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Abstract
Wepresentasimple,one-passwordalignmentalgorithmfor paralleltext. Ouralgorithmutilizessynchronousparsingandtakesadvantage
of existingsyntacticannotations.In ourexperimentstheperformanceof thismodelis comparableto morecomplicatediterativemethods.
WediscussthechallengesandpotentialbeneÞtsof usingthis modelto train syntacticparsersfor new languages.

1. Intr oduction
Word alignmentis acommonexercisegiven to students

learninga foreignlanguage.Given a pair of sentencesthat
aretranslationsof eachother, thestudentsareaskedto draw
linesbetweenwordsthatmeanthesamething.

In the context of multi-lingual natural languagepro-
cessing,word alignment(moresimply, alignment) is also
a necessarystepfor many applications.For instance,it is
requiredin theparameterestimationstepfor trainingstatis-
tical translationmodels(Al-Onaizanet al., 1999;Brown et
al., 1990;Melamed,2000).Alignmentsarealsousefulfor
foreignlanguageresourceacquisition.Yarowsky andNgai
(2001)usean alignmentto project part-of-speech(POS)
tagsfrom Englishto Chinese,andusethe resultingnoisy
corpusto train a reliableChinesePOStagger. Their result
suggeststhatis worthwhileto considermoreambitiousen-
deavorsin resourceacquisition.

Creating a syntactic treebank(e.g., the Penn Tree-
bankProject(Marcuset al., 1993))is time-consumingand
expensive. As a consequence,state-of-the-artstochastic
parserswhich rely on suchtreebanksareavailableonly in
languagesfor which they areavailable,suchasEnglish. If
syntacticannotationcould be projectedfrom Englishto a
languagefor which no treebankhasbeendeveloped,then
the treebankbottleneckmay be overcome(Cabezaset al.,
2001).

In principle,thesuccessof treebankacquisitionin this
mannerdependson a few key assumptions.The Þrst as-
sumptionis thatsyntacticrelationshipsin onelanguagecan
bedirectlyprojectedto anotherlanguageusinganaccurate
alignment.Thistheoryis exploredin Hwaet al. (2002b).A
secondassumptionis thatwehaveaccesstobothanEnglish
parserandword aligner that can performtheir tasksat a
sufÞcientlyhigh level of quality. Athoughhigh-qualityEn-
glish parsersareavailable,high-qualityalignersaremore
difÞcult to comeby. Most alignmentresearchhasout of
necessityconcentratedonunsupervisedmethods.Eventhe
bestresultsaremuchworsethanalignmentscreatedby hu-
mans. Therefore,this paperfocuseson producingalign-
mentsthat aretailoredto the aimsof syntacticprojection.
In particular, we proposea novel alignmentmodel that,
given an Englishsentence,its dependency parsetree,and
its translation,simultaneouslygeneratesalignmentsanda
dependency treefor thetranslation.

Our alignmentmodelaimsto improve alignmentaccu-
racy while maintainingsensitivity to constraintsimposed
by the syntactic transfertask. We hypothesizethat the
incorporationof syntacticknowledge into the alignment
modelwill result in higherquality alignments.Moreover,
by generatingalignmentsandparsetreessimultaneously,
thealignmentalgorithmavoids irreconcilableerrorsin the
projectedtreessuchascrossingdependencies.Thus,our
two objectivescomplementeachother.

To verify thesehypotheses,we have performeda suite
of experiments,evaluatingour algorithmon thequality of
the resultingalignmentsandprojectedparsetreesfor En-
glish andChinesesentencepairs. Our initial experiments
demonstratethatour approachproducesalignmentswhose
qualityis comparableto thoseproducedbycurrentstate-of-
theart systems.Moreover, theoutputdependency treesare
superiorto thoseproducedby othermethods.

We acknowledgethat the strongassumptionswe have
statedfor thesuccessof treebankacquistiondo not always
hold true (Hwa et al., 2002a;Hwa et al., 2002b). There-
fore,it will alsobenecessaryto devisea trainingalgorithm
that learnssyntaxeven in the faceof substantialnoisein-
troducedby failuresin theseassumptions.Although this
lastpoint is beyondthescopeof this paper, we will allude
to potentialsyntactictransferapproachesthatarepossible
with oursystem,but infeasibleunderotherapproaches.

2. Background
Synchronousparsing appearsto be the best model

for syntacticprojection. Synchronousparsingmodelsthe
translationprocessasdual sentencegenerationin which a
wordandits translationin theothersentencearegenerated
in lockstep.Translationpairsof bothwordsandphrasesare
generatedin a mannerconsistentwith the syntaxof their
respective languages,but in a way thatexpressesthesame
relationshipto the rest of the sentence.Thus, alignment
andsyntaxareproducedsimultaneouslyandinducemutual
constraintsoneachother. Thismodelis idealfor thepursuit
of our objectives,becauseit capturesour complementary
goalsin aneleganttheoreticalframework.

