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Abstract

Example-BaseMachineTranslatiofEBMT) retrievespre-translateghrasesrom asentence-alignetilin-
gualtrainingcorpusto translatenew input sentencesEBMT usedong pre-translateghrasegffectively but
is subjectto dis uenciesat phrasalranslationboundariesWe addresghis problemby introducinga novel
methodthat exploits overlappingphrasaltranslationsandthe increasedcon dencein translationaccurag
they imply. We specifyanefcient algorithmfor producingtranslationsusingoverlap. Finally, our empir
ical analysisindicatesthat this approachproduceshigherquality translationghanthe standardmethodof
EBMT in a peak-to-peakomparison.
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1 Intr oduction

Corpus-BaseachineTranslation(MT), includingStatisticaMT (SMT) (Brown etal., 1990;Brown etal.,
1993; YamadaandKnight, 2002)and Example-BasedT (EBMT) (Nagao, 1984; Nirenkurg et al., 1994;
Sumitaandlida, 1991;VealeandWay, 1997;Brown, 2001),usea sentence-alignebilingual corpusto train
translationmodels. The formerrelieson word andn-gramstatisticsto seekthe mostprobabletranslation,
andthelatterrelieson nding translatednaximal-lengthphrasegshatcombineto form a translation.Each
methodhasits strengthsandweaknessesEBMT canexploit long translatedphrasesut doesnot combine
phrasatranslationsvell, whereasSMT combinesvord andshortn-gramtranslationsvell but cannotexploit
long pre-translategbhrases.This paperaddresses part the major shortcomingof EBMT: how to better
combinephrasaltranslations. When standardeEBMT approachesnd several long n-gramswith known
translationsn thesentencéeingtranslatedthey canonly exploit thesdf thefragmentsarenon-overlapping.
We have developeda methodof combiningoverlappingfragmentswhosetranslationsare consistent.This
method which we call “maximal left-overlapcompositionaEBMT” or for short“maximal overlapEBMT”,
forms a translationmore likely to be accuratethan sequentially-abitting translatedragments. Although
we hadpreviously experimentedvith one-word overlapat EBMT fragmentboundariesthe n-word overlap
versionis clearlymorepowerful.

This paperis organizedasfollows. First, we give a presentatiomndillustration of the maximaloverlap
EBMT method.Thenwe describethe scoringmethodfor incorporatingoverlapinto the EBMT latticesearch
and the new lattice searchalgorithm. Finally, we presentresultsthat clearly demonstratehe power of
overlapEBMT ontheHansardCorpus.

2 Maximal Overlap Method

Whenthe EBMT engineis givena sentencdor translationjt outputsa list of sourcefragmentgcontiguous
portions)from the input sentenceand candidatetranslationsobtainedfrom its alignmentof the example
translationsit was originally given. Eachsource/taget fragmentpair hasits own alignmentscore,and
we referto a pair assimply a fragmentbelow (specifyingsourceor tamget asnecessary) A methodthat
usesoverlapmustbalancehe fragmentscoresobtainedirom the EBMT enginewith the amountof overlap
betweerthesefragmentsaswell asotherpossiblefactors(e.g., fragmentiength).

Table1 showvs anexcerptfrom anEBMT translationlattice. After the EBMT engineretrievesfragments
from its paralleltraining corpus,translationproceedsdy nding a paththroughthe translationlattice that
combinesthe fragmentsin somemanner Traditionally, suchcombinationproceduresave requiredthe
sourcefragmentsto have no overlap. Our methodstemsfrom the motivation that when both the source
andtargetof two adjacenfragmentsoverlap,thenthereis anincreasedik elihoodtheir combinationis an
accuratdranslationt

