Evaluation of the Gramotr on Parser for German

Franz Beil', Detlef Preschef, Helmut Schmic®, SabineSchulteim Walde?

ITEMIS, Ruede Ponthieus9, 75008Paris, France
franz. bei |l @emi s-group. com

2DFKI GmbH, LanguageTechnologyl_ab, Stuhlsatzenhauswe, 66123Saarbiicken, Germary
pr escher @f ki . de

3IMS, Universitat Stuttgart Azenbegstr. 12, 70174Stuttgart,Germaty.
{Hel mut . Schmi d, Sabi ne. Schul te. i m Wal de}@ Ms. Uni - Stuttgart. DE

Abstract
Thepaperdescribegnexperimentn inside-outsidestimationof alexicalizedprobabilisticcontet freegrammarfor German.Grammar
andformalismfeatureswhich male the experimentfeasibleare described.Successie modelsare evaluatedon precisionandrecall of
phrasemarkupconsistingof labelsfor nounchunksandsubcatgorizationframes. Our approacho 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
(i) 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 parsingsystems a manuallywritten
contet-freegrammarconsistingof severalthousanchead-
markedrules. Its stochasticcomponentonsistsof proba-
bility weightsassignedo thelexicalisedgrammarrulesand
to the lexical choiceeventsby the so-calledinside-outside
algorithm(Lari andYoung, 1990),the standardprocedure
for unsupervisetraining of a stochasticontext-freegram-
mar parsingfreetext. 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 grammardevelopmentfocuswas on the recognitionof
thegrammaticatelationshetweemounsandverbs.

Furthermoresincethe parsingresultswereaninterme-
diatestepin anexperimentto learnasemantidexicon, reli-
ableparsingresultshadto beacquiredrapidly. We decided
for anincrementarammardevelopmentthusminimizing
grammamdevelopmentfforts 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).

Grammandevelopmentaindstochastidrainingwascon-
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 newspapercorpus,(a) a
sub-corpugontainingd50,000verb-finalclauseswith 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-speechiag, case,genderand number
to the corpuswords,partly collapsedo reducethe number
of analysesFor example,the word Bleibe (eitherthe case
ambiguoudemininesingularnoun‘residence’or a person
andmodeambiguoudinite singularpresentenseverbform
of ‘stay’) is analysedasfollows:

anal yse> Bl ei be

Bl ei be+NN. Fem Akk. Sg

Bl ei be+NN. Fem Dat . Sg

Bl ei be+NN. Fem Gen. Sg

Bl ei be+NN. Fem Nom Sg

*bl ei ben+V. 1. Sg. Pres. | nd
*bl ei ben+V. 1. Sg. Pr es. Konj
*bl ei ben+V. 3. Sg. Pr es. Konj

Reducingheambiguousateyoriesleavesthetwo morpho-
logical analyses
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Bl ei be { NN. Fem Cas. Sg, VVFIN }

Apart from assigningmorphologicalanalyseshe tool in
additionsenesaslemmatisel(cf. (Schulze 1996)).

3. The German Context-FreeGrammar

The contet-free grammarconsistsof 5,033 ruleswith
lexical headmarkings.With very few exceptiong(rulesfor
coordination,S-rule),the rulesdo not have morethantwo
daughtersThe220terminalcateyoriesin thegrammarcor-
respondo the collapsedcorpustagsassignedy the mor-
phology
Grammardevelopments facilitatedby (a) grammardevel-
opmentervironmentof the feature-basedgrammarformal-
ismYAP (Schmid,1999b),and(b) achartbrowserthatper
mits a quick andefficient discovery of grammarugs(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 clauses,.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
phrasesadjectval chunks,adwerbial chunks,complex de-
terminers,andthe treatmentof coordinationsee(Schulte
im Walde,2000).

3.1. Noun Chunks (NCs)

On nominal catayories, in addition to the four cases
Nom Gen, Dat , andAkk, casefeatureswith a disjunctive
interpretation(suchasDi r for Nomor Akk) areused.The
grammaiis written in sucha way thatnon-disjunctve fea-
turesareintroducedhigh upin thetree.Figure2 illustrates
theuseof disjunctive featuresn nounprojections:theter
minal NN containsthe four-way ambiguousCas casefea-
ture; the N-bar (NN1) andnounchunkNC projectionsdis-
ambiguateto two-way ambiguouscasefeaturesDi r and
ol ; 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
noun phraseis enforced. Agreementbetweenthe subject
NP andthetensedverbis not enforcedby the grammayin

orderto controlthe numberof parameterandrules.

