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1. Curr ent Situation in StochasticParsing

Theearliestcorpus-basedapproachesto stochasticpars-
ing (e.g. Sampsonet al. (1989), Fujisaki et al. (1989),
Sharmanet al. (1990),Black (1992))usedavarietyof data
resourcesandevaluationtechniques.With the creationof
thePennTreebankof English(Marcusetal., 1993)andthe
parserevaluationmeasuresestablishedby thePARSEVAL
initiative(Black,1992),new approachesto stochasticpars-
ing and uniform evaluationregimesemerged(Magerman
(1995), Charniak(1996), Collins (1996)), leadingto im-
pressive improvementsin parseraccuracy (Collins (1997),
Charniak(2000),Bod (2001)).

In themeantime,annotatedcorporahave beenbuilt for
several other languages,most notably the PragueDepen-
dency Treebankfor Czech(Hajic, 1998),andtheNEGRA
corpusfor German(Skut et al., 1997). Well-known, but
smallercorporafor Englisharethe ATIS CorpusandSU-
SANNE. Many morecorporaareavailableor undercon-
struction, e.g. the Penntreebanksfor Chineseand Ko-
rean, the TIGER corpusfor German,as well as corpora
for Bulgarian,French,Italian, Portugese,Spanish,Turk-
ish,etc. Annotationschemesin thesetreebanksvary, often
motivatedby language-specificcharacteristics.For exam-
ple,dependency-basedannotationis generallypreferredfor
languageswith relatively freewordorder.

More recently, in line with increasing interest in
more fine-grainedsyntacticandsemanticrepresentations,
stochasticparsinghasbeenappliedto severalhigher-order
syntacticframeworks,suchasunification-basedgrammars
(Johnsonet al., 1999), tree-adjoininggrammars(Chenet
al., 1999)andcombinatorycategorial grammars(Hocken-
maier, 2001). In parallel, due to the lack of appropriate
large-scaleannotatedtrainingcorpora,unsupervisedmeth-
odshavebeeninvestigated,i.e. trainingof manuallywritten
(context-free or unification-based)grammarson free text
(Beil et al. (1999), Riezler et al. (2000), Boumaet al.
(2001)).

As opposedto the PARSEVAL measures— which are
basedonphrasestructuretreematch— mostof thesenovel
parsingapproachesuseotherevaluationmeasures,suchas
dependency-based,valence-based,exact,or selective cate-
gorymatch.

2. Challengesfor Parser Evaluation

Despitetheemergenceof stochasticparsingapproaches
usingalternativesyntacticframeworks,thecurrentlyestab-
lishedparadigmfor evaluatingstochasticparsingstill con-
sistsof thecombinationof PennTreebankEnglish(Section
23)with PARSEVAL measures.

However, in practice(especiallyif we countindustrial
labs) parsing systemsusing treebankgrammarsare not
representative of the field. Moreover, a strong trend in
stochasticparsingis away from treebankgrammarsand
towardshigher-level syntacticframeworks andhand-built
grammars.

Researchin stochasticparsingwith higher-ordersyntac-
tic frameworksis thereforeconfrontedwith alackof acom-
mon evaluationmetrics: neitherdo the PARSEVAL mea-
suresstraightforwardly correspondto dependency struc-
turesor othervalence-basedrepresentations,norhavethese
alternative approachescomeup with a common,agreed-
on standardfor evaluation.Furthermore,no commoneval-
uation corporaexist for many alternative languages. To
someextent,this problemhasbeencircumventedby build-
ing smalltheory-specifictreebanks(with theobviousdraw-
backsfor supervisedtraining andinter-comparability). In
sum, the growing field in stochasticparsingwith alterna-
tivesyntacticmodelsor languagesotherthanEnglishfaces
problemsin benchmarkingagainstthe establishedGold
Standard.

As a consequence,the best-known stochasticparsers
are trained for PennTreebankEnglish. Yet, to validate
theseparserson a broaderbasis,it hasto beevaluatedhow
well thesestochasticmodelscarry over to languageswith
e.g. free word order, intricate long-distancephenomena,
pro-dropproperties,andagglutinative or clitic languages.
Again, this presupposesthe availability of annotatedcor-
poraandevaluationschemesappropriateto cover a broad
rangeof diverselanguagetypes.

3. Towards a NewGold Standard

The currentsituationin stochasticparsing,as well as
prospectsfor its future development,calls for a new and
uniform schemefor parserevaluationwhich covers both
shallow and deep grammars,different syntactic frame-
works,anddifferentlanguagetypes.
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Whatis neededis anannotationschemebridgingstruc-
tural differencesacrossdiverselanguagesandframeworks.
In practice,many researchershave beenusing their own
evaluationmetricswhich, despitedivergences,bearsome
commonground,namelyhigher-levelsyntacticannotations
suchasgrammaticalrelations,dependencies,or subcatego-
rization frames(Beil et al. (1999),Carroll et al. (2000),
Collinsetal. (1999),Hockenmaier(2001),etc).Suchbasic
syntacticrelationsbuild on crucial, but underlyingstruc-
tural constraints,yet provide moreabstract,functional in-
formation.

This informationis not only anappropriatelevel of ab-
stractionto bridgestructuraldifferencesbetweenlanguages
andhigher-level syntactictheories,but moreover, provides
a basis for evaluation of partial, more shallow analysis
systems,at a higher level of representation.For exam-
ple, if theevaluationis againstgrammaticalrelationrather
thanphrasestructureinformation,partialparsersextracting
functionalrelationscanbeevaluatedwithin thesamesetup
asfull parsers.

Startingfrom this stateof affairs,oneof theaimsof the
workshopwill be to provide a forum for researchersin the
field to discuss(defineandagreeon) a new, uniform eval-
uation metric which provides a basisfor comparisonbe-
tweendifferentparsingsystems,syntacticframeworksand
stochasticmodels,andhow well they extendto languages
of differenttypes.

Definitionof anew evaluationstandardcouldberestric-
tive and flexible at the sametime: flexible in that train-
ing canexploit fine-grainedannotationsof richersyntactic
frameworks; andrestrictive in that diverging analysesare
thento bemappedto uniform (morecoarse-grained)anno-
tationsfor standardizedevaluation.

4. Starting an Initiati ve
A previous LREC-hostedworkshopon parserevalua-

tion in 1998in Granadabroughttogethera numberof peo-
ple advocating parserevaluation basedon dependencies
or grammaticalrelations(Carroll andBriscoe(1998),Lin
(1998),Bangaloreetal. (1998)).Theconsensusof thecon-
cludingdiscussionat thatworkshopwasthatthereis much
commongroundbetweentheseapproaches,and that they
constituteaviablealternativeto thePARSEVAL measures.

In the meantime,asdescribedabove, many morecor-
pora are underconstructionand novel stochasticparsing
schemesarebeingdeveloped,whichcall for aninitiativefor
establishinga new, agreed-onevaluationstandardfor pars-
ing which allows for comparisonandbenchmarkingacross
alternativemodelsanddifferentlanguagetypes.

Theworkshopis intendedto bringtogetherfour parties:
researchersin stochasticparsing,buildersof annotatedcor-
pora,representativesfrom differentsyntacticframeworks,
andgroupswith interestsin andproposalsfor parserevalu-
ation. As a kick-off initiative, theworkshopshouldleadto
collaborative efforts to work out a new evaluationmetric,
andto start initiativesfor building or deriving sufficiently
large evaluationcorpora,andpossibly, large training cor-
poraaccordingto thenew metric.

In conclusion,stochasticparsinghasnow developedto
a stagewherenew methodsareemerging,both in termsof

underlyingframeworksandlanguagescovered.Theseneed
to bebroughttogetherby meansof anew evaluationmetric
to preparethenew generationof stochasticparsing.

5. Workshop Programme

Theworkshopcomprisesthematicpapersfocussingon
benchmarkingof stochasticparsing,parserevaluation,de-
sign of annotationschemescovering different languages,
and different frameworks, as well as creation of high-
qualityevaluationcorpora.

Intendedasa forum for discussion,the workshoppro-
grammeconsistsof paper presentationswith discussion
sessionsanda panel,whereimportantresultsof thework-
shoparesummarizedanddiscussed.

In the final sessionwe intend to wrap-up,and plan a
kick-off initiative leadingto concreteactionplansandthe
creationof working groups,aswell asplanningfor future
coordination. To maintain the momentumof this initia-
tive we will work towardssettingup a parsingcompetition
basedon new standardevaluationcorporaandevaluation
metric.
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Abstract
We describeextensionsto a schemefor evaluatingparseselectionaccuracy basedon namedgrammaticalrelationsbetweenlemmatised
lexical heads.Theschemeis intendedto directly reflectthetaskof recoveringgrammaticalandlogical relations,ratherthanmorearbi-
trarydetailsof treetopology. Thereis amanuallyannotatedtestsuiteof 500sentenceswhichhasbeenusedby severalgroupsto perform
evaluations.Wearedevelopingsoftwareto createlargertestsuitesautomaticallyfrom existing treebanks.Weareconsideringalternative
relationalannotationswhichdraw aclearerdistinctionbetweengrammaticalandlogical relationsin orderto overcomelimitationsof the
currentproposal.

1. Intr oduction

We have developeda schemefor evaluatingparseselec-
tion accuracy basedon namedgrammaticalrelationsbe-
tweenlemmatisedlexical heads. The schemeis intended
to directly reflectthetaskof recoveringsemanticrelations,
ratherthanmorearbitrarydetailsof treetopology—aswith
the PARSEVAL scheme,which has beencriticised fre-
quently for the opaquerelationshipbetweenits measures
andsuchrelations(Carroll et al., 1998;Magerman,1995;
Srinivas,1997).Carrolletal. (1998)providemoredetailed
motivationandcomparisonwith otherextantschemes.

Carroll et al. (1999,2002in press)reportthe develop-
mentof a testsuiteof 500sentencesannotatedwith gram-
maticalrelations,thespecificationof therelations,andtheir
criteria of application. The setof namedrelationsareor-
ganisedas a subsumptionhierarchyin which, for exam-
ple, subj(ect)underspecifiesn(on)c(lausal)subj(ect).There
are a total of 15 fully specifiedrelations,however, many
of thesecanbe furthersubclassified;for example,subj re-
lationshave an initial-gr slot usedto encodewhetherthe
syntacticsubjectis logical object (as in passive) and for
othermarkedsubjects(suchasin locative inversion).Thus
a fully specifiedGR might look like (ncsubjmarrycouple
obj) to encodethesubjrelationin Thecoupleweremarried
in August, andthe GR annotationof eachsentenceof the
testsuiteconsistsof a setof GR n-tuples. Figure1 gives
the full setof namedrelationsrepresentedasa subsump-
tion hierarchy. The mostgenericrelationbetweena head
anda dependentis dependent.Wherethe relationshipbe-
tweenthe two is known more precisely, relationsfurther
down the hierarchycan be used,for examplemod(ifier)
or arg(ument).Relationsmod,arg mod,aux,clausal,and
their descendantshave slots filled by a type, a head,and
its dependent;arg mod hasan additional fourth slot ini-
tial gr. Descendantsof subj, andalsodobj have the three
slotshead,dependent,and initial gr. Relationconj hasa
typeslot andoneor moreheadslots. Thex andc prefixes
to relationnamesdifferentiateclausalcontrol alternatives.

Whentheproprietordies,theestablishmentshould
becomeacorporationuntil it is eitheracquiredby
anotherproprietoror thegovernmentdecidesto dropit.

(ncsubj die proprietor _)
(ncsubj become establishment _)
(xcomp _ become corporation)
(ncsubj acquire it obj)
(arg_mod by acquire proprietor subj)
(ncmod _ acquire either)
(ncsubj decide government _)
(xcomp to decide drop)
(ncsubj drop government _)
(dobj drop it _)
(cmod when become die)
(cmod until become acquire)
(cmod until become decide)
(detmod _ proprietor the)
(detmod _ establishment the)
(detmod _ corporation a)
(detmod _ proprietor another)
(detmod _ government the)
(aux _ become shall)
(aux _ acquire be)
(conj or acquire decide)

Figure2: Grammaticalrelationsampleannotation.

Figure 2 shows the GR encodingof a sentencefrom the
Susannecorpus.

The evaluationmetric usesthe standardprecisionand
recall and F� measuresover sets of such GRs. Car-
roll and Briscoe (2001) also make use of weighted re-
call and precision (as implementedin the PARSEVAL
software) to evaluatesystemscapableof returningn-best
sets of weighted GRs. The software makes provision
for both averagedscoresover all relations as well as
scoresby namedrelation. It also supportspartial scor-
ing in terms of non-leaf namedrelations which under-
specify leaf relations. The current specificationof the
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ncmod xmod cmod detmod

subj comp

ncsubj xsubj csubj obj clausal

dobj obj2 iobj xcomp ccomp

Figure1: Grammaticalrelationhierarchy.

schemealong with the test suite and evaluation soft-
ware (implementedin CommonLisp) is available from
http://www.cogs.susx.ac.uk/lab/nlp/carroll/greval.html

Evaluation of stochastic parsers using relational
schemessimilar to ourproposalis becomingmorecommon
(e.g.Collins, 1999;Lin, 1998;Srinivas,2000). However,
comparisonacrosssuchresultsis hamperedby thefactthat
thesetof relationsextractedis notstandardisedacrossthese
schemes,and it is clear that somerelations(e.g. that be-
tweendeterminersandheadnouns)aremucheasierto ex-
tract thanothers(e.g.control relationsin predicative com-
plements),ascanbe seen,for example,from the separate
anddivergentprecision/ recallresultsby namedrelationre-
portedby Carroll et al. (1999). This makes meaningful
comparisonof ‘headlineresults’ suchasmeanoverall F�
measuresvery hard. Our schemeattemptsto ameliorate
theseproblemsby supportingdifferent levels of granular-
ity within namedrelations(ncsubj/ csub/ xsubj � subj)and
encouragingnot only the reportingof overall meanpreci-
sion/ recallscores,but alsoseparatescoresfor eachnamed
relation.

In the restof this paperwe describeongoingefforts to
improve the evaluationschemeandenlarge the annotated
testsuite(s).

2. Divergentsystemoutput representations
Thereremainseveral infelicities in thecurrentschemethat
area consequenceof the methodof factoringinformation
intodistinctrelationswhich,in fact,still encodecomposites
of information. For example,a systemwhich clearly sep-
aratescategorial constituency and functional information,
suchasonebasedonLFG,mightchooseto mapF-structure
SUBJrelationsto subjin ourscheme.A moreconstituency
basedparsermight mapNPsimmediatelydominatedby S
andprecedinga VP to ncsubj,andSsin thesameconfigu-
rationto csubj.Superficiallythe lattersystemis extracting
moreinformationbecausetherelationnameencodescate-
gorialaswell asrelationalinformation.Thecurrentscoring
metricalsoassignsapenaltyto systemsthatdonot recover
fully-specified(leaf) relations.However, for eithersystem
to scorein the evaluationthe subj relationmost hold be-
tweenlemmatisedheadsof theappropriatetype,sothedis-
tinction betweenclausalandnon-clausalsubjectsis main-
tained in both, sinceclausalsubjectshave verbal heads.

On theotherhanda systemwhich systematicallyreturned
subj-or-dobj relations,asopposedto a leaf subjor obj one,
wouldclearlybelosingsignificantinformationpertinentto
recoveryof underlyinglogical relations.

Thereare many other casesof divergent encodingof
aspectsof categorialandfunctionalinformation:for exam-
ple,aLFG systemwill clearlydistinguishclausalandpred-
icative complementsat F-structurecorrespondingdirectly
to the xcomp/ ccompdistinctionin our relationalscheme.
However, a parserthat representssuch complementsas
clauses(Snodes)with or withoutanempty(PRO) NP sub-
ject, as in the PennWSJTreebank,would needto utilise
a more complex (non-local)mappingfrom tree topology
andnodelabelsto namedrelationsin orderto maintainthe
xcomp/ ccompdistinction.However, in thiscase,theeasier
underspecificationto compis genuinelysignificantsincein
eithercasethe relationwill hold betweenthesamelexical
(verbal)heads.

Thereare,in principle, two waysof dealingwith such
divergences.The first is to complicatethe mappingfrom
systemoutputto namedrelationssothat thespecificsetof
leaf relationsidentifiedin thecurrentschemeis recovered,
if it is deduciblefrom the total systemoutput. The sec-
ondis to modify thescoringmetricsothat informationally
insignificantunderspecificationis not penalised.In some
cases,suchastheLFG systemSUBJcasedescribedabove,
the latter stepwill be mucheasier. In the new versionof
the specificationandevaluationmeasure,we will attempt
to identify suchcasesandparameterisetheevaluationsoft-
ware to computescoresappropriately, as well asprovide
morespecificguidanceon mappingof namedrelationsto
theoutputof extantsystems.Thisshouldimprovethevalid-
ity of cross-systemevaluation. However, problemsof this
typearelikely to emerge for eachnew systemrepresenta-
tion considered,so this is likely to be an ongoingprocess
requiringjudgementon thepartof evaluatorscoupledwith
explicit descriptionof decisionsmadealongsidereported
socres.

Provision of a flexible software systemfor mapping
from parseroutput representationsto factoredrelational
onesmay alsoamelioratethis classof problems(seesec-
tion 5.). In particular, wherea specificchoiceof system
outputrepresentationnecessitatesamorecomplex mapping
to leaf relationsin our scheme,it would facilitatefair and
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feasiblecross-systemcomparisonif theevaluationscheme
providedsoftwarethatwould recover the namedleaf rela-
tionsfrom thesystemoutput.Onceagain,eachnew system
representationis likely to throw up new problemsof this
type, so flexible and easily parameterisablesoftware will
bemoreuseful.

3. Surface/ logical form divergence
The currentannotationschemeattemptsto stay close to
surfacegrammaticalstructure,while alsoencodingdiver-
gencefrom predicate-argumentstructure/ logical form. Di-
vergenceis currently encodedusing two distinct mecha-
nismsfor different typesof cases. Extra slots in named
relationsareusedto indicatesurface/ underlyinglogical re-
lation divergences,aswith subjdiscussedin section1. An
additionalrelation is usedfor coordination(conj) to indi-
catehow the conjunctionscopesover the individual con-
juncts.

Oneconspicuousareawherethe currentschemeis in-
adequateis with equative and comparative constructions,
which occurquitefrequentlyin the500sentencetestsuite.
Semantically, it is standardto treatmoreandas, etcasgen-
eralisedquantifiersover propositionsso that an example
like

GR evaluation is more/ as attractive than/ as
PARSEVAL

is represented(verycrudely)as

more (is-attr (GReval ), is-attr (PARSEVAL  ))
Thisexample,however, is annotatedby theGRs

(ncmod attractivemore)
(ncmodthanattractivePARSEVAL)

However, in general,the GR annotationof suchconstruc-
tionsis variablebecauseof thevariedsurfacesyntacticlo-
cationof more andas andalsobecauseof the optionality
of anddegreeof ellipsis in the than/ as constituent.Fur-
thermore,becauseof thedivergencebetweensurfaceform
andlogical form the currentannotationsgive little indica-
tion of whetherasystemwouldbecapableof outputtingan
appropriatelogical form. Replacingthecurrentannotation
with onecloseto the target logical form would undermine
the scheme,sincemostextantstochasticparserswould be
unableto generatesucha representation.

One alternative is to additionally annotatesuch con-
structionswith construction-specificnamedrelations.This
couldbebasedon theapproachto coordination,wherethe
namedrelation

(conj conj-typeconjunct-heads+)

is usedin additionto distributing the conjunctheadsover
multiple occurrencesof the relation over the coordinate
construction.Forcomparativesandequatives,wecouldadd
arelationlike

(compequas/more/...attractiveGReval PARSEVAL)

encodingthetypeof comparison,thepredicateof compar-
ison,andtheargumentsto thispredicate.

There are undoubtedlyfurther constructions,beyond
coordinationandcomparatives/ equativesthat merit some
such treatment. The advantage of adding additional
construction-specificnamedrelationsthatencodethesame
phenomenafrom differentperspectivesis thattheresulting
annotationwill supporta gradedandfine-grainedevalua-
tion of the extent to which a specificsystemcan support
recovery of underlying logical form/ predicate-argument
structurein additionto surfacegrammaticalrelations.The
disadvantageof this approachis that the schemeis likely
to becomemorecomplex, andthusits recovery from any
specificparserrepresentationmoretime-consuming.In ad-
dition, the encodingof the underlyinglogical relationsin
theGR schemehasalreadyspawnedtwo divergentmecha-
nisms,andmaywell requiremore.

4. MRS-styleannotation scheme

A secondandmorecomplex but potentiallymorethorough
approachto theissueof surface/ logical form divergenceis
to bleachthecurrentGRschemeof all attemptsto represent
suchmismatchesandinsteaddefinea factoredandunder-
specifiedsemanticannotationschemeto beusedin tandem
with GR annotation.Theapproachto underspecifiedlogi-
calrepresentationdevelopedby Copestakeetal. (2001)can
be extendedto allow semanticsto be underspecifiedto a
muchgreaterdegree. In this extensionof minimal recur-
sion semantics(MRS), a Parsons-stylenotation(Parsons,
1990)is used,with explicit equalitiesrepresentingvariable
bindings.For instance,from

Thecouplewere married.

aparticularparsingsystemmight return

(ARGN u1 u2)
(marryu3)
(coupleu4)

However, thefully specifiedtestsuiteannotationwould be

(ARG2e1x4)
(marrye2)
(couplex3)
e1=e2
x3= x4

whereARG2is formally aspecialisationof ARGN,andthe
equalitiesandvariablesortsalsoaddinformation.

Potentially, this would allow us to dispensewith com-
plicationslike init-gr fields in the GR annotationandpro-
vide a principled basisfor a gradedevaluationof the re-
covery of logical form. The disadvantageover the fur-
therextensionof the existing schemeis that two stagesof
extraction from specificsystemoutput are now required,
thematchingoperationsandscoringmetricsbecomemore
complex, and the ability to do a gradedevaluationof re-
covery of both grammaticaland logical relationsmay be
somewhatundermined.
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try
{

while (dd)
{

String s = readWord(W);
setS += 1;

if (c==0) dd = false;

if (s.equals("S"))
{

if (domprecedes("S", "NP",
"VP", setS))

{ String head = mainverb(setvp);
String dependent =

righthead("NP", "N-", setnp);
String objslot =

ispassive(setvp);
System.out.println(

"(ncsubj " + head + "
" + dependent + "
" + objslot + ")");

}
}

}
}

Figure3: Thencsubjextractionclass.

5. Enlarging and impr oving the test suite(s)

Thecurrenttestsuiteof 500sentencesis toosmall,but was
still labour-intensive to createsemi-automatically. Conse-
quently, it containsa numberof inadequacies:tokenisation
of multiwordsis somewhatarbitrary, somerelationswhich
shouldbeincludedaresystematicallyomitted(e.g.predica-
tive XP complementsof be have not beenannotatedwith
their controlledsubjects),quotationmarkshave beensys-
tematicallyremoved, and so forth. The next releasewill
attemptto remove theseinadequacies.However, it is clear
thatwe alsoneeda methodfor annotatingmuchmoredata
efficiently. To this endwe have beendevelopinga generic
system,implementedin JAVA, that canbe appliedto ex-
isting treebanksto extract relationalinformation(Graham,
2002).Thissystemcan,in principle,extractGRsin thecur-
rent or relatedschemes,or even (possiblyunderspecified)
MRSs. It can be parameterisedfor different extant tree-
banks,suchasPennTreebank-IIor Susanne,andrequires
a setof declarative rulesexpressedin termsof treetopol-
ogy andnodelabelsfor eachnamedrelation. The system
hasbeendesignedto processlabelledtreeslookingfor rela-
tionsdefinedultimatelyin termsof (immediate)dominance
and(immediate)precedenceefficiently. It hasbeentested
on a subsetof GRs,concentratingparticularlyon the subj
sub-hierarchy. A fragmentof theclassfor ncsubjencoding
relevantconstraintsis shown in Figure3, giving a senseof
thedegreeof parameterisationrequiredfor differentrepre-
sentations.Runningafirst prototypeof theGRextractoron
the 30 million word automaticallyannotatedWSJBLLIP
corpusdistributedby the LDC resultsin estimatedrecov-
ery of 86%of ncsubjanddobj relationswith a precisionof
84%, taking around3 hoursCPU time on standardhard-

ware.
This systemwill facilitaterapidautomaticconstruction

of relational annotationaccordingto specifiedinput and
outputscheme(s)up to the limit of what is currently rep-
resentedin treebanksandsystemoutput. Our longerterm
planis to makethissoftware,andanumberof rulesetsim-
plementedin it, availableaspartof theevaluationscheme.
This shouldfacilitateboththeconstructionof testdataand
themappingof systemoutputto therequiredformat.

6. Conclusions
Relationalschemesfor parserevaluationaregainingin pop-
ularity over the exclusive use of PARSEVAL or similar
tree topologybasedmeasures.We hopethat the ongoing
work reportedherewill facilitatefurthercross-systemand
within-systemrelationalevaluation.To thisend,wearede-
velopingtestsuitesandsoftware to supportflexible map-
ping from systemandtreebankoutputto relationalencod-
ings of grammaticalandunderlyinglogical relations,and
actively seekingfeedbackfrom the communityon weak-
nessesof ourcurrentencodingschemeandevaluationmea-
suresanderrorsin our currenttestset.
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Abstract
Quantitative evaluationof parsershastraditionallycenteredaroundthe PARSEVAL measuresof crossingbrackets,(labeled)precision,
and(labeled)recall. However, it is well known thatthesemeasuresdo not give anaccuratepictureof thequality of theparser’s output.
Furthermore,wewill show thatthey areespeciallyunsuitedfor partialparsers.In recentyears,researchhasconcentratedondependency-
basedevaluationmeasures.Wewill show in thispaperthatsuchadependency-basedevaluationschemeis particularlysuitablefor partial
parsers.TüBa-D,thetreebankusedherefor evaluation,containsall thenecessarydependency informationsothattheconversionof trees
into adependency structuredoesnothave to rely on heuristics.Therefore,thedependency representationsarenotonly reliable,they are
alsolinguisticallymotivatedandcanbeusedfor linguistic purposes.

1. Intr oduction
Quantitativeevaluationof parsershastraditionallycen-

teredaroundthe PARSEVAL measuresof crossingbrack-
ets,(labeled)precision, and (labeled)recall (Black et al.,
1991). However, it is well known that thesemeasuresdo
not give an accuratepictureof the quality of the parser’s
output(cf. ManningandScḧutze(1999)),e.g.in casesof at-
tachmenterrors.Additionally, many phenomenalike nega-
tion or unarybranchesareignoredin theoriginalmeasures
in order to allow a comparisonbetweenparsersthat use
incompatiblegrammars. For this reason,researchin re-
centyearshasconcentratedon dependency-basedevalua-
tion measures(cf. e.g. Lin (1995), Lin (1998)). We will
show in thispaperthatsuchadependency-basedevaluation
schemeis particularly suitablefor partial parserssinceit
doesnot leadto disproportionatelyhigh lossesin precision
andrecall for partialparses.Furthermore,thedependency
representationsarenot only reliable,they arealsolinguis-
tically motivatedand can be usedfor linguistic purposes
sincethetreebankusedherefor evaluationcontainsall the
necessarydependency information.

2. Deficienciesof Constituency-Based
Precisionand Recall

It is a well known fact that the PARSEVAL measures
do not alwaysgive an accuratepictureof the quality of a
parser’s output. Carroll andBrisoce(1996), for example,
note that the crossingbrackets measureis too lenient in
caseof errorsinvolving the disambiguationof arguments
andadjuncts,which in somecasesare not recognizedas
errors.The failure to attacha constituentwhich shouldbe
embedded# levels deepleadsto # crossingerrors,while
this constituentmay not be very importantto the overall
structure.ManningandScḧutze(1999)show that this be-
havior is mirroredin precisionandrecall: If aconstituentis
attachedvery high in a complex right branchingstructure,
but the parserattachedit at a lower point in the structure,

bothprecisionandrecallwill begreatlydiminished.An ex-
ampleof sucha parsingerror for thesentence“ich nehme
denZug nachFrankfurtanderOder” (I will take the train
to Frankforton theOder)is shown in Figure11. Therethe
prepositionalphrase“an derOder” is erroneouslygrouped
asanadjunctof theverbinsteadof beingattachedasapost-
modifier to the nounphrase“nach Frankfurt” (cf. the fol-
lowing sectionfor a descriptionof theannotationscheme).
Thecorrecttreeis shown in Figure2. WhenusingthePAR-
SEVAL measures,theoutputof theparsershown in Figure
1 resultsin $&%('($*),+.-0/21 35476 recall2 and $*%7'($849+;:<)=1 )5)76
precision,theonly errorbeingthewrongattachmentof the
lastprepositionalphrase.

Thesamebehavior canbeobservedwhentheparserat-
tachesaconstituentveryhigh in acomplex right branching
structureinsteadof very low, or if theconstituentis not at-
tachedat all. The latter is often thecasefor chunkparsers
(Abney, 1991; Abney, 1996) or partial parsers(cf. e.g.
Aı̈t-MokhtarandChanod(1997)).Theseparsersgenerally
aim at annotatingonly partial, reliably discoverabletree
structures,i.e. basephrasesand clausalstructures. Post-
modificationsaregenerallynot attachedsincethis decision
cannotbe taken reliably basedon very limited local con-
text. TüSBL(KüblerandHinrichs,2001a;KüblerandHin-
richs, 2001b),e.g., a similarity-basedparserfor German,
annotatessyntacticstructuresincludingfunction-argument
structurein a two-level architecture:in the first phase,a
deterministicchunkparser(Abney, 1996) is usedto anal-

1All syntactictreesshown in this paperfollow thedataformat
for treesdefinedby theNEGRAprojectof theSonderforschungs-
bereich378at theUniversityof theSaarland,Saarbr̈ucken. They
wereprintedby the NEGRA graphicalannotationtool Annotate
(BrantsandSkut,1998;Plaehn,1998).

2Contraryto the original PARSEVAL measures,we do count
theroot nodeaswell sincethereexist differentroot nodesin the
annotationscheme,and thereare caseswhen a sentencein the
treebankis annotatedwith more than one tree (e.g. interjective
utterances).
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Figure1: Wrongattachmentof theprepositionalphrase“an derOder”.
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Figure2: Correctattachmentof theprepositionalphrase“an derOder”.

ysemajorsyntacticconstituentssuchasnon-recursivebase
phrasesand simplex clauses. As a consequence,depen-
dency relationsbetweenindividual chunks,suchasgram-
maticalfunctionsor modificationrelations,within a clause
remainunspecified.In thesecondstep,theattachmentam-
biguitiesareresolved,andthepartialannotationof thefirst
stepare enrichedby dependency information. A typical
output of this phaseis shown in Figure 3. The second
phaseof analysisis basedon a similarity-basedmachine
learningapproach,whichusesasimilarity metricto retrieve
themostsimilarsentenceto theinputsentencefrom thein-
stancebaseandadaptstherespective treeto the input sen-
tence. (For a more detaileddescriptionof the algorithm
cf. Kübler andHinrichs (2001a)andKübler andHinrichs
(2001b).)Theparseris designedto preferpartialanalyses
over uncertainones. In somecases,this strategy leadsto
unattachedphrases,mostly at the endof sentences,which
resultsin high lossesin precisionandrecall. We therefore
proposeto useadependency-basedevaluationasdescribed
by Lin (1995)andLin (1998),in which boththegold stan-
dardandtheparser’soutputaretransformedinto dependen-
ciesandthencomparedonthebasisof dependenciesrather
thanon thebasisof theconstituentstructure.

3. The TüBA-D Treebank

The dependency-basedevaluation was basedon the
GermancorpusTüBa-D (Stegmannet al., 2000; Hinrichs

et al., 2000a;Hinrichset al., 2000b),which consistsof ap-
proximately38,000syntacticallyannotatedsentences.For
this treebank,a theory-neutralandsurface-orientedannota-
tion schemehasbeenadoptedthatis inspiredby thenotion
of topologicalfields– in thesenseof Herling (1821),Erd-
mann(1886),Drach(1937),Reis(1980),andHöhle(1985)
– andenrichedby a level of predicate-argumentstructure,
which guidesthe conversioninto dependencies.The lin-
guistic annotationspertainto the levels of morpho-syntax
(part-of-speechtagging) (Schiller et al., 1995), syntactic
phrasestructure,andfunction-argumentstructure.

The treestructurecontainsdifferenttypesof syntactic
informationin the following way: As the primarycluster-
ing principlethetheoryof topologicalfields(Höhle,1985)
is adopted,whichcapturesthefundamentalwordorderreg-
ularitiesof Germansentencestructure.In verb-secondsen-
tences,the finite verb constitutesthe left sentencebracket
(LK) andtheverbcomplex theright sentencebracket(VC).
This sentencebracket dividesthesentenceinto thefollow-
ing topologicalorderof fields: initial field (VF), LK, mid-
dle field (MF), VC, final field (NF). This structuringcon-
ceptin additionfavorsbracketingsthatdonotrely oncross-
ing branchesand tracesto describediscontinuousdepen-
dencies.

Below this level of annotation,i.e. strictly within the
boundsof topologicalfields, a phraselevel of predicate-
argumentstructureis establishedwith its own descriptive
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Figure4: Thedependency structureof thetreein Figure3. Thecrossingdependency is shown in gray.

inventorybasedon a minimal setof assumptionsconcern-
ing constituenthood,phraseattachment,and grammatical
functions that have to be capturedby any syntacticthe-
ory: nodesare labeledwith syntacticcategorieson four
different levels of annotation(sentencelevel, field level,
phraselevel, andlexical level), edgesdenotegrammatical
functionson the phraselevel (i.e. immediatelybelow the
topological fields) and head/non-headdistinctionswithin
phrases.The integratedconstituentanalysiswith its infor-
mationaboutgrammaticalfunctionsensuresthattheresult-
ing dependency structuresarelinguistically motivatedand
canalsobeusedfor linguistic purposes.

An exampleof sucha treefor thesentence“wir müssen
ja nocheinenBerichtabfassen̈uberdieseReisenachHan-
nover” (we still needto write a report on this journey to
Hanover) is shown in Figure3 (for moreinformationabout
theannotationschemecf. Stegmannet al. (2000)).

Two specificedgelabelsdenotewhethera constituent
hasthe function of a head(HD), e.g. a phrase(NX, PX,
ADJX, ADVX, VXFIN, VXINF), or a non-head(-), e.g.
a determineror a modifier attachedto a phrase. On any
annotationlevel, thereis at mostonehead.The headof a
sentencestructure(e.g.SIMPX) is alwaysthe finite verb,
which can be found in the left sentencebracket (LK). If
thereis no LK, the headis representedby the finite verb
in theverbcomplex (VC). In coordinations,eachconjunct
dependson theheadof thewholeconstruction.Therefore,
conjunctsaredenotedwith thenon-headedgelabel.

The constituentsbelow the topological fields are as-
signedgrammaticalfunctions. A subsetof the edgelabel
setconsistsof labelsdenotingthegrammaticalfunctionof
complementsandmodifiers,which dependon the headof
thesentence.Anothersubsetconsistsof labelsdetermining

long distancedependenciesamongthesecomplementsor
modifiersaswell asbetweenconjunctsof split-upcoordi-
nations.

In Figure3, e.g.,thefirst constituentis markedassub-
ject (ON), thefinite verbis thehead(HD), thetwo adverbs
aremodifiers(MOD), and the secondnounphraserepre-
sentsthedirectobject(OA). Theconstituentfollowing the
verbcomplex modifiesthedirectobject(OA-MOD). Since
theannotationschemefor the TüBa-Dtreebankfacilitates
atheory-neutralandsurface-orientedrepresentationof syn-
tactic trees, this long distancerelation is marked by the
label OA-MOD (modifier of the accusative object)which
refersto OA (accusative object) in the sametree; instead
of using crossingbranchesand traces. This shows that
longdistancedependencies,which canevengo beyondthe
borderof topologicalfields, areencodedby specialnam-
ing conventionsfor edgelabels. Unambiguousedgela-
bels, referring to exactly one non-adjacentconstituentin
the sametree,areusedeither for long distancemodifica-
tions (X-MOD) like in theexampleabove or for the right-
mostconjunctof split-upcoordinations(XK) (for anexam-
ple cf. Figure5). In both patterns,X is a variablefor the
grammaticalfunctionof theconstituentto which it refers.

4. Converting TüBa-D into Dependencies
For TüBa-D,theconversionof theconstituentstructure

intodependenciesis in generaldeterminedby thehead/non-
headdistinctionin the tree. The dependency relationsare
labeledwith the functional labels of the governedcon-
stituents.Using thesestrategies,the treeshown in Figure
3 is convertedinto the dependency structurein Figure 4.
Here,thenounphrase“einenBericht” is convertedinto one
dependency relation,whichdenotesthatthenoun“Bericht”
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Figure6: Thedependency structureof thetreein Figure5.

governsthearticle“den”.
It is evidentthat thedependency structurecontainstwo

differenttypesof dependencies:head/non-headdependen-
cies within phrases(-) and dependenciesfrom the finite
verb, i.e. from the headof the clause,to its complements
andadjuncts,which are labeledby the grammaticalfunc-
tions of the governedconstituents(ON, MOD, OA, OV).
This is why e.g.thedirectobject“einenBericht” is repre-
sentedasadependentof themodalverb“müssen”although
it constitutesanargumentof theembeddedmainverb“ab-
fassen”.However, the dependency relationsamongthe fi-
nite verb and the (possiblymultiple) infinite verbsis ex-
plicitly annotatedin the syntacticandthereforein the de-
pendency structure. And sinceinformation aboutclausal
boundariesis presentin the trees, even in this surface-
orientedstructure,thepredicate-argumentstructurecanbe
recovered.

