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Abstract

Example-BasedMachineTranslation(EBMT) retrievespre-translatedphrasesfromasentence-alignedbilin-
gualtrainingcorpusto translatenew inputsentences.EBMT useslongpre-translatedphraseseffectively but
is subjectto dis�uenciesat phrasaltranslationboundaries.We addressthis problemby introducinga novel
methodthatexploits overlappingphrasaltranslationsandthe increasedcon�dencein translationaccuracy
they imply. We specifyanef�cient algorithmfor producingtranslationsusingoverlap. Finally, our empir-
ical analysisindicatesthat this approachproduceshigherquality translationsthanthe standardmethodof
EBMT in apeak-to-peakcomparison.
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1 Intr oduction

Corpus-BasedMachineTranslation(MT), includingStatisticalMT (SMT) (Brown etal.,1990;Brown etal.,
1993;YamadaandKnight, 2002)andExample-BasedMT (EBMT) (Nagao,1984;Nirenburg et al., 1994;
SumitaandIida, 1991;VealeandWay, 1997;Brown, 2001),useasentence-alignedbilingualcorpusto train
translationmodels.The former relieson word andn-gramstatisticsto seekthemostprobabletranslation,
andthe latter relieson �nding translatedmaximal-lengthphrasesthatcombineto form a translation.Each
methodhasits strengthsandweaknesses:EBMT canexploit long translatedphrasesbut doesnot combine
phrasaltranslationswell, whereasSMT combineswordandshortn-gramtranslationswell but cannotexploit
long pre-translatedphrases.This paperaddressesin part the major shortcomingof EBMT: how to better
combinephrasaltranslations. When standardEBMT approaches�nd several long n-gramswith known
translationsin thesentencebeingtranslated,they canonlyexploit theseif thefragmentsarenon-overlapping.
We have developeda methodof combiningoverlappingfragmentswhosetranslationsareconsistent.This
method,whichwecall “maximal left-overlapcompositionalEBMT” or for short“maximaloverlapEBMT”,
forms a translationmore likely to be accuratethansequentially-abutting translatedfragments.Although
we hadpreviously experimentedwith one-word overlapat EBMT fragmentboundaries,then-word overlap
versionis clearlymorepowerful.

This paperis organizedasfollows. First,we give a presentationandillustrationof themaximaloverlap
EBMT method.Thenwedescribethescoringmethodfor incorporatingoverlapinto theEBMT latticesearch
and the new lattice searchalgorithm. Finally, we presentresultsthat clearly demonstratethe power of
overlapEBMT on theHansardCorpus.

2 Maximal Overlap Method

WhentheEBMT engineis givena sentencefor translation,it outputsa list of sourcefragments(contiguous
portions)from the input sentenceandcandidatetranslationsobtainedfrom its alignmentof the example
translationsit was originally given. Eachsource/target fragmentpair hasits own alignmentscore,and
we refer to a pair assimply a fragmentbelow (specifyingsourceor target asnecessary).A methodthat
usesoverlapmustbalancethefragmentscoresobtainedfrom theEBMT enginewith theamountof overlap
betweenthesefragmentsaswell asotherpossiblefactors(e.g., fragmentlength).

Table1 shows anexcerptfrom anEBMT translationlattice. After theEBMT engineretrievesfragments
from its paralleltraining corpus,translationproceedsby �nding a paththroughthe translationlattice that
combinesthe fragmentsin somemanner. Traditionally, suchcombinationprocedureshave requiredthe
sourcefragmentsto have no overlap. Our methodstemsfrom the motivation that whenboth the source
andtargetof two adjacentfragmentsoverlap,thenthereis an increasedlikelihoodtheir combinationis an
accuratetranslation.1

