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Abstract

Our overall objective is to translate
a domain-speci®cdocument in a for-
eign language(in this case,Chinese)to
English. Using automatically induced
domain-speci®c,comparabledocuments
and language-independentclustering,we
applydomain-tuningtechniquestoabilin-
gual lexicon for downstreamtranslation
of theinputdocumentto English.Wewill
describeourdomain-tuningtechniqueand
demonstrateits effectivenessby compar-
ing our results to manually constructed
domain-speci®cvocabulary. Our cover-
age/accuracyexperimentsindicate that
domain-tunedlexiconsachieve88% pre-
cisionand66%recall.We alsorana Bleu
experimentto compareour domain-tuned
versionto its un-tunedcounterpartin an
IBM-style MT system.Ourdomain-tuned
lexicons brought about an improvement
in the Bleu scores: 9.4% higher than a
systemtrained on a uniformly-weighted
dictionaryand275%higherthanasystem
trainedonnodictionaryatall.

1 Intr oduction

Knowledgeof domain-speci®cvocabularyÐa set
of words or terms from a documentthat indicate
the topic or primary contentof the textÐis nec-
essaryfor many NLP tasks. In monolingualpro-
cessing,domain speci®cityis a key issue in the

retrieval of relevantdocumentsfrom large docu-
mentcollections: the degreeof domainspeci®city
impactsthe accuracyof text classi®cation(Saku-
rai, 1999). In multilingual processing,appropriate
translationchoicescannotbemadewithout knowl-
edgeof domain-speci®cmeaningdistinctions(Ah-
mad,1995).

To addressthisneed,severalresearchershaveap-
plied domain-tuningproceduresto bilingual lexi-
cons. However, thosewho haveinvestigatedtech-
niquesfor automaticacquisitionof bilingual terms
donotdistinguishbetweendomain-speci®candgen-
eralterms,thusreportingrelativelylow accuracyfor
extractionof domain-speci®cterminology: 40% in
(DaganandChurch,1994),70% in (Daille, 1994),
and73% in (Smadjaet al., 1996). More recently,
researchershavedevelopedapproachesthatachieve
higheraccuracyÐbuttheserely heavilyon thepre-
existenceof large domain-speci®cresourcessuch
as sentence-alignedparallel corpora (Resnik and
Melamed, 1997; Melamed, 1997), hierarchically
organizedthesauri(Hulth et al., 2001), and pre-
establisheddomaintags(Changetal., 2002).These
resourcesare generallydif®cult to constructfor a
givenlanguagepair in aparticulardomain.

In this paper, we investigatethe effectivenessof
a newapproachto automaticdomain-tuningof lex-
iconsfor translationa foreign-language(FL) docu-
ment. We do not presupposethe existenceof large
domain-speci®cresources,but insteadrequireonly:
(1) the FL input document;(2) a generalbilingual
lexicon; and(3) a general-purposeclusteringalgo-
rithm. Althoughwe arecurrentlyinvestigatingthe
Chinese-Englishlanguagepair, we expectthe tech-
niquesdescribedhereinto beapplicableto otherlan-
guagepairs(andotherdomains),providedthereex-



Figure1: OverallDomain-TuningDesign

istsa generalbilingualdictionaryfor thosepairs.
Figure 1 illustratesthe overall designof our al-

ternativeapproach.Our threeimplementedcompo-
nentsare indicatedas heavyborders. We borrow
language-independentclusteringsoftware(LaTaT)
to producewordclustersfor thetwo languages(Pan-
tel andLin, 2002).1 We alsoassumethe existence
of anIR systemto producethecomparable,domain-
speci®cdocumentsfrom a set of automatically-
extractedqueryterms.

The entire processconsistsof two phases.The
®rst (roughly the top half of Figure 1) builds the
resourcesnecessaryfor the domain-tuningprocess.
This phaseincludes work that is closely related
to researchin cross-languageinformation retrieval
(DavisandDunning,1995),(Oard,1997). We start
with a FL input documentfor which we desirea
translation.Fromthis,we producea setof domain-
speci®cquery terms for the foreign languageus-
ing standardtf.idf techniques.2 Thesequeryterms
(alongwith the bilingual lexicon andgeneralclus-
ters)arefed into the processthat producesthe En-
glish domain-speci®cquery terms. The foreign-
languageandEnglishtermsserveasinput to infor-

1The corpususedin the Chineseclusteringwas800MB of
Chinesenovelsfrom a website(www.mypcera.com).TheEn-
glishclusterswerecreatedusingtheAQUAINT corpusfromthe
TRECQA trackin 2002,whichcontains3GBof newspapertext.
TheEnglishclusteringincludes2243clusters.TheChinesever-
sion includes1316clusters. A speci®cword may be a mem-
berof morethanonecluster. TheChineseclusterswerecreated
without parsing;the Englishonesusedparsing. However, an
experimentrun by DekangLin (pc.) indicatesthatparsinghas
averysmall, insigni®cantimpacton theeffectivenessof word-
similarity determinationfor clustering.