Synchronousparsingrequiresbothparsesto adhereto
the constraintsof a given monolingualparsingmodel. If
we assumecontext-free grammars,then eachparsemust
becontext-free. If we assumedependency grammars,then



eachparsemustobservetheplanarityandconnectivity con-
straintstypicalof suchgrammars(e.g.SleatorandTemper-
ley (1993)).

In constrast,many alignmentmodels(Melamed,2000;
Brown et al., 1990) rely on a bag-of-wordsmodel. This
modelpresupposesnostructuralconstraintsoneitherinput
sentencebeyond its linear order. To seewhy this type of
modelis problematicfor syntactictransfer, considerwhat
happenswhensyntaxsubsequentlyinteractswith its out-
put.Projectingdependenciesacrosssuchanalignmentmay
resultin a dependency treethatviolatesplanarityandcon-
nectivity constraints(Figure1).
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Figure 1: Violation of dependency grammarconstraints
causedby projectinga dependency parseacrossa bag-of-
wordsalignment.Combiningthesyntaxof Figure1awith
the alignmentof Figure1b producesthe syntaxof Figure
1c. In this example, the link ©}ª;«5¬>ª�­5® crossesthe link

©¯ª�°b¬>ª�±'® violating the planarity constraint,and the word
ª3² is unconnected,violating theconnectivity constraint.

Once the fundamentalassumptionsof the syntactic
model have beenbreached,there is no clear way to re-
cover. For this reason,we cannotusebag-of-wordsalign-
mentmodels,althoughin many respectsthey remainstate-
of-the-artfor alignment.

A canonicalexample of synchronousparsing is the
StochasticInversionTransductionGrammar(SITV) (Wu,
1995).TheSITV modelimposestheconstraintsof context-
free grammarson the synchronousparsingenvironment.
However, we regard context-free grammarsas problem-
atic for our task, becauserecentstatisticalparsingmod-
els (Charniak,2000; Collins, 1999; Ratnaparkhi,1999)
owe muchof their successto ideasinherentto dependency
parsing.We thereforeadoptanalgorithmdescribedin Al-

shawi and Douglas(2000).1 Their algorithm constructs
synchronousdependency parsesin thecontext of adomain-
speciÞcspeech-to-speechtranslationsystem.In their sys-
tem, synchronousparsingonly enforcesa contiguity con-
straint on phrasaltranslations. The actualsyntaxof the
sentenceis not assumedto be known. Nevertheless,their
modelis a synchronousparserfor dependency syntax,and
weadoptit for ourpurposes.

3. Our ModiÞed Alignment Algorithm
We introduceparsetreesasanoptionalinput to theal-

gorithmof Alshawi andDouglas(2000). We requirethat
outputdependency treesconformto dependency treesthat
areprovidedasinput. If no parsetreeis provided,our al-
gorithmbehavesidenticallyto thatof Alshawi andDouglas
(2000).

3.1. DeÞnitions

We assumeasinputa parallelcorpusthathasbeenseg-
mentedinto sentencepairs( ³µ´•¶

«5·¸·¹·
¶‘º , »¼´•ª

«'·¸·¹·
ª�½ ).

The algorithm iteratesover the sentencepairs producing
alignments.

We deÞnea dependency parseasa rootedtreein which
all words of the sentenceappearonce,andeachnodein
the tree is such a word (Figure 2). An in-order traver-
sal of the tree producesthe sentence.A word is said to
be modiÞedby any words that appearas its children in
the tree; conversely, the parentof a word is known as its
headword. A word is said to dominatethe spanof all
words that aredescendedfrom it in the tree,and is like-
wiseknown astheheadword of thatspan.2 Subjectto these
constraints,the dependency parseof ³ is expressedas a
function ¾9¿<À�ÁbÂ

·¹·¸· ÃwÄ;Å
ÁzÆ

·¸·¹· Ã•Ä which deÞnesthehead-
word of eachword in thedependency graph. The expres-
sion ¾„¿�©¯Ç>®l´ÈÆ indicatesthat word ¶UÉ is the root node
of the graph(the headword of the sentence).The depen-
dency parseof » , ¾%ÊËÀ�ÁUÂ

·¸·¹· Ì%Ä•Å
ÁzÆ

·¸·¹· Ì%Ä is deÞned
analagously.

An alignmentis expressedasa function Í[À!ÁUÂ
·¸·¹· Ã•ÄRÅ

ÁzÆ
·¸·¹· Ì%Ä in which Í�©}Ç7®�´ÏÎ indicatesthat word ¶YÉ of ³ is

alignedwith word ª�Ð of W. Thecasein which Í�©¯Ç>®J´SÆ de-
notesnull-alignment(i.e. theword ¶

É doesnot correspond
to any word in » ). Undertheconstraintsof synchronous
parsing,we require that if Í�©¯Ç>®�Ñ ´ÒÆ , then ¾

Ê
©}Í�©¯Ç>®>®y´

Í�©Ó¾
¿

©}Ç7®N® . In otherwords,theheadword of a wordÕs trans-
lation is thetranslationof thewordÕs headword (Figure3).
We also requirethat the analagousconditionhold for the
inversealignmentmap Í„Ô

«

ÀYÁbÂ
·¹·¸· Ì%Ä“Å

Á'Æ
·¸·¸· Ã•Ä .

