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Abstract
We presentasimple,one-passvord alignmentalgorithmfor paralleltext. Ouralgorithmutilizessynchronougarsingandtakesadwantage
of existing syntacticannotationsin our experimentgheperformancef thismodelis comparableéo morecomplicatedterative methods.
We discusghechallengegndpotentialbenebt®f usingthis modelto train syntacticparserdor new languages.

1. Intr oduction

Word alignmentis acommonexercisegiven to students
learninga foreignlanguage Given a pair of sentencethat
aretranslation®f eachother thestudentareaskedto draw
linesbetweerwordsthatmeanthe samething.

In the context of multi-lingual naturallanguagepro-
cessingword alignment(more simply, alignmenj is also
a necessargtepfor mary applications.For instanceijt is
requiredn the parameteestimatiorstepfor trainingstatis-
tical translatiormodels(Al-Onaizanetal., 1999;Brown et
al., 1990;Melamed,2000). Alignmentsarealsousefulfor
foreignlanguageesourceacquisition.Yarovsky andNgai
(2001) usean alignmentto project part-of-speecl{POS)
tagsfrom Englishto Chinese andusethe resultingnoisy
corpusto train a reliable ChinesePOStagger Their result
suggestshatis worthwhileto considermoreambitiousen-
deavorsin resourceacquisition.

Creating a syntactic treebank(e.g., the Penn Tree-
bankProject(Marcuset al., 1993))is time-consumingnd
expensve. As a consequencestate-of-the-arstochastic
parserswvhich rely on suchtreebanksare availableonly in
languagegor which they areavailable,suchasEnglish. If
syntacticannotationcould be projectedfrom Englishto a
languagéfor which no treebankhasbeendeveloped,then
the treebankbottleneckmay be overcome(Cabeza%t al.,
2001).

In principle,the succes®f treebankacquisitionin this
mannerdependon a few key assumptions.The brstas-
sumptionis thatsyntacticrelationshipsn onelanguagesan
bedirectly projectedto anothelanguageausinganaccurate
alignment.Thistheoryis exploredin Hwaet al. (2002b).A
secondassumptionis thatwe have access$o bothanEnglish
parserand word alignerthat can performtheir tasksat a
sufbcientlyhighlevel of quality. Athoughhigh-qualityEn-
glish parsersare available, high-quality alignersare more
difbcultto comeby. Most alignmentresearchhasout of
necessityconcentratedn unsupervisednethods Eventhe
bestresultsaremuchworsethanalignmentsreatedoy hu-
mans. Therefore this paperfocuseson producingalign-
mentsthat aretailoredto the aimsof syntacticprojection.
In particular we proposea novel alignmentmodel that,
given an Englishsentenceits dependeng parsetree,and
its translation,simultaneouslygenerateslignmentsanda
dependengtreefor thetranslation.

Our alignmentmodelaimsto improve alignmentaccu-
ragy while maintainingsensitvity to constraintsmposed
by the syntactictransfertask. We hypothesizethat the
incorporationof syntacticknowledgeinto the alignment
modelwill resultin higherquality alignments.Moreover,
by generatingalignmentsand parsetreessimultaneously
thealignmentalgorithmavoidsirreconcilableerrorsin the
projectedtreessuchas crossingdependenciesThus, our
two objectives complemeneachother

To verify thesehypothesesywe have performeda suite
of experimentsgvaluatingour algorithmon the quality of
the resultingalignmentsand projectedparsetreesfor En-
glish and Chinesesentenceairs. Our initial experiments
demonstrat¢hatour approactproducesalignmentsvhose
qualityis comparabléo thoseproducedy currentstate-of-
theart systemsMoreover, the outputdependengtreesare
superiorto thoseproducedy othermethods.

We acknavledgethat the strongassumptionsve have
statedfor the succes®f treebankacquistiondo not always
hold true (Hwa et al., 2002a;Hwa et al., 2002b). There-
fore, it will alsobenecessaryo deviseatrainingalgorithm
thatlearnssyntaxevenin the faceof substantiahoisein-
troducedby failuresin theseassumptions.Although this
last pointis beyondthe scopeof this paper we will allude
to potentialsyntactictransferapproacheshatarepossible
with our systemput infeasibleunderotherapproaches.