In the examplein Table1, the standardcombinationprocedureyields a syntacticallycoherentbut se-
manticallyincorrecttranslation.Theresultis asentencewheretheuseof “that” impliesareferent,andthus,
thestatementis interpretedas: “A speci�c conditionis not requiredto starta full investigation.” Thecom-
binationprocedurethatusesoverlapproducesa translationwith thecorrectsemantics:“It is thespeaker's
opinionthata full investigation is not necessary.” This is a direct resultof consideringoverlapin thefrag-
ments.Thereasonis thatthe“il” in thecontext of “qu'il...n écessairede” shouldneverbetranslatedasaword
with a referent.Thus,a trainingsetwith correcttranslationswill never containa fragmentthatbegins like
Fragment2 andextendsall theway to “de”. However, whenoverlappingfragmentsareused,anexample
of the initial portionof thephrase(Fragment1) andanexamplecontinuingwith the idiomatic “qu'il soit”

1Sometimesthereis no opportunityto exploit overlapwhentranslatinga sentence,becausethefull sentenceandits translation
occurverbatimin thetrainingcorpus.Onesuchamusingexampleis: “The governmentdoesnotknow whatit is doing.”
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Input: Je doute qu'il soit nécessaire de lancer une enqûete compl�ete pour l'instant.

Fragment
1 Je doute qu'il

I donot think it is
2 Je doute qu'il soit

I doubtwhetherthatwill be
3 qu'il soit nécessaire de

not think it is necessaryto
4 nécessaire de lancer

necessaryto start
5 une enqûete compl�ete

a full investigation
6 pour l'instant.

for themoment.

Humanreferencetranslation:
“I donot think it is necessaryto launcha full inquiry at this time.”

StandardEBMT translationcombinesfragments2, 4, 5, and6, to producetheoutput:
“I doubtwhetherthatwill benecessaryto starta full investigationfor themoment.”

EBMT translationwith overlapcombinesfragments1, 3, 4, 5, and6, to producetheoutput:
“I donot think it is necessaryto starta full investigationfor themoment.”

Table1: A Portionof anEBMT TranslationLattice. In orderto combinefragmentswith overlap,they must
matchin both the sourceandtarget language.Thus,Fragments1 and3 canbe combinedwhile 2 and3
cannot.Thefull translationlatticefor thisexamplehasapproximately60 fragments.

(Fragment3) canbecombinedto produceanaccuratetranslation.In general,bothsyntacticandsemantic
problemscanoccurwhenoverlapis not considered.

2.1 The EBMT Engine

Similar to (Frederkinget al., 1994), the EBMT systemthat we usedfor our experimentswas originally
intendedto actasoneenginein a multi-enginemachinetranslation(MEMT) system.Hence,it differs in a
numberof aspectsfrom mostimplementationsof EBMT. For our purposes,theimportantdifferenceis that
theengineitself neednot �nd a singlebestoverall translationbecauseits outputis intendedto befed into
a separateselectionstep. Instead,theEBMT engineoutputstranslationsof all thephrasalmatchesit �nds
in thetrainingcorpusthat it is ableto align at theword level. Thesepartial translationsmaybeambiguous
andcanoverlap(eitherpartiallyor subsumingsomeshortertranslations).Having sucha list of all candidate
partial translationsavailableastheengine's outputmakesit straightforward to implementa new selection
mechanism.

2.2 ScoringFunction

The scoringfunction that guidesfragmentcombinationin our algorithmassignsan overall scoreto each
candidatetranslation.This scoreis simply thesumof thescoresfor eachconstituentfragment.Thescore
of a fragmentdependsonly on thatfragmentandtheimmediatelyprecedingfragmentin thetranslation.By
choosinganoverallscoringfunctionthatis additiveanddependentonly onthefragmentandits predecessor,
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wecanconductanef�cient searchfor thebestscoringtranslationcandidate.
Thescoringfunctionweightsfourdifferentattributesof afragment:thegapbetweenthesourcefragment

andits predecessor, thelengthof thesourcefragment,thealignmentscorefrom theEBMT engine,andthe
overlapbetweena fragmentandits predecessor. Four parameters,(g; l ; a; o), weight the relative in�uence
of eachof thesefactors.

