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Abstract

Chunk parsing has focused on the
recognitionof partialconstituentstruc-
turesat the level of individual chunks.
Little attention has been paid to the
questionof how suchpartial analyses
canbe combinedinto larger structures
for completeutterances. Such larger
structuresare not only desirablefor a
deepersyntacticanalysis. They also
constitutea necessaryprerequisitefor
assigningfunction-argumentstructure.

The presentpaperoffers a similarity-
based algorithm for assigning func-
tional labels such as subject, object,
head, complement, etc. to complete
syntacticstructureson thebasisof pre-
chunkedinput.

The evaluation of the algorithm has
concentratedon measuringthe quality
of functional labels. It wasperformed
on a Germanandan English treebank
usingtwo differentannotationschemes
at thelevel of function-argumentstruc-
ture. The results of 89.73% cor-
rect functional labels for Germanand
90.40% for Englishvalidatethegeneral
approach.

1 Intr oduction

Current researchon natural languageparsing
tendsto gravitate toward one of two extremes:
robust, partial parsing with the goal of broad

datacoverageversusmoretraditionalparsersthat
aim at completeanalysisfor a narrowly defined
set of data. Chunk parsing(Abney, 1991; Ab-
ney, 1996)offersa particularlypromisingandby
now widely used example of the former kind.
The main insight that underliesthe chunk pars-
ing strategy is to isolatethe(finite-state)analysis
of non-recursive syntacticstructure,i.e. chunks,
from larger, recursive structures. This results
in a highly-efficient parsingarchitecturethat is
realizedas a cascadeof finite-statetransducers
andthatpursuesaleftmostlongest-matchpattern-
matchingstrategy at eachlevel of analysis.

Despitethepopularityof thechunkparsingap-
proach, there seemsto be a gap in current re-
search:

Chunk parsing researchhas focusedon the
recognitionof partialconstituentstructuresat the
level of individual chunks. By comparison,lit-
tle or no attention has been paid to the ques-
tion of how such partial analysescan be com-
bined into larger structuresfor completeutter-
ances. Such larger structuresare not only de-
sirablefor a deepersyntacticanalysis;they also
constitutea necessaryprerequisitefor assigning
function-argumentstructure.

Automatic assignmentof function-argument
structurehaslong beenrecognizedasa desider-
atum beyond pure syntacticlabeling (Marcuset
al., 1994)1. Thepresentpaperoffersa similarity-

1With the exception of dependency-grammar-based
parsers(TapanainenandJärvinen,1997;Bröker etal.,1994;
Lesmoand Lombardo,2000), wherefunctional labelsare
treatedasfirst-classcitizensasrelationsbetweenwords,and
recentwork on a semi-automaticmethodfor treebankcon-
struction(Brantset al., 1997), little hasbeenreportedon



basedalgorithm for assigningfunctional labels
suchas subject,object, head, complement, etc.
to completesyntacticstructureson the basisof
pre-chunked input. The evaluationof the algo-
rithm hasconcentratedon measuringthe quality
of thesefunctionallabels.

2 The TüSBL Ar chitecture

In order to ensurea robust and efficient archi-
tecture,TüSBL, a similarity-basedchunkparser,
is organizedin a three-level architecture,with
the outputof eachlevel servingas input for the
next higherlevel. Thefirst level is part-of-speech
(POS)taggingof the input string with the help
of thebigramtaggerLIKELY (Feldweg, 1993).2

The parts of speechserve as pre-terminalele-
mentsfor the next step, i.e. the chunk analysis.
Chunkparsingis carriedout by an adaptedver-
sion of Abney’s (1996) CASS parser, which is
realizedas a cascadeof finite-statetransducers.
Thechunks,which extendif possibleto thesim-
plex clauselevel, are then remodeledinto com-
pletetreesin thetreeconstructionlevel.

The tree constructionlevel is similar to the
DOP approach(Bod, 1998; Bod, 2000) in that
it usescompletetreestructuresinsteadof rules.
Contraryto Bod, we only usethecompletetrees
anddo not allow treecuts. Thus the numberof
possiblecombinationsof partial treesis strictly
controlled.Theresultingparseris highly efficient
(3770 English sentencestook 106.5 secondsto
parseon anUltra Sparc10).

3 Chunking and TreeConstruction

The division of labor betweenthe chunkingand
treeconstructionmodulescanbestbe illustrated
by anexample.

For sentencessuchasthe input shown in Fig.
1, thechunkerproducesastructurein whichsome
constituentsremainunattachedor partially anno-
tatedin keepingwith the chunk-parsingstrategy
to factorout recursionandto resolve only unam-
biguousattachments.

