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Abstract
We present critical overview of the state-of-the-arin parserevaluationmethodologiesndmetrics. A discussiorof their relative
strengthsandweaknessemotivatesa nev—andwe claim moreinformative and generallyapplicable—techniquef measuringparser
accurag, basedon the useof grammaticakelations. We concludewith somepreliminaryresultsof experimentsn which we usethis

new schemedo evaluatearobustparsemf English.

1. Intr oduction

A widevarietyof parserand/orgrammaevaluationmeth-
ods have beenused (and sometimegustified) in the lit-
erature. In §2 we describethe mostimportantof these,
eachwith a brief critique. We argue (§3) that no extant
methodis entirely satisfactory particularlyin view of the
wide rangeof parsingtechnologycurrentlyin usein the
NLP researcltommunity With thisin mind, in §4 we mo-
tivate and presenta higherlevel and more task orientated
languagein which to representhe information a parser
shouldextractfrom a sentencetogethemwith suitableeval-
uationmeasuresWe conclude(§5) with somepreliminary
resultsof experimentsn which we usethis new schemeo
evaluatea robust parserof English. This approactto eval-
uationis currentlybeingelaboratedn the CEC Language
Engineeringproject' SPARKLE’ .

2. Survey of Parser Evaluation Methods

Parserevaluation methodsdivide into non-corpusand
corpus-basednethodswith the latter subdiiding further
into unannotateéndannotatedtorpus-basethethods.

Listing Linguistic Constructions Covered (No corpus)
Thetraditionalapproacho evaluatinga parsers grammat-
ical coverageconsistedf simply listing constructiongov-
ered, and hopefully not covered by a given grammaror
parser(e.g.Briscoeetal., 1987;Alshawi etal., 1992).The
adwantageof this approacharethatit requiresno corpus
resourcesthe grammardevelopercan easily give this in-
formation, andanindicationof constructionsot covered
canbeuseful. Disadantagesrethatasthedistinctionbe-
tweencore and peripheralaspectf constructionss not
well-definedand much of the complity canbe in their
interaction, it provides no preciseinformation aboutac-
tual coverageof data. For instance,a grammarianwho
claimsto have coveredEnglishrelative clauseswill prob-
ably not have dealtwith (rarish, dialect-specificusually

! Information about the SPARKLE project is available at
<http:/mwwilc.pi.cntit/sparkle.htn>.

spoken)casescontainingresumptve pronouns:a poorly-
draftedlaw which it is difficult to seehowit couldbe en-
forcedor muchmorecommonnon-paralletcoordinations’
of the form an inch lower and it would haveknodked him

out becausef their perceved mamginal status. Similarly,

coverageof coordinatiorandverbalcomplementatiodoes
notguaranteeoverageof their interaction.

Coverage(Unannotateccorpus) Calculationof the per
centagef sentencefrom a given,unannotatedorpusthat
areassigne@neor moreanalysedy a parser/grammas a
usefulfirst stepin evaluation(e.g.Black, Garside& Leech,
1993; Briscoe& Carroll, 1995). It canbe computedor a
largecorpus(givenanefficientenoughparserjanddoesnot
requirecorpusannotation.However, in the currentcontet
it is aweakmeasurdecausdé doesnot guaranteg¢hatary
of the analysegoundare correct,sothereareanunknown
numberof false positivesin the resultwhich canonly be
found by manuallycheckingthe output. In addition,asa
solecriterionit is opento akuse:for exampleon this mea-
surethetrivial grammarS — word* would geta perfect
score.

Average Parse Base(Unannotatedcorpus) Black, Gar
side& Leech(1993)definethe parsebase(PB) of a gram-
mar asthe geometricmeanof the numberof analysedli-
videdby thenumberof inputtokensn eachsentencearsed.
This yields a measurdrom which one canpredictthe av-
eragenumberof (undisambiguatedparsesfor a sentence
of of lengthn wordsin a particularcorpusand analysed
with thatgrammar/parserA problemwith PB asdefined
by Black et al. is thatin beingbasedon theratio of analy-
sesto tokensit implicitly assumesumbersof parsegrov
roughlylinearly with sentencéength. However in practice
therelationshipis morenearlyexponential causinghe PB
measureo overestimatehe expectednumberof parsedor
shortersentenceandunderestimatéhe numberfor longer
sentencesBriscoe& Carroll (1995)thereforeproposean
improvedmeasuretheaverageparsebasg/APB): “the geo-
metricmeanover all sentences the corpusof ;/p, where
n is thenumberof wordsin a sentenceandp, thenumber
of parsedor thatsentence”Thusthe APB to the power of
n givesthe numberof parseghatwould be expectedfor a
sentencef lengthn.



