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1. Current Situation in StochasticParsing

Theearliestcorpus-basedpproachet stochastipars-
ing (e.g. Sampsoret al. (1989), Fujisaki et al. (1989),
Sharmaretal. (1990),Black (1992))useda variety of data
resourcesnd evaluationtechniques.With the creationof
thePennTreebanlof English(Marcusetal., 1993)andthe
parserevaluationmeasuregstablishedy the PARSEVAL
initiative (Black, 1992),new approacheo stochastigars-
ing and uniform evaluationregimesemeged (Magerman
(1995), Charniak(1996), Collins (1996)), leadingto im-
pressve improvementsn parseraccurag (Collins (1997),
Charniak(2000),Bod (2001)).

In the meantime annotatedcorporahave beenbuilt for
several otherlanguagesmost notably the PragueDepen-
deng Treebankfor Czech(Hajic, 1998),andthe NEGRA
corpusfor German(Skut et al., 1997). Well-known, but
smallercorporafor Englisharethe ATIS Corpusand SU-
SANNE. Many more corporaare available or undercon-
struction, e.g. the Penntreebanksfor Chineseand Ko-
rean,the TIGER corpusfor German,aswell as corpora
for Bulgarian, French, Italian, Portugese Spanish,Turk-
ish, etc. Annotationschemesn thesetreebankwary, often
motivatedby language-specificharacteristics For exam-
ple,dependeng-basedannotatioris generallypreferredor
languagesvith relatively freeword order

More recently in line with increasing interest in
more fine-grainedsyntacticand semanticrepresentations,
stochastigarsinghasbeenappliedto several higherorder
syntacticframenorks, suchasunification-basedjrammars
(Johnsoret al., 1999), tree-adjoininggrammars(Chenet
al., 1999)andcombinatorycategorial grammargHocken-
maier, 2001). In parallel, due to the lack of appropriate
large-scaleannotatedraining corpora,unsuperviseaneth-
odshavebeeninvestigatedi.e. trainingof manuallywritten
(contet-free or unification-basedgrammarson free text
(Beil etal. (1999), Riezleretal. (2000), Boumaet al.
(2001)).

As opposedo the PARSEVAL measures— which are
basedn phrasestructurereematch— mostof thesenovel
parsingapproachesiseotherevaluationmeasuressuchas
dependeng-basedyalence-basedxact, or selectve cate-
gory match.

2. Challengesfor Parser Evaluation

Despitetheemepgenceof stochastiparsingapproaches
usingalternatve syntacticframeworks,the currentlyestab-
lishedparadigmfor evaluatingstochastigarsingstill con-
sistsof thecombinatiorof PennTreebankenglish(Section
23) with PARSEVAL measures.

However, in practice(especiallyif we countindustrial
labs) parsing systemsusing treebankgrammarsare not
representatie of the field. Moreover, a strongtrendin
stochasticparsingis away from treebankgrammarsand
towardshigherlevel syntacticframewvorks and hand-luilt
grammars.

Researcln stochastiparsingwith higherordersyntac-
tic frameworksis thereforeconfrontedwith alack of acom-
mon evaluationmetrics: neitherdo the PARSEVAL mea-
suresstraightforvardly correspondto dependeng struc-
turesor othervalence-baserkpresentationsior havethese
alternatve approachesome up with a common,agreed-
on standardor evaluation.Furthermoreno commoneval-
uation corporaexist for mary alternatve languages. To
someextent, this problemhasbeencircumventedby build-
ing smalltheory-specificreebankgwith the obviousdraw-
backsfor supervisedraining andinter-comparability). In
sum, the growing field in stochastigarsingwith alterna-
tive syntacticmodelsor language®therthanEnglishfaces
problemsin benchmarkingagainstthe establishedGold
Standard.

As a consequencethe best-knavn stochasticparsers
are trained for PennTreebankEnglish. Yet, to validate
theseparserson a broaderbasis,it hasto be evaluatechow
well thesestochastionodelscarry over to languagesvith
e.g. free word order, intricate long-distancephenomena,
pro-dropproperties,and agglutinatve or clitic languages.
Again, this presupposethe availability of annotatedcor-
poraand evaluationschemesppropriateto cover a broad
rangeof diverselanguageypes.

3. Towards a New Gold Standard

The currentsituationin stochasticparsing,aswell as
prospectdor its future development,calls for a nev and
uniform schemefor parserevaluationwhich covers both
shallov and deep grammars, different syntactic frame-
works,anddifferentlanguageypes.



Whatis neededs anannotatiorschemebridgingstruc-
tural differencesacrosgliverselanguagesndframeavorks.
In practice,mary researcherfiave beenusing their own
evaluationmetricswhich, despitedivergencesbearsome
commonground,namelyhigherlevel syntacticannotations
suchasgrammaticalelations,dependencie®yr subcatgo-
rization frames(Beil et al. (1999), Carroll et al. (2000),
Collinsetal. (1999),Hockenmaiel(2001),etc). Suchbasic
syntacticrelationsbuild on crucial, but underlying struc-
tural constraintsyet provide more abstractfunctionalin-
formation.

This informationis not only anappropriatdevel of ab-
stractionto bridgestructuraldifferencedetweerianguages
andhigherlevel syntactictheories but morewer, provides
a basisfor evaluation of partial, more shallov analysis
systems,at a higher level of representation. For exam-
ple,if the evaluationis againstgrammaticatelationrather
thanphrasestructureinformation,partial parsersxtracting
functionalrelationscanbe evaluatedwithin the samesetup
asfull parsers.

Startingfrom this stateof affairs,oneof theaimsof the
workshopwill beto provide aforum for researcheris the
field to discusgdefineandagreeon) a new, uniform eval-
uation metric which provides a basisfor comparisonbe-
tweendifferentparsingsystemssyntacticframenorksand
stochastianodels,andhow well they extendto languages
of differenttypes.

Definition of anew evaluationstandarctouldberestric-
tive and flexible at the sametime: flexible in that train-
ing canexploit fine-grainedannotation®f richer syntactic
frameworks; andrestrictive in that diverging analysesare
thento be mappedo uniform (morecoarse-grainedgnno-
tationsfor standardizedvaluation.

4. Starting an Initiati ve

A previous LREC-hostedworkshopon parserevalua-
tionin 1998in Granadaroughttogethera numberof peo-
ple adwcating parserevaluation basedon dependencies
or grammaticalrelations(Carroll and Briscoe(1998), Lin
(1998),Bangalorestal. (1998)). Theconsensusf thecon-
cludingdiscussiorat thatworkshopwasthatthereis much
commongroundbetweentheseapproachesand that they
constitutea viablealternatve to the PARSEVAL measures.

In the meantime as describedabove, mary more cor-
pora are under constructionand novel stochasticparsing
schemesarebeingdevelopedwhichcall for aninitiative for
establishinga new, agreed-orevaluationstandardor pars-
ing which allows for comparisorandbenchmarkingcross
alternatve modelsanddifferentlanguageypes.

Theworkshopis intendedo bring togetherfour parties:
researcherim stochastigarsing buildersof annotateaor
pora, representatiesfrom different syntacticframewnorks,
andgroupswith interestdn andproposaldor parserevalu-
ation. As a kick-off initiative, theworkshopshouldleadto
collaboratie efforts to work out a new evaluationmetric,
andto startinitiativesfor building or deriving sufficiently
large evaluationcorpora,and possibly large training cor-
poraaccordingto the new metric.

In conclusion stochastigarsinghasnow developedto
a stagewherenew methodsareemeging, bothin termsof

underlyingframevorksandlanguagesovered.Theseneed
to bebroughttogethelby meansf anew evaluationmetric
to preparethe new generatiorof stochastigarsing.

5. Workshop Programme

The workshopcompriseghematicpapersocussingon
benchmarkingf stochastigarsing,parserevaluation,de-
sign of annotationschemesovering differentlanguages,
and different frameworks, as well as creation of high-
quality evaluationcorpora.

Intendedasa forum for discussionthe workshoppro-
grammeconsistsof paper presentationswith discussion
sessiongnda panel,whereimportantresultsof the work-
shoparesummarizedinddiscussed.

In the final sessionwe intendto wrap-up,and plan a
kick-off initiative leadingto concreteaction plansandthe
creationof working groups,aswell asplanningfor future
coordination. To maintainthe momentumof this initia-
tive we will work towardssettingup a parsingcompetition
basedon new standardevaluationcorporaand evaluation
metric.
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Abstract
We describeextensiongo a schemefor evaluatingparseselectionaccurayg basedon namedgrammaticatelationsbetweenemmatised
lexical heads.The schemads intendedto directly reflectthetaskof recoseringgrammaticabndlogical relations ratherthanmorearbi-
trary detailsof treetopology Thereis amanuallyannotatedestsuiteof 500sentencewhich hasbeenusedby severalgroupsto perform
evaluations.We aredevelopingsoftwareto creatdargertestsuitesautomaticallyfrom existing treebanksWe areconsideringalternatve
relationalannotationsvhich draw aclearerdistinctionbetweergrammaticabndlogical relationsin orderto overcomdimitationsof the

currentproposal.

1. Intr oduction

We have developeda schemefor evaluating parseselec-
tion accurag basedon namedgrammaticalrelationsbe-
tweenlemmatisedexical heads. The schemeis intended
to directly reflectthe taskof recoveringsemantiaelations,
ratherthanmorearbitrarydetailsof treetopology—aswith
the PARSEMAL scheme,which has been criticised fre-
quently for the opaquerelationshipbetweenits measures
andsuchrelations(Carroll et al., 1998; Magerman,1995;
Srinivas,1997).Carrolletal. (1998)provide moredetailed
motivationandcomparisorwith otherextantschemes.

Carrolletal. (1999,2002in press)reportthe develop-
mentof atestsuiteof 500 sentenceannotatedvith gram-
maticalrelations thespecificatiorof therelations andtheir
criteria of application. The setof hamedrelationsare or-
ganisedas a subsumptiorhierarchyin which, for exam-
ple, subj(ect)underspecifiea(on)c(lausal)subj(ect)There
are a total of 15 fully specifiedrelations,however, mary
of thesecanbe further subclassifiedfor example,subjre-
lations have an initial-gr slot usedto encodewhetherthe
syntacticsubjectis logical object (asin passie) and for
othermarkedsubjectqsuchasin locative inversion). Thus
afully specifiedGR might look like (ncsubjmarry couple
obj) to encodehe subjrelationin Thecouplewere married
in August andthe GR annotationof eachsentenceof the
testsuite consistsof a setof GR n-tuples. Figure 1 gives
the full setof namedrelationsrepresentedsa subsump-
tion hierarchy The mostgenericrelation betweena head
anda dependenis dependentWherethe relationshipbe-
tweenthe two is known more precisely relationsfurther
down the hierarchycan be used,for example mod(ifier)
or arg(ument). Relationsmod, arg_mod, aux, clausal,and
their descendantbave slotsfilled by a type, a head,and
its dependentarg_mod has an additionalfourth slot ini-
tial_gr. Descendantsf subj, andalsodobj have the three
slots head,dependentandinitial_gr. Relationconj hasa
type slotandoneor moreheadslots. The x andc prefixes
to relationnamesdifferentiateclausalcontrol alternatves.

4

Whenthe proprietordies,the establishmenshould
becomea corporationuntil it is eitheracquiredoy
anotherproprietoror the governmentecidego 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: Grammaticatelationsampleannotation.

Figure 2 shawvs the GR encodingof a sentencdrom the
Susanne&orpus.

The evaluationmetric usesthe standardoprecisionand
recall and F, measuresover sets of such GRs. Car
roll and Briscoe (2001) also make use of weightedre-
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



dependent

mod arg -mod
ncmod xmod cmod detmod
subj

ncsubj

xsubj  csubj

dobj

subj _or _dobj

arg

aux

conj

comp

obj clausal

obj2 iobj xcomp ccomp

Figurel: Grammaticatelationhierarchy

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

Evaluation of stochastic parsers using relational
schemesimilarto our proposals becomingnorecommon
(e.g.Collins, 1999; Lin, 1998; Srinivas,2000). However,
comparisoracrosssuchresultsis hamperedy thefactthat
thesetof relationsextracteds notstandardisedcrosghese
schemesandit is clearthat somerelations(e.qg. that be-
tweendeterminersandheadnouns)are mucheasieno ex-
tractthanothers(e.g.controlrelationsin predicatve com-
plements) ascanbe seen.for example,from the separate
anddivergentprecision recallresultsby namedrelationre-
ported by Carroll et al. (1999). This makes meaningful
comparisonof ‘headlineresults’ suchas meanoverall F;
measuresery hard. Our schemeattemptsto ameliorate
theseproblemsby supportingdifferentlevels of granular
ity within named-elations(ncsubj csuly xsubjC subj)and
encouragingiot only the reportingof overall meanpreci-
sion/recallscoreshut alsoseparatecoresor eachnamed
relation.

In therestof this paperwe describeongoingefforts to
improve the evaluationschemeand enlaige the annotated
testsuite(s).

2. Divergentsystemoutput representations

Thereremainseveralinfelicities in the currentschemehat
area consequencef the methodof factoringinformation
into distinctrelationswhich, in fact,still encodecomposites
of information. For example,a systemwhich clearly sep-
aratescategorial constitueng and functional information,
suchasonebasednLFG, mightchoosdo mapF-structure
SUBJrelationsto subjin our schemeA moreconstitueng
basedparsemight mapNPsimmediatelydominatecby S
andprecedinga VP to ncsubj,andSsin the sameconfigu-
rationto csubj. Superficiallythe latter systemis extracting
moreinformationbecausehe relationnameencodesate-
gorialaswell asrelationalinformation. Thecurrentscoring
metricalsoassignsa penaltyto systemghatdo notrecover
fully-specified(leaf) relations. However, for eithersystem
to scorein the evaluationthe subj relation most hold be-
tweenlemmatisecheadf theappropriatdype,sothedis-
tinction betweenclausaland non-clausakubjectss main-
tainedin both, since clausalsubjectshave verbal heads.

On the otherhanda systemwhich systematicallyreturned
subj-ordobjrelations,asopposedo aleaf subjor obj one,
would clearly belosingsignificantinformationpertinentto

recovery of underlyinglogical relations.

Thereare mary other casesof divergent encodingof
aspect®f catgyorial andfunctionalinformation: for exam-
ple,aLFG systemwill clearlydistinguishclausalandpred-
icative complementsat F-structurecorrespondinglirectly
to the xcomp/ ccompdistinctionin our relationalscheme.
However, a parserthat representssuch complementsas
clausegS nodes)with or withoutanempty(PRO) NP sub-
ject, asin the PennWSJ Treebank,would needto utilise
a more complex (non-local) mappingfrom tree topology
andnodelabelsto namedrelationsin orderto maintainthe
xcomp/ ccompdistinction. However, in thiscasetheeasier
underspecificatioto compis genuinelysignificantsincein
eithercasetherelationwill hold betweenthe samelexical
(verbal)heads.

Thereare,in principle, two waysof dealingwith such
divergences.The first is to complicatethe mappingfrom
systemoutputto namedrelationssothatthe specificsetof
leaf relationsidentifiedin the currentschemes recovered,
if it is deduciblefrom the total systemoutput. The sec-
ondis to modify the scoringmetric sothatinformationally
insignificantunderspecificatioms not penalised.In some
casessuchasthe LFG systemSUBJcasedescribedabove,
the latter stepwill be mucheasier In the new versionof
the specificationand evaluationmeasurewe will attempt
to identify suchcasesandparameteris¢he evaluationsoft-
wareto computescoresappropriately aswell as provide
more specificguidanceon mappingof namedrelationsto
theoutputof extantsystemsThis shouldimprovethevalid-
ity of cross-systenevaluation. However, problemsof this
type arelikely to emege for eachnew systemrepresenta-
tion consideredsotthis is likely to be an ongoingprocess
requiringjudgemenbn the partof evaluatorscoupledwith
explicit descriptionof decisionsmadealongsidereported
socres.

Provision of a flexible software systemfor mapping
from parseroutput representationso factoredrelational
onesmay also amelioratethis classof problems(seesec-
tion 5.). In particular wherea specificchoiceof system
outputrepresentationecessitatesmorecomplex mapping
to leaf relationsin our schemejt would facilitate fair and



feasiblecross-systencomparisorif the evaluationscheme
provided softwarethat would recover the namedleaf rela-
tionsfrom thesystemoutput. Onceagain,eachnew system
representations likely to throw up new problemsof this
type, so flexible and easily parameterisablsoftware will
bemoreuseful.

3. Surface/logical form divergence

The currentannotationschemeattemptsto stay closeto
surfacegrammaticalstructure,while also encodingdiver
gencerom predicate-agumentstructurd logicalform. Di-
vergenceis currently encodedusing two distinct mecha-
nismsfor differenttypesof cases. Extra slotsin named
relationsareusedto indicatesurface/ underlyinglogical re-
lation divergencesaswith subjdiscussedn sectionl. An
additionalrelationis usedfor coordination(conj) to indi-
catehow the conjunctionscopesover the individual con-
juncts.

Oneconspicuousareawherethe currentschemes in-
adequatds with equatve and comparatie constructions,
which occurquite frequentlyin the 500 sentenceestsuite.
Semanticallyit is standardo treatmore andas, etcasgen-
eralisedquantifiersover propositionsso that an example
like

GR evaluation is more/ as attractive than/as
PARSEWAL

is represente@very crudely)as
moré(is-attf (GReval'), is-att! (PARSEVAL "))
This example,however, is annotatedy the GRs

(ncmod. attractve more)
(ncmodthanattractve PARSEVAL)

However, in generalthe GR annotationof suchconstruc-
tionsis variablebecausef the varied surfacesyntacticlo-
cationof more and as and alsobecauseof the optionality
of anddegreeof ellipsisin the than/ as constituent. Fur-
thermore becaus®f the divergencebetweensurfaceform
andlogical form the currentannotationgyive little indica-
tion of whethera systemwould be capableof outputtingan
appropriatdogical form. Replacingthe currentannotation
with onecloseto the tamgetlogical form would undermine
the schemesincemostextant stochastigarsersvould be
unableto generatesucha representation.

One alternatve is to additionally annotatesuch con-
structionswith construction-specifinamedrelations. This
couldbebasedon the approacho coordinationwherethe
namedrelation

(conj conj-typeconjunct-heads+)

is usedin additionto distributing the conjunctheadsover
multiple occurrencef the relation over the coordinate
constructionFor comparatiesandequatves,wecouldadd
arelationlike

(compequas/more/..attractve GReval PARSEVAL)

encodingthe type of comparisonthe predicateof compar
ison,andtheargumentgo this predicate.

There are undoubtedlyfurther constructions,beyond
coordinationand comparaties/ equatvesthat merit some
such treatment. The adwantage of adding additional
construction-specifinamedrelationsthatencodehe same
phenomendrom differentperspectiesis thattheresulting
annotationwill supporta gradedand fine-grainedevalua-
tion of the extentto which a specificsystemcan support
recovery of underlying logical form/ predicate-agument
structurein additionto surfacegrammaticarelations.The
disadwantageof this approachis that the schemeis likely
to becomemore comple, andthusits recovery from ary
specificparserrepresentatiomoretime-consumingln ad-
dition, the encodingof the underlyinglogical relationsin
the GR scheméhasalreadyspavnedtwo divergentmecha-
nisms,andmaywell requiremore.

4. MRS-style annotation scheme

A secondandmorecomplex but potentiallymorethorough
approacho theissueof surface/ logical form divergenceis
to bleachthecurrentGR schemef all attemptgo represent
suchmismatchesandinsteaddefinea factoredand under
specifiedsemantiannotatiorschemeo beusedin tandem
with GR annotation.The approacho underspecifiedogi-
calrepresentatiodevelopedby Copestaketal. (2001)can
be extendedto allow semanticdo be underspecifiedo a
much greaterdegree. In this extensionof minimal recur
sion semanticYMRS), a Parsons-stylenotation (Parsons,
1990)is used,with explicit equalitiesrepresentingariable
bindings.For instancefrom

Thecouplewere married.
aparticularparsingsystemmightreturn

(ARGNulu2)
(marryu3)
(coupleud)

However, thefully specifiedtestsuiteannotationvould be

(ARG2elx4)
(marrye?2)
(couplex3)
el=e2
x3=x4

whereARG2is formally aspecialisatiorof ARGN, andthe
equalitiesandvariablesortsalsoaddinformation.

Potentially this would allow usto dispensewith com-
plicationslik e init-gr fieldsin the GR annotationandpro-
vide a principled basisfor a gradedevaluationof the re-
covery of logical form. The disadwantageover the fur-
ther extensionof the existing schemes that two stagesof
extraction from specific systemoutput are now required,
the matchingoperationsandscoringmetricsbecomemore
comple, andthe ability to do a gradedevaluationof re-
covery of both grammaticaland logical relationsmay be
somevhatundermined.



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 improving the testsuite(s)

Thecurrenttestsuiteof 500sentences too small,but was
still labourintensie to createsemi-automatically Conse-
quently it containsa numberof inadequaciestokenisation
of multiwordsis somevhatarbitrary somerelationswhich
shouldbeincludedaresystematicallyomitted(e.g.predica-
tive XP complement®f be have not beenannotatedvith
their controlledsubjects)quotationmarkshave beensys-
tematicallyremoved, and so forth. The next releasewill
attemptto remove theseinadequaciesHowever, it is clear
thatwe alsoneeda methodfor annotatingnuchmoredata
efficiently. To this endwe have beendevelopinga generic
system,implementedn JAVA, that canbe appliedto ex-
isting treebankgo extractrelationalinformation(Graham,
2002).Thissystencan,in principle,extractGRsin thecur-
rentor relatedschemesor even (possiblyunderspecified)
MRSs. It canbe parameterisedior differentextant tree-
banks,suchasPennTreebank-llor Susanneandrequires
a setof declaratve rulesexpressedn termsof treetopol-
ogy andnodelabelsfor eachnamedrelation. The system
hasbeendesignedo procesdabelledtreeslooking for rela-
tionsdefinedultimatelyin termsof (immediatedominance
and(immediate)precedencefficiently. It hasbeentested
on a subsetof GRs, concentratingarticularly on the subj
sub-hierarchyA fragmentof the classfor ncsubjencoding
relevantconstraintds shavn in Figure3, giving a senseof
the degreeof parameterisationequiredfor differentrepre-
sentationsRunningafirst prototypeof the GR extractoron
the 30 million word automaticallyannotatedVSJBLLIP
corpusdistributed by the LDC resultsin estimatedrecor-
ery of 86%of ncsubjanddobjrelationswith a precisionof
84%, taking around3 hours CPU time on standardhard-

ware.
This systemwill facilitaterapidautomaticconstruction
of relational annotationaccordingto specifiedinput and
outputscheme(syp to the limit of whatis currentlyrep-
resentedn treebanksand systemoutput. Our longerterm
planis to make this software,anda numberof rule setsim-
plementedn it, availableaspartof the evaluationscheme.
This shouldfacilitateboththe constructiorof testdataand
themappingof systemoutputto therequiredformat.

6. Conclusions

Relationaschemes$or parseevaluationaregainingin pop-
ularity over the exclusive use of PARSEVAL or similar
tree topology basedmeasures.We hopethat the ongoing
work reportedherewill facilitatefurther cross-systenand
within-systenrelationalevaluation.To thisend,we arede-
velopingtestsuitesand software to supportflexible map-
ping from systemandtreebankoutputto relationalencod-
ings of grammaticaland underlyinglogical relations,and
actively seekingfeedbackfrom the community on weak-
nessesf our currentencodingschemeandevaluationmea-
suresanderrorsin our currenttestset.
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Abstract
Quantitatve evaluationof parsershastraditionally centerecaroundthe PARSEVAL measure®f crossingbrackets, (labeled)precision
and(labeled)recall. However, it is well known thatthesemeasureslo not give anaccuratepictureof the quality of the parsers output.
Furthermorewe will shav thatthey areespeciallyunsuitedor partialparsersin recentyears researctasconcentratedn dependeng
basedvaluationmeasuresWewill shaw in this paperthatsuchadependengebasedevaluationschemes particularlysuitablefor partial
parsersTuBa-D,thetreebankusedherefor evaluation,containsall the necessargependencinformationsothatthe conversionof trees
into adependengcstructuredoesnot have to rely on heuristics.Thereforethe dependencrepresentationarenot only reliable,they are

alsolinguistically motivatedandcanbe usedfor linguistic purposes.

1. Intr oduction

Quantitatve evaluationof parserdastraditionally cen-
teredaroundthe PARSEVAL measure®f crossingbrack-
ets, (labeled)precision and(labeled)recall (Black et al.,
1991). However, it is well known that thesemeasuresio
not give an accuratepicture of the quality of the parsers
output(cf. ManningandSchitze(1999)),e.g.in case®f at-
tachmentrrors.Additionally, mary phenomentdik e nega-
tion or unarybranchesareignoredin the original measures
in orderto allow a comparisonbetweenparsersthat use
incompatiblegrammars. For this reason,researchin re-
centyearshasconcentratean dependeng-basedevalua-
tion measuregcf. e.g.Lin (1995), Lin (1998)). We will
shaw in this paperthatsuchadependeng-basedvaluation
schemeis particularly suitablefor partial parserssinceit
doesnot leadto disproportionateljhigh lossedn precision
andrecallfor partial parses.Furthermorethe dependeng
representationarenot only reliable,they arealsolinguis-
tically motivatedand can be usedfor linguistic purposes
sincethe treebankusedherefor evaluationcontainsall the
necessargependenginformation.

2. Deficienciesof Constituency-Based
Precisionand Recall

It is a well known fact that the PARSEVAL measures
do not alwaysgive an accuratepicture of the quality of a
parsers output. Carroll and Brisoce(1996), for example,
note that the crossingbradkets measureis too lenientin
caseof errorsinvolving the disambiguatiorof arguments
and adjuncts,which in somecasesare not recognizedas
errors. The failure to attacha constituenwhich shouldbe
embedded levels deepleadsto n crossingerrors,while
this constituentmay not be very importantto the overall
structure.Manningand Schitze (1999) shov that this be-
havior is mirroredin precisionandrecall: If aconstituents
attachedvery highin a complex right branchingstructure,
but the parserattachedt at a lower pointin the structure,
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bothprecisionandrecallwill begreatlydiminished.An ex-
ampleof sucha parsingerror for the sentencéich nehme
denZug nachFrankfurtan der Oder” (I will take thetrain
to Frankforton the Oder)is shavn in Figure1!. Therethe
prepositionaphrase‘an derOder” is erroneouslygrouped
asanadjunctof theverbinsteadf beingattachedsapost-
modifier to the noun phrase‘nach Frankfurt” (cf. the fol-
lowing sectionfor a descriptionof the annotatiorscheme).
Thecorrecttreeis shovn in Figure2. Whenusingthe PAR-
SEVAL measuresthe outputof the parsershavn in Figure
1 resultsin 10/13 = 76.92% recalf and10/12 = 83.33%
precisiontheonly errorbeingthe wrongattachmenof the
lastprepositionaphrase.

Thesamebehaior canbe obsenedwhenthe parserat-
tachesa constituentery highin a complex right branching
structureinsteadof very low, or if the constituenis not at-
tachedat all. Thelatteris oftenthe casefor chunkparsers
(Abney, 1991; Abney, 1996) or partial parsers(cf. e.qg.
Ait-MokhtarandChanod(1997)). Theseparsergyenerally
aim at annotatingonly partial, reliably discoserabletree
structures,.e. basephrasesand clausalstructures. Post-
modificationsaregenerallynot attachedsincethis decision
cannotbe taken reliably basedon very limited local con-
text. TUSBL (KublerandHinrichs,2001aK iblerandHin-
richs, 2001b),e.g., a similarity-basedparserfor German,
annotatesyntacticstructuresncluding function-agument
structurein a two-level architecture:in the first phase,a
deterministicchunk parser(Abney, 1996)is usedto anal-

LAl syntactictreesshawn in this paperfollow the dataformat
for treesdefinedby the NEGRA projectof the Sonderforschungs-
bereich378at the University of the SaarlandSaarbiicken. They
were printed by the NEGRA graphicalannotationtool Annotate
(BrantsandSkut,1998;Plaehn,1998).

2Contraryto the original PARSEVAL measuresye do count
theroot nodeaswell sincethereexist differentroot nodesin the
annotationscheme and there are caseswhen a sentencen the
treebankis annotatedvith more than onetree (e.g. interjectve
utterances).
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Figure2: Correctattachmenof the prepositionaphrase‘an derOder”.

ysemajor syntacticconstituentsuchasnon-recursie base
phrasesand simplex clauses. As a consequencedepen-
deng relationsbetweenindividual chunks,suchasgram-
maticalfunctionsor modificationrelations,within a clause
remainunspecifiedIn the secondstep,the attachmenam-
biguitiesareresolhed,andthe partialannotatiorof thefirst
stepare enrichedby dependeng information. A typical
output of this phaseis shovn in Figure 3. The second
phaseof analysisis basedon a similarity-basedmachine
learningapproachwhich usesasimilarity metricto retrieve
themostsimilar sentencéo theinput sentencdérom thein-
stancebaseandadaptghe respectie treeto theinput sen-
tence. (For a more detaileddescriptionof the algorithm
cf. Kuibler and Hinrichs (2001a)and Kuibler and Hinrichs
(2001b).) The parseris designedo preferpartial analyses
over uncertainones. In somecasesthis stratgy leadsto
unattacheghrasesmostly at the end of sentencesyhich
resultsin high lossesn precisionandrecall. We therefore
proposeo usea dependeng-basedvaluationasdescribed
by Lin (1995)andLin (1998),in which boththe gold stan-
dardandtheparsers outputaretransformednto dependen-
ciesandthencomparedn the basisof dependenciesather
thanon the basisof the constituenstructure.

3. The TUBA-D Treebank

The dependeng-basedevaluation was basedon the
GermancorpusTiBa-D (Stegmannet al., 2000; Hinrichs
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etal., 2000a;Hinrichsetal., 2000b),which consistf ap-
proximately38,000syntacticallyannotatedsentenceskFor
thistreebankatheory-neutrahndsurface-oriente@gnnota-
tion scheméhasbeenadoptedhatis inspiredby thenotion
of topologicalfields— in the senseof Herling (1821),Erd-
mann(1886),Drach(1937),Reis(1980),andHbdhle(1985)
—andenrichedby alevel of predicate-agumentstructure,
which guidesthe corversioninto dependenciesThe lin-
guistic annotationgertainto the levels of morpho-syntax
(part-of-speechtagging) (Schiller et al., 1995), syntactic
phrasestructure andfunction-agumentstructure.

The tree structurecontainsdifferenttypesof syntactic
informationin the following way: As the primary cluster
ing principlethetheoryof topologicalfields (Hohle,1985)
is adoptedwhich capturegshefundamentalord orderreg-
ularitiesof Germansentencetructure In verb-seconden-
tencesthefinite verb constituteghe left sentencéraclet
(LK) andtheverbcomplex theright sentencéraclet(VC).
This sentencéraclet dividesthe sentencénto the follow-
ing topologicalorderof fields: initial field (VF), LK, mid-
dle field (MF), VC, final field (NF). This structuringcon-
ceptin additionfavorsbracletingsthatdonotrely oncross-
ing branchesandtracesto describediscontinuousdepen-
dencies.

Below this level of annotation,i.e. strictly within the
boundsof topologicalfields, a phraselevel of predicate-
argumentstructureis establishedwith its own descriptve
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Figured: Thedependengstructureof thetreein Figure3. Thecrossingdependengis shovn in gray:.

inventorybasedon a minimal setof assumptiongoncern-
ing constituenthoodphraseattachmentand grammatical
functionsthat have to be capturedby ary syntacticthe-
ory: nodesare labeledwith syntacticcategorieson four

different levels of annotation(sentencdevel, field level,

phraselevel, andlexical level), edgesdenotegrammatical
functionson the phraselevel (i.e. immediatelybelov the
topologicalfields) and head/non-headistinctionswithin

phrases.Theintegratedconstituentanalysiswith its infor-

mationaboutgrammaticafunctionsensureshattheresult-
ing dependeng structuresarelinguistically motivatedand
canalsobeusedfor linguistic purposes.

An exampleof suchatreefor thesentencéwir missen
janocheinenBerichtabfasserilberdieseReisenachHan-
nover” (we still needto write a reporton this journey to
Hanover)is shavn in Figure3 (for moreinformationabout
theannotatiorschemecf. Stegmannetal. (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 ary
annotationlevel, thereis at mostonehead. The headof a
sentencestructure(e.g. SIMPX) is alwaysthe finite verb,
which can be found in the left sentencéraclet (LK). If
thereis no LK, the headis representedy the finite verb
in theverbcomplex (VC). In coordinationsgachconjunct
depend®n the headof the whole construction.Therefore,
conjunctsaredenotedwith thenon-headedgelabel.

The constituentsbelow the topological fields are as-
signedgrammaticalffunctions. A subsetof the edgelabel
setconsistof labelsdenotingthe grammaticafunction of
complementsand modifiers,which dependon the headof
thesentenceAnothersubsetonsistf labelsdetermining
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long distancedependencieamongthesecomplementsor
modifiersaswell asbetweenconjunctsof split-up coordi-
nations.

In Figure3, e.g.,thefirst constituentis marked assub-
ject(ON), thefinite verbis thehead(HD), thetwo adwerbs
are modifiers(MOD), and the secondnoun phraserepre-
sentsthe directobject(OA). The constituentfollowing the
verbcomplex modifiesthedirectobject(OA-MOD). Since
the annotationschemefor the TiBa-D treebankfacilitates
atheory-neutrahndsurface-orientedepresentatioof syn-
tactic trees, this long distancerelation is marked by the
label OA-MOD (modifier of the accusatie object) which
refersto OA (accusatie object)in the sametree; instead
of using crossingbranchesand traces. This shows that
long distancedependenciesyhich canevengo beyondthe
borderof topologicalfields, are encodedby specialnam-
ing corventionsfor edgelabels. Unambiguousedgela-
bels, referring to exactly one non-adjacentonstituentin
the sametree, are usedeither for long distancemodifica-
tions (X-MOD) like in the exampleabove or for the right-
mostconjunctof split-upcoordinationgXK) (for anexam-
ple cf. Figure5). In both patterns X is a variablefor the
grammaticafunction of the constituento which it refers.

