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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 amultiple stringalignmentalgorithmandtheconsen-
sustranslationis thencomputed.We describethe multiple string

alignmentalgorithm andthe consensu$iT hypothesicomputa-
tion. We reporton the subjective andobjective performancef the
multilingual acquisitionapproacton alimited domainspokerlian-

guageapplication. We evaluatefive domain-independeruff-the-

shelf MT systemsandshaw thatthe consensudased translation
performsequalor betterthanary of the givenMT systemsothin

termsof objective andsubjectve measures.

1. INTRODUCTION

Therehave beenmary paradigmsf MachineTranslatiorsystems
rangingfrom interlingua-basedransferbasedanddirecttransla-
tion systemsFurthermoregachof theseparadigmsanbe associ-
atedwith anumberof differentapproachesuchasexample-based,
rule-basedstatisticalbr ahybrid of theseapproachesThespaceof
possiblesystemshave differentstrengthsandlimitations. For ex-
ample,an example-basedystemcould have very good accurag
on input thatmatchesexactly with an example,while a statistical
translationsystemis usuallymorerohust. In this papemnwe address
theissueof methodsof combiningthe resultsof multiple transla-
tion systemgo arrive ata consensugranslation.

The combinationof outputsfrom multiple systemsperform-
ing the sametaskhave beenfoundto improve accurag in anum-
ber of classificationtaskssuchas part-of-speectiagging[1], text
categyorization[2] andspeechrecognition[3]. Theunderlyingas-
sumptionis thatthe errorscommittedby a systemareindependent
of the errorscommittedby other systems.However, unlike part-
of-speeclttaggingor text categorizationtaskswheretheunit to be
classifiedis apriori given (eithera word or a document)a unit in
a translationtask is not given. The units for comparisonacross
differenttranslationsystemsneedto be inferred by aligning the
outputsof thetranslationsystems.

We proposeanalgorithmthatgiventheoutputY; of n MT sys-
temsconstructsa consensugranslationwhichis expectedto be a
moreeffective translatiorthaneachof theMT systemsWe usethe
consesugranslationto automaticallytrain stochasticfinite-state
translationmodelsusing the methodsproposedn [4]. We eval-
uatesubjectvely (rank scoring)and objectively (string accurag)
theperformancef eachMT systemsandtheconsensubased MT
andshow thatthe latter performsequalor betterthanary of the
givenMT systems.

In Section2 we describethe Englishspokenanguagecorpus.
In Section3 wediscusgheweb-basedT acquisitionsystenfrom
general-purposeommerciakystemsin Section4, we presenthe
multistring alignmentalgorithm usedto computethe consensus
basedMT translation.In Section5, we presenthe MT evaluation
results.

2. SPOKEN LANGUAGE CORPUS

The sourcelanguagecorpusis a collection of speechtranscrip-
tionsfrom theautomatedonferenceegistrationsystendescribed
in [5]. The spokendialog systemin [5] automaticallytranscribes
spontaneouspeechinput, parsesthe Automatic SpeechRecog-
nizer (ASR) outputand promptsthe userwith requestfor more
information,clarification,confirmationetc. As aresult,thecorpus
of spontaneouspeechranscriptionds partitionedin termsof the
dialog contets (e.g. yes-noquestionsetc.). The lengthandthe
dictionary of utterancetranscriptionvary from 1 to 27 (average
3.4),dependingnthedialogcontet. The overallworddictionary
is 613andthetotal numberof utteranceranscriptionss 8064.An
excerptform the corpusis givenbelow:

ethis is John Snmith 1'd like to register
o di-

e no |

directions to AT and T mi ddl etow | abs

want restaurant information

e uh by teleconf- uh well probably in person

This sentencesampleshaws the style of the speeclttranscrip-
tions( human-machinspokerdialog)andthedisfluenciesf spon-
taneousspeech( e.g. truncatedwords “di-", filled pausesuh”,
etc.). For our experimentswe filtered out disflueny events(e.g.
truncatedvords,filled pausesetc).

3. MULTILINGUAL DATA ACQUISITION

The processof obtainingthe translationsis representedn Fig-
ure 1. It is basedon the searchfor a consensusranslation(step
6) from the resultsgiven by a setof machinetranslationsystems
(MT1...MTn). We take advantageof the availability of someof
thesetranslationsystemsvia the world wide weh. We translated
thetranscriptiondy sendingjueriedo thesdranslatiorseners(step
3) after normalizingthe transcriptionsand cleaningup disfluen-
cies(stepl). As this procesds expensie in termsof time (de-
lays have to be insertedbetweeneachtwo queriesasanimposed



requiremenfrom the seners)andin termsof usageof public re-
sourcesa previousstep(step2) is appliedto avoid sendingrepeti-
tions of the samesentenceo thetranslationsystemsThis process
mustbe invertedafter receving the translationgstep5) in order
to reconstructhe original frequeng information. Thetranslation
producedby varioussystemds normalizedfor representatiomof
non-asciicharactersn step4.

e

—]

S portanots speech
tanscriptiors

Fig. 1. Block diagramof the dataacquisitionsystem

4. CONSENSUS TRANSLATION

Unlike part-of-speechaggingor text categyorizationtaskswhere
theunit of consensus given(eitheraword or adocument)a unit

of consensu#n atranslationtaskneedsto be derived. The units

for comparisoracrosdifferenttranslatiorsystemsareinferredby

aligning the outputsof the translationsystemswhichis described
below.

