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Abstract

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

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

The evaluation of the algorithm has
concentratedn measuringthe quality
of functionallabels. It was performed
on a Germanand an Englishtreebank
usingtwo differentannotatiorschemes
atthelevel of function-agumentstruc-
ture. The results of 89.73% cor
rect functional labels for Germanand
90.40% for Englishvalidatethegeneral
approach.

1 Intr oduction

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

datacoverageversusmoretraditionalparserghat
aim at completeanalysisfor a narravly defined
setof data. Chunk parsing(Abney, 1991; Ab-
ney, 1996)offersa particularlypromisingandby
nov widely usedexample of the former kind.
The main insight that underliesthe chunk pars-
ing strat@y is to isolatethe (finite-state)analysis
of non-recursie syntacticstructure,i.e. chunks,
from larger, recursve structures. This results
in a highly-eficient parsingarchitecturethat is
realizedas a cascadeof finite-statetransducers
andthatpursuesleftmostlongest-matcipattern-
matchingstratgy ateachlevel of analysis.

Despitethe popularityof the chunkparsingap-
proach, there seemsto be a gap in currentre-
search:

Chunk parsing researchhas focusedon the
recognitionof partial constituenstructuresatthe
level of individual chunks. By comparisonit-
tle or no attention has beenpaid 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 necessanprerequisitefor assigning
function-agumentstructure.

Automatic assignmentof function-agument
structurehaslong beenrecognizedas a desider
atum beyond pure syntacticlabeling (Marcuset
al., 1994}. Thepresenpaperoffersa similarity-

Iwith the exception of dependencgrammasbased
parsergTapanainemndJarvinen,1997;Broker etal., 1994;
Lesmoand Lombardo,2000), where functional labels are
treatedasfirst-classcitizensasrelationsbetweernwords,and
recentwork on a semi-automatienethodfor treebankcon-
struction (Brantset al., 1997), little hasbeenreportedon



basedalgorithm for assigningfunctional labels
such as subject, object, head, complementetc.
to completesyntacticstructureson the basisof
pre-chunkd input. The evaluationof the algo-
rithm hasconcentratecn measuringhe quality
of thesefunctionallabels.

2 The TUSBL Architecture

In orderto ensurea robust and efficient archi-
tecture, TUSBL, a similarity-basecchunk parsey
is organizedin a three-leel architecture,with
the output of eachlevel servingasinput for the
next higherlevel. Thefirst level is part-of-speech
(POS)taggingof the input string with the help
of the bigramtaggerLIKELY (Feldwey, 1993)2
The parts of speechsene 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.
The chunks,which extendif possibleto the sim-
plex clauselevel, are thenremodelednto com-
pletetreesin thetreeconstructiorevel.

The tree constructionlevel is similar to the
DOP approach(Bod, 1998; Bod, 2000) in that
it usescompletetree structuresinsteadof rules.
Contraryto Bod, we only usethe completetrees
anddo not allow tree cuts. Thusthe numberof
possiblecombinationsof partial treesis strictly
controlled.Theresultingparseris highly efficient
(8770 English sentencetook 106.5 secondsto
parseon anUltra Sparcl0).

3 Chunking and TreeConstruction

The division of labor betweenthe chunkingand
tree constructionmodulescan bestbe illustrated
by anexample.

For sentencesuchasthe input shavn in Fig.
1, thechunler produces structuren whichsome
constituentsemainunattachear partially anno-
tatedin keepingwith the chunk-parsingstratgy
to factorout recursionandto resole only unam-
biguousattachments.

Since chunksare by definition non-recursie
structures,a chunk of a given cateyory cannot
fully automaticrecognitionof functionallabels.

2The inventory of POS tags is basedon the STTS

(Schilleretal., 1995)for Germamandonthe PennTreebank
tagset(Santorini,1990)for English.

