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STHE FTOXEDOERERICBIT S
Bayesian Belief Network (& 8aED AR [FERDMATLDHAA

B HIRET

1. IC®BIC

BASRBUE BT 5, WEREN - X (FE) B, XOWEHERT2 0T, BERY
HECEHZVERLTWERY, Lo, FSERENXE T TERER->THY, XEOEK
NEZRBELIEEZOV 22— Y XFRE3 I LREELFETH S, FEHE, 2vEa2—%E
W, BRBESFORYXE» SEREELZREL, Iho2BRIILIci), 2—FELT
DO BERBIEMEED, BXELWLT —IPXEDBERLEY, ERNEDIEE - BN TE W%
T AT LD EED TS [Nakabasami 99], HERE T, @B HERHTPHORICES
EBVTWS, MEREMRIRAOYE 2R AR TH0HTHY, HRFEIPHEET-> T
CETE 2L BEOXM, &V DUBMFEOMARLEERT 5. 20K, BREHICDIZSH
XOH» S, FREDBERIGEU THIEREL, TORXONBFCELUSETELVYARAT LR
W3 ZET, LD IOHRZIBBRHETEZZLEZONS, HXEBBEEEDDVLWERERETD
ZZENERINGI-DIC, BERSEUHOBITHREINS ZLHBEH VY, HRERINZDHK
AL, ERICEET S, ZhXHIEL T diiid, a3 Y Ea—F ik > THERICRD
NERFRERRY BECEEL, M TE2 LT3N ELER S,

NEBERBUTAEBIOWTOEWKMEEIX, EBHEEY%SR (Lexical Semantics) D735 WX BT 50
THSREINTWS D [Pustejovsky 93,95], X T 2 EHREE 2> b Dk v, Fhiox
L CAMA TR, BREFXE, © HEIWICERATRER, HEE - BEWROMEEIRYD Z AR DEK
%ﬁttf,%ﬁ%ﬁéﬂtmﬁ,%%&%%%Ebt%%&?%ﬁ%bﬁi@%%ﬁﬁ?—&%
RELTWS, HIXOBERNEZTRT 2701213, BOVARVEFTTREZ L, XOBEKAE £
B2 EBERELL S, XORNBTED I/ OIIIREE®R (syntax) & EBREER (semantics) R
AROBRTHY, XOLBAFDORBERIBHEWIHOE > TRETE 2 [Jackendoff 92].

LoL, XEHBRTAFBERERSY 725 LI:302Eb¥ 7 — 9 P TRERS T+ TH 3
EiRwnZzhy, XHETIEOHEFER»S, XOBKRARVBELTEILbEZONSE, 20
72 HAFH L T3 Bayesian Belief Network (BBN) % W7, XhicHiE T 2EOEW Y V7 OREE %
BREE, FFMHi3%. BBN i, R BT 2 RROEARBERELAL, HIBROME» S L & »E(L
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L7z, BT 2MMMOMROE?»S LEDOEEERMT 24y V7 —27TH% [Jensen 96, Mit-
chell 97], BBN 2 L CEOHEFEREBEHRBET - ICME TS LT, BRELE®RKREL 2
TARCHDIAD S LHFFES NG, KBTI, 207290 BBN ZB¥ 28L& THli 2175 L3k, §¢
RHEEHROMELED LT MEMIEICAH Y 5T & 72 Naive Bayes [Domingos 96] 2 &k 2#EH
HBEDHEET>TWS,

DT 2ETCHBERBE T —FICo20TiR3, 3BTEBBNIZOWTHEL b &, EWH#EE
F— S HOEWRSY S OHEFEIE L, BBN B> b o —DE L 2D ANRLZFHEICOLTHRA
5. 4BTRY Y INT - REFELEALEBRER I OVWTRET %, SETCRERER IO
VT Naive Bayes DFiEk & L7235 E L HHIRL, BREFRT 5, RRIZ6ETOIULT 2,

2. BEEEBET—%

2.1 BE
BEHREET -3 2.1.1) OV R MEETEHREIN S,

(2.1.1y ((ENTITY)(EVENT)(PROPERTY))

