
Using the Web asa Bilingual Dictionary
Masaaki NAGATA

NTT CyberSpaceLaboratories
1-1Hikarinooka,Yokoshuka-shi

Kanagawa,239-0847Japan
nagata@nttnly.isl.ntt.co.jp

Teruka SAITO
ChibaUniversity

1-33Yayoi-cho,Inage-ku
Chiba-shi,Chiba,263-8522Japan

t-saito@icsd4.tj.chiba-u.ac.jp

Kenji SUZUKI
ToyohashiUniversityof Technology

1-1Hibarigaoka,Tempaku-cho,Toyohashi-shi
Aichi, 441-8580Japan

ksuzuki@ss.ics.tut.ac.jp

Abstract

We presenta systemfor extracting an
Englishtranslationof a givenJapanese
technicalterm by collecting and scor-
ing translationcandidatesfrom theweb.
Wefirst show thattherearea lot of par-
tially bilingual documentsin the web
thatcouldbeusefulfor termtranslation,
discoveredby usingacommercialtech-
nical term dictionary and an Internet
searchengine. We thenpresentan al-
gorithmfor obtainingtranslationcandi-
datesbasedon thedistanceof Japanese
and English terms in web documents,
andreport the resultsof a preliminary
experiment.

1 Intr oduction

In thefield of computationallinguistics,the term
‘bilingual text’ is often usedas a synonym for
‘parallel text’, which is a pair of texts written in
two different languageswith the samesemantic
contents. In Asian languagessuchas Japanese,
Chineseand Korean,however, thereare a large
numberof ‘partially bilingual texts’, in which the
monolingualtext of an Asian languagecontains
several sporadicallyinterlacedEnglishwordsas
follows:

“
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(macu-
lar degeneration)
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The above sentenceis taken from a Japanese
medicaldocument,which says“Since glaucoma
is now manageableif diagnosedearly, macular
degenerationis becomingamajorcauseof visual
impairment in developednations”. Thesepar-
tially bilingual texts are typically found in tech-
nicaldocuments,wheretheoriginalEnglishtech-
nical termsareindicated(usuallyin parenthesis)
just after the first usageof the Japanesetechni-
cal terms.Evenif you don’t know Japanese,you
caneasilyguess‘

%1'?(1)
’ is the translationof

‘maculardegeneration’.

Partially bilingual texts can be usedfor ma-
chinetranslationandcrosslanguageinformation
retrieval, as well as bilingual lexicon construc-
tion, becausethey notonly giveacorrespondence
betweenJapaneseand English terms, but also
give the context in which the Japaneseterm is
translatedto the Englishterm. For example,the
Japaneseword‘

(�)
’ canbetranslatedinto many

English words, suchas ‘degeneration’,‘denatu-
ration’, and‘conversion’. However, thewordsin
theJapanesecontext suchas‘

�+�
(disease)’and

‘
�
2

(impairment)’ can be usedas informants
guidingtheselectionof themostappropriateEn-
glishword.

In this paper, we investigatethe possibility
of usingweb-sourcedpartially bilingual texts as
a continually-updated, wide-coveragebilingual
technicaltermdictionary.

Extracting the English translationof a given
Japanesetechnicalterm from the web on the fly
is differentfrom collectingasetof arbitrarymany
pairs of English and Japanesetechnical terms.
The former can be thought of example-based



translation,while the latter is a tool for bilingual
lexiconconstruction.

Internet portals are starting to provide on-
line bilingual dictionaryandtranslationservices.
However, technicaltermsandnew wordsareun-
likely to bewell coveredbecausethey aretoospe-
cific or too new. The proposedterm translation
extractorcould be an usefulInternettool for hu-
man translatorsto complementthe weaknessof
existing on-line dictionariesand translationser-
vices.

In the following sections,we first investigate
thecoverageprovidedby partially bilingual texts
in the web asdiscoveredby usinga commercial
technicalterm dictionary and an Internetsearch
engine. We then presenta simple algorithm
for extractingEnglishtranslationcandidatesof a
givenJapanesetechnicalterm. Finally, we report
the resultsof a preliminaryexperimentand dis-
cussfuturework.

