Bootstrapping L exicalized M odelsin M emory-Based Dependency Parsing

Abstract

Previous researchhas shavn that a
lexicalized parsing model incorporat-
ing words but no parts-of-speecttan
outperform a model involving parts-
of-speechbut no words given enough
training data for supervisedlearning.
We showv that the sameeffect can be
achieredwith abootstrappin@pproach,
wherea mixed modeltrainedon a small

treebankis usedto parsea larger cor

puswhichis usedastrainingdatafor the
lexicalized model. The resultsare ob-

tained using a memory-basedearning
algorithmfor deterministicdependeng
parsingof unrestrictedswedishtext.

1 Introduction

Therole of part-of-speechaggingin data-drven

approacheso syntacticparsingis a moot point.

In earlywork on treebankparsingit wasmoreor

lessstandardpracticeto have a separatgagging
phaseprior to parsingproper (Charniak, 1996),
but with the emegenceof lexicalized modelsit

was found that betterparsingaccurag could be

obtainedif the part-of-speechanalysiswas inte-

gratedin the parsing process(Charniak, 1997;

Collins, 1997). More recently it hasbeenargued
that the main reasonfor using parts-of-speecin

data-drven parsingis that they provide a back-
off modelfor lexical itemsandtherebycounteract
the sparsedataproblem(Charniak,2000;vanden
BoschandBuchholz,2002).

In a study of memory-basedhallov parsing,
VandenBoschandBuchholz(2002)shavedthata
modelincorporatingvordsbut no parts-of-speech,
while inferior with small training datasets, out-
performsamodelinvolving parts-of-speechut no
wordsfor trainingsetsoveracertainsize(whichin
their experimentswas around50 000 sentences).
In principle, theseresultsindicatethat we could
eliminateonebottleneckin data-drvenparsingby
using pure lexical modelstrained on very large
datasets,insteadof having to rely ontrainingdata
with part-of-speeclagging.In practice however,
it is difficult to cashin onthisidea,atleastfor tree-
bank parsingusing supervisedearning, because
we arenormallyfacedwith aneventighterbottle-
neckgiven by the limited availability of treebank
data. For example,for Swedish,the largestcor-
pus with manually correctedpart-of-speechag-
ging is on the orderof 1 million tokens(Ejerhed
andKallgren,1997),whereadhe largesttreebank
is only onetenthof thatsize(Nivre, 2002).

In this paper we investicate whetherit is pos-
sible to bootstrapthe lexical models,so that we
canstartfrom a smalltreebankandstill obtainthe
positive effects of having a lexical modeltrained
onalargedatasetLike vandenBoschandBuch-
holz (2002), we use a memory-basedpproach
to learning,but the taskconsidereds determinis-
tic dependeng parsing(Yamadaand Matsumoto,
2003;Nivre, 2003),ratherthanshallov parsingin
the traditional sense. The paperis structuredas
follows. Section2 presentour generalapproach
to deterministicddependengparsingandsection3
explainshow memory-basetkarningcanbe used



to guidethe parser The experimentalsetupis de-
scribedin section4, the resultsare presentedn
section5, andconclusionsarestatedn section6.
Deterministicdependengparsinghasbeenpro-
posedasa robustandefficient methodfor syntac-
tic parsingthat combinespropertiesof deepand
shallov parsing(Yamadaand Matsumoto,2003;
Nivre, 2003). Dependeng parsingmeanghatthe
goalof theparsingprocesss to construcialabeled
dependenggraphof thekind depictedn Figurel.
Deterministicparsingmeanghatwe derive a sin-
gle analysisfor eachinput string, with no redun-
dang or backtrackingwhich makesit possibleto
parsesentences lineartime (Nivre, 2003).

2 Deterministic Dependency Parsing

Theparsingalgorithmusedis theonepresentedn
Nivre (2003), which is in mary ways similar to
the basic shift-reducealgorithm for context-free
grammarg(Aho et al., 1986), althoughthe parse
actions are different given that no nonterminal
symbolsareused.Moreover, unlike the algorithm
of Yamadaand Matsumoto(2003),the algorithm
considerechereactually usesa blend of bottom-
up and top-davn processing,constructingleft-
dependenciebottom-up and right-dependencies
top-davn, in orderto achiese incrementality For
a similar but nondeterministi@pproacto depen-
deng parsing,seeObrebski(2003).

