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Abstract

In statisticalmachinetranslation,cor
respondencesetween the words in
the sourceand the target languageare
learnedfrom bilingual corporaon the
basis of so called alignment models.
Existing statisticalsystemdor MT of-
ten treat different deriatives of the
samelemmaasif they wereindepen-
dent of eachother In this paperwe
amgue that a better exploitation of the
bilingual training datacanbe achieved
by explicitly takinginto accounthein-
terdependenciesf the differentderiva-
tives. We do this along two direc-
tions: Usage of hierarchicallexicon
modelsand the introduction of equv-
alenceclassesin order to ignore in-
formation not relevant for the trans-
lation task. The improvementof the
translationresultsis demonstratedn a
German-Englisitorpus.

1 Intr oduction

The statistical approachto machinetranslation
hasbecomewidely acceptedn thelastfew years.
It hasbeensuccessfullyappliedto realistictasks
in variousnationalandinternationakesearcpro-
grams.Howeverin mary applicationsonly small
amountsof bilingual training dataare available
for the desireddomainandlanguagepair, and it

is highly desirableto avoid at leastpartsof the
costlydatacollectionprocess.

achen .de

Somerecentpublicationshave dealtwith the
problem of translation with scarce resources.
(Brown et al., 1994) describethe use of dictio-
naries.(Al-Onaizanetal., 2000)reporton an ex-
perimentof Tetun-to-Englishtranslationby dif-
ferentgroups,including oneusingstatisticalma-
chine translation. They assumethe absenceof
linguisticknowledgesourcesuchasmorphologi-
cal analyzersanddictionaries.Neverthelessthey
found that humanmind is very well capableof
derving dependenciesuchasmorphology cog-
nates propernamesspellingvariationsetc.,and
thatthis capabilitywasfinally at the basisof the
betterresultsproducedby humanscomparedto
corpusbasedmachinetranslation. The additional
informationresultsfrom comple reasoningandit
is notdirectly accessiblérom the full word form
representatioof the data.

In this paper we take a different point of
view: Evenif full bilingualtrainingdatais scarce,
monolingualknowledgesourcedike morpholog-
ical analyzersaanddatafor trainingthetamgetlan-
guagemodel as well as corventional dictionar
ies (oneword andits translationper entry) may
be availableandof substantialisefulnesdor im-
proving the performanceof statisticaltranslation
systemsThisis especiallythe casefor highly in-
flectedlanguage$ike German.

We addresghe questionof how to achiee a
betterexploitationof theresourcesor trainingthe
parameterdor statisticalmachinetranslationby
takinginto accountexplicit knowledgeaboutthe
languagesunderconsideration.In our approach
we introduceequivalenceclassedsn orderto ig-
nore information not relevant to the translation



process. We furthermoresuggesthe use of hi-
erarchicalexicon models.

The paperis organizedas follows. After re-
viewing the statisticalapproachto machinetrans-
lation, we first explain our motivation for exam-
ining the morphologicalcharacteristic®f anin-
flectedlanguagdike German. We thendescribe
thechoseroutputrepresentatioaftertheanalysis
andpresenburapproactfor exploiting theinfor-
mationfrom morpho-syntacti@nalysis. Experi-
mentalresultson the German-Englisiverbmobil
taskarereported.

2 Statistical Machine Translation

The goal of the translationprocessin statisti-
cal machinetranslationcanbe formulatedasfol-
lows: A sourcelanguagestring f{ = fi1...fs
is to be translatedinto a target languagestring
e{ = e1...ez. Intheexperimentgeportedn this
paperthesourceanguagas Germanandthetar
getlanguages English. Every Englishstring is
consideredhsa possibletranslationfor theinput.
If we assigna probability Pr(e!|f{’) to eachpair
of strings(ef, f{), thenaccordingto Bayes'de-
cisionrule, we have to choosethe Englishstring
that maximizesthe productof the English lan-
guagemodel Pr(e!) and the string translation
model Pr(f{|el).

Many existing systemdor statisticalmachine
translation(Wang and Waibel, 1997; Nief3enet
al., 1998; Och and Weber 1998) malke useof a
specialway of structuringthe string translation
modellike proposedy (Brown etal.,1993): The
correspondencbetweenthe wordsin the source
and the tamet string is describedby alignments
which assignone target word position to each
sourceword position. The lexicon probability
p(fle) of a certain English word e is assumed
to dependbasically only on the sourceword f
alignedto it.