2 Partially Bilingual Text in the Web

2.1 Coverageof Fields

It is very difficult to measurepreciselyin what
field of sciencetherearea large numberof par-
tially bilingual text in the web. However, it is
possibleto get a rough estimateon the relative
amount in different fields, by asking a search
enginefor documentscontainingboth Japanese
andEnglishtechnicaltermsin eachfield several
times.

For this purpose, we used a Japanese-to-
English technicalterm dictionary licensedfrom
NOVA, a maker of commercialmachinetransla-
tion systems.Thedictionaryis classifiedinto 19
categories,rangingfrom aeronauticsto ecologyto
trade,asshown in Table1. Thereare1,082,594
pairsof JapaneseandEnglishtechnicalterms1.

We randomly selected30 pairs of Japanese
and English termsfrom eachcategory and sent
queries to an Internet searchengine, Google
(Google,2001),to seewhetherthereareany doc-
umentsthat contain both Japaneseand English
technicalterms. The fourth column in Table 1
shows the percentageof queries(J-E pairs) re-
turnedby at leastonedocument.

1Thedictionarycanbesearchedin theirwebsite(NOVA
Inc.,2000).

It is veryencouragingthat,on average,42%of
the queriesreturnedat leastonedocument.The
resultsshow that the web is worth mining for
bilingual lexicon, in fields such as aeronautics,
computer, andlaw.

2.2 Classificationof Format

In orderto implementatermtranslationextractor,
we have to analyzethe format, or structuralpat-
tern of the partially bilingual documents.There
areat leastthreetypical formatsin theweb. Fig-
ure1 showsexamples.

@ alignedparagraphformat

@ tableformat

@ plain text format

In ‘alignedparagraph’format,eachparagraph
containsone languageand the paragraphswith
different languagesare interlaced. This format
is often found in web pagesdesignedfor both
Japaneseand foreigners,such as official docu-
mentsby governmentsand academicpapersby
researchers(usuallytitle andabstractonly).

In ‘table’ format, each row containsa pair
of equivalent terms. They are not necessarily
marked by the TABLE tag of HTML. This for-
matis oftenfoundin bilingualglossariesof which
therearemany in theweb. Someportalsoffer hy-
per links to suchbilingual glossaries,suchasko-
toba.ne.jp(kotoba.ne.jp,2000).

In ‘plain text’ format,phrasesof differentlan-
guageare interlacedin the monolingualtext of
the baselinelanguage.The vastmajority of par-
tially bilingual documentsin the web belongsto
thiscategory.

The formats of the web documentsare so
wildly different that it is impossibleto automat-
ically classifythemto estimatetherelative quan-
titiesbelongingto eachformat.Instead,weexam-
inedthedistance(in bytes)from aJapanesetech-
nical term to its correspondingEnglishtechnical
termin thedocumentsretrievedfrom thewebby
theexperimentdescribedin theSection2.1

Figure 2 shows the results. Positive distance
indicatesthat theEnglishtermappearedafterthe
Japaneseterm, while negative distanceindicates
the reverse. It is observed that the English and
Japanesetermsarelikely to appearvery closeto



Registration for Foreign Residents and Birth Registration��A?B�CEDGF ��H�I C J+KL�NMOA �QPR�-GS+T
U � V�W�XZY
The official name for registration for foreign residents in Japan [ as
determined by the Ministry of Justice [ is \ Alien Registration ]_^
...
Anyone staying in Japan for more than 90 days [ chil-
dren born in Japan [ ...
90 `ba+cd`fe ��g
h�i <���j $�k+l�� `be1m W=nNo ! �Qj $ ...
...

(http://www.pref.akita.jp/life/g090.htm)
(a) An exampleof ‘alignedparagraphformat’ takenfrom a life guidefor foreigners.

`be
p+qsr�t�uwvyx"z
{ 1( |�} )
...~ ;Z����s���

gasping respiration�
�+�����
achalasia� q )
�Z��)+�s���1� subacute bacterial endocarditis

...~ A ��
stomach� �
gastric juice�
�
catabolism

...
(http://apollo.m.ehime-u.ac.jp/GHDNet/98/waei.html)

(b) An exampleof ‘table format’ takenfrom amedicalglossary.