Parserconfigurationsarerepresentedby triples
(S,I,A), whereS is the stack (representeds a
list), I is thelist of (remaining)input tokens,and
A is the (current)arc relationfor the dependeng
graph. (Sincein a dependeng graphthe set of
nodesis given by the input tokens,only the arcs
needto berepresentedxplicitly.) Givenaninput
string W, the parseris initialized to (nil, W, ())
and terminateswhen it reachesa configuration
(S,nil, A) (for ary list S andsetof arcsA). The
behaior of the parseris definedby thetransitions
definedin Figure 2, wherew;, w; andw,, arear
bitrary word tokens,andr ands’ arearbitraryde-
pendenyg types(arclabels):

1. The transition Left-Arc (LA) addsan arc
w; — w; from the next input token w; to
the token w; on top of the stackandreduces
(pops)w; from the stack.

2. The transitionRight-Arc (RA) addsan arc
w; —— w; from the tokenw; on top of the
stackto the next input token w;, and shifts
(pushes)v; ontothestack.

3. ThetransitionReduce (RE) reduces(pops)
thetokenw; ontop of thestack.

4. ThetransitionShift (SH) shifts (pushes}he
next inputtokenn ontothe stack.

ThetransitionsL eft-Arc andRight-Arc are sub-
ject to conditionsthat ensurethat eachword has
at mostoneheadin the dependeng graph,while
Reduce canonly be appliedif thetokenon top of
the stackalreadyhasa head. For Shift, the only
conditionis thattheinputlist is non-empty

As it standsthis transitionsystemis nondeter
ministic, sinceseveraltransitionscanoftenbe ap-
pliedto thesameconfiguration.To getadetermin-
istic parserwe needto introducea mechanisnfor
resolvingtransitionconflicts. One way of doing
thisis to useatreebanko train classifierghatcan
predictthe next transition(and dependengtype)
giventhecurrentconfiguratiorof theparserin the
experimentgeportedhere,we usememory-based
learningto train suchclassifiers.

3 Memory-Based L earning

Memory-basedearning and problem solving is
basedon two fundamentabprinciples: learningis
the simplestorageof experiencesn memory and
solving a new problemis achieved by reusingso-
lutions from similar previously solved problems
(Daelemans1999). Memory-basedearninghas
beensuccessfullappliedto anumberof problems
in naturallanguageprocessingsuchasgrapheme-
to-phonemecorversion, part-of-speechtagging,
prepositional-phrasattachment,and basenoun
phrasechunking (Daelemanst al., 2002). Pre-
viouswork on deterministigparsingincludesVen-
straandDaeleman$2000)andNivre etal. (2004).
For the experimentsreportedin this paper we
have usedthe software packageTiMBL (Tilburg
MemoryBased_earner) which providesavariety
of metrics,algorithms,andextra functionson top
of the classicalk nearesteighborclassification
kernel,suchasvaluedistancemetricsanddistance
weightedclassvoting (Daelemangtal., 2003).
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Figurel: Dependeng graphfor Swedishsentence

Initialization  (nil, W, 0)

Termination (S, nil, A)
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Shift (S,wi|1, A) — (w;|S, I, A)

Figure2: Parsertransitions




The function we want to approximateis a
mappingf from configurationgo parseractions,
whereeachactionconsistf atransitionand(ex-
ceptfor Shift andReduce) adependengtype:

f: Config — {LA,RA,RE,SH} x (RU {nil})

Here Config is the setof all possibleparsercon-
figurationsand R is the setof dependeng types.
However, in orderto make the problemtractable,
we try to learna function f whosedomainis a fi-
nite spaceof parserstates which areabstractions
over configurations.For this purposewe definea
numberof featureghat canbe usedto definedif-
ferentmodelsof parserstate.Thefeaturesusedin
this studyarelistedin Table1.

Thefirst five feature§(TOP — TOP.RIGHT) deal
with propertiesof thetokenontop of thestack.In
additionto thewordformi itself (ToP), we consider
its part-of-speechthe dependeng type by which
it is relatedto its head(which may or may not be
available in a given configurationdependingon
whetherthe headis to the left or to the right of
the tokenin question),andthe dependengtypes
by which it is relatedto its leftmostandrightmost
dependentrespectiely (wherethe currentright-
mostdependentay or may not be the rightmost
dependenin the completedependengtree). The
next threefeatures(NEXT — NEXT.LEFT) referto
propertiesof the next input token. In this case,
there are no featurescorrespondingo TOP.DEP
and TOP.RIGHT, sincethe relevant dependencies
cannever be presentat decisiontime. Thefollow-
ing threefeaturegNEXT+1 — NEXT+2) arelook-
aheadfeaturesreferringto tokensoccurringim-
mediatelyafterNEXT in theinputstring,while the
remainingtwo feature{TorP—1, TOP—1) consider
thetokenimmediatelybelov ToP onthestack.

