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Abstract

We presentXLFG, a new parserfor LFG developedby Lionel Clément
(Clément2000), (Clément2001b). This parseris freely availablefor peda-
gogicalaswell as for researchpurpose.In this paper, we explain how the
tool hasbeenusedto developandevaluatea medium-sizeLFG for French.
We alsoshow how we have exploited thesimilaritiesbetweentheLFG and
theTreeAdjoining GrammarFrameworksin orderto integrateinto XLFG a
rule-basedparse-ranker for French.

Intr oduction

Severalparsershavealreadybeenimplementedfor LexicalFunctionalGram-
mars(LFG),for example(KaplanandMaxwell 1994), (Andrews1990). Some
of theseparsershave evenbeendevelopedfor French(Zweigenbaum1991)
(Vappillon1997). However, thesetoolsaresometimesnotpublicly available,
or not flexible enoughto implementadditionsto the“base”LFG formalism
(e.g.thesourcecodemaynot beavailable).This is why we have decidedto
implementXLFG, anew parserfor LFG. Our goalwasto providea tool that
is user-friendly enoughto beusedin a pedagogicalenvironment,reasonably
fast,portableto mostOperatingSystems,andflexible enoughso thataddi-
tionscouldbemadeto thebaseLFG framework in orderto testnew linguistic
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hypothesis.In thefirst partof this paper, we provide anoverview of XLFG,
we explain how XLFG wasusedto developanLFG medium-sizegrammar
for French,andhow it canbeusedfor pedagogicalpurpose.In asecondpart,
weexplainhow XLFG hasbeenusedto investigatetherelationshipbetween
the Tree-AdjoiningGrammars(TAG) framework, andthe LFG framework.
Morespecifically, weexploit thesimilaritiesbetweenTAG “derivationtrees”
andLFG “functionalstructures”to incorporateinto XLFG aparse-rankerfor
disambiguationpurpose.Finally, we presenta preliminaryevaluationof the
tool on the TSNLP test-suitefor French.We assumethe readeris familiar
with theLFG framework andrefer to (Bresnan1982), (Kaplan1989) for an
introduction.

1 Overview of XLFG

The XLFG projectstartedin 1996.XLFG, a wide-coverageparserfor lex-
ical functional grammars(LFG), is written in C, using an LR algorithm
(Knuth1965). We have tried to put an emphasison the user-friendliness,
thanksto a GraphicalUserInterface(GUI) developedin Tcl/Tk andto pro-
videafastandergonomicalwaytoencodeandtestLFG grammars(Clément2000).
XLFG is highly portableandis publicly availablefor academicandresearch
purpose.Both the programandthe sourcecodecanbe downloadedon the
www for mostplatforms1.
Theinput of theparserconsistsin 3 files:� A templatefile� A lexiconfile� A rule file

For eachsentenceparsed,theoutputof theparserconsistsin:� Oneor severalcouplesof constituentandfunctionalstructure(s)

Moreover, XLFG canbeusedbothonlineandoffline. Whenusedonline,
aconstituentstructureandanfunctionalstructurearedisplayedin theGUI2.
Onecanseeon figure1 anexampleof outputwhenparsingthesentenceLe
chienaboie(Thedog barks).

Whenusedoffline, onecanobtaindifferenttypesof output(e.g.a Latex
file), which may be further postprocessed(for exampleto createfigures,to
input to a parse-ranker, to build a Treebank...).

At this point, thefollowing itemshavebeenimplemented:� Computationof constituentandfunctionalstructures� Functionaldescriptions

1http//talana.linguist.jussieu.fr/˜lionel/xlfg/
2Whena sentenceis ambiguous,severalconstituentandfunctionalstructuresarethendisplayed.



Figure1: SampleoutputLechienaboie(thedog barks).

– unification(with “re-entrance”)

– definingequations

– constrainingequations

– setof functionalstructures

– existentialconstraint� Lexical rules� Functionaluncertainty

Thegoalof this work twofold:� XLFG maybeusedasapedagogicaltool� XLFG caneasilybeaugmentedfor researchpurpose



1.1 XLFG: a pedagogicaltool

SinceXLFG can be usedasa pedagogicaltool to learnor teachthe LFG
framework, it wasimportantto scrupulouslyfollow thebaseLFG modelas
it wasdefinedin the80’s in (Bresnan1982), (Kaplan1989).