2. Background

Synchronousparsing appearsto be the best model
for syntacticprojection. Synchronougparsingmodelsthe
translationprocessasdual sentencegyeneratiorin which a
word andits translationin the othersentencaregenerated
in lockstep.Translatiorpairsof bothwordsandphrasesre
generatedn a mannerconsistentwith the syntaxof their
respectie languageshut in away thatexpresseshe same
relationshipto the restof the sentence.Thus, alignment
andsyntaxareproducedimultaneoushandinducemutual
constraint®neachother Thismodelis idealfor thepursuit
of our objectves, becauset capturesour complementary
goalsin aneleganttheoreticaframevork.

Synchronougparsingrequiresboth parsedo adhereto
the constraintsof a given monolingualparsingmodel. If
we assumecontet-free grammarsthen eachparsemust
be contet-free. If we assumalependengcgrammarsthen



eachparsanustobsenetheplanarityandconnectity con-
straintstypical of suchgrammarge.g. SleatorandTemper
ley (1993)).

In constrastmary alignmentmodels(Melamed,2000;
Brown et al., 1990) rely on a bag-of-wordsmodel. This
modelpresupposeso structuralconstraintson eitherinput
sentencéeyondits linear order To seewhy this type of
modelis problematicfor syntactictransfer considerwhat
happensvhen syntaxsubsequentlynteractswith its out-
put. Projectingdependencieascrossuchanalignmentmay
resultin adependengtreethatviolatesplanarityandcon-
nectvity constraintgFigurel).
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Figure 1: Violation of dependeng grammarconstraints
causedy projectinga dependeng parseacrossa bag-of-
wordsalignment.Combiningthe syntaxof Figurelawith
the alignmentof Figure 1b produceghe syntaxof Figure
1c. In this example, the link crossesthe link
violating the planarity constraint,and the word
is unconnectedyiolating the connectvity constraint.

Once the fundamentalassumptionsof the syntactic
model have beenbreachedthereis no clear way to re-
cover. For this reasonwe cannotusebag-of-wordsalign-
mentmodels althoughin mary respectshey remainstate-
of-the-artfor alignment.

A canonicalexample of synchronousparsingis the
StochastidnversionTransductionGrammar(SITV) (Wu,
1995).TheSITV modelimposegheconstraintof context-
free grammarson the synchronougparsingervironment.
However, we regard context-free grammarsas problem-
atic for our task, becauseecentstatistical parsingmod-
els (Charniak, 2000; Collins, 1999; Ratnaparkhi,1999)
owe muchof their successo ideasinherentto dependeng
parsing.We thereforeadoptan algorithmdescribedn Al-

shavi and Douglas(2000)! Their algorithm constructs
synchronouslependengparsesn thecontet of adomain-
specibcspeech-to-speedhanslationsystem. In their sys-
tem, synchronougparsingonly enforcesa contiguity con-
straint on phrasaltranslations. The actual syntax of the
sentencas not assumedo be knowvn. Neverthelesstheir
modelis a synchronougarserfor dependengsyntax,and
we adoptit for our purposes.

3. Our Modibed Alignment Algorithm

We introduceparsetreesasan optionalinput to the al-
gorithm of Alshawi and Douglas(2000). We requirethat
outputdependengtreesconformto dependengtreesthat
areprovidedasinput. If no parsetreeis provided,our al-
gorithmbehaesidenticallyto thatof Alshawi andDouglas
(2000).

3.1. Debnitions
We assumasinputa parallelcorpusthathasbeenseg-

mentedinto sentenceairs( , ).
The algorithm iteratesover the sentencepairs producing
alignments.

