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Abstract

In this paper we presentthe latestversionof TRANSTYPE, a protaype which implements
a novel approacho interactve machinetranslation;namely Target Text MediatedInteractve

MachineTranslation Wefirst give anoverview of thecoresystemTlRANSTY PE relieson. Then,

we summarizeheresultsof anin-situ evaluationwe have carriedout this summer Finally, we

discusghepotentialbenefitshatcould be gainedby integratinga probabilstic grammatin our

approach.
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1 Intr oduction

Translatiomeedsaregrowing fastethanmachindranslationfMT) technologyimproves.There-
fore,therearemoreandmoresituatiors whereMT is justnotanacceptablasolution, especially
when high quality translationis required. This statemenis encouragingor (compuational)
linguistssincepeoplerealizethatdespitegoodtranslationprograns availableon theweb, more
effort muststill beinvestedin MT researchln the meantimewe believe thatturningto alter
natvesto fully automatiaranslationis a challengingout promisingapproach.

Amongthetoolsthat may make the translators difficult taska littl e easiey Fosteret al.(1997)
have developedTRANSTYPE, a systemin which a translationemegesfrom a seriesof alter
natingcontritutions by the humanandthe machine.The machines contrikutions arebasically
proposalsfor partsof the target text, while the translators cantake mary forms, including
piecesof tamgettext, correctionsto a previous machinecontribution, hints aboutthe natureof
the desiredtranslation.etc. In all casesthe translatorremainsfully in control of the process:
themachinemustwork within the constraintsmplicit in the users contritutions,andhe or she
is freeto acceptmodify, or completelyignoreits proposals.

TRANSTY PE takesthe form of a specializedext editor (seeFigure1l). Embeddedvithin this

editor is a non-intusive machinetranslationenginewhich can provide, at ary point of the
translation,a ranked list of units (wordsor sequencesf words)thatthe translatoris likely to

type. The editor allows for the easyinsertionof anyone of theseunits at a keystroke. These
completiors are computedaccordingto a translationmodel and a languagemodel that both

take into accountthe translationalreadytyped. Within sucha scenariowe have investicated
the possibility of integrating bilingual lexicons. Thesdexiconscouldbeary resourceavailable
to thetranslator(e.g.terminobgicallexicons)or ary resourcestatisticallyderivedfrom training

material.

In the next section,we give a brief overview of the TRANSTY PE systemandits evaluationby
translatorsin sectionthree we describeéhewayweintegrateduserexiconswithin TRANSTYPE’S
completionmechanismin the fourth section,we describethe stratg)y we devisedto automat-
ically extractbilingual lexiconsfrom training material. This is followed by the presentatiorof
the2001in situ evaluationwe carriedout this summer Finally, we discusghebenefitwe could
gain by integrating a probabilstic grammarin our approach.

2 An overview of TRANST YPE

2.1 The coresystem

Thecoreof TRANSTY PE is acompletion enginewhich comprisegswo mainparts:anevaluator
which assigngprobabilistc scoresto completionhypathesesanda genertor which usesthe
evaluationfunctionto selectthe bestcandidatdor completion.

The evaluatoris a function p(t|t’, s) which assigndo eachtarget-text unit ¢ an estimateof its
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Figurel: An exampleof interactionin TRANSTY PE with the sourcetext in the top half of the
screen.Thetargettext is typedin the bottomhalf, with suggestionprovided by the menuthat
appearattheinsertionpoint.

probabilty given a sourcetext s andthe tokenst’ which precedet in the currenttranslation
of s. The approachto modelingthis distribution is basedo a large extent on that of the IBM
group(Brown et al., 1993),but owing to the real-timeconstraintof our application,it differs
in onesignificantaspect:whereaghe IBM modelinvolvesa “noisy channel’decomposition
TRANSTYPE usesa linear combinaton of separatgredictionsfrom a languagemodelanda
translationmodel. The languagemodelitself is a classicaltrigram interpolatedmodel, while
thetranslatioomodelrepresenta slightmodificationof anIBM2 model. Thetwo arecombined
asfollows.

p(tlt',s) = p(t|t") a(t',s) +p(t]s) [1 — a(t, s)] Q)

language translation

wherea(t', s) € [0, 1] arecontet-dependeninterpdation coeficients.