2An evaluationof the domain-speci®ceffectivenessof our
automaticallyextractedquerytermsis reportedelsewhereÐwe
omit thecitationhereto preserveanonymity. For a generalde-
scriptionof thewell-knowntf.idf technique,see(Manningand
SchÈutze,1999).

mation retrieval, which mustproducecomparable,
domain-speci®cdocumentsin eachlanguage.

Thesecondphase(roughlythebottomhalf of Fig-
ure1) transformsthegeneralbilingual lexiconinto a
domain-tunedlexicon(DTL) for translatingtheinput
document.This phaseis alsocloselyrelatedto re-
searchin cross-languageinformationretrieval,most
notably, in its useof techniquesthat areanalogous
to queryexpansion(BallesterosandCroft, 1997)for
handlingwordsthatarenotfoundin thecomparable-
documentset.

While ourultimategoalis to translateadocument
fromaforeignlanguage(currentlyChinese)intoEn-
glish, the emphasisof this paperis on the domain-
tuningcomponentÐthesecondphaseÐoftheover-
all process.We will describeandevaluateour ap-
proachto domain-tuningof abilingual lexicon.The
next sectiondescribesthe algorithm (and its vari-
ants).After this,wedemonstratetheeffectivenessof
our approachby comparingour resultsto manually
constructeddomain-speci®cvocabulary. Finally, we
useBleuto compareourdomain-tunedversionto its
un-tunedcounterpartin anIBM-style MT system.

2 Domain-Tuning Algorithm

Our domain-tuningalgorithm (and its extensions)
rely onthepre-existenceof thefollowing resources:

1. A bilingual lexiconfor ·|¸ (theforeignlanguage)and
·�¹ (English): Eachword in ·|¸ is listed with oneor
moretranslationsin ·

¹ .
2. A setof wordclustersin eachof thetwo languages.
3. A set of comparable,domain-speci®cdocumentsin

bothlanguages.

As mentionedabove,theclustersareproducedby a
general,language-independentclusteringalgorithm.
Thecomparable,domain-speci®cdocumentsareex-
pected to be automatically induced by applying
information-retrievaltechniquesto the input docu-
ment.As a stand-infor theunincorporatedIR com-
ponent,we usea human-veri®edsetof comparable,
domain-speci®cdocumentsin thetwo languages.3

We now give a formal descriptionof theDomain
TuningAlgorithm (DTA).

3We used528 Englishdocumentsand 352 Chinesedocu-
mentsfromthedomainof interest.Unfortunately, becausethere
werenolinksbetweendocumentsin thiscomparablecorpus,we
treatedthedocumentsetin eachlanguageasonelargedocument
andassumedeachonewascomparableto theother. In thiscase,
everyword in onelanguageis assumedto be in a comparable
documentwith eachandeveryword in theotherlanguage.We
expectbetterperformancewith smaller, individually compara-
ble documents,perhapsextractedusingweb-miningtoolssuch
asSTRAND(Resnik,1999).



2.1 Formal Description of DTA

TheDTA takesº(»£¼W½…¾…¾W¾�½,»h¿�À and º(ÁW¼•½…¾W¾…¾�½hÁ"ÂeÀ to be
ChineseandEnglishwords,respectively. The fol-
lowing predicates/functionsareusedto describethe
algorithmin Figure2:

1. ÃOÄhÅ=Æ•Ç"È�Ç"É9ÊÌËvÍ]Ã—ÎzÏ?Ë9Ð
Ñ : TRUE if ÃOÎ and Ë—Ð arein com-
parabledocuments(i.e. if thereis at leastoneChinese
documentÒ‰Ó andEnglishdocumentÒqÔ suchthat Ò‰Ó

containsÃOÎ , Ò Ô containsË—Ð , and Ò Ó and Ò Ô arecom-
parableto eachother);FALSE otherwise.

2. Õ�Ç"Å•Ë Ã�Í]Ë�ÎxÏ?Ë9Ð,Ñ : TRUE if Ë�Î and Ë9Ð are in the same
cluster, FALSE otherwise.