The overall architectureof the statisticaltrans-
lation approachis depictedin Figure 1. In this
figure we alreadyanticipatethe fact that we can
transformthe sourcestringsin a certainmanner

3 BasicConsiderations

The parametersof the statistical knowledge
sourcesnentionedabore aretrainedon bilingual
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Figurel: Architectureof thetranslatiorapproach
basedn Bayes’decisionrule.

corpora. In general,the resulting probabilistic
lexica containall word forms occurringin this
training corporaas separateentries, not taking
into accountwhetheror notthey arederivativesof
thesamdemma.Bearingin mind that40%of the
word forms have only beenseenoncein training
(seeTable?2), it is obviousthatlearningthe cor
recttranslationds difficult for mary words. Be-
sides,new input sentencesre expectedto con-
tain unknavn word forms, for which no transla-
tion can be retrieved from the lexica. As Table
2 shaws, this problemis especiallyrelevant for
highly inflectedlanguagedike German:Textsin
Germancontainmary moredifferentword forms
thantheir Englishtranslations.The tablealsore-
vealsthat thesewords are often derived from a
muchsmallersetof baseforms (“lemmata”),and
whenwe look atthe numberof differentlemmata
andtherespectie numberof lemmatafor which
thereis only oneoccurrencan the training data,
GermanandEnglishtexts aremoreresembling.
Anotheraspecits thefactthatcorventionaldic-
tionariesareoftenavailablein anelectronicform
for the consideredanguagepair. Their usabil-
ity for statisticalmachinetranslationis restricted



becausehey are substantiallydifferentfrom full

bilingualparallelcorporanasmucttheentriesare
often pairsof baseforms that are translationsof
eachother whereaghe corporacontainfull sen-
tencewith inflectedforms. To make theinforma-
tion taken from externaldictionariesmoreuseful
for the translationof inflectedlanguages anin-

terestingobjectie.

As a consequencef theseconsiderationsywe
aim at taking into accountthe interdependencies
betweerthedifferentderivativesof the samebase
form.

4 Output Representationafter
Mor pho-syntactic Analysis

We useGERCG, aconstraingrammarparseifor

Germanfor lexical analysisand morphological
and syntacticdisambiguation.For a description
of the ConstraintGrammarapproachwe referthe
readerto (Karlsson,1990). Figure2 givesan ex-

ampleof theinformationprovided by this tool.

Input: Wir wollen nach dem Essen
nach Essen aufbrechen
"<Rwirs>"

"wir" * PRONPERS PL1 NOM
"<wollen>" .,

"wollen" V IND PRAS PL1
"<nach>" .

"nach” pre PRAP Dat
"<dem>"

"das" ART DEF SG DAT NEUTR
"<*essen>"

"*essen" S NEUTRSG DAT
"<nach>" ..

"nach” pre PRAP Dat
"<*essen>"

"*assen” S EIGEN NEUTRSG DAT

"*asse" S FEM PL DAT

"*assen" S NEUTRPL DAT

"*essen" S NEUTRSG DAT
"<aufbrechen>"

"aufbrechen" V INF

Figure2: Sampleanalysisof a Germansentence

A full word form is representedby the infor-
mation provided by the morpho-syntacticanal-
ysis: From the interpretation‘gehen-V-IND-
PRAS-SG1”, i.e. thelemmaplus partof speech
plus the other tagsthe word form “gehe” can
be restored. From Figure 2 we seethat the tool
can quite reliably disambiguatebetweendiffer-
entreadings:It infers for instancethat the word

“wollen” is a verbin the indicatve presentfirst
personplural form. Without ary context taken
into account,'wollen” hasotherreadings.It can
even be interpretedas derved not from a verb,
but from anadjectve with themeaning‘madeof
wool”. In this sensethe informationinherentto
the original word formsis augmentedby the dis-
ambiguatinganalyzer This canbe usefulfor de-
riving thecorrecttranslatiorof ambiguousvords.

In therarecasesvherethetoolsreturnedmore
thanonereadingjt is oftenpossibleto apply sim-
pleheuristicshasedndomainspecificpreference
rules or to usea more general,non-ambiguous
analysis.

