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Abstract
This paperdescribesthe unfolding of the EASy evaluationcampaignfor frenchparsersas well as the techniquesemployed for the
participationof laboratoryLPL to this campaign.Threesymbolicparsersbasedon a sameresourceanda sameformalism(Property
Grammars)aredescribedandevaluated.The�rst resultsof thisevaluationareanalyzedandleadto theconclusionthatsymbolicparsing
in a constraint-basedformalismis ef�cient androbust.

1. Intr oduction

Recentadvancesin parsingtechnologiesmake it possible
to dealwith differentkindsof inputs:severalshallow pars-
ing systemsarenow availableaswell asdeepparsers,pro-
viding a set of solutionsaccordingto the needs. Parsing
unrestrictedtextswill makeuseof shallow parserswhereas
deeptechniquescanbe usedwhen®ne-grainedparsesare
needed.However, thesetechniquesdonotmake it possible
to reusethesametechnologyandthesameresourcesboth
for deepandshallow parsing,andofferingthepossibilityto
choosetheparsinggranularity(seeworkshopdeep& shal-
low parsing). Suchtechnologyhasbeenproposedin the
framework of PropertyGrammars(see(Blache,2001and
2005)). PG is a fully constraint-basedformalismin which
linguistic informationis entirelyspeci®edin termsof non
hierarchicalconstraints.A grammarin this approachis a
setof constraintsandparsinganinputconsistsin evaluating
this set.Theinput is thendescribed(we saycharacterized)
by the set of satis®edand violated constraintsafter such
an evaluation. This conceptionof parsingmakesit possi-
ble to treatany kind of input, whatever its form. In terms
of parsing,we know thatsymbolictechniquesoffer several
well-known advantagesin termsof grammardevelopment
aswell asreusabilityof thecomponents.We show in this
paperthatthesetechniquescanalsoberobustandef®cient.
In aformerstudy(see(VanrullenandBlache,2002)),dueto
thelackof Frenchtreebanksat this time,wehaveproposed
an evaluation techniquebasedon the comparisonof the
parsersoutputswithout needinga referencecorpus. That
kind of evaluationlead us to improve our parsersby de-
tectingtheirdifferencesandby wideningourknowledgeof
theirweaknessesin termsof robustness,precisionandef®-
ciency. TheFrenchevaluationcampaignEASy(Evaluation
desAnalyseursSyntaxiques,see,(Vilnat & al, 2003 and
2004))gaveusthepossibilityto evaluateourparsersamong
severalparticipantsandwith a strict evaluationframework
basedona guidelineanda largereferencecorpus.
This paper gives an account of the evaluation within
the EASy campaignof threePropertyGrammarparsers,
reusingthesamemechanismsandthesameresources(lex-
iconandgrammar).
After a brief introductionto the EASy evaluationframe-

work anda shortpresentationof PropertyGrammars,we
will describethethreeparsersbasedonPropertyGrammars
build in Laboratoire Parole et Langage (hereafterLPL) to
participateto theEASycampaign.Then,we will show our
resultsanddiscussthem.

2. The evaluation framework
The EASY project (seehttp://www.elda.org/easy)aimsat
theevaluationof parsersfor French.It proposesanevalu-
ationmethodologymakingit possibleto comparesyntactic
analyzersand, as a side effect, producea large validated
linguistic resourceby combiningautomaticallythe results
of thecampaign.

Figure1: EASy campaignandthreeLPL parsersbasedon
PGs

The corpus set (1 million words) comesfrom different
sourcesnewspapers,questions,websites,oral transcrip-
tions, etc.), and containsdifferent types: generalcorpora
(21%),literary corpora:(23%),mail (15%),medical(6%),