Thelong-distancedependency betweenthedirectobject
andits modifying prepositionalphrasewasmodeledin the
syntactictreeby the function label “OA-MOD” insteadof
by the attachmentof the prepositionalphraseto the direct
objectbecausethe latterwould have resultedin a crossing
branch. In thedependency structure,this restrictionis sus-
pended,and the dependency is explicitly marked andhas
now resultedin crossingdependencies.Notethatthis is the
only typeof phrase-internaldependency that is not labeled
by the head/non-headdistinction but by unambiguousla-
belswhich denotetheir specificreference.

Sinceheadinformation is presenton all levels for the
majorityof constituents,specificdecisionsfor determining
dependency haveto betakenonly in thefew caseswhende-
pendency relationsarenot clearlydefinedin thetreestruc-
ture,i.e. for thefollowing syntacticphenomena:

1. Conjunctionswithin coordinationsdo not dependon
the headof the whole construction. Therefore,they

areattachedto the conjuncton their right handside.
An exampleof suchacoordinationis shown in Figure
5, the correspondingdependency structurein Figure
6. Here,thethird conjunctis positionedaftertheverb
complex andthusis assignedthelabel“OAK”.
Similar constructionswith a prepositioninsteadof a
conjunctionlike“der achtebisneunte”(theeighthun-
til the ninth) are treatedin the sameway. In order
to stresstheidenticalsyntacticstatusof conjuncts,all
conjunctsdependon theheadgoverningthecoordina-
tion. This analysisis in contrastto Lin (1998),who
relieson the SingleHeadAssumptionandproposesa
dependency relationbetweenthe first andthe second
conjunct.

2. Sentence-initialcoordinative particlessuchas “und”
(and)or “oder” (or) in the KOORD-fielddependon
theheadof thesentence.

3. The annotationof prepositionalphrasesin the syn-
tactic treesis basedon the principlesof Dependency
Grammar(Heringer, 1996);therefore,thenounphrase
constitutesthe head. For an exampleof the depen-
dency structureof aprepositionalphrasecf. thephrase
“nach Hannover” in Figure 4. Circumpositionsand
postpositionsaretreatedsimilarly.

4. The single elementsof propernames,split cardinal
numbers,thespellingof words,andcomplex conjunc-
tionsin theC-field,e.g.“so daß”(sothat),areattached
onthesamelevel carryinganon-headedgelabelto in-
dicatethatthereis noobviousdependency relationbe-
tweenthem.Therefore,they aretreatedlikeconjuncts
in coordinations.

5. A heuristicanalysishasto beappliedwhenlong dis-
tancerelationsareunderspecified– a MOD-MOD la-
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Figure8: Resolveddependenciesfor ambiguouslong-distancemodifiers.Thecrossingdependency is shown in gray.

bel (modifier of a modifier), e.g., may refer to one
of several modifiersin the sentence,suchas for the
sentence“heutemüssenwir um fünfzehnUhr wieder
nachFrankfurtfliegen” (todaywe needto fly againto
Frankfort) in Figure7. Here,the long-distancemod-
ifier MOD-MOD might modify the V-MOD “heute”
or theV-MOD “nachFranfurt”. A closeinspectionof
suchambiguoussentencesin TüBa-Drevealedthatin
a majority of all cases,the MOD-MOD label refers
to the first V-MOD in the clause,or the first MOD if
thereis noV-MOD present.Exceptionsto thisruleare
MOD-MODs in resumptiveconstructions,whichgen-
erally referto themodifierin theVF. AmbiguousOA-
MODs generallyreferto theclosestOA in theclause.
By applying theseheuristics,the ambiguitiesare re-
solvedin thedependency structure,asshown in Figure
8 for thesyntactictreein Figure7.

5. Dependency-BasedParser Evaluation
Lin (1998)proposedaprocedurefor convertingsyntac-

tic treesfrom thegoldstandardandfrom theparserinto de-
pendency structures.From thesestructures,precisionand
recallarecalculated.

Anothersimilar evaluationprocedurewassuggestedby
Srinivasetal. (1996),they first converthierarchicalphrasal
constituentsinto chunks,andthencomputethe dependen-
ciesbetweenthesechunks.This is a valid approachfor the
Penntreebankannotationstyle,which assumesa complete
flat annotationof complex nounphrasessuchasnouncom-
pounds.Parsersbasedonmanuallydevelopedrulestendto
assignmoreinternalstructureto suchnounphrases,which
leadsto decreasedprecision.Reducingsuchphrasesto flat
chunksalleviatesthisproblemof comparingthesedifferent
structures.TheTüBa-Dannotations,however, assignmore
complex, non-trivial structuresto complex noun phrases.

Usingthemethodof Srinivaset al. (1996)would therefore
leadto a significantlossin information. Additionally, the
flatteningof phrasesinto chunksmight introduceerrorsin
thedatain suchcases,in which theconversioninto chunks
is not obvious,suchasfor thenounphrase“wichtige Kon-
ferenzenund Besprechungen”in the sentence“da haben
wir nochwichtige Konferenzenund Besprechungen”(we
still have important conferencesand businessmeetings)
shown in Figure9.

Basili etal. (1998)developedasimilarapproachfor the
Italian language.But insteadof parsinga sentencecom-
pletely andthenreducingthis parseto chunksanddepen-
denciesbetweenchunks,Basili et al. applya chunkparser
combinedwith a modulethat calculatesdependenciesbe-
tweenthesechunks. For this approach,the samerestric-
tionshold asfor theevaluationprocedureof Srinivaset al.
(1996).

Theevaluationmethodpresentedhereis basedonLin’s
(Lin, 1998)approach.Following Lin’s procedure,we first
convert both thegold standardtreeandtheparser’s output
into dependency structuresandcomparetheseby applying
(labeled)precisionand(labeled)recallto thesedependency
structures.

TüSBL’s analysesdependheavily on the syntactically
annotatedsentencescontainedin the instancebase. It is
thereforedifficult to give examplesof errors for specific
sentencesor linguistic phenomena.It is, however, possi-
ble to characterizethe typical behavior of the parserand
give typical examplesof errors.

Attachment errors. Attachmenterrors as describedin
Section1. arenot very commonfor TüSBL.SinceTüSBL
usesthe completesentenceascontext to retrieve the most
similar tree, it either finds the correct spanninganalysis
or it doesnot attachall constituents. In the few cases
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Figure10: Thedependency structureof thetreesin Figure1 and2. Thewrongattachmentis shown asadottedarcwhereas
thecorrectattachmentis shown asadashedarc.

whereattachmenterrorsareintroducedby incorrectadap-
tations of the retrieved treesor in caseswhen a wrong
tree is found as the most similar one, the parsersevalua-
tion basedon constituentssuffers from thesameproblems
asdecribedin Section2. above. The parser’s outputcon-
taining the wrong attachmentin Figure1 would result in
$&%('($*)[+\-0/=1 37456 recall and $&%('($*4[+]:<)21 )<)(6 precision
when using a constituent-basedevaluationscheme. The
dependency structureof the wrong andthe correctattach-
ment is shown in Figure10. With the dependency-based
evaluation,bothprecisionandrecallwouldbecalculatedas-<'^:_+`:7-a1 b<%76 .

Coordination. Coordinationphenomenaare in general
verydifficult to treatwith deterministicpartialparserssince
this typeof parsersneedsto makethedecisiononthescope
of a coordinationearly on when there is not enoughin-
formationavailable. Two examplesof coordinationcanbe
foundin Figure11. For bothcases,TüSBLwould typically
retrieve thesetreesbut not be able to attachthe conjunc-
tion andthesecondconjunct,asshown in Figure12 for the
secondexample. For the first example,“am siebtenund
achten”(on theseventhandtheeighth),this would leadto
45'0cd+eb^%=1 %5%76 recalland 47'0)9+f/5/21 /7-56 precision.For the
secondexample,“das wäreMittwoch der dritte und Don-
nerstagder vierte August” (that would be Wednesdaythe
third andThursdaythe fourth of August),recall would be37'a$*4_+`-<ba1 %<%76 andprecision37'($5$g+`:2$51 :7456 . If theeval-
uationis basedon dependencies,TüSBL’s analysiswould
deviate from the gold standardby the missingdependen-
ciesof theconjunctionandthesecondconjunct.Therefore,
recallwould be $8'^)h+i)5)21 )<)76 , for thefirst example,and-<'^3_+;-<-a1j-^:76 for thesecondexample.Precisionwouldbe$8'a$k+i$*%<%(6 for thefirst exampleand -<'5-d+.$*%<%(6 for the
secondexample.

Anotherproblematiccoordinationphenomenonconsti-

tutesplit-upcoordinationssuchasin thesentence“dasHo-
tel hatsogarein Schwimmbadundein Solariumdabeiund
einenFitnessraum”(the hotel even hasa swimming pool
and a tanning booth – and a fitnessroom) in Figure 5.
A typical error that might occur when parsingsuchsen-
tenceswith TüSBL is that thesplit-upconjunct“und einen
Fitnessraum”would not be attached. This would result
in $845'a$lcm+n:7ba1o-($86 recall and $*47'($*)p+q35421 )=$86 preci-
sion. The evaluationbasedon the dependency structure
shown in Figure 6 leadsto $<$8'a$*4m+r32$51 /(-<6 recall and$5$8'($5$s+i$&%5%76 precision.

The comparisonshows that dependency-basedrecall
tendsto suffer lessthanconstituent-basedrecall sincethe
unattachedpart of the coordinationdoes not contribute
to errors on higher levels, such as the MF and SIMPX
in the secondexample, which are in principle correct.
Dependency-basedprecision,on the otherhand,doesnot
dependon the level of embeddingof thecoordinationsbut
only on the numberof conjunctsthat were correctly at-
tached.

Unattached phrases. The failure to attachconstituents
at the endof an input sentenceis the mostcommonerror
typewhenevaluatingpartialparsers.It is generallypartof
thedesigndecisionsto preferpartialanalyseswhichcanbe
gainedwith asmallamountof effort but whichwill becor-
rect in a majority of casesto completeanalyseswhich in-
volvea high degreeof manuallaboranda highererrorrate
for attachmentdecisions.A typical analysisof TüSBL for
the input sentence“wir müssenja nocheinenBericht ab-
fassen̈uberdieseReisenachHannover” would be similar
to thetreein Figure3; onepossibleerrormight bethat the
lastPX (“nachHannover”) couldnotbeattachedto theNX
(“dieseReise”). Thus, the NX node513 would be miss-
ing, andthe PX node514 would thenimmediatelydomi-
natetheNX node506.UsingthePARSEVAL measures,this
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Figure12: Thedependency-basedrepresentationof thesecondexamplein Figure11. TüSBL’sanalysisis shown in black,
themissingdependenciesin gray.

error would result in $*)7'a$8-u+v-^/21 c(-<6 labeledrecall and$&)('($*/w+x:2$51 45b56 labeledprecision.Theevaluationbased
on the dependency structurewould give $&%('($5$y+z3<%21 3<%(6
labeledrecalland $*%7'($*%h+{$*%<%(6 labeledprecision.Con-
sideringthatonly theattachmentof thefinal PX is missing
and that the analysisof the sentenceis otherwisecorrect
andcomplete,the latterfiguresgive a betterpictureof the
qualityof thepartialparse.

6. Conclusion
We haveshown thatthePARSEVAL measuresdo not al-

low a suitableevaluationof partial parsers. If the evalu-
ation is basedon constituency, missinginformationin the
partialparsesleadsto precisionandrecallerrorsin several
constituents,andthelossesin bothmeasuresaredispropor-
tionatelyhigh. We thereforeproposeda dependency-based
evaluation.TüBa-D,thetreebankusedhere,containsall the
necessarydependency informationsothattheconversionof
treesinto a dependency structuredoesnot have to rely on
heuristics. Therefore,the dependency representationsare
not only reliable,they arealsolinguistically motivatedand
canbeusedfor linguistic purposes.Usingthesestructures
for evaluationensuresthatmissinginformationwill notde-
creasethe evaluationmeasuresdisproportionately, which
allowsa moresuitableevaluationof partial information.
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Abstract
TheLinGO Redwoodsinitiative is a seedactivity in thedesignanddevelopmentof a new typeof treebank.A treebankis a (typically
hand-built) collectionof naturallanguageutterancesandassociatedlinguistic analyses;typical treebanks—asfor examplethe widely
recognizedPennTreebank(Marcus,Santorini,& Marcinkiewicz, 1993),thePragueDependency Treebank(Hajic, 1998),or theGerman
TiGer Corpus(Skut,Krenn,Brants,& Uszkoreit, 1997)—assignsyntacticphrasestructureor tectogrammaticaldependency treesover
sentencestakenfrom anaturally-occuringsource,oftennewspapertext. Applicationsof existingtreebanksfall into two broadcategories:
(i) useof anannotatedcorpusin empiricallinguisticsasa sourceof structuredlanguagedataanddistributionalpatternsand(ii) useof
thetreebankfor theacquisition(e.g.usingstochasticor machinelearningapproaches)andevaluationof parsingsystems.
While severalmedium-to large-scaletreebanksexist for English(andsomefor othermajorlanguages),all pre-existingpublicly available
resourcesexhibit thefollowing limitations: (i) thedepthof linguistic informationrecordedin thesetreebanksis comparatively shallow,
(ii) thedesignandformatof linguistic representationin thetreebankhard-wiresa small,predefinedrangeof waysin which information
canbe extractedfrom the treebank,and(iii) representationsin existing treebanksarestaticandover the (often year- or decade-long)
evolutionof a large-scaletreebanktendto fall behindtheoreticaladvancesin formal linguisticsandgrammaticalrepresentation.
LinGO Redwoodsaimsat the developmentof a novel treebankingmethodology, (i) rich in natureanddynamicin both (ii) the ways
linguistic datacan be retrieved from the treebankin varying granularityand (iii) the constantevolution and regular updatingof the
treebankitself, synchronizedto thedevelopmentof ideasin syntactictheory. Startingin October2001,theprojectis aimingto build the
foundationsfor thisnew typeof treebank,developabasicsetof toolsrequiredfor treebankconstructionandmaintenance,andconstruct
an initial setof 10,000annotatedtreesto be distributedtogetherwith the tools underan open-sourcelicense. Building a large-scale
treebank,disseminatingit, andpositioningthe corpusasa widely-acceptedresourceis a multi-yeareffort; the resultsof this seeding
activity will serve asa proof of conceptfor thenovel approachthat is expectedto enabletheLinGO groupat CSLI bothto disseminate
theapproachto thewider academicandindustrialaudienceandto secureappropriatefunding for the realizationandexploitationof a
largertreebank.Thepurposeof publicationat this earlystageis three-fold:(i) to encouragefeedbackon theRedwoodsapproachfrom
a broaderacademicaudience,(ii) to facilitateexchangewith relatedwork at othersites,and(iii) to invite additionalcollaboratorsto
contributeto theconstructionof theRedwoodstreebankor startits exploitationasearly-accessversionsbecomeavailable.

1. Why Another (Type of) Treebank?

For the pastdecadeor more, symbolic, linguistically
oriented methods(like those pursuedwithin the HPSG

framework; seebelow) andstatisticalor machinelearning
approachesto NLP have typically beenperceived as in-
compatibleor evencompetingparadigms;theformer, more
traditionalapproachesareoftenreferredto as‘deep’ NLP,
in contrastto thecomparatively recentbranchof language
technologyfocussingon ‘shallow’ (text) processingmeth-
ods. Shallow processingtechniqueshave produceduseful
resultsin many classesof applications,but havenotmetthe
full rangeof needsfor NLP, particularlywhereprecisein-
terpretationis important,or wherethevarietyof linguistic
expressionis large relative to the amountof training data
available.Ontheotherhand,deepapproachesto NLP have
only recentlyachieved broadenoughgrammaticalcover-
ageandsufficient processingefficiency to allow theuseof
HPSG-type systemsin certaintypesof real-world applica-
tions.Fully-automated,deepgrammaticalanalysisof unre-
strictedtext remainsanunresolvedchallenge.

In particular, applicationsof analyticalgrammarsfor
naturallanguageparsingorgenerationrequiretheuseof so-
phisticatedstatisticaltechniquesfor resolvingambiguities.

Weobservegeneralconsensusonthenecessityfor bridging
activities, combiningsymbolic and stochasticapproaches
to NLP; also,the transferof HPSG resourcesinto industry
hasamplified the needfor generalparseranking, disam-
biguation,androbustrecoverytechniqueswhichall require
suitablestochasticmodelsfor HPSG processing.While we
find promisingresearchin stochasticparsingin an num-
berof frameworks,thereis a lack of appropriatelyrich and
dynamiclanguagecorporafor HPSG. Likewise,stochastic
parsinghasso far beenfocussedon IE-type applications
andlacksany depthof semanticinterpretation.The Red-
woodsinitiative is designedto fill in thisgap.

Most probabilisticparsingresearch—including,for ex-
ample,work by by Collins (1997),Charniak(1997), and
Manning and Carpenter(2000)—is basedon branching
processmodels(Harris, 1963). An important recentad-
vancein this areahasbeenthe applicationof log-linear
models (Agresti, 1990) to modeling linguistic systems.
Thesemodelscandealwith themany interactingdependen-
ciesandthestructuralcomplexity foundin constraint-based
or unification-basedtheoriesof syntax(Johnson,Geman,
Canon,Chi, & Riezler, 1999). The availability of even a
medium-sizetreebankwould allow us to begin exploring
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theuseof thesemodelsfor probabilisticdisambiguationof
HPSG grammars.At thesametime, otherresearchershave
startedwork onstochasticHPSG (orareaboutto),somepur-
suingunsupervisedapproaches,but in many casesusingthe
samegrammaror at leastthe samedescriptive formalism
andgrammarengineeringenvironment.Theavailability of
a reasonablylarge, hand-disambiguatedHPSG treebankis
expectedto greatly facilitatecomparabilityof resultsand
modelsobtainedby variousgroupsand,eventually, to help
definea commonevaluationmetric.

2. Background

The LinGO Projectat CSLI hasbeenconductingre-
searchanddevelopmentin Head-Driven PhraseStructure
Grammar(HPSG; Pollard & Sag, 1994) since 1994. In
closecollaborationwith internationalpartners—primarily
from Saarbr̈ucken(Germany), Cambridge,Edinburgh,and
Sussex (UK), andTokyo (Japan)—theLinGO Projecthas
developedabroad-coverage,preciseHPSG implementation
of English(the LinGO EnglishResourceGrammar, ERG;
Flickinger, 2000),aframework for semanticcompositionin
large-scalecomputationalgrammars(Minimal Recursion
Semantics,MRS; Copestake, Lascarides,& Flickinger,
2001), and an advancedgrammardevelopmentenviron-
ment(the LKB system;Copestake, 1992,1999). Through
contributionsfrom collaboratingpartners,a pool of open-
sourceHPSG resourceshas developedthat now includes
broad-coveragegrammarsfor several languages,a com-
mon profiling and benchmarkingenvironment(Oepen&
Callmeier, 2000),andan industrial-strengthC��� run-time
enginefor HPSG grammars(Callmeier, 2000). LinGO re-
sourcesare in useworld-wide for teaching,research,and
applicationbuilding. Becauseof thewide distribution and
commonacceptance,the HPSG framework andLinGO re-
sourcespresentan excellentanchorpoint for the Stanford
treebankinginitiative.

3. A Rich and Dynamic Treebank

Thekey innovativeaspectof theRedwoodsapproachto
treebankingis theanchoringof all linguistic datacaptured
in the treebankto the HPSG framework and a generally-
available broad-coveragegrammar of English, viz. the
LinGO English ResourceGrammar, combinedwith tools
for the extractionof various,user-definedrepresentations
andasoftwareenvironmentto continuouslyupdatethetree-
bankaspartof theon-goinggrammarmaintenanceandex-
tension.Unlikeexisting treebanks,therewill beno needto
definea (new) form of grammaticalrepresentationspecific
to thetreebank.Instead,thetreebankwill recordcomplete
syntacto-semanticanalysesasdefinedby the LinGO ERG

andprovidetoolsto extractmany differenttypesof linguis-
tic informationat greatlyvaryinggranularity.

In particular, the project centrally draws on the [incr
tsdb()] profiling environment (essentiallya specialized
databaserecording fine-grainedparsing results obtained
from diverseHPSG systems;Oepen& Carroll, 2000),con-
structingthe treebankasan extensionof the existing data
model and tools. In turn building on a pre-existing tree

comparisontool in the LKB (similar in kind to the SRI
CambridgeTreeBanker; Carter, 1997),thetreebankingen-
vironmentpresentsannotators,onesentenceata time,with
the full setof analysesproducedby the grammar. Using
the treecomparisontool, annotatorscanquickly navigate
through the parseforest and identify the correct or pre-
ferredanalysisin thecurrentcontext (or, in rarecases,re-
jectall analysesproposedby thegrammar).Thetreeselec-
tion toolspersentsusers,who needlittle expertknowledge
of theunderlyinggrammar, with a rangeof propertiesthat
distinguishcompetinganalysesandthatarerelatively easy
to judge.Eachsuchpropertycorrespondsto theusageof a
particularlexical item, semanticrelation,or grammarrule
appliedto a specificsubstringto form a constituent;un-
like the LFG packed f-structurerepresentationsdiscussed
by King, Dipper, Frank,Kuhn,andMaxwell (2000),theset
of basicdiscriminatingpropertiesreducesthe information
presentedto annotatorsto theminimal amountof structure
requiredto completelydisambiguatea sentence.All dis-
ambiguatingdecisionsmadeby annotatorsarerecordedin
the[incr tsdb()] databaseandthusbecomeavailablefor (i)
later dynamicextractionfrom the annotatedprofile or (ii)
dynamicpropagationinto a more recentprofile obtained
from re-runninganextendedversionof thegrammaronthe
samecorpus.

Importantinnovativeresearchaspectspertainingto this
approachto treebankingare(i) enablingusersof the tree-
bank to extract information of the type they needand to
transformtheavailablerepresentationinto aform suitedfor
their needsand(ii) updatingthe treebankfor an enhanced
versionof thegrammarunderlyingtherecordedanalysesin
anautomatedfashion,viz. by re-applyingthedisambiguat-
ing decisionsto anupdatedversionof thecorpus.

Depth of Representation and Transformation of In-
formation Internally, the [incr tsdb()] databaserecords
analysesin threedifferent formats,viz. (i) asa derivation
treecomposedof identifiersof lexical itemsandconstruc-
tions usedto constructthe analysis,(ii) as a traditional
phrasestructuretreelabeledwith aninventoryof somefifty
atomiclabels(of thetype‘S’, ‘NP’, ‘VP’ etal.),and(iii) as
anunderspecifiedMRS meaningrepresentation.While (ii)
will in many casesbesimilar to therepresentationfoundin
the PennTreebank,(iii) subsumsesthe functor–argument
(or tectogrammatical)structureas it is advocatedin the
PragueDependency Treebankor theGermanTiGercorpus.
Most importantly, however, representation(i) providesall
the information requiredto replay the full HPSG analysis
(e.g.usingtheoriginal HPSG grammarandoneof theopen-
sourceHPSG processingenvironments,e.g.theLKB or PET,
whichalreadyhavebeeninterfacedto [incr tsdb()]). Using
thelatterapproach,usersof thetreebankareenabledto ex-
tract information in whatever representationthey require,
simply by reconstructingthefull analysisandadaptingthe
existing mappings(e.g. the inventoryof nodelabelsused
for phrasestructuretrees)to their needs.Figure1 depicts
the internalRedwoodsencodingandtwo export represen-
tationsderivedfrom existing conversionroutines.Labeled
phrasestructuretreesresult from reconstructinga deriva-
tion (using the original grammar)and matchinga user-
definedsetof underspecifiedfeaturestructure‘templates’
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Table 1: Redwoodsdevelopmentstatusas of February2002: four setsof transcribedand hand-segmentedVerbMobil
dialogueshave beenannotated.Thecolumnsare,from left to right, the total numberof sentences(excluding fragments)
for which the LinGO grammarhasat leastoneanalysis(‘ � ’), averagelength(‘ � ’), lexical andstructuralambiguity(‘ � ’
and‘ � ’, respectively), followed by the last four metricsbroken down for the following subsets:sentences(i) for which
the annotatorrejectedall analyses(no active trees),(ii) whereannotationresultedin exactly onepreferredanalysis(one
active tree),(iii) thosewherefull disambiguationwasnot accomplishedthroughthefirst roundof annotation(morethan
oneactive tree),and(iv) massively ambiguoussentencesthathaveyet to beannotated.

total active � 0 active � 1 active � 1 unannotated
corpus � � � � � � � � � � � � � � � � � � � �
VM6 2422 7 � 7 4 � 2 32� 9 218 8 � 0 4 � 4 9 � 7 1910 7 � 0 4 � 0 7 � 5 80 10� 0 4 � 8 23� 8 214 14� 9 4 � 3 287� 5
VM13 1984 8 � 5 4 � 0 37� 9 175 8 � 5 4 � 1 9 � 9 1491 7 � 2 3 � 9 7 � 5 85 9 � 9 4 � 5 22� 1 233 14� 1 4 � 2 212� 0
VM31 1726 6 � 2 4 � 5 22� 4 164 7 � 9 4 � 6 8 � 0 1360 6 � 6 4 � 5 5 � 9 61 10� 1 4 � 2 14� 5 141 13� 5 4 � 7 201� 5
VM32 608 7 � 4 4 � 3 25� 6 46 9 � 8 4 � 1 18� 3 516 7 � 5 4 � 4 9 � 2 21 10� 4 3 � 9 29� 6 25 16� 6 4 � 8 375� 4

againstthe HPSG featurestructureat eachnodein thetree.
Theelementarydependency graph,on theotherhand,is an
abstractionfromthefull MRSmeaningrepresentationasso-
ciatedto eachfull analysis;informally, elementarydepen-
denciescorrespondto the type of tectogrammaticalrepre-
sentationsfoundin thePragueDependency Treebankor the
GermanTiGer corpusand,likewise,resemblethebasicre-
lationssuggestedfor parserevaluationby Carroll,Briscoe,
andSanfilippo(1998).Givenarich bodyof MRSmanipua-
tion andconversionsoftware,it is relatively straightforward
to adaptthe type andform of elementarydependenciesto
userneeds.

For evaluationpurposes,the existing [incr tsdb()] fa-
cilities for comparingacrosscompetenceandperformance
profilescanbe deployed to gaugeresultsof a (stochastic)
parsedisambiguationsystem,essentiallyusingthe prefer-
encesrecordedin the treebankasa ‘gold standard’target
for comparison.While the conceptof a meta-treebankof
thetypeproposedherehasbeenexploredin earlierresearch
(e.g.theAMALGAM projectatLeedsUniversityin theUK;
Atwell, 1996), previous approachesto the dynamicmap-
pingof treebankrepresentationshavebuilt onastatic,finite
setof hand-constructedmappings.

Automating TreebankConstruction Althoughaprecise
HPSG grammarlike the LinGO ERG will typically assign
a small numberof analysesto a given sentence,choos-
ing amonga handfulor sometimesa few dozensof read-
ings is time-consuminganderror-prone. The projectwill
exploretwo approachesto automatingthedisambigutation
task,viz. (i) seedinglexical selectionfrom apart-of-speech
(POS)taggerand(ii) automatedinter-annotatorcomparison
and assistedresolutionof conflicts. Rankinglexical am-
biguity on the basisof tagger-assignedPOSprobabilities
requiresresearchinto generalizationsover the ratherfine-
grainedhierarchyof HPSG lexical types and identifying
many-to-many correspondencesin a standardPOStagset.
Conversely, detectingmismatches(i.e. conflicts) between
disambiguatingdecisionsmadefor thesameinputsentence
by two independentannotatorswill facilitateresearchinto
the linguistic natureof the discriminatingpropertiesused
andexistinglogicalrelations(inclusion,implication,incon-
sistency et al.) amongsubsetsof discriminators.To exem-
plify thenatureof theseproperties,considerthesentence

(1) Haveher reporton mydeskbyFriday!

which is (correctly) assignedthirty two readingsby the
HPSG grammar;while humanlanguageusers(and corre-
spondinglyhumanannotators)will typically not notemost
of the alternative analyses,onecancontextualizethe sen-
tenceto emphasizeeitheroneof thefollowing ambiguities:
the causative vs. possessive have, the determinervs. per-
sonalpronounher, the nounvs. verb report, the temporal
vs. locativeprepositionby, andFriday asadayof theweek
vs. asa propernoun (e.g. the nameof a bar). Using the
treecomparisontool andournotionof elementarydiscrim-
inators,annotatorscan reducethe setof analysesquickly
(wherefull disambiguationrequiresminimally four deci-
sionsfor this example);yet, a POStaggerwill reliably as-
signhigh probability to thepairings � her, determiner� and
� report, noun� whichcouldbeusedto biasthepresentation
to annotators.

Treebank Maintenance and Evolution Perhaps the
mostchallengingresearchaspectof the Redwoodsinitia-
tive is aboutdevelopinga methodologyfor automatedup-
datesof the treebankto reflect the continuousevolution
of the underlyinglinguistic framework andof the LinGO
grammar. Again building on thenotionof elementarylin-
guistic discriminators,it is expectedto explore the semi-
automaticpropagationof recordeddisambiguatingdeci-
sionsinto newer versionsof the parsedcorpus. While it
can be assumedthat the basicphrasestructureinventory
andgranularityof lexical distinctionshave stabilizedto a
certaindegree,it is not guaranteedthatonesetof discrim-
inatorswill alwaysfully disambiguatea morerecentsetof
analysesfor thesameutterance(asthegrammarmayintro-
duceadditionaldistinctions),nor that re-playinga history
of disambiguatingdecisionswill necessarilyidentify the
correct,preferredanalysisfor all sentences.Oncemore,
abetterunderstandinginto thenatureof discriminatorsand
relationsholding amongthem is expectedto provide the
foundationsfor anupdateprocedurethat,ultimately, should
be fully automatedor at leastrequireminimal manualin-
spection.

Scopeand Curr ent Stateof SeedingInitiati ve Thefirst
10,000treesto be hand-annotatedas part of the kick-off
initiative are taken from a domainfor which the English
ResourceGrammaris known to exhibit broadandaccurate
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coverage,viz. transcribedface-to-facedialoguesin an ap-
pointmentschedulingandtravel arrangementdomain.Cor-
poraof some50,000suchutterancesarereadily available
from the VerbMobil project(Wahlster, 2000)andhave al-
readybeenstudiedextensively amongresearchersworld-
wide in thefield. For thefollow-up phaseof theproject,it
is expectedto move into a seconddomainandtext genre,
presumablymore formal, editedtext taken from newspa-
per text or anotherwidely availableon-line source.As of
April 2002,theseedinginitiative is well underway. Thein-
tegratedtreebankingenvironment,combining[incr tsdb()]
and the LKB treeselectiontool, hasbeenestablishedand
hasbeendeployedin afirst iterationof annotatingacorpus
of 10,000VerbMobil utterances.For a second-yearStan-
ford undergraduatein linguistics,theapproachto parsese-
lectionthroughminimaldiscriminatorsturnedout to benot
at all hardto learnandrequiredlesstrainingin specificsof
thegrammaticalanalysesdeliveredby theLinGO grammar
thancouldhavebeenexpected.

Table1 summarizesthecurrentRedwoodsdevelopment
status;while annotationof aresidualfractionof highly am-
biguoussentencesandinter-annotatorcross-validationcon-
tinue,thecurrentdevelopmentsnapshotof thetreebankcan
bemadeavailableuponrequest.We have just startedwork
onstochasticparseselectionmodelsfor theRedwoodstree-
bank,sofar obtaininga parseselectionaccuracy of around
eightypercentfrom acombinationof existingmethodsap-
plied to theRedwoodsderivationtreesandelementaryde-
pendency graphs(seeFigure1); detailsonRedwoodsparse
selectionresultswill bereportedin separatepublications.

4. RelatedWork

To our bestknowledge,no prior researchhasbeencon-
ductedexploring both the linguistic depth, flexibility in
available information, and dynamic nature of treebanks
as proposedpresently. Earlier work on building corpora
of hand-selectedanalysesrelative to an existing broad-
coveragegrammarwas carriedout at Xerox PARC, SRI
Cambridge,andMicrosoft Research;asall theseresources
aretunedto proprietarygrammarsandanalysisengines,the
resultingtreebanksarenot publicly available,nor have re-
searchresultsreportedbeenreproducible.Yet,especiallyin
thelight of thesuccessfulLinGO open-sourcerepository, it
seemsvital thatboth the treebankandassociatedprocess-
ing schemesandstochasticmodelsbemadeavailableto the
general(academic)public.

An on-going initiative at Rijksuniversiteit Groningen
(NL) is developing a treebankof dependency structures
(Mullen, Malouf, & Noord, 2001), as they are derived
from an HPSG-like grammarof Dutch (Bouma, Noord,
& Malouf, 2001). While the generalapproachresem-
blestheRedwoodsinitiative(specificallythediscriminator-
basedmethodusedin selectingtreesfrom the setof anal-
ysesproposedby thegrammar;the LKB treeselectiontool
was originally developedby Malouf, after all), thereare
three important differences. Firstly, the Groningende-
cision to composethe treebankfrom dependency struc-
turescommitstheresultingresourceto a singlestratumof
representation,tectogrammaticalstructureessentially, and

thus eliminatessomeof the flexibility in extracting var-
ious typesof linguistic structurethat the Stanfordinitia-
tive foresees.Secondly, and in a similar vein, recording
dependency structuresmeansthat the (stochastic)disam-
biguationcomponenthasto considertwo syntacticallydif-
ferentanalysesequivalentwhenever they project identical
dependency structures;hence,thereis a mismatchof gran-
ularity betweenthedisambiguatedtreebankstructuresand
theprimarystructures(i.e. derivationtrees)constructedby
the grammar. Finally, the Groningeninitiative is making
the assumptionthat the dependency structures,oncethey
arestoredin the treebank,arecorrectanddo not change
over time (or asaneffect of grammarevolution); from the
availablepublications,at least,thereis noevidencethatthe
disambiguatingdecisionsmadeby annotatorsarerecorded
in the treebankor that the projectexpectsto dynamically
updatethetreebankwith futurerevisionsof theunderlying
grammar.

Anotherclosely relatedapproachis the work reported
by Dipper (2000), essentiallythe applicationof a broad-
coverageLFG grammarfor Germanto constructingtec-
togrammaticalstructuresfor theTiGercorpus.While many
of the basicassumptionsaboutthe valueof a systematic,
broad-coveragegrammarfor the treebankconstructionare
shared,thestrategy followedby Dipper(2000)exhibits the
samelimitationsastheGroningeninitiative: theTiGer tar-
get representation,still, is mono-strataland the approach
to hand-disambiguationand subsequenttransferof result
structuresinto the TiGer corpusloosesthe linkage to the
original analysesandbasicpropertiesusedin thedisambi-
ugation,hencethe potentialfor dynamicadaptationof the
dataor automaticupdates.
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Figure1: NativeandderivedRedwoodsrepresentationsfor thesentenceDo youwantto meetonTuesday?— (a)derivation
tree using uniquerule and lexical item identifiersof the sourcegrammar(top), (b) phrasestructuretree labelledwith
user-defined,parameterizablecategory abbreviations(center),and(c) elementarydependency graphextractedfrom MRS
meaningrepresentation(bottom).
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Abstract
The GEIG metric for quantifying accuracy of parsing became influential through the Parseval programme, but many researchers have
seen it as unsatisfactory.  The LA metric, first developed in the 1980s, arguably comes closer to formalizing our intuitive concept of
relative parse accuracy.  We support this claim via an experiment which contrasts the performance of alternative metrics on the same
body of automatically-parsed examples.  The LA metric has the further virtue of providing straightforward indications of the location
of parsing errors.

1. Introduction
One of us (Sampson 2000) has argued that what we call
the Òleaf-ancestorÓ (LA) metric is better than the
Grammar Evaluation Interest Group (GEIG) metric used
in the Parseval competition series (e.g. Black et al. 1991)
as a way of quantifying the accuracy of automatic parses,
in a context where gold-standard parses using a known
scheme of node labelling are available. This paper
presents an experiment comparing the performance of the
two metrics on a sample of automatic-parser output.

The GEIG metric, which counts the numbers of
tagmas (multi-word grammatical units) correctly and
incorrectly identified, from our point of view lays
excessive weight on locating the exact boundaries of
constructions.

As originally defined by Black et al. and as it is often
applied, the GEIG metric takes no account of node labels
at all: it only considers the location of brackets. And in
consequence, this metric includes no concept of
approximate correctness in identifying tagmas: a pair of
brackets either enclose a sequence of words (or other
terminal elements) exactly corresponding to a sequence
bracketed off in the gold-standard parse, or not. The result
is that Òit is unclear as to how the score on [the GEIG]
metric relates to success in parsingÓ (Bangalore et al.
1998).