In the examplein Table 1, the standardcombinationprocedureyields a syntacticallycoherentout se-
manticallyincorrecttranslation.Theresultis asentencevheretheuseof “that” impliesareferentandthus,
the statements interpretedas: “A speci ¢ conditionis not requiredto starta full investication? The com-
binationprocedurghat usesoverlap producesa translationwith the correctsemantics’It is the spealker's
opinionthata full investigationis not necessary Thisis a directresultof consideringoverlapin the frag-
ments.Thereasoris thatthe“il” in thecontet of “qu'il...n écessairde” shouldneverbetranslatechsaword
with areferent. Thus,atraining setwith correcttranslationswill never containa fragmentthatbeginslike
Fragment2 andextendsall theway to “de”. However, whenoverlappingfragmentsare used,an example
of theinitial portion of the phrasg(Fragmentl) andan examplecontinuingwith theidiomatic“qu'il soit”

1Sometimeghereis no opportunityto exploit overlapwhentranslatinga sentencebecausehe full sentencandits translation
occurverbatimin thetrainingcorpus.Onesuchamusingexampleis: “The governmentdoesnot know whatit is doing”



Input: Je doute qu'il soit nécessaire de lancer une enqwete compkte pour linstant.

Fragment
1 Je doute quil

| donotthinkit is
2 Je doute qu'l soit

| doubtwhetherthatwill be
3 qu'il  soit nécessaire de

notthink it is necessaryo
4 nécessaire de lancer
necessaryo start
5 une enqwete compkete
afull investigation
6 pour [linstant.
for themoment.

Humanreferencdranslation:

“I donotthink it is necessaryo launchafull inquiry atthistime”
StandardEBMT translationcombinedragment<2, 4, 5, and6, to producethe output:

“I doubtwhetherthatwill benecessaryo startafull investigationfor themoment.
EBMT translatiorwith overlapcombinedragmentsl, 3, 4, 5, and6, to producethe output:

“I donotthink it is necessaryo starta full investigationfor the moment.

Tablel: A Portionof anEBMT TranslationLattice. In orderto combinefragmentswith overlap,they must
matchin both the sourceandtargetlanguage.Thus, Fragmentsl and 3 canbe combinedwhile 2 and3
cannot.Thefull translationlattice for this examplehasapproximately60 fragments.

(Fragmen®3) canbe combinedto producean accuratdranslation.In general both syntacticand semantic
problemscanoccurwhenoverlapis notconsidered.

2.1 TheEBMT Engine

Similar to (Frederkinget al., 1994), the EBMT systemthat we usedfor our experimentswas originally
intendedto actasoneenginein a multi-enginemachinetranslation(MEMT) system.Hence,jt differsin a
numberof aspectgrom mostimplementation®f EBMT. For our purposesthe importantdifferenceis that
the engineitself neednot nd a singlebestoverall translationbecauseéts outputis intendedto be fed into
a separateselectionstep. Instead the EBMT engineoutputstranslationsof all the phrasalmatchest nds
in thetraining corpusthatit is ableto align atthe word level. Thesepartialtranslationgnay be ambiguous
andcanoverlap(eitherpartially or subsumingsomeshortertranslations)Having suchalist of all candidate
partial translationsavailable asthe engines outputmakesit straightforvard to implementa new selection
mechanism.

2.2 Scoring Function

The scoringfunction that guidesfragmentcombinationin our algorithm assignsan overall scoreto each
candidatdaranslation.This scoreis simply the sumof the scoresfor eachconstituenfragment. The score
of afragmentdepend®nly onthatfragmentandtheimmediatelyprecedingragmentin thetranslation By
choosinganoverall scoringfunctionthatis additive anddependenonly onthefragmentandits predecessor



we canconductanef cient searchfor thebestscoringtranslationcandidate.
Thescoringfunctionweightsfour differentattributesof afragment:ithegapbetweerthesourcedragment
andits predecessothe lengthof the sourcefragment the alignmentscorefrom the EBMT engine,andthe
overlapbetweena fragmentandits predecessor-our parameters(g; |; a; 0), weightthe relative in uence
of eachof thesefactors.
Thescore s(F), assignedo afragmentF, is:

s(F) = g SouceGapLength GapFenalty+ s{F)
where

sYF)

Scoref s(F) closerto zeroarebetter Thatis, we desireto minimize this function. We now describe
eachcomponenbf the scoringfunction.

