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ABSTRAT. Thedictionary lookup of unknownwords is particularly difficult in Japanesedue
to the requirementof knowingthe correctword reading We proposea systemwhich supple-
mentspartial knowledgeof word readingsby allowing learnersof Japaneseo look up words
accoding to their expectedbut not necessarilycorrect,reading Thisis animprovemenfrom
previous systemswhich provide no handling of incorrectreadings. In preprocessingwe cal-

culatethe possiblereadingseachkaniji character can takeand differenttypesof phonological
alternationsand readingerrors that can occur and associatea probability with each. Using
theseprobabilitiesand corpus-basedrequenciesve calculatea plausibility measue for each
genentedreadinggivena dictionary entry, basedon the naive Bayesmodel. In responsé¢o a
userenteredreading the systendisplaysa list of candidatedictionary entriesfor the userto

choosdrom. Thesystemnis implementedh a web-baseervironmentandavailablefor genegl

use. In the evaluationon JapaneseProficiencyTest data and naturally occurring misread-
ing data, the systensignificantlyreducedhe numberof unsuccessfuictionary querieswhen
queriedwith incorrectreadings.
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1. Introduction

Learninga foreign languageis a time consumingand painstakingprocess,and
madeall the moredauntingby the existenceof unknavn words[GRO 00]. Withouta
fast,low-costway of lookingunknovn wordsupin adictionary thelearningprocesss
impededHUM 01]. The problemof dictionarylookupis particularlyevidentin non-
alphabetidanguagesuchasJapanes&herethe learnercaneasilybe overwhelmed
by the sheemumberof characterandmultitudeof readingsassociateavith each.

Educatordiawe tried to lesserthe unknavn word problemby focusingon effective
waysof expandindearnervocalulary [LAU 01]. However, unlessthe learnerivesin
aclosedlanguageworld, s/heis alwaysgoingto be exposedo unknavn words,par-
ticularly in the earlierstage®f learning.Our philosophyis to acceptheinevitability
of unknovn wordsandfocusinsteadon minimizing the dictionarylookupoverhead.

Learnersoften posses®nly limited knowledgeof the readingsof charactersand
the phonologicaland conjugationalprocessegoverning word formation. This can
makeit difficult to identify thecorrectreadingfor agraphemestring,andtheboolean
matchmechanisnadoptedoy corventionaldictionariesdiscourageshe userfrom at-
temptingto look up a word in the casethat s/heis uncertainof the reading. We
believe thatif we canimitate the mannerin which learnersacquireand classifythe
differentreadingsof charactersand the rules governing overall readingformation,
we shouldbe ableto decipherwhich dictionary entry the userwas after even when
queriedwith a (predictably)wrong reading. Thus,the purposeof this researclhis to
developacomprehensie andefficientdictionaryinterfaceallowing languagdearners
to look upwordsin anerror-resilienandintuitive manner Furthermoreanimportant
underlyingmotivation of this researctis to remove the assumptiorof perfectread-
ing knowledgemadeby corventionaldictionaryinterfacesandencouragehe userto
querythe systemwith plausiblebut not necessarilgorrectreadings.

Theparticulananguagevetargetin this papetis Japanes@ndwe choosdo model
readingdy way of kana(seebelawv). The problemof dictionarylookupfor Japanese
is particularlycomplex dueto therebeingover2000ideographidkaniji charactergach
with numerouphonemiaealizationsfrequentword conjugatiorandalack of spaces
betweenadjacentwords. A learnertrying to look up a word in a dictionary needs
to copewith all theseproblemsat once. The proposedsystemaimsto helpa userby
allowing directlookupsbasednthebestguesgheuseris ableto construcfor atarget
word in writtentextbasedn availableknowledge.

As an exampleof usersysteminteraction,considerthata usercomesacrosshe
novel kanji compound®3% (happyou‘presentation) andwishesto determinéts En-

1. In this paper we loosely follow the Hepburnsystemof romanization,with the exception
thatwe romanizelong vowels asseparateharactergiving rise to hyouinsteadof hyooor hyo
for O~ & 9. Theothernotabledivergence—taknfrom [BAC 94]—is the useof the uppercase
N for syllable-finalnasals(correspondindo the kanaA/) andlower-casen for syllable-initial
nasalgasfoundin 7z, for example).
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glish translation.Lacking prescriptve knowledgeof the pronunciatiorfor the string,
the userappliesknowledgeof alternatestring contextsfor the componenkanji char-
acters¥ hatsuand 3% hyouto postulatethat the string is readas hatsuhyou S/he
inputs the kanafor this string into the dictionary searchinterface,and getsback a
list of Japanese&vords (in both kanji and correctkana-readingorms) with English
translationdor each. From amongthese,s/heis ableto detectthe original stringin
kanji form, ascertairthe correctpronunciatiorfor the string (happyol andobtainthe
desiredranslation(“presentation”).

Althoughwe focuson Japanes@ this paper the basicmethodwe proposeis ap-
plicableto anylanguagewnherethe mappingfrom readingto orthographyis not self-
evident. Thatis, given somemeansof describingreadings(whetherthrougha pho-
neticrepresentationr someothermeansandthe canonicalorthographie®f words,
it is possibleto apply the sameproceduren predictingpatternsof readingconfusion.
Japanesés of particularinterestbecauseof the wide rangeof factorswhich affect
pronunciatiorpredictionfor anunknonvn word (seeSection2.4).

Theremainderof this paperis organizedasfollows. Section2 givesa shortintro-
ductionto the Japaneswriting systemanddictionaries anddiscusseseadingerrors
commonin learnersof Japanese Section3 describeghe basicsystemphilosophy
andSectiond the processingtepsnecessarfor generatingandscoringreadings.The
evaluationof the systemis givenin Section5 andthe discussiorof the resultsand
possiblefuture researchdirectionsare given in Section6. Finally, Section7 gives
concludingremarks.

2. The Japanese Language, Existing Japanese Dictionaries and Reading Errors
2.1. The peculiaritiesof the Japanesewriting system

TheJapaneseriting systenconsistof thethreeorthographiesf hiraganakatakana
andkanji, whichappeaintermingledn modern-dayexts. Thehiragana andkatakana
syllabaries collectively referredto askana, arerelatively small (46 basiccharacters
each),and mostcharactergake a unigueand mutually exclusve readingwhich can
easilybe memorized Generallyspeakingthe function of thesetwo scriptsis dis-
tinct althougha wide rangeof variationoccurs.Hiraganais mostly usedfor function
wordsandconjugationakendingsof verbsandadijectives(e.g. 9% suru‘“(to) do”).
Katakana,on the otherhand,is mostly usedfor words of foreign (generallyWest-
ern)origin, onomatopoei@ndstresseexpressionsandto someextentfor plantand
animalnames(e.g. 4 9 3 7 ichou “gingko tree”). Katakanacharactersare also
quitecommonlyusedaspronunciatiorguidesfor wordswhosereadingis not obvious

2. Amongthefew exceptiongo theuniquereadingrule arekanacharacters> and ™ whichare
realizedas/zu/ andcharacterss and U which arerealizedas/3i/. Here > and§ arevoiced
versionsof 2 tsuand 9" su, respectiely. Accordingly, & and U arevoicedversionsof & chi
and L shi.
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(i.e. uncommonpropernameswritten in kanji or foreign wordswritten in alphabet)
[KNI 98]. Thekanasyllabariesarelimited in sizeandthereis a strict correspondence
betweenindividual charactersand readings. As such,they do not presenta major
difficulty to thelearnerof Japanese.

