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Abstract
We presenta critical overview of thestate-of-the-artin parserevaluationmethodologiesandmetrics.A discussionof their relative

strengthsandweaknessesmotivatesa new—andwe claim moreinformative andgenerallyapplicable—techniqueof measuringparser
accuracy, basedon theuseof grammaticalrelations.We concludewith somepreliminaryresultsof experimentsin which we usethis
new schemeto evaluatea robustparserof English.

1. Intr oduction

A widevarietyof parserand/orgrammarevaluationmeth-
ods have beenused(and sometimesjustified) in the lit-
erature. In

�
2 we describethe most importantof these,

eachwith a brief critique. We argue (
�
3) that no extant

methodis entirely satisfactory, particularlyin view of the
wide rangeof parsingtechnologycurrently in usein the
NLP researchcommunity. With this in mind, in

�
4 wemo-

tivateandpresenta higher-level andmore taskorientated
languagein which to representthe information a parser
shouldextract from a sentence,togetherwith suitableeval-
uationmeasures.We conclude(

�
5) with somepreliminary

resultsof experimentsin which weusethis new schemeto
evaluatea robustparserof English.This approachto eval-
uationis currentlybeingelaboratedin theCEC Language
Engineeringproject‘SPARKLE’ � .

2. Surveyof ParserEvaluation Methods

Parserevaluationmethodsdivide into non-corpusand
corpus-basedmethods,with the latter subdividing further
into unannotatedandannotatedcorpus-basedmethods.

Listing Linguistic Constructions Covered (No corpus)
Thetraditionalapproachto evaluatinga parser’s grammat-
ical coverageconsistedof simply listing constructionscov-
ered, and hopefully not covered by a given grammaror
parser(e.g.Briscoeet al., 1987;Alshawi et al., 1992).The
advantagesof this approacharethat it requiresno corpus
resources,the grammardevelopercaneasilygive this in-
formation,andan indicationof constructionsnot covered
canbeuseful.Disadvantagesarethatasthedistinctionbe-
tweencore andperipheralaspectsof constructionsis not
well-definedandmuch of the complexity can be in their
interaction, it provides no preciseinformation aboutac-
tual coverageof data. For instance,a grammarianwho
claimsto have coveredEnglishrelative clauseswill prob-
ably not have dealt with (rarish, dialect-specific,usually

�
Information about the SPARKLE project is available at� http://www.ilc.pi.cnr.it/sparkle.html� .

spoken)casescontainingresumptive pronouns:a poorly-
draftedlaw which it is difficult to seehow it couldbe en-
forcedor muchmorecommonnon-parallel‘coordinations’
of the form an inch lower and it wouldhaveknockedhim
out becauseof their perceived marginal status. Similarly,
coverageof coordinationandverbalcomplementationdoes
not guaranteecoverageof their interaction.

Coverage(Unannotatedcorpus) Calculationof the per-
centageof sentencesfrom a given,unannotatedcorpusthat
areassignedoneor moreanalysesby aparser/grammaris a
usefulfirst stepin evaluation(e.g.Black,Garside& Leech,
1993;Briscoe& Carroll, 1995). It canbecomputedfor a
largecorpus(givenanefficientenoughparser)anddoesnot
requirecorpusannotation.However, in thecurrentcontext
it is a weakmeasurebecauseit doesnot guaranteethatany
of theanalysesfoundarecorrect,so thereareanunknown
numberof falsepositivesin the resultwhich canonly be
found by manuallycheckingthe output. In addition,asa
solecriterionit is opento abuse:for exampleon this mea-
surethetrivial grammarS � word* wouldgeta perfect
score.

AverageParseBase(Unannotatedcorpus) Black, Gar-
side& Leech(1993)definetheparsebase(PB)of a gram-
mar asthe geometricmeanof the numberof analysesdi-
videdby thenumberof inputtokensin eachsentenceparsed.
This yieldsa measurefrom which onecanpredictthe av-
eragenumberof (undisambiguated)parsesfor a sentence
of of length � words in a particularcorpusand analysed
with that grammar/parser. A problemwith PB asdefined
by Black et al. is that in beingbasedon theratio of analy-
sesto tokensit implicitly assumesnumbersof parsesgrow
roughlylinearly with sentencelength.However in practice
therelationshipis morenearlyexponential,causingthePB
measureto overestimatetheexpectednumberof parsesfor
shortersentencesandunderestimatethenumberfor longer
sentences.Briscoe& Carroll (1995)thereforeproposean
improvedmeasure,theaverageparsebase(APB): “the geo-
metricmeanover all sentencesin thecorpusof �� 	 , where
� is thenumberof wordsin a sentence,and

	
, thenumber

of parsesfor thatsentence”.ThustheAPB to thepowerof
� givesthenumberof parsesthatwould beexpectedfor a
sentenceof length � .