2.2 Theoretical evaluation

In atheoreticalkevaluation,a simulatedusergeneratesharacteby charactethetargetpartof a
testcorpus,acceptingassoonasit is helpful thefirst completion providedby TRANSTYPE. It
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wasshavn thatunderthis scenarioa usercouldsave abouttwo thirdsof the keystrokesneeded
to produceatranslation(Fosteretal., 1997).

2.3 The 2000in-situ evaluation

An implementabn of TRANSTYPE which allowed for the completionof words was evalu-

atedduring summer2000. This in-situ evaluationinvolved ten translatorsvho were asked to

translatethe sametext using TRANSTYPE. Thefull descriptionof this studymay be foundin

(Langlaiset al., 2000b);but someinterestingobsenationsemegedwhich motivateda second
evaluationthatwe recentlycompleted.

First, only onetranslatoractuallymanagedo translatefasterusing TRANSTY PE; this suggests
thatevenin avery simplescenariotarget-text mediatednteractve translations atleastviable.
Lack of training time is probablyonereasorfor theseotherwisedisappoining results.Thefact
thatrealusersdo not systematicallywatchthe screerwhentyping mayalsoaccountor partof
theproblem

A qualitatve suney revealedthat mostusers(actuallynine out of ten)liked TRANSTY PE and
would be eagerto try it in their work. However, they expressedhe desirefor a versionof the
systemwhich would be ableto suggestompletions beyondthe word level.

Frominformal discussionsvith translatorsyve concludedhatanimportantpartof thetransla-
tion procesgeliesonlexicons. Actually, oneof atranslators first tasksis oftenterminologdcal
researchandmary translationcompaniegmploy specializederminologsts. Theneedfor spe-
cializedlexiconsbecomesven morecrucialin a machinetranslationapplication.Beyondthe
infrequentcasesvhere,in a giventhematiccontext, awordis likely to have a clearly preferred
translation(e.g. bill/facture vshill/projetdeloi), lexiconsareoftenthe only meandor a userto
influencethetranslationengine.As TRANSTY PE is deeplyuseroriented,we felt it would bea
desirablesxtensionto the systemif userswereallowedto introducespecificlexicons(hereafter
calleduserlexicon). This extensioncanbe seenasa first steptoward an adaptatie versionof
TRANSTY PE, whichis avery challengingssuethatwe hopeto studyfurther.

3 Plugginguserlexiconsinto TRANST YPE

This sectiondescribehow we integratenon-probabilisticuserlexiconswithin the probabilstic
framavork of TRANSTYPE. An exampleof sucha lexicon for a text dowvnloadedfrom the
HealthCanadavebsite (“Nutrition for Healthy Infants”)is providedin figure 3.

To understandhis integration,we needto sketchhow TRANSTY PE worksbasicallyfunctions.
The first stepconsistsin computng, once a sourcesentencds selectedby a user a set of
wordswhich arelikely to occurin the translationof that sentence We call this setthe active
vocalulary . Fosteretal. (1997)hasshavn thatusinganIBM1-lik e modelto computethe 500
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healthyterminfants nourrissons nés a terme et en santé
dietitiansof canada les diététistes au canada

partly skimmednilk lait partiellement écrémé

breastfed nourri au sein

Figure 2: Excerptof a userlexicon for a text dowvnloadedfrom the Health Canadaweb site
(“Nutrition for Healthy Infants”).

mostlikely wordsyields an active vocalulary with an averagecoverageof about96%'. The
secondstepinvolves—in turns—theinteractionof theuserand TRANST Y PE's generatorwhich
role is to identify the wordsin the active vocaklulary which matchthe currentprefix (possibly
empty)thatthe userhastypedandto pick the bestcandidatgproposedy the evaluator

BecauselRANSTY PE hasa very simpledecoder(seeequationl) in which a new predictian
doesnot dependon ary of the previousdecoderstatesjt turnsoutto befairly easyto integrate
non-prdabilistic resourcesuchaslexiconsin the process.In fact, all we have to dois: 1)
extendtheactive vocalulary with thoseunitsbelongingto thelexicon which arelikely to occur
in thetranslation;and?2) provide the evaluatorwith away to ratethoseunits.