�G��� ���E�
�Z� ���E� $�S=��.��
�?���+��� ��< � 9Eo � � �1�"�
���s�?  ��¡ ��¢ �
¡£���¤ V?¥No $�¦+§
¨+©Z.�ª
« � � � q+¬ � c � 7® #��ZA <°¯+± .�B �
² A+An i > ¡ �s¢ ��³�£Z��´ nNoµ<�¶�·���¸�¹ º

CO2 » $6¼�½�¾ º
CH4 » $ ��·���¿�¹º

N2O » $ZÀ?ÁQ¾ �+P �1$ �1�"�
���s� º
Green House Gases Â GHGs » � AEÃ o �A n i >

...
(http://www.eic.or.jp/cop3/ondan/ondan.html)

(c) An exampleof ‘plain text format’ takenfrom adocumenton globalworming.

Figure1: Threetypical formatsof partially bilingualdocumentsin theweb



Table1: Thepercentageof documentsincludingbothJapaneseandEnglishwords

fields words samples found Exampleof Japanese-Englishpair
aeronauticsandspace 17862 30 57%

%
Ä+Å
Æ
ecliptic coordinates

architecture 32049 30 30% Ç
È 0 loadcapacity
biotechnology 59766 30 50% É
Ê � W t phylogeny
business 50201 30 57%

���"Ë 7
shortselling

chemicals 122232 30 43% Ì · ¼ÎÍ
Ï methylformate
computers 117456 30 57% Ð�Ñ Á�Ò�Ó�Ò OSloader
defense 4787 30 17% Ô
Õ+Ö ) signature
ecology 32440 30 40% ×
Ø+Ù1Ú"Û permafrost
electronics 87942 30 47%

��Ü+Ý
Þ1ß�¾Qà
internalgearpump

energy 15804 30 50% á�â�ã Á6ä�ÁQ¾�å
æ cyclotronheating
finance 57097 30 37% ç
è+é
ê operatingexpenses
law 36033 30 60% ë
ì S sponsor
mathandphysics 76304 30 40%

(
íZî1ïQÏ Ì Ò deformationenergy
mechanicalengineering 86371 30 30% ð1ñ�òGÉ tetragonalsystem
medical 135158 30 27% ó í+R
ô t orthopedics
metals 25595 30 37% õ
ö å
÷ electrochemicalmachining
ocean 13215 30 43% ø
ù+ú
û mooringtrial
(industrial)plant 95756 30 53% ü �+ý�þ�ÿ�� plotter
trade 16526 30 20% ������� remunerativeprice
total 1082594 570 42%

0

50

100

150

200

250

-200 -150 -100 -50 0 50 100 150 200

N
um

be
r 

of
 o

cc
ur

re
nc

es

�

Distance in bytes

Distance from Japanese words to English words

Figure 2: Distancefrom Japanesetermsto En-
glish terms

eachother. 28%(=233/847)of Englishtermsap-
pearedjustafter(within 10bytes)thecorrespond-
ing Japaneseterms. 58% (=490/847)of English
termsappearedwithin � 50bytes.They probably
reflecteithertableor plain text format.

Although there are 28% (=237/847)English
terms appearedoutside the window of � 200
bytes,wefind this ‘distanceheuristics’verypow-
erful, so it wasusedin the termtranslationalgo-
rithm describedin thenext section.

3 Term Translation Extraction
Algorithm

Let 	 and 
 be Japaneseand English technical
termswhich aretranslationsof eachother. Let �
beadocument,andlet ���	�� beasetof documents
which includestheJapaneseterm 	 . Let �����	���
��
bea statisticaltranslationmodelwhich givesthe
likelihood(or score)that 	 and 
 aretranslations
of eachother.

Figure 3 shows the basic (conceptual)algo-
rithm for extracting the English translationof a
givenJapanesetechnicaltermfromtheweb. First,
we retrieve all documents���	�� that containthe



1 foreach � in ���	��
2 if � is abilingualdocumentthen
3 foreach 
 in �
4 compute�����	���
��
5 end
6 endif
7 end
8 output �
�� �"!�#%$&��'(� � �	���
��

Figure3: Conceptualalgorithmfor extractingEn-
glish translationof Japaneseterm

givenJapanesetechnicalterm 	 usingasearchen-
gine. We theneliminatethe Japaneseonly doc-
uments. For eachEnglish term 
 containedin
the (partially) bilingual documents,we compute
thetranslationprobability � � �	)��
�� , andselectthe
Englishterm �
 which hasthe highesttranslation
probability.