3. ÃOÄhÖ†×�Í]ÃOÎxÏ?Ë9Ð
Ñ : Indicatesthecon®denceof Ã�Î and Ë—Ð as
translationalequivalentsin a particulardomain. Ini-
tially, all con®dencevaluesaresetto 0.

ForeachChineseword Ã in thebilingual lexicon
Let Ø¡ÙƒÚ�Ë�Û�Ï?ËOÜ"ÏOÝOÝOÝOÏzË�Þ•ß , i.e., thetranslationsof Ã

ForeachË�Î€à•Ø

Case1: ÃOÄhÅ=Æ•Ç"È�Ç"É9ÊÌËvÍ]Ã�ÏOË�ÎáÑ .
Set ÃOÄhÖ†×�Í]Ã�ÏoË�ÎáÑ�Ùpâ .

Case2a: ãWËOä‰å…ÃOÄ,Å>Æ•Ç"È�Ç"É?ÊæËhÍ]Ã�Ï?ËOä"ÑuçeÕ�Ç"ÅeË Ã�Í]Ë�ÎZÏ?ËOä"Ñ .
Set ÃOÄhÖ†×�Í]Ã�ÏoË�ÎáÑ�Ùƒè .

Case2b: ã…Ã—ä‰åvÃOÄ,Å>Æ•Ç"È�Ç"É?ÊæËhÍ]Ã9ä•Ï?Ë�ÎáÑ�ç•Õ�Ç"Å•Ë Ã�Í]Ã�Ï?Ã9ävÑ .
Set Ã—ÄhÖ†×�Í]Ã�ÏéË�ÎáÑŠÙtè .

Case3: Neithercase1 nor case2 applies.
Set ÃOÄhÖ†×�Í]Ã�ÏoË

Î
Ñ�Ùpê .

Figure2: DomainTuningAlgorithm (DTA)

For eachword in ë>¼ (henceforth,Chinese)the al-
gorithm attemptsto assigna con®dencevalue to
eachtranslationin ë>ì (henceforth,English) using
thecomparable-documentsetandwordclusters.The
con®dencevalueassignedby thealgorithmdepends
primarily on theoccurrenceof a word andits trans-
lationin thesetof comparabledocuments.Thus,the
algorithmreliesmostheavilyonthecomparabilityof
aChinesetermanditsEnglishtranslationÐbutsome
weightisalsogivenfor comparabilitybetweenterms
thatappearin thesamecluster. While assigningthe
con®dencevalues,eachstepis takento beapplica-
ble or not applicable. If it is applicable,no account
is takenof thenumberof documentsto which it ap-
plies.

The®nalstepis to normalizethecon®denceval-
uesassignedby thealgorithm.For thispurpose,the
con®dencevaluesaremappedto aweightbetween0
and1 suchthatthesumof theweightsfor all English
translationsof a Chineseword is equalto 1.

2.2 Extensions

The domain-tuningalgorithmoutlined in Figure 2
hascertainde®ciencies.In thissection,weexamine
issuesconcerningthe handlingof: (1) Multi-word

(phrasal)translations;(2) Missing words; and (3)
Stopwords.

2.2.1 Multi-W ord Translations

Themostcritical issueregardingthealgorithmis
its inability to reliably assigncon®dencevaluesto
multiple word (or phrasal)translations.The com-
parabledocumentsare indexed on single words;
thus, if a Chineseword » hasa phrasaltranslation

í

ÁW¼"Á…ì^¾…¾W¾—Á£¿†î , thattranslationwill notbefoundin the
Englishdocument(whichmeansCase1 fails). Even
whena multi-word translationoccursin thecompa-
rable documents,it is rankedlower than a single-
word translationthatoccursin thecomparabledoc-
uments.Thismeansthatthehighestpossiblerankof
amulti-wordEnglishtranslationis givenonly when
themulti-wordtranslationis in aclusterwith another
(non-phrasal)word that appearsin the comparable
documentsÐcase2 of thealgorithmabove.An in-
formal inspectionof the comparabledocumentsre-
vealsanabundanceof multi-word translationsrele-
vant to thedomain,e.g.,nuclearbombor chemical
treaty.4

To overcomethis, we implementeda sub-phrase
matchingmechanismwhich assignsa con®dence
value to a multi-word translation

í

Á(¼hÁ…ì�¾W¾…¾?Á£¿uî of a
Chineseword » asfollows:

1. ForeachEnglishword Ë
Î in themulti-wordtranslation,

assignacon®dencevalueto Í]Ã�ÏéË�ÎáÑ usingthealgorithm
in Figure2.

