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Abstract
This paperprovidesan overview of currentresearchon a hybrid androbust parsingarchitecturefor the morphological,syntacticand
semanticannotationof Germantext corpora.Thenovel contribution of this researchlies not in theindividual parsingmodules,eachof
which relieson state-of-the-artalgorithmsandtechniques.Ratherwhat is new aboutthepresentapproachis thecombinationof these
modulesinto a singlearchitecture.This combinationprovidesa meansto significantlyoptimizethe performanceof eachcomponent,
resultingin anincreasedaccuracy of annotation.

1. Intr oduction
This paperprovidesanoverview of currentresearchon

a hybrid and robust parsingarchitecturefor the morpho-
logical, syntacticandsemanticannotationof Germantext
corpora.

Annotationproceedsincrementally, startingwith tok-
enization,namedentity recognition,andmorpho-syntactic
tagging.Syntacticannotationproceedsin two steps:

1. Individual phrasesare recognizedby a finite-state
”chunk” parser(in the senseof Abney (1996b);Aı̈t-
MokhtarandChanod(1997)), and

2. attachmentof individual phrasesinto completetrees
for sentential structures (including annotation of
grammaticalfunctions) is achieved by a memory-
basedparser(in thesenseof Daelemansetal. (1999b);
Daelemanset al. (1999a)).

The novel contribution of this researchlies not in the
individual parsingmodules,eachof which relieson state-
of-the-artalgorithmsandtechniques.Ratherwhat is new
about the presentapproachis the combinationof these
modulesinto a singlearchitecture.This combinationpro-
videsa meansto significantlyoptimizetheperformanceof
eachcomponent,resultingin an increasedaccuracy of an-
notation.Theoptimizationis achievedby robustheuristics
for error detectionof the parsingoutputof previousmod-
ules.

2. POSTagging
Part-of-speech(POS) tagging nowadays is a well-

known robust techniqueusedto annotateunrestrictedtext
with morpho-syntacticinformation. The taskof POStag-
gingis definedby asetof POStagsaccompaniedby guide-
linesthatdeterminetheir application.In thepresentframe-
work, thePOStagsaredefinedby theSTTSGermanPOS
tagsetcontaining54 differenttags(Schilleret al., 1995).

In the pastdecade,a numberof different approaches
for POStagginghavebeenimplementedandevaluated,in-
cludingrule-based,trigram,andmaximumentropy taggers.

Also, methodshave beendevelopedto combinethe out-
put of severaltaggersin orderto improveoverall resultsof
POStagging(Borin, 2000; van Halterenet al., 1998). In
thecurrentframework, errorsof morpho-syntacticannota-
tion arereducedalongtheselines by following a tagging-
by-committeestrategy thatcomparesandassignsweighted
probabilitiesto theoutputof severalPOStaggersfor Ger-
man,whichvaryin themethodthey apply, andalsoin train-
ing data. Currently, the TnT trigram taggerand the Brill
rule-basedtaggerareused(Brants,2000;Brill, 1992),and
alsotwo hand-craftedrule-basedtaggersspecializedin cor-
rectingcertainerrortypes(seeSection3.). Thesystemuses
taggersthataretrainedseparatelywith manuallyannotated
newstexts ( ������� �	�
� tokens),with novels( ������� �
�	� tokens),
andwith all textsavailable( 
	�	��� �
�	� tokens),sothattaggers
canbepreferredthat resemblethe input text moreclosely.
In sentence1, e.g.,a taggertrainedwith (possiblysimilar,
but not identical)novel texts choosesthe correctPOStag
PTKVZ(separableverbaffix, chosenwith �
��� certainty)as
opposedto the taggertrainedwith news texts thatchooses
theprepositiontagAPPR( �
��� certainty),althoughthelat-
terhasmoretrainingdataavailable.

(1) ����� ,
����� ,

es
it

ödete
bored

mich
me

einfach
simply

an/PTKVZ,
,

schon
already

wieder
again

in
in

ein
a

Flugzeug
plane

zu
to

steigen,
climb,

�����
�����

‘I wasjustboredboardinga planeagain.’