The SouceGapLengtlis the numberof untranslatedvordsfrom the input sentencehatfall betweera
fragmentandits predecessoiThe GapRenaltyis de ned dynamicallyin termsof s asthe s scoregivento
a perfectlyalignedsingleword translation.We setg= 2, sothe nal weightagapin translationcarriesis
twice asbadasreplacingeachword with a perfectdictionarylook-up.

Align(F) is the scoreobtainedfrom the EBMT enginethat indicatesthe engines con dencethat the
sourceandtargetfragmentsarewell-aligned.

OverlapLengthis de ned to be zeroif the sourceof a fragmentandits predecessodo not overlap
in the input sentence.Therefore,a non-zerooverlap implies that the gap lengthis zero. Whenthereis
sourceoverlapbetweenthe endof a predecessdragmentandthe beginning of the currentfragment,then
OverlapLengths themaximumnumberof targetwordsfrom theendof thepredecessdragmentthatmatch
thebeginning of the currenttargetfragment.In Tablel1, Fragmentd and3 have an OverlapLengttof four
(“not think it is”).

Finally, SoucelLengthis simply the lengthof the fragmentin the sourcelanguage.Eachof the com-
ponents Align, OverlapLengthvary from zeroto approximatelySouceLength with highervaluesbeing
better Thecoefcients |; a; ando wereoptimizedempiricallyasdescribedn Section3.3.2.

1=(a Align(F) + o OverlapLength+ | SourceLength+ 1):

2.3 Search Discipline

Sincethe scoringfunction is additive over fragmentsand dependenat eachsteponly upon a fragment
andits immediatepredecessowe canusea dynamicprogrammingsolutionto avoid anexponentialsearch
problem.Dynamicprogrammingapproachetake advantageof problemswherethe bestsolutionat a point
A in alattice canbe de ned in termsof the bestsolutionat all pointsthatcanreachA in onestepandthe
costof thatstep.

Despitetheseef ciencies, the searchis still computationallyexpensve sincethe EBMT enginecan
output hundredsof fragmentpairs for a single sentence.Sincethe optimizationswe have describedso
far resultin an algorithmthatis roughly O(n?) in the numberof fragmentpairs, this cansometimese a
computationaburden.

Thereforewe furtheroptimizeour searchby usinga best- rstbeamsearch A best- rst searchexpands
thebest-scoringin nished candidatdranslationrst. A beamsearctonly retainsthetop-n un nishedcan-
didatetranslationsThetop scoring nished candidatés storedandupdatedasbetterscoringtranslationsre
found. Oncethe beamis empty thetop scoringcandidatas outputasthe besttranslation.Our experiments
usea beamof twenty



2.4 Overlap EBMT Algorithm

We arenow in a positionto give pseudocodéor theoverlapEBMT system.Giventhesetof outputfragments
E from theEBMT engineanda beamwidth, we have:

Algorithm 2.1: OverlapTanslation(E ; BeamVidlth)

Candidates BOS
Translation < EmptyTanslation>
while8not emptyCandidate}
F  popBedtCandidate}
NewCandidates
Success&F;E) [ EOS

for eachc®2 NewCandidates

doif YpdateScax(F; ¢

comment: Besttranslationto endwith c°
% if 0= BOS
then 2 Translation
then _ BakTracgc)
~ deletéc® NewCandidate}

elsedelet¢c® NevCandidate}s

comment: Updateremainingcandidates

sori(NevCandidateg Candidate}
" cuf(CandidatesBeam\idth)
Output Translation

do

For simplicity, we introducetwo auxiliary fragmentsBOSandEOS(for beginningandendof sentence,
respectrely). We assumehe function Success®&(FE) returnsthe setof all fragmentsn E whosesource
startsafter fragmentF andcanvalidly follow F — eithersourceoverlapof zeroor both sourceandtarget
overlap greaterthan zero. The function UpdateScag(RF) looks-upthe bestscoreto end with fragment
P in atableandupdateghe bestscoreto endwith fragmentF if extendingthe pathfrom P to F scores
better;additionally a backpointefrom F to P is stored. The nal translationis producedby tracingthese
backpointers.