3.1 Extending the active vocalulary

If we assumehatthe lexicon we wantto integrateis nearlynoiselesgwe saw in the previous
sectionthatthis is areasonablassumption)thenary targetunit associateth our lexicon with
a sourceunit which is part of the sentencaundertranslationis potentially a good candidate.
Thereforeit canbe safelyaddedo the active vocalulary.

3.2 Rating units

The only questionthatremainsto be settledis how to ratea givenunit belongingto the active
vocahulary. Our implemenéationis basedon the ideathat predictinga unit would be greatly
simplifiedif we knew exactly which partof the sourcesentencés undertranslation.In practice,
we do not explicitly have suchinformation; however, we do know the contribution of each
sourceword the sentencédeingtranslateds?) to the predicton of a given targetword (¢;) at
thetargetpositionj. In theimplementatn of our translationmodel,andfollowing Brown et
al. (1993),we have:

p(ti]st) = 3 t(t;s5)a(ilj,n) 2)
=0

1This stepis fastenowh sothata userwon't noticeit on arecentenowh computet
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wheret(t;|s;) standsfor the transferprobabilty (thatis, the probabiity thatthe word ¢, is
the translationof s;), and a(i|j, n) standsfor the so-calledalignmentprobabilty (here,the
probabilty thata sourceword at position: will beassociatedavith thetargetword at positionj,
knowing the numberof wordsn of the sourcesentenceindertranslation)

Fromtheindividual contributionst(t;|s;)a(i|, n), someinformationis availablewhich canhelp
to trackthe sourceportion of the sentencdeingtranslatedln the presenstudy we appliedthe
following heuristic:if onesourceokens,; dominategshesumof equatior2, thenwe canassume
thatif the userwantsto type thetargetwordt;, thisis becausée or shewantsto translatethe
sourceword s,;. Therefore|f thisword lies within a sourceunit belongingto thelexicon, it is
likely thattheuserwill typeoneof thetargetassociationsvhich belongto theactive vocalulary.
We control the validity of this heuristicvia a singlethresholdwhich fixesthe minimumvalue
of theratio of the next bestsourcecontritution to the bestone. We found experimentallythata
ratio of morethan0.8 oftenallows usto determinehe sourcesggmentundertranslation.

Oncewe have decided usingtheword model,thata targetunit shouldbe proposedye merely
have to favor the unit againstits first word by addingto the word probability a very small
guantitythatwill notdisturbtherelative rankingbetweenwords. By sodoing, however, we no
longerhave a probabilstic engine,sincethe scoresof all the possiblecompletonsdo not sum
to unity. But becaus®f our decodingstrateyy, this doesnot posea major problem.

3.3 Traceof atranslation session

To illustratethe full processwe provide in Table 3.3 a one-sentenceessiorusinga lexicon

containingthe associationproducedby the filtered SNP model for which we have removed
the probabiliies. This sessions fairly instructve andwarrantssomeexplanation. The source
sentenceo translates | shall returnto this pointin a few momentsin which only onewords
groupis foundin thelexicon (few momentswith threelik ely translatios (Qquelques minutes,

guelques instants andquelques moments). Beforethe usertypesarnything, TRANSTYPE

proposegshe targetword Je, this is whatthe userexpected,andthereforehe acceptghis pro-

posal(whichis indicatedby a + in the secondcolumn)

The secondoken provesmoreproblematicandclearly shavs the weaknes®f mixing the pre-

dictionsof thelanguageandthetranslatiormodels.The machinesfirst proposais le, whichis

notthewordtheuseris looking for; thusheis forcedto typeits first letter. TRANSTY PE adjusts
to theuserlsinput by proposingn turn severalforms of theword retour (return).

