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Abstract

Our overall objective is to translate
a domain-speci®aocumentin a for-
eign language(in this case,Chinese)to
English. Using automatically induced
domain-speci®cgcomparabledocuments
and language-independentustering,we
applydomain-tuningechniqueso abilin-
gual lexicon for downstreamtranslation
of theinputdocumento English. We will
describeourdomain-tuningechniqueand
demonstratets effectivenessy compar
ing our resultsto manually constructed
domain-speci®wocabulary Our cover
age/accuracyexperimentsindicate that
domain-tunedexiconsachieve88% pre-
cisionand66%recall. We alsoranaBleu
experimento compareour domain-tuned
versionto its un-tunedcounterparin 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
trainedon no dictionaryatall.

1 Intr oduction

Knowledge of domain-speci®wocabularpa set
of words or termsfrom a documentthat indicate
the topic or primary contentof the textbis nec-
essaryfor many NLP tasks. In monolingualpro-
cessing,domain speci®cityis a key issuein the

retrieval of relevantdocumentsfrom large docu-
mentcollections: the degreeof domainspeci®city
impactsthe accuracyof text classi®catior(Saku-
rai, 1999). In multilingual processingappropriate
translationchoicescannotbe madewithout knowl-
edgeof domain-speci®meaningdistinctions(Ah-
mad,1995).

To addresshisneed severaresearchersaveap-
plied domain-tuningprocedurego bilingual lexi-
cons. However thosewho haveinvestigatedech-
niquesfor automaticacquisitionof bilingual terms
donotdistinguishbetweerdomain-speci®andgen-
eralterms thusreportingrelativelylow accuracyor
extractionof domain-speci®terminology: 40%in
(Daganand Church,1994), 70%in (Daille, 1994),
and 73% in (Smadjaet al., 1996). More recently
researcherBavedevelopedpproachethatachieve
higheraccuracybbuttheserely heavily on the pre-
existenceof large domain-speci®cesourcessuch
as sentence-alignegbarallel corpora (Resnik and
Melamed, 1997; Melamed, 1997), hierarchically
organizedthesauri(Hulth et al., 2001), and pre-
establishedlomaintags(Changetal., 2002). These
resourcesare generallydif®cultto constructfor a
givenlanguagepairin a particulardomain.

In this paper we investigatethe effectivenesof
anew approacho automaticdomain-tuningof lex-
iconsfor translationa foreign-languag€FL) docu-
ment. We do not presupposéhe existenceof large
domain-speci®mesourceshutinsteadrequireonly:
(1) the FL input document;(2) a generalbilingual
lexicon; and (3) a general-purposelusteringalgo-
rithm. Althoughwe are currentlyinvestigatingthe
Chinese-Englistanguagepair, we expectthetech-
niquesdescribedhereinto beapplicableto otherlan-
guagepairs(andotherdomains) providedthereex-
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Figurel: OverallDomain-Tuning Design

istsa generabilingual dictionaryfor thosepairs.

Figure 1 illustratesthe overall designof our al-
ternativeapproach Our threeimplementeccompo-
nentsare indicatedas heavyborders. We borrow
language-independentusteringsoftware(LaTaT)
to producewordclusterdor thetwo language¢Pan-
tel andLin, 2002).l We alsoassumehe existence
of anIR systento producehecomparablegdomain-
speci®cdocumentsfrom a set of automatically-
extractedqueryterms.

The entire processconsistsof two phases. The
®rst(roughly the top half of Figure 1) builds the
resourcesecessaryor the domain-tuningprocess.
This phaseincludeswork that is closely related
to researchin cross-languagaformationretrieval
(DavisandDunning,1995),(Oard,1997). We start
with a FL input documentfor which we desirea
translation.Fromthis, we producea setof domain-
speci®cquery termsfor the foreign languageus-
ing standardf.idf technique$. Thesequeryterms
(alongwith the bilingual lexicon and generalclus-
ters)arefed into the procesghat produceghe En-
glish domain-speci®query terms. The foreign-
languageandEnglishtermsserveasinput to infor-

The corpususedin the Chineseclusteringwas 800MB of
Chinesenovelsfrom a web site (www.mypcera.com)The En-
glishclustersverecreatedusingtheAQUAINT corpusfromthe
TRECQA trackin 2002 whichcontains3GBof newspapetext.
TheEnglishclusteringncludes2243clusters.TheChinesever
sionincludes1316clusters. A speci®ovord may be a mem-
berof morethanonecluster The Chineseclustersverecreated
without parsing;the Englishonesusedparsing. However an
experimentun by DekangLin (pc.) indicatesthatparsinghas
avery small,insigni®canimpacton the effectivenesof word-
similarity determinatiorfor clustering.

