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ABSTRACT
In this paper, we addressthe problem of computinga consen-
sustranslationgiven the outputsfrom a setof MachineTransla-
tion (MT) systems. The translationsfrom the MT systemsare
alignedwith amultiplestringalignmentalgorithmandtheconsen-
sustranslationis thencomputed.We describethemultiple string
alignmentalgorithmandtheconsensusMT hypothesiscomputa-
tion. We reporton thesubjectiveandobjective performanceof the
multilingualacquisitionapproachonalimited domainspokenlan-
guageapplication.We evaluatefive domain-independentoff-the-
shelf MT systemsandshow that the consensus-based translation
performsequalor betterthanany of thegivenMT systemsbothin
termsof objective andsubjectivemeasures.

1. INTRODUCTION

Therehavebeenmany paradigmsof MachineTranslationsystems
rangingfrom interlingua-based,transfer-basedanddirect transla-
tion systems.Furthermore,eachof theseparadigmscanbeassoci-
atedwith anumberof differentapproachessuchasexample-based,
rule-based,statisticalor ahybridof theseapproaches.Thespaceof
possiblesystemshave differentstrengthsandlimitations. For ex-
ample,an example-basedsystemcould have very goodaccuracy
on input thatmatchesexactly with anexample,while a statistical
translationsystemis usuallymorerobust. In thispaperweaddress
theissueof methodsof combiningtheresultsof multiple transla-
tion systemsto arrive ata consensustranslation.

The combinationof outputsfrom multiple systemsperform-
ing thesametaskhave beenfoundto improve accuracy in a num-
berof classificationtaskssuchaspart-of-speechtagging[1], text
categorization[2] andspeechrecognition[3]. Theunderlyingas-
sumptionis thattheerrorscommittedby a systemareindependent
of the errorscommittedby othersystems.However, unlike part-
of-speechtaggingor text categorizationtaskswheretheunit to be
classifiedis apriori given(eithera word or a document),a unit in
a translationtask is not given. The units for comparisonacross
different translationsystemsneedto be inferred by aligning the
outputsof thetranslationsystems.

Weproposeanalgorithmthatgiventheoutput
���

of n MT sys-
temsconstructsa consensustranslation,which is expectedto bea
moreeffectivetranslationthaneachof theMT systems.Weusethe
consesustranslationto automaticallytrain stochasticfinite-state
translationmodelsusing the methodsproposedin [4]. We eval-
uatesubjectively (rank scoring)andobjectively (string accuracy)
theperformanceof eachMT systemsandtheconsensus-basedMT
andshow that the latter performsequalor betterthanany of the
givenMT systems.

In Section2 we describetheEnglishspokenlanguagecorpus.
In Section3 wediscusstheweb-basedMT acquisitionsystemfrom
general-purposecommercialsystems.In Section4, we presentthe
multistring alignmentalgorithm usedto computethe consensus-
basedMT translation.In Section5, we presenttheMT evaluation
results.

2. SPOKEN LANGUAGE CORPUS

The sourcelanguagecorpusis a collection of speechtranscrip-
tionsfrom theautomatedconferenceregistrationsystemdescribed
in [5]. Thespokendialog systemin [5] automaticallytranscribes
spontaneousspeechinput, parsesthe Automatic SpeechRecog-
nizer (ASR) outputandpromptsthe userwith requestsfor more
information,clarification,confirmationetc.As a result,thecorpus
of spontaneousspeechtranscriptionsis partitionedin termsof the
dialog contexts (e.g. yes-noquestions,etc.). The lengthandthe
dictionaryof utterancetranscriptionvary from 1 to 27 (average
3.4),dependingonthedialogcontext. Theoverallworddictionary
is 613andthetotal numberof utterancetranscriptionsis 8064.An
excerptform thecorpusis givenbelow:

� this is John Smith I’d like to register
� di- directions to A T and T middletown labs
� no I want restaurant information
� uh by teleconf- uh well probably in person

This sentencesampleshows thestyleof thespeechtranscrip-
tions( human-machinespokendialog)andthedisfluenciesof spon-
taneousspeech( e.g. truncatedwords “di-”, filled pauses“uh”,
etc.). For our experiments,we filtered out disfluency events(e.g.
truncatedwords,filled pauses,etc).