2. Taketheaverageof all ÃOÄhÖ†×�Í]Ã�ÏoË�ÎxÑ 's to assignanover-
all con®dencevalueto thetranslationïðË

Û
Ë

Ü
ÝOÝ�Ý?Ë

Þhñ
.

In our evaluation,we examinedvariantsof our al-
gorithmwheresub-phrasematchingis turnedonand
turnedoff. If thesub-phrasematchingis turnedoff,
all multi-wordtranslationsaretreatedasif theywere
singlewords.

2.2.2 Missing Words

Becauseour comparable-documentset is not
likely to includeeveryrelevantChineseandEnglish
word in our bilingual lexicon, we are facedwith
the standardªword not foundº problemraisedfre-
quently in the cross-languageinformationretrieval
community. Our solution is to use a technique
we call translational expansionÐanalogousto the
queryexpansionusedin cross-languageinformation
retrieval(BallesterosandCroft, 1997). We imple-
mentthisasasecondpassoverthelexicon,whereby
we ®ndrelevantentriesthatweremissedduringthe

4Ourtestdomainwasnuclear-biological-chemicalweapons.



ª®rst-passdomain-tuning.º The generalidea is to
®ndthehighestrankassignedto eachtranslationand
usethatrankfor otheroccurrencesof thetranslation
in thelexiconÐevenif thattranslationis associated
with a Chinese-Englishpair that doesnot occur in
thecomparabledocuments.

Therearetwo differentapproachesto this transla-
tionalexpansion:

1. Expand Zero ScoreTranslations (ExpZero): Apply
expansiononly to translationsthatwereassignedazero
scorein the®rstpass.

2. Expand All Translations(ExpAll) : Apply expansion
to all translationsprocessedin the®rstpass.

Expansionis designedto assignthe highestpossi-
blerankassociatedwith atranslationto everyoccur-
renceof thattranslation.Weapplyexpansionprior to
normalizationof thecon®dencescoresto avoidspu-
riouseffectsof otherrankedtranslationsonanindi-
vidual score. If the sub-phrasematchingis turned
on, sub-phrasesaretreatedaccordingly:ratherthan
computing ò£ó(ô*õBö—ò•÷hø"ùzú for eachindividual word in
a particularmulti-word translationû­ø(ü"øWý4þWþ…þOø"ÿ�� , the
highest®rst-passscoreassociatedwith each ø

ù is
usedto computetheaverageof all ò£ó•ô|õBö—ò•÷hø

ù
ú 's.

2.2.3 Stopwords

Since the objective of the domain-tuningalgo-
rithm is to identify thewordsthatarespeci®cto the
givendomain,it is worthwhile to testout a variant
of thealgorithmwherestopwordsareignoredin the
dictionaryfor thepurposeof ranking. In our evalu-
ations,weexaminetheimpactof inclusionor exclu-
sionof thestopwordsduringthelexicongeneration.

3 Experimental Set-Up

We generated12 different DTLs. For eachone,
we changedthreeparametersof thealgorithm:sub-
phrasematchingor not, inclusionof stopwordsor
not, andtranslationalexpansion(oneof two differ-
entvariants)or not. Table1 lists thesettingsfor all
12 lexicons,DTL 1 throughDTL 12.

Eachentry in the lexicon consistsof a Chinese
word andits translations,whereeachtranslationis
accompaniedby acon®dencevalue.Thepercentage
of theChinesewordswith atleastonenon-zeroscore
translationis nearly 10% for all lexicons, among
200K Chinesewordsor phrases.Figure3 showsa
sampleentryfor the®rst6 DTLs to illustratethefor-
matof thelexicons.

Lexicon Include Sub-phrase Translational
Stopwords Matching Expansion

DTL 1 No No None
DTL 2 No No ExpZero
DTL 3 No No ExpAll
DTL 4 No Yes None
DTL 5 No Yes ExpZero
DTL 6 No Yes ExpAll
DTL 7 Yes No None
DTL 8 Yes No ExpZero
DTL 9 Yes No ExpAll
DTL 10 Yes Yes None
DTL 11 Yes Yes ExpZero
DTL 12 Yes Yes ExpAll

Table1: Settingsfor 12DTLs

DTL 1: [ethanol:0.00][ethyl alcohol:0.00]

DTL 2: [ethanol:1.00][ethyl alcohol:0.00]

DTL 3: [ethanol:1.00][ethyl alcohol:0.00]

