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Abstract

In this paper, we presentthe latestversionof TRANSTYPE, a prototype which implements
a novel approachto interactive machinetranslation;namelyTarget Text MediatedInteractive
MachineTranslation.Wefirst giveanoverview of thecoresystemTRANSTYPE relieson. Then,
we summarizetheresultsof an in-situ evaluationwe have carriedout this summer. Finally, we
discussthepotentialbenefitsthatcouldbegainedby integratingaprobabilistic grammarin our
approach.
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1 Intr oduction

Translationneedsaregrowing fasterthanmachinetranslation(MT) technologyimproves.There-
fore,therearemoreandmoresituationswhereMT is justnotanacceptablesolution, especially
whenhigh quality translationis required. This statementis encouragingfor (computational)
linguistssincepeoplerealizethatdespitegoodtranslationprogramsavailableon theweb,more
effort muststill be investedin MT research.In themeantime,we believe that turning to alter-
nativesto fully automatictranslationis achallengingbut promisingapproach.

Amongthetools thatmaymake thetranslator’s difficult taska littl e easier, Fosteret al.(1997)
have developedTRANSTYPE, a systemin which a translationemergesfrom a seriesof alter-
natingcontributionsby thehumanandthemachine.Themachine’s contributionsarebasically
proposalsfor partsof the target text, while the translator’s can take many forms, including
piecesof target text, correctionsto a previousmachinecontribution, hintsaboutthenatureof
thedesiredtranslation,etc. In all cases,the translatorremainsfully in control of theprocess:
themachinemustwork within theconstraintsimplicit in theuser’scontributions,andheor she
is freeto accept,modify, or completelyignoreits proposals.

TRANSTYPE takesthe form of a specializedtext editor (seeFigure1). Embeddedwithin this
editor is a non-intrusive machinetranslationenginewhich can provide, at any point of the
translation,a ranked list of units (wordsor sequencesof words)that the translatoris likely to
type. The editor allows for the easyinsertionof anyoneof theseunits at a keystroke. These
completions arecomputedaccordingto a translationmodel anda languagemodel that both
take into accountthe translationalreadytyped. Within sucha scenario,we have investigated
thepossibilityof integratingbilingual lexicons.Theselexiconscouldbeany resourceavailable
to thetranslator(e.g.terminologicallexicons)or any resourcestatisticallyderivedfrom training
material.

In thenext section,we give a brief overview of the TRANSTYPE systemandits evaluationby
translators.In sectionthree,wedescribethewayweintegrateduserlexiconswithin TRANSTYPE’s
completionmechanism.In thefourth section,we describethestrategy we devisedto automat-
ically extractbilingual lexiconsfrom trainingmaterial.This is followedby thepresentationof
the2001in situevaluationwecarriedout thissummer. Finally, wediscussthebenefitwecould
gainby integratingaprobabilistic grammarin ourapproach.

2 An overview of TRANSTYPE

2.1 The coresystem

Thecoreof TRANSTYPE is acompletion enginewhichcomprisestwo mainparts:anevaluator
which assignsprobabilistic scoresto completionhypotheses,anda generator which usesthe
evaluationfunctionto selectthebestcandidatefor completion.

Theevaluatoris a function ������� ���
	���
 which assignsto eachtarget-text unit � anestimateof its
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Figure1: An exampleof interactionin TRANSTYPE with thesourcetext in thetop half of the
screen.Thetargettext is typedin thebottomhalf, with suggestionsprovidedby themenuthat
appearsat theinsertionpoint.

probability given a sourcetext � andthe tokens ��� which precede� in the currenttranslation
of � . Theapproachto modelingthis distribution is basedto a largeextenton thatof the IBM
group(Brown et al., 1993),but owing to thereal-timeconstraintsof our application,it differs
in onesignificantaspect:whereasthe IBM modelinvolvesa “noisy channel”decomposition,
TRANSTYPE usesa linear combination of separatepredictionsfrom a languagemodelanda
translationmodel. The languagemodel itself is a classicaltrigram interpolatedmodel,while
thetranslationmodelrepresentsaslightmodificationof anIBM2 model.Thetwo arecombined
asfollows.

