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Abstract Onekey to thesuccessof EBMT is theremoval of theboundarieslimiting thepo-
tentialof translationmemories(TMs). Wediscussa linguisticallyenhancedTM
system,a PhrasalLexicon(PL), which takesadvantageof thehuge,underused
resourcesavailable in existing translationaids. We claim that PL andEBMT
systemscanonly provide valuabletranslationsolutionsfor restricteddomains,
especiallywherecontrolledlanguagerestrictionsareimposed.Whenintegrated
into ahybridand/ormulti-engineMT environment,thePL will yield significant
improvementsin translationquality. We establisha futuremodelof translation
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usageandanticipatethatEBMT andthePL will have a centralplacein future
hybrid integratedtranslationplatforms.

1. INTRODUCTION

It is right for thewiderMT communityto acknowledgethattherehavebeen
a numberof successstorieswhererule-basedMT (RBMT) systemshave pro-
videda generalsolutionto theproblemsof translation.Examplesincludethe
M«et«eosystem(Chandioux,1976)andPAHO’sENGSPANandSPANAM (Vas-
concellosandLe«on,1985)systems,to namebut two.

However, at thesametime it is generallyagreedthat theoverall quality of
today’sMT systemsis somewhatshortof whatmightbedesired.Nevertheless,
translatorsremainwary thatMT softwaremight posea considerablethreatto
well establishedwork practices,despiteclearevidenceto thecontrary. Indeed,
it is hardto know how suchentrenchedviews maybe overcome,despitethe
bestefforts of MT educatorsandresearchersto level theplayingfield in this
emotive issue. It is clear that RBMT can be a solution: the problemis in
knowing in whatcircumstances.Wewill addressthis issuein moredepthlater
in thepaper.

Despitethewidespreadview thatRBMT will neverbegoodenoughto war-
rantseriousconsiderationassystemscapableof high quality generalpurpose
translation,researchanddevelopmentin RBMT systemscontinuesto thisday.
Furthermore,their deployment, especiallyin limited domains,cf. PaTrans,
Ørsneset al., 1996,is growing, andrealsavings arebeingmadewherebusi-
nessprofessionalsarepreparedto keepanopenmind andtake thetime to see
whereRBMT canbeof use,andwhereit (probably)cannot.

At thesametime,TranslationMemory(TM) systemshave rapidly cometo
beregardedasanextremelyusefultool in the translator’s armoury. Notwith-
standingthewidespreadacceptanceof suchtools,theemergenceof TM appli-
cationshave continuedto keepsometranslatorson their guard. This is even
harderto understand:TM systemsdo not translate.All they do is find close
matchesfor the input string in their databaseof previously seentranslations
and display thesematchestogetherwith their translationsfor the translator
himself to manipulateinto the final, output translation. At all stagesin the
translationprocess,thetranslatoris the integral figure: he is free to acceptor
rejectany suggestedmatches,andmayor maynot insertany suggestedtrans-
lationsinto the target documentandtheTM itself wherever hedeemsthis to
beappropriate.

In theview of someresearchers,TM technologymaybeconsideredassome
sort of sophisticatedsearch-and-replaceengine. For example,Macklovitch
andRussell,2000likenTM systemsto informationretrieval tools, in thatall
thetranslatordoesin effect is searchfor ‘documents’(alignedsentencepairs)
which may help translatea given sentence.The TM systemformulatesthe
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queryitself from theinput stringto betranslated,i.e. in mostcases,thequery
is thesourcelanguagesentence,while theretrieval processtries to matchthe
queryascloselyaspossibleto existingexamplesin thesystemdatabase.

A sinequanonfor TM (andExample-basedMachineTranslation(EBMT))
applicationsis an alignedparallel corpus. The translatormay be presented
with a pre-alignedTM, but may alsobe a centralfigure in its construction:
usingatool suchasTradosWinAlign, for instance,thetranslatormaymanually
overwritesomeof thedecisionsmadeby thealignerby linking

�
source,target�

sentencepairsby usingthegraphicalinterfaceprovided.
However, thepotentialof TM technologyto facilitatethetaskof thetransla-

tor still furtheris limited by thefactthatthefragmentscontainedin theTM are
linkedonly at sententiallevel. If sub-sententialalignmentcouldbeintegrated
into theTM databases,moreusefulfragmentscouldbeput at thedisposalof
the translator. If a moreradicalview wereto be taken,oncesub-sententially
alignedchunksexist, thenautomatictranslationvia EBMT canbemadeavail-
ablereasonablystraightforwardly.

Although EBMT asa paradigmhasbeendescribedin researchpapersas
far back as the mid 1980’s (Nagao,1984) and althoughit hasmanagedto
capturethe interestandenthusiasmof many researchers,it has—sofar—not
reachedthe level whereit could be transformedfrom a researchtopic into a
technologyusedto build a new generationof machinetranslationengines—
andnew approaches,technologiesandapplicationsarebadlyneededin MT.

Webelievethatthetimeis ripefor thetransformationof EBMT into demon-
stratorsand,eventually, commerciallyviableproducts.We seethenichearea
for EBMT asbeingsomewherebetweenRBMT andTMs. In this paperwe
shallclaimthatEBMT—likeall corpus-basedapproachesto MT, beit human-
assistedor fully automatic—maysuccessfullybe appliedonly for restricted
domain,specialpurposetranslations.We investigatetherelationof controlled
languageandtranslationmorepreciselyandcometo theconclusionthatEBMT
is a paradigmespeciallysuitedto controlledtranslation.We developa model
for thefutureof translationtechnology, andproposeanintegratedhybridenvi-
ronmentfor translationmining,managementandscheduling.We believe that
example-basedtranslationtechnologieswill play a centralrole in sucha hy-
brid translationenvironment,asthey areby their very naturedynamic,have
theability to learn,areextensibleandscalableto new, largesublanguagedo-
mains.

In section2 we arguefor usingphrases(andnot just words)asbasictrans-
lation units in any MT systemandcontrastour approachto mainstreamMT
research.We examineTMs asa possibleapplicationfor a phrasallexicon in
section3 andpoint to their structurallimitations. As a consequencewe re-
quire in section4 thatTMs areenhancedwith moresophisticatedprocessing
devices. Herewe investigatethe impactof controlledlanguageandMT. Our
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conclusionis that EBMT is especiallysuitedto obtainingtranslationsin re-
stricteddomains,as they areeasyto adaptandable to producehigh quality
translations.Wetheninvestigatemulti-engineandhybridsystemarchitectures
in section5, anddevelopa modelfor thefutureuseof translationtechnology
in section6. Weanticipateahybrid integratedtranslationplatformwhich,asa
kernel,containsanexample-basedcomponentcapableof adaptingquickly to
differentuserneedsandwhich is complementedby linguistic, statisticaland
rule-basedtechnologies.

2. EBMT AND THE PHRASAL LEXICON

EBMT hasbeenproposedasanalternative methodologycapableof replac-
ing RBMT, initially by Nagao,1984,followedby extensionsreportedin Sato
andNagao,1990andSadlerandVendelmans,1990.EBMT hasalsobeenpro-
posedasa solutionto specifictranslationproblems,asreportedin Sumitaand
Iida, 1991,andculminatingin thecurrentvolume.

