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1. Introduction

This paperdescribesa lexicalizedtreeadjoining grammar (LTAG) basedparsingsystemfor Koreanwhich
combines corpus-basedmorphological analysisand tagging with a statisticalparser. Part of the challenge of
statisticalparsingfor Koreancomesfrom thefact thatKoreanhasfreeword orderanda complex morphological
system.TheparserusesanLTAG grammarwhichis automatically extractedusingLexTract(Xia etal., 2000) from
thePennKoreanTreeBank(Hanetal., 2002). Themorphological tagger/analyzeris alsotrainedontheTreeBank.
The tagger/analyzerobtainedthe correctly disambiguatedmorphological analysisof words with 95.78/95.39%
precision/recallwhentestedon a testsetof 3,717previously unseenwords. Theparserobtainedanaccuracy of
75.7% whentestedon thesametestset(of 425sentences).Theseperformanceresultsarebetterthananexisting
off-the-shelfKoreanmorphologicalanalyzerandparserrunon thesamedata.

In section2, we introduce the Korean TreeBankandwe discusshow an LTAG grammar for Koreanwas
extractedfrom this TreeBank.Also, we discusshow thederivationtreesextractedfrom theTreeBankareusedin
thetrainingof thestatisticalparser. Section3 presentstheoverall approachof themorphological tagger/analyzer
thatweusein theparser. A detaileddiscussionabouttheparseris presentedin section4. Thissectionalsopresents
themethod we usedto combine themorphological information into thestatisticalLTAG parser. We alsoprovide
theexperimentalevaluationof thestatisticalparseronunseentestdatain section4.

2. Automatically Extracted LTAG Grammar for Korean

In this sectionwe describethePennKoreanTreeBankandthenature of theextractedLTAG grammar from
thisTreeBank.

2.1. Korean TreeBank

TheLTAG grammar we usein theparseris extractedusingLexTract(Xia et al., 2000) from thePennKorean
TreeBank. Thederivation treesobtainedby usingLexTracton theTreebank areusedto train thestatisticalparser.
TheTreeBankhas54,366 wordsand5,078 sentences.Theannotationconsistsof a phrasestructure analysisfor
eachsentence,with head/phraselevel tagsaswell asfunction tags(e.g., -SBJ,-OBJ)andemptycategory tagsfor
traces(*T* ) anddroppedarguments(*pro*). Eachword is morphologically analyzed,wherethe lemmaandthe
inflections areidentified.Thelemmais taggedwith a part-of-speech(POS) tag(e.g., NNC: noun, NPN: pronoun,
VV: verb,VX: auxiliary verb), andtheinflectionsaretaggedwith inflectional tags(e.g.,PCA:case,EAU: inflection
on verbs followedby anauxiliary verb, EPF:tense,EFN: sentence type). Example TreeBanktreesaregiven in
Figure 1. The figure on the left is an example of a bracketedstructurefor a simpledeclarative with canonical
subject-object-verborder. Thefigureon theright is anexamplewith a displacedconstituent. In this example, the
object NP‘

�� ������	�
 � ’ appearsbefore thesubject,while its canonicalpositionis afterthesubject.Thesentencesused
to illustratebracketing structuresin Figure1 areromanized,glossedandtranslatedin thefollowing examples:

(1) a. Cey-ka
I-Nom

kwanchuk
observation

sahang-ul
item-Acc

pokoha-yess-supnita.
report-Past-Decl

‘I reported theovervationitems.’

b. Kwenhan-ul
authority-Acc

nwukwu-ka
who-Nom

kaci-ko
have-AuxConnective

iss-ci?
be-Int

‘Who hastheauthority?’�
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(S (NP-SBJ��� /NPN+��� /PCA)
(VP (NP-OBJ �� ���� � /NNC� ������ /NNC+ �
 � /PCA) !#"$&% � /VV+ '�() /EPF+*+ ,.-�/�01� /EFN)
./SFN)

(S(NP-OBJ-1
�� ������ /NNC+ �
 � /PCA)

(S (NP-SBJ 23546 /NPN+��� /PCA)
(VP (VP (NP-OBJ*T* -1)���871/ /VV+ "$ /EAU)9;:) /VX+ 71/ /EFN))

