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Abstract

This paperdescribesan approacho analyzingthe lexical structureof OCRedbilingual dictionariesto constructre-
sourcessuitedfor machinetranslationof low-densitylanguageswhereonlineresourcesrelimited. A rule-basedan
HMM-basedanda post-processedMM-basedmethodareusedfor rapid constructiorof MT lexiconsbasedn sys-
tematicstructurakluesprovidedin theoriginal dictionary We evaluatethe effectivenes®f ourtechniquesgoncluding
that: (1) therule-basednethodperformsbetterwith dictionariesvherethefont is notanimportantdistinguishingfea-
turefor determiningnformationtypes;(2) the post-processestochastienethodimprovestheresultsof the stochastic
methodfor phrasalentries;and(3) Our resultingbilingual lexiconsarecomprehensie enoughto provide the basisfor
reasonabléranslationresultswhencomparedo humantranslations.

1 Intr oduction

An importantrequirementfor machinetranslation
(MT) is the existenceof a bilingual lexicons con-
taining large sets source-languagefget-languacge

correspondences Several researcherbiave noted
that, even for monolingual entries, the average
time neededto constructa single entry canbe as
much as 30 minutes(see,e.g., (Copestak et al.,

1995;Neff andMcCord,1990;Walker andAmsler,

1986)).Theconstructiorof bilingual entriesis even

more complicatedn thatit requiresnative-speatr

knowledgein bothlanguage$Boas,2002;Calzolari
andLenci, 2002; Neff etal., 1993). Thus,automa-
tion of the bilingual lexical acquisitionprocesss a
necessityfor multilingual processingf ary kind.

Thewide availability of new electronicresources
to NLP researcherkasfacilitatedautomatedcqui-
sition of bilingual lexicons. Previousapproacheso
bilingual-lexicon acquisitionhave involved (1) par
allel corpora(Gale and Church, 1991; Melamed,
2000;Resnik,1999; Utzuro et al., 2002); (2) com-
parablecorpora(FungandYee,1998);and(3) mul-
tilingual thesauri(Vossen,1998). The relianceon
such resourceshas constrainedthe application of
theseapproachego languageghat are most fre-
guently usedin MT and cross-languagénforma-
tion retrieval (CLIR) tasks,e.g., English, French,
Spanish,and Chinese. The sameapproachesre
dif cult to apply to languagepairs involving low-
densitylanguagege.g.,Arabic, Celuano, Turkish)
wherethereare not enoughparallelor comparable
resourceso producefull bilingual lexicons.

This paperdescribesmplementedmethodsfor
resourceacquisitionfrom printed bilingual dictio-

naries,especiallyfor low-densitylanguages. The

basicmotivation behindthis work is thatmary lan-

guageshave printedbilingual dictionariesmapping
a low-densitylanguageo a high-densitylanguage
suchasEnglish. Ultimately the objectie is to dis-

cover all supplementakentry-lavel componentsof

informationprovidedin bilingual dictionariese.g.,

partsof speechpronunciationandusagesxamples.
The speedof our lexical-acquisitionapproachis a

uniquefeatureof our work: we aim to generatean

online bilingual lexicon very quickly (at most,in a

few days).

Our focus is on an implementedentry-tayging
modulefor online lexicon construction. We adopt
threedifferentmethods:rule-basedstochasticand
post-processestochastic.All utilize the repeating
structureof thedictionarieso identify andlabelthe
different information types. Human assistance—
requiredfor all threetechniqgues—iseldto a mini-
mum. We demonstrat¢hat, whereagherule-based
tagging methodperformsbetteron dictionariesin
which font is not a distinguishingfeaturefor de-
termininginformationtypes,the stochastidagging
methodgenerallyperformsbetteron dictionariesin
which font is an importantfeature. We also shav
that, a post-processingtochastianethodimproves
the resultsof the stochastianethodon phrasal en-
tries. Finally, we shav that our resultingbilingual
lexicons are comprehenske enoughto provide the
basisfor reasonabldranslationresultswhen com-
paredto humantranslations.