BEWRET -7 TR, MEBBERTOATITVRITRES Z5NBWEOE OBEN R X TOR
B %2z, Xe#KT 2EFE%S ENTITY, EVENT, PROPERTY £\ 3 DDKERA T T VICH
JTW0a BXERINLEEBRIMEINLERS 7 ICEWTING6DAT IV ZEXE LD NS,
ENTITY 33X BWTER (EVENT) 21795, DL VWIIERBE I S NDIEERTH S, EVENT i
BRZFDLDTHS, PROPERTY I ENTITY 2520 & £ X2 2 MWH, BHTH D, ENTITY % &
X ERMAME»SEART 5, BHTER (RFEEHR TEFHE INLERIBEREERL TSR
XDERFRICBOWTIX EVENT L L, ZALENEBTHERBRECLIVEREZERZLTWEH0D
THNITEVENTIZEH S, N5 301512 (212) OV R MEEEED,

(ENTITY) — ((tag, term,)...(tag; term,))
(2.1.2) (EVENT) — ((tag, term,)...(tag; term;))
(PROPERTY) — ((tag, term,)...(tag, term,))

EEDY R MEEIZBWT, i, j, k i& ENTITY, EVENT, PROPERTY 125ME & iz term O{H
HMERTA VT Y IZ2ATHD, Hterm BN TOERKRE 2RI EKRSY T tag 523N T35,

22 BwYT

Bk B EHASHENEMR B CIEOSEEFHICAVWS A TWS [Yarowsky 92], &M
RTOEWRY 713, BB I NI HBT 5 NP, VP EOHEFRE, HMKOFICL 3 [ASM
88] EIIT L7MEBRHABFDOS Y —F A% 6 NCEAREOERY 7/ F—5 icEonTfii5sh
3, (57 28%Y FOBEICOWTIL, R EIEREEVFBORKRBH L LB TREATL
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% [Fillmore 75, Saint-Dizier 95]. AL TR S E TCXREEIN TV IEKKZEIZ2ZE LT N
B T AMBERHRTCONBRHRS EIRXERELTWS, BRSY L Z0OHABLIUATTY
AE1ICRT.

£1 FEky s
Hksy 7 ErLl ATV
MAT(material) EERCHW A ENTITY
ALY(alloy) ” &% ENTITY
ATO(atom) MEI 2B T 2 MEA ENTITY
PART(part) LD —H ENTITY
SOU(source) EERIZ IV S FHBIAE ENTITY
PRD(product) EROGERE L 2EEY ENTITY
ACT(action) EERFE I L - TITh NS 1ER, WBIE%E EVENT
EVE(event) ERICBILBREEART ST 741V D5 EVENT
MAN(manipulation) EERE DT D EEIC AW B R ORI EVENT
TRAN(transition) EEh DMK OREEL EVENT
' TRANS(transformation) n o EBROZE EVENT
EVA (evaluation) KEE O FH EVENT
MES(measurement) n o g EVENT
PHE(phenomenon) EBHROF SR ITHR EVENT
QAL(quality) REFERLLTHESNIENZLD PROPERTY
QAN(quantity) n ko X0 PROPERTY
APA (apparatus) HERIC Vv BT PROPERTY
TOL(tool) n NEE PROPERTY
CON(container) N B PROPERTY
MET(method) » H, Fik PROPERTY
LAW(law) N %A, FE PROPERTY
CDT(condition) KERZMF PROPERTY
PRO(property) MR OS B ORE PROPERTY
COMP(composition) " ALFHHR PROPERTY
STRU(structure) ) PEEhS PROPERTY