4. Converting TuBa-D into Dependencies

For TuBa-D,the corversionof the constituenstructure
into dependencids in generableterminedy thehead/non-
headdistinctionin the tree. The dependeng relationsare
labeledwith the functional labels of the governedcon-
stituents. Using thesestrataies, the tree shovn in Figure
3 is corvertedinto the dependeng structurein Figure 4.
Here,thenounphraseé‘einenBericht” is corvertedinto one
dependengrelation,whichdenoteghatthenoun“Bericht”
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Figure6: Thedependengstructureof thetreein Figure5s.

governsthearticle“den”.

It is evidentthatthe dependeng structurecontainstwo
differenttypesof dependencieshead/non-headependen-
cies within phrases(-) and dependenciefrom the finite
verb, i.e. from the headof the clause,to its complements
and adjuncts,which arelabeledby the grammaticalfunc-
tions of the governedconstituent§ON, MOD, OA, OV).
Thisis why e.g.the directobject“einen Bericht” is repre-
sentechsadependentf themodalverb“mussen’although
it constitutesanargumentof the embeddednainverb“ab-
fassen”.However, the dependeng relationsamongthe fi-
nite verb and the (possibly multiple) infinite verbsis ex-
plicitly annotatedn the syntacticandthereforein the de-
pendeng structure. And sinceinformation aboutclausal
boundariesis presentin the trees, even in this surface-
orientedstructure the predicate-agumentstructurecanbe
recovered.

Thelong-distancelependengbetweerthedirectobject
andits modifying prepositionaphrasevasmodeledin the
syntactictreeby the functionlabel “OA-MOD” insteadof
by the attachmenbf the prepositionaphraseto the direct
objectbecausehe latter would have resultedin a crossing
branch. In thedependengstructure this restrictionis sus-
pended,andthe dependeng is explicitly marked and has
now resultedn crossingdependenciedNotethatthisis the
only type of phrase-internadlependengthatis notlabeled
by the head/non-headistinction but by unambiguouda-
belswhich denotetheir specificreference.

Sinceheadinformationis presenton all levels for the
majority of constituentsspecificdecisionsfor determining
dependenghaveto betakenonly in thefew casesvhende-
pendeng relationsarenot clearly definedin thetreestruc-
ture,i.e. for thefollowing syntacticphenomena:

1. Conjunctionswithin coordinationsdo not dependon
the headof the whole construction. Therefore,they
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are attachedo the conjuncton their right handside.
An exampleof suchacoordinationis shavn in Figure
5, the correspondinglependeng structurein Figure
6. Here,thethird conjunctis positionedafterthe verb
complec andthusis assignedhelabel “OAK”.
Similar constructionswith a prepositioninsteadof a
conjunctionlik e “der achtebis neunte”(theeighthun-
til the ninth) are treatedin the sameway. In order
to stresgheidenticalsyntacticstatusof conjuncts all
conjunctsdependn theheadgoverningthe coordina-
tion. This analysisis in contrastto Lin (1998), who
relieson the SingleHead Assumptiorandproposesa
dependeng relationbetweenthe first andthe second
conjunct.

. Sentence-initiacoordinatve particlessuchas “und”
(and)or “oder” (or) in the KOORD-field dependon
theheadof the sentence.

. The annotationof prepositionalphrasesin the syn-
tactic treesis basedon the principlesof Dependeng
GrammarHeringer 1996);thereforethenounphrase
constitutesthe head. For an example of the depen-
deng structureof a prepositionaphrasecf. thephrase
“nach Hannover” in Figure4. Circumpositionsand
postpositionaretreatedsimilarly.

. The single elementsof propernames,split cardinal
numbersthespellingof words,andcomplex conjunc-
tionsin theC-field,e.g.“so daR”(sothat),areattached
onthesamdevel carryinganon-headdgelabeltoin-
dicatethatthereis no obviousdependengrelationbe-
tweenthem. Thereforethey aretreatedik e conjuncts
in coordinations.

. A heuristicanalysishasto be appliedwhenlong dis-
tancerelationsareunderspecified- a MOD-MOD la-
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bel (modifier of a modifier), e.g., may refer to one
of several modifiersin the sentencesuchasfor the
sentencéheute misserwir um finfzehnUhr wieder
nachFrankfurtfliegen” (todaywe needto fly againto

Frankfort)in Figure7. Here,the long-distancenod-
ifier MOD-MOD might modify the V-MOD “heute”
or theVV-MOD “nachFranfurt”. A closeinspectionof

suchambiguoussentencei TuBa-Drevealedthatin

a majority of all casesthe MOD-MOD label refers
to thefirst V-MOD in the clause,or the first MOD if

thereis noV-MOD presentExceptiondo thisrule are
MOD-MODs in resumptve constructionswhich gen-
erally referto themodifierin the VF. AmbiguousOA-

MODs generallyreferto the closestOA in the clause.
By applying theseheuristics,the ambiguitiesare re-
solvedin thedependengstructureasshavnin Figure
8 for the syntactictreein Figure7.

5. Dependency-BasedParser Evaluation

Lin (1998)proposed procedurdor corvertingsyntac-
tic treesfrom thegold standarcandfrom the parseiinto de-
pendenyg structures.From thesestructuresprecisionand
recallarecalculated.

Anothersimilar evaluationprocedurevassuggestedy
Srinivasetal. (1996),they first corverthierarchicaphrasal
constituentsnto chunks,andthencomputethe dependen-
ciesbetweerthesechunks.Thisis avalid approacHor the
Penntreebankannotatiorstyle, which assumes complete
flat annotatiorof complex nounphrasesuchasnouncom-
pounds.Parsersasedn manuallydevelopedrulestendto
assignmoreinternalstructureto suchnounphrasesyhich
leadsto decreasegrecision.Reducingsuchphrasedo flat
chunksalleviatesthis problemof comparinghesedifferent
structuresThe TiiIBa-D annotationshowever, assignmore
comple, non-trivial structuresto complex noun phrases.

13

Usingthe methodof Srinivasetal. (1996)would therefore
leadto a significantlossin information. Additionally, the
flatteningof phrasesnto chunksmight introduceerrorsin
thedatain suchcasesin which the conversioninto chunks
is not obvious,suchasfor the nounphrasée‘wichtige Kon-
ferenzenund Besprechungenin the sentencé'da haben
wir nochwichtige Konferenzerund Besprechungen{we
still have important conferencesand businessmeetings)
shawvnin Figure9.

Basili etal. (1998)developedasimilarapproactor the
Italian language. But insteadof parsinga sentencecom-
pletely andthenreducingthis parseto chunksand depen-
dencieshetweenchunks,Basili et al. apply a chunkparser
combinedwith a modulethat calculatesdependenciebe-
tweenthesechunks. For this approachthe samerestric-
tionshold asfor the evaluationprocedureof Srinivasetal.
(1996).

Theevaluationmethodpresentedhereis basednLin’s
(Lin, 1998)approach.Following Lin’s procedurewe first
convertboththe gold standardree andthe parsers output
into dependeng structuresandcomparetheseby applying
(labeled)precisionand(labeled)recallto thesedependeng
structures.

TUSBLs analysegddependheaily on the syntactically
annotatedsentencegontainedin the instancebase. It is
thereforedifficult to give examplesof errorsfor specific
sentence®r linguistic phenomena.lt is, however, possi-
ble to characterizehe typical behaior of the parserand
give typical examplesof errors.

Attachment errors. Attachmenterrors as describedin
Sectionl. arenot very commonfor TUSBL. SinceTUSBL
usesthe completesentenceas context 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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whereattachmenerrorsareintroducedby incorrectadap-
tations of the retrieved treesor in caseswhen a wrong
treeis found as the mostsimilar one, the parsersevalua-
tion basedon constituentsuffers from the sameproblems
asdecribedin Section2. above. The parsers outputcon-
taining the wrong attachmenin Figure 1 would resultin

10/13 = 76.92% recalland10/12 = 83.33% precision
when using a constituent-basedvaluationscheme. The
dependeng structureof the wrong andthe correctattach-
mentis shovn in Figure 10. With the dependeng-based
evaluation bothprecisionandrecallwould becalculatedas
7/8 = 87.50%.

Coordination. Coordinationphenomenaare in general
verydifficult to treatwith deterministiartialparsersince
thistypeof parsersieedd4o make thedecisiononthescope
of a coordinationearly on when thereis not enoughin-
formationavailable. Two examplesof coordinationcanbe
foundin Figurel1. For bothcasesTUSBL would typically
retrieve thesetreesbut not be ableto attachthe conjunc-
tion andthe secondconjunct,asshovn in Figure12 for the
secondexample. For the first example,“am siebtenund
achten”(on the seventhandthe eighth), this would leadto
2/4 = 50.00% recalland2/3 = 66.67% precision.For the
secondexample,“das ware Mittw och der dritte und Don-
nerstagder vierte August” (that would be Wednesdayhe
third and Thursdaythe fourth of August),recall would be
9/12 = 75.00% andprecisiond/11 = 81.82%. If theeval-
uationis basedon dependencies[USBL s analysiswould
deviate from the gold standardby the missingdependen-
ciesof theconjunctionandthesecondconjunct. Therefore,
recallwouldbe1/3 = 33.33% , for thefirst example,and
7/9 = 77.78% for thesecondxample.Precisiorwould be
1/1 = 100% for thefirst exampleand7/7 = 100% for the
seconcdexample.

Anotherproblematiccoordinationphenomenoronsti-
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tutesplit-upcoordinationsuchasin the sentencédasHo-
tel hatsogarein Schwimmbadind ein Solariumdabeiund
einenFitnessraum’{the hotel even hasa swimming pool
and a tanning booth — and a fithessroom) in Figure 5.
A typical error that might occur when parsingsuchsen-
tenceswith TUSBL is thatthe split-up conjunct‘und einen
Fitnessraum’would not be attached. This would result
in 12/14 = 85.71% recalland 12/13 = 92.31% preci-
sion. The evaluationbasedon the dependeng structure
shavn in Figure 6 leadsto 11/12 = 91.67% recall and
11/11 = 100% precision.

The comparisonshovs that dependeng-basedrecall
tendsto suffer lessthan constituent-basetecall sincethe
unattachedpart of the coordinationdoes not contritute
to errorson higher levels, such as the MF and SIMPX
in the secondexample, which are in principle correct.
Dependeng-basedprecision,on the other hand,doesnot
dependon the level of embeddingof the coordinationsut
only on the numberof conjunctsthat were correctly at-
tached.

Unattached phrases. The failure to attachconstituents
at the end of aninput sentences the mostcommonerror
typewhenevaluatingpartial parserslt is generallypart of
thedesigndecisiongo preferpartialanalysesvhichcanbe
gainedwith a smallamountof effort but which will be cor-
rectin a majority of caseg€o completeanalysesvhich in-
volve a high degreeof manuallaboranda highererrorrate
for attachmentlecisions.A typical analysisof TUSBL for
the input sentencéwir miissenja noch einenBericht ab-
fasserniberdieseReisenachHannover” would be similar
to thetreein Figure3; onepossibleerrormight bethatthe
lastPX (“nachHannwer”) couldnotbeattachedo the NX
(“diese Reise”). Thus,the NX node513 would be miss-
ing, andthe PX node514 would thenimmediatelydomi-
natethe NX node506. Usingthe PARSEVAL measuresghis
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error would resultin 13/17 = 76.47% labeledrecall and
13/16 = 81.25% labeledprecision. The evaluationbased
on the dependeng structurewould give 10/11 = 90.90%

labeledrecalland10/10 = 100% labeledprecision.Con-
sideringthatonly the attachmenbf thefinal PX is missing
andthat the analysisof the sentences otherwisecorrect
andcomplete the latter figuresgive a betterpictureof the
quality of the partial parse.

6. Conclusion

We have shavn thatthe PARSEVAL measureslo notal-
low a suitableevaluationof partial parsers. If the evalu-
ationis basedon constitueng, missinginformationin the
partial parsedeadsto precisionandrecall errorsin several
constituentsandthelossedn bothmeasuresredispropor
tionatelyhigh. We thereforeproposech dependeng-based
evaluation.TuBa-D,thetreebankusedhere containsall the
necessargependenginformationsothatthecorversionof
treesinto a dependeng structuredoesnot have to rely on
heuristics. Therefore,the dependeng representationare
notonly reliable,they arealsolinguistically motivatedand
canbe usedfor linguistic purposesUsing thesestructures
for evaluationensureshatmissinginformationwill notde-
creasethe evaluation measureglisproportionatelywhich
allows a moresuitableevaluationof partialinformation.
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Abstract
The LinGO Redwoodsinitiative is a seedactity in the designanddevelopmentof a new type of treebank.A treebankis a (typically
hand-huilt) collectionof naturallanguageutterancesand associatedinguistic analysestypical treebanks—asor examplethe widely
recognizedPennTreebankMarcus,Santorini,& Marcinkiewicz, 1993),the PragueDependeng TreebankHajic, 1998),or the German
TiGer Corpus(Skut, Krenn, Brants,& Uszkoreit, 1997)—assigrsyntacticphrasestructureor tectogrammaticatlependengc treesover
sentencetakenfrom anaturally-occuringsource pftennenvspapetext. Applicationsof existingtreebankdall into two broadcategories:
(i) useof anannotatectorpusin empiricallinguisticsasa sourceof structuredanguagedataanddistributional patternsand(ii) useof
thetreebanKor the acquisition(e.g.usingstochastior machinelearningapproachesandevaluationof parsingsystems.
While severalmedium-to large-scald@reebankexist for English(andsomefor othermajorlanguages)all pre-&isting publicly available
resourcesxhibit thefollowing limitations: (i) the depthof linguistic informationrecordedn thesetreebankss comparatiely shallow,
(i) thedesignandformatof linguistic representatioim the treebankhard-wiresa small, predefinedangeof waysin which information
canbe extractedfrom the treebankand (iii) representationm existing treebanksare staticand over the (often year or decade-long)
evolution of alarge-scaldreebankendto fall behindtheoreticaladwancesn formal linguisticsandgrammaticatepresentation.
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
treebanktself, synchronizedo the developmentof ideasin syntactictheory Startingin October2001,the projectis aimingto build the
foundationdor this new typeof treebankdevelopabasicsetof toolsrequiredfor treebankconstructiorandmaintenanceandconstruct
aninitial setof 10,000annotatedreesto be distributedtogetherwith the tools underan open-sourcdicense. Building a large-scale
treebankdisseminatingt, and positioningthe corpusasa widely-acceptedesources a multi-year effort; the resultsof this seeding
activity will sene asa proof of conceptfor the novel approachhatis expectedio enablethe LinGO groupat CSLI bothto disseminate
the approachto the wider academicandindustrialaudienceandto secureappropriatfunding for the realizationand exploitation of a
largertreebank.The purposeof publicationat this early stageis three-fold: (i) to encouragdeedbackon the Redwoodsapproactrom
a broaderacademicaudience(ii) to facilitate exchangewith relatedwork at other sites,and (iii) to invite additionalcollaboratorso
contrikuteto the constructiorof the Redwoodstreebanlor startits exploitationasearly-accessersionshecomeavailable.

1. Why Another (Type of) Treebank? We obsere generatonsensusnthenecessityor bridging
actiities, combiningsymbolic and stochasticapproaches
to NLP; also,the transferof HPSG resourcesnto industry
hasamplified the needfor generalparseranking, disam-
biguation,androbustrecoverytechniquesvhichall require
suitablestochastianodelsfor HPSG processingWhile we
find promisingresearchin stochasticparsingin an num-
berof frameworks,thereis alack of appropriatelyrich and
dynamiclanguagecorporafor HPSG. Lik ewise, stochastic
parsinghasso far beenfocussedon |IE-type applications
andlacksary depthof semanticinterpretation. The Red-
woodsinitiative is designedo fill in this gap.

For the pastdecadeor more, symbolic, linguistically
oriented methods(like those pursuedwithin the HPSG
framawork; seebelon) andstatisticalor machinelearning
approacheso NLP have typically beenperceved as in-
compatibleor evencompetingparadigmstheformer, more
traditionalapproachesareoftenreferredto as‘deep’ NLP,
in contrastto the comparatrely recentbranchof language
technologyfocussingon ‘shallown’ (text) processingneth-
ods. Shallov processingechniquesave produceduseful
resultsin mary classe®f applicationsbut have notmetthe
full rangeof needsfor NLP, particularlywhereprecisein-
terpretations important,or wherethe variety of linguistic Most probabilisticparsingresearch—includingpr ex-
expressionis large relative to the amountof trainingdata  ample,work by by Collins (1997), Charniak(1997), and
available.Ontheotherhand,deepapproacheto NLP have ~ Manning and Carpenter(2000)—is basedon branching
only recentlyachiesed broad enoughgrammaticalcover  processmodels(Harris, 1963). An importantrecentad-
ageand sufficient processingefficiency to allow theuseof  vancein this areahas beenthe applicationof log-linear
HPSG-type systemdn certaintypesof real-world applica- models (Agresti, 1990) to modeling linguistic systems.
tions. Fully-automateddeepgrammaticahnalysisof unre- ~ Thesemodelscandealwith themary interactingdependen-
strictedtext remainsanunresohedchallenge. ciesandthestructuralcompleity foundin constraint-based

In particular applicationsof analyticalgrammarsfor  or unification-basedheoriesof syntax(Johnson,Geman,
naturallanguageparsingor generatiomequiretheuseof so-  Canon,Chi, & Riezler 1999). The availability of evena
phisticatedstatisticaltechniquedor resolvingambiguities. medium-sizetreebankwould allow us to begin exploring
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the useof thesemodelsfor probabilisticdisambiguatiorof
HPSG grammars At the sametime, otherresearcherbave
startedvork onstochastieiPSG (or areaboutto), somepur-
suingunsupervisedpproachedyutin mary casesisingthe
samegrammaror at leastthe samedescriptve formalism
andgrammarengineeringervironment. The availability of
a reasonablylarge, hand-disambiguatedPsG treebankis
expectedto greatly facilitate comparabilityof resultsand
modelsobtainedby variousgroupsand,eventually to help
definea commonevaluationmetric.

2. Background

The LinGO Projectat CSLI hasbeenconductingre-
searchand developmentin Head-Driven PhraseStructure
Grammar(HPsG; Pollard & Sag,1994) since 1994. In
closecollaborationwith internationalpartners—primarily
from Saarbiicken (Germary), Cambridge Edinburgh, and
Sussg (UK), and Tokyo (Japan)—thd.inGO Projecthas
developedabroad-cwerage preciseHPSG implementation
of English(the LinGO EnglishResourceGrammay ERG;
Flickinger, 2000),aframavork for semanticompositiorin
large-scalecomputationalgrammars(Minimal Recursion
Semantics,MRS; Copestak, Lascarides,& Flickinger,
2001), and an advancedgrammardevelopmenterviron-
ment(the LkB system;Copestak, 1992,1999). Through
contritutionsfrom collaboratingpartnersa pool of open-
sourceHPSG resourceshas developedthat now includes
broad-coweragegrammarsfor several languagesa com-
mon profiling and benchmarkingenvironment (Oepen&
Callmeier 2000),andan industrial-strengttC*+ run-time
enginefor HPSG grammargCallmeier 2000). LinGO re-
sourcesarein useworld-wide for teaching,researchand
applicationbuilding. Becauseof the wide distribution and
commonacceptancethe HPSG framework andLinGO re-
sourcegresentan excellentanchorpoint for the Stanford
treebankingnitiative.

3. A Rich and Dynamic Treebank

Thekey innovativeaspecbf the Redwoodsapproacho
treebankings the anchoringof all linguistic datacaptured
in the treebankto the HPsSG framework and a generally-
available broad-caoerage grammarof English, viz. the
LinGO English ResourceGrammay combinedwith tools
for the extraction of various, userdefinedrepresentations
andasoftwareervironmentto continuouslyupdatethetree-
bankaspartof theon-goinggrammamaintenancendex-
tension.Unlike existing treebankstherewill be no needto
definea (new) form of grammaticatepresentatiospecific
to thetreebank.Instead the treebanlkwill recordcomplete
syntacto-semantianalysesas definedby the LinGO ERG
andprovidetoolsto extractmary differenttypesof linguis-
tic informationat greatlyvarying granularity

In particular the project centrally draws on the [incr
tsdb()] profiling ervironment (essentiallya specialized
databaserecording fine-grainedparsing results obtained
from diverseHPsG systemsQOepen& Carroll, 2000),con-
structingthe treebankas an extensionof the existing data
model and tools. In turn building on a pre-&isting tree
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comparisontool in the LkB (similar in kind to the SRI
CambridgeTreeBanler; Carter 1997),thetreebankingen-
vironmentpresent&nnotatorspnesentencatatime, with
the full setof analysegproducedby the grammar Using
the tree comparisontool, annotatoran quickly navigate
throughthe parseforest and identify the corrector pre-
ferredanalysisin the currentcontext (or, in rarecasesre-
jectall analysegproposedy thegrammar).Thetreeselec-
tion tools persentaiserswho needlittle expertknowledge
of theunderlyinggrammay with a rangeof propertieghat
distinguishcompetinganalysesindthatarerelatively easy
to judge. Eachsuchpropertycorrespondso the usageof a
particularlexical item, semanticrelation,or grammarrule
appliedto a specificsubstringto form a constituent;un-
like the LFG pacled f-structurerepresentationsiscussed
by King, Dipper, Frank,Kuhn,andMaxwell (2000),the set
of basicdiscriminatingpropertiesreduceghe information
presentedo annotatorgo the minimal amountof structure
requiredto completelydisambiguatea sentence.All dis-
ambiguatingdecisionsmadeby annotatorsarerecordedn
the[incr tsdb()] databasandthusbecomeavailablefor (i)
later dynamicextractionfrom the annotatedorofile or (ii)
dynamicpropagationinto a more recentprofile obtained
from re-runninganextendedversionof thegrammaronthe
samecorpus.

Importantinnovative researctaspectgertainingto this
approacho treebankingare (i) enablingusersof the tree-
bankto extract information of the type they needandto
transformthe availablerepresentatiomto aform suitedfor
their needsand (ii) updatingthe treebankfor an enhanced
versionof thegrammamnderlyingtherecordedanalysesn
anautomatedashion viz. by re-applyingthe disambiguat-
ing decisiongo anupdatedversionof thecorpus.

Depth of Representation and Transformation of In-
formation Internally, the [incr tsdb()] databaseecords
analysesn threedifferentformats,viz. (i) asa derivation
treecomposedf identifiersof lexical itemsandconstruc-
tions usedto constructthe analysis, (i) as a traditional
phrasestructuretreelabeledwith aninventoryof somefifty
atomiclabels(of thetype'S’, ‘NP’, ‘VP’ etal.),and(iii) as
anunderspecifiedlRS meaningrepresentationWhile (ii)
will in mary casedesimilarto therepresentatiofoundin
the PennTreebank(iii) subsumsethe functor—argument
(or tectogrammaticalstructureas it is adwocatedin the
PragueDependeng Treebanlor the GermanTiGer corpus.
Most importantly however, representatiori) providesall
the information requiredto replay the full HPSG analysis
(e.g.usingtheoriginal HPSG grammarandoneof theopen-
SourceHPSG processingrvironmentsg.g.theLKB or PET,
whichalreadyhave beeninterfacedto [incr tsdb()]). Using
thelatterapproachusersof thetreebankareenabledo ex-
tract informationin whatever representatiorthey require,
simply by reconstructinghe full analysisandadaptingthe
existing mappings(e.g.the inventory of nodelabelsused
for phrasestructuretrees)to their needs.Figure 1 depicts
the internal Redwoodsencodingandtwo export represen-
tationsderived from existing corversionroutines.Labeled
phrasestructuretreesresultfrom reconstructinga deriva-
tion (using the original grammar)and matchinga user
definedsetof underspecifiedeaturestructure'templates’



Table 1: Redwoodsdevelopmentstatusas of February2002: four setsof transcribedand hand-sgmentedVverbMobil
dialogueshave beenannotated.The columnsare,from left to right, the total numberof sentencegexcluding fragments)
for which the LinGO grammarhasat leastone analysis(‘'t’), averagelength(‘||’), lexical and structuralambiguity (‘' ®’
and’ x’, respectiely), followed by the last four metricsbroken down for the following subsetssentencesi) for which
the annotatorejectedall analysegno active trees),(ii) whereannotationresultedin exactly one preferredanalysis(one
active tree), (iii) thosewherefull disambiguatiorwasnot accomplishedhroughthe first roundof annotation(morethan
oneactive tree),and(iv) massvely ambiguoussentencethathave yetto beannotated.
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againstthe HPSG featurestructureat eachnodein thetree.
Theelementandependenggraph,ontheotherhand,is an

abstractiorirom thefull MRS meaningepresentatioasso-
ciatedto eachfull analysis;informally, elementarydepen-
denciescorrespondo the type of tectogrammaticatepre-
sentationgoundin thePragueDependeng Treebanlor the
GermanTiGer corpusand,likewise,resembldhebasicre-

lationssuggestedor parserevaluationby Carroll, Briscoe,
andSanfilippo(1998).Givenarich bodyof MRS manipua-
tion andcorversionsoftware,it is relatively straightforward
to adaptthe type andform of elementarydependencie®

userneeds.

For evaluationpurposesthe existing [incr tsdb()] fa-
cilities for comparingacrosscompetencendperformance
profilescanbe deployed to gaugeresultsof a (stochastic)
parsedisambiguatiorsystem essentiallyusingthe prefer
encesrecordedin the treebankasa ‘gold standard’target
for comparison.While the conceptof a meta-treebanlof
thetypeproposederehasbeenexploredin earlierresearch
(e.g.theAMALGAM projectatLeedsUniversityin the UK;
Atwell, 1996), previous approacheso the dynamicmap-
ping of treebankepresentationisave built onastatic,finite
setof hand-constructethappings.

Automating TreebankConstruction Althoughaprecise
HPSG grammarlike the LinGO ERG will typically assign
a small numberof analysesto a given sentencechoos-
ing amonga handfulor sometimesa few dozensof read-
ings is time-consumingand error-prone. The projectwill
exploretwo approacheto automatinghe disambigutation
task,viz. (i) seedindexical selectiorfrom a part-of-speech
(POS)taggerand(ii) automatednter-annotatocomparison
and assistedesolutionof conflicts. Rankinglexical am-
biguity on the basisof taggerassigned?OS probabilities
requiresresearchinto generalization®ver the ratherfine-
grainedhierarchy of HPSG lexical types and identifying
mary-to-mary correspondences a standard?OStagset.
Corversely detectingmismatchegi.e. conflicts) between
disambiguatinglecisionanadefor thesamenputsentence
by two independenainnotatorswill facilitateresearchinto
the linguistic natureof the discriminatingpropertiesused
andexistinglogicalrelationg(inclusion,implication,incon-
sisteny et al.) amongsubset®of discriminators.To exem-
plify the natureof thesepropertiesconsiderthe sentence

(1) Haveherreporton mydeskby Friday!

which is (correctly) assignecthirty two readingsby the
HPSG grammar;while humanlanguageusers(and corre-
spondinglyhumanannotatorsvill typically not notemost
of the alternative analysespne can contextualizethe sen-
tenceto emphasizeitheroneof thefollowing ambiguities:
the causatre vs. possessie have the determinervs. per
sonalpronounher, the nounvs. verb report, the temporal
vs.locative prepositiorby, andFriday asa dayof theweek
vs. asa propernoun (e.g.the nameof a bar). Usingthe
treecomparisortool andour notionof elementarydiscrim-
inators,annotatorscan reducethe setof analysegquickly
(wherefull disambiguatiorrequiresminimally four deci-
sionsfor this example);yet, a POStaggerwill reliably as-
sign high probability to the pairings(her, determiney and
(report, noun) which couldbeusedto biasthe presentation
to annotators.

Treebank Maintenance and Evolution Perhapsthe
most challengingresearchaspectof the Redwoodsinitia-
tive is aboutdevelopinga methodologyfor automatedup-
datesof the treebankto reflect the continuousevolution
of the underlyinglinguistic framework and of the LinGO
grammar Again building on the notion of elementarylin-
guistic discriminatorsiit is expectedto explore the semi-
automaticpropagationof recordeddisambiguatingdeci-
sionsinto newer versionsof the parsedcorpus. While it
can be assumedhat the basic phrasestructureinventory
and granularityof lexical distinctionshave stabilizedto a
certaindegree,it is not guaranteedhatonesetof discrim-
inatorswill alwaysfully disambiguate morerecentsetof
analysedor the sameutterancgasthegrammarmmayintro-
duceadditionaldistinctions),nor that re-playinga history
of disambiguatingdecisionswill necessarilyidentify the
correct, preferredanalysisfor all sentences.Oncemore,
abetterunderstandingnto the natureof discriminatorsand
relationsholding amongthem is expectedto provide the
foundationdor anupdateprocedurehat, ultimately, should
be fully automatedr at leastrequireminimal manualin-
spection.

Scopeand Curr ent Stateof Seedinglnitiati ve  Thefirst
10,000treesto be hand-annotateds part of the kick-off
initiative are taken from a domainfor which the English
Resourcésrammaiis known to exhibit broadandaccurate



coverageyviz. transcribedace-to-Acedialoguesin an ap-
pointmentschedulingandtravel arrangemeniomain.Cor-
poraof some50,000suchutterancesre readily available
from the VerbMobil project (Wahlster 2000) and have al-
readybeenstudiedextensvely amongresearchersvorld-
wide in thefield. For the follow-up phaseof the project, it
is expectedto move into a seconddomainandtext genre,
presumablymore formal, editedtext taken from newspa-
pertext or anotherwidely available on-line source. As of
April 2002,theseedingnitiative is well undervay. Thein-
tegratedtreebankingervironment,combining[incr tsdb()]
andthe LKB tree selectiontool, hasbeenestablishecand
hasbeendeployedin afirstiterationof annotatinga corpus
of 10,000VerbMobil utterances.For a second-yeaftan-
ford undegraduaten linguistics,the approacho parsese-
lectionthroughminimal discriminatorgurnedoutto be not
atall hardto learnandrequiredlesstrainingin specificsof
thegrammaticabnalysesleliveredby theLinGO grammar
thancould have beenexpected.

Tablel summarizeshecurrentRedwoodsdevelopment
statuswhile annotatiorof aresidualffractionof highly am-
biguoussentenceandinter-annotatorcross-alidationcon-
tinue,thecurrentdevelopmensnapshobf thetreebankcan
be madeavailableuponrequest We have just startedwork
onstochastiparseselectiormodelsfor theRedwoodstree-
bank,sofar obtaininga parseselectionaccurag of around
eightypercentfrom acombinationof existing methodsap-
plied to the Redwoodsderivationtreesandelementaryde-
pendeng graphgseeFigurel); detailson Redwoodsparse
selectiorresultswill bereportedn separatg@ublications.

4. RelatedWork

To our bestknowledge,no prior researcthasbeencon-
ducted exploring both the linguistic depth, flexibility in
available information, and dynamic nature of treebanks
as proposedpresently Earlier work on building corpora
of hand-selectednalysesrelative to an existing broad-
coveragegrammarwas carried out at Xerox PARC, SRI
CambridgeandMicrosoft Researchasall theseresources
aretunedto proprietarygrammar&ndanalysisenginesthe
resultingtreebanksare not publicly available,nor have re-
searchresultsreportecbeenreproducible.Yet,especiallyin
thelight of thesuccessfuLinGO open-sourceepositoryit
seemyital that both the treebankand associateghrocess-
ing schemeandstochastienodelsbe madeavailableto the
generalacademicpublic.