The noun chunk definition refers to Abney’s chunk
grammarmrganisation(Abney, 1996):the nounchunk(NC)
is a projectionthat excludespost-headcomplementsand
(adwerbial)adjunctsintroducedhigherthanpre-headnodi-
fiersanddeterminershut includesparticipial pre-modifiers
with their complements.

3.2. SubcategorisationFrames

The grammar distinguishes four subcatgorisation
frame classes: active (VPA), passve (VPP), non-finite
(VPI') frames, and copulaconstructionsVPK). 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 the frametype.
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 aguments.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 scrambledbject-subjecbrderdensieliebt ‘whom she
loves’.

Abstractingfrom the active and passve realisationof



{NP.Nom, NP.Akk } {NP.Dat, NP.Gen}
NC.Dir NC.Obl
ART1.E NN1.Fem.DirSw ADJ1.R NN1.Fem.Obl.St

/N |

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

eine ADJ.E NN.Fem.Cas.Sg andeer Gelegenheit

gute Geleggenheit

Figure2: NounProjections

VPA.na.na VPA.na.na
/N /N
NP.Nom VPA.na.a NPAkk VPA.na.n

/\ /\

der NPAKk VPA.na den NPNom  VPA.na
| |

sie VPA sie VPA

liebt liebt

Figure 3: Realising ScramblingEffect in the Grammar
Rules

an identical underlying deep-leel syntax we generalise
over the alternationby defining a top-level subcatgorisa-
tion frametype,e.g.1 P. 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'.

4. Probability Model

The probabilistic grammarsare parsedwith LoPar *
(Schmid,1999a),a head-licalisedprobabilisticcontext-
free parser The parseris animplementationof the Left-
Corneralgorithmfor parsingandof the Inside-Outsideal-
gorithm for parameterestimation. Probabilistic context-
freeparsing(Lari andYoung,1990)mapsa CFGto a prob-
ability modelby assigninga probability to eachgrammar
rule.

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

!LoPar is basicallya re-implementatiorof the Galacsytools
which were developedby Glenn Carroll in the SFB, but LoPar
providesadditionalfunctionality

Syntactically a head-leicalised probabilistic context-
freegrammar(HPCFG)(Carroll, 1995;Carroll andRooth,
1998)is a PCFGin which one of the right handside cat-
egoriesof eachgrammarrule is marked asthe headof the
projection. The lexical headof a terminal category is the
respectie word form. Thus, lexical headproperties,i.e.
words,arepropagatedhroughheadchains.

HPCFGsassignthe following probability’ to a parse
treeT:

P(T) = Pstart(ca(rOOt(T))) )
Piiqr¢(headroot(T))|cat(root(T'))) -

II Pruelrule(n)|catn), headn)) -
neT
n : non-terminal

1 Peroice(headn)|catn), ca(p(n)), headp(n))) -
neT
n # root(T)

[ Pruic(<t er ni nal >|cat(n), headn)) -

neT
n : terminal

[ Prc=(word(n)|cat(n), headn))
neT
n : terminal

Five families of probability distributions are relevant
here. Py, (C) is the probability that C' is the cate-
gory of the root node of a parsetree. Py, (h|C) is
the probability that a root node of category C' bearsthe
lexical headh. Py..(r|C,h) is the probability that a
node of catggory C' with lexical headh is expandedby
rule r. Pepoice (R|C, Cp, hy) is the probability thata (non-
head)node of catggory C' hasthe lexical headh given
that the parentcategory is C, andthe parentheadis h,.
P,y (<t er mi nal >|C, h) is the probability that a node
of category C' with lexical head h is a terminal node.
P, (w|C, h), finally, is theprobabilitythataterminalnode
with category C' andlexical headh expandsto the word
formw.

