o b=ty -ty FBATT 2 i EOREELE D oM
KDFY,

o 87 BUTET : ROWERIELBIBATAROF, RUK
DORBEFIRS 2V BITAROF, R0 ZTERIER
ELEVERELTVZDTE =t t} Thao,

e (tm) : mERELIEZMOTESARET AR, BEEE
(Mig1) BERICHR B ROF (¢F) 5 F R S Wik,
b RVADT (£7) EFIIER SRR (¢ misr))
DBEHEHBRIEL 25, Lichio> Ty =7 - (7 miv1)
ThHh,

® Ymaz : RO EVREDHEZOLD LI,

LEogEHDDL &, R4 OHBEHEFETNIIUTOL

—144—



— | l

I l vl K
kare| |wa| lano| | ao rmg wo| abe ta
he | |subj| \that| |blue endmg apple obj eat | (past
m, m, m;  m, m; my, my, m,

1 LEEDRY ZVTHEE

O — <t msd
| I Ty
are ano| [ao ringo)!
=M sse)
! m, m; mg
= P(tg), where tg =t5 - (t7ms)

B 2: BN b OREETH
9 LEHEI NS,

Pm) = [[Pmilmims---mi)
i=1

~ Y [[Pmity,)P

t.eT, i=1

(t7,[ti-) (1)

T, T, idn/—~ FOMELRTNTORDESEE
To ZOROELRTF (P(mith ) 2 BEEFHET N
LIRU, B2ETF (PO |tim) ) BRETHE SN LIP
Fo ) —ER2IIOWTERT L, LREONIZ6FED
BEZOFHOEBORETH 2, REFHEFVIE,
TROBGERIFRIMBIBAALFHL, FRORE 2
Bo ROTHEEFHEFLY, ROBEELFIIGES
MAOMTADLLFHL, TERORE 25,

FTTITBRA LI, BEZETFTHOEERIZIBVT,
DEPREOHEZORIIIEENESL £ LML, D
D, BTBEAT (8) OBRHIIE EREH L, L7z
o T, ME/BHAROERLICERBIGHL LT L E, TR
FTRTORBOBITERE R S, ZOLEMENHLERLTY
By, BAOEFNVERI LI TZTEFNTH S, Bh
RNVITEFNVIBNCE, F1EFEHEIBERLIRE
. F2ETFEEBRELIFITND,

FBOZTHBREIRELZVIEZEELTVWADT, Ik
BFPHETVEIROBEZRLIROEE FHT 572507
Tt+aThs, Lfﬁor‘xoﬂqd@%%&%y=
[th ) £ LTy P(tf,ltion) = Pyltioy) &% 5, 3%
EDREDPL, BRBED y HOESEN AN BEOMRES
WZRB ZENThDE, BEEFIIH TS TREL2BIFAD
R ZORBHEHT L THREBEEMICHEMT 20T,
HOBRIARDFIOR ST LR S ZHATH, BTBAA
DN T EMILERTH S, TN &iE, F—F As8—
ARADMBEEERIT, ZOMBEEBTE00I0, £
SEMARORINCFIAT S/ — FOERSLHBETLI L &
Th, ABiTHRRLIERTIE, REZDF/ - FOA%K
ANOHRET D, TOLHI I, BRADOULNVOFEE &R
DUVRNVOBEZLRINOMRETLETNVE P L F
Fo Lhts T, ERIZHWAEF L TIZ, ROBEEIC
RAEROBERER, BATT 2 BRI 2 E ) B EANT
ROBBE2UTOHFIREBRELRZLTFHENE,
b L, TNTHhOBEEI ROBEZICES LV T
ZRETHIE, BADETFNVIIBER 3-gram EF NV L%
ficTHsZ i HFELTE

BRADRETHZETNVERMOASIIH L CHERICT
572912, n-gram € 7N ERBOHE [7) 172 ). K
FRATIEORMNEBNTHIE T, LY —BHILE
TABR/OLND, BIZIE BEZDTF/ — FORHDOA
Z KB % £ T ERE 3-gram €TV E TV (LA
T Ppp LK) P HBoOND, MOBREEOAFRIIL.
ZEDF/ — FEERT 5 L REE 2-gram £ F M€
TN (BVT Pyp LREC) P8 oNb. FiElko—FEL L
T, EEE 3-gram IZHML§ 5 Prp % Ppp R Pyr 0 &
DED—BBHLEEFTVEHETIILIELONE, &