Thereis anenormousvarietyof approachesto theuseof examplesin natu-
ral languageprocessing(NLP), with differentareasof focusandwith different
motivations. In theareaof automatictranslation,this providesa strongtesti-
mony to the high level of interestin EBMT. Taking existing paralleltexts as
theirstartingpoint,someof theareasthatresearchershaveworkedoninclude:

Word-sensedisambiguation;

Translationambiguityresolution;

Lexicography;

Extractionof bilingual collocationsor translationpatternsfrom parallel
corpora;

TranslationQualityMeasures;

Extensionsto andvariationson thebasicideaof EBMT.

Oneideawhich precedesall of theapproachesmentionedandwhich, sur-
prisingly, hasuntil recentlynotbeentakenupby researchersto any significant
degree(cf. SimardandLanglais,2001),is that of the ‘PhrasalLexicon’, de-
scribedfirst by Becker, 1975,andappliedby Sch-aler, 1996.

Becker’smodelwasradicallydifferentfrom themainstreamlinguistictheo-
riesprevalentin themid-1970’s: insteadof consideringlanguageproductionas
theprocessof combiningunitsthesizeof wordsor morphemesto form utter-
ances,he identifiedphrasesconsistingof morethanoneword asthebuilding
blocksfor theformationof utterances.

For Becker, languagegenerationis compositional� in the way illustrated
in Figure1.1. Thephrasallexicon providespatternsthatcanprovide (at least
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Information
to be conveyed

Attitudes
to be expressed

or invoked

Phrase Adaptation
Stitch phrases together

Fill in the blanks
Modify phrases

Generative Gap-Filling
Smooth over the transitions

Fill in conceptual holes

Language
Production

Becker ’s Theory of Language Production

Phrasal Lexicon

Figure1.1. Becker’s Theoryof LanguageProduction

someof) theexpressionsneededto convey amessagein acertain‘tone’. These
phrasesarethenstitchedtogether, blanksfilled in andphrasesmodifiedwhere
necessary. If this is not sufficient to generatethe utterance,new phrasesare
generatedto smoothover transitionsandfill in conceptualholes.

It is not difficult to seethat thenotionof languagegenerationasenvisaged
by Becker is in exactly the samespirit asmany approachesto EBMT. With
respectto TM technology, translationscannotbeproducedautomatically(ex-
ceptin thecaseof exactmatches)assub-sentential

�
source,target� chunksare

not identifiedby thesystem:thetranslatorhimselfhasto usehisknowledgeof
how thesourcelanguagerelatesto thetarget,extract therelevantpartsof any
closematchessuggestedby theTM systemandstitchthemtogetherhimselfto
producethefinal translation.If thereareany ‘gaps’or ‘conceptualholes’,the
translatoruseshis expertiseto fill thesein andproducetheoutputtext in the
targetlanguage.

2.1 TM Resourcesareunderused

Webelievethatthetimeis ripefor thetransformationof EBMT into demon-
strators,technologiesandeventuallycommerciallyviable MT enginesalong
thelinessuggestedby Sch-aler, 1996andMacklovitch, 2000,bothof whichare
basedon the belief that existing translationscontainmoresolutionsto more
translationproblemsthanany otheravailableresource(Isabelleetal., 1993).
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Thekey to thesuccessof thisdevelopment,wesuggest,is theremoval of the
boundarieslimiting thepotentialof translationmemories.To bring EBMT to
fruition, researchersanddevelopershave to go beyondtheself-imposedlimi-
tationsof whatis now traditional—incomputingtermsalmostold fashioned—
TM technology.

In TranslationMemory systems,two intellectually challengingproblems
have to beaddressedwhichcannotjustbesolvedby clever engineering:

1 Contentsof the TM (alignment).
The first problemoccurswhen translatorswant to createtranslation
memoriesby aligningprevioustranslationswith theirsourceequivalents
onasegment-by-segmentbasisin orderto importthesealignedsegments
into a TM andthenusethis for the translationof a new versionof the
samesourcematerial.Developersgenerallyoffer alignmenttoolswhich
work in eitherinteractive or fully automaticmode.

2 Retrieving similar entries.
The other is the decisionof how to deal with caseswhereno exact
matchescanbe found. Developersgenerallyopt to searchfor similar
matchesandto calculatea rankingof identified‘fuzzy’ matcheswhich
arethenofferedto thetranslatorasapossiblebasisfor thetranslationof
thenew segment.

CurrentTM systemsdonot have to carryout any significantamountof lin-
guisticprocessing.They do not needto know practicallyanything aboutthe
target languageastheprocessing(matching,calculationof fuzziness,identifi-
cationof changesetc.) is performedon thesourcelanguageonly.

While the latter problemstill remainsto be solved both in theoryand in
practice(the work of PlanasandFuruse,1999is a significantstepin this di-
rection,cf. Chapter5, this volume),the formerhasoftenbeenclaimedto be
solvedto a largeextent.However, wewill show thatthereis still considerable
work to bedoneif TM technologyis to gobeyondits currentlimitations.

2.1.1 Contentsof the translation memory. Theavailability of align-
menttoolslinkedwith thenow widespreaduseof translationmemorysystems
hasled to the creationof massive bilingual andmultilingual parallelcorpora
alignedat sentencelevel, the smallestsegmentlevel currentlyaccessibleby
TM systems.However, matchingsegmentsat sentencelevel unnecessarilyre-
stricts the potentialandthe usefulnessof translationmemoriesasextremely
valuablelinguistic resources.Thus,translationknowledgeat a phrasalor sub-
sententiallevel is lost if alignmentand matchingonly works on a sentence
level.�

A secondshortcomingin currentTM technologyis the unavailability of
toolsto controland/orcross-checktheextractedsegments.Furthermore,there
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is no easyway to control the quality of the segmentsand their translation.
For instance,it is possible(in principle at any rate) to mapany sourcesen-
tenceonto the sametarget expression.Givena real referencetext, this is, of
course,anextremelyunlikely case.Nevertheless,any TM systemis likely to
storeredundant,ambiguousor wrongtranslationsin theTM with nopossibility
of reducingor avoiding suchentriesotherthanmanuallycheckingthe entire
database.

Inconsistenttranslationsegmentsare likely to be producedduring initial
alignment. They can also be producedwhen multiple userssharea TM in
real-time,addingdifferenttranslationsfor thesamesentence.This is usually
controlledusingmeta-datafields suchas<user>,<date>,etc.,but unlessthe
processfor sharingTMs is properlycontrolled,this canstill addto theincon-
sistenciespresentin theTM. While in somecasessuchinconsistenciesmight
berequired,in othercasesit is undesirable.

Furthermore,last minutechangesarefrequentlymadeto translateddocu-
mentsoutsidetheTM environment.If theprocessof usingTMs is controlled
properly, thesechangeswill beaddedto theTM. However, this doesnot hap-
penon a frequentbasisandleadsto gapsbetweenthe referencetext andthe
new translations,which reducesthe precisionof the TM and increasesthe
amountof fuzzy matchingrequiredwhenthe TM is usedfor a new transla-
tion.

2.1.2 Retrieving similar entries. If aTM systemcannotfind anexact
matchin aTM, it canonlyproposefuzzymatches.Ideally, aTM systemshould
find asegment(orasetof segments)in its databasewhichis similarin meaning
to thenew sentencein thehopethat their translationswill besimilar aswell.
However, given that thereis no known algorithmto computethe meaningof
arbitrarysentencesand to quantify their similarity, this approachseemsnot
to be feasible(cf. Reinke, 1999 for an in-depthdiscussionon similarity of
meaning).