Again, givenan efficient enoughparserthis measures
easily computed,even for large corpora,andgivesa suc-
cinctmeasuref the degreeof ambiguityin agrammayes-
peciallywith respecto differentversionsof agrammarde-
velopedwithin the sameframavork andtestedon the same
data. On the otherhand,a very low coverageunambigu-
ousgrammamould do very well on this measuralone,so
it is probablybestutilisedin conjunctionwith anindepen-
dentmeasuref coverage.The maindisadwantagehough,
is that it is not possibleto meaningfullycompareperfor
manceof differentparserondifferentdata,astheinherent
ambiguityin the datainteractswith thatof thegrammar

Entr opy/Perplexity (Unannotatectorpus) A probabilis-
tic languagemodel(stochastidanguagegenerator gram-
mar) canbe usedto calculatethe entropyof a corpus(or
equivalently perpleity of the model). This yields a mea-
sureof thedegreeto which amodelcapturesegularitiesin
the corpusby minimising unpredictabilityand ambiguity
Althoughin basicform, the measuras specificto a given
probabilisticlanguagenodelandcorpus theapproackcan
be usedto comparethe effectivenesf differentlanguage
modelsor the effectivenessof differenttraining regimes
(estimatesof probabilitieson the sametestdata). In ad-
dition, theapproacttanbegeneralisedo provide amodel-
independentneasureof the inherentcompleity of a cor
pus (e.g. Sharman,1990) by successiely approximating
n-gram languagemodelsof greaterand greatern. This
methodof computinggeneralise@ntropy/perplgityis, how-
ever, expensve to compute.

The main adwantagesof the basic measureare that it
hasaclearinterpretatiorin probabilisticcontext andallows
meaningfulcomparisorof differentprobabilisticmodelsof
the samecorpus. The disadwantagesrethatit is only ap-
plicableto probabilisticmodels,andonly provides,at best,
aweakmeasuref theaccurag of (highly-ranked)Xeriva-
tions (asopposedo the predictability of the dataor ambi-
guity in the model). The generalisedneasurecould con-
ceivably be usedasa methodfor scalingresultsobtained
usingothercorpus-dependemheasureso allow for some
degreeof cross-corpusomparisorandevaluation(suchas
when parser/grammarare appliedto differentlanguages
andconsequentlyestcorporamustdiffer).

Part-of-speechAssignmentAccuracy (Annotateccorpus)
Theaccurag with whichapart-of-speeckagger(or parser/
grammar)assignshe correctlexical syntacticcateory to
aword in runningtext hasbeenmeasuredn a variety of
ways: ratio of correcttagsper word, possiblysubdiided
into ambiguousand unambiguousand/orknown and un-
known words(thatis, wordsnot seenin the training data),
and so forth (e.g. Church, 1988; Karlssonet al., 1995).
Probablythe mostsatisfactorymeasurdor thistaskis pre-
cision/recallasthis generaliseto thecasewheremorethan
onetagremains.

An adwantageof usingthis measures that thereis a
greatdealof manually-correctegart-of-speeckaggedna-
terialto useastestcorpora(atleastfor Englishandincreas-
ingly for otherWestEuropearnanguages).The disadwan-
tagesarethatmary broad-ceerageparsersakepre-tagged

text asinput, renderingthe measurenappropriatedor eval-
uatingthe parser/grammaper se And, in othercasesijt
only providesa very partial measureof the accurag of a
syntacticanalysis sohasbeenmostlyusedto evaluatetag-
gers,andother‘lexical’ parserKarlssonetal., 1995).

Structural Consistency(Annotatedcorpus) Black, Gar

side & Leech(1993) define structuralconsisteng asthe
percentag®f sentencen a manually-annotatetestcor

pus which receve one or more analyseswhich are con-
sistentwith the correctanalysisin the corpus(according
to the crossingoracketameasuredefinedpreciselybelow).

Thecrossingbracketsmeasurgrovidesaweakmeasuref

structuralconsisteng in which sometypesof conflicting
constitueng arerecognised The measures strongerthan
simply measuringcoveragebut requiresan annotatedor

pus and makesminimal useof theseannotations.Alone,
crossingbracketsis aninadequateneasureasit will tend
to favour systemswhich yield minimal structure—forex-

ampletherewill be no crossingbracketsf the parseruses
thegrammarS — word* .

Best-first/RankedConsistency(Annotatectorpus) Bris-

coe& Carroll(1993)measurdheaccurag of a probabilis-
tic parsingsystemby computingthe percentagef highest-
rankedanalysesutputby the parser/grammarwhich are
identicalto amanualanalysisprovidedin anannotatedest
corpus(treebank) It is straightforwardo extendthis mea-
suresothatthetop n analysesrecomparedandscoringis

relative to their ranking. This measuragivesa meaningful
scoreof how often a parserwould deliver an appropriate
analysisandalsosomeindirect measureof degreeof am-

biguity in agrammarsince,in generalthelargerthe setto

choosdrom thelesslikelihoodrankingtechniquesvill suc-

ceed.However, it is very dependentn having accesdo an

accurate coherentand consistenannotatedcorpuswhich

is fully compatiblewith parseroutput.