—145—



BT, DTORIRT LI —MILOL VDB RLEHT
DOEFNVERE L7,

Ao Pro(milth ) + s Prr(maltf ;)
+)\4PPp(m,[t 1) +/\3PNL(m1|tl 1)
+A2Pyp(milt! ) + M Py (mifti )
+/\0Pm,0—gram (2)

P(miltL) =

ZZT, Pex DX FEZ 1D/ - FOKFoLR)V (N:
R Lawv, P: &, L BEE) 2RL, Y RES2
D)= FORHNDLNVERT o £72 Proogram 13 38
B MIFTE—REGAEET (Pro—gram = 1/|M|)o

REFHE TV (Pyltio) dE&(ERICHB S S,
COBE, TEELESRIy =1,2,...,Yme THEDT,
Pyo—gram = 1/Ymaz TH 5o
2.2 NTA-BHEE

FAOBRETAEFNVIIENRINVITETLTH S H
b, Ea—RAHPLEM 7NV I X4 B HEHVT/T
A=Y RWETHAIENTEL, ZOTVIT) XaEH»
iE, Ea—NAOHBBEIRRERL/8T XA -5 1
EE&ND, TOB, EXOBERIERINLVOT, #R
ELTEBOLNEEFIVIE, LT LOBURTIZEN TH S
EREEL RV,

WX EY 2 E TV ERET LI L2 L LSS
&, BIRENN G ENZa— A0 b, UTFORXIRT
A%, MMEECLARAREEHNT ST A -5 2
ETHIENET LW 3]

MLE (¢ ma))
P(m|t*) "= T m))
P(ylt) “E° w.?) where y = |tT|

f@)”’
ZIT, flz) 3BERz DEBI-NRATOEETERT,
£ (2) OFMBERECE. BIBRHEE (7 ICLoTHES R
%
2.3 BRLTIWMEFOER

—AEEIC, FREFE n-gram € 7IVILRE n-gram £ 7V
LD L FRADPE . L LAEFS, REEORBELE
Btz i, LIFLRF—F AN AR ADOMEEF]
xR L, EFNVCESETRIZTRANS S, FI2IET,
KIEOTIEEBATE (9] TE. HE 100 A LOBEED A
ERILENTWAD, AR, ROMENBVE ENLEE
OWTBFBEO—D2[10] Tk, FF - A5 EUE
HHETABEOANERILEN L, 0L REHPL
&hO%TWTM\miﬁ?éﬁﬁii%gﬂﬁﬁfﬂﬁ
TrILE L7, LOBBEIXIOMRE TLET
W (Ppp ¥ Ppp k Pyp) Tid, BRENALBEEOAZ

Rploxtge L, ZhLUSERFAOARXGT %, EIROE
HIE, ST X - FHEEERICHBESNAFEa— /20
—ERTHLANFT Y b 3= BB O
(4EiBB) & L7z LAt T, 7 A& b I—/SARKMD
YO LRITOFEX B LS5 LHEFESNIBEZEOA
PEELINDE, TOEOTLITY I LG, UTO#EHT
»5 (A 3IBH),

1. AR CRBEZEZ TN FRLOGFIIE TS 7 A
B LTWwA,

2. TRCOBEZTHEEORIFIIET S
DIMENFEITE NS,

(a) BT ABEZCRICERILLT, ~"VFT 7 ba—
INZADBITHEZSET 5,

ZONEZUT

(b) & L. HEOH RS WL Z ofEEZ T BRI
Téo
:@?»juxAmﬁﬁﬁ%%%ﬁmﬁ*@Emu%w

Bo 2F Y, KORFNCEL THBERLSNEES
&wyiﬂ%%ly7L\miﬂén&#otﬁwium
HAOAKET 5, b LIRIC, SERILSNBBREI LTI
X, Pyy =Pnp THDH, Py =Ppy,=Pppltih,
BERZOBRSOIRALIEETHIE, ZOT7TVTY XLiZ
Ny TEY SRS FOTATY AN D,

lexxcahze

no

BILOT VT X

= 3: 5%

2.4 KHEETN

FAOEEEFAVRABERELR) JLHTEL LD
(. 305 2-gram A5 % AREEEE TV AL ER
CRWEEEFFHTAEE. ITZORKAETFRL, X
WTRMEEFUAERAD O XFFELUTOXEBNTE