Following the strategiesoutlinedin van Halterenet al.
(1998),thebestPOStagis selectedby simplemajorityvot-
ing extendedby takinginto accountnotonly thenumberof
taggersvotingfor eachPOS,but alsotheweightsthatsome
taggersassignto their choices.The POStaggingstepre-
sultsin a rankedsequenceof POStags,which is recorded
in thelinguistic markupfor eachword form tokenof anin-
put text, sothat laterstepsmayaccessPOSinformationin
any requireddetail.

Figure 1 shows the POStagsas they are encodedin
XML for theaffix anandfor theprecedingword. Theparts
of speecharerankedby theall taggertrainedon all texts



<t f=’einfach’>�
<P t=’ADV’ r=’1’ c=’0.6326315’>

<j n=’novel’ c=’0.544247’/>
<j n=’all’ c=’0.721016’/>
<j n=’news’ c=’0.7179919’/>

</P>
<P t=’ADJD’ r=’2’ c=’0.3673685’>

<j n=’novel’ c=’0.455753’/>
<j n=’all’ c=’0.278984’/>
<j n=’news’ c=’0.2820081’/>

</P>
</t>
<t f=’an’>

<P t=’PTKVZ’ r=’1’ c=’0.694730185726474’>
<j n=’novel’ c=’0.928632’/>
<j n=’all’ c=’0.460828’/>
<j n=’news’ c=’0.4041551’/>

</P>
<P t=’APPR’ r=’2’ c=’0.305269814273526’>

<j n=’novel’ c=’0.0713676’/>
<j n=’all’ c=’0.539172’/>
<j n=’news’ c=’0.5958449’/>

</P>
</t>

Figure1: XML encodingof rankedPOSanalyses

and the novel taggertrainedon novels1. The example
text is known to be text from a novel, so that for voting,
the news taggeris ignored,resultingin a preferencefor
the correcttag. Morphologicalinformationandsyntactic
structurearenot shown.

3. Shallow Parsing
Chunk parsingis by now a standardtechniqueto ef-

fectively and reliably pre-structurelanguagedatafor fur-
ther linguistic annotation.Non-recursive phrases(chunks)
arerecognizedusingsyntacticrestrictionsof thecomposi-
tion of the chunksbeforeattachmentproblemsandverb-
argumentstructurearetackledwith morepowerful mech-
anisms. Our systemrecognizesboth simplex and com-
plex chunks,the definition of recursionbeingthat chunks
may not containchunksof the sametype (seeFigure 2).
Complex chunksaredefinedaschunkswhichcontainother
chunks;chunkswhich arecontainedin no otherchunkare
calledmaximalchunks(Abney, 1996a).

The shallow parsingsystemrelies on a deterministic
finite-stategrammarfor syntacticannotation. In fact, de-
terministicprocessingis crucialfor theefficiency of theen-
tire shallow parsingapproach.This determinismis guaran-
teedby invoking a longest-matchstrategy for the input to
finite-statetransductionat eachlevel of annotationandby
leaving unresolved many of the attachmentdecisionsthat
notoriouslyintroducestructuralambiguities.The longest-
matchstrategy is psycholinguisticallywell motivatedand
producesthe correctresult in mostcases(in English,e.g.,
this is especiallytrue of noun-nouncompounding). Our
systemusestheTTT suiteof toolsavailablefrom theLTG
Edinburgh(Groveret al., 1999).Thetool fsgmatch, which
is part of the TTT suite, appliesfinite-stategrammarsto
sequencesof XML elements,turning the sequenceof ele-
mentsinto a treestructure.In the currentframework, this
XML treeis useddirectlyto encodethelinguistictreestruc-
tureresultingfrom shallow parsing.

Systemsusing chunk parsing typically work with a
bottom-upstrategy, which recognizeschunksbeforesub-

1Theexampleis notpartof thetrainingdata.