Kanji characterpresenta muchbiggerobstacleo the learner mostimmediately
througha combinationof their sheervolume,ideographicnatureand phoneticpoly-
morphism.The Japanesgovernmentprescribed ,945kanji charactersor daily use,
andupto 3,000appeain newspaperandformal publicationgNLI 86]. Additionally,
while the semanticf individual characterften hawe a bearingon the combined
semanticof wordsin which they occut they are not markedfor phoneticcontent.
Thatis, thereis noway of predictinga priori the pronunciatiorof kanji characte,
for example® Finally, eachcharactecanandoftendoestakeon severaldifferentand
frequentlyunrelatedeadings The kanji ¥ “emit, depart”,for example,hasreadings
includinghatsuandta(tsu) whereassk “table, exterior shav” hasreadingsncluding
hyouy omoteandarawa(su)

Theproblemis furthercomplicateddueto the existencenf charactecombinations
which do nottakeon compositionateadings Forexample &I kaze‘commoncold”
is formednon-compositionallfrom J& kaze fuu “wind” and’f yokoshimaja “evil”.
Note that every kanji word hasa kanaequivalent(i.e. reading),whichis commonly
usedin indexingJapanesdictionariegseeSection2.2).

As mentionedabore, whenkaniji characterarecombinedo form words,theread-
ingsfrequentlyundego phonologicakhangeo giveriseto surfacereadings.Thetwo
phenomenghatareprevalentin compoundormationaresequentialoicing (rendaki
and soundeuphony(onbin). Seguential voicing is the processof voicing the first
consonanbf thetrailing segmentvhensegmentsrecombinedn abinaryfashionto
producewords. For example, 2 hoN “book” is combinedwith # tana“shelf” to give
rise to A< hoNdana “bookshelf. Sound euphony is the processof replacingthe
lastmora(kanacharacter)n the leadingsegmenwith a morain phoneticharmony
with the first moraof the trailing segmen{FRE 95]. It hasseveral forms, the most
commonof which is assimilatory gemination or sokuonbin For example = koku
“country” combinedwith 1% kyou“boundary” givesrise to % kokkyou“(national)
border”. Notice that sequentialoicing occursin the presencef left lexical context
while assimilatorygeminationoccursin the presenc®f right lexical context.

2.2. JapaneseDictionaries

Corventional Japaneselictionariesare indexed on the phonemicrealizationof
words, expressedn the form of kana. For example the kanji compound¥3% hap-

3. This s not strictly true,asstructurallysimilar kanji characterge.g.1¥, & andf¥) canshare
asinglecommonreading(zouin this case).Evenhere,however, alternatepronunciationgend
to existandbe highly divergent(e.g.1 “increase’canalsobe readasma(su)andfu(eru), 1#

“hate” asniku(mu)andf¥ “give” asoku(ru)).
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pyou“announcementfs listedaccordingo its kana-equialentid - U° x 9 happyou
The phonemicorderingcorvention makesit easyto look up wordsin the casethat
the readingis known dueto kanahaving a naturalalphabeticordering,unlike kaniji.
However, in manycasest is not straightforwardo extractthe readingfrom theword
representatiomaspresentn atargettext. As mentionedabo\we the problemis mostly
dueto kanji characterswhosephonemerealizationcannotbe easilyidentified. Gen-
erally, eachcharactess readingneeddo belearnedndividually beforeaword canbe
lookedupin adictionary Forexampleto look up % seNi“transition” the usermust
know that & and % takeon the readingsseNandi, respectiely. Frequentlycharac-
tershave several unrelatedreadingswhich occurin differentword contexts(e.g.the
readingsseNandutsurufor &, andi andutsurufor %) makingit difficult to postulate
the correctreadingof the word evenif a portion of the readingsof eachcomponent
characterare known. Whendirectlookup fails, wordsneedto be lookedup usinga
differentapproach.

Kaniji dictionariesprovide an alternatie lookup methodaimedat the individual
kanji characters.A complicatedsystemof kanji radicals(bushy and strokecounts
is usedto locatea componentkan;ji in the dictionary (e.g. & could be looked up
eithervia its radical i= or strokecountof 15), and the target word is then located
from a supplementalisting of wordscontainingthatkaniji. If theword is not found
in the listing, the procesanustbe repeatedor otherkanji charactergpresentin the
word (e.g. ¥ could be looked up via its radical K or strokecountof 11). If the
word cannotbe found throughany of theindividual kaniji,* the learnermustresortto
postulatinga compositionateadingfor thewholeword andsearchindor this reading
in acorventionalkanadictionary

To makethingsworse, the kanji radical and stroke count systemleavesa lot of
room for error on the part of the uninitiatedlearner® For example,i& alsocontains
theradicalsfy and 2, whereast$ alsocontainstheradical %/, potentiallyleadingto
confusionasto which radicalto look up the characteunder Additionally, both —
and Z consistof a singlestroke,which is notimmediatelyobvious. Suchconfusion
resultsin further burdeningthe lookuptask. In somecasedexicographerave tried
to expeditethe processby devising additionalforms of indexing kanji dictionaries
(e.g.[HAL 98] boastssix differentwaysof looking up a characterputtheseindexing
schemesrerarely standardizeéndin all caseseedto belearnedto be used.From
the abowe we canseethat a userwantingto look up the translationof a word (e.qg.
“transition” asatranslationof Z&£%) potentiallyneeddo consultat leasttwo different
dictionaries,and searchin several passeandthroughdifferentindexingschemasn
orderto obtainthetranslation.Clearly, a systemallowing directandstraightforward
kanjiwordlookupwould greatlyassisthelearneiby removingor atleastameliorating
thedifficultiesassociatedvith the procesof learningnew words.

4. The word seNiis not listed undereither characterindex in [NAG 81] or SharpElectronic

Dictionary PW-9100,while [HAL 98] only listsit underi&.
5. Somedictionariesgetaroundthis problemby listing somecharactersinderseveraldifferent

radicalindexesandstrokecounts.
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2.3. Existing electronicdictionariesand readingaids

Above, we painteda bleakpictureof Japanesdictionarylookup. However, with
the adventof computersand electronicdictionaries,dictionary lookup hasbecome
someavhatmoreefficient. ElectronicJapanesdictionarieshave becomeincreasingly
popularduring the last decadeboth in portableand sener-basedform due to their
superiorusability over paperdictionaries.Onereasorfor this is thatseveral different
dictionaries(e.g.kanji, monolingualdapanesandbilingual Japanese-Englisichnbe
accessethrougha singleinterface andnavigatedbetweereasily

More significant,however, hasbeenthe introductionof severalnew searchmeth-
odsenablingfasterlookups. For example,it is possibleto copy/pastestringsandget
thetranslationdirectly whenthe sourcetextis availablein electronicform [BRE 00].
Also, mostdictionariessupportregularexpression-baseskearchesllowing for the
lookup of words from partial (correct)information (e.g. looking up %% with the
glob-stylequeryseN, or alternatiely usingkana—kanjicorversionto input & based
on known readingsfor 1&). In anotherdevelopment,t hasbecomepossibleto look
up kanji charactervia thereadingof meaningfulsub-unitsotherthanradicals)con-
tainedin thecharactefusing,e.g.,theSharpElectronicDictionaryPW-91000r Canon
Word TankI|DF4000).