Fuzzymatchingcanbeahighly complex operation:in fact,it mayproveso
cumbersomethat translatorsoftenopt out of thefuzzy matchproposalopera-
tion by settingthepercentagethresholdof thefuzzymatchcomponentsohigh
that high percentagematcheswhich could containmatchingphrasesarehid-
denawayfrom them.Instead,they preferto translatethenew sourcedocument
without thesupportof theTM systemin orderto save time. In the language
of statisticalNLP, they imposea high Precisionthreshold,but low Recall,for
thismatchingprocess.Theconsequence,of course,is thatpotentiallyvaluable
matchesat sub-sentencelevel arelost. Adding a facility capableof providing�
source,target� chunksat thephrasallevel will overcomethis shortcoming.
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2.1.3 Recombinationof TargetSegments. TMs areusuallyfed with
domain-specificreferencematerialin orderto achieve maximumprecisionfor
translatingspecializedtextsandtheirsegments.However, TMshavelittle orno
capacityto checkthatsuchreferencetextsareconsistent.Thus,if thereference
text containstwo (or more)differenttranslationsfor thesamesourcelanguage
segment,the useris asked which of the translations,if any, he prefersin the
givencontext, withouttheTM learningfromthisdecision.If thesamesentence
were to be translatedlater, exactly the samescenariowould arise. Adding
more referencetranslationsto the TM increasesthe chanceof addingmore
ambiguoustranslations.

Theway translationsareproducedin TM systemsis, therefore,descriptive,
sinceretrieved and proposedtranslationsreflect the quality of the reference
translationsandtheir alignmentfunctions.As thequalityof translationsavail-
ablein theTM decreasesandthenew text or sentencediffers from reference
examplesin theTM, thequalityof proposedsegmenttranslationsdecreasesin
acorrespondingmanner.

3. THE PHRASAL LEXICON AND EBMT

While wediscussedin section2.1.1someotherpossiblewaysin which the
translationprocessin a TM systemmaybe distorted,thereremaintwo main
factorswhichmayadverselyaffect theway in which theTM is used:

thewayentriesareretrievedfrom theTM (i.e. fuzzymatching);

inconsistenciesin thecontentsof theTM.

Both factorsmaycausetranslationquality to deteroriate,especiallywhere
thesetwo problematicfactorsco-occur. The PhrasalLexicon avoids these
shortcomingsby permittingexactphrasalmatchestogetherwith a mannerof
controllingthecontentsof thememory.

3.1 PhrasalMatching

In thephrasallexicon,exactmatchesareperformedataphrasallevel, sothe
problemof fuzzymatchingdisappears(or atany rate,is considerablyreduced).
Theprobabilityof finding exactmatchesat a lower phrasallevel (e.g. at NP,
VP or PP level) is significantlyhigher than the probability of finding exact
matchesat thesentencelevel, thelevel atTM segmentsarecurrentlyprovided.

Phrasalunitsarelooked up in a phrasallexicon andtranslatedby combin-
ing alreadytranslatedphrasesstoredin thephrasallexicon, very muchalong
the linesproposedoriginally by Becker. As anexample,let usassumea TM
containingthetwo entriesin (1):



Example-BasedTranslationin a Hybrid IntegratedEnvironment 9

(1) a. EN: Thebulletsmove to thenew paragraph.
DE: Die Blickfangpunkterückenin denneuenAbschnitt.

b. EN: Thetitle movesto thecenterof theslide.
DE: DerTitel rückt in dieMitte desDias.

Despitethe fact that the TM entriesin (1) aregoodmatchesfor the new
sentencein (2), it wouldnotbetranslatedautomaticallyby theTM system:

(2) Thebulletsmove to thecenterof theslide.

At most, the systemwould be capableof identifying one(or both) of the
two sourcesentencesin theTM in (1) asfuzzy matches.If so,thesewouldbe
displayedtogetherwith theirtranslations,whichwouldthenhaveto beadapted
by a translatorto generatethefinal outputstringin (3):�
(3) Die Blickfangpunkterückenin dieMitte desDias.

Note,however, thatdependingon how fuzzy matchingis calculatedin the
TM, andat whatpercentagelevel fuzzymatchingis setby theuser, theuseful
translationpairs in (1) may not be presentedat all to the translator: if we
comparethesourcestringsin (1) with thenew input in (2), observe that5 out
of 7 (71%) of the wordsin (1a) matchthosein (2) exactly, while 6 out of 9
(67%)of the wordsin (1b) matchthosein (2) exactly. If we wereto setour
level of fuzzymatchingat75%(say),neithercandidatewouldbeaccessibleby
thetranslator.�

The bullets move
The title moves
to the new paragraph
to the centre of the slide

Die Blickfangpunkte rücken
Der Titel rückt
in den neuen Abschnitt
in die Mitte des Dias

The bullets move  to the centre of the slide

Die Blickfangpunkte rücken in die Mitte des Dias

Phrasal Lexicon

Matching Assembly

L
oo

k-
up

Figure1.2. Overview of thePhrasalLexicon

If, however, we produceda phrasallexicon capableof providing transla-
tion unitsat thephraselevel, andwroteaprocedureto combinethemsothata
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correcttranslationof thenew sentencewereproducedautomatically, thenwe
would have built an EBMT system. Notwithstandingthis, if a phrasallexi-
con (cf. Figure1.2) wereto be integratedinto a TM system,thentranslators
wouldbeableto avail of many of theadvantagesof aTM, principally thoseof
consistency andsavingsin termsof timeandcost.

Storing,matchingandproposingsegmentsat thephrasallevel hasanumber
of advantages,including:

Translatorswill be offereda higherpercentageof exact matchesfrom
TMs.

Thequalityof proposedtranslationsegmentswill improve.

Theuseof informationstoredin TMs will increase;matchingphrasesin
otherwisefuzzymatchingsentenceswill no longerfall below thematch
percentagethresholdsetby mosttranslators.

TM systemswill beableto translatelargeramountsof sourcetext auto-
maticallywithout theneedto manuallyadaptfuzzymatches.

3.2 Mor esophisticatedprocessingdevices

SincethePL is basedonsmallertranslationunits,it canpotentiallyidentify
moreexactmatchesthansentence-basedTM systems—but at a price. In con-
trastto a TM, a PL wouldneedto know—at thevery least—enoughaboutthe
sourceand the target languageto identify phrasesanddescribethe linguistic
characteristicsof theirconstituentparts.For instance,while thetranslatormay
beableto pick out theappropriatesub-sententialalignmentsfrom (1), namely:

(4) a. thebulletsmove ��� dieBlickfangpunkterücken

b. to thecenterof theslide ��� in dieMitte desDias

in order to translatethe new input string in (2), it is a non-trivial problem
as to how to obtain suchtranslationallyrelevant chunksautomatically. In-
deed,this is thetopicof thisbook: automaticor semi-automaticphrasalalign-
mentrequiressophisticatedlinguisticand/ornumericalprocessingasdescribed
in Chapters9–14 in this volume. Typical problemswhen combiningsub-
sententialchunksin new translationsinvolve theconceptof boundaryfriction
(cf. Chapters4 and16, this volume). For instance,the sub-sententialalign-
mentsin (4) have beenchosensoasto beoptimalgiventhenew input in (2).
Considerinsteada secondsetof alignmentswhich could have beenselected
from thetranslationpairsin (1), namelythosein (5):
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(5) a. thebulletsmove to the ��� dieBlickfangpunkterückenin den

b. centerof theslide �	� Mitte desDias

Combiningthesetranslationchunkswould result in the mistranslationof
(2),namelyDie Blickfangpunkterückenin denMitte desDias. Herewenotein
thetargetPPa masculineaccusative determinerdentogetherwith a feminine
singularnoun Mitte. In the correct translation(3), meanwhile,we seethat
determiner-nounagreementhasbeenmaintainedwithin theNP.