3.2. Algorithm Details

Ouralgorithm(Appendix)is abottom-updynamicpro-
grammingprocedure. It is initialized by consideringall
possibliealignmentsof onewordto anotherwordor to null.

1An alternative to dependency grammaris the richer formal-
ism of SynchronizedTree-AdjoiningGrammar(TAG) (Shieber
andSchabes,1990). However, SynchronizedTAG raisesissues
of computationalcomplexity andhasnot yet beenexploited in a
stochasticsetting.

2Elsewhere,the termsconnectivityandplanarity areusedto
deÞnetheseconstraints.
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Figure2: A dependency parse. The top view depictsthe
sentencein atreeform thatmakesthedominanceandhead-
word relationshipsclear ( ÕYÖ is the headword of the sen-
tence).Thebottomview depictsthesametreein morefa-
miliar sentenceform,with thelinksdrawnabovethewords.
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Figure3: Synchronousdependency parses.Notice thatall
dependency links aresymmetricacrossthe alignment. In
addition,theunalignedword ×

Ö is connectedin the parse
of Ø .

Alshawi andDouglas(2000)consideredalignmentsof two
wordsto oneor no words,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
laterexplore in moredetail theeffectsof initializing from
multi-wordalignments.

As in Alshawi andDouglas(2000)eachpossibleone-
to-onealignmentis scoredusingthe Ù%Ú metric (Galeand

Church.,1991),which is usedto computethe correlation
betweenÕbÛyÜ˜Ý and ×€ÞˆÜßØ over all sentencepairs

à

ÝJáIØãâ in thecorpus. In Section4.7.we considertheuse
of Ù�Ú over adifferentsetof counts,sowewill useÙ%Ú ä to de-
noteits useover co-occurrencecountstakenfrom thecor-
pus.

To computealignmentsof larger spans,the algorithm
combinesadjacentsubalignments.During this step,one
subalignmentbecomesa modiÞerphrase.Interpretingthis
in termsof dependency parsing,thealignedheadwordsof
themodiÞerphrasebecomeamodiÞersof thealignedhead-
words of the otherphrase. At eachstep, the cost of the
alignmentis computed. Following Alshawi andDouglas
(2000)we simply addthecostof thesubalignments.Thus
theoverall costof any alignedsubphrasecanbecomputed
asfollows. å

æ

Û}ç ÞNèpé ê

æ

Û¸è¯ë�Þ

Ù

Úä

à

Õ‘ÛNá>×FÞzâ

The output of the algorithm is simply the highest-
scoringalignmentthatcoverstheentirespanof both Ý and

Ø .

3.3. Treatmentof Null Alignments

Null alignmentspresenta few practicalissues.For ex-
perimentsinvolving Ù

Úä , we adoptthepracticeof counting
a null tokenin theshortersentenceof eachpair.3 An alter-
native solutionto this problemwould involve initialization
fromawordassociationmodelthatexplicitly handlesnulls,
suchasthatof Melamed(2000).

An implication of the synchronousparsingconstraint
given in Section3.1.is thatnull-alignedwordsmustbeleaf
wordswithin theirmonolingualdependency graphs.In cer-
taincasesthis maynot leadto thebestsynchronizedparse.
We remove this condition. Effectively, we considereach
sentenceto consistof the samenumberof tokens,some
of which maybenull tokens. (usually, this will introduce
null tokensinto only theshortersentence,but notnecessar-
ily). Thenull tokensbehave like word tokenswith regards
to thesynchronousparsingconstraint,but they do not im-
pactphrasecontiguity.4 In only the resultingsurfacede-
pendency graphs,we removenull tokensby contractingall
edgesbetweenthenull tokenandits parentandnamingthe
resultantnodewith the word on the parentnode. Recall
from graphtheorythatcontractionis anoperationwhereby
anedgeis removed andthenodesat its endpointsarecon-
ßated. 5 Thus,word tokensthat modify a null token are
interpretedasmodiÞersof the the null tokenÕs headword.
This is illustratedin Figure4. Oneimportantimplication
of this is thatwecanonly allow anull tokento bethehead-
wordof thesentenceif it hasa singlemodiÞer. Otherwise,
the resultof the graphcontractionwould not be a rooted
tree. We found that this treatmentof null alignmentsre-
sultedin a slight improvementin alignmentresults.

3Srinivas Bangalore,personalcommunication.
4a null token is consideredto be contiguouswith any other

subphraseÐ anotherway to view this is that a null token is an
unseenword that may appearat any location in the sentencein
orderto satisfycontiguityconstraints.

5seee.g.,GrossandYellen(1999)
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Figure4: Effect of null wordson synchronousparses.In
this case,word ìBí hasbeennull-alignedto thenull token

î5ï . However, îbï can still participatein the synchronous
parseproducedby the algorithm. Oncethe structurehas
beencompleted,theedgebetweenî1ï and î

í (indicatedby
the dashedline) will contract. This will result in the in-
ferreddependency (indicatedby the dottedline) between

îUð and î

í .