We dePnea dependengparseasarootedtreein which
all words of the sentenceappearonce,and eachnodein
the tree is sucha word (Figure 2). An in-order traver-
sal of the tree producegthe sentence.A word is saidto
be modipedby ary words that appearas its childrenin
the tree; corversely the parentof a word is known asits
headwod. A word is said to dominatethe spanof all
wordsthat are descendedrom it in the tree,andis like-
wiseknown astheheadwod of thatspan? Subjectto these
constraintsthe dependeng parseof  is expressedas a
function which debneghe head-
word of eachword in the dependenggraph. The expres-
sion indicatesthat word is the root node
of the graph(the headverd of the sentence).The depen-
dengy parseof is debned
analagously

An alignmentis expressedsafunction

in which indicatesthatword  of is
alignedwithword  of W. Thecasein which de-

notesnull-alignment(i.e. theword  doesnot correspond
toarny wordin ). Underthe constraintof synchronous
parsing,we requirethat if , then

. In otherwords,the headvord of a word®trans-
lationis the translationof the word®headverd (Figure3).
We alsorequirethat the analagousonditionhold for the
inversealignmentmap

3.2. Algorithm Details

Ouralgorithm(Appendix)is a bottom-updynamicpro-
grammingprocedure. It is initialized by consideringall
possibliealignmentsf onewordto anothemvordorto null.

1An alternatve to dependeng grammaris the richer formal-
ism of SynchronizedTree-Adjoining Grammar(TAG) (Shieber
and Schabes1990). However, SynchronizedTAG raisesissues
of computationatompleity andhasnot yet beenexploitedin a
stochastisetting.

2Elsavhere, the termsconnectivityand planarity are usedto
debneaheseconstraints.
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Figure2: A dependengparse. The top view depictsthe
sentencén atreeform thatmakesthedominanceandhead-
word relationshipsclear (  is the headverd of the sen-
tence). The bottomview depictsthe sametreein morefa-
miliar sentencéorm, with thelinks dravn abovethewords.

Figure3: Synchronouslependengparses.Notice thatall
dependenglinks are symmetricacrossthe alignment. In
addition,the unalignedword is connectedn the parse
of

Alshawi andDouglas(2000)consideredlignmentsof two
wordsto oneor nowords,but we foundin our evaluations
thatrestrictingtheinitialization stepto oneword produced
betterresults. In fact, Melamed(2000)arguesfor in favor
of exclusively one-to-onealignments. However, we may
later explorein moredetail the effectsof initializing from
multi-word alignments.

As in Alshawi and Douglas(2000)eachpossibleone-
to-onealignmentis scoredusingthe  metric (Galeand

Church.,1991),which is usedto computethe correlation
between and over all sentencepairs

in the corpus. In Section4.7.we considerthe use
of  overadifferentsetof countssowewill use tode-
noteits useover co-occurrenceountstakenfrom the cor
pus.

To computealignmentsof larger spansthe algorithm
combinesadjacentsubalignments.During this step, one
subalignmenbecomes modiberphrase.Interpretingthis
in termsof dependeng parsing,the alignedheadverds of
themodibemphrasebhecomeamodiberf thealignedhead-
words of the otherphrase. At eachstep,the costof the
alignmentis computed. Following Alshawi and Douglas
(2000)we simply addthe costof the subalignmentsThus
the overall costof ary alignedsubphraseanbe computed
asfollows.

The output of the algorithm is simply the highest-
scoringalignmenthatcoverstheentirespanof both  and

3.3. Treatmentof Null Alignments

Null alignmentspresenta few practicalissues.For ex-
perimentgnvolving , we adoptthe practiceof counting
anull tokenin the shortersentencef eachpair.® An alter
native solutionto this problemwould involve initialization
fromawordassociatioomodelthatexplicitly handlesulls,
suchasthatof Melamed(2000).