Dependenton the languagepair, further restrictionssuchas the addition
of caseor semanticmarkers,or other linguistic information,have to be im-
posedon theentriesin thePL andtreatedaccordinglywhenrecombiningtar-
getphrases(cf. Carl et al., 1999). For example,Way, 2001(cf. Chapter16,
thisvolume)incorporatesthesyntacticfunctionsof LFG (KaplanandBresnan,
1982)into anEBMT systembasedon aligned

�
source,target� treepairs.Way

notesthat the ill-formed stringJohnswimcannotbe translatedby LFG-MT (
Kaplanet al., 1989),asthe constraintsthat the subjectNP mustbe singular
andthe verb plural cannotbe resolved by the LFG constraintsolver. In his
LFG-DOT system,Wayop cit. shows thatthis stringmaybetranslatedby re-
laxing theseconstraints,and,importantly, thatthesystemknowsthattheinput
stringandthetranslationformedareungrammatical,unlike otherEBMT sys-
tems.Perhapsmoresignificantly, this researchshows thatoneneedslessthan
the full target languagegrammarin orderto obtaintranslations:in RBMT, it
is far from clear(a) thata translationcouldbeobtainedat all in this situation,
and(b) if it could,arguablythewholetargetgrammarwouldbeinvolvedin en-
ablingsometranslation.In contrast,in a ‘linguistics-rich’ EBMT systemsuch
asLFG-DOT, all that is requiredis to relaxonefeatureon theNP andon the
VP for a translationto ensue.This demonstratesa clearadvantageof EBMT
systemsover their rule-basedcounterparts.

More questionsarisewith respectto the quality of the translationsin the
PL. Accordingto SomersandCollins (cf. Chapter2, this volume),theEBMT
literaturehaslittle to offer regardingthequestionasto how bestto storecases
in relationto eachother, aswell ashow to decideon the organisationof the
memory. It is very likely that for thePL in Figure1.2,a phraselike Thebul-
letsmovewould be translateddifferently if thealignmentsweretaken from a
text on wars. While the co-occurrenceof bullet andparagraph in the orig-
inal alignmentimplies a high probability that the segmentwastaken from a
softwarelocalizationcontext, this informationis lost in thePL. However, the
translationbullet ��� Blickfangpunktcannotbeunderstoodin a text tackling
wars.

Therefore,a numberof methodshave beenproposedfor human-assistedor
fully automaticalignmentin orderto storenon-ambiguoustranslationpairsin
thePL. To achieve anaccuracy of morethan90%for automaticallygenerated
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phrasetranslations,Watanabe(cf. Chapter14, this volume)usesa graphical
interfacewhereusersconfirmalignmentproposalsof thesystem.Menezes&
Richardson(cf. Chapter15, this volume)usea fully automaticdevice to filter
out translationambiguitiesin a post-processingstepandCarl (cf. Chapter12,
thisvolume)investigatestheinductionof invertibletranslationgrammarsfrom
referencetranslations.

Themotivationof theinvestigationin thischapteris to extractandstorehigh
quality translationunitsaccordingto anumberof criteriain orderto enablethe
databaseto bescaledup in acontrolledmanner. Consequently, it is unrealistic
to think that a corpus-basedMT systemcansucceedasa generalsolutionto
the problemsof translation.In contemplatingsuchissues,it is clearthat the
notionsof controlledtranslationandcontrolledlanguagewill playarole. In the
next section,we investigatethesemattersfurther, andrecommendthatEBMT
systemsincorporatingaphrasallexiconmightbeoptimallysuitedto controlled
translation.

4. CONTROLLED LANGUAGE AND MT

Controlledlanguagesdefinea writing standardfor domain-specificdocu-
ments.Linguisticexpressionsin texts arerestrictedto a subsetof naturallan-
guages.They arecharacterizedby simplifiedgrammarsandstylerules,a sim-
plified andcontrolledvocabulary with well definedmeanings,anda thesaurus
of frequentlyoccurringterms. Controlledlanguagesareusedto enhancethe
clarity, usability, transferability, retrievability, extractability, andtranslatability
of documents.

Accordingto LehrndorferandSchachtl,1998:8,“the conceptof controlled
languageis a mentaloffspring of machinetranslation”. That is, one of the
main raisonsd’être of controlledlanguagewasto facilitateautomatictrans-
lation of documents.A numberof companies(e.g. Boeing, British Airways,
Air Canada,andCaterpillar) usecontrolledlanguagein theirwriting environ-
ment. Nor is this trendrestrictedto English: SiemensusecontrolledGerman
(Dokumentationsdeutsch: Schachtl,1996; Lehrndorferand Schachtl,1998,
A«erospatialeusecontrolledFrench(GIFASRationalisedFrench: Lux andDauphin,
1996; Barthe,1998), while ScaniausecontrolledSwedish(ScaniaSwedish:
Almqvist andSagvall Hein,1996),for example.

4.1 Controlled Languageand RBMT

By definition, therefore,controlledlanguagesarecharacterizedby simpli-
fied grammarsandvocabulary, a consistentsyntaxandterminologyto which
the MT systemhasto be adjusted. Controlledlanguageshave beendevel-
opedfor restricteddomains,suchastechnicaldocumentationfor repair, main-
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tenanceandservicedocumentsin largecompanies(e.g.Boeing, Siemens,Sca-
nia, GM etc.).


Caterpillar’s ‘CaterpillarTechnicalEnglish’,for instance,definesmonolin-
gualconstraintsonthelexicon,constraintsonthecomplexity of sentences,and
theuseof generalizedmarkuplanguage.However, whenusingthiscontrolled
languagefor translationin the KANTRBMT system(MitamuraandNyberg,
1995), it was found that “[terms] that don’t appearto be ambiguousduring
superficialreview turnedout to have several context- specifictranslationsin
differenttargetlanguages”(Kamprathet al., 1998).

VanderEijk et al., 1996:64statethat “an approachbasedon fine-tuninga
generalsystemfor unrestrictedtexts to derive specificapplicationswould be
unnecessarilycomplex andexpensive to develop”. Laterwork in METAL ap-
plicationsrefersto therebeing“limits to fine-tuningbig grammarsto handle
semi-grammaticalor otherwisebadly written sentences.The degreeof com-
plexity addedto analreadycomplex NLP grammartendsto leadto a deterio-
rationof overall translationquality and(whererelevant)speed”(Adriensand
Schreurs,1992:595).Despitethis, from 1994,General Motors usedMETAL
for controlledauthoringandMT (MeansandGodden,1996). Furthermore,
attemptsat redesigningthe M«et«eo system(Chandioux,1976), probablythe
biggestsuccessstory in thehistoryof MT, to make it suitablefor anotherdo-
main(aviation) provedunsuccessful.

Controlledtranslation,therefore,involvesmorethanjustthetranslationof a
controlledlanguage.Passinga sourcelanguagetext througha controlledlan-
guagetool is notsufficientfor achieving highqualitytranslation.Largegeneral
purpose(rule-based)MT systemscanbeconvertedonly with considerabledif-
ficultiesto producecontrolledtranslations.Controllingthetranslationprocess
in aconventionaltransfer-basedMT systeminvolvescontrollingthreeprocess-
ing steps:

thesegmentationandparsingof thesourcetext (i.e. analysis);

thetransferof thesourcesegmentsinto thetarget language(lexical and
structuralmapping);

therecombinationandorderingof thetargetlanguagesegmentsaccord-
ing to thetargetlanguagegrammar(generation).

