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Abstract

This paperdescribesan approachto analyzingthe lexical structureof OCRedbilingual dictionariesto constructre-
sourcessuitedfor machinetranslationof low-densitylanguages,whereonlineresourcesarelimited. A rule-based,an
HMM-based,andapost-processedHMM-basedmethodareusedfor rapidconstructionof MT lexiconsbasedonsys-
tematicstructuralcluesprovidedin theoriginaldictionary. Weevaluatetheeffectivenessof ourtechniques,concluding
that: (1) therule-basedmethodperformsbetterwith dictionarieswherethefont is notanimportantdistinguishingfea-
turefor determininginformationtypes;(2) thepost-processedstochasticmethodimprovestheresultsof thestochastic
methodfor phrasalentries;and(3) Ourresultingbilingual lexiconsarecomprehensiveenoughto providethebasisfor
reasonabletranslationresultswhencomparedto humantranslations.

1 Intr oduction

An importantrequirementfor machinetranslation
(MT) is the existenceof a bilingual lexicons con-
taining large setssource-language/target-language
correspondences.Several researchershave noted
that, even for monolingual entries, the average
time neededto constructa single entry can be as
much as 30 minutes(see,e.g., (Copestake et al.,
1995;Neff andMcCord,1990;Walker andAmsler,
1986)).Theconstructionof bilingual entriesis even
morecomplicatedin that it requiresnative-speaker
knowledgein bothlanguages(Boas,2002;Calzolari
andLenci, 2002;Neff et al., 1993). Thus,automa-
tion of thebilingual lexical acquisitionprocessis a
necessityfor multilingualprocessingof any kind.

Thewideavailability of new electronicresources
to NLP researchershasfacilitatedautomatedacqui-
sition of bilingual lexicons.Previousapproachesto
bilingual-lexicon acquisitionhave involved (1) par-
allel corpora(Gale and Church, 1991; Melamed,
2000;Resnik,1999;Utzuroet al., 2002);(2) com-
parablecorpora(FungandYee,1998);and(3) mul-
tilingual thesauri(Vossen,1998). The relianceon
such resourceshas constrainedthe applicationof
theseapproachesto languagesthat are most fre-
quently usedin MT and cross-languageinforma-
tion retrieval (CLIR) tasks,e.g., English, French,
Spanish,and Chinese. The sameapproachesare
dif�cult to apply to languagepairs involving low-
densitylanguages(e.g.,Arabic, Cebuano,Turkish)
wheretherearenot enoughparallelor comparable
resourcesto producefull bilingual lexicons.

This paperdescribesimplementedmethodsfor
resourceacquisitionfrom printed bilingual dictio-

naries,especiallyfor low-density languages.The
basicmotivationbehindthis work is thatmany lan-
guageshave printedbilingual dictionariesmapping
a low-densitylanguageto a high-densitylanguage
suchasEnglish. Ultimately theobjective is to dis-
cover all supplementalentry-level componentsof
informationprovidedin bilingual dictionaries,e.g.,
partsof speech,pronunciation,andusageexamples.
The speedof our lexical-acquisitionapproachis a
uniquefeatureof our work: we aim to generatean
onlinebilingual lexicon very quickly (at most,in a
few days).

Our focus is on an implementedentry-tagging
modulefor online lexicon construction.We adopt
threedifferentmethods:rule-based,stochastic,and
post-processedstochastic.All utilize the repeating
structureof thedictionariesto identify andlabelthe
different information types. Human assistance—
requiredfor all threetechniques—isheldto a mini-
mum. We demonstratethat,whereastherule-based
taggingmethodperformsbetteron dictionariesin
which font is not a distinguishingfeaturefor de-
termininginformationtypes,thestochastictagging
methodgenerallyperformsbetteron dictionariesin
which font is an importantfeature. We alsoshow
that,a post-processingstochasticmethodimproves
the resultsof thestochasticmethodon phrasal en-
tries. Finally, we show that our resultingbilingual
lexiconsarecomprehensive enoughto provide the
basisfor reasonabletranslationresultswhencom-
paredto humantranslations.

Thenext sectiondiscusseswork relatedto ourap-
proach.In Section3 wedescribeourthreemethods.
Section4 presentsour experimentsand discusses
our results.Weconcludewith futurework.