R 1 TR ULAERS 7 {45 %175 semantic_tagging O T7 NV TV XA %73, 7T Y) X Ath
O thesaurus & 1, MEHRAFFEOY Y —F R, termdata L ZEKFZEOEKRSY 75— %5+,
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semantic_tagging(term)
Input: HXXEYT & M- X D#EFE S 7 537 %58 (term)
Output: EWE S 7" %15 L - K58
semantic_tag <-“UNKNOWN"
For each entry in termdata
//entry : (semantic_tag2 term2)
if (term| == term2)| | (term2 is the last word of term1) then
semantic_tag <- semantic_tag2
unless semantic_tag2 == "UNKNOWN?™ then
return semantic_tag
For each entry in thesaurus
//entry : (sublrel term2 term3)
//(sub x y): x is sub-concept of y
//(rel x y): x is synonym of y
if (term] == term2) && (terml is sub-concept of term3) then
semantic_tag <- semantic_tagging(term3)
unless semantic_tag == "UNKNOWN?" then
return semantic_tag
if (term| == term2) && (terml is synonym of term3) then
semantic_tag <- semantic_tagging(term3)

return semantic_tag

7T XA semantic_tagging B

23 BRBET—9 DBEEAER

BERHET— 2 HB4AENR T 2B add semantics D L A2 7NV T Y XA 2R T, add_
semantics BISURTEIIZ B 1) 5 semantic tagging BB A UH L, Bo i EKRSY J7OBEICL - T
(2.1.2) TRL7: ENTITY, EVENT, PROPERTY D 3 DOEW®R7T O v 7 DWW HHET 5.
(2.1.2) TRLAEXHOEOEREEIHEBFRERREL O OBRNA 2 F 2 Tw 32, flZidR
BOHEBRTILATH->Th, BHRACIHBRERTELH 5. add_semantic BT ZD L S
RIEHLERL CHET 2, 300EKT Oy JIZSEINTE, Fhol3—XHATHEEN, (
2.12) ®Y A MEEERFEKT S, 7T ) XA 1,21, Common Lisp [Steele 90, Norvig 92, Graham
96] EAWTEEINTWLS,

%EB, LISPOTa 75 LA TREXBNER LY > PVXEDORED S —X T OHARAHA, add

semantics B EZBEHAL, HHELTOERBET - 2BIZ7 74 MIZEZ TWL, 72, BEBKY
THRHEETE RN T2EBIZ DWW T “unknown” 27”7 “unk” # 75 &N Tw 35,
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add_semantics(parsed_sentence)
Input : FEEMATET>72—X
Output : EREET — 75
For each block in parsed_sentence
//block : (syntactic_tag, term)
semantic_tag <- semantic_tagging(term)
Case syntactic_tag
NP|NPL :
Case semantic_tag
MAT|ALY|ATO|PART : add to ENTITY block
ACT|MAN|TRAN|TRANS|EVA|MES|PHE : add to EVENT block
other : add to PROPERTY block
VP:
Case semantic_tag
“UNKNOWN™: semantic tag <- “EVE”, add to EVENT block
other : add to EVENT block
return ENTITY + EVENT + PROPERTY

7Y X A2 add_semantics BEHE

3. Bayesian Belief Network (BBN)

3.1 #H|E
BBN {34 X D5EH [Bernardo 93, Casella 90] 1255 FHEE 2 BB ORI L FERIMER O
ThB, A ADEHEIE 3.1.1) TRIND,

(3.1.1) Bayes Theorem:

P(h| Dy = ZLDIECR)

P(h|D) : posterior probability
P(h), P(D): prior probability
P(D|k) : conditional probability of D given h

