
Evaluation of the Gramotr on Parser for German

Franz Beil
�
, Detlef Prescher

�
, Helmut Schmid

�
, SabineSchulteim Walde

�
�
TEMIS, RuedePonthieu59,75008Paris,France

franz.beil@temis-group.com

�
DFKI GmbH,LanguageTechnologyLab,Stuhlsatzenhausweg 3, 66123Saarbr̈ucken,Germany

prescher@dfki.de

�
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Abstract
Thepaperdescribesanexperimentin inside-outsideestimationof alexicalizedprobabilisticcontext freegrammarfor German.Grammar
andformalismfeatureswhich make theexperimentfeasiblearedescribed.Successive modelsareevaluatedon precisionandrecallof
phrasemarkupconsistingof labelsfor nounchunksandsubcategorizationframes.Our approachto parsingis a blendof symbolicand
stochasticmethodswherewe useevaluationresultsin both incrementalgrammardevelopmentandvalidationof selectedoutputto be
usedin lexical semanticclustering.Our resultsarethat (i) scrambling-stylefreephraseorder, casemorphology, subcategorization,and
NP-internalgender, numberandcaseagreementcanbe dealtwithin a lexicalizedprobabilisticcontext-free grammarformalism,and
(ii) inside-outsideestimationappearsto bebeneficial,however relieson a carefullybuilt grammarandanevaluationbasedon carefully
selectedlinguistic criteria. Additionally, we reportexperimentson overtrainingwith inside-outsideestimation,especiallyfocusingon
comparisonof theresultsof mathematicalandlinguistic evaluations.

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

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

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

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

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

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

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

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

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

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

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

Reducingtheambiguouscategoriesleavesthetwo morpho-
logicalanalyses



Figure1: ChartBrowserfor GrammarDevelopment

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

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

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

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

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

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

3.1. Noun Chunks (NCs)

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

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

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

3.2. SubcategorisationFrames

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

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

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

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

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

Table1: SubcategorisationFrameTypes

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

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

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

4. Probability Model
The probabilistic grammarsare parsedwith LoPar1

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

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

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

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

HPCFGsassignthe following probability2 to a parse
treeT:
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Five families of probability distributions are relevant
here. >@?�ACBED�AGFIHKJ is the probability that H is the cate-
gory of the root node of a parsetree. >@?�ACBGD�AGFILNM HKJ is
the probability that a root nodeof category H bearsthe
lexical head L . >@D.OQPSRTFCUVM HXW�LYJ is the probability that a
nodeof category H with lexical head L is expandedby
rule U . >[Z�\^]�_�Z R F`L@M HXW7HbaVW7LcadJ is theprobability thata (non-
head)node of category H has the lexical head L given
that the parentcategory is Hea and the parentheadis Lca .> D.OQPSR F <terminal> M HXW�LYJ is the probability that a node
of category H with lexical head L is a terminal node.> PSR�f FhgiM HXW7L J , finally, is theprobabilitythataterminalnode
with category H and lexical head L expandsto the word
form g .

In orderto reducetheprohibitively largenumberof lex-
ical parametersthathaveto beestimated,weemployedlin-
guistic generalisationsfor parameterreduction: lemmati-
sationand parameterpooling. Using uninflectedlemma
ratherthaninflectedwordform for lexicalisationeliminates
splittingof estimatedfrequenciesamonginflectionalforms.
Parameterpooling is basedon the assumptionthat lexical
choiceprobabilitiesareunlikely to dependon inflectional
featureslike gender, case,numberetc.of categoriesor ar-
gumentorder in verb frames. For instance,thereare (at
least)nine differentinflectionalpatternsfor projectingthe
adjectivealt (old) andBuch (book)to anNN1 category. In-
steadof assigninga lexical choiceprobability

>@Z�\^]._�Z R F`jlkhm5M nporqrs tVu5W�vlvxwys zVu5s {VuQs |cu5W7}�~��5L J
2Theauxiliary functionscat, head, p(arent), word and

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

for eachpossiblecombinationof g , � , � , � , the combina-
tionsarepooledto a singledistribution

>[Z�\^]�_�Z R F`jpkCm5M nlorqlW.vlv�w�W BuchJ
for all inflectionalvariationsof NN1 -> ADJ NN1. We
obtaina singleprobability distribution for adjectival mod-
ifiers. In result, frequentobservation of altesBuch in the
trainngdataalsoincreasestheprobabilityof alter Bücher.
For argumentfilling into verb frames, categories of the
form VP.x.y arepooledto VP.x andactive, passive and
non-finiteverbframesarepooledaccordingto sharedargu-
ments,disregardingthe saturationstateof the frame. For
instance,>@Z�\^]._�Z R of a particularnoun is the sameas ac-
cusative NP headin the transitive active frame or nomi-
native NP headin the passive frame of a particularverb
([dass] siedenHund füttert ’shefeedsthe dog’, derHund
gefüttertwird ’thedog is fed’).

