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Abstract

Electonic bilingual lexicons are crucial for madine
translation,cross-lingualinformationretrieval and speet
recanition. For low-densitylanguages,howerer, theavail-
ability of electionic bilingual lexiconsis questionableOne
solutionis to acquire electionic lexiconsfrom printedbilin-
gual dictionaries.While manualdataentryis a possibility
automaticacquisitionof lexiconsfrom scannedmages of
bilingual dictionarieswould expeditethe prototyping pro-
cessof cross-languge systems.Printed dictionarieshave
a logical modelthat defineghe syntaxof the dictionaryen-
tries—i.e. order of thedictionary entry; its part of speef,
its pronunciationand its definition. In this article we pro-
posean algorithm to automaticallyextract bilingual dic-
tionary entriesbasedon stodasticlanguage models. We
demonstate this algorithm on a printed Chinese-English
dictionary. This work can be easily usedfor extracting
information from other tabular structues like telephone
books.catalags, etc.

1 Intr oduction

Documentimageanalysis(DIA) is the processof con-
verting a documentpageimageinto a symbolicfile. An
importantcomponentf theary DIA systemis theanalysis
of the logical structureof documentpageimages. Docu-
mentlogical structurespecifiedogical labelsandthe logi-
cal relationamongdocumentomponentsFor instancejn
ascientificjournal paper titte andauthorarelogical labels
andetitle is followedby author. Documentogical structure
analysisis a processof assigninglogical labelsandrela-
tionsto the physicallysegmentedegions. While numerous
algorithmshave beenproposedor analyzinga documents
physicalstructurethereis relatively lesspublishedwork on
documentogical structureanalysis.

Bilingual lexiconis anindispensabléool in naturallan-
guageunderstandingmachinetranslation,cross-language

informationretrieval andspeeckrecognition.In this paper
we describean algorithmfor parsingthe logical structure
of printedbilingual dictionariesusinga stochastidanguage
model. We discussrelevantliteraturein Section2. In Sec-
tion 3 we presenta stochastidanguagemodelfor repre-
sentingthe logical structureof a printed Chinese-English
dictionary In Section4, we describea protocolfor training
and evaluatingour algorithmandin Section5 we discuss
theexperimentaresults.

2 Survey

Languagemodelshave beenusedfor efficiently model-
ing thesyntacticknowledgein thegivendatain mary appli-
cationsbesidedinguistics. Formal languagesepresented
by thegrammaticatuleshave beenusedin patternrecogni-
tion[5]. In thecomputewision arealanguaganodelssuch
as context-free grammarshave beenusedfor recognizing
visual actiities [7]. N-gramsand Hidden Markov Model
(HMM) arevery popularlanguagemodelsusedin speech
recognition[17]. Languagemodelssuchasfinite stateau-
tomatahave beenusedfor documenimagedecoding11].

Documentlayout structureconsistsof documentphysi-
cal layout analysisandlogical layout analysis. Document
physicalanalysismethodcanbe cateyorizedinto top-down
approache$l3, 2], bottom-upapproache$l4, 8] andhy-
brid approache$16]. A surwy of pagesegmentational-
gorithms can be found in [15]. Mao and Kanungo[12]
evaluatedthreeresearctphysicalsggmentationalgorithms
and two commercialproducts. Rule-basedsystemhave
beenusedfor automaticallylabelingthe documentimages
[10]. The linguistic propertiesof documentlayout have
beenstudiedin [6, 19]. Conway [3] performeddocument
layoutrecognitionbasedon a setof pagegrammarsKrish-
namoorthyet. al. usedasetof blockgrammardgor syntactic
segmentatiorandlabelingof documenpages.

Efficientparsingalgorithmshave beenproposedor gen-
erating syntactic structuresbasedon grammaticalrules.



