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1. Introduction

This paperdescriles a lexicalizedtree adjoinirg gramnar (LTAG) basedparsingsystemfor Koreanwhich
combnes corpws-basedmorphologicd analysisand taggirg with a statisticalparser Part of the challerge of
statisticalparsingfor Koreancomesfrom the factthat Koreanhasfree word orderanda complex morghologcal
system.TheparserusesanLTAG grammarwhichis automaticly extractedusingLexTract(Xia etal., 2000 from
thePennKoreanTreeBankHanetal., 20®). Themorphologcal tagger/aalyzeris alsotrainedonthe TreeBank
The tagger/anlyzer obtainedthe correctly disambigated morphologcal analysisof words with 95.7895.3%
predsion/recallwhentestedon a testsetof 3,717previously unseerwords. The parserobtainedan accuagy of
75.7% whentestedon the sametestset(of 425 sentences)Theseperfomanceresultsarebetterthananexisting
off-the-shelfKoreanmorplologicalanalyzerandparserun on the samedata.

In section2, we introduwce the Korean TreeBankand we discusshow an LTAG gramnar for Koreanwas
extractedfrom this TreeBank.Also, we discusshow the derivationtreesextractedfrom the TreeBankareusedin
thetraining of the statisticalparser Section3 presentghe overall apprachof the morghologial tagger/aalyzer
thatwe usein theparserA detaileddiscussioraboutthe parseiis presenteéh sectiord. This sectionalsopresents
the methal we usedto combire the morplologicalinformationinto the statisticalLTAG parser We alsoprovide
the experimentalevaluation of the statisticalparseron unseerestdatain section4.

2. Automatically Extracted LTAG Grammar for Korean

In this sectionwe describethe PennKoreanTreeBankandthe natue of the extractedLTAG granmmar from
this TreeBank.

2.1. Korean TreeBank

TheLTAG gramnar we usein the parselis extraded usingLexTract(Xia etal., 2000) from the PennKorean
TreeBatk. Thederivation treesobtainedby usingLexTractonthe Treebak areusedto trainthe statisticalparser
The TreeBankhas54,3%6 wordsand5,07 sentencesThe anndation consistsof a phrasestructue analysisfor
eachsentencewith head/phaselevel tagsaswell asfunction tags(e.g, -SBJ,-OBJ)andemptycateyory tagsfor
traces(*T*) anddropgpedarguments(*pro*). Eachword is morphologcally analyzedwherethe lemmaandthe
inflectiors areidentified. Thelemmais taggedwith a part-of-speechPos) tag(e.g, NNC: noun NPN: pronoun
VV: verb, VX: auxiliaty verb), andtheinflectiors aretaggedwith inflectioral tags(e.g.,PCA: case EAU: inflection
on verbs followed by an auxiliary veib, EPF:tense EFN: sentene type. Exampe TreeBanktreesaregivenin
Figure 1. Thefigure on the left is an exanple of a bracletedstructurefor a simple declargive with canorical
subjectebject-\erborder. Thefigureontherightis anexamplewith a displacecconstituen In this exampe, the
objed NP A 3-8’ appeas befae thesubjectwhile its canmical positionis afterthesubject.Thesentencessed
to illustratebracleting structuesin Figurel areromarized,glossedandtranslatedn thefollowing examples:

(1) a. Cey-ka kwanchuk sahangul pokoha-yess-supnita.
I-Nom obseration item-Acc repat-Past-Decl

‘| reportel the overvationitems.

b. Kwenhanul nwukwu-ka kaci-ko iss-Ci?
authoity-Acc whoNom  have-AuxConrective be-Int
‘Who hastheauthaity?’

*  We would like to thankFei Xia for the useher LexTract packagewithout which we could not have startecthis research.
We arealsoindebtedto MarthaPalmer Aravind JoshiandDavid Chiangfor their helpful suggestions.