Again, givenanefficient enoughparserthis measureis
easilycomputed,even for large corpora,andgivesa suc-
cinctmeasureof thedegreeof ambiguityin a grammar, es-
peciallywith respectto differentversionsof agrammarde-
velopedwithin thesameframework andtestedon thesame
data. On the otherhand,a very low coverageunambigu-
ousgrammarwoulddoverywell on thismeasurealone,so
it is probablybestutilisedin conjunctionwith anindepen-
dentmeasureof coverage.Themaindisadvantagethough,
is that it is not possibleto meaningfullycompareperfor-
manceof differentparsersondifferentdata,astheinherent
ambiguityin thedatainteractswith thatof thegrammar.

Entropy/Perplexity (Unannotatedcorpus) A probabilis-
tic languagemodel(stochasticlanguagegenerator/ gram-
mar) canbe usedto calculatethe entropyof a corpus(or
equivalentlyperplexity of the model). This yields a mea-
sureof thedegreeto whicha modelcapturesregularitiesin
the corpusby minimising unpredictabilityandambiguity.
Although in basicform, the measureis specificto a given
probabilisticlanguagemodelandcorpus,theapproachcan
beusedto comparetheeffectivenessof differentlanguage
modelsor the effectivenessof different training regimes
(estimatesof probabilitieson the sametest data). In ad-
dition, theapproachcanbegeneralisedto provideamodel-
independentmeasureof the inherentcomplexity of a cor-
pus (e.g. Sharman,1990) by successively approximating
n-gram languagemodelsof greaterand greater � . This
methodof computinggeneralisedentropy/perplexity is,how-
ever, expensive to compute.

The main advantagesof the basicmeasureare that it
hasaclearinterpretationin probabilisticcontext andallows
meaningfulcomparisonof differentprobabilisticmodelsof
the samecorpus.Thedisadvantagesarethat it is only ap-
plicableto probabilisticmodels,andonly provides,at best,
a weakmeasureof theaccuracy of (highly-ranked)deriva-
tions(asopposedto thepredictabilityof thedataor ambi-
guity in the model). The generalisedmeasurecould con-
ceivably be usedasa methodfor scalingresultsobtained
usingothercorpus-dependentmeasuresto allow for some
degreeof cross-corpuscomparisonandevaluation(suchas
when parser/grammarsare appliedto different languages
andconsequentlytestcorporamustdiffer).

Part-of-speechAssignmentAccuracy (Annotatedcorpus)
Theaccuracy with whichapart-of-speechtagger(or parser/
grammar)assignsthe correctlexical syntacticcategory to
a word in runningtext hasbeenmeasuredin a variety of
ways: ratio of correcttagsper word, possiblysubdivided
into ambiguousand unambiguousand/orknown and un-
known words(that is, wordsnot seenin the trainingdata),
and so forth (e.g. Church,1988; Karlssonet al., 1995).
Probably, themostsatisfactorymeasurefor this taskis pre-
cision/recallasthisgeneralisesto thecasewheremorethan
onetagremains.

An advantageof using this measureis that thereis a
greatdealof manually-correctedpart-of-speechtaggedma-
terial to useastestcorpora(at leastfor Englishandincreas-
ingly for otherWestEuropeanlanguages).The disadvan-
tagesarethatmany broad-coverageparserstakepre-tagged

text asinput, renderingthemeasureinappropriatefor eval-
uatingthe parser/grammarper se. And, in othercases,it
only providesa very partial measureof the accuracy of a
syntacticanalysis,sohasbeenmostlyusedto evaluatetag-
gers,andother‘lexical’ parsersKarlssonetal., 1995).

Structural Consistency(Annotatedcorpus) Black, Gar-
side & Leech(1993) definestructuralconsistency as the
percentageof sentencesin a manually-annotatedtestcor-
pus which receive one or more analyseswhich are con-
sistentwith the correctanalysisin the corpus(according
to thecrossingbracketsmeasure,definedpreciselybelow).
Thecrossingbracketsmeasureprovidesaweakmeasureof
structuralconsistency in which sometypesof conflicting
constituency arerecognised.Themeasureis strongerthan
simply measuringcoveragebut requiresanannotatedcor-
pus andmakesminimal useof theseannotations.Alone,
crossingbracketsis an inadequatemeasureasit will tend
to favour systemswhich yield minimal structure—forex-
ampletherewill beno crossingbracketsif the parseruses
thegrammarS � word* .

Best-first/RankedConsistency(Annotatedcorpus) Bris-
coe& Carroll (1993)measuretheaccuracy of a probabilis-
tic parsingsystemby computingthepercentageof highest-
rankedanalysesoutputby the parser/grammarwhich are
identicalto amanualanalysisprovidedin anannotatedtest
corpus(treebank).It is straightforwardto extendthis mea-
suresothatthetop � analysesarecompared,andscoringis
relative to their ranking. This measuregivesa meaningful
scoreof how often a parserwould deliver an appropriate
analysisandalsosomeindirect measureof degreeof am-
biguity in a grammarsince,in general,thelargerthesetto
choosefromthelesslikelihoodrankingtechniqueswill suc-
ceed.However, it is verydependenton having accessto an
accurate,coherentandconsistentannotatedcorpuswhich
is fully compatiblewith parseroutput.