3.4. Analysis

In thecasethattherearenoparsesavailable,thecompu-
tationalcomplexity of thealgorithmis ñ
ò¯ó

í ô„í5õ , but with
aparseof ö (andanefÞcientenumerationof thesubphrase
combinationsallowedby theparse)thecomplexity reduces
to ñ
ò}ó

í ô9õ . If both parsesare available the complexity
wouldbereducedto ñ
ò}ó

ô9õ .

It is importantto note that as it is presented,our al-
gorithm doesnot searchthe entirespaceof possiblealig-
ment/treecombinations.Melamedobservesthat two mod-
iÞcationsarerequiredto accomplishthis.6 TheÞrstmod-
iÞcationentailsthe additionof four new loop parameters
to enumeratethepossibleheadwordsof the four monolin-
gualsubspans.Theseadditionalparametersadda factorof

ñ
ò¯ó�÷

ô

÷

õ . Second,Melamedpoints out that for a small
subsetof legal structures,it mustbe possibleto combine
subphrasesthatarenot adjacentto oneanother. Themost
efÞcientsolutionto thisproblemaddstwomoreparameters,
for a total of ñ
ò¯ówø

ô

ø

õ . The bestknown optimizationre-
ducesthis to ñ
ò¯ó’ù

ô

ù

õ . This is far too complex for a prac-
tical implementation.As such,we choseto usethe origi-
nal ñ
ò¯ó

ísô„í'õ algorithmfor our evaluations.Thuswe rec-
ognizethatour algorithmdoesnot searchtheentirespace
of synchronousparses.It inherentlyincorporatesa greedy
heuristic,sincefor eachsubphrase,it considersonly the
mostlikely headword.

6I. DanMelamed,personalcommunication.

4. Evaluation
We have performeda suite of experimentsto evalu-

ate our alignmentalgorithm. The qualitiesof the result-
ing alignmentsanddependency parsetreesarequantiÞed
by comparisonswith correcthuman-annotatedparses.We
comparethe alignmentoutputof our algorithmwith that
of the basicalgorithmdescribedin Alshawi andDouglas
(2000)andthewell-knownIBM statisticalmodeldescribed
in Brown et al. (1990)using the freely available imple-
mentation(Giza++)describedin Al-Onaizanet al. (1999).
We found that our model,which combinesthe úF÷ û statis-
tic with syntactic annotation,performsalignmentsat a
level comparableto the complex iterative IBM statistical
model,andproducesbetterdependency treesthanany other
method.We comparethesetreesagainstseveralbaselines
andagainstprojecteddependency treescreatedin theman-
nerdescribedin (Hwaet al., 2002a).

4.1. Data Set

Thelanguagepair we have focusedon for this studyis
English-Chinese.The training corpusconsistsof around
56,000sentencepairsfrom the Hong Kong News parallel
corpus.Becausethetrainingcorpusis solelyusedfor word
co-occurrencestatistics,noannotationis performedonit.

Thedevelopmentsetwasconstructedbyobtainingman-
ual English translationsfor 47 Chinesesentencesof 25
wordsor less,takenfrom sections001-015of theChinese
Treebank(Xia et al., 2000). A separatetest set, consist-
ing of 46 Chinesesentencesof 25 wordsor less,was con-
structedin a similar fashion.7 To obtain correctEnglish
parses,we useda context-free parser(Collins, 1999)and
convertedits outputto dependency format. To obtaincor-
rectChineseparses,ChineseTreebanktreeswereconverted
to dependency format. Both setsof parseswere hand-
corrected.Thecorrectalignmentsfor thedevelopmentand
testsetwerecreatedby two native Chinesespeakersusing
annotationsoftwaresimilar to that describedin Melamed
(1998).

4.2. Metrics for evaluating alignments

As a measureof alignmentaccuracy, we reportAlign-
mentPrecision( ü“ý ) andAlignmentRecall( ü“þ ) Þgures.
Thesearecomputedby by comparingthe alignmentlinks
madeby thesystemwith thelinks in thecorrectalignment.
We denotethe setof guessedalignmentlinks by ÿ�� and
thesetof correctalignmentlinks by

�

� . Precisionis given
by üBý��

� ���
	��
���

� �
�

� . Recall is given by üBþ��

� ����	��
���

� �
�

� .
We also computethe F-score( ü�� ), which is given by

ü����

÷
�

û��

�

û��

û����„û��

. Null alignmentsareignoredin all com-
putations.Our evaluationmetric is similar to thatusedby
OchandNey (2000).

4.3. Metrics for evaluating projectedparsetr ees

As a measureof induceddependency treeaccuracy, we
reportunlabelledChineseTreePrecision(

���

ý ). This is

7These sentenceshave already been manually translated
into English as part of the NIST MT evaluation preview (See
http://www.nist.gov/speech/tests/mt/).The sentencesweretaken
from sections038,039,067,122,191,207,249.



