Constraint-BasedParsing asan Ef cient Solution: Resultsfrom the Parsing
Evaluation Campaign EASy

Tristan Vanrullen, Philippe Blache,Jean-Marie Balfourier

LaboratoireParoleet Langaged CNRSUMR 6057
23 AvenueRobertSchuman
13100Aix-en-ProsenceFrance
f tristan.\anrullen philippe.blachg@lIpl.univ-aix.fr

Abstract
This paperdescribeghe unfolding of the EASy evaluationcampaignfor french parsersas well asthe techniqguesemplo/ed for the
participationof laboratoryLPL to this campaign. Threesymbolic parsershasedon a sameresourceand a sameformalism (Property
Grammarspredescribedandevaluated.The rst resultsof this evaluationareanalyzedandleadto the conclusiornthatsymbolicparsing

in a constraint-basefbrmalismis ef cient androbust.

1. Intr oduction

Recentadwvancesin parsingtechnologiesnalke it possible
to dealwith differentkindsof inputs: severalshallov pars-
ing systemsarenow availableaswell asdeepparserspro-
viding a setof solutionsaccordingto the needs. Parsing
unrestrictedexts will make useof shallov parsersvhereas
deeptechniquesanbe usedwhen®ne-grainedparsesare
neededHowever, thesetechniqueslo notmake it possible
to reusethe sametechnologyandthe sameresourcesoth
for deepandshallown parsing andoffering the possibilityto
chooseahe parsinggranularity(seeworkshopdeep& shal-
low parsing). Suchtechnologyhasbeenproposedn the
framawork of PropertyGrammargsee(Blache,2001and
2005)). PGis afully constraint-basetbrmalismin which
linguistic informationis entirely speci®edin termsof non
hierarchicalconstraints.A grammarin this approachis a
setof constraintandparsinganinputconsistsn evaluating
this set. Theinputis thendescribedwe saycharacterized)
by the set of satis®edand violated constraintsafter such
an evaluation. This conceptionof parsingmakesit possi-
ble to treatary kind of input, whatever its form. In terms
of parsingwe know thatsymbolictechnique®ffer several
well-known advantagesn termsof grammardevelopment
aswell asreusabilityof the components We show in this
paperthatthesetechniquesanalsoberobustandef®cient.
In aformerstudy(seg(VanrullenandBlache,2002)),dueto
thelack of Frenchtreebankstthistime, we have proposed
an evaluation techniguebasedon the comparisonof the
parsersoutputswithout needinga referencecorpus. That
kind of evaluationlead us to improve our parsersby de-
tectingtheir differencesandby wideningour knowledgeof
theirweaknessetm termsof robustnessprecisionandef®-
ciengy. The FrenchevaluationcampaigrnEASY(Evaluation
desAnalyseursSyntaxiquessee, (Vilnat & al, 2003 and
2004))gaveusthepossibilityto evaluateour parser@among
several participantsandwith a strict evaluationframework
basedn aguidelineandalargereferencecorpus.

This paper gives an accountof the evaluation within
the EASy campaignof three Property Grammarparsers,
reusingthe samemechanismandthe sameresourceglex-
iconandgrammar).

After a brief introductionto the EASy evaluationframe-

work anda short presentatiorof PropertyGrammarswe
will describehethreeparserdasedn PropertyGrammars
build in Laboratoire Parole et Langage (hereaftel.PL) to
participateto the EASy campaign.Then,we will show our
resultsanddiscusghem.

2. The evaluation framework

The EASY project(seehttp://www.elda.og/easy)aims at
the evaluationof parserdor French.It proposesan evalu-
ationmethodologymakingit possibleto comparesyntactic
analyzersand, as a side effect, producea large validated
linguistic resourceby combiningautomaticallythe results
of the campaign.
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The corpusset (1 million words) comesfrom different
sourcesnewspapers,questions,websites,oral transcrip-
tions, etc.), and containsdifferenttypes: generalcorpora
(21%), literary corpora:(23%), mail (15%), medical(6%),



oral transcriptiong(28%) and questiony7%). Eachkind
of corpuscontainsa referencebracketedpart. The project
comeswith anevaluationframework for mary differentap-
proaches.