TreeSimilarity (Annotatedcorpus) Sampson,Haigh &
Atwell (1989)andothersdefinetreesimilarity measuresof
varioustypes,suchastheratio of rulescorrectlydeployed
in aderivationto all rulesin thatderivationcomputedfrom
anannotatedcorpus.Thesemeasuresaremorefine-grained
thanfull identity in thata grammar/parsermaynever pro-
duceentirelycorrectanalysesyetconsistentlyproduceanal-
yseswhich are ‘close’ to the correctone. They are also
moretolerantof errorsin themanuallyannotatedtestdata.
However, for suchweakermeasuresthanfull identity it is
difficult to seehow they mapontomany parsingtasks:for
instancewith an‘80%correct’tree,how importantis there-
maining20%to thecorrectinterpretationof thesentence?
Finally, thesemeasuresstill requirea detailedandcompat-
ible annotatedtestcorpus.

Grammar Evaluation InterestGroupScheme(Annotated
corpus) TheGrammarEvaluationInterestGroup(GEIG;
seeGrishman,Macleod& Sterling,1992)schemeis cur-
rently themostwidely-usedparserevaluationmethod.It is
basicallyarelaxationof full identityasthesuccesscriterion



to onewhichmeasuressimilarityof ananalysisto atestcor-
pusanalysis.The emphasisis on comparingperformance
of differentparsersutilising differentgrammaticalframe-
works. The original versionof the schemeutilises only
phrase-structurebracketinginformationfrom theannotated
corpus
 andcomputesthe numberof bracketingmatches�

with respectto thenumberof bracketings� returnedby
the parser(expressedasprecision

��
 � ) andwith respect
to thenumber� in thecorpus(expressedasrecall

��
 � ),
and the meannumberof ‘crossing’ bracketsper sentence
wherea bracketedsequencefrom theparseroverlapswith
onefrom thetreebankandneitheris properlycontainedin
theother.

Advantagesof GEIGarethatarelativelyundetailed(only
bracketed),lessparser-specificannotationis required,some
level of crossframework/systemcomparisonis achieved,
and the measureis moderatelyfine-grainedandrobust to
annotationerrors. The disadvantagesare that it is much
weakerthanfull identity andit is unclearhow muchof a
success(or failure) it is to achieve high (or low) scores:
for example,Carroll & Briscoe(1996)remarkthat a sin-
gle attachmentmistakeembedded� levels deep(andper-
hapscompletelyinnocuous,suchas an “aside” delimited
by dashes)canleadto � crossingsbeingassigned,whereas
incorrectidentificationof argumentsand adjunctscan go
unpunishedin somecases.

Carpenter& Manning(1997)observe thatsentencesin
thePennTreebank(PTB; Marcus,Santorini& Marcinkie-
wicz, 1993) contain relatively few brackets,so analyses
arequite ‘flat’. (The samegoesfor the othertreebankof
Englishin generaluse,SUSANNE; Sampson,1995). Thus
crossingbracketscoresarelikely to besmall,howevergood
or badthe parseris. Carpenter& Manningalsopoint out
that with the adjunctionstructurethe PTB gives to post
noun-headmodifiers(NP (NP the man) (PP with (NP a
telescope))), therearezerocrossingsin caseswheretheVP
attachmentis incorrectly returned,and vice-versa. Con-
versely, Lin (1995)demonstratesthat the crossingbrack-
ets measurecan in somecasespenalisemis-attachments
more than once; Lin (1996) arguesthat a high scorefor
phraseboundarycorrectnessdoesnot guaranteethata rea-
sonablesemanticreadingcan be produced. Conversely,
many phraseboundarydisagreementsstemfromsystematic
differencesbetweenparsers/grammarsandcorpusannota-
tion schemesthat are well-justified within the context of
their own theories.GEIG doesattemptto circumvent this
problemby the removal from considerationof bracketing
informationin constructionsfor whichagreementbetween
analysisschemesin practiceis low: i.e. negation, auxil-
iaries,punctuation,traces,andtheuseof unarybranching
structures.