In orderto reducethe prohibitively large numberof lex-
ical parametershathave to be estimatedye employedlin-
guistic generalisationgor parametereduction: lemmati-
sationand parameteipooling. Using uninflectedlemma
ratherthaninflectedword form for lexicalisationeliminates
splitting of estimatedrequenciesmonginflectionalforms.
Parameteipooling is basedon the assumptiorthat lexical
choiceprobabilitiesare unlikely to dependon inflectional
featuredik e gendey case numberetc. of categoriesor ar
gumentorderin verb frames. For instance thereare (at
least)nine differentinflectional patternsfor projectingthe
adjectivealt (old) andBuch (book)to anNN1 category. In-
steadof assigninga lexical choiceprobability

Pchoz’ce (alt|ADJ.wi, NNl.Xi.yi.Zi, B’LLCh)

2Theauxiliary functionscat , head, p(ar ent ) , wor d and
r ul e returnthe syntacticcatayory, the lexical head,the parent
node, the dominatedword or the expandinggrammarrule of a
node.r oot returnsthe root nodeof a parsetreeand<t er mi -
nal > is aconstant.



IP.na IP.na IP.na
| | |
VPA.na.na VPP.N.n VPP.np-s.np-s
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/\ | | / N\
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sie verfolgt vonihm verfolgtwird

Figure4: Generalisingoverthe Active-Passie Alternationof SubcatgorisationFrames

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

P_poice(alt|ADJ,NN1, Buch)

for all inflectionalvariationsof NN1 -> ADJ NN1. We
obtaina single probability distribution for adjectival mod-
ifiers. In result, frequentobsenation of altesBud in the
trainngdataalsoincreaseshe probability of alter Buicher.
For argumentfilling into verb frames, categories of the
form VP. x. y arepooledto VP. x andactive, passve 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] siedenHund futtert 'shefeedsthe dog’, der Hund
gefuttertwird 'thedog is fed’).

5. Grammar Training
5.1. Training Strategy

Thetraining in our main experimentwas performedin
thefollowing steps:

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

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

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

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

For training the model parametersve used90% of the
corpora,atotal of 1.4 million clauses.Theremainingl0%
of sene asheldoutdatato measurevertraining.

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

Comparatre 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 caneasily transformthesecross-entrop val-
ues(cr oss) 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/50k, (B) 500k/500k,(C) 4.1M/500k. The over
trainingeffectis indicatedby theincreasedn 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 comparisonshaws that the mathe-
matical criterion of overtrainingmay lead to bad results
from alinguistic point of view. While precision/recalinea-
suresfor low-level structuressuchas NCs corverge, itera-
tive unlexicalisedtraining up to the overtrainingthreshold
is disadwantageoufor theevaluationof complec categories
like subcatgorisationframes.We obsenredprecision/recall
valuesfor verbframessettlingevenbelow theresultswith a
randomlyinitialisedgrammar Sothemathematicatvalua-
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 courseannotatedull clauseslt turnedoutto bedifficult
to extractrespectie sub-treebanksOn the otherhand,we
did not intendto carry out the standardparserevaluation

usingtheformula

avg_l-cross

perp =10
(assumingdhatthecross-entropis computedy alogarithmbased
on 10). For example,anaveragdenghthof avg=9.2anda cross-
entropy of cr oss=24. 2 yieldsaword perpleity per p=427.0,
whichis avaluecomparableo the valuespresentedh Schulteim
Waldeetal. (2001).

methodof measuringprecision/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 crossingbracketsmeasure
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 mapstreebankstructurego a
selectionof ours (noun 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 evenhardemproblemis finding the
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 parameter®f the modelswere
evaluatedconcerningthe identificationof NCs 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 clausegor each
of the six verbsbeteiligen ‘participate’, erhalten‘receie’,
folgen‘follow’, verbieten'forbid’, versprechen‘promise’,
versuden'try’, andhand-annotatetthemwith theirsubcat-
egorisationframes. The particularselectionof verbsaims
to be representatie for the variety of verb framesdefined
in ourgrammar

The manualannotatiorwasfacilitatedby useof achart
browser Thelabellersfilled theappropriatechartcellswith
catggory namesby selectingcatagory labelsfrom a given
list thatis displayedon clicking a cell. Figure5 givesan
exampleof NC-labellingwhichvisualiseghedetermination
of NC-rangewia 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 categoriesof inter-

est(i.e. nounchunksandsubcatgorisationframetypes).
Only therelevantcategoriesbut nottheentireViterbi parses
were comparedwith the annotateddata. NCs were eval-

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

catgyory name. The subcatgorisationframeswere evalu-

atedaccordingo theframelabelonly. Precisionandrecall

measurearedefinedasfollows:

correct correct

precision = recall =

guesses baseline

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

Overall results Theprecisionvaluesof the"best” model
accordingto thetraining stratgyy wereasin Table3.