BBN Tiixv b7 —270D&/—FNEEBEREL, /—FEODO7—7 @3RI N/ — FEEEE
ERTFEETLIELERLTVS, &/ —FIZIZZOHE/ — FOEELHCH T 2 RET EHEELES
Z5N%, BBN #HWn5 2 LT, MHREB TR I 2BROBORRBFREZTLLDI 7 MiZE
R & % [Heckerman 96, Nishida 99], AWFE T, HETIBC I T OBFOBEREE T 4b
LS N-ERY TRICHEERABSEET 2 L LT, HR» o FREHE T 22HNHRO—D
¥ LTBBN @M%, BBN D&/ — FE2EF/IMANESINILLERS 7L LT, MEOKEHEI
L7zt T/ —REFEATHL, BBNZBITZEK/ — FERICHKILT 5E%RIE (3.12) DL I KRS
5.
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(3.12) BWT, y(l £i<n)dBBNDE/—FERL, P(y,,..y,) BENSIZEEDE RS
ELIRFOIAHEE 2R L T3, Parents(y,) i/ —F y, T 2EEOE — FOESERL
THD,P(y,|Parents(y,)) 3H/ — FICBEDEEED D y, DL Z 2 & 2 L %254 . BBN
D&/ —FiZBd5» UdEBNICEREENSZONTBY, 5/ — RIZOWTEEIIHETL
72§, BBN NTZDHEELEGEES Y, i/ —FICHIET 2BROMERLELH X2, BBN w81}
5%/ — NORERBEMT HRFER 1 ZRT, 1BV, evt, ev 13/ — N VOER, TH
WHDIHER, A(V)ZVIHRAZINIZLEDVOTRIZHZERev- DERREE, 1,(U) i/ —F
Voo / —RFUKGEESREAvE—Y, 2(V) BVOLRHI2ERev BRI ShTz LxD
V OERIER, zvi(V)IZ/ —F Vo TF/ —FV,CEEINZAvE—VERLTWS, DEOD
BEWE>TBBNEEF « THOLTNATERAYy -V IKETOTHND / —F V DM &
FEE P(Vevt, ev™) ZHEL, FOHERE% L - THICEET 5.

#/—ROESU

4
ey

Ay (T)

a(V)=P(Viev ), A(V)=Pev | V)

aVi(\V)

B 1 BBN B AMHEERMLEDL &

ABFZE T BBN 0%/ — P EXHICHE T 2EKRY 7L L, ENTITY BT 28K S 7 3B
L7z& %12, EVENT BT 2E% 4 7', PROPERTY BT 2EHY 7/ BHIET 3 2 L IZHRER
DEILT B EREL T/ —F (#27) [HDBBN 28T 5., CACIHVEAIT TV BT H2EKRY
ZOHMBEABRMERINE, DE 0,2 00FRS FBHELLTWIEEZNSD /) — FOEBBROTE
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LIZEL D, ZhLEENTITY, EVENT, PROPERTY #7 TV KRBT 2EKSY V7 ZhEh
ENTITY # #, EVENT # 2, PROPERTY # 7 L&¢. Hlr LT, X1 %2HiT 35,

(1
Low density inclusions such as oxides and nitrides are allowed to rise to the surface in the hearth and are then either
swept back by the beam and/or physically restrained by a mechanical barrier from reaching the solidifying ingot

at the other end.

X AR U ERIIUI TS 5,

(3 | DHEIRITRER)
(S (S (NP (NPL Low density inclusions) (ADJP such (PP as (NPL oxides and nitrides)))) (VP are (VP allowed
(TOINF (VP to (VP rise (PP to (NPL the surface)) (PP in (NPL the hearth)))))))) and (S (VP are (ADVP then)
(NP (NPL either swept back) (PP by (NPL the beam))))) (S (NPL and/or physically) (VP restrained (PP by (NPL
a mechanical barrier)) (SBAR from (SS (VP reaching (NPL the solidifying ingot) (PP at (NPL the other
end))))))))

X1t d 5 BBAERSNICEREE T — S B TO X 512% 5,

(XX | DFEFRAEE)
(((MAT SOLIDIFYING INGOT) (ATO OXIDES AND NITRIDES)(PART SURFACE)(SOU BEAM))
((EVE ALLOWED) (EVE RESTRAINED)(EVE SWEPT BACK))
((QAL LOW DENSITY INCLUSIONS)
(CON HEARTH)
(TOL MECHANICAL BARRIER) (UNK OTHER END)))

Z ZTENTITY, EVENT, PROPERTY 4 (b33 &, UTDL>ick 3,

ENTITY : ((MAT SOLIDIFYING INGOT) (ATO OXIDES AND NITRIDES) (PART SURFACE)(SOU
BEAM))
EVENT: ((EVE ALLOWED) (EVE RESTRAINED) EVE SWEPT BACK))
PROPERTY : ((QAL LOW DENSITY INCLUSIONS)(CON HEARTH) (TOL MECHANICAL BARRIER)
(UNK OTHER END)))

