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Abstract
This paperprovides an overview of currentresearchon a hybrid and robust parsingarchitecturefor the morphological,syntacticand
semanticannotatiorof Germantext corpora.The novel contrikution of this researcHies notin the individual parsingmodules eachof
which relieson state-of-the-aralgorithmsandtechniques.Ratherwhatis newv aboutthe presentapproachs the combinationof these
modulesinto a singlearchitecture.This combinationprovides a meango significantly optimize the performanceof eachcomponent,

resultingin anincreasedhccurag of annotation.

1. Intr oduction

This paperprovidesan overview of currentresearcton
a hybrid and robust parsingarchitecturefor the morpho-
logical, syntacticand semanticannotationof Germantext
corpora.

Annotation proceedsncrementally starting with tok-
enization,namedentity recognition,and morpho-syntactic
tagging.Syntacticannotatiorproceedsn two steps:

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

2. attachmenof individual phrasesnto completetrees
for sentential structures (including annotation of
grammaticalfunctions) is achiesed by a memory-
basedparsei(in thesensef Daelemangtal. (1999b);
Daelemangtal. (1999a)).

The novel contribution of this researcHies 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 meango significantlyoptimizethe performanceof
eachcomponentresultingin anincreasedaccurag of an-
notation. The optimizationis achiesed by robustheuristics
for error detectionof the parsingoutputof previous mod-
ules.

2. POSTagging

Part-of-speech(POS) tagging nowadaysis a well-
known robusttechniqueusedto annotateunrestrictectext
with morpho-syntactiénformation. The taskof POStag-
gingis definedby a setof POStagsaccompanietyy guide-
linesthatdeterminegheir application.In the presenframe-
work, the POStagsaredefinedby the STTSGermanPOS
tagsetcontainingb4 differenttags(Schilleretal., 1995).

In the pastdecade,a numberof differentapproaches
for POStagginghave beenimplementedandevaluatedjn-
cludingrule-basedfrigram,andmaximumentroyy taggers.

Also, methodshave beendevelopedto combinethe out-
put of severaltaggersn orderto improve overall resultsof
POStagging(Borin, 2000; van Halterenet al., 1998). In
the currentframework, errorsof morpho-syntacti@annota-
tion arereducedalongtheselines by following a tagging-
by-committeestrateyy thatcomparesndassignsveighted
probabilitiesto the outputof several POStaggersfor Ger
man,whichvaryin themethodthey apply, andalsoin train-
ing data. Currently the TnT trigram taggerand the Brill
rule-basedaggerare used(Brants,2000; Brill, 1992),and
alsotwo hand-craftedule-basedaggersspecializedn cor-
rectingcertainerrortypes(seeSection3.). Thesystemuses
taggerdhataretrainedseparatelywvith manuallyannotated
news texts (315.000 tokens),with novels(150.000 tokens),
andwith all textsavailable(490.000 tokens) sothattaggers
canbe preferredthat resemblehe input text moreclosely
In sentencd, e.g.,ataggertrainedwith (possiblysimilar,
but not identical) novel texts chooseghe correctPOStag
PTKVZ(separableerbaffix, choserwith 93% certainty)as
opposedo the taggertrainedwith news texts that chooses
the prepositiontag APPR(60% certainty),althoughthelat-
ter hasmoretrainingdataavailable.

(1) ..., esodetemicheinfachan/PTKVZ,schon
..., It boredme simply , already
wiederin ein Flugzeugzu steigen, . .
again ina plane toclimb, ...

‘| wasjustboredboardinga planeagain.

Following the stratgiesoutlinedin van Halterenet al.
(1998),thebestPOStagis selectedy simplemajority vot-
ing extendedby takinginto accounnot only the numberof
taggersvoting for eachPOS but alsotheweightsthatsome
taggersassignto their choices. The POStaggingstepre-
sultsin a ranked sequenc®f POStags,which is recorded
in thelinguistic markupfor eachword form tokenof anin-
puttext, sothatlater stepsmay accesOSinformationin
ary requireddetail.