Themainideaof this campaigrreliesonthe useof acom-
montargetformatfor all theevaluatedechniquesThisfor-
mat (PEAS,see(Gendner& al, 2002,2003and 2004))is
de®nedasa syntacticannotatiorstandardThe EASy cam-
paignis ®nishing, this paperreportsthe ®rst resultscon-
cerningbracketing.

The ®gure 1 shavs the main stepsof the EASy campaign
and someelementsof our participation. After the PEAS
guidewasde®nedapartof themillion wordswasmanually
braclketed(10%). This part-unknown to participants-has
beenusedasreferencdor the evaluationprocess.

The whole corpuswastransmittedto participants.A task
of POS-taggingvasneededo prepareparsing. Our three
parseraverethenusedto analyzethetaggedcorpusandwe
transmittedhreesetsof resultsto the EASy organizers.
For our participation,we usedour NLP Framevork (LPL-
suite) which allows basictaskssuchastokenizing, POS-
taggingand lexical informationretrieval. Our lexicon of
440.000entriescoveredthe main partof the corpus.Thus,
few manualtaskswereneededo preparethe parsingpro-
cess.

Another preliminary task was to build our own Property
Grammarasednthe PEASguide.For eachspeci®cation
givenin this guide,asfor the examplehereundeextracted
from the PEAS guide, we translatedhe whole guide into
constraintsaaccordingto the PropertyGrammarsspeci®ca-
tion.

NounPhrasescontain a nounwhich may be precededby
a determiner(...) and/or an adjective with its modi-
er s (which can contain adverbs),or a proper noun or
a non clitic pronoun. Whenan adjectiveis precededby
a determinerit staysan adjectivebut belongsto a nhoun
phrase(...) Whensereral propernounsfollow ead other
withoutdeterminemor prepositionthey belongto thesame
nounphrase(...).

A particularityof this campaigrandthe PEASguideis that
the syntacticstructureof the referencecorpusis notrecur
sive nor hierarchical. All participantshave to follow this
guidein orderto evaluatetheir outputs. We will seein the
section5. thatsomeelementf the guide stayedambigu-
ousor dif®cult to translate Oneof theinterestof symbolic
techniqueganbefoundheredueto thefactthatit waspos-
siblefor usto build a speci®cgrammatinsteadof adapting
ourtoolsto thegoal. This factis very importantin our ap-
proachbecausenary differentgrammarsanbe developed
without modifying the parsers.

A last particularity of the EASy evaluationframework re-
quireda developmenteffort: the evaluatedparsersoutputs
hadto be deterministic. Only one syntacticanalysisper
sentencds comparedto a referencebracleted sentence.
This factimplied the developmeniof determinizatiortools
for our two non-deterministiparsergseesectiond.).

3. Property Grammars

We presenin this sectiontheformalismof PropertyGram-
mars(see(Bes, 1999)for preliminaryideas,and (Blache,

2000 and 2005) for a precisepresentation). The main
characteristicef PropertyGrammargnotedhereafteiPG),
is that all information is representecdy meansof con-
straints. Moreover, grammaticalitydoesnot constitutethe
corequestionbut becomes side effect of a moregeneral
notioncalledcharacterizationaninputis notassociatedo
a syntacticstructure but describedwith its syntacticprop-
erties.