?/SFN)

Figure1: Example TreeBankTrees

2.2. LTAG formalism

LTAGs arebasedon the TreeAdjoining Grammarformalism developedby Joshiandhis colleagues(Joshi,
Levy andTakahashi, 1975; JoshiandSchabes,1997). Theprimitive elementsof an LTAG areelementary trees
whichareof two types:initial trees( < trees)andauxiliarytrees( = trees).Initial treesareminimal linguistic struc-
turesthatcontainno recursion. They includetreescontaining thephrasalstructuresof simplesentences,NPsand
soforth. Auxiliary treesrepresentrecursive structures,which areadjuncts to basicstructures,suchasadverbials,
adjectivalsandsoforth. Auxiliary treeshave uniqueleaf node, calledthe foot node ( > ), which hasthesamesyn-
tacticcategory astheroot node.Eachelementary treeis associatedwith a lexical item (anchor) andencapsulates
all argumentsof the anchor, possessingan extended domainof locality. Elementary treesarecombined by two
operations: substitutionandadjunction. In the substitutionoperation, a nodemarked for substitution( ? ) in an
elementary treeis replacedby anotherelementary treewhoserootcategory is thesameasthesubstitution-marked
node. In anadjunction operation, anauxiliarytreeis insertedinto aninitial tree.Therootandthefoot nodesof the
auxiliary treemustmatchthenode labelat which theauxiliary treeadjoins. Thecombinationof elementary trees
producestwo structures:derivedandderivationtrees.Derivedtreescorrespond to phrasestructurerepresentation
andderivation treesarea record of thehistoryof thecombinationprocess.

2.3. Extracted LTAG grammar

We useLexTract (Xia et al., 2000) to convert thephrasestructuretreesof theKoreanTreeBankinto LTAG
derivationtrees.Eachnode in thesederivation treesis anelementary treeextractedfrom theKoreanTreeBankby
LexTract. Theelementary treesof theLTAG Koreangrammar areexactly thesetof elementarytreesusedin the
derivationtreesobtainedusingLexTract.Forexample, theelementary treesextractedfromtheTreeBank bracketed
structuresin Figure 1 aregivenin Figure2. Theentireextractedgrammar contains632elementarytreetemplate
typesand13,941 lexicalizedelementarytreetypes(Xia etal., 2001).

As mentioned earlier, in addition to the elementarytrees,LexTract producesderived and derivation trees
for eachTreeBanktree. For instance,for the secondTreeBanktreein Figure1, @A BDC�EB and FGH@G treesareeach
substitutedinto @�IKJ1L tree,and M�NO treeis adjoinedontotheVP nodeof @�I�J1L tree. This producesthederived and
derivationtreesin Figure3.

3. TreeBank-trained Morphological Tagger/Analyzer

Korean is anagglutinative languagewith a very productive inflectional system.This meansthatfor any NLP
application on Koreanto be successful,someamount of morphological analysisis necessary. Without it, the
development of astatisticalbasedparserwouldnotbefeasibledueto thesparsedataproblembound to exist in the
training data.

To avoid this problem in our parsingsystem,we usea morphological tagger/analyzer. This tagger/analyzer
alsoperformsstatisticaldisambiguationandit wastrainedon 91%of theKoreanTreeBank. Thetagger/analyzer
takesraw text as intput andreturns a lemmatizeddisambiguatedoutput in which for eachword, the lemmais
labeledwith a POS tagandtheinflectionsarelabeledwith inflectional tags.This systemis basedon a simplesta-
tisticalmodelcombinedwith acorpus-driven rule-basedapproach,comprisingatrigram-basedtagging component
anda morphological ruleapplication component.
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Thetagger/analyzerfollows severalsequential stepsto labeltheraw text with POS andinflectionaltags.After
tokenization(mostly appliedto punctuations),all morphological contractionsin theinput stringareuncontracted
(STRING CONVERSION). The known wordsarethentaggedwith tag sequences of the form POS + inflectional-
tag (e.g.,NNC+PCA,VV+EPF+EFN)extractedfrom the TreeBank, andunknown wordsaretaggedwith NNC
(commonnoun) tag,NNC beingthemostfrequenttagfor unknown words(MORPH TAGGING). Tagsfor unknown
words arethenupdatedusinginflectional templatesextractedfrom theTreeBank(UPDATE TAGGING). And then
usingthe inflection dictionary andstemdictionary extractedfrom the TreeBank, the lemmaandthe inflections
areidentified,splitting the inflectedform of theword into its constituentstemandaffixes(LEMMA /INFLECTION