Thesessiorendswith TRANSTY PE proposingseveraltamgetunitsaslikely translationdor the

sourceunit few moments Actually, althoughall of the translationgproposedoy TRANSTY PE

aregoodones,the onewhich the translatordecidedto useis the last TRANSTY PE proposed.
This suggestshatevaluatingTRANSTY PE on a singletranslationof a given sourcetext is not

really fair, especiallywithin the unit lexicon scenario.
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Sourcesentence: | shallreturnto this pointin a few moments
Targetsentence: Je reviendrai sur ce point dans quelques moments
In thelexicon: faw moments — quelques minutes

— quelques instants
— quelques moments

targettokens typed

bestcompletionsn turn

Je +
reviendrai revi+
sur +

ce +
point +
dans d+
guelques que+
moments -

lJe

e - rletour - relvenir - revl/iens
revi/endr ai

/sur

lce

/poi nt

/de - d/ans

/e - qgluel ques instants - qu/el ques

m nut es - que/l ques nonents

Tablel1: A one-sentenceessionillustrating the completion tasks. The first columnindicates
thetargetwordstheuseris expectedo produce.Thenext two columnsindicaterespectiely the
prefixestypedby the userandthe completionamade— in turn— by the systemundera lexicon-
completiontask.+ indicateshe acceptanc&ey typedby theuser A Compktionis denotedoy
a/ 3 wherea is the typedprefix and 3 the completedpart. Completionsfor differentprefixes
areseparatedhy - . Seewww-rali.iro.umonteal.ca/ttype-poto.en.htmifor ananimatedscreen

dumpof ashorttranslationsession.
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4 Automatic acquisition of lexiconsfrom bilin gual corpora

Many studieshave addressedhe problemof automattally acquiringbilingual lexicons (see
for instancgMelamed,1997;0homoriandHigashida,1999;Rapp,1999; TanakaandMatsuo,
1999;Jacqueminl1999)for recentones).Thesestudiesareby naturedifficult if notimpossible
to compare.Therefore we investicateda simpleversionwhichis describedn (Langlaisetal.,

2001)that basicallyinvolvesthreesteps. First, we identify monolingtally salientunits using
variousstatisticaimetricsand/orfilters. Secondyve grouptogethelin our trainingcorpuswords
which belongto the unitsselectedn the previous stepin orderto train a new translationmodel
whereboth wordsandsequencesf words (units hereafter)arelinked acrosdanguages Last
but not least,we cleanup theresultingmodelby filtering out dubiousassociations.

Themotivation behindthis processs essentiallypractical.We do notbelieve thatseparatinghe
identificationof salientunits from their bilingual mappingis a promising approach.It would
be much betterto look for a translationmodelwhich allows » : m associations.Of course,
the problemfor suchanapproachs to find a way to copewith thewell known malediction of
multidimensionality(arny groupof sourcewvordsbeingpotentiallyassociatetb ary targetgroup
one).More adwancednodelssuchasIBM models3to 5 (Brown etal., 1993)whichpermitl : n
associationsnaybe seenasa stepin this direction.More recently the 2-stagemodeldescribed
by Och (OchandWeber 1998;Ochetal., 1999)seemdo be anotheralternatve — at leastin
ataskcomparabldo the Verbmobilone— asit allows certainhiddenstructuralinformationto
be captured.

4.1 Identifying monolingual salientsequences
4.1.1 Linguistically motivated filters

Theliterature aboundsn statisticallymindedmeasureshathelpto decidewhetherwordsthat
happento co-occurarelinguistically significantor not (seefor instance(Dunning, 1993; Shi-
mohataetal., 1997)) We have tried several of themwith differentamountof succegLanglais
etal., 2000a). In this study we tried insteadseveral linguistically motivatedfilters that make
useof regular expressionslefinedon part of speecPOS)tagsobtainedfrom atagger More
precisely we filter out ary sequencef wordsthatdoesnot matcha regular expressionwhich
recognizesiry sequenceomposedf oneor morearticles,numberscommonor propermouns,
adjectves,andpassve or progressie verbalforms (a few constraintsvere empirically added
to this passve regular expressionto improve the trade-of betweenprecisionandrecallin this
nounphrasddentificationtask.)