An implication of the synchronougarsingconstraint
givenin Section3.1.is thatnull-alignedwordsmustbeleaf
wordswithin theirmonolinguadependenggraphs.in cer
tain caseghis maynotleadto the bestsynchronizegbarse.
We remove this condition. Effectively, we considereach
sentencdo consistof the samenumberof tokens,some
of which may be null tokens. (usually this will introduce
null tokensinto only the shortersentencelut notnecessar
ily). Thenull tokensbehae like word tokenswith regards
to the synchronougparsingconstraintbut they do notim-
pactphrasecontiguity® In only the resultingsuriacede-
pendeng graphswe remove null tokensby contractingall
edgedetweerthe null tokenandits parentandnamingthe
resultantnodewith the word on the parentnode. Recall
from graphtheorythatcontractioris anoperationwhereby
anedgeis removed andthe nodesat its endpointsarecon-
Rated. ® Thus, word tokensthat modify a null token are
interpretedas modibersof the the null token®headvord.
This is illustratedin Figure4. Oneimportantimplication
of thisis thatwe canonly allow anull tokento bethehead-
word of thesentencdf it hasa singlemodiber Otherwise,
the result of the graphcontractionwould not be a rooted
tree. We found that this treatmentof null alignmentsre-
sultedin a slightimprovementin alignmentresults.

3Srinivas Bangalore personatommunication.

4a null token is consideredo be contiguouswith ary other
subphraseb anotherway to view this is that a null token is an
unseenword that may appearat ary locationin the sentencen
orderto satisfycontiguity constraints.

Sseee.g.,Grossand Yellen(1999)
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Figure4: Effect of null wordson synchronougparses.In

thiscaseword  hasbeennull-alignedto the null token
Howewer,  canstill participatein the synchronous

parseproducedby the algorithm. Oncethe structurehas

beencompletedthe edgebetween and (indicatedby

the dashedine) will contract. This will resultin the in-

ferreddependeng (indicatedby the dottedline) between

and

3.4. Analysis

In thecasethatthereareno parsesvailable thecompu-
tationalcompleity of the algorithmis , but with
aparseof (andanefpcientenumeratiorof thesubphrase
combinationsllowedby theparsethe compleity reduces
to . If both parsesare available the compleity
would bereducedo

It is importantto notethat asit is presentedpur al-
gorithm doesnot searchthe entire spaceof possiblealig-
ment/treecombinations Melamedobsenresthattwo mod-
ibcationsarerequiredto accomplishthis.® The brstmod-
iPcationentailsthe addition of four new loop parameters
to enumeratehe possibleheadvordsof the four monolin-
gualsubspansTheseadditionalparametersdda factorof

. Second,Melamedpoints out that for a small
subsetof legal structuresjt mustbe possibleto combine
subphrasethatarenot adjacento oneanother The most
efbcientsolutionto this problemaddswo moreparameters,
for atotal of . The bestknown optimizationre-
ducesghisto . Thisis far too complex for aprac-
tical implementation.As such,we choseto usethe origi-
nal algorithmfor our evaluations.Thuswe rec-
ognizethatour algorithmdoesnot searchthe entire space
of synchronougparses.lt inherentlyincorporates greedy
heuristic, since for eachsubphraseit considersonly the
mostlikely headverd.

5|. DanMelamed personatommunication.

4. Evaluation

We have performeda suite of experimentsto evalu-
ate our alignmentalgorithm. The qualitiesof the result-
ing alignmentsand dependeng parsetreesare quantibed
by comparisonsvith correcthuman-annotateplarses.We
comparethe alignmentoutput of our algorithmwith that
of the basicalgorithmdescribedn Alshawi and Douglas
(2000)andthewell-known IBM statisticaimodeldescribed
in Brown et al. (1990)using the freely available imple-
mentation(Giza++)describedn Al-Onaizanetal. (1999).
We found that our model, which combinesthe statis-
tic with syntactic annotation, performsalignmentsat a
level comparablgo the comple iterative IBM statistical
model,andproducedbetterdependengtreesthanary other
method. We comparethesetreesagainstseseral baselines
andagainsiprojecteddependengtreescreatedn theman-
nerdescribedn (Hwaget al.,2002a).