2.3.1. Opendomainsystems

Alsoin thelastdecadeseveralinteractive readingaidsaimedat Japanesknguage
learnershave becomeavailable. A pioneerin this field wasthe DL system[TER 96],
capableof performingmorphologicalanalysisof the input sentenceand providing
translationgrom the EDICT dictionary[EDI 01]. Similarly to DL, theReadingTutor®
[KAW 00, KIT 00] systemperformstext segmentatiomndthenprovidesword-level
translationandsemantidnformation. Asunard [NIS 00, NIS 02], on the otherhand,
providesa multilingual English, Chineseand Thai interfacecapableof sentenceseg-
mentationanddisplayingparsetreesaswell asword-level translations.All of these
systemsaim to helpthelearnerby removingthe burdenof segmentingentenceto
wordsandcorvertingtheminto aform suitablefor dictionarysearchesSyntaxtrees,
semantidnformation, etc.areaddedto improwe the sentencéevel comprehensioof
thetargettext.

While thesedictionariesandreadingaidsare a valuableadditionto the learners
repertoire,they work bestwhen the target text is available in electronicform and
needsnot be re-enterednto the interface. However, in the instancethat the text is
availableonly in hardcopy, currentsystemsffer very little or no usersupport.Here,
currentsystemsstill requirethatthe userhasabsoluteknowledgeof the full reading
of theword in orderto achieve directlookup. While this is acceptabldor proficient
Japanestanguagaisersjt remainsa majorhandicagdor learnerf thelanguage.

6. http://language.tiu.ac.jp/
7.http://hinoki.ryu.titech.ac.jp/



FOKSDictionaryInterface 7

2.4. Problemsencounteredoy Japanesdearners

Thereis along history of researchdocumentinghe problemsJapaneséearners
havein readingtextscontainingkanji [NLI 86, MEI 97]. Amongthecommonly-listed
problemsare:

1) Multiple readingsfor a givenkaniji. The learneris awareof the differentread-
ingsakaniji charactercantake,but unableto decideon the properreadingin thegiven
context. For example, K canbe readaseithertai, dai or oo(kii), sothe string k£
taikai “convention,congress’touldfeasiblybe misreadasookaior daikai.

2) Insufficientkknowledgeof readings.Thelearneris only awareof a propersubset
of readingsa given kanji cantake,andthuscannotpredictthe correctreadingwhen
facedwith new wordsdrawingon a novel readingfor thatkanji. A userawareonly of
the oo(kii) readingfor X, e.g.,would almostcertainlytry to readk<: asookai

3) Incorrectapplicationof phonologicaland conjugationalrules governingread-
ing formation. For example, ¥ hatsuand3% hyouform the compound#3% happyou
“announcement’but readingsuchashatsuhyolwor hahhyoucouldequallyarisefrom
thecomponentharactereadings.

4) Confusionas to the length of vowelsor consonants.For example, £ f# shu-
sai “organization,sponsorship’tanbe mistakenlyreadasshuusaij or #% & mottomo
“most, extremely”asmotomo This errortype is commonin speaker®f languages
which have no vowel/consonantengthdistinction.

5) Confusiondueto graphic similarity of different kanji. Learnerswith limited
contactwith kanji caneasily confusecharacters.For example & bo, haka“grave”
andZ ki, moto“base” aregraphicallyvery similar, resultingin possiblereadingsub-
stitutions(e.g.between&H bochi“graveyard” and#Ht kichi “base”).

6) Confusiondueto semanticsimilarity of differentkanji. Characterdike 5 migi
“right” and £ hidari “left” hawe a similar meaningand as suchare often confused,
resultingin anerroneouseading.Semanticconfusionsometimesccursat the word
level, too, suchasbetweenkZE kaji “fire” and XX kasai“(disastrous)ire”.

7) Confusiondueto word-level co-occurence Whentwo charactercommonly
occurtogetheitheir readinganbe substitutedvhenappearingvith othercharacters.
Forexample, 22} soshoulawsuit” cangive riseto the erroneouseadingkishoufor
23 kiso “indictment”. Also commonis the superimpositiorof a known reading
ontoaword occurringwith acommonkanasufix, e.g.&l % nagusamertcomfort,
console” being read as osameru(due to knowledge of the string {2 % osameru
“study, cultivate™).

8) Randonerrors. Theseareerrorsthatdo not belongto any of the abowe groups
andarevery hardto classifyand/orpredict. As such,it is hardto imaginea system
beingableto reliably handlethis type of error

Eventhoughvariouserror typesare discussedn previousworks [NLI 86, MEI 97],
to our knowledge,thereexists no previous researchthat haspresentedh quantitatve
analysisof the differenterrortypes.
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Notethatproblemsl, 2, 3 and8 (thatis the effectsof phonologicaklternatiorand
phoneticpolymorphism)alsoapply to spelling confusionin English,while all prob-
lemsotherthan4 applyin thecaseof MandarinChinesefor example. Thatis, English
is similar to Japanesé thatthe samegraphemesegmentanbe readdifferentlyin
differentcontextsandphonologyproducessariableeffects,but differsin thatit lacks
thevowel lengthandcharacteflevel semanticeffectsof JapaneseMandarinChinese
is associatedavith the samebasicscopefor confusionasJapanesealthoughthe bulk
of characterareassociateavith a uniquereadingandproblemsl and?2 aretherefore
considerabljlesspronouncedIn this sensethe Japaneswriting systemcanbe seen
to beparticularlyhardfor languagdearners.

3. System Outline

TheFOK S (Forgiving Online Kanji Search)systemaimsto aid thelearnerin cop-
ing with the complicatedJapaneseriting system,and provide direct, linguistically-
andstatistically-soundupportfor the typesof problemsoutlinedabowe. The system
hasa singleweb-basedhterfacefor bothknown andunknavn readingswhich allows
thelearnerto look up wordsdirectly accordingto their expectedput not necessarily
correctreadings.Thesystemis intendedo handlebothstringsin theform theyappear
in texts(i.e. in kanji) andreadingsexpressedn kana. Given areadingasinput, the
systentriesto establisharelationshipbetweerthereadingandoneor moredictionary
entries,andratethe plausibility of eachentrybeingrealizedwith the enteredreading.

In a sensethe problemof predictingwhich word a userseeksfrom a reading-
basednputis analogougo kana—kanjcorversion(seee.g.,[TAK 96] and[ICH 00]).
Thatis, we seekto determinea rankedlisting of kaniji stringsthat could correspond
to the input kanastring and provide accesdo the desiredword asefficiently aspos-
sible. Thereis one major difference,however. Kana—kanjicorversionsystemsare
designedor native speaker®f Japanesandassuchexpectaccurateénput® In cases
whenthe corrector standardizedeadingis not available,kanji characterdave to be
corvertedone by one. This canbe troublesomalueto segmentationambiguityand
the large numberof charactergaking on identicalreadings resultingin long lists of
kanji charactergor theuserto choosdgrom.

FOKS doesnot assumeabsolutelyaccurateknowledge of readings,but instead
expectgeadingdo be predictablyderivedfrom the sourcekanji. Oneassumptiorwe
unavoidablymakeis thatthe userwill only try to look up wordscontainedn thebase
dictionary® Thatis, we canonly hopeto direct usersto wordswe have knowledge
of, while keepingthe numberof candidateentrieslow enoughsotheusercanquickly

8. Several kana—kanjiconversionsystemshandlea limited numberof input errors(e.g.collo-
quial readingsandsubstitutionof phonologically-indistinguishablkanacharactersuchas 2
zuandd zy and b ji and U ji). However, asfar aswe are aware, thereis no kana—kaniji

corversionsystemhattriesto systematicalljhandlea wide rangeof input errors.
9. The coverageprovidedby the interfacedependssolely on the underlyingdictionary The

versionof FOKS interfacepublicly available at http://www.foks.info/ providesaccess
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determinewhenthedesiredwordis notcontainedn thedictionary Assumingwe can
keepthe numberof word candidatesow enough,userscanusea singleinterfaceto
searchfor wordsby eitherthe corrector derivablewrong reading. We returnto this
pointin Section5.

