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Abstract
Engyclopelias, which describegeneral/techical terms,arevaluablelanguageaesourcegLRs). As with othertypesof LRs relying on
humanintrospectiorandsupervisionconstructingeng/clopediads quiteexpensve. To resohe this problem we automatially produced
alarge-scaleeng/clopedc corpusover the World Wide Weh We first searchedhe Web for pagescontaininga termin question.Then
we usedlinguistic patternsand HTML structuregto extracttext fragmentsdescribingthe term. Finally, we organizedextractedterm
descriptiondasedon domains.Theresultantcorpuscontainsapproximatéy 100,000terms. We alsoevaluatedthe quality of 2,000test
terms,andfoundthatcorrectdescriptionsvereobtainedfor 65% of testterms.

1. Introduction

Engyclopalias,which describeggeneal/technicaterms,
arevauablelanguageresourcegLRs). As with othertypes
of LRs relying on humanintrospectionand supervision,
corstructingeng/clopediasis quite expensie. Addition-
ally, sinceexisting eng/clopadiasareusuallyrevisedevery
few years,n mary caseasersfind it difficult to obtainde-
scriptionsfor new termsand new defintions for existing
terms.

To cope with the above limitation of existing engyclo-
pedas,it is possibleto usea searchengne over the World
Wide Webasa substitutegxpectingthatcertainWeb pages
describesubmittedkeywords. However, since keyword-
basedsearchengines often retrieve a large numter of ex-
traneas pagesijt is time-consuring to idertify pages that
satisfytheusers’informationneeds.

To resolhe theseproblems,Fujii and Ishikava (2000;
2001) propcseda methodto autamatically produe ency-
clopediasover the Web, in which termdescriptiors areex-
tractedfrom Web pages and organized basedon domans
andword sensesHowever, their prototype systemhasbeen
apgdied to a limited numker of terms(approxmately one
hurdred), and need to be enhancedfor real-world apgi-
catiors. Thus,we implemerniedanopeationalsystemand
prodiceda large-scalelaparseeng/clopedic corpus.This
paper explains our methoddogy and reportsthe result of
experiments.

2. System Design
21. Overview
Figurel depictstheoverall designof our systemwhich
gereratesan eng/clopealia for input terms. Our system,

which is currerily implemented for Japanse, corsists of
threemodules: “retrieval”, “extraction”and“organizatior.

The first and secondauthorsare also membersof CREST
JaparScienceandTechnologyCorporation.

In Figure 1, terms can be submittedeither on-line or
off-line. A reasonhle methodis thatwhile the systemperi-
odicdly updatestheeng/clopediaoff-line, termsunindexed
in theeng/clopediaaredynamically processedn real-time
usage In eithercase our systemprocessesnputtermsone
by one. We briefly explain eachmodulein the following
threesectionsrespectiely.
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Figurel: The overall designof our Web-basedeng/clope
diagererationsystem.

2.2. Retrieval

The retrieval modue searche the Web for pagescon
taining aninput term, for which we useda softwarerobot
to collect pages over the Japaese(.jp) doman. So far,
we have collectedapproxmately20,0®,000pages,andthe
numker of pagesis still growing.

To retrieve thosepages, we implemente a keyword-
basedetrieval modue. Theretrieval moduleobtainspages
contaning a input keywords, and sortsthemaccading to
therelevancescorein desceading order For this purpcse,
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we conmputethe “PageRank” scorefor ead page basedon
hyperlinkinformation(Brin andPage,1998), whichis used
in “Google™.

2.3. Extraction

In the extradion modue, given Web pages contain-
ing aninput term, newline codes, redurdantwhite spaces,
JavaScript codes, andHTML tagsthatarenot usedin the
following processesare discardedso asto standadize the
page format. Seond, we approxmately idertify a region
describingthe term in the page for which two rules are
used.

The first rule is basedon Japanse linguistic patterns
typicdly usedfor term descriptions,suchas “X toha Y
dearu (X is Y)". Following the methal proposedby Fu-
jii andlshikava (2000, we semi-automatidéy produed
20 patternsbasedon the Japanse CD-ROM World Engy-
clopedia (Heibonshal99), which includesapproxmately
80,0 entriesrelatedto variousfields. It is expectedthat
a region including the sentene that matchel with one of
thosepatternscanbeatermdescription.

The secom rule is basedon HTML layout. In a typ-
ical case,a termin questionis highlighted as a healing
with tagssuchas <DT>, <B> and <Hx> (“x” derotesa
digit), followedby its description In somecasestermsare
marked with the anclor <A> tag, providing hyperlinks to
pageswherethey aredescribe.