Thenext sectiondiscussewvork relatedto ourap-
proach.In Section3 we describeourthreemethods.
Section4 presentsour experimentsand discusses
ourresults.We concludewith futurework.



2 RelatedWork

In recentyears,researchertiave becomeincreas-
ingly interestedin information extraction from
structuredprinted documents. A key component
of their solution is the use of textual featuresto
performlabelingwithin a block accordingto some
implicit or explicit model. Automatic identi ca-
tion of structuralfeaturesn OCReddocumentdas
beenimplementedn approachesvheredocuments
aretaggedteratively, usinga Standardseneralized
MarkupLanguagdSGML) (Palowitch andStewart,
1995). Suchapproacheproducea SGML docu-
mentthatcanbeeasilyparsed.

In otherapproacheg¢Mao and Kanungo,2001),
automatic bilingual-dictionay extraction has re-
lied on stochastic language models based on
manually created contet-free grammars (CFG)
anddictionary-speci cstochastigproductionrules.
Theseapproachesare reasonableor dictionaries
with a simplestructure e.g.,wherefont is notused
to indicateinformationtypes. In the generalcase,
however, manual,grammatbasedapproachesvill
not be ableto handleuncertaintyin OCR, and er
rorsin thedocumengnalysis.

Our sourcedocumentis also a bilingual dictio-
nary However, our approachs designedo tackle
someof the issuesthat hamperapproachedased
strictly onformal grammarsin particular:(1) com-
plexity andvariationswithin dictionaryentries;and
(2) noiseintroducedoy OCRandsubsequerfeature
extraction.

3 Approach

We have huilt an entry-taggingsystemthat canbe
adaptedo differentbilingual dictionaryformatsas
well as different languages. Figure 1 illustrates
that dictionary formatsvary from simpleterm and
phrasdranslatiorpairsto full descriptionghatcon-
tainseveraldifferentinformationtypesi.e.,identi -
able“chunks” of informationassociatedvith bilin-
guallexical entriest
Weborrow apre-«istingtext sgmenter/analyzer

(MaandDoermann2003)? usingits outputto iden-

Although we focus on dictionariesmappingfrom a low-
densitylanguageo a high-densitylanguagewe have applied
our systemmore broadly to dictionariesthat containthe re-
versemapping. This is importantfor caseswhereprintedre-
sourcesare limited to the less preferredbilingual direction.
We expectthe outputof suchan analysisto be easilyinverted
using standarddictionary-irversiontechniquegMenezesand
Richardson2001).

’The pre-&isting text segmenter/analyzewas induced

tify different information types (parts of speech,
pronunciation,usageexamples)for eachbilingual
dictionaryentry Tablel providesa list of poten-
tial informationtypes. Two typesthat we will re-
fer to frequentlyin this paperare: (1) Headwod,
which refersto the main word that de nes the en-
try; and(2) DerivedWord, which refersto a word
thatis lexically relatedto theheadverd (e.g.,anad-
jectival form of averbentry). Thislist wasobtained
throughmanualexaminationof printeddictionaries.

Headword Translation
Pronunciation Tense

Part of speechPOS) Gender

PluralForm Number

Domain Context

Crossreference Language

Antonym Derivedword

Synorym Derivedword translation
In ected form UsageExample
Irregularform UsageExampletranslation
Alternative spelling  Idiom

Explanation Idiom translation

Tablel: InformationTypesFoundin Bilingual Dic-
tionaries

We assumethat the OCRedand pre-sgmented
dictionariegrovidethefollowing informationasin-
putto our entry-taggingsystem:

eachpageis dividedinto dictionaryentries
eachentryis associateavith anentrytype
for eachentry, linesandtokensareidenti ed
for eachtoken,font styleis provided

whereatokenis a setof glyphs(i.e.,avisualrepre-
sentationof a setof charactersjn the OCRedout-
put, separatedy white space. Given aninput in
this format, our entry-taggingsystemassociatefa-
belswith eachinformationtypeprovidedby atoken
or groupof tokensin theentry Thesystenrequires
input from a humanoperatorwho is familiar with,
but not necessarilyexpertin, the languageof inter
est.