4. From One Dictionary to Another: the M ethodology

While kanji dictionarieslist the mostcommonreadingseachcharactercantake,
they give very little additionalinformationthat would be usefulin our task. For ex-
ample, most dictionariesprovide no information on the relative frequenciesof the
differentreadingsa charactercantake,simply listing the readings.Also, while vari-
ouspublicationgdiscusghephonologicaphenomenaffectingthe compoundeading
formation[TSU 96, NLI 84], theydo not provide a quantitatve analysiswhich could
be usedasa startingpoint for our system.Clearly, giventhe commonreadingsof the
characterst is straightforwardto generatecompoundreadingsbasedon the simple
concatenatiorof unit readings. However, if we wereto proceedin this mannerwe
would fail to reflecttherelationshipbetweerthe penasivenesof somereadingsover
othersor the phonologicaleffectsof compoundwvord readingformation. Hence this
simpleapproacHfails to accomplishour initial goalof modelingthe mannerin which
learnersof Japanesarelikely to form a candidataeadingfor acompoundwvord they
arenot familiar with.

4.1. Modular approach

Insteadof relying on the dataprovided in kanji dictionaries,we extractthe data
directly from the dictionary we are implementingthe interfacefor. We employ a
modularapproachn dividing the overall probleminto several smallerproblemsand
solving eachseparately Given the solution and the modularity of the system,each
part of the systemcan be testedseparately The modularnatureof our approachis
depictedn Figurel. Theprocesss asfollows:

1) Extractthe completesetof readingsassociatedvith a givensegmenthrougha
procesof grapheme—phonenaignment.

2) Reducethe obtainedreadingsetby separatinghe genuinedifferencesn read-
ingsfrom thosewhich arephonologicabnd/orconjugationatierivationsof underlying
basereadingdn the procesf canonization.

3) Exhaustvely generat@ew readingdor eachdictionaryentryandcalculatetheir
overall probabilitybasedn the probabilitiesof segmenteadingsandcorpusfrequen-
cies.

Below we describesachof themodulesin detail.

to over 100,000entriesin the EDICT generalusedictionary and over 200,000entriesin the
ENAMDICT propernoundictionary
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Dictionary entry-reading pairs . .
_— Alignment Unit

Segmented dictionary
entry-reading
pairs

Canonization Unit

Segment-set of reading pairs,
alternation probabilities

Reading Generation
Unit

Dictionary entry-reading pairs,

score
Readings Database

Figure 1. Themodularstructure of the FOKSsystem

4.2. Grapheme—phonemalignment

Givenadictionaryentry andits readinggivenin hiraganawe wantto extractthe
partof the hiraganareadingresultingfrom eachkaniji characterthatis align the kanji
(graphemestrings) with their readings(phonemestrings). For example,given the
compound#ffT kaiseki‘analysis”,we would like to identify f# ashaving contrituted
a readingof kai and #fT a readingof seki accountingfor the word-level readingof
kaiseki We remindthe readerthathiraganacharactersarenot strictly phonemesbut
phonemeclusters. Nonethelessin our applicationthe leapis permissible. In the
alignmentprocesswe attemptto extractthe completeset of phonemerealizations
(componentreadings)for eachgraphemesggment(kanji segment). The particular
dictionaryusedhereandthroughoutheresearchis the publicly-availableEDICT dic-
tionary [EDI 01]. Following the samealignmentprocedurefor all dictionaryentries
containinga given kanji, we canextracta completesetof phonemicrealizationsof
thekaniji. [BAL 00] give acomparisorof severalmachine-learningpasednethodsas
appliedto unsupervised@lignment. The methoddescribedbelon proved superiorin
accuracywhenno alignmenttraining datais available. It requiresno supervisiorand
could be appliedto otherlanguagesn which the phoneticrealizationis not clearly
derivable from the graphemepresentation.The alignmentprocessproceedsas fol-
lows:

1) For eachgrapheme—phonemstring pair, generatea completeset of candi-
datealignmentmappings.We constrainthe alignmentprocesdy requiringthateach
graphemecharacteralignsto at leastone charactelin the phonemicrepresentation,
thatthe alignmentis strictly linear (andnon-intersectie) andthatcharactersreindi-
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visible.

2) Prune candidatealignmentsthrough the applicationof linguistic constraints
suchasrequiringsegmenboundariest scriptboundaries? directalignmentof kana
equialentsandindivisible syllables. Whenmultiple candidate®xist, we alsoprune
the candidatesvith multiple voicedobstruentsn areadingsegmen{BAL 99].

3) Scoreeachalignmentby a variantof the TF-IDF model[SAL 90], which was
developedfor termweighingin informationretrieval.

4) Iteratively work throughthe dataselectinga singlegrapheme—phonenstring
pair to align accordingto the highest-scoringcandidatealignmentat eachiteration,
andupdatingthestatisticamodelaccordingly(to filter outdisallovedcandidatealign-
mentsandscoreup the selectedalignmentmapping).

Examplesof alignmentsextractedoy our algorithmare: 11

#3% (happyol “announcement= ¥ | 3% (hap| pyoy
£V 71 & (waribiki) “discount= %]V | & (wari | biki)
Ja\ B (kazgusur) “cold medicine”= J&B | % (kaze| gusur)

4.3. Canonization

The alignmentdatacontainsall possiblereadingsfor a given graphemesegment
aswere availablein the contextof a dictionary usedfor alignment. It caninclude
alternatesiueto sequential/oicing, soundeuphonyandconjugation(e.g. phonolog-
ical variantsof hyou and byoufor 5% chart, andthe conjugationalvariantsof yomi
andyomufor the verb #t read), and possibly (but not necessarilythe baseform
of eachreading. We canonizethe readingsto separatdhe basereadingdataapart
from the alternationderived data,thus minimizing the numberof readingtypesand
maximally extractinginstancef alternation.This providesa meansof overcoming
datasparsenesandallows usto produceunobservedegment-leel readingshrough
nowel alternationcombinationsover the basereadingsandthusincreasehe coverage
of predictedreadings.

We observedaboe that sequentialoicing occursonly whenthe given sggment
hasleft lexical contextandthat soundeuphonyoccursonly in the presencef right
lexical context. To detectthe two phenomenatherefore,we can classify segments
into 4 groupsaccordingto the presencef left andright lexical context{BAL 02].

a) Level 0 (—left, —right context): no possibility of conjugationor phonological
alternation

10. With the exceptiorof kanji-hiragana@oundariesvhich arenot enforceddueto conjugatve
sufficesof verbsandadjectivesalwaysbeingexpresseih hiragangi.e. okurigang but forming

asinglelexical unit togethemith the headkanji character
11. Notice thatin somecases,graphemesegmentsan be madeup of more than one kaniji

characterasoccursfor JAJB kaze‘commoncold” abowe.
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Level 0

Level 1
Gemination
possible

Level 2
Sequential
voicing possible

Level 3

Sequential voicing and
gemination possible

Figure 2. Canonizatiorflowchart

b) Level 1 (—left, +-right context):possibility of geminationor conjugation
c) Level 2 (+left, —right contet): possibility of sequentialoicing

d) Level 3 (+left, +right context):possibility of all of geminationor conjugation,
andsequentialoicing

Level 0 singletonsegmentsanbe assumedo comprisethe basereadingsfrom
which readingsat other levels are derived. Quite commonly readingsare derived
throughzero-denvation,wherebyno phonetic/conjunctie alternatiortakesplace.We
work throughthe variouslevelsin decreasingiumericorder anddeterminewhether
a unigue basereadingexistsfor eachgraphemesegmentrom which the observed
readinghasbeenderived. In the casethat suchan analysisis possible,we record
thetype of alternationandupdateits frequencyby incrementinghe frequeng of the
alternationby the frequencyof the string in which alternationwasfound to occug
combiningit with thatof thebasereading.In the casethatmultiple matchesarefound
for variantsof the original readingwith identicalkanji content,the frequencyof the
original kanji-readingstringis distributedequallybetweenrall matchingentries.The
canonizatiorprocesss depictedn Figure?2.