NounChunks
range [ range+label
98% | 92%

SubcatgorisationFramesn 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
stronglydifferentdevelopmenif nounchunkandsubcate-
gorisationframe representationsithin the models,rang-
ing from the untrainedmodel until the fifth iteration of
lexicalisedtraining. NCs were modelledsuficiently by an
unlexicalisedtrainedgrammar Unexpectedly lexicalisa-
tion impairedthe modelling slighlty. This obsenationis
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-syntactiprocesof
nouncompoundingn German.

Verb phrasesn generalneededa combinationof un-
lexicalisedand lexicalisedtraining, but the representation
stronglydepende@nthespecificitem. Unlexicalisedtrain-
ing advancedfrequentphenomendcomparefor example,
therepresentationf thetransitve framewith directobject

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 catayoriesthe
precisionvaluesfor low-frequentphenomenauchasnon-
finite frame recognitionwas significantly lower, e.g. the
precisionfor the verb versuden was 9% less than with
pooling. This resultsuggesténvestigationsnto 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 object are 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.
geshiwommenist ‘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

¢ 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 besitu-
ated’'wasgenerallyparsedasatransitve, notasinher
entlyreflexive.

6.4. Shortcomingsand evaluation alternatives

We areawarethattherearesomedesirableaspectsniss-
ing from our evaluation.

Firstly, we did not evaluatethe relationsbetweenlexi-
calheaddirectly, the maintaskour parsingsystenwasde-
signedfor. Subcatgorisationframeandnounchunklabel
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Figure6: Developmentof Precisionand Recall Valueson Noun Chunk Rangeand Label (left-handside),and Precision
Valueson SubcatgorisationFramedor SpecificVerbs(right-handside)

recognitionsene only asindirectevidenceof how well our
modeldoesonrecognisingscramblingof verbalarguments.
Becausenounchunkannotatioris not confinedto verb ar-
gumentslots—PPembeddedounchunkswere annotated
aswell—andadetailederroranalysison nounchunklabels
is missing,it remainsunclearwhetherscrambledhominal
argumentsare subjectto more errorsthanthe remarkable
92% precisionon NC labelssuggests.Similarly, correctly
recognisedierbframeswith a prepositionabrgumenthave
notbeenevaluatedasto whethertheassignedP argument
is actuallythe correctone.

Secondlywe did not evaluatethe correctnessf lexical
headof phrases.

Relerantevaluationschemeshatcaptureour shortcom-
ingsaretheevaluationof dependengstructureasdescribed
in (Lin, 1995)or the proposalbf evaluatingof grammatical
relationsof Carroll etal. (1998). Both evaluationpropos-
als addresghe importanceof selectvely evaluatingpars-
ing systemswith respecto specifictypesof syntacticphe-
nomenaratherthan measuringoverall performanceas in
“traditional” evaluationschemes Selectve evaluationis a
definitedesideratunfor 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—heacdelations.

7. Conclusion

Our approachto parsingis a combinationof symbolic
andstochastianethods.The symboliccomponenusually
involvesa very high degreeof overgeneratiorieaving dis-
ambiguatiorto the stochasticomponent.To facilitatedis-
ambiguationby statisticalmeansthe symboliccomponent
relies on certain categorial generalizationand usesnon-
standardcategoriesto reducethe parameterspaceor al-
low for parametepooling. We usedevaluationresultsin
both incrementalgrammardevelopmentand validation of
selectedutputto be usedin lexical semanticclustering.

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

dealtwith in ahead-leicalizedPFCGformalism.A second
resultis thatinside-outsideestimationappeargo be bene-
ficial, however relieson a carefully built grammarwhere
parsesanbe 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, thereare two relevant aspectamissingfrom
our evaluation. First, we did not evaluategrammaticake-
lationsdirectly. FrameandNC caserecognitiongive only
a crudeideaof how well our modeldoeson recognizing
e.g.scrambledsubjectanddirectobject. BecauséNC eval-
uationis not confinedto verbargumentslots,the pictureis
distorted. Secondwe 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 guaranteehat the maxi-
mization of the likelihood of the training data (which the
inside-outsidealgorithm performs)alsoimprovesthe lin-
guistic correctnes®f the resultingsyntacticanalysespur
experimentsshow thatin practicethis is the case.Gaining
moreinsightinto the relationshipbetweenlinguistic plau-
sibility andlikelihoodof linguistic analyseswill be anin-
terestingfuture researctiopic.
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