4.1. DataSet

Thelanguagepair we have focusedon for this studyis
English-Chinese.The training corpusconsistsof around
56,000sentencepairsfrom the Hong Kong News parallel
corpus.Becausehetrainingcorpusis solelyusedfor word
co-occurrencstatistics no annotationris performedonit.

Thedevelopmensetwas constructedby obtainingman-
ual English translationsfor 47 Chinesesentencef 25
wordsor less,takenfrom section9001-015of the Chinese
Treebank(Xia et al., 2000). A separatdest set, consist-
ing of 46 Chinesesentencesf 25 wordsor less,was con-
structedin a similar fashion! To obtain correctEnglish
parseswe useda contet-free parser(Collins, 1999)and
convertedits outputto dependengformat. To obtaincor
rectChinesgrarsesChineselreebankreeswerecorverted
to dependeng format. Both setsof parseswere hand-
corrected.The correctalignmentdor the developmentand
testsetwerecreatedoy two native Chinesespealersusing
annotationsoftware similar to that describedn Melamed
(1998).

4.2. Metrics for evaluating alignments

As a measureof alignmentaccurag, we reportAlign-
mentPrecision( ) andAlignmentRecall( ) bgures.
Theseare computedby by comparingthe alignmentlinks
madeby the systemwith thelinks in thecorrectalignment.
We denotethe set of guessedalignmentlinks by and
thesetof correctalignmentinks by . Precisionis given
by . Recallis given by .
We also computethe F-score( ), which is given by
. Null alignmentsareignoredin all com-
putations.Our evaluationmetricis similar to thatusedby
OchandNey (2000).

4.3. Metrics for evaluating projectedparsetrees

As ameasuref induceddependengtreeaccurag, we
reportunlabelledChineseTree Precision( ). Thisis

"These sentenceshave already been manually translated
into English as part of the NIST MT evaluation preview (See
http://www nist.ga//speech/tests/mt/)The sentencesvere taken
from sectiond038,039,067,122,191,207,249.



| Synchronou®arsingMethod | AP| AR | AF |CTP ]
sim-Alshavi () 406 | 365 | 384 | 185
sim-Alshawi () + Englishparse 438 | 393 | 414 | 399
sim-Alshawi () + Englishparset+ Chinesebigrams| 429 | 385 | 406 | 394
sim-Alshavi () + bothbigrams 415 | 373 | 393 | 165
Giza++initialization( ) 512 | 459 | 484 | 116
Gizat+initialization( )+ Englishparse 496 | 446 | 470 | 447

BaselineMethod

|AP| AR| AF|CTP|

SameOrderAlignment 157 | 141 | 148 NA
RandomAlignment(avg scores)| 7.8 70 74 NA
Forward-chain NA NA NA | 373
Backward-chain NA NA NA | 129
Giza++ 687 | 409 | 513 NA
Hwaet al. (2002a) NA | NA | NA | 441

Tablel: AlignmentResultsfor All Methods.

AP = AlignmentPrecision AR = AlignmentRecall. AF = AlignmentF-Score CTP = ChineselreePrecision.

All scoresarereportedaspercentagesf 100.
Thebestscoresn eachtableappeain bold.

computedby comparingthe outputdependeng tree with
thecorrectdependengtrees.We denotethe setof guessed
dependeng links by andthe setof correctalignment
linksby . A smallnumbernofwords(mostlypunctuation)
were not linked to ary parentword in the correctparse;
links containingthesewordsarenot includedin either

or . Precisionis given by . For
dependengtrees, , Sinceeachwordcontritutes
onelink relatingit to its headverd. Thus,recallis thesame
asprecisionfor our purposes.

4.4. BaselineResults

We prstpresenthe scoresof somenad\e algorithmsas
a baselinein orderto provide a lower boundfor our re-
sults. Theresultsof the baselineexperimentsareincluded
with all otherresultsin Table1. Our brstbaseling(Same
OrderAlignment) simply mapscharacter in the English
sentencéo character in the Chinesesentenceor in
the caseof . Our secondbaselinglRandomAlign-
ment),randomlyalignsword toword  subjectto the
constraintthat no words are multiply aligned. We report
theaveragescoresover 100runsof this baseline.The best
RandomAlignment F-scorewas 10.0%andthe worstwas
5.3%with a standardieviation of 0.9%.