2An evaluationof the domain-speci®effectivenessof our
automaticallyextractedquerytermsis reportedelsewherebwe
omit the citation hereto preserveanonymity For a generalde-
scriptionof the well-knowntf.idf techniquesee(Manningand
Schiize,1999).

mation retrieval, which must producecomparable,
domain-speci®documentsn eachlanguage.

Theseconhasgroughlythebottomhalf of Fig-
urel) transformghegenerabilinguallexiconinto a
domain-tunedexicon(DTL) for translatingheinput
document. This phaseis alsocloselyrelatedto re-
searchin cross-languagmformationretrieval, most
notably in its useof techniquedhat are analogous
to queryexpansior{BallesterosandCroft, 1997)for
handlingwordsthatarenotfoundin thecomparable-
documentet.

While our ultimategoalis to translateadocument
from aforeignlanguagécurrentlyChinese)jnto En-
glish, the emphasi®f this paperis on the domain-
tuningcomponentbthesecondohasebofthe over
all process.We will describeand evaluateour ap-
proachto domain-tuningof abilingual lexicon. The
next sectiondescribeshe algorithm (and its vari-
ants).After this,we demonstratéheeffectivenessf
our approachby comparingour resultsto manually
constructedlomain-speci®eocabulary Finally, we
useBleuto compareourdomain-tunedersionto its
un-tunedcounterparin anIBM-style MT system.

2 Domain-Tuning Algorithm

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

(theforeignlanguagepnd
is listed with one or

1. A bilingual lexiconfor
(English): Eachword in
moretranslationsn
2. A setof word clustersin eachof thetwo languages.
3. A setof comparabledomain-speci®documentsn
bothlanguages.

As mentionedabove the clustersareproduceddy a
generallanguage-independeciusteringalgorithm.
Thecomparabledomain-speci®documentsireex-
pectedto be automaticallyinduced by applying
information-retrievatechniquedo the input docu-
ment. As a stand-infor the unincorporatedR com-
ponentwe usea human-veri®edetof comparable,
domain-speci®documentsn thetwo languages.

We now give a formal descriptionof the Domain
TuningAlgorithm (DTA).

3We used528 English documentsand 352 Chinesedocu-
mentsfrom thedomainof interest.Unfortunatelybecauséhere
werenolinks betweerdocumentsn thiscomparable&orpuswe
treatedhedocumensetin eachanguageasonelargedocument
andassume@achonewascomparableéo theother In thiscase,
everyword in onelanguagds assumedo be in a comparable
documentvith eachandeveryword in the otherlanguage We
expectbetterperformancevith smaller individually compara-
ble documentsperhapsextractedisingweb-miningtools such
asSTRAND (Resnik,1999).



2.1 Formal Description of DTA

TheDTA takes and to be
Chineseand Englishwords, respectively The fol-
lowing predicates/functionareusedto describehe
algorithmin Figure2:

1. : TRUEif and arein com-
parabledocumentgi.e. if thereis atleastoneChinese

document andEnglishdocument suchthat
contains , contains , and and arecom-
parableto eachother);FALSE otherwise.

2. _ : TRUEiIf and arein the same
cluster FALSE otherwise.

3. . Indicateshecon®dencef and as

translationalequivalentsn a particulardomain. Ini-
tially, all con®dencealuesaresetto O.

ForeachChineseword in thebilinguallexicon
Let , i.e.,thetranslationof
Foreach

Casel:
Set .

Case2a: -
Set .

Case2b: -

Set .

Case3: Neithercasel nor case? applies.

Set .