��� ��� � �
� ����� ��� ��� � � ��� � � �
� ���� � �"!�#"� !�$
% ��� ���&���('*)�+,� � � �
� ���.-/10 � �"21�3� /1435 �

(1)

where � � � �
� ���76,'38 � )9- arecontext-dependentinterpolationcoefficients.

2.2 Theoretical evaluation

In a theoreticalevaluation,asimulatedusergeneratescharacterby characterthetargetpartof a
testcorpus,acceptingassoonasit is helpful thefirst completion providedby TRANSTYPE. It
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wasshown thatunderthisscenario,ausercouldsaveabouttwo thirdsof thekeystrokesneeded
to producea translation(Fosteretal., 1997).

2.3 The 2000in-situevaluation

An implementation of TRANSTYPE which allowed for the completionof words was evalu-
atedduring summer2000. This in-situ evaluationinvolved ten translatorswho wereasked to
translatethesametext usingTRANSTYPE. Thefull descriptionof this studymaybefound in
(Langlaiset al., 2000b);but someinterestingobservationsemergedwhich motivateda second
evaluationthatwe recentlycompleted.

First,only onetranslatoractuallymanagedto translatefasterusingTRANSTYPE; this suggests
thatevenin averysimplescenario,target-text mediatedinteractive translationis at leastviable.
Lackof training time is probablyonereasonfor theseotherwisedisappointing results.Thefact
thatrealusersdo not systematicallywatchthescreenwhentyping mayalsoaccountfor partof
theproblem.

A qualitative survey revealedthatmostusers(actuallynineout of ten) likedTRANSTYPE and
would beeagerto try it in their work. However, they expressedthedesirefor a versionof the
systemwhichwouldbeableto suggestcompletionsbeyondtheword level.

Frominformal discussionswith translators,we concludedthatanimportantpartof thetransla-
tion processrelieson lexicons.Actually, oneof a translator’s first tasksis oftenterminological
research;andmany translationcompaniesemploy specializedterminologists.Theneedfor spe-
cializedlexiconsbecomesevenmorecrucial in a machinetranslationapplication.Beyondthe
infrequentcaseswhere,in a giventhematiccontext, a word is likely to have a clearlypreferred
translation(e.g. bill/facture vsbill/projet deloi), lexiconsareoftentheonly meansfor a userto
influencethetranslationengine.As TRANSTYPE is deeplyuser-oriented,we felt it would bea
desirableextensionto thesystemif userswereallowedto introducespecificlexicons(hereafter
calleduserlexicon ). This extensioncanbeseenasa first steptowardanadaptative versionof
TRANSTYPE, which is averychallengingissuethatwehopeto studyfurther.

3 Plugginguser lexiconsinto TRANSTYPE

Thissectiondescribeshow we integratenon-probabilisticuserlexiconswithin theprobabilistic
framework of TRANSTYPE. An exampleof sucha lexicon for a text downloadedfrom the
HealthCanadawebsite(“Nutri tion for Healthy Infants”)is providedin figure3.

To understandthis integration,we needto sketchhow TRANSTYPE worksbasicallyfunctions.
The first stepconsistsin computing, oncea sourcesentenceis selectedby a user, a set of
wordswhich arelikely to occurin the translationof that sentence.We call this settheactive
vocabulary . Fosteret al. (1997)hasshown thatusinganIBM1-lik e modelto computethe500
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healthyterminfants nourrissons nés à terme et en santé
dietitiansof canada les diététistes au canada
partly skimmedmilk lait partiellement écrémé
breastfed nourri au sein

Figure2: Excerptof a userlexicon for a text downloadedfrom the HealthCanadaweb site
(“Nutrit ion for Healthy Infants”).

most likely wordsyields an active vocabulary with an averagecoverageof about96%1. The
secondstepinvolves– in turns– theinteractionof theuserandTRANSTYPE’sgenerator;which
role is to identify thewordsin theactive vocabulary which matchthecurrentprefix (possibly
empty)thattheuserhastypedandto pick thebestcandidateproposedby theevaluator.

BecauseTRANSTYPE hasa very simpledecoder(seeequation1) in which a new prediction
doesnot dependon any of thepreviousdecoderstates,it turnsout to befairly easyto integrate
non-probabilistic resourcessuchas lexicons in the process.In fact, all we have to do is: 1)
extendtheactivevocabularywith thoseunitsbelongingto thelexiconwhicharelikely to occur
in thetranslation;and2) provide theevaluatorwith away to ratethoseunits.