- 146—



WY 5,

m+1
P(m|POS) = H Ppos(z;i|zi_1)
i=1

where m = 2122 -+ T, Lo = Trpt1 = BT
ZIZT, BTRBEBEOER R THIOESTTH %,
ZHIZED, TRTOTEEL XFEFNA T 2 BREOSE
15D,
BB L 2 HEAROEE TR, FEI- 12248
BOWMGa—RAGET 5, ERTR, BRIIHS 2
NAD2DPULICHETAHERL Lz, RHMEETV

DINFGA—FE, 12083 — 2 LHABBELEN
BEEL,L, RABCUATORTHVWTHEES NS,

MLE fros(Zi, Ti—1)

B fros(zi-1)
X5 2-gram € 7V b XF l-gram £ 7 )V & LF 0-gram
BTN (—HRGAM) EHET 5. HHEHAKIE, HIBREEE
(M v#EET S,
3 BT

—REENC, RESROMESCRTE I EEES IS E S iz
EANEL, ZOBEETRNT S, Thx LT, &AHHR
T HHELARITERL., REFEFVERITVEOT, X
FHEANE LT, BEAOSE L RFA DG 2 HCHFT
LRIBIAT ) SEDTE D, JOHTIE, BTl
BEEFNVICES SHXBRBIIOVTHEAT 2,
3.1 FERAEIURRINEE

HEENEEE TNV ICET BB RE. XFF (2)
EH26R5E, BESRAL &2 HE (K 1858) ¥ U
ToRif->THIT 5,

Ppos(zilri_1)

T = argmaxP(T|z)

m(T)=T

= argmax P(T|z)P(x)
m(T)=T

= argmax P(z|T)P(T) ('." Bayes’ formula)
m(T)=2

= argmaxP(T) (. P(z|T)=1),
m(T)=x

ZZC, m(T) RBEXART OBEEFIORLEOEETD
b, BRBEDITO P(T) RMERHEEET TV THDL, Th
X, B4 OBXBTBR T, 20 CHRAHEROHEETS
WIZLo TRESNAEXBTAT OBETH 5,

P(T) = [] Pomiltf ) P(6) [tiv) (3)
=1

3.2 BEROTFNIYZXL
R @B)IREND LT, BA OWIEMRBIIREL <V
I T7EFIVIZETNVTNS, Lzho T, REHEOHEEIC

F£1: a—/5X

X | BERER | XFEH
=8 1,072 30,292 | 46,212
TAR 119 3,268 | 4,909

& Viterbi 7V T ALHBEHTE S, Viterbi 7V Y
Abit, ADOXFREn LT DL, On) OBMTHR
BOBEHETLIENTE S,

X3, AT DLFFIE NI ARBAH D55 RE
BRLHVET, HhehsaBgxlookThiFhild
bz, 20720121, RFREL, OKOIEE L9
E1THHLLENH D, BXBITEL, ToftEEH
TRIEREOS NS, RADHRE 25 RELER, 28
THEEETNTIR, REZDF/ — FOATHIAER
WT BT, HRREOHFRZT CLIEIAEZERTL S
EFTESV, L LS, B0kid, KRBT, oF
DVREZOFILRY EVREOHBEOTIL LERT L2
EHTES, L7zh o T, MXEITHIE, FROZERRT
IhSHEEEL, MERKOBKRENIRREZE, 2
NoHOFIEIBICHEAB AR T 2,

4 FHE
2T, MFICE T EFVE TR EBRILLE
EFVEHBEL, TREROFRDLEE L2, E512,
INSOEEETNVICETE, IHTHELBIERT NV
TNV XL ERACLECEITREER L, 7 A ha— A2
AT LB OEREIT o720 ZOHTIE, ZOHKR
2HRL, TOFEMEITZ o
4.1 RRBROZH

ERIIHVZ-01R, BEABRBHFHOLEIIEINEX
POLLbaA—NATHE, X, BERISESH, #
XHEEPRFEEN TS, ZofEEIR, FRHICRSLE
IFAY—%BHNWT, AFETITho/ I—/3R1F 1110
ZHEEN, ZORD 10EEEFI-NALLEFLOD
WRICH, BYOLEEFAPI—82k L7 (R1B
B)o FFa—NRA0OND 11 28 TR 72FERLT AV
TYVALIZBITEANVETT ha— Rk Lz, FHlo
ERATRIEFTREOHEROREEFT I —/SAILD
WTHARZER, TOMEE10ETBIEE L (Ymae =
10).