Giventhefeaturesin Table1, we have defined
threedifferentmodelsof parserstate,one which
includesword tokensbut no parts-of-speechgne
which includes parts-of-speechbut no word to-
kens, and one which includesboth kinds of in-
formation. All of the modelsin additioninclude
dependeng type information. The selectionof
featuresfor eachmodelis shovn in Table2. It
shouldbe pointedout thatthe Wor ds+PoS model
is nota simpleunion of the Wor ds andPoS mod-
els, sincethe Words modelincludesfeatureshat

arenotfoundin ary of theothermodelg(NEXT+1,
NEXT+2, TOP—1, TOP—1.DEP). Thereasonfor
this asymmetryis that preliminary experiments
shavedasignificantimprovementwhenthesdea-
tureswere addedto the Words model, whereas
noimprovementwasfoundfor correspondindea-
turesin the othermodels. Thus,the threemodels
selectedor thefinal experimentcanbeseenasthe
bestrepresentatiesof theirrespectie classrather
thanstrictly parallelcounterparts.

4 Experimental Setup

Given the results of van den Bosch and Buch-
holz (2002),it canbeexpectedhatthe PoS model
will outperformthe Words modelwhenthetrain-
ing datasetis small,asis thecasefor theavailable
treebanlof Swedish However, thehypothesighat
we wantto testis whetherthe Words modelwill
perform betterthan the PoS modelwhentrained
on alargercorpus,which hasbeenparsediusinga
modelderivedfrom thesmalltreebankTherefore,
the experimentinvolvestwo steps.

4.1 Step 1: Training on a Treebank

In the first step,we train eachof the modelson
a manuallyannotatedcorpusof written Swedish,
createdat Lund Universityin the 19705 andcon-
sisting mainly of informative texts from official
sources(Einarsson,1976). Although the origi-
nal annotationschemds an eclecticcombination
of constituenstructuredependengstructureand
topologicalfields (Teleman,1974),it hasproven
possibleto convert the annotatedsentenceso de-
pendeng graphswith fairly high accurag. In the
corversionprocesswe have reducedthe original
fine-grainedclassificationof grammaticalfunc-
tions to a more restrictedset of 16 dependeng
types. We refer to this training corpusas Tal-
banlen,following Einarssor(1976),althoughit is
alsoknown in theliteratureasthe Telemancorpus
(BrantsandSamuelssor.995).
Sincethefunctionwe wantto learnis amapping
from parserstatesto transitions(anddependeng
types),the treebankdatacannotbe useddirectly
astraining data. Instead we have to simulatethe
parseron the treebankin orderto derive, for each
sentencethetransitionsequenceorrespondingo
the correctdependenggraph. Giventhe resultof



Feature

Description

TOP Thetokenontop of thestack

TOP.POS The part-of-speeclof TOP

TOP.DEP Thedependengtype of TOP

TOP.LEFT Thedependengtype of TOP'sleftmostdependent

TOP.RIGHT Thedependengtype of TOP'srightmostdependent

NEXT Thenext inputtoken

NEXT.POS Thepart-of-speeclof NEXT

NEXT.LEFT Thedependengtype of NEXT'sleftmostdependent

NEXT+1 Thenext plusoneinputtoken

NEXT+1.POS Thepart-of-speeclof the next plusoneinputtoken

NEXT+2 Thenext plustwo inputtoken

TOP—1 Thetokenimmediatelybelav thetop of the stack

ToP—1.DEP  Thedependengtype of thetokenimmediatelybelov thetop of the stack

Tablel: Parserstatefeatures

Modéel T TP TD T.L TR N N.P NL N+1 N+1.P N+2 T-1 T-1D
Words + + + + + + + + + +
PoS + + + + + +
Words+PoS| + + + + + + + +

Table2: Parserstatemodels

this simulation,we can constructa datasetcon-
sistingof pairs(s, t), wheres is a parserstateand
t isthecorrecttransitionfrom thatstate(including
adependengtypeif applicable).