3. MULTILINGUAL DATA ACQUISITION

The processof obtainingthe translationsis representedin Fig-
ure 1. It is basedon the searchfor a consensustranslation(step
6) from the resultsgiven by a setof machinetranslationsystems
(MT1 �����MTn). We takeadvantageof theavailability of someof
thesetranslationsystemsvia the world wide web. We translated
thetranscriptionsbysendingqueriesto thesetranslationservers(step
3) after normalizingthe transcriptionsandcleaningup disfluen-
cies (step1). As this processis expensive in termsof time (de-
layshave to be insertedbetweeneachtwo queriesasan imposed



requirementfrom theservers)andin termsof usageof public re-
sources,a previousstep(step2) is appliedto avoid sendingrepeti-
tionsof thesamesentenceto thetranslationsystems.Thisprocess
mustbe invertedafter receiving the translations(step5) in order
to reconstructtheoriginal frequency information. Thetranslation
producedby varioussystemsis normalizedfor representationof
non-asciicharactersin step4.

Fig. 1. Block diagramof thedataacquisitionsystem

4. CONSENSUS TRANSLATION

Unlike part-of-speechtaggingor text categorizationtaskswhere
theunit of consensusis given(eitherawordor adocument),aunit
of consensusin a translationtaskneedsto be derived. The units
for comparisonacrossdifferenttranslationsystemsareinferredby
aligningtheoutputsof thetranslationsystemswhich is described
below.

4.1. Multiple String Alignment

To computea consensusstring from the resultsof the different
translationengines,wefirstneedto alignthestringswith respectto
eachother. An alignmentprovidesa representationthat identifies
commonsubstringsamongthe different translations.For exam-
ple,Figure2 showsanexampleEnglishsentence,thetranslations
from five translationenginesanda humantranslation.Theresult
of aligning thesesentencesis shown in Figure3. As canbe seen
from Figure3, thereareregionswherethedifferenttranslationsys-
temsagreeto a largeextenton thewordsandtheir orderandthere
areotherregionswherethereis lessor noagreementat all.

Multiple string alignmentcan be viewed as an extensionof
the pairwisestring alignment. For pairwisestring alignment,we
definea profile as a string which recordsthe insertion,deletion
andsubstitutionof tokensneededto transformonestring into the
otherstring is constructed.If � is the numberof tokensin each
stringto bealigned,thetimecomplexity of thepairwisealignment
algorithm is �	�
����
 . An extensionof the pairwisestring align-
mentalgorithm,couldbeusedfor multiplestringalignment,how-
ever, the time complexity is exponential( �	�
����
 ) in the number
of strings(� ) to bealigned.

English:give medriving directionspleaseto middletown area
MT1: démedireccionesimpulsoraspor favor

a áreademiddletown
MT2: démedireccionespor favor a área
MT3: démedireccionesconductorespor favor

al áreamiddletown
MT4: démelasdireccionesqu e conducensatisfacen

al áreademiddletown
MT5: démequelasdireccionestendencia a gradan

al áreademiddletown
Reference:démedireccionespor favor al áreademiddletown

Fig. 2. An exampleEnglishsentenceandits translationfrom five
differenttranslationsystems

A heuristicsolutionto multiple alignment,known asprogres-
sive multiple alignmentis very popularin thebiologicalsequenc-
ing literature[6]. Thealgorithmis asfollows:

1. Computetheeditdistancescoresandtheir profilesfor each
of the ���
������
���� pairsof strings

2. Repeatthefollowinguntil oneprofile remains

(a) Selectthe profile for the least edit distancestring-
string,string-profileor profile-profilepair.

(b) Computetheedit distancebetweentheselectedpro-
file andtheremainingstringsandprofiles.