However, in generaltherearestill majorproblemswith
compatibilitybetweentheannotationsin treebanksandanal-
ysesreturnedbyparsingsystemsusingmanually-developed
generativegrammars(asopposedto grammarsacquireddi-
rectly from the treebanksthemselves).Thetreebankshave
beenconstructedwith referenceto setsof informal guide-

�
More recentevaluationsusingGEIG (e.g.Magerman,1995;

Collins,1996)haveadaptedit to incorporateconstituentlabelling
informationaswell asjustbracketing.

lines indicating the type of structuresto be assigned. In
the absenceof a formal grammarcontrolling or verifying
the manualannotations,the numberof differentstructural
configurationstendsto grow without check. For exam-
ple, the PTB implicitly containsmorethan10000distinct
context-freeproductions,themajority occurringonly once
(Charniak,1996).This makesit very difficult to accurately
mapthestructuresassignedby anindependently-developed
grammarontothestructuresthatappear(or shouldappear)
in thetreebank.A furtherproblemis thattheGEIGbracket
precisionmeasurepenalisesparsersthatreturnmorestruc-
turethanthetreebankannotation,evenif it is correct(Srini-
vas,Doran& Kulick, 1995).To beableto usethetreebank
andreportmeaningfulGEIG precisionscoressuchparsers
mustnecessarily‘dumb down’ their outputandattemptto
mapit onto(exactly)thedistinctionsmadein thetreebank� .
This mappingis also very difficult to specify accurately.
Theresultsof evaluationarethusdistorted.

In addition,sinceGEIG is basedonmeasuringsimilar-
ity betweenphrase-structuretrees,it cannotbe appliedto
grammarswhich producedependency-styleanalyses,or to
‘lexical’ parsingframeworkssuchasfinite-stateconstraint
parserswhich assignsyntacticfunctional labelsto words
ratherthanproducinghierarchicalstructure.

DependencyStructure-basedScheme(Annotatedcorpus)
To overcometheGEIG grammar/treebankmismatchprob-
lemsoutlinedabove,Lin (1995)proposesevaluationbased
ondependency structure,in whichphrasestructureanalyses
from parserandtreebankarebothautomaticallyconverted
into setsof dependency relationships.Eachsuchrelation-
shipconsistsof a modifier, a modifiee,andoptionallya la-
belwhichgivesthetypeof therelationship.Atwell (1996),
though,arguesthattransformingstandardconstituency-bas-
edanalysesinto a dependency-basedrepresentationwould
lose certainkinds of grammaticalinformation that might
be importantfor subsequentprocessing,suchas ‘logical’
information(e.g.locationof traces,or movedconstituents).
Srinivas,Doran,Hockey & Joshi(1996)describea related
techniquewhich could also be appliedto partial (incom-
plete)parses,in whichhierarchicalphrasalconstituentsare
flattenedinto chunksand the relationshipsbetweenthem
areindicatedby dependency links. Recallandprecisionare
definedover dependency links.

The TSNLP(Lehmannet al., 1996)projecttestsuites
(in English,FrenchandGerman)containdependency-based
annotationsfor somesentences;this allows for “general-
izationsoverpotentiallycontroversialphrasestructurecon-
figurations” andalso mappingonto a specificconstituent
structure. No specificevaluationmeasuresareproposed,
though.

3. Evaluating ParserEvaluation Methods

Beforeproceeding,we shouldmakethedistinctionbe-
tweenparserevaluationmethodsthatareusefulin guiding

�
Gaizauskas,Hepple& Huyck (1998)proposean alternative

to theGEIGprecisionmeasureto addressthisshortcoming.



andmonitoringthe developmentof a particulargrammar/
parsingsystem,andthosethatareappropriatefor compar-
ing differentsystems.For the former, onemight uselist-
ing linguistic constructionscovered, coverageandaverage
parsebasewith respectto a particularunannotatedcorpus,
andstructural consistencyandpossiblybest-first/rankedcon-
sistencywith respectto a manually-constructedcorpusof
subjectively correctanalyses.This approach,though,will
not generalisesimply to evaluationwith othercorporaor
againstother systemsbecausethereis no way of frame-
work-neutrallymeasuringthedifferencein thesyntacticcom-
plexity betweentwocorpora,anddifferentgrammaticalframe-
works producemore/lessinformative descriptionswhich
will makeall thesemeasuresincommensurable.

Inter-systemcomparisonis by far the harderproblem,
andit is clearthatanevaluationschememustincludesome
methodfor assessingtheutility of � rankedanalyses,pos-
sibly in conjunctionwith ancilliary measuressuchascov-
erage,asmentionedabove. Themainweaknessof all ex-
tantmethodsis thatthey donot relateanalysesto potential
parsingtasksor applications. In particular, an evaluation
measurewhichtreatsfull identityasasuccesscriterionhas
a morestraightforwardinterpretationin termsof putative
parsertasks,suchasconstructionof a logical form or iden-
tification of phrasalheads/ boundaries,thanonewhich re-
laxes this criterion to somemeasureof ‘closeness’. This
is becausethe definition of ‘closeness’and the utility of
ananalysisthat is less-than-perfectalongsomedimension
will vary from taskto task. Thus,for constructionof logi-
calformacriterionof totalidentityseemsquiteappropriate,
while for recognitionof phrasalheadsfor, say, extractionof
statisticaldatarelatingto thesemantictypeof suchheads,
accuracy in extractingheadsis importantbut correctattach-
mentof prepositionalphrasesmaynotbe.