Tree Similarity (Annotatedcorpus) SampsonHaigh &
Atwell (1989)andothersdefinetreesimilarity measuresf
varioustypes,suchastheratio of rulescorrectlydeployed
in aderivationto all rulesin thatderivationcomputedrom
anannotatedorpus.Thesemeasurearemorefine-grained
thanfull identity in thata grammarjparsemay never pro-
duceentirelycorrectanalyseyetconsistentlyproduceanal-
yseswhich are ‘close’ to the correctone. They are also
moretolerantof errorsin the manuallyannotatedestdata.
However, for suchweakermeasureshanfull identity it is
difficult to seehow they maponto mary parsingtasks:for
instancewith an‘80% correct’tree,how importants there-
maining 20%to the correctinterpretatiorof the sentence?
Finally, thesemeasurestill requirea detailedandcompat-
ible annotatedestcorpus.

Grammar Evaluation InterestGroup SchemgAnnotated
corpus) TheGrammarEvaluationinterestGroup(GEIG;
seeGrishman,Macleod& Sterling, 1992) schemeis cur
rently the mostwidely-usedparserevaluationmethod.It is
basicallyarelaxationof full identity asthesuccessriterion



to onewhichmeasuresimilarity of ananalysigo atestcor
pusanalysis. The emphasiss on comparingperformance
of differentparserautilising differentgrammaticalframe-
works. The original versionof the schemeutilises only
phrase-structureracketingnformationfrom theannotated
corpug and computesthe numberof bracketingmatches
M with respecto thenumberof bracketingsP returnedby
the parser(expressedasprecision} / P) andwith respect
to thenumberC in the corpus(expressedasrecall M /C),
and the meannumberof ‘crossing’ bracketsper sentence
wherea bracketedsequencérom the parseroverlapswith
onefrom thetreebankandneitheris properlycontainedn
theother

Advantagesf GEIG arethatarelatively undetaileqonly
bracketed)lessparserspecificannotatioris required some
level of crossframevork/systemcomparisonis achieed,
andthe measurds moderatelyfine-grainedand robust to
annotationerrors. The disadantagesare thatit is much
weakerthanfull identity andit is unclearhow muchof a
succesgor failure) it is to achieve high (or low) scores:
for example, Carroll & Briscoe(1996) remarkthat a sin-
gle attachmentnistakeembedded: levels deep(andper
hapscompletelyinnocuous,suchas an “aside” delimited
by dashestanleadto n crossingdeingassignedwhereas
incorrectidentificationof agumentsand adjunctscan go
unpunishedn somecases.

Carpente®& Manning(1997)obsenre thatsentencem
the PennTreebank PTB; Marcus,Santorini& Marcinkie-
wicz, 1993) containrelatively few brackets,so analyses
arequite flat’. (The samegoesfor the othertreebankof
Englishin generaluse,SUSANNE; Sampsonl1995). Thus
crossingoracketscoresarelikely to besmall,howevergood
or badthe parseris. Carpentei& Manningalsopoint out
that with the adjunctionstructurethe PTB givesto post
noun-headmodifiers (NP (NP the man) (PP with (NP a
telescope)))therearezerocrossingsn caseswherethe VP
attachmentis incorrectly returned,and vice-versa Con-
versely Lin (1995) demonstratethat the crossingbrack-
ets measurecan in somecasespenalisemis-attachments
more than once; Lin (1996) arguesthat a high scorefor
phraseboundarycorrectnessloesnot guaranteghatarea-
sonablesemanticreadingcan be produced. Corversely
mary phraséboundarydisagreementstemfrom systematic
differencesetweenparsers/grammaind corpusannota-
tion schemeghat are well-justified within the contet of
their own theories. GEIG doesattemptto circumwent this
problemby the removal from consideratiorof bracketing
informationin constructiongor which agreemenbetween
analysisschemesn practiceis low: i.e. nggation, auxil-
iaries, punctuationtraces,andthe useof unarybranching
structures.

However, in generakherearestill major problemswith
compatibilitybetweertheannotationsn treebanksindanal-
ysesreturnedoy parsingsystemaisingmanually-dgeloped
generatie grammargasopposedo grammarsacquireddi-
rectly from the treebankshemseles). The treebank$iave
beenconstructedvith referenceo setsof informal guide-

2More recentevaluationsusing GEIG (e.g.Magerman1995;
Collins, 1996)have adaptedt to incorporateconstituentabelling
informationaswell asjustbracketing.

lines indicating the type of structuresto be assigned.In
the absenceof a formal grammarcontrolling or verifying
the manualannotationsthe numberof differentstructural
configurationstendsto grow without check. For exam-
ple, the PTB implicitly containsmorethan10000distinct
contet-free productionsthe majority occurringonly once
(Charniak,1996). This makest very difficult to accurately
mapthestructuresassignedby anindependently-desloped
grammarontothe structureghatappeat(or shouldappear)
in thetreebankA furtherproblemis thatthe GEIG bracket
precisionmeasurgenaliseparserghatreturnmorestruc-
turethanthetreebankannotationgvenif it is correct(Srini-
vas,Doran& Kulick, 1995).To beableto usethetreebank
andreportmeaningfulGEIG precisionscoressuchparsers
mustnecessarilydumb down’ their outputandattemptto
mapit onto(exactly)thedistinctionsmadein thetreebank.
This mappingis also very difficult to specify accurately
Theresultsof evaluationarethusdistorted.