IDENTIFICATION), creatingthefinal output. This processis summarized in Figure4. Theproposedapproachto
morphological analysisis different from otherapproachesin that the tagging phaseprecedesthe morphological
analysis phase.This allows morphological analysisto be donedeterministically through usingthe information
obtainedfrom tagging. An example input to thetagger/analyzerandthefinal output areshown in Figure 5.

Tokenization

String Conversion

Morph Tagging

Update Morph Tagging

Lemma/Inflection
Identification

OUTPUT

INPUT

Figure4: Overview of theTagger/Analyzer

Input:J�UV@�I5@W BYX Z []\ I C�E^ MZ _ `a @abC�cO \ Z d F�Lfe�I .

Output:J�U /NPN+ @�I /PCA @W BgX Z [ /NNC \ I C�E^ /NNC+ MZ _ /PCA `a @abC I /VV+ M�hO /EPF+ \ Z d F�L1e�I ./SFN

Figure5: Input andoutput from themorphological taggingphase

Theperformanceof themorphological analyzer/taggerhasbeenevaluatedonthe9%of theTreebank. Thetest
setconsistsof 3,717 word tokens and425sentences.Both precisionandrecallwerecomputedby comparingthe
morpheme/tagpairsin thetestfile andthegoldfile. Theprecisioncorrespondsto thepercentageof morpheme/tag
pairsin thegoldfile thatmatchthemorpheme/tagpairsin thetestfile. And therecallcorrespondsto thepercentage
of morpheme/tagpairsin thetestfile thatmatchthemorpheme/tagpairsin thegold file. This approachyieldeda
precision/recallscoreof 95.79/95.39%.

An off-the-shelfmorphological analyzer/tagger(Yoonetal., 1999) wastestedonthesametestset.Thissystem
is reportedto haveobtained94.7% taggingaccuracy ona testsetdrawn from thesamecorpusasit wastrainedon.
For thesake of fair comparison, theoutput of theoff-the-shelftaggerwasconvertedto look ascloseaspossible
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precision/recall(%)

Treebank trained 95.78/95.39
Off-the-Shelf 29.42/31.25

Table1: Evaluationof theMorphologicalAnalyzer/Tagger

to theTreebank trainedanalyzer/taggeroutput, including thetagset.However, not all tokenizationmismatchesin
theoff-the-shelfsystemcouldberesolved. Theresults(in Table1) show, notsurprisingly, thatbetterperformance
on testdatafrom a particulardomainis obtainedby training on annotateddatafrom thesamedomain. Evenso,
theresultsfrom anothersystemon thesamedataprovide at leasta baselineperformanceto compare againstour
results.

4. Statistical LTAG Parser

Theuseof lexical informationplaysaprominentrole in statisticalparsingmodels for English.In thissection,
we discusshow to extenda statisticalparserthat relieson bigramsof lexical dependenciesto a morphologically
complex languagelike Korean.While thesetypesof parsershave to dealwith sparsedataproblems,this problem
is exacerbatedin thecaseof Koreandueto thefactthatseveralbase-formsof wordscanappearwith a wide array
of morphological affixes.Thisproblemis addressedby incorporatingthemorphological tagger/analyzerdescribed
above,whichsignificantlyimprovesperformance.

Apart from the useof a specializedmorphological tagger/analyzer for Korean, our methods are language
independent andhave beentestedin previous work on theWSJPennEnglishTreeBank(Marcus, Santoriniand
Marcinkiewicz, 1993). As described in above,we useLextract to convert theTreeBank(thesamemethodis used
for both the English andthe KoreanTreeBanks) into a parserderivation treefor eachsentence.The statistical
parsing model is thentrainedusingthesederivation trees.