As theresourcesof eachof thesestepsrequireindependentknowledgere-
sources,adjustinga conventionalRBMT systemto a new controlledlanguage
is non-trivial.
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4.2 Controlled Languageand Corpus-basedMT

Using traditional rule-basedsystemsfor the translationof controlledlan-
guagesleadsto thewell known ‘knowledgeacquisitionbottleneck’.Thismay
take severalforms,including:

Lack of coverage: knowledgeis restrictedto (theoreticallyinteresting)
interactionsof linguisticphenomena;

Lackof robustness: ‘toy’ grammarsandlexica donotscaleup;

Translationdatais ofteninvented,sothatconsistencyis hardto maintain.

In addition,several knowledgeresourceshave to beadjustedandhomoge-
nized.An oft heardclaim is thatcorpus-basedMT systemscanovercomethis
bottleneckgiventhatavailabletranslationscanbeexploited. In contrastto tra-
ditionalapproaches,corpus-basedMT systemsinducetheknowledgerequired
for transferfrom areferencetext. To date,corpus-basedMT technologieshave
yet to tacklecontrolledlanguages:they have not supportedtheacquisitionof
controlledtranslationknowledge,nor have they providedanappropriateenvi-
ronmentfor controlledtranslation.

Thisis extremelysurprising:thequalityof corpus-basedtranslationsystems
dependson thequalityof thereferencetranslationsfrom which thetranslation
knowledgeis learned.The morea referencetext is consistent,the betterthe
expectedqualityof thetranslationsproducedby thesystem.By contrast,there-
fore, translationknowledgeextractedfrom noisy corporahasan obvious ad-
verseimpactontheoverall translationquality. Theonly researchweareaware
of which attemptsto detectomissions(but not othererrors)in translationsis
Chen,1996andMelamed,2001.However, in thecontext of corpus-basedMT,
suchmethodshave not beenusedto dateto eliminatenoisy or mistranslated
partsof the referencetext, nor to enhancethe quality andconsistency of the
extractedtranslationunits.

If EBMT is to make theleapfrom researchtopic to industrialapplications,
we contendthat thenichefor EBMT maywell befoundsomewherebetween
RBMT and TM systems.That is, thereis a needfor a controlled,domain-
specific,easilyadaptableMT engine,onewhich proposestranslationcandi-
datesandrecombinesthemin acontrolledmanner.

ConventionalTM systemsarenotsuitablefor thistask.Within theTetris-IAI
project (TETRIS, 1999),an experimentwasundertaken wherebycontrolled
languagewasfed into aTM. It wasfoundthatcontrollingthesourcelanguage
without controllingthereferencematerialdoesnot increasethehit-rateof the
TM and thusdoesnot increasethe likelihood of high quality translations—
from a company’s point of view, thebottomline is that thetranslationcostis
not lowered.Methodsfor preparingandmodifying referencetexts to achieve
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betterconsistency on bothterminologicalandsyntacticlevelshave, therefore,
beenproposed(e.g. Somers,1993)andcouldalsobea feasibleway forward
for TMs.

Furthermore,statistics-basedMT (e.g. Brown et al., 1990) is not an ap-
propriatecandidatefor controlledtranslation.Onecannotusuallyexpectcon-
sistentreferencetranslationsin statistics-basedMT, owing to the hugesize
of the referencetexts required. In many cases,texts from differentdomains
arenecessarilymergedtogetherto computewordtranslationprobabilitiesfor a
languagepair in variouscontextsowing to sparsedata:thereis notenoughtex-
tualmaterialin onesublanguagedomainto computeaccurate,robustlanguage
andtranslationmodels.Of course,how wordsandphrasesareusedin different
domainscandiffer greatly. In orderto achievehightranslationaccuracy, there-
fore, it is unwiseto calculateone’s statisticallanguageandtranslationmodels
oncorporamergedfrom differentsublanguageareas,but this is oftenaprereq-
uisitein statisticalMT. It is clearfrom themethodologyadoptedsofar thatthe
implicit goalin statisticalMT hasbeengeneralpurposetranslation.

In our view, the main potentialof EBMT lies in the possibility to easily
generatespecialpurposeMT systems.The morerestrictedthe purpose,the
betterdefinedsuchrestrictionsandthegreatertheavailability of high quality
referencetranslations,sothepotentialof EBMT to producehighquality trans-
lationsincreases.Brown (Chapter9, this volume)shows thatcoveragecanbe
increasedby a factorof 10 or thereaboutsif templatesareused,but it would
befanciful to think thatthiswouldscaleupto domain-independenttranslation.
Even if EBMT systemswereaugmentedwith large amountsof syntacticin-
formation(cf. Chapters15 and16, this volume),they would in all probability
stopshortof becomingsolutionsto the problemsof translatinggenerallan-
guage.Eventhoughanumberof techniquesaredescribedto selectandcontrol
segmentation,transferandrecombination,EBMT hasnot beenseenassuited
for controlledtranslationuntil now. It is our contentionthat EBMT systems
may be ableto generatecontrolled,domain-specifictranslationsgiven a cer-
tainamountof built-in linguisticknowledgetogetherwith somepreparationof
thealignedcorpus.This translationknowledgemay, we contend,bereusedto
producecontrolled,example-basedtranslationsof highquality.

Controllingthetranslationprocessin EBMT impliesthecarefulselectionof
asetof translationexampleswhichare‘similar’ to theinput. Thatis,segmenta-
tion, transferandrecombinationof targetsegmentsis largelydeterminedby the
setof retrievedexamples.Giventhatonly retrievedexamplesarerecombined,
the taskof controlling EBMT systemsis reducedto controlling the retrieval
of appropriateanalogousexamplesfrom the database.This process,in turn,
is triggeredby thesegmentationof theinput sentence,which is why this pro-
cedureis perhapsthemostcrucial in any EBMT system,andwhy, therefore,
systemdescriptionsexaminethis pointmostcarefullyandthoroughly.
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We will now take a broaderview of machinetranslationto seein which
context EBMT mightbeasuitablecomponent.Weexaminetheroleof EBMT
in variationsof a multi-engineapproach,aswell asasan integral component
of a hybrid architecture.We comparethetwo basicapproaches,andgive our
view asto how anEBMT systemin suchanenvironmentmightbestbelocated
andused.

5. EBMT IN A MULTI-ENGINE ENVIRONMENT

It is widely acceptedthatdifferentMT paradigmshavedifferentadvantages
andshortcomings.TMsarefedwith domain-specificreferencetranslationsand
arewidely usedastoolsfor translatorsin theareaof ComputerAssistedTrans-
lation (CAT). TMs, however, do not provide sufficient controlmechanismsto
enablea moresophisticatedtranslationenvironment. In contrast,rule-based
MT systemsmayautomaticallyprovidehighquality translationsin limited do-
mains(cf. M«et«eo, Chandioux,1976),butaremoreusuallydesignedfor general
purposetranslations.As a consequence,RBMT systemsaredifficult to adjust
to specializedtypesof texts andconsequentlysuffer from limited portability.
EBMT systemshave moresophisticatedprocessingdevicesat their disposal
thanTMs. In addition,they make betteruseof availableresourcesthanTMs
do. This,we have argued,givesEBMT systemstheuniquepossibilityto gen-
eratecontrolledtranslations.