In addition,sinceGEIG is basedon measuringsimilar-
ity betweenphrase-structur&rees,it cannotbe appliedto
grammarswhich producedependengstyle analysesor to
‘lexical’ parsingframevorks suchasfinite-stateconstraint
parserswhich assignsyntacticfunctional labelsto words
ratherthanproducinghierarchicaktructure.

DependencyStructur e-basedSchemgAnnotatedtorpus)
To overcomethe GEIG grammar/treebaninismatchprob-
lemsoutlinedabore, Lin (1995)propose®valuationbased
ondependengstructurejn which phrasestructureanalyses
from parserandtreebankareboth automaticallycorverted
into setsof dependengcrelationships.Eachsuchrelation-
ship consistof a modifier, amodifiee,andoptionallyala-
belwhichgivesthetypeof therelationship Atwell (1996),
thoughagueshattransformingstandaratonstitueng-bas-
ed analysesnto a dependengbasedepresentatiomould
lose certainkinds of grammaticalinformation that might
be importantfor subsequenprocessingsuchas ‘logical’
information(e.g.locationof tracespr movedconstituents).
Srinivas,Doran,Hockey & Joshi(1996)describearelated
techniquewhich could also be appliedto partial (incom-
plete)parsesin which hierarchicaphrasakonstituentsre
flattenedinto chunksand the relationshipsbetweenthem
areindicatedby dependengclinks. Recallandprecisionare
definedover dependengclinks.

The TSNLP (Lehmannet al., 1996) projecttestsuites
(in English,FrenchandGermanyxontaindependencbased
annotationdor somesentencesthis allows for “general-
izationsover potentiallycontroversialphrasestructurecon-
figurations” and also mappingonto a specific constituent
structure. No specificevaluationmeasuresre proposed,
though.

3. Evaluating Parser Evaluation Methods

Beforeproceedingwe shouldmakethe distinctionbe-
tweenparserevaluationmethodshatareusefulin guiding

? GaizauskasHepple& Huyck (1998) proposean alternatve
to the GEIG precisionmeasureo addresshis shortcoming.



and monitoring the developmentof a particulargrammar/
parsingsystem andthosethatareappropriat€or compar
ing differentsystems.For the former, one might uselist-
ing linguistic constructionsoveed covengeandaverage
parsebasewith respecto a particularunannotatedorpus,
andstructual consistencandpossiblybest-first/ankedcon-
sistencywith respectto a manually-constructedorpusof
subjectvely correctanalyses.This approachthough,will
not generalisesimply to evaluationwith other corporaor
againstother systemsbecauseahereis no way of frame-
work-neutrallymeasuringhedifferencen thesyntacticcom-
plexity betweertwo corporaanddifferentgrammaticaframe-
works producemore/lessinformative descriptionswhich
will makeall thesemeasuresncommensurable.

Inter-systemcomparisoris by far the harderproblem,
andit is clearthatanevaluationschemanmustincludesome
methodfor assessinghe utility of n rankedanalysespos-
sibly in conjunctionwith ancilliary measuresuchascov-
erage,asmentionedabose. The mainweaknes®f all ex-
tantmethodsds thatthey do not relateanalysego potential
parsingtasksor applications. In particular an evaluation
measurevhichtreatsfull identity asa successriterionhas
a more straightforwardinterpretationin termsof putatve
parsertaskssuchasconstructiorof alogical form or iden-
tification of phrasaheadd boundariesthanonewhich re-
laxesthis criterion to somemeasureof ‘closeness’. This
is becauseahe definition of ‘closeness’and the utility of
ananalysisthatis less-than-perfeatlongsomedimension
will vary from taskto task. Thus,for constructiorof logi-
calformacriterionof totalidentity seemgjuiteappropriate,
while for recognitionof phrasaheaddor, say extractionof
statisticaldatarelatingto the semantidype of suchheads,
accurayg in extractingheadss importantbut correctattach-
mentof prepositionaphrasesnaynotbe.