(© 2002Anoop SarkarandChung-tye Han. Proceeding of the SixthInternationalWorkshg on Tree Adjoining Grammarand
Relatedrrameavorks(TAG+6), pp. 48-56 Universiadi Venezia.
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Figurel: Exampe TreeBanKTrees

2.2. LTAG formalism

LTAGs arebasedon the Tree Adjoining Grammarformalism developedby Joshiand his colleages (Joshi,
Levy andTakahash 1975 Joshiand Schabes1997. The primitive elementof an LTAG areelementay trees
which areof two types:initial trees(a trees)andauxiliarytrees(g trees).Initial treesareminimal linguistic struc-
turesthatcontainno recusion. They includetreescontainng the phrasaktructureof simplesentenced\Psand
soforth. Auxiliary treesrepresentrecursve structureswhich areadjunds to basicstructuressuchasadwerbials,
adjectvalsandsoforth. Auxiliary treeshave unique leaf node, calledthe foot noce (x), which hasthe samesyn-
tactic catggory astherootnode.Eachelemenmary treeis associatedvith a lexical item (ancha) andencapsulates
all algumentsof the ancha, possessingn extended domainof locality. Elemenary treesare combired by two
opeations: substitutionand adjunction. In the substitutionoperation a nodemarked for substitution({) in an
elemetary treeis repla@d by anotherelementay treewhoseroot cateyory is the sameasthe substitutiormarked
nock. In anadjunctian operatia, anauxiliarytreeis insertednto aninitial tree. Therootandthefoot nodesof the
auxliary treemustmatchthe noce labelat which the auxiliary treeadjoirs. The combirationof elementay trees
producestwo structuresderived andderivationtrees.Derivedtreescorrespad to phrasestructurerepresentation
andderivation treesarearecod of the history of the combirationproaess.

2.3. Extracted LTAG grammar

We uselexTract (Xia et al., 2000) to convert the phrase structuretreesof the KoreanTreeBankinto LTAG
derivationtrees.Eachnode in thesederivation treesis anelementay treeextractedfrom the KoreanTreeBankby
LexTract. The elementay treesof the LTAG Koreangramnar areexactly the setof elementantreesusedin the
derivationtreesobtainedusingLexTract. For exampe, theelementay treesextradedfrom the TreeBak bracleted
structuesin Figure 1 aregivenin Figure2. The entireextractedgramma contains632 elementarytreetemplate
typesand13,31 lexicalizedelementaryreetypes(Xia etal., 2007).

As mentined earlier in additionto the elementantrees,LexTract producesderived and derivation trees
for eachTreeBanktree. For instance for the secondTreeBanktreein Figurel, 2 oF and 5 3 treesareeach
substitutednto ~F =| tree,and ! treeis adjoired ontothe VP nodeof ~t | tree. This producesthe derived and
derivationtreesin Figure3.

3. TreeBank-trained Morphological Tagger/Analyzer

Korean is anaggluinative languge with a very productive inflectioral system.This meanghatfor any NLP
apgication on Koreanto be successfulsomeamouwnt of morghologcal analysisis necessary Without it, the
developmen of a statisticabasedharsemould notbefeasibledueto the sparsadataprodem bourd to existin the
training data.