SynchronousParsingMethod AP AR AF CTP

sim-Alshawi ( ��� � ) 40.6 36.5 38.4 18.5
sim-Alshawi ( ��� � ) + Englishparse 43.8 39.3 41.4 39.9
sim-Alshawi ( ���� ) + Englishparse+ Chinesebigrams 42.9 38.5 40.6 39.4
sim-Alshawi ( ��� � ) + bothbigrams 41.5 37.3 39.3 16.5
Giza++initialization( ��� � ) 51.2 45.9 48.4 11.6
Giza++initialization( ��� � )+ Englishparse 49.6 44.6 47.0 44.7

BaselineMethod AP AR AF CTP

SameOrderAlignment 15.7 14.1 14.8 NA
RandomAlignment(avg scores) 7.8 7.0 7.4 NA
Forward-chain NA NA NA 37.3
Backward-chain NA NA NA 12.9
Giza++ 68.7 40.9 51.3 NA
Hwa et al. (2002a) NA NA NA 44.1

Table1: AlignmentResultsfor All Methods.
AP = AlignmentPrecision.AR = AlignmentRecall.AF = AlignmentF-Score.CTP= ChineseTreePrecision.
All scoresarereportedaspercentagesof 100.
Thebestscoresin eachtableappearin bold.

computedby comparingthe outputdependency treewith
thecorrectdependency trees.We denotethesetof guessed
dependency links by  "! and the setof correctalignment
linksby #

! . A smallnumberof words(mostlypunctuation)
were not linked to any parentword in the correctparse;
links containingthesewordsarenot includedin either #

!

or  
! . Precisionis given by #�$&%('*) #

!,+
 

!
) -.)  

!
) . For

dependency trees,) #
!

)/'0)  
!

) , sinceeachwordcontributes
onelink relatingit to its headword.Thus,recallis thesame
asprecisionfor ourpurposes.

4.4. BaselineResults

We Þrstpresentthescoresof somena¬õve algorithmsas
a baselinein order to provide a lower boundfor our re-
sults. Theresultsof thebaselineexperimentsareincluded
with all otherresultsin Table1. Our Þrstbaseline(Same
OrderAlignment)simply mapscharacter132 in theEnglish
sentenceto character4

2 in theChinesesentence,or 465 in
the caseof 798;: . Our secondbaseline(RandomAlign-
ment),randomlyalignsword 1

2 to word 4=< subjectto the
constraintthat no wordsaremultiply aligned. We report
theaveragescoresover 100runsof this baseline.Thebest
RandomAlignmentF-scorewas 10.0%andtheworstwas
5.3%with astandarddeviationof 0.9%.

For parsetrees,we usetwo simple baselines. In the
Þrst(Forward-Chain),eachwordmodiÞestheword imme-
diatelyfollowing it, andthelastwordis theheadwordof the
sentence.For thesecondbaseline(Backward-Chain),each
word modiÞestheword immediatelyprecedingit, andthe
Þrstword is the headword of the sentence.No alignment
was performedfor thesebaselines.

TheÞnalbaselinesrelateto theGiza++algorithm.This
producesthe best result for alignment. For reasonsde-
scribedpreviously, this cannotbedirectly usedfor projec-
tion. However, Hwaet al. (2002a)containsaninvestigation
in which treesoutputfrom Giza++aremodiÞedusingsev-
eralheuristics,andsubsequentlyimproved usinglinguistic

knowledgeof Chinese.We reporttheChineseTreePreci-
sionobtainedby this method.

4.5. SynchronousParsing Results

Our Þrst set of alignmentscombinesthe �>�
� cross-

lingual co-occurrencemetricdescribedpreviously with ei-
ther Englishparseor no parsetrees. In this set, �?�

� with
noparseis nearlyidenticalto theapproachdescribedin Al-
shawi andDouglas(2000)(exceptingour treatmentof null
alignments).Thus,it servesasausefulpointof comparison
for runsthatmake useof otherinformation.In Table1 we
referto it assim-Alshawi.

Whatwe Þndis thatincorporatingparsetreesresultsin
a modestimprovementover the baselineapproachof Al-
shawi andDouglas(2000). We noticethat usinga single
parseprovidesa veryslight improvementin alignment,but
anoticeableimprovementin inducedparsetrees.

Why arenÕt the improvementsmoresubstantial?One
observation is that using parsesin this mannerresultsin
only passive interactionwith the cross-lingual�?� � scores.
In otherwords,theparseÞltersout certainalignments,but
cannotin any otherway counteractthe biasesinherentin
the word statistics. Nevertheless,it appearsto be modest
progress.

4.6. Resultsof Using Bigrams to ApproximateParses

The resultssuggestthat using parsesto constrainthe
alignmentis helpful. It is possiblethat usingboth parses
would resultin a moresubstantialimprovement.However,
we have alreadystatedthatwe areinterestedin thecaseof
asynchronousresources.Underthisscenario,weonly have
accessto oneparse.Is theresomeway thatwecanapproxi-
matesyntacticconstraintsof a sentencewithouthaving ac-
cessto its parse?