DTL 4: [ethanol:0.00][ethyl alcohol:0.00]

DTL 5: [ethanol:0.50][ethyl alcohol:0.50]

DTL 6: [ethanol:0.50][ethyl alcohol:0.50]

Figure3: A SampleEntry from 6 DTLs

4 Experimentsand Results

For measuringthe effectivenessof our domain-
tuning algorithm, we conductedtwo different ex-
periments:(1) We comparedthe coverageandac-
curacyof our DTLs againsta gold-standardÐusing
standardinformation-retrievalmetrics (e.g., recall
andprecision); (2) We comparedthe result of our
lexicon-enhancedMT modelagainstun-tunedver-
sionsin anIBM-style MT systemÐusingBleu (Pa-
pinenietal., 2002).

4.1 Evaluation of Lexicon Coverageand
Accuracy

In the ®rstexperiment,our purposewasto observe
the quality of the generatedlexicons by compar-
ing somesubsetof themagainsta human-produced
groundtruth. All experimentsweredoneusingour
domain-tunedChinese-Englishlexicons. Thesame
comparisonmaybeappliedto anyFL-Englishpair,
without having any knowledgeof the foreign lan-
guage.

4.1.1 The Gold Standard
Thegoldstandardis asubsetof thelexiconwhere

eachentry was human-judgedfor relevanceto the
domain. An Englishtranslationof a Chineseword
is annotatedpositive(+) if it is oneof themostpos-
sible translationsof thatword in thegivendomain.



Otherwise,it is a negative(-) instance.For theex-
periments,we takethe correspondingsetof words
from theDTL andcomparethem,pairwise,against
thegoldstandard.

We generatedtwo differentground-truthsetsby
two humansubjects.ThesubjectswerenativeEn-
glishspeakersandthetaskwasto identifywhethera
translationwasapositiveornegativeinstanceamong
2244Englishtranslations.5 The2244Englishtrans-
lationswereextractedfrom Chinese-Englishentries
containingat leastoneEnglishtranslationknownto
berelevantto thedomain.6 We generatedtheunion
of thesetwo ground-truthsetsasfollows:7

1. If bothannotatorsassignpositiveto anEnglishtransla-
tion, theresultingannotationis positive.

2. Otherwise,if eitherannotatorassignsmaybeto anEn-
glish translation,theresultingannotationis maybe.

3. Otherwise,theresultingannotationis negative.

Ground Ground Union
Truth-1 Truth-2

Positive 313 273 402
Negative 1690 1853 1578
Maybe 241 118 264
Total 2244 2244 2244

Table2: Numberof Instancesin Ground-TruthSets

Thenumberof positive, negative, andmaybein-
stancestheir union is given in Table2. Theagree-
mentratiobetweenthetwoannotatorsusingpairwise
comparisonis:

1. 79.77%,if the agreementis on an exactmatchof la-
bels(Positive-positive,negative-negative,andmaybe-
maybe).

2. 93.27%,if maybeis a dummy label (which matches
positiveor negative).

4.1.2 Evaluation Metrics

We evaluatedaccuracyand coverageusing pre-
cision, recall, the averagedprecisionandrecall (f-
measure)8, and ªcorrectness.º Precisionis the ra-
tio of thenumberof correctlyidenti®edpositivein-
stancesto thenumberof all instancesidenti®ed.Re-
call is the ratio of the numberof positiveinstances
identi®edcorrectly to the numberof positive in-
stancesin the groundtruth. Correctnesstakesinto
accountnegativeinstances,i.e., it is theratio of the

5Subjectswereallowedto mark the translationsasmaybe
whentheyarenotsureaboutthelabel.

6TherelevantEnglishtranslationsweremanuallygenerated
independentlyby adifferentnativeEnglishdomainexpert.

7This versionof groundtruth is intendedto be anapproxi-
mationto post-annotationinter-annotatordiscussion,whichtra-
ditionally resultsin agreement.

8Thef-measure= �������	��
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Thr eshold Precision Recall F-Measure Corr ect
Variable 80.00 48.35 60.27 48.21

0.1 82.88 50.55 62.80 51.34
0.2 86.84 36.26 51.16 43.75
0.3 87.27 26.37 40.51 37.05
0.4 85.00 18.68 30.63 31.25
0.5 88.89 17.58 29.36 31.25

Table3: EvaluationResultsfor DifferentThresholds
for DTL 1

numberof correctlyidenti®edpositiveandnegative
instancesto thetotalnumberof instancesidenti®ed.