More recently (Magerman 1995, Collins 1997) a
refined variant of the GEIG metric has been used which
does check label identity as well as wordspan identity in
matching tagmas between gold-standard and candidate
parses. We shall argue that even this variant of the GEIG
metric is inferior to the LA metric. We shall refer to the
Black et al. (1991) and Collins (1997) variants of the
GEIG metric as GEIG/unlabelled and GEIG/labelled
respectively.

We think of ÒparsingÓ as determining what kind of
larger elements are constituted by the small elements of a
string that are open to direct observation. Identifying the
exact boundaries of the larger elements is a part, but only
one part, of that task. If, for instance, in the gold standard,
words 5 to 14 are identified as a noun phrase, then a
candidate parse which identifies a noun phrase as
beginning at word 5 but ending at word 13, or word 15,
should in our view be given substantial though not full
credit; under the GEIG metric it is given no credit. The
LA metric quantifies accuracy of parsing in this sense.

Incidentally, we believe that the LA metric was the
earliest parse-assessment metric in the field, having been
used, and briefly described in print, in the 1980s
(Sampson, Haigh, & Atwell 1989: 278), though it was
later eclipsed by the influential Parseval programme.

2. The Essence of Leaf-Ancestor Assessment
The LA metric evaluates the parsing of an individual
terminal element in terms of the similarity of the
ÒlineagesÓ of that element in candidate and gold-standard
parse trees, where a lineage is essentially the sequence of
node-labels for nodes on the unique path between the
terminal element and the root node. The LA value for the
parsing of an entire sentence or other many-word unit is
simply the average of the values for the individual words.
Apart from (we claim) yielding figures for parsing
accuracy of complete sentences which succeed better than
the GEIG metric in quantifying our intuitions about parse
accuracy, the LA metric has the further practical virtue of
identifying the location of parsing errors in a
straightforward way.

We illustrate the general concept of LA assessment
using one of the shortest sentences in our experimental
data-set. (The nature of that data-set, and the gold-
standard parsing scheme, will be discussed below.) The
sentence runs two tax revision bills were passed. (Certain
typographic details, including capitalization, inverted
commas, and sentence-final punctuation marks, have been
eliminated from the examples.) The gold-standard
analysis, and the candidate analysis produced by an
automatic parser, are respectively:

1G  [S [N1 two [N1 tax revision ] bills ] were passed ]
1C  [S [NP two tax revision bills ] were passed ]

(Here and below, ÒnGÓ and Òn CÓ label gold-standard and
candidate analyses for an example n.)

The automatic parser has failed to identify tax revision
as a unit within the tagma headed by bills, and it has
labelled that tagma NP rather than N1. Lineages for these
tree structures are as follows, where for each terminal
element the gold-standard lineage is shown to the left and
the candidate lineage to the right of the colon, and within
each of the paired lineages the Leaf end is to the Left and
the Root end to the Right:
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two N1 [ S : NP [ S
 tax [ N1 N1 S : NP S
 revision N1 ] N1 S : NP S
 bills N1 ] S : NP ] S
 were S : S
 passed S ] : S ]

The only aspect of the relationship between this
notation and the tree structures which is not self-
explanatory is the inclusion of boundary markers (left and
right square brackets) in many of the lineages. These are
included in accordance with the following rules:

•  a left-boundary symbol is inserted in the lineage
of a terminal element immediately before the label
of the highest nonterminal beginning with that
element, if there is such a nonterminal

• a right-boundary symbol is inserted in the lineage
of a terminal element immediately after the label
of the highest nonterminal ending with that
element, if there is such a nonterminal

The reason for including these elements in lineages is
that, without them, a set of lineages would not always
uniquely determine a tree structure; for instance the
structures Ò[P [Q a b ] [Q c ] ]Ó and  Ò[P [Q a b c ] ]Ó
would not be distinguishable, since the lineage for each
terminal element in both cases would consist of the
sequence Q P . A set of lineages in which boundary
markers have been inserted by these rules uniquely
determines the tree structure from which it is derived.

Thus, in the example above, the LA metric equates the
accuracy with which the word two has been parsed with
the degree of similarity between the two strings NP˚[ S
and N1 [ S , it equates the parse-accuracy for tax with
the degree of similarity between NP S and
[˚N1˚N1˚S , and so forth; for the last two words the
lineages are identical, so the metric says that they have
been parsed perfectly. We postpone discussion of our
method for calculating string similarity until after we have
discussed our experimental material.

3. The Experimental Material
Our experiment used a set of sentences from genre
sections A and G of the SUSANNE Treebank (Sampson
1992) parsed by an automatic treebanker developed at the
Universities of Cambridge and Sussex by Ted Briscoe and
John Carroll; of those sentences for which the treebanker
was able to produce a structure, a set of 500 was randomly
chosen. For the purposes of illustrating the performance of
the LA metric and comparing it with the GEIG metric, we
wanted material parsed by a system that used a simple
parsing scheme with a smallish vocabulary of nonterminal
labels, and which made plenty of mistakes in applying the
scheme to real-life data; there is no suggestion that the
parses in our experimental data-set represent the Òstate of
the artÓ for automatic parsing.

The parsing scheme which the automatic parser was
intended to apply used seven nonterminal labels, which
we gloss with our own rather than Briscoe and CarrollÕs
labels:

S finite clause
VP nonfinite clause
NP noun phrase containing specifier
N1 noun phrase without specifier
PP prepositional phrase
AP adjectival or adverbial phrase
T Òtextual constituentÓ, defined by Briscoe and

Carroll as a tagma enclosing Òa sequence of sub-
constituents whose relationship is syntactically
indeterminate due to the presence of intervening,
delimiting punctuationÓ

The use of these seven categories is defined in greater
detail in documentation supplied to us, but for present
purposes it is unnecessary to burden the reader with this
material. The automatic-parser output occasionally
included node-labels not on the above list (e.g. V, N2), but
these were always regarded by the developers of the
parser as mistakes.

Briscoe and CarrollÕs original data included
GEIG/unlabelled precision and recall scores for each
automatic parse, assessed against the SUSANNE
bracketing as gold standard. For the purposes of this
experiment, the Evalb program (Sekine & Collins 1997)
was used to produce GEIG/labelled precision and recall
figures for the same data. In order to be able to compare
our LA scores with single GEIG/labelled and
GEIG/unlabelled scores for each sentence, we converted
pairs of precision (P) and recall (R) figures to F-scores
(van Rijsbergen 1979) by the formula F = 2PR/(P + R),
there being no reason to include a weighting factor to
make precision accuracy count more than recall accuracy
or vice versa.

One of us (Babarczy) constructed a set of gold-
standard trees that could be compared with the trees
output by the automatic parser, by manually adding labels
from the seven-element Briscoe and Carroll label
vocabulary to the SUSANNE bracketing, in conformity
with the documentation on that seven-element vocabulary.
Because the parsing scheme which the automatic parser
was intended to apply was very different from the
SUSANNE scheme, to a degree this was an artificial
exercise. In some cases, none of the seven labels was
genuinely suitable for a particular SUSANNE tagma; but
one of them was assigned anyway, and such assignments
were made as consistently as possible across the 500-
sentence data-set. The admitted artificiality of this
procedure did not seem unduly harmful, in the context of
an investigation into the performance of a metric (as
opposed to an investigation into the substantive problem
of automatic parsing).

4. Calculation of Lineage Similarity
Leaf-ancestor assessment depends on quantifying the
similarity between pairs of strings, which is done in terms
of a variant of Levenshtein distance (Levenshtein 1966),
also called edit distance. The Levenshtein distance
between two strings is the minimum cost for a set of
insert, delete, and replace operations to transform one
string into the other, where each individual operation has a
cost of one. For instance, the Levenshtein distance
between A B C B D and A D C B is two: the latter
string can obtained from the former by replacing the
second character with D and deleting the last character.
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We define similarity between candidate and gold-
standard lineages in terms of a variant of Levenshtein
distance, in which the cost of a replace operation is not
fixed but varies over the interval (0, 2) depending on an
application-defined concept of similarity between the two
symbols involved in a replacement. In the present
experiment, replacement of a symbol by an unrelated
symbol costs 2; replacement of a symbol by a different
symbol sharing the same first character (e.g. NP for N1 or
vice versa) costs 1.5. The intuition here is that if two
grammatical categories are entirely dissimilar, then for a
parser to mistake one for the other amounts to two
separate errors of failing to recognize the existence of a
tagma of one kind, and falsely positing the existence of
another type of tagma (a delete and an insert); but partial
credit ought to be given for mistaking, say, a noun phrase
for an N-bar. (When LA assessment is deployed in
practice, the symbol-replacement cost function should be
chosen by reference to the nature of the particular scheme
of parsing categories, and to the goals of the application
for which parsing is needed.)

If len(s) is the length of a string s, and ML(s, t) is the
modified Levenshtein distance (under some chosen
symbol-replacement cost function) between string s and
string t, then the similarity between candidate and gold-
standard lineages c, g for a given terminal element is
computed as 1 — ML(c, g)/(len(c) + len(g)), which for any
c, g must fall on the interval (0, 1). The accuracy of a
candidate parse is defined as the mean similarities of the
lineage-pairs for the various words or other terminal
elements of the string.

Applied to our short example sentence, this metric
gives the scores for successive terminal elements shown in
the left-hand column below:

0.917 two  N1 [ S : NP [ S
 0.583 tax  [ N1 N1 S : NP S
 0.583 revision  N1 ] N1 S : NP S
 0.917 bills  N1 ] S : NP ] S
 1.000 were  S : S
 1.000 passed  S ] : S ]

The average for the whole sentence is 0.833. For
comparison, the GEIG/unlabelled and GEIG/labelled
F-scores are 0.800 and 0.400.

5. Are the Metrics Equivalent?
The figure for the LA metric just quoted happens to be
very similar to one of the two GEIG figures. An obvious
initial question about the performance of the metrics over
the data-set as a whole is whether, although the metrics
are calculated differently, they perhaps turn out to impose
much the same ranking on the candidate parses.

To this the answer is a clear no. An extreme case is
(2):

2G  [S it is not [NP a mess [S you can make sense of ] ] ]
G12:0520.27

2C  [S it is not [NP a mess [S you can make sense ] ] of ]
(0.333, 0.333, 0.952)

(Here and below, gold-standard analyses are followed by
the SUSANNE location code of the first word — omitting
the last three characters, this is the same as the Brown

Corpus text and line number. The location for example (1)
was A02:0790.51. Candidate parses are followed in
brackets by their GEIG/unlabelled, GEIG/labelled, and
LA scores, in that order.)

The LA and GEIG numerical scores are very different;
but more important than the raw scores are the rankings
assigned by the respective metrics, relative to the range of
500 examples. For both GEIG/labelled and
GEIG/unlabelled, the parse of (2) is in the tenth (i.e. the
lowest) decile; for LA, it is in the second decile. (The Òn th
decileÓ, for any of the metrics, refers to the set of
examples occuping ranks 50(n — 1) + 1 to 50n, when the
500 candidate parses are ordered from best to worst in
terms of score on that metric; for instance the second
decile is the set of examples ranked 51 to 100. Where a
group of examples share identical scores on a metric, for
purposes of dividing the examples into deciles an arbitrary
order was imposed on members of the group.)

The difference between the low GEIG scores and the
high LA score for example (2) is a classic illustration of
one of the standard objections to the GEIG metric. The
parser has correctly discovered that the sentence consists
of an S within NP within S structure, and almost every
word has been given its proper place within that structure;
just one word has been attached at the wrong level, but
because this leads to the right-hand boundary of two of the
three tagmas being slightly misplaced, the GEIG score is
very low. We believe that most linguistsÕ intuitive
assessment of example (2) would treat it as a largely-
correct parse with one smallish mistake, not as one of the
worst parses in the data-set — that is, the intuition would
agree much better with the LA metric than with the GEIG
metrics in this case.

An extreme case in the opposite direction (LA score
lower than GEIG score) is (3):

3G  [S yes , [S for they deal [PP with distress ] ] ]
G12:1340.42

3C  [T yes , [PP for they deal [PP with distress ] ] ]  (1.0,
0.333, 0.262)

The GEIG/unlabelled metric gives 3C a perfect mark —
all brackets are in the right place; but its LA score is very
low, because two of the three tagmas are wrongly labelled
— 0.262 is in fact by a clear margin the lowest LA score
for any of the 500 examples. One might of course debate
about whether, in terms of the Briscoe/Carroll labelling
scheme, the root tagma should be labelled S rather than T,
but that is not to the point here. The relevant point is that,
if the target is the gold-standard parse shown, then a
metric which gives a poor score to 3C is performing better
than a metric which gives it a perfect score.

For example (3), GEIG/labelled performs much better
than GEIG/unlabelled.  Where parsing errors relate wholly
or mainly to labelling rather than to structure, that will be
so.  But we have seen in the case of (2), and shall see
again, that there are other kinds of parsing error where
GEIG/labelled is no more, or little more, satisfactory than
GEIG/unlabelled.

6. Performance Systematically Compared
In order systematically to contrast the performance of the
metrics, we need to focus on examples for which the
ranking of the candidate parse is very different under the
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different metrics, which implies checking cases whose
parses are among the lowest-ranked by one of the metrics.
It would be little use to check the highest-ranked parses by
either metric. Many candidates are given perfect marks by
the LA metric, because they are completely accurate, in
which case they will also receive perfect GEIG marks.
Some candidates receive perfect GEIG/unlabelled marks
but lower LA (and GEIG/labelled) marks, however this
merely reflects the fact that GEIG/unlabelled ignores
labelling errors.

We have checked how many examples from the lowest
GEIG/unlabelled and GEIG/labelled deciles fall into the
various LA deciles, and how many examples from the
lowest LA decile fall into the various GEIG/unlabelled
and GEIG/labelled deciles. These are the results:

LA deciles for GEIG/unlabelled 10th decile:

1st 0
2nd 1
3rd 3
4th 2
5th 2
6th 4
7th 8
8th 7
9th 11
10th 12

LA deciles for GEIG/labelled 10th decile:

1st 0
2nd 1
3rd 1
4th 0
5th 0
6th 1
7th 7
8th 8
9th 13
10th 19

GEIG/unlabelled deciles for LA 10th decile:

1st 1
2nd 0
3rd 4
4th 9
5th 3
6th 8
7th 4
8th 5
9th 4
10th 12

GEIG/labelled deciles for LA 10th decile:

1st 0
2nd 0
3rd 1
4th 1
5th 3
6th 8
7th 5
8th 5
9th 8
10th 19

Clearly there is a tendency for parses assigned poor
LA scores also to be assigned poor GEIG scores, and vice
versa. If there were not, at least one of the metrics could
never have been taken seriously by anyone. But there are
many exceptions.

The GEIG/unlabelled and GEIG/labelled 10th-decile,
LA 2nd-decile example is (2), already discussed above.
The GEIG/labelled 10th-decile, LA 3rd-decile example
(and this is also one of the GEIG/unlabelled 10th-decile,
LA 3rd-decile examples) is (4):

4G  [S then he began [VP to speak [PP about [NP the
tension [PP in art ] [PP between [NP the mess [N1 and
form ] ] ] ] ] ] ]  G12:0610.27

4C  [S then he began [VP to speak [PP about [NP the
tension ] ] [PP in [N1 art [PP between [NP the mess ] ]
[N1 and form ] ] ] ] ]  (0.353, 0.353, 0.921)

The two further GEIG/unlabelled 10th-decile, LA 3rd-
decile cases are:

5G  [S Alusik then moved Cooke across [PP with [NP a
line drive [PP to left ] ] ] ]  A13:0150.30

5C  [S Alusik then moved Cooke across [PP with [NP a
line drive ] ] [PP to left ] ]  (0.500, 0.500, 0.942)

6G  [S [NP their heads ] were [PP in [NP the air ] ]
sniffing ]  G04:0030.18

6C  [S [NP their heads ] were [PP in [NP the air sniffing ]
] ]  (0.500, 0.500, 0.932)

Examples (5) and (6) are essentially similar to (2)
above, since all three concern errors about the level at
which a sentence-final element should be attached. The
LA scores are marginally lower than for (2), because the
misattached elements comprise a higher proportion of
total words in the respective examples. In (5) a two-word
phrase rather than a single word is misattached, and in (6)
the misattached element is a single word but the sentence
as a whole is only seven words long while example (2)
contains ten words. Intuitively it is surely appropriate for a
misattachment error involving a higher proportion of total
words to be given a lower mark, but for these candidates
nevertheless to be treated as largely correct. (Notice that
the candidate parse for (5) verges on being a plausible
alternative interpretation of the sentence, i.e. not mistaken
at all. It is only the absence of the before left which, to a
human analyst, makes it rather certain that our gold-
standard parse is the structure corresponding to the
writerÕs intended meaning.)

The candidate parse for (4) contains a greater variety
of errors, and we would not claim that in this case it is so
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intuitively clear that the candidate should be ranked
among the above-average parses. Notice, though, that
although several words and tagmas have been
misattached, nothing has been identified as a quite
different kind of tagma from what it really is (as for they
deal with distress in (3) above was identified as a
prepositional phrase rather than subordinate clause).
Therefore our intuitions do not clearly suggest that the
candidate should be ranked as worse than average, either;
our intuitions are rather indecisive in this case. In other
cases, where we have clear intuitions, the LA ranking
agrees with them much better than the GEIG ranking.

Turning to cases where LA gives a much lower
ranking than GEIG: the most extreme case is (3), already
discussed. The LA 10th-decile, GEIG/labelled 3rd decile
case (which is also one of the GEIG/unlabelled 3rd-decile
cases) is (7):

7G  [S [NP its ribs ] showed , [S it was [NP a yellow
nondescript color ] ] , [S it suffered [PP from [NP a
variety [PP of sores ] ] ] ] , [S hair had scabbed [PP off
[NP its body ] ] [PP in patches ] ] ]  G04:1030.15

7C  [T [S [NP its ribs ] showed ] , [S it was [NP a yellow
nondescript color ] ] , [S it suffered [PP from [NP a
variety [PP of sores ] ] ] ]  , [S hair had scabbed off
[NP its body ] [PP in patches ] ] ]  (0.917, 0.833,
0.589)

There are large conflicts between candidate and gold-
structure parses here: the candidate treats the successive
clauses as sisters below a T node, whereas under the
SUSANNE analytic scheme the gold-standard treats the
second and subsequent clauses as subordinate to the first,
with no T node above it; and the candidate fails to
recognize off as introducing a PP. The presence v. absence
of the T node, because it occurs at the very top of the tree,
affects the lineages of all words and hence has a
particularly large impact on LA score (Sampson 2000: 66
discussed this property of the LA metric).

The three other LA 10th-decile, GEIG/unlabelled 3rd-
decile cases are:

8G  [S [S when [NP the crowd ] was asked [S whether it
wanted [VP to wait [NP one more term ] [VP to make
[NP the race ] ] ] ] ] , it voted no — [S and there were
[NP no dissents ] ] ]  A01:0980.06

8C  [T [S [PP when [NP the crowd ] was asked [PP
whether it wanted [VP to wait [NP one more term ]
[VP to make [NP the race ] ] ] ] ] , it voted no ] — [S
and there were [NP no dissents ] ] ]  (0.952, 0.667,
0.543)

9G  [S [S we wo +n’t know [NP the full amount ] [S until
we get [NP a full report ] ] ] , Wagner said ]
A09:0520.12

9C  [T [S we wo +nÕt know [NP the full amount ] [PP until
we get [NP a full report ] ] ] , [S Wagner said ] ]
(0.909, 0.545, 0.531)

10G  [S [S [NP her husband ] was lying [PP on [NP the
kitchen floor ] ] ] , police said ]  A19:1270.48

10C  [T [S [NP her husband ] was lying [PP on [NP the
kitchen floor ] ] ] , [S police said ] ]  (0.909, 0.727,
0.627)

Each of these involves the same problems as (7) of
presence v. absence of a root T node and co-ordinate v.
subordinate relationships between successive clauses.
Example (8) includes further large discrepancies:  when
and whether are both treated as initiating prepositional
phrases rather than clauses (though neither word has a
standard prepositional use).  Example (9) has a similar
error involving until (this is more understandable, since
until can be a preposition).  Intuitively, to the present
authors, the LA metric seems correct in characterizing (8)
and (9) as two of the cases where the candidate parse
deviates furthest from the gold standard, rather than as
two of the best parses.  The case of (10) is admittedly less
clearcut.

Some readers may find this section unduly concerned
with analystsÕ intuitions as opposed to objective facts.
But, if the question is which of two metrics better
quantifies parsing success, the only basis for comparison
is peopleÕs intuitive concept of what ought to count as
good or bad parsing. Both metrics give perfect scores to
perfect matches between candidate and gold-standard
structure; which departures from perfect matching ought
to be penalized heavily can only be decided in terms of
Òeducated intuitionÓ, that is intuition supported by
knowledge and discussion of the issues. It would not be
appropriate to lend such intuitions the appearance of
objectivity and theory-independence by Òcounting votesÓ
from a large number of subjects.  (Since the GEIG metric
is widely known, raw numbers from an exercise like that
could have as much to do with the extent to which
individual informants were aware of that metric as with
pre-theoretical responses to parse errors.)  Deciding such
an issue in terms of averaged subject responses would be
as inappropriate as choosing between alternative scientific
theories by democratic voting. Rather, the discussion
should proceed as we have conducted it here, by appealing
to readersÕ and writersÕ individual intuitions with
discussion of particular examples.

7. Local Error Information
Different accuracy rankings assigned to complete parses
are not the only reason for preferring the LA to the GEIG
metric. Another important difference is the ability of the
LA metric to give detailed information about the location
and nature of parse errors.

Consider, for instance, example (11), whose gold-
standard and candidate analyses are:

11G  [S however , [NP the jury ] said [S it believes [S
[NP these two offices ] should be combined [VP to achieve
[N1 greater efficiency ] [VP and reduce [NP the cost [PP
of administration ] ] ] ] ] ] ]  A01:0210.15

11C  [S however , [NP the jury ] said [S it believes
[NP these two ] [S offices should be combined [VP to [VP
achieve [N1 greater efficiency ] [VP and reduce [NP the
cost [PP of administration ] ] ] ] ] ] ] ]  (0.762, 0.667,
0.889)

The score of 0.889 assigned by the LA metric to this
candidate analysis, like any LA score, is the mean of
scores for the individual words. For this example, those
are as follows:
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1.000 however [ S : [ S
1.000 ,  S : S
1.000 the  [ NP S : [ NP S
1.000 jury  NP ] S : NP ] S
1.000 said  S : S
1.000 it  [ S S : [ S S
1.000 believes S S : S S
0.667 these  NP [ S S S : [ NP S S
0.750 two  NP S S S : NP ] S S
0.667 offices  NP ] S S S : [ S S S
1.000 should  S S S : S S S
1.000 be  S S S : S S S
1.000 combined S S S : S S S
1.000 to  [ VP S S S : [ VP S S S
0.800 achieve  VP S S S : [ VP VP S S S
0.923 greater  [ N1 VP S S S : [ N1 VP VP

S S S
0.923 efficiency N1 ] VP S S S : N1 ] VP VP

S S S
0.769 and  [ S VP S S S : [ VP VP VP
0.727 reduce  S VP S S S : VP VP VP S S S
0.800 the  [ NP S VP S S S : [ NP VP

VP VP S S S
0.769 cost NP S VP S S S : NP VP VP VP

S S S
0.824 of  [ PP NP S VP S S S : [ PP

NP VP VP VP S S S
0.824 administration  PP NP S VP S S S ] :

PP NP VP VP VP S S S ]

The display shows that, according to the LA metric,
the early part of the sentence is parsed perfectly, and that
the worst-parsed part is these two offices. That seems
exactly right; in the correct analysis, these three words are
a NP, subject of the clause which forms the object of
believe, but the automatic parser has interpreted believe as
a ditransitive verb with these two as indirect object, and
has treated offices as grammatically unrelated to these two.
Intuitively, these are gross mistakes. The next stretch of
erroneous parsing is from achieve to the end, where each
wordÕs mark is pulled down by the error of taking achieve
to open a subordinate VP within the VP initiated by the
preceding to. Relative to the SUSANNE scheme used here
as gold standard, this also seems a bad error. It is an
understandable consequence of the fact that the
Briscoe/Carroll automatic parser was based on a parsing
scheme that made different theoretical assumptions about
grammar, but in the present target scheme no English
construction ought to be analysed as Ò[VP to  [VP ...Ó.

We would not pretend that our intuitions are so refined
that they positively justify a score for reduce which is
marginally lower than those for the surrounding words, or
positively justify the small difference between 0.727 as
the lowest score in the second bad stretch and 0.667 in the
earlier stretch; the present authorsÕ intuitions are vaguer
than that. But notice that, as it stands, the GEIG metric
offers no comparable technique for identifying the
locations of bad parsing performance within parsed units;
it deals in global scores, not local scores. True, one can
envisage ways in which the GEIG metric might be
developed to yield similar data; it remains to be seen how
well that would work.  (Likewise, the GEIG/labelled
metric could be further developed to incorporate the LA
concept of partial matching between label pairs.  On the
other hand, there is no way that GEIG could be adapted to

avoid the unsatisfactory performance exemplified by (2)
above.)

Using the LA metric, researchers developing an
automatic parser in a situation where large quantities of
gold-standard analyses are available for testing should
easily be able to identify configurations (e.g. particular
grammatical words, or particular structures) which are
regularly associated with low scores, in order to focus
parser development on areas where further work is most
needed. If the parsing scheme used a larger variety of
nonterminal labels, one would expect that individual
nonterminals might regularly be associated with low
scores, though with the very austere nonterminal
vocabulary of the Briscoe/Carroll scheme that is perhaps
less likely to be so. Even with a small-vocabulary scheme
like this, though, one might expect to find generalizations
such as Òwhen a subordinate S begins with a multi-word
NP, the parser tends to failÓ. Note that we are not saying
that this is a true generalization about the particular
automatic parser used to generate the data under
discussion; one such mistake occurs in the example above,
but we do not know whether this is a frequent error or a
one-off. Any automatic parser is likely to make errors in
some recurring patterns, though; the LA metric is
potentially an efficient tool for identifying these, whatever
they happen to be.

8.  Conclusion
From these results, we would argue that the leaf-ancestor
metric comes much closer than the GEIG metric to
operationalizing our intuitive concepts of accurate and
inaccurate parsing.

Someone looking for reasons to reject the LA metric
might complain, correctly, that the algorithm for
calculating it is much more computation-intensive than
that for the GEIG metric. But intensive computation is not
a problem in modern circumstances.

More important: there is no virtue in a metric that is
easy to calculate, if it measures the wrong thing.
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Abstract
This paperexaminesparserevaluationin termsof edit distance,ratherthanprecisionandrecall. We demonstratethepotentialefficacy
of edit distanceasanevaluationmetricwith anexample,andcompare severaledit distancescoresto labeledprecisionandrecallscores
for several statisticalparsersfrom the literature. We suggest a simpleschemathat hassomenice properties.Finally, we discussthe
applicabilityof edit distancemetricsfor comparingheterogeneousoutput.

1. Intr oduction
The dominant metrics in parsingaccuracy evaluation

areprecisionandrecall,which might suggestthatparsing
is a classificationtask,sincethesemetricsareintended to
measureclassificationaccuracy. Anotherwayto view pars-
ing is asa recognition task,more analogousto something
like speechrecognition – recoveringhiddenstructureover
an unlabeled, temporally sequenced signal – than classi-
fication. From this perspective, we proposeadopting the
evaluationmetricmostwidely usedfor speechrecognition,
namely string edit distance(Wagnerand Fischer, 1974).
While thereis a literature on treeedit distance(Tai, 1979;
Zhang andShasha,1989), which involvesexpandingand
contracting labelededgesin a treestructure,we will not
approachparserevaluation from this perspective. Rather,
we will usethesimplerstringedit distancebetweenstring
representationsof parses.Stringedit distanceasa general
framework is very flexible, which will allow us to score
parsesonmorethansimplyconstituentlabelandspan,and
to tailor the edit coststo particularneeds.We will useit
to evaluatehow well a parsematchesto gold standard,in
termsof (i) a sequence of context-free rules correspond-
ing to the tree; (ii) a sequenceof constituentswith span
information;or (iii) the labeledbracketing itself. We will
show thatthespecificdistancemetricswewill presenthave
somenice properties: they make similar distinctions be-
tweenparsers to thoseof standardlabeledprecisionand
recall, when the new measuresare applied to statistical
parsers trainedto producethesamekind of annotation; and
they provide a conceptuallycleanway to encodebothpar-
tial matchesandmatchesacrosslabelingschemas.Thispa-
peris not intendedto presenta specificapproachto evalu-
atingspecificparsers;rather ageneral approachthat,in our
opinion, hasthebestchanceto provideaunifiedevaluation
framework for theparsingcommunity.

Beforecontinuing further, let us definethe termsand
metricsthatwe aregoing to beusingin thecourseof this
paper. A parsecanberepresentedasa labeledbracketing1,

1The labeledbracketing convention that will be usedfor ex-
amplesin this paperare thosefrom the PennTreebank(Marcus
et al., 1993),but that is not intendedto restrictthe scopeof this
paperto theseannotations.

e.g.

(S (NP (DT The) (NN dog) )
(VP (VBD barked) ) )

Eachleft parenthesis,whichwewill alsoreferto asanopen
bracket, is associatedwith a label anda right parenthesis,
whichwewill alsocallaclosebracket.Eachopenandclose
bracket pair denotesa constituent in the parsetree. Each
constituenthasaspan,which is thepartof thestringthatis
at the leavesof the sub-treerootedat the constituent. For
example,theNPconstituentin theexamplespansthewords
“The” and“dog”. Eachlocal treein thestructure,i.e. the
constituentlabel andthe labelsof its children, constitutes
a context-freerule instance.For example, thehighestlocal
tree in the above labeledbracketing is an instanceof the
ruleS � NP

�
VP.

A parserreturns a labeledbracketingof a string,which
is evaluatedwith respectto a hand-labeled“gold standard”
annotation. The mostwidely usedmetricsto evaluatethe
accuracy of theparsercomefrom thePARSEVAL recom-
mendations(Black et al., 1991); amongthese,labeledpre-
cisionandrecallareprincipal. Thelabeledmeasuresdonot
count part-of-speech(POS,alsoknown aspre-terminal) la-
bels,which arethosenon-terminalswith oneandonly one
terminal child. In the above example, the accuracy of the
DT, NN, andVBD labelswould not be included in the la-
beledprecisionandrecallscores.Of theotherconstituents
in the labeledbracketing (S, NP, andVP), eachwould be
comparedwith theconstituentsin thegold standardparse.
If they matchthe label and the spanof an otherwiseun-
matched constituent in the gold standardparse,thenthey
arecountedascorrect, otherwiseincorrect. Labeledpre-
cision (LP) is the number of correctconstituentsdivided
by the total number of constituentsin the parser’s labeled
bracketing(excluding,of course,POS).Labeledrecall(LR)
is the number of correct constituentsdivided by the total
numberof constituentsin thegoldstandard labeledbracket-
ing. Oftenthesearecombinedinto asinglemeasure,called
theF-measure,according to thefollowing formula:

2(LR)(LP)/(LR + LP) (1)
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1: Exampleedit distancetransducer.

TheE-measureis100minustheF-measure.Thiswill come
in handywhencomparingprecision andrecallbasedmea-
sureswith error ratesbasedon edit distance. Thereare
othermeasuresin thePARSEVAL recommendations,such
asthecrossingbracketsscores,but for the purposeof this
paper, wewill focusonlabeledprecision andrecall.

Wewill presentstring edit distanceas weightedfinite-
statetransduction2. Let be

�
the alphabet of the input

string *, and be
�

thealphabetof theoutput string
*. Let be

�
a finite statetransducerthatmaps(i)

all to
�

themselvesat nocost;(ii) all to
�

at� cost1 (substitution); (iii) all to
�

theempty
string at cost1 (deletion); and (iv) the emptystring to all

at� cost1 (insertion). Thentheeditdistancebetween
and� is theleastcostpathin .

Figure1 presentsa transducerfor (a+b)*, which, when
usedaccording to the previous paragraph,returns theedit
distancebetweentwo strings. Eacharc is labeledwith an
input symbol ,� andoutput symbol and� a cost ,� as fol-
lows: : /

�
. The emptystring haslabel . Only thosearcs

whichmapcharactersto themselvesarecostfree.All other
arcs– substitution(a:b),deletion(a: ),

�
andinsertion( :b)–

have cost1. Thus, for example, theedit distancebetween
aninput string“abab”andanoutput string“aabb” is two3.

Of course,it is up to us what thealphabetsandstrings
are.In thecaseof speechrecognition,whereeditdistanceis
usedto calculatetheworderrorrate(WER), thestringsare
stringsof words in the lexicon, andthetransduction maps
words to wordsor theemptystring. For thecaseof parser
evaluation, we might consider stringsof rules, stringsof
constituentswith span,or stringsconsistingof piecesof the
labeledbracketing.It is alsoup to us what costto put on
thearcs.In theabovefigure,all editcostsareone,butthere
maybecaseswherethecostof anedit might bejudgedto
belessthanone.

Therestof thepaper will bestructured asfollows.First
we will motivatethe useof edit distancewith anexample
whereprecisionand recall give scoresthat fail to corre-
spond to intuitive notions of similarity, which an edit dis-
tancescoreis closerto. Thenwe will present threeedit
distancemeasures,andhow they perform on four parser
implementationsfrom thestatisticalparsing literature. Fi-
nally, wewill discusshow this approachcanhandle more
complicatedschemasthatmight addresssomeof thecross-
systemissues.

2
�
Foran introductionto finite-statetransducers,see,e.g.Juraf-

sky andMartin (2000).
3Notethat thereis morethanonederivationherewith thesame

cost,e.g.a:ab:aa:b b:b(two substitutions)anda:ab: a:a� b:b :b�
(onedeletionandoneinsertion).

2. Moti vation
Oneperceivedfailure of precisionandrecallmeasures

waspresented in Bangaloreet al. (1998),namelythat shal-
low parsesthatdo notmake strongattachment choices are
penalizedlessthan parsesthatare quite closeto the gold
standard, but thatmake somewrongattachment decisions.
Their exampleis repeatedhere,with nodelabelson the
bracketing.

1. (S (NP (PRN She))
(VP (VBD bought)

(NP (NP (DT an) (JJ incredib ly)
(JJ expensive ) (NN coat))

(PP (IN with)
(NP (NP (JJ gold) (NNS buttons))

(CC and)
(NP (NN fur) (NN lining)))) )

(PP (IN at)
(NP (DT the) (NN store)))))

2. (S (NP (PRN She))
(VP (VBD bought)

(NP (NP (DT an) (JJ incredib ly)
(JJ expensive ) (NN coat))

(PP (IN with)
(NP (NP (JJ gold) (NNS buttons))

(CC and)
(NP (NP (NN fur) (NN lining) )

(PP (IN at)
(NP (DT the)

(NN store)))) )))))

3. (S (NP (PRN She))
(VP (VBD bought)

(NP (DT an) (JJ incredibly)
(JJ expensive ) (NN coat))

(IN with)
(NP (JJ gold) (NNS buttons) )
(CC and)
(NP (NN fur) (NN lining))
(PP (IN at)

(NP (DT the) (NN store)))))

Thegold standardparse(1) hasthefinal prepositional
phrasemodifying theverb phrase,whileparse2 mistakenly
attachesthePPto the lowestnounphrase.Other thanthis,
though,parse2 is quitecloseto thegoldstandard. Parse3
isamuchshallowerparse,with muchof thehierarchyin the
goldstandard left out.Usingstandardlabeledprecisionand
recallagainst thegold standardparse(1), parse2 achieves
72.73 labeledrecalland66.67 labeledprecision, or 69.56
F-measure.In contrast,parse3, whichis muchfarther from
thegoldstandard, achieves72.73 labeledrecalland100.0
labeledprecision,or 84.21 F-measure.Theclearreasonfor
thisis thatjudgingcorrectnessbasedonspanignoresdom-
inance relationships,so thatparse3 identifiesmany correct
constituents,despitegettingthe immediatedominancere-
lationshipsquitewrong(accordingto thegoldstandard).

Oneway to include the dominancerelationships is to
encode theparseas a sequenceof rules (top-down, left-
most). This uniquely identifiesthe tree, andserves as a
stringfor input into the simpleedit distanceapproachout-
linedin theprevioussection.Wewill uniformly givea cost
of 1 for eachinsertion,deletion,andsubstitution, without
giving creditfor substitutionsbetweenmoreor lesssimilar
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Table1: Editsfromgold standardfor alignedrule sequences.
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Figure2: Labeledbracketingencoded asa string

rules. This mayappearsomewhat coarse,but it is merely
a startingpoint. If it is felt that certainrules are,in some
sense,closerthanothers,thenthis canberepresentedin the
amount of costthat is associatedwith thatarc in thetrans-
ducer. Theapproachisgeneral enoughto allow fordifferent
costs.Tobegin, wewill count eachdeletion,substitution,
andinsertionasoneedit,andpresent theerror rate,i.e. the
total edit cost per 100 rules of gold standard. This is the
samemeasure thatisusedforaccuracy in thespeechrecog-
nitioncommunity (word errorrate).