The new representatiorof the corpuswhere
full word formsarereplacedby lemmaplus mor-
phological and syntactictags makes it possible
to graduallyreducethe information: For exam-
ple we canconsidercertaininstance®f wordsas
equvalent.We have usedhisfactto betterexploit
the bilingual training dataalong two directions:
Omitting unimportantinformation and using hi-
erarchicatranslationrmodels.

5 Equivalenceclassef words with
similar Translations

Inflected forms of words in the input language
containinformationthatis not relevantfor trans-
lation. This is especiallytrue for the task of
translatingfrom a highly inflectedlanguagdike
Germaninto English for instance: In bilingual
German-Englisicorpora,the Germanpart con-
tains mary more different word forms than the
English part (seeTable 2). 1t is useful for the
procesf statisticalmachinetranslationto define
equialenceclassef word forms which tendto
be translatedby the sametaget languageword,
becauseahen, the resulting statisticaltranslation
lexica becomesmootherandthe coverageis sig-
nificantly improved. We constructtheseequia-
lenceclassedy omittingthoseinformationsfrom
morpho-syntactianalysiswhich arenotrelevant
for thetranslatiorntask.

The representationf the corpuslike it is pro-
vided by the analyzingtools helpsto identify -
and access the unimportantinformation. The
definition of relevant and unimportantinforma-
tion, respectiely, dependson mary factorslike
the involved languagesthe translationdirection



andthechoiceof themodels.

Linguistic knowledgecan provide information
aboutwhich characteristic®df an input sentence
are crucial to the translationtask and which can
be ignored, but it is desirableto find a method
for automatingthis decisionprocess. We found
thatthe impacton the endresultdueto different
choicesof featuresto be ignoredwas not large
enoughto sene asreliablecriterion. Instead we
could think of defininga likelihood criterion on
a held-outcorpusfor this purpose.Another pos-
sibility is to assesghe impacton the alignment
quality aftertraining, which canbe evaluatedau-
tomatically (Langlaiset al., 1998; Och and Ney,
2000),but aswe foundthatthe alignmentquality
on the Verbmobil datais consistentlyvery high,
andextremelyrobust againstmanipulationof the
trainingdata,we abandonedhis approach.

We resortedto detectingcandidatedrom the
probabilistic lexica trained for translationfrom
Germanto English. For this, we focussedon
thosederwatives of the samebaseform, which
resultedin the sametranslation. For eachset
of tags,we countedhow often an additionaltag
could be replacedby a certainothertag without
effect on the translation. Table 1 gives someof
themostfrequentlyidentifiedcandidateso beig-
noredwhile translating: The genderof nounsis
irrelevant for their translation(which is straight-
forward,becaus¢hegendelis unambiguougor a
certainnoun)andthecasej.e. nominatve, datve,
accusatie. For the genitive forms, thetranslation
in Englishdiffers. For verbswe foundthe candi-
datesnumberandperson.Thatis, thetranslation
of the first personsingularform of a verbis of-
tenthe sameasthetranslationof the third person
pluralform, for example.

Tablel: Candidatesor equivalenceclasses.

POS | candidates
noun | genderMASK,FEM,NEUTR
andcase:NOM,DAT,AKK
verb number:SG,PL
andperson:1,2,3
adjectve | gendercaseandnumber
number | case

As a consequencewe droppedthose tags,

which weremostoftenidentifiedasirrelevantfor
translationfrom Germano English.

6 Hierarchical Models

One way of taking into accountthe interdepen-
denciesof differentderivatives of the samebase
formistointroduceequivalenceclasseg; atvari-
ouslevelsof abstractiorstartingwith theinflected
form andendingwith thelemma.

Consider for example, the German verb
form f = "ankomme" , which is derved from
the lemma "ankommen" and which can be
translatednto Englishby e = "arrive" . The
hierarchyof equivalenceclassess asfollows:

¢, = "ankommen-V-IND- PRAS-SG1"
cn—1 = "ankommen-V-IND- PRAS-SG"
cn—2 = "ankommen-V-IND- PRAS"

co = "ankommen" .

n IS the maximal number of morpho-syntactic
tags. c,_1 containsthe forms "ankomme" ,
"ankommst" and "ankommt" ; in ¢,_o the
number(SGor PL) is ignoredandso on. The
largestequivalenceclasscontainsall dervatives
of theinfinitive "ankommen" .