2 RelatedWork
In recentyears,researchershave becomeincreas-
ingly interested in 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 structuralfeaturesin OCReddocumentshas
beenimplementedin approacheswheredocuments
aretaggediteratively, usingaStandardGeneralized
MarkupLanguage(SGML) (Palowitch andStewart,
1995). Suchapproachesproducea SGML docu-
mentthatcanbeeasilyparsed.

In otherapproaches(Mao andKanungo,2001),
automatic bilingual-dictionary extraction has re-
lied on stochastic language models based on
manually created context-free grammars (CFG)
anddictionary-speci�cstochasticproductionrules.
Theseapproachesare reasonablefor dictionaries
with a simplestructure,e.g.,wherefont is not used
to indicateinformationtypes. In the generalcase,
however, manual,grammar-basedapproacheswill
not be able to handleuncertaintyin OCR, ander-
rorsin thedocumentanalysis.

Our sourcedocumentis also a bilingual dictio-
nary. However, our approachis designedto tackle
someof the issuesthat hamperapproachesbased
strictly on formalgrammars,in particular:(1) com-
plexity andvariationswithin dictionaryentries;and
(2)noiseintroducedby OCRandsubsequentfeature
extraction.

3 Approach
We have built an entry-taggingsystemthat canbe
adaptedto differentbilingual dictionaryformatsas
well as different languages. Figure 1 illustrates
that dictionaryformatsvary from simpleterm and
phrasetranslationpairsto full descriptionsthatcon-
tainseveraldifferentinformationtypes, i.e.,identi�-
able“chunks” of informationassociatedwith bilin-
guallexical entries.1

Weborrow apre-existingtext segmenter/analyzer
(MaandDoermann,2003),2 usingitsoutputto iden-

1Although we focuson dictionariesmappingfrom a low-
densitylanguageto a high-densitylanguage,we have applied
our systemmore broadly, to dictionariesthat containthe re-
versemapping. This is importantfor caseswhereprintedre-
sourcesare limited to the less preferredbilingual direction.
We expecttheoutputof suchananalysisto beeasilyinverted
using standarddictionary-inversiontechniques(Menezesand
Richardson,2001).

2The pre-existing text segmenter/analyzerwas induced

tify different information types (parts of speech,
pronunciation,usageexamples)for eachbilingual
dictionaryentry. Table1 provides a list of poten-
tial informationtypes. Two typesthat we will re-
fer to frequentlyin this paperare: (1) Headword,
which refersto the main word that de�nes the en-
try; and(2) DerivedWord, which refersto a word
thatis lexically relatedto theheadword (e.g.,anad-
jectival form of averbentry).This list wasobtained
throughmanualexaminationof printeddictionaries.

Headword Translation
Pronunciation Tense
Partof speech(POS) Gender
PluralForm Number
Domain Context
Crossreference Language
Antonym Derivedword
Synonym Derivedword translation
In�ected form UsageExample
Irregularform UsageExampletranslation
Alternativespelling Idiom
Explanation Idiom translation

Table1: InformationTypesFoundin Bilingual Dic-
tionaries

We assumethat the OCRedand pre-segmented
dictionariesprovidethefollowing informationasin-
put to ourentry-taggingsystem:

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

wherea tokenis a setof glyphs(i.e.,avisualrepre-
sentationof a setof characters)in the OCRedout-
put, separatedby white space. Given an input in
this format,our entry-taggingsystemassociatesla-
belswith eachinformationtypeprovidedby atoken
or groupof tokensin theentry. Thesystemrequires
input from a humanoperatorwho is familiar with,
but not necessarilyexpert in, the languageof inter-
est.

Publishersof dictionariestypically usea combi-
nationof methodsto imposestructureonlexical en-
tries. Functionalproperties(changesin font, font

throughstandardimagepre-processingandmachine-learning
techniques:(1) Theprinteddictionarypageswerescannedand
divided into logical entriescontainingwordsandtheir associ-
atedlayout features(the font or color used,thelocationof the
word on thepage,etc); (2) Thelayoutfeatureswerethenused
as input to a machine-learningalgorithm to bootstrapa cus-
tomizedsegmenter/analyzer.