4.1. Multiple String Alignment

To computea consensustring from the resultsof the different
translatiorengineswe first needto alignthestringswith respecto
eachother An alignmentprovidesarepresentatiothatidentifies
commonsubstringsamongthe different translations. For exam-
ple, Figure2 showns an exampleEnglishsentencethe translations
from five translationenginesanda humantranslation. The result
of aligning thesesentencess shawn in Figure3. As canbe seen
from Figure3, thereareregionswherethedifferenttranslatiorsys-
temsagreeto alarge extenton thewordsandtheir orderandthere
areotherregionswherethereis lessor noagreemenatall.

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 tokensneededo transformonestringinto the
otherstring is constructed.If L is the numberof tokensin each
stringto bealigned thetime compleity of the pairwisealignment
algorithmis O(L?). An extensionof the pairwise string align-
mentalgorithm,couldbeusedfor multiple stringalignmenthow-
ever, the time compleity is exponential(O(Z™)) in the number
of strings(V) to bealigned.

English: give medriving directionspleaseto middletavn area
MT1: demedireccionesmpulsoragpor favor
aareademiddletovn
MT2: demedireccionegpor favor aarea
MT3: demedireccionexonductoregor favor
al areamiddletavn
MT4: demelasdireccionegju e conducersatisfacen
al areade middletavn
MT5: demequelasdireccionegendenciaagradan
al areade middletavn
Referencedémedireccionegpor favor al areade middletavn

Fig. 2. An exampleEnglishsentencandits translationfrom five
differenttranslationsystems

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

1. Computeheeditdistancescoresandtheir profilesfor each
ofthe N(N — 1)/2 pairs of strings

2. Repeathefollowing until oneprofile remains

(a) Selectthe profile for the least edit distancestring-
string, string-profile or profile-profile pair.

(b) Computethe edit distancebetweerthe selectedoro-
file andtheremainingstringsandprofiles.

Theresultof the algorithmis a tree structurewith the strings
mostsimilar appearingcloserat the leaf level. The algorithmis
greedyandis not guaranteedo find the global optimal solution.
Detailsof thisandotheralgorithmsfor multiple alignmentsanbe
foundin [7].

An implementatiorof the multiple stringalignmentcalled
CLUSTALW 8] is freely downloadablefrom [9]. Theimplemen-
tationis specializedor aligningbiologicalsequencedNe adapted
this implementatiorby changingthe costmatrix soasto be more
suitablefor our purpose.

4.2. Retrieving the Consensus Trandation

The result of alignmentcan be viewed as a lattice as shown in
Figure4. Thelattice canbe viewedin termsof a sequencef sgy-
ments,whereeachsegmentcontainsthe differenttranslationdor
aword or a phrase.The fan out at a stateindicatesthe disagree-
mentin translationamongthe translationsystemdor thatregion.
Thearcsrepresenthewordsandphrasegpossiblytheemptyword
< epsilon >) andthe weightson the arcsarethe negative loga-
rithm of the probabilityof eachwordor phrasen thatsegment.So
if all the systemsagreeon a word or a phrasethe arc hasa zero
weight.

It is straightforwardto obsene that retrieving the leastcost
string from this lattice would correspondo selectingthe majority
translationfor eachsegment.We referto this modelof consensus
retrieval asconsensuby majority vote (CMV) andpresenevalua-
tion resultsbasedn this criterionin Section5.

However, note that there are sggmentsof the lattice where
thereis no clearmajority. Selectiorof atranslationn suchregions
wouldbecompletelyad hoc. In orderto improve selectionin such
regions,we employa posteriom-gramlanguagemodel(Axs) that
is built usingall thetranslatedcorpusresultingfrom all the trans-
lation systems.Theideais to selectthosetranslationghatbestfit



deme direcciones impulsoragorfavor a area de middletovn
deme direcciones porfavor a area

deme direcciones conductorepor favor al area middletavn
deme las direcciones queconducersatisfacen al area de middletavn
deme que las direcciones tendenciaagradan al area de middletovn
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Fig. 3. Resultof aligningdifferenttranslationdor the Englishsentenceive medriving directionspleaseto middletowrarea
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Fig. 4. Latticerepresentationf theresultof the multiple alignment.The weightson the arcsarenegative logarithmof the probability that

word.

the n-gramcontext asgiven by a languagemodel, whenthereis
lack of informationfrom the majority vote. We referto this model
of consensusgetrieval aSsCMV+LM = min(Acmv o a * Aur).