Figure2: DomainTuningAlgorithm (DTA)

For eachword in (henceforth,Chinese)the al-
gorithm attemptsto assigna con®dencevalue to
eachtranslationin (henceforth,English) using
thecomparable-documesétandwordclusters.The
con®dencealueassignedy thealgorithmdepends
primarily onthe occurrenceof aword andits trans-
lationin thesetof comparabl@ocumentsThus,the
algorithmreliesmostheavilyonthecomparabilityof
aChinesdermandits Englishtranslationbbutsome
weightis alsogivenfor comparabilitypetweernierms
thatappeaiin the samecluster While assigninghe
con®dencealues,eachstepis takento be applica-
ble or notapplicable If it is applicable no account
is takenof the numberof documentso whichit ap-
plies.

The ®nalstepis to normalizethe con®denceal-
uesassignedy the algorithm. For this purposethe
con®dencealuesaremappedo aweightbetweerd
and1 suchthatthesumof theweightsfor all English
translationof a Chinesewordis equalto 1.

2.2 Extensions

The domain-tuningalgorithm outlined in Figure 2
hascertainde®cienciedn this sectionwe examine
issuesconcerningthe handlingof: (1) Multi-word

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

2.2.1 Multi-W ord Translations

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

, thattranslatiorwill notbefoundin the
Englishdocumen{which mean<Casel fails). Even
whena multi-word translationoccursin the compa-
rable documentsijt is rankedlower than a single-
word translationthatoccursin the comparableloc-
uments.This meanghatthehighestpossiblerankof
amulti-word Englishtranslationis givenonly when
themulti-wordtranslatioris in aclusterwith another
(non-phrasalword that appearsn the comparable
documentsbcase of the algorithmabove. An in-
formal inspectionof the comparablelocumentse-
vealsan abundancef multi-word translationgele-
vantto thedomain,e.g.,nuclearbombor chemical
treaty?

To overcomethis, we implementeda sub-phrase
matching mechanismwhich assignsa con®dence
value to a multi-word translation of a
Chineseword asfollows:

1. ForeachEnglishword inthemulti-wordtranslation,
assigracon®dencealueto usingthealgorithm
in Figure2.

2. Taketheaveragef all ‘'sto assigranover
all con®dencealueto thetranslation .

In our evaluation,we examinedvariantsof our al-
gorithmwheresub-phrasenatchings turnedonand
turnedoff. If the sub-phrasenatchingis turnedoff,
all multi-wordtranslationgretreatedasif theywere

singlewords.

2.2.2 Missing Words

Becauseour comparable-documenset is not
likely to includeeveryrelevantChineseandEnglish
word in our bilingual lexicon, we are faced with
the standard®word not found® problemraisedfre-
qguentlyin the cross-languagaformationretrieval
community Our solution is to use a technique
we call translationd expansio®analogousto the
gueryexpansiorusedin cross-languageformation
retrieval (Ballesterosand Croft, 1997). We imple-
mentthisasasecongassverthelexicon,whereby
we ®ndrelevantentriesthatweremissedduringthe

40Ourtestdomainwasnuclearbiological-chemicalveapons.



a@rst-pasglomain-tuning.® The generalideais to
®ndthehighestrankassignedo eachtranslatiorand
usethatrankfor otheroccurrencesf thetranslation
in thelexiconbevenif thattranslationis associated
with a Chinese-Englistpair that doesnot occurin
thecomparablelocuments.

Therearetwo differentapproachew thistransla-
tional expansion:

1. Expand Zero Score Translations (ExpZero): Apply
expansiomnlytotranslationshatwereassigne@zero
scorein the®rstpass.

2.  ExpandAll Translations (ExpAll): Apply expansion
to all translationgrocesseih the ®rstpass.

Expansionis designedo assignthe highestpossi-
blerankassociate®ith atranslatiorto everyoccur
renceof thattranslation We applyexpansiormprior to
normalizatiorof the con®dencecorego avoidspu-
rious effectsof otherrankedtranslationson anindi-
vidual score. If the sub-phrasenatchingis turned
on, sub-phrasearetreatedaccordingly:ratherthan
computing for eachindividual word in
a particularmulti-word translation , the
highest®rst-passcoreassociatedvith each s
usedto computetheaverageof all 's.

2.2.3 Stopwords

Since the objective of the domain-tuningalgo-
rithm is to identify the wordsthatarespeci®do the
givendomain,it is worthwhileto testout a variant
of thealgorithmwherestopwordsareignoredin the
dictionaryfor the purposeof ranking. In our evalu-
ations,we examingheimpactof inclusionor exclu-
sionof thestopwordsduringthelexicongeneration.