Theresultof thealgorithmis a treestructurewith thestrings
mostsimilar appearingcloserat the leaf level. The algorithmis
greedyandis not guaranteedto find the global optimal solution.
Detailsof thisandotheralgorithmsfor multiplealignmentscanbe
foundin [7].

An implementationof themultiple stringalignmentcalled
CLUSTALW [8] is freely downloadablefrom [9]. The implemen-
tationis specializedfor aligningbiologicalsequences. Weadapted
this implementationby changingthecostmatrix soasto bemore
suitablefor ourpurpose.

4.2. Retrieving the Consensus Translation

The result of alignmentcan be viewed as a lattice as shown in
Figure4. Thelatticecanbeviewedin termsof a sequenceof seg-
ments,whereeachsegmentcontainsthedifferenttranslationsfor
a word or a phrase.The fan out at a stateindicatesthedisagree-
mentin translationamongthe translationsystemsfor that region.
Thearcsrepresentthewordsandphrases(possiblytheemptyword�����! �"$#$%'&)( ) andtheweightson thearcsarethenegative loga-
rithm of theprobabilityof eachwordor phrasein thatsegment.So
if all thesystemsagreeon a word or a phrase,thearchasa zero
weight.

It is straightforwardto observe that retrieving the leastcost
stringfrom this latticewould correspondto selectingthemajority
translationfor eachsegment.We referto this modelof consensus
retrieval asconsensusby majorityvote(CMV) andpresentevalua-
tion resultsbasedon thiscriterionin Section5.

However, note that there are segmentsof the lattice where
thereis noclearmajority. Selectionof atranslationin suchregions
wouldbecompletelyadhoc. In orderto improve selectionin such
regions,we employa posteriorn-gramlanguagemodel( *,+ ) that
is built usingall thetranslatedcorpusresultingfrom all thetrans-
lation systems.Theideais to selectthosetranslationsthatbestfit



déme direcciones impulsoraspor favor a área de middletown
déme direcciones por favor a área
déme direcciones conductorespor favor al área middletown
déme las direcciones qu econducensatisfacen al área de middletown
déme que las direcciones tendencia a gradan al área de middletown
***** ********** **** **********

Fig. 3. Resultof aligningdifferenttranslationsfor theEnglishsentencegivemedriving directionspleaseto middletownarea
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Fig. 4. Latticerepresentationof theresultof themultiple alignment.Theweightsonthearcsarenegative logarithmof theprobabilitythat
word.

the n-gramcontext asgiven by a languagemodel,whenthereis
lackof informationfrom themajorityvote.We referto thismodel
of consensusretrieval asCMV+LM = - ".& �
*0/!+214365879*�+:
 .

5. EVALUATION

5.1. Subjective MT Evaluation

Thetranslationoutputfromeachof theMT systemandtheconsensus-
basedMT was evaluatedsubjectively from two Spanishnative
speakers(evaluatorA andB) accordingto the following ternary
codingscheme.

1. Thesentenceis semanticallyandsyntacticallycorrectwith
respectto theEnglishsourcesentence.

2. The sentenceis semanticallycorrectandsyntacticallyin-
correct.

3. The sentenceis both semanticallyandsyntacticallyincor-
rect.

TheMT evaluatoris presentedwith theEnglishsourcespeech
utterancetranscriptionandmultiple Spanishtranslations.In our
experimentswe have usedfive off-the-shelfMT systemspublica-
bly availableon theInternet.andour consensus-based CMV+LM
model.In Fig. 5 and6 wegivefor eachMT systemstherankscore
histogramsfor eachoff-the-shelfMT systemsandtheconsensus-
basedCMV-LM. Exceptfor system2, theotherMT systemspro-
vided at leasta semanticallycorrect translationmore than ;=< %
of the times. Also the CMV-LM performedat leastas good as
theotherMT systems.Scoredistributionsfor bothMT evaluators
werevery similar asshown in Fig. 5 and6. A quantitative mea-
sureof the distributional agreementis the Kullback-Leibler(aka
relative entropy)distance. The relative entropyfor the two MT
evaluatorsfor eachsystemis given in table1. The evaluationset
in this casehas223speechutterancetranscriptions.