Publishersof dictionariestypically usea combi-
nationof methodgo imposestructureonlexical en-
tries. Functionalproperties(changedn font, font

through standardmage pre-processingnd machine-learning
techniques(1) Theprinteddictionarypagesverescannednd
divided into logical entriescontainingwordsandtheir associ-
atedlayoutfeaturegthe font or color used,the locationof the
word on the page etc); (2) Thelayoutfeaturesverethenused
asinput to a machine-learninglgorithmto bootstrapa cus-
tomizedsegmenter/analyzer



Figurel: Examplesof bilingual dictionaries

style,font-size,etc.) make theinformationtypeim-
plicit, keywordsprovide anexplicit interpretatiorof
theinformationtype,andvariousseparatorgmpose
an overall structureon the entry For instance,a
boldfacefont may indicateheadverds, italics may
indicateusageexamples,keywords may designate
the POS,commasmay beusedto separatelifferent
translationsanda numberingsystemmay be used
to identify differentsense®f theword. Our system
usesthesecluesto identify informationtypesasso-
ciatedwith atoken (or groupof tokens)in alexical
entry

We have implementedthree different methods
for entry tagging: a rule-basednodel, a stochas-
tic Hidden Markov (HMM) model, and a post-
processedtochastiHMM model.Oneof thechal-
lengeswe facedwas the handling of noisy input
provided by the pre-isting OCR/sgmenter The
rule-basednethodaccommodategoise by allow-
ing for a relaxed matching of OCRed output to
information types. The HMM methodand post-
processedtochasticHMM methodare inherently
noise-tolerantdue to the statistical nature of the
training proceduraunderlyingthe models.

Theoverall architecturas shavn in Figure2. We
now describesachof thesethreemethodsn detail.

3.1 Rule-BasedMethod

Ourrule-basedaggingapproactuseghefunctional
propertiesof tokensandtheir relationshipgo each
otherin orderto assignlabelsto eachinformation
typein adictionaryentry Rule-basedagginguti-

lizesthreedifferenttypesof clues—fontstyle, key-

words and separators—tadag the entriesin a sys-
tematicway. Thekey is to discorer theregularities

Rule-Based Method
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in theoccurrencesf thesecluesandto make useof
themin assignindabelsto thedifferentinformation
typesassociateavith eachtoken.

In orderto describedifferentkinds of separators
andtheir functions, ve operandsarede ned. Ta-
ble 2 shawvs these ve operandandgivesexamples
of how they maybeused.Here cat referstothe
informationtypesin Tablel,and sym 3isasym-
bol thatcanbe usedasa separatofor this speci ¢
informationtype.

Thetaggingalgorithmproceedssfollows. First
the entry is divided into segmentsusing the font
stylesand separators.A sggmentis a token or a
groupof tokensthathasthe samefont style or con-
sistsof given keywordsand/oris separatedby sep-
aratorsfrom othersggments,andin practicecorre-
spondsto a singleword or phrase. Eachseggment
is assigneda single information type at the end.
Sincethe uncertaintyin thedocumenimageanaly-

3This doesnot necessarilyeedto bea charactevalue.



Operand De nition

Example

cat InPlaceOf sym
cat StartsVith sym
cat EndsVith sym
cat PreviousEnds\Wth sym
cat Contains sym

Usedasa shortcutfor aninformationtype
Informationtype beginswith this separator
Informationtype endswith this separator
Previousinformationtype endswith this separator
Informationtype containghis separator

headvord InPlaceOf
pronunciatiorStartsVith [
translationEndsVith ;

derivedContains.

Table2: Operandsisedto modelseparators

sisprocesdeadsto errorsin the sggmentationser-
eralrulescanbe createdor eachinformationtype,
thusallowing for arelaxedmatchingof OCRedout-
put to information types. For instance,there are
somecasesvherethe separatorsirerecognizedn-
correctly so we may say the pronunciationbegins
with either'(" or .