To avoid this prodem in our parsingsystem we usea mormpholayical taggefanalyzer This tagger/anlyzer
alsoperformsstatisticaldisambigiationandit wastrainedon 91% of the KoreanTreeBank Thetagger/aalyzer
takesraw text asintput andretums a lemmatizeddisambigiatedoutpu in which for eachword, the lemmais
labeledwith a Pos tagandtheinflectionsarelabeledwith inflectioral tags. This systemis basecn a simplesta-
tisticalmodelcombiredwith a corpis-driven rule-basedapprach,compising atrigram-basedaggirg compment
anda morphologcal rule applicdion compament.
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Thetaggefanalyzeffollows severalsequetial stepso labeltheraw text with Pos andinflectionaltags.After
tokenzation (mostly appliedto purctuations)all morghologcal contractionsin theinput stringareuncornracted
(STRING CONVERSION). The known wordsarethentaggedwith tag sequencgof the form Pos + inflectimnal-
tag (e.g.,NNC+PCA, VV+EPF+EFN)extractedfrom the TreeBank and unknown words aretaggedwith NNC
(conmonnoun) tag,NNC beingthe mostfrequenttagfor unkrown words(MORPH TAGGING). Tagsfor unkrown
words arethenupdatedusinginflectioral templatesextractedfrom the TreeBank(UPDATE TAGGING). And then
usingthe inflection dictionay and stemdictionary extracted from the TreeBank the lemmaandthe inflections
areidentified, splitting the inflectedform of the word into its constituenstemandaffixes (LEMMA/INFLECTION
IDENTIFICATION), creatingthefinal outpu. This processis summaizedin Figure4. The proposedapprachto
morpholagical analysisis different from otherappoachesn thatthe taggirg phaseprece@sthe morghologcal
analysis phase. This allows morghologcal analysisto be donedeteministically throudh using the information
obtairedfrom tagging An exampe inputto thetaggefanalyzerandthefinal output areshavn in Figure 5.

INPUT

[ Tokenization ]

[ String Conversion ]

[ Morph Tagging ]

[ Update Morph Tagging]

Lemma/Inflection
Identification

OUTPUT

Figure4: Oveniew of the TaggefAnalyzer

I nput :
Mo FE OANTES TS AT
Cut put :
=1/ NPN+ 7t/ PCA 2r %/ NNC *r 2/ NNC+2/ PCA = 2 =/ W+ I/ EPF+% - <F ./ SFN

Figure5: Input andoutpu from themorplologicd taggingphase

Theperfomanceof themorphologcal analyze/taggethasbeenevaluatedonthe 9% of the Treebak. Thetest
setconsistof 3,717 word tokers and425 sentencesBoth precisionandrecall werecomputedby comparingthe
mompheme/tagairsin thetestfile andthegoldfile. Theprecisioncorrespadsto the percentageof morpreme/tag
pairsin thegoldfile thatmatchthemompheme/tagairsin thetestfile. And therecallcorrespondso theperentage
of morphemel/tagpairsin thetestfile thatmatchthe morpheme/tagpairsin the goldfile. This appr@chyieldeda
predsion/recallscoreof 95.79/95.3%.

An off-the-shelimorphologcal analyer/taggefYoon etal., 1999 wastestedonthesameestset. Thissystem
is repatedto have obtaired 94.®6 taggingaccurag on atestsetdravn from the samecorpusasit wastrainedon.
For the sale of fair compaison, the outpu of the off-the-shelftaggerwas corvertedto look ascloseaspossible
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| | predsion/recall(%) |

Treebak trained | 95.78/9539
Off-the-Shelf 2942/3125

Tablel: Evaluationof the Morphological Analyzer/Tagger

to the Treebak trainedanalyzeftaggeroutput, includng thetagset.However, not all tokenzation mismatchesn
the off-the-shelfsystemcouldberesohed Theresults(in Tablel) shav, notsurprisirgly, thatbetterperformarce
ontestdatafrom a particulardomainis obtainedby training on annotatedlatafrom the samedomain. Evenso,
theresultsfrom anothersystemon the samedataprovide at leasta baselineperfomanceto compae againstour
results.

4., Statistical LTAG Par ser

Theuseof lexical informationplaysa promirentrole in statisticalparsingmodds for English.In this section,
we discusshow to extenda statisticalparserthatrelies on bigramsof lexical depenlencieso a morghologicdly
compex languae like Korean.While thesetypesof parserdave to dealwith sparsedataprablems,this problem
is exacerlatedin the caseof Koreandueto thefactthatsereralbase-foms of wordscanappearwith awide array
of momphologcal affixes. This problemis addessedy incorporatingthe morghologcal tagger/aalyzerdescribed
above, which significantlyimprovesperfamance.

Apart from the useof a specializedmomholodcal tagger/aalyzerfor Korean our methals are languag
independen and have beentestedin previous work on the WSJPennEnglish TreeBank(Marcus, Santoriniand
Marcirkiewicz, 1998). As describd in abose, we useLextrad to corvertthe TreeBank(the samemethodis used
for both the Endish andthe KoreanTreeBank) into a parserderivation treefor eachsentence.The statistical
parsirg mockl is thentrainedusingthesederivation trees.