Onenoteabouttheencoding: becauseevery left-hand
sidecategory (except S at theroot) alsooccurs on a right-
handside,weomit the left-hand sidecategory (except the
initial S),soastoavoid doubling errors. Becauseof therule
ordering,thereis noambiguity with respectto theleft-hand
sides.

Table1 shows the alignedsequencesof rules, andthe
editcostaccumulatedby bothparse2 andparse3 under the
standard cost. Recallthat thesymbols thatare beingcom-
paredareentirerules,not individual non-terminalswithin
therules.Henceeachcandidateparsehasa singlesubstitu-
tion for theverbphaseexpansion,despitethefactthat the
parse2 VP expansionis in somesensecloserto theorigi-
nal thanthatof parse3. In this sense,aswasstatedabove,
themetric is somewhat coarse. Nevertheless,we cansee
thatparse2 accruesonesubstitutionandoneinsertion,for
anerrorrateof 18.2(2 editsfor 11rules),whereasparse3
accruesonesubstitutionandthreedeletionsfor a 36.4 error
rate. Thesescoresbettercorrespond to our intuition, and
theonestatedin Bangalore et al. (1998), that parse2 is
closerto thegoldstandard thanparse3.

What this example demonstratesis that thereare cir-
cumstanceswhereprecisionand recallcan undulypenal-
ize parses,andothers wherethey do not penalize parses
enough. Edit distancebetweensequencesof rules doesthe
right thing, at leastin thesecases.Note,however, thatedit
distancedoesnot needto be over sequencesof rules. In

fact,wecancalculateedit distanceoverconstituent spans,
by replacing therulesin thetableabove with the left-hand
sideandword spanpositions. In thenext section,we will
presenta third edit distanceapproach,which treatsthe la-
beledbracketing itself asa string.Thiswill befollowed by
someparserevaluationsusingall threeof our proposededit
distanceapproaches.

3.
«

Labeledbracketing edit distance

Beforepresenting our method for calculatingedit dis-
tancebetweenlabeledbracketings,let usfirst discusshow
to encodethem as strings,i.e. what are the tokens? We
will adopt whatwasusedin Roark(2001b) for storingau-
tomaticallygeneratedtreebanks. Every open brackethasa
label,so an open bracket plus its label is onetoken. Ter-
minal items(i.e. lexical items)are always followed by a
closebracket (atleastin PennTreebank annotation),soter-
minalplusclosebracketis onetoken. Finally, closebrack-
etsfor non-POSconstituents,which do nothave anassoci-
atedterminalitem,areeachtokens. In this way,the labeled
bracketing canbeencodedas a string. Figure2 shows our
original labeledbracketing encodedasa stringwith this to-
kenization.

To calculatethe edit distancebetweenlabeledbrack-
etingsof the samestring, we are going to exploit some
characteristicsof thebracketing. First, we know that the
terminalitemsarethe samein the input and thegoldstan-
dard. Hencethereis no needto provide any arcsfor ter-
minal itemsotherthanthosemapping themto themselves.
Next, weassumethatboth the input andthegold standard
arebalanced, i.e. therearethe samenumber of right and
left parentheses.Whatthis meansis that,forevery success-
ful mappingbetweenoneparseto theother, every deleted
open bracket mustbematchedwith eitheraninsertedopen
bracket or a deletedclose bracket, to maintainbalanced
bracketing. Indeed, any bracket insertionor deletionmust
bepairedwith anotheredit.
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2: Labeledbracketing edit costtable

If weuseda standard edit costof 1, thenwewould get
a doublecountfor everydeletedor insertedconstituent. If,
however, wemake thecostof deletingor insertingopen(la-
beled) brackets or close(non-terminal)brackets onehalf,
we canrely on the balanced brackets property to ensure
that we ultimately get a costof one for the error. Table
2 presentsthis cost schema.Onenice side effect of this
is that substitutioncanbe considered simply asa deletion
plusaninsertion, andhenceautomaticallygiven aneditcost
of 1, without having to explicitly putsubstitutionarcsinto
thetransducer, sincedeletinga labeledbracket andinsert-
ing an alternatively labeledbracket hascost1 underthis
schema.We can,however, if we wish, allow substitution
at no cost.For example, if wedo not wishto include POS
tagsin theevaluation, wecanallow any POStagto rewrite
asany otherPOStagwith no cost. Sincetheclosebrack-
etsfor POStagsareterminals,which cannot beinsertedor
deleted, andsincetheyield for thetwo parsesareidentical,
this freesubstitutionmeansthatno POStaggererrorwill
resultin any costfor the leastcosttransduction. Let us re-
fer to as thebasic labeledbracketing edit transducer that
which maps(i) all symbols to themselvesatno cost,(ii) all
non-POSopenbracket non-terminalsto epsilonandvice
versa at cost0.5, (iii) the closebracket symbol to epsilon
andvice versaat cost 0.5,and (iv) all POSopenbracket
non-terminals to all otherPOSopenbracket non-terminals
at nocost.

Theredoes remain oneseriousproblem with this ap-
proach,however. Referringbackto our motivating exam-
ple in theprevioussection,onecanseeby inspectionthat
the leastcost path under this approachbetweenthe gold
standard (parse1)andparse2 will involve deletingoneNP
constituent (oneopen andoneclosebracket) andinserting
anddeletingthreeclosebrackets.In otherwords, themis-
attachmentof thePPis costingjust asmuchasit wouldun-
der precisionandrecallevaluation. A bettersolutionis to
allow certainkindsof constituentmovementto count asjust
oneedit. Deletingandinsertingconsecutive closebrackets
in effect allows constituentsto be moved higher or lower
in thehierarchy. Thus,in parse2, thedeletionof thethree
closebracketsfrom their current location and their inser-
tion into the correct location– how the movementof the
constituent is effected– shouldcount as a singleedit. We
cando thiswith a simpleadditionalpassover theleastcost
paththroughthecompositionwith ourbasiclabeledbrack-
etingedit transducer.

Thisbasictransducercannot simplybechangedto give
lesscost to deletionand insertionof multiple consecutive
closebrackets,becausethosebracketsmaybepairedwith
openbracketsor non-consecutive closebrackets. We only
want togivereducedcostto thoseconsecutive bracketsthat
arematchedwith otherconsecutive brackets.We could, in
advance of composition with thebasiclabeledbracketing

0

X:X/0
² 1

): ε/1

4

ε: )/1

2): ε/0

5
ε: )/0

X:X/0
²

3

ε: )/0

ε: )/0

X:X/0
² 6

): ε/0

): ε/0

Figure 3: Example transducergiving cost1 to multiplecon-
secutive bracket insertionanddeletion. ‘X’ is intended to
range overall symbols.

edit transducer, passthe input throughanarbitrary number
of transducersthat,forany given k, maptheinput to anout-
putby deletingk consecutiveclosebracketsandinsertingk
consecutive closebrackets,at a costof 1. Figure3 shows
onesuchtransducer, for two consecutive brackets.Because
anarbitrary numberof thesewouldneedto apply in order
to cover all possiblemovements,this is not a particularly
useful approach.

Luckily, we can find the exact cost that corresponds
to this approach,without having to actuallyperform these
transductions,veryquickly in thefollowing manner:

1. Find the leastcostpath throug
�

h thecomposition
with our basiclabeledbracketingedit transducer

2. Calculatethetotalcost of³ theeditsin
3.
´

Find the length of the longest consecutive string
of deletedclosebrackets and� the lengthof the
longest consecutive string of insertedclosebrack-
ets in

µ
4.
¶

= min( ,� )
�

5. If
a)� remove consecuti· ve deletedand consecuti· ve
insertedclosebracketsfrom
b)
�
c)· returnto 3.

5. return

This
±

will yield the sameedit cost thatwould have re-
sultedfrom applying thearbitrary transductions described
in thepreviousparagraph.Toseethis, onemustrecallthat
all consecutive close bracket symbols comeimmediately
after terminal items. Becausethe terminal itemscannot
beinsertedor deleted, this meansthat the only way to re-
positionclosebracketsinto thecorrectlocationis to delete
themandre-insert. The deletionor insertionof any other
symbolswill notchangethis. Hencethedeletionandinser-
tion of consecutive closebracketswill bepart of the least
costpaththrough the basictransducer. If thereexist con-
secutive deletedbrackets andconsecutive insertedbrack-
etsof thesamelength, then therewould have beena bet-
ter path betweenthe input andgold standardparsesthat
involved pairing theseconsecutive brackets,andhenceac-
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¸
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measure edit¹ edit¹ edit¹

Charniak
º

(2000) 89.74
»

87.9
»

5 86.5
»

85.6
»

Collins
º

(2000) 89.71
»

87.9
»

4 86.4
»

85.5
»

Collins
º

(1997) 88.24
»

86.4
»

5 84.5
»

84.0
»

Roark
¼

(2001) 86.71
»

85.0
»

4 82.9
»

83.3
»

Table3: Comparisonof four parserswith four measuresof
accuracy

cruing a singleedit. Theabove algorithm will find all such
instances,andadjustthecostaccordingly.

We will call thescorethat resultsfrom this methodof
calculating the edit distancebetweentwo labeledbrack-
etings,which counts movementsof constituents asa sin-
gle edit, “Label edit distance”to contrastit with theother
edit distancescoresthatwe havediscussed,“Rule edit dis-
tance”,whichis basedontheeditdistancebetweenordered
sequencesof rules,and“Spaneditdistance”,whichis based
ontheeditdistancebetweenorderedconstituentswith span
andlabel.

In thenext section,we will present scoresusingdiffer-
entmeasuresfor four treebank-styleparsersfrom theliter-
ature. This will be followedby a discussionof how these
approachesgeneralize.

4. Evaluation
To evaluatetheseedit distancemeasures,we will mea-

sureperformanceof theoutput from four differentparsers.
Eachof thefour parserswastrainedonsections2-21of the
PennWall St. Journal Treebank, andtestedon section23.
Wecanthuscomparetheparserswith eachotherusingdif-
ferent measures,andcomparethe measures by looking at
thedistinctions thataremadeby themeasuresbetweenthe
variouslyperformingparsers.

Theparsingoutputs arethosetakenfrom thelatestver-
sion of the parserpresentedin Charniak(2000), and the
output from Collins (2000), Collins (1997), and Roark
(2001a)4. For eachof the edit distancemeasures – label,
rule, andspan– we candefinetheerror rate,which is the
number of editsper100events (i.e. rulesor constituents)
in the gold standardparse. The accuracy is thendefined
as100 minus the error rate. The accuracy measuresthat
we usedwere: (i) F-measure; (ii) Label accuracy (based
on labeledit distance);(iii) Spanaccuracy (basedon span
edit distance);and(iv) Rule accuracy (basedon rule edit
distance). To avoid penalizingtheparsersfor POStagging
errors, thePOStagsin rule instancesusedfor therule edit
distancewerereplacedwith the terminals. Table3 shows
thefour differentscoresof thefour parsers.

All threeof our edit distancemetricsareharder on the
parsers than the F-measure score,with rule edit distance
giving thelowestscoresoverall. Thisisperhapsnotsurpris-
ing given the particulartestdomain, sincethe PennTree-

4TheF-measureaccuracy for theCharniakparseris 0.2 better
than the publishedresult. In addition to thesefour parsers,we
alsoattemptedto obtaintheoutput from oneotherhigh accuracy
parser, but wereunableto do so.

F−measure Label edit Span edit
½

Rules edit
0
¾

1

2

3
¿

Charniak (2000) − Collins (2000)
À
Collins (2000) − Collins (1997)
Collins (1997) − Roark (2001)

Figure 4: Thedifferencebetweenaccuracy scoreswith F-
measure andthe threeedit distances,for the four parsers:
Charniak(2000) minus Collins (2000); Collins (2000) mi-
nusCollins(1997); andCollins(1997) minusRoark(2001)

bank annotation is known for havingmany flat constituents,
mostnotably the baseNP constituents. In this case,then,
wecanhavestructureswith norulescorrect,but somecon-
stituentspanpredictionscorrect.

It is interestingto notethat, despitethe differencesin
scores– with F-measuregiving thehighestscores,andrule
accuracy generally the lowestscores– thereis alwaysthe
sameordering among parsers. To seehow closethe dis-
tinctions betweenthe parsersareunder the four different
measures, in figure 4 we plotted the differencesin score
betweenparsersranked n and(n+1), for eachof the four
measures. As onecansee,the distinctionsthat arebeing
madebetweenparsersare remarkably consistentbetween
themeasures. Theonly exception to this is that theRoark
(2001)parserdoesrelativelybetterin ruleaccuracy – in fact
half a point betterthanspanaccuracy, while all the other
parsers hadworserule accuracy thanspanaccuracy. This
maybedueto thefactthattheRoarkparseris aleft-to-right
incrementalparser, makingpredictionsabout childrenof a
left-handsidegiven the context, in contrastto the others,
which also make predictions aboutheadsof constituents
given governingheads. Thusit maytendto do a betterjob
choosingchildrenof the left-hand sidethanit doeschoos-
ing specificconstituents. Alternately, it might be that this
parseris making moregraveattachment errors thantheoth-
ers,andhencebenefittingfromtherule-orientedevaluation,
whichhasbeenshown to bemorelenientontheseerrors. If
thisweretrue,however, wewouldexpectthelabeledbrack-
etingaccuracy to besimilarly affected,which it is not.

This is all well-and-goodfor overall scores,but how do
thesemeasuresdiffer ona sentenceby sentencebasis.Fig-
ure 5 plots eachsentencefrom Charniak(2000), with its
labeledbracketingerrorrateversusits E-measure, i.e. 100
minus F-measure.Along theline thescoresareidentical5.

5
Á
The labeledbracketing error rate goesabove 100, because

therecanbe moreeditsrequiredthan therearenon-terminalsin
theparse,e.g.if thereis nothingright.
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Figure 5: 100 - F-measure(E-measure)versuslabeled
bracketing edit rate for eachsentencein section23 from
Charniak (2000)

Most of the parsesareclose,but therearesomeoutliers.
A brief inspectionof someof theoutliers providesno sur-
prises. Thoseout alongthe x-axis result from constituent
attachmentdecisionsthatmakemany constituentsincorrect
with respectto their span.Thosecloserto they-axisresult
from largedifferencesin precisionandrecall– i.e. perfect
precision andpoorrecallor viceversa– whichtendto give
higher F-measurescoresthanif we simply count thenum-
berof editsrequired to matchthegoldstandardparse.

Most of the parsesthat have very divergentscoresare
quite small, so that a small number of required edits ac-
counts for a large percentageof the non-terminalsin the
parse. Thesedo not accountfor muchwhen it comesto
overall performance, because the raw numbers that they
contributearesmall. To try to geta bettersenseof where
the bulk of the differencesare,we plottedin figure 6 the
raw numbersthat fall into particular buckets. For the edit
distancescore,we have the number of edits. To approxi-
mateanumberof errors in theprecisionandrecallcase,we
took the E-measuretimesthe number of non-terminalsin
thegold standardparse,androundedit to thenearestinte-
ger. At eachpoint(x,y), wherex is theroundedapproxima-
tion to errors from the E-measure, andy is the number of
editsrequiredfor thelabeledbrackets,weplottedthenum-
ber of sentencesout of the testsetof 2416sentences that
fall in thatbucket. Weomittedthosesentenceswherex = y.
As onecansee,thebulk of thesentencesthatdiffer do so
by oneor two. Thosethataregreatlydifferentarerelatively
rare.

To summarizethis section, we have presented three
evaluationmeasuresbasedon edit distance.All threegive
lowerscoresthanlabeledprecisionandrecallto theparsers
evaluated,yet they maintainsimilar distinctions between
the parsers.That is, thesemeasures are just asuseful as
precision and recall in discriminating betweenparsersin
thedomain whereprecisionandrecallhasbeenusedmost
widely andmostsuccessfully. The labeledbracketingand
rulesedit ratescoresgive betterscoresthanprecisionand
recall for certainkinds of errors, although theseparsers do
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notseemto bemakingtheseerrorswith muchfrequency.
In the next section,we will discusshow edit distance

scoring allows for very natural generalizations for such
things asheterogeneous labelingschemas.

5. Discussion
For thecaseof labeledbracketing,anedit distanceap-

proach provides a very natural way to extend evaluation
to include such things as partial matches or equivalence
classes.For example, supposethegold standardparsein-
cludes things suchas function tags,e.g. not simply NP,
but NP-SBJfor subjectNPs,or PP-TMPfor temporal PPs.
Onemaywantto imposesomecostfor failureto labelthese
tagsontothenon-terminalnode. Thiscostmaybelessthan
that imposedfor a completemismatch.In order to do this,
all thatoneneeds to do is includea transitionin our trans-
ducer to mapfrom oneto the otherwith the desiredcost.
Similarly, onemaywant to include POStagsin theevalu-
ation,but imposelessof a costfor mis-taggingsomething
that should be NN as,say, NNP, thanonewould for mis-
tagging it asVBD. Errors in POStagging asawholecould
beassignedlesscostthanerrors in non-POSlabels.

Alternately, onemightbemoreinterestedin whether or
not theparserfindsthecategoriesof a shallow parseaccu-
rately. In thiscase,onemightnot imposeany costfor dele-
tion, just for insertion,i.e. more structureis okay. Some
might considerthis “dumbing down” theparser, but in fact
gettingvery flat constituents high in thetreecorrectcanbe
more difficult thanmakingfiner distinctions lower in the
tree. For purposessuchas informationextraction, for ex-
ample, a lot of hierarchicalstructuremaybelessimportant,
whichwould leadoneto anevaluationof thissort.Making
deletioncostfreeis verystraightforward.

Perhaps most importantly, edit distancegeneralizesto
any sequenceof parserdecisions,including thoseof, say, a
dependency parser. Given the left-to-right orderingof the
words,we canstipulateanordering amongdependency re-
lationsto giveanoverallordering of thedependencies. Edit
distancecanthenstraightforwardly applyin thesameway
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asÏ it did to thesequenceof rules.This approachwastaken
in evaluatinga naturallanguagegeneration systemin Ban-
galoreet al. (2000).

Onebenefitof usingeditdistanceona simplesequence
of rules, constituents with span,or dependency relation-
ships,is thatexistingerrorratesoftware,suchasthoseused
for speechrecognition evaluation, canbeusedasis on the
output. This is actuallyhow the evaluation from the pre-
vious sectionwascarriedout for therule edit distanceand
the constituent spanedit distance6. This is beneficial,not
only becauseonedoesnot have to write new codeto eval-
uatetheoutput, but alsobecausetheseevaluation routines
oftencanoutput interestingdiagnosticinformation,includ-
ing frequentsubstitutions,merges,or splits.

Onecomment that is obvious,but deserves to bemade
nonetheless,is that theevaluation shouldfit thetask. Why
should the degree to which a parsercan identify depen-
dencies be a betterevaluation thanthe degreeto which it
canidentify constituents? Only insofar assomeparticular
taskrequires lexical dependencies,not constituents. Pars-
ing, unlike speechrecognition, is not generallyviewed as
a task in andof itself. Rather, it is taken to be in service
of somethingelse,e.g. somekind of semanticprocessing
or languagemodeling. This can also be true of the out-
putof aspeechrecognizer– therecognizedwordsmightbe
usedto attemptto classify the utterance, for example. In
thatcase,it maybeusefulto measureWER,but ultimately
theefficacy of theparticularrecognizerwill befound in the
classificationaccuracy. If an improvement canbe had in
recognizeraccuracy thatmakesno differencein classifica-
tion accuracy, thenwhy bother. Thesameis truein parsing.
Thedangerwith embeddinga parserin another systemfor
evaluation is that it becomesmoredifficult to control for
theotherpartsof thesystem.It thusis beneficial to beable
to evaluatetheoutput of theparserindependently– but pre-
sumably with respectto its ability to recognize thehidden
structures that areusedby the system. In the absenceof
sucha parser-independentcriterion, objectiveevaluationis
difficult. In its presence, error rateandaccuracy basedon
editdistanceis agoodalternative for evaluation.

In thispaper, wehavepresentedthreeeditdistancemea-
suresthatcanbeusedto evaluateparsers.Theintentis not
to exhaust the possibilitiesof the approach,but ratherto
show that, asa general framework, edit distancecanpro-
vide the flexibility to meetthe varied demands of parser
evaluation. Thesemeasurescanmake similar distinctions
betweenparsersasis madeby precisionandrecall,yet re-
pairsomelong-standingweaknessesof them.Edit distance
canbeapplied to avarietyof stringrepresentationsof trees,
including an ordered list of constituents with span,an or-
deredlist of context-freerules,or eventhelabeledbracket-
ing itself.
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6
Ð
Sincethe labeledbracketing edit distancerequireda special

transducer, it wasevaluateddifferently.
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Abstract
We applya seriesof context-freegrammarsto syllabificationby usinga supervisedtrainingmethod.In our experiments,we investigate
variousphonologicalgrammars,which strongly differ in structure. A simple evaluationmetric “word accuracy” supportsgrammar
developmentby denotinganincreasingperformancefor grammarsenrichedwith linguisticstructure.Thisevaluation,judgingonesingle
category sharedby all grammars,is in strongcontrastto PARSEVAL, which is designedfor a singlegrammarevaluating(almost)all
categories.Usinga toy-treebank,weshow thatthePARSEVAL measuresarehardto interpret,sincetheresultsareinconsistentwith one
another. It turnsout thatevaluatingonly a limited numberof categories(hereonly onesinglecategory) is a harderevaluationmeasure
thanmeasuringtheprecisionof all occurringsubstructuresof a grammar.

1. Intr oduction

In computationallinguistics,thePARSEVAL measures
suggestedby Blacket al. (1991) arenow thestandardmea-
surefor evaluationof context-freegrammars(CFGs).The
measuresquantify precisionandrecall of commonparen-
thesisbasedon a treebank.Themetricsfocuson thepreci-
sionof all substructuresthatarespecifiedby a CFG.How-
ever, thePARSEVAL metricsarenot suitablefor all prob-
lemsthat canbe describedwith probabilisticcontext-free
grammars(PCFGs)especiallyin caseswhenpartial struc-
turesare more interesting. In comparisonto the field of
parsing,thereareno phonologicaltreebanksof transcribed
words.However, largepronunciationdictionariesareavail-
ablewhichcanbeexploitedfor evaluationandtraining.We
developaseriesof grammarsin oursupervisedexperiments
andevaluatethemonpartialstructures.Therearetwo main
reasonswhy we chosean evaluationproceduredifferent
from PARSEVAL. Firstly, if we had chosenthe PARSE-
VAL evaluationmetrics,a separateevaluationsuitewould
have to beconstructedfor eachgrammartype. This would
be very time-consuming.Secondly, we chosealternative
evaluationmetricsbecausesyllabificationtasksareusually
evaluatedeither by syllable accuracy or even word accu-
racy, i.e. partialstructuresof a phonologicaltreeareeval-
uated.Syllableaccuracy meansthateachsyllableis com-
paredwith an annotatedsyllabifiedcorpus. If the system
predictsthe syllableboundarycorrectly, syllableaccuracy
increases.A strictervariantof measuringthecapabilityof
a systemis to determineword accuracy, which meansthat
eachsyllableboundaryhasto bepredictedcorrectlywithin
a word. We try to solve the evaluationproblemby anno-
tatingandevaluatingthosestructureswhich areusuallyre-
ferredto in theliteraturelinkedtosyllabification,andwhich
aresharedby all grammars.

The paperis organizedas follows: in Section2, we
introducethe syllabification task, as well as a seriesof
phonologicalgrammarsdescribingGermansyllablestruc-
ture. Section3 discussesour evaluationmeasurein com-
parisonto PARSEVAL. In Section4, weconclude.

2. Syllabification
In text-to-speech(TTS)systems,like thosedescribedin

Sproat(1998), the correctpronunciationof unknown and
novel words is a crucial problem. Thus, TTS systems
usuallyuselargepronunciationdictionaries,however there
are in all languagesproductive word formation processes
which generatewordsthatarenew to thesystem.Thecor-
rect pronunciationof a new word is not only dependent
on the correctidentificationof phonemesbut also on the
correctassignmentof syllables. VanSantenet al. (1997)
showed that location in the syllable influencesthe dura-
tion of a phone.Furthermore,identifying syllablesbound-
ariesis essentialfor the applicationof phonologicalrules
(Kahn(1976), Blevins (1995)), which is certainlythe case
e.g. for Germansyllable-finaldevoicing. Thus,we arein-
terestedin developingmodelsthatpredictsyllablebound-
ariesof unknown wordsaswell aspossible.Thismeansfor
context-freegrammars,thatwe needa singlecategory e.g.
“SYL” (i) which spansa whole syllable, (ii) occursin all
grammarsand(iii) which canbeevaluatedeasily.

In our approach,we developed several context-free
grammarsand trained them on large automaticallytran-
scribedcorporaextractedfrom newspapercorporaby look-
ing up the wordsandtheir transcriptionsin the pronunci-
ationdictionaryCELEX (Baayenetal. (1993)). Thediffer-
ent grammarsdescribethe internalstructureof wordsand
canbe usedto predictsyllableboundariesafter a training
procedure.In our experiments,we usea supervisedtrain-
ing methodwhich is a combinationof treebankandbrack-
etedcorporatraining(Müller (2001)) exploiting thesyllab-
ification informationof a pronunciationdictionaryandthe
frequency information of a training corpusconsistingof
182000words.

We investigatesix differentgrammarsto predictsylla-
bleboundariesby introducingnew categoriesfor eachnew
grammar.

Treebankgrammar. The first grammardescribesa
word asa sequenceof syllablesconsistingof oneor
n phonemes.The analysisat the top of Figure1 dis-
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Figure1: Treebankgrammar

plays a possiblesyllabificationof the Germanword
“Topfladen”( Ñ tOpfla:d@nÒ , which canbeeithertrans-
latedby top chapatti (Top-fladen),or pot shop(Topf-
laden)(of coursethereareadditionalpossiblesyllabi-
fications)

Phonemegrammar. Thesecondgrammarintroduces
anabstractlevel betweenthephonemesandthesylla-
bles.Eachphonemeis labeledby anabstractphoneme
label.Thegrammarlearnsinformationaboutthecom-
plexity of asyllable.Figure2 showstwo possibleanal-
ysesof thephonemestring Ñ tOpfla:d@nÒ accordingto
thephonemegrammar.

Consonant-vowel grammar. Thethird grammardis-
tinguishesbetweenconsonantsandvowelsby labeling
all phonemeseitherby a C or aV label.Thegrammar
alsodemandsa vowel insideof a syllable. Thestruc-
ture of the grammaris exemplifiedby Figure 3 dis-
playing two possiblesyllabificationsof the phoneme
string Ñ tOpfla:d@nÒ .
Syllable structur e grammar. The fourth grammar
specifiessyllable structurein more detail. Syllables
aresplit into onset,nucleusandcoda.Theprobability
of a consonantdependson its occurrencein theonset
or thecoda.Two exampletreesof thephonemestringÑ tOpfla:d@nÒ areshown in Figure4.

Positional syllable structur e grammar. The fifth
grammarfurther describesa phonemedependingon
the positionof the syllablewithin the word, andde-
pendingonthepositionof thephonemewithin thesyl-
lable by enumeratingthe consonants.Therearefour
possiblepositionsof thesyllable: word-initial, word-
medial,word-final,andmonosyllabicwords.Thecon-
sonantsof thephonemesareenumeratedaccordingto
theirpositioninsideof thesyllableonset,or coda.The
structureof thegrammaris examplifiedin Figure5

Advanced positional syllable structur e grammar.
An additionalfeature,clustersizeis addedto the last
grammar. Thus, the consonantsdependon their po-
sition within the cluster, and the size of the cluster.
Figure6 displaystwo examples.

Root

Wrd

Syl

P

t

P

O

P

p

Syl

P

f

P

l

P

a:

Syl

P

d

P

@

P

n

Root

Wrd

Syl

P

t

P

O

P

p

P

f

Syl

P

l

P

a:

Syl

P

d

P

@

P

n

Figure2: Phonemegrammar

Root

Wrd

Syl

C

t

V

O

C

p

Syl

C

f

C

l

V

a:

Syl

C

d

V

@

C

n

Root

Wrd

Syl

C

t

V

O

C

p

C

f

Syl

C

l

V

a:

Syl

C

d

V

@

C

n

Figure3: Consonant-vowel grammar

In a next step,the grammarsaretrainedusinga novel
algorithm consistingof a combinationof bracketedcor-
poraandtreebanktraining (seeMüller (2001)). However,
in contrastto olderexperiments(wherewe trainedon a se-
ries of training corporarangingfrom 4 500 to 2.1 million
words),weusefor ournew experimentsafixedtrainingcor-
pusconsistingof 182 000 words. Training on this corpus
providesa probabilisticversionfor eachof thesix phono-
logicalgrammars.Sinceall grammarshavein commonthat
they arewritten to predictsyllableboundaries,they share
the category “SYL” which spansa whole syllable. After
training, we can usethe most probableparseof a word,
theso-calledViterbi parse,to readoff thesyllablesof this
word: all phonemesunderasyllablenode“SYL” belongto
onesyllable.In Section3, wedescribetheperformancefor
thetrainedgrammarson a syllabificationtaskusinga huge
evaluationcorpusof about240 000 words. Moreover, we
try to relatetheseresultsto anevaluationusingPARSEVAL
measuresfor a toy-treebank.

3. Evaluation
As alreadypresentedin Section2, our systemis de-

signedto predict syllable boundariesusing probabilistic
phonologicalgrammars.For parsing,we usedthe imple-
mentationof Schmid(2000). Our evaluationcorpuscon-
sists of about 242 000 correctly syllabified words. For
syllabificationof thesewords,we usedthe CELEX dictio-
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Figure4: Syllablestructuregrammar
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Figure5: Positionalsyllablestructuregrammar

nary. For accuracy measurement,theraw phonemestrings
of eachword of the evaluationcorpusareparsedwith our
variousPCFGs,andthe Viterbi parsesaretaken to extract
the syllablesof the phonemestrings. Then, the result is
comparedwith theannotatedvariantin theevaluationcor-
pus. Word accuracy is computedby countingthe number
of correctlysyllabifiedwords,andby dividing this number

by thesizeof theevaluationcorpus.

3.1. Evaluation Results

Figure1 shows our evaluationresults. Column1 dis-
playstheseriesof grammarsweinvestigated,andColumn2
displaysthecorrespondingaccuracy values.

Theevaluationshows thatthegrammarwith therichest
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Figure6: Advancedpositionalsyllablestructuregrammar

grammar wordaccuracy
phonemegrammar 62.37
treebankgrammar 71.01
consonant-vowel grammar 93.31
syllablestructuregrammar 94.12
positionalsyllablestructuregrammar 96.42
advancedpos.syllablestructuregrammar 96.48

Table1: Word accuracy of the probabilisticphonological
grammarstrainedon a corpusof 182000words,andeval-
uatedon a corpusof 242000words.

structure,the advancedpositionalsyllablestructuregram-
mar, reachesthe highestperformanceof 96.48%word ac-
curacy for a trainingcorpussizeof 182000words.In gen-
eral, the more linguistic knowledgeis addedto the gram-
mar, thehighertheaccuracy of thegrammaris. In contrast
to thelinguisticgrammars,theresultsof thetreebankgram-
mar stronglydependon the sizeof the training corpusas
reportedin Müller (2001). They showedthateventhesim-
plestgrammar, thephonemegrammar, wasbetterthanthe
treebankgrammaruntil the treebankgrammarwastrained
with a corpussizeof 77 800. Of course,the low accuracy
ratesof the treebankgrammar(trainedon small corpora)
weredueto thehighnumberof syllablesthathavenotbeen
seenin thetrainingcorpus.

3.2. Comparison to PARSEVAL

In this section,we want to exemplify that the problem
of usingPARSEVAL measuresfor this seriesof grammars
is that an increase(or decrease)of the PARSEVAL mea-
surescanhardly be interpretedin termsof syllabification.
In more detail, we show that it is simply unclearwhat it
meansfor syllabificationif two structurallyvaryinggram-
marsyield differentvaluesfor “labeledprecision”.

The following exampleclarifies the problemwhy we
choosean evaluationmeasuredifferentfrom PARSEVAL.
Let ussupposethat

(i) the evaluation corpus consists of one single
word, namely the above mentionedexample word
“Topfladen”,

(ii) all six trainedgrammarspredict the (wrong) syllable
structure,Top-fladen( Ñ tOpÒÓÑ fla:ÒÔÑ d@nÒ ) shown at the
topof Figures1-6,

(iii) the correct syllabification of Topfladenis annotated
asTopf-laden( Ñ tOpfÒÔÑ la:ÒÓÑ d@nÒ ) codedin six different
treebanksshown at thebottomof Figures1-6,

(iv) weevaluateourseriesof phonologicalgrammarswith
thePARSEVAL measure“labeledprecision”.

Undertheseassumptions,all grammarsfail in solving
thesyllabificationtask:all grammarsyield awordaccuracy
of 0%, and a syllable accuracy of 33%. However, if the
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grammarsÕ analyses PARSEVAL without preterminals labeledprecision

tr eebankgrammar treeat thetop Wrd(0:9)
(Figure1) treeat thebottom Wrd(0:9) 1/1= 100%
phonemegrammar treeat thetop Wrd(0:9) , Syl(0:3),Syl(3:6),Syl(6:9)
(Figure2) treeat thebottom Wrd(0:9) , Syl(0:4),Syl(4:6),Syl(6:9) 2/4= 50%
consonant-vowel grammar treeat thetop Wrd(0:9) , Syl(0:3),Syl(3:6),Syl(6:9)
(Figure3) treeat thebottom Wrd(0:9) , Syl(0:4),Syl(4:6),Syl(6:9) 2/4= 50%
syllablestructur e treeat thetop Wrd(0:9) , Syl(0:3),Syl(3:6),Syl(6:9), Onset(0:1), Coda(2:3),
grammar Onset(3:5),Onset(6:7), Coda(8:9)
(Figure4) treeat thebottom Wrd(0:9) , Syl(0:4),Syl(4:6),Syl(6:9), Onset(0:1), Coda(2:4),

Onset(4:5),Onset(6:7), Coda(8:9), 5/9= 55.5%
positional treeat thetop Wrd(0:9) , Syl.ini(0:3),Onset.ini(0:1), Rhyme.ini(1:3),Coda.ini(2:3),Wrd.part(3:9),
syllablestructur e Syl.med(3:6),Onset.med(3:5),Rhyme.med(5:6), Wrd.part(6:9) , Syl.fin(6:9),
grammar Onset.fin(6:7), Rhyme.fin(7:9), Coda.fin(8:9)
(Figure5) treeat thebottom Wrd(0:9) , Syl.ini(0:4),Onset.ini(0:1), Rhyme.ini(1:4),Coda.ini(2:4),Wrd.part(4:9),

Syl.med(4:6),Onset.med(4:5),Rhyme.med(5:6), Wrd.part(6:9) , Syl.fin(6:9),
Onset.fin(6:7), Rhyme.fin(7:9), Coda.fin(8:9) 8/14= 57.1%

advancedpositional treeat thetop Wrd(0:9) , Syl.ini(0:3),Onset.ini(0:1), Rhyme.ini(1:3),Coda.ini(2:3),Wrd.part(3:9),
syllablestructur e Syl.med(3:6),Onset.med(3:5),Rhyme.med(5:6), Wrd.part(6:9) , Syl.fin(6:9),
grammar Onset.fin(6:7), Rhyme.fin(7:9), Coda.fin(8:9)
(Figure6) treeat thebottom Wrd(0:9) , Syl.ini(0:4),Onset.ini(0:1), Rhyme.ini(1:4),Coda.ini(2:4),Wrd.part(4:9),

Syl.med(4:6),Onset.med(4:5),Rhyme.med(5:6), Wrd.part(6:9) , Syl.fin(6:9),
Onset.fin(6:7), Rhyme.fin(7:9), Coda.fin(8:9) 8/14= 57.1%

Table2: PARSEVAL measure“labeledprecision”(omitting preterminals)calculatedon thebasisof theexamplesshown
in Figures1-6

grammars analyses PARSEVAL with preterminals labeledprecision

tr eebankgrammar treeat thetop Wrd(0:9) , Syl(0:3),Syl(3:6),Syl(6:9)
(Figure1) treeat thebottom Wrd(0:9) , Syl(0:4),Syl(4:6),Syl(6:9) 2/4 = 50%
phonemegrammar treeat thetop Wrd(0:9) , Syl(0:3),Syl(3:6),Syl(6:9),P(0:1), P(1:2), P(2:3), P(3:4)

P(4:5), P(5:6), P(6:7), P(7:8), P(8:9)
(Figure2) treeat thebottom Wrd(0:9) , Syl(0:4),Syl(4:6),Syl(6:9) P(0:1), P(1:2), P(2:3), P(3:4)

P(4:5), P(5:6), P(6:7), P(7:8), P(8:9) 11/13= 84.6%
consonant-vowel grammar treeat thetop Wrd(0:9) , Syl(0:3),Syl(3:6),Syl(6:9),C(0:1), V(1:2), C(2:3),

C(3:4), C(4:5), V(5:6), C(6:7), V(7:8), C(8:9)
(Figure3) treeat thebottom Wrd(0:9) , Syl(0:4),Syl(4:6),Syl(6:9),C(0:1), V(1:2), C(2:3), C(3:4)

C(4:5), V(5:6), C(6:7), V(7:8), C(8:9) 11/13= 84.6%
syllable structur e treeat thetop Wrd(0:9) , Syl(0:3),Syl(3:6),Syl(6:9), Onset(0:1), On(0:1), Nucleus(1:2)
grammar Coda(2:3),Cod(2:3), Onset(3:5),On(3:4),On(4:5), Nucleus(5:6), Onset(6:7)

On(6:7), Nucleus(7:8), Coda(8:9), Cod(8:9)
(Figure4) treeat thebottom Wrd(0:9) , Syl(0:4),Syl(4:6),Syl(6:9), Onset(0:1), On(0:1), Nucleus(1:2)

Coda(2:4),Cod(2:3), Cod(3:4),Onset(4:5),On(4:5), Nucleus(5:6), Onset(6:7)
On(6:7), Nucleus(7:8), Coda(8:9), Cod(8:9) 13/18= 72.2%

positional treeat thetop Wrd(0:9) , Syl.ini(0:3),Onset.ini(0:1), On.ini.1(0:1), Rhyme.ini(1:3),Nucleus.ini(1:2)
syllable structur e Coda.ini(2:3),Cod.ini.1(2:3), Wrd.part(3:9),Syl.med(3:6),Onset.med(3:5)
grammar On.med.1(3:4),On.med.2(4:5),Rhyme.med(5:6), Nucleus.med(5:6), Wrd.part(6:9)

Syl.fin(6:9), Onset.fin(6:7), On.fin.1(6:7), Rhyme.fin(7:9), Nucleus.fin(7:8)
Coda.fin(8:9)Cod.fin.1(8:9)

(Figure5) treeat thebottom Wrd(0:9) , Syl.ini(0:4),Onset.ini(0:1), On.ini.1(0:1), Rhyme.ini(1:4),Nucleus.ini(1:2)
Coda.ini(2:4),Cod.ini.1(2:3), Cod.ini.2(3:4),Wrd.part(4:9),Syl.med(4:6),Onset.med(4:5)
On.med.1(4:5),Rhyme.med(5:6), Nucleus.med(5:6), Wrd.part(6:9) , Syl.fin(6:9)
Onset.fin(6:7), On.fin.1(6:7), Rhyme.fin(7:9), Nucleus.fin(7:8)
Coda.fin(8:9)Cod.fin.1(8:9) 15/23= 65.2%

advanced treeat thetop Wrd(0:9) , Syl.ini(0:3),Onset.ini(0:1), On.ini.1.1(0:1), Rhyme.ini(1:3)
positional Nucleus.ini(1:2), Coda.ini(2:3),Cod.ini.1.1(2:3),Wrd.part(3:9),Syl.med(3:6),
syllable structur e Onset.med(3:5),On.med.1.2(3:4),On.med.2.2(4:5),Rhyme.med(5:6), Nucleus.med(5:6)
grammar Wrd.part(6:9) , Syl.fin(6:9), Onset.fin(6:7), On.fin.1.1(6:7), Rhyme.fin(7:9)

Nucleus.fin(7:8),Coda.fin(8:9)Cod.fin.1.1(8:9)
(Figure6) treeat thebottom Wrd(0:9) , Syl.ini(0:4),Onset.ini(0:1), On.ini.1.1(0:1), Rhyme.ini(1:4),

Nucleus.ini(1:2), Coda.ini(2:4),Cod.ini.1.2(2:3),Cod.ini.2.2(3:4),Wrd.part(4:9)
Syl.med(4:6),Onset.med(4:5),On.med.1.1(4:5),Rhyme.med(5:6), Nucleus.med(5:6),
Wrd.part(6:9) , Syl.fin(6:9), Onset.fin(6:7), On.fin.1.1(6:7), Rhyme.fin(7:9),
Nucleus.fin(7:8), Coda.fin(8:9)Cod.fin.1.1(8:9) 14/23= 60.9%

Table3: PARSEVAL measure“labeledprecision”(includingpreterminals)calculatedon thebasisof theexamplesshown
in Figures1-6

PARSEVAL measure“labeledprecision”is expectedto be
usefulfor thesyllabificationtask,then“labeledprecision”
shouldexpressthatall grammarsperformequallygood(or
bad)in our toy-setting.