Anotherproblemwhich is not satisfactorilyaddressed
by extantproposalsis that the evaluationschemeneedsto
beapplicableto theoutputof parsersbasedonratherdiffer-
ent designphilosophiesappliedto differentlanguagesand
testcorpora. To makethesepointsmoreconcretely, con-
siderthreeextantparserswhichproduceverydifferentrep-
resentations.Herearethreeanalysesfor Johntried to open
thewindow:

� Therobustshallow 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))) )) ))

� FastPartialParser(Grefenstette,1994):

SUBJ(try ,J ohn) DOBJ(open, wi ndow)
SUBJ(ope n, Joh n) MODIF(open, try )

� Finite StateConstraintGrammarParser(Karlssonet
al., 1995):

John N SUBJ tried V MV MAINCˆ to
INFMARK open V_INF mv OBJˆ the DET
window N obj

or, usingindentationratherthanˆ to indicate(some)
constituency:

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

object: window

It is intuitivelyclearthateachof theserepresentationscon-
veys similar but not identical information—forinstanceit
seemslessinformative to, for example,usethe samere-
lation (MODIF) to indicatethe relationshipbetweenopen
and try that is also usedfor adjective (or noun) predica-
tions, thanto label openwindowthe objectof try. It also
seemslessinformative to assignJohn the functionalcate-
gorySUBJthanto assignthetworelations(SUBJopen,John)
and(SUBJtry,John).

To maketheseintuitionspreciseonecoulddeveloptrans-
lation functionsbetweenthesenotationsor, taking oneas
theanchor, betweenthisandall theothers.However, this is
fraughtwith problems.For example,we mustnecessarily
throw information away whenwe translatefrom a ‘more
informative’ to ‘less informative’ notation. But we don’t
evenhave a definitive interpretationfor the targetnotation
sinceit is system-specific.

A betterapproachwouldbeto pick anindependentlan-
guagein whichto representtheinformationaparsershould
extract. The agreeddefinitionof the informationoughtto
at leastrepresentall grammaticalrelations(GRs)in anex-
plicit and(ultimately)unambiguousnotation,sowe could
usea featurestructure(FS)andbaseour languageloosely
onLFG F-structurein AVM notation:

[ PRED try
SUBJ John <1>
XCOMP[ PRED open

SUBJ <1>
OBJ window]]

wherecoindexation with <n> indicatesreentrancy in the
underlyingDAG. If wewereto definethespaceof possible
DAGsthatawell-formedAVM canpick outby sayingwhat
setof GR attributescanoccur(PRED, SUBJ, XCOMPetc.)
andwhattheirpossiblevaluesare,thenfor any sentencewe
couldmeasurethe informationreturnedby a parserby (1)
computingtheupperboundonthesizeof thesetof possible
DAGsfor thesentence,(2) translatingeachparser’s output
into all possiblewell-formedAVM representationsfor that
sentence,and(3) computingthesizeof thesetdenotedby
theresultingAVM(s). Possiblystep(1) couldbedispensed
with, justcomputingfor thesetreturnedthenumberof pos-
sibleDAGsremaining.

The morea parserrulesout possibleDAGs, the more
informativeit will be.Thus,if aparserturnsoutto generate
a setof AVMs like:

[ PRED try
SUBJ John
XCOMP[ PRED open

SUBJ <?>
OBJ window]]

(where<?> standsfor a setof possiblecoindexationswith
any word in thesentence),thenwe enumeratethenumber
of remainingDAGsandcomparethiswith thosefor:



[ PRED try
SUBJ John <1>
?? [ PRED open

SUBJ <1>
OBJ window]]

(where?? standsfor thesetof possibleGRattributes).This
AVM (arguably) what would be recovered from Grefen-
stette’s representation;comparethesewith thosefor Karls-
sonet al.’swhich (arguably)would look like:

[ PRED try
SUBJ <??>
XCOMP[ PRED open

SUBJ <?>
OBJ window]]

whereoneof <??>/<?> wouldbereplacedby John.
This scheme,althoughprincipledandpossiblyapplica-

ble to a wide rangeof parsers,languagesandcorpora,is
considerablymoreambitiousthanextantevaluationmeth-
ods,andis perhapsover-complex. A simplerway of mea-
suringinformationextractedwouldbeto collapsetheAVM
descriptionsinto a flat conjunctionof propositions,each
representinga singlegrammaticalrelationbetweenheads
of constituents,e.g.subj(try,John) , andcomputepre-
cision/recallmeasuresin thestandardfashionagainsta set
of theserelationsresultingfrom manualannotationof the
testcorpus.We furthermotivateanddescribesuchanap-
proachin moredetail in thenext section� .