We cannow definethelexicon probability of a
word f to betranslatedby e with respecto the
level i:

pi(fle) =D _p(tile) - p(flth, e) ,
[t6]

(1)

wherety = to,...,t; is the representatiof a
word wherethe lemmat, and: additionaltags
are taken into account. For the exampleabove,
to = "ankommen" , t; ="V" , andsoon.

p(f|th, e) is the probabilityof f for agivent.
We malke theassumptionhatthis probabilitydoes
notdependone. p(f|ty) is alwaysassumedo be
1. In otherwords, the inflectedform can non-
ambiguouslybe derived from the full interpreta-
tion.

p(th|e) is the probability of the translationfor
e to belongto the equivalenceclassc;. The sum



over [t5] amountgo summingupoverall possible
readingof f.1

We combinethe p; by meansof linearinterpo-
lation:

p(fle) = dopo(fle) + ...+ Anpn(fle) . (2)

7 Translation Experiments

Experimentsverecarriedout on Verbmobildata,
which consistsof spontaneouslgpolen dialogs
in the appointmenschedulingdomain(Wahlstery
1993). Germansourcesentencesre translated
into English.

7.1 Treatmentof Ambiguity

Commonbilingual corporanormally containfull
sentencewhich provide enoughcontect informa-
tion for ruling out all but onereadingfor anin-
flectedword form. To reducethe remainingun-
certainty we have implementedpreferenceules.
For instance,we assumethat the corpusis cor
rectly true-case-corerted beforehandand as a
consequencewe drop non-nouninterpretations
of uppercasavords. Besides,we preferindica-
tive verb readingsinsteadof subjunctve or im-
peratve. Fortheremainingambiguitiesweresort
to theunambiguougpartsof thereadingsj.e. we
dropall tagscausingmixedinterpretations.

Therearesomespecialproblemswith theanal-
ysis of external lexica, which do not provide
enoughcontet to enableefficient disambigua-
tion. We arecurrentlyimplementingmethodsor
handlingthis specialsituation.

It canbearguedthatit would bemoreelegantto
leave the decisionbetweerdifferentreadingsfor
instanceto the overalldecisionprocessn search.
We planthis integrationfor thefuture.

7.2 Performance Measures

We usethe following evaluationcriteria (Niel3en
etal., 2000):

e SSER(subjectve sentencerrorrate):
Eachtranslatedsentencas judgedby a hu-
man examiner accordingto an error scale
from 0.0(semanticallyandsyntacticallycor
rect)to 1.0 (completelywrong).

1The probability functionsaredefinedto returnzerofor
impossibleinterpretationf f.

e ISER(informationitem semanticerrorrate):
Thetestsentencearesegmentednto infor-
mation items; for eachof them, the trans-
lation candidatesare assignedeither “ok”
or an error class. If the intendedinforma-
tion is corveyed, the error countis not in-
creasedevenif thereare slight syntactical
errors,whichdo notseriouslydeteriorateéhe
intelligibility.

7.3 Translation Results
Thetrainingsetconsistof 58322 sentenceairs.
Table 2 summarizesthe characteristicsof the

trainingcorpususedfor trainingtheparametersf
Model4 proposedn (Brown etal., 1993). Testing

Table 2. Corpusstatistics: Verbmobil training.
Singletonsaretypesoccurringonly oncein train-

ing.

\ | English | German|

no. of runningwords | 550 213 | 519 790
no. of word forms 4 670 7 940
no. of singletons 1 696 3 452
singletonq%] 36 43
no. of lemmata 3 875 3 476
no. of singletons 1 322 1 457

wascarriedout on 200sentencenot containedn
thetraining data. For a detailedstatisticsseeTa-
ble 3.

Table 3: Statisticsof the Verbmobil test corpus
for German-to-Engliskranslation.Unknovnsare
word formsnot containedn thetrainingcorpus.

no. of sentences 200

no. of runningwords 2 055
no. of word forms 385
no. of unknavn word forms 25

We useda translationsystemcalled “single-
wordbasedapproach’describedn (Tillmannand
Ney, 2000)andcomparedo otherapproachem
(Ney etal., 2000).

7.3.1 Lexicon Combination

Sofarwe have performedexperimentswith hi-
erarchicalexica, wheretwo levelsarecombined,



i.e. » in Equation(2) is setto 1. Ay and \; are
setto 0.5 and p(f|tp) is modeledas a uniform

distribution over all derivationsof the lemmat,

occurringin the training dataplus the baseform

itself, in caseit is not contained.The processof

lemmatizationis uniquein the majority of cases,
andasa consequenceahe sumin Equation(1) is

notneededor atwo-level lexicon combinatiorof

full word formsandlemmata.