4.2 Mapping units betweenlanguages

Mappingunits acrossthe two languagesgirst requiresthe groupirg into units of the tokensin
our training corpus,on the basisof the unit lexiconsidentifiedin the previous stage.This step,
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boom— prospérité,0.32 essor,0.27 explosion démographique,0.2 explosion,0.11
vague de prospérité,0.11

fbdb — banque fédérale de développement,1

rights of women— droits des femmes,1

canadianaviationsafetyboard — bureau canadien de la sécurité aérienne,1

office of the superintendenof financial institutions — bureau du surintendant des
institutions financiéres,1

newfoundlandunemployment- taux de chémage a terre-neuve,1

smallcraft harbours — ports pour petits bateaux,0.53 ports pour petites embarca-
tions,0.47

airline industry — industrie du transport aérien,0.73 secteur du transport
aérien,0.13 industrie aérienne,0.13

foodprocessingndustry— secteur de la transformation des aliments,1

ordinary canadians— canadiens ordinaires,0.72 canadiens moyens,0.19 simples
canadiens,0.082

Table 2: Excerptof a filtered unit translationmodel trainedon nominal groups(SNP). See
the full traceof this modelat www-rali.iro.umonteal.ca/ttype-uriintml Note thatfdbd is an
acrorym for Federl Busines®evelopmenBank for which thetranslationin our training cor
pusis almostalwaysthe onereported.

althougheasyin principle, concealgatherdifficult problens. To begin with, differentsalient
units may containsequenceshat partially overlap, even understringentfiltering constraints,
andmayleadto erroneoudokenizations We have describedn (Langlaisetal.,2001)away to
overcomethetokenizationissue.

More importantly, thereis no guaranteegven if we properly tokenize,that the monolingual
groupsof wordswill matchacrossthe two languages.For the kind of texts we usedin this
study this assumptions however, nottoo compromisirg.

Finally, mappingthe identified units (tokensor sequencesjo their equialentsin the other
languages achieved by training a new translationmodel (IBM 2) usingthe EM algorithm as
describedn (Brown etal., 1993).

4.3 Tidying up the models

At this stageof theprocessye obtainaunit model(A7,) whichis fairly noisy, in partbecausef
thereasonsxplainedabove, in partbecauseroupirg wordstogetheralsoreduceshe number
of timesthoseparticularwordsoccurin isolation,thusloweringtheaccurag of theirassociation
throughthetrainingprocess.

This makesit worthwhile to filter out spuriousunits usinga word-to-word model M,, (for ex-
ample,the core modelusedwithin TRANSTYPE). We thereforeappliedan algorithm which
basicallyremovesary associatiorof two units, the sourcewordsof which arenot well associ-
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atedwith thetargetwords,undertheword model,andvice versa.

The reductionin the total numberof parameter®btainedby meansof this filter canbe very
high, dependingon the valuesof the few parameterghat control the process. For instance,
the SNP modeldescribedabove inityally producedl10,038,7D pairsof units. Filtering these
by only consideringhe 20-bestranslationof eachsourceword (accordingo theword model)
thathave aprobability higherthan0.05reduceshenumberof admissiblepairedunitsto 50,000,
which constitutesa reductionby a factorof 200.

Of course,the more we filter a model, the more we lower its potential coverage. Table 2
givesafew associationgeneratedby an SNPfiltered model. A quick glanceconfirmsthatthe
associationsirefairly correct. Someof themarecompositonal (suchasrights of womeridroit
des femmes), mary othersarenot. Several associationsnay be only partly correctsuchas
booniexplosion démographique, althoughwe mayneedthe context to decidewith certainty

4.4 Application-independentevaluation

In orderto gaugethequality of theautomattally acquiredassociationsye askedthreejudgesto
review arandomselectionof 1000sourceunitswith 1135targetassociationsandto distingush
thosethatthey felt weregood,badandpartially correct.We did not provide judgeswith a clear
definition of theseterms. At the time of this writing, only onejudgehadgonethroughall one
thousandsourceunits.

Over the 1135associationsthis judge evaluated49 asbad(4.3%), 108 partially good(9.5%),
while all the othersweremarkedasgood. Around 70%of the badassociationsouldhave been
avoided,asthey resultedfrom a bug in our post-filteringstage. It is alsoworth noting thatin

31 caseqaround20% of the non perfectassociations)thejudgefelt the needto seeadditional
contet in whichtheassociationsccurred.Consideringhatpartially goodassociationsemain
usefulwithin anapplicationlike TRANSTY PE, theseresultssuggest fairly high precisionrate
for our lexicon acquisitionprocess.