Figure1: Examplesof bilingualdictionaries

style,font-size,etc.)make theinformationtypeim-
plicit, keywordsprovideanexplicit interpretationof
theinformationtype,andvariousseparatorsimpose
an overall structureon the entry. For instance,a
boldfacefont may indicateheadwords, italics may
indicateusageexamples,keywords may designate
thePOS,commasmaybeusedto separatedifferent
translations,anda numberingsystemmay be used
to identify differentsensesof theword. Oursystem
usesthesecluesto identify informationtypesasso-
ciatedwith a token(or groupof tokens)in a lexical
entry.

We have implementedthree different methods
for entry tagging: a rule-basedmodel, a stochas-
tic Hidden Markov (HMM) model, and a post-
processedstochasticHMM model.Oneof thechal-
lengeswe facedwas the handling of noisy input
provided by the pre-existing OCR/segmenter. The
rule-basedmethodaccommodatesnoiseby allow-
ing for a relaxed matching of OCRed output to
information types. The HMM methodand post-
processedstochasticHMM methodare inherently
noise-tolerantdue to the statisticalnature of the
trainingprocedureunderlyingthemodels.

Theoverallarchitectureis shown in Figure2. We
now describeeachof thesethreemethodsin detail.

3.1 Rule-BasedMethod

Ourrule-basedtaggingapproachusesthefunctional
propertiesof tokensandtheir relationshipsto each
other in order to assignlabelsto eachinformation
type in a dictionaryentry. Rule-basedtagginguti-
lizesthreedifferenttypesof clues—fontstyle,key-
words and separators—totag the entriesin a sys-
tematicway. Thekey is to discover theregularities
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Figure2: Overall entrytaggingdesign

in theoccurrencesof thesecluesandto makeuseof
themin assigninglabelsto thedifferentinformation
typesassociatedwith eachtoken.

In orderto describedifferentkindsof separators
andtheir functions,� ve operandsarede�ned. Ta-
ble2 shows these� veoperandsandgivesexamples
of how they maybeused.Here � cat� refersto the
informationtypesin Table1,and � sym�

3 is asym-
bol thatcanbeusedasa separatorfor this speci�c
informationtype.

Thetaggingalgorithmproceedsasfollows. First
the entry is divided into segmentsusing the font
stylesand separators.A segmentis a token or a
groupof tokensthathasthesamefont styleor con-
sistsof given keywordsand/oris separatedby sep-
aratorsfrom othersegments,andin practicecorre-
spondsto a singleword or phrase. Eachsegment
is assigneda single information type at the end.
Sincetheuncertaintyin thedocumentimageanaly-

3This doesnotnecessarilyneedto bea charactervalue.



Operand De�nition Example
� cat� InPlaceOf � sym� Usedasashortcutfor aninformationtype headword InPlaceOf �

� cat� StartsWith � sym� Informationtypebeginswith this separator pronunciationStartsWith [
� cat� EndsWith � sym� Informationtypeendswith this separator translationEndsWith ;
� cat� PreviousEndsWith � sym� Previousinformationtypeendswith thisseparator translationPreviousEndsWith
� cat� Contains� sym� Informationtypecontainsthis separator derivedContains.

Table2: Operandsusedto modelseparators

sisprocessleadsto errorsin thesegmentation,sev-
eral rulescanbecreatedfor eachinformationtype,
thusallowing for arelaxedmatchingof OCRedout-
put to information types. For instance,thereare
somecaseswheretheseparatorsarerecognizedin-
correctly so we may say the pronunciationbegins
with either'(' or '['.

Oncetheentry is divided into segments,the tag-
ging processassociatesa singletag with eachseg-
ment. This processmakesuseof font styles,key-
words,andseparators.

As an illustration,a smallsubsetof the resulting
lexicon for the French-Englishdictionarygiven in
Figure1 is shown in Figure3.

bravache (Headword)
Pronunciation bravaJ
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 alternative
stochasticmethoddoesnotrequireeachinformation
typeto bede�ned preciselyandexplicitly by a hu-
manoperator. As before,thegoalis to determinethe
tagof eachtoken in an entry. If an entry is treated
asa sequenceof tokens,it resemblesthe decoding
taskin standardHiddenMarkov Model (HMM) ap-
proaches,wherethe observation statescorrespond
to thetokensin a lexical entryandthehiddenstates
correspondto theinformationtypesassociatedwith
thosetokens.