Sincethe scoringfunctionwascarefullydesignedo dependinly onthe currentfragmentandits imme-
diatepredecessoblpdateScae canbeperformedn constantime, O(1). With adata-structuréhatprovides
a popBestandpopWrst, the meige andsortcanbe donein O(n) time insteadof a full re-sort,O(n logn).
Thus,evenwith anin nite beamtheoverallcompleity is O(n?) wheren is thenumberof fragmentsoutput
from the EBMT engine.Sincethe scoringfunctionis additive andnon-ngative, a fragmentis only popped
from the candidatdist once. A secondime would imply thattherewasa cheapempathto somefragment
whichwasnotexplored rst, in contradictionto thebest- rst search.Thatis, the heuristicis admissibleand
with anin nite beamwould be guaranteedo nd the optimal candidateaccordingto the scoringfunction.
Finally, thescoreof thebestfull translatiorcandidateanbeusedfor earlyterminationor candidatgruning.



3 Experiments

3.1 Data Set

All of thedatausedfor thefollowing experimentamefrom the Hansarccorpus which consistf parallel

FrenchandEnglishversionsof Canadiamparliamentarydebatesandrelateddocumentsin all experiments
the sourcelanguagevasFrenchandthetargetlanguagevasEnglish. Thevalidationdatausedto optimize
theparameterfor theEBMT engineandtheoverlapscoringfunctionconsistedf two one-hundregentence

les selectedarbitrarily. The testdataconsistedof ten differentone-hundredentenceles alsoselected
arbitrarily. At all timesthetraining,test,andvalidationdatasetsweremutually exclusive. We constructed
two training setsfor the EBMT engine. Thelargertraining sethad960,000sentenceairsandthe smaller
sethad100,000sentenceairsdravn from thelargetraining set.

3.2 MT Quality Scoring Function

For empiricalevaluation,we usethe metricproposedy IBM, calledBLEU 2 (Papinenietal., 2002)andthe
metric developedby NIST, calledsimply NIST belov (NIST, 2002). Both metricstry to assessiow close
amachinetranslationis to a setof referencdranslationggeneratedy humans.In our experimentghis set
consistof justthe singlereferencdranslationprovided by the Hansardranscripts.

To computethe BLEU score,one countsthe numberof n-word fragments(n-grams)in the candidate
translationghat have a matchin the correspondingeferencetranslations. The n-gram precisionis this
numberdividedby thetotal numberof n-gramsin thecandidatdranslationsBLEU actuallyusesamodi ed
n-gram precision calledp,. This precisionclips the countfor eachn-gramin ary candidatetranslation
to preventit from exceedingthe countof this n-gramin the bestmatchingreferenceranslation. The N
differentn-gramprecisionsaareaveragedyeometrically(for BLEU N = 4 andn = 1::4), thenmultiplied by
a brevity penaltyto discourageshortbut high-precisiortranslationcandidates. This leadsto the following
formula: =)
BLEU = M (1 %0 e Szl (1=N)logpn :

Here,r andc arethetotal numberof wordsin thereferenceandcandidatdranslationgespectrely. The

brevity penalty emi”(l rE?O), is lessthanoneif ¢ < r, i.e., the candidatearanslationsare shorterthanthe
referenceranslationson average.