XLFG canbe usedto teachthe LFG framework to linguisticsstudents
“hands-on”.

It hasbeenusedat the University of Paris 7 to teachLFG to MA stu-
dentsin computationallinguistics.It hasalsobeenusedat theUniversityof
Provencein an introductorycourseto syntacticformalisms.XLFG may be
usedduring lab sessions(often on Unix machines),but alsofor homework
assignmentsafter beingdownloadedby students(who often useMicrosoft
Windows).Therefore,portability wasimportant.

In addition,it is possiblefor lecturersto establishanonlineconnexionus-
ing a client-servermodel.Theserverprovidesa large,robustwide-coverage
lexicon. Thus,the lecturerandthe studentscanfocuson the syntacticphe-
nomenaunderinvestigationwithout having to dealwith lexical coverageis-
sues.

To emphasizethepedagogicalaspect,XLFG alsoparsesungrammatical
sentences,aslong asa “good” constituentstructureis found (i.e. sentences
with agoodconstituentstructure,but possiblyanill-formed functionalstruc-
ture). It thenexpicitely shows in the outputwhy the functionalstructureis
ill-formed (i.e. uniqueness,coherenceand/orcompleteness,aswell asunifi-
cationproblems).Someexamplesareshown on figures2,3and4).

In addition,it is possibleto relax conditionson constraintequationsas
well ason existentialequations.

1.2 Application to French

XLFG wasusedto developandtesta grammarfor French,similarly to what
hasbeenachieved by (Abeillé et al. 2000a) for TreeAdjoining Grammars.
The following syntacticphenomenaarecurrentlyhandled:clitics, passive,
sententialcomplements,infinitival complements(controlandraisingverbs),
someidiomaticexpressions,somecomparativesandcoordinations(including
gappingphenomena),compoundtenses,negation(both for finite andinfini-
tival clauses),somelongdistancedependencies.

Our grammar, which is hand-crafted,currently comprises78 syntactic
rules.Our lexiconcurrentlycomprises450,000inflectedforms.

Thefollowingexamplesshow how thelexiconis encoded(inflectedforms)
somesyntacticrulesfor XLFG. Theinflectedformsof thelexicon arecom-
putedfrom morphologicaltablesandlexical propertieson lemmas(suchas
sub-categorization,lexical transformations,functionaldescriptionsof raising
verbs,etc.).



Figure2: An incoherentstructure*Le chien aboie le lapin (*The dog barks the
rabbit).

Figure3: An incompletestructure*La nourritureprovient(*Thefoodcomesfrom).

Extract of the Frenchlexicon (inflected forms)3

saisonn é v [pred="saisonner<subj>",@Kms,@avoir,@a ctive] ;

3In features,@Kms,@Kfs, etc.areabbreviations.For agreementfeatures,@Kmsstandsfor “v-
form=past-p,gender=masc,number=sg”;For auxiliary verbs,@avoir standsfor “aux-req= avoir,



Figure 4: A structurewhereunification fails becauseof agreement*Les chiens
aboie(*The dogsbarks).

saisonn ée v [pred="saisonner<subj>",@Kfs,@avoir,@ active ] ;
saisonn ées v [pred="saisonner<subj>",@Kfp,@avoir,@activ e] ;
saisonn és v [pred="saisonner<subj>",@Kmp,@avoir,@ active ] ;
saisons nc [pred="saison",@fp] ;
sais ı̂mes v [pred="saisir<subj,(obj)>",@Jp1] ;
sais ı̂mes v [pred="saisir<subj,(de-obj)>obj",@Jp1] @Pron ;
sais ı̂t v [pred="saisir<subj,obj>",@Ts3] ;
sais ı̂t v [pred="saisir<subj,(de-obj)>obj",@Ts3] @Pron ;
sais ı̂tes v [pred="saisir<subj,obj>",@Jp2] ;
sais ı̂tes v [pred="saisir<subj,(de-obj)>obj",@Jp2] @Pron ;
sait v [pred="savoir<subj,(obj/comp/vcomp)>",@Ps3 ] @CompInd @Ctrl-
Subj ;
sak é nc [pred="sak é",@ms] ;
sak és nc [pred="sak é",@mp] ;
sala v [pred="saler<subj,obj>",@Js3] ;
salace a [pred="salace<subj>",@s] ;
salaces a [pred="salace<subj>",@p] ;

For non featureabbreviations,@Pronstandsfor the functionaldescription:“( � obj case=c rfl)”,
@CtrlSubjfor “( � vcompsubj= � subj)” for subjectraisingof controlverbs.