First, we perform conjugationalanalysis[BAL 98] at Levels 1 to 3 to establish
whethereachsegmenthasan underlyingverbalor adjectival form. At eachstep,we
thenperforma matchover both the original form andthe baseconjugationaform(s)
of thereading.This distribution of frequencyextendgo any phonologicaklternation
or conjugationassociateavith eachmatch.

Next we attemptto mergelLevel 3 entrieswith Level 1 and 2 entries,and then
Level 1 and2 entrieswith Level O entries. The reasonfor this particularorderingof
the canonizationprocesss that, wherepossible ,we wish to isolatethe effectsof a
single phonologicalprocessat a time to maintainanalyticalconsistencythroughout
the canonizatiorprocess Many segmentslo notoccurat Level O (i.e. asstand-alone
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charactersput canbe found in multiple instancesat other levels. For example, ¥
hatsu“emit” occursatall of Levels1 (e.g. ¥ 3% happyou“presentation”).2 (e.g./5
¥ geNpatsunuclearpower”) and3 (e.g. & % 1T mihakkou“unpublished”) butnot
level 0. We thushave noimmediateindicationof its canonicaform, but basedon the
alignmentdatawe know thatit takesreadingshag'? andpatsu In this example,the
Level 3 readingof hag is not voicedbut hasundergongieminationmeaningt is not
in canonicafform. Sincewe have no instance®f urvoiced,non-geminateandidates
at Level 3, we postponadisambiguatinghe canonicaform andmerge hag with the
existingLevel 1 reading.This leavesuswith two readings:has atLevel 1 andpatsu
atLevel 2. Thecanonicaform for hag canbeary oneof the hatsu,hachi,haku,haki,
etc. Ontheotherhand patsuis semi-wiced,andis thereforeeitherthecanonicaform
in itself or derivedfrom the voicedbatsuor urvoicedhatsu Throughtheinteraction
of Levels1 and2, we candeterminghatbothreadingsarederivedfrom the canonical
form hatsusowe recordthemassuchandupdatethe correspondindrequenciesin
thecasethatnomerging of readingss possiblehroughthecanonizatiorprocessgach
readingis promotedo Level 0 asa separateeadingtype.

After canonizationpur datafrom abowe would look asfollows:

# | 5% (hap| pyoy = (hatsu| hyoy +gemination+voicing
Y | Bl E (wari | bikiy= (wari | hiki) +voicing
JEHE | 3 (kaze| gusur) = (kaze| kusurj +voicing

While canonizingthe readingswe keeptrack of casesvheregenuinealternation
took place(casesvhereentriesat differentlevels were successfullymemgedtogether
basedon a conjugation,geminationand/orsequentialoicing analysis)so asto be
ableto reapplythemasindependenprobabilitiesbelon. Also we countthe number
of occurrencesf eachreadingfor a givenkaniji sgmentandcornvertthis numberinto
the probability of the given kanji sggmenttaking eachreadingP(r|k). Notice that
this probability dependson the kanji charactelin question,unlike the probability of
voicing and geminationalternationswhich dependon the readingrealizationof the
segmentn question.We furtherextendthe setof alternationsve considemith vowel
shortening/lengtheninghe probability of which is calculatedas the percentageof
short/longvowelsin our dictionarysetmultiplied by aweightfactor'®

4.4. ReadingGenerationand Scoring

After extractingthe setof segmenteadingsandcalculatingthe variousalternation
probabilities,we proceedto generateand scoreplausiblereadings. The first stepin
this processs to segmentup the target string, so asto be ableto look up readings
for theindividual segmentsindcomposeheseinto anoverall reading.For the string

12. Where“¢” indicatesthe final kanasyllable hasbeengeminatedj.e. haz equatedo the
kana-formid-.

13. In all experimentglescribedn Section5 we usea weight factor of 0.05 for both vowel
shorteningandlengthening.
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Function:SegmentReading()

BEGIN
Input:
s segment
R,={(r1, P1), (r2, P2)....(rx, Px)} where(r;, P;) is areading probabilitytuple
A = {(a1, a2, ...aj)} wherea; is analternatiorwith probability P,

forii from0tok — 1 do
(e, Pe) <= (7ris, Pyi)
forifromOtoj — 1 do
Thew ai(TC)
Pnew — Pc X Pa,-
if 3(r, P) s.t.(r,P) € Rs AT = Tnew
P <_ Pc + Pnew
else

Rs; + R U {(rne'w:Pnew)}
enddo
enddo

n
normalizeR; s.t. ZPi =1 V¥Y(r;,P) €R;
=0
returnR
END

Figure 3. Pseudo-codéor the SegmentReadinfunction

#3%9 % happyousuruto present”,for examplewe would ideally partitionit into

the threesegmentsi, 7% and 9" %; for the non-compositionali#lff kaze“common
cold”, asingle-segmerdanalysismay be moreappropriate We testtwo segmentation
methodshasedn bigramprobabilitiesandscriptboundaries.

The bigram-basednethodconsistsof taking eachcharactetbigramin the tamget
string and using the grapheme—phonemnmedignmentdatato rate the probability of a
segmenbccurringat thatpoint. As notedabore, katakanaandhiraganastringstakea
uniguekana-basedeading,irrespectve of how we segmenthemup. We thuschunk
all contiguoushiraganaandkatakanacharactergandalpha-numeristrings)together
into a unigramunit. The outputof this methodis a setof differentstring segmen-
tations, eachof which is associatedvith a probability basedon the productof the
bigramprobabilitiesat eachpotentialsegmentnsertionpoint.

The script boundarysegmentatiormethodadoptsa much simpler approach,in
insertinga segmenmarkerat eachscriptdemarcatiorpoint (e.g.betweereachkaniji
andkanacharacter)andadditionallyinsertinga segmenbetweeneachpair of kanji
characters.This segmentatiorschemaresultsin a considerablesimplification of the
generatiorprocessandproduces uniquesegmentatioof agivenstring. Thiscomes
at the costof preventinggenerationof the correctreadingfor multi-kanji segments
(e.g.JAFE kaze‘commoncold” from above).
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Having segmentedhe strings,we nextgeneratescoredreadingsaccordingto the
following steps:

1) For eachsggmentin word W, usethe previously calculatedsetof readingsR
containingreading—probabilitytuples(r, P(r|k)) and expandit to include ary ad-
ditional readingsresultingfrom applicationof alternationsunderconsideration.For
eachapplicablealternationa, we calculatea new tuple (7 ,¢w,Prew) Where Py, IS
calculatedunderassumptiorof segmentindependencasin equation(1) andr,,c,,
is the resultingreading. If the readingwasin the setoriginally, the probabilitiesare
addedandif notthenew tupleis insertedinto thereadingset. After the completeset
of reading—probabilityuplesis obtainedwe normalizethe probabilitiesto sumto 1.
Figure3 givesthealgorithmfor generatinga completesetof readinggor a segment.