For parsetrees,we usetwo simple baselines. In the
prst(Forward-Chain)eachword modipeghe wordimme-
diatelyfollowingit, andthelastwordis theheadveordof the
sentenceFor the secondaseling Backward-Chain)gach
word modibeghe word immediatelyprecedingt, andthe
Prstword is the headverd of the sentence.No alignment
was performedor thesebaselines.

Thebnalbaselineselateto the Giza++algorithm.This
producesthe bestresult for alignment. For reasonsde-
scribedpreviously, this cannotbe directly usedfor projec-
tion. However, Hwaet al. (2002a)containsaninvestigation
in which treesoutputfrom Giza++aremodibPedusingses-
eralheuristics andsubsequentlymproved usinglinguistic

knowledgeof Chinese.We reportthe ChineseTreePreci-
sionobtainecby this method.

4.5. SynchronousParsing Results

Our brst set of alignmentscombinesthe Cross-
lingual co-occurrencenetric describedoreviously with ei-
ther Englishparseor no parsetrees. In this set, with
noparses nearlyidenticalto theapproactdescribedn Al-
shavi andDouglas(2000)(exceptingour treatmenof null
alignments) Thus,it senesasausefulpointof comparison
for runsthatmake useof otherinformation. In Table1 we
referto it assim-Alshawi.

Whatwe bndis thatincorporatingoarsetreesresultsin
a modestimprovementover the baselineapproachof Al-
shavi and Douglas(2000). We noticethatusinga single
parseprovidesa very slightimprovementn alignment but
anoticeablemprovementin inducedparsetrees.

Why aren6the improvementsmore substantial?One
obsenation is that using parsesin this mannerresultsin
only passve interactionwith the cross-lingual  scores.
In otherwords,the parsebltersout certainalignmentshbut
cannotin ary otherway counteracthe biasesinherentin
the word statistics. Neverthelessijt appeardo be modest
progress.

4.6. Resultsof Using Bigrams to Approximate Parses

The resultssuggesthat using parsesto constrainthe
alignmentis helpful. It is possiblethat using both parses
wouldresultin a moresubstantialimprovement.However,
we have alreadystatedthatwe areinterestedn the caseof
asynchronousesourcesUnderthis scenarioywe only have
acces$o oneparse ls theresomeway thatwe canapproxi-
matesyntacticconstraintof a sentencevithout having ac-
cesgoits parse?

The parsersof (Charniak,2000; Collins, 1999; Ratna-
parkhi, 1999)make substantialiseof bilexical dependen-
cies Bilexical dependenciesapturethe ideathat linked



wordsin a dependeng parsehave a statisticalafnity for
eachother: they oftenappeartogetherin certaincontets.
We suspecthat bigramstatisticscould be usedasa proxy
for actualbilexical dependencies.

We constructeda simple test of this theory: for each
Englishsentence in thedevelopmentsetwith

parse , we brstconstructthe set
of all bigrams . We
thenpartition into two sets:bigramsof linkedwords,i.e.
or
andunlinkedwords . Usingthe Bigram Statis-

tics Packagedescribedn Pederseii2001),we collectedbi-

gram statisticsover the entire dev/train corpus. We then
computedhe averagestatisticalcorrelationof eachsetus-
ing a variety of metrics(loglikelihood,dice, , ). The
resultsindicatedthatbigramsin thelinkedset weremore
correlatedhanthosein theunlinkedset  underall met-
rics. We repeatedhis experimentwith the development
sentences Chinesewith similar results.Althoughthisis

by nomeansconclusve experimentwetooktheresultsas
anindicationthatusingbigramstatisticsasan approxima-
tion of aparsemightbehelpfulwhereno parsewvas actually
available.