3.1 Extending the activevocabulary

If we assumethat the lexicon we want to integrateis nearlynoiseless(we saw in theprevious
sectionthatthis is a reasonableassumption),thenany targetunit associatedin our lexiconwith
a sourceunit which is part of the sentenceundertranslationis potentiallya goodcandidate.
Thereforeit canbesafelyaddedto theactivevocabulary.

3.2 Rating units

Theonly questionthat remainsto besettledis how to ratea givenunit belongingto theactive
vocabulary. Our implementation is basedon the ideathat predictinga unit would be greatly
simplifiedif weknew exactlywhichpartof thesourcesentenceis undertranslation.In practice,
we do not explicitly have suchinformation; however, we do know the contribution of each
sourceword the sentencebeingtranslated( �;: < ) to the prediction of a given target word (�>= ) at
the targetposition ? . In the implementation of our translationmodel,andfollowing Brown et
al. (1993),wehave:

�����>=��&� : <�
�@ :
ACB�D �E���>=��&� A 
"FG��HI� ? 	>JK
 (2)

1Thisstepis fastenoughsothatauserwon’t noticeit ona recentenoughcomputer.



PhilippeLanglaisetal.

where �E�L�.=E�M� A 
 standsfor the transferprobability (that is, the probability that the word �>= is
the translationof � A ), and FG��H�� ? 	.JK
 standsfor the so-calledalignmentprobability (here, the
probability thatasourcewordatpositionH will beassociatedwith thetargetwordatposition? ,
knowing thenumberof wordsJ of thesourcesentenceundertranslation).

Fromtheindividualcontributions�E�L�>=��&� A 
"FG��HI� ? 	>JK
 , someinformationis availablewhichcanhelp
to trackthesourceportion of thesentencebeingtranslated.In thepresentstudy, weappliedthe
following heuristic:if onesourcetoken �ON dominatesthesumof equation2, thenwecanassume
that if theuserwantsto typethetargetword ��= , this is becauseheor shewantsto translatethe
sourceword �PN . Therefore,if this word lies within a sourceunit belongingto the lexicon, it is
likely thattheuserwill typeoneof thetargetassociationswhichbelongto theactivevocabulary.
We control thevalidity of this heuristicvia a singlethresholdwhich fixestheminimumvalue
of theratio of thenext bestsourcecontribution to thebestone.We foundexperimentallythata
ratioof morethan0.8oftenallowsusto determinethesourcesegmentundertranslation.

Oncewe have decided,usingtheword model,thata targetunit shouldbeproposed,we merely
have to favor the unit against its first word by addingto the word probability a very small
quantitythatwill not disturbtherelative rankingbetweenwords.By sodoing,however, we no
longerhave a probabilistic engine,sincethescoresof all thepossiblecompletionsdo not sum
to unity. But becauseof ourdecodingstrategy, thisdoesnotposeamajorproblem.

3.3 Traceof a translation session

To illustratethe full process,we provide in Table3.3 a one-sentencesessionusinga lexicon
containingthe associationsproducedby the filtered SNPmodel for which we have removed
theprobabilities. This sessionis fairly instructive andwarrantssomeexplanation.Thesource
sentenceto translateis I shall return to this point in a few moments, in which only onewords
groupis foundin thelexicon (few moments) with threelikely translations (quelques minutes,
quelques instants andquelques moments). Beforethe usertypesanything, TRANSTYPE

proposesthe targetword Je, this is what theuserexpected,andthereforeheacceptsthis pro-
posal(which is indicatedby a+ in thesecondcolumn).

Thesecondtokenprovesmoreproblematicandclearlyshows theweaknessof mixing thepre-
dictionsof thelanguageandthetranslationmodels.Themachine’sfirst proposalis le, which is
not thewordtheuseris lookingfor; thusheis forcedto typeits first letter. TRANSTYPE adjusts
to theuserlsinputby proposingin turnseveralformsof theword retour (return).