Thescore,s(F ), assignedto a fragment,F , is:

s(F ) = g � SourceGapLength� GapPenalty+ s0(F )

where

s0(F ) = 1=(a � Align(F ) + o � OverlapLength+ l � SourceLength+ 1):

Scoresof s(F ) closerto zeroarebetter. That is, we desireto minimizethis function. We now describe
eachcomponentof thescoringfunction.

TheSourceGapLengthis thenumberof untranslatedwordsfrom theinput sentencethat fall betweena
fragmentandits predecessor. TheGapPenaltyis de�ned dynamicallyin termsof s0asthes0scoregivento
a perfectlyalignedsingleword translation.We setg= 2, so the �nal weighta gap in translationcarriesis
twiceasbadasreplacingeachwordwith aperfectdictionarylook-up.

Align(F ) is the scoreobtainedfrom the EBMT enginethat indicatesthe engine's con�dencethat the
sourceandtargetfragmentsarewell-aligned.

OverlapLengthis de�ned to be zero if the sourceof a fragmentand its predecessordo not overlap
in the input sentence.Therefore,a non-zerooverlap implies that the gap length is zero. When thereis
sourceoverlapbetweentheendof a predecessorfragmentandthebeginningof thecurrentfragment,then
OverlapLengthis themaximumnumberof targetwordsfrom theendof thepredecessorfragmentthatmatch
thebeginningof thecurrenttargetfragment.In Table1, Fragments1 and3 have anOverlapLengthof four
(“not think it is”).

Finally, SourceLengthis simply the lengthof the fragmentin the sourcelanguage.Eachof the com-
ponents,Align, OverlapLength, vary from zeroto approximatelySourceLength, with highervaluesbeing
better. Thecoef�cients l ; a; ando wereoptimizedempiricallyasdescribedin Section3.3.2.

2.3 Search Discipline

Sincethe scoringfunction is additive over fragmentsand dependentat eachsteponly upon a fragment
andits immediatepredecessor, we canusea dynamicprogrammingsolutionto avoid anexponentialsearch
problem.Dynamicprogrammingapproachestake advantageof problemswherethebestsolutionat a point
A in a latticecanbede�ned in termsof thebestsolutionat all pointsthatcanreachA in onestepandthe
costof thatstep.

Despitetheseef�ciencies, the searchis still computationallyexpensive sincethe EBMT enginecan
output hundredsof fragmentpairs for a single sentence.Sincethe optimizationswe have describedso
far result in an algorithmthat is roughlyO(n2) in the numberof fragmentpairs,this cansometimesbe a
computationalburden.

Therefore,we furtheroptimizeoursearchby usingabest-�rstbeamsearch.A best-�rst searchexpands
thebest-scoringun�nishedcandidatetranslation�rst. A beamsearchonly retainsthetop-n un�nishedcan-
didatetranslations.Thetopscoring�nished candidateis storedandupdatedasbetterscoringtranslationsare
found.Oncethebeamis empty, thetopscoringcandidateis outputasthebesttranslation.Ourexperiments
useabeamof twenty.
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2.4 Overlap EBMT Algorithm

Wearenow in apositionto givepseudocodefor theoverlapEBMT system.Giventhesetof outputfragments
E from theEBMT engineandabeamwidth, wehave:

Algorithm 2.1: OverlapTranslation(E ; BeamWidth)

Candidates BOS
Translation < EmptyTranslation>
while not empty(Candidates)

do

8
>>>>>>>>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>>>>>>>>:

F  popBest(Candidates)
NewCandidates 

Successors(F; E) [ EOS
for eachc0 2 NewCandidates

do if UpdateScore(F; c0)

then

8
>>>>>><

>>>>>>:

comment:Besttranslationto endwith c0

if c0 = EOS

then

8
><

>:

Translation 
BackTrace(c0)

delete(c0; NewCandidates)
elsedelete(c0; NewCandidates)

comment:Updateremainingcandidates

sort(NewCandidates[ Candidates)
cut(Candidates; BeamWidth)