oral transcriptions(28%) andquestions(7%). Eachkind
of corpuscontainsa referencebracketedpart. Theproject
comeswith anevaluationframework for many differentap-
proaches.
Themainideaof this campaignrelieson theuseof a com-
montargetformatfor all theevaluatedtechniques.Thisfor-
mat (PEAS,see(Gendner& al, 2002,2003and2004))is
de®nedasasyntacticannotationstandard.TheEASycam-
paign is ®nishing, this paperreportsthe ®rst resultscon-
cerningbracketing.
The ®gure1 shows the main stepsof theEASy campaign
andsomeelementsof our participation. After the PEAS
guidewasde®ned,apartof themillion wordswasmanually
bracketed(10%). This part -unknown to participants-has
beenusedasreferencefor theevaluationprocess.
The whole corpuswastransmittedto participants.A task
of POS-taggingwasneededto prepareparsing.Our three
parserswerethenusedto analyzethetaggedcorpusandwe
transmittedthreesetsof resultsto theEASyorganizers.
For our participation,we usedour NLP Framework (LPL-
suite) which allows basictaskssuchas tokenizing,POS-
taggingand lexical information retrieval. Our lexicon of
440.000entriescoveredthemainpartof thecorpus.Thus,
few manualtaskswereneededto preparetheparsingpro-
cess.
Another preliminary task was to build our own Property
Grammarbasedon thePEASguide.For eachspeci®cation
givenin this guide,asfor theexamplehereunderextracted
from the PEASguide,we translatedthe whole guideinto
constraintsaccordingto thePropertyGrammarsspeci®ca-
tion.
NounPhrasescontaina 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 determiner, it staysan adjectivebut belongsto a noun
phrase.(. . . ) Whenseveral propernounsfollow each other
withoutdeterminernor preposition,theybelongto thesame
nounphrase(. . . ).
A particularityof thiscampaignandthePEASguideis that
thesyntacticstructureof thereferencecorpusis not recur-
sive nor hierarchical. All participantshave to follow this
guidein orderto evaluatetheir outputs. We will seein the
section5. thatsomeelementsof theguidestayedambigu-
ousor dif®cult to translate.Oneof theinterestsof symbolic
techniquescanbefoundheredueto thefactthatit waspos-
siblefor usto build a speci®cgrammarinsteadof adapting
our toolsto thegoal. This fact is very importantin our ap-
proachbecausemany differentgrammarscanbedeveloped
withoutmodifying theparsers.
A last particularityof the EASy evaluationframework re-
quireda developmenteffort: theevaluatedparsersoutputs
had to be deterministic. Only one syntacticanalysisper
sentenceis comparedto a referencebracketedsentence.
This fact implied thedevelopmentof determinizationtools
for our two non-deterministicparsers(seesection4.).

3. Property Grammars
Wepresentin thissectiontheformalismof PropertyGram-
mars(see(B�es,1999)for preliminaryideas,and(Blache,

2000 and 2005) for a precisepresentation). The main
characteristicsof PropertyGrammars(notedhereafterPG),
is that all information is representedby meansof con-
straints.Moreover, grammaticalitydoesnot constitutethe
corequestionbut becomesa sideeffect of a moregeneral
notioncalledcharacterization:aninput is notassociatedto
a syntacticstructure,but describedwith its syntacticprop-
erties.
PGmakesit possibleto representsyntacticinformationin
a decentralizedway andat differentlevels. Insteadof us-
ing sub-treesaswith classicalgenerative approaches,PG
speci®esdirectly constraintson features,categoriesor set
of categories,independentlyof thestructureto which they
aresupposedto belong. This characteristicis fundamen-
tal in dealingwith partial,underspeci®edor noncanonical
data. It is thenpossibleto stipulaterelationsbetweentwo
objects,independentlyfrom their position in the input or
into a structure.Thedescriptionof thesyntacticproperties
of an input canthenbe donevery precisely, including the
caseof noncanonicalor nongrammaticalinput. Wegivein
theremainingof thesectionabrief overview of PGcharac-
teristics
All syntacticinformation is representedin PG by means
of constraints(alsocalledproperties).They stipulatedif-
ferentkinds of relationbetweencategoriessuchas linear
precedence,imperative co-occurrence,dependency, repeti-
tion, etc. Thereis a limited numberof typesof properties.
In thegrammarwedeveloppedfor theEASycampaign,we
usedthefollowing ones:

Linear precedenceDet < N (a determinerprecedesthe
noun)

DependencyAP! N (anadjectival phrasedependsonthe
noun)

Requirement V[inf] ) to (anin®nitivecomeswith to)

Exclusion seems6= ThatClause[subj](theverbseemscan-
nothaveThatclausesubjects)

UniquenessUniqN P f Detg(the determineris uniquein a
NP)

Obligation ObligN P f N, Prog(a pronoun or a noun is
mandatoryin aNP)

Thislist canbecompletedaccordingto theneedsor thelan-
guageto beparsed.In this formalism,acategory, whatever
its level is describedwith asetof properties,all of thembe-
ing at thesamelevel andnonehaving to beveri®edbefore
another.
Parsinga sentencein PGconsistsin verifying for eachcat-
egory the setof correspondingpropertiesin the grammar.
More precisely, theideaconsistsin verifying for eachcon-
stituentsubsetits relevantconstraints(i.e. theoneapplying
to the elementsof the subset). Someof theseproperties
canbesatis®ed,someothercanbeviolated. Theresultof
thisevaluation,for acategory, is asetof propertiestogether
with their evaluation.We call suchsetthecharacterization
of thecategory. Suchanapproachmakesit possibleto de-
scribeany kind of input.