Thesessionendswith TRANSTYPE proposingseveral targetunitsaslikely translationsfor the
sourceunit few moments. Actually, althoughall of the translationsproposedby TRANSTYPE

aregoodones,the onewhich the translatordecidedto useis the last TRANSTYPE proposed.
This suggeststhatevaluatingTRANSTYPE on a singletranslationof a givensourcetext is not
really fair, especiallywithin theunit lexiconscenario.
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Sourcesentence: I shall returnto this point in a few moments
Targetsentence: Je reviendrai sur ce point dans quelques moments
In thelexicon: few moments Q quelques minutes

Q quelques instants
Q quelques moments

targettokens typed bestcompletionsin turn
Je + /Je
reviendrai revi+ /le R r/etour R re/venir R rev/iens R

revi/endrai
sur + /sur
ce + /ce
point + /point
dans d+ /de R d/ans
quelques que+ /le R q/uelques instants R qu/elques

minutes R que/lques moments
moments -

Table1: A one-sentencesessionillustrating the completion tasks. The first columnindicates
thetargetwordstheuseris expectedto produce.Thenext two columnsindicaterespectively the
prefixestypedby theuserandthecompletionsmade– in turn – by thesystemundera lexicon-
completiontask.+ indicatestheacceptancekey typedby theuser. A Completionis denotedbySUTPV where S is the typedprefix and V thecompletedpart. Completionsfor differentprefixes
areseparatedby R . Seewww-rali.iro.umontreal.ca/ttype-proto.en.htmlfor ananimatedscreen
dumpof ashorttranslationsession.



PhilippeLanglaisetal.

4 Automatic acquisition of lexiconsfr om bilin gual corpora

Many studieshave addressedthe problemof automatically acquiringbilingual lexicons (see
for instance(Melamed,1997;OhomoriandHigashida,1999;Rapp,1999;TanakaandMatsuo,
1999;Jacquemin,1999)for recentones).Thesestudiesareby naturedifficult if not impossible
to compare.Therefore,we investigateda simpleversionwhich is describedin (Langlaiset al.,
2001)that basicallyinvolvesthreesteps.First, we identify monolingually salientunits using
variousstatisticalmetricsand/orfilters. Second,wegrouptogetherin our trainingcorpuswords
whichbelongto theunitsselectedin thepreviousstepin orderto train a new translationmodel
whereboth wordsandsequencesof words(units hereafter)arelinked acrosslanguages.Last
but not least,wecleanup theresultingmodelby filtering outdubiousassociations.

Themotivationbehindthisprocessis essentiallypractical.Wedonotbelievethatseparatingthe
identificationof salientunits from their bilingual mappingis a promising approach.It would
be muchbetterto look for a translationmodelwhich allows JXW�Y associations.Of course,
theproblemfor suchanapproachis to find a way to copewith thewell known malediction of
multidimensionality(any groupof sourcewordsbeingpotentiallyassociatedto any targetgroup
one).MoreadvancedmodelssuchasIBM models3 to 5 (Brown etal.,1993)whichpermit Z W�J
associationsmaybeseenasastepin thisdirection.More recently, the2-stagemodeldescribed
by Och(OchandWeber, 1998;Ochet al., 1999)seemsto beanotheralternative — at leastin
a taskcomparableto theVerbmobilone— asit allows certainhiddenstructuralinformationto
becaptured.

4.1 Identifying monolingual salient sequences

4.1.1 Linguistically motivatedfilters

Theliterature aboundsin statisticallymindedmeasuresthathelpto decidewhetherwordsthat
happento co-occurarelinguistically significantor not (seefor instance(Dunning, 1993;Shi-
mohataet al., 1997)). We have tried severalof themwith differentamountof succes(Langlais
et al., 2000a). In this study, we tried insteadseveral linguistically motivatedfilters that make
useof regularexpressionsdefinedon partof speech(POS)tagsobtainedfrom a tagger. More
precisely, we filter out any sequenceof wordsthatdoesnot matcha regularexpressionwhich
recognizesany sequencecomposedof oneor morearticles,numbers,commonor propernouns,
adjectives,andpassive or progressive verbalforms (a few constraintswereempirically added
to this passive regularexpressionto improve the trade-off betweenprecisionandrecall in this
nounphraseidentificationtask.)