[PC
.APPR aus from
[NC

.PPOSAT ihrem their
[AJACC

[AJAC
[AVC

.ADV so ] ever so
.ADJA gewöhnlichen ] trivial

.$, ,
[AJAC

[AVC
.ADV so ] ever so

.ADJA grauen ] grey
.$, ,
[AJAC

[AVC
.ADV so ] ever so

.ADJA tristen ] ] dull
.NN Dasein ] ] existence

[PC
.APPR in in
[NC

.ART der the

.NN DDR-Provinz ] ] GDR-backwaters

‘from their ever so trivial, ever so grey, ever so dull existencein the backwatersof
theGDR’

Figure2: Two complex maximalchunks

clausesandsentencesarematched. Our system,by con-
trast,takesadvantageof top-down informationprovidedby
acharacterizationof Germanclausetypesin termsof topo-
logical fields2. Topologicalfields describesectionsin the
Germansentencewith regardto the distributional proper-
tiesof theverbcomplex in mainclauses,on theonehand,
andthe verb complex andthe subordinatorin subclauses,
ontheotherhand.Thesetwo constituentsmakeup thesen-
tencebracket (‘Satzklammer’),which is dividedinto a left
part (LK) anda right part (RK). In main clauses,the LK
containsthe finite verb, andall otherverbalelementsare
containedin the RK. In subordinateclauses,the LK con-
tainsthesubordinator,andall verbalelementsarecontained
in theRK. As canbeseenin Figure3, theLK is realizedas
a CF (complementizerfield) in subordinateclausesor asa
VCL (verbcomplex left part)3 in mainclauses.TheRK is
realizedasaVCR (verbcomplex r ight part)in all typesof
clauses.TheRK is optionalin mainclauses(seeFigure4).

After theannotationof thesentencebracket,thefollow-
ing topologicalfields canbe describedrelative to it: The
sectionbeforethe LK is called the initial field (VF), the
sectionin betweentheLK andtheRK is calledthemiddle
field (MF) andthesectionfollowing theRK is calledthefi-
nalfield (NF). Figure3 givesanexamplein whichall three
fieldsarerealized.Thesectionbeforekannis annotatedas
VF, thesectionin betweenkannandsein is annotatedMF
andthe sectionafter sein is annotatedNF. If two clauses
arecoordinated,thecoordinatoris containedin acoordina-
tor field (KOORDF)(seeFigure4).

The compositionof the topologicalfield structurein a

2Thecharacterizationof Germanclausetypesandcorrespond-
ing regularitiesof word orderin termsof topologicalfieldshasa
long traditionin empiricalinvestigationsof Germansyntax(Her-
ling, 1821; Erdmann,1886; Drach, 1937; Reis, 1980; Höhle,
1985)andis by now widely acceptedasa theory-neutralclassi-
ficationof Germanclausesandtheir internalstructure.

3The lettersafter the VCL (and VCR respectively) denote
thetypesof verbscontainedin theverbcomplex.



{VF
[NC

.PPER Es ] } it
[VCLMF

.VMFIN kann ] can
{MF

[AVC
.PTKNEG nicht ] } not

[VCRAI
.VAINF sein ] be

.$, ,
{NF

(SUB
{CF

.KOUS daß } that
{MF

[NCell
.ART ein one
[AJAC

.ADJA einzelner ] ] individual
[PC

.APPR über about
[NCC

[NC
.ART das the
.NN Wohl ] weal

.KON und and
[NC

.NN Wehe ] ] ] woe
[NC

.ART einer of a
[AJAC

.ADJA ganzen ] whole
.NN Region ] } region

[VCRVF
.VVFIN befindet ] ) } determines

.$. .

‘It is totally unacceptablethatoneidividual determinesthewealandwoeof a whole
region.’

Figure3: Subclauseembeddedin NF of mainclause

clauseis subjectto syntacticrestrictions. Thesesyntactic
restrictionscanbecomparedto thesyntacticrestrictionsin
chunksin thatthey donotdependonthelexical entryof the
tokensbut areuniversallyvalid for all tokensof onePOS
tag class. The structureof topologicalfields disclosesthe
bordersand the compositionof a clauseand thus reveals
thewholeanatomyof thesentence.Topologicalfieldsand
clausestogetherwith chunksprovide a solid shallow pre-
analysisof asentence.