Oncetheentryis divided into segments the tag-
ging processassociates singletag with eachseg-
ment. This procesanakes useof font styles, key-
words,andseparators.

As anillustration,a small subsef the resulting
lexicon for the French-Englishdictionary given in
Figurelis shavnin Figure3.

bravache (Headwod)
Pronunciation  bravad
POS masculinenoun
Translation bully
Translation swaggerer
POS adjective
Translation blustering
Translation awaggering

bravade (Derivedword)
Pronunciation  -vad
Gender feminine
Translation bravado
Translation bluster

Figure3: SampleOutputLexicon

3.2 StochasticMethod

Unlike the rule-based method, our alternatve
stochastienethoddoesnotrequireeachinformation
typeto be de ned preciselyandexplicitly by a hu-
manoperator As before thegoalisto determinghe
tag of eachtokenin anentry If anentryis treated
asa sequencef tokens,it resembleghe decoding
taskin standardHiddenMarkov Model (HMM) ap-
proacheswherethe obsenration statescorrespond
to thetokensin alexical entryandthe hiddenstates
correspondo theinformationtypesassociateavith
thosetokens.

We use a standardViterbi decodingalgorithm
(Viterbi, 1967)which determineghe highestlike-
lihood of a given statebasedon the entire input se-
guence.ln orderto applythis algorithm,the HMM
must rst betrainedon enoughdatato induceprob-
ability matrices.We usedDeMenthonandVuilleu-
mier's (DeMenthonand Vuilleumier 2003) HMM
package.This softwarefacilitatesthe implementa-
tion of entrytaggingfor two reasonsy1) Obsera-
tions areencodedas vectors,thusallowing for the
representationf severalfeaturesatonce;(2) Train-
ing is setup to accommodatenultiple obseration
seguences—aimportantpropertybecauseve can
usethewholedictionaryasourtrainingset.

We useahybrid methodthatcombinegheBaum-
Welch algorithm (Baum, 1972) with a segmental
k-meansalgorithm (Juangand Rabiney 1990; Ra-
biner and Juang,1993). This method nds local
maxima by applying ten iterationsof the slower
Baum-Welchalgorithm;thenthe nal (smallenhill-
climbing stepsof the fastersegmentalk-meansal-
gorithm are applieduntil thereis no improvement,
or until the systemconverges.

The obseration sequencgor obseration vec-
tor) usedin our HMM-basedapproachconsistsof
a setof 7 featurescorrespondingo eachtoken of
thedictionaryentry: (1) CONTENT, (2) FONT; (3)
STARTING SYMBOIL; (4) ENDING SYMBOIL. (5)
SECONDENDING SYMBOL, (6) IS-FIRST and
(7) IS-LATIN. CONTENTI s associatedavith oneof
threevalues:Informationtypeif thetokenis a key-
word; SYMif thetokenis asymbol;NUM if theto-
ken consistonly of numericcharactersptherwise,
thevaluel. FONT is thefont style (hormal,bold,
italic) of thetoken. STARTINGSYMBOLindicates
whetherthe tokenis a specialpunctuationsymbol:
ENDING SYMBOLand SECONDENDING SYM-
BOL indicate whetherthe last and second-to-last
charactersf thetokenarepunctuatiorsymbols re-
spectvely. 1S-FIRSTindicateswhetherthis is the
rst tokenof anentry(abooleanvalue).Finally, 1S-
LATIN correspond$o whetherthe characterén the

translationPreviousEnds\ith




tokenarelLatin baseccharacter®sr not.

Eachtokenin the dictionaryis transformednto
an obsenration vectorbeforethe HMM is run. For
example,the POSspeci cationad;. is transformed
into the obseration vector [POS talic null . null
null TRUE]." The obseration vectorsare provided
astrainingdatafor the HMM; the Viterbi algorithm
is thenappliedto nd the mostprobablestatese-
guencefor the given input. Thereis a one-to-one
mappingfrom the obseration vectorsof tokensto
the statesof this sequence.