Another problemwhich is not satisfactorilyaddressed
by extantproposalds thatthe evaluationschemeneedsto
beapplicablgo theoutputof parserdasednratherdiffer-
entdesignphilosophiesappliedto differentlanguagesind
testcorpora. To makethesepoints more concretely con-
siderthreeextant parsersvhich producevery differentrep-
resentationstHerearethreeanalysedor Johntried to open
thewindow.

e Therobustshallav parserof Briscoe& Carroll(1995):

(S (NP (N1 (N John_NP1)))
(VP (V tried_VVD)
(VP (V to_TO)
(VP (V open_VV0)
(NP (DT the_AT)
(N1 (N window_NN1))) )) )

o FastPartial Parser(Grefenstette]1994):

SUBJ(try ,J ohn) DOBJ(open, wi ndow)
SUBJ(open, John) MODIF(open, try )

¢ Finite StateConstraintGrammarParser(Karlssonet
al., 1995):

John N SUBJ tried V MV MAINC™ to
INFMARK open V_INF mv OBJ"” the DET
window N obj

or, usingindentatiorratherthan™ to indicate(some)

constitueng:
subject: John
main verb: tried
object: main verb: open
object: window

It is intuitively clearthateachof theserepresentationson-
veys similar but not identicalinformation—forinstanceit
seemdessinformative to, for example, usethe samere-
lation (MODIF) to indicatethe relationshipbetweernopen
andtry thatis alsousedfor adjective (or noun) predica-
tions, thanto label openwindowthe objectof try. It also
seemdessinformative to assignJohn the functional cate-
gory SUBJthanto assigrthetwo relationdSUBJopen,John)
and(SUBJtry,John).

To maketheseintuitionspreciseonecoulddeveloptrans-
lation functionsbetweenthesenotationsor, takingone as
theanchor betweerthisandall the others. However, thisis
fraughtwith problems.For example,we mustnecessarily
throw information avay whenwe translatefrom a ‘more
informative’ to ‘less informative’ notation. But we don't
even have a definitive interpretatiorfor the targetnotation
sinceit is system-specific.

A betterapproachwouldbeto pick anindependenian-
guagein whichto representheinformationaparsershould
extract. The agreeddefinition of the informationoughtto
atleastrepresentll grammaticalelations(GRs)in anex-
plicit and (ultimately) unambiguousotation,sowe could
usea featurestructure(FS) and baseour languagdoosely
onLFG F-structurén AVM notation:

[ PREDtry
SUBJ John <1>
XCOMP[ PRED open
SUBJ <1>
OBJ window]]

where coindeation with <n> indicatesreentrang in the
underlyingDAG. If we wereto definethespaceof possible
DAGsthatawell-formedAVM canpick outby sayingwhat
setof GR attributescanoccur(PRED SUBJ, XCOMEPtc.)
andwhattheir possiblevaluesare thenfor ary sentenceve
could measurdgheinformationreturnedby a parsetby (1)
computingheuppermoundonthesizeof thesetof possible
DAGsfor the sentence(?) translatingeachparsers output
into all possiblewell-formedAVM representationtor that
sentenceand(3) computingthe size of the setdenotedoy
theresultingAVM(s). Possiblystep(1) couldbedispensed
with, justcomputingfor the setreturnedhenumberof pos-
sible DAGsremaining.

The more a parserrules out possibleDAGs, the more
informativeit will be. Thus,if aparsetturnsoutto generate
asetof AVMs like:

[ PREDtry
SUBJ John
XCOMP[ PRED open
SUBJ <?>
OBJ window]]

(where<?> standdor a setof possiblecoindexationswith
ary word in the sentence)thenwe enumerateéhe number
of remainingDAGs andcomparehis with thosefor:



[ PREDtry
SUBJ John <1>
?? [ PREDopen
SUBJ <1>
OBJ window]]

(where?? standgor thesetof possibleGR attributes).This
AVM (amguably) what would be recovered from Grefen-
stettesrepresentatiorcomparghesewith thosefor Karls-
sonetal.’swhich (arguably)would look like:

[ PREDtry
SUBJ <??7>
XCOMP[ PRED open
SUBJ <?>
OBJ window]]

whereoneof <??>/<?> would bereplacedyy John

This schemealthoughprincipledandpossiblyapplica-
ble to a wide rangeof parsersJanguagesand corpora,is
considerablymore ambitiousthan extant evaluationmeth-
ods,andis perhapovercomple. A simplerway of mea-
suringinformationextractedwouldbeto collapsethe AVM
descriptionsinto a flat conjunctionof propositions,each
representing single grammaticalrelation betweenheads
of constituentsg.g.subj(try,John) ,andcomputepre-
cision/recallmeasure# the standardashionagainsta set
of theserelationsresultingfrom manualannotationof the
testcorpus. We further motivateand describesuchan ap-
proachin moredetailin the next sectiort.