Table 2 displays the results of “labeled precision”.
The matching brackets are shown in bold. Follow-
ing the suggestionof ManningandScḧutze(1999), the
root node “Root” is not taken into account. More-
over, we omittedcomparisonsof pre-terminalnodes,since

ManningandScḧutze(1999) suggestto evaluate tagging
and parsingseparateley. In this evaluation, the simplest
grammar, thetreebankgrammar, achievesthehighestvalue
for labeledprecision(100%),sinceonly the word-nodeis
takeninto account.Thephonemeandtheconsonant-vowel
grammarachieve the lowest valuesfor labeledprecision
(50%). Table3 alsodisplaysthe resultsof “labeledpreci-
sion”,buthere,weincludethecomparisonof pre-terminals,
dueto thefact thatwe neverappliedour grammarsusinga
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seperatetagger. Here,the treebankgrammarachievesthe
lowest value for labeledprecision(50%). The phoneme
grammar, and the consonant-vowel grammarachieve the
highestvaluesfor labeledprecision(84.6%).

Thus,the resultsof both evaluationsarehardto inter-
pret,sincethey areinconsistentwith oneanother. Further-
more,neitherthe first evaluation(omitting pre-terminals),
nor the secondevaluation(including pre-terminals)corre-
spondto syllableaccuracy, or wordaccuracy.

For thesereasons,we doubtthat thePARSEVAL mea-
suresareusefulfor evaluationof phonologicalgrammars,at
leastfor ourgrammars,whichwedevelopedfor thesyllabi-
ficationtaskin mind. In contrast,wefocusonevaluationof
partialstructures,namelyon thecategory “SYL”, andmea-
surehow goodthegrammarsdetectthis singlecategoryon
theword level. Interestingly, it seemsthatevaluatingonly a
limited numberof categories(hereonly a singlecategory)
is aharderevaluationmeasurethanmeasuringtheprecision
of all occurringsubstructuresof a grammar.

3.3. Grammar Transformation: An Attempt to Map
Word Accuracy to PARSEVAL

In this section,we discussa grammartransformation
enablingthe measurementof word accuracy via PARSE-
VAL measures.In moredetail, it could be suggestedthat
theoutputof thephonologicalparsercanbetransformedto
a tree,whereall categoriesareremovedexceptfor thecat-
egories“Root”, “SYL”, andtheterminals.However, if we
follow this suggestion,thereappearsomeproblems. For
thetransformedgrammar,

(i) the remaining category “SYL” is a pre-terminal
node, which is usually NOT evaluated ac-
cording to PARSEVAL; at least, if we follow
ManningandScḧutze(1999), whosuggestto treatthe
taggingandparsingproblemseparateley.

(ii) all phonologicalinformationaboutsyllablestructure
is lost, i.e., thesyllabificationproblemis transformed
to a taggingproblem. However, we proved in recent
work (Müller (2001), Müller (2002)) that it is advan-
tageousto regardsyllabificationasaparsingproblem.

(iii) although syllabification is a kind of segmentation,
i.e., a one-dimensionalprocesson a sequenceof
phonemes,weexperienced,themorelinguisticknowl-
edgeis addedto thegrammar, thehighertheword ac-
curacy of thegrammaris. Thus,in ourpointof view, it
is moreadequateto modelsyllabificationasa higher-
dimensionalprocess.

For thesereasons,we prefer to usephonologicalen-
richedcontext-free grammarsfor stochasticinferenceand
anevaluationfocusingon partialstructuresmostimportant
for theparticulartask.

4. Conclusion
We presentedan approachto supervisedlearningand

automaticdetectionof syllableboundaries.In our experi-
ments,weusedavarietyof grammars,whichstronglydiffer
in structure.

An evaluationusingthestandardmeasurefor syllabifi-
cation “word accuracy” shows that the grammarwith the
richeststructures,the advancedpositionalsyllable struc-
turegrammar, reachesthehighestperformanceof 96.48%
wordaccuracy for a trainingcorpussizeof 182000words.
In general,the more linguistic knowledgeis addedto the
grammar, thehigherthewordaccuracy of thegrammaris.

This evaluation,judging one single category of many
grammars,is in strongcontrastto PARSEVAL, which is
designedfor a singlegrammarevaluating(almost)all cate-
gories.

In a secondevaluationusing the original PARSEVAL
measureson a toy-treebank,and a simple variant of the
PARSEVAL measures,the resultsof both evaluationsare
hard to interpret,sincethey are inconsistentwith onean-
other. Furthermore,we found that neither the first eval-
uation(omitting pre-terminals),nor the secondevaluation
(including pre-terminals)correspondto syllableaccuracy,
or word accuracy.

Moreover, it turns out that evaluating only a limited
numberof categories (here only a single category) is a
harderevaluationmeasurethanmeasuringtheprecisionof
all occurringsubstructuresof a grammar.

Lastly, we discusseda grammar transformationen-
ablingthemeasurementof word accuracy via PARSEVAL
measures.Here,it wasnecessaryto reducethesyllabifica-
tion problemto a taggingproblem. However, we believe
thatit is advantageousto regardsyllabificationasaparsing
problem.

For thesereasons,futurework will still usephonologi-
calenrichedcontext-freegrammarsfor stochasticinference
andevaluationsfocusingon partialstructuresmostimpor-
tantfor theparticularphonologicaltask.
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Abstract
Variousefforts have beenundertaken for developing methodsfor parserevaluation(Black et al., 1991; Lin, 1995;Carroll et al., 1996;
Lin, 1998; Carroll et al., 1998; Carroll et al., 1999). Theseefforts concentratedon developing measuresof parserperformance,e.g.
PARSEVAL (Black et al., 1991) labeledrecall/precisionfor phrase-structure annotations.Differentproblemshave beenidentified in
the existing evaluation methods,but oneof theseproblemsstrikesus asparticularly challenging. The currentbenchmark for parser
evaluation,PennWall StreetJournal(WSJ)tree-bank(Marcusetal.,1993),cannotbeusedfor theevaluationof parsersthatarebasedon
linguistic theoriesor annotationschemesthatdiffer (essentially) from theannotationschemefound in this tree-bank.This problemcan
berestatedasfollows: how canparsersfrom differentlinguistic frameworksbecompared in aquantitativeandthorough manner?In this
paper, we addressthis problemandsuggesta new methodology for comparing parsers.The new methodology integratesInformation
Theoreticmeasurestogetherwith thePARSEVAL measuresin awaythatallowsdirectcomparisonof parsersthatoriginatefrom different
linguistic frameworks.

1. Intr oduction

In thelastdecade or so,a relatively largebody of work
in ComputationalLinguistics hasbeendirected at the de-
velopmentandapplication of differentparsingmodels for
natural language processinge.g. (Brill, 1993; Magerman,
1993; Bod, 1995; Charniak, 1996; Eisner, 1996; Ratna-
parkhi, 1997; Collins,1997; Carrolletal.,1998; Lin, 1998;
Chiang, 2000; Sima’an,2000). Much work hasbeencon-
centrating on how to extractstochasticmodelsfrom exist-
ing tree-banks. Onetree-bank in particular, thePennWall
StreetJournaltree-bank (Marcuset al., 1993) hasreceived
muchattentionin theseefforts. Regardlessof the reasons
for thissituation,this tree-bank hasbecomeakindof bench
mark for the evaluation andcomparisonof parsers.How-
ever, parsers thatdonotabideby thesamelinguisticframe-
work astheWSJtree-bank, or parsers for otherlanguages
thanAmerican English,arehardto compare to the main-
streamwhichhasbeentestedontheWSJtree-bank.In this
paper weaddresstheissueof parsercomparisonacrossdif-
ferent linguistic frameworks.Thisproblemis interestingas
it touchesonlinguisticissues,butalsoonthequestion“how
to view therole of languagestructure”. In this preliminary
report on our researchinto this question, we assumethat
theparsersthatarebeingcomparedarebuilt for the same
language.We alsoassumetheexistenceof a corpusof ut-
terances,i.e. thatparsercomparisontakesplaceonspecific
domainsof language use. Furthermore, in our evaluation
herewedonot take into considerationtheimportantaspect
of parserefficiency.

The structureof this paperis as follows. Section2
discussesthe linguistic aspectsof how to compareparsers
that originatefrom different linguistic frameworks. Sec-
tion 3 argues that parsercomparisonneeds more thought
thanparserevaluation, exactly becausethe scoresneedto
be comparedsomehow. Section4 we extendPARSEVAL

with anInformationTheoretic methodology, which allows
parsercomparisonacrossdifferentlinguistic frameworks.
Finally, section5 concludesthis paper.

2. How to compare parsers?

Remarkably, current parserevaluation practiceseemsto
have beenlimited to a singlebenchmarktree-bank (Penn
WSJtree-bank). Theevaluation of newly developedparsers
proceedsby testingon a held-out portionof this tree-bank.
When the parsersare acquired from the tree-bank itself,
evaluation(andcomparison)of theparsers is basedon the
PARSEVAL measures(Blacketal., 1991). However, when
a new parseris devisedand this parseremploys a differ-
entlinguistic framework thantheannotationschemeof the
PennWSJtree-bank (e.g.dependency grammar),a serious
problemarises.Theproblemlies in how to relatethediffer-
entsyntacticschemesto oneanother. Thereseemto betwo
relatedideason how to addressthis problem: (1) devising
a general, syntacticscheme,a kind of “common ground”,
which servesasan“interlingua”, or (2) devising mappings
betweeneachpair of syntacticschemes.In this sectionwe
arguethatbothsuggestionsseemnot beworkablein prac-
tice. We review the morepopular amongthe two, i.e. the
methods of devising mappings from the WSJ annotation
schemeto other schemes.Subsequently we suggestthat
it is moreexpedient to develop different tree-banks of the
samecorpus of utterances,eachin a different syntactican-
notation scheme.

2.1. Commonsyntacticscheme?

At first glance,the problem of specifyingthe syntac-
tic “common ground” seemsto rely on thechoiceof some
generallinguisticframework towhichbothparsers’outputs
canbemappedin orderto compare them.However, select-
ing a common linguistic framework seemsa hopelesstask:
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the problemlies in anticipatingthe kinds of linguistic in-
formationthat a new linguistic theory might be interested
in. Take for example theMinipar parser(Lin, 1998) or the
Link parser (SleatorD, 1991), thefirst outputsonetypeof
dependencies,while the secondoutputs so called“links”.
Both parsersdo not exactly coincidewith the traditional
grammatical relations usedin other frameworks (or with
theWSJannotation). How this kind of syntacticinforma-
tion would be anticipated by a common framework is not
completely clear. We believe that a common framework
will alwaysbecontestedasbeingmorefavorable to some
parserthananother. Moreover, it seemsto us that thegoal
of devising sucha framework coincides with the ultimate
goal,which hasevadedthesyntacticlinguistic work for so
many yearsnow. This might be inherent to deciding on
theso called“borders” of syntax,which seemsto overlap
with morphology on theoneside,andwith semanticsand
pragmaticson the other. It is highly doubtful that sucha
framework canbedeveloped.

2.2. Mappings betweensyntacticschemes

Various researchers (Lin, 1995; Carroll et al., 1998)
have developedmethods that attemptat transforming the
the PennWSJ format into the differentoutput formatsof
theirparsers.However, thereis in theseeffortsahiddenas-
sumption: a complete mapping canbeconstructed,which
mapsa WSJ parse-tree into a parse-tree in any of these
schemes.Apart from the linguistic argumentsthat exist
against the “relatively shallow” WSJ style of annotation,
thereis a seriousproblemin assumingthe existenceof a
complete,possiblydeterministic mapping.

The argumentsagainstthis practice emerge from lin-
guistic frameworks (e.g. dependency grammar) that differ
to a largeextentfrom theframework employedin theWSJ
tree-bank. The main argumentsaddressthe risks that ac-
company mapping parse-treesfrom oneframework to an-
other. Whenaparse-treeis mapped from oneframework to
another, onemight

Ö risk losing linguistic information (e.g. somedepen-
denciesnot found in theWSJ),

Ö faceambiguity, sincethe categories provided by the
parsermight mapontodifferentWSJcategories(pos-
sibly dependentoncontext).

Theseproblemssuggest thatthecomparisonof two parsers
cannot rely on mapping theoutputontosomepre-selected
linguistic framework, sincedifferentlinguistic frameworks
addressdifferent syntacticaspects.Nevertheless,we find
in theliteraturevarious empiricalefforts aimedat devising
suchmappings, notably (Lin, 1995; Carroll et al., 1998).
Next wefirstaddresswhatit takestodeviseamapping from
Phrase-Structureto Dependency grammar andvice versa.
Thenwe shortlydiscusssomeof theproblemsthatexist in
themappingsdevisedby (Lin, 1995; Carroll et al., 1998).

2.3. What is necessaryfor a mapping?

We concentrate on two popular linguistic frameworks
of syntax: dependency andphrase-structure.Although this

could beanillusive task,wegiveherea simplifieddescrip-
tion of thetwo, eachin a singleline. Phrase-structuresyn-
tax allows describingthe syntacticstructure of utterances
in termsof the phraseswhich constitutethem,usinga hi-
erarchical and recursive set of concepts. In contrast,de-
pendency syntax aims at making explicit the dependen-
cies betweenthe pairs of words in the utterance. Both
approachesaim at facilitating the discovery of argument-
structure, which is oftenassumedby subsequent semantic
processing.

It has been suggestedby (Hudson, 1984; Coving-
ton, 1992; Covington, 1994) that, according to a phrase-
structure grammar, constituency is basicanddependency
(or government) is derived, whereas according to depen-
dency grammar, dependency is basicand constituency is
derived. If this claim is correct, thena transformationpro-
cedure andits inversethat mapphrase-structureparsesto
dependency parsescould be defined; in that case,phrase-
structure and dependency grammars are to a large extent
isomorphic.

a cat on a mat

Figure1: A dependency parse

×aØ×ÚÙ ×aÛ

×aØ ×aÛ×ÚÙ

×aØ×ÚÙ ×aÛ

×aØ×ÚÙ ×aÛ

Figure3: Differentpossibledependency trees

Theproblemlies,of course,in thekind of conceptsthat
eachframework presupposes: the typesof dependencies
and the constituent typesmust refer to the sameabstract
syntacticconcepts,which is usuallynot the case. In or-
der to shedsomelight on the problematicaspectsof such
a mapping, considerthe expression a cat on a mat and
theplausibledependency parsefor it shown in figure1; at
leastthreedistinctphrase-structureparsesmaybeprojected
from it asshown in figure2. Clearly, thereis herea prob-
lem of how to decide on thesinglecorrect phrase-structure
parse,given the dependency structure. The reversemap-
ping canalsobeproblematic:considerthefollowing unla-
beledbracketing ÜÞÝ,ß5ÜÞÝáà0Ýkâ7ãäã of anexpression Ý9ßlÝáà0Ýkâ .
At leastfour dependency parsescanbe generated from it
as shown in figure 3. Again, a principled choiceof the
singlecorrectdependency parseis not easyanddemands
a procedurefor recognizing theheadword of eachphrasal
category. The problem, however, in devising headword
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a

cat
onamat

a cat
onamat a cat

onamat

Figure 2: Threedifferentphrase-structuretreesfor samedependency structure

recognition proceduresfor anexisting tree-bank, hasbeen
exemplifiedby thevariousversionsof theheadrecognition
proceduredevelopedby for theWSJtree-bank (Magerman,
1993; Collins, 1997; Buchholz et al., 1999; Eisner, 2001).
In any case,it seemsthat the problems that accompany
thesemappings canbe summarized in two elements(1) a
common setof concepts thatunderlie the typesin eachof
thetwo frameworks,and(2) a clearandwell foundeddefi-
nition of aheadrecognition procedure.Let usconsidertwo
attemptsatdevelopingsuchmappings.

2.4. Lin’ s proposal

In (Lin, 1995), a dependency parseof a sentence is de-
fined as a set of tuples. Suchdependency tuplesconsist
of 5 components:a dependent, a PoS, a position, a head
anda type. This last component is optional. Lin defines
thevalues thatcanbeassignedto thesecomponentsasfol-
lows: a word in a sentenceto beparsedis assignedto the
dependentvariable, PoSrepresentsits lexical category, the
headword on which thevalueof dependentdependsis as-
signedto theheadvariable,thepositiontakesavaluein the
set å5ædç&èdçlædædç&èdèdçlædædædçléêéêéëçíì(çïî<ð . Remarkably, no well-
definedsetof valuesis definedfor theoptional component
type. Furthermore,Lin givesnohintsat how to labelhead-
dependentrelations.

Lin presents an algorithm to transforma constituency
treeinto a dependency tree. His transformationprocedure
exploits suggestions madein (Magerman, 1993) for de-
termining lexical representativesof phrases.Whetherthe
notion of lexical representativecoincides with the notion
of head as used in dependency grammar, is not clear.
Suppose, for the sake of the argument, that lexical rep-
resentativesare headsand consider the wh-interrogative,
parsedaccording to thebracketingguidelinesfor thePenn
TreeBankasshown attheleft sideof figure4. Let usapply
Magerman’s rulesto it. According to theserules,thehead-
word of SBARQ is the head-word of SQ, that is propose.
Therefore,thehead-word of which measuresis adependent
of propose. However, consider thewh-interrogative on the
right handsideof figure 4. The head-word of SBARQ is
think. Therefore, the WHNP which measures is not any
moreadependentof proposed, it is adependentof thehead
word think. This impliesthattransformingstandardphrase
structure analysis into somedependency representation in
this way resultsin lossof information. Suchinformation
representedby thepositionof a traceis of courserelevant
to semanticinterpretation. Our examples clearly show
that such a transformation procedure fails to detect a
dependency thatrelatesadependentto a “lowerhead”(one
thatdoesnotpercolateacrosstheconstituent boundaries).

2.5. Carr oll et. al’sproposal

Carrolletal. (Carrolletal.,1998)hasproposedsomere-
lationalevaluationmeasuresthatexhibit someresemblance
to Lin’s. They describea corpusannotation schemethat
encodesgrammatical relationsbetweenheads anddepen-
dents. WebelievethatCarroll’sproposalis somehow supe-
rior to Lin’s in a few aspects.Firstly, thesetof dependency
typesor grammatical relations is well-defined andconsti-
tutesa hierarchy. This allows robust and shallow evalu-
ation. Secondly, grammatical relationsarestrictly speak-
ing not dependency relations; the external argumentof a
“subjectcontrol verb” is grammatically relatedto thecon-
trol verb andto thecontrolled verb (e.g. I promiseto come,
whereI is relatedtobothpromiseandcome). Finally, gram-
maticalrelations arespecifiedevenfor movedphrasesthat
donotoccurin acanonical position. Thisaddressesaprob-
lem in Lin’s proposal,mentionedabove.

Fromtheexperiencedescribedin (Carroll et al., 1998),
it might seemthatdependency types(or grammatical rela-
tions)areeasyto specifyandextract from phrase-structure.
Nevertheless,this is trueonly because(Carrolletal.,1998)
assumesthat the phrase-structuregrammar is an explicit,
determinate set of rules. As Carroll et al. recognize,
extractinggrammaticalrelationsfrom animplicit grammar,
induced automatically from a tree-bank, is much harder
to do consistently. In addition, the grammatical relations
in (Carroll et al., 1998) do not capture some relevant
information. For instance, topicalized constituents of
the PennTree Bank (bearing the TPC tag) are ignored,
becausethey areallegedlydifficult to specifyunder which
conditionsa constituent is topicalized.

Clearly, from theseexamples we observe that devel-
oping deterministic, complete mappings betweenphrase-
structure anddependency grammarsis a tediousandrisky
task. For a nice review of theproblemsthatarisein relat-
ing Dependency to Phrase-Structuresyntaxsee(Schneider,
1998). We believe that the development of different tree-
banks,eachin another linguisticannotationscheme,for the
samecorpus of utterances might provide a more fruitful
path to proceed. When a pair of parallel tree-banks ex-
its, it is possibleto explore automaticmeans for learning
complex, stochasticmappingsbetweenthe two. More im-
portantly, a pair of paralleltree-banks for thesamecorpus
of utterancesmayserve asa suitableinfrastructurefor the
comparisonof parsersfrom differentlinguistic frameworks
aswe describein therestof thispaper.

3. Comparison: more than evaluation
In line with current practice,we believe that empiri-

calparserevaluationrequiresamanually constructed,gold-
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think thatheproposed*T*- 1

Figure4: Two PennWSJstyleparse-trees

standard tree-bankandsuitablemeasuresof the“similarity”
betweenthe analysesoutput by the parserand the corre-
sponding analysesthatarefound in thetree-bank. Usually,
the measure of “analysessimilarity” consistsof different
figurespertaining to coverage(or recall) andaccuracy (or
precision). In contrast,thetaskof comparing parserscanbe
more complex thantheevaluationof a singleparser(or the
comparisonof parsersthatsharethesameoutput scheme).
Whentwo parsersarebeingcompared, another major is-
sue,besideevaluation, mustbeaddressed:how to compare
thesimilarity measuresacrossdifferentkindsof parserout-
puts(possiblyoriginating from differentlinguistic frame-
works)?We believe thatthelatterquestionis of theoretical
importanceandwe addressit in this section. First, how-
ever, weneedto discussthemultiplepossibilitiesfor parser
comparisonandprovide the argumentation that underlies
thespecificchoicesthatwe make.

3.1. Task-orientedcomparisons

Initially, we distinguishbetweentwo goals of parser
comparison:(1) thesuitabilityof theparserto agiventask,
and(2) thesuitability of theparserasa modelof syntactic
languageprocessing.Although (ideally) the two goals are
strongly related, in practicethey mightimply differentcom-
parisonmethodologies. The comparison of parser’s suit-
ability for aspecifictaskis usuallyguidedby somedetailed
specificationof the requirementswhich the parsermust
meet. For example, the simplified Question-Answering
taskrequires the parserto output (as fastaspossible)the
mainpredicate-argumentstructureof theinput. In contrast,
more complex tasks,suchasthe taskof Machine Transla-
tion, will possiblyrequire a muchmoredetailedsyntactic
analysisof theinput. Task-orientedcomparisonis interest-
ing anduseful,but is stronglyspecificto the taskat hand,
which meansthat it doesnot constitutea generalcompari-
sonmethodology.

3.2. Qualitative comparisons

When the parsercomparison is not tied to a specific
task1, parsercomparison is aimedat investigatingtheutil-
ity of thedifferent modelsunderlying theparsers.Clearly,
a qualitative comparison,basedon theoretical considera-
tionsof coverageof languagephenomena(e.g. (Carroll and
Weir, 1997)), couldbe illuminating. Issuessuchas“what

1This is currently the casein parserevaluationson the Wall
StreetJournalcorpus,for example.

phenomena theparsercanbeexpectedto cover” and“what
quality of theoutput is providedby theparser”areimpor-
tantfor advancing thestateof theart. However, qualitative
comparisonsbecomemorepowerful whenthey aresupple-
mented with quantitativecomparisonsthatarebasedonac-
tual empirical evidence (weighted according to expected
frequency of occurrence). This is becausethe theoretical
investigationsmight pay too much attentionto relatively
infrequentphenomenaand lessattentionto frequent (yet
seemingly irrelevant) phenomena. Empirical, quantitative
parsercomparisonaimsatproviding ananswerto theques-
tion: what quality of outputis providedby the parserand
how doesit compareto otherparsers?Beforewe address
this question, however, we addressa relatedidea which
is currently beingfloatedasanalternative for (full) parser
comparison:partialevaluation.

3.3. Partial evaluation basedcomparisons

Becauseof theproblematicmappingsbetweenthedif-
ferent linguistic frameworks, it seemssuitableto consider
only some of the issuesupon which theseframeworks
agree. For example, one could conduct comparisonson
the main predicate-argumentstructure of the input, or on
recall/precisionfor thesetof predicate-argumentstructures
for the verbsin the input utterance. Similar suggestions
have beenmadein order to contrastthe so-called“shal-
low” parsers to existing “full” parsers,by e.g. listing the
recall/precisionon eachphrasalcategory (or kind of de-
pendency) separately(TjongKim SangandDéjean,2001).
Thesesuggestions for partial evaluation usuallyprovide a
detailedand informative listing of various aspectsof the
parser’s behavior. We think that theseshould be taken
more seriously in practical parserevaluation. It is impor-
tant to have detailedlists of scoresof a parseron different
tasks.However, partialevaluationhasits limitations,even
for practicalcomparisons. It is very hardto predictwhat
elements in the output of a given parsercould be impor-
tant. For example, predicate-argument structures,which
take only verbal predicatesinto consideration, areuseless
for someapplicationswhereprepositionalphrasesareim-
portant(e.g.domainsof travel information,or money trans-
actionsetc).Another weaknessof partialevaluation is that,
by definition,it doesnotanswertheneedfor a“bottomline
figure” which summarizes the behavior of the parser, and
allowsdirectcomparisonto otherparsers.

There is, moreover, a moreurgent matter, which par-
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tial evaluation doesnotaddress,andwhich is of theoretical
importance.This concernsthequestion: how muchinfor-
mation2 doestheparserreturn, andwhatis it’squality?An-
sweringthis theoretical questionis important for advancing
the stateof the art in naturallanguage processing. In the
light of thecurrentdivergencein parseroutput formats(e.g.
shallow vs.deepparsers)andgiventhedifferencesbetween
thelinguistic frameworks, it becomesimportant to beable
to measuredifferencesin the informativenessof parsers,
evenwhentheiroutputs arenotdirectlycomparable.

3.4. Comparisonon parallel tr ee-banks
As argued in Section2., for comparing parsersthat

come from different linguistic frameworks (or different
depths of analysis)it is necessaryto maintainsomekind of
mapping betweentheoutputsof theparsers.Themapping
might berealizedin oneof two manners:

Explicit: a tree-bank exists in oneannotationscheme(ac-
cording to somelinguistic framework) togetherwith a
sound, completeandcorrectmapping whichtranslates
every analysisin thetree-bank into thecorresponding
analysisin theotherlinguistic framework,

Implicit: two parallel tree-banks3 of the samecorpus of
utterances,eachannotatedaccording to oneof thelin-
guisticframeworks.

We alreadyshowed in Section2., that developing an ex-
plicit deterministic mapping seemsa hardtask. Therefore,
we advocatetheuseof implicit mappings thatareembod-
ied in paralleltree-banksof thesamecorpusof utterances.
It is evident that given suchpairsof tree-banks, different
automatic methods canbe explored for learning complex,
stochasticmappings betweenthe two tree-banks. How to
acquire thesemappingsis aninterestingsubjectof research
but is beyond thescopeof this paper.

4. An Inf ormation Theoretic proposalfor
parser comparison

Supposewearegiven twoparsersñgò andñôó whichhave
differentoutput schemes,respectively, õdò and õöó . Suppose
alsowe aregivena corpusof utterances ÷ , andtree-banksøkù ò and

økù ó thatareannotated versionsof ÷ according
to schemesõ ò and õ ó , respectively. In order to ground
the discussion,the reader might want to imaginethat õ ò
is dependency grammar(Mel’ úû uk, 1988) and õ ó is phrase
structure grammar (Manning andSchutze,1999); or alter-
natively, õ ò couldbetheschemeoutput by ashallow parser
and õ ó a “deeper” linguistic scheme.Thequestionis, how
do we compare ñöò and ñôó in a way that takesinto consid-
erationnot only the coverage/accuracy but alsothe infor-
mativenessof their output? Below we discussthe two is-
suesof coverage/accuracy andinformativenessseparately.
Subsequentlywe proposecombinedmeasureswhichallow
comparison.

2This is opposedto thepracticalquestion:how muchinforma-
tion cantheparserprovide for thisor thattask?

3We will keepthe term tree-bankwhenwe refer to a bagof
utterance-analysispairs, wherethe analysesare syntacticstruc-
turesaccording to somelinguistic framework, e.g. dependency
grammaror phrase-structuregrammar.

4.1. Coverage/accuracy: generalizing PARSEVAL

ThePARSEVAL measuresof labeledconstituent recall
and precision(Black et al., 1991) have beencentral in
currenteffortsatparserevaluation onthecurrentAmerican
English language benchmark(PennWSJtree-bank). It has
often beenclaimed that thesemeasures are not suitable
for evaluating e.g. dependency syntax. Indeed, when
taken literally, constituency can be meaningless when
evaluating dependency syntax. However, the PARSEVAL
measurescaneasilybe generalized to dealwith whatever
kind of parsesas long as they can be representedas
sets of relations. For example, a labeled constituentüþýïÿ��5ÿ�� ñ�� is a relation (where

ý
and

�
are the positions

of the left-most and right-most words respectively and� ñ is the label of the constituent); a labeleddependencyü���ÿ	�=ÿ õ
� is a relation(where
�

and
�

arethe positionsof
the head-word and the dependent, and õ is the label of
the dependency). A parse-tree, whether in dependency
syntax or in phrase-structure, can be represented as a
set of suchrelations (cf. (Goodman, 1998)). Recall and
precision, as a direct generalization of the notation used
in PARSEVAL, aredefinedasmeasuresover setsof such
relations. If a given parseroutputsparse

ø
for sentence �

for which thegoldstandardparseis � , Goodman defines4:
�� û�������� ø ÿ ��� = � �������� ��� ñ�� � û ý �&ý !#" � ø ÿ ��� = � �������� ���We believe that the PARSEVAL measurescan be gener-
alized further to stricter recall/precision measures, where
a parse-treeis viewed as a set of relations that range
over different aspectsof syntax, e.g. relations in which
the labeledconstituent is head-lexicalized, and possibly
supplementedwith the setof subcategorization framesof
its headword. The notions of recall/precisionover sets
of relations are general enough to accommodate a wide
range of aspectsof parse-trees,including suggestions for
partial evaluation, e.g.on the basisof predicate-argument
structuresof verbs.

Hence,theparsersñ ò and ñ ó , assumedearlier, canbe
evaluatedon their own tree-banks

økù ò and
økù ó usingthe

PARSEVAL recall/precisionmeasures. However, thePAR-
SEVEAL measures of recall/precisiondo not addressthe
problem of comparison acrossdifferent output/annotation
schemes.To arrive at a suitablecomparisonmethodology
we first needto definemeasuresof the informativenessof
theoutput of agivenparser.

4.2. Inf ormativenessof a parser

What makesa parserinformative? To answerthis we
turn to the InformationTheoretic concept of compression.
Supposewe are given two parsers. The one parserout-
putsonly unlabeledbracketedparse-trees,while the other
labels the sameparse-treeswith different syntacticcate-
gories.Theoutput of thesecondparsercanbedescribedas
more informative. As it turnsout,thekind of concepts,e.g.
phrasalcategories or dependency types,which the parser
includes in its output determine its informativeness. For
example,a parserthatmarksthedifferencebetweensingu-
lar/plural nounandverb phrasescouldbemore informative
thananotherthat doesnot do so (all elsebeingequal, of

4If ( $ %&$(')'+* ) then ,.-0/21	35463�798;:<%>=�?)@�'+* by definition.
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course).
In general,a linguistic concept is viewed as a set of

word sequences,e.g. the noun-phraseconcept consistsof
a sequenceof all noun constituents. Here, we take a
slightly differentperspective on this notion: a conceptis
a probability distribution over word sequences (Manning
andSchutze,1999). In agenerativegrammar, afinite setof
conceptsis specifiedhierarchically (andrecursively). If the
conceptsare“stricter” or sharperthey will tendto bemore
informative, provided that the strictnesscapturesregulari-
tiesin thelanguage. This senseof an“informative annota-
tionscheme”is strongly relatedto thenotionof a“compres-
sioncode”in thecommunicationover anoisychannel view
in InformationTheory. The more the annotationscheme
allows to compressa large corpusof utterancesfrom the
language,themoreinformative this annotationschemeis.

4.3. Crossentropy of an annotation scheme

Technically speaking, in languagemodeling techniques
thatoriginatefrom thespeechcommunity, the“goodness”
of a modelis capturedthrough thenotion of Perplexity of
themodelon a corpus of utterances. Thestronglyrelated
notion of Cross Entropy is also known from the statisti-
cal parsingliterature,e.g. (Manning and Schutze,1999);
it captures the average amount of surprise that the model
encounterswhenparsingthe utterancesin the corpus. A
model thatcaptures theregularitiesin thecorpusin abetter
way, through moreadequatesyntacticconstructsandcon-
cepts,will encounter lesssurprises.How do we apply this
ideato parsercomparison wherewe want to measure the
informativenessof anannotation scheme(theoutput of the
parser)?

We stressthatwe would like to compare theoutputs of
theparsers,ratherthantheirambiguity resolutioncapacity5.
To do so, we suggest a methodfor measuringa kind of
“crossentropy” betweeneachof thetree-banks

økùBA
andthe

corpusof utterances÷ . If thetree-bank parse-treescapture
theregularitiesin thecorpus utterancesin a betterway, the
crossentropy will be smaller. But, how do we definethis
“crossentropy betweena tree-bank (rather thana model)
anda corpus”?