4.1. Probability Models

Thestatisticalparserusesthreeprobabilistic models:onemodelfor picking a treeasthestartof a derivation;
andtwo models for the probability of onetreesubstitutingor adjoining into another tree. Eachof thesemodels
canbetraineddirectly usingmaximumlikelihoodestimationfrom theLextract output. Theprobabilistic models
of substitutionandadjunction provide a naturaldomainto describethedependenciesbetweenpairsof wordsin a
sentence.

(Resnik,1992) provided someearly motivation for a stochasticversion of TreeAdjoining Grammars and
gave a formal definitionof stochasticTAG. Simultaneously, (Schabes,1992) alsoprovidedanidenticalstochastic
version of TAG andalsoextendedthe Inside-Outsidealgorithmfor CFGs(Lari andYoung, 1990) to stochastic
TAGs. (Schabes,1992) alsoperformedexperimentsto show thata stochasticTAG canbe learntfrom the ATIS
corpus.

A stochasticLTAG derivation proceedsasfollows (Schabes,1992; Resnik,1992). An initial treeis selected
with probability ikj andsubsequent substitutionsareperformedwith probability iml andadjunctionsareperformed
with probability ion .

For eachp thatcanbevalid startof a derivation:q r isjutvp1wyx	z
Eachsubsequent substitutionor adjunction occurs independently. For possiblesubstitutions definedby the

grammar: q { i l tvp}|�~���<swyx#z
where, < is substitutinginto node ~ in tree p . For possibleadjunctionsin thegrammarthereis anadditional factor
which is required for theprobability to bewell-formed:
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iVn�t�p}|u~�� NA w�� q�� iVn�tvp}|�~���=�wox#z
where, = is adjoining into node~ in tree p , and i n tvp}|�~�� NA w is theprobability thatthereis no adjunction (NA)
atnode~ in p .

EachLTAG derivation � is built startingfrom someinitial tree < . Let usconsider theprobability of a deriva-
tion � whichwasconstructedusing� substitutionsand� adjunctionsand� internal nodeswhichhadnoadjunction.
If we assumethateachelementary treeis lexicalized(anchored) by exactly oneword, thenthelengthof thesen-
tence��x����&����z . In fact,in theexperimentswe report on in this paper, eachelementary treehasexactly one
lexical item asananchor.

i���t���|��Dx����k�������T�1wkx (2)i j tv<y|�� j w��.�� Hi l tvp}|�~R|��	��p}¡¢|���¡£w¤�
�8¥ isn�tvp}|�~R|u�b��p ¡ |�� ¡ w��
�§¦ isn�tvp}|�~R|u�b� NA w

This derivation � canbedrawn graphically asa treewhereeachnodein this derivation treeis anelementary
treein theoriginalLTAG (this is thestandardnotionof a TAG derivation tree).isj and i¨l canbewritten asthe following lexicalizedconditional probabilitieswhich canbeestimatedfrom
thetrainingdata.

i j t�p1w©x i j tª<o|u�¬«®­S¯�i°wiVl®t�p1|�~±��<sw©x iVl�tv<y|�� ¡ «®p}|u~R|��Swisn}t�p}|u~���=�w©x iVn�t�=k|u� ¡ «Kp}|�~R|u�Sw
Events for eachof theseprobability modelscanbedirectly readfrom theLexTractoutput. Usingmaximum

likelihoodestimationweconvert theseevents into theaboveparameter valuesin ourstatisticalparser.
For further detailsabout decomposingtheseprobabilities further to generalizeover particular lexical items

andto make parsinganddecoding easiersee(Chiang, 2000). (Chiang, 2000) alsohasdetailsaboutthestandard
useof prior probabilitiesin statisticalparsingfor pruning whichwe usein our implementation.

Theprobability of a sentence� computedusingthis modelis thesumof all the possiblederivations of the
sentence.

i�tª�kwkx q³² i���tv´g|µ�kw
A generative modelcanbe defined insteadof a conditional probability to obtainthe bestderivation � BEST

given a sentence� . Thevaluefor (3) is computedusingtheEquation2.