3 Experimental Set-Up

We generatedl? different DTLs. For eachone,
we changedhreeparametersf the algorithm: sub-
phrasematchingor not, inclusion of stopwordsor
not, andtranslationakexpansionone of two differ-
entvariants)or not. Tablel lists the settingsfor all
12lexicons,DTL 1throughDTL 12.

Eachentry in the lexicon consistsof a Chinese
word andits translationswhereeachtranslationis
accompanietty acon®dencealue. Thepercentage
of theChinesavordswith atleastonenon-zercscore
translationis nearly 10% for all lexicons, among
200K Chinesewordsor phrases.Figure 3 showsa
sampleentryfor the®rst6 DTLstoillustratethefor-
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
DTL5 No Yes ExpZero
DTL 6 No Yes ExpAIll
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

Tablel: Settingsfor 12DTLs

DTL 1: Zx@ [ethanol:0.00]ethyl alcohol:0.00]
DTL 2: Zx@ [ethanol:1.00]ethyl alcohol:0.00]
DTL 3: Zx@ [ethanol:1.00]ethyl alcohol:0.00]
DTL 4: Zx@ [ethanol:0.00]ethyl alcohol:0.00]
DTL 5: Zx@ [ethanol:0.50]ethyl alcohol:0.50]
DTL 6: Zx@ [ethanol:0.50]ethyl alcohol:0.50]

Figure3: A SampleEntryfrom 6 DTLs

4 Experimentsand Results

For measuringthe effectivenessof our domain-
tuning algorithm, we conductedtwo different ex-
periments: (1) We comparedhe coverageand ac-
curacyof our DTLs againsta gold-standardbusing
standardinformation-retrievalmetrics (e.g., recall
and precision); (2) We comparedhe resultof our
lexicon-enhanced!T modelagainstun-tunedver-
sionsin anIBM-style MT systembusingBleu (Pa-
pinenietal., 2002).

4.1 Evaluation of Lexicon Coverageand
Accuracy

In the ®rstexperimentour purposevasto observe
the quality of the generatedexiconsby compar
ing somesubsebf themagainsta human-produced
groundtruth. All experimentsveredoneusingour
domain-tunedChinese-Englistexicons. The same
comparisommay be appliedto any FL-Englishpair,
without having any knowledgeof the foreign lan-
guage.

41.1 The Gold Standard

Thegoldstandards asubsebdf thelexiconwhere
eachentry was human-judgedor relevanceto the
domain. An Englishtranslationof a Chineseword
is annotategositive(+) if it is oneof themostpos-
sible translationf thatword in the given domain.



Otherwise,it is a negative(-) instance.For the ex-

perimentswe takethe correspondingetof words
from the DTL andcomparethem, pairwise,against
thegold standard.

We generatedwo differentground-truthsetsby
two humansubjects. The subjectswere native En-
glishspeakerandthetaskwasto identify whethera
translationvasapositiveor negativanstanceamong
2244Englishtranslations’. The 2244Englishtrans-
lationswereextractedrom Chinese-Engliskentries
containingatleastoneEnglishtranslatiorknownto
berelevantto thedomain® We generatedhe union
of thesetwo ground-truthsetsasfollows:’

1. If bothannotatorsssigrpositiveto anEnglishtransla-
tion, theresultingannotatioris positive

2. Otherwisejf eitherannotatomassignsnaybeto anEn-
glishtranslationtheresultingannotatioris maybe

3. Otherwisetheresultingannotatioris 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 Instancesn Ground-TuthSets

The numberof positive negative and maybein-
stancegheir unionis givenin Table2. The agree-
mentratiobetweerthetwo annotatorsisingpairwise
comparisons:

1. 79.77%,if the agreemenis on an exactmatchof la-
bels(Positive-positivenegative-negativegndmaybe-
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 averagedrecisionand recall (f-
measuré), andacorrectness.® Precisionis the ra-
tio of the numberof correctlyidenti®edoositivein-
stanceso thenumberof all instancesdenti®edRe-
call is the ratio of the numberof positiveinstances
identi®edcorrectly to the number of positive in-
stancesn the groundtruth. Correctnessakesinto
accounmnegativeinstancesi.e., it is theratio of the

SSubjectswere allowed to mark the translationsas maybe
whentheyarenot sureaboutthelabel.