Theparsersof (Charniak,2000;Collins, 1999;Ratna-
parkhi,1999)make substantialuseof bilexical dependen-
cies. Bilexical dependenciescapturethe idea that linked



wordsin a dependency parsehave a statisticalafÞnity for
eachother: they oftenappeartogetherin certaincontexts.
We suspectthatbigramstatisticscouldbeusedasa proxy
for actualbilexical dependencies.

We constructeda simple test of this theory: for each
Englishsentence@BADCFE�GHGIG CKJ in thedevelopmentsetwith
parseLNMPORQ�STGIGHG UWVYXZQ\[]GHGIG U^V , we Þrstconstructthe set
of all bigrams _`AaQ�bcC/dfefC\g�hiO6Skj�lYm;noj�U^V . We
thenpartition _ into two sets:bigramsof linkedwords,i.e.

p

AoQqbrCKdsefC\g�htO]bcCKdfesC\g�hvuY_9wcL�MxbcCKdyhRAzC\g or LNMxbcC\g�h{A|CKdfV

andunlinkedwords }0A~_(•

p

. UsingtheBigramStatis-
ticsPackagedescribedin Pedersen(2001),wecollectedbi-
gramstatisticsover the entiredev/train corpus. We then
computedtheaveragestatisticalcorrelationof eachsetus-
ing a varietyof metrics(loglikelihood,dice, €&• , ‚3• ). The
resultsindicatedthatbigramsin thelinkedset

p

weremore
correlatedthanthosein the unlinkedset } underall met-
rics. We repeatedthis experimentwith the development
sentencesin Chinese,with similar results.Althoughthis is
bynomeansaconclusiveexperiment,wetooktheresultsas
anindicationthatusingbigramstatisticsasanapproxima-
tionof aparsemightbehelpfulwherenoparsewasactually
available.

To incorporatebigram statistics into our alignment
model,we modiÞedthe scoringfunction in the following
manner:eachtimeadependency link is introducedbetween
wordsandwe do not have accessto the sourceparse,we
addinto the alignmentscorethe bigramscoreof the two
words. The bigramscoreis basedon the ‚?• metric com-
putedfor bigramcorrelation.Wecall this ‚

•ƒ . Theresulting
alignmentscorecannow begivenby thefollowingformula.

„

…

dc† gs‡‰ˆ Š

…

dI‡r‹3g

‚

•Œ

brC
d

ef•
g

h•Ž

„

…

dr† gs‡yˆ dc•Fg•† ‘�’

…

dI‡r‹3g”“K‘�’

…

gs‡r‹Nd

‚

•

ƒ

bc•
d

es•
g

h

OurresultsindicatethatusingChinesebigramstatistics
in conjunctionwith Englishparsetreesin this mannerre-
sults in a small decreasein the scorealongall measures.
Nonetheless,thereis anintuitively appealinginterpretation
of usingbigramsin this way. The Þrst is that the modiÞ-
cationof thescoringfunctionprovidescompetitiveinterac-
tion betweenparseinformationandcross-lingualstatistics.
Thesecondis that if bigramstatisticsrepresenta weakap-
proximationof syntax,thenperhapstheiterativereÞnement
of this statistic(e.g. by takingcountsonly over wordsthat
werelinkedin apreviousiteration)wouldsatisfyourobjec-
tiveof syntactictransfer. It isnotclearfrom theresultsthat
this is the case.However, it doesprovide a startingpoint
for syntacticstatisticsthat is not available if we useonly
cross-lingualstatistics.

4.7. Resultsof Using Better Word Statistics

Our results show that using parse information and
coarsecross-lingualwordstatisticsprovidesamodestboost
over an approachusingonly thecross-lingualword statis-
tics. We alsodecidedto investigatewhathappenswhenwe
seedouralgorithmwith bettercross-lingualstatistics

To testthis,we initialize ourco-occurrencecountsfrom
alignmentlinks outputby theGiza++alignmentof ourcor-
pus.Westill use‚3• to computethecorrelation.Wecall this

‚3• • . Predictably, usingthebetterwordcorrelationstatistics

improves the quality of the alignmentoutput in all cases.
In this scenario,addingparseinformationdoesnot seem
to improve the alignmentscore. However, parsetreesin-
ducedin thismannerachieveahigherprecisionthanany of
theothermethods.It outscoresthebaselinealgorithmsby
a signiÞcantamount,andproducesresultscomparableto
thebaselineof Hwa et al. (2002a).It is importantto note,
however, thatthebaselineof Hwaet al. (2002a)is achieved
only aftertheapplicationof linguistic rulesto theoutputof
the Giza++alignment. Additionally, the treesthemselves
maycontainerrorsof thetypedescribedin Section2.. Our
treeprecisionresultsdirectly from the applicationof our
synchronousparsingalgorithm,andall of theoutputtrees
arevalid dependency parses.