5 The 2001in situ evaluation

We endedup with anew prototypethatwe decidedo testwith realusers.We aslkedninetrans-
latorswith variouswork experienceandexpertiseto use TRANSTY PE in a controlledsetting.
Following thefirstin situ evaluationcarriedoutin summer2000,we took for grantedthattheir
translationsvould be acceptableWe wantedto evaluateour systemnotthetranslatord

Thedataanalysisof this evaluationwill bereportedelsavhere;here,we provide a summaryof
themainresults.

¢ If wedefinetheproductivity astheratio of thenumberof charactern thefinal text over
thetime it took to producethe text, thenwe obsered an averagedecreas®f the users
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productvity of about10% (thisis actuallyanimprovmentover lastyeardecreasef 35%
). However, abouthalf of thetranslatorsvereundertheimpressiorthatthey weregoing
fasterwith TRANSTY PE.

e All thetranslatorsverevery happy with the possibility of addingtheir own lexicon. For
four of them,this couldevenjustify adoptingTRANSTY PE in their daily work.

e Severaluserspointedoutthatit would be betternotto be disturbedby shortcompletons
(say 3 charactersr less).We actuallymeasuredhatsuggestinghortcompletionalways
endedup in alossof time (time to readthemandto decidewhetherthey areworthwhile
or not). Actually, 51% of thedisplayedsuggestionfiadlessthanfour characters

e Despitethe obsered decreasén termsof productvity, it is worth noting that the com-
pletionsmadeby TRANSTY PE could have allowed a carefuluserto save the enteringof
morethantwo thirds of thetranslationproduced.

e Looking at the reactiontime andthe lengthof the completiors proposedwe conclude
thatwhenauseracceptacompletion,it is usuallyatthe startof aword. Thus,apossible
way to improve the useof the suggestionsvould beto corvincethe translatorghatthey
shouldlook at the suggestionyery soonin their typing process. As looking at these
suggestionanddecidingif they areworthwhile takestime andcanin away distractthe
user suggestionsustbevaluable. This meansatleast,thatthey shouldbelong enough.
We furthermorethink thatsyntacticallymindedsuggestiongfor instancethe suggestion
of afull nounphrasewould helpto corvincetheuser apointthatwe developin the next
section.

6 How could a probabilistic grammar help ?

As we just saw, suggestindongercompletionsseemto be a key point to a successfuliseof
TRANSTYPE. Thisis actuallyatricky situationbecausehelongerthe unitsare,the moretime
a userwill needto procesgshem. The problemcertainly involves ergonomc considerations,
but intuitively it seemsthat suggestingcompletionsthat spanfull syntacticgroups(e.g. the
agreemenbetweertheparties or theagreemenbetweerthepartiesis that, etc.)is likely to be
agoodstrateyy.

Integrating structuralinformationinto probabilstic applicationgs achallengingresearchopic.
Recently Chelbaetal. (1997 have shavn thata structuredanguagemodelcouldsignificantly
improve the performanceof a speechrecognitian system.Thanksto the availability of thewell
known PennTreeBank(Marcuset al., 1993), it is now possibleto producestatisticalparsers
with good level of performance(Collins, 1996; Charniak,2001). Charniak(2001) recently
proposea lexicalizedstatisticalparse(SLP)whichreducedy 24%theperpleity of abaseline
languagemodel (a classicaltrigram languagemodel), when both the SLP and the baseline
modelarecombined.Thesestudiesall suggesthatthetechnologyis now matureenoughto be
successfullyntegratedwithin a particularapplication.
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If we considerthe way non-prolabilistic MT engineshave beendesigned(seefor instance
HutchinsandSomerg1992 for a descriptionof the major translationsystems) they almost
invariably follow whatwe call the ATG approachanacrorym for Analysis, TransferandGen-
eration. Thatis, a parserfirst analyzesghe sourcesentenceo be translated.A setof transfer
rulesarethenappliedto choosethe syntacticalstructureof the translation Last, a generation
moduleproduceghefinal translationaccordingto the previously instanciateatonstraints.