5TherelevantEnglishtranslationsveremanuallygenerated
independentlyy a differentnativeEnglishdomainexpert.

"This versionof groundtruth is intendedto be an approxi-
mationto post-annotatiomterannotatodiscussionwhichtra-
ditionally resultsin agreement.

8Thef-measure=

Threshold | Precision | Recall | F-Measure | Correct
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

Tablé3: EvaluationResultdor DifferentThresholds
for DTL 1

numberof correctlyidenti®edoositiveandnegative
instancedo thetotal numberof instancesdenti®ed.

4.1.3 Resultsof Coverage/AccuracyEvaluation

To comparethe DTLs to the ground-truthset,we
needto transformcon®dencgaluesinto a measure
thatre ectsthe notion of positivity/negalvity. The
simplestwayto dothisis to useathresholdfor con-
®dencevalues,wherebyall translationsvith a con-
®dencevaluehigherthanthe thresholdaretakenas
positiveinstances.In our experimentsye demon-
stratetheimpactof differentalgorithmicvariantsby
presentinglifferentthresholdvaluesandmeasuring
the quality of the lexiconsusingthe metrics. In ad-
dition to ®xedthresholdvalues(0.1, 0.5, etc.), we
alsoapply avariablethresholdvaluefor eachword
dependingn the numberof translationsassociated
with theword. In thiscasethethresholds setto
where is the numberof translationsof the word
evaluated Thiswill beshownasVariablein ourre-
sulttables.

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

To illustratethe effect of differentthresholdsye
presenthe precision recall, f-measureandcorrect-
nessvaluesusingdifferentthresholdgor only DTL
1lin Table3. All otherDTLs exhibit similar behav-
ior: f-measureandcorrectnessesultsbeginto drop
drasticallyfor thresholdgreaterthan0.1. Thus,in
theremaindenof thispaperwewill useonlythevari-
ableand®xed(0.1) thresholds.

Table4 presentgheresultsfor all 12 DTLs. The
onesin boldface are the bestfor the given set-
tings. For the variablethreshold,the precisionis
between80% and 85.48%and DTL 5 (with sub-
phrasematchingandtranslationakexpansionyives



the bestresults;recall is in the rangeof 48.35%zx
63.19%. DTL 11Bbwhich incorporatesub-phrase
matching translationakxpansionandstopwordsb
scoredhighestfor f-measureandcorrectness.

Surprisinglytheinclusionof stopwordsn thelex-
icongeneratiodoesmotdegradeheresults:in some
casesthereis a slight increase;in others,a slight
decrease With a ®xedthresholdof 0.1, theresults
for precision,recall and f-measureincreaseby 2+
3%. The bestprecision(87.88%for DTL 12), re-
call (66.48%for DTL 6), andf-measure(75% for
DTL 11) are achievedwhen sub-phrasematching
andtranslationakexpansiorare used. The correct-
nessincreaseaup to 8% (DTL 12). Overall, the
resultsindicatethat DTLs provide the information
necessarjo distinguisrdomain-speci®gocabulary
from otherwords.

4.2 Machine Translation Evaluation

We incorporatedhe DTLs into an IBM-style statis-
tical machinetranslationframework(Brown et al.,
1990);we thenevaluatedheresultsusingBleu.

4.2.1 MT System

A statisticaMT systemrhas3 basiccomponentsa
languaganodel,atranslationrmodel,andadecoder
The languagemodel is a monolingualcomponent
thatcharacterizesnly thetargetlanguage Our lan-
guagemodelis trainedon the (parallel)HongKong
News’ usingtheCMU-Cambridgéroolkit (Clarkson
andRosenfeld1997). Thetranslatiormodel,which
bridgesthe sourceand target languagesis trained
by Gl1ZA++ (OchandNey, 2000)ondifferentDTLSs.
SinceGIZA++ cannotaccommodataDTL directly,
we designedh mechanisnio incorporateeachDTL
into the translationmodel. The decodergenerates
andrankstranslationcandidatesisingthe language
andtranslatiormodelsweusedheReWtite decoder
by ISI (MarcuandGermann2001).