4. A NewParserEvaluation Scheme

In specifyingthegrammaticalrelationannotationscheme
(seealsoCarrolletal., 1997a),ourpointof departureis the
work onsubcategorizationstandardsdevelopedwithin EA-
GLES by the lexicon/syntaxinterestgroup(Sanfilippoet
al., 1996). In EAGLES, a three-layeredapproachto the
specificationof grammaticaldependenciesfor verbal ar-
gumentswasfollowed. The first layer identifiesthe sub-
ject/ complementand � predicativedistinctionsasthemost
generalspecifications;this layer is regardedas encoding
mandatoryinformation. The secondlayer providesa fur-
ther partition of complementsinto direct and indirect as
recommendedspecifications.Finally, a morefine-grained
distinctionqualifiedasusefulis envisagedintroducingfur-
therlabelsfor clausalcomplementsandsecondobjects.For
furtherdetails,see(Sanfilippoetal., 1996).

Thefirst stepin tailoring theEAGLESstandardsto the
needsof parserevaluationhasbeento makeprovisionsfor
modifiers. Thesewerenot treatedin EAGLES sinceonly
subcategorizablefunctionswere takeninto consideration.
Secondly, therelationshipamonglayersof grammaticalde-
pendency specificationshasbeeninterpretedin termsof a
hierarchyof relationtypes.

�
It shouldbe notedthat in proposingan evaluationscheme

basedon grammaticalrelationswe arenot advocatingtheir use
asa parseroutputrepresentationfor usein applicationtasks.Our
goal is ratherto specifyan evaluationmethodthatmeasuresrel-
ative correctnessof parseranalyseswith respectto a standard
representationthat is well-definedand both system-and task-
independent.

In general,grammaticalrelations(GRs)areviewedas
specifyingthe syntacticdependency which holdsbetween
a headanda dependent.In the event of morphosyntactic
processesmodifyinghead-dependentlinks (e.g.thepassive,
dative shift andcausative-inchoative diatheses),two kinds
of GRscanbeexpressed:(1) theinitial GR, i.e. beforethe
GR-changingprocessoccurs;and(2) thefinal GR,i.e.after
theGR-changingprocessoccurs.For example,Paul in Paul
wasemployedbyMicrosoftis boththeinitial objectandthe
final subjectof employ� .

In relyingontheidentificationof grammaticalrelations
betweenheadedconstituents,we of coursepresupposea
parser/grammarthat is able to identify heads. In theory
this may exclude certainparsersfrom using this scheme,
althoughwe arenot awareof any contemporarycomputa-
tional parsingwork which eschews thenotionof headand
moreover is unableto recover them.Thus,in computation-
ally-amenabletheoriesof language,suchasHPSG(Pollard
& Sag,1994)andLFG (Kaplan& Bresnan,1982),andin-
deedin any grammarbasedon someversionof X-bar the-
ory (Jackendoff, 1977),theheadplaysakey role. Likewise,
in recentwork on statisticaltreebankparsing,Magerman
(1995)andCollins (1996)propagateinformationon each
constituent’s headup the parsetreein orderto be able to
capturelexical dependencies.Headednessis also impor-
tant in eachof the threerobustparsingsystemsillustrated
in
�
3.
The hierarchicalorganisationof GRsis shown graphi-

cally in figure1. EachGRin theschemeis describedindi-
vidually below.

dependent(introducer,head,dependent) Thisis themost
genericrelationbetweenaheadandadependent(i.e.it does
notspecifywhetherthedependentis anargumentor amod-
ifier). E.g.

dependent(in,live,Rome) Marisalivesin Rome

mod(type,head,dependent) Therelationbetweenahead
andits modifier;whereappropriate,type indicatestheword
introducingthedependent;e.g.

mod( ,flag,red) a redflag
mod( ,walk,slowly) walk slowly
mod(with,walk,John) walk with John
mod(while,walk,talk) walk while talking
mod( ,Picasso,painter) Picassothepainter

The mod GR is alsousedto encodethe relationshipbe-
tweenaneventnoun(includingdeverbalnouns)andits par-
ticipants;e.g.

mod(of,gift,book) thegift of abook
mod(by,gift,Peter) thegift ... by Peter
mod(of,examination,patient) theexaminationof thepatient
mod(’s,doctor,examination) thedoctor’s examination

cmod, xmod, ncmod Clausalandnon-clausalmodifiers
may (optionally) be distinguishedby the useof the GRs

�
In theEAGLESstandards,initial andfinal GRsareexpressed

in the frame-setstructureswhich relatesystematicvalency alter-
nationsof thesamepredicate.
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subj or dobj
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subj comp

ncsubj xsubj csubj obj clausal

dobj obj2 iobj xcomp ccomp

Figure1: TheGrammaticalRelationHierarchy

cmod / xmod, andncmod respectively, eachwith slotsthe
sameasmod. TheGRncmod is for nonclausalmodifiers;
cmod is for adjunctscontrolledfrom within, andxmod for
adjunctscontrolledfrom without,e.g.