Since chunksare by definition non-recursive
structures,a chunk of a given category cannot

fully automaticrecognitionof functionallabels.
2The inventory of POS tags is basedon the STTS

(Schilleret al., 1995)for Germanandon thePennTreebank
tagset(Santorini,1990)for English.

Input: alright and that shouldget us there about
ninein theevening

Chunkparseroutput:
[uh alright]
[simpx_ind

[cc and]
[that that]
[vp [md should]

[vb get]]
[pp us]
[adv [rb there]]
[prep_p [about about]

[np [cd nine]]]
[prep_p [in in]

[np [dt the]
[daytime evening]]]]

Figure1: Chunkparseroutput.

contain another chunk of the same type. In
the caseat hand, the two prepositionalphrases
(’prep p’) about nine and in the evening in the
chunk output cannot be combined into a sin-
gle chunk,eventhoughsemanticallythesewords
constituteasingleconstituent.At thelevel of tree
construction,asshown in Fig. 2, the prohibition
againstrecursive phrasesis suspended.There-
fore, theproperPPattachmentbecomespossible.
Additionally, thephraseaboutninewaswrongly
categorized as a ’prep p’. Suchmiscategoriza-
tions can arise if a given word can be assigned
more than one POS tag. In the caseof about
the tags’in’ (for: preposition) or ’rb’ (for: ad-
verb) would be appropriate.However, sincethe
POStaggercannotresolve this ambiguity from
localcontext, theunderspecifiedtag’about’ is as-
signed,instead.However, this canin turn leadto
misclassificationin thechunker.

Themostobviousdeficiency of thechunkout-
put shown in Fig. 1 is that the structuredoes
not containany information about the function-
argumentstructureof thechunkedphrases.How-
ever, oncea (more) completeparsestructureis
created,the grammaticalfunction of eachma-
jor constituentneedsto be identified. The la-
bels SUBJ (for: subject), HD (for: head), ADJ
(for: adjunct) COMP (for: complement), SPR
(for: specifier), which appearasedge-labelsbe-
tweentreenodesin Fig. 2, signify thegrammati-
cal functionsof theconstituentsin question.E.g.
the label SUBJ encodesthat the NP that is the
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Figure2: Sampletreeconstructionoutputfor thesentencein Fig. 1.

subjectof the whole sentence. The label ADJ
above thephraseaboutninein theeveningsigni-
fiesthatthisphraseis anadjunctof theverbget.

TüSBL currentlyusesasits instancebasetwo
semi-automaticallyconstructedtreebanksof Ger-
manandEnglishthatconsistof appr. 67,000and
35,000fully annotatedsentences,respectively3.
Eachtreebankusesa differentannotationscheme
at the level of function-argumentstructure4. As
shown in Table1, theEnglishtreebankusesa to-
tal of 13functionallabels,while theGermantree-
bankhasa richersetof 36 functionlabels.

For German,therefore,the task of tree con-
structionis slightly morecomplex becauseof the
largersetof functionallabels.Fig. 3 givesanex-
amplefor a Germaninput sentenceandits corre-
spondingchunkparseroutput.

In this case,the subconstituentsof the extra-
posedcoordinatednoun phraseare not attached
to thesimplex clausethatendswith thenon-finite
verb that is typically in clause-finalposition in
declarative main clausesof German. Moreover,
each conjunct of the coordinatednoun phrase
forms a completelyflat structure. TüSBL’s tree
constructionmodule enrichesthe chunk output
as shown in Fig. 4. Here the internally recur-
sive NP conjunctshave beencoordinatedandin-

3See(Stegmannet al., 2000;Kordoni,2000)for further
details.

4The annotationfor Germanfollows the topological-
field-modelstandardlyusedin empiricalstudiesof German
syntax.Theannotationfor Englishis modeledafterthetheo-
reticalassumptionsof Head-DrivenPhraseStructureGram-
mar.

Input:
dann w”urde ich vielleicht noch vorschlagen
Donnerstag denelftenundFreitag denzw”olften
August (then I would suggestmaybeThursdayeleventh

andFridaytwelfth of August)

Chunkparseroutput:
[simpx [advx [adv dann]]

[vxfin [vafin w"urde]]
[nx2 [pper ich]]
[advx [adv vielleicht]]
[advx [advmd noch]]
[vvinf vorschlagen]]

[nx3 [day Donnerstag]
[art den]
[adja elften]]

[kon und]
[nx3 [day Freitag]

[art den]
[adja zw"olften]
[month August]]

Figure3: Chunkparseroutputfor a Germansen-
tence.

tegratedcorrectly into the clauseasa whole. In
addition,functionlabelssuchasMOD (for: mod-
ifier), HD (for head), ON (for: subject), OA (for:
direct object), OV (for: verbal object), andAPP
(for: apposition) havebeenaddedthatencodethe
function-argumentstructureof thesentence.