FRNEFMETH2EHT, EETVOTRA P I—/AC
WA/ ALY POV —%EHE L7, COFEETE
HBITIE, TR ME N EEE AV, L
T, TRCOTELZEHFEROBEROMERAVTVIDT
v, REFICESCETVEERILLET IV ERET

—147—



£ 2 VORI POV - CBATHE

BHEETIN = 5L | mmE
BIRBFERALE TN 6.927 89.9%
T EWERLET 6.651 87.1%
BEICETCEFL 7.000 87.5%

N—AFA{ " e 78.7%

*ENENOBERIROBER I RL LTS

72012, TREREBRLFEE -2 oHEL. AL
FAMI=NARHTLI TR PO —%5E L7
RHFBETNVREFLOT, OGSO Ir ATy b
E—~DFEFIR—ETH b,

RIZ, BRY BTNV & BRI B YER LI CR
MOBEOFM 2174 o 720 WXL, REFEETIV
EMEATVDOT, XFFNIAT 2EXBIT S TEETH 5
B, BEZE~OFEOBRY VLT, BREOFHEIEHETH
b, WERFIEANETE I EE L,

BXBATREREOFMBEEIIE N ENEH Y FITHFROR
BEThb, JhiE, BARFEORY ST BITOERL & 5HE
FETHE, HEZ, LTORXTREINDL L2, A
WIS LR RITHAROE (BEEORIZELW) 12
WIAH, ELWR)ZITERENEEGTHS, 2T, EL
WRD SR LI, TSRS SRR ) SR
ERLTAZ L EEKT 5,

#YEHPE LWEEEORK
RO

L, BBOBRELEE» S 2FHOBERIL, F

OMBRE L, TOBEBEIR, RECHEEIZEIRY L

Bul, BEPL2EHEHORBRR. LVREOHER

HRBDOT, BHREFZNWIETH A,

4.2 FHi

PRATHERE =

£UL, 1) TRCOBBENROBBEIHELET S

R=AFA v, ) TRTCOBBELERLLIET IV,
3) MEICETC(ETFTIV, 42 TRLATAITY X L2
DERMICBERELAEFTVICEAEIBIFOKE TH
bo ZORRDPE, BIMICERILLAETVICES (E
XERBOBEIRIBBVI LD L L, LrLEFL,
ZUOALY NOE—HFR/ATHIDIE, TRTOREEY
BRILLEEFVTH D, SO LD, BERELLED
SEEFLELTIR, TOEFAUIRERTHLEHESN
b, JUALY bV — L EERBOBE I, MEN:
BN H 5 EHRESNTVWADT, FTETM L B XHiTE
FEEZAT 2D -DDEFTEF VL LTIR, BERILT 2EE
FOBFIMOEEEZA VLI L IFELBLRETHS ),

20 v 100 %
accuracy

86.00, 88.1% 89.9%

®
S

84.0%

N
@
S

cross entropy

@©
IS
)

Adoxyua ssoxd
Areandoe Suissed

EN
N
o

0
10° 10' 102 10° 10* 105 ©
#characters in learning corpus

M4 7OAZY TV~ & RIFBEOERZ

RiZ, FHBa—-mAOKREZI W TE oAy b1
E— L BITHBE ORI FANLBERIIOVWTHRNS, H
43, TAPI-RAE—ERoEE, FHI-X0
KESEFNFNL/4, 1/16, 1/64 & LB nr T
ALy bOU—- LBTHEETHDL, JUAI Y PO K~
i EF - Ao TRRAS T 2 EmY D 5
ZEDbhb, BITEECOERIC, FEa—sA0HE
> TRLET 2EANH L, ZOKENPL, BRETIE
FEFIA-RAFBIMEEE I LT, LHBVHEEOH TS
MBEPBONLIEDTD R, T2, MOBLHEITERLD
HEE W) AT, ERICHW IS AT 4 IHFFEEIC
NN EERD L, A OERITBOME L. B
HTOBRBLANVIEHY, RADT 70— F2%RHTH
HEHMTE D,

5 BOEMR

BEEMIIE, BASHEOREDRBITIERE HED
Bwvosh, #Em2BREOMBEICEELLTIOXE
WHD UG L ARV eNTEL, ZAICHL
T, BETiE, ARRIREE 7V & B2 SURT OBFZE S
W oRE ERTWA (12)0 B4 DHBITE b AIRRE
EFMICETVT LY, ABOLIEEICET 5 HE
[5, 6] KETWTWVARTREL S, LEH>T, FA4DE
FULLBERFNICILNEY TSS9,