4.1. Probability Models

The statisticalparsemusesthreeprobabilistic models:onemodelfor picking atreeasthe startof a derivation;
andtwo mockls for the probability of onetree substitutingor adjoining into anotter tree. Eachof thesemodels
canbetraineddirectly usingmaximumlik elihoodestimationfrom the Lextract output. The prokabilistic models
of substitutionandadjurction provide a naturaldomainto describethe depenlenciesbetweerpairsof wordsin a
sentence

(Resnik,1992 provided someearly motivation for a stochasticversion of Tree Adjoining Gramnars and
gave aformal definitionof stochasticTAG. Simultaneusly, (Schales,199) alsoprovided anidenticalstochastic
version of TAG andalsoexterdedthe InsideQutsidealgorithmfor CFGs(Lari and Young 1990 to stochastic
TAGs. (Schabes1992 alsoperformedexperimentsto shav thata stochasticTAG canbe learntfrom the ATIS
COrpus.

A stochastid TAG derwation proceedsasfollows (Schales, 1992 Resnik,1992) An initial treeis selected
with probability P; andsubsequdrsubstitutionsareperformedwith prokability P; andadjundionsareperfamed
with prokability P,.

For eachr thatcanbevalid startof a derivation:

> P(r) =1

Eachsubsequet substitutionor adjurction occus independently For possiblesubstitutios definedby the
granmar:

ZPS(T,U —a)=1

where « is substitutingnto noce 5 in treer. For possibleadjundionsin the granmmarthereis anadditioral factor
whichis requirel for the probalility to bewell-formed:
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Pa(r,n = NA)+ > Pu(m,n =) =1
5

where 3 is adjoining into noder; in treer, and P, (7,7 — NA) is the probaility thatthereis no adjurction (NA)
atnoden in .

EachLTAG derivationD is built startingfrom someinitial treea. Let usconside the probability of aderiva-
tion D whichwasconstructedisingp substitutionsndg adjunt¢ionsandr internd nodesvhichhadnoadjurction.
If we assumehateachelementay treeis lexicalized(anchored) by exactly oneword, thenthelengthof the sen-
tencen = p + ¢ + 1. In fact,in the experimentswe repat onin this pager, eachelememary treehasexactly one
lexical itemasanancha.

Pr(D,S =wqg...w,) = 2
Pi(a, w;) x HPS(T,n,w -7 w') x
P

HPa(T,’I],'LU =7 w') x
g

HPa(T,n,w — NA)
;

This derivation D canbe dravn graphcally asatreewhereeachnodein this derivation treeis anelementary
treein theoriginal LTAG (thisis thestandarchotionof a TAG derivation tree).

P; and P,; canbewritten asthe following lexicalized corditional prokabilities which canbe estimatedrom
thetrainingdata.

P(r) = Pla,w|TOP)
Py(t,n = a) = Ps(a,w' | 7,1, w)
Pa(Tan%ﬂ) = Pa(ﬂawllTanaw)

Eventsfor eachof theseprabability mockels canbe directly readfrom the LexTract output. Usingmaximum
likelihood estimationwe corvert theseeverts into the above parametevaluesin our statisticalparser

For further detailsabaut deconposingtheseprababilities further to generalizeover particdar lexical items
andto make parsinganddecodhg easiersee(Chiang 2000). (Chiang 200) alsohasdetailsaboutthe standard
useof prior protabilitiesin statisticalparsingfor prunirg which we usein ourimplementation.