We use a standardViterbi decodingalgorithm
(Viterbi, 1967)which determinesthe highestlike-
lihood of a givenstatebasedon theentire input se-
quence.In orderto applythis algorithm,theHMM
must�rst betrainedonenoughdatato induceprob-
ability matrices.We usedDeMenthonandVuilleu-
mier's (DeMenthonandVuilleumier, 2003)HMM
package.This softwarefacilitatesthe implementa-
tion of entry taggingfor two reasons:(1) Observa-
tions areencodedasvectors,thusallowing for the
representationof severalfeaturesatonce;(2) Train-
ing is setup to accommodatemultiple observation
sequences—animportantpropertybecausewe can
usethewholedictionaryasour trainingset.

WeuseahybridmethodthatcombinestheBaum-
Welch algorithm (Baum, 1972) with a segmental
k-meansalgorithm(JuangandRabiner, 1990; Ra-
biner and Juang,1993). This method�nds local
maxima by applying ten iterationsof the slower
Baum-Welchalgorithm;thenthe�nal (smaller)hill-
climbing stepsof the fastersegmentalk-meansal-
gorithm areapplieduntil thereis no improvement,
or until thesystemconverges.

The observation sequence(or observation vec-
tor) usedin our HMM-basedapproachconsistsof
a setof 7 featurescorrespondingto eachtoken of
thedictionaryentry: (1) CONTENT; (2) FONT; (3)
STARTINGSYMBOL; (4) ENDING SYMBOL; (5)
SECONDENDING SYMBOL; (6) IS-FIRST; and
(7) IS-LATIN. CONTENTis associatedwith oneof
threevalues:Informationtypeif thetokenis a key-
word;SYMif thetokenis a symbol;NUM if theto-
kenconsistsonly of numericcharacters;otherwise,
the value1. FONT is the font style (normal,bold,
italic) of the token. STARTINGSYMBOLindicates
whetherthe token is a specialpunctuationsymbol:
ENDING SYMBOLand SECONDENDING SYM-
BOL indicate whetherthe last and second-to-last
charactersof thetokenarepunctuationsymbols,re-
spectively. IS-FIRSTindicateswhetherthis is the
�rst tokenof anentry(abooleanvalue).Finally, IS-
LATIN correspondsto whetherthecharactersin the



tokenareLatin basedcharactersor not.
Eachtoken in the dictionaryis transformedinto

an observation vectorbeforethe HMM is run. For
example,thePOSspeci�cationadj. is transformed
into the observation vector`[POSItalic null . null
null TRUE].' Theobservation vectorsareprovided
astrainingdatafor theHMM; theViterbi algorithm
is then appliedto �nd the mostprobablestatese-
quencefor the given input. Thereis a one-to-one
mappingfrom the observation vectorsof tokensto
thestatesof thissequence.

The mappingof the statesto information types
is doneusinga small trainingsamplefrom thedic-
tionary. Around 400 randomlyselectedtokensare
manuallytagged. In order to �nd the information
typescorrespondingto thestates,wecountthenum-
berof manuallyassignedinformationtypesthatfall
into eachstateandassigntheinformationtypewith
thehighestcountto thestate.

3.3 Post-ProcessedStochasticMethod

When we analyzedthe results of the stochastic
method,we discovered that, althoughthe results
of taggingof informationtypesarecomparableto
thoseof the rule-basedapproach,the identi�cation
of phrasesis not asrobust asthatof the rule-based
approach.In orderto increasethe performanceof
phraseidenti�cation, we post-processtheresultsof
the stochasticmethodusingkeywordsandsepara-
tors in the dictionary.4 The post-processingpro-
ceedsas follows: If two consecutive tokens in an
dictionaryentryaretaggedwith thesameinforma-
tion typeandif thereis noseparatorat theendof the
�rst token or at thebeginning of thesecondtoken,
wemarkthesetwo tokensasaphrase.

4 Experiments

We conductedthree experiments. The �rst mea-
suresDictionary Adequacy, the degree to which
threeprinted,bilingual dictionariesareadequately
capturedby oursystem.ThesecondexaminesLow-
Density Adequacy, the degree of dictionary ade-
quacy with respectto a low-densitylanguage(Ce-
buano). The lastexperimentexaminesthe thecov-
erageof our lexicon with respectto an automated
word-for-word replacementscheme,i.e., MT Com-
prehensivenessexperiment.