4 Similarity-based TreeConstruction

The tree constructionalgorithm is basedon the
machine learning paradigm of memory-based



Germanlabel description Englishlabel description
HD head HD head
- non-head - intentionallyempty
ON nominative object COMP complement
OD dative object SPR specifier
OA accusative object SBJ subject
OS sententialobject SBQ subject,wh-
OPP prepositionalobject SBR subject,rel.
OADVP adverbialobject ADJ adjunct
OADJP adjectival object ADJ? adjunctambiguities
PRED predicate FIL filler
OV verbalobject FLQ filler, wh-
FOPP optionalprepositionalobject FLR filler, rel.
VPT separableverbprefix MRK marker
APP apposition
MOD ambiguousmodifier
x-MOD 8 distinctlabelsfor specific

modifiers,e.g.V-MOD
yK 13 labelsfor secondconjunctsin

split-upcoordinations,e.g.ONK

Table1: Thefunctionallabelsetfor theGermanandtheEnglishtreebanks.
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Figure4: Treeconstructionoutputfor theGermansentencein Fig. 3.

learning (Stanfill and Waltz, 1986).5 Memory-
basedlearningassumesthat the classificationof
a given input shouldbe basedon the similarity
to previously seeninstancesof thesametypethat
have beenstoredin memory. This paradigmis an
instanceof lazy learning in the sensethat these
previously encounteredinstancesare stored“as
is” and are crucially not abstractedover, as is
typically the casein rule-basedsystemsor other
learning approaches. Previous applicationsof

5Memory-basedlearninghasrecentlybeenappliedto a
varietyof NLP classificationtasks,includingpart-of-speech
tagging,nounphrasechunking,grapheme-phonemeconver-
sion, word sensedisambiguation,and PP attachment(see
(Daelemanset al., 1999;Veenstraet al., 2000;Zavrel et al.,
1997)for details).

memory-basedlearningto NLP tasksconsistedof
classificationproblemsin whichthesetof classes
to belearntwassimplein thesensethat theclass
itemsdid not have any internalstructureandthe
numberof distinct itemswassmall. Sincein the
currentapplication,the set of classesare parse
trees,the classificationtask is much morecom-
plex. The classificationis simple only in those
caseswhereadirecthit is found,i.e.whereacom-
pletematchof theinputwith astoredinstanceex-
ists. In all othercases,themostsimilar treefrom
the instancebaseneedsto be modifiedto match
the chunked input. This meansthat the output
treewill grouptogetheronly thoseelementsfrom
the chunked input for which thereis evidencein



theinstancebase.If thesestrategiesfail for com-
plete chunks,TüSBL attemptsto matchsmaller
subchunks.

Thealgorithmusedfor treeconstructionis pre-
sentedin a slightly simplified form in Figs. 5-8.
For readability, we assumeherethat chunksand
completetreessharethe samedatastructureso
that subroutineslike string yield canoperateon
bothof themindiscriminately.

Themainroutineconstructtreein Fig. 5 sepa-
ratesthelist of input chunksandpasseseachone
to the subroutineprocesschunk in Fig. 6 where
thechunkis thenturnedinto oneor more(partial)
trees. processchunk first checksif a complete
matchwith an instancefrom the instancebaseis
possible.6 If this is not the case,a partial match
onthelexical level is attempted.If apartialtreeis
found,attach next chunkin Fig.7andextendtree
in Fig. 8 areusedto extendthe treeby eitherat-
tachingonemorechunkor by resortingto acom-
parisonof themissingpartsof thechunkwith tree
extensionsonthePOSlevel. attach next chunkis
necessaryto ensurethat the bestpossibletree is
foundeven in the rarecasethat the original seg-
mentationinto chunkscontainsmistakes. If no
partial tree is found, the treeconstructionbacks
off tofindingacompletematchatthePOSlevelor
to startingthe subroutinefor processinga chunk
recursively with all thesubchunksof the present
chunk.