Although it is not a trivial task, we believe that ev-
erytree-bank annotationscheme,whetherphrase-structure,
head-lexicalizedphrase-structureor dependency structure,
allowstheextractionof aprobabilistic modelwhichwewill
call the “basic generative model”. The “basic generative
model” mustfulfill thefollowing requirements:

1. therewrite rulesof this model mustcoincidewith the
atomicunitsassumedby thelinguisticframework,and

2. only the information that exactly coincides with the
logical constraints on the composition] operators6

that originate from the linguistic framework should
beavailable asconditioning context for themodelpa-
rameters.

5Thelatterissuehasbeenaddressedin therecall/precisionas-
pectof theevaluationmethodology suggestedhere.

6Thecompositionoperatorsthatareusedfor theconstruction
of parse-treesfrom thebasicrewrite rules.

For example, for (context-free) phrase-structure grammars,
the logical constraint on the substitutionoperator is cate-
gory substitutability, which implies that the conditioning
context in context-freerule probabilities consistsof thela-
bel of the left-handsideof the rule, as in standardProb-
abilistic Context-Free Grammars. Accordingly, it is not
suitableto condition the probabilitiesof the extractedba-
sic model on e.g. the label of the parent node7. In ef-
fect, beyondthenecessaryconditions,thebasicgenerative
model assumesindependencebetweenthe differentbasic
rewrite units �^òDC0C9C ÿ �0E that generatea parse-tree

ø
, i.e.ñ � ø �GFIH EAKJ ò ñ � � A	L M � � A �N� , where ñ � � A2L M � � A ��� is the rel-

ative frequency of � A in the tree-bank, conditioned on the
necessaryinformationonly.

Let us consider a few example frameworks from the
literature. For phrase-structure annotations, as we just
said, the basic model is a Probabilistic Context Free
Grammar (PCFG) (Jelinek et al., 1990) (the so-called
Tree-bankGrammar (Charniak, 1996)); for a dependency
syntaxtree-bank, this is a probabilistic generative model
in which the dependency probabilitiesareconditioned on
thehead-words(seee.g.model 3 of (Eisner, 1996) without
conditioning on thepreceding child, i.e. O;P�Q -order Markov
model for generationof dependents);for ahead-lexicalized
tree-bank, where headwords augment the phrasalnon-
terminals,thebasicmodel is similar to model 1 of (Collins,
1996) (simplifiedto exclude“distancemeasures”).

Having extracteda basic generative model from the
tree-bank, it becomeseasyto specifyhow the measure of
CrossEntropy betweenthemodelandthecorpuscanbees-
timated. Let model R be a probabilistic generative model
andlet ÷ be a corpus of utterances. The cross-entropy is
defined by

SUT � ÷V��F WKXZY� [�� \�]
^L ÷ L�_`�a [

WKbdc ñ � � L Re�
where

L ÷ L
is thenumberof utterances � in ÷ . When ÷ is a

large corpus, it is possibleto estimatethis by dropping the
limit: fSUT � ÷V��F ^L ÷ L�_`�a [

WZbgc ñ � � L Re�
Note that for our goalof comparison, it is enough to esti-
mateonly roughly thecrossentropy on a reasonably large
corpus(clearly, thelarger thebetter).

4.4. Per bit recall/precision

For integratingthemeasuresof disambiguationandin-
formativenessof a parser, we will argue for the notion of
“per bit disambiguation capacity”. This new notion ad-
dressesthe question:how good is the quality of the out-
put of the parsergiven its informativeness?This notion
is obtainedby integrating thePARSEVAL Precision/Recall
measuresof disambiguationwith theCrossEntropy of the
annotationscheme(which is theschemeusedin theoutput

7Notethatwe saythis is not suitableonly for thegoalof mea-
suringthe informativenessof theoutputof theparser, not for the
ability of theparserto disambiguate.
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of theparser):

ñ � �ih ý�j 
&� û����5� F 
&� û����5�
÷&� !k�#�(lV"mj � !6npo

ñ � �ih ý�j ñ�� � û ýq�&ý !#" F ñ�� � û ýq�&ý !#"
÷&� !k�#�(lV"mj � !6npo

The intuition underlying thesenotions is that frameworks
that leave the parsesmore ambiguous, will demand less
effort during parsingandso recall/precision must be dis-
counted accordingly. We claim that the new measuresof
perbit recallandprecisionfor differentparserscanbecom-
pareddirectly, evenwhentheparsersoriginatefrom differ-
entlinguistic frameworks.

4.5. Discussion

Wenotethatthereexist variousnotionsthatarestrongly
relatedto CrossEntropy asa measureof model goodness.
Oneof thesenotionsis the descriptionlength(or the the-
oreticalKolmogorov complexity), another is the message
length(Rissanen,1983). However, theCrossEntropy mea-
sureis themostdirectlyapplicable amongthesecloselyre-
latednotionsbecauseof its directinterpretationin termsof
smoothedrelative frequency.

We expect two issuesto constitutethe critical points
in theapplicationof themethodology proposedin this pa-
per: (1) thedevelopmentof paralleltree-banksfor thesame
corpusof utterances, (2) thebenchmarking of methods for
theextractionof basicprobabilisticmodels from thesetree-
banks. Thefirst issueis critical becauseit is labor intensive;
thesecondbecauseit demandsfurtherspecificationof what
constitutesabasicmodelthatcanbeextractedfromanewly
developedtree-bank, especiallywhenthisconcernssimpli-
fiedframeworkssuchasthoseusedby shallow parsers. De-
spiteof thesepossibledifficulties,we believe thatour pro-
posalcould provide a theoretical departurepoint towards
workableapproximations.

5. Conclusions
We presented a preliminary, informal discussionof

what it takesto develop a methodology for parsercompar-
ison acrossdifferent linguistic frameworks. We have pre-
senteda simple InformationTheoreticapproach to avoid
the problems that arisein mapping betweendifferent lin-
guistic frameworks. This approach takes into account
thespecificconceptsof the framework, circumventing the
problemof informationloss.

As a positive side to this proposal, we envision that
for a given domainof languageusetherewill bedifferent
tree-banks,eachaccording to a different linguistic frame-
work. This will allow the developmentof automatic ap-
proximations for domain-specific mappings betweenthe
different frameworks (e.g. using MachineLearningtech-
niques). Furthermore,this alsoenablesthe exploration of
complementaryaspectsof the differentexisting linguistic
frameworks,possiblyleadingto betterstochasticparsers.

Future work in this direction might concentrate on
evaluating existing parsersfrom dependency and phrase-
structure grammar, andcomparing themusingthe present
approach. Another line of work might concentrateon the

application of Machine Learning or stochasticmethods
to the induction of approximatemappings betweenthese
different frameworks. Finally, we are intrigued by the
possibilityof empirical studiesthat combine aspectsfrom
differentframeworksbasedonparalleltree-banks.
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Abstract
Thepaperdescribesanexperimentin inside-outsideestimationof alexicalizedprobabilisticcontext freegrammarfor German.Grammar
andformalismfeatureswhich make theexperimentfeasiblearedescribed.Successive modelsareevaluatedon precisionandrecallof
phrasemarkupconsistingof labelsfor nounchunksandsubcategorizationframes.Our approachto parsingis a blendof symbolicand
stochasticmethodswherewe useevaluationresultsin both incrementalgrammardevelopmentandvalidationof selectedoutputto be
usedin lexical semanticclustering.Our resultsarethat (i) scrambling-stylefreephraseorder, casemorphology, subcategorization,and
NP-internalgender, numberandcaseagreementcanbe dealtwithin a lexicalizedprobabilisticcontext-free grammarformalism,and
(ii) inside-outsideestimationappearsto bebeneficial,however relieson a carefullybuilt grammarandanevaluationbasedon carefully
selectedlinguistic criteria. Additionally, we reportexperimentson overtrainingwith inside-outsideestimation,especiallyfocusingon
comparisonof theresultsof mathematicalandlinguistic evaluations.

1. Intr oduction
From 1997to 2000,the Gramotrongroupof the Insti-

tute for NaturalLanguageProcessingat StuttgartUniver-
sity developeda stochasticparserfor German(Beil et al.
(1999), Schulteim Walde et al. (2001)). The symbolic
componentof thefinal parsingsystemis amanuallywritten
context-freegrammarconsistingof severalthousandhead-
markedrules. Its stochasticcomponentconsistsof proba-
bility weightsassignedto thelexicalisedgrammarrulesand
to the lexical choiceeventsby theso-calledinside-outside
algorithm(Lari andYoung,1990),the standardprocedure
for unsupervisedtrainingof astochasticcontext-freegram-
marparsingfree text. For trainingandparsing,the imple-
mentationsof Carroll (1997b)and Schmid(1999a)were
used.

TheGramotronparsingsystemwasdesignedto beused
for the induction of a semanticallyannotatedlexicon of
Germannounsandverbs(Roothetal.,1999).Accordingly,
thegrammardevelopmentfocuswason therecognitionof
thegrammaticalrelationsbetweennounsandverbs.

Furthermore,sincetheparsingresultswereaninterme-
diatestepin anexperimentto learnasemanticlexicon,reli-
ableparsingresultshadto beacquiredrapidly. We decided
for anincrementalgrammardevelopment,thusminimizing
grammardevelopmentefforts in theearlyprojectphase.

Thecontext-freegrammarfor Germanwasdevelopedin
threestages:for (i) verb-finalclauses,(ii) relative clauses,
and(iii) verb-firstandverb-secondclauses.In this paper,
we describea concludedexperimentandevaluationof the
parsingsystemcoveringconstructions(i) and(ii).

Grammardevelopmentandstochastictrainingwascon-
trolled by two types of evaluation: (i) an information-
theoreticevaluationbasedon perplexity valuesmeasured

on trainingandtestcorporaof free text, and(ii) a linguis-
tic evaluationof nounchunkswith casefeaturesandverb
framerecognitionon amanuallyannotatedtestcorpus.

2. Data
The datafor our experimentsare two sub-corporaex-

tractedfrom a 200 million token newspapercorpus,(a) a
sub-corpuscontaining450,000verb-finalclauseswith a to-
tal of 4 million words,and(b) a sub-corpuscontaining1,1
million relative clauseswith a total of 10 million words.
Apart from non-finite clausesas verbal arguments,there
areno further clausalembeddings,andthe clausesdo not
containany punctuationexceptfor a terminalperiod. The
averageclauselength is 9.16 and 9.12 words per clause,
respectively.

We useda finite-statemorphologicalanalyser(Schiller
andStöckert, 1995)to assignmultiple morphologicalfea-
turessuchaspart-of-speechtag, case,genderandnumber
to thecorpuswords,partly collapsedto reducethenumber
of analyses.For example,theword Bleibe(eitherthecase
ambiguousfemininesingularnoun‘residence’or a person
andmodeambiguousfinite singularpresenttenseverbform
of ‘stay’) is analysedasfollows:

analyse> Bleibe
1. Bleibe+NN.Fem.Akk.Sg
2. Bleibe+NN.Fem.Dat.Sg
3. Bleibe+NN.Fem.Gen.Sg
4. Bleibe+NN.Fem.Nom.Sg
5. *bleiben+V.1.Sg.Pres.Ind
6. *bleiben+V.1.Sg.Pres.Konj
7. *bleiben+V.3.Sg.Pres.Konj

Reducingtheambiguouscategoriesleavesthetwo morpho-
logicalanalyses
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Figure1: ChartBrowserfor GrammarDevelopment

Bleibe { NN.Fem.Cas.Sg, VVFIN }

Apart from assigningmorphologicalanalysesthe tool in
additionservesaslemmatiser(cf. (Schulze,1996)).

3. The German Context-FreeGrammar
The context-freegrammarconsistsof 5,033ruleswith

lexical headmarkings.With very few exceptions(rulesfor
coordination,S-rule),the rulesdo not have morethantwo
daughters.The220terminalcategoriesin thegrammarcor-
respondto the collapsedcorpustagsassignedby the mor-
phology.
Grammardevelopmentis facilitatedby (a) grammardevel-
opmentenvironmentof thefeature-basedgrammarformal-
ismYAP (Schmid,1999b),and(b) achartbrowserthatper-
mitsa quickandefficientdiscoveryof grammarbugs(Car-
roll, 1997a).Figure1 shows thattheambiguityin thechart
is quiteconsiderableeventhoughgrammarandcorpusare
restricted.

The grammar covers 92.43% of the verb-final and
91.70%of the relative clauses,i.e. the respective part of
thecorporaareassignedparses.

In thefollowing, we describetwo essentialpartsof the
grammar, the noun chunksand the definition of subcat-
egorisationframes. For details concerningprepositional
phrases,adjectival chunks,adverbialchunks,complex de-
terminers,and the treatmentof coordinationsee(Schulte
im Walde,2000).

3.1. Noun Chunks (NCs)

On nominal categories, in addition to the four cases
Nom, Gen, Dat , andAkk , casefeatureswith a disjunctive
interpretation(suchasDir for Nomor Akk ) areused.The
grammaris written in sucha way thatnon-disjunctive fea-
turesareintroducedhighup in thetree.Figure2 illustrates
theuseof disjunctive featuresin nounprojections:theter-
minal NNcontainsthe four-way ambiguousCas casefea-
ture; the N-bar (NN1) andnounchunkNCprojectionsdis-
ambiguateto two-way ambiguouscasefeaturesDir and
Obl ; the weak/strong(Sw/St ) featureof NN1 allows or
preventscombinationwith a determiner, respectively; only
at thenounphraseNPprojectionlevel, thecasefeatureap-
pearsin disambiguatedform. The useof disjunctive case
featuresresultsin somereductionin the sizeof the parse

forest. Essentiallythe full rangeof agreementinside the
nounphraseis enforced. Agreementbetweenthe subject
NPandthetensedverb is not enforcedby thegrammar, in
orderto controlthenumberof parametersandrules.

The noun chunk definition refers to Abney’s chunk
grammarorganisation(Abney, 1996):thenounchunk(NC)
is a projection that excludespost-headcomplementsand
(adverbial)adjunctsintroducedhigherthanpre-headmodi-
fiersanddeterminers,but includesparticipialpre-modifiers
with their complements.

3.2. SubcategorisationFrames

The grammar distinguishes four subcategorisation
frame classes: active (VPA), passive (VPP), non-finite
(VPI ) frames,and copulaconstructions(VPK). A frame
mayhave maximally threearguments.Possiblearguments
in the framesarenominative (n), dative (d) andaccusative
(a)NPs,reflexivepronouns(r), PPs(p), andnon-finiteVPs
(i). Thegrammardoesnot distinguishplain non-finiteVPs
from zu-non-finiteVPs.Thegrammaris designedto distin-
guishbetweenPPsrepresentingaverbalcomplementor ad-
junct: only complementsarereferredto by theframetype.
Thenumberandthetypesof framesin thedifferentframe
classesaregivenin Table1.

FrameClass # FrameTypes
VPA 16 n, na, nd, np, nad, nap, ndp

ni, di, nai, ndi
nr, nar, ndr, npr, nir

VPP 18 n, np-s, d, dp-s, p, pp-s
nd, ndp-s, np, npp-s, dp, dpp-s
i, ip-s, ni, nip-s, di, dip-s

VPI 8 -, a, d, p, r, ad, ap, dp, pr
VPK 2 n, i

Table1: SubcategorisationFrameTypes

German, being a languagewith comparatively free
phraseorder, allows for scramblingof arguments.Scram-
bling is reflectedin the particularsequencein which the
argumentsof the verb framearesaturated.CompareFig-
ure3 asexampleof acanonicalsubject-objectorderwithin
anactive transitive frameder sie liebt ‘who lovesher’ and
its scrambledobject-subjectorderdensie liebt ‘whom she
loves’.

Abstractingfrom the active and passive realisationof
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Figure2: NounProjections
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Figure 3: RealisingScramblingEffect in the Grammar
Rules

an identical underlying deep-level syntax we generalise
over the alternationby defininga top-level subcategorisa-
tion frametype,e.g.IP.nad for VPA.nad , VPP.nd and
VPP.ndp-s (with p-s a prepositionalphrasewithin pas-
siveframetypesrepresentingthedeep-structuresubject,re-
alisableonly by PPsheadedby vonor durch ‘by’); seeFig-
ure 4 for an example,presentingthe relative clausesder
die Frau verfolgt ‘who follows the woman’, die verfolgt
wird ‘who is followed’anddievondemMannverfolgtwird
‘who is followedby theman’.

4. Probability Model
The probabilistic grammarsare parsedwith LoPar 1

(Schmid,1999a),a head-lexicalisedprobabilisticcontext-
free parser. The parseris an implementationof the Left-
Corneralgorithmfor parsingandof the Inside-Outsideal-
gorithm for parameterestimation. Probabilisticcontext-
freeparsing(Lari andYoung,1990)mapsaCFGto aprob-
ability modelby assigninga probability to eachgrammar
rule.

Innovative featuresof LoPar are head lexicalisation,
lemmatisation, parameterpooling, and a sophisticated
smoothingtechnique.

1LoPar is basicallya re-implementationof the Galacsytools
which were developedby Glenn Carroll in the SFB, but LoPar
providesadditionalfunctionality.

Syntactically, a head-lexicalisedprobabilisticcontext-
freegrammar(HPCFG)(Carroll, 1995;Carroll andRooth,
1998) is a PCFGin which oneof the right handsidecat-
egoriesof eachgrammarrule is markedastheheadof the
projection. The lexical headof a terminalcategory is the
respective word form. Thus, lexical headproperties,i.e.
words,arepropagatedthroughheadchains.

HPCFGsassignthe following probability2 to a parse
treeT:���<����� �����Z�6���q�

cat
�
root

�<�.� � ��������Z�6���q�
head

�
root

�<��� �6�
cat

�
root

�<��� � ����
��� ���� non-terminal

� �q�0��� �
rule

� � �6�
cat

� � �N�
head

� � � ���

�
�B� �����+�9�9�9�	�<�.�
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� � �6�
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� � �N�
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�
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�
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Five families of probability distributions are relevant
here. ¥�¦ §�¨2©�§�ª�«V¬ is the probability that « is the cate-
gory of the root node of a parsetree. ¥�¦�§�¨�©�§�ª�­�® «V¬ is
the probability that a root nodeof category « bearsthe
lexical head ­ . ¥�©N¯(°K±²ª�³´® «&µ6­u¬ is the probability that a
nodeof category « with lexical head ­ is expandedby
rule ³ . ¥D¶ ·#¸�¹<¶ ± ª5­�® «&µ	«>º´µ	­»ºk¬ is theprobability thata (non-
head)node of category « has the lexical head ­ given
that the parentcategory is «¼º and the parentheadis ­»º .¥ ©N¯(°K± ª <terminal> ® «&µ6­u¬ is the probability that a node
of category « with lexical head ­ is a terminal node.¥ °K± ½ ª¿¾G® «&µ	­�¬ , finally, is theprobabilitythataterminalnode
with category « and lexical head ­ expandsto the word
form ¾ .

In orderto reducetheprohibitively largenumberof lex-
ical parametersthathaveto beestimated,weemployedlin-
guistic generalisationsfor parameterreduction: lemmati-
sationand parameterpooling. Using uninflectedlemma
ratherthaninflectedwordform for lexicalisationeliminates
splittingof estimatedfrequenciesamonginflectionalforms.
Parameterpooling is basedon the assumptionthat lexical
choiceprobabilitiesareunlikely to dependon inflectional
featureslike gender, case,numberetc.of categoriesor ar-
gumentorder in verb frames. For instance,thereare (at
least)nine differentinflectionalpatternsfor projectingthe
adjectivealt (old) andBuch (book)to anNN1category. In-
steadof assigninga lexical choiceprobability

¥�¶ ·#¸N¹Z¶ ± ª5À�Á¿Â9® ÃÅÄpÆpÇ È´É9µ�Ê�Ê;ËdÇ Ì´É9Ç Í´É(Ç Î»É9µ	Ï�Ð�Ñ9­�¬
2Theauxiliary functionscat , head , p(arent) , word and

rule return the syntacticcategory, the lexical head,the parent
node, the dominatedword or the expandinggrammarrule of a
node. root returnsthe root nodeof a parsetreeand<termi-
nal> is a constant.
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Figure4: Generalisingover theActive-PassiveAlternationof SubcategorisationFrames

for eachpossiblecombinationof ¾ , Ò , Ó , Ô , the combina-
tionsarepooledto a singledistribution

¥D¶ ·#¸�¹<¶ ± ª5ÀÅÁ�Â9® Ã�ÄpÆ�µNÊ�ÊmËgµ Buch¬
for all inflectionalvariationsof NN1 -> ADJ NN1. We
obtaina singleprobability distribution for adjectival mod-
ifiers. In result, frequentobservation of altesBuch in the
trainngdataalsoincreasestheprobabilityof alter Bücher.
For argumentfilling into verb frames, categories of the
form VP.x.y arepooledto VP.x andactive, passive and
non-finiteverbframesarepooledaccordingto sharedargu-
ments,disregardingthe saturationstateof the frame. For
instance,¥�¶ ·#¸N¹Z¶ ± of a particularnoun is the sameas ac-
cusative NP headin the transitive active frame or nomi-
native NP headin the passive frame of a particularverb
([dass] siedenHund füttert ’shefeedsthe dog’, derHund
gefüttertwird ’thedog is fed’).

5. Grammar Training
5.1. Training Strategy

The training in our mainexperimentwasperformedin
thefollowing steps:

1. Initialisationof all CFG ruleswith identicalfrequen-
cies. (Comparative initialisations with randomfre-
quencieshadnoeffecton themodeldevelopment.)

2. Unlexicalised training: The training corpus was
parsedonce,re-estimatingthefrequenciestwice.

3. Lexicalisation: The unlexicalisedmodel was turned
into a lexicalisedmodelby (i) settingtheprobabilities
of thelexicalisedruleprobabilitiesto thevaluesof the
respectiveunlexicalisedprobabilitiesand(ii) initialis-
ing thelexical choiceandlexicalisedstartprobabilities
uniformly.

4. Lexicalisedtraining:
Threetrainingiterationswereperformedon thetrain-
ing corpus,re-estimatingthefrequenciesaftereachit-
eration.

For training themodelparameterswe used90%of the
corpora,a total of 1.4million clauses.Theremaining10%
of serveasheldoutdatato measureovertraining.

Our experimentshave shown that training an unlex-
icalised model first improves overall results. The op-
timal training strategy proceedswith few parameterre-
estimations of an unlexicalised model. Without re-
estimationsor with a large numberof re-estimationsthe
modelwaseffectedto its disadvantage. With lessunlex-
icalisedtraining morechangesduring lexicalisedtraining
takeplacelateron.

Comparativenumbersof iterations(up to 40 iterations)
in lexicalisedtraining showed that moreiterationsdid not
haveany furthereffecton themodel.

6. Evaluation
Ourevaluationmethodswerechosento monitorthede-

velopmentof the grammar, to control the grammartrain-
ing, and comparedifferent training regimes. As part of
ourlargerprojectof lexical semanticclustering,theparsing
systemhadthe specifictask to collect corpusfrequencies
for pairsof a verbalheadandits subcategorisationframe
andfrequenciesfor thenominalfillers of slotsin a subcat-
egorisationframe.Thelinguistic evaluationfocuseson the
reliability of theseparsingresults.

6.1. Mathematical evaluation

A
1: 52.0199
2: 25.3652
3: 24.5905
...

...
15: 24.2861
16: 24.2861
17: 24.2867

B
1: 53.7654
2: 26.3184
3: 25.5035
...

...
57: 25.0549
58: 25.0549
59: 25.055

C
1: 49.8165
2: 23.1008
3: 22.4479
...

...
90: 22.1443
95: 22.1443
96: 22.1444

Table2: Overtraining(iteration: cross-entropy on heldout
data)

In order to control the amountof unlexicalisedtrain-
ing, we measuredovertrainingby comparingthe perplex-
ity of the modelon training andheldoutdata(or, respec-
tively, cross-entropy3 on heldoutdata in the experiments

3For a corpusconsistingof sentencesof a certain average
length (avg ), onecaneasily transformthesecross-entropy val-
ues(cross ) to thebetterknown valuesof wordperplexity (perp)
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Figure5: ChartBrowserfor manualconstituentmarkup

in (Beil et al., 1999)). While perplexity on training data
is theoreticallyguaranteedto convergethroughsubsequent
iterations,increasingperplexity on heldoutdataindicates
overtraining.Table2 shows comparisonsof differentsizes
of training andheldoutdata(training/heldout)for unlexi-
calisedtraining in an older experiment(Beil et al., 1999):
(A) 50k/50k, (B) 500k/500k,(C) 4.1M/500k. The over-
trainingeffect is indicatedby theincreasein cross-entropy
from thepenultimateto theultimateiterationin thetables.

In previous experiments(Beil et al., 1999), we com-
paredin moredetail the mathematicalevaluationwith the
linguistic evaluationof precision/recallmeasureson cat-
egories of different complexity through iterative unlexi-
calisedtraining. The comparisonshows that the mathe-
matical criterion of overtrainingmay lead to bad results
from alinguisticpointof view. While precision/recallmea-
suresfor low-level structuressuchasNCs converge, itera-
tive unlexicalisedtraining up to the overtrainingthreshold
is disadvantageousfor theevaluationof complex categories
likesubcategorisationframes.Weobservedprecision/recall
valuesfor verbframessettlingevenbelow theresultswith a
randomlyinitialisedgrammar. Sothemathematicalevalua-
tion canonly serve asa roughindicatorwhetherthemodel
reachestowardsan optimum,but linguistic evaluationde-
terminestheoptimum.

6.2. Linguistic evaluation

Although an appropriatetreebankis availablefor Ger-
man(the NEGRA treebank,cf. Skut et al. (1997) for an
overview), we did not useit for ourevaluation.Onereason
for this is the restrictionof our initial grammardevelop-
mentto verb final andrelative clauseswhile the treebank,
of course,annotatesfull clauses.It turnedoutto bedifficult
to extract respective sub-treebanks.On theotherhand,we
did not intend to carry out the standardparserevaluation

usingtheformula

perp
�ÖÕ2× avg ØÅÙ6Ú cross

(assumingthatthecross-entropy iscomputedbyalogarithmbased
on10). For example,anaveragelenghthof avg =9.2anda cross-
entropy of cross=24.2 yieldsa word perplexity perp =427.0,
which is avaluecomparableto thevaluespresentedin Schulteim
Waldeet al. (2001).

methodof measuringprecision/recallonphraseboundaries
andcrossingbrackets(thePARSEVAL scheme)for which
treebanksarewidely used.Bracketinginformationis rather
uninterestingfor our objectivesandwe reckonedthat rich
structuresasgeneratedby our grammarwould likely pun-
ishedby thecrossingbracketmeasure.(For amoregeneral
overview of problemsusingthecrossingbracketsmeasure
for parserevaluationsee(Carroll etal., 1998).)

Moreover, in transformingour bracketing to treebank
annotationstandards,we fearedto loosetoo much infor-
mationdeemedimportantfor our evaluation.In our efforts
to find a transformationthatmapstreebankstructuresto a
selectionof ours (noun and verb chunks),we found two
mappingproblems: (i) mappingtreebankphrasespansto
our chunkspansand(ii) finding aninformation-preserving
mappingfrom our labelsto treebanklabels.Concerningthe
first, it turnedout to bedifficult to definenounchunkends
within treebankNPs.An evenharderproblemis findingthe
rich informationin ourverbalcategory labels(i.e. typeand
frameannotation)in treebankVPs.

Sowe decidedto build our own testdata: Ratherthan
pursuingthe efforts of finding an appropriatetreebank-to-
gramotrontransformation,we performeddetailedevalua-
tionsof individual framesandof a setof selectedverbs.

Test data The linguistic parametersof the modelswere
evaluatedconcerningthe identificationof NCs andsubcat-
egorisationframes. We randomly extracted200 relative
clausesand200 verb-final clausesfrom the test dataand
hand-annotatedthe relative clauseswith noun chunk la-
bels,andall of the clauseswith framelabels. In addition,
weextracted100randomlychosenrelativeclausesfor each
of thesix verbsbeteiligen ‘participate’,erhalten‘receive’,
folgen ‘follo w’, verbieten‘forbid’, versprechen ‘promise’,
versuchen‘try’, andhand-annotatedthemwith theirsubcat-
egorisationframes.The particularselectionof verbsaims
to be representative for the variety of verb framesdefined
in ourgrammar.

Themanualannotationwasfacilitatedby useof a chart
browser. Thelabellersfilled theappropriatechartcellswith
category namesby selectingcategory labelsfrom a given
list that is displayedon clicking a cell. Figure5 givesan
exampleof NC-labellingwhichvisualisesthedetermination
of NC-rangesvia cell selection.FramesareannotatedasIP
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labels,i.e. they arealwaysin thesamechartcell andframe
rangesaretrivial.

Best-first consistency Our linguistic evaluation of the
probabilitymodelsis aversionof measuringbest-firstcon-
sistency (BriscoeandCarroll, 1993). We madethe mod-
elsdeterminetheViterbi parses(i.e. maximumprobability
parses)of thetestdataandextractedthecategoriesof inter-
est (i.e. nounchunksandsubcategorisationframetypes).
Only therelevantcategoriesbut nottheentireViterbi parses
were comparedwith the annotateddata. NCs were eval-
uatedaccordingto (i) rangeand (ii) rangeand label, i.e.
category name. The subcategorisationframeswereevalu-
atedaccordingto theframelabelonly. Precisionandrecall
measuresaredefinedasfollows:

Û ³²Ü#Ñ2ÝqÞ0Ý�ß#àâá ã6äkå2åNæ6ã�çèké æ�ê6ê�æ�ê ³#Ü#Ñ�À�Á5ÁBá ã6ä²å2åNæ6ã9çë6ì ê9æ9í£îðï�æ
with baselinereferringto thesetof annotatedcategoriesin
the testcorpus,guessesreferring to the setof range/label
annotatedcategoriesidentified in Viterbi parses,andcor-
rectcountingthecaseswherethechunk/labelidentifiedby
the parseris a matchto the annotator’s choice( ã6ä²å2åNæ6ã9ç áègé æ2ê6ê9æ2ê�ñ ë6ì ê9æ9í£îðï�æ ).

Overall results Theprecisionvaluesof the”best” model
accordingto thetrainingstrategy wereasin Table3.

NounChunks SubcategorisationFrameson Sub-Corpora
range range+label relativeclauses verbfinal clauses
98% 92% 63% 73%

SubcategorisationFrameson SpecificVerbs
beteiligen erhalten folgen verbieten versprechen versuchen

‘participate’ ‘receive’ ‘follow’ ‘forbid’ ‘promise’ ‘try’
48% 61% 88% 59% 80% 49%

Table3: PrecisionValueson Noun ChunksandSubcate-
gorisationFrames

For comparisonreasons,we evaluatedthesubcategori-
sation framesof 200 relative clausesextractedfrom the
training data. Interestingly, therewereno striking differ-
encesconcerningtheprecisionvalues.

Evaluation of training regimes Figure 6 presentthe
stronglydifferentdevelopmentof nounchunkandsubcate-
gorisationframerepresentationswithin the models,rang-
ing from the untrainedmodel until the fifth iteration of
lexicalisedtraining. NCs weremodelledsufficiently by an
unlexicalisedtrainedgrammar. Unexpectedly, lexicalisa-
tion impairedthe modelling slighlty. This observation is
supportedby relatedexperimentsof Germannounchunk-
ing on anunrestrictedtext corpus(SchmidandSchulteim
Walde,2000). It remainsto beexploredwhetherthenum-
ber of low-frequentnominalheadsis—despitethe useof
lemmatisationfor parameterreduction—stillprohibitively
largebecauseof thepervasivemorpho-syntacticprocessof
nouncompoundingin German.

Verb phrasesin generalneededa combinationof un-
lexicalisedand lexicalisedtraining, but the representation
stronglydependedonthespecificitem. Unlexicalisedtrain-
ing advancedfrequentphenomena(compare,for example,
therepresentationof thetransitive framewith directobject

for erfahrenandwith indirectobjectfor folgen), lexicalisa-
tion andlexicalisedtrainingimprovedthelexicalisedprop-
ertiesof theverbs,asexpected.

Parameter pooling Regardingthe frameevaluation,we
alsodid a teston the effectsof parameterpooling in lexi-
calisedtraininng. Without poolingof framecategoriesthe
precisionvaluesfor low-frequentphenomenasuchasnon-
finite frame recognitionwas significantly lower, e.g. the
precisionfor the verb versuchen was 9% less than with
pooling.This resultsuggestsinvestigationsinto theimpor-
tanceof training datasizeandresearchinto otherpooling
possibilities.

6.3. Err or Analysis

A detailedinvestigationof frame recognitionshowed
thefollowing interestingfeaturedevelopments:ò Highly commonsubcategorisationtypessuchas the

transitive frame are learnedin unlexicalisedtraining
and then slightly unlearnedin lexicalised training.
Lesscommonsubcategorisationtypessuchasthede-
mandfor an indirect object are unlearnedin unlexi-
calisedtraining,but improvedduringlexicalisedtrain-
ing.ò It is difficult andwasnot effectively learnedto distin-
guishbetweenprepositionalphrasesasverbalcomple-
mentsandadjuncts.ò Theactivepresentperfectverbcomplexesandpassive
of condition were confused,becauseboth are com-
posedby a pastparticiple and a form of to be, e.g.
geschwommenist ‘has swum’ vs. gebundenist ‘is
bound’.ò Copulaconstructionsand passive of condition were
confused,againbecausebothmaybe composedby a
pastparticipleandaform of to be, e.g.verbotenist ‘is
forbidden’vs. erfahrenist ‘is experienced’.ò Nounchunksbelongingto asubcategorisednon-finite
clausewerepartlyanalysedmainverbarguments.For
instance,der ihn zu überredenversucht ‘who him̈ ¶ ¶
tried to persuade’was parsedas demandingan ac-
cusative plus a non-finiteclauseinsteadof recognis-
ing that theaccusative objectis subcategorisedby the
embeddedinfinitival verb.ò Reflexive pronounsmay trigger eithera reflexive or,
by virtue of projecting to an accusative or dative
nounchunk,a transitive frame. Thecorrector wrong
choiceof frametypecontainingthereflexivepronoun
waslearnedconsequentlyright or wrongfor different
verbs.For instance,theverbsich befinden‘to besitu-
ated’wasgenerallyparsedasatransitive,notasinher-
ently reflexive.

6.4. Shortcomingsand evaluation alternatives

Weareawarethattherearesomedesirableaspectsmiss-
ing from ourevaluation.

Firstly, we did not evaluatethe relationsbetweenlexi-
calheadsdirectly, themaintaskourparsingsystemwasde-
signedfor. Subcategorisationframeandnounchunklabel
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Figure6: Developmentof PrecisionandRecallValueson Noun ChunkRangeandLabel (left-handside),andPrecision
Valueson SubcategorisationFramesfor SpecificVerbs(right-handside)

recognitionserveonly asindirectevidenceof how well our
modeldoesonrecognisingscramblingof verbalarguments.
Becausenounchunkannotationis not confinedto verbar-
gumentslots—PPembeddednounchunkswereannotated
aswell—andadetailederroranalysisonnounchunklabels
is missing,it remainsunclearwhetherscramblednominal
argumentsaresubjectto moreerrorsthanthe remarkable
92% precisionon NC labelssuggests.Similarly, correctly
recognisedverbframeswith aprepositionalargumenthave
notbeenevaluatedasto whethertheassignedPPargument
is actuallythecorrectone.

Secondly, we did not evaluatethecorrectnessof lexical
headsof phrases.

Relevantevaluationschemesthatcaptureourshortcom-
ingsaretheevaluationof dependency structureasdescribed
in (Lin, 1995)or theproposalof evaluatingof grammatical
relationsof Carroll et al. (1998). Both evaluationpropos-
als addressthe importanceof selectively evaluatingpars-
ing systemswith respectto specifictypesof syntacticphe-
nomenarather than measuringoverall performanceas in
“traditional” evaluationschemes.Selective evaluationis a
definitedesideratumfor our own evaluationtask.Thepro-
posalsalsopoint to a way to automaticallyextract evalu-
ation relevant relationsfrom an annotatedcorpus. Inquir-
ing aboutthefeasibilityof mappingNegra,thetreebankfor
German,to a respective testcorpuswill hopefullyprovide
a morecomprehensive basisfor our future evaluationsof
head–headrelations.

7. Conclusion
Our approachto parsingis a combinationof symbolic

andstochasticmethods.Thesymboliccomponentusually
involvesa very high degreeof overgenerationleaving dis-
ambiguationto thestochasticcomponent.To facilitatedis-
ambiguationby statisticalmeans,thesymboliccomponent
relies on certaincategorial generalizationsand usesnon-
standardcategories to reducethe parameterspaceor al-
low for parameterpooling. We usedevaluationresultsin
both incrementalgrammardevelopmentandvalidationof
selectedoutputto beusedin lexical semanticclustering.

Our principal result is that scrambling-stylefree-er
phraseorder, casemorphologyandsubcategorization,and
NP-internalgender, numberand caseagreementcan be

dealtwith in ahead-lexicalizedPFCGformalism.A second
resultis that inside-outsideestimationappearsto bebene-
ficial, however relies on a carefully built grammarwhere
parsescanbeevaluatedby carefullyselectedlinguistic cri-
teria.