Output Translation

For simplicity, we introducetwo auxiliary fragments,BOSandEOS(for beginningandendof sentence,
respectively). We assumethe functionSuccessors(F,E) returnsthe setof all fragmentsin E whosesource
startsafter fragmentF andcanvalidly follow F — eithersourceoverlapof zeroor bothsourceandtarget
overlapgreaterthanzero. The function UpdateScore(P,F) looks-upthe bestscoreto endwith fragment
P in a tableandupdatesthe bestscoreto endwith fragmentF if extendingthe pathfrom P to F scores
better;additionally, a backpointerfrom F to P is stored.The �nal translationis producedby tracingthese
backpointers.

Sincethescoringfunctionwascarefullydesignedto dependonly on thecurrentfragmentandits imme-
diatepredecessor, UpdateScorecanbeperformedin constanttime,O(1). With adata-structurethatprovides
a popBestandpopWorst, themergeandsortcanbedonein O(n) time insteadof a full re-sort,O(n logn).
Thus,evenwith anin�nite beam,theoverallcomplexity is O(n2) wheren is thenumberof fragmentsoutput
from theEBMT engine.Sincethescoringfunctionis additive andnon-negative,a fragmentis only popped
from thecandidatelist once. A secondtime would imply that therewasa cheaperpathto somefragment
whichwasnotexplored�rst, in contradictionto thebest-�rst search.Thatis, theheuristicis admissibleand
with anin�nite beamwould beguaranteedto �nd theoptimalcandidateaccordingto thescoringfunction.
Finally, thescoreof thebestfull translationcandidatecanbeusedfor earlyterminationor candidatepruning.
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3 Experiments

3.1 Data Set

All of thedatausedfor thefollowing experimentscamefrom theHansardcorpus,whichconsistsof parallel
FrenchandEnglishversionsof Canadianparliamentarydebatesandrelateddocuments.In all experiments
thesourcelanguagewasFrenchandthetarget languagewasEnglish.Thevalidationdatausedto optimize
theparametersfor theEBMT engineandtheoverlapscoringfunctionconsistedof two one-hundredsentence
�les selectedarbitrarily. The testdataconsistedof ten differentone-hundredsentence�les alsoselected
arbitrarily. At all timesthetraining,test,andvalidationdatasetsweremutuallyexclusive. We constructed
two trainingsetsfor theEBMT engine.The larger trainingsethad960,000sentencepairsandthesmaller
sethad100,000sentencepairsdrawn from thelargetrainingset.

3.2 MT Quality ScoringFunction

For empiricalevaluation,weusethemetricproposedby IBM, calledBLEU 2 (Papinenietal., 2002)andthe
metricdevelopedby NIST, calledsimply NIST below (NIST, 2002). Both metricstry to assesshow close
a machinetranslationis to a setof referencetranslationsgeneratedby humans.In our experimentsthis set
consistsof just thesinglereferencetranslationprovidedby theHansardtranscripts.

To computethe BLEU score,onecountsthe numberof n-word fragments(n-grams)in the candidate
translationsthat have a matchin the correspondingreferencetranslations.The n-gram precisionis this
numberdividedby thetotalnumberof n-gramsin thecandidatetranslations.BLEU actuallyusesamodi�ed
n-gram precision, calledpn . This precisionclips the count for eachn-gramin any candidatetranslation
to prevent it from exceedingthe countof this n-gramin the bestmatchingreferencetranslation. The N
differentn-gramprecisionsareaveragedgeometrically(for BLEU N = 4 andn = 1::4), thenmultipliedby
a brevity penaltyto discourageshortbut high-precisiontranslationcandidates.3 This leadsto thefollowing
formula:

BLEU = emin (1� r
c ;0) :e

� P N
n =1

(1=N ) log pn
�

:

Here,r andc arethetotalnumberof wordsin thereferenceandcandidatetranslationsrespectively. The
brevity penalty, emin (1� r

c ;0) , is lessthanoneif c < r , i.e., the candidatetranslationsareshorterthanthe
referencetranslationsonaverage.