4. A NewParser Evaluation Scheme

In specifyingthegrammaticatelationannotatiorscheme

(seealsoCarrolletal., 1997a)0ur pointof departures the
work on subcatgorizationstandardslevelopedwithin EA-
GLES by the lexicon/syntaxinterestgroup (Sanfilippoet
al.,, 1996). In EAGLES, a three-layerechpproachto the
specificationof grammaticaldependencie$or verbal ar
gumentswas followed. The first layer identifiesthe sub-
ject/ complemenand=+predicatve distinctionsasthe most
generalspecificationsithis layer is regardedas encoding
mandatoryinformation. The secondayer providesa fur-
ther partition of complementsnto direct and indirect as
recommendedpecifications.Finally, a morefine-grained
distinctionqualifiedasusefulis ervisagedntroducingfur-
therlabelsfor clausaktomplementandsecondbjects.For
further details,see(Sanfilippoetal., 1996).

Thefirst stepin tailoring the EAGLES standardso the
needsf parserevaluationhasbeento makeprovisionsfor
modifiers. Thesewere not treatedin EAGLES sinceonly

subcatgorizablefunctionswere takeninto consideration.

Secondlytherelationshipamongayersof grammaticatle-
pendenyg specificationdasbeeninterpretedn termsof a
hierarchyof relationtypes.

*It shouldbe notedthat in proposingan evaluationscheme
basedon grammaticalrelationswe are not adwocatingtheir use
asa parsermnutputrepresentatiofor usein applicationtasks.Our
goalis ratherto specifyan evaluationmethodthatmeasuresel-
ative correctnes®f parseranalyseswith respectto a standard
representatiorthat is well-definedand both system-and task-
independent.

In general,grammaticarelations(GRs)are viewed as
specifyingthe syntacticdependencwhich holdsbetween
a headand a dependent.In the event of morphosyntactic
processemodifyinghead-dependetibks (e.g.thepassie,
dative shift and causatre-inchoatve diatheses)two kinds
of GRscanbe expressed(1) theinitial GR,i.e. beforethe
GR-changingroces®ccursiand(2) thefinal GR,i.e. after
theGR-changingroces®ccurs.For example,Paul in Paul
wasemployedy Microsoftis boththeinitial objectandthe
final subjectof employ.

In relying ontheidentificationof grammaticatelations
betweenheadedconstituentswe of coursepresupposa
parser/grammarthatis able to identify heads. In theory
this may exclude certainparsersfrom using this scheme,
althoughwe arenot awareof ary contemporancomputa-
tional parsingwork which eschevs the notion of headand
moreawer is unableto recorer them. Thus,in computation-
ally-amenabléheoriesof languagesuchasHPSG(Pollard
& Sag,1994)andLFG (Kaplan& Bresnan1982),andin-
deedin ary grammatbasedon someversionof X-barthe-
ory (Jackenddf 1977),theheadplaysakey role. Likewise,
in recentwork on statisticaltreebankparsing,Magerman
(1995) and Collins (1996) propagateénformationon each
constituent$ headup the parsetreein orderto be ableto
capturelexical dependenciesHeadednesss alsoimpor-
tantin eachof the threerobust parsingsystemsllustrated
in §3.

The hierarchicalorganisationof GRsis shavn graphi-
cally in figure 1. EachGRin theschemas describedndi-
vidually below.

dependent(intoducerhead,d@endent) Thisisthemost
generiaelationbetweeraheadandadependen.e.it does
notspecifywhetherthedependenis anargumentor amod-
ifier). E.g.

dependent(inVie,Rome) Marisalivesin Rome

mod(type,head,dependent) Therelationbetweerahead
andits modifier;whereappropriatetype indicategheword
introducingthedependente.g.

mod(.flag,red)
mod(,walk,slavly)
mod(with,walk,John)  walk with John
mod(while,walk,talk)  walk while talking
mod(,Picasso,painter) Picassdhepainter

aredflag
walk slowly

The mod GR is alsousedto encodethe relationshipbe-
tweenaneventnoun(includingdeverbalnouns)andits par
ticipants;e.g.
mod(of,gift,book) thegift of abook
mod(byqift,Peter) thegift ... by Peter

mod(of,eamination,patient) theexaminationof the patient
mod(’s,doctofexamination)  thedoctors examination

cmod, xmod, ncmod Clausalandnon-clausamodifiers
may (optionally) be distinguishedby the use of the GRs

®In the EAGLESstandardsiitial andfinal GRsareexpressed
in the frame-setstructureswvhich relatesystematio/aleny alter
nationsof the samepredicate.



dependent

mod arg _-mod

ncmod xmod cmod
subyj
ncsubj

xsubj csubj

dobj

arg

obj clausal

obj2

iobj

Xxcomp  ccomp

Figurel: The GrammaticaRelationHierarchy

cmod/ xmod, andncmod respectrely, eachwith slotsthe
sameasmod. The GR ncmodi s for nonclausaimodifiers;
cmodiis for adjunctscontrolledfrom within, andxmod for
adjunctscontrolledfrom without, e.qg.