Input: alright andthat shouldget usthere about
ninein theevening

Chunkparsermutput:
[uh alright]
[ sinpx_ind
[cc and]
[that t hat ]
[vp [ md shoul d]
[vb get]]
[ pp us]
[ adv [rb t here]]
[prep_p [about about]
[np [cd ninel]]
[prep_p [in in]
[np [ dt t he]

[dayti me evening]]]]

Figurel: Chunkparsermutput.

contain another chunk of the sametype. In

the caseat hand, the two prepositionalphrases
(prep.p’) aboutnine andin the eveningin the

chunk output cannot be combinedinto a sin-

gle chunk,eventhoughsemanticallythesewords
constitutea singleconstituent At thelevel of tree
construction,as shavn in Fig. 2, the prohibition

againstrecursve phrasess suspended. There-
fore, the properPPattachmenbecomegossible.
Additionally, the phraseaboutnine waswrongly

catgorizedas a 'prep.p’. Suchmiscatgoriza-

tions can ariseif a given word can be assigned
more than one POStag. In the caseof about
the tags’in’ (for: preposition) or 'rb’ (for: ad-

verb) would be appropriate.However, sincethe

POStaggercannotresole this ambiguity from

local contet, theunderspecifietag’about’ is as-

signed,instead.However, this canin turn leadto

misclassificatiorin the chunler.

Themostobviousdeficieng of the chunkout-
put shavn in Fig. 1 is that the structuredoes
not containary information aboutthe function-
argumentstructureof the chunled phrasesHow-
ever, oncea (more) completeparsestructureis
created,the grammaticalfunction of eachma-
jor constituentneedsto be identified. The la-
bels SUBJ (for: subjec}, HD (for: head, ADJ
(for: adjunc) COMP (for: complement SPR
(for: specifie}, which appearas edge-labelde-
tweentreenodesin Fig. 2, signify the grammati-
cal functionsof the constituentsn question.E.g.
the label SUBJ encodeghat the NP that is the
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Figure2: Sampletreeconstructioroutputfor the sentencén Fig. 1.

subjectof the whole sentence. The label ADJ
above the phraseaboutninein the eveningsigni-
fiesthatthis phrasds anadjunctof theverbget

TUSBL currentlyusesasits instancebasetwo
semi-automaticallgonstructedreebank®of Ger
manandEnglishthat consistof appr 67,000and
35,000fully annotatedsentencesyrespeciielys.
Eachtreebankusesa differentannotatiorscheme
at the level of function-agumentstructuré. As
shawvn in Tablel, the Englishtreebankusesa to-
tal of 13functionallabels while the Germartree-
bankhasarichersetof 36 functionlabels.

For German,therefore,the task of tree con-
structionis slightly morecomplex becausef the
larger setof functionallabels.Fig. 3 givesanex-
amplefor a Germaninput sentencendits corre-
spondingchunkparseroutput.

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

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

“The annotationfor Germanfollows the topological-
field-modelstandardlyusedin empiricalstudiesof German
syntax.Theannotatiorfor Englishis modeledafterthetheo-
reticalassumptionef Head-Driven PhraseStructureGram-
mar.

Input:

dann w”urde ich vielleicht noch vorschlagen
Donnestag denelftenund Freitag denzw”olften
August (then| would suggestmaybe Thursdayeleventh
andFridaytwelfth of August)

Chunkparsermutput:

[ sinpx [advx [ adv dann] ]
[vxfin [vafin w'urde]]
[ nx2 [ pper ich]]
[ advx [ adv vielleicht]]
[ advx [advmd noch]]
[vvinf vorschl agen]]

[ nx3 [ day Donner st ag]
[art den]
[adja el ften]]

[ kon und]

[ nx3 [ day Frei t ag]
[art den]
[adja zw'ol ft en]
[ mont h August]]

Figure3: Chunkparseroutputfor a Germansen-
tence.

tegratedcorrectlyinto the clauseasa whole. In
addition,functionlabelssuchasMOD (for. mod-
ifier), HD (for head, ON (for: subjec}, OA (for:
direct objec), OV (for: verbal objec), andAPP
(for: apposition) have beenaddedhatencodehe
function-agumentstructureof the sentence.

4 Similarity-based TreeConstruction

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



[ Germanlabel | description | Englishlabel | description I
HD head HD head
- non-head - intentionallyempty
ON nominatve object COMP complement
oD dative object SPR specifier
OA accusatie object SBJ subject
(0] sententiabbject SBQ subjectwh-
OPP prepositionabbject SBR subjectrel.
OADVP adwerbialobject ADJ adjunct
OADJP adjectval object ADJ? adjunctambiguities
PRED predicate FIL filler
ov verbalobject FLQ filler, wh-
FOPP optionalprepositionabbject FLR filler, rel.
VPT separableerb prefix MRK marlker
APP apposition
MOD ambiguousnodifier
x-MOD 8 distinctlabelsfor specific
modifiers,e.g.V-MOD
yK 13labelsfor secondconjunctsn
split-upcoordinationse.g.ONK

Tablel: Thefunctionallabelsetfor the Germanandthe Englishtreebanks.