Thecompletecorvertedtreebankcontain$316
sentencewith a mean sentencdength of 15.5
words. The treebankhasbeendivided into three
non-overlappingdatasets:80%for training, 10%
for validation,and 10% for final testing(random
samples). The training set contains5054 sen-
tenceswhich yields a setof 371977 trainingin-
stancegtransitionsfor thememory-basetéarner

Themodelshave beentrainedusingthe Tilburg
Memory BasedLearner(TiMBL) (Daelemanset
al., 2003) with the following parametersettings,
which have beenfoundto work well in earlierex-
perimentgNivre etal., 2004):

e TheiBl algorithm(Ahaetal.,1991).

e Themodifiedvaluedistancanetric(MVDM)
(StanfillandWaltz, 1986;CostandSalzbeg,
1993) with a frequeng threshold(and the
Overlapmetricfor lower frequencies).

e No weightingof features.
¢ Classificatiorbasedn 5 nearesheighbors.

¢ Distanceweightedclassvoting with inverse
distanceweighting(Dudani,1976).

The frequeng thresholdfor MVDM wassetto 2
for the Words modeland 3 for the Wor ds+PoS.
The PoS modelturnedout to beinsensitve to this
threshold,so the default value of 1 was usedin
this case For moreinformationaboutthedifferent
parameter@nd settings,the readeris referredto
Daelemangtal. (2003).

4.2 Step 2: Training on a Parsed Corpus

In the secondstep, we used the three parsers
derived in step 1 to parsethe Stockholm-Umé
Corpus (SUC) of written Swedish(Ejerhedand
Kallgren, 1997), consistingof 73 199 sentences
(1 152473tokens).This gave usthreeparsedcor
pora,which couldbeusedto derive threesetseach
consistingof 2 033 792 transitions,which were
addedto the original training setfrom Talbanlen



to give threenew training sets,which we will call
T-Words, T-PoS andT-Wor ds+PoS, respectiely.

Although we are primarily interestedin the
comparisorof Words and PoS, andalthoughre-
training a modelon its own outputis unlikely to
improve its performance,we have retrainedall
threemodelson all threenew training sets,which
givesatotal setof nineparserdo comparewith the
threeparsersconstructedn stepl. No new para-
meteroptimizationwas performed,which means
thateachmodelwasretrainedwith the samepara-
metersettingsasin stepl. For the modelsPoS
andWor ds+PoS, thegold standargart-of-speech
annotatiorin SUCwasusedfor featuresnvolving
parts-of-speech.

4.3 Evaluation

In evaluating the performanceof the different
parsersconstructedin the experiment, we have
used the validation data set from Talbanlen,
whereaghe final testsethasnot beenusedat all
in thework reportedn this paper(cf. sectiord.1).
Theevaluationmetricusedis theattachmenscore
(AS), which is a standardmeasureusedin stud-
iesof dependeng parsing(Eisner 1996b;Collins
etal., 1999). The attachmenscoreis computed
asthe proportionof tokensin a sentencdexclud-
ing punctuation}hatareassignedhe correcthead
(or no headif the tokenis a root). The overall
attachmenscoreis thencalculatedasthe meanat-
tachmentscoreover all sentencesn the sample.
In orderto measurehe accurayg for dependeng
types,we have alsodefineda labeledattachment
score(LAS), whereboth the headand the label
(dependeng type) must be correct, but which is
otherwisecomputedn the sameway asthe ordi-
nary (unlabeled)attachmenscore. For statistical
significancaestingwe usea one-way ANOVA for
correlatedsamples.

5 Reaults

Table 3 shows the accurag of the three parsers
trainedin the first step. As expected,the PoS
modelachievesa betteraccurag thanthe Words
model,bothwith respecto labeledandunlabeled
attachmentHowever, bothmodelsareclearlyout-
performedby the Wor ds+PoS model. This con-
firmsthatlexical informationis crucialfor parsing

accurag, asshavn in mary previousstudieqEis-
ner, 1996b; Charniak,1997; Collins, 1997), but
also that parts-of-speectare more reliable than
wordsalonewith sparsedata,asshavn by vanden
BoschandBuchholz(2002).