X1 DEB%RS 75K 2D BBN #7555, M2iZBWT, EVE/—F ¥ CON /— FiEziz
“in”? EVIFIEAI L > T DEWERBRIA TS, T4bb “in” OHEBRIL->T2o0D
S—FDOHETIHENFE->TW3EH2 2, M Ea e TR2 25T 2. M2 Tl
ENTITY, EVENT, PROPERTY DJHET/ — FZETFEFREFH L€ Twa. M2 o8B W TAETH
EFNI/ —FRDOOLTHBEAT S, £7, 8/ —F2oF/ —FAGEEEINBIHELR 2 COWVWTEZ 5,
Teve(U) W ENTITY 27 T VBT 2EKY S OF TMAT Y 7 O HBL T 2 FER P(IMAT
|ENTITY) T& D ENTITY / — F#» 5 EVENT /— FREENE A v £ —V L% D, n,,(EVE,
“in”)IZ EVE ¥ 7 & “in” BEERL T EROHEETCON / — FNEEINE, REF/ —F»d
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B/ —FNCEINDEA Y~V BFEZ D, Xowe(MAT|EVENT) i3 EVENT % 7 & MAT ¥ 7 Dt
B BHETH 5. 1p,,(CON) = P(CON|EVE,“in) 1% PROPERTY % 7O CON ¥ 7 D HiHE
TEWERETRT,

ENTITY

PROPERTY

B2 Eks 70 BBN ICBIF5ER

PAE®D BBN OFEWXEITWT, UTRBEZOWTOREFRNEONLEEZONS,
(1) PROPERTY # 7'#%, EVENT ¥ 7 L HiBfA & OHALIC £ » TEILT 2B 4.
Q)PMWBUYﬁijKET%UNK&fﬁ“mhmw“%%Lfﬁ@,9V—§X%®ﬁ%
DOEWRSY SRRETERPSTIEERLTWS, FN6D UNK ¥ 72 MEIN-EBEOHE
LIED»S L WEKKSY 7% ENTITY, EVENT 7 IV OEWRY 7 L O h SHfHT 2854,
22k % PROPERTY ¥ V7 OWEREDLZ D THD., Zho3EBOMEEDORIZERE
EZIBE, MERERAFFRRDI2EEHBCLE > T 30N LT, MEORFOEED, EBE
%, EBRFERCBIIATEIMEREOMBE LI ONRICEZ Z 8L 0LDT, FHEOHBIZK >
725D THBEWRL S, BBN w7k, E20 PROPERTY BT 3 /— FiZ81F 3 PROP-
ERTY ¥ 7O T, EVE ¥ 7% BBN iR R b S OERHEER Y L 2EW®RS 7 B&EY) 2 EWRSY 7
w2ikb,

3.2 BBN Th=E#
AHIFETIE BBN ICB 1 2HEROH M # HUGIN [Hugin 96] O 7 EREAWTTo 2, &Y
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& —Ficid, B/ — P THLEWRSY VX HICHBLBEORMFTEEREEZ 2 TNIERS
W, I TR EERE (32.1) TEHTS. T ot — (Entropy) & i3, [FHRERTHEE
Huoh2BETh), FEOY Y TVOERIZBIIFHMEOE DS VLT —FIBEDL S
THAWELD G TWEIDONERTODTHS, £iz, Y INVT—F 2RI HOCLEE
FTZEY FEBAEELTWS, rbhobf—adhul, ¥y AT—FE2HELLTL, Tk
LI W ERBTFT. nx, y) id x, y BT ZHERRT. a, b TEATUDOLDDERTH 5.
(3.2.1) TBWT, tag DHRMAT SRR, tag BE/ — FOBEWRSY L BT 2BHRIET» 652
DT, TV IOE—EWMD ANRTabit k> TEA2DOTCEHT 5. KL TRz b o
E—%, BINLTEKRY V255 2F2CBU2E530EEELTHAVS, HARIICHL
THEEWRY 7BV LOBEC LG5I enR o, = hboE—@3dknd, #icZDLd
A RIDE.RY S5 NET 2 LRFIAEVWIELHD DB, ThEDPRVEICIOVLTODE
EEZERTEZVWILERLTBY, ZThRNT2EL2H2 2080855, —HT, H5RE
AR LTIEEAEDBE—DDERS S BfEENB I ENBELTWE %R 6E, ZOERSY 7133
BENKEL, (5T EVERTHS. N6 O0BJCHT2EALL T bu—%
HBAL, BEELZEEREET S, (3.2.1) 2B 3 | —Entropy(tag) 13, BEE L ZEENKE
WEIRS 7120 T, SDFREMEERICEZSOEXEMRESNE I ICHEEL TS,