PG malesit possibleto represensyntacticinformationin
a decentralizedvay andat differentlevels. Insteadof us-
ing sub-treesaswith classicalgeneratie approachesPG
speci®edlirectly constrainton features cateyoriesor set
of catgyories,independentlyof the structureto which they
are supposedo belong. This characteristids fundamen-
tal in dealingwith partial,underspeci®ear non canonical
data. It is thenpossibleto stipulaterelationsbetweentwo
objects,independentlyfrom their positionin the input or
into a structure.The descriptionof the syntacticproperties
of aninput canthenbe donevery precisely including the
caseof noncanonicabr nongrammaticalnput. We givein
theremainingof thesectiona brief overview of PGcharac-
teristics

All syntacticinformationis representedn PG by means
of constraintqalso called properties). They stipulatedif-
ferentkinds of relation betweencateyoriessuchaslinear
precedencdmperative co-occurrencegependeny repeti-
tion, etc. Thereis a limited numberof typesof properties.
In thegrammanve developpedor the EASy campaignwe
usedthefollowing ones:

Linear precedenceDet < N (a determinerprecedegshe
noun)

Dependency AP!
noun)

N (anadjectival phrasedepend®nthe

Requirement V[inf] ) to (anin®nitive comeswith to)

Exclusion seem$® ThatClause[subj{theverbseemsan-
nothave Thatclausesubjects)

UniquenessUniqy p f Detg(the determineris uniquein a
NP)

Obligation Obligy pfN, Prog(a pronoun or a noun is
mandatoryin aNP)

Thislist canbecompletedaccordingo theneedor thelan-
guageto be parsedln thisformalism,a cateyory, whatever
its level is describedwith a setof propertiesall of thembe-
ing atthe samelevel andnonehaving to be veri®edbefore
another

Parsinga sentencén PG consistdn verifying for eachcat-
egory the setof correspondingropertiesin the grammar
More preciselytheideaconsistdn verifying for eachcon-
stituentsubseits relevantconstraintgi.e. theoneapplying
to the elementsof the subset). Someof theseproperties
canbe satis®ed someothercanbe violated. The resultof
thisevaluation for acategory, is asetof propertiesogether
with their evaluation.We call suchsetthe characterization
of the categgory. Suchanapproachmalesit possibleto de-
scribeary kind of input.



Such e xibility hashowever a cost: parsingin PG is the-
oretically exponential(see(Vanrullen,2005)). This com-
plexity comedrom severalsourcesFirst, this approactof-
fersthepossibilityto considerall catgyories,independently
from its correspondingpositionin the input, as possible
constituenfor anothercategory. This makesit possiblefor
exampleto take into accountiong distanceor non projec-
tive dependenciebetweentwo units. Moreover, parsing
non canonicalutteranceselieson the possibility of build-

ing characterizationwith satis®@ecandviolatedconstraints.

In termsof implementationa propertybeinga constraint,
this meanshe necessityto proposea constraintrelaxation
technique.Constraintrelaxationand discontinuityare the
maincompleity factorsof the PG parsingproblem.

4. The parsers

ThreePGparserghereaftet. PL1, LPL2 andLPL3) imple-
mentingdifferentparsingstrateyies(from shallov to deep,
from deterministido non-deterministicfrom at to hierar
chical)have beeninvolvedin thecampaign.Theseparsers,
eventhoughsigni®cantlydifferentin their conceptionall
rely on constraintsatishction. Moreover, they all usethe
sameresourcesalexiconanda PG Frenchgrammamvhich
hasbeendesignedollowing the PEASrequirements.
LPL1 is a deepnon-deterministigarserdevelopedin the
Delphi programminglanguage. It producesall possible
parsedor agiveninput. It allows constraintdo berelaxed
in caseof ill-formed input. Selectingthe bestparse(be-
causeof the needfor a deterministicoutputin the EASy
campaign)makes use of a determinizationalgorithm ap-
plied after the parsingprocess: the chosencharacteriza-
tion is the one that maximizesthe width of syntacticcat-
egories. This deepparserusesthe propertygrammarwe
have built accordingto the PEAS guide asan externalre-
source. The behaior of all typesof propertyis hardly
codedin the parsersprogram. The interestof this deep
parseris thatit canbe usedto parsedeeply exhaustiely
andquitequickly, becausef theinclusionof theconstraint
satishction processfor property grammarsdirectly in its
kernel. Its drawvbacklies in the factthatit is necessaryo
modify the programif the behavior of a type of property
needgo bechanged.