4.1.3 Resultsof Coverage/AccuracyEvaluation
To comparetheDTLs to theground-truthset,we

needto transformcon®dencevaluesinto a measure
that re¯ects thenotionof positivity/negativi ty. The
simplestwayto dothis is to usea thresholdfor con-
®dencevalues,wherebyall translationswith a con-
®dencevaluehigherthanthe thresholdaretakenas
positiveinstances.In our experiments,we demon-
stratetheimpactof differentalgorithmicvariantsby
presentingdifferentthresholdvaluesandmeasuring
thequality of the lexiconsusingthemetrics. In ad-
dition to ®xedthresholdvalues(0.1, 0.5, etc.), we
alsoapplya variablethresholdvaluefor eachword
dependingon thenumberof translationsassociated
with theword. In thiscase,thethresholdissetto �! #"

where " is the numberof translationsof the word
evaluated.This will beshownasVariable in our re-
sult tables.

We comparedall the entriesin the termlist con-
structedby thedomainexpert,usingthecorrespond-
ing part of the lexicon. The translationsthat were
markedas maybein the ground-truthset were as-
sumedto be positivefor the evaluationresultspre-
sentedbelow. For all theresults,we includemulti-
word translationsin thecalculationof precision,re-
call, f-measureandthecorrectness.

To illustratetheeffect of differentthresholds,we
presenttheprecision,recall, f-measureandcorrect-
nessvaluesusingdifferentthresholdsfor only DTL
1 in Table3. All otherDTLs exhibit similarbehav-
ior: f-measureandcorrectnessresultsbeginto drop
drasticallyfor thresholdsgreaterthan0.1. Thus,in
theremainderof thispaper, wewill useonly thevari-
ableand®xed(0.1) thresholds.

Table4 presentstheresultsfor all 12 DTLs. The
ones in boldface are the best for the given set-
tings. For the variablethreshold,the precisionis
between80% and 85.48%and DTL 5 (with sub-
phrasematchingandtranslationalexpansion)gives



the bestresults; recall is in the rangeof 48.35%±
63.19%. DTL 11Ðwhich incorporatessub-phrase
matching,translationalexpansion,andstopwordsÐ
scoredhighestfor f-measureandcorrectness.

Surprisingly, theinclusionof stopwordsin thelex-
icongenerationdoesnotdegradetheresults:in some
cases,thereis a slight increase;in others,a slight
decrease.With a ®xedthresholdof 0.1, the results
for precision,recall and f-measureincreaseby 2±
3%. The bestprecision(87.88%for DTL 12), re-
call (66.48%for DTL 6), and f-measure(75% for
DTL 11) are achievedwhen sub-phrasematching
and translationalexpansionareused. The correct-
nessincreasesup to 8% (DTL 12). Overall, the
resultsindicatethat DTLs providethe information
necessaryto distinguishdomain-speci®cvocabulary
from otherwords.

4.2 Machine Translation Evaluation

We incorporatedtheDTLs into anIBM-style statis-
tical machinetranslationframework(Brown et al.,
1990);we thenevaluatedtheresultsusingBleu.

4.2.1 MT System

A statisticalMT systemhas3 basiccomponents,a
languagemodel,a translationmodel,andadecoder.
The languagemodel is a monolingualcomponent
thatcharacterizesonly thetargetlanguage.Our lan-
guagemodelis trainedon the(parallel)HongKong
News9 usingtheCMU-CambridgeToolkit (Clarkson
andRosenfeld,1997).Thetranslationmodel,which
bridgesthe sourceand target languages,is trained
by GIZA++ (OchandNey, 2000)ondifferentDTLs.
SinceGIZA++ cannotaccommodateaDTL directly,
we designeda mechanismto incorporateeachDTL
into the translationmodel. The decodergenerates
andrankstranslationcandidatesusingthe language
andtranslationmodels;weusedtheReWritedecoder
by ISI (MarcuandGermann,2001).

We translated155 lines of a domain-speci®cin-
put documentwhich we refer to as the ªChem
Treaty.º All the moduleswere identicalacrossall
experiments,with the exceptionof the translation
model,whichwastrainedby incorporatinginforma-
tion from eachof the DTLs in independentexperi-
ments,asexplainedin thefollowing section.Weper-
formeda Bleu evaluation(Papinenietal., 2002)us-
ing the NIST MT EvaluationToolkit (Doddington,

9Availablefrom LDC athttp://www.ldc.upenn.edu/.