TheNIST scoreis basedn similar considerationsyith threemajordifferencesFirst, it incorporatesn
informationweightto placemoreemphasi®ninfrequentn-grams.Secondijt usesanarithmeticratherthan
geometricaverageto combinethe scoresdor eachn. Third, it usesa brevity penaltythatis lesssensitve to
smallvariations.

Thefollowing formuladescribeshe NIST metric:

!
X! all co-occurringws : : : Wy, Info (w1 :::wn)
jall wy :::wp in candidatdranslation

NIST =, e o’ [mn(72)]

n=1
Here,n-gramsupto N = 5 areconsideredand is setsuchthatthe brevity penaltyis about0.5 for a
translationcandidatdengththatis about2=3 of the referencdranslationlength. The informationweights
arecalculatedover thereferencdranslationcorpusas:
#occurrencesfwy 1w, 1
# occurrencesf wy @ ::wp

Info(w; :::wy, ) = log,

2For BiLingual EvaluationUnderstudy
3Notethatit is notnecessaryo penalizeoverly long candidateranslationssfor thosecaseshen-gramprecisionsarealready
forcedlower by the clipping.



Both BLEU andNIST scoresare sensitve to the numberof referenceranslations.Although both are
alsosensitve to thenumberof wordsin thereferencecorpus NIST is muchmoresobecausef thelanguage
modelimplied by theinformationweights,which areoftenzerofor largen in smallcorpora.

3.3 Experimental Conditions

We comparehreedifferentsystemseachevaluatedat their peakperformancéevelsaccordingo the BLEU
scoredor thetwo differentsizedsetsof trainingdata,for atotal of six experimentakonditions.We referto
ourimplementatiorof the overlapalgorithmdescribedabore asOverlapbelaw. In this sectionwe describe
the othertwo systemswe evaluatedto understandhe relative gains of the Overlap system. To ensurea
peak-to-peakomparisorof the highestpossibleperformancef eachsystemwe optimizedthe parameters
of all threesystemsempiricallyasdescribedelow.

| 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 05711
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 bestperformanceor eachmeasurdas
setin bold. Starredresultsaresigni cant againstthe Standardsystemaccordingto thet-test(p  0:01).
Underlinedresultsaresigni cant againstthe Standardsystemaccordingto the signtest(p ~ 0:05).

3.3.1 Systems

RecallthatOverlapuseghetranslatiorcandidatdragmentutputby theEBMT enginedescribedn Section
2.1. We have implemented searchmechanisnoverthe EBMT engineoutputsimilarto Overlapexceptthat
it disallovs fragmentoverlapto sene asa control systemfor our experiments.This systemusesthe same
scoringfunction and searchprocedureas Overlap exceptthat since overlap is not allowed to occur the
overlap coefcient is effectively setto zero. This searchthereforeis driven entirely by alignmentscores
on the fragmentsplus bonusedor longerfragmentsanda penaltyfor untranslatedvords. We referto this
controlsearchmechanisnoverthe EBMT engineoutputasStandad below.

We alsocomparedhe effectivenesof Overlapagainstour existing MEMT implementationwhenus-
ing only the EBMT engineanda languagemodelcomponent.Sincethe effective differencebetweenthis
systemand Standad is the languagemodel, we referto it asLM. The languagemodelcomponenbf the
MEMT systemusesatrigram modelof thetargetlanguaggwith smoothingandback-of wherenecessary)
plus a numberof otherweightingfactorsto selectthe best-scoringverall translationwith no overlapping
fragments.Theweightingfactorsincludethe quality scoresassignedy thetranslationenginesthelengths
of the fragments,anda penaltyfor untranslatedvords, just asare usedin our new selectionmechanism.
The languagemodelwe usedwas built from approximately250 million words of Englishtext, including
broadcashews transcriptions AssociatedPressnewvswire, Wall StreetJournaltext, and other sourcesof
news.