Figure 1 shavs the POStagsasthey are encodedin
XML for theaffix anandfor theprecedingvord. Theparts
of speectarerankedby theall taggertrainedon all texts



<t f="einfach’>

<P t=ADV' =1’

<j n=novel’ c='0.544247/>
<j n=all ¢='0.721016'/>
<j n='news’ ¢='0.7179919'/>
</P>
<P t="ADJD’ r='2" ¢='0.3673685>
<j n='novel’ c='0.455753'/>
<j n=all €='0.278984'/>
<j n='news’ ¢='0.2820081'/>
</P>
</t>
<t f='an’>
<P t='PTKVZ" r="1 ¢c='0.694730185726474’>
<j n='novel €='0.928632'/>
<j n=all c='0.460828'/>
<j n=news’ ¢='0.4041551"/>
</P>
<P t="APPR’ =2 ¢c="0.305269814273526">

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

c='0.6326315>

</P>
</t>

Figurel: XML encodingof rankedPOSanalyses

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

3. Shallow Parsing

Chunk parsingis by now a standardtechniqueto ef-
fectively and reliably pre-structurdanguagedatafor fur-
therlinguistic annotation.Non-recursie phrasegchunks)
arerecognizedusingsyntacticrestrictionsof the composi-
tion of the chunksbeforeattachmenproblemsand verb-
argumentstructureare tackledwith more powerful mech-
anisms. Our systemrecognizesboth simplex and com-
plex chunks,the definition of recursionbeingthat chunks
may not containchunksof the sametype (seeFigure 2).
Complex chunksaredefinedaschunkswhich containother
chunks;chunkswhich arecontainedn no otherchunkare
calledmaximalchunks(Abney, 1996a).

The shallav parsingsystemrelies on a deterministic
finite-stategrammarfor syntacticannotation. In fact, de-
terministicprocessings crucialfor theefficiengy of theen-
tire shallov parsingapproachThis determinismis guaran-
teedby invoking a longest-matclstratey for the input to
finite-statetransductiorat eachlevel of annotationand by
leaving unresohed mary of the attachmentlecisionsthat
notoriouslyintroducestructuralambiguities. The longest-
matchstratay is psycholinguisticallywell motivatedand
produceghe correctresultin mostcasegin English,e.g.,
this is especiallytrue of noun-nouncompounding). Our
systemusesthe TTT suiteof toolsavailablefrom the LTG
Edinkurgh (Groveretal., 1999). Thetool fsgmaté, which
is part of the TTT suite, appliesfinite-stategrammarsto
sequencesf XML elementsfurning the sequencef ele-
mentsinto a treestructure.In the currentframeawork, this
XML treeis useddirectlyto encodehelinguistictreestruc-
tureresultingfrom shallav parsing.

Systemsusing chunk parsing typically work with a
bottom-upstrateyy, which recognizeschunksbefore sub-

1Theexampleis not partof thetrainingdata.

[PC
APPR aus from
[NC
.PPOSAT ihrem their
[AJACC
[AJAC
[AVC
.ADV so | ever so
.ADJA gewodhnlichen ] trivial
$, )
[AJAC
[AVC
.ADV so | ever so
.ADJA grauen ] grey
3,
[AJAC
[AVC
.ADV so | ever so
.ADJA tristen 11 dull
.NN Dasein ] ] existence
[PC
.APPR in in
[NC
ART der the
.NN DDR-Provinz ] ] GDR-backwaters

‘from their ever sotrivial, ever so grey, ever sodull existencein the backwatersof
the GDR’

Figure2: Two complex maximalchunks

clausesand sentencesre matched. Our system,by con-
trast,takesadvantageof top-dovn informationprovidedby
acharacterizationf Germanclausetypesin termsof topo-
logical field$. Topologicalfields describesectionsin the
Germansentencewith regardto the distributional proper
ties of the verb complex in main clausespn the onehand,
andthe verb complex andthe subordinatolin subclauses,
ontheotherhand.Thesetwo constituentsnake up thesen-
tencebradket (‘Satzklammer’) which is dividedinto a left
part (LK) anda right part (RK). In main clausesthe LK
containsthe finite verb, and all otherverbal elementsare
containedin the RK. In subordinateclausesthe LK con-
tainsthesubordinatorandall verbalelementsarecontained
in theRK. As canbeseenin Figure3, theLK isrealizedas
a CF (complementizefield) in subordinateclausesor asa
VCL_ (verbcomplex left part}® in mainclausesTheRK is
realizedasaVCR_ (verbcomplex right part)in all typesof
clausesTheRK is optionalin mainclausegseeFigure4).