The mappingof the statesto information types
is doneusinga smalltraining samplefrom the dic-
tionary Around 400 randomlyselectedokensare
manuallytagged. In orderto nd the information
typescorrespondingp thestatesye countthenum-
berof manuallyassignednformationtypesthatfall
into eachstateandassigrntheinformationtypewith
the highestcountto the state.

3.3 Post-ProcessedtochasticMethod

When we analyzedthe results of the stochastic
method, we discovered that, althoughthe results
of taggingof informationtypesare comparableo
thoseof therule-basedapproachtheidenti cation
of phrasess not asrohust asthat of the rule-based
approach.In orderto increasethe performanceof
phrasdadenti cation, we post-proceshe resultsof
the stochastianethodusing keywords and separa-
tors in the dictionary* The post-processingro-
ceedsasfollows: If two consecutie tokensin an
dictionaryentry aretaggedwith the sameinforma-
tion typeandif thereis no separatoattheendof the
rst token or at the beginning of the secondioken,
we markthesetwo tokensasa phrase.

4 Experiments

We conductedthree experiments. The rst mea-
suresDictionary Adequacy the degree to which
threeprinted, bilingual dictionariesare adequately
capturedby our system.Thesecondexamined_ow-
Density Adequacy the degree of dictionary ade-
quagy with respectto a low-densitylanguaggCe-
buano). The lastexperimentexaminesthe the cov-
erageof our lexicon with respectto an automated
word-forword replacemenschemej.e., MT Com-
prehensivenessxperiment.

“In post-processing,separatorsare de ned using the
StartsVith, EndsVith andPreviousEnds\ith features.

4.1 Dictionary Adequacy: French-English,
English-Turkish, Hindi-English

We ran our three methodson three of the dictio-
nariesfrom Figurel: French-EnglisFE) (Urwin,
1988), English-Turkish (ET) (Avery et al., 1974),
and Hindi-English(HE) (McGregor, 1993). These
dictionarieshave differentcharacteristicsvhich af-
fectthenoiserateof OCR.In theFEdictionary font
is a very importantfeature,whereasin ET dictio-
nary font is lessimportant, but still necessary In
the HE dictionary font is entirelyunimportant.

We use standard precision, recall and F-
measuresto measurehe adequayg of our resulting
FE,ET, HE dictionarieswith respecto ground-truth
datageneratednanuallyfor 5 randompagesof FE
dictionary 5 randompagesof ET dictionary and5
pageswvorthof randomlyselectedentriesof HE dic-
tionary

Somestatisticalinformation aboutthesedictio-
nariesis given in Table 3. The numberof com-
ponentsrepresentgshe numberof differentvalues
each feature can take in the obseration vector

wherethe vectorrepresent§ Content , Font |,
Startingsymbol , Endingsymbol , Second
endingsymbol , Is-rst token , Is-Latin ].

For 5 pagesof ground-truthfrom the FE dictionary
thereare 167 entriesand 2918 tokens, for the ET
dictionary thereare 193 entriesand 2555 tokens,
andfor the HE dictionary thereare 136 entriesand
2808tokens®
We evaluatedour entry-taggingapproachon a
numberof completedictionariesby comparingthe
resultsagainstour manuallypreparedyroundtruth.
We performedtwo differentsub-e&periments. The
rst evaluationwasword-basedwhereeachtokenis
viewedasasingle-wod entry, evenif it is partof a
phrase.Thesecondvasphrase-basedg., we con-
sideredmulti-tolenentriesto begroupedogetheias
alogical phras€.

SPrecision(P) measure$ion accuratelywe taggedthe en-
trieswhile recall(R) isameasur®f coverage In F-measuréF-
m) calculationsrecallandprecisionaregivenequalweights.

81t is worth notingthatthe derivedword andusageexample
have translationgfor thesedictionaries,but thesetranslations
have the samepropertiesas the headverd translation. Thus,
we did notexplicitly preparerulesfor thesetwo typesof trans-
lations; instead,we assignedhe sameinformationtype to all
translationsn the training data. The type of the translationis
identi ed by theinformationtypeof thelasttokenbearingthat
translation(i.e. headverd, derivedword, or usagesxample).