The applicationof memory-basedtechniques
is implemented in the two subroutinescom-
pletematch andpartial match. Thepresentation
of thetwo casesastwo separatesubroutinesis for
expositorypurposesonly. In theactualimplemen-
tation, the searchis carriedout only once. The
two subroutinesexist becauseof thepostprocess-
ing of thechosentree,which is necessaryfor par-
tial matchesand which also deviatesfrom stan-
dardmemory-basedapplications.Postprocessing
mainlyconsistsof shorteningthetreefrom thein-
stancebaseso that it covers only thosepartsof
thechunkthatcouldbematched.However, if the
matchis doneon thelexical level, a correctionof
taggingerrorsis possibleif thereis enoughevi-
dencein theinstancebase.TüSBLcurrentlyuses
an overlap metric, the mostbasicmetric for in-

6string yield returnsthe sequenceof words includedin
theinputstructure,pos yield thesequenceof POStags.

stanceswith symbolic features,as its similarity
metric. This overlap metric is basedon either
lexical or POS features. Insteadof applying a
moresophisticatedmetriclike theweightedover-
lap metric, TüSBL usesa backing-off approach
thatheavily favorssimilarityof theinputwith pre-
storedinstanceson thebasisof substringidentity.
Splitting up theclassificationandadaptationpro-
cessinto differentstagesallows TüSBL to prefer
analyseswith ahigherlikelihoodof beingcorrect.
This strategy enablescorrectionsof taggingand
segmentationerrorsthat may occur in the chun-
kedinput.

5 Quantitati veEvaluation

Quantitive evaluationsof robustparserstypically
focuson thethreePARSEVAL measures:labeled
precision,labeledrecallandcrossingaccuracy. It
hasfrequentlybeenpointedout that theseevalu-
ation parametersprovide little or no information
asto whethera parserassignsthecorrectseman-
tic structureto agiveninput, if thesetof category
labelscomprisesonly syntacticcategoriesin the
narrow sense,i.e. includesonly namesof lexi-
calandphrasalcategories.This justifiedcriticism
observesthatameasureof semanticaccuracy can
only beobtainedif thegoldstandardincludesan-
notationsof syntactic-semanticdependenciesbe-
tweenbracketedconstituents.It is to answerthis
criticismthattheevaluationof theTüSBLsystem
presentedherefocuseson thecorrectassignment
of functional labels. For an in-depthevaluation
that focuseson syntacticcategories,we refer the
interestedreaderto (KüblerandHinrichs,2001).

Thequantitative evaluationof TüSBLhasbeen
conductedon the treebanksof Germanand En-
glish describedin section3. Eachtreebankuses
a different annotationschemeat the level of
function-argumentstructure. As shown in Table
1, the English treebankusesa total of 13 func-
tional labels, while the Germantreebankhas a
richersetof 36 functionlabels.

The evaluation consistedof a ten-fold cross-
validationtest,wherethetrainingdataprovidean
instancebaseof alreadyseencasesfor TüSBL’s
treeconstructionmodule.Theevaluationwasper-
formed for both the Germanand English data.
For eachlanguage,thefollowing parameterswere
measured:1. labeledprecisionfor syntacticcat-



constructtree(chunklist, treebank):
while (chunk list is notempty)do

remove first chunkfrom chunk list
processchunk(chunk,treebank)

Figure5: Pseudo-codefor treeconstruction,mainroutine.

processchunk(chunk,treebank):
words:= string yield(chunk)
tree:= completematch(words,treebank)
if (treeis notempty) directhit,
then output(tree) i.e. completechunkfoundin treebank
else

tree:= partial match(words,treebank)
if (treeis not empty)
then

if (tree= postfixof chunk)
then

tree1:= attachnext chunk(tree,treebank)
if (treeis notempty)
then tree:= tree1

if ((chunk- tree)is notempty) if attachnext chunksucceeded
then tree:= extend tree(chunk- tree,tree,treebank) chunkmight consistof bothchunks
output(tree)
if ((chunk- tree)is notempty) chunkmight consistof bothchunks(s.a.)
then processchunk(chunk- tree,treebank) i.e. processremainingchunk

else backoff to POSsequence
pos:= posyield(chunk)
tree:= completematch(pos,treebank)
if (treeis notempty)
then output(tree)
else backoff to subchunks

while (chunkis notempty)do
remove first subchunkc1 from chunk
processchunk(c1,treebank)

Figure6: Pseudo-codefor treeconstruction,subroutineprocesschunk.

attachnext chunk(tree,treebank): attemptsto attachthenext chunkto thetree
take first chunkchunk2from chunk list
words2:= string yield(tree,chunk2)
tree2:= completematch(words2,treebank)
if (tree2is notempty)
then

remove chunk2from chunk list
returntree2

elsereturnempty

Figure7: Pseudo-codefor treeconstruction,subroutineattachnext chunk.

extend tree(restchunk,tree,treebank): extendsthetreeonbasisof POScomparison
words:= string yield(tree)
rest pos:= pos yield(restchunk)
tree2:= partial match(words+ restpos,treebank)
if ((tree2is notempty)and (subtree(tree,tree2)))
then returntree2
elsereturnempty

Figure8: Pseudo-codefor treeconstruction,subroutineextend tree.

egoriesalone,and2. labeledprecisionfor func-
tional labels.