Given the differentadvantagesandshortcomingsof eachapproach,multi-
engineMT systemshave beendesignedasanattemptto integratetheadvan-
tagesof differentsystemswithout accumulatingtheir shortcomings.We shall
now describeandcompareanumberof differentarchitectureswhichhavebeen
proposedwherebya numberof differentMT systemsandtechniquesmaybe
integrated.

5.1 Parallel vs. SequentialLinkage

In orderto describethesesystemsandattemptsomeclassificationof them,
onedistinctioncanbe madealongthe lines of whetherentiretranslationen-
ginesaretriggeredin parallelor sequentially. In a parallelmulti-enginesce-
nario, eachsystemis fed with the sourcetext andgeneratesan independent
translation.Thecandidatetranslationsoutputbyeachsystemarethencollected
and(manuallyor automatically)recombinedto give the‘best’ translation.

Thereareanumberof projectswhichincorporatedifferentMT components
in parallelin a multi-enginesystem.Themostnotableof theseareVerbmobil
(Wahlster, 1993; Wahlster, 2000)and PanGloss(FrederkingandNirenburg,
1994).

Verbmobilintegratesthecomplementarystrengthsof variousMT approaches
in oneframework, i.e. deepanalysis,shallow dialogueact-basedapproachand
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simpleTM technology. N-ubel,1997shows that the performanceof the inte-
gratedsystemoutperformseachindividual system. PanGlossusesEBMT (
Brown 1996,cf. alsoChapter9, thisvolume)in conjunctionwith KBMT—the
mainlinePanGlossengine—anda transfer-basedengine.

While thereis anelementof redundancy in suchapproachesgiventhatmore
thanoneenginemay producethe correcttranslation(cf. Way, 2001:23)one
might also treat the variousoutput translationsas comparative evidencein
favour of the best,overall translation. Somers,1999observes that “what is
mostinterestingis theextentto which thedifferentapproachesmutuallycon-
firm eachother’s proposedtranslations”.

In a sequentialmulti-engineapproach,two or more MT componentsare
triggeredon differentsectionsof thesamesourcetext. Theoutputof thedif-
ferentsystemsis thenconcatenatedwithout the needfor further processing.
This dynamicinteractionis monitoredby onesystem—usuallythe most re-
liable amongstthe availablesystems.The reasoningbehindthis approachis
that if oneknows thepropertiesof the involved translationcomponents,reli-
abletranslationscanbe producedby usingfewer resourcesthanin a parallel
multi-engineapproach.

Integrationof a TM with a rule-basedcomponentis a commonstrategy in
commercialtranslation.A dynamicsequentialinteractionbetweenaTM (Tra-
dos) andanMT system(Logos) is describedin Heyn, 1996.In thecasewhere
onlypoorlymatchingreferencetranslationsareavailablein theTradosTM, the
input sentenceis passedto theLogosMT systemfor regular translation.The
useris thennotifiedwhich of thesystemshasprocessedthetranslation,since
theLogossystemis lesslikely to producereliableresults.�

A similar scenariois describedin Carl andHansen,1999,wherea TM is
linked with anEBMT system.This researchshows that the quality of trans-
lationsis likely to behigherfor EBMT translationthanfor TM translation,in
caseswherethefuzzymatchscoreof theTM falls below 80%.

TheOTELO� projectis anotherexampleof how bothlocalandremotetrans-
lation resourcessuchasMT, TM, and otherNLP applicationsmay be inte-
grated. In OTELO, two MT systems,Logosand IBM LMT, werecombined
with theIBM TranslationManagerandOTELO’sHyperLinkTranslator.

5.2 Hybrid MT Systems

In eachexamplemulti-engineMT systemdiscussedin the previous sec-
tion, eachmodule in the integratedenvironmenthasits own resourcesand
datastructures.In a strongintegrationof two or moreMT techniques,how-
ever, the samedatastructuresaresharedby thedifferentcomponents.Some
of the componentsof suchhybrid systemsmay, therefore,modify or adjust
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certainprocessingresourcesof anothercomponentin orderto bring aboutan
improvementin coverageor translationquality.

CouplingstatisticaldataandRBMT often leadsto a strongintegration to
improve translationquality. In somehybrid systems,statisticaldatais added
to thelexical resourcesof theRBMT system,which adjudgedifferenttransla-
tion candidatesasmoreor lessfelicitous for a given textual or thematiccon-
text. In particular, it hasbeenshown thatstatisticallyenrichedRBMT systems
canhandlecollocationalphenomena(for example,establishingthemostlikely
translationmatchin thecontext of a particularword). Thestatisticaldataare
drawn from monolingualcorpora(Nomiyama,1991)or independentcorpora
of sourceandtargetlanguage(Doi andMaraki,1992).

RaynerandBouillon, 1995describeanapplicationof statisticaldataduring
therule-basedtransferphase.Statisticaldataarederivedby manuallyscoring
translationvariantsproducedby thesystem.Sincethetrainingis basedontexts
belongingto onespecificsubjectfield, typical mistakesmadeby the system
canbecorrected.Theprobabilityof a transfercandidateis calculatedvia the
transferprobability and the probability of the resultingtarget structure. As
sucha multiplicationof probabilitiesrequireslarge amountsof datain order
to beeffective, suchanapproachis applicableonly to very restrictedsubject
fieldswhereonly afew examplesmaysuffice in orderto producereliabledata.
In suchcases,translationquality is tradedfor improvedcoverage.

In ahybridstratificationalintegrationof example-basedandrule-basedtech-
niquessomeprocessingstepsare carriedout by the rule-basedcomponent
while for othersexamplesareused.

Menezes& Richardson(Chapter15,thisvolume)combinerule-basedanal-
ysis and generationcomponentswith example-basedtransfer. Bond et al.
(Chapter7, this volume)generatetranslationtemplatesfor new sentenceson
thefly from a setof alignments.Thediffering sectionsin thesourcetemplate
andtheinputsentenceareidentifiedandtranslatedbyarule-basednoun-phrase
translationsystem.Carl et al., 1999useEBMT asa front andbackend to a
RBMT systemfor translationof simplephrasesandmulti-word units.

All theseapproachesattemptto make the mostof the strengthsof the hy-
brid approachwhile compensatingfor the weaknessesof eachasmuchasis
possible.Themainideais to integrateasignificantshareof humantranslation
experience(asaccumulatedin TranslationMemoriesandTerm Banks)with
therule-basedparadigm.

Evena very large TM or EBMT systemis unlikely to be ableto translate
a completelynew sentencecorrectly, let alonean entirenew text. However,
suchsystemsareableto ‘learn’ in thatnew examplescanbeaddedto thesys-
temdatabase,sothatsubsequentencounterswith previously unknown source
stringswill betranslatedsuccessfully. In RBMT systemsthereis nosuchanal-
ogousprocess.That is, they do not storetranslationresultsfor later reuse,so
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thatall post-editingeffort is wasted:RBMT systemswill dealwith thesame
input in exactly thesameway in perpetuity.
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Figure1.3. ThePhrasalLexiconaspartof aHybrid MT Environment

A hybrid system(suchas that shown in Figure 1.3), in contrast,will be
ableto learnandadaptitself easilyto new typesof text. In addition,therule-
basedcomponentprovidessophisticatedlanguagemodelsto a hybrid setup.
Consequently, onecanenvisagethatevenif noneof theindividualenginescan
translatea givensentencecorrectly, theoverall systemmaybeableto do soif
theenginesareallowedto interact.Evenif theindividualcomponentsimprove,
the integratedsystemshouldalwaysoutperformthe individual systemswith
respectto eitherthequalityof thetranslation,theperformance,or thetunability
of thesystem.