LPL2isashallonv deterministigparser Its stratgy relieson
aleft corneranalysisusingin a®rst stagdinearity andcon-
stitueny constraintsheforeevaluatingthe entiregrammar
This parseiis veryef®cient(4 minutesfor 1 million words).
Thatkind of shallov parseris developedin a comparison
perspectie aswell asfor its ability to quickly give a sur
faceanalysis.Techniquesisedfor this parserarevery sim-
ple, which of coursehasan effect on the resultsobtained.
Thewholeleft context of atokenin ananalyzedsentence
is takeninto account,but only onetokento theright. As
LPL1, this shallov parserusesour EASy PropertyGram-
marasan externalresource.The behaior of propertiess
alsohardlycodedin the parsergprogram.

The third parser(LPL3) is a non-deterministicand deep
parseras LPL1 developedin JAVA. For this parser an
XML versionof the Frenchgrammaris usedasan exter
nal resource. Two speci®calgorithmsare used: one for
parsingand one in order to producea deterministicout-

put compatiblewith the EASy evaluationprocedure.The
techniquesisedwith LPL3 arevery differentthanthe ones
usedfor LPL1. Theconstrainsatishctionprocesss helped
while parsingby a ®lter (preventingtoo bad constructions
from beingkept)basedn ameasuref satishctiondensity
(SD.). The determinizatioris basedtoo on categoriesthat
maximize contextually the measureof SD. Hereafter this
parsewill alsobecalledSeedparserbecausef its partic-
ularalgorithmde®nedn (Vanrullen,2005)which produces
analysisby consideringhe grammarasa setof seedsable
to reactwith the elementsof the input. This parseruses
the EASy PropertyGrammaras an external resource as
well asthe behaior of propertieswvhich arede®nedin an-
other XML ®Ile calledthe semanticspeci®cationof prop-
erty grammargsee(Vanrullen,Guénot, Bellengier 2003)
for modedetails). As for LPL1, the constraintsatishction
procesdor propertygrammarss directly programmedn
its kernel, but the semanticspeci®catiorof propertiescan
be developedout of the program by linguistsandnon pro-
grammingpersons.This supposes metagrammamodel,
whichallowsmary new typesof propertiego beintroduced
or modi®ed without modifying the program. The draw-
back of this techniqueis that LPL3 is slower than LPL1
andneeddurtherdevelopmentsn orderto preprocessnd
compilethe semanticspeci®catiorof constraints.

After the POS-taggingf the EASy corpora.eachparsetis
testedparameterizednd®nally usedo producets results.
Note that the different parsingtimes of the three parsers
allowedthemmoreor lessattempts:mary for LPL2 (four
minutesperattempt) threefor LPL1 (onedayperattempt),
andonly onefor LPL3 (nearlyfour daysperattempt).
Symbolic parsershave several assetcontraryto stochas-
tic ones particularlyif the formalismthey useallows e x-
ibility in their behaior; which is the casefor Property
Grammarswith which the granularityof the analysiscan
be tuned. This tuningis doneby choosingthe type or the
numberof satis®@edconstraintsieededo build a construc-
tion. With thesamegrammarmandthesameparsingstratey,
it is possibleto performdifferentanalyzeggiving moreor
lessdetailedresultsaccordingto the needs.

5. Evaluation

Oneof thedif®cultiesof the campaignies in the diversity
of the corporaandthe their material. For an example,the
oral, mail and questioncorporacontain, as expected,the
highestproportionof non canonicalinputs and represent
50%of thereferencecorpora.

The scoresgiven for eachcorpusandfor eachparserare
the classicalprecision,recall and f-scoremeasures.Each
valueis calculatedtwice: oncestrictly (the referenceand
the parsersutputshouldcorrespondoundaryperbound-
ary) andoncevaguely(a toleranceof oneboundarytoken
perconstructions allowed). The secondkind of calculous
giveswhatwe will call herefuzzy precision,fuzzy recall
andfuzzyf-scoremeasures.