Extract of the rules for a Frenchgrammar4.

// sample: Wh extraction
// A quelle fille Jean pense-t-il˜? (Which girl does J think about)
S3 -> SP S2 (poncts);
($$ top = $1)
($1 qu =c +)
($$ = $2)
($$ (($1 pcas)-obj) = $1)
($$ = $3)
(($$ mode) = indicative/conditional);

// sample: ‘‘surcomposed past’’
// Jean a eu déjeun é (J has had luch)
// Jean n’a pas eu moins déjeun é
_VERB -> (_CLITIC) aux (claff) (cln) (advneg) aux (SADV) v;
($$ tense = $2 tense)
($$ mode = $2 mode)
($$ subj number = $2 number)
($$ subj person = $2 person)
($2 form-aux = avoir)
($$ subj = $2 subj)
($$ = $3)
($$ subj = $4)
($5 neg = $$ neg)
($5 < ($$ adjunct))
($6 form-aux = avoir)
($6 v-form = past-p)
($$ = $8)
($$ aux-req = $6 form-aux)
($$ aspect = perfect);

Theprevioustwo syntacticrulesshow how onecanencoderewrit-
ing rulesaswell asfunctionaldescriptions.

Although the goal of XLFG is not to develop a robust and fast
parser, but rather to develop LFG grammarsand test linguistic hy-
pothesisin a user-friendly and portableenvironment, the systemis
nonethelessfast.For instance,asentencesuchasL’europeesp̀ere que
le marché nationalaméliorera l’influencedela Commission.(Europe
hopesthat thenationalmarket will improve the influenceof thecom-
mission)wasparsedin 2 secondson a SuperSparc,yielding 73 anal-
yses.

4In this rules,$$ is thenotationfor � , and$� for � of the ���	� term. 
 is thenotationfor � . We
mark �	��
������ for �	��
������



As alwayswhenparsing,a trade-off mustbefoundbetweentrying
to bewide-coverageandobtaininganacceptablesyntacticambiguity
rate.

To increasethe coverage,we arecurrentlyaddingmore rules to
thegrammar, aswell asmoreentriesto thelexicon.Moreover, to deal
with certainspecificsyntacticphenomenasuchasellipsis (e.g.Jean
mange despommeset Marie descerises(John eatsapplesand M.
cherries), Jeanestplombieret fier de l’ être (John is a plumberand
proudof it)), we have augmentedtheLFG formalismwith thenotion
of lexical capture, andhave implementedthis featureinto XLFG. Due
to spacelimitations, we do not develop this notion herebut refer to
(Clément1996) andfuturepublicationsfor moredetails.

To limit theambiguityrate,we neededto integratea disambigua-
tion strategy into XLFG. We choseto departfrom methodsthathave
beentraditionallyusedfor LFG,suchasOptimalityTheory(Franket al. 2000),
or solutionsbasedon probabilymodels(Riezleretal. 2000). Instead,
we have observed that LFG functionalstructuresandTAG so-called
“derivation trees”areintuitively very similar (modulore-entrantfea-
tures)5.

Thispoint is developedin thenext section.

2 Adapting TAG based disambiguation princi-
plesto LFG

2.1 Why not usea probabilistic disambiguation model?

In order to disambiguate(LFG parses,as well as parsesfrom other
frameworks),onecanresorttoprobabilisticmodels.However, wechose
not to, bothfor theoreticalaswell asfor practicalreasons.� Froma practicalpoint of view, probabilisticmodelsarenot lan-

guagenordomainindependent,they arecostlybecauseoneneeds
large training data(i.e. treebank).Unfortunately, suchtraining
datais not availablefor mostlanguagesotherthanEnglish.For
French,thereis notreebankto trainon(althoughoneis currently
beingbuilt by (Abeillé et al. 2000b), (Clément2001a)). There-
fore,wecouldnotresortto aprobabilisticdisambiguationmodel
in orderto disambiguate.