An on-going initiative at Rijksuniversiteit Groningen
(NL) is developing a treebankof dependeng 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-
ysesproposeddy the grammar;the LKB treeselectiontool
was originally developedby Malouf, after all), thereare
three important differences. Firstly, the Groningende-
cision to composethe treebankfrom dependeng struc-
turescommitsthe resultingresourceto a single stratumof
representationtectogrammaticastructureessentiallyand
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thus eliminatessome of the flexibility in extracting var
ious typesof linguistic structurethat the Stanfordinitia-
tive foresees. Secondly andin a similar vein, recording
dependeng structuresmeansthat the (stochastic)disam-
biguationcomponenhasto considertwo syntacticallydif-
ferentanalysessquivalentwhenever they projectidentical
dependengstructureshence thereis a mismatchof gran-
ularity betweenthe disambiguatedreebankstructuresand
the primary structureqi.e. derivationtrees)constructedy
the grammar Finally, the Groningeninitiative is making
the assumptiorthat the dependeng structures,oncethey
are storedin the treebank,are correctand do not change
overtime (or asan effect of grammarevolution); from the
availablepublicationsatleast.thereis no evidencethatthe
disambiguatinglecisionamadeby annotatorsrerecorded
in the treebankor that the projectexpectsto dynamically
updatethe treebankwith future revisionsof theunderlying
grammar

Another closely relatedapproachs the work reported
by Dipper (2000), essentiallythe applicationof a broad-
coverageLFG grammarfor Germanto constructingtec-
togrammaticastructuredor the TiGer corpus.While mary
of the basicassumptionaboutthe value of a systematic,
broad-coeragegrammarfor the treebankconstructiorare
sharedthe strateyy followedby Dipper (2000)exhibits the
samdimitationsasthe Groningeninitiative: the TiGer tar
get representationstill, is mono-strataland the approach
to hand-disambiguatioand subsequentransferof result
structuredinto the TiGer corpusloosesthe linkage to the
original analysesandbasicpropertiesusedin the disambi-
ugation,hencethe potentialfor dynamicadaptatiorof the
dataor automaticupdates.
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Figurel: Native anddervedRedwoodsrepresentationfor thesentenc®o youwantto meeton Tuesday?— (a) derivation
tree using uniquerule and lexical item identifiersof the sourcegrammar(top), (b) phrasestructuretree labelled with

userdefined parameterizableateyory abbreviations(center),and(c) elementarydependeng graphextractedfrom MRS
meaningrepresentatiofbottom).
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Abstract
The GEIG metric for quantifying accuracy of parsing became influential through the Parseval programme, but many researchers ha
seen it as unsatisfactory. The LA metric, first developed in the 1980s, arguably comes closer to formalizing our intuitive concept ¢
relative parse accuracy. We support this claim via an experiment which contrasts the performance of alternative metrics on the sa
body of automatically-parsed examples. The LA metric has the further virtue of providing straightforward indications of the location
of parsing errors.
Incidentally, we believe that the LA metric was the
1. Introduction earliest parse-assessment metric in the field, having been

iefly described in print, in the 1980s
One of us (Sampson 2000) has argued that what we c(’?i?ed’ and briefly _ ’ .
the leaf-ancestor (LA) metric is better than the (>@mpson, Haigh, & Atwell 1989: 278), though it was

Grammar Evaluation Interest Group (GEIG) metric used@ter eclipsed by the influential Parseval programme.

in the Parseval competition series (e.g. Black et al. 1991
as a way of quantifying the accuracy of automatic parsez- | he Essence of Leaf-Ancestor Assessment
in a context where gold-standard parses using a knowrhe LA metric evaluates the parsing of an individual
scheme of node labelling are available. This papeterminal element in terms of the similarity of the
presents an experiment comparing the performance of théneages of that element in candidate and gold-standard
two metrics on a sample of automatic-parser output. parse trees, where a lineage is essentially the sequence of
The GEIG metric, which counts the numbers ofnode-labels for nodes on the unique path between the
tagmas (multi-word grammatical units) correctly andterminal element and the root node. The LA value for the
incorrectly identified, from our point of view lays parsing of an entire sentence or other many-word unit is
excessive weight on locating the exact boundaries dafimply the average of the values for the individual words.
constructions. Apart from (we claim) yielding figures for parsing
As originally defined by Black et al. and as it is oftenaccuracy of complete sentences which succeed better than
applied, the GEIG metric takes no account of node labekhe GEIG metric in quantifying our intuitions about parse
at all: it only considers the location of brackets. And inaccuracy, the LA metric has the further practical virtue of
consequence, this metric includes no concept ofdentifying the location of parsing errors in a
approximate correctness in identifying tagmas: a pair oftraightforward way.
brackets either enclose a sequence of words (or other We illustrate the general concept of LA assessment
terminal elements) exactly corresponding to a sequenassing one of the shortest sentences in our experimental
bracketed off in the gold-standard parse, or not. The resulata-set. (The nature of that data-set, and the gold-
is that it is unclear as to how the score on [the GEIGJstandard parsing scheme, will be discussed below.) The
metric relates to success in parsing (Bangalore et akentence rungvo tax revision bills were passe@ertain
1998). typographic details, including capitalization, inverted
More recently (Magerman 1995, Collins 1997) acommas, and sentence-final punctuation marks, have been
refined variant of the GEIG metric has been used whickliminated from the examples.) The gold-standard
does check label identity as well as wordspan identity imnalysis, and the candidate analysis produced by an
matching tagmas between gold-standard and candidadeitomatic parser, are respectively:
parses. We shall argue that even this variant of the GEIG
metric is inferior to the LA metric. We shall refer to the 1G [S [N1two [N1 tax revision] bills ] were passedl
Black et al. (1991) and Collins (1997) variants of thelC [S [NPtwo tax revision bill§ were passed
GEIG metric as GEIG/unlabelled and GEIG/labelled
respectively. (Here and below,nG and n C label gold-standard and
We think of parsing as determining what kind of candidate analyses for an example
larger elements are constituted by the small elements of a The automatic parser has failed to identdy revision
string that are open to direct observation. Identifying thes a unit within the tagma headed lbyls, and it has
exact boundaries of the larger elements is a part, but onlgbelled that tagma NP rather than N1. Lineages for these
one part, of that task. If, for instance, in the gold standardree structures are as follows, where for each terminal
words 5 to 14 are identified as a noun phrase, then element the gold-standard lineage is shown to the left and
candidate parse which identifies a noun phrase ate candidate lineage to the right of the colon, and within
beginning at word 5 but ending at word 13, or word 15gach of the paired lineages the Leaf end is to the Left and
should in our view be given substantial though not fulithe Root end to the Right:
credit; under the GEIG metric it is given no credit. The
LA metric quantifies accuracy of parsing in this sense.
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two N1[S:NP[S S finite clause

tax [NIN1S:NPS VP nonfinite clause

revisionN1]N1S:NP S NP noun phrase containing specifier

bills N1]S:NP]S N1 noun phrase without specifier

were S:S PP prepositional prase

passed S]:S] AP adjectival or adverbial phrase

T  textual constituent, defined by Briscoe and
The only aspect of the relationship between this Carroll as a tagma enclosing a sequence of sub-

notation and the tree structures which is not self- constituents whose relationship is syntactically
explanatory is the inclusion of boundary markers (left and indeterminate due to the presence of intervening,
right square brackets) in many of the lineages. These are delimiting punctuation

included in accordance with the following rules:
The use of these seven categories is defined in greater
* a left-boundary symbol is inserted in the lineagedetail in documentation supplied to us, but for present
of a terminal element immediately before the labelpurposes it is unnecessary to burden the reader with this
of the highest nonterminal beginning with thatmaterial. The automatic-parser output occasionally
element, if there is such a nonterminal included node-labels not on the above list (e.g. V, N2), but
these were always regarded by the developers of the
» aright-boundary symbol is inserted in the lineageparser as mistakes.
of a terminal element immediately after the label Briscoe and Carroll s original data included
of the highest nonterminal ending with that GEIG/unlabelled precision and recall scores for each
element, if there is such a nonterminal automatic parse, assessed against the SUSANNE
bracketing as gold standard. For the purposes of this
The reason for including these elements in lineages iBxperiment, the Evalb program (Sekine & Collins 1997)
that, without them, a set of lineages would not alwaysvas used to produce GEIG/labelled precision and recall
uniguely determine a tree structure; for instance théigures for the same data. In order to be able to compare
structures [P [Qab][Q c]] and [P[Q ab c]] our LA scores with single GEIG/labelled and
would not be distinguishable, since the lineage for eacGEIG/unlabelled scores for each sentence, we converted
terminal element in both cases would consist of theairs of precisionR) and recall R) figures toF-scores
sequenceé P . A set of lineages in which boundary (van Rijsbergen 1979) by the formuta= 2PR/(P + R),
markers have been inserted by these rules uniquethere being no reason to include a weighting factor to
determines the tree structure from which it is derived. make precision accuracy count more than recall accuracy
Thus, in the example above, the LA metric equates ther vice versa
accuracy with which the wortivo has been parsed with One of us (Babarczy) constructed a set of gold-
the degree of similarity between the two stritNR’[ S standard trees that could be compared with the trees
andN1[S , it equates the parse-accuracy fax with  output by the automatic parser, by manually adding labels
the degree of similarity betweeNP S and from the seven-element Briscoe and Carroll label
[’N1°N1°S , and so forth; for the last two words the vocabulary to the SUSANNE bracketing, in conformity
lineages are identical, so the metric says that they haweith the documentation on that seven-element vocabulary.
been parsed perfectly. We postpone discussion of oBecause the parsing scheme which the automatic parser
method for calculating string similarity until after we havewas intended to apply was very different from the

discussed our experimental material. SUSANNE scheme, to a degree this was an artificial
exercise. In some cases, none of the seven labels was
3. The Experimental Material genuinely suitable for a particular SUSANNE tagma; but

Our experiment used a set of sentences from genf¥'€ of them was assigned anyway, and such assignments
sections A and G of the SUSANNE Treebank (Sampsolf€r€ made as consistently as possible across the 500-
1992) parsed by an automatic treebanker developed at tRgNtence data-set. The admitted artificiality of this
Universities of Cambridge and Sussex by Ted Briscoe arfocedure did not seem unduly harmful, in the context of
John Carroll; of those sentences for which the treebank&” investigation into the performance of a metric (as
was able to produce a structure, a set of 500 was randonftP0S€d to an investigation into the substantive problem
chosen. For the purposes of illustrating the performance & automatic parsing).
the LA metric and comparing it with the GEIG metric, we . . T
wanted material parsed by a system that used a simple 4. Calculation of Lineage Similarity
parsing scheme with a smallish vocabulary of nontermindleaf-ancestor assessment depends on quantifying the
labels, and which made plenty of mistakes in applying theimilarity between pairs of strings, which is done in terms
scheme to real-life data; there is no suggestion that thaf a variant of Levenshtein distance (Levenshtein 1966),
parses in our experimental data-set represent the state afso called edit distance. The Levenshtein distance
the art for automatic parsing. between two strings is the minimum cost for a set of
The parsing scheme which the automatic parser wassert, delete, and replace operations to transform one
intended to apply used seven nonterminal labels, whicktring into the other, where each individual operation has a
we gloss with our own rather than Briscoe and Carroll £ost of one. For instance, the Levenshtein distance
labels: betweenABCBD andADCB s two: the latter
string can obtained from the former by replacing the
second character wifd and deleting the last character.
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We define similarity between candidate and gold-Corpus text and line number. The location for example (1)
standard lineages in terms of a variant of Levenshteiwmas A02:0790.51. Candidate parses are followed in
distance, in which the cost of a replace operation is ndirackets by their GEIG/unlabelled, GEIG/labelled, and
fixed but varies over the interval (0, 2) depending on amA scores, in that order.)
application-defined concept of similarity between the two The LA and GEIG numerical scores are very different;
symbols involved in a replacement. In the presenbut more important than the raw scores are the rankings
experiment, replacement of a symbol by an unrelatedssigned by the respective metrics, relative to the range of
symbol costs 2; replacement of a symbol by a differen500 examples. For both GEIG/labelled and
symbol sharing the same first character (e.g. NP for N1 dBEIG/unlabelled, the parse of (2) is in the tenth (i.e. the
vice versa costs 1.5. The intuition here is that if two lowest) decile; for LA, it is in the second decile. (Th¢h
grammatical categories are entirely dissimilar, then for @ecile, for any of the metrics, refers to the set of
parser to mistake one for the other amounts to twexamples occuping ranks 50 1) + 1 to 50 when the
separate errors of failing to recognize the existence of 800 candidate parses are ordered from best to worst in
tagma of one kind, and falsely positing the existence aferms of score on that metric; for instance the second
another type of tagma (a delete and an insert); but partidkcile is the set of examples ranked 51 to 100. Where a
credit ought to be given for mistaking, say, a noun phrasgroup of examples share identical scores on a metric, for
for an N-bar. (When LA assessment is deployed impurposes of dividing the examples into deciles an arbitrary
practice, the symbol-replacement cost function should berder was imposed on members of the group.)
chosen by reference to the nature of the particular scheme The difference between the low GEIG scores and the
of parsing categories, and to the goals of the applicatiohigh LA score for example (2) is a classic illustration of
for which parsing is needed.) one of the standard objections to the GEIG metric. The

If len(s) is the length of a string and ML, t) is the  parser has correctly discovered that the sentence consists
modified Levenshtein distance (under some choseof an S within NP within S structure, and almost every
symbol-replacement cost function) between stsngnd  word has been given its proper place within that structure;
string t, then the similarity between candidate and goldjust one word has been attached at the wrong level, but
standard lineages, g for a given terminal element is because this leads to the right-hand boundary of two of the
computed as 1 — Ml @)/(len(c) + len@)), which for any three tagmas being slightly misplaced, the GEIG score is
¢, g must fall on the interval (0, 1). The accuracy of avery low. We believe that most linguists intuitive
candidate parse is defined as the mean similarities of tressessment of example (2) would treat it as a largely-
lineage-pairs for the various words or other terminakorrect parse with one smallish mistake, not as one of the
elements of the string. worst parses in the data-set — that is, the intuition would

Applied to our short example sentence, this metriagree much better with the LA metric than with the GEIG
gives the scores for successive terminal elements shownnmetrics in this case.
the left-hand column below: An extreme case in the opposite direction (LA score

lower than GEIG score) is (3):
0.917 two N1[S:NP[S

0.583 tax [NIN1S:NPS 3G [Syes ,[S for they deal[PPwith distress] ] ]
0.583 revision N1L]N1S:NPS G12:1340.42
0.917 bills N1]S:NP]S 3C [Tyes ,[PPfor they dealPPwith distresg ]] (1.0,
1.000 were S:S 0.333, 0.262)

1.000 passed S]:S]
The GEIG/unlabelled metric gives 3C a perfect mark —
The average for the whole sentence is 0.833. Faall brackets are in the right place; but its LA score is very
comparison, the GEIG/unlabelled and GEIG/labelledow, because two of the three tagmas are wrongly labelled

F-scores are 0.800 and 0.400. — 0.262 is in fact by a clear margin the lowest LA score
for any of the 500 examples. One might of course debate
5. Are the Metrics Equivalent? about whether, in terms of the Briscoe/Carroll labelling

The figure for the LA metric just quoted happens to b cheme, the root tagnshouldbe labelled S rather than T,

very similar to one of the two GEIG figures. An obvious' ut that is not to the point here. The relevant point is that,
initial question about the performance of the metrics ovef the target is the gold-standard parse shown, then a
the data-set as a whole is whether, although the metricetric which gives a poor score to 3C is performing better

are calculated differently, they perhaps turn out to imposk'an & metric which gives it a perfect score.
much the same ranking on the candidate parses. For example (3), GEIG/labelled performs much better

To this the answer is a clear no. An extreme case i§an GEIG/unlabelled. Where parsing errors relate wholly
2): or mainly to labelling rather than to structure, that will be

so. But we have seen in the case of (2), and shall see

2G [Sit is not[NP a mesgS you can make sense of] again, that there are other kinds of parsing error where

G12:0520.27 GEIG/labelled is no more, or little more, satisfactory than
2C [Sit is not[NP a mesgS you can make sengd of] ~ CEIG/unlabelled.

0.333, 0.333, 0.952 )

( ) 6. Performance Systematically Compared
(Here and below, gold-standard analyses are followed by order systematically to contrast the performance of the
the SUSANNE location code of the first word — omittingnetrics, we need to focus on examples for which the
the last three characters, this is the same as the Browanking of the candidate parse is very different under the
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different metrics, which implies checking cases whose GEIG/labelled deciles for LA 10th decile:
parses are among the lowest-ranked by one of the metrics.

It would be little use to check the highest-ranked parses by 1st 0
either metric. Many candidates are given perfect marks by 2nd 0
the LA metric, because they are completely accurate, in 3rd 1
which case they will also receive perfect GEIG marks. 4th 1
Some candidates receive perfect GEIG/unlabelled marks 5th 3
but lower LA (and GEIG/labelled) marks, however this 6th 8
merely reflects the fact that GEIG/unlabelled ignores 7th 5
labelling errors. 8th 5

We have checked how many examples from the lowest 9th 8
GEIG/unlabelled and GEIG/labelled deciles fall into the 10th 19

various LA deciles, and how many examples from the
lowest LA decile fall into the various GEIG/unlabelled  Clearly there is a tendency for parses assigned poor

and GEIG/labelled deciles. These are the results:

LA deciles for GEIG/unlabelled 10th decile:

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

NRP~NORNNWERO

B

LA deciles for GEIG/labelled 10th decile:

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

OCWoO~NFrR,ROORFrRFrOo

o

GEIG/unlabelled deciles for LA 10th decile:

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

POOPRROWORMOPR

N

LA scores also to be assigned poor GEIG scoresyiaed
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 [Sthen he begaifVP to speak[PPabout[NP the
tension[PPin art ] [PP betweer{NP the mes$N1 and
form]11111] G12:0610.27

4C [Sthen he beganfVP to speak|PPabout[NP the
tension] ] [PPin [N1 art [PPbetweer{NP the mes§ ]
[N1and form]]]]] (0.353, 0.353, 0.921)

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

5G [SAlusik then moved Cooke acrd&P with [NP a
line drive[PPto left]]]] A13:0150.30

5C [SAlusik then moved Cooke acrogaP with [NP a
line drive] ] [PPto left]] (0.500, 0.500, 0.942)

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

6C [S [NPtheir headq were[PPin [NP the air sniffing]
11 (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 tfe beforeleft which, to a
human analyst, makes it rather certain that our gold-
standard parse is the structure corresponding to the
writer s 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 rankedtach of these involves the same problems as (7) of
among the above-average parses. Notice, though, thatesence v. absence of a root T node and co-ordinate v.
although several words and tagmas have beesubordinate relationships between successive clauses.
misattached, nothing has been identified as a quitExample (8) includes further large discrepanciegen
different kind of tagma from what it really is (&& they = andwhetherare both treated as initiating prepositional
deal with distressin (3) above was identified as a phrases rather than clauses (though neither word has a
prepositional phrase rather than subordinate clausedtandard prepositional use). Example (9) has a similar
Therefore our intuitions do not clearly suggest that therror involvinguntil (this is more understandable, since
candidate should be ranked as worse than average, eithentil can be a preposition). Intuitively, to the present
our intuitions are rather indecisive in this case. In otheauthors, the LA metric seems correct in characterizing (8)
cases, where we have clear intuitions, the LA rankingind (9) as two of the cases where the candidate parse

agrees with them much better than the GEIG ranking.

deviates furthest from the gold standard, rather than as

Turning to cases where LA gives a much lowenwo of the best parses. The case of (10) is admittedly less
ranking than GEIG: the most extreme case is (3), alreadytearcut.

discussed. The LA 10th-decile, GEIG/labelled 3rd decile

Some readers may find this section unduly concerned

case (which is also one of the GEIG/unlabelled 3rd-decilavith analysts intuitions as opposed to objective facts.

cases) is (7):

7G [S [NPits ribs] showed ,[S it was [NP a yellow
nondescript colof ], [Sit suffered[PP from [NP a
variety [PPof sores] ] 1], [S hair had scabbedPP off
[NPits body] ] [PPin patcheq ]] G04:1030.15

7C [T [S [NPits ribs] showed] , [S it was[NP a yellow
nondescript colof ], [Sit suffered[PP from [NP a
variety [PPof sores] ] 11 , [S hair had scabbed off
[NP its body] [PPin patches] ]] (0.917, 0.833,
0.589)

But, if the question is which of two metrics better
quantifies parsing success, the only basis for comparison
is people s 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
educated intuition, 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 counting votes
from a large number of subjects. (Since the GEIG metric

There are large conflicts between candidate and golds widely known, raw numbers from an exercise like that
structure parses here: the candidate treats the successborild have as much to do with the extent to which
clauses as sisters below a T node, whereas under tmaividual informants were aware of that metric as with

SUSANNE analytic scheme the gold-standard treats thpre-theoretical responses to parse errors.) Deciding such
second and subsequent clauses as subordinate to the fiest,issue in terms of averaged subject responses would be
with no T node above it; and the candidate fails taas inappropriate as choosing between alternative scientific
recognizeoff as introducing a PP. The presence v. absendbeories by democratic voting. Rather, the discussion
of the T node, because it occurs at the very top of the treghould proceed as we have conducted it here, by appealing
affects the lineages of all words and hence has ® readers and writers individual intuitions with

particularly large impact on LA score (Sampson 2000: 6@liscussion of particular examples.

discussed this property of the LA metric).

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

decile cases are:

8G [S [Swhen[NP the crowd] was askedS whether it
wanted[VP to wait[NP one more tern} [VP to make
[NPthe race] 1111 , it voted no S and there were
[NP no dissent$]] A01:0980.06

[T [S [PPwhen [NP the crowd] was askedPP
whether it wantedVP to wait [NP one more ternj
[VP to make[NP the race] ]1]1] , it voted no] — [S
and there werdNP no dissent§ ]] (0.952, 0.667,
0.543)

8C

9G [S [Swe wo +n't knowNP the full amoun{ [S until
we get[NP a full report]]], Wagner said]
A09:0520.12

9C [T [Swe wo +nt know[NP the full amoun{ [PP until
we get[NP a full report] 11, [S Wagner said ]
(0.909, 0.545, 0.531)

10G [S [S [NPher husband was lying[PPon [NP the
kitchen floor] ] ], police said A19:1270.48

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

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 [Showever [NP the jury] said[Sit believes[S
[NP these two officebshould be combine/P to achieve
[N1 greater efficiency [VP and reducegNP the cost{PP
of administration] ]111]] A01:0210.15

11C [Showever [NP the jury] said [S it believes
[NP these twd [S offices should be combin§dP to [VP
achieve[N1 greater efficiency [VP and reducdNP the
cost[PPof administration] J]]1111] (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 avoid the unsatisfactory performance exemplified by (2)

1.000 , S:S above.)
1.000 the [NPS:[NPS Using the LA metric, researchers developing an
1.000 jury NP]S:NP]S automatic parser in a situation where large quantities of
1.000 said S:S gold-standard analyses are available for testing should
1.000 it [SS:[SS easily be able to identify configurations (e.g. particular
1.000 believesSS:SS grammatical words, or particular structures) which are
0.667 these NP[SSS:[NPSS regularly associated with low scores, in order to focus
0.750 two NPSSS:NP]SS parser development on areas where further work is most
0.667 offices NP]SSS:[SSS needed. If the parsing scheme used a larger variety of
1.000 should SSS:SSS nonterminal labels, one would expect that individual
1.000 be SSS:SSS nonterminals might regularly be associated with low
1.000 combinedSSS:SSS scores, though with the very austere nonterminal
1.000 to [VPSSS:[VPSSS vocabulary of the Briscoe/Carroll scheme that is perhaps
0.800 achieve VP SSS:[VPVPSSS less likely to be so. Even with a small-vocabulary scheme
0.923 greater [N1 VP SS S:[N1VPVP like this, though, one might expect to find generalizations
SSS such as when a subordinate S begins with a multi-word
0.923 efficiency N1 ]VP SSS:N1]VP VP NP, the parser tends to fail . Note that we are not saying
SSS that this is a true generalization about the particular
0.769 and [SVPSSS:[VPVPVP automatic parser used to generate the data under
0.727 reduce SVPSSS:VPVPVPSSS discussion; one such mistake occurs in the example above,
0.800 the [NPSVPSSS:[NPVP but we do not know whether this is a frequent error or a
VPVPSSS one-off. Any automatic parser is likely to make errors in
0.769 cost NP SVPSSS:NPVPVPVP some recurring patterns, though; the LA metric is
SSS potentially an efficient tool for identifying these, whatever
0.824 of [PPNPSVPSSS:[PP they happen to be.
NPVPVPVPSSS
0.824 administraton PP NP SVP SSS]: 8. Conclusion

PPNPVPVPVPSSS] From these results, we would argue that the leaf-ancestor

The disol h h di he LA ._metric comes much closer than the GEIG metric to
e display shows that, according to the LA metric,,,q ationalizing our intuitive concepts of accurate and
the early part of the sentence is parsed perfectly, and that, . rate parsing.

the worst-parsed part ikiese two officesThat seems Someone looking for reasons to reject the LA metric
exactly right; in the correct analysis, these three words alBight complain, correctly, that the algorithm for
a NP, subject of the clause which forms the object of5cyjating it is much more computation-intensive than

be(ljl_eve but the alétom?tt;]c parser has Ig.terprdlg.ﬂeveas 4 that for the GEIG metric. But intensive computation is not
a ditransitive verb witithese twaas indirect object, and 4 roplem in modern circumstances.

has treatedfficesas grammatically unrelated tioese two More important: there is no virtue in a metric that is
Intuitively, these are gross mistakes. The next stretch %fasy to calculate, if it measures the wrong thing
erroneous parsing is froachieveto the end, where each ' |
word s mark is pulled down by the error of takenchieve
to open a subordinate VP within the VP initiated by the 9. Acknowledgment )
precedingo. Relative to the SUSANNE scheme used herd Ne research reported here was supported in part by the
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Abstract
This paperexaminesparserevaluationin termsof edit distanceratherthanprecisionandrecall. We demonstratéhe potentialefficacy
of editdistanceasan evaluationmetricwith anexample,andcompae several edit distancescorego labeledprecisionandrecall scores
for several statisticalparsersfrom the literature. We suggest a simple schemathat hassomenice properties. Finally, we discussthe
applicability of edit distancemetricsfor comparingheterogeneusoutput.

1. Intr oduction

The dominaat metricsin parsingaccuacgy evaluation
areprecisionandrecall, which might suggesthat parsing
is a classificationtask, sincethesemetricsareintencedto
measue classificatioraccuacgy. Anotherwayto view pars-
ing is asa recoqition task, more analogusto somethiig
like speeclrecogition — recovering hidden structureover
an unlabéed, tempaally sequened signal— than classi-
fication. From this perspectie, we propose adoptirg the
evaluationmetricmostwidely usedfor speectrecoqition,
namdy string edit distance(Wagnerand Fischer 1974.
While thereis a literatute on tree edit distance(Tai, 197;
Zharg and Shasha198), which involves expandingand
contiacting labelededgesin a tree structure,we will not
appoachparserevaluatian from this perspectie. Rather
we will usethe simplerstring edit distancebetweerstring
repesentation®f parses.String edit distanceasa general
framework is very flexible, which will allow us to score
parseon morethansimply constituentabelandspan,and
to tailor the edit coststo particularneeds. We will useit
to evaluatehow well a parsematclesto gold standardjn
termsof (i) a sequene of contet-free rules correspad-
ing to the tree; (i) a sequencef corstituentswith span
information; or (iii) the labeledbracletingitself. We will
shawv thatthe specificdistancemetricswe will presenthave
somenice progerties: they make similar distinctiors be-
tween parses to thoseof standardabeledprecisionand
recall, when the nev measuresare appliedto statistical
parses trainedto producethe samekind of annotatio; and
they provide a corceptuallycleanway to encodeboth par
tial matcresandmatchescrosdabelingschemasThis pa-
peris notintendedto present specificapprachto evalu-
atingspecificparsersrathe ageneal apprachthat,in our
opinion, hasthebestchanceo provide aunifiedevaluatian
framework for the parsingcommunity.

Before continuirg further, let us definethe termsand
metricsthatwe aregoing to be usingin the course of this
pape. A parsecanberepresetedasalabeledoracleting?,

The labeledbracleting corventionthatwill be usedfor ex-
amplesin this paperare thosefrom the PennTreebank(Marcus
etal., 1993), but thatis not intendedto restrictthe scopeof this
paperto theseanndations.

e.g.

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

Eachleft parentlesis,whichwewill alsoreferto asanopen
bradet, is associatedvith a labelanda right parentlesis,
whichwewill alsocallaclosebraclet. Eachopenandclose
bradet pair denotesa constitueh in the parsetree. Each
corstituenthasa spanwhichis the partof the stringthatis
at the leavesof the sub-treerootedat the constitueh For
exanple,theNP corstituentin theexanple spanghewords
“The” and“dog’. Eachlocaltreein thestructure,.e. the
corstituentlabel andthe labelsof its children, constitutes
acontet-freerule instance For exanple, the highestlocal
treein the above labeledbracleting is an instanceof the
ruleS — NP VP.

A parserreturrs alabeledbracleting of a string, which
is evaluatedwith respecto a handabeledgold standad”
anrotation. The mostwidely usedmetricsto evaluatethe
accungy of the parsercomefrom the PARSEVAL recanm-
mendations(Black et al., 1991); amongthese Jabeledpre-
cisionandrecallareprincipal. Thelabeledmeasuredonot
cownt part-d-speechPOS alsoknowvn aspre-teminal) la-
bels,which arethosenonterminalswith oneandonly one
termiral child. In the abore examge, the accuacy of the
DT, NN, andVBD labelswould not beincluded in thela-
beledprecisionandrecallscores.Of the otherconstituers
in the labeledbracleting (S, NP, andVP), eachwould be
compmaredwith the constituentsn the gold standarcparse.
If they matchthe label andthe spanof an otherwiseun-
matched constituen in the gold standardparse thenthey
are cownted as correct, otherwiseincorrect. Labeledpre-
cision (LP) is the numker of correctconstituentgdivided
by the total numker of corstituentsin the parsers labeled
bradketing(excluding,of coursePOS).Labeledecall(LR)
is the number of correct constituentdivided by the total
nunberof constituentén thegold standad labeledbraclet-
ing. Oftenthesearecombiredinto asinglemeasurecalled
the F-measug, accoding to thefollowing formula:

2(LR)(LP)/(LR + LP) 1)
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Figure 1: Exampe edit distancdransduer.

TheE-meaureis 100minusthe F-measureThiswill come
in handywhen comparingpredsion andrecallbasednea-
sureswith errar ratesbasedon edit distance. Thereare
othermeasuresn the PARSEML recomnendatios, such
asthe crossingbracletsscores butfor the pumposeof this
pape, we will focusonlabeledpredsion andrecall.

Wewill presenstring edit distanceas weighted finite-
statetransdutior?. Let 3, be the alphalet of the input
string Sy € Yo%, andy; bethealphabebf theoutput string
S; € ¥1*. Let T be afinite statetransdicerthat maps(i)
all g € ¥y X1 tothemselesat nocost; (i) all ¢ € ¥ to
b € ¥ atcostl (substitution; (i) all ¢ € ¥ totheempty
string at cost1 (deletior); and (iv) the emptystring to all
b € ¥, atcostl (insertion) Thenthe editdistancebetween
So andS; istheleastcostpathin Sq 07 0 S;.

Figurel presets a transdeerfor (a+b}, which, when
usedaccordhg to the previous parayraph,returrs the edit
distancebetweentwo strings. Eacharcis labeledwith an
inpu symbol i, and output symbd o anda costc, asfol-
lows: i:olc. The emptystring haslabele. Only thosearcs
whichmapcharacterso themselesarecostfree. All other
arcs—substitution(a:b),deletion(a:), andinsertion(e:b) —
have costl. Thus,for example the edit distancebetween
aninpu string“abab”andanoutpu string“aabb”is two3.

Of course,it is up to us what thealphabetsandstrings
are.In thecaseof speechrecanition,whereeditdistances
usedo calculatethe worderrorrate(WER), the stringsare
stringsof words in thelexicon, andthe transdgtion maps
words to wordsor the emptystring. For the caseof parser
evaluation, we might consicer stringsof rules, stringsof
constituentsvith span,or stringscorsisting of piecesof the
labeledbracketing.It is alsoup to us what costto put on
thearcs.Intheabovefigure,all editcostsareone,butthere
may be casesvherethe costof anedit might bejudgedto
belessthanone.

Therestof the pape will bestructurd asfollows. First
we will motivatethe useof edit distancewith anexample
where precisionand recall give scoresthat fail to corre-
spord to intuitive notions of similarity, which an edit dis-
tancescoreis closerto. Thenwe will presemthree edit
distancemeasuresand how they perfam on four parser
implenentationsfrom the statisticalparsirg literature. Fi-
nally, wewill discusshow this appoachcanhardle more
compicatedschemashatmight addressomeof the cross-
systemissues.

2Foranintroductionto finite-statetransduces, see e.g. Juraf-
sky and Martin (2000).

®*Notethatthereis morethanonederivationherewith thesame
cost,e.g.a:ab:aa:b b:b(two substitutionspnda:ab: a:ab:b e:b
(onedeletionandone insertion).

2. Motivation

Onepereivedfailure of precisionandrecall measues
waspresetedin Bangaloe et al. (1998), namelythat shal-
low parseghat do notmake strongattachmenchoices are
peralizedlessthan parseghatare quite closeto the gold
standad, but thatmake somewrong attachmenhdecisions
Their exampleis repeatedhere, with nodelabelson the
bracleting.

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

(NP (NP DT an) AJ
(33  expensive

(PP (N with)

(NP (NP (33
(CC and)
(NP (NN fur)

PP (N at)

(NP (DT the)

2. (S (NP (PRN She))
(VP (VBD bought)
(NP (NP (DT an) (J
(JJ  expensive

incredib  ly)
) (NN coat))
gold) (NNS hbuttons))

(NN lining)))) )

(NN store)))))

incredib  ly)
) (NN coat))

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

(NP OT the)
(NN store)))) D))
3. (S (NP (PRN She))

(VP (VBD bought)
(NP OT an) (1
JJ  expensive

incredibly)
) (NN coat))

(N with)
(NP 33 gold) (NNS buttons) )
(CC and)
(NP (NN fur) (NN lining))
(PP (N at)
(NP (DT the) (NN store)))))

Thegold standardparse(1) hasthefinal prepaitional
phrasemodifying thevelb phrase,while parse2 mistakenly
attacheshe PPto the lowestnounphrase.Otherthanthis,
thowgh, parse2 is quitecloseto the gold standad. Parse3
isamuchshallaver parsewith muchof thehierachyin the
goldstandad left out. Usingstandardabeledorecisionanc
recallagairstthe gold standargarse(1), parse2 achieves
7273 labeledrecalland66.67 labeledprecision or 69.5%
F-measureln contrast,parse3, whichis muchfarthe from
the gold standardachieres72.73 labeledrecalland 100.C
labeledprecision or 84.21 F-measureTheclearreasorfor
thisis thatjudgingcorrectnesdasedon spanignoresdom-
inane relationshipsso thatparse3 identifiesmary correc
corstituents,despitegetting theimmediatedomimancere-
lationstips quitewrong (accodingto thegold standard)

Oneway to include the domninancerelationshig is to
encale the parseas a sequencef rules (top-down, left-
most). This uniquely identifiesthe tree, andsenesasa
stringfor inputinto the simpleedit distanceapppachout-
linedin theprevioussection.Wewill uniformly givea cosi
of 1 for eachinsertion,deletion,and substitution without
giving creditfor substitutiondbetweemoreor lesssimilar



Gold parserules || parse(2)rules (2)edits  edittype parse(3) rules (3) edits  edittype
S - NPVP S—NP VP S—NP VP
— PRN — PRN — PRN
— VBD NPPP || —VBD NP 1 substitution — VBD NP IN NP CCNP PP 1 substitution
— NPPP —NP PP 1 deletion
— DT JJJINN — DT JJJINN — DT JJJINN
— IN NP —IN NP 1 deletion
— NPCC NP —NP CCNP 1 deletion
— JINNS —JINNS — JINNS

— NPPP 1 insertion
— NN NN — NN NN — NN NN
— IN NP —IN NP — IN NP
— DT NN — DT NN — DT NN
Total: 2 4

Tablel: Editsfromgold standardor alignedrule sequenes.

Figure2: Labeledbracletingencodé asa string

rules. This may appearsomeavhat coarseputit is merely
astartingpoint. If it is felt that certainrules are,in some
sensegloserthanothers,thenthis canberepresentedn the
amount of costthatis associatedvith thatarcin the trans-
duce. Theapprachisgeneal enowhto allow for different
costs. To begin, we will court eachdeletion,substitution,
andinsertionasoneedit, andpresemtthe erra rate,i.e. the
total edit cost per 100rules of gold standad. This is the
sameameasue thatisusedfor accuacy in thespeechecog

nition community (word errorrate).

Onenoteaboutthe encodiry: becausevely left-hard
sidecateyoly (except S attheroot) alsooccus on aright-
handside, we omit the left-hard side category (except the
initial S),soastoavoid doublirg errars. Becausef therule
ordering,thereis noambigiity with respecto theleft-hard
sides.