Such�e xibility hashowever a cost: parsingin PG is the-
oretically exponential(see(Vanrullen,2005)). This com-
plexity comesfrom severalsources.First, thisapproachof-
fersthepossibilityto considerall categories,independently
from its correspondingposition in the input, as possible
constituentfor anothercategory. Thismakesit possiblefor
exampleto take into accountlong distanceor non projec-
tive dependenciesbetweentwo units. Moreover, parsing
noncanonicalutterancesrelieson thepossibility of build-
ing characterizationswith satis®edandviolatedconstraints.
In termsof implementation,a propertybeinga constraint,
this meansthenecessityto proposea constraintrelaxation
technique.Constraintrelaxationanddiscontinuityarethe
maincomplexity factorsof thePGparsingproblem.

4. The parsers
ThreePGparsers(hereafterLPL1, LPL2 andLPL3) imple-
mentingdifferentparsingstrategies(from shallow to deep,
from deterministicto non-deterministic,from �at to hierar-
chical)havebeeninvolvedin thecampaign.Theseparsers,
even thoughsigni®cantlydifferentin their conception,all
rely on constraintsatisfaction. Moreover, they all usethe
sameresources:a lexiconandaPGFrenchgrammarwhich
hasbeendesignedfollowing thePEASrequirements.
LPL1 is a deepnon-deterministicparserdevelopedin the
Delphi programminglanguage. It producesall possible
parsesfor a giveninput. It allows constraintsto berelaxed
in caseof ill-formed input. Selectingthe bestparse(be-
causeof the needfor a deterministicoutput in the EASy
campaign)makes useof 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 PEASguideasan externalre-
source. The behavior of all types of property is hardly
codedin the parsersprogram. The interestof this deep
parseris that it canbe usedto parsedeeply, exhaustively
andquitequickly, becauseof theinclusionof theconstraint
satisfaction processfor propertygrammarsdirectly in its
kernel. Its drawbacklies in the fact that it is necessaryto
modify the programif the behavior of a type of property
needsto bechanged.
LPL2 is ashallow deterministicparser. Its strategy relieson
aleft corneranalysis,usingin a®rststagelinearityandcon-
stituency constraints,beforeevaluatingtheentiregrammar.
Thisparseris veryef®cient(4 minutesfor 1 million words).
That kind of shallow parseris developedin a comparison
perspective aswell asfor its ability to quickly give a sur-
faceanalysis.Techniquesusedfor thisparserareverysim-
ple, which of coursehasan effect on the resultsobtained.
The whole left context of a token in an analyzedsentence
is taken into account,but only onetoken to the right. As
LPL1, this shallow parserusesour EASy PropertyGram-
marasanexternalresource.The behavior of propertiesis
alsohardlycodedin theparsersprogram.
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
techniquesusedwith LPL3 areverydifferentthantheones
usedfor LPL1. Theconstraintsatisfactionprocessishelped
while parsingby a ®lter (preventingtoo badconstructions
from beingkept)basedonameasureof satisfactiondensity
(SD.). Thedeterminizationis basedtoo on categoriesthat
maximizecontextually the measureof SD. Hereafter, this
parserwill alsobecalledSeedparserbecauseof its partic-
ularalgorithmde®nedin (Vanrullen,2005)whichproduces
analysisby consideringthegrammarasa setof seedsable
to reactwith the elementsof the input. This parseruses
the EASy PropertyGrammaras an external resource,as
well asthebehavior of propertieswhich arede®nedin an-
otherXML ®le called the semanticspeci®cationof prop-
erty grammars(see(Vanrullen,Guénot,Bellengier, 2003)
for modedetails).As for LPL1, theconstraintsatisfaction
processfor propertygrammarsis directly programmedin
its kernel,but the semanticspeci®cationof propertiescan
bedevelopedoutof theprogram,by linguistsandnonpro-
grammingpersons.This supposesa metagrammarmodel,
whichallowsmany new typesof propertiesto beintroduced
or modi®ed without modifying the program. The draw-
back of this techniqueis that LPL3 is slower than LPL1
andneedsfurtherdevelopmentsin orderto preprocessand
compilethesemanticspeci®cationof constraints.
After thePOS-taggingof theEASy corpora,eachparseris
tested,parameterizedand®nally usedto produceits results.
Note that the different parsingtimes of the threeparsers
allowedthemmoreor lessattempts:many for LPL2 (four
minutesperattempt),threefor LPL1 (onedayperattempt),
andonly onefor LPL3 (nearlyfour daysperattempt).
Symbolicparsershave several assetscontraryto stochas-
tic ones,particularlyif theformalismthey useallows �e x-
ibility in their behavior; which is the casefor Property
Grammarswith which the granularityof the analysiscan
be tuned. This tuning is doneby choosingthe type or the
numberof satis®edconstraintsneededto build a construc-
tion. With thesamegrammarandthesameparsingstrategy,
it is possibleto performdifferentanalyzesgiving moreor
lessdetailedresultsaccordingto theneeds.