The praobability of a sentences computedusingthis modelis the sumof all the possiblederivations of the
sentence

P(S)=>_Pr(D,S)

A gererative modelcanbe definal insteadof a corditional probability to obtainthe bestderivation D gest
given asentences. Thevaluefor (3) is compuedusingthe Equation2.

arg max
Dgest = D Pr(D|S)
arg max py(p, )
Pr(S)
arg max
= D PI‘(D, S) (3)

Theparticdar definition of astochasticTAG is by no meanghe only way of definirg a probailistic gramma
formalismwith TAG. Therehave beensomevariantsfrom the standardnodelthathave beenpublishedsincethe
original stochasticTAG papes.
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For exanple, the restrictionof one adjundion per noce could be droppedand a new variant of standard
TAG canbedefinedwhich permitsarbitray nunber of modifications pernode This variant wasfirst introduced
by (SchabesindShiebey192; SchabesndShieber1994. TreelnsertionGramma (SchalesandWaters,1995
is a variart of TAG wherethe adjaning operatim is restrictedin a certainway andthis restrictedoperdion is
namel insertion. TIGs areweakly equivdent to CFGsbut they canprodice structuraldescriptiors that are not
obtairableby any CFG.

A stochasticversio of insertion(Schales and Waters,1996) was definedin the cortext of Tree Insertion
Grammar (TIG). In this model, multiple treescanbe adjoired to the left andto theright of eachnode with the
following prokabilities:

Pu(m,n = NA) + > Pu(r,n—7) =1

T

Pro(T,n 9 NAY) + Y Pra(mn = 7)) =1

In our parser we allow multiple adjundions at a nodeandalsowe exploit TIG style prokabilities P;, and
P,,. Thiswasdonesothatthe output easilycorvertibleto theearlierdepenleny styleparseithatwasusedin the
proect (with whichwe compae performarcein our evaluation).

There aremary other prabability measurs that canbe usedwith TAG andits variarts. One caneasilygo
beyondthebi-lexical probabilitiesthathave beenthe mainfocusin this chager to prababilitiesthatinvoke greder
amounts of structuralor lexical context. (CarrollandWeir, 1997), for examge, givessomeadditioral prabability
mocklsonemight consideusefulwhenusingTAGs.

An exanple outputfrom the statisticalparselis shavn in Figure 6. In the parser(andin the Lextractoutput)
eachelementarytreeis ancloredby exactly onelexical item. Theglossandtranslationfor the exanple in Figure
6 is givenin thefollowing exampe:

) Motun hochwul tayhohun mayil 24 si-ey  pakhkwui-key
every call sign everyday 24 hou-at switch-AuxConnect
toy-ciyo.
be-Decl
‘Evely call signis switchedat midnigh everyday’

Index Word POStag Elem Anchor Node Subst/Adjin
(morph) Tree Label  Address into (Index)

0 2= DAN BSNP*=1 anchor root 2

1 = NNC BNP*=1 anchor root 2

2 S+ NNC+RAU aNP=0 anchor 0 6

3 g ADV BVP*=25  anchor 1 6

4 24 NNU BNP*=1 anchor 0 5

5 A+ NNX+PAD BVP*=17 anchor 1 6

6 vl +4]  VW+ECS  oS-NPs=23 anchor - TOP

7 H+2]8 VX+EFN BVP*=13 anchor 1 6

8 . SFN - - - -

Figure6: Examplederivation of a sentenceepatedby the statisticalparser

4.2. Incorporating the Morphological Information into the Par ser

In this sectionwe describénow themorphologial taggendescriledearlier)is incorporatednto thesmoothing
of the probability mocelsthatareusedin the statisticalparser

The smootling usingthe morphologcal taggeris handlel asfollows. The statisticalparsethasvarious proba
bility modelsassociateavith it. Oneof the mostcrucialmodelsis the onethatdecideson parseractionsby using
statisticscollectedon pairsof words. For exanple, P, is the prabability of combiration of two treesancltoredby
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Ontrainingdata | Ontestdata
CurrentWork 97.58 75.7
(Yoon Kim andSong 1997) | — 52.2951.95P/R

Table2: Parserevaludion results

words w andw’ via adjurction of thosetrees.Herew andw’ aretheinflectedformsof theword, while p andp’ are
selectecelementf thedisamliguatedmorphologcal analysisof theinflectedforms takenfrom the output of the
morpholaggical taggerdescribedabore. Basedonthe partof speechwe mightwantto selectdifferentcompnents
of the morphologcal analysis. For examge, for nours we might wantto pick the final elementwhich usually
correspond to the casemarking, while for verbswe might wantto pick the stemwhichis thefirst elemen of the
analsis. We have the flexibility in the parserto chose which elementshouldbe picked The bestresultswere
obtaired whenwe chosethe stem. Thatis, for the resultsrepoted herewe alwayspick the first elementof the
motpholagical analysis for eachinflectedform.