By annotatingtopologicalfieldsandbasicclausestruc-
ture first, attachmentandcoordinationambiguitiesareef-
fectively reducedevenbeforechunkingtakesplace.Thus,
our parseremploys a mixed top-down, bottom-upcontrol
regime for the incrementallinguistic annotationof topo-
logical fields and clauses,first, and chunks,afterwards.
A similar strategy hasalreadybeenusedto pre-structure
sentencesfor aninformationretrieval system(Neumannet
al., 2000;NeumannandPiskorski, 2002). Figure4 shows
an exampleof sucha pre-structuredanalysis. If chunk-
ing hadbeendonebeforefield analysis,it would not have
beenclear whetherthe string Männer mit Zigarettenund
rauchendeFrauenwas a coordinatednoun phrase. With
the pre-structuring,this readingcanbe ruled out, thusre-
ducingcoordinationambiguity. Figure4 alsoshows that,
after the pre-structuring,the searchspacefor the annota-
tion of chunkshasbecomesmaller thus speedingup the
parser. While, before the pre-structuringtook place, the
searchspacewasthewholesentence,thesearchspaceafter
thepre-structuringis thetopologicalfield. Anotheradvan-
tageis that,with thepre-structuring,thescopefor theargu-

{VF
[NC

.PIS Man ] } one
[VCLVF

.VVFIN sah ] saw
{MF

[PC
.APPR in in
[NC

.ART der the

.NN Öffentlichkeit ] ] public
[AVC

.ADV nur ] only
[NC

.NN Männer ] men
[PC

.APPR mit with
[NC

.NN Zigarette ] ] } cigarette
{KOORDF

.KON und } and
{VF

[NC
[AJAC

.ADJA rauchende ] smoking
.NN Frauen ] } women

[VCLAF
.VAFIN waren ] were

{MF
[NC

.ART ein a

.NN Thema ] subject
[PC

.APPR f¨ur of
[NC

.NN Karikaturen ] ] } caricatures
.$. .

‘In public,you couldseeonly menwith cigarettesandsmokingwomenwerea sub-
jectof caricatures.’

Figure4: Ambiguousscopeof coordination

mentsof theverb is considerablyreducedbecausethepo-
tentialsitesof theargumentsof theverbarelimited by the
topologicalfields which canbe assignedto a verb. Thus,
e.g. in Figure 5 the argumentsof isolieren can only be
containedin the MF of the subclauseand the arguments
of gewinnencanonly be in the MF of the mainclause(as
regardsphrasalarguments)or in theVF of themainclause
(asregardsaclausalargument).

In addition, the shallow parser, which is usedfor the
first level of syntacticannotation,is utilized for the cor-
rectionof taggingerrorswhich are known to have a par-
ticularly negative effect on parsingaccuracy for German.
Two classesof commontaggingerrorsin Germanconcern
thedistinctionbetweenfinite andnon-finiteverbformsand
thedistinctionbetweenhomonymousprepositionsandsub-
ordinators.Theseerrorscanbe correctedby employing a
mixedcontrol regimeof top-down andbottom-upshallow
parsing.Utilizing top-down informationaboutthe macro-
structureof Germanclausetypesas it is reflectedin their
topologicalstructure,it becomespossibleto detectmissing
subordinatorsand finite verbs,which at the POStagging
level were wrongly taggedas prepositionsand non-finite
verbs,respectively.

This mechanismis used in such casesin which the
parseris not able to assignany grammaticalstructureto
a givenPOStagsequence.If thereis no parsablePOStag
sequence,the parsermakesuseof the rankedPOStag as-
signments.The parserconsidersthe second-besttag and
triesto matcha parsablesequenceagain.Providedthatthe
parsersucceeds,thesecond-besttagis changedinto thebest



{VF
(SUB

{CF
.APPR --> KOUS Seit } since

{MF
[NCC

[NC
.NE Banting ] Banting

.KON und and
[NC

.NE Best ] ] Best
[NC

.NN Insulin ] insulin
[PC

.APPRART zum for the
[AVC

.ADV erstenmal ] ] } first time
[VCRMFVI

.VVINF isolieren isolate

.VMFIN konnten ] ) could
.$, , }

[VCLAF
.VAFIN haben ] have

{MF
[NC

.ART die the

.NN Mediziner ] physicians
[NC

[AJAC
.ADJA lebenserhaltende ] life-preserving

.NN Kontrolle ] control
[PC

.APPR über of
[NC

.NN Diabetiker ] ] } diabetics
[VCRMIVI

.VVINF gewinnen win

.VMINF können ] could
.$. .