4In post-processing,separatorsare de�ned using the
StartsWith, EndsWith andPreviousEndsWith features.

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

We ran our threemethodson threeof the dictio-
nariesfrom Figure1: French-English(FE) (Urwin,
1988), English-Turkish (ET) (Avery et al., 1974),
andHindi-English(HE) (McGregor, 1993). These
dictionarieshave differentcharacteristicswhich af-
fectthenoiserateof OCR.In theFEdictionary, font
is a very importantfeature,whereasin ET dictio-
nary font is lessimportant,but still necessary. In
theHE dictionary, font is entirelyunimportant.

We use standard precision, recall and F-
measures5 to measuretheadequacy of our resulting
FE,ET, HEdictionarieswith respecttoground-truth
datageneratedmanuallyfor 5 randompagesof FE
dictionary, 5 randompagesof ET dictionary, and5
pagesworthof randomlyselectedentriesof HE dic-
tionary.

Somestatisticalinformation aboutthesedictio-
nariesis given in Table 3. The numberof com-
ponentsrepresentsthe numberof different values
each feature can take in the observation vector,
wherethevectorrepresents[ � Content� , � Font� ,

� Startingsymbol� , � Endingsymbol� , � Second
ending symbol� , � Is-�rst token� , � Is-Latin� ].
For 5 pagesof ground-truthfrom theFEdictionary,
thereare167 entriesand 2918 tokens,for the ET
dictionary, thereare 193 entriesand 2555 tokens,
andfor theHE dictionary, thereare136entriesand
2808tokens.6

We evaluatedour entry-taggingapproachon a
numberof completedictionariesby comparingthe
resultsagainstour manuallypreparedgroundtruth.
We performedtwo differentsub-experiments.The
�rst evaluationwasword-based,whereeachtokenis
viewedasa single-word entry, evenif it is partof a
phrase.Thesecondwasphrase-based,i.e.,we con-
sideredmulti-tokenentriesto begroupedtogetheras
a logicalphrase.7

5Precision(P) measureshow accuratelywe taggedthe en-
trieswhile recall(R) isameasureof coverage.In F-measure(F-
m) calculations,recallandprecisionaregivenequalweights.

6It is worthnotingthatthederivedwordandusageexample
have translationsfor thesedictionaries,but thesetranslations
have the samepropertiesas the headword translation. Thus,
we did notexplicitly preparerulesfor thesetwo typesof trans-
lations; instead,we assignedthe sameinformationtype to all
translationsin the trainingdata. The type of the translationis
identi�ed by theinformationtypeof thelasttokenbearingthat
translation(i.e. headword,derivedword,or usageexample).

7In thephrase-basedevaluation,if amulti-tokenentryis as-
signedoneinformationtypein thegroundtruth,weconsidered
the taggingcorrectonly if thesamemulti-tokenentrywasas-



French-English English-Turkish Hindi-English
# of pages 528 1152 1083
# of entries 13537 36747 33020
# of tokens 304601 619715 744722
# of components [11 4 6 9 7 2 1] [10 4 6 7 5 2 1] [12 2 6 107 2 2]

Table3: Dictionarystatistics

French-EnglishDictionary
All Inf ormation 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 74.51 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 Inf ormation 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 Inf ormation 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-basedevaluation,

considertheFE dictionaryfrom Figure1. Here,the
correct translationfor brasure is brazedseam. If
the systemproducesthe translation`brazedseam'
(asa unit), then this is countedasa correctentry.
If, on the otherhand,the systemproducestwo in-
dependentwords `brazed' and `seam', this result
is countedasincorrect. Phrase-basedevaluationis
importantfor machinetranslation,but word-based
evaluation is also signi�cant since certain cross-
languageapplications(e.g.,CLIR) treatall transla-
tionsof awordasa list.

The resultsof our experimentsarepresentedin

signedthesameinformationtypeby thesystem.