TheNIST scoreis basedonsimilarconsiderations,with threemajordifferences.First, it incorporatesan
informationweightto placemoreemphasison infrequentn-grams.Second,it usesanarithmeticratherthan
geometricaverageto combinethescoresfor eachn. Third, it usesa brevity penaltythat is lesssensitive to
smallvariations.

Thefollowing formuladescribestheNIST metric:

NIST = e� log2[min ( c
r ;1)]

�
NX

n=1

 P
all co-occurringw1 : : : wn

Info(w1 : : : wn )

jall w1 : : : wn in candidatetranslationj

!

:

Here,n-gramsup to N = 5 areconsidered,and� is setsuchthat the brevity penaltyis about0.5 for a
translationcandidatelengththat is about2=3 of the referencetranslationlength. The informationweights
arecalculatedover thereferencetranslationcorpusas:

Info(w1 : : : wn ) = log2

�
# occurrencesof w1 : : : wn � 1

# occurrencesof w1 : : : wn

�
:

2For BiLingual EvaluationUnderstudy.
3Notethatit is notnecessaryto penalizeoverly longcandidatetranslationsasfor thosecasesthen-gramprecisionsarealready

forcedlowerby theclipping.
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Both BLEU andNIST scoresaresensitive to the numberof referencetranslations.Although both are
alsosensitiveto thenumberof wordsin thereferencecorpus,NIST is muchmoresobecauseof thelanguage
modelimpliedby theinformationweights,whichareoftenzerofor largen in smallcorpora.

3.3 Experimental Conditions

Wecomparethreedifferentsystems,eachevaluatedat theirpeakperformancelevelsaccordingto theBLEU
scoresfor thetwo differentsizedsetsof trainingdata,for a totalof six experimentalconditions.Wereferto
our implementationof theoverlapalgorithmdescribedaboveasOverlapbelow. In thissection,wedescribe
the other two systemswe evaluatedto understandthe relative gainsof the Overlapsystem. To ensurea
peak-to-peakcomparisonof thehighestpossibleperformanceof eachsystemwe optimizedtheparameters
of all threesystemsempiricallyasdescribedbelow.

TrainingSet System MeanBLEU St. Dev. BLEU MeanNIST St. Dev. NIST

Standard 0.1420 0.0409 4.9842 0.6610
Small Overlap 0.1640* 0.0380 5.2327* 0.5711

LM 0.1591* 0.0329 5.1306 0.6408

Standard 0.1719 0.0379 5.4189 0.5191
Large Overlap 0.1900* 0.0386 5.6408* 0.5178

LM 0.1897* 0.0428 5.8247* 0.6389

Table2: A performancesummaryof the describedmethods.The bestperformancefor eachmeasureis
set in bold. Starredresultsaresigni�cant againstthe Standardsystemaccordingto the t-test(p � 0:01).
Underlinedresultsaresigni�cant againsttheStandardsystemaccordingto thesigntest(p � 0:05).

3.3.1 Systems

RecallthatOverlapusesthetranslationcandidatefragmentsoutputby theEBMT enginedescribedin Section
2.1.Wehave implementedasearchmechanismover theEBMT engineoutputsimilar to Overlapexceptthat
it disallows fragmentoverlapto serve asa controlsystemfor our experiments.This systemusesthesame
scoringfunction and searchprocedureas Overlapexcept that sinceoverlap is not allowed to occur, the
overlapcoef�cient is effectively set to zero. This searchthereforeis driven entirely by alignmentscores
on the fragmentsplusbonusesfor longerfragmentsanda penaltyfor untranslatedwords. We refer to this
controlsearchmechanismover theEBMT engineoutputasStandard below.