5. Futur e Work
Webelievethatafundamentaladvantageof ourbaseline

modelis its simplicity. Improving uponit will be consid-
erablyeasierthanimproving upona complex modelsuch
as the one describedin Brown et al. (1990). Improve-
mentsmayproceedalongseveralpossiblepaths.Onepath
would involvereformulatingthescoringfunctionsin terms
of statisticalmodels(e.g. generative models). A natural
complementto this path would be the introductionof it-
erationwith thegoalof improving thealignmentsandthe
accompanying models.In this approach,we couldattempt
to learna coarsestatisticalmodelof thesyntaxof thelow-
densitylanguageaftereachiterationof thealignment.This
informationcould in turn be usedasevidencein the next
iterationof the alignmentmodel,hopefully improving its
performance.Our resultshave alreadyestablisheda setof
statisticsthat could be usedin the initial iterationof such
a task. The iterative approachresonateswith an ideapro-
posedin Yarowsky andNgai (2001),regardingthe useof
learnedpart-of-speechtaggersin subsequentalignmentit-
erations.

An orthogonalapproachwouldbetheapplicationof ad-
ditional linguistic information. Our resultsindicatedthat
syntacticknowledge can help improve alignment. Ad-
ditional linguistic knowledgeobtainedfrom named-entity
analyses,phrasalboundarydetection,and part-of-speech
tagsmightalsoimprovealignment.

Although our output dependency treesrepresentdef-
inite progress,trees with such low precisioncannotbe
useddirectly to train statisticalparsersthatassumecorrect
trainingdata(Charniak,2000;Collins, 1999;Ratnaparkhi,
1999).Therearetwo possiblemethodsof improving upon
the precisionof this training data. The Þrst is the useof
noise-resistanttrainingalgorithmssuchasthosedescribed
in (Yarowsky andNgai, 2001). The secondis the possi-
bility of improving the precisionyield by removing obvi-
ouslybadtrainingexamplesfrom theset.Unlike thebase-
line model,our word alignmentmodelprovidesan obvi-
ousmeansof doing this. Onepossibility is to usea score
gleanedfrom thealignmentalgorithmasa meansof rank-
ing dependency links, andremoving links whosescoreis
above somethreshold. We hopethat a dual approachof
improving theprecisionof thetrainingexamples,while si-
multaneouslyreducingthesensitivity of the trainingalgo-
rithm,will resultin theability to trainareasonablyaccurate



statisticalparserfor thenew language.

6. Relatedwork
Al-Onaizan et al. (1999), Brown et al. (1990)

andMelamed(2000) focus on the descriptionof statisti-
cal translationmodelsbasedon the bag-of-wordsmodel.
Alignment plays a crucial part in the parameterestima-
tion methodsof thesemodels,but they remaininadequate
for syntactictransferfor reasonsdescribedin Section2..
Thework of Hwa et al. (2002b)includesan investigation
into thecombinationof syntaxwith theoutputof this type
of model. Och et al. (1999)presentsa statisticaltrans-
lation model that performsphrasaltranslation,but it re-
liesonshallow phrasesthatarediscoveredstatistically, and
makesno useof syntax. YamadaandKnight (2001)cre-
ateafull-ßedgedsyntax-basedtranslationmodel.However,
their model is unidirectional;it only describesthe syntax
of onesentence,andmakesno provision for thesyntaxof
the other. Wu (1995)presentsa completetheoryof syn-
chronousparsingusingavariantof context-freegrammars,
and exhibits several positive results,thoughnot for syn-
tax transfer. Alshawi andDouglas(2000)presentthesyn-
chronousparsingalgorithmon which our work is based.
Much like the work on translationmodels,however, this
work is interestedin alignmentprimarily asa mechanism
for training a machinetranslationsystem. Variationson
thesynchronousparsingalgorithmappearin Alshawi et al.
(2000a)andAlshawi et al. (2000b),but the algorithmof
Alshawi andDouglas(2000)appearsto be themostßexi-
ble.

7. Conclusion
We have describeda new approachto alignmentthat

incorporatesdependency parsesinto a synchronouspars-
ing model. Our resultsindicatethat this approachresults
in alignmentswhosequality is comparableto thosepro-
ducedby complicatediterative techniques.In addition,our
approachdemonstratessubstantialpromisein the task of
learningsyntacticmodelsfor resource-poorlanguages.
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A Algorithm Pseudocode

Thefollowing codeis as general as possibleaboutwhat constitutesa legal combinationof subspansfor an
alignment. This is becauselegal subspansmaydependon input constraints (such as a parse). Implicit in
the codeis the idea that the legal combinationsshouldbe enumeratedin a reasonableway. That is, small
spansshouldbeenumeratedbefore larger spansthatmaybeconstructedfromthem.In theoriginal algorithm
describedin Alshawiand Douglas(2000),all possiblecombinationsof subspansacrossboth languages are
legal.

Thevariables –”— and ˜/— denotethespan ™qšr›.œ
•�žHžIž ™\Ÿs› , and  ¡— denotesa partition of thespansuch that –�—£¢

 
—

¢¤˜
— . Thevariables–•¥ , ˜K¥ , and  N¥ are deÞnedanalagouslyon ¦ .