"In thephrase-baseelaluation,if amulti-tokenentryis as-
signedoneinformationtypein thegroundtruth, we considered
thetaggingcorrectonly if the samemulti-token entry wasas-



French-English | English-Turkish | Hindi-English
# of pages 528 1152 1083
# of entries 13537 36747 33020
# of tokens 304601 619715 744722
# of components [11469721] [10467521] | [122610722]
Table3: Dictionary statistics

French-EnglishDictionary

All Information Types(AIT) || Hw/Der. Word Trans. (HDT)
SystemType | Evaluation method P R F-m P R F-m
Rule-based | Word-based 72.55| 72.55 72.55 67.93 | 77.27 72.30
Rule-based | Phrase-based 74.73| 75.19 74.96 64.97 | 7451 69.41
Stochastic Word-based 77.62| 77.62 77.62 70.71 | 62.47 66.34
Stochastic Phrase-based 55.78 | 69.97 62.08 48.15| 54.72 51.23
Post-pr st. Word-based 77.62| 77.62 77.62 76.65| 67.72 71.91
Post-pr st. Phrase-based 67.59| 72.86 70.13 74.46| 67.32 70.71

English-Turkish Dictionary

All Information Types(AIT) || Hw/Der. Word Trans. (HDT)
SystemType | Evaluation method P R F-m P R F-m
Rule-based | Word-based 86.97 | 86.97 86.97 84.77 | 87.93 86.33
Rule-based | Phrase-based 89.04 | 87.93 88.48 84.01 | 89.22 86.53
Stochastic Word-based 88.14 | 88.14 88.14 80.09 | 85.91 82.90
Stochastic Phrase-based 40.03 | 62.86 48.91 17.24] 39.14 23.94
Post-pr St. Word-based 88.14 | 88.14 88.14 84.22 90.33 87.17
Post-pr St. Phrase-based 84.55| 85.10 84.83 82.25| 87.59 84.84

Hindi-English Dictionary

All Information Types(AIT) || Hw/Der. Word Trans. (HDT)
SystemType | Evaluation method P R F-m P R F-m
Rule-based | Word-based 85.93 | 85.93 85.93 78.64 | 78.25 78.44
Rule-based | Phrase-based 85.99 | 85.07 85.53 74.16 | 78.03 76.04
Stochastic Word-based 72.69| 72.69 72.69 45.87 | 53.15 49.24
Stochastic Phrase-based 51.62 | 50.45 51.03 23.79| 17.85 20.39
Post-pr St. Word-Based 72.69| 72.69 72.69 46.93 | 54.37 50.38
Post-pr St. Phrase-based 56.69 | 64.55 60.37 37.91| 50.86 43.44

Table4: ExperimentResults

As an example of the phrase-basedvaluation,
considerthe FE dictionaryfrom Figurel. Here,the
correcttranslationfor brasue is brazedseam If
the systemproduceshe translation’brazedseam’
(asa unit), thenthis is countedas a correctentry
If, onthe otherhand,the systemproduceswo in-
dependentvords “brazed' and “seam’, this result
is countedasincorrect. Phrase-baseeraluationis
importantfor machinetranslation,but word-based
evaluation is also signi cant since certain cross-
languageapplicationge.g.,CLIR) treatall transla-
tionsof aword asalist.

The resultsof our experimentsare presentedn

signhedthe samenformationtype by the system.

Table4. We takulated percentage$or two differ-
ent con gurations: “all information types(AIT)”
and“headwod and derivedword translationsonly
(HDT)". The rst givesthe resultfor all informa-
tion typespresentn thedictionary Thesecond:on-
sidersonly headverd andderivedwordtranslations.
Theresultsspecifyanaveragevalueovertheground
truth for eachdictionary

Whenthe font is a distinguishingfeature,asin
FE and ET, the stochasticomethodusually outper
forms the rule-basedmethod. However, the rule-
basedmethodoutperformsstochastianethodif the
font is not a distinguishingfeature,suchasin the
HE dictionary Moreover, the stochasticmethod



aloneis not very successfuln identifying phrases
regardlessof the structureof the dictionary The
post-processingtochastianethodimprovesthe F-
measureof the phrase-basedesults betweenl3-
73% when AIT are considered,and between38-
254% when HDT are considered. Therefore,for
dictionariesthatcontainphrasespost-processing
necessarywhenthe stochastianethodis used.