5. Grammar Training
5.1. Training Strategy

The training in our mainexperimentwasperformedin
thefollowing steps:

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

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

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

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

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

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

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

6. Evaluation
Ourevaluationmethodswerechosento monitorthede-

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

6.1. Mathematical evaluation

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

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

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

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

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

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

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

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

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



Figure5: ChartBrowserfor manualconstituentmarkup

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

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

6.2. Linguistic evaluation

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

usingtheformula

perp
���E� avg �p��� cross

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

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

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

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

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

Themanualannotationwasfacilitatedby useof a chart
browser. Thelabellersfilled theappropriatechartcellswith
category namesby selectingcategory labelsfrom a given
list that is displayedon clicking a cell. Figure5 givesan
exampleof NC-labellingwhichvisualisesthedetermination
of NC-rangesvia cell selection.FramesareannotatedasIP



labels,i.e. they arealwaysin thesamechartcell andframe
rangesaretrivial.

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

� UT�^�E���*���^��� ���d�E�.���G��d� �G���G�G�
U^�^�Gjlk`k/� ���T�E�.���5����

�5�5�<�¡  �
with baselinereferringto thesetof annotatedcategoriesin
the testcorpus,guessesreferring to the setof range/label
annotatedcategoriesidentified in Viterbi parses,andcor-
rectcountingthecaseswherethechunk/labelidentifiedby
the parseris a matchto the annotator’s choice( ���T�E�.���5� ���� �E���5�E�£¢

���
�5�5�<�¡  � ).

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

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

SubcategorisationFrameson SpecificVerbs
beteiligen erhalten folgen verbieten versprechen versuchen

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

Table3: PrecisionValueson Noun ChunksandSubcate-
gorisationFrames

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

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

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

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

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

6.3. Err or Analysis

A detailedinvestigationof frame recognitionshowed
thefollowing interestingfeaturedevelopments:
¤ Highly commonsubcategorisationtypessuchas the

transitive frame are learnedin unlexicalisedtraining
and then slightly unlearnedin lexicalised training.
Lesscommonsubcategorisationtypessuchasthede-
mandfor an indirect object are unlearnedin unlexi-
calisedtraining,but improvedduringlexicalisedtrain-
ing.

¤ It is difficult andwasnot effectively learnedto distin-
guishbetweenprepositionalphrasesasverbalcomple-
mentsandadjuncts.

¤ Theactivepresentperfectverbcomplexesandpassive
of condition were confused,becauseboth are com-
posedby a pastparticiple and a form of to be, e.g.
geschwommenist ‘has swum’ vs. gebundenist ‘is
bound’.

¤ Copulaconstructionsand passive of condition were
confused,againbecausebothmaybe composedby a
pastparticipleandaform of to be, e.g.verbotenist ‘is
forbidden’vs. erfahrenist ‘is experienced’.

¤ Nounchunksbelongingto asubcategorisednon-finite
clausewerepartlyanalysedmainverbarguments.For
instance,der ihn zu überredenversucht ‘who himB Z�Z
tried to persuade’was parsedas demandingan ac-
cusative plus a non-finiteclauseinsteadof recognis-
ing that theaccusative objectis subcategorisedby the
embeddedinfinitival verb.

¤ Reflexive pronounsmay trigger eithera reflexive or,
by virtue of projecting to an accusative or dative
nounchunk,a transitive frame. Thecorrector wrong
choiceof frametypecontainingthereflexivepronoun
waslearnedconsequentlyright or wrongfor different
verbs.For instance,theverbsich befinden‘to besitu-
ated’wasgenerallyparsedasatransitive,notasinher-
ently reflexive.

6.4. Shortcomingsand evaluation alternatives

Weareawarethattherearesomedesirableaspectsmiss-
ing from ourevaluation.

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

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

Secondly, we did not evaluatethecorrectnessof lexical
headsof phrases.

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

7. Conclusion
Our approachto parsingis a combinationof symbolic

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

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

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

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

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

Finally, althoughthereis no guaranteethat the maxi-
mizationof the likelihoodof the training data(which the
inside-outsidealgorithm performs)also improvesthe lin-
guistic correctnessof the resultingsyntacticanalyses,our
experimentsshow that in practicethis is thecase.Gaining
moreinsight into the relationshipbetweenlinguistic plau-
sibility andlikelihoodof linguistic analyseswill be an in-
terestingfutureresearchtopic.
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