As theresultssummarizedn Table4 shaw, the
combinedlexicon outperformsthe corventional
one-level lexicon. As expected,the quality gain
achiered by smoothingthe lexicon is larger if
the training procedurecan take adwantageof an
additionalcorventionaldictionaryto learntrans-
lation pairs, becausdéhesedictionariestypically
only containbaseforms of words,whereagrans-
lations of fully inflectedforms areneededn the
testsituation.

Examplestaken from the testsetare givenin
Figure3. Smoothingthe lexicon entriesover the
derivatives of the samelemmaenableghe trans-
lation of “sind” by “would” insteadof “are”. The
smoothedexicon containghetranslatiori‘corve-
nient” for ary derivative of “bequem”. Thecom-
paratve “more cornvenient” would be the com-
pletely correcttranslation.

7.3.2 Equivalenceclasses

As alreadymentioned,we resortedto choos-
ing onesinglereadingfor eachword by applying
someheuristics(seeSection7.1). For the nor
mal training corpora, unlike additional external
dictionaries this is not critical becausehey con-
tain predominantlyfull sentencesvhich provide

enoughcontet for an efficient disambiguation.

Currently we areworking on the problemof ana-
lyzing theentriesin corventionaldictionaries put
for the time being, experimentsfor equialence
classe$ave beencarriedoutusingonly bilingual
corporafor estimatingthe modelparameters.
Table5 shaws the effect of the introductionof

equvalenceclasses. The information from the
morpho-syntacti@analyzer(stemsplus tagslike
describedin Section4) is reducedby dropping
unimportaninformationlike describedn Section
5. Both error metricscould be decreaseth com-
parisonto the usageof the original corpuswith
inflectedword forms. A reductionof 3.3%of the

information item semanticerror rate shaws that
more of the intendedmeaningcould be foundin
the producedranslations.

Table5: Effect of theintroductionof equvalence
classesFor the baselinewe usedthe original in-

flectedword forms.

\ \ SSER[%] \ ISER[%0] \

inflectedwords 374 26.8
equvalenceclasses 35.9 23.5

Thefirst two examplesn Figure4 demonstrate
the effect of the disambiguatinganalyzerwhich
identifies “Hotelzimmer” as singularon the ba-
sis of the contet (the word itself canrepresent
the plural form aswell), and“das” asarticle in
contrastto a pronoun. The third exampleshawvs
the adwantageof groupingwordsin equialence
classes: The training datadoesnot containthe
word “billigeres”, but whengeneralizingover the
genderandcasenformation,a correcttranslation
canbeproduced.

8 Conclusionand Future Work

We have presenteanethodgor a betterexploita-
tion of the bilingual training data for statisti-
cal machinetranslationby explicitly taking into

accountthe interdependenciesf the different
dervativesof thesamebaseform. We suggesthe
usageof hierarchicalmodelsaswell asan alter

natve representatiorf the datain combination
with the identificationand omissionof informa-
tion notrelevantfor thetranslationtask.

First experimentsprove their generalapplica-
bility to realistictaskssuchasspontaneouslgpo-
kendialogs. We expectthe describednethodgo
yield moreimprovementof thetranslationquality
for casesvheremuchsmalleramountsof training
dataareavailable.

As thereis a large overlap betweenthe mod-
eledeventsin thecombinedprobabilisticmodels,
we assumehatlog-linearcombinationwould re-
sultin moreimprovementof the translationqual-
ity thanthe combinationby linear interpolation
does. We will investigatethis in the future. We
also plan to integrate the decisionregardingthe
choiceof readingsnto the searchprocess.



Table4: Effect of two-level lexicon combination.For the baselinewve usedthe corventionalone-level

full form lexicon.

\ ext. dictionary | SSER[%] | ISER[%] |

baseline yes 35.7 23.9

combined yes 33.8 22.3

baseline no 37.4 26.8

combined no 36.9 25.8
\input sind Sie mit einem Doppelzimmer einverstanden? \
baseline are you agree with a double room?
combinedexica would you agree with a double room?
| input mit dem Zug ist es bequemer \
baseline by train it is UNKNOWN-bequenme
combinedexica by train it is convenient

Figure3: Exampledor the effect of thecombinedexica.
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