SIMPX

5o 9 5

dann w"urde ich vielleicht noch vorschlagen Donnerstag

VAFIN PPER ADV ADV VVINF NN

n -0
.

zw"olften
ADJA NN

den elften und Freitag den
ART NN KON NN ART

August

Figure4: Treeconstructioroutputfor the Germansentencen Fig. 3.

learning (Stanfill and Waltz, 1986)° Memory-
basedearningassumeshat the classificationof
a given input should be basedon the similarity
to previously seeninstance®f the sametypethat
have beenstoredin memory This paradigmis an
instanceof lazy learning in the sensethat these
previously encounterednstancesare stored“as
is” and are crucially not abstractedover, asis
typically the casein rule-basedsystemsor other
learning approaches. Previous applicationsof
SMemory-basedearninghasrecentlybeenappliedto a
variety of NLP classificatiortasks,including part-of-speech
tagging,nounphrasechunking,grapheme-phonenworver
sion, word sensedisambiguationand PP attachmenfsee

(Daelemangtal., 1999; Veenstraetal., 2000; Zavrel etal.,
1997)for details).

memory-basetearningto NLP tasksconsistef
classificatiorproblemsin whichthesetof classes
to belearntwassimplein the sensdahattheclass
itemsdid not have ary internalstructureandthe
numberof distinctitemswassmall. Sincein the
currentapplication, the set of classesare parse
trees,the classificationtaskis much more com-
plex. The classificationis simple only in those
casesvhereadirecthit isfound,i.e.whereacom-
pletematchof theinputwith astoredinstanceex-
ists. In all othercasesthe mostsimilar treefrom
the instancebaseneedsto be modifiedto match
the chunled input. This meansthat the output
treewill grouptogetheronly thoseelementdrom
the chunled input for which thereis evidencein



theinstancebase.If thesestratgiesfail for com-
plete chunks, TUSBL attemptsto matchsmaller
subchunks.

Thealgorithmusedfor treeconstructioris pre-
sentedin a slightly simplified form in Figs. 5-8.
For readability we assumeherethat chunksand
completetreessharethe samedata structureso
that subroutinedik e string_yield can operateon
bothof themindiscriminately

Themainroutineconstructtreein Fig. 5 sepa-
ratesthelist of input chunksandpassegachone
to the subroutineprocesschunkin Fig. 6 where
thechunkis thenturnedinto oneor more(partial)
trees. processchunk first checksif a complete
matchwith aninstancefrom the instancebaseis
possiblé® If this is not the case,a partial match
onthelexical level is attemptedIf apartialtreeis
found,attach_next_ chunkin Fig. 7 andextendtree
in Fig. 8 areusedto extendthe treeby eitherat-
tachingonemorechunkor by resortingto acom-
parisonof themissingpartsof thechunkwith tree
extensiononthe POSlevel. attach_next_chunkis
necessaryo ensurethat the bestpossibletreeis
found evenin therare casethatthe original seg-
mentationinto chunkscontainsmistales. If no
partial treeis found, the tree constructionbacks
off tofindingacompletematchatthePOSlevel or
to startingthe subroutinefor processinga chunk
recursvely with all the subchunkof the present
chunk.

The applicationof memory-basedechniques
is implementedin the two subroutinescom-
plete matt andpartial_ matd. The presentation
of thetwo casesstwo separatsubroutiness for
expositorypurpose®nly. In theactualimplemen-
tation, the searchis carriedout only once. The
two subroutinesxist becaus®f the postprocess-
ing of thechosertree,whichis necessarjor par
tial matchesand which also deviatesfrom stan-
dardmemory-basedpplications.Postprocessing
mainly consistof shorteninghetreefrom thein-
stancebaseso that it coversonly thosepartsof
thechunkthatcouldbe matched However, if the
matchis doneon thelexical level, a correctionof
taggingerrorsis possibleif thereis enoughevi-
dencein theinstancebase . TUSBL currentlyuses
an overlap metric the mostbasicmetric for in-