5It is alsointerestingto notethatbothfunctionalstructuresandderivation treesarein turn quite
closethenotionof dependency tree,but wedon’t developthispoint here.



� From a theoreticalpoint of view, probabilisticmodelshave no
“explanatorypower”(they maywork, but this doesnot sayany-
thingaboutwhy it works).In humansentenceprocessing,theim-
portanceof Lexicalpreferencesiswidelyaccepted(e.g.(Trueswell1996));
For instance,a givenverbmaypreferto attacha PPasanargu-
ment.But thereis little dataavailable regardingsthesehuman
preferences.And finding frequency effectsin languagecompre-
hensiondoesnotautomaticallycondemnall structuralapproaches:
If oneconsidersthe sentenceJohn put the book that you were
readingin the library, althoughput NP1 in NP2 is obviously a
commonsubcategorizationframefor put, thesentencenonethe-
lessseemsincomplete,althoughit is syntacticallywell-formed.

Therefore,sincewe werenot convinced that probabilisticdisam-
biguationmethodsweresufficientfrom atheoreticalpointof view, and
sincewe did not have any datato train a probabilisticdisambiguation
modelon,we hadto turn to rule-basedmethods6.

2.2 Why not expresspreferencerules on C-structures?

Traditionnally, rule-baseddisambiguationprincipleshavebeenformu-
latedon the shapeof constituenttrees.For instance(Kimball 1973)
formulatedtheright associationprinciple,whichallows to retrieve the
correctattachmentin a sentencesuchasTom said that Joe left yes-
terday (wereyesterdayattachesto left ratherthanto Tom).Similarly,
(FrazierandFodor1978) formulateda minimal attachementprinciple
whichstatesthatin casewhereseveralconstituentstructuresareasso-
ciatedto a given sentence,the constituenttreewith the fewestnum-
ber of nodesshouldbe favored.For a sentencesuchasTom bought
theflowers for Sue, this principleallows oneto retrieve thepreferred
attachment,wherefor Sueattachesto boughtratherthanto flowers.
However, asarguedin (Kinyon1999) this type of principles,formu-
latedon constituenttreesweredeemedunsatisfactoryfor several rea-
sons:

6Wedonotof courserejecttheideaof lexical preference.In fact,in additionto structuralprefer-
ences(seeinfra), we have addedsomeweightsto lexical itemsto modelsomelexical preferences.



� PrinciplessuchasMinimal Attachmentmake someassumption
abouthow aconstituenttreeshouldbebuilt7.� Theinteractionbetweentheseprinciplesis unclear.� It is difficult to integratesemanticand/orpragmaticinformation
into suchprinciples.� Theseprinciplesdonotestablishadistinctionbetweenargument
andmodifierattachment.� Counter-examplesareeasyto find: e.g.the validity of right as-
sociationis debatedfor Spanish(CuetosandMitchell 1988) and
Dutch(BrysbaertandMitchell 1996).

Therefore,we did not want to expressdisambiguationprinciplesin
termsof constituentstructure.

On the otherhand,somewidely accepteddisambiguationprinci-
plesmaynot beexpressedon constituenttree,but areeasyto express
on“dependency-like” structures:� Preferthe idiomatic interpretationof a sentenceover its literal

interpretation.� Preferto attachanelementasanargumentratherthanasamod-
ifier.� Preferto attachanargumentto its closestpotentialgovernor.

Principle1 allows the idiomatic interpretationof a sentencesuchas
Johnbreakstheice to bepreferredover its literal interpretation.
Principle2 allows oneto preferto attachto behonestasargumentof
prefer, ratherthanasa sentencemodifier in a sentencesuchasJohn
prefers hisdaughterto behonest8.
Principle3 allowsto preferto attachof thedemonstration asargument
of organizer, ratherthanasanargumentof suspectin a sentencesuch
asJohnsuspectstheorganizerof thedemonstration.

Thesedisambiguationprinciplesweresuccesfullyusedto imple-
mentaparse-ranker for French(Kinyon2000) for TAGs,expressedon
thenumberof nodesin TAG “derivationtrees”,andthuswewantedto
seeif thiswastransposableto LFG, andexpressableon“f-structures”.

7Most of theseprincipleswere formulatedwithin an X-bar type of linguistic framework. And
principlessuchasMinimal attachmentrely for a largeparton someX-barcharacteristicconcerning
thenumberof nodesa givenconstituenttreewill have.