To incorporate bigram statistics into our alignment
model,we modibedthe scoringfunctionin the following
mannereachtimeadependenglink isintroducedetween
wordsandwe do not have accesdo the sourceparse,we
addinto the alignmentscorethe bigramscoreof the two
words. The bigramscoreis basedonthe  metric com-
putedfor bigramcorrelation Wecallthis . Theresulting
alignmentscorecannow be givenby thefollowing formula.

OurresultsindicatethatusingChinesebigramstatistics
in conjunctionwith English parsetreesin this mannerre-

sultsin a small decreasen the scorealongall measures.

Nonethelesghereis anintuitively appealingnterpretation
of usingbigramsin this way. The prstis thatthe modip-
cationof thescoringfunctionprovidescompetitive interac-
tion betweerparseinformationandcross-linguaktatistics.
Theseconds thatif bigramstatisticsrepresena weakap-
proximationof syntax thenperhapgheiteratverepnement
of this statistic(e.g. by taking countsonly over wordsthat
werelinkedin apreviousiteration)would satisfyourobjec-
tive of syntactictransfer It is not clearfrom theresultsthat
this is the case. However, it doesprovide a startingpoint
for syntacticstatisticsthat is not available if we useonly
cross-linguaktatistics.

4.7. Resultsof Using Better Word Statistics

Our results shav that using parse information and
coarsecross-lingualvordstatisticprovidesamodesboost
over an approachusingonly the cross-lingualword statis-
tics. We alsodecidedo investigatevhathappensvhenwe
seedouralgorithmwith bettercross-linguaktatistics

To testthis, we initialize our co-occurrenceountsfrom
alignmentinks outputby the Giza++alignmentof our cor
pus.Westill use  to computehecorrelation.We call this

. Predictablyusingthe betterword correlationstatistics

improves the quality of the alignmentoutputin all cases.
In this scenario,addingparseinformationdoesnot seem
to improve the alignmentscore. However, parsetreesin-
ducedin thismannemachiese a higherprecisionthanary of
the othermethods.It outscoreghe baselinealgorithmsby
a signibcantamount,and producesesultscomparableo
the baselineof Hwa et al. (2002a).1t is importantto note,
however, thatthebaselineof Hwaet al. (2002a)s achieved
only afterthe applicationof linguistic rulesto the outputof
the Giza++alignment. Additionally, the treesthemseles
may containerrorsof thetype describedn Section2.. Our
tree precisionresultsdirectly from the applicationof our
synchronouparsingalgorithm,andall of the outputtrees
arevalid dependengparses.

5. Future Work

We believethatafundamentahdwantageof ourbaseline
modelis its simplicity. Improving uponit will be consid-
erablyeasierthanimproving upona complex modelsuch
as the one describedin Brown et al. (1990). Improve-
mentsmay proceedalongseveral possiblepaths.Onepath
wouldinvolve reformulatingthe scoringfunctionsin terms
of statisticalmodels(e.g. generatre models). A natural
complemento this path would be the introductionof it-
erationwith the goal of improving the alignmentsandthe
accompawping models.In this approachye could attempt
to learna coarsestatisticalmodelof the syntaxof the low-
densitylanguageaftereachiterationof thealignment.This
informationcouldin turn be usedasevidencein the next
iteration of the alignmentmodel, hopefully improving its
performance Our resultshave alreadyestablished setof
statisticsthat could be usedin the initial iterationof such
atask. Theiterative approachresonatesvith anideapro-
posedin Yarowvsky andNgai (2001),regardingthe useof
learnedpart-of-speechaggersn subsequerdlignmentit-
erations.

An orthogonahpproactwouldbetheapplicationof ad-
ditional linguistic information. Our resultsindicatedthat
syntactic knowledge can help improve alignment. Ad-
ditional linguistic knowledgeobtainedfrom named-entity
analysesphrasalboundarydetection,and part-of-speech
tagsmightalsoimprove alignment.