(3.2.1)

n(tag, Parent tag) _ )
n(Parent_tag) = b X (I— Entropy(tag))

P(tag|Parent_tag) = a X

Entropy(tag) = —(p*log,p™) — (p~log,P~)
pt = n(tag, Parent_tag), p~ = n(—tag, Parent tag)

(3.2.1)T, P(tag|Parent_tag)\3BEFE & 72 5 Bk Y 73X h D BRIDALIE I Parent_tag & A3 2
FETERER, pr BV TNV T—FHBT, tag B/ — NICBU2EK%Y VL 1HET 248, p- &
FUCAHTTY)Dtag UADEKRS 7 BH ) — R e g 28845577,

4. BBN ZHW-EKY 7 DHERE

4.1 EVENT &7 LEiBRE NILEIZL 5 PROPERTY 4 7/ DitE
el TX2LFOEWHESLHIT S,

(3 2)

It was then filled into mild steel cans under vacuum and extruded to 130 mm diameter bars.

(32 2 DFELRHEE)
(((MAT 130 mm diameter bars))
((EVE filled) (EVE extruded))
({CON mild steel cans) (CDT vacuum) (QNT 130 mm)))
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BYXHENOBRPOBONIBIZIREETLEX20OBBN 3k 3, X2 CHiBA L
HEL TV BEEDO—2 “vacuum” B35 5, >IN F— ¥ 55K 3 D BBN 2#E L 7-5BE50OFHI
MR ZEH L, PROPERTY # 7% EVE % & UNZHIES “under” L #2754, BBN 2B} 3
A=Y DEHEZE ST, &b EVE ¥ 7 OWEHNE L %25 PROPERTY ¥ /%Ko 5,

ENTITY

PROPERTY

“into”

K3 322@ BBN #iR

H3DBBNIZBWT, /— FICEZ3VHIERELUTWERT, nx, ) 3 x, y PR TH2HES

T~

(1) MAT / — F iz B 2 2 ¥IImEsR
P(MAT|ENTITY)
pt = n(MAT|ENTITY), p~ = n(MAT, ENTITY)
ENTITY = {MAT, ALY, ATO, PART, SOU, PRD}
(2) EVE / — Rz 5 2 2 ¥IiREE
P(EVE|MAT)
p~ = n(EVE, MAT), p- = n(EVE, MAT)
(3) CDT / — K25 2 2 ¥IimEsR
P(CDT|EVE, ‘under”’)
p* = n(CDT, EVE," ‘under’’), p~— = n(CDT, EVE, ‘under”)

Yo FNTF—F kL THBEEECE T 2521002 vz, —mX Dl D EXTFEHER—Y,
#3,5007 — FTH 3, (1)~ 3) 2R L7-HEZE%Z PROPERTY 7 7' i DWW TEHEL, BBN 2w T
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EREREZRDT, b 7V F—F 28513 % PROPERTY ¥ 7 OHIEERE, £~ bot—, EEH
DA FEESR, BBN 2 & 2HEREHELRD EVE ¥ 7 OAERHEER R 2 2R T,