� BEST x arg max� ¶k· t��¸«K�kw
x arg max� ¶k· t���|��ow¶k· tª�kw
x arg max� ¶k· t���|��ow (3)

Theparticular definition of astochasticTAG is by nomeanstheonly wayof defining aprobabilistic grammar
formalismwith TAG. Therehave beensomevariantsfrom thestandardmodelthathave beenpublishedsincethe
original stochasticTAG papers.
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For example, the restrictionof one adjunction per node could be droppedand a new variant of standard
TAG canbedefinedwhich permitsarbitrary numberof modificationspernode. This variant wasfirst introduced
by (SchabesandShieber, 1992; SchabesandShieber, 1994). TreeInsertionGrammar (SchabesandWaters,1995)
is a variant of TAG wherethe adjoining operation is restrictedin a certainway andthis restrictedoperation is
named insertion. TIGs areweakly equivalent to CFGsbut they canproducestructuraldescriptions that arenot
obtainableby any CFG.

A stochasticversion of insertion(SchabesandWaters,1996)wasdefinedin the context of Tree Insertion
Grammar (TIG). In this model, multiple treescanbe adjoined to the left andto the right of eachnode with the
following probabilities:

iº¹ n t�p}|u~�� NA ¹vwº� q r;» i�¹ n tvp}|�~���p ¡ wox	z
i ¦ n�tvp}|�~�� NA

¦ wº� q r » i ¦ n�t�p}|u~���p ¡ wox#z
In our parser, we allow multiple adjunctions at a nodeandalsowe exploit TIG style probabilities i ¹ n andi ¦ n . Thiswasdonesothattheoutput easilyconvertibleto theearlierdependency styleparserthatwasusedin the

project (with whichwecompare performancein ourevaluation).
There aremany otherprobability measures that canbe usedwith TAG andits variants. Onecaneasilygo

beyondthebi-lexical probabilitiesthathavebeenthemainfocus in this chapter to probabilitiesthatinvokegreater
amountsof structuralor lexical context. (Carroll andWeir, 1997), for example, givessomeadditional probability
modelsonemight considerusefulwhenusingTAGs.

An example outputfrom thestatisticalparseris shown in Figure 6. In theparser(andin theLextractoutput),
eachelementarytreeis anchoredby exactly onelexical item. Theglossandtranslationfor theexample in Figure
6 is givenin thefollowing example:

(4) Motun
every

hochwul
call

tayho-nun
sign

mayil
everyday

24
24

si-ey
hour-at

pakkwui-key
switch-AuxConnect

toy-ciyo.
be-Decl
‘Every call signis switchedatmidnight everyday.’

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

0 ¼½#¾¿ À DAN = NP*=1 anchor root 2
1 ÁÂ#ÃÄ � NNC = NP*=1 anchor root 2
2 Å�ÆkÁÂ + Ç¿ À NNC+PAU < NP=0 anchor 0 6
3 È�É�Ê�ËÌ ADV = VP*=25 anchor 1 6
4 24 NNU = NP*=1 anchor 0 5
5 Í1/ + ÎvÏ NNX+PAD = VP*=17 anchor 1 6
6 Ð1�ÒÑÓ + ÔÖÕ VV+ECS < S-NPs=23 anchor - TOP
7 ×Ø + 71/kÙÚ VX+EFN = VP*=13 anchor 1 6
8 . SFN - - - -

Figure6: Examplederivation of a sentencereportedby thestatisticalparser

4.2. Incorporating the Morphological Information into the Parser

In thissectionwedescribehow themorphological tagger(describedearlier)is incorporatedinto thesmoothing
of theprobability modelsthatareusedin thestatisticalparser.

Thesmoothing usingthemorphological taggeris handled asfollows. Thestatisticalparserhasvariousproba-
bility modelsassociatedwith it. Oneof themostcrucialmodelsis theonethatdecidesonparseractionsby using
statisticscollectedon pairsof words. For example, i n is theprobability of combinationof two treesanchoredby
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Ontrainingdata On testdata
CurrentWork 97.58 75.7
(Yoon, Kim andSong, 1997) – 52.29/51.95P/R

Table2: Parserevaluation results

words � and � ¡ via adjunctionof thosetrees.Here � and � ¡ aretheinflectedformsof theword, while � and� ¡ are
selectedelementsof thedisambiguatedmorphological analysisof theinflectedforms takenfrom theoutput of the
morphological taggerdescribedabove. Basedonthepartof speech,wemightwantto selectdifferentcomponents
of the morphological analysis. For example, for nouns we might want to pick the final elementwhich usually
corresponds to thecasemarking, while for verbswe might wantto pick thestemwhich is thefirst element of the
analysis. We have theflexibility in theparserto choosewhich elementshouldbepicked. Thebestresultswere
obtained whenwe chosethe stem. That is, for the resultsreported herewe alwayspick the first elementof the
morphological analysisfor eachinflectedform.