2002).10

4.2.2 Incorporation of DTLs into the
Translation Model

Our approachto incorporatingDTLs into the
translationmodelis to append0 or morecopiesof
eachlexicon pair to the trainingdata. Thenumber
of copiesinsertedfor eachpair is an indicationof
theimportanceof thattranslationpairto thedomain,
i.e.,ahighcon®dencevaluefor apairdictatesahigh
numberof appendedcopiesof thepair. We picked
a ®xednumberof entries,$ , to beappendedto the
trainingdatafor eachChinesewordin theDTL. Con-
siderthisexample:

%�& ( '

& :0.60)( ')( :0.40)( '�* :0.0)
%

( ( '�+ :0.0)( '-, :0.0)
If we take $ .0/�1 , thenwe add( %�& ,'

& ) 6 times
and ( %�& ,')( ) 4 times to the training data. We per-
formedanothersetof experimentswhereweaccom-
modatedtranslationswith zero weight: (1) If all
translationsof a Chineseword are zero-weighted,
eachoneis added$32)4 times,where4 is thenum-
ber of translationsfor that word; (2) If only some
of theentriesarezero-weighted,eachzero-weighted
entry is addedonceto the trainingdataandthe re-
mainingtranslationsaredistributedproportionallyto
their con®dencevalues. In the exampleabove,this
schemewould add( %�& ,'

& ) 6 times,( %�& ,'-( ) 4 times,
( %�& ,'�* ) 1 time,( %

( ,'
+ ) 5 times,and( %

( , '
, ) 5 timesto

thetrainingdata.In theexperimentsreportedbelow,
weused$5.6/�1 . Oncetheinitial setof experiments
werecompleted,we experimentedwith different $

valuesto investigateits impact.

4.2.3 Resultsof MT Evaluation
Table5 presentstheBleuscoresfor our12DTLs,

using training data both with and without zero-
weightedentries.Fromtheseresults,we seethatin-
cluding zero-weightedentriesimprovesthe scores
nearly100%whenstopwordsare ignored;the dif-
ferenceissmallerwhenstopwordsareused.Wealso
seethateitherkind of expansionimprovesthescores
by 5±17% when stopwordsare not used (DTL's
2,3,5,6).Finally, theinclusionof stopwords(thelast
6 DTL's) leadsto an improvementof up to 100%

10Becauseof thereisonly1 referencetranslationpersentence
(for a totalof 155),thescoresarelower thanwouldbethecase
if wehadmultipletranslationsof eachsentence,ashasbeenac-
knowledgedpreviously(Doddington,2002).However, theBleu
scoreindicationof relativeeffectivenessof differentsystems;
thus,we areinterestednot in themagnitudeof thescores,but
in their relativevalues.



Lexicon Precision Recall F-Measure Corr ectness
Var. T=0.1 Var. T=0.1 Var. T=0.1 Var. T=0.1

DTL 1 80.00 82.88 48.35 50.55 60.27 62.80 48.21 51.34
DTL 2 81.36 84.03 52.75 54.95 64.00 66.45 51.79 54.91
DTL 3 81.36 84.03 52.75 54.95 64.00 66.45 51.79 54.91
DTL 4 83.93 82.95 51.65 58.79 63.95 68.81 52.68 56.70
DTL 5 85.48 84.51 58.24 65.93 69.28 74.07 58.04 62.50
DTL 6 84.92 85.82 58.79 66.48 69.48 74.92 58.04 63.84
DTL 7 80.73 82.14 48.35 50.55 60.48 62.59 48.66 50.89
DTL 8 82.05 83.33 52.75 54.95 64.21 66.23 52.23 54.46
DTL 9 82.05 83.33 52.75 54.95 64.21 66.23 52.23 54.46
DTL 10 83.06 85.60 56.59 58.79 67.32 69.71 55.36 58.48
DTL 11 84.56 86.96 63.19 65.93 72.33 75.00 60.71 64.29
DTL 12 84.75 87.88 54.95 63.74 66.67 73.89 55.36 63.39

Table4: Coverage/AccuracyEvaluationwith VariableThreshold(Var.) andFixedThreshold(T=0.1)

and sub-phrasematching with stopwords(DTL's
10,11,12)seemsto improveperformance7±24%.