5. Evaluation
Oneof thedif®cultiesof thecampaignlies in thediversity
of thecorporaandthe their material. For an example,the
oral, mail and questioncorporacontain,as expected,the
highestproportionof non canonicalinputs and represent
50%of thereferencecorpora.
The scoresgiven for eachcorpusand for eachparserare
the classicalprecision,recall andf-scoremeasures.Each
valueis calculatedtwice: oncestrictly (the referenceand
theparsersoutputshouldcorrespondboundaryperbound-
ary) andoncevaguely(a toleranceof oneboundarytoken
perconstructionis allowed). Thesecondkind of calculous
giveswhat we will call herefuzzy precision,fuzzy recall
andfuzzy f-scoremeasures.
Thetypesof syntacticcategoriesevaluatedareNV (verbal
phrase),GN (nounphrase),GP(prepositionalphrase),GA
(adjectival phrase),GR (adverbialphrase)andPV (verbal
phraseintroducedby apreposition).Becausethecampaign
is ®nishing,only somemeanresultsarenow known, and



not detailedones,we only candiscussheresomegeneral
factsabouttheEASy campaign.It is too early to describe
particulardataaboutthe behavior of parserscategory per
category.
The batchof preliminaryresultswhich wascalculatedfor
our parsersis describedhereunderin order to evaluate
the relative quality of the parsersalgorithms. Resultsare
detailedper corpustype (oral, medical,general,literary,
email)but not category percategory. Thescoresaregiven
parserperparser, with eachtime a strict anda fuzzy mea-
sure. A synthetictabular of thesescoresis shown in the
table1 and®gures2, 3 and4.
Thetable1 showsthesystematicsuperiorityof LPL1 (deep
parser)againstbothLPL2 andLPL3. Differencesof fuzzy
f-scorebetweenLPL1 and LPL3 are around3% and 5%
betweenLPL1 andLPL2. Theseconddeepparser(LPL3)
hasbetterscoresthantheshallow parser(LPL2) excepted
for medicalandquestionscorpora.
Severalconclusionscomewith this data:
Fuzzy scoresare better than strict ones,which was fore-
seen. LPL1 gainsabout4%, LPL2 about8% and LPL3
also4%. The shallow parseris thus lessprecisethanthe
two others.

Table1: Syntheticresultsfor LPL1, LPL2 andLPL3

Deepparsingis globally betterthanshallow parsing,even
for this evaluationframework which needs�at nonhierar-
chicalstructures.
Literary andgeneraltexts aremoregrammaticalthanoral
transcriptionsandemails. It is thuseasierto beguidedby
theirstructureto ®nd agoodconstruction.Sucha tendency
is well followedby parsersexceptedfor LPL2 whosescore
with the medicalcorpusis far betterthanwith othercor-
pora. LPL1 loosesnearly6% of quality betweenits best
score(literary corpus)and its worst (oral). LPL2 looses
7%andLPL3 9%. Thesedifferencesshow how muchdeep
parsingtechniquesaremoresensibleto thegrammaticality
of the corpora. However, due to the fact that constraints
can be 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: Strictandfuzzyscoresfor LPL-1

Figure3: Strictandfuzzyscoresfor LPL-2

Figure4: Strictandfuzzyscoresfor LPL-3



tions arepracticallyparallel. The differencein sensitivity
betweenthesetwo analyzerscanbeexplainedbecausetwo
lightly differentgrammarswereused(in this case,thede-
scriptionof the differenceswill make it possibleto re®ne
grammars).Anotherexplanationto this constantvariation
comesfrom the techniqueof determinizationemployed.
This onedoesnot belongto thePGformalism,but consti-
tutestheonly wayto provideasingleoutputstartingfrom a
nondeterministicanalysis.Whenthetotality of theresults
will beavailable,it will bethenpossibleto clearlyhighlight
thevariousdrawbacksof thesetechniques.
Figures2, 3 and4 allow thecomparisonof a givenparser's
scorescorpustypepercorpustype.They allow alsoaquick
comparisonof parsersonewith another. It appearsthatthe
quality of theanalyzesis betteron normative corpora(lit-
erary, medical,questions)andworston oral transcriptions.
Emailsandgeneralcorporaleadto meanresults.
Onenotealsoaconstancy for eachparserbetweenitsscores
of precision,recall and F-score,which encouragesus to
analyzemorepreciselytheir resultsconcentratingonly on
F-scorein order to apprehendthe observablephenomena
moreeasily. Table2 and®gure5 givea clearersnapshotof
thedifferencesbetweenparserspercorpustype.