8Themodifierreadingbeingidenticalto To behonest,Johnprefers his daughter.



2.3 Similarities betweenTAG and LFG

The similarity betweenLFG andTAG wasto the bestof our knowl-
edgefirst investigatedin (Kameyama1986). Surprisingly, very little
hasbeenwritten on this topic since.We will not provide anintroduc-
tion toTAGshere(andreferto (Joshi1994) and(Abeillé andRambow 2000)
for anoverview). For ourpurpose,onejustneedsto know thatin TAG,
the elementarystructures,called “elementary”trees,combinevia 2
operations:substitution(for “initial” elementarytrees)andadjunction
(for “auxiliary” elementarytrees).Figure5 shows how onecanparse
thesentenceJeannevoit pasMarie (Johndoesnot seeMary) usinga
LexicalizedTAG consistingin four elementarytrees9. In thisexample,
theinitial trees“ � -Jean”and“ � -Marie” weresubstitutedrespectively
assubjectandobjectin theinitial tree“ � -voit”, andtheauxiliary tree
“ � -ne-pas”wasadjoinedasa modifier into the initial tree “ � -voit”.
Theresultoneobtainsfrom combiningthetreesconsistsin:� A derived tree,which is aconstituentstructure.� A derivation tree,closeto adependency structure,whichis built

by keepingthe historic of operations(i.e. substitutionand ad-
junction)performedto obtainthederivedtree.

The importantthing to note is that both LFG andTAG yield a con-
stituentstructure(categorial structurefor LFG, derivedtreefor TAG)
andadependency-like structure (functionalstructurefor LFG, deriva-
tion treefor TAG)10. Sothederivationtreefrom figure6(a)canbeseen
asequivalentto theF-structureonfigure6(b).Thissimilarity between
TAG derivationtreesandLFG functionalstructuredoesnot of course
extendto thecaseof reentrantfeatures,which turn f-structuresinto a
graphratherthana tree,but reentrantfeaturesarein practicelimited
to boundedphenomenasuchascontrol11.

9Agrementis dealthwith by associatingfeaturesto nodesin elementarytrees(not shown on
figurefor readability).� denoteinital trees,� auxiliary trees,plain linesrepresentanadjunction(i.e.
theinsertionof antreeinto anothertree),dottedline asubstitution.

10Othersimilaritiesexist, for instance(Rambow 1996) notedthesimilarity betweend-linksused
in someformalismsrelatedto TAGs,andtheLFG notionof functionaluncertaintybut this is beyond
thescopeof ourwork.

11SoturningLFG functionalstructuresinto TAGderivationtreemayimply a“loss” of information,
but this informationcanbeencodedusingco-indicesonderivationtreeleaves.



Figure5: Jeannevoit pasMarie (Johndoesn’t seeMary.).

2.4 Expressingdisambiguationprinciples in termsof f-structur e

Principle1, whichsaysthattheidiomaticinterpretationof asentences
shouldbefavoredover its literal interpretation,wasmodeledin TAGs
by preferringthe derivation tree (i.e. the dependency-like structure)
with thefewestnumberof nodes.To implementPrinciple1 intoXLFG,
we only hadto make surethat the functionalstructurewhich resorts
to the most constrainedlexical item would be favored (herebreak1
which constrainsits objectto be ice, ratherthanbreak2which is un-
constrainedfor its object)(cf fig 7).

Principle2, whichsaysthattheattachmentof anelementasanar-
gumentratherthanasamodifiershouldbepreferredwasexpressedon
TAG derivationtreesby preferringthederivationtreeswith thefewest



Voir

Jean Ne pas Marie

�����������������

pred ‘voir  subj,obj! ’
subj " pred ‘Jean’

. . . #
obj " pred ‘Marie’

. . . #
adjunct $% & " pred ‘pas’

. . . #�' ()

*,+++++++++++++++-
a b

Figure 6: Derivation tree and equivalent F-structurefor Jean ne voit pas Marie
(Johndoesn’t seeMary).

numberof � -treenodes12. This principlewasalsoeasyto encodeon
LFG functionalstructure,simply by countingthenumberof local ar-
gumentsfunctionsof a predicator(i.e. subj, obj, à-obj, de-obj, . . . ),
andfavoring thefunctionalstructurewith thehighestcount(cf fig. 8).