Finally, we assumethat we havea chart § , which containscells indexedby –/— , ˜K— , –
¥ , and ˜

¥ . Each cell
containssubÞelds̈.©\ªq«�¬­¨F®�ª°¯\© , ±Y²�«/–´³3–´©\®�¬­¨F®�ª°¯\© , and µ
²K¯·¶ .

for all legalcombinationsof –·— , ˜K— ,–
¥ , and ˜

¥

§t¸c–f—x¹‰˜K—=¹f–
¥

¹‰˜
¥»ºR¼D½3¾

¸c™Kš¿›3œ>•\žIžHž ™\Ÿf›{¹sÀ=šrÁ�œ
•�žHžIž À{ŸsÁ
º

for all legalcombinationsof –·— , ˜K— ,  �— , –
¥ , ˜

¥ , and 
¥

considerthecasein which alignedsubphrasesare in thesameorder in bothlanguages
¨]©�ªq«/¬­¨]®�ª°¯·©

¼
§v¸r–

—
¹c 

—
¹f–s¥^¹c �¥

º

±�²�«/–Â³3–y©\®�¬­¨]®�ª°¯\©
¼

§t¸Ã �—x¹‰˜K—x¹c 
¥

¹y˜
¥Yº

µ
²K¯·¶
¼ cost(̈]©�ªq«�¬­¨F®�ª°¯\©/¹s±�²�«/–Â³3–´©·®�¬­¨]®�ªq¯\© )

if µÄ²K¯Ä¶vÅÆ§t¸c–
—

¹y˜
—

¹s–f¥^¹y˜K¥
º

ž µ
²K¯·¶ then
§v¸r–

—
¹‰˜

—
¹s–f¥^¹y˜K¥

ºR¼ new subAlignment(¨.©�ªq«/¬­¨]®�ªq¯\©�¹f±Y²�«/–´³3–´©\®�¬­¨F®�ª°¯\©�¹sµ
²K¯·¶ )
swap(̈.©�ªq«/¬­¨]®�ªq¯\©�¹f±Y²�«/–´³3–´©\®�¬­¨F®�ª°¯\© )

µ
²K¯·¶
¼ cost(̈]©�ªq«�¬­¨F®�ª°¯\©/¹s±�²�«/–Â³3–´©·®�¬­¨]®�ªq¯\© )

if µÄ²K¯Ä¶vÅÆ§t¸c–
—

¹y˜
—

¹s–f¥^¹y˜K¥
º

ž µ
²K¯·¶ then
§v¸r–

—
¹‰˜

—
¹s–f¥^¹y˜K¥

ºR¼ new subAlignment(¨.©�ªq«/¬­¨]®�ªq¯\©�¹f±Y²�«/–´³3–´©\®�¬­¨F®�ª°¯\©�¹sµ
²K¯·¶ )
considerthecasein which alignedsubphrasesare in thereverseorder in each language

¨]©�ªq«/¬­¨]®�ª°¯·©
¼

§v¸r–s—x¹c �—=¹c 
¥

¹‰˜
¥»º

±�²�«/–Â³3–y©\®�¬­¨]®�ª°¯\©
¼

§t¸Ã 
—

¹‰˜
—

¹f–s¥^¹c �¥
º

µ
²K¯·¶
¼ cost(̈]©�ªq«�¬­¨F®�ª°¯\©/¹s±�²�«/–Â³3–´©·®�¬­¨]®�ªq¯\© )

if µÄ²K¯Ä¶vÅÆ§t¸c–s—=¹y˜K—=¹s–
¥

¹y˜
¥Yº

ž µ
²K¯·¶ then
§v¸r–s—x¹‰˜K—v¹s–

¥
¹y˜

¥»ºR¼ new subAlignment(¨.©�ªq«/¬­¨]®�ªq¯\©�¹f±Y²�«/–´³3–´©\®�¬­¨F®�ª°¯\©�¹sµ
²K¯·¶ )
swap(̈.©�ªq«/¬­¨]®�ªq¯\©�¹f±Y²�«/–´³3–´©\®�¬­¨F®�ª°¯\© )

µ
²K¯·¶
¼ cost(̈]©�ªq«�¬­¨F®�ª°¯\©/¹s±�²�«/–Â³3–´©·®�¬­¨]®�ªq¯\© )

if µÄ²K¯Ä¶vÅÆ§t¸c–s—=¹y˜K—=¹s–
¥

¹y˜
¥Yº

ž µ
²K¯·¶ then
§v¸r–s—x¹‰˜K—v¹s–

¥
¹y˜

¥»ºR¼ new subAlignment(¨.©�ªq«/¬­¨]®�ªq¯\©�¹f±Y²�«/–´³3–´©\®�¬­¨F®�ª°¯\©�¹sµ
²K¯·¶ )

return §t¸ÈÇF¹f±É¹sÇ]¹fÊ
º