#2 PROPERTY # 7 OHIRMEE & EVE ¥ 7 BBN ik O L iLER

tag, n(tag,, EVE, “under™) Entropy P(tag,|EVE, “under”) P(EVE|MAT. “under”, tag,)
QAL 18 569 .194 222
QAN 35 .828 .243 264
APA 0 .000 .000 .000
TOL 0 .000 .000 .000
CON 2 11 190 219
MET 9 355 183 212
LAW 0 .000 .000 .000
CDT 66 | 999 .394 367
PRO 4 .629 .185 214
COMP 0 .000 .000 .000
STRU 0 .000 .000 .000

n(MAT) = 10,238, n(ENTITY) = 28,657, n(EVE.MAT) = 7.147, n(EVENT) = 26,943

a =08 b=02

4.2 PROPERTY # 74 UNK TH2ENENRS 7 DT

X 2T “vacuum” QFEBRY I BKRHTH 2 £ L TEER®1TS. BBN 2T EVE ¥ 7 D4R
R AKICI2S PROPERT ¥ VR BET 2 2 L3, X2 CHYIZEKY FREET 2L EFELT
bHb. £o7T, BBNIZXL D, “under” LH#{ T 254, CDT ¥ 7 %252 L TEVE ¥ 7 D4R
HEESRRIZE D DT, “vacuum” OFWKY 713 CDT CRESN S,

5. FHih

5.1 Naive Bayes Decision Rule

BEWRS 7 OHEE I, HEEHROME TX < Av51 2 Naive Bayes DFEDBHIT 512 [Gale
92, Michie 94, Russell 95, Mitchell 97]. Naive Bayes Tlt, (5.1.1) TREhBRICL D , By T
BREEND, (5.1.1) 95 tag BHEE LR 2R 3 1RT,

(5.1.1)
tag = argmax [log,P(tag,) + log,P(EVE|tag,) + log,P(“under"|tag,)]

1ag,ePROPERTY

PROPERTY = {QAL, QAN, APA, TOL. CON, MET, LAW, CDT, PRO, COMP, STRU}

_ n! tagkz
P(ag,) = S PROPERTY)

= _V-'—Xkl s » _ ! 20
P(EVE|tag,) = MECEIEL, p(under”|1ag,) = HCU0der lag,)
k.
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3 Naive Bayes |2t 5 PROPERTY % 7 DiE

tag, n(tag,) n(EVE, tag,) n(“under”, tag,) Naive Bayes
QAL 9,486 834 20 -14.717
QAN 8,346 932 40 -13.372
APA 2,074 146 0 -8.342
TOL 2,056 352 0 -7.072
CON 355 16 2 -19.003
MET 4,105 354 10 -15.745
LAW 433 12 0 -11.947
CDT 7.208 491 82 -13.050
PRO 6,678 491 6 -16.712
COMP 3,523 221 0 -7.744
STRU 3,105 179 0 -8.048

n(PROPERTY) = 47,369

5.2 AFXE Naive Bayes & DL

AW THW/BBN v b o P —iZ X 5FH L, Naive Bayes DIRERANC & 3 F ik & & H#K
4 %. Naive Bayes TOFERIIEICH B L O, TOL BRKIZZ > TV 555, TOL O P(*“‘under”
ltag,) X0 TH3., ZHIZTOL & “under” BE oL HEBLTWEWIEERRLTEY, K@Y
TEHL T AHEMNOBBRAZFESL D ICEKRY Z7OHERTI T e 58T %, Naive Bayes
T, P(“under”’|tag,) TRENDEMH(TEHER I T ZEHN 2 OB EEHET 272012, n(tag,) I
AT n(“under”, tag,) HBIEE /NS OHHITIHNBOEBI/NE LS, 2DDHRIDO—EHOE
By JWhD LD RT =550 DFETIE, BKS 7 L “under” BHEL TR WIZH D ST,
T D EDS Naive Bayes WEE LV, & o T P(“under’”|tag,) DOEH 0 DEKRY 7 ZEHL TFH
2B LTS,