Finally, basedon the region briefly identified by the
above method we extract a page fragmen asa term de-
scription. Sincetermdescriptionsisuallyconsistof alogi-
cal sggmernt (suchasa paragrph) ratherthana singlesen-
tence we extract fragmentstaggedwith a certainHTML
tagssuchas<P>, <LI| >, <Dl V>, and<DD>.

24. Organization

Organizing informationextracted from the Web s cru-
cial in our framework. For this purpose,we classify ex-
tractedterm descriptionsbas@ on word sensesand do-
mains.

Although a numter of method have beenpropcsedto
gererateword sensegfor example,onebasedon the vec-
tor spacemodd (Schitze, 1999), it is still difficult to ac-
curatdy identify word sensesvithout explicit dictionaries
thatdefine sensecanddates.

Since word sensesare often associatedwith do-
mains(Yarowsky, 1995),word senseganbe corsequetly
distinguishedy way of determininghedomain of eachde-
scription. For example, differentsensegor “pipeline (pro-
cessingmethod/transprtation pipe)” are associatedwith
the compuer and constructiondomains (fields), respec-
tively.

To sumup, the organization moduleclassifiesgermde-
scriptionshasedn domairs, for which we usedoman and
descriptionmodsds. In Sedion 3., we elabaateon our or-
ganizationmode.

http:/imww.googlecom/

3. Statistical Organization Model
3.1. Overview

Given one or more (in mostcasesmore thanone) de-
scriptionsfor a singleinput term, the organizationmodule
selectsappopriatedescription(s)¥or eachdomainrelated
to theterm.

We do not ned all the extraded descriptionsas final
outpus, becaisethey are usually similar to one ancdher,
andthusareredundnt.

For the moment, we assumethat we know a priori
which domans arerelatedto theinputterm.

Fromtheviewpaint of probability theory ourtaskhere
is to selectdescriptionswith greaterprobaility for given
domans. The probaility for descriptiond given domain
¢, P(d|c), is commory transformedasin Equdion (1),
throughuseof the Bayesiantheorem.

P(c|d) - P(d)
P(e)

In Equdion (1), P(c|d) modelsa probalility thatd corre-
spond to doman c¢. P(d) mocelsa proballity thatd can
be a descriptionfor the termin question,disregarding the
doman. Weshallcallthemdoman anddescriptiormodels,
respectiely. We regard P(c) asacorstant.

To sumup, in principle we selectd’s that are strongly
associateavith a specificdomain andarelikely to be de-
scriptionsthemseles.

In practicewe first useEquaion (1) to conmpute P(d|c)
for all the ¢’s predefnedin the domain modd. Then we
discardsuchc¢’s whoseP(d|c) is below a specificthresh-
old. As aresult, for the input term, relateddomans and
descriptionsare simultaneosly selected.Thus, we do not
have to know a priori which domans arerelatedto each
term.

In the following two sections,we explain method to
realizethe doman anddescriptionmodds, respetively.

P(d|c) = 1)

3.2. Domain Mode€

The doman modéd quantifies the extent to which de-
scriptiond is associateevith domaine, whichis fundamen-
tally a cateyorizationtask. Among a numter of existing
cateyorization methals, we experimentallyusedone pro-
posedby lwayamaandTokunaga (1994, which formulates
P(c|d) asin Equation(2).

P(eld) = P(c) - )
t
Here, P(t|d), P(t|c) and P(t) derote probalilities that
word ¢ apparsin d, ¢ andall the domains, respectiely.
We regard P(c) asa corstant. While P(t|d) is simply a
relative frequeng of ¢ in d, we needpreddined domans
to conpute P(t|c) and P(¢). For this purpcse, the useof
large-scalecorpaa anrotatedwith domairs is desirable.
However, sincethoseresourcegreprohibitively expen-
sive, we usedthe “Nova” dictionay for Japanse/English
machine translation system$, which includes appoxi-
matelyonemillion entriesrelatedto 19 techrical fields as
listedbelow:

P(t|e) - P(¢|d)

P(1) @)

2Producedy NOVA, Inc.
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aerorautics, biotedinology, businesschamistry,
computers,construction,defensegcolog, elec-
tricity, enegy, finarce, law, mathemécs, me-
chanics, medcine, metals,oceanogragy, plants,
trade.

We extractedwordsfrom dictionaryentriesto estimate
P(t|c) andP(t), whicharerelative frequertiesof ¢ in c and
all thedomans, respectiely. We usedthe ChaS@ morpto-
logicd andyzer (Matsumotoet al., 1997 to extractwords
from Japaeseentries. We also usedEndish entriesbe-
cawseJapansedescriptios oftencortain Englishwords.

It maybearguedthatstatisticsextracted from dictiona-
ies are unreliable,becase word frequenges in real word
usagearemissing. However, wordsthatarerepresentive
for adoman tendto befrequentlyusedin commundword
entriesassociatedvith the doman, andthusour methodis
apracticalappoximation.