BRUREATEOTF TORANH#ERE LT, BRED
EEMRSHITONS (10, 18] TN OO TIE, HBICH
MR ErBEEtTAZ LI VBITBECRREZB LIRS
NIz MESATVE, NI CMRBEFEEL T, AR
XTIRBERMTIHERLBITBEL EO—EOEETE
REBIEABEL, SRICIVEELRBEORLPAS
NpZ LB L, RAPFRETIERILOFER. #
IR A B CEICED GEXRIT RIS ERATRERTH Y,

—148—



BENEIEHRTZ2THSI,
RELTRELACEF VL, SR EHBESEESNT
Hb, ZOFFTIE, Chelba & Jelinek [14] #¥4ELELT 5
EFVEREL TS, BODEFLV TR, RDZITEE
DEEIIEADLLT, FPRENOBEBIEIRLIEICNETS 2
DORFHEMAOERPLFHSNL, ZOETIVIEL, &
FHEFAROHAD 2 OFEIROEEIRLIBE. KAD
EFNLIZIZEMTH 5o M, FERIIRE B0k % 8%
ELIZETFAPREINTVS [15]. TOEFIVIE. &S
KUEIZD B B DO RNE [16) DFEETVERL &
I, ENPNOEEL, ThegUAOEHERBETS
HEOEHIGEVWALLTFHSING, A DRETSLET
VEINLDOEFVEDOBRKOMESIL, R ZITEFEIC
HIMAIEHATAVEZ L TH B, Thiz, LESES
WKEDBEYTHL ), MOEEZL LT, BRADET I
RELTVITEFLDOLIDTHEDT, ATOES %
n & LBE0RERESOM) Th Y. XREBEIEC
ETCEFVDOOM?) & SBHETH 2 ANBT LN
Do
KREEDHBAT O L LTH W DO DEITHIREH
H 5 [17,18,19, 20], = h o OB EILICE ISV
TEY., LEHFEADELT, ZRhODFHFTEFREH
T2, SRNOLOEIMITERLRELY, RAVRET S
TN, BRFHOR) ZTBERELR T 5, XHE WD
B2 EFVICED R D> -HAE, XHOEHEIERT
HHIEE, THPHRETHILBICLT LS LETE 2N
e ThD, BIBROMEL V) BT, KBREST
s, BAe OECHENSE (1,072 X CEE, 89.9% @
FE) iE, EaRooET#ENEE (50,000 ~ 190,000 3T
THE, 82% ~ 85% DHE) L A%, £NL EDERE
ThobrLEZD, RBENTHB LSS, EROEFIL
H2HBEROAEEFTMEL TSI L, BADE
FVIEIBEULEORYZTEREETMEL TS, &
i, B7b—aioid (K185 [i3/83F]
& Tx/BFE] Poo [EX/EE] OFH) 2. £7T5
R0 ZTBRIC L 2R B0 R (REMML) OREd (K
BT S [%/BF] o0 TAX/EFE] oFElicswy
T [&/BhE] & THIg/&F] BRoTWVBE I L2 ERE
FTHIE)ULETHD, COHIIBNT, RLOFHEE
FIIMDEFT VI L TERL TV 5,
6 I
FRLTIE, RYZIHEE T AL THHRERNERET
VoW THhREz, ZOEFNTIL, )‘Uﬁf&ﬁfﬁ@?ﬂk&
3N, TNTHOBRERIILE,I SIEICFREND, F
MOBRBEHETOREIL. TOBAE TORERFZE) L
SBRHAROFTH B, SOEFNTIE, T, KOBESE

IRBMTENARZTRL, Thrb, ROBERE L

WCRATABITAD» L FRT 2, EFTNVERETLHIEL

LT, BITHEEZNL3E2 L TFNENLIBEROATR

RGIZFERILT AT L ITY XLIZ2WT bz, ZDE

TREROEXENGEEERL, BERREFRA»L%25

581,000 XD IT—RADE8F A—-F 2HfEE L, # 100

T L TR ER T 2o R, RO SZITHEAT

89.9% DBRNTHE L1872,

BE

[1] Kenneth Ward Church. A Stochastic Parts

Program and Noun Phrase Parser for Unrestricted
Text.
on Applied Natural Language Processing, pp. 136—
143, 1988.