Thetypesof syntacticcateyoriesevaluatedareNV (verbal
phrase)GN (nounphrase)GP (prepositionaphrase) GA
(adjectval phrase)GR (adwerbial phrase)and PV (verbal
phrasdntroducedby apreposition).Becausehe campaign
is ®nishing, only somemeanresultsare nonw known, and



not detailedones,we only candiscussheresomegeneral
factsaboutthe EASy campaign.It is too earlyto describe
particulardataaboutthe behaior of parserscategory per
category.

The batchof preliminaryresultswhich was calculatedfor
our parsersis describedhereunderin order to evaluate
the relative quality of the parsersalgorithms. Resultsare
detailedper corpustype (oral, medical, general,literary,
email) but not category per cateyory. The scoresaregiven
parsermer parseywith eachtime a strictanda fuzzy mea-
sure. A synthetictakular of thesescoresis shovn in the
tablel and®gures2, 3 and4.

Thetablel shavsthesystematisuperiorityof LPL1 (deep
parserjagainstbothLPL2 andLPL3. Differenceof fuzzy
f-scorebetweenLPL1 and LPL3 are around3% and 5%
between_PL1 andLPL2. Theseconddeepparser(LPL3)
hasbetterscoresthanthe shallov parser(LPL2) excepted
for medicalandquestionscorpora.
Severalconclusiongomewith this data:

Fuzzy scoresare betterthan strict ones,which was fore-
seen. LPL1 gainsabout4%, LPL2 about8% and LPL3
also4%. The shallov parseris thuslessprecisethanthe
two others.

Tablel: Syntheticresultsfor LPL1, LPL2 andLPL3

Deepparsingis globally betterthanshallav parsing,even
for this evaluationframewnork which needsat nonhierar
chicalstructures.

Literary and generaltexts are more grammaticathanoral
transcriptionandemails. It is thuseasierto be guidedby
their structureto ®nd agoodconstructionSuchatendeng
is well followedby parsersexceptedior LPL2 whosescore
with the medicalcorpusis far betterthanwith othercor-
pora. LPL1 loosesnearly 6% of quality betweenits best
score(literary corpus)andits worst (oral). LPL2 looses
7% andLPL3 9%. Thesedifferenceshav how muchdeep
parsingtechniquesiremoresensibleo the grammaticality
of the corpora. However, dueto the fact that constraints
canbe relaxed in the PG formalism, the differencesstay
acceptable.

The main differencesbetweenLPL1 and LPL3 vary be-
tween2% to 4%. Theseparsersfollow exactly the same
variability accordingto the type of corpus. Their varia-

Figure2: Strictandfuzzy scoredor LPL-1

Figure3: Strictandfuzzy scoredor LPL-2

Figure4: Strictandfuzzy scoredor LPL-3



tions are practically parallel. The differencein sensitvity
betweerthesetwo analyzersanbe explainedbecauséwo
lightly differentgrammarswvereused(in this case the de-
scriptionof the differenceswill make it possibleto re®ne
grammars).Anotherexplanationto this constantvariation
comesfrom the techniqueof determinizationemployed.
This onedoesnot belongto the PG formalism, but consti-
tutestheonly wayto provide asingleoutputstartingfrom a
non deterministicanalysis.Whenthetotality of theresults
will beavailable,it will bethenpossibleo clearlyhighlight
thevariousdrawbacksof thesetechniques.

Figures2, 3 and4 allow thecomparisorof a givenparsers
scorescorpustypepercorpustype. They allow alsoaquick
comparisorof parseronewith another It appearghatthe
quality of the analyzeds betteron normative corpora(lit-
erary medical,questionsandworston oral transcriptions.
Emailsandgenerakorporaleadto meanresults.
Onenotealsoaconstang for eachparsebetweerits scores
of precision,recall and F-score,which encouragesis to
analyzemore preciselytheir resultsconcentratingonly on
F-scorein orderto apprehendhe obsenable phenomena
moreeasily Table2 and®gure5 give a clearersnapshobf
thedifferencedetweerparsergercorpustype.