Prew = P(rlk) x P (1]

2) Createan exhaustve listing of readingcandidatesy, for eachdictionaryen-
try W by concatenatingndividual segmentreadingsand calculatethe probability
P(rw|W) of eachbasedon the evidencefrom step1 and the naive Bayesmodel
(assumingndependenceetweenall parametersasgiven by equation(2). Figure4
givesthe simplified recursve versionof the generatioralgorithm. The actualimple-
mentationis iterative andoptimizedto awid unnecessargepetitive calculations.

P(rw|W) = P(ri.nalsi.n)

Il

I Prilsi) (2]
i=1

While generatingeadingave applya probabilitythresholdkeepingonly thereadings
with a higherprobability Then,we normalizethe probabilitiesof the prunedset of
readinggo sumto 1.

Pw) = % 3
PVl = PTE
(V) Pr(W)

= SFW) PO 4

3) Calculatethe corpus-basettequencyF' (W) of eachdictionaryentry W in the
corpusandthencorvertit into a string probability P(W), accordingto equation(3).
Notice thatthe term ). F'(WW;) dependson the given corpusandis constantfor all
stringsW in a samecorpus. Use Bayesrule to calculatethe probability P(1|r) of
eachresultingreadingaccordingto equation(4). Here,aswe areonly interestedn
therelative scorefor eachl¥ givenaninputr, we canignore P(r) andthe constant
> ; F(W;). Thefinal plausibility gradeof a usersearchindor dictionaryentry W by
queryingwith readingr is thusestimatedasin equation(s).
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Function:WordReading()

BEGIN
Input:
S[1,2,...n] whereS[i] is asegment
L[1,2,...n] whereL[s] is asetRg; of readingsof S[i] with associategrobabilities
A = {a1, a2, ...a; } wherea; is analternatiorwith probability P;
R + SegmentReadir{@1, L1, A)
ifn>1
R +— R ® WordReadingS[2, ...,n], L[1,2,...n], A)
whereR; ® Ry = {<7,P >| r = concat(r1,r2),P = P1 P,
A\ <ri,PL>€ Ry \ <73, P» >€ Ry}

pruneRst.R={(r,P) | P > Pihreshold}
normalizeRs.t. 3" (Pi=1 V(ri, Pi) € Rs
returnR

END

Figure4. Pseudo-codéor the WordReadingfunction

Grade(W|r) = P(r|W) x F(W) [5]

4) To completethe readingset we insertthe correctreadingsfor all dictionary
entriesWiqne thatdid not containany kanji charactersand for which no readings
weregeneratedbove, with plausibility gradecalculatedoy equation(6).24

GT(lde(Wkanalr) = F(Wkana) [6]

Furthermore,if the generationstepfailed to generatea correctreadingfor the
dictionaryentry containingkanji, we addit to thereadingsetsincewe wantto assure
the ability to searcHor adictionaryentryby its correctreading.

4.4.1. Failureto geneatethecorrectreading

Eventhoughwe startout with a correctdictionary readingas the input to our
systemjt canfail to generate correctreadingfor adictionaryentrydueto oneof the
following reasong?

a) Incorrect sggmentation.Whenthe initial seggmentationof multi-kanji unitsis
incorrect,it canobstructgeneratiorof the correctreading.For examplejf theinitial
segmentatiorof 1% omiyag “souvenir” is ( 3 | | E ) the systemmay be
unableto generatehe correctreadingsinceit is notcomposeaf individual character
readings.

14. Here,P(r|Wkana) is assumedo be 1, asthereis only onepossiblereading(i.e. r).
15. In theworstcaseof experimentagienerationthe systemfailed to generateorrectreadings

for 6277readings
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b) Thresholdprobability. In somecasesthe correctreadingis generatedvith a
very low probability andfiltered out as part of the pruning. However the pruningis
necessanginceduring the testruns of our generatioralgorithm, we run into prob-
lemswith very large numbersof readingsbeinggeneratedor eachdictionaryentry,
resultingin our readingdatabasgrowing beyondavailabledisk capacity

¢) Graphemegapping. Gappingtakesplacewhen certainpart of the phoneme
stringis omittedfrom the graphemestring. For example |[|F yamande “uptown” is
commonlywritten withouttheno segmentwhereathe morecompleterepresentation
wouldbe|l] @ F. Thecorrectreadingcannotbe createdsincethethe systemcannot
accountfor the gappedsegment®

d) Alpha-numericcharacters. When dictionary entries contain alpha-numeric
charactersn the graphemestring the phonemeequivalentusually containsthe tran-
scribedkanaequialent(e.g. A B CJIH eebiishiijuN “alphabeticorderand 1 1 0O
5 hyakutoobaN'emergeny telephonenumber?’) but our systemdoesnot generate
suchtranscriptions.

By default,we setthe probability of suchcorrectreadingsto equalthe threshold
probability appliedin filtering readingsduring generatiorand calculatethe scoreof
thereadingaccordingto equation(5) asbefore.

Note againthat all three stagesof the aboe processingare fully automateda
valuablequality whendealingwith a volatile dictionarysuchasEDICT. With minor
modificationsit shouldbe possibleto apply our methodologyto a differentlanguage
wherephonemeepresentatiors not clearly derivablefrom thegraphemeepresenta-
tion.

5. Evaluation

Startingwith the EDICT dictionary we proceededhroughthe stepsdescribedn
Sectiord4 to generateew setsof scoredreadingswith the corpusfrequenciesrom the
completesetof 200,000+sentence# the EDR Japaneseorpus[EDR 95]. Thenwe
implementedca webbasednterfacewith pregeneratettadingsetsaccessiblehrough
aCGil interface® Consequentlywe areableto provide real-timedictionarylook up
without additionalcomputationabverhead. The currently available implementation
cowersthefirst four typesof errorsdescribedn Section2.4.

Here,wewill provide anevaluationcarriedoutwith two basicgoalsin mind: (a)to
evaluatethe effectivenesof the proposedsystemin handlingquerieswith erroneous

16. However, graphemeayappingis relatively infrequentphenomenappearingn only 0.1%of
the 5000randomlychosendictionary entriesusedfor alignmentevaluation. As such,it does
notsignificantlyaffect systemperformance

17. Hereeehbiisiiis the Japanespronunciatiorfor ABC andhyakutoois anidiosyncraticpro-
nunciationfor 110

18. Thesystemis freely availableathttp://www.foks. info/
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readingsand (b) to examinethe effect additionalsearchoptionsandthe size of the
readingsethawe ontheusersability to find thedesiredentry.

5.1. Datasets

Fromthe outsetof our project,we werefacedwith the problemof finding a col-
lectionof naturally-occurringeadingerrorsthatcould be usedto evaluatethe FOKS
system.While therewasa lot of informationon typesof errorsmadeby learnersof
JapaneséseeSection2.4),we wereunableto locatea databasef recordechaturally-
occurringreadingerrors.Insteadwe look to two othersourcedor testdatasets.

The first sourceis a setof practiceproblemsfor the Japanesé@roficiencyTest
[SUZ 96, MAT 95]. The Japanesgovernmenthasestablisheda four-level certifi-
cation programaimedat evaluatingthe ability of non-natve learnersof Japanese
readingcomprehensioristeningandvocahulary. We have collecteda numberof dif-
ferentbooksusedfor the preparatiorfor the proficienyy examandextractedd20level
2 word readingproblems.Eachproblemconsistsof aword givenin its normalkanji
form, with four potentialreadingsn kana,only oneof which is correct. During the
test, the examinees requestedo choosethe correctreadingfrom amongthe four
candidatesHerearesomeexamplewordswith candidateeadingst®

=2A soshoulawsuit™ sousho soushou sosho
i < katamuku‘lean™: muku  kizuku  uchiaku
W# nikushiN“blood relative”.  nikuoya nisshiN  nikuya
[ kemuri“smoke”: honoo  hi susu

Thesecondsetof datais a collectionof 139 entriestakenfrom awebsitedisplay-
ing real-worldreadingerrorsor godoku“wrong reading”madeby native speaker®f
Japanes& Eachentry consistsof a word givenin kanji—kanacombinationandone
incorrectandcorrectreadingeach.Theseentrieswerecompiledfrom varioussources
andassuchshouldreflectthe wide variety of possiblereadingerrors.