xmod(without,eat,ask) heatethecakewithoutasking
cmod(because,ebe) heatethe cakebecausdewas
hungry

arg_-mod(type,head,dependent,initialgr) Therelation
betweena headanda semanticagumentwhich is syntac-
tically realisedasa modifier;thusa by-phrasecanbe anal-
ysedasa ‘thematicallyboundadjunct’. Thetype slotindi-
catesthewordintroducingthe dependente.g.

arg_-mod(bykill,Brutus,subj) killed by Brutus

arg(head,dependent) Themostgenericelationbetween
aheadandanargument.

subj_or_dobj(head,dependent) A specializatiorofthere-
lation arg which caninstantiatesithersubjector directob-
jects. It is useful for thosecaseswhereno reliable bias
is availablefor disambiguationFor example,both Gianni
andMario canbesubjector objectin theltaliansentence

Mario, nonl’ha ancoravisto, Gianni
‘Mario hasnot seenGianniyet’/‘Gianni hasnot seenMario yet’

In this casetheparsercouldavoid trying to resohe theam-
biguity by usingsubj_or_dobj, e.g.
subjor_dobj(vedere,Mario)
subjor_dobj(vedere,Gianni)

subj(head,dependent,initialgr) Therelationbetweerbe-
tweena predicateandits subject; whereappropriatethe
initial _gr indicateshesyntactidink betweerthe predicate
andsubjectbeforeary GR-changingrocess:

Johnarrivedin Paris
Microsoftemployedl0 C
programmers
Paulwasemployedby IBM

subj(arrve,John,)
subj(employMicrosoft,)

subj(employPaul,obj)

With pro-droplanguagesuchasltalian, whenthe subject
is notovertly realisedheannotations, for example,asfol-
lows:

subj(arrvare,Pra,)  arrivaiin ritardo‘(l) arrivedlate’

in which the dependents specifiedby the abstractffiller
Pro, indicatingthat personand numberof the subjectcan
berecoreredfrom theinflectionof theheadverbform.

csubj, xsubj, ncsubj The GRscsubj andxsubj indicate
clausakubjectscontrolledfrom within, or without, respec-
tively. ncsubjis anon-clausasubject.E.g.

csubj(lexe,mean) thatNellie left withoutsaying
good-byemeantshewasangry
to win the Americas Cuprequires

heapsf cash

xsubj(win,require,)

comp(head,dependent) Themostgeneriaelationbetween
aheadancomplement.

obj(head,dependent) Themostgenericrelationbetween
aheadanobiject.

dobj(head,dependent,initialgf) Therelationbetweera
predicateandits direct object—thefirst non-clausatom-
plementfollowing the predicatenhichis notintroducedy
a preposition(for Englishand German);initial _gf is iobj
afterdative shift; e.g.

dobj(read,book)
dobj(mail,Maryiobj)

readbooks
mail Mary the contract

iobj(type,head,dependent) Therelationbetweerapred-
icateanda non-clausatomplemenintroducedby aprepo-
sition; type indicategheprepositiorintroducingthedepen-
dent;e.qg.

iobj(in,arrive,Spain) arrive in Spain

iobj(into,put,box) putthetoolsinto thebox

iobj(to,give,poor) give to the poor

obj2(head,dependent) Therelationbetweenra predicate
andthesecondhon-clausatomplemenin ditransitivecon-
structionsge.g.

obj2(give,present) give Mary apresent
obj2(mail,contract) mail Paulthe contract

clausal(head,dependent) The mostgenericrelation be-
tweena headandaclausalcomplement.



xcomp(type,head,dependent) Therelationbetweerapred- Overallrecallandprecisionarethe meanof therespectie

icateanda clausalcomplementvhich hasno overt subject
(for examplea VP or predicatve XP). Thetype slotis the
sameasfor ccompabove. E.g.

Paulintendsto leave IBM
Swimmingis easy

Mary is in Paris

Paulis themanager

xcomp(to,intend,lese)

xcomp(,be,easy)

xcomp(in,be,Bris)

xcomp(,be,manager)
Controlof VPsandpredicatve XPsis expressedn termsof
GRs. For example,the unexpressedubjectof the clausal
complemenbf a subject-contropredicateis specifiedby
sayingthatthe subjectof the mainandsubordinateverbsis
thesame:

Paulintendsto leave IBM  subj(intend,Bul,)
xcomp(to,intend,lese)
subj(leave,Bul,)

dobj(leave,IBM,.)

ccomp(type,head,dependent) Therelationbetweerapred-

icateanda clausalcomplementvhich doeshave an overt
subject;type indicatesthe complementisef preposition jf
ary, introducingthe clausalxP. E.qg.