Sstring_yield returnsthe sequencef wordsincludedin
theinputstructure posyield thesequencef POStags.

stanceswith symbolic features,as its similarity
metric. This overlap metric is basedon either
lexical or POSfeatures. Insteadof applying a
moresophisticatednetriclik e theweightedover
lap metric, TUSBL usesa backing-of approach
thatheavily favorssimilarity of theinputwith pre-
storedinstance®n the basisof substringdentity.
Splitting up the classificatiorandadaptatiorpro-
cessinto differentstagesallows TUSBL to prefer
analysesvith ahigherlikelihoodof beingcorrect.
This strat@y enablescorrectionsof taggingand
sgmentationerrorsthat may occurin the chun-
kedinput.

5 Quantitati ve Evaluation

Quantitve evaluationsof rolbust parsergypically
focusonthethreePARSEVAL measurestabeled
precisionlabeledrecallandcrossingaccurag. It
hasfrequentlybeenpointedout thattheseevalu-
ation parameterprovide little or no information
asto whethera parserassignghe correctseman-
tic structureto agiveninput, if thesetof cateory
labelscomprisesonly syntacticcateyoriesin the
narrav sensej.e. includesonly namesof lexi-
calandphrasakateyories.Thisjustifiedcriticism
obseresthata measuref semantiaccurag can
only be obtainedf thegold standardncludesan-
notationsof syntactic-semantidependenciebe-
tweenbracletedconstituentslt is to answerthis
criticismthattheevaluationof the TUSBL system
presentedherefocuseson the correctassignment
of functionallabels. For an in-depthevaluation
that focuseson syntacticcateyories,we referthe
interestedeaderto (KublerandHinrichs,2001).

Thequantitatve evaluationof TUSBL hasbeen
conductedon the treebanksof Germanand En-
glish describedn section3. Eachtreebankuses
a different annotation schemeat the level of
function-agumentstructure. As shavn in Table
1, the Englishtreebankusesa total of 13 func-
tional labels, while the Germantreebankhas a
richersetof 36 functionlabels.

The evaluation consistedof a ten-fold cross-
validationtest,wherethetrainingdataprovide an
instancebaseof alreadyseencasedor TUSBLs
treeconstructiormodule.Theevaluationwasper
formed for both the Germanand English data.
For eachlanguagethefollowing parametersvere
measuredl. labeledprecisionfor syntacticcat-



constructtree(chuniist, treebank):

[ while (chunklist is notempty)do
remove first chunkfrom chunklist
processchunk(chunkfreebank)

Figure5: Pseudo-cod®or treeconstructionmainroutine.

processchunk(chunkfreebank):

words:= string.yield(chunk)

tree:= completematch(vwords,treebank)

if (treeis notempty)

directhit,

then output(tree)

i.e. completechunkfoundin treebank

else

tree:= partiaLmatch(words,treebank)

if (treeis notempty)

then

if (tree= postfixof chunk)

then

treel:= attachnext_chunk(treefreebank)

if (treeis notempty)

thentree:=treel

if ((chunk- tree)is notempty)

if attachnext_chunksucceeded

then tree:= extendtree(chunk tree,tree,treebank)| chunkmightconsistof bothchunks

output(tree)

if ((chunk- tree)is notempty)

chunkmight consistof bothchunks(s.a.)

then processchunk(chunk tree,treebank)

i.e. procesgemainingchunk

| else

backoff to POSsequence

pos:= posyield(chunk)

tree:= completematch(posireebank)

if (treeis notempty)

then output(tree)

else

backoff to subchunks

| while (chunkis notempty)do

remove first subchunkc1 from chunk

processchunk(c1 treebank)

take first chunkchunk2from chunklist
words2:= stringyield(tree,chunk?2)
tree2:= completematch(words2 treebank)
if (free2is notempty)
then
remove chunk2from chunklist
returntree2
sereturnempty

@

extendtree(resichunk,tree,treebank):

words:= string yield(tree)

restpos:= posyield(restchunk)

tree2:= partiaLmatch(words+ restpos,treebank)

if ((tree2is notempty)and (subtree(treeiree?)))