Tablel shows the alignedsequencesf rules, andthe
editcostaccumuiatedby bothparse? andparse3 underthe
standad cost. Recallthatthe symbds thatare beingcom-
paredareentire rules, not individual nonterminalswithin
therules.Henceeachcandidateparsehasa singlesubstitu-
tion for the verbphaseexpansiondespitethe factthatthe
parse2 VP exparsionis in somesenseloserto the origi-
nal thanthat of parse3. In this senseaswasstatedabore,
the metric is somavhat coase. Nevertteless,we cansee
thatparse2 accruene substitutionrandoneinsertion,for
anerrorrateof 18.2(2 editsfor 11rules),whereaparse3
accreesonesubstitutionandthreedeletiorsfor a364 error
rate. Thesescoresbettercorrespad to our intuition, and
the one statedin Bangdore et al. (199), that parse2 is
closerto the gold standad thanparse3.

What this exanple demorstratesis that thereare cir-
cumstageswhere precisionandrecall can unduly penal-
ize parses,and othes wherethey do not peralize parses
enowh. Edit distancebetweernsequenesof rules doeghe
right thing, at leastin thesecases Note, however, that edit
distancedoesnot needto be over sequeresof rules. In

fact, we cancalculateedit distanceover constitueh spans
by repladng the rulesin the tableabove with theleft-hard
sideand word spanpositiors. In the next section,we will
present third edit distanceappoach,which treatsthe la-
beledbracleting itself asa string. Thiswill befollowed by
someparseevaluaionsusingall threeof our proposededit
distanceappraches.

3. Labeledbracketing edit distance

Beforepreseting our methal for calculatingedit dis-
tancebetweenabeledbracletings, let usfirst discusshow
to encodethem as strings,i.e. what are the tokens? We
will adgt whatwasusedin Roark(200Lb) for storingau-
tomaticallygeneratedreebank. Every open braclethasa
label, so an open bradket plus its label is onetoken. Ter
minal items (i.e. lexical items)are always followed by a
closebraclet (atleastin PennTreebak anndation),soter-
minal plusclosebracletis onetoken Finally, closebrad-
etsfor nonPOSconstituetts,which do nothave anassoci
atederminalitem,areeachtokers. In this way,the labelec
bracleting canbe encaledas a string. Figure 2 showvs our
originallabeledracketing encodedisa stringwith this to-
kenizaion.

To calculatethe edit distancebetweenlabeledbrad-
etingsof the samestring, we are going to explait some
characteristicef thebracleting. First, we know thatthe
terminalitems arethe samein theinputand the gold stan:
dard Hencethereis no needto provide any arcsfor ter-
minalitemsotherthanthosemappng themto themseles
Next, we assumehatboth theinpu andthe gold standar
arebalaned,i.e. therearethe samenumnber of right anc
left parentkeses.Whatthis measis that, for every success
ful mappingbetweeroneparseto the other evely deletec
open braclet mustbematchedwith eitheraninsertedoper
braclet or a deletedclose braclet, to maintain balarced
bracleting. Indeed any bradet insertionor deletionmust
bepairedwith anotheredit.



OpenBracket CloseBraclet
Delete (X:€l0.5 ):/0.5
Insert €:(X/0.5 €)/0.5

Table2: Labeledbracleting edit costtable

If we useda standad edit costof 1, thenwe would get
adouwble countfor every deletedor insertedconstituen If,
however, wemale thecostof deletingor insertingopen(la-
beled braclets or close (non+terminal)braclets one half,
we canrely onthe balancd braclets progerty to ensure
that we ultimately get a costof one for the error. Table
2 presentghis cost schema. One nice side effect of this
is that substitutioncanbe considerd simply asa deletion
plusaninsertion andhenceautonaticallygiven aneditcost
of 1, without having to explicitly putsubstitutionarcsinto
thetransducg sincedeletingalabeledbraclet andinsert-
ing an alternatvely labeledbraclet hascost1 underthis
schema.We can, however, if we wish, allov substitution
atno cost. For examge, if we do not wishto incluce POS
tagsin theevaluatian, we canallov ary POStagto rewrite
asany otherPOStagwith no cost. Sincethe closebrack
etsfor POStagsareterminals which canné beinsertedor
deleted andsincetheyield for thetwo parsesareidentical,
this free substitutionmeansthatno POStaggererrorwill
resultin any costfor the leastcosttransdation. Let us re-
fer to asthe basic labeledbradeting edit transduer that
which maps(i) all symtolsto themselesatno cost,(ii) all
nonPOSopenbraclet nonterminalsto epsilonand vice
versaat cost0.5 (iii) the closebraclet symba to epsilon
andvice versaat cost 0.5, and (iv) all POSopenbraclet
nonterminds to all otherPOSopenbraclet non-termials
atnocost.

Theredoes remain one seriousproddem with this ap-
proach, however. Referringbackto our motivating exam-
plein the previoussection,onecanseeby inspectionthat
the leastcost path under this appioachbetweenthe gold
standad (parsel) andparse2 will involve deletingoneNP
constituat (one open andoneclosebraclet) andinserting
anddeletingthreeclosebraclets. In otherwords, the mis-
attachnentof the PPis costingjust asmuchasit would un-
der precisionandrecall evaluatim. A bettersolutionis to
allow certainkindsof constituentmovemento court asjust
oneedit. Deletingandinsertingconsective closebraclets
in effect allows constituentgo be moved higher or lower
in thehierarcly. Thus,in parse2, the deletionof thethree
closebracletsfrom their curren location and their inser
tion into the correct location— how the movementof the
constituet is effected— shouldcount as asingle edit. We
cando thiswith a simpleadditional passover theleastcost
paththroughthecompositionwith ourbasiclabeledbrack
etingedit transdeer.

Thisbasictransdeer cannd simplybe changdto give
lesscost to deletionand insertionof multiple consecutre
closebraclets, becaus¢hosebracletsmay be pairedwith
openbracletsor non-aonsecutie closebraclets. We only
wanttogiveredued costto thoseconsective bracketghat
arematchedvith otherconsecutie braclets. We coud, in
adwence of compaition with the basiclabeledbracleting

Figure 3: Exampe transduer giving costl to multiple con-
secutve bracletinsertionanddeletion ‘X’ is intendel to
rang overall symbols.

edittransduce passthe inputthroughanarbitraly numkber
of transducesthat, for any given k, maptheinputto anout-
putby deletingk consecutie closebradketsandinsertingk
corsecutve closebradets,at a costof 1. Figure3 shows
onesuchtransdeer, for two consective braclets.Becaus
anarbitrary numter of thesewould needto applyin order
to cover all possiblemovementsthis is not a particuarly
usefu appraach.

Luckily, we can find the exact cost that correspods
to this appoach,without having to actuallyperfam these
transdictions,veryquicKy in thefollowing manrer:

1. Findtheleastcostpathp through the compgsition
with our basiclabeledbracletingedit transducer

2. Calculatethetotal costc of the editsin p

3. Find the length of the longest consecutie string
of deletedclosebradetsm andthelengthof the
longest consecutie string of insertedclose brack
etsnin p

4. r =min(m,n)

5 Ifr>2
a) remwe r consecutie deletedandr consecutre
insertedclosebracletsfrom p

b)c=c—(r—-1)
¢) returnto 3.
5. returnc

This will yield the sameedit cost thatwould have re-
sultedfrom applying the arbitray transductios descriked
in the previousparagaph. To seethis, onemustrecallthat
all consective close braclket symbols comeimmedately
after terminalitems. Becausehe terminal items canno
beinsertedor deleted this meanghatthe only way to re-
positionclosebracletsinto the correctlocationis to delete
themandre-insert. The deletionor insertionof ary othel
symtolswill notchangethis. Hencethedeletionandinser
tion of consective closebracletswill bepart of theleas
costpaththrough the basictransdger. If thereexist con-
secutve deletedbraclets and consective insertedbradk-
etsof the samelength thentherewould have beena bet-
ter path betweenthe input and gold standardparsesthal
involved pairing theseconsecutie braclets,andhenceac-



Parser F- Label | Span| Rule

measue | edit | edit | edit
Charniak(2000) | 89.74 | 87.% | 86.5 | 85.6
Collins (20) 89.71 | 87.%4 | 86.4 | 855
Collins (1997) 88.24 | 86.46 | 84.5 | 84.0
Roark(2001) 86.71 | 85.04 | 82.9 | 83.3

Table3: Compaisonof four parsersawith four measuresf
accungy

cruing asingleedit. Theabove algoithm will find all such
instancesandadjustthe costaccordngly.

We will call the scorethat resultsfrom this methodof
calculatirg the edit distancebetweentwo labeledbrack
etings, which courts mavementsof constituets as a sin-
gle edit, “Label edit distance™o contrastit with the other
editdistancescoreghatwe have discussed;Rule editdis-
tance”,whichis basedntheeditdistancebetweerordeed
sequenesof rules,and“Spaneditdistance”whichis based
ontheeditdistancebetweerorderedconstituets with span
andlabel.

In the next sectionwe will presehscoreausingdiffer-
entmeasure$or four treebak-style parserdrom theliter-
ature. This will befollowed by a discussiorof how these
appoachegenealize.

4. Evaluation

To evaluatetheseedit distancemeasues, we will mea-
sureperfamanceof the output from four differentparsers.
Eachof thefour parseravastrainedon section®2-21of the
PennWall St. Jourral Treebak, andtestedon section23.
We canthuscomparethe parserswith eachotherusingdif-
ferert measues, and comparethe measurs by looking at
thedistinctiors thataremadeby the measurebetweerthe
variously perfoming parses.

The parsingoutpus arethosetakenfrom thelatestver
sion of the parserpresentedn Charniak(2000), andthe
output from Collins (20), Collins (1997), and Roark
(2001a). For eachof the edit distancemeasurs — label,
rule, andspan— we candefinethe errorrate,which is the
nunber of editsper 100 everts (i.e. rulesor constituents)
in the gold standardparse. The accurag is thendefined
as 100 minusthe erra rate. The accuray measuresghat
we usedwere: (i) F-measurg(ii) Label accurag (based
on label edit distance)iii) Spanaccurag (basedon span
edit distance);and (iv) Rule accurag (basedon rule edit
distance) To avoid penalizingthe parserdor POStaggirg
erras, the POStagsin rule instancesisedfor therule edit
distancewerereplacedwith the termirals. Table 3 shavs
thefour differentscoresof thefour parsers.

All threeof our edit distancemetricsare harder on the
parses thanthe F-measug score,with rule edit distance
giving thelowestscoresverall. Thisis perhagnotsurpris-
ing giventhe particulartestdomain, sincethe PennTree-

4The F-measuraccuray for the Charniakparseris 0.2 better
thanthe publishedresult. In additionto thesefour parserswe
alsoattemptedo obtainthe outpu from oneotherhigh accurag
parserbut wereunableto do so.

o Charniak (2000) - Collins (200!
o Collins (2000) - Collins (1997)
¢ Collins (1997) — Roark (2001)

§ 8 o
1, -
o
o] [e)
0 o} o | |
F-measure  Label edit Span edit Rules edit

Figure 4: The differencebetweeraccuray scoreswith F-
measue andthe threeedit distancesfor the four parsers:
Charnak(20@®) minus Collins (20M); Collins (2000) mi-
nusCollins (1997); andCollins (1997 minusRoark(2001)

bark annotatia is knowvn for having mary flat constituents,
mostnotably the baseNP constituets. In this case then,

we canhave structueswith norulescorrect,but somecon-

stituentspanpredctionscorrect.

It is interestingto notethat, despitethe differencesn
scores- with F-measug giving the highestscoresandrule
accuncy geneally the lowestscores- thereis alwaysthe
sameordeing amory parses. To seehow closethe dis-
tinctions betweenthe parsersare uncer the four different
measues, in figure 4 we plotted the differencesin score
betweenparserganked n and (n+1), for eachof the four
measues. As one cansee,the distinctionsthat are being
madebetweenparsersare remakably consistentetween
the measues. The only exception to this is thatthe Roark
(2001)parsedoesrelatively betterin ruleaccuray —in fact
half a point betterthanspanaccuray, while all the other
parses hadworserule accuagy thanspanaccuagy. This
maybedueto thefactthattheRoarkparseiis aleft-to-right
incrementalparsermakingpredctions abou childrenof a
left-hand side given the context, in contrastto the others,
which also make predictils aboutheadsof constituets
given governinghead. Thusit maytendto do a betterjob
chaosingchildren of the left-hard sidethanit doeschoos-
ing specificconstituets. Alternately it might be thatthis
parselis making more grave attachmat erros thanthe oth-
ers,andhencebenefittingirom therule-aientedevaluation,
whichhasbeenshavn to bemorelenientontheseerrors. If
thisweretrue,however, we would expectthelabeledbradk-
etingaccurag to besimilarly affected,whichit is not.

Thisis all well-andgoodfor overall scoreshut how do
thesemeasuresliffer on asentencdy sentencéasis.Fig-
ure 5 plots eachsentencdrom Charniak(20), with its
labeledbracleting errorrateversusits E-measug, i.e. 100
minus F-measureAlong theline the scoresareidenticaP.

5The labeledbracleting error rate goesabove 100, because
therecanbe more editsrequiredthan thereare non-terminalsn
theparseg.g.if thereis nothingright.
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Figure 5: 100 - F-measure(E-measure)versuslabeled
bracleting edit rate for eachsentencén section23 from
Charni& (2000)

Most of the parsesare close, but thereare someoutliers.
A brief inspectionof someof the outliers providesno sur
prises. Thoseout alongthe x-axis resultfrom constituent
attachnentdecisionghatmake mary constituentsncomrect
with respecto their span.Thosecloserto they-axisresult
from large differencesn precisionandrecall—i.e. perfect
precision andpoorrecallor vice versa—which tendto give
higher F-measurescoreghanif we simply court the num-
berof editsrequredto matchthe gold standargarse.

Most of the parsegshat have very divemgentscoresare
quite small, so that a small numker of requred edits ac-
courts for a large percetage of the nonterminalsin the
parse. Thesedo not accountfor muchwhenit comesto
overall performane, becase the raw numbes that they
contibutearesmall. To try to geta bettersenseof where
the bulk of the differencesare, we plottedin figure 6 the
raw numtersthatfall into particdar buckets. For the edit
distancescore,we have the numkber of edits. To approi-
mateanunberof erroisin the precisionandrecallcasewe
took the E-measurdéimesthe nunmber of nonterminalsin
the gold standarcharseandrourdedit to the neaestinte-
ger. At eachpoint(x,y), where x is therourdedapproxima-
tion to errois from the E-measug, andy is the nurmber of
editsrequiredfor thelabeledbraclets,we plottedthe num-
ber of sentencesut of the testsetof 2416 sentencethat
fall in thatbucket. We omittedthosesentencewherex =y.
As onecansee,the bulk of the sentences¢hat differ do so
by oneor two. Thosethataregreatlydifferentarerelatively
rare.

To summarizethis section, we have preseted three
evaluation measuesbasedon edit distance.All threegive
lower scoreghanlabeledprecisionandrecallto theparses
evaluated, yet they maintainsimilar distinctiors between
the parsers. That s, thesemeasure are just as useful as
precision andrecall in discriminatirg betweenparsersin
the domain whereprecisionandrecall hasbeenusedmost
widely andmostsuccessfully The labeledbracleting and
rulesedit rate scoreggive betterscoresthanprecisionand
recallfor certainkinds of erras, althowgh theseparses do
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Figure 6: Numbe of sentencest (x,y), wherex is E-
measue* nonterminalsrouncedto thenearesinteger, and
y is labeledbracletingedits.

notseemto be makingtheseerrorswith muchfrequency.

In the next section,we will discusshow edit distance
scorirg allows for very natual generéizations for such
things asheterogneos labelingschemas.

5. Discussion

For the caseof labeledbracleting, an edit distanceap-
proach provides a very natual way to extend evaluaion
to include suchthings as partial matctes or equivaence
classes.For exanple, suppsethe gold standardbarsein-
cludes things suchas function tags, e.g. not simply NP,
but NP-SBJfor subjectNPs,or PP-TMPfor tempoal PPs.
Onemaywantto imposesomecostfor failureto labelthese
tagsontothenon-teminalnode. Thiscostmaybelessthan
thatimposedfor a completemismatch.In order to do this,
all thatoneneed to dois includea transitionin our trans-
ducer to mapfrom oneto the otherwith the desiredcost.
Similarly, onemaywantto include POStagsin the evalu-
ation, but imposelessof a costfor mis-taggingsomethirg
thatshoud be NN as,say NNP, thanonewould for mis-
taggirg it asVBD. Errarsin POStaggirg asawholecould
beassignedesscostthanerrosin nonPOSlabels.

Alternately onemightbemoreinterestedn whethe or
not the parseifindsthe cateyoriesof a shallov parseaccu-
rately In thiscase pnemightnotimposeary costfor dele-
tion, just for insertion,i.e. more structureis okay Some
might considetrthis “dumbing down” the parserbut in fact
gettingvely flat constituets highin thetreecorrectcanbe
more difficult than makingfiner distinctiors lower in the
tree. For puposessuchasinformationextraction, for ex-
ample alot of hierachicalstructuremaybelessimportant,
whichwould leadoneto anevaluationof this sort. Making
deletioncostfreeis very straightfaward.

Perhap mostimportarily, edit distancegeneralizego
ary sequencef parserdecisionsjncluding thoseof, say a
dependeng parser Giventhe left-to-right ordering of the
words, we canstipulateanordeing amongdepenéngy re-
lationsto give anoverall orderirg of thedependencis. Edit
distancecanthenstraightfawardly applyin the sameway



asit did to the sequencef rules. This appr@achwastaken
in evaluatinga naturallanglagegeneratia systemin Ban-
galaeetal. (2000).

Onebenefitof usingeditdistanceon a simplesequence
of rules, constituets with span,or depenéng relation-
ships,is thatexisting errorratesoftware,suchasthoseused
for speeclrecogqition evaluatian, canbe usedasis on the
output. This is actuallyhow the evaluation from the pre-
vious sectionwascarriedout for the rule edit distanceand
the constituen spanedit distancé. This is beneficial,not
only becaus®nedoesnot have to write new codeto eval-
uatethe outpu, but alsobecauseheseevaluation routines
oftencanoutpu interestingdiagrosticinformation,includ-
ing frequentsubstitutiors, meges,or splits.

Onecommet thatis obvious, but deseres to be made
norethelessis thatthe evaluation shouldfit thetask. Why
shoudd the degree to which a parsercan identify depen
dendes be a betterevaluation thanthe degree to which it
canidentify constituets? Only insofar as someparticuar
taskrequres lexical depedenciesnot constituats. Pars-
ing, unlike speechrecanition, is not generallyviewed as
ataskin andof itself. Ratherit is takento bein service
of somethingelse,e.g. somekind of semanticprocessing
or langulagemodelirg. This canalso be true of the out-
putof aspeechrecanizer—therecogizedwordsmightbe
usedto attemptto classify the utterarce, for exanple. In
thatcasejt maybeusefulto measurdVER, but ultimately
theefficagy of theparticularrecogtizer will befound in the
classificationaccurag. If animprovement canbe hadin
recoquizeraccurag thatmakesno differencein classifica-
tion accurag, thenwhy bother. Thesameis truein parsimg.
The dargerwith embeldinga parsetin anotter systemfor
evaluation is that it becones more difficult to contiol for
theotherpartsof the system.It thusis bendicial to beable
to evaluatetheoutpu of theparseiindependently- but pre-
sumally with respecto its ability to recognize the hidden
structues that are usedby the system. In the absenceof
sucha parsetindepenéntcriterion objective evaluationis
difficult. In its presene, erra rateandaccurag basedon
editdistancds agoodalternatve for evaluation.

In thispaperwe have presentethreeeditdistancenea-
suregthatcanbe usedto evaluateparsersTheintentis not
to exhatst the possibilitiesof the appioach, but ratherto
shaw that, asa gener& framework, edit distancecan pro-
vide the flexibility to meetthe varied demaids of parser
evaluation. Thesemeasureganmake similar distinctiors
betweerparsersasis madeby precisionandrecall,yet re-
pairsomelong-standingveaknesseaf them. Edit distance
canbeapgied to avarietyof stringrepresetationsof trees,
includng an ordeed list of constitueis with span,an or-
deredilist of context-freerules,or eventhelabeledbradket-
ing itself.
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Abstract
We applya seriesof context-free grammargo syllabificationby usinga supervisedrainingmethod.In our experimentswe investigate
various phonologicalgrammarswhich strongly differ in structure. A simple evaluationmetric “word accurag” supportsgrammar
developmentoy denotinganincreasingperformancéor grammarsnrichedwith linguistic structure.This evaluation judgingonesingle
catgory sharedby all grammarsjs in strongcontrastto PARSEVAL, which is designedor a single grammarevaluating(almost)all
catgories.Usingatoy-treebankwe shav thatthe PARSEVAL measuresrehardto interpret,sincetheresultsareinconsistentvith one
another It turnsout thatevaluatingonly a limited numberof categyories(hereonly onesinglecateyory) is a harderevaluationmeasure
thanmeasuringhe precisionof all occurringsubstructuresf agrammar

1. Intr oduction 2. Syllabification

In text-to-speecl{TTS) systemslik e thosedescribedn
Sproat(1998, the correctpronunciationof unknavn and
novel words is a crucial problem. Thus, TTS systems
usuallyuselarge pronunciatiordictionaries however there
arein all languagegproductive word formation processes
which generatavordsthatarenew to the system.The cor-
rect pronunciationof a new word is not only dependent
on the correctidentificationof phonemesut also on the
correctassignmenbf syllables. VanSanteretal. (1997
shaved that locationin the syllable influencesthe dura-
tion of a phone.Furthermorejdentifying syllablesbound-
ariesis essentiafor the applicationof phonologicalrules
(Kahn (1976, Blevins (1995), which is certainlythe case
e.g. for Germansyllable-finaldevoicing. Thus,we arein-
terestedn developingmodelsthat predictsyllable bound-
ariesof unknovn wordsaswell aspossible.This meandor
context-free grammarsthatwe needa single catejory 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 newspapeicorporaby look-
ing up the words andtheir transcriptionsn the pronunci-
ationdictionaryCELEX (Baayenretal. (1993). Thediffer-
entgrammardescribethe internal structureof wordsand
canbe usedto predictsyllable boundariesafter a training
procedure.ln our experimentswe usea supervisedrain-
ing methodwhich is a combinationof treebankandbrack-
etedcorporatraining(Muller (2001) exploiting the syllab-
ification informationof a pronunciationdictionaryandthe
frequeny information of a training corpusconsistingof
182000words.

We investigatesix differentgrammargo predictsylla-
ble boundariedy introducingnew cateyoriesfor eachnew

In computationalinguistics,the PARSEVAL measures
suggestetby Black etal. (1991 arenow the standardnea-
surefor evaluationof context-free grammargCFGs). The
measuregjuantify precisionandrecall of commonparen-
thesisbasedon a treebank.The metricsfocuson the preci-
sionof all substructurethatarespecifiedby a CFG.How-
ever, the PARSEVAL metricsarenot suitablefor all prob-
lemsthat can be describedwith probabilisticcontet-free
grammargPCFGs)especiallyin casesvhenpartial struc-
turesare more interesting. In comparisonto the field of
parsing thereareno phonologicakreebank®f transcribed
words.However, large pronunciatiordictionariesareavail-
ablewhich canbeexploitedfor evaluationandtraining. We
developaseriesof grammarsn oursuperviseaxperiments
andevaluatethemon partialstructuresTherearetwo main
reasonswhy we chosean evaluation proceduredifferent
from PARSEMVAL. Firstly, if we had chosenthe PARSE-
VAL evaluationmetrics,a separatevaluationsuite would
have to be constructedor eachgrammartype. This would
be very time-consuming. Secondly we chosealternatve
evaluationmetricsbecauseyllabificationtasksareusually
evaluatedeither by syllable accurag or even word accu-
ragy, i.e. partial structureof a phonologicaltreeareeval-
uated. Syllable accuragy meanghateachsyllableis com-
paredwith an annotatedsyllabified corpus. If the system
predictsthe syllable boundarycorrectly syllableaccuray
increasesA strictervariantof measuringhe capability of
a systemis to determineword accurag, which meanghat
eachsyllableboundaryhasto be predictedcorrectlywithin
aword. We try to solve the evaluationproblemby anno-
tatingandevaluatingthosestructuresvhich areusuallyre-
ferredtoin theliteraturelinkedto syllabification,andwhich
aresharedy all grammars.

The paperis organizedas follows: in Section2, we

. N ) grammar
introducethe syllabification task, as well as a seriesof

phonologicalgrammarsdescribingGermansyllable struc- Treebankgrammar. The first grammardescribesa
ture. Section3 discusse®ur evaluationmeasureén com- word asa sequencef syllablesconsistingof oneor
parisonto PARSEVAL. In Section4, we conclude. n phonemesThe analysisat the top of Figure 1 dis-
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Figurel: Treebanlgrammar

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

Phonemegrammar. The secondyrammaiintroduces
anabstractevel betweerthe phonemesndthe sylla-
bles.Eachphonemas labeledby anabstracphoneme
label. Thegrammaitearnsinformationaboutthecom-
plexity of asyllable.Figure2 shonvstwo possibleanal-
ysesof the phonemestring [tOpfla:d@1 accordingto
thephonemeagrammar

Consonant-vowel grammar. Thethird grammardis-

tinguishedetweerconsonantandvowelsby labeling

all phonemeeitherby aC oraV label. Thegrammar
alsodemands vowel insideof a syllable. The struc-

ture of the grammaris exemplified by Figure 3 dis-

playing two possiblesyllabificationsof the phoneme
string[tOpfla:d@#.

Syllable structure grammar. The fourth grammar
specifiessyllable structurein more detail. Syllables
aresplit into onset,nucleusandcoda. The probability
of aconsonantdepend®n its occurrencen the onset
or the coda.Two exampletreesof the phonemestring
[tOpfla:d@n areshown in Figure4.

Positional syllable structure grammar. The fifth
grammarfurther describesa phonemedependingon
the position of the syllable within the word, and de-
pendingonthepositionof thephonemaeawithin thesyl-
lable by enumeratinghe consonants.Thereare four
possiblepositionsof the syllable: word-initial, word-
medial,word-final,andmonosyllabiovords. Thecon-
sonantf thephonemesireenumeratedccordingto
their positioninsideof thesyllableonsetor coda.The
structureof thegrammaris examplifiedin Figure5

Advanced positional syllable structure grammar.
An additionalfeature clustersizeis addedto the last
grammar Thus, the consonantglependon their po-
sition within the cluster and the size of the cluster
Figure6 displaystwo examples.
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Figure3: Consonant-gwel grammar

In a next step,the grammarsaretrainedusinga novel
algorithm consistingof a combinationof bracleted cor-
poraandtreebanktiraining (seeMiller (2001)). However,
in contrasto olderexperimentgwherewe trainedon a se-
ries of training corporarangingfrom 4 500to 2.1 million
words),weusefor ournew experimentsafixedtrainingcor
pusconsistingof 182 000 words. Training on this corpus
providesa probabilisticversionfor eachof the six phono-
logicalgrammarsSinceall grammarsavein commonthat
they arewritten to predictsyllable boundariesthey share
the category “SYL” which spansa whole syllable. After
training, we can usethe most probableparseof a word,
the so-calledViterbi parse to readoff the syllablesof this
word: all phonemesinderasyllablenode“SYL” belongto
onesyllable.In Section3, we describehe performancdor
thetrainedgrammaron a syllabificationtaskusinga huge
evaluationcorpusof about240 000 words. Moreover, we
try torelatetheseresultsto anevaluationusingPARSEVAL
measure$or atoy-treebank.

3. Evaluation

As alreadypresentedn Section2, our systemis de-
signedto predict syllable boundariesusing probabilistic
phonologicalgrammars. For parsing,we usedthe imple-
mentationof Schmid(2000. Our evaluationcorpuscon-
sists of about242 000 correctly syllabified words. For
syllabificationof thesewords, we usedthe CELEX dictio-



Root

|
Wrd
Syl Syl Syl

Onset Nucleus
Onset Nucleus Coda | Onset Nucleus Coda
| | | On  On a | | |
On o} Cod | | On @ Cod
| | f | | |
t P d n
Root
|
Wrd
Syl Syl Syl
Onset Nucleus
| | Onset Nucleus Coda
Onset Nucleus Coda On a: | | |
! | N | on @ Cod
On Cod Cod I | |
! | | d n
t p f

Figure4: Syllablestructuregrammar

Root

|
Wrd

Syl.ini Wrd.part
Onset.ini Rhyme.ini /\
|
Oniini.1 - B Syl.med Wrd.part
| Nucleus.ini Coda.ini |
t | | Syl.fin
o Codl"n'~1 Onset.med Rhyme.med
|
P Onset.fin Rhyme.fin
On.med.l1  On.med.2 Nuclelus.med | Y
| | : on.fin.1 /\
f | & | Nucleus.fin Coda.fin
d | |
@ Cod.fin.1
|
n
Root
|
Wrd
Syl.ini Wrd.part
Onset.ini Rhyme.ini /\
| Syl.med Wrd.part
on.ini.1 /\ |
. . Syl.fin
{ NucITus.lnl Coda.ini OnsTl.med Rhyn?e.med
[e] - .
COdl.InI.l Cod|.|n|.2 On.lmed.l Nuclelus.med Onset fin Rhyme.fin
P f ! & Onfin.1
>| ’ Nucleus.fin Coda.fin
d | |
@ Cod.fin.1

n

Figure5: Positionalsyllablestructuregrammar

nary For accuray measurementheraw phonemestrings
of eachword of the evaluationcorpusare parsedwith our
variousPCFGs,andthe Viterbi parsesaretakento extract
the syllablesof the phonemestrings. Then, the resultis
comparedwith the annotatedsariantin the evaluationcor-
pus. Word accurag is computedby countingthe number
of correctlysyllabifiedwords,andby dividing this number
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by the sizeof the evaluationcorpus.

3.1. Evaluation Results

Figure 1 shavs our evaluationresults. Column1 dis-
playstheseriesof grammarsveinvestigatedandColumn2
displaysthe correspondingiccurag values.

The evaluationshows thatthe grammarwith therichest
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Figure6: Advancedpositionalsyllablestructuregrammar

grammar word accurag
phonemegrammar 62.37
treebanikgrammar 71.01
consonant-ewel grammar 93.31
syllablestructuregrammar 94.12
positionalsyllablestructuregrammar 96.42
adwancedpos.syllablestructuregrammar| 96.48

Table 1: Word accurag of the probabilisticphonological
grammardrainedon a corpusof 182 000words,andeval-
uatedon a corpusof 242 000words.

structure the advancedpositionalsyllable structuregram-
mar, reacheghe highestperformanceof 96.48%word ac-

curag for atraining corpussizeof 182000words.In gen-
eral, the more linguistic knowledgeis addedto the gram-
matr, the highertheaccurag of thegrammaiis. In contrast
to thelinguisticgrammarstheresultsof thetreebanlgram-
mar strongly dependon the size of the training corpusas
reportedn Muller (2001). They shavedthateventhe sim-

plestgrammay the phonemegrammay wasbetterthanthe

treebankgrammaruntil the treebankgrammarwastrained
with a corpussizeof 77 800. Of course the low accurag

ratesof the treebankgrammar(trainedon small corpora)
weredueto the high numberof syllablesthathave notbeen
seenin thetrainingcorpus.
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3.2. Comparisonto PARSEVAL

In this section,we wantto exemplify that the problem
of usingPARSEVAL measure$or this seriesof grammars
is that an increase(or decreasepf the PARSEVAL mea-
surescanhardly be interpretedn termsof syllabification.
In more detail, we show thatit is simply unclearwhat it
meandfor syllabificationif two structurallyvarying gram-
marsyield differentvaluesfor “labeledprecision”.

The following example clarifies the problemwhy we
choosean evaluationmeasurelifferentfrom PARSEVAL.
Let ussupposehat

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

(i) all six trainedgrammarspredictthe (wrong) syllable

structure, Top-fladen([tOp|[fla:][d@r]) shawvn at the

top of Figuresl1-6,

(iii) the correctsyllabification of Topfladenis annotated

asTopf-laden([tOpf][la][d@Tr]) codedin six different

treebankshown atthe bottomof Figuresl1-6,

(iv) we evaluateour seriesof phonologicalgrammarswith

the PARSEVAL measurélabeledprecision”.

Undertheseassumptionsall grammardail in solving
thesyllabificationtask: all grammarsield aword accurag
of 0%, and a syllable accuray of 33%. However, if the



[ grammars [ analyses [ PARSEVAL without preterminals [ Tabeledprecision |
treebankgrammar treeatthetop Wrd(0:9)
(Figurel) treeatthebottom | Wrd(0:9) 1/1=100%
phonemegrammar treeatthetop Wrd(0:9), Syl(0:3),Syl(3:6),Syl(6:9)
(Figure2) treeatthebottom | Wrd(0:9), Syl(0:4),Syl(4:6),Syl(6:9) 2/4=50%
consonant-wwel grammar | treeatthetop Wrd(0:9), Syl(0:3),Syl(3:6),Syl(6:9)
(Figure3) treeatthebottom | Wrd(0:9), Syl(0:4),Syl(4:6),Syl(6:9) 2/4=50%
syllable structure treeatthetop Wrd(0:9), Syl(0:3),Syl(3:6),Syl(6:9), Onset(0:1) Coda(2:3),
grammar Onset(3:5)0Onset(6:7) Coda(8:9)
(Figure4) treeatthebottom | Wrd(0:9), Syl(0:4),Syl(4:6),Syl(6:9), Onset(0:1) Coda(2:4),
Onset(4:5)0Onset(6:7) Coda(8:9), 5/9=55.5%
positional treeatthetop Wrd(0:9), Syl.ini(0:3),Onset.ini(0:1) Rhyme.ini(1:3),Coda.ini(2:3) Wrd.part(3:9),
syllable structure Syl.med(3:6)Onset.med(3:5Rhyme.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) treeatthebottom | Wrd(0:9), Syl.ini(0:4),0nset.ini(0:1), Rhyme.ini(1:4),Coda.ini(2:4) Wrd.part(4:9),
Syl.med(4:6)Onset.med(4:5Rhyme.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 treeatthetop Wrd(0:9), Syl.ini(0:3),Onset.ini(0:1) Rhyme.ini(1:3),Coda.ini(2:3) Wrd.part(3:9),
syllable structure Syl.med(3:6)Onset.med(3:5Rhyme.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) treeatthebottom | Wrd(0:9), Syl.ini(0:4),0nset.ini(0:1), Rhyme.ini(1:4),Coda.ini(2:4) Wrd.part(4:9),
Syl.med(4:6) Onset.med(4:5Rhyme.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 measurélabeledprecision”(omitting preterminals)alculatedon the basisof the examplesshovn

in Figures1-6
[ grammars [ analyses [ PARSEVAL with preterminals [ Tabeledprecision
treebankgrammar treeatthetop Wrd(0:9), Syl(0:3),Syl(3:6),Syl(6:9)
(Figurel) treeatthebottom | Wrd(0:9), Syl(0:4),Syl(4:6),Syl(6:9) 2/4=50%
phonemegrammar treeatthetop 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) treeatthebottom | 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-wwel grammar | treeatthetop 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) treeatthebottom | 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 structure treeatthetop 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)0n(3:4),0n(4:5), Nucleus(5:6) Onset(6:7)
On(6:7), Nucleus(7:8) Coda(8:9) Cod(8:9)
(Figure4) treeatthebottom | 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),0nset(4:5)0n(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 treeatthetop 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 structure 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) treeatthebottom | 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 treeatthetop 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 structure Onset.med(3:50n.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) treeatthebottom | 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(4:50n.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 measurélabeledprecision”(including preterminalsyalculatedon the basisof the examplesshovn

in Figures1-6

PARSEVAL measurélabeledprecision”is expectecdto be
usefulfor the syllabificationtask,then“labeled precision”
shouldexpressthatall grammargperformequallygood(or
bad)in ourtoy-setting.