After theannotatiorof thesentencdraclet, thefollow-
ing topologicalfields can be describedrelative to it: The
sectionbeforethe LK is called the initial field (VF), the
sectionin betweerthe LK andthe RK is calledthe middle
field (MF) andthesectionfollowing the RK is calledthefi-
nalfield (NF). Figure3 givesanexamplein which all three
fieldsarerealized.The sectionbeforekannis annotateds
VF, the sectionin betweerkannandseinis annotatedMF
andthe sectionafter seinis annotated\F. If two clauses
arecoordinatedthe coordinatolis containedn acoordina-
tor field (KOORDF)(seeFigure4).

The compositionof the topologicalfield structurein a

2Thecharacterizationf Germarclausetypesandcorrespond-
ing regularitiesof word orderin termsof topologicalfieldshasa
long traditionin empiricalinvestigationof Germansyntax(Her
ling, 1821; Erdmann,1886; Drach, 1937; Reis, 1980; Hohle,
1985)andis by now widely acceptedasa theory-neutraktlassi-
ficationof Germanclausesandtheirinternalstructure.

%The lettersafter the VCL_ (and VCR_ respectiely) denote
thetypesof verbscontainedn theverbcomple.



{VF
[NC
PPER Es ] } it
[VCLMF
.VMFIN kann ] can
{MF
[AVC
.PTKNEG nicht ] } not
[VCRAI
.VAINF sein ] be
3,
{NF
(suB
{CF
.KOUS daB } that
{MF
[NCell
ART ein one
[AJAC
.ADJA einzelner 1 1 individual
[PC
.APPR uber about
[NCC
[NC
ART das the
.NN Wohl ] weal
.KON und and
[NC
.NN Wehe] ] ] woe
INC
ART einer of a
[AJAC
.ADJA ganzen ] whole
.NN Region ] } region
[VCRVF
VVFIN befindet ] ) } determines
$.

‘It is totally unacceptabléhatoneidividual determineshewealandwoe of awhole
region!

Figure3: Subclausembeddedn NF of mainclause

clauseis subjectto syntacticrestrictions. Thesesyntactic
restrictionscanbe comparedo the syntacticrestrictionsin

chunksin thatthey donotdependnthelexical entryof the
tokensbut are universallyvalid for all tokensof onePOS
tag class. The structureof topologicalfields discloseshe
bordersand the compositionof a clauseandthus reveals
thewhole anatomyof the sentenceTopologicalfieldsand
clausegogetherwith chunksprovide a solid shallov pre-
analysisof asentence.

By annotatingopologicalfieldsandbasicclausestruc-
ture first, attachmentnd coordinationambiguitiesare ef-
fectively reducedeven beforechunkingtakesplace. Thus,
our parseremplgys a mixed top-dowvn, bottom-upcontrol
regime for the incrementallinguistic annotationof topo-
logical fields and clauses,first, and chunks, afterwards.
A similar stratgy hasalreadybeenusedto pre-structure
sentencefor aninformationretrieval system(Neumannret
al., 2000; Neumannand Piskorski, 2002). Figure 4 shows
an example of sucha pre-structuredanalysis. If chunk-
ing hadbeendonebeforefield analysis,it would not have
beenclearwhetherthe string Manner mit Zigarettenund
rauchendeFrauenwas a coordinatednoun phrase. With
the pre-structuringthis readingcan be ruled out, thusre-
ducing coordinationambiguity Figure4 also shows that,
after the pre-structuringthe searchspacefor the annota-
tion of chunkshasbecomesmallerthus speedingup the
parser While, beforethe pre-structuringtook place, the
searctspacevasthewholesentencethesearctspaceafter
the pre-structurings the topologicalfield. Anotheradvan-
tageis that,with the pre-structuringthe scopefor theargu-

{VF

[NC
.PIS Man ] } one
[VCLVF
.VVFIN sah ] saw
{MF
[PC
.APPR in in
[NC
ART der the
.NN Offentlichkeit 11 public
[AVC
.ADV nur ] only
[NC
.NN Minner ] men
[PC
.APPR mit with
[NC
.NN Zigarette 111} 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 frur of
[NC
.NN Karikaturen 111} caricatures
$.

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

Figure4: Ambiguousscopeof coordination

mentsof the verbis considerablyreducedbecausehe po-

tential sitesof the argumentsf the verbarelimited by the

topologicalfields which canbe assignedo a verh Thus,
e.g. in Figure 5 the argumentsof isolieren can only be

containedin the MF of the subclauseand the aguments
of gewinnencanonly bein the MF of the main clause(as
regardsphrasalrguments)r in the VF of themainclause
(asregardsa clausalargument).