Furthermore,we reportedexperimentson overtrain-
ing with inside-outsideestimation.Theseexperimentsare
madepossibleby thecarefullybuilt grammarandoureval-
uationtools, especiallyallowing to compareandto relate
the resultsof our mathematicaland linguistic evaluation.
In combination,theseprovide a generalframework for in-
vestigatingtrainingregimesfor lexicalizedPCFGs.

However, thereare two relevant aspectsmissingfrom
our evaluation. First, we did not evaluategrammaticalre-
lationsdirectly. FrameandNC caserecognitiongive only
a crudeideaof how well our model doeson recognizing
e.g.scrambledsubjectanddirectobject.BecauseNC eval-
uationis not confinedto verbargumentslots,thepictureis
distorted. Second,we did not evaluatethe correctnessof
lexical headsof phrases.Clearly, if we canovercomeour
difficultiesto mapNegra,thetreebankfor German,to a re-
spective testcorpus,a morevaluablebasisfor futureeval-
uationsof head–headrelationssuppliedby the gramotron
parsingsystemis provided.

Finally, althoughthereis no guaranteethat the maxi-
mizationof the likelihoodof the training data(which the
inside-outsidealgorithm performs)also improvesthe lin-
guistic correctnessof the resultingsyntacticanalyses,our
experimentsshow that in practicethis is thecase.Gaining
moreinsight into the relationshipbetweenlinguistic plau-
sibility andlikelihoodof linguistic analyseswill be an in-
terestingfutureresearchtopic.
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Bruno Maximilian Schulze,1996. GermLem– ein Lem-
matisierer für deutsche Textcorpora. IMS, Universiẗat
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Abstract
Thispapercomparesthreeevaluationmetricsfor aCCGparsertrainedandtestedona CCGversionof thePennTreebank.Thestandard
Parseval metricscanbe appliedto the outputof this parser;however, thesemetricsareproblematicfor CCG,anda comparisonwith
scoresgiven for standardPennTreebankparsersis uninformative. As an alternative, we considertwo evaluationsbasedon head-
dependencies;oneconsiderslocaldependenciesdefinedin termsof thederivationtree,andoneconsidersdependenciesdefinedin terms
of the CCG categories. The latter setof dependenciesincludeslong-rangedependenciessuchas thoseinherentin coordinationand
extractionphenomena.

1. Intr oduction
In this paper, we comparethe advantagesand short-

comingsof threeevaluationmetricsfor a statisticalparser
basedon CombinatoryCategorial Grammar(CCG,Steed-
man (2000)). The parser(describedin Hockenmaierand
Steedman(2002b)) is trained and testedon a treebank
of CCG normal-formderivationswhich hasbeenderived
(semi)-automaticallyfrom the PennTreebank(Marcuset
al., 1993).

We apply thestandardParseval metricsto comparethe
derivation treesproducedby the parserwith thosein the
gold standard.However, CCGderivation treesarebinary-
branching,and the set of CCG categoriesis much larger
than the set of nonterminallabels in the PennTreebank.
Therefore,a comparisonwith Parseval figures given for
standardPennTreebankparsersis uninformative. Further-
more,in thepresenceof left andright modifiersto thesame
constituent,thereare equivalentnormal-formderivations,
whichParseval doesnot take into account.

We alsoconsidertwo dependency evaluations.Like the
standardPennTreebankparsersof Collins(1999)andChar-
niak (2000),theCCGparsermodelsword-worddependen-
cies definedin termsof local rule applications. Collins
(1999) proposesan evaluationbasedon thesedependen-
cies, which we apply to our parser. This allows a direct
comparisonwith Collins’ parserandovercomesthe prob-
lemof equivalentnormal-formderivations.

Unlike the phrase-structuretreesreturnedby standard
PennTreebankparsers,CCG derivationsencodethe long
rangedependenciesinvolvedin constructionssuchasrais-
ing, control,extractionandcoordination.In orderto eval-
uateanotherCCGparser, Clark et al. (2002)introducean
evaluationwhich incorporatesthelongrange,aswell aslo-
cal, dependencies.This evaluationis appliedto theoutput
of the normal-formparser, usingthe Clark et al. parserto
extracttherelevantdependenciesfrom thederivationtrees.
This evaluation is much closer to the dependency-based
evaluationsof Lin (1995)andCarroll et al. (1998).

2. Combinatory Categorial Grammar
A CCG grammarconsistsof a lexicon, which pairs

words with lexical categories, and a set of combinatory

rules,which specifyhow categoriescombine. Categories
are either atomic or complex. Examplesof atomic cat-
egories include õmö ÷Åø²ù ú (declarative sentence), û�ü (noun
phrase),û (noun)and ü�ü (prepositionalphrase).

Complex categoriesarefunctorswhichexpressthetype
anddirectionalityof their arguments,and the type of the
result. For example, the category for the transitive verb
boughtspecifiesthatone û�ü is requiredto theright of the
verb,andone û�ü to theleft, resultingin asentence:

(1) bought:= ý5þuÿ ����� ���	��

���
��

Otherexamplesof complex categoriesexpressingsubcate-
gorisationareasfollows ( ö pt ú denotesa pastparticipleandö������qú denotesa passive):

(2) has:= ý�õmö ÷Åø²ù ú��»û�ü����´ý5õmö���� ú��»û�ü��
been:= ý�õmö���� ú��»û�ü����»ý�õmö������qú��»û�ü��
bought:= ý�õmö���� ú��»û�ü����»û�ü
bought:= õmö������qú��»û�ü
Complex categoriesof the form ����� or ����� can ex-

pressmodification:

(3) big := û �»û
quickly := ý5õ!�´û�ü����»ý5õ"�»û�ü��
Constituentscombineaccordingto asetof combinatory

rules,includingfunctionapplication,functioncomposition
andtype-raising(seeSteedman(2000)for thedetails).For
example, the following derivation usesforward ( # ) and
backward( $ ) application:

(4) IBM quickly bought Lotus��
&%ðþ'����
)(+*�%ðþ,�	��

(-%ðþuÿ ���.� ������
)(+*���
/��
 0
þuÿ ���.� ������
 0

þ�ÿ ����� ������
 1
þ�ÿ ����� �

Compositionandtype-raisingarenecessaryfor certain
typesof extractionandcoordinationphenomena.In thefol-
lowing object-extraction example, type-raising( # T) first
turns the û�ü for IBM into a functor looking for a verb-
phrase,which thencombineswith thecategory for bought
usingforwardcomposition( # B):
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õ;ö ÷Åø²ù ú��»û�üBý32�4��5�
ý5õ;ö ÷Åø²ù ú��»û�ü����»ý�õmö���� ú��»û�ü���ý;2�4����

has

õ;ö���� ú<�´û�ü�ý3=	>)?�@)2����
ý5õmö���� ú��»û�ü����´û
üDý;=	>!?�@!2����

bought

û
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company

Figure1: A derivationtreemarkedwith heads

(5) the company that IBM bought��
 %���
)����

(+*	% þ,*	��

( ��
 % þ,����
)(J*	��
0LK
þ'*�% þ'����
)( 0
Mþ'*���
 0��
)����
 1��


Note that the useof compositionintroducesso-called
“spuriousambiguity”, in which distinct derivationsfor a
sentencelead to the samesemanticinterpretation. Even
a simple sentencesuchas IBM boughtLotus hasseveral
derivations,one using only function application,and the
othersusing type-raisingand composition. However, all
derivationsleadto thesameinterpretation:that IBM is the
buyerandLotusis thebuyee.

Onesolutionto theproblemof spuriousambiguityis to
only applyfunctioncompositionwhensyntacticallyneces-
sary;sucha derivation is callednormal-form. The corpus
thatwe useto train andtesttheparserdescribedherecon-
tainsonly normal-formderivations.

3. The parser
Theparserthatweevaluateisdescribedin Hockenmaier

andSteedman(2002b),andis basedon a generativemodel
of CCG derivation trees. Like mostrecentwork in statis-
tical parsing– including the generative modelsof Collins
(1997)andCharniak(2000)– theparsermodelstheword-
word dependenciesdefinedby local subtrees.Eachcon-
stituentis assumedto have one lexical head(a word and
its lexical category). The examplederivation in Figure1
showshow headsarepercolatedthroughthederivationtree.

The statistical model assumes a top-down tree-
generatingprocessin whichheadsaregeneratedatthemax-
imal projectionof a constituent.Unlessthis maximalpro-
jectionis therootof theentiretree,theconstituentis acom-
plementor adjunctof anotherconstituent,andthereis ade-
pendency betweenthetheheadsof bothconstituents.This
dependency is expressedin thestatisticalmodelby condi-
tioning the headof complementsor adjunctson the head
of theparentnodeandthe local treewhich definesthede-
pendency relation. For example,in Figure1, boughtis not
only conditionedon its lexical category ý5õ;ö���� ú<�´û�ü����»û�ü ,
but also on the fact that it appearswithin a local tree
with headword has, parent õmö ÷døkù ú<�´û�ü , left (head)daugh-

ter ý5õmö ÷Åø²ù ú��»û�ü����»ý�õmö���� ú��»û�ü�� andright (non-head)daughterõmö���� ú<�´û
ü .
The parseris trainedandtestedon a treebankof CCG

normal-formderivations.Thiscorpus,whichwecall CCG-
bank,hasbeenderived(semi)-automaticallyfrom thePenn
Treebank(Marcuset al., 1993), using sections02-21 for
training andsection23 for testing. For further detailsof
CCGbankwe refer readersto HockenmaierandSteedman
(2002a).

4. Evaluation metrics
This sectiondescribesthe differentevaluationmetrics,

whichwe illustrateby evaluatingthe(fictitious)outputtree
in thebottomof figure2 againstthecorrectderivationgiven
in thetop of figure2.

4.1. Parseval

The first measuresare the standardParseval met-
rics bracketedprecision/recallandlabelledprecision/recall
usedto comparethenormal-formderivationtreesproduced
by theparserwith thosein thegold standard(section23 of
theCCGbank).

Following commonpractice,we disregardpunctuation
marks. Since CCG derivation treesare at most binary
branching,punctuationmarks introducea separatelevel
into thetree,whichwe alsodisregardin theevaluation.

Considerthetreesgivenin figure2. Discardingthelex-
ical categories(but not their unary projections),the gold
standardhassix nodes,threeof which arecorrectlyidenti-
fied in theoutputtree.Theoutputtreehassevennontermi-
nalnodes.Hence,labelledandbracketedprecisionareboth
3/7; labelledandbracketedrecall areboth 3/6. Note that
Parseval doesnot take thecorrectnessof lexical categories
into account,which is importantfor CCGsincecategories
encodesubcategorisationinformation. Therefore,we also
give theaccuracy of lexical categories(againdisregarding
punctuationmarks),which in this caseis 4/6.

4.2. Dependencyevaluation 1

Collins (1999)givesanalternative evaluationto Parse-
val, measuringthe recovery of word-word dependencies.
Accordingto his definition,thereis a dependency between
two wordsw andwN if the parsecontainsa local treesuch
thatwN is the headof this treeandw is the headof a non-
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Figure2: Exampletreesfor evaluation:thetop treeis thegoldstandard.

headdaughter. The following tree definesa dependency
betweenVinkenandwill :

S (will)

NP (Vinken)

PierreVinken

VP (will)

will join theboard

The dependency relationis determinedby the label of
the parentnode(S), the label of the headdaughter(VP),
the label of thenon-headdaughter(NP), andthe direction
of the non-headdaughter(left): R SS VP S NPS left T . Further-
more, if the non-headdaughteris a complement,its cate-
gorycarriesa complementfeatureU C. In Collins’ original
evaluation,coordinateconstructionsaredistinguishedby a
furtherelementCC.Weadaptthisevaluationto CCG;how-
ever, sincethedirectionalityof theheadis directlyencoded
in the categories,thereis no needfor this feature.A sim-
ilar commentappliesto the complementfeature. Also, in
CCGbank,binary nodeswithin a coordinateconstruction
carrya specialcoordinationfeature,andsotheCC-feature
is redundantaswell.

Thewayin whichthesedependenciesaredefinedmeans
there is exactly one relation to be determinedfor each
word. Thereis a specialrelation for the headof the sen-
tence(which is not dependenton any otherword). Collins
givesscoresfor labelledandunlabelleddependencies.Un-
labelleddependency scoresonly take into accountwhether
thereis a relationbetweenw andwN suchthatwN is thehead
andw its modifieror complement,but notwhetherthelocal
treewhich definesthis dependency is correctlylabelled.

Returningto our example,thegold standardin figure2
definesthefollowing dependencies:

Relation V ParentW HeadW SisterX Head DepV+��
�W+��W;��
)*��YX shares theV HeadX sharesV+��
�W+��
ZW;��

�	��
!X shares thatV+��

�	��
�W;%J��
)����
)(+*�%ðþ�ÿ ����� �P*���
)(3W¿þ�ÿ ����� ��*���

X that hasVðþuÿ ���.� ��*	��
!W;%ðþuÿ ���.� ���	��

(+*	��
ZW¿þ'*�%ðþ,�	��

(;X has IBMV+%ðþuÿ ����� ���	��
)(+*���
ZW;%ðþuÿ ����� ���	��
)(+*�%ðþ�ÿ [F\J������
)(;W%ðþuÿ][F\^���	��

(+*	��
)X has bought

Thesearethedependenciesin theincorrectanalysis:

Relation V ParentW HeadW SisterX Head DepV+��
�W+��W;��
)*��YX shares theV HeadX sharesV+��
�W+��
ZW;��

�	��
!X shares thatV+��

�	��
�W;%J��
)����
)(+*�%ðþ�ÿ ����� �P*���
)(3W¿þ�ÿ ����� ��*���

X that hasVðþuÿ ���.� ��*	��
!W;%ðþuÿ ���.� ���	��

(+*	��
ZW¿þ'*�%ðþ,�	��

(;X has IBMV+��
�W+��
ZW;��

�	��
!X shares bought

Thus,accordingto this measure,five out of six depen-
denciesarecorrect. Note that this measureis not always
affectedby errorsin the lexical categories. For example,
thedependency betweenhasandthat is consideredcorrect,
even thoughthe gold standardanalyseshas as an auxil-
iary andtheincorrectderivationanalyseshasasatransitive
verb.

4.3. Dependencyevaluation 2

Theparserin Clark et al. (2002)canbeusedto yield a
third measure.This parserusesCCG categoriesextended
with headand dependency information and capturesthe
“deep”dependenciesinherentin casessuchasraising,con-
trol, andextractionandcoordinationphenomena,as well
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asthe standardlocal dependencies.Figure3 is an exam-
ple from Clark et al. (2002),with the links expressingde-
pendencies.(The labelsareomittedfor clarity.) Note that
investorsandmanagersarebothsubjectsof want, andsub-
jectsof lock.

An exampleof an extendedcategory for the transitive
verbboughtis asfollows:

(6) bought:= ý�þ bought�'��
 1 ���
��
 2

Therearetwo dependency relationsencoded:thesubjectof
the transitive verb– heremarked1 – andthe directobject
– heremarked2. Thesubscripton the õ category indicates
that theheadof theresultingsentenceis bought. Sincethe
argumentslotsin CCGcategoriescorrespondcloselyto the
grammaticalrelationsusedby Carrolletal. (1998),thisde-
pendency evaluationis verymuchin thespirit of theCarroll
etal. evaluation(andthatof Lin (1995)).

A dependency is formally defined as a 4-tuple:R hf S f S sS ha T , wherehf is the headword of the functor, f
is the functor category (extendedwith dependency infor-
mation),s is theargumentslot, andha is theheadword of
the argument. For example, in the sentenceIBM bought
Lotus, thesubject-verbdependency is asfollows:

(7) R boughtS	ý5õ!�´û
ü 1 ���´û�ü 2 S 1 S IBM T
Thecategorysetusedby theparserconsistsof 398cat-

egory types(chosenaccordingto frequency), derived au-
tomatically from the CCGbank. Eachcategory hasbeen
manuallymarked-upwith headanddependency informa-
tion, andat this stagewe encodeevery argumentslot asa
dependency relation. In future work we may useonly a
subsetof theargumentslots.

In order to recover suchdependenciesfrom the trees
producedby thenormal-formparser, theClarketal. (2002)
parseris run over the trees output by the normal-form
parser, tracing out the derivationsand outputtingthe de-
pendencies.This methodcanalsobe appliedto the trees
in the test set, in order to provide a set of gold standard
dependency structures.Notethatthemarked-upcategories
usedby theClarketal. parserarenecessaryto obtainthese
dependencies;without this information,they cannotbede-
rived from the local dependenciesusedin the first depen-
dency evaluation.

The evaluationmetricswe useareprecisionandrecall
over the dependencies(labelledand unlabelled). To ob-
tainapoint for a labelleddependency, thehead,dependent,
functorcategory, andslot mustall be correct. To obtaina
pointfor anunlabelleddependency, theheadanddependent
musthaveappearedtogetherin somerelation(in any order)
in thegold standard.The dependenciesobtainedfrom the
treesin Figure2 aregivenin table1. Thescoresfor thein-
correcttreeare3� 6 labelledprecision,3� 7 labelledrecall,
5� 6 unlabelledprecision,and5� 7 unlabelledrecall.

5. Resultsand discussion
The resultsfor the threeevaluationmetricson Section

23 of CCGbankaregivenin Table2. BP is bracketedpre-
cision;LP is labelledprecision;UP is unlabelledprecision.
BR, LR, UR aredefinedsimilarly for recall.Thescoresfor
eachevaluationareaccumulatedover all sentencesin the

Gold standardR theS	û�ü��´û 1 S 1 S sharesTR thatSNýNû
üY�´û
ü 1 ���´ý5õmö ÷døkù ú
2
�´û�üZ�FS 1 S sharesTR thatSNýNû
üY�´û
ü 1 ���´ý5õmö ÷døkù ú

2
�´û�üZ�FS 2 S hasTR hasS	ý5õmö ÷døkù ú<� NP1 ���´ý5õmö���� ú
2
�»û�ü��FS 1 S IBM TR hasS	ý5õmö ÷døkù ú<�´û�ü 1 ���´ý5õmö���� ú

2
�´û
ü��FS 2 S boughtTR boughtS	ý5õmö���� ú��»û�ü 1 ���´û
ü 2 S 1 S IBM TR boughtS	ý5õmö���� ú��»û�ü 1 ���´û
ü 2 S 2 S sharesT

Example tr eeR theS	û�ü��´û 1 S 1 S sharesTR thatSNýNû
üY�´û
ü 1 ���´ý5õmö ÷døkù ú
2
�´û�üZ�FS 1 S sharesTR thatSNýNû
üY�´û
ü 1 ���´ý5õmö ÷døkù ú

2
�´û�üZ�FS 2 S hasTR hasS	ý5õmö ÷døkù ú<� NP1 ���´û
ü 2 S 1 S IBM TR hasS	ý5õmö ÷døkù ú<� NP1 ���´û
ü 2 S 2 S sharesTR boughtS�õmö�������ú<� NP1 S 1 S sharesT

Table1: Dependenciesfor thetreesin Figure2

Accuracy of lexical categories
92.0%

Parseval
LP LR BP BR
81.6% 81.9% 85.5% 85.9%

Treedependencies
Labelledrecall Unlabelledrecall

84.0% 90.1%
“Deep” dependencies

LP LR UP UR
83.7% 84.2% 90.5% 91.1%

Table2: Resultsfor thethreeevaluationmetrics

testset,ratherthanaveragedpersentence.Wealsogivethe
scorefor accuracy of thelexical categories.

5.1. The Parseval scores

It is hardto draw conclusionsfrom theParseval scores
becauseof the difficulty in comparingresultsacrossdif-
ferent tree representations. Our figures are below the
88_ 3%� 88_ 0% labelledprecision/recallof Collins (1999).
However, a direct comparisonof the Parseval result with
PennTreebankparsersis notinformative,evenfor thesame
setof sentences.BecausePennTreebanktreesareveryflat,
they containfar fewer bracketsthanCCGderivationtrees;
hencethe rate of crossingbrackets (and bracketedpreci-
sionandrecall)will automaticallybemuchlower thanfor
agrammarwhich producesat mostbinary-branchingtrees.
Theflat treesalsomeanthatParseval is too lenienttowards
mis-attachmentsproducedby PennTreebankparsers(Man-
ning andScḧutze,1999). Furthermore,thesetof nodela-
belsfor PennTreebanktreesandthesetof CCGcategories
arenot comparable.

Hockenmaier(2001)notesa further problemwith ap-
plying Parseval metricsto CCGderivationtrees.Consider
verbphrases,( õ!�´û�ü ), which canhave left andright modi-
fiers( ý5õ!�´û
ü����´ý5õ!�´û�ü�� and ý�õ!�»û�ü����»ý�õ!�»û�ü�� ) with thefol-
lowing two rule instantiations:
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Figure3: Exampledependency structure

(8) õ!�»û�üa` ý�õ!�»û�ü����»ý�õ!�»û�ü�� õ!�»û�üõ!�»û�üa` õ!�´û�ü ý5õ!�´û
ü����´ý5õ!�´û�ü��
For any parsingmodelwhich is definedin termsof (pos-
sibly headedor lexicalized) local trees,the following two
treesareequivalent:

õ!�»û�ü
ý5õ!�´û
ü����´ý5õ!�´û�ü�� õ!�»û�ü

õ!�»û�ü ý5õ!�´û�ü����»ý5õ"�»û�ü��
õ!�»û�ü

õ!�»û�ü
ý5õ!�´û
ü����´ý5õ!�´û�ü�� õ!�»û�ü

ý5õ!�´û�ü����»ý5õ"�»û�ü��

This is alsothe casefor the normal-formparserdescribed
above. A similar problemariseswith coordinations/lists
involving morethantwo conjuncts.Thedependency evalu-
ationsdescribedbelow do not suffer from this problembe-
causethesamedependenciesareproducedfor eachderiva-
tion.

5.2. Dependencyevaluation 1

As expected,the resultsfor the treedependenciesare
higherthantheParseval scores.UnlikeParseval, thedepen-
dency measureis neutralwith respectto thebranchingfac-
tor of thetreesproducedby thegrammar. In particular, for
agivensentence,thenumberof dependenciesis identicalto
thenumberof wordsin thesentence.Sincethis is thesame
for any parser, unlabelledrecoveryof dependenciescanbe
usedto indicatehow parsersbasedon differentgrammars
compare. Note that our unlabelledfigures(90.1%recall)
aresimilar to thoseof Collins (90.9%).

However, a directcomparisonwith the labelledfigures
givenby Collins (88.3%recall) is againproblematic.First,
the setsof labelsarevery different. In order for labelled
dependenciesasdefinedby aCCGderivationtreeto becor-
rect,complement-adjunctdistinctionsaswell asextraction
caseshaveto becorrectlyrecovered.Extractionis not indi-
catedin thetreesreturnedby Collins’ parser, andcanthere-
fore not be evaluated. Mistaking a complementdaughter
for an adjunctor vice versahasa muchgreatereffect on
the labelledscoresfor CCGthanfor PennTreebankparse

trees. In Collins’ parser, the complement-adjunctdistinc-
tion is only expressedin the labelof theparticularnodein
question.However, in CCG this canaffect the entiretree
below the parent– both the subtreeunderneaththe head
daughterandthe subtreeunderneaththe non-headdaugh-
ter.

In addition,Collins performsthefollowing preprocess-
ing stepson theoutputof hisparserandtheGoldstandard:
all POS tagsare replacedby a single token “TAG”. All
complementmarkingson theparentandheadnodearere-
moved,so thatoneattachmentdecisionmadehigherup in
the treedoesnot affect the evaluationof its daughter. We
cannotreadily performthe samepreprocessingsteps: the
choiceof lexical categoriescan affect the tree at several
levels,not justat theleafnodes;furthermore,complement-
adjunctdistinctionsarealsoencodedin all intermediatecat-
egories,not just a constituent’smaximalprojection.

5.3. Dependencyevaluation 2

Oneof theadvantagesof adependency-styleevaluation
is thatthescorescanbebrokendown by relation,asshown
in Table4,whichgivesscoresfor someof themostfrequent
types.1 Thetablealsogivessomeindicationof thekindsof
relationsusedin theevaluation.

The relationsaredefinedin termsof CCG categories,
whichraisesthequestionof how thesecomparewith amore
genericsetsuchasthatproposedby Carroll et al. (1998).
Firstnotethattherearemany morerelationsin ourscheme:
around700in total comparedwith 20 for Carroll et al. We
havesomany relationsbecauseeachargumentslot in each
category (of which thereare398)encodesa separaterela-
tion.

Clearly thereis roomfor generalisationin our scheme.
For example, Carroll et al. have one relation for sub-
jects, whereaswe have a different relation for eachcat-
egory type encodinga subject. Examplesof two cate-
gories encodingsubjectrelationsare ý5õmö ÷døkù ú<�´û�ü

1
���´û�ü 2 �

and ý5õmö�=0ú��»û�ü
1
���»û�ü 2 � . In future work we will investigate

mappingour relationsontoCarroll et al.’s.
One potentialweaknessof our evaluation(which fol-

lows from encodingall argumentslotsasrelations)is that
somerelationsareeffectively countedmorethanonce.For

1#ref is the numberof dependencieswith the given relation
type in the gold standard;#test is the number of dependen-
cieswith the given relationtype producedby the parser;LP/LR
are labelled precision/recall; and the F-score is calculatedas
(2*LP*LR)/(LP+LR).
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Rqü�S�b�S�õ"T #ref #test LP% LR%R�û�ü�SNû�ücS	û�ü��´û
ü�T 3,765 3,626 75.2 72.4R�bed'fhg T 2371 2367 94.5 94.4R�û�ü�SNû�ücS	û�ü�ö øH>!C�i�úET 935 1,075 61.3 70.5R5õmö ÷Åø²ù ú��»û�üYS�õmö ÷Åø²ù ú��»û�ü�SNý�õ!�»û�ü����»ý�õ!�»û�ü��3T 914 905 60.9 60.3R5õmö ÷Åø²ù ú��»û�üYS	ý5õmö ÷døkù ú<�´û�ü����»û�ücS	û�ü�T 880 858 86.7 84.6R5õmö������qú��»û�ücS�õmö������qú��»û�ü�SNý5õ"�»û�ü����»ý�õ!�»û�ü��3T 442 470 70.6 75.1

Table3: Somedependency relationsin evaluation1

Functor Slot Categorydescription LP % # test LR % # ref F-score� X *�� X,1 1 nominalmodifier 94j 4 7 W 856 93j 2 7 W 955 93.8��
 X *�� X,1 1 determiner 96j 7 4 W 548 96j 4 4 W 566 96.5%+��
 X �	��
 X,1 (+*���
 2 2 np modifyingpreposition 82j 1 2 W 659 81j 2 2 W 690 81.6%+��
 X �	��
 X,1 (+*�� P2 1 np modifyingpreposition 76j 0 2 W 449 76j 2 2 W 443 76.1%ðþ X �	��
 Y (+��%ðþ X,1 ����
 Y (+*���
 2 2 vpmodifyingpreposition 68j 7 1 W 327 66j 1 1 W 379 67.4%ðþ X �	��
 Y (+��%ðþ X,1 ����
 Y (+*���
 2 1 vpmodifyingpreposition 66j 2 1 W 247 65j 0 1 W 271 65.6%ðþuÿ ���.� ���	��
 1 (+*���
 2 ( 1 transitiveverb 83j 2 885 82j 0 898 82.6%ðþuÿ ���.� ���	��
 1 (+*���
 2 ( 2 transitiveverb 80j 3 885 78j 4 907 79.3%ðþ X �	��
 Y (+��%ðþ X,1 ����
 Y ( 1 adverbialmodifier 81j 5 961 82j 2 953 81.8%+
�

*	��
 1 ( 1 prepositioncomplement 61j 5 993 75j 7 807 67.9%ðþuÿ]kF������
 1 (+*���
 2 ( 2 infinitival transitiveverb 86j 6 719 85j 2 731 85.9%ðþuÿ ���.� ���	��
 X,1 (+*	%<þ�ÿ kF� 2 �	��
 X ( 2 auxiliary 97j 6 631 98j 6 625 98.1%ðþuÿ ���.� ���	��
 X,1 (+*	%<þ�ÿ kF� 2 �	��
 X ( 1 auxiliary 92j 2 638 95j 0 619 93.6%ðþuÿ]kF������
 1 (+*���
 2 1 infinitival transitiveverb 80j 6 566 83j 1 549 81.8%+��
 X *	� X,1 (+����
 2 1 s genitive 96j 6 472 95j 2 479 95.9%+��
 X *	� X,1 (+����
 2 2 s genitive 92j 5 482 95j 3 468 93.9%ðþuÿ ���.� ���	��
 1 (+*�þ�ÿ ����� � 2 1 sententialcomplementverb 93j 0 431 95j 5 420 94.2%+��
 X �	��
 X,1 (+*�%ðþuÿ ���.� � 2 ����
 X ( 1 subjectrelativepronoun 71j 9 295 72j 6 292 72.2%+��
 X �	��
 X,1 (+*�%ðþuÿ ���.� � 2 ����
 X ( 2 subjectrelativepronoun 94j 5 289 95j 5 286 95.0

Table4: Resultsfor dependency evaluation2 by relation;only asubsetof therelationsareshown

example,in thesentenceJohnhasbeeneatingbeans, John
is evaluatedasa subjectthreetimes: asthesubjectof has,
beenandeating. But if the subjectof eating is correctin
this example,thenthe subjectsof the auxiliary verbswill
becorrectaswell.

We wouldalsolike to makea distinctionbetweenargu-
mentsthathave beenextractedfrom a predicate,andthose
thatare“in situ”. Currentlythedirectobjectof a verb,for
example,is thesamerelationwhetherit hasbeenextracted
or not. It wouldbeusefulto at leasthavetheoptionto make
thisdistinction.

5.4. Comparing the dependencyevaluations

The dependenciesexpressedin dependency evaluation
1 arenot simply a subsetof the relationsusedin the sec-
onddependency evaluation.Whentherelationsarebroken
down individually, this leadsto aninterestingcomparison.

In dependency evaluation 2, it is possible to deter-
minehow well nominalprepositionshave beenrecovered,
whereasin dependency evaluation1, we canonly evaluate
how well NP postmodifiershavebeenrecovered.

In contrast to dependency evaluation 2, dependency
evaluation1 includesa separaterelationfor the headof a
sentenceR�bed'fhg T (assuminga single headfor eachsen-
tence,includingcoordinatestructures).

In dependency evaluation1, it canbeseenfor eachtype
of constituentwhethercoordinationis recoveredproperly,

e.g. RNû�ücS	û
ü�SNû�üDö ø.>)C�i5ú<T . In dependency evaluation2, co-
ordinationrelationsarenot representedexplicitly.

Some relations in dependency evaluation 1
(like the direct object of transitive declaratives,R�õmö ÷Åø²ù ú��»û�ücSNý5õ;ö ÷Åø²ù ú��»û�ü����»û�ücSNû�ü�T ) seemto bethesameas
in evaluation2. However, in dependency evaluation1 only
non-extractedcasesaretakeninto account.

6. Conclusion
We have presentedthree evaluations for a wide-

coverageCCG parser. Of these,Parseval seemsthe least
appropriate,especiallyif a comparisonis to bemadewith
existing PennTreebankparsers.In an attemptto compare
with the Collins parser, we adopteda dependency evalu-
ation in which dependenciesare definedin terms of lo-
cal trees;however, thedifferentlabellingusedin theCCG
derivation tree comparedto the PennTreebankmadethe
comparisonof labelled dependenciesproblematic. The
comparisonof unlabelleddependencieswas more appro-
priate,however.

Oneof thefeaturesof CCGis its analysisof long-range
dependencies.In anattemptto incorporatesuchdependen-
ciesinto theevaluation,we proposeda seconddependency
evaluation,in whichthedependency relationsaredefinedin
termsof theCCGcategories. This is closerto evaluations
basedon grammaticalrelations,althoughif a comparison
is to bemadewith parsersusingsuchanevaluation,amap-
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pingis requiredbetweentheCCGdependenciesandtheset
of grammaticalrelations.
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Abstract
This paperreportson theuseof two distinctevaluationmetricsfor assessinga stochasticparsingmodelconsistingof a broad-coverage
Lexical-FunctionalGrammar(LFG), an efficient constraint-basedparseranda stochasticdisambiguationmodel.The first evaluation
metricmeasuresmatchesof predicate-argumentrelationsin LFG f-structures(henceforththeLFG annotationscheme)to agoldstandard
of manuallyannotatedf-structuresfor a subsetof the UPennWall StreetJournaltreebank.The othermetric mapspredicate-argument
relationsin LFG f-structuresto dependency relations(henceforthDR annotations)asproposedby Carrolletal. (Carrolletal.,1999).For
evaluation,theserelationsarematchedagainstCarroll et al.’s gold standardwhich wasmanuallyannnotatedon a subsetof theBrown
corpus.TheparserplusstochasticdisambiguatorgivesanF-measureof 79%(LFG) or 73%(DR) on theWSJtestset.This shows that
thetwo evaluationschemesaresimilar in spirit, althoughaccuracy is impairedsystematicallyby mappingoneannotationschemeto the
other. A systematiclossof accuracy is incurredalsoby corpusvariation:TrainingthestochasticdisambiguationmodelonWSJdataand
testingon Carroll et al.’s Brown corpusdatayieldsan F-scoreof 74% (DR) for dependency-relationmatch.A variantof this measure
comparableto themeasurereportedby Carroll etal. yieldsanF-measureof 76%.Weexaminedivergencesbetweenannotationschemes
aimingat a futureimprovementof methodsfor assessingparserquality.

1. Intr oduction

Recentyearshave seenincreasedinterest in parsing
systemsthat capturepredicate-argumentrelationsinstead
of mere phrase-structurerepresentations.In aiming for
this goal, considerableprogresshasbeenmadeby com-
bining systemsof hand-coded,linguistically fine-grained
grammarswith robustnesstechniquesand stochasticdis-
ambiguationmodels.However, it can reasonablybe ar-
guedthat the standardevaluationprocedurefor stochastic
parsing—precisionand recall of matchinglabeledbrack-
eting to section 23 of the UPenn Wall Street Journal
(WSJ) treebank(Marcuset al., 1994)—isnot appropriate
for assessingthequality of parserson matchingpredicate-
argument relations. A new standardfor evaluation on
predicate-argumentrelationsandfor annotatingagoldstan-
dardis needed.

In this paper we presenta stochasticparsingmodel
consistingof a broad-coverageLexical-FunctionalGram-
mar (LFG), a constraint-basedparseranda stochasticdis-
ambiguationmodel, and discussthe evaluation of this
systemon two distinct evaluation metrics for assessing
the quality of the stochasticparsingmodel on matching
predicate-argumentrelations.The first evaluation metric
measuresmatchesof predicate-argumentrelationsin LFG
f-structures(henceforththe LFG annotationscheme)to a
gold standardof manuallyannotatedf-structuresfor a rep-
resentative subsetof the WSJ treebank.The evaluation
measurecountsthenumberof predicate-argumentrelations
in the f-structureof the parseselectedby the stochastic
modelthatmatchthosein thegold standardannotation.

The other metric we employed maps predicate-
argumentrelationsin LFG f-structuresto the dependency
relations(henceforththeDR annotationscheme)proposed
by Carroll et al. (Carroll et al., 1999).Evaluationwith this
metricmeasuresthematchesof theserelationsto Carroll et
al.’sgoldstandardcorpus.

Our parserplus stochasticdisambiguatorgives an F-
measureof 79% (LFG) or 73% (DR) on the WSJ test
set, showing that the two evaluationschemesare similar
in spirit. However, accuracy is systematicallyimpairedby
mappingoneannotationschemeto theother. A systematic
lossof accuracy is incurredalsoby corpusvariation:Train-
ing the stochasticdisambiguationmodelon WSJdataand
testingon Carroll et al.’s Brown corpusdatagivesa DR F-
measureof 74% for matchingdependency relations.For a
directcomparisonof ourresultswith Carrolletal.’ssystem,
we alsocomputedan F-measurethat doesnot distinguish
differenttypesof dependency relations.Underthismeasure
weobtain76%F-measure.

Onegoal of this paperis to highlight possiblepitfalls
anderror sourcesin translatingbetweendifferentannota-
tion schemesand gold standards.We believe that a thor-
ough investigationof divergencesin annotationschemes
will facilitateafuturestandardfor predicate-argumenteval-
uationandannotation.

Thispaperis organizedasfollows.After introducingthe
grammarandparserusedin this experiment,we describe
in section2. the robustnesstechniquesemployed to reach
100%grammarcoverageon unseenWSJtext (in thesense
of theproportionof sentencesfor which at leastoneanal-
ysis is found). Furthermore,we give in section3. a short
accountof the stochasticmodel usedfor disambiguating
LFG parses.Experimentson evaluatingthecombinedsys-
temof parserandstochasticdisambiguatoron thetwo dis-
tinct evaluationmeasuresandcorporaaredescribedin sec-
tion 4.