We translatedl55 lines of a domain-speci®mn-
put documentwhich we refer to as the 2@Chem
Treaty® All the moduleswereidenticalacrossall
experimentswith the exceptionof the translation
model,whichwastrainedby incorporatingnforma-
tion from eachof the DTLs in independenéxperi-
mentsasexplainedn thefollowing section.We per
formeda Bleu evaluation(Papinenietal., 2002)us-
ing the NIST MT EvaluationToolkit (Doddington,

Availablefrom LDC at http://wwwldc.upenn.edu/.

2002)10

4.2.2 Incorporation of DTLs into the
Translation Model

Our approachto incorporatingDTLs into the
translationmodelis to appendd or more copiesof
eachlexicon pair to the training data. The number
of copiesinsertedfor eachpair is an indication of
theimportanceof thattranslatiorpairto thedomain,
i.e.,ahighcon®dencealuefor apairdictatesahigh
numberof appendedopiesof the pair. We picked
a®xednumberof entries, , to beappendedo the
trainingdatafor eachChinesevordin theDTL. Con-
siderthis example:

( :0.60)(
( :0.0)(

If wetake , thenwe add( , ) 6times
and( , ) 4 timesto the training data. We per
formedanothesetof experimentsvherewe accom-
modatedtranslationswith zero weight: (1) If all
translationsof a Chineseword are zero-weighted,
eachoneis added times,where isthenum-
ber of translationdor that word; (2) If only some
of theentriesarezero-weightedeachzero-weighted
entryis addedonceto thetraining dataandthe re-
mainingtranslationsredistributedoroportionallyto
their con®dencealues. In the exampleabove this
schemewould add( , ) 6times,( , ) 4times,
( , )1ltime,( , )5times,and( , )5timesto
thetrainingdata.ln theexperimentseportedoelow
weused . Oncetheinitial setof experiments
werecompletedwe experimentedvith different
valuesto investigatdts impact.

:0.40)(
:0.0)

:0.0)

4.2.3 Resultsof MT Evaluation

Table5 presentshe Bleuscoredor our12DTLs,
using training data both with and without zero-
weightedentries.Fromtheseresultswe seethatin-
cluding zero-weightedentriesimprovesthe scores
nearly 100% when stopwordsare ignored; the dif-
ferencds smallerwhenstopwordsareused.We also
seethateitherkind of expansioimprovesthescores
by 5+17% when stopwordsare not used (DTL's
2,3,5,6).Finally, theinclusionof stopwordgthelast
6 DTL's) leadsto animprovementof up to 100%

10Becausef thereis only 1 referenceranslatiorpersentence
(for atotal of 155),the scoresarelower thanwould bethe case
if we hadmultipletranslation®f eachsentenceashasbeenac-
knowledgegreviously(Doddington2002).HowevertheBleu
scoreindicationof relative effectivenesof different systems;
thus,we areinterestecdhot in the magnitudeof the scoresput
in theirrelativevalues.



Lexicon Precision Recall F-Measure Correctness

Var. | T=0.1 | Var. | T=0.1 | Var. | T=0.1 | Var. | T=0.1
DTL1 | 80.00| 82.88 | 48.35| 50.55 | 60.27| 62.80 | 48.21| 51.34
DTL2 | 81.36| 84.03 | 52.75| 54.95 | 64.00| 66.45 | 51.79| 54.91
DTL3 | 81.36| 84.03 | 52.75| 54.95 | 64.00| 66.45 | 51.79| 54.91
DTL4 | 83.93| 8295 | 51.65| 58.79 | 63.95| 68.81 | 52.68 | 56.70
DTL5 | 85.48| 8451 | 58.24| 65.93 | 69.28| 74.07 | 58.04 | 62.50
DTL6 | 8492 85.82 | 58.79| 66.48 | 69.48| 74.92 | 58.04 | 63.84
DTL7 | 80.73| 82.14 | 48.35| 50.55 | 60.48 | 62.59 | 48.66 | 50.89
DTL8 | 82.05| 83.33 | 52.75| 54.95 | 64.21| 66.23 | 52.23 | 54.46
DTL9 | 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 | 8456 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/Accurackvaluationwith VariableThreshold(Var.

and sub-phrasematching with stopwords(DTL's
10,11,12)seemdo improveperformance+24%.