There are no comparableresultsavailable for
dependeng parsingof Swedish,but if we com-
parewith resultsfor otherlanguageswe find that
the unlabeledattachmentscoreis slightly lower
thanthe bestpublishedresultsfor English,which
arejust above 90% (Eisner 1996a;Collins et al.,
1999),but substantiallyhigherthanthe resultsfor
Czech(Collinsetal., 1999).

Table4 shavstheresultsfor themodelstrained
on the three parsedversionsof the Stockholm-
Umea Corpus. If we begin by consideringthe
Wor ds model, we seea significantimprovement
in accurag, bothlabeledandunlabeledwhenthis
model is trained on the output of either of the
two other models. The improvementis greater
for T-Wor ds+PoS, whichis naturalgiventhatthis
versionof the parsedcorpusshouldbe more ac-
curate,but the differencebetweenT-Wor ds+PoS
and T-PoS is only significantfor labeledattach-
mentscore.Whenthe Wor ds modelis trainedon
its own output, thereis a smalldrop in accurag,
but thisis not statisticallysignificant.

If weturnto the PoS model,we seeasignificant
dropin accurag whenthis modelis trainedon T-
Words. For thetwo otherconditions thereareno
significantdifferenceswhich again indicatesthat
amodelbasedon parts-of-speechlonereaches
stablestatewith relatively little training databut
hasa limited potentialfor improvement.

If we comparethe Words and PoS models,
we note that while the PoS model has signifi-
cantly betteraccurag whentrainedon the small
treebank,the Words model has equal or better
accuray in all casesafter bootstrapping. (The
small negative differenceswith respectto T-PoS
arenot statisticallysignificant.) As alreadynoted,
the bestresultsare obtainedwhentraining on T-
Wor ds+PaoS, whereespeciallythe labeledattach-
mentscorefor Wor ds is substantiallyhigherthan
for PoS and in fact approacheghe results for
Wor ds+PaS. With respecto unlabeledaccuragy,
the differencebetweenWords andPoS is not sta-
tistically significant.



Model

LAS| AS

Words
PoS
Words+PoS

77.0
78.7
83.9

83.8
85.2
88.0

Table3: Parsingaccurag for modelstrainedon Talbanlen

Trainingset | Model LAS| AS
T-Words Words 76.8| 83.1
PoS 74.1| 81.7
Words+PoS| 78.0| 83.6
T-PoS Words 78.5| 84.9
PoS 78.6 | 85.3
Words+PoS| 79.3| 85.7
T-Words+PoS| Words 81.1| 85.8
PoS 79.0| 85.2
Words+PoS| 83.2| 87.1

Table4: Parsingaccurag for modelstrainedon the parsedStockholm-Umé Corpus

If weturnto the Wor ds+PoS model,finally, we
seethatthis modelneverimproveswith bootstrap-
ping. Whentrainedon its own outputthe dropin
accurag is notsignificant,but whentrainedonthe
outputof the othermodelsthe accurag dropses-
pecially with respecto labeledattachment.And
the highestscoresoverall are the onesobtained
with the Wor ds+PoS modeltrainedonly on Tal-
banlen. This may seemlike a disappointingre-
sult, but we have to keepin mind that whereas
the bestmodel so far is restrictedby the bottle-
neckof availabletreebanlkdata,the bootstrapping
of the pure lexical model can be performedwith
even larger training corpora. As far aswe know,
it is still an openquestionwhetherit is actually
possiblein this way to surpassheaccurag of the
modelonwhich thebootstrappinds based.

6 Conclusion

In this paper we have shovn that a pure lexi-
calizedmodelfor deterministicdependeng pars-
ing cangive a higheraccurag thana modelin-
volving (only) parts-of-speechf we usea mixed
modeltrainedon a small treebankto generatea
larger training corpusfor the lexicalized model.
In this way, we have extendedthe results of
van den Bosch and Buchholz (2002) by show-

ing that, not only cana parsingmodel basedon

words aloneoutperforma modelbasedon parts-
of-speechalone given enoughtraining data, but

this effect canalsobeachievedthroughbootstrap-
ping, startingfrom a relatively smallinitial train-

ing corpus.This opensup new possibilities,since
theamountof trainingdatathatcanbeusedfor the

lexical modelis no longerboundedoy theamount
of annotatedreebankdataavailable, even if su-

pervisedlearningis used. One of the interesting
guestionsfor further researchs whetherwe can

usethis potentialto surpasshebestmodeltrained
ontheinitial treebank.
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