4.2 Mapping units betweenlanguages

Mappingunits acrossthe two languagesfirst requiresthe grouping into units of the tokensin
our trainingcorpus,on thebasisof theunit lexiconsidentifiedin thepreviousstage.This step,
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boom Q prospérité,0.32 essor,0.27 explosion démographique,0.2 explosion,0.11
vague de prospérité,0.11
fbdb Q banque fédérale de développement,1
rightsof womenQ droits des femmes,1
canadianaviationsafetyboard Q bureau canadien de la sécurité aérienne,1
office of the superintendentof financial institutions Q bureau du surintendant des
institutions financières,1
newfoundlandunemploymentQ taux de chômage à terre-neuve,1
smallcraft harbours Q ports pour petits bateaux,0.53 ports pour petites embarca-
tions,0.47
airline industry Q industrie du transport aérien,0.73 secteur du transport
aérien,0.13 industrie aérienne,0.13
foodprocessingindustry Q secteur de la transformation des aliments,1
ordinary canadiansQ 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.umontreal.ca/ttype-unit.html. Note that fdbd is an
acronym for Federal BusinessDevelopmentBank, for which thetranslationin our trainingcor-
pusis almostalwaystheonereported.

althougheasyin principle, concealsratherdifficult problems. To begin with, differentsalient
units may containsequencesthat partially overlap,even understringentfiltering constraints,
andmayleadto erroneoustokenizations.We have describedin (Langlaiset al., 2001)a way to
overcomethetokenizationissue.

More importantly, thereis no guarantee,even if we properly tokenize,that the monolingual
groupsof wordswill matchacrossthe two languages.For the kind of texts we usedin this
study, this assumptionis however, not toocompromising.

Finally, mappingthe identified units (tokensor sequences)to their equivalentsin the other
languageis achievedby traininga new translationmodel(IBM 2) usingtheEM algorithm as
describedin (Brown etal., 1993).

4.3 Tidying up the models

At thisstageof theprocess,weobtainaunit model( []\ ) whichis fairly noisy, in partbecauseof
thereasonsexplainedabove, in partbecausegrouping wordstogetheralsoreducesthenumber
of timesthoseparticularwordsoccurin isolation,thusloweringtheaccuracy of theirassociation
throughthetrainingprocess.

This makesit worthwhile to filter out spuriousunitsusinga word-to-word model [_^ (for ex-
ample,the coremodelusedwithin TRANSTYPE). We thereforeappliedan algorithm which
basicallyremovesany associationof two units,thesourcewordsof which arenot well associ-
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atedwith thetargetwords,underthewordmodel,andviceversa.

The reductionin the total numberof parametersobtainedby meansof this filter canbe very
high, dependingon the valuesof the few parametersthat control the process.For instance,
the SNPmodeldescribedabove inityally produced10,038,770 pairsof units. Filtering these
by only consideringthe20-besttranslationsof eachsourceword(accordingto thewordmodel)
thathaveaprobability higherthan0.05reducesthenumberof admissiblepairedunitsto 50,000,
whichconstitutesa reductionby a factorof 200.

Of course,the more we filter a model, the more we lower its potentialcoverage. Table 2
givesa few associationsgeneratedby anSNPfilteredmodel.A quick glanceconfirmsthatthe
associationsarefairly correct.Someof themarecompositional(suchasrights of women/droit
des femmes), many othersarenot. Several associationsmay be only partly correctsuchas
boom/explosion démographique, althoughwemayneedthecontext to decidewith certainty.

4.4 Application-independentevaluation

In orderto gaugethequalityof theautomatically acquiredassociations,weaskedthreejudgesto
review arandomselectionof 1000sourceunitswith 1135targetassociations,andto distinguish
thosethatthey felt weregood,badandpartiallycorrect.Wedid notprovide judgeswith aclear
definitionof theseterms.At thetime of this writing, only onejudgehadgonethroughall one
thousandsourceunits.

Over the1135associations,this judgeevaluated49 asbad(4.3%),108partially good(9.5%),
while all theothersweremarkedasgood.Around70%of thebadassociationscouldhavebeen
avoided,asthey resultedfrom a bug in our post-filteringstage.It is alsoworth noting that in
31 cases(around20%of thenonperfectassociations),thejudgefelt theneedto seeadditional
context in which theassociationsoccurred.Consideringthatpartiallygoodassociationsremain
usefulwithin anapplicationlike TRANSTYPE, theseresultssuggesta fairly high precisionrate
for our lexiconacquisitionprocess.