6. A MODEL FOR THE USEOF MT

So far in this chapter, we have discussedthePhrasalLexicon asa link be-
tweenTM andMT systems.We have focussedspecificallyon therole of the
PL, TM andEBMT in multi-engineandhybridMT environments.Werecom-
mendedthatthebestrolefor EBMT is in providing highquality translationsin
restricteddomainswrittenwith controlledlanguagerulesverymuchin mind.

We will now bring this chapterto a closeby presentinga futuremodelfor
the useof MT andCAT which hasbeendevelopedin a recentstudyfollow-
ing discussionswith localisationandtranslationtechnologyexperts(Sch-aler,
1999,Carl et al., 2002). This, we propose,will provide aneffective basisfor
an MT environmentin a numberof differentfuture situations.The modelis
basedon theassumptionthat informationcanbecategorisedinto threetypes.
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Theintendedtranslationmodelvisualisestranslationin theform of apyramid,
asin Figure1.4.          ! ! ! ! ! ! ! ! ! ! !

Valueof TranslationHighMediumLowTypeof Translation

Eithermissioncritical or creative. To beread
or referenced.Accuracy andPresentation.
Brochures,userinterfaces,lawsetc.

Massvolumeof material.
Accurateandbetterthangisting.
Manuals,documentation,etc.

Non-missioncritical.
Informationglut, gistingmarket.
WebArticlesetc.

Human
Translation

" "#" "#"
Machine

TranslationInformationthatis pushingto betranslated

Figure1.4. A Model for theFutureUseof TranslationTechnology

At the bottomof this pyramid, we see‘non-mission-critical’ information,
known morewidely as the ‘gisting’ market. An exampleof this type of in-
formationmight be an on-line article aboutNapoleonwritten in Frenchand
publishedonawebsitein France,of whicha Spanishspeaker with noknowl-
edgeof Frenchbut interestedin Napoleonwantsaroughandreadytranslation
at minimalcost.Weview this astheidealapplicationscenarioto facilitatethe
widestusageof MT. Indeed,this is currentlythebiggestgrowth areaof MT:
peoplearetranslatingwebpagesor communicatingwith oneanotherin their
own languagesvia email,usingon-lineMT systemsasthetranslationengine.

In the middle of the pyramid, we seelarge amountsof materialthat must
be translatedaccurately;heregisting is simply unacceptable.Examplesof
thistypeof informationareproductmanualsor othertechnicaldocumentation.
Most examplesof this type of translationaredomain-specific.While MT is
currentlybeingusedat this level, it is moretheexceptionthantherule. How-
ever, we have arguedthat it is in this areaof translationthat EBMT hasthe
capabilityto playacentralrole.

At thetop of thepyramid,we seesmallamountsof mission-criticalor cre-
ative materialto be readwhereaccuracy andpresentationareof paramount
importance.Examplesof thisaremarketingmaterial,laws,userinterfacesand
creative literature.Theseareall areaswhich arenot especiallysuitedto MT,
unlessexpertpost-editingis available.

Themodelpresumes(i) thatthepyramidis expandingin two directionsand
(ii) that improvementsin translationtechnology(MT in its widestsense)will
openup new marketsfor developersof MT systems.We beganthis Chapter
by discussinghow unnervedsometranslatorscontinueto beby theavailability
of MT systems.We notedin the generalcasethat the MT systemsof today
aresimplynotcapableof generatingtranslationsof sufficiently highquality to
justify thiswarinessof MT technology. However, oneareawhereMT hasmet
ademandfor translationthatup to now wasnotbeingmetis in thecontinuous
updatingof webpagesandtheir translations.ThusMT hasprovidedasolution
to this new areaof demand,andis not replacingtranslatorsat all, ashuman
translationin thisareaandon thisscalesimplycannotbeenvisaged.

Theexpansionof thepyramidwill bedrivenby two factors:

agrowing demandfor translatedmaterialgiventhefurthertrendtowards
globalisationof theeconomy(horizontalexpansion);
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theincreasingavailability andaccessibilityof informationin avarietyof
languagesto end-userson theweb(verticalexpansion).

At thesametime, researchanddevelopmentin theareaof translationtech-
nologywill allow MT to pushits way up thepyramidandbeusedfor higher
quality translation.Translationserviceproviderswill offer avarietyof on-line
translationfacilities,from high quality humantranslationto low-end,cheaper
MT, with a rangeof mixed optionsin between. Theseoptionswill include
human-editedMT usingspecialised,fine-tunedlexicalandsemanticdatabases,
TM-basedtranslationcombinedwith MT, andalignmentandmaintenanceof
previously translatedlegacy material.

We anticipatea hybrid MT platformwhich integratestogetherin oneenvi-
ronmentawiderangeof applications,techniquesandresources,including(but
not limited to):

multilingualalignment,

terminologymining,

automaticandcomputer-assistedterminologystructuring,management
andcontrol,

automaticor semi-automaticinductionof grammarsandtranslationtem-
plates,

automaticconsistency checksetc.

WeforeseethatsuchahybridMT platformwill alsointegratetogetheranum-
ber of different techniquesand resourcessuchas example-based,statistics-
basedandrule-basedapproachesto translation,aswell asavarietyof linguistic
resourcesandcorpora.

Someresearchershavegivensomethoughtto thesuitabilityof textsfor MT.
We areall awareof MT systemsbeingconfrontedwith texts thatposeunfair
demandson themassometexts shouldnever betranslatedautomatically, but
asKenny andWay, 2001:13observe:

“Those of us who have developedMT systemsin the pastand demonstrated
themin variousforacanonly hopethatthedaysof someonetypingin a50-word
sentenceconsistingof stringsof auxiliaries,prepositionalphrasesandcontaining
ellipses,andthe systemeitherkeelingover or elsecomingup with a hopeless
‘translation’aftersomeminutes,followedby our systemtesteruttering‘MT is
not for me!’, arelonggone”.

Despitetheimportanceof thistopic,thework thatweareawareof regarding
translatabilityandMT focusesonly onwhattextsshouldbesentto rule-based
MT systems.Onepossibletranslatabilityindicatorfor theuseof MT in general
is theidentificationof (setsof) phenomenawhicharelikely to causeproblems
for MT systems(e.g. Gdaniec,1994,with respectto the LogosMT system;
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Bernth and Gdaniec,2001). Basedon their work with the PaTrans system
(Ørsneset al., 1996), a descendantof the Eurotra system,Underwood and
Jongejan,2001provideadefinitionof translatability:

“the notion of translatabilityis basedon so-called‘translatability indicators’
wherethe occurrenceof suchan indicator in the text is consideredto have a
negative effect on the quality of machinetranslation.The fewer translatability
indicators,thebettersuitedthetext is to translationusingMT” (Underwoodand
Jongejan,2001:363).