‘Ever sinceBanting and Best have beenable to isolate insulin for the first time,
physicianshavebeenableto win life-preservingcontrolof diabetics.’

Figure5: Ambiguoussubordinator(seit)

tag andthe whole POSsequenceis annotated.This strat-
egy thususeslinguistic knowledgealreadyencodedin the
parserof our annotationsystemandin theannotationitself
to refine POStagging. The strategy is resemblantof the
onedescribedin Hirakawa et al. (2000).Figure5 givesan
example:The tokenseit is ambiguousin that it canbe ei-
therapreposition(APPR)or asubordinator(KOUS).How-
ever, asthesystemfirst triesto matchtopologicalfields,the
parserwould fail to assigna correctstructureif the token
wastaggedasa prepositionbecausetheRK requiresa CF
with a subordinatorto appearin sentence-initialposition.
Theparserthentriesto matchthestructurewith thesecond-
best tag (KOUS) and annotatesthe structure. The same
mechanismworkswith thefinite vs.non-finite(VVFIN vs.
VVINF) ambiguity of many verbs (SeeFigure 6, where
nehmenis ambiguousandwasfirst taggedVVFIN but an-
notatingthe structureonly works with nehmenas a non-
finite verb (VVINF) becausekann is the finite verb in the
clauseandit requiresanon-finiteverb.).

4. Memory-BasedParsing

As mentionedin theprevioussection,chunkparsingin
conjunctionwith the descriptive and predictive power of
thetopologicalfieldsmodelfor characterizingGermansen-
tencestructureprovidesan effective way of isolatingand
annotatingmajor syntacticconstituentsand of correcting
taggingerrorsintroducedby thePOStagger. However, the
chunkparseris not immunefrom producingwrongresults,

{VF
[NC

.NE Libyen ] } Libya
[VCLMF

.VMFIN kann ] can
{MF

[NC
.PIAT keinen no
.NN Einfluss ] influence

[PC
.APPR auf on
[NC

.ART die the

.NN Politik ] ] politics
[NC

.NE Marokkos ] } of Morocco
[VCRVI

.VVFIN --> VVINF nehmen ] exert
.$. .

‘Libya canexert no influenceon thepoliticsof Morocco.’

Figure6: Ambiguousnon-finiteverb(nehmen)

especiallyfor non-localdependencies.A commonsource
of errorsof this sortarecoordinationstructuresfor which,
in accordancewith thelongest-matchstrategy, coordination
of adjacentNPs is wrongly favored in caseswheresen-
tencecoordinationwould have beenthe correctstructure
andwherestructuringthe sentenceinto topologicalfields
doesnotprovideconclusiveinformationaboutthescopeof
thecoordination.

In addition,a chunkparserprovidesonly a partialsyn-
tactic analysissinceits main goal is the robustannotation
of unrestrictedtext or transliteratedspeech. As a conse-
quence,dependency relationsbetweenindividual chunks,
such as grammaticalfunctions or modification relations,
within a clauseremainunspecified. However, for many
NLP applications,the correctdeterminationof suchrela-
tionsis indispensable.

In order to provide such deeperand more complete
syntacticannotation,the chunkparseroutput is processed
further by a secondparsingcomponent,which employs a
memory-basedparsingstrategy.