2. Robust Parsing usingLFG
2.1. A Broad-CoverageLexical-Functional Grammar

Thegrammarusedfor this projecthasbeendeveloped
in the ParGramproject(Butt et al., 1999).It usesLFG as
a formalism,producingc(onstituent)-structures(trees)and
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f(unctional)-structures(attributevaluematrices)asoutput.
Thec-structuresencodeconstituency. Eachc-structurehas
at leastonecorrespondingf-structure.F-structuresencode
predicate-argumentrelationsandothergrammaticalinfor-
mation,e.g.,number, tense.TheXLE parser(Maxwell and
Kaplan,1993)wasusedto producepackedrepresentations,
specifyingall possiblegrammaranalysesof theinput.

The grammarhas 314 rules with regular expression
right-handsideswhich compileinto a collectionof finite-
statemachineswith a total of 8,759statesand19,695arcs.
The grammarusesseveral lexiconsandtwo guessers:one
guesserfor words recognizedby the morphologicalana-
lyzerbut not in theotherlexiconsandonefor thosenot rec-
ognized.As such,mostcommonandpropernouns,adjec-
tives,andadverbshave no explicit lexical entry. Themain
verblexicon contains9,652verbstemsand23,525subcat-
egorizationframe-verbstementries;therearealsolexicons
for adjectivesandnounswith subcategorizationframesand
for closedclassitemssuchasprepositions.

For estimationandtestingpurposesusingtheWSJtree-
bank, the grammarwas modified to parsepart of speech
tagsandlabeledbracketing.A strippeddown versionof the
WSJtreebankwascreatedthat usedonly thosePOStags
andlabeledbracketsrelevant andreliablefor determining
grammaticalrelations.TheWSJlabelsaregivenentriesin
a specialLFG lexicon,andtheseentriesconstrainboththe
c-structureandthef-structureof theparse.For example,the
WSJ’sADJP-PRDlabelmustcorrespondto anAP in thec-
structureandanXCOMP in thef-structure.In thisversionof
thecorpus,all WSJlabelswith -SBJareretainedandarere-
strictedto phrasescorrespondingto SUBJ in theLFG gram-
mar; in addition,it containsNP underVP (OBJ andOBJth
in the LFG grammar),all -LGS tags(OBL-AG), all -PRD
tags(XCOMP), VP underVP (XCOMP), SBAR- (COMP),
and verb POStagsunderVP (V in the c-structure).For
example,our labeledbracketing versionof wsj 1305.mrg
is [NP-SBJHis credibility] is/VBZ also [PP-PRD on the
line] in theinvestmentcommunity.

Somemismatchesbetweenthe WSJ labeledbracket-
ing andtheLFG grammarremain.Theseoftenarisewhen
a given constituentfills a grammaticalrole in more than
oneclause,usuallywhenit is a SUBJ or OBJ in oneclause
andalso the SUBJ of an XCOMP complement.For exam-
ple, in wsj 1303.mrg Japan’sDaiwa SecuritiesCo.named
Masahiro Dozen president., the noun phraseMasahiro
Dozenis labeledasan NP-SBJ,presumablybecauseit is
the subjectof a small clausecomplement.However, the
LFG grammartreatsit alsoastheOBJ of thematrix clause.
As a result,the labeledbracketedversionof this sentence
doesnot receive a full parse,even thoughthe LFG out-
put from parsingits unlabeled,string-only counterpartis
well-formed. Someother bracketing mismatchesremain
betweenthisstrippeddownWSJcorpusandtheLFG gram-
mar;theseareusuallytheresultof adjunctattachment.Such
mismatchesoccurin partbecause,besidesminormodifica-
tionsto matchthebracketingfor specialconstructions,e.g.,
negatedinfinitives,the grammarwasnot alteredto mirror
theWSJbracketing.

2.2. RobustnessTechniques

To increaserobustness,thestandardgrammarhasbeen
augmentedwith a FRAGMENT grammar. This grammar
parsesthesentenceaswell-formedchunksspecifiedby the
grammar, in particular as Ss, NPs, PPs,and VPs. These
chunkshave bothc-structuresandf-structurescorrespond-
ing to them,justasin thestandardgrammar. Any substring
thatcannotbeparsedasoneof thesechunksis parsedasa
TOKEN chunk.TheTOKENsarealsorecordedin thec- and
f-structures.The grammarhasa fewest-chunkmethodfor
determiningthecorrectparse.For example,if a stringcan
beparsedastwo NPsanda VP or asoneNP andanS, the
NP-Soptionis chosen.

A final capability of XLE that increasescoverageof
thestandardplus fragmentgrammaron theWSJcorpusis
a SKIMMING technique.Skimming is usedto avoid time-
outsandmemoryproblemswhenparsingunusuallydiffi-
cult sentencesin the corpus.Whenthe amountof time or
memoryspenton a sentenceexceedsa threshhold,XLE
goesinto skimmingmodefor the constituentswhosepro-
cessinghasnot beencompleted.When XLE skims these
remainingconstituents,it doesa boundedamountof work
per subtree.This guaranteesthat XLE finishesprocessing
a sentencein a polynomial amountof time, althoughit
doesnot necessarilyreturnthecompletesetof analyses.In
parsingsection23, 7.2%of the sentenceswereskimmed;
26.1% of the skimmedsentencesresultedin full parses,
while 73.9%werefragmentparses.

Thefinal grammarcoverageachieved100%of section
23 as unseenunlabeleddata: 74.7% of those were full
parses,25.3%FRAGMENT and/orSKIMMED parses.

3. Discriminati veStatistical Estimation
fr om Partially LabeledData

3.1. Exponential Probability Modelson LFG Parses

Theprobabilitymodelwe employedfor stochasticdis-
ambiguationis thewell-known family of exponentialmod-
els. Thesemodelshave alreadybeenappliedsuccessfully
for disambiguationof variousconstraint-basedgrammars
(LFG (Johnsonet al., 1999),HPSG(Boumaet al., 2000),
DCG(Osborne,2000)).

In this paperwe areconcernedwith conditionalexpo-
nentialmodelsof theform:o"p�q<r�s t)uwvyxzp�q<t)u5{Q|F} p"~ �'�8���
where � q�t
u is the set of parses for sentence t ,x p q�t
u�v�� �	�I���8�.� } p"~ �)�8��� is a normalizingconstant,� vqJ� |	�.���.��� �"�)u���� � � is a vector of log-parameters,� vqJ� |����.�.��� ���)u is a vectorof property-functions���z�,����� �
for � v�� �.���.����  on thesetof parses� , and �¢¡�� q<rZu is the
vectordotproduct � ���£ | �"�+����q�rZu .

In our experiments,we employed around1000 com-
plex property-functionscomprisinginformation about c-
structure,f-structure,andlexical elementsin parses,similar
to the propertiesusedin Johnsonet al. (1999).For exam-
ple,therearepropertyfunctionsfor c-structurenodesandc-
structuresubtrees,indicatingattachmentpreferences.High
versuslow attachmentis indicatedby property functions
counting the number of recursively embeddedphrases.
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Otherpropertyfunctionsaredesignedto referto f-structure
attributes,correspondingto grammaticalfunctionsin LFG,
or to atomicattribute-valuepairsin f-structures.Morecom-
plex property functions are designedto indicate, for ex-
ample, the branchingbehaviour of c-structuresand the
(non)-parallelismof coordinationson bothc-structureand
f-structurelevels. Furthermore,propertiesrefering to lex-
ical elementsbasedon an auxiliary distribution approach
as presentedin Riezler et al. (2000) are included in the
model. Here tuplesof headwords, argumentwords, and
grammaticalrelationsareextractedfrom the training sec-
tions of the WSJ,and fed into a finite mixture model for
clusteringgrammaticalrelations.The clusteringmodel it-
self is thenusedto yield smoothedprobabilitiesasvalues
for propertyfunctionson head-argument-relationtuplesof
LFG parses.

3.2. Discriminati veEstimation

Discriminative estimationtechniqueshave recentlyre-
ceived great attentionin the statisticalmachinelearning
community and have already been applied to statistical
parsing(Johnsonet al., 1999; Collins, 2000; Collins and
Duffy, 2001).In discriminative estimation,only thecondi-
tional relationof an analysisgiven an exampleis consid-
eredrelevant,whereasin maximumlikelihoodestimation
thejoint probabilityof thetrainingdatato bestdescribeob-
servationsis maximized.Sincethediscriminativetaskis di-
rectlykeptin mindduringestimation,discriminativemeth-
odscanyield improvedperformance.In our case,discrim-
inative criteria cannotbe defineddirectly with respectto
“correctlabels”or “gold standard”parsessincetheWSJan-
notationsarenot sufficient to disambiguatethemorecom-
plex LFG parses.However, insteadof retreatingto unsu-
pervisedestimationtechniquesor creatingsmallLFG tree-
banksby hand,we usethe labeledbracketing of the WSJ
training sectionsto guide discriminative estimation.That
is, discriminativecriteriaaredefinedwith respectto theset
of parsesconsistentwith theWSJannotations1.

The objective function in our approach,denotedby¤ q � u , is thejoint of thenegativelog-likelihood ¥h¦ q � u and
a Gaussianregularizationterm ¥h§ q � u on the parameters� . Let ¨ q�t�© ��ª ©�u5«�¬© £ | bea setof trainingdata,consistingof
pairsof sentencest andpartial annotationsª , let � q<t ��ª u
be the setof parsesfor sentencet consistentwith annota-
tion ª , and � q�t)u be the setof all parsesproducedby the
grammarfor sentencet . Furthermore,let oc­ �"® denotethe
expectationof function � underdistribution o . Then

¤ q � u
canbedefinedfor aconditionalexponentialmodelo p q ª s t)u
as:¤ q � u¯v ¥h¦ q � u ¥°§ q � u

1An earlierapproachusingpartiallylabeleddatafor estimating
stochasticsparsersis PereiraandSchabes(1992)work ontraining
PCFGfrom partially bracketeddata.Their approachdiffers from
theoneweuseherein thatPereiraandSchabestakeanEM-based
approachmaximizingthejoint likelihoodof theparsesandstrings
of their training data,while we maximizethe conditionallikeli-
hood of the setsof parsesgiven the correspondingstringsin a
discriminative estimationsetting.

v ¥²±�³I´ ¬µ© £ | o p q ª © s t © uQ¶
�· �8£ | �!¸�¹Iº ¸�

v ¥ ¬·© £ | ±8³L´
� ���8��»F¼ ½�»3� } p"~ �
�8���� ���8� » � } p"~ �
�8��� ¶ �· ��£ | �"¸�¹	º ¸�

v ¥ ¬·© £ | ±8³L´ ·���8��»5¼ ½3»�� } p"~ �
�8���
¶ ¬·© £ | ±8³L´ ·���8� » � } p!~ �
�8��� ¶

�· ��£ | �"¸�¹	º ¸� �
Intuitively, the goal of estimationis to find modelparam-
eterswhich make thetwo expectationsin the lastequation
equal,i.e. which adjustthemodelparametersto put all the
weighton theparsesconsistentwith thepartialannotation,
moduloapenaltytermfrom theGaussianprior for toolarge
or too smallweights.

Sincea closedform solutionfor suchparametersis not
available,numericaloptimizationmethodshaveto beused.
In our experiments,we adapteda conjugategradientrou-
tine to our task(seePress(1992)),yielding a fastconverg-
ing optimizationalgorithmwhereat eachiterationtheneg-
ative log-likelihood

¤ q � u andthe gradientvectorhave to
beevaluated.2. For our taskthegradienttakestheform:¾¿¤ q � u vÁÀÃÂ ¤ q � uÂ � | � Â ¤ q � uÂ � ¸ �.���.�Q� Â ¤ q � uÂ �!�ÅÄ , and

Â ¤ q � uÂ �"� v ¥ ¬·© £ | q ·�I�I���8� » ¼ ½ » � } p!~ �
�8��� ����q�rZu� �	�I���8� » ¼ ½ » � } p"~ �
�8���
¥ ·�I�I�Æ��� » � } p"~ �
�8��� � � q�rZu� �	�I���8� » � } p"~ �'�8��� uY¶ � �º ¸� �

The derivativesin the gradientvectorintuitively areagain
justa differenceof two expectations

¥ ¬·© £ | o p ­ ����s t © ��ª © ®'¶
¬·© £ | o p ­ ���5s t © ®)¶ � �º ¸� �

Notealsothat this expressionsharesmany commonterms
with thelikelihoodfunction,suggestinganefficient imple-
mentationof theoptimizationroutine.

4. Experimental Evaluation
Training: The basictraining datafor our experiments

are sections02-21 of the WSJ treebank.As a first step,
all sectionswereparsed,andthe packed parseforestsun-
packedandstored.For discriminative estimation,this data
set was restrictedto sentenceswhich receive a full parse
(in contrastto a FRAGMENT or SKIMMED parse)for both
its partially labeledandits unlabeledvariant.Furthermore,
only sentenceswhich received at most1,000parseswere

2An alternative numericalmethodwould bea combinationof
iterative scalingtechniqueswith a conditionalEM algorithm(Je-
baraandPentland,1998)However, it hasbeenshown experimen-
tally that conjugategradienttechniquescanoutperformiterative
scalingtechniquesby far in runningtime (Minka, 2001).
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taken underconsideration.From this set, sentencesfrom
which a discriminative learner cannotpossibly take ad-
vantage,i.e. sentenceswherethe setof parsesassignedto
the partially labeledstring wasnot a propersubsetof the
parsesassignedtheunlabeledstring,wereremoved.These
successive selectionstepsresultedin a final training set
consistingof 10,000 sentenceeachwith parsesfor par-
tially labeledandunlabeledversions.Altogethertherewere
150,000parsesfor partially labeledinput and500,000for
unlabeledinput.

For estimation,a simple propertyselectionprocedure
wasappliedto the full setof around1000properties.This
procedureis basedon a frequency cutoff on instantiations
of propertiesfor theparsesin the labeledtrainingset.The
resultof this procedureis a reductionof the propertyvec-
tor to abouthalf of its size.Furthermore,aheld-outdataset
wascreatedfrom section24 of the WSJtreebankfor ex-
perimentalselectionof thevarianceparameterof theprior
distribution. This set consistsof 150 sentenceswhich re-
ceivedonly full parses,outof which themostplausibleone
wasselectedby manualinspection.

Testing: Two differentsetsof testdatawereused:(i)
700 sentencesrandomlyextractedfrom section23 of the
WSJtreebankandgiven gold-standardf-structureannota-
tionsaccordingto our LFG scheme,and(ii) 500sentences
from theBrown corpusgivengold standardannotationsby
Carrolletal. (1999)accordingto theirdependency relations
(DR) scheme3. Both the LFG andDR annotationschemes
arediscussedin moredetail below, as is a mappingfrom
LFG f-structuresto DR annotations.

Gold standardannotationof theWSJtestsetwasboot-
strappedby parsingthetestsentencesusingtheLFG gram-
marandalsocheckingfor consistency with thePennTree-
bank annotation.Starting from the (sometimesfragmen-
tary) parseranalysesand the Treebankannotations,gold
standardparseswerecreatedby manualcorrectionsandex-
tensionsof theLFG parses.Manualcorrectionswerenec-
essaryin abouthalf of thecases.

Performanceon the LFG-annotatedWSJ test set was
measuredusingboth the LFG andDR metrics,thanksto
the LFG-to-DR annotationmapping.Performanceon the
DR-annotatedBrown testsetwasonly measuredusingthe
DR metric, owing to the absenceof an inversemapfrom
DR to LFG annotations.

Results:In ourevaluationwereportF-measuresfor the
respective typesof annotation,LFG or DR, and for three
typesof parseselection,(i) lower bound: randomchoice
of a parsefrom the setof analyses,(ii) upper bound: se-
lection of the parsewith the bestF-measureaccordingto
the annotationschemeused,and(iii) stochastic: the parse
selectedby thestochasticdisambiguator. Theerror reduc-
tion row lists the reductionin error raterelative to the up-
per and lower boundsobtainedby the stochasticdisam-
biguationmodel.F-measuresis definedas

¹ÆÇ o!È�}�É �3Ê��+Ë   ÇÈ�}�ÉHÌ'Í�ÍJÎ)q�o"È�}�É �3Ê��;Ë   ¶ÏÈ�}�ÉHÌ'Í^Í^u .
3Both corpora are available online. The WSJ f-structure

bank at www.parc.com/istl/groups/nltt/fsbank/ ,
andCarroll etal.’scorpusat www.cogs.susx.ac.uk/
lab/nlp/carroll/greval.html .

Table 1 gives resultsfor 700 examplesrandomly se-
lectedfromsection23of theWSJtreebank,usingbothLFG
andDR measures.Theeffectof thequalityof theparseson

Table1:Disambiguationresultsfor 700examplesrandomly
selectedfrom section23 of the WSJtreebankusingLFG
andDR measures.

LFG DR
upperbound 84.7 80.7
stochastic 78.7 72.9

lowerbound 75.0 68.8

errorreduction 38 35

disambiguationperformancecan be illustratedby break-
ing down the F-measuresaccordingto whetherthe parser
yields full parsesor FRAGMENT or SKIMMED parsesor
both for the testsentences.The percentagesof testexam-
pleswhich belongto the respective classesof quality are
listed in thefirst row of Table2. F-measuresbrokendown
accordingto classesof parsequality are recordedin the
following rows.Thefirst columnshows F-measuresfor all
parsesin thetestset,asin Table1, thesecondcolumnshows
best F-measureswhen restricting attention to examples
which receiveonly full parses.Thethird columnreportsF-
measursfor exampleswhich receive only non-full parses,
i.e., FRAGMENT or SKIMMED parsesor SKIMMED FRAG-
MENT parses.Columns4–6breakdown non-full parsesac-
cordingto exampleswhich receive only FRAGMENT, only
SKIMMED, or only SKIMMED FRAGMENT parses.Since
mostresultsonpredicate-argumentmatchinghavebeenre-
portedfor length-restrictedtestsets(20–30words),wealso
providefor comparisonresultsfor asubsetof 500sentences
in our samplewhich hadlessthan25 words.Theseresults
arereportedin Table3.

Table3: Disambiguationresultson500examplesrestricted
to Ð 25 words randomlyselectedfrom section23 of the
WSJtreebankusingLFG andDR measures.

LFG DR
upperbound 88.0 85.4
stochastic 82.8 77.5

lowerbound 78.0 72.6

errorreduction 42 38

Resultsof the evaluationon Carroll et al.’s Brown test
setaregivenin Tables4 and5. Table4 presentsananalysis
of evaluationresultsaccordingto parse-qualityfor theDR
measureappliedto the Brown corpustest set. In Table 5
weshow theDR measurealongwith anevaluationmeasure
which facilitatesadirectcomparisonof our resultsto those
of Carroll et al. (1999).Following Carroll et al. (1999)we
counta depedency relationascorrectif the gold standard
hasa relation with the samegovernorand dependentbut
perhapswith a different relation-type.This dependency-
only (DO) measurethus doesnot reflect mismatchesbe-
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Table2: LFG F-measuresbrokendown accordingto parsequality for the700WSJtestexamples.

all full non-full fragments skimmed skimmedfragments
% of testset 100 74.7 25.3 20.4 1.4 3.4
upperbound 84.7 91.3 69.8 72.0 73.1 60.5
stochastic 78.8 84.6 65.2 67.4 67.8 55.9

lowerbound 75.0 80.1 63.9 65.9 66.2 55.3

Table4: DR F-measuresbrokendown accordingto parsequality for the500Brown testexamples.

all full non-full fragments skimmed skimmedfragments
% of testset 100 79.6 20.4 20.0 2.0 1.6
upperbound 79.6 84.0 65.2 65.2 55.5 52.9
stochastic 73.7 77.6 61.1 61.0 52.3 49.4

lowerbound 70.8 74.4 58.8 58.7 50.8 48.3

tweenargumentsandmodifiersin asmallnumberof cases.

Table5: Disambiguationresultson 500Brown corpusex-
amplesusingDO measureandDR measures.

DO DR
upperbound 81.6 79.6
stochastic 75.8 73.7

lowerbound 72.9 70.8

errorreduction 33 34

5. Comparison of Evaluation Metrics
Tables1 and3 point to systematicallylower F-scores

undertheDR measurethanundertheLFG measure,though
bothindicatesimilar reductionsin errorratedueto stochas-
tic disambiguation.

5.1. LFG Evaluation Metric

The LFG evaluationmetric is basedon the compari-
son of ‘preds-only’ f-structures.A preds-onlyf-structure
is a subsetof a full f-structurethat strips out grammat-
ical attributes (e.g. tense,case,number)that are not di-
rectly relevant to predicate-argumentstructure.More pre-
cisely, a preds-onlyf-structureremovesall pathsthrough
thef-structurethatdo not endin a PRED attribute.Figures
1 and2 illustratethedifferencebetweenthefull andpreds-
only f-structuresfor oneparseof thesentenceMeridianwill
paya premiumof $30.5million to assumea depositof $2
billion. As this exampleshows, the preds-onlyf-structure
lackssomesemanticallyimportantinformationpresentin
the full f-structure,e.g. the marking of future tense,the
markingof apurposeclause,andtheattributeshowing that
a depositis anindefinite.

Figure2 alsoshows the setof individual featurespec-
ifications that define the preds-onlyf-structure.The first
property indicatesthat the f-structuredenotedby n0 has
thesemanticform sf(pay,i15,[n5,n3],[])) asthe

valueof its PRED attribute.pay is thepredicate,i15 is a
lexical id, [n5,n3] a list of f-structurenodesservingas
thematicarguments,and[] an(empty)list of non-thematic
arguments.Thegrammaticalrolesassociatedwith thematic
and non-thematicargumentsare identified by the corre-
spondingsubj , obj , etc.,predicates.In this experiment,
we measuredprecisionandrecallby matchingat thegran-
ularity of theseindividual features.

Thematchingalgorithmattemptsto find themaximum
numberof featuresthatcanbematchedbetweentwo struc-
tures.It proceedsin a stratifiedmanner, first maximizing
the matchesbetweenattributeslike pred , adjunct and
in set , andthenmaximizingthematchesof any remain-
ing attributes.

5.2. Comparisonwith DR Metric

As abrief review (seeCarroll et al. (1999)for morede-
tail), theDR annotationfor ourexamplesentence(obtained
via themappingdescribedbelow) is

(aux paywill) (subjpayMeridian )
(detmod premiuma) (mod million 30.5)
(mod $ million) (modof premium$)
(dobj paypremium ) (mod billion 2)
(mod $ billion) (modin $ deposit)
(dobj assume$ ) (modto payassume)

Someobviouspointsof comparisonwith thef-structure
featuresare:(i) TheDR annotationencodessomeinforma-
tion,e.g.the‘detmod’relation,thatis notencodedin preds-
only f-structures(thoughit is encodedin full f-structures).
(ii) Dif ferentoccurrencesof the sameword (e.g. “$”) are
distinguishedvia differentlexical ids in theLFG represen-
tationbut notin theDR annotationssothatcorrectlymatch-
ing DR relationscanbeproblematic.(iii) TheDR annota-
tionhas12relationsinsteadof the34feature-specifications.
This is becausea givenpredicate-argumentrelationin the
f-structureis broken down into several different feature-
specifications.For example,theDR ‘mod’ relationinvolves
an f-structurepaththroughan ADJUNCT, IN SET andtwo
PRED attributes;theDR ‘subj’ relationis a combinationof
anf-structurePRED andSUBJ attribute.ThustheLFG met-
ric is more sensitive to fine-grainedaspectsof predicate-
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"Meridian will pay a premium of $ 30.5 million to assume $ 2 billion in deposits."

’ pay<[454:Meridian] , [11:premium] >’PRED

’ assume<[23−SUBJ:pro] , [30:$] >’PRED

’ $’PRED

’ in <[40:deposit] >’PRED

’ deposit ’PRED

countGRAINNTYPE

CASE acc , NUM pl , PCASE in , PERS 340

OBJ

ADJUNCT−TYPE nominal , PSEM locative , PTYPE sem37

ADJUNCT

+CURRENCYNTYPE

’ billion ’PRED

’ 2’PRED
NUM pl , NUMBER−FORM digit , NUMBER−TYPE card33

ADJUNCT
Ñ
NUM pl , NUMBER−FORM number, NUMBER−TYPE card35

NUMBERSPEC

CASE acc , NUM pl , PERS 330

OBJ

’ pro ’PRED
nullPRON−TYPE

SUBJ

ADV−TYPE sadv−final , INF−FORM to , PASSIVE −, STMT−TYPE purpose , VTYPE main23

ADJUNCT

’ premium ’PRED

’ of <[16:$] >’PRED

’ $’PRED

+CURRENCYNTYPE

’ million ’PRED

’ 30.5 ’PRED
NUM pl , NUMBER−FORM digit , NUMBER−TYPE card19

ADJUNCT
Ñ
NUM pl , NUMBER−FORM number, NUMBER−TYPE card21

NUMBERSPEC

CASE acc , NUM pl , PCASE of , PERS 316

OBJ

ADJUNCT−TYPE
Ñ

 nominal , PSEM unspecified , PTYPE sem13

ADJUNCT
Ñ

countGRAINNTYPE

DET−FORM a_, DET−TYPE indefDET8SPEC

CASE acc , NUM sg, PERS 311

OBJ

’ Meridian
Ò

’PRED

locationPROPERNTYPE

CASE nom, NUM sg, PERS 3454

SUBJ

MOOD
Ò

 indicative , TENSE futTNS−ASP

PASSIVE −, STMT−TYPE decl , VTYPE
Ó

 main2

Figure1: Full f-structure

’ pay<[−6−SUBJ:Meridian] , [−6−OBJ:premium] >’PRED

’ assume<[−1−SUBJ:pro] , [−1−OBJ:$] >’PRED

’ $’PRED

’ in <[−2−OBJ:deposit] >’PRED

’ deposit ’PREDOBJ−2
ADJUNCT
Ô

’ billion ’PRED

’ 2’PRED−3ADJUNCT
NUMBERSPEC

OBJ

’ pro ’PREDSUBJ−1

ADJUNCT

’ premium ’PRED

’ of <[−4−OBJ:$] >’PRED

’ $’PRED

’ million ’PRED

’ 30.5 ’PRED−5ADJUNCT
NUMBERSPEC

OBJ

−4

ADJUNCT
ÔOBJ

’ Meridian ’PREDSUBJ−6

pred(n0,sf(pay,i15,[n5,n3],[])) pred(n5,sf(Meridian,il4,[],[]))
pred(n3,sf(premium,i18,[],[])) pred(n19,sf(’2’,i70,[],[]))
pred(n28,sf(’30.5’,i26,[],[])) pred(n7,sf(assume,i64,[n8,n9],[]))
pred(n8,sf(pro,i107,[],[])) pred(n9,sf($,i67,[],[]))
pred(n17,sf(billion,i71,[],[])) pred(n11,sf(in,i84,[n12],[]))
pred(n12,sf(deposit,i86,[],[])) pred(n4,sf(million,i27,[],[]))
pred(n23,sf(of,i21,[n24],[])) pred(n24,sf($,i23,[],[]))
adjunct(n0,n2) in set(n7,n2)
adjunct(n9,n14) in set(n11,n14)
adjunct(n17,n18) in set(n19,n18)
adjunct(n3,n20) in set(n23,n20)
adjunct(n4,n31) in set(n28,n31)
subj(n0,n5) subj(n7,n8)
obj(n0,n3) obj(n7,n9) obj(n11,n12) obj(n23,n24)
number(n16,n17) number(n26,n4) spec(n9,n16) spec(n24,n26)

Figure2: Preds-onlyf-structure:graphical& clausalrepresentationasproducedby XLE

argumentrelations.However, it imposesa greaterpenalty
than DR on a modifier that is misattachedto something
thatdoesnot have any othermodifiers.The LFG measure
countsbothanextra ADJUNCT featureandanextra IN SET

featureas mismatches,whereasDR only countsa single
mismatchedMOD. Conversely, LFG givesmorecredit for
gettingthe singletonattachmentscorrect.Similarly for ar-
gumentstructure.The LFG metric penalizesgettingargu-
mentswrong,countingbotha PRED anda grammaticalre-
lationmismatch,but converselygivesmorecredit if thear-
gumentstructureis exactly right.

5.3. Mapping F-structur esto DR Annotations

The DR evaluationmetric matchesthe dependency re-
lationsprovidedby theCarroll et al. gold standardwith re-
lationsdeterminedfrom informationcontainedin theLFG
representations.Thisenablesusto measuretheaccuracy of
our systemwith a separatelydefinedpredicate-argument-
orientedstandardandto compareour resultsto othersys-

temsthat may usethe samemetric (at this point, perhaps
only theCarrolletal. grammar/parser).TheDR metricalso
enablesa cross-validationassessmentof the LFG-derived
predicate-argumentmeasure.

Carroll and Briscoe provide conveniently down-
loadablefiles containingthe raw input sentencesand the
correspondingsetsof gold standarddependency relations.
We assumedit would be relatively straightforward to run
the sentencesthroughour systemandextract dependency
relationsthatcouldbecomparedto thegold standard.But
for reasonsthat rangedfrom theridiculousto thesublime,
this turnedout to be a surprisinglydifficult task.One of
thelessonslearnedfrom this experimentis thatevenat the
level of abstractdependenciesit is still veryhardto createa
standardthat doesnot incorporateunintendedframework-
specificidiosyncracies.

Onesetof problemsarosefrom the way the sentences
arerecordedin the input file. The ‘raw’ sentencesarenot
formedasthey would appearin naturaltext. They arepro-
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vided insteadas pre-tokenizedstrings, with punctuation
split off by spacesfrom surroundingwords.Thuscommas
andperiodsstandasseparatetokensand I’m andclients’
guilt show up asI ’m andclients’ guilt. This preprocessed
formatmaybehelpful for parsingsystemsthatembodythis
particularsetof tokenizingconventionsor that learn(a la
treebankgrammars)from thedataathand.But oursystem
includesa hand-writtenfinite-statetokenizerthat is tightly
integratedwith ourgrammarandlexicon,andit is designed
to operateon text that conformsto normal typographical
conventions.It provideslessaccurateguesseswhentext is
ill-formed in this way, for example,introducingan ambi-
guity asto whetherthe quotein clients ’ guilt is attached
asa genitive marker to the left or asan openquoteto the
right. Anotherpeculiarandtroublesomefeatureof theraw
text is thatsomenon-linguisticelementssuchaschemical
formulasarereplacedby themeta-symbolÐ formulÕ ; our
tokenizersplits this up at the anglebrackets and tries to
guessa meaningfor theword formul surroundedby brack-
ets.Facedwith theselow-level peculiarities,our first step
in the evaluationwasto edit the raw text asbestwe could
backinto normalEnglish.

Thegoldstandardfile presentedanothersetof relatively
low-level incompatibilitiesthat resultedin spuriousmis-
matchesthatweresomewhatharderto dealwith. First, the
input sentencesconformto Americanspellingconventions
but thehead-wordsin thegoldstandardrelationsuseBritish
spelling(neighboris codedasneighbour). Second,in the
gold standardthe head-wordsare convertedto their cita-
tion forms(e.g.”walking” in thetext appearsaswalk in the
relations).Generallythesematchthe head-wordsthat are
easilyreadfrom the LFG f-structures,but therearemany
discrepanciesthat had to be tracked down. For example,
our f-structuresdo not convert shouldto shall, asthegold
standarddoes,whereaswe do converthimselfto he(with a
reflexive feature)while thegold standardleavesit ashim-
self. We endedup creatingby trial-and-errora coercionta-
blefor thistestsetsothatwecouldproperlymatchdifferent
manifestationsof thesamehead.

The experimentrevealedsomehigher-level conceptual
issues.In LFG it is thef-structureratherthanthec-structure
that mostcloselyencodesthe propertieson which a non-
tree,dependency-orientedevaluationshouldbe based.So
we definedour taskto be the constructionof a routinefor
readingdependenciesfrom the f-structurealone.It turns
out, however, that the Carroll et al. dependenciesencode
a mixture of superficialphrase-structurepropertiesin ad-
dition to underlyingdependencies,and it proved a chal-
lengeto recreateall the information relevant to a match
from the f-structurealone.For example,our f-structures
do not representthe categories(NP, S) of the phrasesthat
correspondto the functions,but the gold standarddepen-
denciesmake tree-baseddistinctionsbetweennon-clausal
(e.g. NP) subjects,clausal(e.g. sentential)subjects,and
open-complement(VP) subjects.We avoided this kind of
discrepancy by neutralizingthesedistinctionsin the gold
standardprior to makingany comparisons.As anotherex-
ample,our EnglishgrammardecodesEnglishauxiliary se-
quencesinto featuressuchasPERFECT, PROGRESSIVE, and
PASSIVE while thegold standardprovidesa setof AUX re-

lationsthat representthe left-to-right order in which have
andbeappearedin theoriginal sentence.To obtainthe in-
tuitively correctmatches,ourmappingroutinein effecthad
to simulatea small part of an English generatorthat de-
codesour featuresinto their typical left-to-right ordering.
In at leastone casewe simply gave up—it was too hard
to figureoutunderwhichconditionstheremight havebeen
do-supportin the original string; instead,we removed the
few aux-dorelationsfrom the gold standardbeforecom-
paring.

Therewereanumberof situationswhereit wasdifficult
to determineexactly thegold standardcodingconventions
eitherfrom thedocumentationor from theexamplesin the
goldstandardfile. Someof theconfusionswereresolvedby
personalcommunicationwith Carroll andBriscoe,leading
in somecasesto thecorrectionof errorsin thestandardor
to the clarification of principles.We discoveredfor some
phenomenathat therewere simple differencesof opinion
of how arelationshouldbeannotated.Thecorpuscontains
many parentheticals,for example,whoseproperattachment
is generallydeterminedby extrasyntactic,discourse-level
considerations.Thedefault in theLFG grammaris to asso-
ciateparentheticalsat theclause-level whereastheCarroll-
Briscoegoldstandardtendsto associatethemwith thecon-
stituentimmediatelyto theleft—a constituentthatwe can-
not identify from thef-structurealone.As otherexamples,
therearestill somemysteriesaboutwhetherandhow un-
expressedsubjectsof open-complementsareto beencoded
andwhetherandhow theheadof a relative clauseappears
in a within-clausedependency.

With considerableeffort we solved mostbut not all of
thesecross-representationmappingproblems,as attested
by the relatively high F-scoreswe have reported.Our cur-
rentresultsprobablyunderstateto a certainextentour true
degreeof matching,but the relative differencesbetween
sentencesusing the DR measurearequite informative. A
low F-scoreis anaccurateindicationthatwedid notobtain
thecorrectparse.For F-scoresabove90but below 100it is
oftenthecasethatwe foundexactly theright parsebut our
mappingroutinecouldnot produceall theproperrelations.

6. Discussion
Thegeneralconclusionto draw from our resultsis that

thetwo metrics,LFG andDR, show broadlysimilarbehav-
ior, for theupperbounds,for thelower bounds,andfor the
reductionin errorrelativeto theupperboundbroughtabout
by thestochasticmodel.Thecorrelationbetweentheupper
boundF-scoresfor theLFG andDR measureson theWSJ
testsetis .89.The lower reductionin error raterelative to
the upperboundfor DR evaluationon the Brown corpus
canbe attributedto a corpuseffect that hasalsobeenob-
servedby Gildea(2001)for trainingandtestingPCFGson
the WSJ and Brown corpora.4 Breakingdown evaluation
resultsaccordingto parsequality shows that irrespective
of evaluationmeasureandcorpusaround5% overall per-

4Gildeareportsa decreasefrom 86.1%/86.6%recall/precision
on labeledbracketing to 80.3%/81%when going from training
andtestingon theWSJto trainingon theWSJandtestingon the
Brown corpus.
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formanceis lost dueto non-full parses,i.e. FRAGMENT or
SKIMMED parsesor both.

While disambiguationperformanceof around79% F-
scoreon WSJ dataseemspromising, from one perspec-
tive it only offers a 4% absoluteimprovement over a
lowerboundrandombaseline.Wethink thatthehigh lower
bound measurehighlights an important aspectof sym-
bolic constraint-basedgrammars(in contrastto treebank
grammars):thesymbolicgrammaralreadysignificantlyre-
stricts/disambiguatestherangeof possibleanalyses,giving
the disambiguatora much narrower window in which to
operate.As such,it is moreappropriateto assessthe dis-
ambiguatorin termsof reductionin errorrate(38%relative
to theupperbound)thanin termsof absoluteF-score.Both
theDR andLFG annotationsbroadlyagreein theirmeasure
of errorreduction.

Due to the lack of standardevaluationmeasuresand
goldstandardsfor predicate-argumentmatching,acompar-
isonof ourresultsto otherstochasticparsingsystemsis dif-
ficult at themoment.To our knowledgeso far theonly di-
rectpointof comparisonis theparserof Carrolletal. (1999)
which is alsoevaluatedon Carroll et al.’s testcorpus.They
reportanF-measureof 75.1%for a DO evaluationthat ig-
norespredicatelabelsbut countsdependenciesonly. Un-
der this measure,our systemof parserandstochasticdis-
ambiguatorachieves75.8%F-measure.A further point of
comparisonis theparsingsystempresentedby Boumaetal.
(2000).They reportcomparablerelationson lower bounds
and upperboundsfor their constraint-basedparsingsys-
tems.On testcorporaof a few hundredsentencesof up to
20 words an upperboundof 83.7% F-scoreand a lower
boundof 59%is reported;thebestdisambiguationmodels
achieves75%F-score.
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