Finally, Principle3 which statesthat oneshouldprefer to attach
argumentsascloseaspossibleto their governor, wasimplementedin
TAGsby computingon eachderivation treethesumof thedistances
betweeneachnodein thetreeandtheir son.This allows oneto prefer
to Paul asan argumentof give ratherthanasan argumentof saysin
example1a,sincethedistancebetweento Paul andgiveis shorterthan
thedistancebetweento Paul andsay. Whereas,conversely, in sentence
1b, to whomwill beargumentof say, ratherthanargumentof give, for
thesamereason.

(1) a. JohnsaysthatMary givesflowersto Paul.

b. To whomdoesJohnsaythatMary givesflowers.

This principle wasadaptedto LFG by computingthe sumon the
functionalstructures,seenasdependency-likestructures:Foreachnode
in a given structure,onecomputesthe sumof the distancesbetween
the predicatorandall of its daughters,accordingthe linear orderof

12TAG � trees(i.e. auxiliary trees),aremainly usedto encodemodifiers,whereasTAG � trees
(i.e. initial trees),aremainly usedto encodearguments.



the sentence13. The functionalstructurewith the lowestsumwill be
favored(cf fig. 9).

As wasdonefor TAGs,the3 principlesareappliedin asequential
order. Thus thereareno conflicts.The parsercomputesall possible
functionalstructuresfor a given sentence.It thenappliesthe 3 prin-
ciplesandoutputsthe . -bestfunctionalstructuresaccordingto these
principles,alongwith their correspondingconstituentstructure.

In addition,we do not commitexclusively to a rule-baseddisam-
biguationsystem:sincea weightis associatedto eachlexical entryin
the lexicon, this allows us, in additionof favoring the idiomatic in-
terpretationof a sentence,to encodelexical or semanticpreferences
aswell, thusallowing to mix rule-basedgeneralstructuralpreference
principleswith morefine-grainedstatisticallexical preferencesin or-
derto obtainthebestpossibledisambiguation.For instance,this may
beusedto prefer“function words” over“lexical word” (e.g.to prefer
être(to be),avoir(tohave)asauxiliariesratherthanfull lexical verbs.).������ subj / pred ‘John’

num sg
pers 3 0

pred ‘to breaktheice 1 subj2 obj’

obj / pred ‘ice’
num sg
gend fem 0

* ++++- (a)

������ subj / pred ‘John’
num sg
pers 3 0

pred ‘break1 subj,obj 2 ’
obj / pred ‘ice’

num sg
gend fem 0

* ++++- (b)

Figure7: Preferred(a) anddispreferred(b) functionalstructuresfor the idiomatic
andliteral interpretationsof Johnbreakstheice.

13Wetake into accountonly thenodeswherePred is associatedto a lexical item (andnote.g.to a
morphemeor discourseunit).



��������������
subj / pred ‘John’

num sg
pers 3 0

pred ‘to prefer1 subj,obj, vcomp2 ’
vcomp

�� pred ‘to be1 subj,acomp2 ’
subj [ ]

acomp 3 pred ‘honest1 subj2 ’
subj [ ] 4 *-

obj " pred ‘daughter’
num sg
gend masc
poss yes #

* ++++++++++++- (a)

�������������
subj / pred ‘John’

num sg
pers 3 0

pred ‘to prefer1 subj,obj 2 ’
mod 5 " pred ‘to be1 acomp2 ’

acomp 3 pred ‘honest1 subj2 ’
subj [ ] 4 #76

obj " pred ‘daughter’
num sg
gend masc
poss yes #

* +++++++++++- (b)

Figure8: Preferred(a) anddispreferred(b) functionalstructurefor John prefers
his daughterto be honestwith to be honestasan argument(a) or asa sentence
modifier(b).