3.3. Description Mode

The descriptionmodel quantifies the extert to which a
given pace fragmentis feasibleasa descriptionfor thein-
putterm. In principle,we de®mmpasethedescriptiormodel
into languaye and qudity properties,as shavn in Equa-
tion (3).

P(d) = PL(d) - Po(d) ®)

Here, P (d) and Pg(d) dende languageandquality mod-
els,respecitiely.

It is expectedthat the quality modé discardsincorrect
or misleadinginformation contaned in Web pages. For
this purposewe useas P (d) the PageRaik scorefor the
sourcepagecompued in the retrieval module (see Sec-
tion 2.2.). In otherwords, we rate the qudity of pages
basedon hyperlink information, and selectvely retrieves
thosewith higherquality.

Statisticalapproache to languaye modding have been
usedin much NLP research,such as madine transla-
tion (Brown et al., 1993 and speectrecogrition (Bahl et
al., 1983). Our modd is almostthe sameasexisting mod-
els,but is differentin two respects.

First,while geneal languggemodelsquantify theextent
to whichagivenword sequeneis linguisticallyaccetable,
ourmodel alsoquantifiestheextert to whichtheinputis ac-
cepableasatermdescription.Thus,we trainedthe mocel
basedn anexisting machire readake eng/clopdia.

We usedthe Cha%n morpholgical andyzer to sey-
ment the Japaese CD-ROM World Engyclopedia (Hei-
borsha, 1998 into words (we replacedhealwords with
a comma symbol), and then usedthe CMU-Canbridge
toolkit (Clarksonand Roseffield, 1997)to modé a word-
basedrigram.

Conseqently, descriptionsin which word sequaces
are more similar to thosein the World Encgyclopedia are
assignedgreaer probaility scoresthrough our languaye
mode.

Seond, P(d), whichis aprodwct of probalilities for V-
gramsin d, is quite sensitve to thelengthof d. In thecases
of machnetranslatiorandspeet recoqnition, thisproblan
is lesscrucialbecaisemultiple cardidatescompaedbased

on the langlagemodd are almostequvalert in terms of
length.

However, sincein our caselength of descriptionsare
significartly different,shorterdescriptionsare morelikely
to beselectedregardlessof the quality. To avoid this prob-
lem,we normalizeP(d) by thenumter of wordscontaired
in d.

4. Produced Corpus

We colleaed 169,48 termsin various fields from a
numter of sources(e.g., madine-readble dictionaies),
andsubmittedhemto our eng/clopediageneationsystem.
As aresult,we prodwcedaneng/clopediccorpus including
105,®9terms.

Ourcorpisis available via aWebbrowser in which de-
scriptionsfor submittedkeywordsarebrowsable.Figure2
shavs example descriptionsfor “deeta-mainingu (data
mining)”. In thisfigure,thefirst two paragrapsareassoci-
atedwith the computerdomain andthelastparagrap de-
scribes‘datamining” in the cortext of thefinance doman.
Thosedescriptionsvereextractedfrom differentpages.

We evaluated the quality of our resultantcorpus, for
which we selected2,000 techrical termsin the compuer
doman asatestset. Then we aslked six peqle to judge
eachof theresultantdescriptionsasto whethe or notit is a
correctdescriptionfor atermin question.

We andyzedtheresultonaterm-by-ternbasis becaise
readingonly acouple of descriptionss notcrucid. In other
words,we evaluatedeat term(notdescription, andin the
casewhereat leastone of the top ten descriptionwascor-
rectfor atermin questionwejudgel it correct.Theratio of
correcttermswas64.6%. Sinceall the testtermswerein-
herenly relatedto thecomputerdoman, we focusedsolely
on descriptionscateyorized into the conputerdoman. In
this casetheratio of correcttermswas61.2%.

5. Conclusion

The World Wide Web has been an unpre@denedly
enormaisinformationsource from whichanumbe of lan-
guage processingmethodshave beenexplored to extract,
retrieve anddiscover various typesof information. In this
pape, we describél a methodto prodice large-scaleengy-
clopedic corporacorsising of term descriptionsfrom the
Weh

Given a term for which eng/clopedic knowledee (i.e.,
descriptions)is to be generged, our methodsequetially
performsa) retrieval of Web pagescontairing the term, b)
extradion of pagefragmentsiescribingheterm,andc) or-
ganzing extracteddescriptiondasedndomans (andcon
sequatly word senses)We produed a corpuscontaning
105,®9 terms. We alsoevaluatedthe quality of 2,000test
terms,andfoundthatcorrectdescriptios wereobtainedor
65% of testterms.
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mainingu (datamining)”.
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