The resultsof the quantitative evaluationare

shown in Tables2 and3. Theresultsfor labeled
recall underscorethe difficulty of applying the
classicalPARSEVAL measuresto a partial pars-



language parameter minimum maximum average

German truepositives 60.38% 64.23% 61.45%
falsepositives 2.93% 3.14% 3.03%
unattachedconstituents 15.15% 19.23% 18.18%
unmatchedconstituents 17.05% 17.59% 17.35%

English truepositives 59.11% 60.18% 59.78%
falsepositives 3.11% 3.39% 3.25%
unattachedconstituents 9.57% 10.30% 9.88%
unmatchedconstituents 26.80% 27.54% 27.10%

Table2: Quantitative evaluation:recall.

language parameter minimum maximum average

German labeledprecisionfor synt.cat. 81.28% 82.08% 81.56%
labeledprecisionfor funct.cat. 89.26% 90.13% 89.73%

English labeledprecisionfor synt.cat. 66.15% 67.34% 66.84%
labeledprecisionfor funct.cat. 90.07% 90.93% 90.40%

Table3: Quantitative evaluation:precision.

ing approachlike ours. We have, thereforedi-
vided the incorrectly matchednodesinto three
categories: the genuinefalse positives where a
treestructureis foundthatmatchesthegoldstan-
dard, but is assignedthe wrong label; nodes
which, relative to the gold standard, remain
unattachedin theoutputtree;andnodescontained
in thegold standardfor which no matchcouldbe
foundin theparseroutput.Our approachfollows
a strategy of positingandattachingnodesonly if
sufficient evidencecan be found in the instance
base. Thereforethe latter two categories can-
not really beconsiderederrorsin thestrict sense.
Nevertheless,in futureresearchwewill attemptto
significantlyreducetheproportionof unattached
andunmatchednodesby exploring matchingal-
gorithmsthatpermita higherlevel of generaliza-
tion whenmatchingtheinputagainsttheinstance
base.Whatis encouragingabouttherecallresults
reportedin Table2 is thattheparserproducesgen-
uinefalsepositivesfor anaverageof only 3.03%
for Germanand3.25% for English.

For German, labeled precision for syntactic
categories yielded 81.56% correctness. While
theseresultsdo not reach the performancere-
portedfor otherparsers(cf. (Collins,1999;Char-
niak, 1997)), it is importantto notethat the two
treebanksconsist of transliteratedspontaneous

speechdata. The fragmentaryand partially ill-
formed natureof suchspoken datamakes them
harderto analyzethan written datasuchas the
Penntreebanktypically usedasgoldstandard.

It shouldalso be kept in mind that the basic
PARSEVAL measuresweredevelopedfor parsers
that have as their main goal a completeanaly-
sis that spanstheentireinput. This runscounter
to the basicphilosophyunderlyingan amended
chunk parsersuch as TüSBL, which has as its
maingoal robustnessof partially analyzedstruc-
tures.

Labeledprecisionof functional labelsfor the
Germandataresultedin a scoreof 89.73% cor-
rectness.For English,precisionof functionalla-
belswas90.40%. Theslightly lower correctness
ratefor Germanis a reflectionof thelargersetof
function labelsusedby thegrammar. This raises
interestingmore generalissuesabout trade-offs
in accuracy andgranularityof functionalannota-
tions.

6 Conclusionand Future Research

The resultsof 89.73 % (German)and 90.40 %
(English)correctlyassignedfunctionallabelsval-
idate the generalapproach. We anticipatefur-
ther improvementsby experimentingwith more



sophisticatedsimilarity metrics7 and by enrich-
ing thelinguistic informationin theinstancebase.
The latter can,for example,be achieved by pre-
servingmorestructuralinformationcontainedin
the chunkparse. Yet anotherdimensionfor ex-
perimentationconcernsthe way in which the al-
gorithm generalizesover the instancebase. In
the currentversionof the algorithm,generaliza-
tion heavily relies on lexical and part-of-speech
information.However, a richersetof backing-off
strategiesthatrely on largerdomainsof structure
areeasyto envisageandarelikely to significantly
improve recallperformance.

While we intendto pursueall threedimensions
of refining thebasicalgorithmreportedhere,we
have to leave anexperimentationof which modi-
ficationsyield improvedresultsto futureresearch.
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