We feelthatit maybe possibleto efficiently implementthis approactwithin a statisticalframe-
work, following for instancethe cascae modelpresentedn equation3; wheres is the source
sentencdo translate ¢ is the translationproposedy, anda,. arethe syntactictreesof respec-
tively the sourceandthe tamgetsentencesln this equation,P, playstherole of the syntactical
sourceparsey F, is thetransfermodeland P, is the generatre model. Suchan architecturds
illustratedon a simplesentencen figure 3.

Splait

NPL/elle  VP/plait

N Sllikes

A NP2l Vit T P G helkesher (p=03)
o | , she likes her (p=0.2)
elle lui plait == —>» NP2 VPlikes ~— =
PRlelle PRIl /\ him likes her (p=0.08)
| | , him likes she (p=0.05)
Vlikes NP1

elle |ui plait

S dg ac c

Figure3: Sketchof the probabilstic ATG approachor the translationof the sourcesentence
Elle lui plat into English(He likes her). It is interestingto note,thatthe translationprovided
by Babelfish(ht t p: / / wor | d. al t avi st a. com) for thissmallexampleis totally sensless
It to him likes.

c= arginax Pa(as|5)'Pt(ac|asa S)'Pg(c|aca Qs, 5) (3)

Thereare sometractability questiongaisedby sucha cascadeof models. First, the number
of syntacticalparsedor a givensentencgrows exponentialy with thelengthof thatsentence.
Of course,well known techniguessuchas dynamicbeamsearchor stackdecodingmay be
appliedhere. Secondjt is not clearthat designinga transfermodelseparatelys an easytask.
Elementsof a solutionmay be foundin the work of (Wu andWong, 1998)wherethe authors
proposedo adoptthe noisy channelapproachin orderto integratea statisticalparser This
approactstronglyrelieson information expressedn the form of lexical rulessuchasNoun-
> cat/chat. However, we hopeto designa transfermodel that doesnot rely on sucha
fine level of granularity but insteadfocussegnore on matchingsyntacticconstructiongthis
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constructionmay involve generalinformation suchas the headword which dominages each
nodein the structure).This would offer a greatdealof generalizationandwould alsosimplify
theadaptatiorof atranslationengineto a new pair of languages.

Our faith in the appropriatnessf the approachis confirmedby a recentstudy (Yamadaand
Knight, 2001)in which the authorsproposea modelin which the noisy-channetakesasinput
a parsedsentenceatherthansimplewords. This modelincorporateghreekinds of operations
on this syntaxictree,eachbeingorchesteredy an automaticaly learnedprobabilistc model.
The first operationconsistsof reordering the direct daughtersof a given node. In a transla-
tion taskfrom Englishto Japanesdhe authorsreportthatthe consultednodelhaslearnedfor
instancethat an English sentencecomposedf a preposition,a first verbal group and a sec-
ondverbalgroup(PRE PV B1V B2) is likely to presenaninversionof the two verbalgroups
(PREPV B2V B1). The secondoperationconsistsof inserting extra words at eachnode of
the tree; this is doneby consultinga modelconditionedon the identity of the two direct an-
cestorsof the nodeunderinspection. Finally, the third operationconsistsof translating asa
normalword-mocel would do, thewordsof thetransformedree. Theseoperationsllow usto
modelthe translationof languagesvith differentword orders.The authorsreportencouraging
performanceof the resultingtranslationengine,but further evaluationsare still neededo be
conclusve.

7 Discussion

In this paperwe have presentedhe currentversionof TRANSTY PE which promptsthetransla-
tor with suggestionsf bothsinglewordsandsequencesf words. The prototype alsoallows a
translatorto take advantageof her/hispersonabilinguallexicons.

An algorithmto automaticaly acquirebilingual lexicons hasbeenpresentecand positively
evaluatedby an expert. The main resultsof a recentin situ evaluationof this protaype has
beenreported shaving thatthe systemslightly reduceghe productvity of translatorsandthis
despitethe factthat the systemwassuggestingnorethattwo thirds of the total materialto be
enteredby the translator Thetime requiredto adequatelymasterTRANSTY PE may be part of
the explanationdor this disappointingesult.

We finally discussedhow a probabilisticparsercouldbeintegratedinto TRANSTY PE, by refor-
mulatingin a statisticalframevork anapproactthathasinspiredthe designof mary traditioral
translatiorengines.
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