�����������������

subj / pred ‘John’
num sg
pers 3 0

pred ‘to say1 subj,obj 8:9 , comp2 ’
comp

������
pred ‘to give 1 subj,obj 2 ’
subj / pred ‘Mary’

num sg
pers 3 0

obj / pred ‘flower’
num pl
gend fem 0

* ++++-
obj8:9 / pred ‘Paul’

num sg
pers 3 0

*,+++++++++++++++-
(a)

�����������������

subj / pred ‘John’
num sg
pers 3 0

pred ‘to say1 subj,comp2 ’
comp

�����������
pred ‘to give 1 subj,obj8:9 , obj 2 ’
subj / pred ‘Mary’

num sg
pers 3 0

obj8:9 / pred ‘Paul’
num sg
pers 3 0

obj / pred ‘flower’
num pl
gend fem 0

* +++++++++-

* +++++++++++++++-
(b)

Figure9: Preferred(a) anddispreferred(b) functionalstructurefor Johnsaysthat
Mary givesflowers to Paul.



3 Preliminary Evaluation of XLFG

In order to test both the coverageof XLFG as well as the validity
of the rule-baseddisambiguationprinciples we have implemented,
we used1,200grammaticalsentencesfor Frenchfrom the testsuite
TSNLP(Estival andLehman1997). We parsedthese1,200sentences
with XLFG andour grammarfor French(approximately78 syntactic
rules,450,000lexical items)without any disambiguation.We devel-
opeda tool to browsethroughall the analysisfor eachsentence(i.e.
thedifferentpairsof possibleconstituentstructure/ functionalstruc-
ture assignedto eachsentenceby the parser).We usedthe outputof
theparserandtheannotationtool to manuallybuild a gold-standard.
We thenreparsedthe1,200sentences,this time with thedisambigua-
tion module turnedon and comparedthis output to the gold stan-
dard.Without disambiguation,XLFG producedoneor morecorrect
parse(s)for 81.5%of thesentences(i.e. 972of the1,200sentences),
with an averageof 3.36 functionalstructuresper sentence.80.3%of
thesesentenceswereambiguous(i.e. 781ambiguoussentencesoutof
972parsedsentences).With disambiguation,XLFG still producedone
or morecorrectparse(s)for 81.5%of thesentences,but this timewith
an averageof 1.29 functional structuresper sentence.Only 38% of
theparsedsentenceswerenow ambiguous(i.e. 373out of 972parsed
sentences):408sentences(i.e.52.2%)hadbeentotally disambiguated,
andhadonly onefunctionalstructureassociatedto them.And another
40sentences(i.e.5%)hadbeenpartiallydisambiguated,meaningthat
they wereassociatedwith fewer functionalstructuresthenwhenthey
wereinitially parsedwithout thedisambiguator. More importantly, no
correctfunctionalstructurewasdiscarded.

The 20% of sentencesthat did not receive any parsein the first
placeweredueeitherto unknown lexical items,or to thefactthatour
grammardid not dealwith somesyntacticphenomena.TSNLP is a
test-suite,so thesentencesarebuilt artificially andresorton purpose
to a limited lexicon.It wouldbeinterestingin thefutureto enrichboth
thegrammarandlexiconof XLFG to makeit morerobustandperform
anew evaluationon real text.

It is interestingtonotethoughthatwhentestedonthesameTSNLP
sentencesXLFG obtainedbasicallythesameresultsasFTAG, a wide
coveragegrammarfor French(Abeillé etal. 2000a) which is semi-
automaticallygenerated,andconsistsin 5,000elementarytreesand
approximately600,000lexical entries:approx80% of the sentences



get at leastonecorrectparse.Again, the goal of XLFG is not to be
a robust wide-coverageparser, but, however, theseresultsare very
encouraging,especiallysinceour LFG grammarcontainedfar fewer
rulesthanits TAG counterpart.

Conclusion

We have presentedXLFG, an LFG parserfreely availablefor the re-
searchcommunity. Wehaveshown how this tool canbeusedasaped-
agogicaltool, aswell asto testandimplementnew linguistic hypoth-
esis.We have sofar manuallydevelopeda medium-sizegrammarfor
Frenchof approximately78rulesand450,000lexical entries.Wehave
alsoimplementedarule-baseddisambiguationmodulewhichexploits
thesimilaritiesbetweenLFG functionalstructuresandTAG derivation
treesandhavepresentedapreliminaryevaluationof theparserandthe
disambiguator. In thefuture,we hopeto augmentthecoverageof our
grammarfor French,andto developgrammarsfor otherlanguages.In
addition,we planto investigatemoresystematicallythe link between
theLFG framework andtheTAG framework, basedon thework initi-
atedby (Kameyama1986).

References
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