ccomp(that,sagccep) Paulsaidthathewill accept
Microsoft’s offer

ccomp(that,saleare) | saidthatheleft

This annotatiorschemas superficiallysimilarto asyn-
tacticdependencanalysign thestyleof Lin (1995).How-
ever, thereare several differences:(1) the GR analysisof
controlrelationscannotbeexpressedsastrictdependenc
tree sincea single headwould be the modifieeof two (or
more)VP headgaswith Paulin Paulintendgto leavelBM);
(2) amumentsdisplaced”from theircanonicapositionshy
movementphenomenare associatedvith the underlying
grammaticatelationin theannotatiofi; (3) semanticargu-
mentssyntacticallyrealisedas modifiers(e.g. the passie
by-phraseranbeindicatedassuch;and(4) agumentghat
arenotlexically realisedcanappealtin GRs(e.g.asPro for
subjectwhenthereis pro-drop). GRsare organisednto a
hierarchysothatthey canbe underspecifiedthe GR hier-
archyhasbeendevelopedandrefinedtaking into account
languagephenomenan English, Italian, Frenchand Ger
man.

As alludedto in the previous section,parserevaluation
is basedon computingrecall and precisionmeasuresver
grammaticatelations.We computefor eachsentence:

¢ recall astheratio of the numberof GRsreturnedby
the parserthat matd (seebelonv) GRsin the cor
respondingannotatedsentencedivided by the total
numberof GRsin theannotatedentenceand

¢ precisionastheratio of the numberof GRsreturned
by the parsetthatmatd, dividedby thetotalnumber
of GRsreturnedby the parseifor thatsentence.

5This schemethereforedoesnot fall prey to the criticism
that Atwell makeg(§2) of dependenggrammatbasedevaluation
schemes.

measuresver all sentencem thetestcorpus.

GRs matd if they areidentical. The casewherethe
functorsstandin a subsumptiorrelationshipandthe argu-
mentsare identicalis definedas a partial matd; for ex-
ample,a dobj chunkis compatiblewith an underspecified
chunkmarkedascomp, meaningoneheadstandsin a re-
lationshipto the otheraseitheranobjector a clausalcom-
plement.Thus,a parseiis ableto returnan underspecified
representation—withoubeing unduly penalised—irsitu-
ationswhereit doesnot have accesgo information that
would helpit to resole the ambiguity A partial match
shouldprobablybe assigned scorelessthanthe value of
1 assignedo completematchesput to datewe have not
attemptedo determinehis valueprecisely:it shouldprob-
ably dependnthedegreeof underspecification.

5. Using the New Evaluation Scheme

The new evaluationschemes currently beingusedin
SFARKLE to evaluatefour wide-coverageparsergfor En-
glish, French Germaranditalian) eachbasednadifferent
designphilosophy In this sectionwe briefly presentsome
preliminaryresultsof its usewith the Englishparsingsys-
tem(basicallyamoredevelopedminimally lexicalisedver
sion of the systemdescribeddy Carroll & Briscoe,1996).
More detailsmaybefoundin Carrolletal., 1997b

We useda testcorpusconsistingof 500randomlycho-
senin-coveragebut unseersentenceBom SUSANNE, mark-
edup manuallyto a constituent-basephrasalschemeand
alsoto the GR schemeby automaticallyextractinga pre-
liminary setof GRsfor eachsentenceandthenmanually
correctingthe results. The relatively large size of the test
corpushasmeanthatto datewe have not markedup mod-
ification relations,so at this stagewe reportan evaluation
with respecto argumentrelationsonly (but including the
relationarg_-mod. In generalthe parserreturnsthe most
specific(leaf) relationsin the GR hierarchy exceptwhen
it is unableto determinghe correctcontrolalternatie (i.e.
csubjvs. xsubj andccompvs. xcomp), in which caseit re-
turnssubjor clausalasappropriate.The meannumberof
GRspersentencén thetestcorpusis 4.15.

When computingmatchesbetweenthe GRs produced
by the parserandthosein the corpusannotationa single
level of subsumptiornis allowed: arelationfrom the parser
is allowedto be onelevel higherin the GR hierarchythan
theactualcorrectrelation.For exampleif theparserreturns
clausal thisis takento matchboththe morespecificxcomp
andccomp Also, anunspecifiediller (_) for the type slot
in the iobj and clausalrelationssuccessfullynatchesary
actualspecifiedfiller. Tablel1 givestheresultsof the eval-
uation. In the nearfuture we intendto validatethe exist-
ing agumentrelationsand extend the testcorpusto cover
modificationrelations. We alsowantto testthe sensitvity
of the two typesof scheme—theorventionalconstituent-
basedschemeandthe GR scheme—t@nhancements the
parser In particular we have tentative empiricalevidence
thatthe GR schemads betterat reflectingimprovementsn
the parsers ability to distinguishargumentsaandadjuncts.



Zerocrossingg% sents.) 56.6

Meancrossinggpersent. 1.10
Bracketrecall(%) 83.1
Bracketprecision(%) 83.1
GRrecall (%) 88.1
GR precision(%) 88.2

Tablel: ConstituentandGR-basedvaluationResults
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