In addition, the shallov parser which is usedfor the
first level of syntacticannotation,is utilized for the cor
rection of taggingerrorswhich are known to have a par
ticularly negative effect on parsingaccurag for German.
Two classe®f commontaggingerrorsin Germanconcern
thedistinctionbetweerfinite andnon-finiteverbformsand
thedistinctionbetweerhomorymousprepositionandsub-
ordinators. Theseerrorscanbe correctedby employing a
mixed control regime of top-dovn and bottom-upshallov
parsing. Utilizing top-donvn informationaboutthe macro-
structureof Germanclausetypesasit is reflectedin their
topologicalstructure jt becomegossibleto detectmissing
subordinatorsand finite verbs,which at the POStagging
level were wrongly taggedas prepositionsand non-finite
verbs respectiely.

This mechanismis usedin such casesin which the
parseris not able to assignary grammaticalstructureto
agiven POStag sequencelf thereis no parsable®OStag
sequencethe parsermakesuseof the ranked POStag as-
signments. The parserconsidersthe second-bestag and
triesto matcha parsablesequencagain.Providedthatthe
parsesucceedghesecond-beghgis changednto thebest



{VF
(suB
{CF
APPR --> KOUS Seit } since
{MF
[NCC
[NC
.NE Banting ] Banting
.KON und and
INC
.NE Best ] 1] Best
[NC
.NN Insulin ] insulin
[PC
.APPRART zum for the
[AVC
.ADV erstenmal ] ] } first time
[VCRMFVI
.VVINF isolieren isolate
.VMFIN konnten ] ) could
3, .}
[VCLAF
.VAFIN haben ] have
{MF
[NC
ART die the
.NN Mediziner ] physicians
[NC
[AJAC
.AADJA lebenserhaltende ] life-preserving
.NN Kontrolle ] control
[PC
.APPR uber of
[NC
.NN Diabetiker 111} diabetics
[VCRMIVI
.VVINF gewinnen win
.VMINF konnen ] could
.$. .

‘Ever since Banting and Best have beenable to isolateinsulin for the first time,
physicianshave beenableto win life-preservingcontrol of diabetics.

Figure5: Ambiguoussubordinatofseif)

tag andthe whole POSsequencés annotated.This strat-
egy thususeslinguistic knowledgealreadyencodedn the

parserof our annotatiorsystemandin the annotationtself

to refine POStagging. The stratgy is resemblanbf the

onedescribedn Hirakawa et al. (2000). Figure5 givesan

example: The token seitis ambiguousn thatit canbe ei-

theraprepositionAPPR)or asubordinato(KOUS).How-

ever, asthesystenfirst triesto matchtopologicalfields,the

parserwould fail to assigna correctstructureif the token

wastaggedasa prepositionbecausehe RK requiresa CF

with a subordinatorto appearin sentence-initiaposition.
Theparsetthentriesto matchthestructurewith thesecond-
besttag (KOUS) and annotateghe structure. The same
mechanisnworkswith thefinite vs. non-finite(VVFIN vs.

VVINF) ambiguity of mary verbs (SeeFigure 6, where
nehmeris ambiguousandwasfirst taggedvVVFIN but an-
notatingthe structureonly works with nehmenas a non-
finite verb (VVINF) because&annis the finite verbin the
clauseandit requiresa non-finiteverh).

4. Memory-BasedParsing

As mentionedn the previous section,chunkparsingin
conjunctionwith the descriptive and predictive power of
thetopologicalfieldsmodelfor characterizingsermarsen-
tencestructureprovides an effective way of isolatingand
annotatingmajor syntacticconstituentsand of correcting
taggingerrorsintroducedby the POStagger However, the
chunkparseiis notimmunefrom 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 11 politics
[NC
.NE Marokkos 1 } of Morocco
[VCRVI

VVFIN -->  VVINF nehmen ] exert

3.

‘Libya canexertnoinfluenceon the politics of Morocco®

Figure6: Ambiguousnon-finiteverb(nehme

especiallyfor non-localdependenciesA commonsource
of errorsof this sortarecoordinationstructuredor which,
in accordancevith thelongest-matcistratey, coordination
of adjacentNPsis wrongly favoredin caseswhere sen-
tencecoordinationwould have beenthe correctstructure
and wherestructuringthe sentenceanto topologicalfields
doesnot provide conclusve informationaboutthe scopeof
thecoordination.