Although our output dependeng treesrepresentdef-
inite progress,treeswith such low precisioncannotbe
useddirectly to train statisticalparserghatassumecorrect
trainingdata(Charniak,2000;Collins, 1999;Ratnaparkhi,
1999). Therearetwo possiblemethodsof improving upon
the precisionof this training data. The prstis the useof
noise-resistartraining algorithmssuchasthosedescribed
in (Yarowsky and Ngai, 2001). The secondis the possi-
bility of improving the precisionyield by removing obwvi-
ouslybadtrainingexamplesfrom the set. Unlike the base-
line model, our word alignmentmodel provides an ohwvi-
ousmeansof doingthis. Onepossibility is to usea score
gleanedrom the alignmentalgorithmasa meansof rank-
ing dependeng links, andremoving links whosescoreis
above somethreshold. We hopethat a dual approachof
improving the precisionof thetrainingexampleswhile si-
multaneouslyreducingthe sensitvity of the training algo-
rithm, will resultin theability to trainareasonablaccurate



statisticalparserfor the new language.

6. Relatedwork

Al-Onaizan et al. (1999), Brown et al. (1990)
and Melamed(2000) focus on the descriptionof statisti-
cal translationmodelsbasedon the bag-of-words model.
Alignment plays a crucial part in the parameterestima-
tion methodsof thesemodels,but they remaininadequate
for syntactictransferfor reasonsdescribedn Section2..
Thework of Hwa et al. (2002b)includesan investigation
into the combinationof syntaxwith the outputof this type
of model. Och et al. (1999) presentsa statisticaltrans-
lation model that performsphrasaltranslation,but it re-
liesonshallav phraseshatarediscoveredstatistically and
makesno useof syntax. Yamadaand Knight (2001)cre-
ateafull-Redgedsyntax-basettanslatiormodel.However,
their modelis unidirectional;it only describeghe syntax
of onesentenceandmalkesno provision for the syntaxof
the other Wu (1995) presentsa completetheory of syn-
chronougarsingusinga variantof contet-freegrammars,
and exhibits several positive results,thoughnot for syn-
tax transfer Alshawi andDouglas(2000)presenthe syn-
chronousparsingalgorithm on which our work is based.
Much like the work on translationmodels,however, this
work is interestedn alignmentprimarily asa mechanism
for training a machinetranslationsystem. Variationson
thesynchronougarsingalgorithmappeain Alshawi etal.
(2000a)and Alshawi et al. (2000b),but the algorithm of
Alshawi andDouglas(2000)appeargo be the most3exi-
ble.

7. Conclusion

We have describeda new approachto alignmentthat
incorporateslependeng parsesinto a synchronougars-
ing model. Our resultsindicatethat this approachresults
in alignmentswhosequality is comparableo thosepro-
ducedby complicatedterative techniquesln addition,our
approachdemonstratesubstantialpromisein the task of
learningsyntacticmodelsfor resource-podanguages.
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A Algorithm Pseudocode

Thefollowing codeis as generl as possibleaboutwhat constitutesa legal combinationof subspangor an
alignment. This is becausdegal subspansnay dependon input constaints (suc as a parse). Implicit in
the codeis the ideathat the legal combinationsshouldbe enumeatedin a reasonablavay, Thatis, small
spansshouldbe enumeatedbefor larger spansthat maybe constructedromthem.In the original algorithm
describedn Alshawiand Douglas(2000),all possiblecombinationsof subspansacrossbothlanguages are

legal.

Thevariables and denotethe span ,and denotes partition of the spansud that
. Thevariables , ,and are debnednalagouslyon
Finally, we assumehat we havea chart , which containscellsindexedby , , ,and . Eadcell
containssubbelds , ,and
for all legalcombinationof , , ,and
for all legalcombinationof , , , , ,and

considerthecasein which alignedsubphasesare in the sameorderin bothlanguages

cost( )
if then
new subAlignment( )
swap( )
cost( )
if then
new subAlignment( )

considerthecasein which alignedsubphasesare in thereverseorderin eat language

cost( )
if then
new subAlignment( )
swap( )
cost( )
if then
new subAlignment( )

return