75 L1358, CDT 55 -13.050 L JHAMEE L5, —HTEAFETH, X255 EVESY 7D BBN
GEEBOEREERPREAICT 52013 CDT D0.367TH 5. KRIZK &V EIX Naive Bayes Tik QAN
D -13372TH Y, FFETIZ QAN D0.264TH %, Naive Bayes TRRMMDEEL LS & CDT &
QAN DEIRBSEL TH YD, XEOEWREE 2 ER T 2 UATOMXEBIO L 7 - 25 R T 5 &, {EH
BRTH->TH COTBRBETHD LRET 572D biﬁ%#@ﬁ@#ﬂjiﬁﬂ\ﬁf’% 5, Zhicxt
LCEF#E T, CDT & QAN DEIXLOERS 7 DELFE 2 12 HETH CDT DFPEHFITAE

{, BEBEWS 7L TCDT 2RETE 5,

Naive Bayes DX & & LT, X T T 2BOMICHWIKEFRRBEFES 258, £h o0k
3 % BAICERRWI E45H S, Naive Bayes 4% “Bag of Words Model” [Manning 99] #%
NR—Z W LEHBEFETHL IO bHLNTH S ). FETHEDOHB L T 5XRH, HIER
L ZOEBOEOERSY 7 L\, (BT 2 MO IKERRL B 5 712, Naive Bayes THEY]
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BEBEohEholzdbEZOND,

RIORIE & U T, KFEETI n(—tag, Parent tag) %Ko BHEIZ, tag LA D PROPERTY ¥ 7 &
4423 3 Parent_tag (2 2 T3 EVE ¥ 7 LB “under™) 24V L TW3, XET—FDH
21X PROPERTY ¥ 7 & A2 L %2 > Parent_tag bFEET 5. AFHE Tk PROPERTY ¥ 7 DH#EE
LWIBELR YA ZWHEHAT2-DICF0DL 5 IHEL, PROPERTY # 7L /A X &L T
MEALERICE>Twdd, COREVFUTHIPEPIBE SRR EET S,

6. TIY

KHXTRET, YEOEREROLDIRELLBEREE T — 5 o0 TNz, 2 s ifd
ExNTWwaELRY FOSZBAEITY, BWRY J2HETES T2 7 VTV XL ERLI:, TVITYX
2% Common Lisp ZHWTEEEINTWS, RIS LAERSY JOHRT, HEDRIEH & it
TBEICH LT, BBN 2L TEKRY JOMERTI FHEERELL., BBN 52 5 &M & HEX
3, £EEE Lz PO E—DENSEARMIT TREL 2. BE L72F kL, Naive Bayes DHRE
BEAITT o 7. EkR Y FOEERR LB LEE L,

SHBOFBELLT, HETFT—F DFEL, BBN K X 3EWRSY 7/ O#EFHEOBBIL & IR E 2
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An Attempt to Incorporate Co-occurring Information of Words into

Semantic Representation for Machine-readable Texts using Bayesian Belief Networks
Chieko NAKABASAMI

Abstract

In the processing of natural language, it is critical to grasp whole meanings that are
conveyed via sentences. Sophisticated semantic representation is necessary for the
automatic construction of sentence structure. For the semantic representation of
sentence structure, this paper proposes a “semantic block” in which both the
syntactic information and the thematic roles of words appearing in sentences are
taken into account. This study focuses on technical papers on material design.
The sentence structure is composed of three semantic blocks: “ENTITY,”
“EVENT,” and “PROPERTY.” The ENTITY block represents physical objects
and agents that cause events. The EVENT block represents the events themselves.
The PROPERTY block represents the properties of objects in the ENTITY block.
The semantic block is implemented by a list structure. This paper reports the
results obtained after applying this method to extract information from papers on
material design.

In addition, Bayesian Belief Networks (hereafter BBN) are used in order to incorpo-
rate co-occurring information of semantic tags into the semantic block. This paper
discusses possible ways to use BBN for the semantic representation of a semantic
block. The stochastic quantification estimated by BBN enables the semantic block
to integrate co-occurring information into the semantic representation of words
appearing in it.

Key Words : semantic representation, semantic tagging, bayesian belief network