5 The 2001in situ evaluation

Weendedupwith anew prototypethatwedecidedto testwith realusers.Weaskedninetrans-
latorswith variouswork experienceandexpertiseto useTRANSTYPE in a controlledsetting.
Following thefirst in situevaluationcarriedout in summer2000,we took for grantedthattheir
translationswouldbeacceptable.Wewantedto evaluateoursystem,not thetranslators!

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

` If wedefinetheproductivity astheratioof thenumberof charactersin thefinal text over
the time it took to producethe text, thenwe observedanaveragedecreaseof theuser’s
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productivity of about10%(this is actuallyanimprovmentover lastyeardecreaseof 35%
!). However, abouthalf of thetranslatorswereundertheimpressionthatthey weregoing
fasterwith TRANSTYPE.

` All thetranslatorswerevery happy with thepossibility of addingtheir own lexicon. For
four of them,this couldevenjustify adoptingTRANSTYPE in their daily work.

` Severaluserspointedout thatit would bebetternot to bedisturbedby shortcompletions
(say, 3 charactersor less).Weactuallymeasuredthatsuggestingshortcompletionalways
endedup in a lossof time (time to readthemandto decidewhetherthey areworthwhile
or not). Actually, 51%of thedisplayedsuggestionshadlessthanfour characters!

` Despitethe observed decreasein termsof productivity, it is worth noting that the com-
pletionsmadeby TRANSTYPE couldhave alloweda carefuluserto save theenteringof
morethantwo thirdsof thetranslationproduced.

` Looking at the reactiontime andthe lengthof the completions proposed,we conclude
thatwhenauseracceptsacompletion,it is usuallyat thestartof aword. Thus,apossible
way to improve theuseof thesuggestionswould beto convincethetranslatorsthat they
shouldlook at the suggestionsvery soonin their typing process.As looking at these
suggestionsanddecidingif they areworthwhile takestime andcanin a way distractthe
user, suggestionsmustbevaluable.Thismeans,at least,thatthey shouldbelongenough.
We furthermorethink thatsyntacticallymindedsuggestions(for instance,thesuggestion
of a full nounphrase)wouldhelpto convincetheuser, apoint thatwedevelopin thenext
section.

6 How could a probabilistic grammar help ?

As we just saw, suggestinglongercompletionsseemto be a key point to a successfuluseof
TRANSTYPE. This is actuallya tricky situationbecausethelongertheunitsare,themoretime
a userwill needto processthem. The problemcertainly involvesergonomic considerations,
but intuitively it seems,that suggestingcompletionsthat spanfull syntacticgroups(e.g. the
agreementbetweentheparties, or theagreementbetweenthepartiesis that, etc.) is likely to be
agoodstrategy.

Integrating structuralinformationinto probabilisticapplicationsis achallengingresearchtopic.
Recently, Chelbaetal. (1997) have shown thata structuredlanguagemodelcouldsignificantly
improve theperformanceof a speechrecognition system.Thanksto theavailability of thewell
known PennTreeBank(Marcuset al., 1993), it is now possibleto producestatisticalparsers
with good level of performance(Collins, 1996; Charniak,2001). Charniak(2001) recently
proposedalexicalizedstatisticalparser(SLP)whichreducesby 24%theperplexity of abaseline
languagemodel (a classicaltrigram languagemodel), when both the SLP and the baseline
modelarecombined.Thesestudiesall suggestthatthetechnologyis now matureenoughto be
successfullyintegratedwithin aparticularapplication.
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If we considerthe way non-probabilistic MT engineshave beendesigned(seefor instance
HutchinsandSomers(1992) for a descriptionof the major translationsystems),they almost
invariablyfollow whatwe call theATG approach,anacronym for Analysis,TransferandGen-
eration. That is, a parserfirst analyzesthe sourcesentenceto be translated.A setof transfer
rulesarethenappliedto choosethesyntacticalstructureof the translation. Last,a generation
moduleproducesthefinal translationaccordingto thepreviously instanciatedconstraints.