i���tvÛ ¡ |v� ¡ |u� ¡ «�~R|uÛ§|��°|ª��w
We decomposethis conditional probability into thefollowing components:

i���t�Û ¡ |ª� ¡ |�� ¡ «K~R|�Û§|��Ü|v��wkxi���t�Û ¡ «®~R|�Û§|u�°|v�Rw��i���tÝ� ¡ «KÛ ¡ |u~�|uÛ§|��°|ª��w��i���t�� ¡ «µ� ¡ |�Û ¡ |�~R|�Û§|u�°|v�Rw
For eachof theequationsabove, we usea backoff modelwhich is usedto handlesparsedataproblems. We

computea backoff model asfollows. Let Þ�ß standfor theoriginal lexicalizedmodel and Þfà bethebackoff level
whichonly usestheoutput of themorphological tagger described above:

i��;áuâãx i���t�Û ¡ «®~R|�Û§|u�°|v�Rwi��;áåäæx i���t�Û ¡ «®~R|�Û§|ª��w
Thebackoff model is computedasfollows:ç tvè�w��Yi��;áuâk��t�zêé ç tªè�w�w��Yi��;áåä
where

ç tªè�wox ëì ëîí
²oï

. èTx countt��Kw is thetotalcountfor eachconditionalprobabilitymodeli , wherei�tªð¨«®�Kw .´ is thediversity of i�� á â . diversity is definedasthenumber of distinctcounts for i�� á â . Note that this backoff
model is implementedfor eachlexicalizedmodel usedin thestatisticalparser.

4.3. Experimental Results

In orderto evaluate thestatisticalparser(combinedwith thetaggerasdescribedabove),ourparserwastrained
on thederivationsandcorrespondingLTAG grammar extractedfrom 91%of theTreeBank(4653 sentences).The
parserwasthentestedon 9% of theTreeBankwhich wasreservedasunseendata(425sentences). Notethat the
parserdid not have accessto any grammar information from LexTract or lexicon informationwhich wastaken
from theunseendata.

For comparison,another parser(Yoon, Kim andSong,1997) wastestedon thesametestset.For thesake of
fair comparison,theoutput of this parserwasconvertedto look ascloseaspossibleto our output. Evenso, the
number of nodelabelsdid not match,dueto the differencein tokenization schemesfor certainlexical elements
suchascopulasandauxiliary verbs. We thusreportprecision/recall in thecomparison.We report word-to-word
dependency accuracy comparedwith thegold standardfor our parser. Theevaluation resultsaresummarized in
Table2. Not surprisingly, theresultsshow thatbetterperformanceontestdatafrom aparticular domainis obtained
by training on annotateddatafrom thesamedomain.Theresultsfrom another parseron thesamedataprovide a
baselineperformanceto compareagainstourresults.Also, theperformanceachievedonourtestsetis competetive
with thestate-of-the-artEnglishstatisticalparserswhentrainedonsimilaramountsof data.
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5. Conclusion

Our work is significantin that it is the first LTAG-basedparsingsystemfor Korean. We have shown that
LTAG-basedstatisticalparsingis feasiblefor a language with free word order andcomplex morphology. Our
systemhasbeensuccessfullyincorporatedinto a Korean/English machine translationsystemassourcelanguage
analysis component(Han et al., 2000; Palmeret al., 2002). The LTAG parserproducesa single-best analysis
of the input Koreansentence.We showedthat the tagger/analyzerdescribedin this paper obtained thecorrectly
disambiguatedmorphological analysisof wordswith 95.78/95.39% precision/recall whentestedon a testsetof
3,717previouslyunseenwords. Thestatisticalparserdescribedin this paperobtainedanaccuracy of 75.7% when
testedon thesametestset(of 425sentences).Theseperformanceresultsarebetterthananexisting off-the-shelf
Korean morphological analyzer andparserrunon thesamedata.
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