Table2: F-scorespercorpustype

Theparsersshow differentresultscorrespondingwith what
we could foresee: the shallow parser(LPL2) is globally
lessef®cient thanthetwo others.Meanf-scoresfor LPL1,
LPL2 andLPL3 arerespectively 84.8,79.3and81showing
a clearcorrelationwith the techniquesand the strategies.
More precisely, differencesin parsinganddeterminization
techniquescan signi®cantly explain the different scores.
Even if grammarandlexicon werethe samefor the three
parsers,their impact shouldnot be forgotten: for exam-
ple, deepparsingtechniquescanovercometaggingerrors,
which is not thecasefor theshallow parser. In our experi-
ments,thepos-taggerperformancewaslessthan90%: im-
proving thepos-taggerwill obviously improve theparsers.
Oneinterestingresultis thatthereis agoodstability for the
threeparsersof theresultsfrom onecorpustypeto another:
only 5 pointsseparatetheliteraryandgeneralcorporafrom
theoral andmail ones.This is a clearindicationof thero-
bustnessof theapproach.
With theseresults,we would like to make someremarks
about the EASy campaignand the three parsers. First,
aboutthe POS-taggingandtheway to producea non am-
biguousparse:in somecases,themorphosyntacticfeatures
givenby thePOS-taggerarenotpreciseenoughto allow the
selectionof thegoodsyntacticcategory: for anexampleit
is dif®cult to choosebetweenaGPandaGN introducedby

adetermineramalgamatedwith aprepositionlikedes(de+
les).
Next, aboutthegrammar. ThePEASguidegivesdifferent
constructionfor asamemorphosyntacticcontext depending
onthemembershipof thewordsof thecontext to theFrench
language.This dependstoo highly on the lexicon. Human
annotatorsof the referencecorporaandPOS-taggerswill
noteasilygive thesameinterpretationof a foreignword.
Finally, about the PEAS guide imprecisions. In this
guide,nothingis decidedaboutrepetitionsandotherphe-
nomenonsencounteredwith oral transcriptions. For re-
peatedcontiguouswords,we choseto keepthe®rst option
consistingin theinclusionof repeatedwordsinto thesame
construction. Somehumanannotatorsmay have chosen
anotherpossibilityconsistingin excludingrepeatedwords
from theconstruction.The examplebelow shows the two
possiblehypothesisfor a sentenceextractedfrom an oral
corpus:

� < NV> il il setachait < /NV> sasa< NV> il ne ne
buvait < /NV> quedesBlancs

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

All theseremarksshow thatwemustconsideratethewhole
parsingprocessmuchthatparsersthemselvesto understand
andinterpretthescores.A preliminarysetof meanresults
for all 14 participantsof the campaignindicatesthat the
parsersLPL1,2 and3 arerespectively ranked at the third,
sixthandfourthpositions.Constraintbasedsymbolictech-
niquesprove they can have as good resultsas numerical
ones.Moreover, symbolicshallow parsingcanbeveryef®-
cientbothin termsof robustness,precisionandruntime.

6. Conclusion
Severalremarkscomewith this evaluation.First, thequal-
ity of the resultsindicatesit becomespossibleto consider
automaticbracketingfor largecorpora,thenthepossibility
of building large treebanksfor French,including for spo-
ken languagecorpora. This is clearly an importantresult
andwill make it possibleto build a new kind of syntactic
resource.Thesecondimportantresultis thatsymbolictech-
niquesobtain very good results(including ef®ciency) in
dealingwith largecorpora.Theclassicalinterestsof sym-
bolic techniquesin termsof grammardevelopment,adapt-
ability and reusabilitycomethenon top of ef®ciency for
suchmethods.We have shown in particularthepossibility
of reusingthesameparsingmechanism(constraintsatisfac-
tion) and the sameresources(grammarand lexicon) both
for deepandshallow parsing,obtainingin bothcasesvery
goodresults.This alsoconstitutesa technicalvalidationof
thetheoreticalframework, PropertyGrammars.
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