Wefeel thatit maybepossibleto efficiently implementthisapproachwithin astatisticalframe-
work, following for instancethecascademodelpresentedin equation3; where � is thesource
sentenceto translate,ab is the translationproposed;FIc and F�d arethesyntactictreesof respec-
tively thesourceandthetargetsentences.In this equation,egf playstherole of thesyntactical
sourceparser, egh is the transfermodeland egi is thegenerative model. Suchanarchitectureis
illustratedonasimplesentencein figure3.

a s ac cs

T G
elle lui plaît

he likes her (p=0.5)
she likes her (p=0.2)
him likes her (p=0.08)
him likes she (p=0.05)

...NP1V/likes

VP/likes

S/likes

NP2

plaît

V/plaît

VP/plaît

NP2/lui

PR/lui

lui

S/plaît

NP1/elle

PR/elle

elle

A

Figure3: Sketchof the probabilistic ATG approachfor the translationof the sourcesentence
Elle lui plat into English(He likes her). It is interestingto note,that thetranslationprovided
by Babelfish(http://world.altavista.com) for thissmallexampleis totally sensless:
It to him likes.

abj@lk�m.n�opk9qd e f �rF c �&��
"s e h �tF d �&F c 	u��
"s e i �tb��&F d 	�F c 	���
 (3)

Therearesometractability questionsraisedby sucha cascadeof models. First, the number
of syntacticalparsesfor a givensentencegrows exponentially with thelengthof thatsentence.
Of course,well known techniquessuchas dynamicbeamsearchor stackdecodingmay be
appliedhere.Second,it is not clearthatdesigninga transfermodelseparatelyis aneasytask.
Elementsof a solutionmaybe found in thework of (Wu andWong,1998)wheretheauthors
proposesto adoptthe noisy channelapproachin order to integratea statisticalparser. This
approachstronglyrelieson information expressedin the form of lexical rulessuchasNoun-
> cat/chat. However, we hopeto designa transfermodel that doesnot rely on sucha
fine level of granularity, but insteadfocussesmoreon matchingsyntacticconstructions(this
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constructionmay involve generalinformation suchas the headword which dominates each
nodein thestructure).This would offer a greatdealof generalization,andwould alsosimplify
theadaptationof a translationengineto anew pairof languages.

Our faith in the appropriatnessof the approachis confirmedby a recentstudy(Yamadaand
Knight, 2001)in which theauthorsproposea modelin which thenoisy-channeltakesasinput
a parsedsentenceratherthansimplewords.This modelincorporatesthreekindsof operations
on this syntaxictree,eachbeingorchesteredby anautomatically learnedprobabilistic model.
The first operationconsistsof reordering the direct daughtersof a given node. In a transla-
tion taskfrom Englishto Japanese,theauthorsreportthat theconsultedmodelhaslearnedfor
instancethat an Englishsentencecomposedof a preposition,a first verbalgroupanda sec-
ondverbalgroup( ewvyxze|{z}~Zu{z}z� ) is likely to presentaninversionof thetwo verbalgroups
( e|vyxze|{z}z��{�}~Z ). The secondoperationconsistsof insertingextra wordsat eachnodeof
the tree; this is doneby consultinga modelconditionedon the identity of the two direct an-
cestorsof the nodeunderinspection.Finally, the third operationconsistsof translating, asa
normalword-model would do, thewordsof thetransformedtree.Theseoperationsallow usto
modelthetranslationof languageswith differentword orders.Theauthorsreportencouraging
performanceof the resultingtranslationengine,but further evaluationsarestill neededto be
conclusive.

7 Discussion

In thispaper, wehavepresentedthecurrentversionof TRANSTYPE whichpromptsthetransla-
tor with suggestionsof bothsinglewordsandsequencesof words.Theprototypealsoallows a
translatorto takeadvantageof her/hispersonalbilinguallexicons.

An algorithm to automatically acquirebilingual lexicons hasbeenpresentedand positively
evaluatedby an expert. The main resultsof a recentin situ evaluationof this prototype has
beenreported,showing thatthesystemslightly reducestheproductivity of translators,andthis
despitethe fact that thesystemwassuggestingmorethat two thirds of the total materialto be
enteredby thetranslator. Thetime requiredto adequatelymasterTRANSTYPE maybepartof
theexplanationsfor this disappointingresult.

Wefinally discussedhow aprobabilisticparsercouldbeintegratedinto TRANSTYPE, by refor-
mulatingin astatisticalframework anapproachthathasinspiredthedesignof many traditional
translationengines.
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