Bleu
Lexicon ExclO's | Incl O's
DTL1 0.0266 | 0.0576
DTL 2 0.0280 | 0.0594
DTL 3 0.0279 | 0.0598
DTL 4 0.0254 | 0.0570
DTL5 0.0296 | 0.0556
DTL 6 0.0298 | 0.0575
DTL7 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 EvaluationResultdUsingDTLs

Bleu
0.0223
0.1609

Lexicon
No Dict
No Dict

Training Data
HKN
HKN & ChemTreaty
Uniform Weight HKN 0.0562
Uniform Weight | HKN & ChemTreaty || 0.1508

Table6: EvaluationResultswithout UsingDTLs

For comparisonwe trainedthe un-tunedIBM-
style systemusing different dictionary inputs (no
dictionaryvs. uniformly weighteddictionary)and
training data(Hong Kong News (HKN) vs. HKN
supplementedvith a non-testportion of @Chem
Treaty®). Theresultsareshownin Table6. Without
trainingon2ChemTreaty®,our bestsystem(DTL 8)
outperformghe un-tunedversionby 275%(with no
dictionary)or 9.4% (with uniform-weighteddictio-
nary). On the otherhand,the un-tunedMT model
trainedon®ChemTreaty®outperformourmodelby
261%.Evenif wetrainon®ChemTreaty®in ourown
model,ourbestDTL score0.1581(notshownin the
tablesabove)bnot signi®cantlydifferentfrom that
of theun-tunedvariants.

andFixed Threshold(T=0.1)

We concludehatbgiven aforeign-languageoc-
umentto translatebif the translationsalreadyex-
ist for a portion of that documenttheseshouldbe
usedfor trainingratherthanexpendingesourcesn
domain-tuning.However it is unrealisticto expect
thata portion of aninput documenwill alreadybe
translated! Thus,the DTL approachis animpor-
tantsteptowardthesuccessfuranslatiorof domain-
speci®documentsdn thefaceof limited resources.

We alsoexaminedheimpactof choosinglifferent
valuesof , thenumberof copiesof eachdomain-
tunedentryappendedb thetrainingdata.With

the "Excl 0' versionof DTL 6 increasedrom
0.0298to 0.0329ba signi®cantimprovement;but
the “Incl 0' counterpartdecreasedrom 0.0575to
0.0525.1n generalwhenwe increasedhe value of
to 100 for all of our DTLs, the top- performlng
oneswerestill lower thanthosewith

5 Conclusionsand Futur e Work

Theaimof thisprojectis produceautomatiadomain-
tuning techniquedor translatinga domain-speci®c
document.We havedemonstratethe effectiveness
of our DTLs by showinga high degreeof recall
andprecisiorwith respecto ahuman-producegold
standard. Our Bleu experimentgndicatea signi®-
cantimprovementwhen measuredagainstsystems
usinga uniformly-weighteddictionaryor no dictio-
nary at all. In summary our approachhasproven
superiorwhen adequatdraining datadoesnot ex-
ist (e.g.,input-documentranslations)Pwhichis the

Bn fact, it would haveto beavery signi®canportionof the
inputdocumentin orderto be useful. (Thetest/trainingsplit is
generallyl to 3.)

121t is possiblethatthereis morenoisethansignalwhenwe
combinethe addition of 100 entrieswith the inclusion of 0-
weightedentries.



mostlikely scenaridor any given domainandlan-
guagepair.

In the experimentswe viewed our comparable
corporaasonelarge documentfor eachof the two
languagesTheimplicationis thateachFL wordhas
asmanytranslationsisthenumberof uniqueEnglish
wordsin the comparablelocumentbanovemgener
alizationthatmay leadto a high degreeof noisein
our®nalresults.If wewereto usemultiple (smaller)
comparabledocuments the numberof translation
pairswould besigni®cantlyeducedpotentiallyim-
provingthe performancef our algorithm. A future
areaof researchs the incorporationof alternative
tools for building domain-speci®comparablecor
porausingtools,e.g.,STRAND (Resnik,1999)13

Two otherareasworthy of investigationare: (1)
examining the impact of clusteringon domain-
tuning, e.g., whetherthereis a differencebetween
general-purposeclustering and domain-speci®c
clustering;(2) experimentingvith new methodgor
assigningcon®dencealuesto our lexical entries,
e.g., usingthe tf.idf techniqgueoncewe add multi-
documentomparableorporato our systemborat
leasttestingout con®dencgaluesotherthanl or 2
for thesingle-documentase.
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