xmod(without,eat,ask) heatethecakewithoutasking
cmod(because,eat,be) heatethecakebecausehewas

hungry

arg mod(type,head,dependent,initialgr) Therelation
betweena headanda semanticargumentwhich is syntac-
tically realisedasa modifier;thusa by-phrasecanbeanal-
ysedasa ‘thematicallyboundadjunct’.The type slot indi-
catestheword introducingthedependent:e.g.

arg mod(by,kill,Brutus,subj) killed by Brutus

arg(head,dependent) Themostgenericrelationbetween
a headandanargument.

subj or dobj(head,dependent) A specializationof there-
lationarg whichcaninstantiateeithersubjectsor directob-
jects. It is useful for thosecaseswhereno reliable bias
is availablefor disambiguation.For example,bothGianni
andMario canbesubjector objectin theItaliansentence

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

In thiscase,theparsercouldavoid trying to resolvetheam-
biguity by usingsubj or dobj, e.g.

subj or dobj(vedere,Mario)
subj or dobj(vedere,Gianni)

subj(head,dependent,initialgr) Therelationbetweenbe-
tweena predicateand its subject;whereappropriate,the
initial gr indicatesthesyntacticlink betweenthepredicate
andsubjectbeforeany GR-changingprocess:

subj(arrive,John,) Johnarrived in Paris
subj(employ,Microsoft, ) Microsoftemployed10 C

programmers
subj(employ,Paul,obj) Paulwasemployedby IBM

With pro-droplanguagessuchasItalian, whenthesubject
is notovertly realisedtheannotationis, for example,asfol-
lows:

subj(arrivare,Pro,) arrivai in ritardo‘(I) arrived late’

in which the dependentis specifiedby the abstractfiller
Pro, indicatingthat personandnumberof the subjectcan
berecoveredfrom theinflectionof theheadverbform.

csubj, xsubj, ncsubj TheGRscsubj andxsubj indicate
clausalsubjects,controlledfrom within, or without,respec-
tively. ncsubj is a non-clausalsubject.E.g.

csubj(leave,mean,) thatNellie left withoutsaying
good-byemeantshewasangry

xsubj(win,require,) to win theAmerica’sCuprequires
heapsof cash

comp(head,dependent) Themostgenericrelationbetween
a headancomplement.

obj(head,dependent) Themostgenericrelationbetween
a headanobject.

dobj(head,dependent,initialgf) Therelationbetweena
predicateandits direct object—thefirst non-clausalcom-
plementfollowing thepredicatewhich is not introducedby
a preposition(for EnglishandGerman);initial gf is iobj
afterdativeshift; e.g.

dobj(read,book,) readbooks
dobj(mail,Mary,iobj) mail Mary thecontract

iobj(type,head,dependent) Therelationbetweenapred-
icateanda non-clausalcomplementintroducedby aprepo-
sition; type indicatestheprepositionintroducingthedepen-
dent;e.g.

iobj(in,arrive,Spain) arrive in Spain
iobj(into,put,box) put thetoolsinto thebox
iobj(to,give,poor) give to thepoor

obj2(head,dependent) Therelationbetweena predicate
andthesecondnon-clausalcomplementin ditransitivecon-
structions;e.g.

obj2(give,present) give Mary apresent
obj2(mail,contract) mail Paul thecontract

clausal(head,dependent) The mostgenericrelationbe-
tweena headandaclausalcomplement.



xcomp(type,head,dependent) Therelationbetweenapred-
icateanda clausalcomplementwhich hasno overt subject
(for examplea VP or predicative XP). The type slot is the
sameasfor ccompabove. E.g.

xcomp(to,intend,leave) Paul intendsto leave IBM
xcomp( ,be,easy) Swimmingis easy
xcomp(in,be,Paris) Mary is in Paris
xcomp( ,be,manager) Paul is themanager

Controlof VPsandpredicativeXPsis expressedin termsof
GRs. For example,the unexpressedsubjectof the clausal
complementof a subject-controlpredicateis specifiedby
sayingthatthesubjectof themainandsubordinateverbsis
thesame:

Paul intendsto leave IBM subj(intend,Paul, )
xcomp(to,intend,leave)
subj(leave,Paul, )
dobj(leave,IBM, )

ccomp(type,head,dependent) Therelationbetweenapred-
icateanda clausalcomplementwhich doeshave an overt
subject;type indicatesthecomplementiser/ preposition,if
any, introducingtheclausalXP. E.g.