Memory-basedlearning(Stanfill andWaltz, 1986;Aha
et al., 1991) has been applied previously to a variety
of classification tasks in natural processing,including
grapheme-phonemeconversion(Stanfill andWaltz, 1986;
vandenBoschandDaelemans,1993),part-of-speechtag-
ging (Cardie,1993; Daelemanset al., 1996), word sense
disambiguation(Escuderoet al., 2000; Veenstraet al.,
2000)or PPattachment(Buchholz,1998). Applying such
techniquesfor the purposesof inducing syntactic trees
constitutesa major challengefor suchmemory-basedap-
proachessincethe setof grammaticallywell-formedtrees
in a givennaturallanguageis, in principle,infinite. There-
fore,memory-basedparsinggoesbeyondordinaryclassifi-
cationtasksfor which the classof candidatesis finite and
of “manageable”cardinality. Part-of-speechtagging is a
typical examplein this regard,with basictagsetsfor many
languagesrangingfrom twentyto atmosttwo hundreddis-
tinct labels. What distinguishessyntacticannotationfrom
suchordinaryclassificationtasksis thefact thata finite set
of morpho-syntacticlabelsandphrasalsyntacticcategories
canbe combinedrecursively to producea potentiallyinfi-
nitenumberof syntacticstructures.



The key observation that makes the application of
memory-basedtechniquesto syntacticparsingof natural
languagesatall feasible,is thefactthatthepotentiallyinfi-
nitesetof candidatestructuresis in practiserestrictedby the
finite lengthof theinput stringto beparsed.For any given
input string the set of candidatestructureswill be finite.
The parsingproblem,thus, consistsof choosingfrom an
infinite setof well-formedsyntacticstructuresthe optimal
(finite) structurefor a given input string. Classical,rule-
basedparserssolve this taskby factoringtheprobleminto
local decisionsaboutlocal candidatesubstructures.(Prob-
abilistic) context-freeparsersareprimeexamplesof sucha
strategy. By contrast,data-driven(Bod, 1998)or memory-
basedapproachesto parsingmakenosuchlocality assump-
tion. Instead,they considersubstructuresof arbitrarysize
andselectthosesubstructuresfor incorporationinto larger
treeswhich bestfit the input data. In thecaseof memory-
basedparsing,theparsingalgorithmretrievesthemostsim-
ilar parsingtreefrom storedtrainingexamples(i.e. from a
treebank)by using the resultsof the previous annotation
stepsasfeaturesfor thesimilarity metric. This treeis then
adaptedin a secondstepto matchthe input sentence.Uti-
lizing the completesentenceascontext andretrieving the
completetreein onestepensuresthatthedecisionis based
on thehighestamountof informationpossibleandthat the
full parseis also achieved deterministically. A more de-
taileddescriptionof the algorithmcanbe found in Kübler
andHinrichs(2001a)andKüblerandHinrichs(2001b).

The division of labor betweenthe chunkingand tree
constructionmodulescanbestbeillustratedby anexample.
For complex sentencessuchastheGermaninputwiewürde
Ihnendennder Termin passen,am Mittwoch denzehnten
undamDonnerstag denelftenNovember, thechunkparser
producesa structurein which someconstituentsremain
unattachedor partiallyannotatedin keepingwith thechunk
parsingstrategy to factorout recursionandto resolve only
unambigousattachments,asshown in Figure7.

In the caseat hand, the subconstituentsof the extra-
posedcoordinatedprepositionalphrasearenot attachedto
thesimplex clausethatendswith thenon-finiteverbthatis
typically in clause-finalpositionin declarativemainclauses
of German. Moreover, eachconjunctof the coordinated
prepositionalphraseconsistsof a baseprepositionalchunk
and separatenoun chunk which needsto be attachedas
an appositionto the nounphrasewithin the prepositional
phrase. The memory-basedparsingmoduleenrichesthe
chunkoutputasshown in Figure84. Here,thecomplex PP
phraseshavebeencoordinatedandintegratedcorrectlyinto
theclauseasa whole. In addition,function labelssuchas
v-mod(for: verbalmodifier),hd (for: head),od (for: dative
object),mod (for: ambiguousmodifier),on (for: subject),
ov (for: verbalobject),andapp(for: apposition)havebeen
addedthat encodethe function-argumentstructureof the
sentence.