Table2: F-scoregercorpustype

Theparsershaw differentresultscorrespondingvith what
we could foresee: the shallov parser(LPL2) is globally
lessef®cientthanthetwo others.Meanf-scoresfor LPL1,
LPL2 andLPL3 arerespectiely 84.8,79.3and81 shaving
a clear correlationwith the techniquesandthe strataies.
More precisely differencesn parsinganddeterminization
techniquescan signi®cantly explain the different scores.
Evenif grammarandlexicon werethe samefor the three
parsers,their impact should not be forgotten: for exam-
ple, deepparsingtechniquesanovercometaggingerrors,
whichis notthe casefor the shallov parser In our experi-
ments the pos-taggeperformancevaslessthan90%: im-
proving the pos-taggewill obviously improve the parsers.
Oneinterestingresultis thatthereis a goodstability for the
threeparserof theresultsfrom onecorpustypeto another:
only 5 pointsseparate¢heliterary andgenerakorporafrom
the oralandmail ones.This is a clearindicationof thero-
bustnes®f theapproach.

With theseresults,we would like to make someremarks
aboutthe EASy campaignand the three parsers. First,
aboutthe POS-taggingandthe way to producea non am-
biguousparse:in somecasesthemorphosyntactieatures
givenby thePOS-taggearenotpreciseenougtto allow the
selectionof the goodsyntacticcategory: for anexampleit
is dif®cult to choosébetweera GPanda GN introducedby

adeterminelamalgamatedith aprepositiorike des(de+
les).

Next, aboutthe grammar The PEASguidegivesdifferent
constructiorfor asamemorphosyntacticontect depending
onthemembershipf thewordsof thecontext to theFrench
language This dependgoo highly onthelexicon. Human
annotatorsf the referencecorporaand POS-taggersvill
not easilygive the sameinterpretatiorof aforeignword.
Finally, about the PEAS guide imprecisions. In this
guide,nothingis decidedaboutrepetitionsand otherphe-
nomenonsencounteredvith oral transcriptions. For re-
peatedcontiguousvords,we choseto keepthe ®rst option
consistingin theinclusionof repeatedvordsinto the same
construction. Somehumanannotatorsmay have chosen
anothemossibility consistingin excluding repeatedvords
from the construction. The examplebelow shavs the two
possiblehypothesisor a sentencesxtractedfrom an oral
corpus:

<NV> il il setachait </NV> sasa<NV> il nene
buvait </NV> quedesBlancs

il <NV> il setachait </NV> sasail ne<NV> ne
buvait </NV> quedesBlancs

All theseremarksshav thatwe mustconsiderat¢hewhole
parsingprocessnuchthatparserghemselesto understand
andinterpretthe scores.A preliminarysetof meanresults
for all 14 participantsof the campaignindicatesthat the
parserd_PL1,2 and3 arerespectiely ranked at the third,
sixthandfourth positions.Constraintbasedsymbolictech-
niguesprove they can have as good resultsas numerical
ones.Moreover, symbolicshallov parsingcanbevery ef®-
cientbothin termsof robustnessprecisionandruntime.

6. Conclusion

Severalremarkscomewith this evaluation. First, the qual-
ity of theresultsindicatesit becomegossibleto consider
automaticbracketingfor large corporathenthe possibility
of building large treebankdor French,including for spo-
ken languagecorpora. This is clearly animportantresult
andwill make it possibleto build a new kind of syntactic
resourceThesecondmportantresultis thatsymbolictech-
niguesobtain very good results (including ef®ciengy) in
dealingwith large corpora. The classicalinterestsof sym-
bolic techniquesn termsof grammardevelopmentadapt-
ability and reusabilitycomethen on top of ef®ciengy for
suchmethods.We have shown in particularthe possibility
of reusingthesameparsingmechanisnfconstrainsatishc-
tion) and the sameresourceggrammarand lexicon) both
for deepandshallov parsing,obtainingin both casesvery
goodresults. This alsoconstitutesa technicalvalidationof
thetheoreticaframeawork, PropertyGrammars.
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