We alsocomparedthe effectivenessof Overlapagainstour existing MEMT implementationwhenus-
ing only the EBMT engineanda languagemodelcomponent.Sincethe effective differencebetweenthis
systemandStandard is the languagemodel,we refer to it asLM. The languagemodelcomponentof the
MEMT systemusesa trigrammodelof thetargetlanguage(with smoothingandback-off wherenecessary)
plusa numberof otherweightingfactorsto selectthebest-scoringoverall translationwith no overlapping
fragments.Theweightingfactorsincludethequality scoresassignedby thetranslationengines,thelengths
of the fragments,anda penaltyfor untranslatedwords,just asareusedin our new selectionmechanism.
The languagemodelwe usedwasbuilt from approximately250 million wordsof Englishtext, including
broadcastnews transcriptions,AssociatedPressnewswire, Wall StreetJournaltext, andothersourcesof
news.
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3.3.2 Parameter Optimization

It is importantto notethattheparameteroptimizationsfor theEBMT engineandtheoverlapscoringfunction
arewith respectto theBLEU scoringmethodonly. All optimizationsweredoneon thevalidationdata. The
NIST scoresfor thesameparametersettingsareincludedin theresultsin Section3.4 for completenessbut
havenotbeenoptimized.

The EBMT enginetakesthreeparametersto de�ne its searchspace.The enginesequentiallysearches
throughits parallelcorpusof trainingdatafrom themostrecentlyaddedexamplesto theearliestaddedex-
amples.As it searches,it returnsmatchesbetweeneachuniquesourcefragmentof the input sentenceand
thecorpusuntil any of the following conditionsaremet. First, thenumberof matcheswith perfectalign-
mentscoresequalstheparameter-speci�edmaximum(Max-Perfect). Second,thenumberof matcheswith
alignmentscoresbetterthana giventhresholdequalsthespeci�edmaximum(Max-Near-Perfect). Finally,
thesearchendswhenthenumberof matchesconsideredequalsa speci�ed maximum(Max-Alternatives).
Sincetheseparameterscontrolhow many alternative translationsa singlesourcefragmenthasin thetrans-
lation lattice,they interactwith thesizeof thelatticeandthequalityof translationsthatcanbeproducedby
traversingthelattice.

Wealsooptimizedthreeof theparametersfor theoverlapscoringfunction: thecoef�cients for thelength
of thefragment(l ), thelengthof theoverlap(o); andthealignmentscore(a). Undertheassumptionthatthe
ratio of thesecoef�cients is moreimportantthantheir speci�c values,we �x edthealignmentcoef�cient to
oneandoptimizedthevaluesfor thelengthandoverlapcoef�cients. Thisoptimizationwasperformedafter
optimizingthethreeEBMT parametersdiscussedabove.

3.4 Experimental Results

In Table 2, we show resultsfor eachof the six experimentalconditionsdescribedabove. The highest
performingsystemsarehighlightedin the tablefor the small andlarge training sets. We alsoreport two
typesof signi�canceteststo comparetheOverlapandLM systemsagainsttheStandard system.The�rst is
a signtest.Thenull hypothesisis thateachof thetwo systemsbeingcomparedtranslatesa givensentence
betterabouthalf thenumberof timestheir performancescoreon a sentencediffers. This testis performed
on thesetof individualsentencescoresof thetestset.Thesecondtestis a two-sidedt-teston thedifference
betweeneachpair of scoresover the ten �les that comprisedthe testset. The null hypothesisis that the
differenceis zero.Thesigni�cancelevelsof our resultsaresummarizedin Table2.

The scoresin Table2 areevaluatedusingonly onereferencetranslation.Both BLEU andNIST met-
rics yield higherscoresasthe numberof referencetranslationsis increased.For example,a Chinese-to-
Englishtranslationsystemevaluatedon 993sentencesfor which four referencetranslationswereavailable
as opposedto the averageof scoresobtainedusing the referencetranslationsindividually improved the
BLEUscoresby 85% andthe NIST scoresby 51%. The readershouldbearthis in mind whencomparing
the scoresreportedhereto scorespublishedelsewherethat evaluateperformanceover corporawith more
referencetranslations.