For bothdatasetswe changedll the verbandadjective formsto basicdictionary
form for boththe word andall of its potentialreadinggo makethemappropriatefor
dictionaryquerying.

5.2. Comparisonwith a corventional system

We first createdour databasesf readingsi(a) two usingthe bigramsegmentation
model(labeled‘Bi” in consequentables)trainedon extractedalignmentdataand(b)
the othertwo usingthe kanji—scriptboundarysegmentatioomodel (labeled“Ka” in

19. Herewe give thecorrectreadingin thegloss.In the actualtest,the correctreadingscanbe

atanyof thefour positions.
20. http://www.sutv.zaq.ne. jp/shirokuma/godoku.html
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Corv. Bi Bi Ka Ka
(1x1073)  (I1x107%) (1x10~%) (1x10~%)
Totalreadings 97,927 3,449,866 8,864,800 4,549,152 13,812,273

Size(MB) 13 116 314 164 534
Uniquereadings 77,627 3,005,900 8,553,828 4,543,893 13,807,014
Ave.R/E 1.03 36.37 93.46 47.96 145.62
Ave.E/R 1.26 1.30 1.26 1.21 1.14
Max. R/IE 6 821 5394 317 2223
Max. E/R 27 162 182 167 189

Table 1. Basicbreakdowrof differentsetsof readings

consequertables)uttingeachkanji charactein aseparatsegmen(seeSectiord.4).
Foreachmodelwe usedtwo differentthresholds] x 102 and1 x 10~* respectiely.
Thebasicbreakdevn of thesesetsis givenin Table1.2

Giventhetwo datasetsandfour readingsetswe ranthe following experimenfor
eachcombination. For eachentry we queriedthe systemwith the correctandthen
theincorrectreadings.As a baselinewe useddirect matchingover the baseEDICT
dictionaryto mimic a corventionalsystem Whenexecutingthe querywe countedthe
numberof resultsandwhetherthe desiredentry wasamongthe candidateseturned.
Providedthatthesystensuccessfullyeturnedhedesiredvord asa candidateve also
countedits rank. In somecasesthe word wasnot containedn the dictionarysowe
excludedt from theevaluation.Theresultsof theseexperimentsregivenin Tables2
and3. In eachtable,we give theerrorreductionrate,calculatedaccordingo equation
(7). Thisratereflectstheimprovementover the corventionalsystem.

Success ful Queries — Baseline Success ful

E Red. =
rrorie # Queries — Baseline Success ful

(7]

For eachtestrun we alsogive the MeanRankandthe Relatve NormalizedMean
Rank(RNM Rank)which exemplify how high the desiredentryis rankedin the can-
didatelisting and how the rank depend=n the numberof candidatesrespectiely.
RNM Rankis calculatedaccordingo equation(8). Thelowerthis valueis, the better
In anideal system the desiredentry would alwaysrank 1stsothe RNM Rankwould
beO.

i Rank of Candidate — 1
N

= umber of Candidates — 1
RNMR =2 - [8]

21. In thistableR standgor readingsandE for dictionaryentries.
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Conv. Bi Bi Ka Ka
(Ix1073) (I1x107%) (1x1073) (1x107%)
# Queries 1189 1189 1189 1189 1189
Ave.# Results 2.26 10.37 14.58 11.03 15.36
Successful 18 484 512 547 574
Error Red. (%) 0 39.80 42.19 45.18 47.48
MeanRank 1.66 1.96 2.05 1.84 1.94
RNM Rank 0.22 0.08 0.07 0.07 0.06

Table 2. Resultdor Level 2 words

Conv. Bi Bi Ka Ka
(1x1073)  (I1x10™%) (1x1073) (1x10™%)

# Queries 77 77 77 77 77
Ave.# Results 1.53 7.85 10.96 8.22 11.48
Successful 10 38 39 51 55
Error Red. (%) 0 41.79 43.28 61.19 67.16
MeanRank 1.4 3.58 3.90 3.16 3.36
RNM Rank 0.18 0.20 0.24 0.18 0.19

Table 3. Resultdor godokuwords

From Table 2, we can seethat our systemis able to handlea large numberof
erroneouseadingsascomparedo the corventionalsystem.The error ratereduction
rangedrom 39.80%to 47.48%.Thecorventionalsystems ableto handlel8readings
dueto the fact thatthosereadingsmight be appropriaten differentcontexts andas
sucharerecordedn thedictionary However, differentreadingsusuallycoincidewith
differentmeanings(and hencetranslations). Due to the natureof the corventional
searchthe userwould not be awareof alternatereadings/translationsot returnedby
the system.In our systemon the otherhand,we offer a list of all potentialreadings
andtranslationdor the userto choosefrom so the usercanmakethe decisionasto
which translationis appropriatén the givencontext.

From the error reductionrates,we can seethat the “Ka” segmentatiormethod
resultsin bettercoverageof erroneougeadingseven for lower thresholdvaluesand
smallerreadingsets. Furthermorethe meanrank of the desiredentry amongthe
candidateseturneds alsolowerthanfor the“Bi” segmentatiomodel. As expected,
aswe decreas¢he cut-off thresholdthe numberof successfulbhandledqueriesises,
asdoesthe averagenumberof candidateseturned.Nonethelesshe MeanRankand
RNM Rankareboth quite low, shaving thatthe desiredentry on averagerankshigh
in the candidatdist.

Lookingto Table3, we canseethattheerrorratereductionis evenhigher, with the
maximumimprovementreaching67.16%for the largestgeneratedet. We canalso
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Level2 godoku

Queries 1189 77
Successful 587 55
PreviousBest 574 55
Coweragelncrease 13 0

Error Reduction(%) 48.59 67.16

Table 4. Queryresultsfor readingssetsgeneratedwith no thresholdapplied

seethat the numberof candidateseturnedis somevhatlower andthat the average
rank of the desiredentryis higher This canbe explainedby the fact thatthe average
charactelengthof erroneougeadingsin this setwas4.35 characterasopposedo
2.49charactergor Level 2 readings Elsevhere,we have establishedhatthe number
of resultsreturneds smallerfor longerqueriegBIL 02].