In addition,a chunkparserprovidesonly a partial syn-
tactic analysissinceits main goalis the robustannotation
of unrestrictedtext or transliteratedspeech. As a conse-
quence,dependeng relationsbetweenindividual chunks,
such as grammaticalfunctions or modification relations,
within a clauseremainunspecified. However, for mary
NLP applications,the correctdeterminationof suchrela-
tionsis indispensable.

In order to provide such deeperand more complete
syntacticannotationthe chunk parseroutputis processed
further by a secondparsingcomponentwhich employs a
memory-basegarsingstratay.

Memory-basedearning(StanfillandWaltz, 1986;Aha
et al., 1991) has been applied previously to a variety
of classificationtasks in natural processing,including
grapheme-phonemeorversion(Stanfill and Waltz, 1986;
vandenBoschand Daelemans]1993), part-of-speechag-
ging (Cardie,1993; Daelemanst al., 1996), word sense
disambiguation(Escuderoet al., 2000; Veenstraet al.,
2000)or PPattachmen{Buchholz,1998). Applying such
techniquesfor the purposesof inducing syntactic trees
constitutesa major challengefor suchmemory-basedp-
proachesincethe setof grammaticallywell-formedtrees
in agivennaturallanguagsds, in principle,infinite. There-
fore, memory-basegarsinggoesbeyondordinaryclassifi-
cationtasksfor which the classof candidatess finite and
of “manageable’cardinality Part-of-speechaggingis a
typical examplein this regard,with basictagsetfor mary
languagesangingfrom twentyto at mosttwo hundreddis-
tinct labels. What distinguishessyntacticannotationfrom
suchordinaryclassificatiortasksis the factthata finite set
of morpho-syntactitabelsandphrasakyntacticcatayories
canbe combinedrecursvely to producea potentiallyinfi-
nite numberof syntacticstructures.



The key obsenation that makes the application of
memory-basedechniquesto syntacticparsingof natural
languagesitall feasible s thefactthatthe potentiallyinfi-
nite setof candidatestructuresgsin practiseestrictecby the
finite lengthof theinput stringto be parsed.For ary given
input string the set of candidatestructureswill be finite.
The parsingproblem, thus, consistsof choosingfrom an
infinite setof well-formed syntacticstructureshe optimal
(finite) structurefor a giveninput string. Classical,rule-
basedparserssolve this taskby factoringthe probleminto
local decisionsaboutlocal candidatesubstructures(Prob-
abilistic) context-free parsersaareprime examplesof sucha
strat@yy. By contrastdata-drven(Bod, 1998)or memory-
basedapproacheto parsingmake no suchlocality assump-
tion. Insteadthey considersubstructuresf arbitrarysize
andselectthosesubstructure$or incorporationinto larger
treeswhich bestfit theinput data. In the caseof memory-
basedparsingtheparsingalgorithmretrievesthemostsim-
ilar parsingtreefrom storedtraining examples(i.e. from a
treebank)by using the resultsof the previous annotation
stepsasfeaturedor the similarity metric. This treeis then
adaptedn a secondstepto matchthe input sentence Uti-
lizing the completesentenceas context andretrieving the
completetreein onestepensuresghatthedecisionis based
on the highestamountof informationpossibleandthatthe
full parseis also achiered deterministically A more de-
tailed descriptionof the algorithmcanbe foundin Kibler
andHinrichs (2001a)andKuiblerandHinrichs (2001b).

The division of labor betweenthe chunkingand tree
constructiormodulescanbestbeillustratedby anexample.
For comple sentencesuchasthe Germarinputwie wirde
Ihnendennder Termin passenam Mittwoch denzehnten
undam Donneistag denelftenNovember the chunkparser
producesa structurein which some constituentsremain
unattachear partially annotatedn keepingwith thechunk
parsingstrateyy to factorout recursionandto resohe only
unambigouattachmentsasshawn in Figure?.

In the caseat hand, the subconstituentsf the extra-
posedcoordinatedorepositionabhrasearenot attachedo
thesimplex clausethatendswith the non-finiteverbthatis
typically in clause-finapositionin declaratve mainclauses
of German. Moreover, eachconjunctof the coordinated
prepositionaphraseconsistof a baseprepositionakthunk
and separatenoun chunk which needsto be attachedas
an appositionto the noun phrasewithin the prepositional
phrase. The memory-basegarsingmodule enrichesthe
chunkoutputasshawn in Figure8*. Here,the complex PP
phrasefiare beencoordinatedandintegratedcorrectlyinto
the clauseasa 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: appositionhave been
addedthat encodethe function-agumentstructureof the
sentence.