thenreturntree2

elsereturnempty

Figure6: Pseudo-cod#or treeconstructionsubroutingprocesschunk.

attachnext_chunk(treeireebank): attemptgo attachthe next chunkto thetree

Figure7: Pseudo-codéor treeconstructionsubroutineattachnext_chunk.

extendsthetreeon basisof POScomparison

Figure8: Pseudo-codéor treeconstructionsubroutinesxtendtree.

egoriesalone,and2. labeledprecisionfor func-  shawvn in Tables2 and3. Theresultsfor labeled

tional labels.

recall underscorethe difficulty of applying the
classicalPARSEVAL measurego a partial pars-

The resultsof the quantitatve evaluationare



language|| parameter | minimum | maximum | average |

German || truepositves 60.38% | 64.23% | 61.45%
falsepositves 2.93% 3.14% 3.03%
unattacheaonstituents| 15.15% | 19.23% | 18.18%
unmatchedonstituents 17.05% | 17.59% 17.35%

English || truepositves 59.11% | 60.18% | 59.78%
falsepositves 3.11% 3.39% 3.25%
unattacheaonstituents) 9.57% 10.30% | 9.88%
unmatchecaonstituents 26.80% | 27.54% | 27.10%

Table2: Quantitatve 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: Quantitatve evaluation:precision.

ing approachlike ours. We have, thereforedi-
vided the incorrectly matchednodesinto three
catgories: the genuinefalse positves where a
treestructureis foundthatmatcheghegold stan-
dard, but is assignedthe wrong label; nodes
which, relatve to the gold standard, remain
unattachedh theoutputtree;andnodescontained
in the gold standardor which no matchcouldbe
foundin the parseroutput. Our approactfollows
a strat@y of positingandattachingnodesonly if
sufiicient evidencecan be found in the instance
base. Thereforethe latter two cateories can-
notreally be considerecerrorsin the strict sense.
Neverthelessin futureresearchve will attempto
significantly reducethe proportionof unattached
andunmatchecdhodesby exploring matchingal-
gorithmsthatpermita higherlevel of generaliza-
tion whenmatchingtheinputagainstheinstance
base Whatis encouragin@bouttherecallresults
reportedn Table2 isthattheparseproducegen-
uinefalsepositvesfor anaverageof only 3.03%
for Germanand3.25% for English.

For German, labeled precisionfor syntactic
catgyories yielded 81.56% correctness. While
theseresultsdo not reachthe performancere-
portedfor otherparsergcf. (Collins, 1999;Char
niak, 1997)),it is importantto note thatthe two
treebanksconsist of transliteratedspontaneous

speechdata. The fragmentaryand partially ill-
formed natureof suchspolen datamakes them
harderto analyzethan written datasuchas the
Penntreebankypically usedasgold standard.

It shouldalso be keptin mind that the basic
PARSEVAL measuregveredevelopedfor parsers
that have as their main goal a completeanaly-
sisthat spansthe entireinput. This runscounter
to the basic philosophyunderlyingan amended
chunk parsersuchas TUSBL, which hasas its
main goal robustnesof partially analyzedstruc-
tures.

Labeledprecisionof functional labelsfor the
Germandataresultedin a scoreof 89.73% cor
rectness.For English, precisionof functionalla-
belswas90.40%. The slightly lower correctness
ratefor Germanis areflectionof the larger setof
functionlabelsusedby the grammar This raises
interestingmore generalissuesabouttrade-ofs
in accurag andgranularityof functionalannota-
tions.

6 Conclusionand Future Reseach

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



sophisticatedsimilarity metric§ and by enrich-
ing thelinguisticinformationin theinstancebase.
The latter can, for example,be achieved by pre-
servingmore structuralinformation containedn
the chunk parse. Yet anotherdimensionfor ex-
perimentationconcernghe way in which the al-
gorithm generalizesover the instancebase. In
the currentversionof the algorithm, generaliza-
tion heavily relieson lexical and part-of-speech
information. However, arichersetof backing-of
stratgiesthatrely on larger domainsof structure
areeasyto ervisageandarelikely to significantly
improve recallperformance.

While we intendto pursueall threedimensions
of refining the basicalgorithmreportedhere,we
have to leave an experimentatiorof which modi-
ficationsyield improvedresultsto futureresearch.
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