Bleu
Lexicon Excl 0's Incl 0's
DTL 1 0.0266 0.0576
DTL 2 0.0280 0.0594
DTL 3 0.0279 0.0598
DTL 4 0.0254 0.0570
DTL 5 0.0296 0.0556
DTL 6 0.0298 0.0575
DTL 7 0.0476 0.0596
DTL 8 0.0490 0.0615
DTL 9 0.0491 0.0602
DTL 10 0.0592 0.0589
DTL 11 0.0525 0.0580
DTL 12 0.0550 0.0581

Table5: MT EvaluationResultsUsingDTLs

Lexicon Training Data Bleu
No Dict HKN 0.0223
No Dict HKN & ChemTreaty 0.1609

Uniform Weight HKN 0.0562
Uniform Weight HKN & ChemTreaty 0.1508

Table6: EvaluationResultsWithoutUsingDTLs

For comparison,we trainedthe un-tunedIBM-
style systemusing different dictionary inputs (no
dictionaryvs. uniformly weighteddictionary)and
training data(Hong Kong News(HKN) vs. HKN
supplementedwith a non-testportion of ªChem
Treatyº). Theresultsareshownin Table6. Without
trainingonªChemTreatyº,ourbestsystem(DTL 8)
outperformstheun-tunedversionby 275%(with no
dictionary)or 9.4%(with uniform-weighteddictio-
nary). On the otherhand,the un-tunedMT model
trainedonªChemTreatyºoutperformsourmodelby
261%.Evenif wetrainonªChemTreatyºin ourown
model,ourbestDTL score0.1581(notshownin the
tablesabove)Ðnotsigni®cantlydifferentfrom that
of theun-tunedvariants.

WeconcludethatÐgiven aforeign-languagedoc-
ument to translateÐif the translationsalreadyex-
ist for a portion of that document,theseshouldbe
usedfor trainingratherthanexpendingresourceson
domain-tuning.However, it is unrealisticto expect
thata portionof an input documentwill alreadybe
translated.11 Thus,the DTL approachis an impor-
tantsteptowardthesuccessfultranslationof domain-
speci®cdocumentsin thefaceof limited resources.

Wealsoexaminedtheimpactof choosingdifferent
valuesof 7 , thenumberof copiesof eachdomain-
tunedentryappendedto thetrainingdata.With 798

:�;�;

the `Excl 0' versionof DTL 6 increasedfrom
0.0298to 0.0329Ða signi®cantimprovement;but
the `Incl 0' counterpartdecreasedfrom 0.0575to
0.0525.In general,whenwe increasedthevalueof

7 to 100 for all of our DTLs, the top-performing
oneswerestill lower thanthosewith 798

:);

.12

5 Conclusionsand Futur e Work

Theaimof thisprojectisproduceautomaticdomain-
tuning techniquesfor translatinga domain-speci®c
document.We havedemonstratedtheeffectiveness
of our DTLs by showing a high degreeof recall
andprecisionwith respecttoahuman-producedgold
standard.Our Bleu experimentsindicatea signi®-
cant improvementwhenmeasuredagainstsystems
usinga uniformly-weighteddictionaryor no dictio-
nary at all. In summary, our approachhasproven
superiorwhen adequatetraining datadoesnot ex-
ist (e.g.,input-documenttranslations)Ðwhichis the

11In fact, it wouldhaveto beaverysigni®cantportionof the
input documentin orderto beuseful. (Thetest/trainingsplit is
generally1 to 3.)

12It is possiblethatthereis morenoisethansignalwhenwe
combinethe addition of 100 entrieswith the inclusion of 0-
weightedentries.



mostlikely scenariofor anygivendomainandlan-
guagepair.

In the experiments,we viewed our comparable
corporaasonelarge documentfor eachof the two
languages.Theimplicationis thateachFL wordhas
asmanytranslationsasthenumberof uniqueEnglish
wordsin thecomparabledocumentÐanovergener-
alizationthatmay leadto a high degreeof noisein
our®nalresults.If wewereto usemultiple(smaller)
comparabledocuments,the numberof translation
pairswouldbesigni®cantlyreduced,potentiallyim-
provingtheperformanceof our algorithm.A future
areaof researchis the incorporationof alternative
tools for building domain-speci®ccomparablecor-
porausingtools,e.g.,STRAND(Resnik,1999).13

Two otherareasworthy of investigationare: (1)
examining the impact of clustering on domain-
tuning, e.g.,whetherthereis a differencebetween
general-purposeclustering and domain-speci®c
clustering;(2) experimentingwith newmethodsfor
assigningcon®dencevaluesto our lexical entries,
e.g., usingthe tf.idf techniqueoncewe addmulti-
documentcomparablecorporato our systemÐorat
leasttestingout con®dencevaluesotherthan1 or 2
for thesingle-documentcase.
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