In anintegratedtranslationenvironment,thesedefinitionswouldhave to be
widenedconsiderably. Futuretranslatabilityindicatorswill have to be more
fine-grained.MT systemswill have to have thecapacityto adaptto suchindi-
catorsandlearnfrom themif progressin thisareais to bemade.Translatability
indicatorswill have to give specificreasonsasto why any text might not (yet)
besuitablefor automatictranslation.If this canbeachieved,a tool would be
triggeredto incrementallymodify suchtexts and/orthesystem’s resourcesin
order to renderthe text suitablefor automatictranslation. That is, a hybrid
integratedtranslationenvironmenthasto provide a meansof separatingthe
translatablepartsfrom the non-translatablepartsof a sourcetext in a much
moresophisticatedmannerthanTMs currentlydo. In orderto improve trans-
lationquality, onewouldhave to estimate:

theexpectedqualityof thetranslation;

thecost(bothin termsof humaneffort aswell aspricein realterms)of
upgradingthesystem’s resources;

the costof amendingthe sourcetext to make it suitablefor processing
by anMT system.

Finally, andperhapsmoreambitiously, theintegratedsystemwouldhave to
beawareof gapsin thesourcetext which it cannottackleandprovide intelli-
gentinferencemechanismsto generatesolutionsfor bridgingthesegaps.

Translationswill beroutedthroughtheavailabletranslationoptionsaccord-
ing to criteriasuchasthetypeof text athand,thevalueof theinformationto be
translated,thequalityrequirementsof thecustomer, andtheresourcesin terms
of time andmoney available to them. Finally, it is importantthat customers
receive accurateinformationon the quality, pricing andtime implicationsof
theirchoiceprior to selectingtheirpreferredtranslationoption.

7. SUMMARY

On variousoccasionsin recentdecades,MT companieshave claimedthat
the linguistic technologydevelopedby themhasmadehumantranslationre-
dundant.Theseclaimshavesofarnothadasignificantimpactontherealityof
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translationasa professionandasa business.Theonly impactsuchhypehas
reallyhadis in unrealisticallyraisingtheexpectationof usersasto thequality
of suchsystems,only to disappointthemwhenthey actuallyinteractwith MT
andturn themaway from theundoubtedbenefitsto bemade.

The onetechnologythat hashada considerableimpacton translationhas
beenTM—it haschangedtheway translatorswork, ascanbeseenwhenex-
aminingthe impactit hadin the localisationindustry, oneof the largestem-
ployersof technicaltranslators.Ironically, TM technologyworkswithout any
of the sophisticatedlinguistic technologiesdevelopedover decadesby MT
developers—itis little morethanasophisticatedsearchandreplaceengine.

Becauseof theenormoussuccessof TM systems,largeamountsof aligned,
bilingual material are now available—exactly how many can only be esti-
mated:individual products,which arefrequentlytranslatedinto 30 languages
andmore,caneasilycontainup to onemillion words. However, the highly
successfulapproachtakenby TM developersis alsothecauseof the inherent
restrictionsandlimitationsin TMs.

In orderto try andovercomethese,wehave proposedanimplementationof
EBMT basedon the ideaof a phrasallexicon, a linguistically enhancedver-
sionof a TM systemworkingat phrasallevel. We proposethatEBMT should
beviewedasa solutionwherethe requirementis specialpurpose,high qual-
ity translation.Accordingly, we recommendthatsuchsystemsberestrictedto
usingtexts which aresuitablefor translationin thedomainin question.Such
texts shouldbewritten accordingto controlledlanguageguidelinesin identi-
fiablesublanguagedomains.If phrasallexiconsandEBMT systemsareused
accordingto suchguidelines,we areconfidentthat asmore is known about
theserelatively new fields,thePL will cometo playacentralroleandprovide
substantialsupportfor specialpurposeMT. This will bring abouta paradigm
shift from TM to EBMT via the PL: given their attitudetowardssuchtech-
nology, addinganautomatedtranslationfacility to today’s TM environmentis
likely to raisethehacklesof many translators.Rather, our envisagedscenario
will demonstrateclearlyto translatorsthebenefitof having phrasalalignments
madeavailableto them,andoncethey arehappy with this additionalmodeof
operation,it is a reasonablyshortstepto enablingan automatedsolutionvia
the recombinationelementof EBMT systemssuchasthosedescribedin this
volume.

If EBMT is to find anicheamongstthedifferentMT paradigms,webelieve
it hasto offer thepotentialto easilyadaptto new domainsin amorecontrolled
mannerthanTMs do. Theadaptationprocessdiffersfrom TM technologywith
respectto how translationknowledgeis stored,whatkind of suchknowledgeis
stored,how it is retrievedandhow it is recomposedto build anew translation.
This requiressophisticatedprocessingbasedon linguistic resourcesand/orad-
vancednumericalprocessing.We have developeda modelfor the futureuse
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of translationtechnologywhich is intendedto bea valuableaid to translators,
capableof generatingdescriptive, controlledor generaltranslationsaccording
to theneedsof theuserandtheeffort heis willing to invest.Finally, thesetting
we proposeis an hybrid translationenvironmentwhich integratestogethera
numberof MT technologies,linguistic andprocessingresourcesin harmony
with the actualtranslator, the latter remainingthe mostvaluableresourcein
thetranslationchain.
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Notes
1. Becker’s notionof ‘compositionality’ is differentfrom thatusedin thecontext of semanticsor, in

fact, thatusedin rule-basedMT (RBMT), i.e. thata target structurecanbegenerated in a compositional
mannerfollowing a detailedanalysisof thesourcestructureandtheestablishmentof correspondencesbe-
tweengrammaticaldescriptionsof thesourceandthetargetstructures.

2. Segmentscurrentlyusedby TM systemscanbedefinedto acertaindegreeby usersof TM systems
andcanalso includetext stringsdefinedin documentssuchas headersor membersof lists. Segments,
however, cannever bedefinedusinglinguistic criteria. Theonly counterexampleto this thatwe areaware
of is MultiCorpora, cf. http://www.multicorpora.ca, whichpermitssegmentationat levelsother
thanthesentence.

3. Onepoint of interestis that while many evaluationsof EBMT systemsexist, we areunaware of
any researchinto theaccuracy of translationswheremultiple phrasesarecombinedto form onetranslated
segmentin theTM environment.

4. Fuzzymatchingmayalsobecalculatedin termsof characters,of course,or by meansof somemore
sophisticatedalgorithm.

5. Note,however, thatGM havesinceabandonedtheuseof theirControlledAutomotive ServiceLan-
guage(CASL) English.Fromanobjective point of view, this seemshardto understandgiventhatGodden
(personalcommunication,citedin BernthandGdaniec,2001)reportsonacontrastive experimentdesigned
to test the translationsobtainedfrom a setof texts rewritten to conformto 30 CASL rulesagainstthose
obtainedfrom theunwrittentexts. Thesewereratedby botha translatorandanexpertbilingual automo-
tive technician. Goddenreports“a very significantincreasein percentageof correcttranslationsfor the
pre-editedversionover theoriginalversion,aswell asaverysignificantdecreasein percentageof incorrect
translations”(BernthandGdaniec,2001:207).

6. Notethatcomparedto translationsproducedby humans,any translationsderivedvia MT whichare
insertedinto theTM areautomaticallypenalizedby TradosandotherTM systems.Thusanexactmatchof
theinput stringagainsta sourcestringwhosetranslationwasobtainedautomaticallywould not bedeemed
an100%match.

In thiscontext, notethatTradosoffersaspecialfilter to permittranslationsinput from Systran, which is
complementedbySystran’sspecialimportformatfor Trados. SDLXoffersMT functionality(viaTranscend)
within the TM environmentitself. Of course,in principle any TM tool may be combinedwith any MT
engineif theuseris sufficiently patientto manipulateinput andoutputfiles usingtheTranslationMemory
Exchange(TMX) format(Shuttleworth, 2002).

7. http://www.hltcentral.org/projects/detail.php?acronym=otelo
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