In practise,it is oftenprohibitive to down load
all documentsthat include the Japaneseterm.
Moreover, a reliable Japanese-Englishstatisti-
cal translationmodel is not availableat the mo-
mentbecauseof the scarcityof parallelcorpora.
Rather, oneof theaimof thisresearchis to collect
the resourcesfor building suchtranslationmod-
els. We thereforeemployeda very simplisticap-
proach.

Insteadof using all documentsincluding the
Japaneseterm, we usedonly the predetermined
numberof documents(top 100documentsbased
on therankgivenby thesearchengine).This en-
tails the risk of missingthedocumentsincluding
theEnglishtermswe arelooking for.

Insteadof usinga statisticaltranslationmodel,
we useda scoringfunction in the form of a geo-
metricdistributionasshown in Equation(1).

* �	���
��+�-,.0/(12,3�046587979:<;>=6; ?�@ A9BDCFEHGIB (1)

Here, �J�	)��
�� is the byte distance between
Japaneseterm 	 andEnglishterm 
 . It is divided
by10andtheintegerpartof thequotientisusedas
the variablein the geometricdistribution ( K3LNM�M�O
indicatesflooring operation).Theparameter(the
average)of the geometricdistribution , is set to
0.6 in ourexperiment.

Thereis no theoreticalbackgroundto thescor-
ing function Equation(1). It was designed,af-
ter a trial anderror, sothat the likelihoodof can-

Table 3: Term translationextraction accuracy
testedby 34 Japaneseterms

rank exact partial-1 partial-2
1 15% (5) 15% (5) 18% (6)
5 29% (10) 29% (19) 41% (14)

10 47% (16) 53% (18) 62% (21)
50 56% (19) 71% (24) 79% (27)
all 62% (21) 76% (26) 91% (31)

didatespairsbeingtranslationsof eachotherde-
creasesexponentiallyasthedistancebetweenthe
two termsincreases.Startingfrom the scoreof
0.6,it decreases40%for every10 bytes.

If we observed the samepair of Japaneseand
English termsmore than once,it is more likely
thatthey arevalid translations.Therefore,wesum
the scoreof Equation(1) for eachoccurrenceof
pair �	)��
�� andselectthe highestscoringEnglish
term �
 asthetranslationof theJapaneseterm 	 .

4 Experiments

4.1 TestTerms

In order to factor out the characteristicsof the
searchengineand the proposedterm extraction
algorithm,we used,asa testset,thosewordsthat
areguaranteedto have at leaseoneretrieveddoc-
ument that includesboth Japaneseand English
terms.

First, we randomlyselected50 pairs of such
JapaneseandEnglishterms,from the pairsused
in theexperimentdescribedin Section2.1. They
are shown in Figure 2. We then sent each
Japanesetermasaqueryto anInternetsearchen-
gine, Google,anddown loadedthe top 100 web
documents.“o” indicatesthat at leastoneof the
down loadeddocumentsincludedbothterms.“x”
indicatesthat no documentincludedboth terms.
This resultedin a testsetof 34 pairsof Japanese
andEnglishterms.

For example,althoughtherearea lot of doc-
umentswhich includeboth “ P ” and“west”, the
top100documentsretrievedby “ P ” asthequery
did not contain“west” since“ P ” is a highly fre-
quentJapaneseword.



Table2: A list of JapaneseandEnglishtechnicaltermsusedin theexperiment.