5. EVALUATION

5.1. Subjective MT Evaluation

Thetranslatioroutputfrom eachof theMT systemandtheconsensus

basedMT was evaluatedsubjectiely from two Spanishnative
speakergevaluatorA andB) accordingto the following ternary
codingscheme.

1. Thesentencés semanticallyandsyntacticallycorrectwith
respecto the Englishsourcesentence.

2. The sentencds semanticallycorrectand syntacticallyin-
correct.

3. The sentences both semanticallyand syntacticallyincor
rect.

TheMT evaluatoris presentedvith the Englishsourcespeech
utterancetranscriptionand multiple Spanishtranslations.In our
experimentswe have usedfive off-the-shelfMT systemsublica-
bly availableon the Internet.andour consensubasel CMV+LM
model.In Fig. 5 and6 we give for eachMT systemgherankscore

histogramdor eachoff-the-shelfMT systemsandthe consensus-

basedCMV-LM. Exceptfor system2, the otherMT systemspro-

vided at leasta semanticallycorrecttranslationmore than 60%

of the times. Also the CMV-LM performedat leastas good as
theotherMT systemsScoredistributionsfor both MT evaluators
werevery similar asshavn in Fig. 5 and6. A quantitatve mea-
sureof the distributional agreements the Kullback-Leibler(aka
relative entropy)distance. The relative entropyfor the two MT

evaluatorsfor eachsystemis givenin table1. The evaluationset
in this casehas223speechutterancdranscriptions.

In Fig. 7 we plot the scorehistogramdor a large set (1044
Englishsentencefor atotal of 6264translationsjpsannotatedy
evaluatorB. This setis representate of the whole spokendialog
contets and herethe sentencdengthvariesfrom 1 to 27 (aver
agelengthis 4 words). Eventhoughthe statisticswereonly col-
lectedfor evaluatorB, theexpectedistributionalagreemensf the

CMV+LM 0.02
MT systeml | 0.01
MT system2 | 0.05
MT system3 | 0.02
MT systemd4 | 0.13
MT systemb | 0.08

Tablel. Relative entropyfor theevaluatorscoredistributions. The
lowertherelative entropythe higheris thedistributional annotator
agreement.

two annotatorss high (KL distancesmall). On this large set,the

CMV-LM is outperformingeachMT systemdor the semantically
andsyntacticallycorrecttranslationanddecreasinghe numberof

incorrecttranslations.

MT system 1

2
MT system 3

2
MT system 5

Fig. 5. Scorehistogramdor the MT systemsandthe CMV system
(evaluator A). Thehistogramsrecomputedor thesmall test set.

5.2. Evaluation of Consensus Trandation

In this sectionwe investigatean objectve measureof MT accu-
ragy, namelythetranslationaccurag basedn stringalignmentof
referenceandhypothesidranslatiorsentencesWe have evaluated
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Fig. 6. Scorehistogramdor theMT systemsandthe CMV system
(evaluator B). Thehistogramsarecomputedor thesmall test set.
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Fig. 7. Scorehistogramdor theMT systemsandthe CMV system
(evaluator A). Thehistogramis computedor thelargetest set.
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the five translationsystemsand the two modelsof consensuse-
trieval on a setof 300Englishsentencesf lengthsrangingfrom 6
to 10words. Notethatthisis adifferentsetof sentenceBomthose
usedin thesubjectve evaluation. Thesesentencebadto bemanu-
ally translatednto Spanistandwereregardedasthereferenceset.
The evaluationmetric usedwasthe pairwiseedit-distancametric
betweertheoutputof thetranslatiorsystemandthecorresponding
referencdranslation.Theresultsaretatulatedin Table2.

It is interestingto note thatthe consensudasedon majority
voteperformsaswell asthetop category of systemsFurthermore,
the useof alanguagamodelto selectthe consensugmproveson
theaccurag of all thesystemsAs canbeseerthefivetranslation

Translation| String
System | Accurag
CMV+LM 51.0%
CMV 47.7%
MT1 29.8%
MT2a 23.7%
MT3 35.2%
MT4 46.9%
MT5 49.7%

systemdall into roughlythreecategyoriesbasedntheirstring-edit
distanceaccurag. If we compareable2 andFigures6 we seethat
low edit-distanceaccurag is associatedvith high percentagef
poortranslationscores.
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7. CONCLUSIONS

In this paper we have presenteé methodfor computingthe con-

sensusamongthe translationgrovided by differentMT systems.
Unlike in previous approacheso classifiercombinationsthe unit

of consensuseedsto be inferred, prior to computingthe con-

sensudranslation. We usea multiple string alignmentalgorithm

to identify the unit of consensusnd using a posteriorlanguage
modelextract the consensusranslation. We have showvn in both

subjectve andobjective evaluationsthatthe consensugranslation
performsasgoodor betterthaneachof theindividual translation
systems.
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