In Proceedings of the Second Conference

[2

Doug Cutting, Julian Kupiec, Jan Pedersen,
and Penelope Sibun. A Practical Part-of-Speech
Tagger. In Proceedings of the Third Conference
on Applied Natural Language Processing, pp. 133—

140, 1992.

[3] Bernard Merialdo. Tagging English Text with a
Probabilistic Model. Computational Linguistics,
Vol. 20, No. 2, pp. 155-171, 1994.

[4] Evangelos Dermatas and George Kokkinakis. Au-
tomatic Stochastic Tagging of Natural Language
Texts. Computational Linguistics, Vol. 21, No. 2,
pp. 137-163, 1995.

[5] Victor H. Yngve. A Model and a Hypothesis for
Language Structure. The American Philosophical
Society, Vol. 104, No. 5, pp. 444-466, 1960.

[6] George A. Miller.
Plus or Minus Two: Some Limits on Our Capacity
for Processing Information. The Psychological
Review, Vol. 63, pp. 81-97, 1956.

Fredelick Jelinek, Robert L. Mercer, and Salim
Roukos. Principles of Lexical Language Modeling

The Magical Number Seven,

=

In Advances in Speech
pp. 651-699.

for Speech Recognition.
Signal Processing,
Dekker, 1991.

(8] L. E. Baum.
Maximization Technique in Statistical Estimation

chapter 21,

An Inequality and Associated

for Probabilistic Functions of Markov Process.
Inequalities, Vol. 3, pp. 1-8, 1972.

[9] Julian Kupiec. Aﬁgmenting a Hidden Markov

Model for Phrase-Dependent Word Tagging. In

—149—



(10

—_

(11

(13]

(14

[15]

[16]

(17

(18]

(19]

Proceedings of the DARPA Speech and Natural
Language Workshop, pp. 92-98, 1989.

Michael Collins.
Models for Statistical Parsing. In Proceedings of
the 35th Annual Meeting of the Association for
Computational Linguistics, pp. 16-23, 1997.

T. Fujisaki, F. Jelinek, J. Cocke, E. Black, and
T. Nishino. A Probabilistic Parsing Method for

Sentence Disambiguation. In Proceedings of the

Three Generative, Lexicalised

International Parsing Workshop, 1989.

Kemal Oflazer. Dependency Parsing with an
Extended Finite State Approach. In Proceedings
of the 87th Annual Meeting of the Association for

Computational Linguistics, pp. 254-260, 1999.

Eugene Charniak. Statistical Parsing with a
In
Proceedings of the 14th National Conference on

Artificial Intelligence, pp. 598-603, 1997.

Context-free Grammar and Word Statistics.

Ciprian Chelba and Frederic Jelinek. Exploiting
In

Proceedings of the 17th International Conference

Syntactic Structure for Language Modeling.

on Computational Linguistics, pp. 225-231, 1998.

Jason M. Eisner. Three New Probabilistic Models
for Dependency Parsing: An Exploration. In
Proceedings of the 16th International Conference

on Computational Linguistics, pp. 340-345, 1996.

Michael John Collins. A New Statistical Parser
Based on Bigram Lexical Dependencies. In
Proceedings of the 34th Annual Meeting of the
Association for Computational Linguistics, pp.
184-191, 1996.

Masahiko Haruno, Satoshi Shirai, and Yoshifumi
Ooyama. Using Decision Trees to Construct
a Practical Parser. In Proceedings of the
17th International Conference on Computational

Linguistics, pp. 505-511, 1998.

Masakazu Fujio and Yuji Matsumoto. Japanese
Dependency Structure Analysis based on Lexical-
ized Statistics. In Proceedings of the Third Con-
ference on Empirical Methods in Natural Language
Processing, pp. 87-96, 1998.

Kiyoaki Shirai, Kentaro Inui, Hozumi Tanaka,
and Takenobu Tokunaga. An empirical study on

statiscical disambiguation of Japanese dependency

~150—

structures using a lexically sensitive language
model. In NLPRS, pp. 215-220, 1997.

Shinsuke Mori and Makoto Nagao. A Stochastic
Language Model using Dependency and Its Im-
provement by Word Clustering. In Proceedings
of the 17th International Conference on Compu-

tational Linguistics, pp. 898-904, 1998.