o Q�RTSVUXWTY NationalInformationInfrastructure x Z\[^] specificstrength
o _V`TaVbXc terrestrialplanet o dTeVfhgie�jXk earthcable
o lVm\n loadcapacity o oqprd^s\tru tenuazonicacid
o vxw(y multiple factor o zT{V|Vz\} ethology
o ~V�T�V�X� radionuclide o �����������������.���������3� job shopscheduling
o �V�����X� GovernmentPrintingOffice o �T�V�V� launcher
x  �¡(U£¢ expensereporting o ¤Xu¦¥�§Xk methylformate
o ¨&©«ª¬�e�®�¯xe^° network game o ±V²^e%¯¦e³° war game
o ´Tµ(¶2©^®³f Phoenix x · west
x ¸V¹ first dayof winter o º«»i®%k½¼^»^° cycle time
o ¾^¿TÀ&ÁrÂ half duplex circuit o ÃTÄVÅVÆ market research
o ÇÈTÉVÊTË&t�Ì internalgearpump o Í\ÎXÏ(kÐe(Ì closedloop
o º«»i®XÑ�ªrÑ�thÒVÓ cyclotronheating x ÔTÕVÖV× operatingexpenses
x ØVÙ well-being o ÚTÛVÃVÄ world market
x ÜVÝ faith o ÞTß courtroom
x ÞVàTá&ârã treatise x äTåVæ sponsor
o d�ç£è(f address x éTêVÅVÆ climatestudy
o _VëTéVìXí geomagneticreversal x î\ï edge
o ðV] density o ñTzVò endartery
o óVôTõVöT} orthopedics x ÷TøTÌÐÑù&f steelmakingprocess
x ú�û knob o üTýVþVí mooringtrial
o ÿ��½¼he��\t low pressureturbine o ���i©X® petcock
x �	� stay o 
T|��Vf�oi° navigationsystem
x �� totalpressure o �	� debit
x õ&Q������TÄ foreignexchangerate o �«´��V»��xe opticalfiber

4.2 Extraction Accuracy

Table3 shows theextractionaccuracy of theEn-
glish translationof Japaneseterm. Since both
JapaneseandEnglishtermscouldoccurasa sub-
partof morelongerterms,weneedto considerlo-
calalignmentto extracttheEnglishsubpartcorre-
spondingto theJapanesequery. Insteadof doing
this alignment,we introducedtwo partial match
measuresaswell asexactmatching.

In Table 3, ‘exact’ indicatesthat the output
is exactly matchedto the correctanswer, while
‘partial-1’ indicatesthatthecorrectanswerwasa
subpartof theoutput; ‘partial-2’ indicatesthatat
leastone word of the output is a subpartof the
correctanswer.

For example, the eye disease‘ ����� � ’,
whose translationis ‘macular degeneration’, is
sometimesmore formally refereedto as ‘ !#"
�$�%�$�#� ’, whose translationis ‘age-related
maculardegeneration’. ‘Partial-1’ holds if ‘age-
relatedmaculardegeneration’is extractedwhen
thequeryis ‘ �&�&�'� ’. ‘Partial-2’ holdsif ‘de-
generation’is included in the output when the
queryis ‘ �'�(�'� ’.

It is encouragingthatusefuloutputs(eitherex-
actor partialmatches)areincludedin thetop 10

candidateswith the probability of around60%.
Since we usedsimple string matchingto mea-
suretheaccuracy automatically, theevaluationre-
portedin Table3 is very conservative. Because
theoutputcontainsacronyms,synonyms,andre-
latedwords, the overall performanceof the sys-
temis fairly credible.

For example,theextractedtranslationsfor the
query‘ )+*&,.-&/&0 ’ (NationalInformationIn-
frastructure)were as follows, wherethe second
candidateis thecorrectanswer.

18.721123: nii
13.912146: national informa-
tion infrastructure
2.137008: gii
1.398144: unii

NII (nii) is theacronym for NationalInforma-
tion Infrastructure,while GII (gii) andUNII (unii)
standfor Global Information Infrastructureand
UnlicensedNational Information Infrastructure,
respectively.

If thequeryis achemicalsubstance,its molec-
ular formula, insteadof acronym, is often ex-
tracted,suchas ‘HCOOCH3’ for ‘ 1&243�5&6 ’
(methylformate).

1.801008: methyl formate
0.840786: hcooch3
0.84: hcooh



As for synonyms,althoughwe took ‘operating
expenses’to bethecorrecttranslationfor ‘ 798;:<

’, thefollowing third candidate‘operatingcost’
is alsoa legitimatetranslation.This is countedas
‘partial-2’ because‘operating’ is a subpartof the
correctanswer.
1.8: fa
0.606144: ohr
0.6: operating cost

For your information,OHR (Over HeadRatio)
is a managementindex andequalsto the operat-
ing costdividedby thegrossoperatingprofit. ‘Fa’
happenedto beusedthreetimesin a tutorial doc-
umenton accountingto standfor ‘operatingex-
penses’,suchas“ 7.8(: < (Fa)==(> (E)*23%”,
where‘ =(> ’ means‘cost’.