In Fig. 7 we plot the scorehistogramsfor a large set (1044
Englishsentencesfor a total of 6264translations)asannotatedby
evaluatorB. This setis representative of thewholespokendialog
contexts andherethe sentencelengthvariesfrom 1 to 27 (aver-
agelengthis 4 words). Eventhoughthestatisticswereonly col-
lectedfor evaluatorB, theexpecteddistributionalagreementof the

CMV+LM 0.02
MT system1 0.01
MT system2 0.05
MT system3 0.02
MT system4 0.13
MT system5 0.08

Table 1. Relativeentropyfor theevaluatorscoredistributions.The
lower therelative entropythehigheris thedistributionalannotator
agreement.

two annotatorsis high (KL distancesmall). On this large set,the
CMV-LM is outperformingeachMT systemsfor thesemantically
andsyntacticallycorrecttranslationanddecreasingthenumberof
incorrecttranslations.
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Fig. 5. Scorehistogramsfor theMT systemsandtheCMV system
(evaluator A). Thehistogramsarecomputedfor thesmall test set.

5.2. Evaluation of Consensus Translation

In this sectionwe investigatean objective measureof MT accu-
racy, namelythetranslationaccuracy basedonstringalignmentof
referenceandhypothesistranslationsentences.We haveevaluated
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Fig. 6. Scorehistogramsfor theMT systemsandtheCMV system
(evaluator B). Thehistogramsarecomputedfor thesmall test set.

1 2 3
0

0.2

0.4

0.6
Consensus−MT system

1 2 3
0

0.2

0.4

0.6
MT system 1

1 2 3
0

0.2

0.4

0.6
MT system 2

1 2 3
0

0.2

0.4

0.6
MT system 3

1 2 3
0

0.2

0.4

0.6
MT system 4

1 2 3
0

0.2

0.4

0.6
MT system 5

Fig. 7. Scorehistogramsfor theMT systemsandtheCMV system
(evaluator A). Thehistogramis computedfor thelarge test set.

the five translationsystemsandthe two modelsof consensusre-
trieval ona setof 300Englishsentencesof lengthsrangingfrom 6
to 10words.Notethatthis isadifferentsetof sentencesfrom those
usedin thesubjectiveevaluation.Thesesentenceshadto bemanu-
ally translatedinto Spanishandwereregardedasthereferenceset.
The evaluationmetric usedwasthe pairwiseedit-distancemetric
betweentheoutputof thetranslationsystemandthecorresponding
referencetranslation.Theresultsaretabulatedin Table2.

It is interestingto note that the consensusbasedon majority
voteperformsaswell asthetopcategoryof systems.Furthermore,
theuseof a languagemodelto selecttheconsensusimproveson
theaccuracy of all thesystems.As canbeseenthefivetranslation

Translation String
System Accuracy

CMV+LM 51.0%
CMV 47.7%
MT1 29.8%
MT2a 23.7%
MT3 35.2%
MT4 46.9%
MT5 49.7%

Table 2. StringAccuracy of thedifferenttranslationsystemsand
the two consensusretrieval methodswith respectto a reference
translation.

systemsfall into roughlythreecategoriesbasedontheirstring-edit
distanceaccuracy. If wecomparetable2 andFigures6 weseethat
low edit-distanceaccuracy is associatedwith high percentageof
poortranslationscores.
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7. CONCLUSIONS

In this paper, we have presenteda methodfor computingthecon-
sensusamongthe translationsprovidedby differentMT systems.
Unlike in previousapproachesto classifiercombinations,theunit
of consensusneedsto be inferred, prior to computingthe con-
sensustranslation.We usea multiple string alignmentalgorithm
to identify the unit of consensusandusing a posteriorlanguage
modelextract theconsensustranslation.We have shown in both
subjectiveandobjective evaluationsthattheconsensustranslation
performsasgoodor betterthaneachof theindividual translation
systems.
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