Earley algorithm[1] is a top-dovn dynamicprogramming
approach.Cocke-YoungerKasami(CYK) algorithm[1] is

abottom-updynamicprogrammingapproachWhile deter

ministic languagemodelscan be useful, they are not use-
ful whenthe input hassentencesvith grammaticalerrors.
Stochastigarsingtechniquesanremove this difficulty by

selectinga parsingtreewith the highestprobability. Stolcke

[18] augmentedEarley parsemby asetof probabilityandef-

ficiently find the optimal parsingresult.

3 DocumentModel

We usea generatie documenimodelfor modelingdic-
tionarypagesasshavnin Figurel(a)andFigurel(b). This
modelcontainsa physicallayoutmodel,alogical structure
model,a text generatiormodel,a bordernoisemodeland
a local noisemodel. In this paper we focus on the logi-
cal structurerecognitionandthe detaileddescriptionof the
physicalstructuremodelandrecognitionalgorithmcanbe
foundin [9]. Figurel(c)showvsasamplesggmentatiorre-
sultof adictionarypage.

3.1 DocumentLogical Model

In the Chinese-Englishtictionary thereare four cate-
goriesof objects:Pinyin (Chinesepronunciation) Chinese
word, part of speechand the English definition. Within
eachlexicon item, the objectsof differenttypesare logi-
cally structured. We use context-free grammar(CFG) to
modelthis logical structureof Chinese-Englistdictionary
lexiconitems. Let G = (Vw, Vr, P;, S) denotea context-
freegrammarandVy = {S,P,C,T,U,G, D} bea setof
all nonterminalsymbols,whereP is a Pinyin phrase(' is
a ChinesephraseT is a translationphrase U is atransla-
tion unit phrase,G is a part of speechphraseand D is a
definition phrase.Vr = {a,b, ¢,d} is asetof all terminal
symbolswhereaq is Pinyin, b is Chinesec is partof speech
andd is Englishdefinition. Finally, let Ps; bethefinite setof
stochastigroductionrulesand S be the nonterminalstart
symbol. For the Chinese-Englistdictionary we formally
definethe possibleproductionset P asfollows:

S—>PCT[1.0] T-oUT[1-4]
P—a [a] U— GDJ[L1.0]
P—aP[l-a] G-c [7]
C—-b (8] G—cG[l1-1]
C—»bC[l1-p5] D-—d [4]
T—-U [~] D—dD[1-{]

wherethenumbersn thesquaredracketarerule probabil-
ities. Theword split error from physicalsggmentationcan
be handledby therulesP - aP, C —+ b C,G — ¢ G and
D — d D. However, if two or more words from different
catgyoriesarememgedduring physicalsegmentatiorproce-
dure,the parserwill generateerroneougesults. Hence, it

is importantto train the physicalmodelparameter$o avoid
mergeerrorasmuchaspossible.On the otherhand,if split
errorbecomesever, the lengthof string of physicallyseg-
mentedwordsin lexicon item becomedongerandthepars-
ing of it becomeslower.

We augmeneachproductiorrule with aprobability. The
parsingresultwith the highestprobability is retainedand
all otherparsingresultsarediscardedln this paperwe use
theStolcke-Earley parse18] to generatéhemostprobable
parsingresultbasedon stochasticcontext-free grammars.
Theterminalsymbolsequencearetheinputsto the parser

3.2 Modeling the Uncertainty in the Input Sym-
bols

In our problemtheterminalsymbolsarealsoprobabilis-
tic. Thatis, for eachword-tokenwe have probabilitiesthat
thetokencanbeoneof thefour categories,namely Pinyin,
or a Chineseword, or a partof speechpr partof a defini-
tion. Theseprobabilitiesare derived from the distribution
of theheightfeaturethatis extractedfrom theword bound-
ing box generatedby the physicalsggmentatiorstage.Thus
the input hasa distribution on the four cateyories. Let z
bearandomvariablecorrespondingo thefeatureextracted
from theinputandlet C be arandomvariablewhosevalue
canbeoneof thefour categories.