3.3.2 Parameter Optimization

It isimportantto notethattheparameteoptimizationdor theEBMT engineandtheoverlapscoringfunction
arewith respecto the BLEU scoringmethodonly. All optimizationsweredoneonthevalidationdata The
NIST scoredor the sameparametesettingsareincludedin theresultsin Section3.4 for completenesbut
have not beenoptimized.

The EBMT enginetakesthreeparameterso de ne its searchspace.The enginesequentiallysearches
throughits parallelcorpusof training datafrom the mostrecentlyaddedexamplesto the earliestaddedex-
amples.As it searchest returnsmatchesetweeneachuniquesourcefragmentof theinput sentenceand
the corpusuntil ary of the following conditionsare met. First, the numberof matcheswith perfectalign-
mentscoresequalsthe parametespeci ed maximum(Max-Rerfec). Secondthe numberof matcheswith
alignmentscoresdetterthana giventhresholdequalsthe speci ed maximum(Max-NearPerfec). Finally,
the searchendswhenthe numberof matchesconsideredqualsa speci ed maximum(Max-Alternatives
Sincetheseparametersontrolhow mary alternatve translationsa singlesourcefragmenthasin the trans-
lation lattice, they interactwith the sizeof thelattice andthe quality of translationghatcanbe producedoy
traversingthelattice.

We alsooptimizedthreeof theparameterfor theoverlapscoringfunction: thecoefcients for thelength
of thefragment(l), thelengthof theoverlap(o); andthealignmentscore(a). Undertheassumptiorthatthe
ratio of thesecoefcients is moreimportantthantheir speci ¢ valueswe x edthealignmentcoefcient to
oneandoptimizedthevaluesfor thelengthandoverlapcoefcients. This optimizationwasperformedafter
optimizingthethreeEBMT parametersliscussedbore.

3.4 Experimental Results

In Table 2, we shaw resultsfor eachof the six experimentalconditionsdescribedabose. The highest
performingsystemsare highlightedin the tablefor the small andlarge training sets. We alsoreporttwo
typesof signi canceteststo comparehe OverlapandLM systemsagainstthe Standad system.The rst is
asigntest. The null hypothesids thateachof the two systemdeingcomparedranslates givensentence
betterabouthalf the numberof timestheir performancescoreon a sentencaliffers. This testis performed
onthesetof individual sentencascoref thetestset. Thesecondestis atwo-sidedt-teston the difference
betweeneachpair of scoresover theten les thatcomprisedthe testset. The null hypothesisis thatthe
differenceis zero. Thesigni cancelevelsof ourresultsaresummarizedn Table2.

The scoresin Table 2 are evaluatedusing only onereferencdranslation. Both BLEU andNIST met-
rics yield higherscoresasthe numberof referenceranslationss increased.For example,a Chinese-to-
Englishtranslationsystemevaluatedon 993 sentence$or which four referenceranslationsvereavailable
as opposedo the averageof scoresobtainedusing the referencetranslationsindividually improved the
BLEUscoresby 85% andthe NIST scoresby 51%. The readershouldbearthis in mind whencomparing
the scoresreportedhereto scorespublishedelsavherethat evaluateperformanceover corporawith more
referencdranslations.

| TrainingSet | System | Avg. Words/Fragment

Small Standard 2.92
Overlap 3.02
Large Standard 3.45
Overlap 3.34

Table3: Averagenumberof targetwordsperfragmentin the OverlapandStandad systems.



4 Discussion

We concludefrom the resultspresentedbove thatthe Overlapsystemis superiorto the Standad system.
For the large training set, Overlapprovidesa 10.53%improvementover the Standad method,andfor the
smalltrainingsetit providesa 15.49%improvement.This shavs thatoverlapis of greateiimportancevhen
little trainingdatais available.