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

ccomp(that,say,leave) I saidthatheleft

Thisannotationschemeis superficiallysimilar to asyn-
tacticdependency analysisin thestyleof Lin (1995).How-
ever, thereareseveral differences:(1) the GR analysisof
controlrelationscannotbeexpressedasastrictdependency
treesincea singleheadwould be the modifieeof two (or
more)VP heads(aswith Paul in Paul intendsto leaveIBM);
(2) arguments“displaced”fromtheircanonicalpositionsby
movementphenomenaareassociatedwith the underlying
grammaticalrelationin theannotation& ; (3) semanticargu-
mentssyntacticallyrealisedasmodifiers(e.g. the passive
by-phrase)canbeindicatedassuch;and(4) argumentsthat
arenot lexically realisedcanappearin GRs(e.g.asPro for
subjectwhenthereis pro-drop). GRsareorganisedinto a
hierarchysothat they canbeunderspecified;theGR hier-
archyhasbeendevelopedandrefinedtaking into account
languagephenomenain English, Italian, FrenchandGer-
man.

As alludedto in theprevioussection,parserevaluation
is basedon computingrecall andprecisionmeasuresover
grammaticalrelations.We computefor eachsentence:

� recall astheratio of thenumberof GRsreturnedby
the parserthat match (seebelow) GRs in the cor-
respondingannotatedsentence,dividedby the total
numberof GRsin theannotatedsentence;and

� precisionastheratio of thenumberof GRsreturned
by theparserthatmatch, dividedby thetotalnumber
of GRsreturnedby theparserfor thatsentence.

'
This schemethereforedoesnot fall prey to the criticism

thatAtwell makes( ( 2) of dependency grammar-basedevaluation
schemes.

Overall recallandprecisionarethemeansof therespective
measuresover all sentencesin thetestcorpus.

GRs match if they are identical. The casewherethe
functorsstandin a subsumptionrelationshipandtheargu-
mentsare identical is definedas a partial match; for ex-
ample,a dobj chunkis compatiblewith anunderspecified
chunkmarkedascomp, meaningoneheadstandsin a re-
lationshipto theotheraseitheranobjector a clausalcom-
plement.Thus,a parseris ableto returnanunderspecified
representation—withoutbeing unduly penalised—insitu-
ationswhere it doesnot have accessto information that
would help it to resolve the ambiguity. A partial match
shouldprobablybeassigneda scorelessthanthevalueof
1 assignedto completematches,but to datewe have not
attemptedto determinethisvalueprecisely:it shouldprob-
ablydependon thedegreeof underspecification.

5. Using the New Evaluation Scheme

The new evaluationschemeis currentlybeingusedin
SPARKLE to evaluatefour wide-coverageparsers(for En-
glish,French,GermanandItalian)eachbasedonadifferent
designphilosophy. In this sectionwe briefly presentsome
preliminaryresultsof its usewith theEnglishparsingsys-
tem(basicallyamoredeveloped,minimally lexicalisedver-
sionof the systemdescribedby Carroll & Briscoe,1996).
More detailsmaybefoundin Carrolletal., 1997b.

We useda testcorpusconsistingof 500randomlycho-
senin-coveragebutunseensentencesfrom SUSANNE, mark-
edup manuallyto a constituent-basedphrasalscheme,and
alsoto the GR schemeby automaticallyextractinga pre-
liminary setof GRsfor eachsentence,andthenmanually
correctingthe results. The relatively large sizeof the test
corpushasmeantthatto datewehave not markedupmod-
ification relations,so at this stagewe reportanevaluation
with respectto argumentrelationsonly (but including the
relationarg mod). In generalthe parserreturnsthe most
specific(leaf) relationsin the GR hierarchy, exceptwhen
it is unableto determinethecorrectcontrolalternative(i.e.
csubjvs.xsubj, andccompvs.xcomp), in which caseit re-
turnssubjor clausalasappropriate.Themeannumberof
GRspersentencein thetestcorpusis 4.15.

Whencomputingmatchesbetweenthe GRsproduced
by the parserandthosein the corpusannotation,a single
level of subsumptionis allowed: a relationfrom theparser
is allowedto beonelevel higherin theGR hierarchythan
theactualcorrectrelation.For example,if theparserreturns
clausal, this is takento matchboththemorespecificxcomp
andccomp. Also, anunspecifiedfiller ( ) for the typeslot
in the iobj andclausalrelationssuccessfullymatchesany
actualspecifiedfiller. Table1 givestheresultsof theeval-
uation. In the nearfuture we intendto validatethe exist-
ing argumentrelationsandextendthe testcorpusto cover
modificationrelations.We alsowant to testthesensitivity
of the two typesof scheme—theconventionalconstituent-
basedschemeandtheGRscheme—toenhancementsto the
parser. In particular, we have tentative empiricalevidence
that theGR schemeis betterat reflectingimprovementsin
theparser’s ability to distinguishargumentsandadjuncts.



Zerocrossings(% sents.) 56.6
Meancrossingspersent. 1.10
Bracketrecall(%) 83.1
Bracketprecision(%) 83.1

GRrecall(%) 88.1
GRprecision(%) 88.2

Table1: Constituent-andGR-basedEvaluationResults
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