Prt',p',w' | n,t,w,p)

We deconposethis condtional prokability into the following compaents:

Pr(t',p',w" | n,t,w,p) =
Pr(t' | n,t,w,p) x
Pr(p' | t',n,t,w,p) x
Pr(w'" | p',t',n,t,w,p)

For eachof the equationsabore, we usea bacloff modelwhich is usedto handlesparsedataprodems. We
compute a bacloff mocel asfollows. Let e; standfor the original lexicalizedmodé andes be the bacloff level
which only usesthe output of the moipholagical tagge describd above:

P,rel = Pr(tl | n7 t7w7p)
Pr., = Pr(t'|n,t,p)

Thebacloff mocel is compuedasfollows:
A(e) X Pre, + (1 — X)) x Pre,

where\(c) = m. ¢ = coun{r) isthetotal countfor eachconditianal probability model P, whereP(l | r).
D is thediversity of Pr.,. diversity is definedasthe numker of distinctcourts for Pr.,. Notethatthis bacloff

mockl is implemenedfor eachlexicalizedmodel usedin the statisticalparser
4.3. Experimental Results

In orderto evalude the statisticalparser(comhbnedwith thetaggerasdescritedabove), our parsemwastrained
onthederivationsandcorrespadingLTAG gramma extraded from 91%of the TreeBank(4653 sentences)The
parsemwasthentestedon 9% of the TreeBankwhich wasreseredasunseerdata(425 sentencg). Notethatthe
parserdid not have accesdo ary granmar information from LexTract or lexicon informationwhich wastaken
from theunseerdata.

For compaison, anotter parser(Yoon, Kim andSong,1997) wastestedon the sametestset. For the sale of
fair comparison,the outpu of this parserwas convertedto look ascloseaspossibleto our outpu. Evenso,the
nunber of nodelabelsdid not match,dueto the differencein tokerization schemedor certainlexical elements
suchascopuas andauxiliary verbs. We thusreportprecision/ecallin the comparison. We repat word-to-word
dependenyg accurag compmredwith the gold standardor our parser The evaluatian resultsare summariedin
Table2. Not surprisingly theresultsshawv thatbetterperformarceontestdatafrom a particdar donainis obtained
by training on annotatedlatafrom the samedomain. Theresultsfrom anotler parseron the samedataprovide a
baselingperfamanceo compreagainsour results.Also, theperfamanceachiezedonourtestsetis competetve
with the state-of-tle-artEnglishstatisticalparsersvhentrainedon similar amouwnts of data.
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5. Conclusion

Our work is significantin thatit is the first LTAG-based parsingsystemfor Korean We have shavn that
LTAG-basedstatisticalparsingis feasiblefor a languag with free word order and complex morptology. Our
systemhasbeensuccessfullyincorporatedinto a Korean/Eglish machne translationsystemassourcelanguag
analysis commnent(Han et al., 200Q Palmeret al., 2002) The LTAG parserproducesa single-bst analysis
of the input Koreansentence We shavedthatthe tagger/aalyzerdescribedn this pape obtaired the corredly
disamliguatedmomphologcal analysisof wordswith 95.7/95.32% precisiorrecall whentestedon a testset of
3,717 previously unseerwords. Thestatisticalparserescribedn this paperobtairedanaccuacy of 75.7%6 when
testedon the sametestset(of 425 sentences)Theseperfomanceresultsarebetterthanan existing off-the-shelf
Korean momphologcal analyzr andparserrun onthe samedata.
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