4.2 Low-Density Adequacy: Cebuano-English

We evaluateda Celuano-English(Carlsen,1999)
dictionaryusinga differentapproach.For this dic-
tionary we investigatedthe handling of the POS,
CehuanoandEnglishterms. We use100 randomly
selectedground-truthentriesfrom theoriginal dic-
tionary as the basisof our comparisonagainstthe
generatedexicon. Our evaluationinvolves a ver
i cation of only theseinformationtypes; eachto-
ken was cateyorized as one of three types: (1)
missing—notin the generatedexicon; (2) extra—
notin theoriginal dictionary;(3) incorrect—tagged
correctly but incorrectbecausef OCR noise. Ta-
ble 5 present®urresults.In addition,we found out
that amongthe correctCehuanoterms, 12.89%of
themhasincorrectaccentdecausef OCRnoise.

Cebuano | POS | English
Correct 95.36 | 95.00| 88.12
Missing 2.06 5.00 4.95
Extra 0.00 0.00 3.96
OCR error 2.58 0.00 2.97

Table5: CeluanoExperimentResults

4.3 MT Comprehensveness

To approximatethe degreeto which our lexicons
arecomprehense enoughfor machinetranslation,
we conductedan experimentinvolving the use of
French-Englistkexiconsproducedy therule-based
techniqueandstochastidcechniquedescribedbore.
We performedan automatiovord-forword English
replacemenbf the wordsin the FrenchBible us-
ing thesetwo lexicons,andcalculatedthe coverage
againstits parallel English Bible, using the stan-
dard IR-basedrecall metric. Table 6 presentshe
recallvaluesfor the lexiconsproducedby thethree
methods. Overall recall is the recall of the whole
Bible, whereasentenceecallis the averagerecall
acrossndependenterses.Therecallresultsfor the
stochastiomethodare muchhigher supportingour
claim that for the dictionariesin which font is an

Lexicon Overall Recall | SentenceRecall
Rule-basedexicon 49.57 47.65
Stochastidexicon 69.75 67.83

Table6: MT ComprehensenessExperimentRe-
sults

importantdistinguishingfeature(e.qg., the French-
Englishdictionary),thestochastienethodgenerally
outperformgherule-basednethod.

5 Conclusionand Futur e Work

In this papeywe proposedhreemethoddor theso-
lution to the problemof taggingdictionary entries
in bilingual dictionariesin orderto acquirean MT
lexicon from printeddictionaries.The rst method
relieson rulesandinformation aboutthe structure
of thedictionaryfrom anoperator The secondone
is HMM-basedrequiringonly a very smallamount
of training datato determinethe informationtypes
of tokens. The third oneinvolves post-processing
on the secondmethodto improve the resultsfor
phrasakntries Wetestedur systenusingdifferent
kinds of dictionariesincludingoneswith non-Latin
scripts, and we demonstratedhat thesemethods
give promising results, especiallyfor low-density
languages.When electronicresourcesare limited
and the needfor online dictionariesis crucial for
several NLP applications,our approachs promis-
ing in thatit providesrapidlexicon acquisitionwith
minimal humanassistance.

A future areato investigateis the use of more
than onedictionaryfor the samelanguage—asn
approachto increasingrecall. Finally, we plan to
investigatethe use of English-heay resourcedo
improve our results—e.g.to generatePOS infor-
mation (critical to the task of MT) whenit is not
available. This can be done by applying cateyo-
rial matchingof multiple English translations(for
eachbilingual entry) againsta large POSdatabase
(HabashandDorr, 2002).
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