Table4. We tabulatedpercentagesfor two differ-
ent con�gurations: “all information types(AIT)”
and“headword andderivedword translationsonly
(HDT)”. The �rst gives the result for all informa-
tion typespresentin thedictionary. Thesecondcon-
sidersonly headwordandderivedwordtranslations.
Theresultsspecifyanaveragevalueovertheground
truth for eachdictionary.

When the font is a distinguishingfeature,as in
FE and ET, the stochasticmethodusually outper-
forms the rule-basedmethod. However, the rule-
basedmethodoutperformsstochasticmethodif the
font is not a distinguishingfeature,suchas in the
HE dictionary. Moreover, the stochasticmethod



aloneis not very successfulin identifying phrases
regardlessof the structureof the dictionary. The
post-processingstochasticmethodimprovesthe F-
measureof the phrase-basedresultsbetween13-
73% when AIT are considered,and between38-
254% when HDT are considered. Therefore,for
dictionariesthatcontainphrases,post-processingis
necessarywhenthestochasticmethodis used.

4.2 Low-DensityAdequacy: Cebuano-English

We evaluateda Cebuano-English(Carlsen,1999)
dictionaryusinga differentapproach.For this dic-
tionary, we investigatedthe handlingof the POS,
CebuanoandEnglishterms.We use100randomly
selected(ground-truth)entriesfrom theoriginaldic-
tionary as the basisof our comparisonagainstthe
generatedlexicon. Our evaluationinvolves a ver-
i�cation of only theseinformation types; eachto-
ken was categorized as one of three types: (1)
missing—notin the generatedlexicon; (2) extra—
not in theoriginaldictionary;(3) incorrect—tagged
correctly, but incorrectbecauseof OCR noise. Ta-
ble5 presentsour results.In addition,we foundout
that amongthe correctCebuanoterms,12.89%of
themhasincorrectaccentsbecauseof OCRnoise.

Cebuano POS English
Corr ect 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: CebuanoExperimentResults

4.3 MT Comprehensiveness

To approximatethe degree to which our lexicons
arecomprehensive enoughfor machinetranslation,
we conductedan experimentinvolving the useof
French-Englishlexiconsproducedby therule-based
techniqueandstochastictechniquedescribedabove.
We performedanautomaticword-for-word English
replacementof the words in the FrenchBible us-
ing thesetwo lexicons,andcalculatedthecoverage
againstits parallel English Bible, using the stan-
dard IR-basedrecall metric. Table 6 presentsthe
recallvaluesfor thelexiconsproducedby thethree
methods. Overall recall is the recall of the whole
Bible, whereassentencerecall is theaveragerecall
acrossindependentverses.Therecallresultsfor the
stochasticmethodaremuchhigher, supportingour
claim that for the dictionariesin which font is an

Lexicon Overall Recall SentenceRecall
Rule-basedlexicon 49.57 47.65
Stochasticlexicon 69.75 67.83

Table 6: MT ComprehensivenessExperimentRe-
sults

importantdistinguishingfeature(e.g., the French-
Englishdictionary),thestochasticmethodgenerally
outperformstherule-basedmethod.

5 Conclusionand Future Work
In thispaper, weproposedthreemethodsfor theso-
lution to the problemof taggingdictionaryentries
in bilingual dictionariesin orderto acquirean MT
lexicon from printeddictionaries.The �rst method
relieson rulesand informationaboutthe structure
of thedictionaryfrom anoperator. Thesecondone
is HMM-based,requiringonly a verysmallamount
of trainingdatato determinethe informationtypes
of tokens. The third one involves post-processing
on the secondmethodto improve the results for
phrasalentries.Wetestedoursystemusingdifferent
kindsof dictionariesincludingoneswith non-Latin
scripts, and we demonstratedthat thesemethods
give promising results,especiallyfor low-density
languages.When electronicresourcesare limited
and the needfor online dictionariesis crucial for
several NLP applications,our approachis promis-
ing in thatit providesrapidlexiconacquisitionwith
minimalhumanassistance.

A future areato investigateis the useof more
than one dictionary for the samelanguage—asan
approachto increasingrecall. Finally, we plan to
investigatethe use of English-heavy resourcesto
improve our results—e.g.,to generatePOSinfor-
mation (critical to the task of MT) when it is not
available. This can be doneby applying catego-
rial matchingof multiple English translations(for
eachbilingual entry) againsta large POSdatabase
(HabashandDorr, 2002).
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