Thefollowing exampleis acombinationof the
acronyms,synonymsandrelatedwords,which is,
in a sense,a typical outputof the proposedsys-
tem.Thequeryis ‘ ?9@9A9B ’, and‘climatestudy’
is thetranslationweassumedto becorrect.
10.736611: wcrp
2.282483: wmo
1.220275: no
1.2: wc rp
0.72: igbp
0.6: sparc
0.6: wcp
0.6: applied climatology
0.2784: world climate research programme

A subpartof the 9th candidate‘climate re-
search’is alsoa legitimatetranslation. ‘WCRP’
is theacronym for ‘World ClimateResearchPro-
gramme’,which is the9th candidateandis trans-
latedto ‘ C'D&?'@&A'B#E;F ’ which includesthe
originalJapanesequery. ‘WMO’ standsfor World
MeteorologicalOrganization,whichhoststhis in-
ternationalprogram.

In short, if you look at the extractedtransla-
tions togetherwith the context from which they
areextracted,you canlearna lot aboutthe rele-
vant informationof the queryterm andits trans-
lation candidates.We think this is a useful tool
for humantranslators,andit couldprovide a use-
ful resourcefor statisticalmachinetranslationand
crosslanguageinformationretrieval.

5 Discussionand RelatedWorks

Previousstudieson bilingual text mainly focused
oneitherparalleltexts,non-paralleltexts,or com-
parabletexts, in which a pair of texts arewritten

in two differentlanguages(Veronis,2000).How-
ever, except for governmentaldocumentsfrom
Canada(English/French)and Hong Kong (Chi-
nese/English),bilingual texts areusuallysubject
to such limitations as licensing conditions,us-
agefees,domains,languagepairs,etc. Oneap-
proachthatpartially overcomestheselimitations
is to collectparalleltextsfrom theweb(Nie etal.,
1999;Resnik,1999).

To provide bettercoveragewith fewer restric-
tions,wefocusedonpartiallybilingual text. Con-
sideringthe enormousvolumeof suchtexts and
thevarietyof fields covered,we believe they are
thebestresourceto minefor MT-relatedapplica-
tionsthatinvolveEnglishandAsianlanguages.

The currentsystemfor extracting the transla-
tion of a given term is more similar to the in-
formationextractionsystemfor termdescriptions
(Fujii and Ishikawa, 2000) than any other ma-
chinetranslationsystems.In orderto collectde-
scriptionsfor technicaltermX, suchas‘datamin-
ing’, (Fujii andIshikawa,2000)collectedphrases
like “X is Y” and“X is definedasY”, from the
web. As oursystemusedascoringfunctionbased
solely on byte distance,introducingthis kind of
patternmatchingmight improve its accuracy.

Practically speaking,the factor that most in-
fluencesthe accuracy of the term translationex-
tractoris thesetof documentsreturnedfrom the
searchengine.In orderto evaluatethesystem,we
useda testsetthat guaranteesto containat least
onedocumentwith boththeJapanesetermandits
Englishtranslation;this is a ratheroptimisticas-
sumption.

Since the searchengineis an uncontrollable
factor, onepossiblesolutionis to make your own
searchengine.We arevery interestedin combin-
ing suchideasas focusedcrawling (Chakrabarti
et al., 1999)anddomain-specificInternetportals
(McCallum et al., 2000)with the proposedterm
translationextractorto developadomain-specific
on-linedictionaryservice.

6 Conclusion

We investigatedthe possibility of usingthe web
asabilingualdictionary, andreportedtheprelim-
inary resultsof an experimenton extracting the
English translationsof given Japanesetechnical
termsfrom theweb.



Oneinterestingapproachto extendingthecur-
rentsystemis to introduceastatisticaltranslation
model(Brown et al., 1993)to filter out irrelevant
translationcandidatesandto extract themostap-
propriatesubpartfrom a long English sequence
asthetranslationby locally aligningtheJapanese
andEnglishsequences.

Unlike ordinary machine translation which
generatesEnglish sentencesfrom Japanesesen-
tences, this is a recognition-type application
which identifieswhetheror not a Japaneseterm
andanEnglishtermaretranslationsof eachother.
Consideringthefactthatwhatthestatisticaltrans-
lation model provides is the joint probability of
Japaneseand English phrases,this could be a
morenaturalandprospectiveapplicationof statis-
tical translationmodelthansentence-to-sentence
translation.
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