Thereareseveralthingsto noteaboutFigurel.* First, it is clearthatincreasinghesizeof thetrainingset
increaseshepercentagef fragmentsn asentencéaving overlap. However, therelative increasen training
setsize(10 ) is muchlargerthantherelative increasen overlappercentageThis differenceindicatesthat
we will getdiminishingreturnsin overlapby furtherincreasinghetraining setsize. Anotherpointto note
aboutthis gure is thatevenin the smalltraining set,morethan75% of the translationsuseoverlap (80%
for thelargetraining set).

In comparingheOverlapandLM systemswe notethatthe differenceetweerthetwo arenot statisti-
cally signi cant. Thus,theOverlapapproactproducesetteror comparableranslationsThisis impressie
giventhefactthatoverlapis only usedin translatingr5-80%of the sentencesAdditionally, we arecurrently
pursuinga methodof combiningthe OverlapandLM systemgBrown et al., 2003);currentresultsindicate
thatusingoverlapin combinationwith alanguagamodelleadsto signi cantly betterresultsthanusingthe
eitherapproacton its own. This further demonstratethat overlapandtypical languagemodelapproaches
take advantageof differenttypesof information.

0‘verlap (Largé Training Sél) —

250
' ' Overlap (Large T‘ra\mng Set) ]
i Standard (Large Training Set) ---x---

);( Overlap (Small Training Set) ---x---

200 |- 1 0 L

60 [

40 +

Number of Sentences
Number of Sentences

50 20 L

XX

L‘) 0.‘2 D‘A 0‘.6 0.‘8““ 1 l‘] ; 1‘0 1‘5 2‘0 2‘5\ - ;; 3::5 ] 40
Percentage of Fragments Having Overlap in a Sentence Number of Fragments Per Sentence

Figure 1: A histogramof the percentageof frag- Figure2: A histogramof the numberof fragments

mentsin each output translationthat have some combinedto form the output translationfor each

overlapwith their precedingragments. sentencén thetestset.

Figure 2 provides someinsightinto how Overlap producesettertranslations.This histogramshowvs
thaton averagethe Overlapsystemusesanorefragmentgersentenceéhanthe Standad system.Thistrend
alsooccurswhenOverlapis comparedo Standad usingthe small training set. To help understandow
the Overlapsystembene ts from usingmorefragmentswe areinterestedn whetherthe Overlapsystem
is makinguseof longeror shorterfragmentshanthe Standad system(Table 3). Surprisingly the answer
changeswith the amountof training dataavailable. In the smalltraining dataset,wherethe percentagef
overlappingfragmentss muchlower, the Overlapsystemis ableto uselongerfragmentghanthe Standad
systemwhichcannotusethesamdragmentdecaus¢hey overlap). However, astheamouniof trainingdata
increaseandthereforethe percentagef overlappingfragmentsthe Overlapmethodmakesuseof shorter

“To obtainthepercentagef fragmentsn asentencevith overlap,the numbethaving overlapis actuallydividedby thenumber
of fragmentsminusone(sincethe rst fragmenthasno predecessdo overlap).



fragmentghanthe Standad method but becaus®f thefrequentandconsistenbverlapin the fragmentsit
canstill producemoreaccuratdranslations.

Basedon the resultsof this paper we are pursuingseveral promisingextensiongo this work. We are
excited aboutthe prospeciof combiningthe Overlapmethodwith othersourcesof informationthe EBMT
systemis given. For instancewe planto investigateusingoverlapin conjunctionwith grammarules.

5 Conclusions

In summarywe have presentechn EBMT methodthat exploits the reinforcemeninherentin overlapping
translategphrasesOuroverlapmethodoroducesstatisticallysigni cantimprovementn translatiomuality
overasystemn thetraditionalnon-overlappingparadigm.Overlapseemgo bebene cial in two ways. The
rst is thatit allows asystento uselong phrasatranslationghatcannotbeusedby standardEBMT because
they overlapwith eachother Additionally, systemsene t whenoverlapoccursfrequentlyenoughto take
adwantageof consistentranslation®f shorterfragments.
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