Apart from constructingcompletetree structureson

“Thetreesin Figure8 andin Figure10 follow the dataformat
for treesdefinedby the NEGRA projectof the Sonderforschungs-
bereich378at the University of the SaarlandSaarbiicken. They
were printed by the NEGRA annotationtool (Brantsand Skut,
1998).

{VF

.PWAV wie } how
[VCLAF
.VAFIN wirde ] would
{MF
[NC
.PPER lhnen ] 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 would theappointmensuityou on Wednesdayenthandon Thursdayeleventh
of August.

Figure7: A comple sentenc@arsedoy the chunkparser

{VF
[NC
.PDS das ] } this
[VCLAF
.VAFIN ist ] is
{MF
[NCC
[NC
ART ein a
.NN Freitag 1] Friday
.KON und and
[NC
.PPER wir 1]} we
[VCRVP
.VVPP wissen ] know
{NF
(suB
{CF
.KOUS daR } that
{MF
INC
.PPER Sie ] you
[NC
.NE Piano ] piano
[AVC
.ADV sehr ] } a lot
[VCRMF
.VMFIN nmogen ] ) } like

‘This is a Friday andwe know thatyou like the pianoalot’

Figure9: Wrongly coordinatedNP chunks

the basisof pre-chunledinput, the memory-basegarsing
components alsousedfor correctingerrorsintroducedby
the chunkparser As mentionedbefore,the chunk parser
in accordancevith the longest-matchstratgyy sometimes
wronglyfavorscoordinatiorof adjacentNPsin casesvhere
sentencecoordinationwould have beenthe correctstruc-
ture. The sentencén Figure9 is a typical exampleof this
kind. Insteadof chunkingthe pronounwir as part of the
secondconjunctof a sentencecoordinationstructure,it is



G
[

Termin
NN

der
ART

lhnen
PPER

wiirde
VAFIN

wieJ
PWAV

passen am

VVINF  APPRART NN

Mittwoch

November
NN

elften
ADJA

den
ART

und
KON

zehnten
NN

den
ART

am
APPRART

Donnerstag
NN

Figure8: Outputof thememory-basegarser

SIMPX

™

]
KOORD CUXFIND
das ist ein Freitag und wissen dan Sie Piano sehr mogen
PDS VAFIN ART NN KON VVFIN KOUs PPER NN ADV VMFIN

Figure10: Correctionsof thememory-basegarser

incorrectlygroupedwith the preceding\P Freitag asa co-
ordinatedNP. Suchan error occurssincethe chunkparser
typically assignsstructureon the basisof the local context
of aword or phrase.For the sentencen Figure9, this lo-
cal context to the right of wir consistsof a verb that was
erroneouslytaggedasa pastparticiple,whichis a clearin-
dication of a right braclket. Sincethe resulting POS pat-
tern is valid for German,the taggingerror could not be
detectedandcorrectedby the chunkparser The memory-
basedharserhowever, takesinto accountheglobalsyntac-
tic structureassignedo previously seeninstances.Thus,
it hasa betterchanceof producingthe correctconstituent
structurefor suchnon-localphenomena.Accordingly; in
the tree structureshown in Figure 10, thatis producedby
thememory-basegarserthe chunkingerrorhasbeencor-
rectedandthe correctsententiakcoordinationhasbeenas-
signed.

5. Conclusion

Theabove parsingscheménhasbeenusedfor thesyntac-
tic annotatiorof thevERBMOBIL corpusof spolenGerman

(Hinrichsetal., 2000; Stgmannet al., 2000)andthe Ger
man referencecorpus(DEREKO, 2002) of written texts.
Theresultingrobustannotationganbe usedby theoretical
linguists,who areinterestedn large-scalegmpiricaldata,
andby computationalinguists,who arein needof training
materialfor a wide rangeof languageechnologyapplica-
tions. The usability of the annotatedtorporais furtheren-
hancedby an XML encodingat eachlevel of annotation,
facilitating easysearchingof the data,enablingeasydata
conversionaccordingto userdrivendataformats,andsup-
portinggraphicalVisualizationof thedataby standardKML
tools.
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