Table 2 displays the results of “labeled precision”.
The matching braclets are shavn in bold. Follow-
ing the suggestionof ManningandSchitze(1999, the
root node “Root” is not taken into account. More-
over, we omittedcomparison®f pre-terminalhodes since
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ManningandSchitze(1999 suggestto evaluatetagging
and parsingseparatelg In this evaluation, the simplest
grammarthetreebanlgrammayrachievesthehighestvalue
for labeledprecision(100%),sinceonly the word-nodeis
takeninto account.The phonemendthe consonant-awel
grammarachieve the lowest valuesfor labeledprecision
(50%). Table 3 alsodisplaysthe resultsof “labeled preci-
sion”, but here weincludethecomparisorof pre-terminals,
dueto thefactthatwe never appliedour grammaraisinga



seperatdagger Here,the treebankgrammarachievesthe
lowest value for labeledprecision(50%). The phoneme
grammay and the consonant-swel grammarachieve the
highestvaluesfor labeledprecision(84.6%).

Thus, the resultsof both evaluationsare hardto inter-
pret,sincethey areinconsistenwith oneanother Further
more, neitherthe first evaluation(omitting pre-terminals),
nor the secondevaluation(including pre-terminals)corre-
spondto syllableaccurag, or word accurag.

For thesereasonswe doubtthatthe PARSEVAL mea-
suresareusefulfor evaluationof phonologicabrammarsat
leastfor ourgrammarswhich we developedfor thesyllabi-
ficationtaskin mind. In contrastwe focuson evaluationof
partialstructurespnamelyon the category “SYL”, andmea-
surehow goodthe grammarsletectthis singlecateyory on
theword level. Interestinglyit seemghatevaluatingonly a
limited numberof cateyories(hereonly a singlecategory)
is aharderevaluationmeasurghanmeasuringheprecision
of all occurringsubstructuresf agrammar

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

In this section,we discussa grammartransformation
enablingthe measuremenof word accurag via PARSE-
VAL measuresln moredetail, it could be suggestedhat
theoutputof the phonologicaparsercanbetransformedo
atree,whereall categoriesareremoved exceptfor the cat-
egories“Root”, “SYL", andthe terminals.However, if we
follow this suggestionthereappearsomeproblems. For
thetransformedyrammay

(i) the remaining categgory “SYL” is a pre-terminal
node, which is usually NOT evaluated ac-
cording to PARSEMVAL; at least, if we follow
ManningandSchitze(1999, who suggesto treatthe
taggingandparsingproblemseparatelg

(ii) all phonologicalinformation aboutsyllable structure
is lost, i.e., the syllabificationproblemis transformed
to a taggingproblem. However, we provedin recent
work (Muller (2001, Muller (2002) thatit is advan-
tageoudo regardsyllabificationasaparsingproblem.

(i) although syllabification is a kind of segmentation,
i.e., a one-dimensionalprocesson a sequenceof
phonemesye experiencedthemorelinguisticknowl-
edgeis addedo thegrammarthe highertheword ac-
curag of thegrammaiis. Thus,in our pointof view, it
is moreadequateo modelsyllabificationasa higher
dimensionaprocess.

For thesereasonswe preferto use phonologicalen-
riched context-free grammardor stochastidnferenceand
anevaluationfocusingon partial structuresnostimportant
for the particulartask.

4. Conclusion

We presentedan approachto supervisedearningand
automaticdetectionof syllable boundaries.In our experi-
mentswe usedavarietyof grammarswhichstronglydiffer
in structure.
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An evaluationusingthe standardnmeasurdor syllabifi-
cation“word accurag” shaws that the grammarwith the
richeststructures,the advancedpositional syllable struc-
ture grammay reacheghe highestperformanceof 96.48%
word accurag for atrainingcorpussizeof 182000words.
In general,the morelinguistic knowledgeis addedto the
grammarthehighertheword accurag of thegrammatis.

This evaluation, judging one single cateyory of mary
grammarsjs in strongcontrastto PARSEVAL, which is
designedor a singlegrammarevaluating(almost)all cate-
gories.

In a secondevaluationusing the original PARSEVAL
measuren a toy-treebank,and a simple variant of the
PARSEVAL measuresthe resultsof both evaluationsare
hardto interpret,sincethey areinconsistentwith onean-
other Furthermore we found that neitherthe first eval-
uation (omitting pre-terminals) nor the secondevaluation
(including pre-terminals)orrespondo syllable accuragy,
orword accurag.

Moreover, it turns out that evaluatingonly a limited
numberof cateyories (here only a single category) is a
harderevaluationmeasurghanmeasuringhe precisionof
all occurringsubstructuresf agrammar

Lastly, we discusseda grammar transformationen-
ablingthe measuremeraf word accurag via PARSEVAL
measuresHere,it wasnecessaryo reducethe syllabifica-
tion problemto a taggingproblem. However, we believe
thatit is advantageouso regardsyllabificationasa parsing
problem.

For thesereasonsfuture work will still usephonologi-
calenrichedcontext-freegrammardor stochastiénference
andevaluationsfocusingon partial structuresmostimpor-
tantfor the particularphonologicakask.
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Abstract
Variousefforts have beenundetaken for developing methodsfor parserevaluation(Black etal., 1991; Lin, 1995; Carroll etal., 199;
Lin, 1998; Carroll et al., 1998; Carroll et al., 1999). Theseefforts concenratedon developing measure®f parserperformanceg.g.
PARSEVAL (Black et al., 1991) labeledrecall/precisiorfor phrase-structie annotations.Different problemshave beenidentifiedin
the existing evaluaion methods,but one of theseproblemsstrikes us as particularly challenging The currentbenchmark for parser
evaluation,PennWall StreetJournal(WSJ)tree-bankMarcusetal., 1993),cannotbe usedfor theevaluationof parserghatarebasedn
linguistic theoriesor annotatiorschemeghatdiffer (essentially from the annotationrschemeoundin this tree-bank.This problemcan
berestatedasfollows: how canparserdrom differentlinguistic framevorksbecompaedin a quantitatve andthoroudh manner?n this
paper we addresghis problemand suggesta new methodolay for compaing parsers.The new methoddogy integratesinformation
Theoretioneasuretogethemwith the PARSEVAL measuref away thatallows directcomparisorof parserghatoriginatefrom different

linguistic frameaworks.

1. Intr oduction

In thelastdecae or so,arelatively largebody of work
in Compuational Linguistics hasbeendireded at the de-
velopmentandapplicdion of differentparsingmocels for
natual langua@ processinge.g. (Brill, 1998; Magerma,
199B; Bod, 1995 Charniak 19%; Eisner 1996 Ratna-
parkhi, 1997; Collins,1997; Carrolletal.,1998 Lin, 198;
Chiang 200Q Sima’an,200). Much work hasbeencon-
centrding on how to extract stochastianodelsfrom exist-
ing tree-baks. Onetree-bak in particulay the Pennwall
StreetJournaltree-bak (Marcuset al., 1993 hasreceved
muchattentionin theseefforts. Regadlessof the reasos
for thissituation thistree-bak hasbecone akind of bench
mark for the evaluation andcomparisonof parsers.How-
ever, parses thatdo notabideby thesamdinguisticframe-
work asthe WSJtree-baR, or parses for otherlanguages
than American English,are hardto compae to the main-
streamwhich hasbeentestedonthe WSJtree-tank. In this
pape we addressheissueof parsercommrisonacrosgdif-
ferert linguistic frameawvorks. This prodemis interestingas
it touche onlinguisticissuesbut alsoonthequestiorfthow
to view therole of langlagestructuré. In this preliminaty
repat on our researctinto this question we assumethat
the parserghat are beingcomgaredarebuilt for the same
langlage. We alsoassumehe existenceof a corpus of ut-
teranes,i.e.thatparsercompaisontakesplaceon specific
domains of langua@ use. Furthernore, in our evaluatian
herewe donottake into consideationtheimportantaspect
of parserefficiengy.

The structureof this paperis as follows. Section2
discusseshe linguistic aspectof how to conpareparses
that originate from differert linguistic frameworks. Sec-
tion 3 arguesthat parsercomparisonneed more thoudt
thanparserevaluation exactly becage the scoresneedto
be commredsomehav. Section4 we extend PARSEVAL
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with anInformationTheorg¢ic methalology, which allows
parsercomprisonacrossdifferentlinguistic frameworks.
Finally, section5 conclucesthis pape.

2. How to compare parsers?

Remarkaly, currer parseevaluation pradice seemgo
have beenlimited to a single benhmarktree-bak (Penn
WSJtree-bak). Theevaluatian of newly developedparses
proceedsby testingon a held-out portionof this tree-bak.
When the parsersare acqured from the tree-bak itself,
evaluation (andcompaison) of the parses is basedon the
PARSEVAL measure¢Blacketal., 1991). However, when
a new parseris devised andthis parseremplos a differ-
entlinguistic framevork thanthe anrotationschemeof the
PennWSJtree-bak (e.g.depenéng/ gramnar), a serious
problemarises.Theprablemliesin how to relatethediffer-
entsyntacticschemeso oneanother Thele seento betwo
relatedideason how to addressthis prablem: (1) devising
a geneal, syntacticschemea kind of “common ground”,
which senesasan“interlingua”, or (2) devising mappngs
betweereachpair of syntacticschemesin this sectionwe
argue thatboth suggstionsseemnot be workablein prac-
tice. We review the morepopuar amongthe two, i.e. the
methals of devising mappngs from the WSJ annotaéion
schemeto other schemes. Subsequetty we suggesthat
it is moreexpedent to develop differenttree-baks of the
samecorpts of utterancesgachin a different syntactican-
notatian scheme.

2.1 Commonsyntacticscheme?

At first glance,the problem of specifyingthe syntac-
tic “common grourd” seemdo rely on the choiceof some
gererallinguisticframework to whichbothparsersbutpus
canbemappedn orderto compae them.However, select-
ing acomma linguistic framevork seemsa hopelesstask:



the problemlies in anticipatingthe kinds of linguistic in-
formationthat a new linguistic theoly might be interested
in. Take for exanple the Minipar parser(Lin, 1998 or the
Link parser (SleatorD, 1991), thefirst outputs onetype of
depadencieswhile the secondoutpus so called “links”.
Both parsersdo not exactly coincidewith the traditional
granmmatical relatiors usedin other frameworks (or with
the WSJanndation). How this kind of syntacticinforma-
tion would be anticipatel by a comnon framework is not
comgetely clear We believe that a comnon framework
will alwaysbe contestedasbeingmorefavoralie to some
parserthananotter. Moreover, it seemgo usthatthegoal
of devising sucha frameavork coincides with the ultimate
goal,which hasevadedthe syntacticlinguistic work for so
mary yearsnow. This might be inherent to decidng on
the so called“borders” of syntax,which seemso ovedap
with mompholog/ on the one side,andwith semanticand
pragnaticson the other It is highy doubtful that sucha
framework canbedeveloped.

2.2 Mappings betweensyntactic schemes

Variows researchrs (Lin, 19%; Carroll et al., 1998
have developed method that attemptat transfaming the
the PennWSJformatinto the differentoutput formats of
their parsersHowever, thereis in theseefforts a hiddenas-
sumptio: a comgete mappirg canbe construted, which
mapsa WSJ parse-tee into a parsetree in ary of these
schemes. Apart from the linguistic argumentsthat exist
aganst the “relatively shallov” WSJ style of annotatim,
thereis a seriousproblemin assuminghe existenceof a
compete, possiblydetermitistic mappirg.

The amunents againstthis pradice emege from lin-
guistic frameworks (e.g depedeny granmmar) that differ
to alarge extentfrom the framework emplo/edin the WSJ
tree-tank. The main agumentsaddessthe risks that ac-
compary mappng parse-teesfrom oneframework to an-
other Whenaparse-treés mappel from oneframework to
anotter, onemight

e risk losing linguistic information (e.g. somedepen
dendesnotfound in theWSJ),

o faceambigiity, sincethe cateyaries provided by the
parsemight mapontodifferentWSJcateyories (pos-
sibly depemnlenton context).

Theseproblemssuggst thatthe comparisonof two parses
cannotrely on mappng the outputontosomepreselected
linguistic framework, sincedifferentlinguistic frameworks
addessdifferert syntacticaspects.Nevettheless,we find
in the literaturevarious empiricalefforts aimedat devising
suchmapping, notably (Lin, 1995 Carroll et al., 1998.
Next wefirstaddressvhatit takesto deviseamappirg from
Phrase-Stretureto Depen@ng/ granmar and vice versa.
Thenwe shortlydiscusssomeof the prodemsthatexist in
themappngsdevisedby (Lin, 1995 Carrolletal., 1998).

2.3 What is necessanfor a mapping?

We conceltrate on two popular linguistic frameworks
of syntax depenleng andphrase-structureAlthough this
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coud beanillusive task,we give herea simplifieddescrip-
tion of thetwo, eachin a singleline. Phrase-streturesyn-
tax allows describingthe syntacticstructue of utteranes
in termsof the phrasesvhich constitutethem, usinga hi-

erardical andrecursve setof concets. In contrast,de-
perdeny syntaxaims at making explicit the depenlen-
cies betweenthe pairs of words in the utterance Both

appoachesaim at facilitating the discovery of agument-
structue, which is oftenassumedy subsequersemantic
processing.

It has been suggestedby (Hudsm, 1984; Coving-
ton, 199; Covington, 19949 that, according to a phrase-
structue gramnar, constitueny is basicand depenéncg/
(or governmen) is derived, wherea accordhg to depa-
dercy grammar, depeeng is basicand constituacy is
derived. If this claimis correct, thenatransfornation pro-
cedue andits inversethat map phrase-structur@arseso
dependeng parsescould be defined in that case,phrase-
structue and dependeng gramnars are to a large extent
isomophic.

/TN /N

a cat on a mal

NI g

Figurel: A depeneng parse

TN

wy w2 w3

N
N

w1 w1

N

Figure3: Differentpossibledeendeny trees

w3

Theprodemlies, of course,in thekind of conceptghat
eachframework presupposes: the typesof depenéncies
andthe constitueh typesmust refer to the sameabstract
syntacticcorcepts,which is usually not the case. In or-
derto shedsomelight on the problematicaspectf such
a mappng, considerthe expressiona cat on a mat and
the plausibledepenéngy parsefor it shovn in figure1; at
leastthreedistinctphrase-stretureparsesnaybeprgected
from it asshown in figure 2. Clearly, thereis herea prob-
lem of how to decide onthesinglecorrect phrase-structure
parse,given the depenéng structue. The reverse map-
ping canalsobe prodematic: considerthe following unla-
beledbradeting (w1(w2w3)) of anexpressionwlw2w3.
At leastfour dependeny parsescanbe generatd from it
as shawn in figure 3. Again, a principled choice of the
single correctdepenleng parseis not easyand demand
a procedurefor recogiizing the headword of eachphrasal
catggory. The prodem, however, in devising headword
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Figure 2: Threedifferentphrase-streturetreesfor samedepenéngy structure

recoqnition proceduredor anexisting tree-bak, hasbeen
exemplified by the variousversiors of the headrecanition
proceduredevelopedby for theWSJtree-bak (Mageman,
199B; Collins, 1997; Buchhdz et al., 199; Eisner 2001).
In ary case,it seemsthat the prodems that accompary
thesemappngs canbe summaized in two elementg1) a
comnon setof conceps thatundelie thetypesin eachof
thetwo frameavorks,and(2) a clearandwell foundeddefi-
nition of aheadrecoqition procedire. Let usconsidertwo
attemptsat developing suchmappngs.

2.4 Lin’ sproposal

In (Lin, 1995, adepenengy parseof asenteneis de-
fined as a set of tuples. Suchdepaxdeny tuplesconsist
of 5 compnents: a depeent a PoS a position a head
andatype This lastcompamentis optional. Lin defines
thevalues thatcanbe assignedo thesecompmentsasfol-
lows: aword in a sentencéo be parseds assignedo the
depadentvariable, PoSrepresentsts lexical category, the
headword on which the valueof depenlentdepadsis as-
signedto theheadvariable,thepositiontakesavaluein the
set{<, >, <<, >>,<<<, ..., x, 7}. Remarkaly, nowell-
definedsetof valuesis definedfor the optioral compmnent
type Furthemore,Lin givesnohintsathow to labelhead
depadentrelations.

Lin presets an algaithm to transforma constitueng
treeinto a depandeng tree. His transfamationprocedure
exploits suggstions madein (Mageman, 1993 for de-
termiring lexical representative®f phrases.Whetherthe
notion of lexical representativecoincides with the notion
of head as usedin depenéng/ gramnar, is not clear
Supmse, for the sale of the argument, that lexical rep-
resentativesare headsand corsider the wh-interrogative,
parsedaccordimg to the bracleting guideliresfor the Penn
TreeBankasshavn attheleft sideof figure4. Let usapply
Magemansrulesto it. Accordingto theserules,thehead-
word of SBARQ is the headword of SQ that is propose
Theefore thehead-vord of which measuesis adependent
of propose However, conside the wh-interrcgative on the
right handside of figure 4. The head-vord of SBARQIs
think. Therefae, the WHNP which measuesis not ary
more adependenf proposedit is adepenlentof thehead
word think. Thisimpliesthattransfaoming standarcghrase
structue analysis into somedepédeng representatioin
this way resultsin lossof information. Suchinformation
representedy the positionof a traceis of courserelevant
to semanticinterpretation. Our examges clearly shav
that such a transfomation procedure fails to detect a
depadengy thatrelatesadepeneéntto a“lowerhead’(one
thatdoesnot percdate acrossheconstituehbourdaries).
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2.5 Carradll et.al'sproposal

Carrolletal. (Carrolletal.,1998) haspropsedsomere-
lationalevaluationmeasurethatexhibit someresembance
to Lin's. They describea corpusanndation schemethat
encaesgrammatical relationsbetweenhead and depa-
derts. We believe thatCarroll's proposalis somehwav supe-
rior to Lin’sin afew aspectsFirstly, thesetof depenéncg/
typesor granmatical relatiors is well-definal and consti-
tutesa hierardy. This allows robust and shallav evalu-
ation. Secondly granmaticalrelationsare strictly speak-
ing not depereng relatiors; the extemal argumentof a
“subjectcontiol verld’ is grammaticly relatedto the con-
trol verb andto thecontrdled verb (e.g | promiseto come
wherel is relatedto bothpromiseandcomg. Finally, gram-
maticalrelatiors arespecifiedevenfor moved phraseghat
donotoccurin acanorical position Thisaddressea prob-
lemin Lin’s prgposal,mentioredabove.

Fromthe experiencedescribedn (Carroll etal., 1998,
it might seemthatdepenéng types(or grammatical rela-
tions)areeasyto specifyandextract from phrasestructure.
Neverthelessthisis trueonly becage(Carrolletal., 1998)
assumeghat the phrase-streture gramma is an explicit,
deterninate set of rules. As Carroll et al. recogrize,
extractinggrammaticalrelationsfrom animplicit grammay
induced autonatically from a tree-kank, is much harcer
to do corsistently In addition the grammatical relatiors
in (Carroll et al., 1998B) do not captue some relevant
information. For instance, topicalized constituats of
the PennTree Bank (bearirg the TPC tag) are ignored,
becasethey areallegedlydifficult to specifyunder which
corditionsa constituehis topicalized

Clearly, from theseexanples we obsere that devel-
oping determirstic, compete mappngs betweenphrase-
structue anddeendenyg gramnarsis a tediousandrisky
task. For a nice review of the prodemsthatarisein relat-
ing Depenleng to Phrase-Streturesyntaxsee(Schreider,
199B). We believe that the developmert of different tree-
barks, eachin anotter linguisticanndationschemefor the
samecorpts of utterance might provide a more fruitful
pathto proceed When a pair of paralleltree-baks ex-
its, it is possibleto explore automaticmears for learnirg
compex, stochastianappirgs betweerthetwo. More im-
portantly, a pair of paralleltree-baks for the samecorpts
of utterarcesmay sene asa suitableinfrastricturefor the
comparisonof parsergrom differentlinguistic framewvorks
aswe describan therestof this paper

3. Comparison: morethan evaluation

In line with current practice,we believe that empiri-
calparservaluationrequresamanudly constrcted,gold-
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Figure4: Two PennWSJstyle parse-tres

standad tree-bak andsuitablemeasuresf the“similarity”

betweenthe analysesoutpu by the parserandthe corre-
spording analysesthatarefound in thetree-bak. Usually,
the measue of “analysessimilarity” consistsof different
figures pertainirg to coverage(or recall) andaccueagy (or
precisia). In contrast,thetaskof comparirg parses canbe
more complex thanthe evaluationof a singleparser(or the

comparisonof parserdhat sharethe sameoutptut scheme).

Whentwo parsersare beingcompaed, andher major is-
sue,besidesvaluation mustbe addressedhow to compare
thesimilarity measureacrosdifferentkindsof parserout-
puts (possiblyoriginating from differentlinguistic frame-
works)?We believe thatthelatterquestions of theoretical
importanceand we addresst in this section. First, how-
ever, we needto discusghe multiple possibilitiesfor parser
compmrisonand provide the argumentatio that undelies
thespecificchoiceshatwe male.

3.1 Task-orientedcomparisons

Initially, we distinguishbetweentwo gods of parser
comparison:(1) thesuitability of the parserto a giventask,
and(2) the suitability of the parserasa modelof syntactic
languageprocessing.Although (ideally) the two gods are
strondy relatedin practicethey mightimply differentcom-
parisonmethodlogies. The compaison of parsers suit-
ability for aspecifictaskis usuallyguidedby somedetailed
specificationof the requirenentswhich the parsermust
meet. For exanple, the simplified QuestionAnswering
taskrequires the parserto outpu (asfastaspossible)the
mainpredicae-agumentstructue of theinput. In contrast,
more comple tasks,suchasthetaskof Machire Transla-
tion, will possiblyrequre a muchmore detailedsyntactic
analysis of theinput. Task-gientedcomparisonis interest-
ing anduseful,but is stronglyspecificto the taskat hard,
which meanghatit doesnot constitutea generalkcomgari-
sonmethalology.

3.2 Qualitative comparisons

When the parsercomparisonis not tied to a specific
task, parsercompaisonis aimedat investigatingthe util-
ity of the differert models undelying the parsers Clearly,
a quditative comparison,basedon theaetical considea-
tionsof coverageof languag phenanena(e.g (Carrdl and
Weir, 1997)), could beilluminating. Issuessuchas“what

This is currently the casein parserevaluationson the Wall
StreetJournalcorpus for example.
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phenomerathe parsercanbe expectedto cover’ and“what

qudity of the outpu is provided by the parser’areimpor-

tantfor adwarcing the stateof the art. However, qualitatve
compmrisonshecane morepowerful whenthey aresupple-
menta with quanitative compaisonsthatarebasednac-
tual empitical eviderce (weighted accordimg to expected
frequeng of occurence). This is becausehe theoretical
investigationsmight pay too much attentionto relatively
infrequentphenanenaand less attentionto frequent (yet
seeminty irrelevant) pheromena Empiiical, quartitative

parseicompaisonaimsat providing anansweto theques-
tion: what quality of outputis provided by the parserand
how doesit compareto otherparsers?Beforewe addess
this question, however, we addessa relatedidea which

is currerly beingfloatedasan alternatve for (full) parser
comparison:partialevaluation.

3.3 Partial evaluation basedcomparisons

Becausef the problematicmappirgs betweerthe dif-
ferert linguistic frameworks, it seemssuitableto consider
only some of the issuesupm which theseframeworks
agree. For examge, one could condict compaisonson
the main predcate-agumentstructue of the input, or on
recall/pecisionfor thesetof predicde-agumentstructues
for the verbsin the input utterane. Similar suggestios
have beenmadein orde to contrastthe so-called“shal-
low” parses to existing “full” parserspy e.g.listing the
recall/pecision on eachphrasalcategory (or kind of de-
perdeng) separatelyTjong Kim SangandDé&jean,2001J).
Thesesuggestios for partial evaluaion usuallyprovide a
detailedand informative listing of various aspectf the
parseis behaior. We think that theseshould be taken
mote seriotsly in practicd parserevaluation. It is impor
tantto have detailedlists of scoresof a parseron different
tasks.However, partial evaluationhasits limitations, even
for practicalcompaisons. It is very hardto predictwhat
elemers in the output of a given parsercould be impor-
tant. For exanple, predicateargument structures,which
take only vertal predcatesinto consideation, are useless
for someappgicationswhereprepsitional phrasesareim-
porttant(e.g.domainsof travel information,or money trans-
actiors etc). Anothe weakressof partialevaluation is that,
by definition,it does notanswettheneedfor a“bottomline
figure” which summariesthe behaior of the parserand
allows directcomparisonto otherparses.

Ther is, morewver, a more urgent matter which par



tial evaluation doesnotaddressandwhichis of theoretical
impartance. This corcernsthe question how muchinfor-
matior? doestheparsereturn andwhatis it' s quality? An-
sweringthistheoretichquestionis importart for advancing
the stateof the art in naturallanguag processing In the
light of thecurrentdivergencein parseoutpu formats(e.g.
shallov vs. deepparsersandgiventhedifferencedetween
thelinguistic framevorks, it beconesimpoitantto be able
to measuredifferencesin the informativeressof parsers,
evenwhentheir outpus arenotdirectly comparable.

3.4 Comparisonon parallel tr ee-banks

As amgued in Section2., for compring parsersthat
come from different linguistic frameworks (or different
deptts of analysis)it is necessaryo maintainsomekind of
mappng betweerthe outputs of the parsers.The mappirg
might berealizedin oneof two mannes:

Explicit: atree-bak existsin oneanrotationschemgac-
cordng to somelinguistic framework) togethemwith a
sound comgeteandcorrectmappirg whichtranslates
evely analysisin thetree-bak into the correspondig
analysisin theotherlinguistic framework,

Implicit: two parallel tree-lanks’ of the samecorpts of
utterarces,eachannotatecccordimg to oneof thelin-
guisticframeworks.

We alreadyshaved in Section2., that developing an ex-
plicit deterninistic mappirg seems hardtask. Therefore,
we adwcatethe useof implicit mappirgs thatareembod
iedin paralleltree-tanksof the samecorpus of utterances.
It is evidert that given suchpairs of tree-baks, different
autonatic method canbe explored for learnirg comple,
stochastianappngs betweernthe two tree-baks. How to
acqure thesemappirgsis aninterestingsubjectof research
but is beyond the scopeof this pager.

4. An Information Theoretic proposalfor
parser comparison

Supmsewe aregiven two parserd?; andP, whichhave
differentoutput schemesiespectiely, L, andL,. Suppose
alsowe aregivena corpus of utterarcesC, andtree-baks
T B, andT B; thatareannotéed versionsof C' accordimy
to schemedl; and L, respectrely. In orderto ground
the discussion the reade might want to imaginethat L,
is depeadeny granmar (Mel’ ¢uk, 1983) and L » is phrase
structue grammar (Mannirng and Schutze 199); or alter
natively, L, couldbetheschemeutpu by ashallov parser
andL, a“deepe” linguistic schemeThequestions, how
dowe compre P; and P, in away thattakesinto consid-
erationnot only the coverage/aaarag/ but alsothe infor-
mativenessof their outpu? Below we discussthe two is-
suesof coverage/aagragy andinformativenessseparately
Subsegentlywe progposecombined measueswhich allow
comparison.

2Thisis oppcsedto the practicalquestion:how muchinforma-
tion cantheparsemrovide for this or thattask?

Swe will keepthe term tree-bankwhenwe referto a bag of
utterance-analysipairs, where the analysesare syntacticstruc-
turesaccordirg to somelinguistic framework, e.g. depenéng
grammaror phrase-structurgrammar
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4.1 Coverage/accuracy generdizing PARSEVAL

The PARSEVAL measuresf labeledconstituat recall
and precision (Black et al., 1991) have beencentralin
currentefforts at parserevaluation onthecurrentAmerican
Endish langua@ bencimark (PennWSJtree-baR). It has
often beenclaimed that thesemeasues are not suitable
for evaluating e.g. dependenyg syntax. Indeed, when
taken literally, constitueicy can be meanindess when
evaluating depenéng/ syntax However, the PARSEVAL
measues caneasily be generéized to deal with whatever
kind of parsesas long as they can be representedas
sets of relations. For exanple, a labeled constituent
(i,j, X P) is a relation (where ¢ and j are the positiors
of the left-most and right-most words respectrdy and
X P is the label of the constituent) a labeleddepenéngy
(h,d, L) is arelation(where h andd arethe positionsof
the headword and the deperent, and L is the label of
the deendeng). A parse-tre, whetherin depenéngy
syntax or in phrasestructure, can be representg as a
setof suchrelatiors (cf. (Goodnan, 1998)). Recalland
predsion, as a direct gener#ization of the notaticn used
in PARSEVAL, aredefinedas measuresver setsof such
relatiors. If a given parseroutputs parseT” for sentene U
for whichthe gold standarcparses G, Goodma defines:

Recall(T,G) = |G| Precision(T,G)= ‘CT;‘Tl
We believe that the

IBCA‘RSEVAL measuresan be gener
alized further to stricter recall/preision measues, where
a parse-treeis viewed as a set of relations that range
over differentaspectsof syntax, e.g. relationsin which
the labeled constituen is headlexicalized, and possibly
suppementedwith the setof subcatgarization framesof
its headword. The notiors of recall/precisionover sets
of relatiors are geneal enoudyn to accommadate a wide
range of aspectf parse-treesincludng suggestias for
partial evaluation, e.g.on the basisof predcate-agument
structuesof verts.

Hence the parsersP; and P,, assumectarlier canbe
evaluatedon their own tree-baks T'B; andT B, usingthe
PARSEMAL recall/pecisionmeasurs. However, the PAR-
SEVEAL measues of recall/pecisiondo not addresghe
prablem of compaison acrossdifferent output/annotéion
schemesTo arrive at a suitablecomparisonmethoddogy
we first needto definemeasure®f the informativeressof
theoutput of agivenparser

4.2 Informativenesof a parser

What malkes a parserinformative? To answerthis we
turn to the Information Theaetic concep of compession.
Supmsewe are given two parsers. The one parserout-
putsonly unlabeledbracletedparsetrees,while the other
labelsthe sameparse-teeswith different syntacticcate-
gories. Theoutpu of thesecondarsercanbedescribeds
morte informative. As it turnsout, thekind of concepts,e.g.
phrasal categyaries or depadeny types,which the parser
includesin its output determire its informativeress. For
exanple, a parsetthatmarksthe differencebetweersingu-
lar/plural nounandverb phrasegouldbe more informative
thananotherthat doesnot do so (all elsebeingequéd, of

4If (|T| == 0) thenPrecision(T, G) = 0 by definition.



couse).

In general,a linguistic concep is viewed as a set of
word sequenes, e.g.the noun-phiaseconept consistsof
a sequenceof all nown constituents. Here, we take a
slightly differentperspectie on this notiort a conceptis
a probability distribution over word sequence (Mannirg
andSchutze1999. In ageneative gramnar, afinite setof
coneptsis specifiechierachically (andrecursvely). If the
coneptsare“stricter” or sharpethey will tendto bemore
informative, provided that the strictnesscaptues reguari-
tiesin thelanguag. This senseof an“informative annda-
tionscheme’is strondy relatedo thenotionof a“compres-
sioncode”in thecommunicationover anoisychanrel view
in Information Theory The morethe annotationscheme
allows to compessa large corpusof utterarcesfrom the
language the moreinformative this anndationschemes.

4.3 Crossentropy of an annotation scheme

Techncally speakimy, in langtagemodelirg technques
thatoriginatefrom the speeclcommurity, the “goodness”
of amodelis capturedhroudh the notion of Perpleity of
themodelon a corpus of utteranes. The stronglyrelated
notion of Cross Entropy is also known from the statisti-
cal parsingliterature,e.g. (Manring and Schutze, 199);
it capturs the average amouwnt of surpise that the model
encainterswhen parsingthe utterancesn the corpts. A
mockl thatcaptursetheregularitiesin thecorpusin abetter
way, throudh more adegiatesyntacticconstructsandcon-
cepts,will encouter lesssurpises. How do we apgy this
ideato parsercomparson wherewe wantto measue the
informativeressof anannotatio schemgthe outpu of the
parse)y?

We stressthatwe would like to compae the outpus of
theparserstatherthantheirambiguity resolutiorcapacity’.
To do so, we suggst a methodfor measuringa kind of
“crossentrofy” betweereachof thetree-baksT B; andthe
corpusof utterance€’. If thetree-bak parse-treesapture
theregularitiesin the corpts utteranesin a betterway, the
crossentrqy will be smaller But, how do we definethis
“crossentroy betweena tree-bak (rathe thana mockl)
andacorpus™?