By studyingthe physicalsggmentatiorresultsasshavn
in Figure 1, we modeledthe heightfeaturedistribution of
Pinyin, Chineseand part of speechusing Gaussiardistri-
butions. However, sinceEnglishwordscanhave ascender
descendeor noneof them,the heightdistribution hasthree
peaks. Mixture densitycanbe usedto modelthis kind of
distribution. In our case we usedthe heighthistogramdis-
tribution obtainedfrom a training datasetasthe empirical
probabilitydensityfunction. For agivenz,

_ 0 fele=0)-P(C=i)
P(C =ilz) = >, f@C=j)-P(C=j)

The prior probability P(C = i) canbe easily estimated
from the training dataset.Thereforefor eachinput feature
x, we cancomputeP(C = i|z),i = 1,2,3,4 usingabove

equations.

4 Experimental Protocol

Our dictionary image pagetest data set containedsix
scannegagesrom a Chinese-Englisldictionary[4]. Each
dictionary pagecontainsabout90 lexicon items. We used
onedictionarypagewith 88lexiconitemsfor estimatinghe
input featuremodelparametersind stochasticontext-free
grammarproductionrule probabilities. We thenevaluated
our algorithmwith the estimatedmodelparametersn the
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Figure 1. This figure shows a real dictionar y page in (a), a synthetic dictionar y page in (b) using
estimated style parameter s for (a), and a sample physicall y segmented real dictionar y page in (c).
Notice that one of the headword and the corresponding Chinese word have both been split into two

tokens.

remainingfive dictionarypagesDifferentOCRenginesare
selectvely appliedto the the subimagescorrespondingo
logical componentgarsedby the stochasticparser The
script of the text was automaticallyclassifiedby the algo-
rithm. Finally, the logical structureof the file wasgener
ated.

The platform usedfor the implementation,algorithm
training andtestingwas a Dell PC with a 355 MHz Pen-
tium Il CPUand128 MB mainmemoryrunningLinux 7.0
operatingsystem.

5 Experimental Results
and Discussions

We report four performancendices of our algorithm:
parsingaccuray, parsingfailurerate,parsingerrorrateand
parsingmissrate. We reportthesenumberson individual
pagesof the dictionary pagesandthenreportthe average
overall five testdictionarypagesasshowvn in Tablel.

Parsingaccuray is definedastheratio of numberof cor
rectly parsedexicon itemsandthe total numberof lexicon
items. Parsingfailurerateis definedasthe ratio of number
of lexiconitemsthatcannot be parsedandthetotalnumber
of lexiconitems. Parsingerrorrateis definedastheratio of
numberof lexiconitemsthatareincorrectlyparsedandthe
total numberof lexicon items. Parsingmissrateis defined
asthe ratio of numberof lexicon itemsthatarenot parsed
andthetotal numberof lexicon items.

Most failed parsesare dueto inaccuratefeatureextrac-
tion as shavn in Figure 2(a) wherethe height of part of

Table 1. Performance Indices. The values are
in percentage.

PageNo. 1 2 3 4 5 pageaverage
parsingaccurag | 91.11{ 89.80| 96.70 | 93.10 | 90.63
parsingfailurerate 0 204 | 1.10 | 1.15 | 7.29 2.32
parsingerrorrate | 6.67 | 7.14 | 2.20 | 5.75 | 2.08 4.81
parsingmissrate | 2.22 | 1.02 0 0 0 0.66

speechs toolarge; mostincorrectparsesaredueto thefact

that words of differentcategory within a lexicon item got

mergedas shavn in Figure 2(b). However, missedparses
are due to incorrect physical segmentationresult on the

missedexiconitemasshovnin Figure2(c).

Currentlyour featureincludestokenheightonly. We can
seethattheparsingresultis very goodgiventhe simplefea-
ture we extract from physically sggmentedtokens. How-
ever, the performancecanbe furtherimprovedif usersex-
tract betterand more featuresfrom the segmentedtokens.
We planto evaluateour algorithmon a muchlargerdataset
andextractmulti-dimensionafeaturedrom physicallyseg-
mentediokens.
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Figure 2. This figure shows an example of failed parsing (a), incorrect parsing (b) and missed parsing

(c).
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