Apart from constructingcompletetree structureson

4Thetreesin Figure8 andin Figure10 follow thedataformat
for treesdefinedby theNEGRAprojectof theSonderforschungs-
bereich378at theUniversityof theSaarland,Saarbr̈ucken. They
were printed by the NEGRA annotationtool (Brantsand Skut,
1998).

{VF
.PWAV wie } how

[VCLAF
.VAFIN würde ] would

{MF
[NC

.PPER Ihnen ] you
[AVC

.ADV denn ] then
[NC

.ART der the

.NN Termin ] } appointment
[VCRVI

.VVINF passen ] suit
{NF

[PC
.APPRART am on the
[NC

.NN Mittwoch ] ] Wednesday
[NCell

.ART den the
[AJAC

.ADJA zehnten ] ] tenth
.KON und and
[PC

.APPRART am on the
[NC

.NN Donnerstag ] ] Thursday
[NC

.ART den the
[AJAC

.ADJA elften ] eleventh
.NN November ] } November

‘How wouldtheappointmentsuityouonWednesdaytenthandonThursdayeleventh
of August.’

Figure7: A complex sentenceparsedby thechunkparser

{VF
[NC

.PDS das ] } this
[VCLAF

.VAFIN ist ] is
{MF

[NCC
[NC

.ART ein a

.NN Freitag ] Friday
.KON und and
[NC

.PPER wir ] ] } we
[VCRVP

.VVPP wissen ] know
{NF

(SUB
{CF

.KOUS daß } that
{MF

[NC
.PPER Sie ] you

[NC
.NE Piano ] piano

[AVC
.ADV sehr ] } a lot

[VCRMF
.VMFIN mögen ] ) } like

‘This is aFridayandweknow thatyou like thepianoa lot.’

Figure9: WronglycoordinatedNP chunks

thebasisof pre-chunkedinput, the memory-basedparsing
componentis alsousedfor correctingerrorsintroducedby
the chunkparser. As mentionedbefore,the chunkparser
in accordancewith the longest-matchstrategy sometimes
wronglyfavorscoordinationof adjacentNPsin caseswhere
sentencecoordinationwould have beenthe correctstruc-
ture. Thesentencein Figure9 is a typical exampleof this
kind. Insteadof chunkingthe pronounwir aspart of the
secondconjunctof a sentencecoordinationstructure,it is
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Figure8: Outputof thememory-basedparser
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Figure10: Correctionsof thememory-basedparser

incorrectlygroupedwith theprecedingNP Freitag asa co-
ordinatedNP. Suchan erroroccurssincethe chunkparser
typically assignsstructureon thebasisof the local context
of a word or phrase.For the sentencein Figure9, this lo-
cal context to the right of wir consistsof a verb that was
erroneouslytaggedasa pastparticiple,which is a clearin-
dication of a right bracket. Sincethe resultingPOSpat-
tern is valid for German,the taggingerror could not be
detectedandcorrectedby the chunkparser. Thememory-
basedparser, however, takesinto accounttheglobalsyntac-
tic structureassignedto previously seeninstances.Thus,
it hasa betterchanceof producingthe correctconstituent
structurefor suchnon-localphenomena.Accordingly, in
the treestructureshown in Figure10, that is producedby
thememory-basedparser, thechunkingerrorhasbeencor-
rectedandthe correctsententialcoordinationhasbeenas-
signed.

5. Conclusion
Theaboveparsingschemehasbeenusedfor thesyntac-

tic annotationof theVERBMOBIL corpusof spokenGerman

(Hinrichset al., 2000;Stegmannet al., 2000)andtheGer-
man referencecorpus(DEREKO, 2002) of written texts.
Theresultingrobustannotationscanbeusedby theoretical
linguists,who areinterestedin large-scale,empiricaldata,
andby computationallinguists,who arein needof training
materialfor a wide rangeof languagetechnologyapplica-
tions. Theusabilityof theannotatedcorporais furtheren-
hancedby an XML encodingat eachlevel of annotation,
facilitating easysearchingof the data,enablingeasydata
conversionaccordingto user-drivendataformats,andsup-
portinggraphicalvisualizationof thedatabystandardXML
tools.
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