Although it is not a trivial task, we believe that ev-
erytree-bak anndationschemewhethemphrasestructure,
headlexicalized phrase-strcture or depenéngy structure,
allowstheextractionof aprobailistic modelwhichwe will
call the “basic generéive mocel”. The “basic generatie
mockel” mustfulfill thefollowing requiements:

1. therewrite rulesof this model mustcoincidewith the
atomicunitsassumedtby thelinguistic framework, and

. only the information that exactly coincides with the
logical constaints on the composition] operators®
that originate from the linguistic framevork should
beavailabe ascondtioning contet for themodelpa-
rametes.

5Thelatterissuehasbeenaddresseéh therecall/precisioras-
pectof the evaluationmethodolgy suggestedhere.

5The compositionoperatorshatare usedfor the construction
of parse-treefrom the basicrewrite rules.
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For exampe, for (cortext-free) phrase-structue grammars,
the logical constraim on the substitutionopegator is cate-
gory substitutability which implies that the condtioning
cortext in context-freerule probailities consistsof the la-
bel of the left-handside of the rule, asin standardProb-
abilistic Contet-Free Gramnars. Accordingly, it is not
suitableto cordition the probabilities of the extractedba-
sic model on e.g. the label of the paren noce’. In ef-
fect, beyondthe necessargonditins, the basicgeneréive
mockl assumesndepadencebetweenthe differentbasic
rewrite units ry - - -, 7, that generatea parse-treer’, i.e.
P(T) = iz, P(ril¢(r:)), whereP(ri|¢(r;)) is therel-
ative frequeng of r; in the tree-tank, conditiored on the
necessarinformationonly.

Let us corsider a few exampge frameavorks from the
literatue. For phrase-strcture annotatios, as we just
said, the basic model is a Probaliistic Contet Free
Grammar (PCFG) (Jelinek et al., 1990) (the so-called
TreebankGramma (Charniak 1999); for a depenéncg/
syntaxtree-tank, this is a prokabilistic generatie model
in which the deperdeng prababilities are condtioned on
thehead-vords (seee.g.mocel 3 of (Eisner 199%) without
conditioning on the precedhg child, i.e. 0**-order Markov
mockl for gererationof depewlents);for aheadlexicalized
tree-ank, where head words augnent the phrasalnon-
termirals,thebasicmocel is similarto mode 1 of (Collins,
199%) (simplifiedto exclude“distancemeasures”).

Having extracteda basic geneative model from the
tree-tank, it becones easyto specifyhow the measue of
CrossEntraqoy betweerthemodelandthecorpis canbees-
timated. Let model . be a probalilistic geneative model
andlet C' be a corpus of utterancs. The cross-enwpy is
definal by

1

H,(C)= lim —

|C =00

> log P(U|u)

veC

where|C/| is thenumter of utteranesU in C. WhenC'is a
large corpts, it is possibleto estimatethis by droping the
limit:

1,(C) = 175 3 g P(Uly)

vec
Notethatfor our goal of compaison, it is enoudp to esti-
mateonly roughly the crossentrqoy on a reasonaly large
corpus(clearly thelargerthe better)

4.4 Per bit recall/predsion

For integrating the measure®f disambigiationandin-
formativeness of a parserwe will argue for the notion of
“per bit disambigiation capacity” This new notion ad-
dresseghe question: how god is the quality of the out-
put of the parsergiven its informativeness? This notion
is obtairedby integrating the PARSEVAL Precision/Recall
measuesof disamliguationwith the CrossEntropy of the
anrotationschemgwhich is theschemeusedin the output

"Notethatwe saythis is not suitableonly for the goalof mea-
suringthe informativenesf the outputof the parser not for the
ability of the parserto disambiguate.



of theparser)

Recall
Per bit Recall = ——¢%%
CrossEntropy

Precisi
Per bit Precision = ———costom
CrossEntropy

The intuition underlying thesenotions is that frameworks
that leave the parsesmore ambigwus, will demai less
effort during parsingand so recall/pre¢sion mustbe dis-
courted accodingly. We claim that the new measues of

perbit recallandpredsionfor differentparser€anbecom-
pareddirectly, evenwhenthe parseroriginatefrom differ-

entlinguistic frameworks.

4.5 Discussion

We notethatthereexist various notiors thatarestrondy
relatedto CrossEntropy asa measureof model goodhess.
Oneof thesenotionsis the descriptionlength (or the the-
oretical Kolmogoros compexity), andher is the messge
length(Rissanen1983. However, the CrossEntrqoy mea-
sureis themostdirectly applicalle amongthesecloselyre-
latednotionsbecaus®f its directinterpietationin termsof
smootledrelative frequeng.

We expecttwo issuesto constitutethe critical points
in the applicationof the methalology proposedin this pa-
per: (1) thedevelopmentof paralleltree-baksfor thesame
corpus of utterancs, (2) the benctmarkirg of method for
theextractionof basicprobabilisticmodds from thesetree-
banls. Thefirstissueis critical becausé is laba intensie;
thesecondecaseit demanlsfurtherspecificatiorof what
constitutes basicmodelthatcanbeextractedfrom anewly
developedtree-bak, especiallywhenthis concenssimpli-
fiedframeworks suchasthoseusedby shallav parses. De-
spiteof thesepossibledifficulties, we believe thatour pro-
posalcould provide a theoetical departure point towards
workableapproxmations.

5. Conclusions

We preseted a preliminay, informal discussionof
whatit takesto develop a methoalogy for parsercompar-
ison acrosgdifferent linguistic framewvorks. We have pre-
senteda simple Information Theoreticapprachto avoid
the problens that arisein magping betweendifferert lin-
guistic frameworks. This appoach takes into account
the specificcorceptsof the frameawork, circumventirg the
problemof informationloss.

As a positive side to this proposal, we ervision that
for a given domainof langwageusetherewill be different
tree-kanks,eachaccordimg to a different linguistic frame-
work. This will allow the developmentof autonatic ap-
praximations for doman-specific mapping betweenthe
differentframawvorks (e.g. using Machine Learningtech-
nigues). Furthemore, this also enableghe exploration of
compementaryaspectof the differentexisting linguistic
frameworks, possiblyleadingto betterstochastiparsers.

Future work in this direction might conceirate on
evaluating existing parsersfrom depenéng/ and phrase-
structue granmar, and compaing themusingthe present
appoach. Another line of work might concetrate on the
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apgication of Machine Learring or stochasticmethod
to the inductian of appoximate mappngs betweenthese
different frameworks. Finally, we are intrigued by the
possibility of empiricd studiesthat combire aspect§rom
differentframeworks basedn paralleltree-tanks.
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Abstract
Thepaperdescribegnexperimentn inside-outsidestimationof alexicalizedprobabilisticcontet freegrammarfor German.Grammar
andformalismfeatureswhich male the experimentfeasibleare described.Successie modelsare evaluatedon precisionandrecall of
phrasemarkupconsistingof labelsfor nounchunksandsubcatgorizationframes. Our approachto parsingis a blendof symbolicand
stochastianethodswherewe useevaluationresultsin both incrementalgrammardevelopmentand validation of selectedbutputto be
usedin lexical semantiaclustering.Our resultsarethat (i) scrambling-styldree phraseordetr casemorphology subcatgorization,and
NP-internalgender numberand caseagreementan be dealtwithin a lexicalized probabilisticcontext-free grammarformalism, and
(ii) inside-outsideestimationappeardo be beneficial however relieson a carefully built grammarandan evaluationbasedon carefully
selectedinguistic criteria. Additionally, we reportexperimentson overtrainingwith inside-outsideestimation,especiallyfocusingon

comparisorof theresultsof mathematicahndlinguistic evaluations.

1. Intr oduction

From 1997to 2000, the Gramotrongroup of the Insti-
tute for Natural LanguageProcessingat StuttgartUniver-
sity developeda stochasticparserfor German(Beil et al.
(1999), Schulteim Walde et al. (2001)). The symbolic
componenbf thefinal parsingsystermis a manuallywritten
context-free grammarconsistingof severalthousanchead-
markedrules. Its stochasticcomponentonsistsof proba-
bility weightsassignedo thelexicalisedgrammarulesand
to the lexical choiceeventsby the so-calledinside-outside
algorithm(Lari and Young, 1990),the standardorocedure
for unsupervisetraining of a stochasticontet-freegram-
mar parsingfree text. For trainingandparsing,theimple-
mentationsof Carroll (1997b)and Schmid (1999a)were
used.

The Gramotrorparsingsystemwasdesignedo beused
for the induction of a semanticallyannotatedexicon of
Germamounsandverbs(Roothetal., 1999).Accordingly,
the grammardevelopmentfocuswason the recognitionof
thegrammaticatelationsbetweemounsandverbs.

Furthermoresincethe parsingresultswereaninterme-
diatestepin anexperimentto learnasemantidexicon, reli-
ableparsingresultshadto beacquiredrapidly. We decided
for anincrementarammardevelopmentthusminimizing
grammandevelopmentfforts in the early projectphase.

Thecontet-freegrammarfor Germarwasdevelopedn
threestagesfor (i) verb-finalclauses(ii) relative clauses,
and (iii) verb-firstandverb-seconalauses.In this paper
we describea concludedexperimentand evaluationof the
parsingsystemcoveringconstructiongi) and(ii).

Grammardevelopmentndstochastidrainingwascon-
trolled by two types of evaluation: (i) an information-
theoreticevaluationbasedon perpleity valuesmeasured

ontraining andtestcorporaof freetext, and(ii) alinguis-
tic evaluationof noun chunkswith casefeaturesandverb
framerecognitionon a manuallyannotatedestcorpus.

2. Data

The datafor our experimentsare two sub-corporaex-
tractedfrom a 200 million token newvspapercorpus,(a) a
sub-corpugontainingd50,000verb-finalclauseswvith ato-
tal of 4 million words,and(b) a sub-corpusontainingl,1
million relative clauseswith a total of 10 million words.
Apart from non-finite clausesas verbal aguments,there
areno further clausalembeddingsandthe clausesdo not
containary punctuationexceptfor a terminalperiod. The
averageclauselengthis 9.16 and 9.12 words per clause,
respectiely.

We useda finite-statemorphologicalanalyser(Schiller
and Stckert, 1995)to assignmultiple morphologicalfea-
turessuchas part-of-speechtiag, case,genderand number
to the corpuswords,partly collapsedo reducethe number
of analysesFor example,theword Bleibe (eitherthe case
ambiguoudemininesingularnoun‘residence’or a person
andmodeambiguoudinite singularpresentenseverbform
of ‘stay’) is analysedasfollows:

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

Reducingheambiguougategoriesleavesthetwo morpho-
logical analyses

NooprwNE
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Figurel: ChartBrowserfor GrammarDevelopment

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

Apart from assigningmorphologicalanalyseshe tool in
additionsenesaslemmatisei(cf. (Schulze1996)).

3. The German Context-FreeGrammar

The context-free grammarconsistsof 5,033 ruleswith
lexical headmarkings.With very few exceptiong(rulesfor
coordination,S-rule),the rulesdo not have morethantwo
daughtersThe220terminalcateyoriesin thegrammaircor-
respondo the collapsedcorpustagsassignedyy the mor-
phology
Grammardevelopments facilitatedby (a) grammardevel-
opmentervironmentof the feature-basedrammarformal-
ism YAP (Schmid,1999b),and(b) achartbrowserthatper
mits a quick andefficient discovery of grammarbugs(Car
roll, 1997a).Figure 1 shavsthatthe ambiguityin thechart
is quite considerableventhoughgrammarandcorpusare
restricted.

The grammar covers 92.43% of the verb-final and
91.70%o0f the relative clausesj.e. the respectie part of
thecorporaareassignegarses.

In the following, we describetwo essentiapartsof the
grammay the noun chunksand the definition of subcat-
egorisationframes. For details concerningprepositional
phrasesadjectial chunks,adwerbial chunks,complex de-
terminers,andthe 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
grammaiis written in sucha way thatnon-disjunctve fea-
turesareintroducedhigh up in thetree.Figure2 illustrates
the useof disjunctive featuresn nounprojections:theter-
minal NN containsthe four-way ambiguousCas casefea-
ture; the N-bar (NN1) andnounchunkNC projectionsdis-
ambiguateto two-way ambiguouscasefeaturesDir and
Obl ; the weak/strong(Sw/St ) featureof NN1 allows or
preventscombinationwith a determinerrespectiely; only
atthenounphraseNP projectionlevel, the casefeatureap-
pearsin disambiguatedorm. The useof disjunctve case
featuresresultsin somereductionin the size of the parse

forest. Essentiallythe full rangeof agreementnside the
nounphraseis enforced. Agreementbetweenthe subject
NP andthetensedverbis not enforcedby the grammayin

orderto controlthenumberof parameterandrules.

The noun chunk definition refers to Abney’s chunk
grammarrganisation(Abney, 1996):thenounchunk(NQ
is a projectionthat excludespost-headcomplementsand
(adwerbial)adjunctsintroducedhigherthanpre-headnodi-
fiersanddeterminershut includesparticipial pre-modifiers
with theircomplements.

3.2. SubcategorisationFrames

The grammar distinguishes four subcatgorisation
frame classes: active (VPA), passve (VPP), non-finite
(VPI) frames, and copulaconstructiongVPK). A frame
may have maximally threearguments.Possiblearguments
in the framesarenominatie (n), dative (d) andaccusatie
(a) NPs,reflexive pronoungr), PPs(p), andnon-finiteVPs
(). Thegrammardoesnot distinguishplain non-finiteVPs
from zu-non-finiteVPs. Thegrammaiis designedo distin-
guishbetweerPPsrepresentingverbalcomplemenor ad-
junct: only complementarereferredto by theframetype.
The numberandthe typesof framesin the differentframe
classesregivenin Tablel.

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

Tablel: SubcatgorisationFrameTypes

German, being a languagewith comparatiely free
phraseorder, allows for scramblingof arguments.Scram-
bling is reflectedin the particularsequencen which the
argumentsof the verb frame are saturated.CompareFig-
ure 3 asexampleof a canonicakubject-objecbrderwithin
anactive transitve frameder sieliebt ‘who lovesher’ and
its scrambledobject-subjecbrderdensieliebt ‘whom she
loves'.

Abstractingfrom the active and passie realisationof



{NP.Nom, NP.Akk } {NP.Dat, NP.Gen} Syntactically a head-l&icalised probabilistic context-
| | freegrammar(HPCFG)(Carroll, 1995;Carroll andRooth,
1998)is a PCFGin which one of the right handside cat-

NC.Di NC.Obl . .
N egoriesof eachgrammarrule is marked asthe headof the
/ \ / \ projection. The lexical headof a terminal category is the
ART1E NN1.Fem.DirSw ADJLR  NNLFem.Oblst respectie word form. Thus, lexical headproperties,i.e.

words,arepropagatedhroughheadchains.
HPCFGsassignthe following probability? to a parse

/N |

ART.Indef.E ADJ1.E NN1.Fem.DirSw ADJ.R NN.Fem.Cas.Sg

treeT:
| | | | | _ P(T) = Psare(caroot(T))) -
eine ADJ.E NN.Fem.Cas.Sg  andeer Gelegenheit Pstart(heac(root(T))|ca1(root(T))) .
| [[ Pouec(rule(n)|catn), headn)) -
gute Gelegenheit neT
Figure2: NounProjections n : non-terminal
[ Peroice(headn)|catn), catp(n)), headp(n))) -
neT
}A.na{a\ }A.na{ n # T'OOt(T)
NPNom VPA.na.a NP.Akk VPA.na.n H Prue(<terminal> |cai(n), headn)) -
neT
/ \ / \ n : terminal
d NPAKK  VPA. d NPN VPA.
o ol on n [ Pres(word(n) cat(n), headn))
. | | | neT
sie VPA sie VPA n : terminal
lebt lebt Five families of probability distributions are relevant

here. Py,+(C) is the probability that C' is the cate-
Figure 3: Realising ScramblingEffect in the Grammar  gory of the root node of a parsetree. Py (h|C) is
Rules the probability that a root node of category C' bearsthe
lexical head h. P,,.(r|C,h) is the probability that a
node of catgory C with lexical headh is expandedby
ruler. Pepoice (h|C, Cp, hy) is the probability thata (non-
head)node of categgory C' hasthe lexical headh given
that the parentcategory is C,, andthe parentheadis h,.
Py (<terminal> |C,h) is the probability that a node
of catgory C' with lexical head h is a terminal node.
P, (w|C, h), finally, is theprobabilitythataterminalnode
with category C' andlexical headh expandsto the word
form w.

In orderto reducethe prohibitively large numberof lex-
ical parameterthathave to be estimatedywe employedlin-
guistic generalisationgor parametereduction: lemmati-
s sationand parameteipooling. Using uninflectedlemma

4. Probability Model ratherthaninflectedword form for lexicalisationeliminates

The probabilistic grammarsare parsedwith LoPar ! splitting of estimatedrequenciesmongnflectionalforms.
(Schmid,1999a),a head-leicalised probabilisticcontext- Parametempooling is basedon the assumptiorthat lexical
free parser The parseris animplementationof the Left-  choiceprobabilitiesare unlikely to dependon inflectional
Corneralgorithmfor parsingandof the Inside-Outsideal-  featuredike gendey case ,numberetc. of categoriesor ar
gorithm for parameterestimation. Probabilisticcontext- ~ gumentorderin verb frames. For instance,thereare (at

an identical underlying deep-l&el syntax we generalise
over the alternationby defining a top-level subcatgorisa-
tion frametype,e.g.IP.nad for VPA.nad , VPP.nd and

VPP.ndp-s (with p-s aprepositionaphrasewithin pas-
siveframetypesrepresentinghedeep-structursubjectre-

alisableonly by PPsheadedy 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’ anddie vondemMannverfolgtwird

‘who is followedby theman'.

freeparsing(Lari andYoung,1990)mapsa CFGto aprob-  least)nine differentinflectionalpatternsfor projectingthe
ability modelby assigninga probability to eachgrammar  adjectiealt (old) andBuch (book)to anNNZ1cateory. In-
rule. steadof assigninga lexical choiceprobability

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

smoothingtechnique. 2The auxiliary functionscat , head, p(arent) , word and
rule returnthe syntacticcatagyory, the lexical head,the parent
!LoPar is basicallya re-implementatiorof the Galacsytools ~ node, the dominatedword or the expandinggrammarrule of a
which were developedby Glenn Carroll in the SFB, but LoPar node.root returnstheroot nodeof a parsetreeand <termi-
providesadditionalfunctionality nal> isaconstant.
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IP.na IP.na IP.na
| | |
VPA.na.na VPP.N.n VPP.np-s.np-s
/N / N\ /N
NP.Nom VPA.na.a NP.Nom VPPN NP.Nom VPPRNp-s.p-s
/\ | /N
der NPAkk VPA.na die verfolgtwird die PPDat:von VPPnp-s
| |
sie verfolgt vonihm verfolgtwird

Figure4: Generalisingoverthe Active-Passve Alternationof SubcatgorisationFrames

for eachpossiblecombinationof w, z, y, z, the combina-
tionsarepooledto a singledistribution

Pehoice(alt|ADJ,NN1, Buch)

for all inflectionalvariationsof NN1 -> ADJ NN1 We
obtaina single probability distribution for adjectval mod-
ifiers. In result, frequentobsenation of altesBudh in the
trainngdataalsoincreaseshe probability of alter Bucher.
For argumentfilling into verb frames, categories of the
formVP.x.y arepooledto VP.x andactive, passie and
non-finiteverbframesarepooledaccordingo sharedargu-
ments,disregardingthe saturationstateof the frame. For
instance,P.p,ice Of a particularnounis the sameas ac-
cusatve NP headin the transitve active frame or nomi-
native NP headin the passve frame of a particularverb
([dass] sie denHund futtert 'shefeedsthe dog’, der Hund
gefuttertwird 'thedog is fed’).

5. Grammar Training
5.1. Training Strategy

The training in our main experimentwas performedin
thefollowing steps:

1. Initialisation of all CFG ruleswith identicalfrequen-
cies. (Comparatie initialisations with randomfre-
guencieadno effecton themodeldevelopment.)

2. Unlexicalised training: The training corpus was
parsednce,re-estimatinghefrequenciegwice.

3. Lexicalisation: The unlexicalised model was turned
into alexicalisedmodelby (i) settingthe probabilities
of thelexicalisedrule probabilitiesto the valuesof the
respectie unlexicalisedprobabilitiesand(ii) initialis-
ing thelexical choiceandlexicalisedstartprobabilities
uniformly.

4. Lexicalisedtraining:
Threetrainingiterationswereperformedon the train-
ing corpus re-estimatinghefrequenciesftereachit-
eration.

For training the model parametersve used90% of the
corporaatotal of 1.4 million clausesTheremaining10%
of sene asheldoutdatato measurevertraining.

Our experimentshave shavn that training an unlex-
icalised model first improves overall results. The op-
timal training stratgyy proceedswith few parameterre-
estimations of an unlexicalised model.  Without re-
estimationsor with a large numberof re-estimationghe
modelwas effectedto its disadwantage. With lessunlex-
icalisedtraining more changesduring lexicalisedtraining
take placelateron.

Comparatie numbersof iterations(up to 40 iterations)
in lexicalisedtraining shoved that moreiterationsdid not
have ary furthereffectonthemodel.

6. Evaluation

Our evaluationmethodsverechoserto monitorthede-
velopmentof the grammay to control the grammartrain-
ing, and comparedifferent training regimes. As part of
ourlargerprojectof lexical semanticlustering theparsing
systemhadthe specifictaskto collect corpusfrequencies
for pairsof a verbalheadandits subcatgorisationframe
andfrequenciedor the nominalfillers of slotsin a subcat-
egorisationframe. Thelinguistic evaluationfocuseson the
reliability of theseparsingresults.

6.1. Mathematical evaluation

A B C
1: 52.0199 1: 537654 1: 49.8165
2: 25.3652 2. 263184 2:  23.1008
3.  24.5905 3: 255035 3 22.4479
15: 24.2861 57: 250549 90: 22.1443
16: 24.2861 58: 250549 95: 22.1443
17: 24.2867 59: 25055 96: 22.1444

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

In orderto control the amountof unlexicalisedtrain-
ing, we measuredvertrainingby comparingthe perple-
ity of the modelon training and heldoutdata(or, respec-
tively, cross-entrop® on heldoutdatain the experiments

3For a corpus consistingof sentencef a certain average
length (avg ), one can easily transformthesecross-entrop val-
ues(cross ) to thebetterknown valuesof word perpleity (perp
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in (Beil etal., 1999)). While perpleity on training data
is theoreticallyguaranteedo corvergethroughsubsequent
iterations,increasingperpleity on heldoutdataindicates
overtraining. Table2 shavs comparison®f differentsizes
of training and heldoutdata(training/heldout)for unlexi-
calisedtrainingin an older experiment(Beil et al., 1999):
(A) 50k/50Kk, (B) 500k/500Kk,(C) 4.1M/500k. The over
training effectis indicatedby theincreasén cross-entrop
from the penultimateto the ultimateiterationin thetables.

In previous experiments(Beil et al., 1999), we com-
paredin more detail the mathematicabvaluationwith the
linguistic evaluationof precision/recallmeasuresn cat-
egories of different compleity through iterative unlexi-
calisedtraining. The comparisonshows that the mathe-
matical criterion of overtrainingmay lead to bad results
from alinguistic point of view. While precision/recalinea-
suresfor low-level structuressuchas NG corverge, itera-
tive unlexicalisedtraining up to the overtrainingthreshold
is disadantageoufor theevaluationof complec categories
like subcatgorisationframes.We obsenredprecision/recall
valuesfor verbframessettlingevenbelow theresultswith a
randomlyinitialisedgrammar Sothemathematicaévalua-
tion canonly sene asaroughindicatorwhetherthe model
reachegowardsan optimum, but linguistic evaluationde-
terminegthe optimum.

6.2. Linguistic evaluation

Although an appropriatereebankis availablefor Ger
man (the NEGRA treebankcf. Skutetal. (1997)for an
overview), we did not useit for our evaluation.Onereason
for this is the restrictionof our initial grammardevelop-
mentto verb final andrelative clauseswhile the treebank,
of courseannotatesull clauseslt turnedoutto bedifficult
to extractrespectie sub-treebanksOn the otherhand,we
did not intendto carry out the standardparserevaluation

usingtheformula

perp = 10 avg ~!-cross
(assumingdhatthecross-entropis computedy alogarithmbased
on 10). For example,anaverageenghthof avg =9.2andacross-
entropy of cross=24.2 yieldsaword perplity perp =427.0,
whichis avaluecomparableo the valuespresentedn Schulteim
Waldeetal. (2001).
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methodof measuringrecision/recalbn phraséboundaries
andcrossingbraclets (the PARSEVAL schemeY¥or which
treebankarewidely used.Bracketinginformationis rather
uninterestingor our objectvesandwe reckonedthatrich
structuresasgeneratedy our grammarwould likely pun-
ishedby the crossingoracket measure(For amoregeneral
overview of problemsusingthe crossingbraclketsmeasure
for parserevaluationsee(Carroll etal., 1998).)

Moreover, in transformingour bracketing to treebank
annotationstandardswe fearedto loosetoo muchinfor-
mationdeemedmportantfor our evaluation.In our efforts
to find a transformatiorthat mapstreebankstructureso a
selectionof ours (houn and verb chunks),we found two
mappingproblems: (i) mappingtreebankphrasespansto
our chunkspansand(ii) finding aninformation-preserving
mappingfrom our labelsto treebankabels.Concerninghe
first, it turnedout to be difficult to definenounchunkends
within treebankNPs. An evenhardermproblemis findingthe
rich informationin our verbalcateyory labels(i.e. typeand
frameannotation)n treebankvPs.

Sowe decidedto build our own testdata: Ratherthan
pursuingthe efforts of finding an appropriatereebank-to-
gramotrontransformationwe performeddetailedevalua-
tionsof individual framesandof a setof selectedrerbs.

Testdata The linguistic parametersf the modelswere
evaluatedconcerninghe identificationof NG andsubcat-
egorisationframes. We randomly extracted 200 relative
clausesand 200 verb-final clausesfrom the testdataand
hand-annotatedhe relative clauseswith noun chunk la-
bels,andall of the clauseswith framelabels. In addition,
we extractedl00randomlychoserrelative clausedor each
of the six verbsbeteiligen ‘participate’, erhalten‘receie’,
folgen‘follow’, verbieten'forbid’, versprechen‘promise’,
versuden'try’, andhand-annotatethemwith theirsubcat-
egorisationframes. The particularselectionof verbsaims
to be representatie for the variety of verb framesdefined
in ourgrammar

The manualannotationvasfacilitatedby useof achart
browser Thelabellersfilled theappropriatehartcellswith
catggory namesby selectingcateyory labelsfrom a given
list thatis displayedon clicking a cell. Figure5 givesan
exampleof NGlabellingwhichvisualiseghedetermination
of NGrangewia cell selection Framesareannotateds|P



labels,i.e. they arealwaysin the samechartcell andframe
rangesaretrivial.

Best-first consistency Our linguistic evaluation of the

probabilitymodelsis a versionof measuringest-firstcon-

sisteny (Briscoeand Carroll, 1993). We madethe mod-

elsdeterminethe Viterbi parsegi.e. maximumprobability
parsespf thetestdataandextractedthe cateyoriesof inter-

est(i.e. nounchunksandsubcatgorisationframe types).
Only therelevantcategoriesbut nottheentireViterbi parses
were comparedwith the annotateddata. NG were eval-

uatedaccordingto (i) rangeand (ii) rangeandlabel, i.e.

catggory name. The subcatgorisationframeswere evalu-

atedaccordingo theframelabelonly. Precisionandrecall

measurearedefinedasfollows:

correct correct

recall =

precision =

guesses baseline

with baselinereferringto the setof annotatecategoriesin
the testcorpus,guesseseferringto the setof range/label
annotateccategoriesidentifiedin Viterbi parsesand cor-
rectcountingthe casesvherethe chunk/labeldentifiedby
the parseris a matchto the annotators choice(correct =
guesses N baseline).

Overall results Theprecisionvaluesof the"best” model
accordingo thetraining stratgy wereasin Table3.

NounChunks
range [ range+label
98% | 92%

SubcatgorisationFrameson Sub-Corpora
relative clauses | verbfinal clauses
63% | 73%

SubcatgorisationFrameson SpecificVerbs
erhalten folgen verbieten | versprechen | versuden
‘receive’ | ‘follow’ ‘forbid’ ‘promise’ ‘try’
61% 88% 59% 80% 49%

beteiligen
‘participate’
48%

Table 3: PrecisionValueson Noun Chunksand Subcate-
gorisationFrames

For comparisorreasonsye evaluatedthe subcatgori-
sation framesof 200 relative clausesextractedfrom the
training data. Interestingly therewere no striking differ-
encesconcerninghe precisionvalues.

Evaluation of training regimes Figure 6 presentthe
stronglydifferentdevelopmentbof nounchunkandsubcate-
gorisationframe representationsithin the models,rang-
ing from the untrainedmodel until the fifth iteration of
lexicalisedtraining. NG were modelledsufficiently by an
unlexicalisedtrainedgrammar Unexpectedly lexicalisa-
tion impairedthe modelling slighlty. This obsenation is
supportedoy relatedexperimentsof Germannounchunk-
ing on anunrestrictedext corpus(Schmidand Schulteim
Walde, 2000). It remainsto be exploredwhetherthe num-
ber of low-frequentnominal headsis—despitethe use of
lemmatisatiorfor parametereduction—stillprohibitively
large becausef the penasive morpho-syntactiprocesf
nouncompoundingn German.

Verb phrasedn generalneededa combinationof un-
lexicalisedand lexicalisedtraining, but the representation
stronglydepende@nthespecificitem. Unlexicalisedtrain-
ing advancedfrequentphenomendcompare for example,
therepresentationf thetransitve framewith directobject
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for erfahrenandwith indirectobjectfor folgen), lexicalisa-
tion andlexicalisedtrainingimprovedthelexicalisedprop-
ertiesof theverbs,asexpected.

Parameter pooling Regardingthe frame evaluation,we
alsodid a teston the effectsof parametepoolingin lexi-
calisedtraininng. Without pooling of frame cateyoriesthe
precisionvaluesfor low-frequentphenomenauchasnon-
finite frame recognitionwas significantly lower, e.g. the
precisionfor the verb versuhen was 9% less than with
pooling. This resultsuggestinvestigationsnto theimpor-
tanceof training datasize andresearctinto otherpooling
possibilities.

6.3. Error Analysis

A detailedinvestigationof frame recognitionshaved
thefollowing interestingfeaturedevelopments:

e Highly commonsubcatgorisationtypessuchasthe
transitve frame are learnedin unlexicalisedtraining
and then slightly unlearnedin lexicalised training.
Lesscommonsubcatgorisationtypessuchasthe de-
mandfor anindirect objectare unlearnedn unlexi-
calisedtraining,butimprovedduringlexicalisedtrain-
ing.

¢ [t is difficult andwasnot effectively learnedto distin-
guishbetweerprepositionaphrasessverbalcomple-
mentsandadjuncts.

e Theactive presenperfectverbcomplexesandpassie
of condition were confused,becauseboth are com-
posedby a pastparticiple and a form of to be, e.g.
geshiwommernist ‘has swum’ vs. gehlundenist ‘is
bound'.

e Copulaconstructionsand passve of condition were
confusedagainbecauséoth may be composedy a
pastparticipleandaform of to be, e.g.verboterist ‘is
forbidden’vs. erfahrenist ‘is experienced’.

e Nounchunksbelongingto a subcatgorisednon-finite
clausewerepartly analysednainverbarguments For
instanceder ihn zu Uberredenversudt ‘who him,.
tried to persuade'was parsedas demandingan ac-
cusatve plus a non-finite clauseinsteadof recognis-
ing thatthe accusatie objectis subcatgorisedby the
embeddednfinitival verh

o Reflexive pronounsmay trigger either a reflexive or,
by virtue of projecting to an accusatie or dative
nounchunk,a transitive frame. The corrector wrong
choiceof frametype containingthereflexive pronoun
waslearnedconsequentlyight or wrongfor different
verbs.For instancethe verbsich befinderito be situ-
ated’'wasgenerallyparsedasatransitve, notasinher
entlyreflexive.

6.4. Shortcomingsand evaluation alternatives

We areawarethattherearesomedesirableaspectsiss-
ing from our evaluation.

Firstly, we did not evaluatethe relationsbetweenlexi-
calheaddirectly, themaintaskour parsingsystemwasde-
signedfor. Subcatgorisationframeandnounchunklabel
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recognitionsene only asindirectevidenceof how well our
modeldoesonrecognisingscramblingof verbalarguments.
Becausenounchunkannotatioris not confinedto verb ar-
gumentslots—PPembeddedoun chunkswere annotated
aswell—andadetailederroranalysison nounchunklabels
is missing,it remainsunclearwhetherscramblechominal
argumentsare subjectto more errorsthanthe remarkable
92% precisionon NClabelssuggests Similarly, correctly
recognisedrierbframeswith a prepositionabrgumenthave
notbeenevaluatedasto whethertheassigned®P argument
is actuallythe correctone.

Secondlywe did not evaluatethe correctnessf lexical
headsof phrases.

Relevantevaluationschemeshatcaptureour shortcom-
ingsaretheevaluationof dependengstructureasdescribed
in (Lin, 1995)or the proposalbf evaluatingof grammatical
relationsof Carroll etal. (1998). Both evaluationpropos-
als addresghe importanceof selectvely evaluatingpars-
ing systemawith respecto specifictypesof syntacticphe-
nomenaratherthan measuringoverall performanceas in
“traditional” evaluationschemes Selectve evaluationis a
definitedesideratunior our own evaluationtask. The pro-
posalsalso point to a way to automaticallyextract evalu-
ation relevantrelationsfrom an annotatectorpus. Inquir-
ing aboutthefeasibility of mappingNegra, thetreebankor
Germano arespectie testcorpuswill hopefully provide
a more comprehensie basisfor our future evaluationsof
head—headelations.

7. Conclusion

Our approachto parsingis a combinationof symbolic
andstochastianethods. The symboliccomponenusually
involvesa very high degreeof overgeneratiorieaving dis-
ambiguatiorto the stochasticomponentTo facilitatedis-
ambiguatiorby statisticalmeansthe symboliccomponent
relies on certain cateyorial generalizationand usesnon-
standardcategoriesto reducethe parameterspaceor al-
low for parametepooling. We usedevaluationresultsin
both incrementalgrammardevelopmentand validation of
selectedutputto beusedin lexical semantialustering.