TrainingSet System Avg. Words/Fragment

Small Standard 2.92
Overlap 3.02

Large Standard 3.45
Overlap 3.34

Table3: Averagenumberof targetwordsperfragmentin theOverlapandStandard systems.
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4 Discussion

We concludefrom theresultspresentedabove that theOverlapsystemis superiorto theStandard system.
For the largetrainingset,Overlapprovidesa 10.53%improvementover theStandard method,andfor the
smalltrainingsetit providesa15.49%improvement.Thisshowsthatoverlapis of greaterimportancewhen
little trainingdatais available.

Thereareseveralthingsto noteaboutFigure1.4 First,it is clearthatincreasingthesizeof thetrainingset
increasesthepercentageof fragmentsin asentencehaving overlap.However, therelativeincreasein training
setsize(10� ) is muchlargerthantherelative increasein overlappercentage.This differenceindicatesthat
we will getdiminishingreturnsin overlapby further increasingthetrainingsetsize.Anotherpoint to note
aboutthis �gure is thateven in thesmall trainingset,morethan75%of the translationsuseoverlap(80%
for thelargetrainingset).

In comparingtheOverlapandLM systems,wenotethatthedifferencesbetweenthetwo arenotstatisti-
cally signi�cant. Thus,theOverlapapproachproducesbetteror comparabletranslations.This is impressive
giventhefactthatoverlapis only usedin translating75-80%of thesentences.Additionally, wearecurrently
pursuinga methodof combiningtheOverlapandLM systems(Brown et al., 2003);currentresultsindicate
thatusingoverlapin combinationwith a languagemodelleadsto signi�cantly betterresultsthanusingthe
eitherapproachon its own. This furtherdemonstratesthatoverlapandtypical languagemodelapproaches
takeadvantageof differenttypesof information.
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Figure 1: A histogramof the percentageof frag-
ments in each output translationthat have some
overlapwith their precedingfragments.

Figure2: A histogramof the numberof fragments
combinedto form the output translationfor each
sentencein thetestset.

Figure2 providessomeinsight into how Overlapproducesbettertranslations.This histogramshows
thatonaverage,theOverlapsystemusesmorefragmentspersentencethantheStandard system.This trend
alsooccurswhenOverlapis comparedto Standard usingthe small training set. To help understandhow
theOverlapsystembene�ts from usingmorefragments,we areinterestedin whethertheOverlapsystem
is makinguseof longeror shorterfragmentsthantheStandard system(Table3). Surprisingly, theanswer
changeswith theamountof trainingdataavailable. In thesmall trainingdataset,wherethepercentageof
overlappingfragmentsis muchlower, theOverlapsystemis ableto uselongerfragmentsthantheStandard
system(whichcannotusethesamefragmentsbecausethey overlap).However, astheamountof trainingdata
increasesandthereforethepercentageof overlappingfragments,theOverlapmethodmakesuseof shorter

4To obtainthepercentageof fragmentsin asentencewith overlap,thenumberhaving overlapis actuallydividedby thenumber
of fragmentsminusone(sincethe�rst fragmenthasnopredecessorto overlap).
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fragmentsthantheStandard method,but becauseof thefrequentandconsistentoverlapin thefragments,it
canstill producemoreaccuratetranslations.

Basedon the resultsof this paper, we arepursuingseveralpromisingextensionsto this work. We are
excitedabouttheprospectof combiningtheOverlapmethodwith othersourcesof informationtheEBMT
systemis given.For instance,weplanto investigateusingoverlapin conjunctionwith grammarrules.

5 Conclusions

In summary, we have presentedan EBMT methodthat exploits the reinforcementinherentin overlapping
translatedphrases.Ouroverlapmethodproducesastatisticallysigni�cant improvementin translationquality
overasystemin thetraditionalnon-overlappingparadigm.Overlapseemsto bebene�cial in two ways.The
�rst is thatit allowsasystemto uselongphrasaltranslationsthatcannotbeusedby standardEBMT because
they overlapwith eachother. Additionally, systemsbene�t whenoverlapoccursfrequentlyenoughto take
advantageof consistenttranslationsof shorterfragments.
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