Here are several examplesof successfully-handledrroneousqueries,with the
numberdn bracketscorrespondingo the errortypesin Section2.4:

ryuushu= ¥ rusu“absence’l,2]
zeki= T seiki“century” [1,3]
koki= &} kouki“secondnalf” [4]

As seenabowe, decreasinghe probability thresholdto prunethe generatedead-
ingsincreaseshe coverageof the erroneougeadings Nonethelessye wantedto see
if thereis anupperlimit to the error coverage sowe ranan additionalexperimentin
which we createdan exhaustre readingsetfor all thewordsin our datasetswithout
applying any threshold;we usedthe samequerieson this setaswe did in the pre-
vious experiments. The resultsare depictedin Table4. We canseethatthe system
can handle13 more queriesfor the Level 2 wordsthanthe previous bestresulton
setsgeneratedvith a threshold,but that the total remainsthe samefor the godoku
words. Notethatthis increasen coveragecomeswith anexponentiaincreasen the
readingsetsize(178MB for 764 entries)which preventsgeneratiorandstorageof the
completereadingsetfor thewholedictionary

Fromthe abo\e data,it would appearthatthe “Ka” segmentatioschemaresults
in highercoverageof erroneouseadings Recallthatthis segmentatioschemdorces
eachkaniji characteiinto a separatesegmentindinsertssegmentboundariesat each
scriptboundary

5.2.1. RemainingProblems

We analyzedhe setof readingghatnoneof the systemdestedcould handle,and
found a numberof systematigroblemswith our systemarisingfrom the mannerin
whichwe generateeadingswithoutaccountingor all aspectsausingreadingerrors.
In the Japaneseroficiencytestdata,the incorrectreadingsare commonlyreadings
of semanticallysimilar words. The word & kemuri“smoke” hasreadingcandidates
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suchas honoo“flame” and hi “fire”. Also, the readingsare often borroved from
thewordswith the sametrailing kanacontent. For example,/ E% % sadameru'set”
hasa candidataeadingof kimeru(derivedfrom #& % kimeru“decide”) dueto the
commonsufiix (mery. While we have discussedhesephenomenén the contextof
commonreadingerrors,they arepresentlynot includedin our generatie modeland
consequentlyesultin unsuccessfudearches.

In the godokureadingdata,two othercommontypesof errorpresentec problem
for our system.The majority of entrieswe couldnothandlewerethe resultof confu-
siondueto graphicalsimilarity. Forexample,ffll#L ofuda“talisman” canbe confused
with 1%L orei “thanks, gratitude”. Anothercommonproblemis kaniji stringsbeing
interpretedaspropernameshenceakingon unusuareadings Althoughwe hawe im-
plementecananalogousystemfor searchinghe EDICT propernoundictionarywith
readingderivedfrom commonwords,we currentlyoffer no solutionfor the opposite
problemof regularwordsbeinginterpretedaspropernames.

While we recognizethat our systemstill hasdeficienciesat presentour experi-
mentshave shavn that it significantly increasedglictionary accessibilityin the case
that the prescriptve readingis not available, and as suchshouldaid the learnerof
JapaneseAdmittedly, this evaluationwasover datasetsof limited size, largely be-
causef thedifficulty in gainingaccesso naturally-occurrinkanji-readingonfusion
data.Theresultsare,however, promisingasfar asboth coverageandappropriateness
of thescoringfunctionareconcerned.

5.3. Readingsetanalysis

Sincewe createalargenumberof plausiblereadingsa potentialproblemwasthat
alargenumberof candidatesvould bereturnedor eachreading obscuringdictionary
entriesfor which theinput is the correctreadingandpenalizingcompetentisersvho
mostly searchthe dictionarywith correctreadings. Therefore,we tried to establish
how many candidatesre likely to be returnedfor an arbitrary userquery Due to
spaceconstraintsve only look atthesmallerKa” setwith thel x 10~2 thresholc??

The distribution of numberof word entriesreturnedfor the full rangeof reading
typesgeneratedby the proposednethodis givenin Figure5. In thisfigure, Baseline
representthereadingsn theoriginal dictionary thedistribution of whichis calculated
over the original dictionary EXxisting is the subsetof readingsin the generatedset
that existedin the original dictionary and All is all readingsin the generatedset.
Thedistribution of the lattertwo setsis calculatedover the generatedetof readings.
The z-axis representshe numberof resultsreturnedfor the given readingandthe
y-axis representghe naturallog of the numberof readingsreturning that number
of results. It canbe seenthat only a few readingsreturna high numberof entries.
943 out of 4,543,8930r 0.02% of the readingsreturnover 30 results. Note that the
averagenumberof dictionary entriesreturnedper readingis 1.21 for the complete

22. Thisis thesetthatis accessibl@thttp: //wuw.foks.info/
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Figure 5. Distribution of resultsreturnedper readingfor the“Ka” model

setof generatedeadings.Whenqueriesarealwaysthe correctreadingsthe average
numberof entriesreturneds 3.23.

Abovewe have providedevidenceunderliningtheability of thesystemnto directthe
userto the desireddictionaryentryfrom a wrongreading,andwith minimal filtering
of spurioushits. Oneoutstandingointof interestis therelative speed-upn dictionary
lookupthe systemoffersto alanguagdearner whichwe leave for futureresearch.

6. Discussion

In orderto emulatethe limited cognitive abilities of a languagdearner we have
optedfor asimplisticview of how individual kanji charactereombinein compounds.
In step2 of readinggenerationyve usethe naive Bayesmodelto calculatean overall
probabilityfor eachreading,andin doingsoassumehatcomponenteadingsarein-
dependentf eachother andthat phonologicalandconjugationablternationin read-
ings doesnot dependon lexical context. Clearly this is not the case. For example,
kanji readingsderiving from Chineseandnative Japanessourceqon andkunread-
ings, respectiely) tend not to co-occurin compounds. Furthermore phonological
andconjugationaklternationgnteractin subtlewaysandare subjectto a numberof
constraint§VAN 87].

However, dependingn the proficieng level of thelearner s/hemaynotbeaware
of theserules,andthusmaytry to derive compoundeadingsn amorestraightforward
fashionwhich is adequatelynmodeledthrougha simplisticindependencenodel. As
canbe seenfrom our experimentur systemis effective in handlinga largenumber
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of predictablereadingerrors,thereforejustifying the soundnessf our model. While
the resultsvary accordingto the testdataandthe size of the generatedeadingset,
our systemoutperformsthe corventionalsystemin all our experimentgperformed.
Furthermorethe numberof responsess on averagelow enough(lessthen4) thatit
doesnotinhibit the usefulnes®f theimproved searchability.

Nonethelessthe cognitive model can be improved further We intend to mod-
ify it to incorporatefurther constraintsn the generatiorprocessafter observingthe
correlationbetweertheinputsandselectedlictionaryentries.To this end,we arecol-
lectingusagedatafrom our serversandfeedbackfirom users.Furthermoreasbriefly
pointedoutin Section5.2.1,the currentcognitive modelstill doesnot cover all types
of readingerrors,with graphicandsemanticsimilarity beingnotablesourcesf error
currentlynothandled.The problemwith includingthesetypesof errorsinto our cog-
nitive modelis thatit is not straightforwardo quantify them. In the caseof graphic
similarity, limited researcthasbeenconductedon analyzingkanji similarity at the
strokelevel [MAE 02] but the coverageis still too limited for generalpurposedic-
tionaries. On the other hand,semanticsimilarity hasreceved a lot of attentionin
researcton disambiguatiorandlexicography but still remainsone of the largerob-
staclesin NLP in general. Note that we hawe takententative stepstowardshandling
readingconfusiondueto word-level co-occurrenceasdetailedin [BIL 03].

Finally, all thework onthis dictionaryinterfaceis conductedindertheassumption
thatthetargetstringis containedn theoriginaldictionaryandthuswe baseall reading
generatioron the existing entries,assuminghatthe userwill only attemptto look up
wordswe have knowledgeof. The systemallows for motivatedreadingerrors,but it
providesnoimmediatesolutionfor randomreadingerrorsor for casesvhereuserhas
nointuition asto how to readthe characterén thetargetstring.

7. Conclusions and Future Work

In this paperwe have described=OKS, a systemdesignedo accommodateser
readingerrorsand supplemenpartial knowledgeof the readingsof Japanes&vords.
Ourmethodakedictionaryentriescontainingkanji characterandgenerateseadings
for each,scoringthemfor plausibility in the process.Thesescoresare usedto rank
thedifferentword entrieswith generatedeadingscorrespondingdo the systeminput.
The proposedsystemis web-basedindfreely accessiblelnitial evaluationindicates
significantincrease#n robustnessver erroneousnputs.
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