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

dealtwith in ahead-leicalizedPFCGformalism.A second
resultis thatinside-outsideestimationappeargo be bene-
ficial, however relieson a carefully built grammarwhere
parsexanbe evaluatedby carefully selectedinguistic cri-
teria.

Furthermore,we reported experimentson overtrain-
ing with inside-outsideestimation. Theseexperimentsare
madepossibleby the carefully built grammarandour eval-
uationtools, especiallyallowing to compareandto relate
the resultsof our mathematicabnd linguistic evaluation.
In combination theseprovide a generalframework for in-
vestigatingrainingregimesfor lexicalizedPCFGs.

However, therearetwo relevant aspectamissingfrom
our evaluation. First, we did not evaluategrammaticake-
lationsdirectly. FrameandNC caserecognitiongive only
a crudeideaof how well our modeldoeson recognizing
e.g.scrambledsubjectanddirectobject. BecauseéNC eval-
uationis not confinedto verbargumentslots,the pictureis
distorted. Second,we did not evaluatethe correctnes®f
lexical headsof phrases.Clearly, if we canovercomeour
difficultiesto mapNegra,thetreebankfor Germanto are-
spectve testcorpus,a morevaluablebasisfor future eval-
uationsof head—headelationssuppliedby the gramotron
parsingsystemis provided.

Finally, althoughthereis no guarantedahat the maxi-
mization of the likelihood of the training data (which the
inside-outsidealgorithm performs)also improvesthe lin-
guistic correctnes®f the resultingsyntacticanalysespur
experimentsshow thatin practicethis is the case.Gaining
moreinsightinto the relationshipbetweenlinguistic plau-
sibility andlikelihoodof linguistic analyseswill be anin-
terestingfutureresearchopic.
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Abstract
This papercompareshreeevaluationmetricsfor a CCG parsettrainedandtestedon a CCGversionof thePennTreebank The standard
Parseal metricscanbe appliedto the outputof this parser;however, thesemetricsare problematicfor CCG, anda comparisorwith
scoresgiven for standardPennTreebankparsersis uninformatve. As an alternatve, we considertwo evaluationsbasedon head-
dependenciegineconsiderdocal dependenciedefinedin termsof the derivationtree,andoneconsiderglependenciedefinedin terms
of the CCG catgories. The latter setof dependenciemcludeslong-rangedependenciesuchasthoseinherentin coordinationand

extractionphenomena.

1. Intr oduction

In this paper we comparethe advantagesand short-
comingsof threeevaluationmetricsfor a statisticalparser
basedon CombinatoryCateyorial Grammar(CCG, Steed-
man (2000)). The parser(describedn Hockenmaierand
Steedman(2002b)) is trained and testedon a treebank
of CCG normal-formderivationswhich hasbeenderived
(semi)-automaticallyfrom the PennTreebank(Marcus et
al.,1993).

We apply the standardParseval metricsto comparethe
derivation treesproducedby the parserwith thosein the
gold standard.However, CCG derivationtreesarebinary-
branching,and the setof CCG cateyoriesis much larger
thanthe set of nonterminallabelsin the PennTreebank.
Therefore,a comparisonwith Parseval figures given for
standard’ennTreebankparserds uninformative. Further
more,in thepresencef left andright modifiersto thesame
constituent thereare equivalentnormal-formderiations,
which Parseval doesnot take into account.

We alsoconsidertwo dependengevaluations Lik e the
standardPennTreebanlparser®f Collins (1999)andChar
niak (2000),the CCG parsemodelsword-word dependen-
cies definedin terms of local rule applications. Collins
(1999) proposesan evaluationbasedon thesedependen-
cies, which we apply to our parser This allows a direct
comparisorwith Collins’ parserand overcomeghe prob-
lem of equivalentnormal-formderivations.

Unlike the phrase-structuréreesreturnedby standard
PennTreebankparsers CCG derivationsencodethe long
rangedependenciemvolvedin constructionsuchasrais-
ing, control, extractionand coordination.In orderto eval-
uateanotherCCG parsey Clark et al. (2002)introducean
evaluationwhichincorporateshelongrange aswell aslo-
cal, dependenciesThis evaluationis appliedto the output
of the normal-formparser usingthe Clark et al. parserto
extracttherelevantdependencieom the derivationtrees.
This evaluationis much closerto the dependeng-based
evaluationsof Lin (1995)andCarrolletal. (1998).

2. Combinatory Categorial Grammar

A CCG grammarconsistsof a lexicon, which pairs
words with lexical categyories, and a set of combinatory
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rules, which specify how categoriescombine. Cateyories
are either atomic or complex. Examplesof atomic cat-
egories include S[dcl] (declaratve sentence),NP (noun
phrase)N (noun)andPP (prepositionaphrase).
Comple catgyoriesarefunctorswhich expresshetype
and directionality of their aguments,andthe type of the
result. For example, the category for the transitve verb
boughtspecifieghatone NP is requiredto the right of the
verb,andoneNP to theleft, resultingin asentence:

(1) bought:= (S[dcl]\NP)/NP

Otherexamplesof complex cateyoriesexpressingsubcate-
gorisationareasfollows ([pt] denotesa pastparticipleand
[pss] denotesa passie):

(2) has:= (S[dcl]\NP)/(S[pt]\NP)

been:= (S[pt]\NP)/(S[pss]\NP)

bought:= (S[pt]\NP)/NP

bought:= S[pss]\NP

Complex catgoriesof the form X/X or X\X can ex-
pressmodification:

(3) big:=N/N
quickly := (S\NP)\(S\NP)
Constituent€ombineaccordingo asetof combinatory
rules,including functionapplication functioncomposition
andtype-raising(seeSteedmar{2000)for the details).For
example, the following derivation usesforward (>) and
backward(<) application:

(4) 1BM quickly bought Lotus
NP (S\NP)/(S\NP) (S[dcl]\NP)/NP NP
S[dcl]\NP
S[dcl]\NP

S[dcl]
Compositionandtype-raisingarenecessaryor certain
typesof extractionandcoordinatiorphenomenaln thefol-
lowing object-etraction example, type-raising(>T) first
turnsthe NP for IBM into a functor looking for a verb-
phrasewhich thencombineswith the category for bought
usingforward composition(>B):



S[dcl] (has)

— ~—
NP (IBM) S[dcl]\NP (has)
I — ~
IBM  (S[dcl]\NP)/(S[pt]\NP)(has) S[pt]\NP(bought)
| ~ ~
has (S[pt]\NP)/NP(bought) NP (company)
| e AN
bought NP/N(the)  N(company)
|
the comlpary

Figurel: A derivationtreemarkedwith heads

(5) the company that IBM bought
NP (NP\NP)/(S/NP) NP (S\NP)/NP
S/GWP)
>B
S/NP
NP\NP g
NP

Note that the use of compositionintroducesso-called
“spurious ambiguity”, in which distinct derivationsfor a
sentencdead to the samesemanticinterpretation. Even
a simple sentencesuchas IBM boughtLotus has several
derivations, one using only function application,and the
othersusing type-raisingand composition. However, all
derivationsleadto the sameinterpretation:that|BM is the
buyerandLotusis thebuyee.

Onesolutionto the problemof spuriousambiguityis to
only applyfunctioncompositionrwhensyntacticallyneces-
sary; sucha derivationis callednormal-form The corpus
thatwe useto train andtestthe parserdescribecherecon-
tainsonly normal-formderivations.

3. The parser

Theparsetthatwe evaluateis describedn Hockenmaier
andSteedmar{2002b),andis basedon a generatie model
of CCG derivationtrees. Like mostrecentwork in statis-
tical parsing— including the generatie modelsof Collins
(1997)andCharniak(2000)— the parsemodelsthe word-
word dependenciedefinedby local subtrees. Eachcon-
stituentis assumedo have onelexical head(a word and
its lexical category). The examplederivationin Figure 1
shavshow headsarepercolatedhroughthederivationtree.

The statistical model assumesa top-dowvn tree-
generatingrocessn whichheadsaregenerateatthemax-
imal projectionof a constituent.Unlessthis maximalpro-
jectionis therootof theentiretree,the constituents acom-
plementor adjunctof anotherconstituentandthereis ade-
pendeng betweerthe the headsof both constituentsThis
dependengis expressedn the statisticalmodel by condi-
tioning the headof complementsr adjunctson the head
of the parentnodeandthe local treewhich definesthe de-
pendeng relation. For example,in Figure1, boughtis not
only conditionedon its lexical category (S[pt]\NP)/NP,
but also on the fact that it appearswithin a local tree
with headword has parentS[dcl]\NP, left (head)daugh-
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ter (S[dcl]\NP)/(S[pt]\NP) andright (non-headgaughter
S[pt]\NP.

The parseris trainedandtestedon a treebankof CCG
normal-formderivations.This corpuswhichwe call CCG-
bank,hasbeenderived (semi)-automaticalljrom the Penn
Treebank(Marcuset al., 1993), using sections02-21 for
training and section23 for testing. For further details of
CCGbankwe referreaderdo Hockenmaierand Steedman
(2002a).

4. Evaluation metrics

This sectiondescribeghe differentevaluationmetrics,
whichwe illustrateby evaluatingthe (fictitious) outputtree
in thebottomof figure2 againsthecorrectderivationgiven
in thetop of figure 2.

4.1. Parseval

The first measuresare the standardParseval met-
rics bracletedprecision/recalandlabelledprecision/recall
usedto comparghenormal-formderivationtreesproduced
by the parsemwith thosein the gold standardsection23 of
the CCGbank).

Following commonpractice,we disregard punctuation
marks. Since CCG derivation treesare at most binary
branching, punctuationmarks introduce a separatdevel
into the tree,which we alsodisregardin the evaluation.

Considetthetreesgivenin figure2. Discardingthe lex-
ical categyories (but not their unary projections),the gold
standarchassix nodesthreeof which arecorrectlyidenti-
fiedin the outputtree. The outputtreehassevennontermi-
nalnodesHenceJabelledandbracletedprecisionareboth
3/7; labelledand bracletedrecall are both 3/6. Note that
Parseval doesnot take the correctnes®sf lexical cateyories
into accountwhich is importantfor CCG sincecategories
encodesubcatgorisationinformation. Therefore we also
give the accuray of lexical categories(againdisregarding
punctuatiormarks),whichin 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 dependengbetween
two wordsw andw if the parsecontainsa local treesuch
thatw is the headof this treeandw is the headof a non-



NP (shares)

/ \
NP (shares) NP\NP(that)
s N — ~
NP/N(the) N(shares) (NP\NP)/(S[dcl]/NP)(that) S[dcl]/NP(has)
| | | — ~
the shares that S/(S\NP)(IBM (S[dcI]\NP)/NP(has)
[ — ~
NP(IBM)  (S[dcl]\NP)/(S[pt]\NP)(has)  (S[pt]\NP)/NP(bought)
IB|M hias bOLIJght
NP(shares)
/ \
NP (shares) NP\NP(bought)
NP (shares) NP\NP(that) S[pss]\NP(bought)
s N —~ ~ [
NP/N(the) N(shares) (NP\NP)/(S[dcl]/NP)(that) S[dcl]/NP(has) bought
tr|1e shzlires thlat S/(S\NP)(IBK/I) (S[dcT]\NP)/NP(has)
NP(IIBM) hi’:ls
IB|M

Figure2: Exampletreesfor evaluation:thetop treeis thegold standard.

headdaughter The following tree definesa dependeng
betweervinkenandwill :

S (will)

-~ ~
NP (Vinken) VP (will)
I I

PierreVinken  will join theboard

The dependeng relationis determinedby the label of
the parentnode(S), the label of the headdaughter(VP),
thelabel of the non-headdaughter(NP), andthe direction
of the non-headdaughter(left): (S,VP,NP,left). Further
more,if the non-headdaughteris a complementjts cate-
gory carriesa complementeature—C. In Collins’ original
evaluation,coordinateconstructionaredistinguishedy a
furtherelemeniCC. We adapthis evaluationto CCG;how-
ever, sincethedirectionalityof theheadis directly encoded
in the categories,thereis no needfor this feature. A sim-
ilar commentappliesto the complementeature. Also, in
CCGbank,binary nodeswithin a coordinateconstruction
carryaspecialcoordinationfeature,andsothe CC-feature
is redundanaswell.

Thewayin whichthesedependenciesredefinedmeans
there is exactly one relation to be determinedfor each
word. Thereis a specialrelationfor the headof the sen-
tence(which is not dependenbn ary otherword). Collins
givesscoredor labelledandunlabelleddependenciedJn-
labelleddependeng scoresonly take into accountwhether
thereis arelationbetweenv andw’ suchthatw isthehead
andw its modifieror complementbut notwhetherthelocal
treewhich defineshis dependengis correctlylabelled.

Returningto our example,the gold standardn figure 2
definesthefollowing dependencies:
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Relation (Parent Head Siste) Head | Dep
(NP,N,NP/N) shaes | the
(Head shaes
(NP,NP,NP\NP) shaes | that
(NP\NP, (NP\NP)/(S[dcl]/NP),S[dcI]/NP) | that | has
(S[dcl]/NP, (S[dcI]\NP)/NP,S/(S\NP)) has IBM
((S[del]\NP)/NP, (S[dcl]\NP) /(S[pt]\NP),

(S[pt]\NP)/NP) has bought

Thesearethe dependenciein theincorrectanalysis:

Relation (Parent Head Siste) Head | Dep
(NP,N,NP/N) shaes | the
(Head shaes
(NP,NP,NP\NP) shaes | that
(NP\NP, (NP\NP)/(S[dcl]/NP),S[dcl]/NP) | that | has
(S[dcl]/NP, (S[dc/]\NP)/NP,S/(S\NP)) has IBM
(NP,NP,NP\NP) shaes | bought

Thus,accordingto this measurefive out of six depen-
denciesare correct. Note that this measurés not always
affectedby errorsin the lexical categyories. For example,
thedependengbetweerhasandthatis considereaorrect,
even thoughthe gold standardanalyseshas as an auxil-
iary andtheincorrectderivationanalysefiasasatransitive
verh

4.3. Dependencyevaluation 2

Theparseilin Clark etal. (2002)canbe usedto yield a
third measure.This parserusesCCG cateyoriesextended
with headand dependeng information and capturesthe
“deep”dependenciemherentin casesuchasraising,con-
trol, and extraction and coordinationphenomenaas well



asthe standardocal dependenciesFigure 3 is an exam-
ple from Clark etal. (2002),with thelinks expressingde-
pendencies(The labelsare omittedfor clarity.) Notethat
investos andmanaers areboth subjectsof want andsub-
jectsof lock.

An exampleof an extendedcategory for the transitve
verbboughtis asfollows:

(6) bought:= (Spoug\NP:) /NP,

Therearetwo dependengrelationsencodedthesubjectof

the transitve verb— heremarked 1 — andthe direct object
—heremarked2. ThesubscriptontheS categyoryindicates
thatthe headof theresultingsentenceés bought Sincethe

argumentslotsin CCGcatayoriescorrespondloselyto the

grammaticatelationsusedby Carrolletal. (1998),this de-

pendenyg evaluationis very muchin thespirit of theCarroll

etal. evaluation(andthatof Lin (1995)).

A dependeng is formally defined as a 4-tuple:
(hs, f,s,ha), wherehs is the headword of the functor, f
is the functor category (extendedwith dependeng infor-
mation),s is the argumentslot, andh; is the headword of
the agument. For example,in the sentencdBM bought
Lotus thesubject-erbdependengis asfollows:

(7) (bought(S\NP,)/NP,,1,IBM)

The category setusedby the parserconsistof 398 cat-
egory types(chosenaccordingto frequeng), derived au-
tomatically from the CCGbank. Each categgory hasbeen
manuallymarked-upwith headand dependeng informa-
tion, andat this stagewe encodeevery argumentslot asa
dependeng relation. In future work we may useonly a
subsebf theargumentslots.

In orderto recover suchdependenciefrom the trees
producedy thenormal-formparseytheClark etal. (2002)
parseris run over the trees output by the normal-form
parsey tracing out the derivationsand outputtingthe de-
pendencies.This methodcanalso be appliedto the trees
in the testset, in orderto provide a setof gold standard
dependengstructuresNotethatthe marked-upcategories
usedby the Clark etal. parserarenecessaryo obtainthese
dependenciesyithout this information,they cannotbe de-
rived from the local dependenciessedin the first depen-
deng evaluation.

The evaluationmetricswe useare precisionandrecall
over the dependencieglabelledand unlabelled). To ob-
tainapointfor alabelleddependeny; thehead,dependent,
functor category, andslot mustall be correct. To obtaina
pointfor anunlabelleddependeny, theheadanddependent
musthave appearedogetheiin somerelation(in ary order)
in the gold standard.The dependenciesbtainedfrom the
treesin Figure2 aregivenin tablel1. The scoredor thein-
correcttreeare 3/6 labelledprecision,3/7 labelledrecall,
5/6 unlabelledprecisionand5/7 unlabelledrecall.

5. Resultsand discussion

Theresultsfor the threeevaluationmetricson Section
23 of CCGbankaregivenin Table2. BP is bracketedpre-
cision;LP is labelledprecision;UP is unlabelledorecision.
BR, LR, UR aredefinedsimilarly for recall. The scoredor
eachevaluationare accumulatedver all sentenceén the
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Gold standard
(the,NP/N,,1,shaes
(that,(NP\NP,)/(S[dcl],\NP), 1,shares
(that,(NP\NP,)/(S[dcl],\NP),2,has
(has (S[dcI]\NP:)/(S[pt],\NP),1,1BM)
(

(

(

has (S[dcl]\NP.)/(S[pt],\NP), 2, bough}
bought (S[pt]\NP.)/NP.,1,1BM)
bought (S[pt]\NP,)/NP,,2, shares
Exampletree

(the,NP/N,,1,shaes
(that,(NP\NP,)/(S[dcl],\NP), 1,shares
(that, (NP\NP,)/(S[dcl],\NP), 2, hag
(has (S[dcI]\NP,)/NP,,1,I1BM)
(
(

)
has (S[dcl]\NP,)/NP,, 2,shaes
boughtS[pss]\NP,,1,shares

Tablel: Dependenciefor 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,ratherthanaveragecpersentenceWe alsogive the
scorefor accurayg of thelexical categyories.

5.1. The Parseval scores

It is hardto draw conclusionsrom the Parseval scores
becauseof the difficulty in comparingresultsacrossdif-
ferent tree representations. Our figures are below the
88.3%/88.0% labelled precision/recallof Collins (1999).
However, a direct comparisonof the Parseval resultwith
PennTreebankparserss notinformative, evenfor thesame
setof sentencesBecausd’ennTreebankreesareveryflat,
they containfar fewer bracketsthan CCG derivationtrees;
hencethe rate of crossingbraclets (and bracleted preci-
sionandrecall)will automaticallybe muchlower thanfor
agrammamwhich producesat mostbinary-branchindrees.
Theflat treesalsomeanthatParseval is too lenienttowards
mis-attachmentgroducedy PennTreebanlkparsergMan-
ning and Schitze,1999). Furthermorethe setof nodela-
belsfor PennTreebankreesandthe setof CCG categyories
arenotcomparable.

Hockenmaier(2001) notesa further problemwith ap-
plying Parseval metricsto CCG dervationtrees.Consider
verbphrases(S\NP), which canhave left andright modi-
fiers((S\NP)/(S\NP) and(S\NP)\ (S\NP)) with thefol-
lowing two rule instantiations:



m/—%

want to lock in this year ’'s fat

CIRI T

Figure3: Exampledependengstructure

investors and portfoho managers  who
(8) S\NP — (S\NP)/(S\NP) S\NP
S\NP — S\NP (S\NP)\(S\NP)

For ary parsingmodelwhich is definedin termsof (pos-
sibly headedor lexicalized)local trees,the following two
treesareequialent:

S\NP
s N
(S\NP)/(S\NP)  S\NP
Ve N
S\NP  (S\NP)\(S\NP)

S\NP
Ve N
S\NP  (S\NP)\(S\NP)
s N
(S\NP)/(S\NP)  S\NP

This is alsothe casefor the normal-formparserdescribed
above. A similar problemariseswith coordinations/lists
involving morethantwo conjuncts.Thedependengevalu-
ationsdescribedelow do not suffer from this problembe-
causehe samedependencieareproducedor eachderiva-
tion.

5.2. Dependencyevaluation 1

As expected,the resultsfor the tree dependencieare
higherthantheParseval scoresUnlike Parseval, thedepen-
deng measures neutralwith respecto the branchingfac-
tor of thetreesproducedby the grammar In particular for
agivensentencethenumberof dependencieis identicalto
thenumberof wordsin thesentenceSincethis is thesame
for any parserunlabelledrecovery of dependenciesanbe
usedto indicatehow parsershasedon differentgrammars
compare. Note that our unlabelledfigures(90.1%recall)
aresimilarto thoseof Collins (90.9%).

However, a directcomparisorwith the labelledfigures
givenby Collins (88.3%recall)is againproblematic.First,
the setsof labelsare very different. In orderfor labelled
dependencieasdefinedoy aCCGderivationtreeto becor-
rect,complement-adjundlistinctionsaswell asextraction
casehaveto becorrectlyrecovered.Extractionis notindi-
catedin thetreesreturnedby Collins’ parserandcanthere-
fore not be evaluated. Mistaking a complementdaughter
for an adjunctor vice versahasa much greatereffect on
thelabelledscoresfor CCG thanfor PennTreebankparse

trees. In Collins’ parsey the complement-adjunatistinc-
tion is only expressedn thelabel of the particularnodein

question. However, in CCG this canaffect the entiretree
belown the parent— both the subtreeunderneattthe head
daughterandthe subtreeunderneathihe non-headdaugh-
ter.

In addition,Collins performsthe following preprocess-
ing stepson the outputof his parserandthe Gold standard:
all POStagsare replacedby a single token “TAG”. All
complementnarkingson the parentandheadnodearere-
moved, sothatoneattachmentecisionmadehigherupin
the treedoesnot affect the evaluationof its daughter We
cannotreadily performthe samepreprocessingteps: the
choiceof lexical categories can affect the tree at several
levels,notjustattheleaf nodesfurthermore complement-
adjunctdistinctionsarealsoencodedn all intermediateat-
egories,notjusta constituents maximalprojection.

5.3. Dependencyevaluation 2

Oneof theadwantage®f adependeng-styleevaluation
is thatthe scorescanbe brokendown by relation,asshovn
in Table4, whichgivesscoredor someof themostfrequent
types! Thetablealsogivessomeindicationof thekindsof
relationsusedin theevaluation.

The relationsare definedin termsof CCG cateyories,
whichraiseghequestiorof how thesecomparewith amore
genericsetsuchasthat proposedoy Carroll et al. (1998).
Firstnotethattherearemary morerelationsin ourscheme:
around700in total comparedvith 20 for Carroll etal. We
have somary relationsbecause@achargumentslotin each
cataggory (of which thereare 398) encodes separateela-
tion.

Clearlythereis roomfor generalisatiorin 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 (S[dcl]\NP,)/NP,)
and (S[b]\NP,)/NP,). In future work we will investigate
mappingour relationsonto Carroll etal.s.

One potentialweaknesof our evaluation (which fol-
lows from encodingall algumentslotsasrelations)is that
somerelationsareeffectively countedmorethanonce.For

#ref is the numberof dependenciewith the given relation
type in the gold standard;#testis the number of dependen-
cieswith the givenrelationtype producedby the parser;LP/LR
are labelled precision/recall; and the F-scoreis calculatedas
(2*LP*LR)/(LP+LR).
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profits



(P,H,S) #ref | #test | LP% | LR%

(NP,NP,NP\NP) 3,765| 3,626 | 75.2 | 72.4

(HEAD) 2371 | 2367 | 945 | 944

(NP,NP,NP][conj]) 935 1,075| 61.3 | 70.5

(S[dcl]\NP,S[dcl]\NP, (S\NP)\(S\NP)) | 914 | 905 60.9 | 60.3

(S[dcl]\NP, (S[dcl]\NP)/NP,NP) 880 858 86.7 | 84.6

{S[pss]\NP,S[pss]\NP, (S\NP)\(S\NP)) | 442 | 470 70.6 | 75.1

Table3: Somedependengrelationsin evaluationl

Functor Slot Categorydescription LP % | #test | LR % | #ref | F-score
Nx/Nx 1 1 nominalmodifier 94.4 7,856 | 932 7,955 | 93.8
NPy /Ny, 1 determiner 96.7 4,548 | 96.4 4,566 | 96.5
(NP, \NP,)/NP, 2 np modifyingpreposition 821 | 2,659 | 812 2,690 | 81.6
(NPx\NPy,)/NP, 1 npmodifyingpreposition 76.0 | 2,449 | 762 | 2,443 | 76.1
(SxX\NPy)\(Sx:\NPy)/NP, 2 vpmodifyingpreposition 68.7 | 1,327 | 66.1 1,379 | 67.4
(Sx\NP)\(Sx1\NPy)/NP, 1  vpmodifyingpreposition 66.2 | 1,247 | 650 1,271 | 65.6
(S[dcl]\NP,)/NP,) 1  transitiveverb 832 | 885 820 898 82.6
(S[dcl]\NP,)/NP,) 2 transitiveverb 80.3 | 885 784 | 907 79.3
(Sx\NP+)\(Sx1\NPy) 1  adverbialmodifier 815 | 961 822 953 81.8
(PP/NP,) 1  prepositioncomplement 615 | 993 757 | 807 67.9
(S[b]\NP,)/NP,) 2 infinitival transitiveverb 866 | 719 85.2 731 85.9
(S[dcl\NP,,)/(S[b,\NP,) 2 auxiliary 976 | 631 | 986 | 625 | 981
(S[dcl\NP, ,)/(S[b].\NP,) 1 auxiliary 922 | 638 950 | 619 93.6
(S[b]\NP,)/NP, 1  infinitival transitiveverb 80.6 | 566 831 549 81.8
(NPy/Ny.1)\NP, 1 sgenitive 966 | 472 | 952 | 479 | 959
(NPy/Ny;)\NP, 2 sgenitive 925 | 482 953 | 468 93.9
(S[dcl]\NP,)/S[dcl], 1  sententiacomplemenverb | 93.0 | 431 955 420 94.2
(NP \NP, ,)/(S[dcl].\NP,) 1  subjectrelativepronoun 719 | 295 726 292 72.2
(NP,\NP, ,)/(S[dcl],\NP,) 2 subjectrelativepronoun 945 | 289 955 286 95.0

Table4: Resultsfor dependengevaluation2 by relation;only asubsebf therelationsareshavn

example,in thesentenceohnhasbeeneatingbeans John
is evaluatedasa subjectthreetimes: asthe subjectof has
beenandeating But if the subjectof eatingis correctin
this example,thenthe subjectsof the auxiliary verbswill

becorrectaswell.

We would alsolik e to make a distinctionbetweerargu-
mentsthathave beenextractedfrom a predicateandthose
thatare“in situ”. Currentlythe directobjectof a verb,for
example,is the samerelationwhetherit hasbeenextracted
or not. It would beusefulto atleasthavetheoptionto make
this distinction.

5.4. Comparing the dependencyevaluations

The dependenciesxpressedn dependeng evaluation
1 arenot simply a subsetof the relationsusedin the sec-
onddependengevaluation.Whentherelationsarebroken
down individually, this leadsto aninterestingcomparison.

In dependeng evaluation 2, it is possibleto deter
mine how well nominal prepositionshave beenrecovered,
whereasn dependengevaluationl, we canonly evaluate
how well NP postmodifiershave beenrecovered.

In contrastto dependeng evaluation 2, dependeng
evaluationl includesa separateelationfor the headof a
sentenceHEAD) (assuminga single headfor eachsen-
tence ncluding coordinatestructures).

In dependengevaluationl, it canbe seerfor eachtype
of constituentwhethercoordinationis recoveredproperly,
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e.g. (NP,NP,NPJconj]}. In dependeng evaluation2, co-
ordinationrelationsarenotrepresenteéxplicitly .

Some relations in dependeng evaluation 1
(like the direct object of transitve declarawes,
(S[dcI]\NP, (S[dcI]\NP)/NP,NP})) seento bethe sameas
in evaluation2. However, in dependengevaluationl only
non-etractedcasesretakeninto account.

6. Conclusion

We have presentedthree evaluations for a wide-
coverageCCG parser Of these,Parseval seemsthe least
appropriategspeciallyif a comparisoris to be madewith
existing PennTreebankparsers.In an attemptto compare
with the Collins parser we adopteda dependeng evalu-
ation in which dependenciesre definedin termsof lo-
cal trees;however, the differentlabelling usedin the CCG
derivation tree comparedio the PennTreebankmadethe
comparisonof labelled dependenciegproblematic. The
comparisonof unlabelleddependenciesvas more appro-
priate,however.

Oneof thefeaturesof CCGis its analysisof long-range
dependenciedn anattemptto incorporatesuchdependen-
ciesinto theevaluation,we proposecdh seconddependeng
evaluation,in whichthedependengrelationsaredefinedn
termsof the CCG catayories. This is closerto evaluations
basedon grammaticalrelations,althoughif a comparison
is to bemadewith parsersisingsuchanevaluation,amap-



pingis requiredbetweerthe CCGdependencieandtheset
of grammaticalelations.
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Abstract
This paperreportson the useof two distinctevaluationmetricsfor assessing stochastigparsingmodelconsistingof a broad-ceoerage
Lexical-FunctionalGrammar(LFG), an efficient constraint-baseg@arserand a stochastiadisambiguatiormodel. The first evaluation
metricmeasurematcheof predicate-agumentrelationsin LFG f-structureghencefortithe LFG annotatiorscheme}o agold standard
of manuallyannotated-structuresfor a subsetof the UPennWall StreetJournaltreebankThe other metric mapspredicate-agument
relationsin LFG f-structurego dependengrelations(henceforttDR annotationsasproposedy Carrolletal. (Carrolletal., 1999).For
evaluation,theserelationsare matchedagainstCarroll et al.'s gold standardvhich was manuallyannnotatedn a subsetf the Brown
corpus.The parsermlus stochastiadisambiguatogivesan F-measuref 79% (LFG) or 73% (DR) on the WSJtestset. This shavs that
thetwo evaluationschemesresimilar in spirit, althoughaccurag is impairedsystematicallypy mappingoneannotationrschemeo the
other A systematidossof accurag is incurredalsoby corpusvariation: Trainingthe stochastialisambiguatiormodelon WSJdataand
testingon Carroll et al.s Brown corpusdatayields an F-scoreof 74% (DR) for dependengrelationmatch.A variantof this measure
comparableo themeasureeportedby Carroll etal. yieldsan F-measuref 76%.We examinedivergencedetweerannotatiorschemes

t@parc.c om

aimingat afutureimprovementof method<or assessingarsemuality.

1. Intr oduction

Recentyearshave seenincreasedinterestin parsing
systemsthat capturepredicate-agumentrelationsinstead
of mere phrase-structurgepresentationsin aiming for
this goal, considerableprogresshas beenmadeby com-
bining systemsof hand-coded|inguistically fine-grained
grammarswith robustnesgechniquesand stochasticdis-
ambiguationmodels. However, it can reasonablybe ar
guedthat the standardevaluationprocedurefor stochastic
parsing—precisiorand recall of matchinglabeledbrack-
eting to section 23 of the UPenn Wall Street Journal
(WSJ)treebank(Marcuset al., 1994)—isnot appropriate
for assessinghe quality of parseron matchingpredicate-
argument relations. A new standardfor evaluation on
predicate-agumentelationsandfor annotatingagold stan-
dardis needed.

In this paperwe presenta stochasticparsingmodel
consistingof a broad-cweragelexical-FunctionalGram-
mar (LFG), a constraint-basegarseranda stochastidis-
ambiguation model, and discussthe evaluation of this
systemon two distinct evaluation metrics for assessing
the quality of the stochasticparsingmodel on matching
predicate-aggumentrelations. The first evaluation metric
measuresnatcheof predicate-agumentrelationsin LFG
f-structures(henceforththe LFG annotationscheme)o a
gold standardf manuallyannotated-structuresor a rep-
resentatfe subsetof the WSJ treebank.The evaluation
measureountsthenumberof predicate-agumentelations
in the f-structureof the parseselectedby the stochastic
modelthatmatchthosein the gold standarcannotation.

The other metric we emplojed maps predicate-
argumentrelationsin LFG f-structuresto the dependeng
relations(henceforthithe DR annotatiorscheme)proposed
by Carroll etal. (Carroll etal., 1999). Evaluationwith this
metricmeasurethematcheof theserelationsto Carroll et
al’sgold standarctorpus.
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Our parserplus stochasticdisambiguatorgives an F-
measureof 79% (LFG) or 73% (DR) on the WSJ test
set, shawving that the two evaluationschemesare similar
in spirit. However, accurag is systematicallyimpairedby
mappingoneannotatiorschemeo the other A systematic
lossof accurag is incurredalsoby corpusvariation:Train-
ing the stochastiadisambiguatiormodelon WSJdataand
testingon Carroll etal’s Brown corpusdatagivesa DR F-
measuref 74% for matchingdependeng relations.For a
directcomparisorof ourresultswith Carrolletal’ssystem,
we also computedan F-measurghat doesnot distinguish
differenttypesof dependengrelationsUnderthis measure
we obtain76% F-measure.

Onegoal of this paperis to highlight possiblepitfalls
anderror sourcesn translatingbetweendifferentannota-
tion schemesand gold standardsWe believe that a thor-
ough investigationof divergencesin annotationschemes
will facilitateafuturestandardor predicate-agyumenieval-
uationandannotation.

Thispaperis organizedasfollows. After introducingthe
grammarand parserusedin this experiment,we describe
in section2. the robustnesgechniquesemployedto reach
100%grammarcoverageon unseenVSJtext (in thesense
of the proportionof sentence$or which at leastoneanal-
ysisis found). Furthermorewe give in section3. a short
accountof the stochasticmodel usedfor disambiguating
LFG parsesExperimenton evaluatingthe combinedsys-
tem of parserandstochastiadisambiguatoon the two dis-
tinct evaluationmeasuresndcorporaaredescribedn sec-
tion 4.

2. Robust Parsing using LFG
2.1. A Broad-Coveragelexical-Functional Grammar

The grammarusedfor this projecthasbeendeveloped
in the ParGramproject(Butt et al., 1999).1t usesLFG as
aformalism, producingc(onstituent)-structure@rees)and



f(unctional)-structuregattribute valuematrices)asoutput.
The c-structuresencodeconstitueng. Eachc-structurehas
at leastone correspondingd-structure.F-structuresncode
predicate-agumentrelationsand othergrammaticalinfor-
mation,e.g.,numbertenseThe XLE parserMaxwell and
Kaplan,1993)wasusedto producepackedrepresentations,
specifyingall possiblegrammaranalyse®f theinput.

The grammarhas 314 rules with regular expression
right-handsideswhich compileinto a collection of finite-
statemachineswith atotal of 8,759statesand19,695arcs.
The grammarusesseveral lexiconsandtwo guessersone
guesseifor words recognizedby the morphologicalana-
lyzerbut notin theotherlexiconsandonefor thosenotrec-
ognized.As such,mostcommonand propernouns,adjec-
tives,andadwerbshave no explicit lexical entry. The main
verblexicon contains9,652verb stemsand23,525subcat-
egorizationframe-verbstementries;therearealsolexicons
for adjectvesandnounswith subcatgorizationframesand
for closedclassitemssuchasprepositions.

For estimationandtestingpurposesisingthe WSJtree-
bank, the grammarwas modified to parsepart of speech
tagsandlabeledbraclketing.A strippeddown versionof the
WSJtreebankwas createdthat usedonly thosePOStags
andlabeledbracletsrelevant andreliablefor determining
grammaticakelations.The WSJlabelsaregivenentriesin
aspecialLFG lexicon, andtheseentriesconstrainboththe
c-structureandthef-structureof theparse For example the
WSJs ADJP-PRDIlabelmustcorrespondo anAP in thec-
structureandanxcomp in thef-structureIn this versionof
thecorpusall WSJlabelswith -SBJareretainedandarere-
strictedto phrasegorrespondingo suBJin theLFG gram-
mar;in addition,it containsNP underVP (0oBJ and0oBJth
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 labeledbraclketing versionof wsj_1305.mg
is [NP-SBJHis credibility] is/VBZ also [PP-PRD on the
line] in theinvestmentommunity

Somemismatchesetweenthe WSJ labeled braclet-
ing andthe LFG grammaremain.Theseoften arisewhen
a given constituentfills a grammaticalrole in more than
oneclauseusuallywhenit is a SUBJ or OBJ in oneclause
and alsothe suBJ of an xcomp complementFor exam-
ple,in wsj-1303.mg Japan’s Daiwa SecuritiesCo. named
Masahiio Dozen president. the noun phrase Masahiio
Dozenis labeledas an NP-SBJ,presumablybecausat is
the subjectof a small clausecomplementHowever, the
LFG grammartreatsit alsoasthe oBJ of the matrix clause.
As aresult, the labeledbracletedversionof this sentence
doesnot receive a full parse,even thoughthe LFG out-
put from parsingits unlabeled,string-only counterpartis
well-formed. Some other bracleting mismatchesremain
betweerthis strippeddown WSJcorpusandthe LFG gram-
mar;theseareusuallytheresultof adjunctattachmentSuch
mismatche®ccurin partbecausebesidesninor modifica-
tionsto matchthebracletingfor speciakonstructionse.g.,
negatedinfinitives, the grammarwas not alteredto mirror
the WSJbracleting.
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2.2. RobustnessTechniques

To increaseaobustnessthe standardgrammarhasbeen
augmentedwith a FRAGMENT grammar This grammar
parseghe sentencaswell-formedchunksspecifiedby the
grammay in particularas Ss, NPs, PPs,and VPs. These
chunkshave both c-structuresandf-structurescorrespond-
ing to them justasin the standardyrammarAny substring
thatcannotbe parsedasoneof thesechunksis parsedasa
TOKEN chunk.The TOKENs arealsorecordedn thec- and
f-structures The grammarhasa fewest-chunkmethodfor
determiningthe correctparse.For example,if a stringcan
be parsedastwo NPsanda VP or asoneNP andan S, the
NP-Soptionis chosen.

A final capability of XLE that increasescoverageof
the standardblus fragmentgrammaron the WSJcorpusis
a SKIMMING technique.Skimmingis usedto avoid time-
outsand memoryproblemswhen parsingunusuallydiffi-
cult sentenced the corpus.Whenthe amountof time or
memory spenton a sentenceexceedsa threshhold XLE
goesinto skimming modefor the constituentsvhosepro-
cessinghasnot beencompleted When XLE skimsthese
remainingconstituentsit doesa boundedamountof work
per subtree This guaranteeshat XLE finishesprocessing
a sentencein a polynomial amountof time, althoughit
doesnot necessarilyeturnthe completesetof analysesin
parsingsection23, 7.2% of the sentencesvere skimmed,;
26.1% of the skimmedsentencesesultedin full parses,
while 73.9%werefragmentparses.

The final grammarcoverageachiezed 100% of section
23 as unseenunlabeleddata: 74.7% of those were full
parses25.3%FRAGMENT and/orskIMMED parses.

3. Discriminati ve Statistical Estimation
from Partially Labeled Data
3.1. Exponential Probability Modelson LFG Parses

The probability modelwe employed for stochastialis-
ambiguatioris thewell-known family of exponentiaimod-
els. Thesemodelshave alreadybeenappliedsuccessfully
for disambiguatiorof variousconstraint-basegrammars
(LFG (Johnsoret al., 1999),HPSG(Boumaet al., 2000),
DCG (Osborne2000)).

In this paperwe are concernedvith conditionalexpo-
nentialmodelsof theform:

palely) = Za(y) "' )
where X (y) is the set of parses for sentencey,
Za(Y) = X pex(y @™ is anormalizingconstantA =
(M,---,A\n) € IR" is a vectorof log-parametersf =
(f1,---, fn) isavectorof property-functionsf; : X - R
fori =1,... ,n onthesetof parsest, and - f(z) isthe
vectordotproduct)_} ;| A; fi(z).

In our experiments,we employed around 1000 com-
plex property-functionscomprisinginformation about c-
structuref-structure andlexical elementsn parsessimilar
to the propertiesusedin Johnsoret al. (1999). For exam-
ple,therearepropertyfunctionsfor c-structurenodesandc-
structuresubtreesindicatingattachmenpreferenced-igh
versuslow attachmenis indicatedby property functions
counting the number of recursvely embeddedphrases.



Otherpropertyfunctionsaredesignedo referto f-structure
attributes,correspondingo grammaticafunctionsin LFG,
or to atomicattribute-valuepairsin f-structuresMore com-
plex property functions are designedto indicate, for ex-
ample, the branchingbehaiour of c-structuresand the
(non)-parallelismof coordinationson both c-structureand
f-structurelevels. Furthermore propertiesrefering to lex-
ical elementshasedon an auxiliary distribution approach
as presentedn Riezler et al. (2000) are includedin the
model. Here tuples of headwords, argumentwords, and
grammaticalrelationsare extractedfrom the training sec-
tions of the WSJ,andfed into a finite mixture model for
clusteringgrammaticalrelations.The clusteringmodelit-
self is thenusedto yield smoothedorobabilitiesasvalues
for propertyfunctionson head-agument-relatioriuplesof
LFG parses.

3.2. Discriminati ve Estimation

Discriminative estimationtechniqueshave recentlyre-
ceived great attentionin the statisticalmachinelearning
community and have already beenappliedto statistical
parsing(Johnsoret al., 1999; Collins, 2000; Collins and
Duffy, 2001).In discriminative estimationonly the condi-
tional relation of an analysisgiven an exampleis consid-
eredrelevant, whereasn maximumlikelihood estimation
thejoint probabilityof thetrainingdatato bestdescribeob-
senationsis maximized Sincethediscriminativetaskis di-
rectly keptin mind duringestimationdiscriminative meth-
odscanyield improved performanceln our case discrim-
inative criteria cannotbe defineddirectly with respectto
“correctlabels”or “gold standard’parsesincetheWSJan-
notationsarenot sufficient to disambiguatehe morecom-
plex LFG parsesHowever, insteadof retreatingto unsu-
pervisedestimationtechnique®r creatingsmallLFG tree-
banksby hand,we usethe labeledbracleting of the WSJ
training sectionsto guide discriminatve estimation.That
is, discriminatie criteriaaredefinedwith respecto the set
of parsesconsistentvith the WSJannotations.

The objective function in our approach,denotedby
P(M), isthejoint of thenegativelog-likelihood—L(\) and
a Gaussiarregularizationterm —G(A) on the parameters
A. Let{(y;, 2;) }7-, beasetof trainingdata,consistingof
pairsof sentenceg and partial annotations, let X (y, z)
be the setof parsedor sentencey consistenwith annota-
tion z, and X (y) be the setof all parsesproducedby the
grammarfor sentencey. Furthermorelet p[f] denotethe
expectationof function f underdistribution p. Then P(\)
canbedefinedfor a conditionalexponentiaimodelpa (z|y)
as:

L An earlierapproachusingpartially labeleddatafor estimating
stochasticparserss PereiraeandSchabe$1992)work ontraining
PCFGfrom partially bracleteddata.Their approachdiffers from
theonewe useherein thatPereiraandSchabesake anEM-based
approachmaximizingthejoint likelihoodof theparsesandstrings
of their training data,while we maximizethe conditionallik eli-
hood of the setsof parsesgiven the correspondingstringsin a
discriminative estimationsetting.
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Intuitively, the goal of estimationis to find model param-
eterswhich make the two expectationdn the lastequation
equal,i.e. which adjustthe modelparameterso put all the
weighton the parseconsistentvith the partialannotation,
moduloapenaltytermfrom the Gaussiamprior for toolarge
or toosmallweights.

Sincea closedform solutionfor suchparameterss not
available,numericaloptimizationmethodshave to beused.
In our experimentswe adapteda conjugategradientrou-
tine to our task(seePresg1992)),yielding a fastcorverng-
ing optimizationalgorithmwhereat eachiterationthe neg-
ative log-likelihood P(A) andthe gradientvector have to
beevaluatec?. For ourtaskthe gradienttakesthe form:

dP(A) 9P(A aP(A
VP()‘):< aA(l)’ aA(z)""’ aA( )>'a”d
OP(X) e e @ f,(z)
= - ( —
o ;1 Xz LeX () €T

-3 X fi(x) )_,_ﬁ
Af(z 2"
ze€X (y;) ZwGX(yj) eXI (@) 7i

The derivativesin the gradientvectorintuitively areagain
justadifferenceof two expectations

=Y palfilys, 2]+ D palfilys] + %

=1 j=1 i

Note alsothatthis expressionshareamary commonterms
with thelikelihoodfunction, suggestingn efficientimple-
mentationof the optimizationroutine.

4. Experimental Evaluation

Training: The basictraining datafor our experiments
are sections02-21 of the WSJ treebank.As a first step,
all sectionswere parsedandthe pacled parseforestsun-
pacled andstored.For discriminative estimation this data
setwas restrictedto sentencesvhich receve a full parse
(in contrastto a FRAGMENT or SKIMMED parse)for both
its partially labeledandits unlabeledvariant.Furthermore,
only sentencesvhich receved at most 1,000 parseswere

2An alternatie numericalmethodwould be a combinationof
iterative scalingtechniqueswith a conditionalEM algorithm (Je-
baraandPentland1998)However, it hasbeenshavn experimen-
tally that conjugategradienttechniquescan outperformiterative
scalingtechniquedy farin runningtime (Minka, 2001).



taken under consideration From this set, sentencegrom

which a discriminatve learner cannotpossibly take ad-
vantagej.e. sentencesvherethe setof parsesassignedo

the partially labeledstring was not a propersubsetof the
parsesassignedhe unlabeledstring, wereremoved. These
successie selectionstepsresultedin a final training set
consistingof 10,000 sentencesachwith parsesfor par

tially labeledandunlabeledrersions Altogethertherewere
150,000parsedor partially labeledinput and 500,000for

unlabelednput.

For estimation,a simple property selectionprocedure
wasappliedto the full setof around1000propertiesThis
procedures basedon a frequeng cutoff on instantiations
of propertiedfor the parsesn the labeledtraining set. The
resultof this procedures a reductionof the propertyvec-
tor to abouthalf of its size.Furthermoreaheld-outdataset
was createdfrom section24 of the WSJ treebankfor ex-
perimentalselectionof the varianceparametenf the prior
distribution. This setconsistsof 150 sentencesvhich re-
ceivedonly full parsesputof whichthemostplausibleone
wasselectedy manualinspection.

Testing: Two differentsetsof testdatawere used:(i)
700 sentencesandomly extractedfrom section23 of the
WSJtreebankand given gold-standard-structureannota-
tionsaccordingto our LFG schemeand(ii) 500 sentences
from the Brown corpusgivengold standardannotationdy
Carrolletal. (1999)accordingo theirdependengrelations
(DR) schemé. Both the LFG andDR annotationschemes
arediscussedn more detail belon, asis a mappingfrom
LFG f-structuredo DR annotations.

Gold standarcannotatiorof the WSJtestsetwasboot-
strappecy parsingthetestsentencessingthe LFG gram-
marandalsocheckingfor consisteng with the PennTree-
bank annotation.Starting from the (sometimesfragmen-
tary) parseranalysesand the Treebankannotationsgold
standargarseaverecreatecby manualcorrectionandex-
tensionsof the LFG parsesManualcorrectionswere nec-
essaryin abouthalf of the cases.

Performanceon the LFG-annotatedNSJ test set was
measuredising both the LFG and DR metrics,thanksto
the LFG-to-DR annotationmapping.Performanceon the
DR-annotatedrown testsetwasonly measuredisingthe
DR metric, owing to the absencef an inversemapfrom
DR to LFG annotations.

Results:In our evaluationwe reportF-measurefor the
respectie typesof annotation LFG or DR, andfor three
typesof parseselection,(i) lower bound randomchoice
of a parsefrom the setof analyses(ii) upperbound se-
lection of the parsewith the bestF-measureaccordingto
the annotationschemeused,and (iii) stodastic the parse
selectedby the stochastidisambiguatarThe error reduc-
tion row lists the reductionin error raterelative to the up-
per and lower boundsobtainedby the stochasticdisam-
biguationmodel.F-measureis definedas2 x precision x
recall [ (precision + recall).

3Both corpora are available online. The WSJ f-structure
bank at www.parc.com/istl/groups/nltt/fsbank/ ,
andCarroll etal’s corpusat www.cogs.susx.ac.uk/
lab/nlp/carroll/greval.html
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Table 1 gives resultsfor 700 examplesrandomly se-
lectedfrom section23 of theWSJtreebankusingbothLFG
andDR measuresTheeffect of thequality of the parsen

Tablel: Disambiguationmesultsfor 700examplesandomly
selectedrom section23 of the WSJtreebankusing LFG
andDR measures.

LFG | DR
upperbound | 84.7 | 80.7
stochastic 78.7 | 72.9
lowerbound | 75.0 | 68.8

| errorreduction| 38 [ 35 |

disambiguationperformancecan be illustrated by break-
ing down the F-measuresiccordingto whetherthe parser
yields full parsesor FRAGMENT oOr SKIMMED parsesor
bothfor the testsentencesThe percentagesf testexam-
pleswhich belongto the respectie classesf quality are
listedin thefirst row of Table2. F-measuresrokendown
accordingto classesof parsequality are recordedin the
following rows. Thefirst columnshowns F-measuresor all
parsesn thetestset,asin Tablel, theseconatolumnshowns
best F-measuresvhen restricting attentionto examples
whichreceve only full parsesThethird columnreportsF-
measurgor exampleswhich receve only non-full parses,
i.e., FRAGMENT Or SKIMMED parseor SKIMMED FRAG-
MENT parsesColumns4—6breakdown non-full parsesac-
cordingto exampleswhich receve only FRAGMENT, only
SKIMMED, or only SKIMMED FRAGMENT parses.Since
mostresultson predicate-aggumentmatchinghave beenre-
portedfor length-restrictedestsets(20—30words),we also
providefor comparisonesultsfor asubsebf 500sentences
in our samplewhich hadlessthan25 words. Theseresults
arereportedn Table3.

Table3: Disambiguatiommesultson 500examplegestricted
to < 25 words randomlyselectedfrom section23 of the
WSJtreebanlkusingLFG 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 presentananalysis
of evaluationresultsaccordingto parse-qualityfor the DR
measureappliedto the Brown corpustestset.In Table5
we shav the DR measurealongwith anevaluationmeasure
which facilitatesa directcomparisorof our resultsto those
of Carroll etal. (1999).Following Carroll etal. (1999)we
counta depedeny relationas correctif the gold standard
hasa relation with the samegovernorand dependenbut
perhapswith a different relation-type.This dependeng-
only (DO) measurethus doesnot reflect mismatchede-



Table2: LFG F-measurebrokendown accordingto parsequality for the 700 WSJtestexamples.

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-measurebrokendown accordingto parsequality for the 500 Brown 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

tweenargumentsaandmodifiersin a smallnumberof cases.

Table5: Disambiguatiorresultson 500 Brown 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 and 3 point to systematicallylower F-scores
undertheDR measurehanundertheLFG measurethough
bothindicatesimilarreductionsn errorratedueto stochas-
tic disambiguation.

5.1. LFG Evaluation Metric

The LFG evaluation metric 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 relevantto predicate-agumentstructure.More pre-
cisely, a preds-onlyf-structureremovesall pathsthrough
thef-structurethatdo notendin a PRED attribute. Figures
1 and?2 illustratethedifferencebetweerthefull andpreds-
only f-structuredor oneparseof thesentencéeridian will
pay a premiumof $30.5million to assumea depositof $2
billion. As this exampleshaows, the preds-onlyf-structure
lacks somesemanticallyimportantinformation presentin
the full f-structure,e.g. the marking of future tense,the
markingof a purposeclause andthe attribute showving that
a depositis anindefinite.

Figure 2 alsoshaws the setof individual featurespec-
ifications that define the preds-onlyf-structure. The first
propertyindicatesthat the f-structuredenotedby nO has
thesemantidorm sf(pay,i15,[n5,n3],[])) asthe

valueof its PRED attribute. pay is the predicatej15 isa

lexical id, [n5,n3] alist of f-structurenodesservingas

thematicargumentsand[] an(empty)list of non-thematic
argumentsThegrammaticatolesassociateavith thematic
and non-thematicargumentsare identified by the corre-

spondingsubj , obj , etc.,predicateslin this experiment,
we measuregbrecisionandrecall by matchingat the gran-

ularity of theseindividual features.

The matchingalgorithmattemptgo find the maximum
numberof featureghatcanbe matchedetweernwo struc-
tures.It proceeddn a stratified manney first maximizing
the matchedetweenattributeslike pred , adjunct and
in _set , andthenmaximizingthe matchef any remain-
ing attributes.

5.2. Comparisonwith DR Metric

As abrief review (seeCarroll etal. (1999)for morede-
tail), the DR annotatiorfor our examplesentencéobtained
via themappingdescribedelow) is

(aux_ paywill) (subjpayMeridian )
(detmod_ premiuma) (mod_ million 30.5)
(mod_ $ million) (modof premiums)
(dobj paypremium.)  (mod_ billion 2)
(mod_ $ billion) (modin $ deposit)
(dobjassumes ) (modto payassume)

Someobviouspointsof comparisorwith thef-structure
featuresare: (i) The DR annotatiorencodesomeinforma-
tion, e.g.the‘detmod’relation,thatis notencodedn preds-
only f-structureqthoughit is encodedn full f-structures).
(i) Differentoccurrence®f the sameword (e.g.“$") are
distinguishedsia differentlexical ids in the LFG represen-
tationbut notin theDR annotationsothatcorrectlymatch-
ing DR relationscanbe problematic.(iii) The DR annota-
tion hasl2relationsnsteacf the 34 feature-specifications.
This is because given predicate-agumentrelationin the
f-structureis broken down into several different feature-
specificationskor example theDR ‘mod’ relationinvolves
an f-structurepaththroughan ADJUNCT, IN_SET andtwo
PRED attributes;the DR ‘subj’ relationis a combinationof
anf-structurePRED andsuBJ attribute. Thusthe LFG met-
ric is more sensitve to fine-grainedaspectsof predicate-
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"Meridian will pay a premium of $ 30.5 million to assume $ 2 billion in
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Figurel: Full f-structure
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RED' in <[-2-OBJ:deposit]
DJUNCT;

ADJUNCT{ [0BJ

_1[SuBJ [PRED’ pro ]

PRED ' premium’
PRED’ of <[-4-OBJ:$] >'
PRED’ §'
08 PRED  ’'milion ’
F{ADJUNCT{—S[PRED’ 305 ]}]‘

SPEC

ADJUNCT
0B NUMBE
-4

SUBJ  [PRED’ Meridian ']

pred(n0,sf(pay15,[n5,n3],[])) pred(n5,sf(Meridian,il4,[],[]))
pred(n3,sf(premium,i18,[],[1)) pred(n19,sf('’2’,i70,[].[]))
pred(n28,sf('30.5',i26,[],[])) pred(n7,sf(assume,i64,[n8,n9],[]))
pred(n8,sf(pro,i107,[1,[1)) pred(n9,sf($,i67,[1.01))
pred(n17,sf(billion,i71,[],[])) pred(n1l,sf(in,i84,[n12],[]))
pred(n12,sf(deposit,i86,[],[1)) pred(n4,sf(million,i27,[1,01))
pred(n23,sf(of,i21,[n24],[])) pred(n24,sf($,i23,[1.[])
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& clausalrepresentatioasproducecby XLE

argumentrelations.However, it imposesa greaterpenalty
than DR on a modifier that is misattachedo something
thatdoesnot have ary othermodifiers.The LFG measure
countsbothanextra ADJUNCT featureandanextraIN_SET
featureas mismatcheswhereasDR only countsa single
mismatchedvob. Corversely LFG givesmore credit for
gettingthe singletonattachmentgorrect.Similarly for ar
gumentstructure.The LFG metric penalizegyettingargu-
mentswrong, countingbotha PRED anda grammaticake-
lation mismatch pbut corverselygivesmorecreditif thear-
gumentstructureis exactly right.

5.3. Mapping F-structur esto DR Annotations

The DR evaluationmetric matcheshe dependeng re-
lationsprovided by the Carroll et al. gold standardwith re-
lationsdeterminedrom informationcontainedn the LFG
representationg-his enablesisto measurgheaccurag of
our systemwith a separatelydefinedpredicate-agument-
orientedstandardandto compareour resultsto othersys-

temsthat may usethe samemetric (at this point, perhaps
only theCarrolletal. grammar/parserhe DR metricalso
enablesa cross-alidation assessmerdf the LFG-derved
predicate-agumentmeasure.

Carroll and Briscoe provide corveniently down-
loadablefiles containingthe raw input sentencesnd the
correspondingsetsof gold standarddependeng relations.
We assumedt would be relatively straightforward to run
the sentenceshroughour systemand extract dependeng
relationsthat could be comparedo the gold standardBut
for reasonghatrangedfrom the ridiculousto the sublime,
this turned out to be a surprisingly difficult task. One of
thelessondearnedfrom this experimentis thatevenatthe
level of abstractdependencieis is still very hardto createa
standardhat doesnot incorporateunintendedramework-
specificidiosyncracies.

Onesetof problemsarosefrom the way the sentences
arerecordedn the input file. The ‘raw’ sentencesire not
formedasthey would appeatin naturaltext. They arepro-
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vided insteadas pre-tokenized strings, with punctuation
split off by spacedrom surroundingvords. Thuscommas
and periodsstandas separatdéokensand I'm and clients’
guilt shav upasl 'm andclients’ guilt. This preprocessed
formatmaybehelpfulfor parsingsystemgshatembodythis
particularsetof tokenizing corventionsor thatlearn(a la
treebankgrammarsjfrom the dataat hand.But our system
includesa hand-writtenfinite-statetokenizerthatis tightly
integratedwith ourgrammarandlexicon,andit is designed
to operateon text that conformsto normal typographical
cornventions.It provideslessaccurateguessesvhentext 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. Anotherpeculiarandtroublesomdeatureof the raw
text is that somenon-linguisticelementssuchaschemical
formulasarereplacedby the meta-symbokformul>; our
tokenizersplits this up at the angle brackets and tries to
guessa meaningfor theword formul surroundedy brack-
ets. Facedwith theselow-level peculiarities,our first step
in the evaluationwasto edit the raw text asbestwe could
backinto normalEnglish.

Thegoldstandardile presente@notheisetof relatively
low-level incompatibilitiesthat resultedin spuriousmis-
matcheghatweresomevhatharderto dealwith. First, the
input sentencesonformto Americanspellingcornventions
butthehead-vordsin thegold standardelationsuseBritish
spelling (neighboris codedasneighbouj. Second,n the
gold standardthe head-vords are corvertedto their cita-
tion forms(e.g.”walking’ in thetext appear@swalkin the
relations).Generallythesematchthe head-vordsthat are
easilyreadfrom the LFG f-structuresput thereare mary
discrepancieshat hadto be tracked down. For example,
our f-structuresdo not convert shouldto shall, asthe gold
standardloes whereasve do converthimselfto he (with a
reflexive feature)while the gold standardeavesit ashim-
self We endedup creatingby trial-and-errora coercionta-
blefor thistestsetsothatwe couldproperlymatchdifferent
manifestation®f the samehead.

The experimentrevealedsomehighetlevel conceptual
issuesin LFG it is thef-structureratherthanthec-structure
that most closely encodeghe propertieson which a non-
tree, dependeng-orientedevaluationshould be based.So
we definedour taskto be the constructionof a routinefor
readingdependenciefrom the f-structurealone. It turns
out, however, that the Carroll et al. dependenciesncode
a mixture of superficialphrase-structurpropertiesin ad-
dition to underlying dependenciesand it proved a chal-
lengeto recreateall the information relevant to a match
from the f-structurealone. For example, our f-structures
do not representhe categories(NP, S) of the phraseghat
correspondo the functions, but the gold standarddepen-
denciesmalke tree-basedlistinctionsbetweennon-clausal
(e.g. NP) subjects,clausal (e.g. sentential)subjects,and
open-complemeniVP) subjects We avoided this kind of
discrepang by neutralizingthesedistinctionsin the gold
standardorior to makingarny comparisonsAs anotherex-
ample,our Englishgrammardecode$nglishauxiliary se-
quenceénto featuressuchasPERFECT, PROGRESSIVE, and
PASSIVE while thegold standardprovidesa setof Aux re-
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lationsthat representhe left-to-right orderin which have
andbe appearedn the original sentenceTo obtainthein-
tuitively correctmatchespur mappingroutinein 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 figure out underwhich conditionstheremight have been
do-supportin the original string; instead we removed the
few aux-dorelationsfrom the gold standardbefore com-
paring.

Therewereanumberof situationswhereit wasdifficult
to determineexactly the gold standardcoding cornventions
eitherfrom the documentatioror from the examplesin the
goldstandardile. Someof theconfusionsvereresohedby
personatommunicatiorwith Carroll andBriscoe,leading
in somecasedo the correctionof errorsin the standardr
to the clarification of principles.We discoseredfor some
phenomendhat therewere simple differencesof opinion
of how arelationshouldbe annotatedThe corpuscontains
mary parentheticaldpr example whoseproperattachment
is generallydeterminedby extrasyntactic,discourse-leel
considerationsThedefaultin the LFG grammatis to asso-
ciateparentheticalait the clause-lgel whereaghe Carroll-
Briscoegold standardendsto associatehemwith thecon-
stituentimmediatelyto the left—a constituenthatwe can-
notidentify from the f-structurealone.As otherexamples,
thereare still somemysteriesaboutwhetherand how un-
expressesubjectf open-complementareto beencoded
andwhetherandhow the headof arelative clauseappears
in awithin-clausedependeng

With considerablesffort we solved mostbut not all of
thesecross-representatiomappingproblems,as attested
by the relatively high F-scoresve have reported.Our cur-
rentresultsprobablyunderstateo a certainextentour true
degree of matching,but the relative differencesbetween
sentencesisingthe DR measureare quite informative. A
low F-scores anaccuraténdicationthatwe did not obtain
thecorrectparse For F-scoresabove 90 but below 100it is
oftenthe casethatwe found exactly theright parsebut our
mappingroutinecouldnot produceall the properrelations.

6. Discussion

The generalconclusionto draw from our resultsis that
thetwo metrics,LFG andDR, show broadlysimilar behar-
ior, for the upperboundsfor the lower boundsandfor the
reductionin errorrelative to theupperboundbroughtabout
by the stochastianodel. The correlationbetweerthe upper
boundF-scoredor the LFG andDR measuresn the WSJ
testsetis .89. Thelower reductionin error raterelative to
the upperboundfor DR evaluationon the Brown corpus
canbe attributedto a corpuseffect that hasalsobeenob-
senedby Gildea(2001)for trainingandtestingPCFGson
the WSJ and Brown corpora? Breakingdown evaluation
resultsaccordingto parsequality shavs that irrespectve
of evaluationmeasureand corpusaround5% overall per

4Gildeareportsa decreasérom 86.1%/86.6%ecall/precision
on labeledbracleting to 80.3%/81%when going from training
andtestingon the WSJto training on the WSJandtestingon the
Brown corpus.



formanceis lost dueto non-full parsesj.e. FRAGMENT or
SKIMMED parse®r both.

While disambiguatiorperformanceof around79% F-
scoreon WSJ data seemspromising, from one perspec-
tive it only offers a 4% absoluteimprovementover a
lower boundrandombaselineWe think thatthe high lower
bound measurehighlights an important aspectof sym-
bolic constraint-basedrammars(in contrastto treebank
grammars)thesymbolicgrammaralreadysignificantlyre-
stricts/disambiguateberangeof possibleanalysesgiving
the disambiguatora much narrover window in which to
operate As such,it is more appropriateto assesshe dis-
ambiguatoin termsof reductionin errorrate(38%relative
to theupperbound)thanin termsof absolute~-score Both
theDR andLFG annotationdroadlyagreen theirmeasure
of errorreduction.

Due to the lack of standardevaluation measuresand
gold standardg$or predicate-agumentmatching,acompar
isonof ourresultsto otherstochastiparsingsystemss dif-
ficult atthe moment.To our knowledgeso far the only di-
rectpointof comparisons theparseiof Carrolletal. (1999)
whichis alsoevaluatedon Carroll etal’s testcorpus.They
reportan F-measuref 75.1%for a DO evaluationthatig-
norespredicatelabelsbut countsdependenciesnly. Un-
derthis measurepur systemof parserand stochastiadis-
ambiguatorachieves 75.8% F-measureA further point of
comparisoris the parsingsystenmpresentedy Boumaetal.
(2000).They reportcomparableaelationson lower bounds
and upper boundsfor their constraint-basegarsingsys-
tems.On testcorporaof a few hundredsentencesf up to
20 words an upperboundof 83.7% F-scoreand a lower
boundof 59%is reported;ithe bestdisambiguatiormodels
achieves75%F-score.

7. References

GosseBouma, Gertjan von Noord, and Robert Malouf.
2000. Alpino: Wide-coveragecomputationabnalysisof
Dutch. In Proceedingf ComputationalLinguisticsin
the NetherlandsAmsterdamNetherlands.

Miriam Butt, Tragy King, Maria-Eugenia Nifio, and
Fréderique Segond. 1999. A GrammarWriter's Cook-
book Number95in CSLI LectureNotes.CSLI Publica-
tions, Stanford,CA.

JohnCarroll, GuidoMinnen,andTed Briscoe. 1999. Cor
pusannotationfor parserevaluation. In Proceedingsf
the EACL workshopon Linguistically Interpreted Cor-
pora (LINC), Bergen,Norway.

Michael Collins andNigel Duffy. 2001. Corvolution ker-
nelsfor naturallanguage.In Advancesn Neurl Infor-
mationProcessingSystem44(NIPS’01) Vancouer.

Michael Collins. 2000. Discriminative rerankingfor nat-
ural languageprocessing.In Proceedingsf the Seven-
teenthInternational Confeenceon Machine Learning
(ICML’00), Stanford,CA.

Dan Gildea. 2001. Corpusvariation and parserperfor
mance. In Proceedingof 2001 Confeenceon Empiri-
cal Methodsn Natural Language ProcessindEMNLP),
Pittshurgh, PA.

Tony Jebaraand Alex Pentland.1998. Maximum condi-
tional likelihoodvia boundmaximizationandthe CEM

74

algorithm. In Advancesn Neuml InformationProcess-
ing Systemd41 (NIPS’98)

Mark JohnsonStuartGeman,StephenCanon,Zhiyi Chi,
and Stefan Riezler 1999. Estimatorsfor stochastic
“unification-based”grammars. In Proceedingsof the
37th Annual Meeting of the Associationfor Computa-
tional Linguistics(ACL'99), College Park, MD.

Mitchell Marcus, GraceKim, Mary Ann Marcinkiewicz,
Robert Macintyre, Ann Bies, Mark Femguson, Karen
Katz, andBritta Schasbeager 1994. The Penntreebank:
Annotatingpredicateargumentstructure.In ARFA Hu-
manLanguage Technology Workshop

JohnMaxwell and Ron Kaplan. 1993. The interfacebe-
tweenphrasabndfunctionalconstraints Computational
Linguistics 19(4):571-589.

Thomas Minka. 2001. Algorithms for maximum-
likelihood logistic regression.Departmenbf Statistics,
Carngyie Mellon University.

Miles Osborne.2000. Estimationof stochasticattribute-
value grammarsusing an informative sample. In Pro-
ceedingsof the 18th International Confeenceon Com-
putationalLinguistics(COLING 2000) Saarbiicken.

FernanddPereiraand Yves Schabes1992. Inside-outside
reestimationfrom partially bracketed corpora. In Pro-
ceedingsof the 30th Annual Meeting of the Associa-
tion for ComputationalLinguistics (ACL'92), Newark,
Delaware.

William H. PressSaulA. Teukolsky, Willam T. Vetterling,
andBrian P. Flannery 1992. NumericalRecipesn C:
The Art of ScientificComputing CambridgeUniversity
PressNew York.

Stefan Riezler Detlef PrescherJonasKuhn, and Mark
Johnson. 2000. Lexicalized StochasticModeling of
Constraint-Base@rammarsisingLog-LinearMeasures
and EM Training. In Proceedingsof the 38th Annual
Meetingof the Associationfor ComputationalLinguis-
tics (ACL'00), HongKong.



