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Abstract

The dictionary look-up of unknown words is partic-
ularly dixcult in Japanesedue to the complicated
writing system. We proposea system which allows
learners of Japaneseto look up words according to
their expected, but not necessarilycorrect, reading.
This is an improvemern over previous systemswhich
provide no handling of incorrect readings. In prepro-
cessing,we calculate the possiblereadingsead kanji
character can take and di®erert types of phonolog-
ical and conjugational changesthat can occur, and
assaiate a probability with ead. Using theseprob-
abilities and corpus-basedrequencieswe calculate a
plausibility measurefor ead generatedreading given
a dictionary ertry, basedon the naive Bayesmodel.
In responseto areadinginput, we calculate the plau-
sibility of ead dictionary ertry corresponding to the
reading and display a list of candidatesfor the user
to choosefrom. We have implemented our system
in a web-basedervironment and are currently eval-
uating its usefulnessto learnersof Japanese.

1 Intro duction

Unknown words are a major bottleneck for learners
of any language,dueto the high overheadinvolvedin

looking them up in a dictionary. This is particularly

true in non-alphabetic languagessucd as Japanese,
asthere is no easyway of looking up the componert

characters of new words. This researt attempts to

alleviate the dictionary look-up bottleneck by way

of a comprehensie dictionary interface which allows
Japanesdearnersto look up Japanesewordsin an ef-
“cient, robust manner. While the proposedmethod

is directly transferable to other language pairs, for

the purposesof this paper, we will focus exclusively

on a Japanese{Englishdictionary interface.

The Japanese writing system consists of the
three orthographies of hiragana, katakana and kanji,
which appear intermingled in modern-day texts
(NLI, 1986). The hiraganaand katakana syllabaries,
collectively referred to as kana, are relatively small
(46 characters eadh), and eadt character takes a
unique and mutually exclusive reading which can
easily be memorized. Thus they do not presen a

major ditcult y for the learner. Kanji characters
(ideograms), on the other hand, presert a much big-
ger obstacle. The high number of these characters
(1,945 prescribed by the government for daily use,
and up to 3,000appearing in newspagersand formal
publications) in itself presens a challenge, but the
matter is further complicated by the fact that eadh
character canand often doestake on se\eral di®eren
and frequently unrelated readings. The kanji , for
example, has readings including hatsu and ta(tsu),
whereas has readingsincluding omote, hyou and
arawa(reru). Basedon simple combinatorics, there-
fore, the kanji compound happyou\announce-
ment" can take at least 6 basic readings, and when
one considersphonological and conjugational varia-
tion, this number becomesmuch greater. Learners
preseried with the string for the rst time will,
therefore, have a possibly large number of potential
readings (conditioned on the number of componert
character readingsthey know) to choosefrom. The
problem is further complicated by the occurrenceof
character combinations which do not take on com-
positional readings. For example kaze \com-
mon cold" is formed non-compositionally from
kaze/fuu \wind" and  yokoshima/ja \evil".

With paper dictionaries, look-up typically occurs
in two forms: (a) directly basedon the reading of the
entire word, or (b) indirectly via componert kanji
characters and an index of words involving those
kanji. Clearly in the “rst case,the correct reading
of the word must be known in order to look it up,
which is often not the case. In the secondcase,the
complicated radical and stroke count systemsmake
the kanji look-up processcumbersomeand time con-
suming.

With electronic dictionaries|b oth commercial
and publicly available (e.g. EDICT (2000))|the
options are expanded somewhat. In addition to
reading- and kanji-based look-up, for electronic
texts, simply copying and pasting the desiredstring
into the dictionary look-up window gives us direct
accessto the word.l. Sewral reading-aid systems

1Although even here, life is complicated by Japanesebeing
a non-segmerting language, putting the onus on the user to



(e.g. Reading Tutor (Kitamura and Kawamura,
2000) and Rikai?) provide greater assistanceby seg-
merting longertexts and outputing individual trans-
lations for eadh segmen (word). If the target text
is available only in hard copy, it is possibleto use
kana-kanji corversionto manually input componert
kanji, assumingthat at least one reading or lexical
instantiation of thosekaniji is known by the user. Es-
sertially, this amounts to individually inputting the
readings of words the desired kanji appear in, and
searding through the candidates returned by the
kana-kanji corversion system. Again, this is com-
plicated and time inexcient sothe needfor a more
user-friendly dictionary look-up remains.

In this paper we describe the FOKS (Forgiving
Online Kanji Search) system, that allows a learner
to usehis/her knowledgeof kanji to the fullest extent
in looking up unknown words accordingto their ex-
pected, but not necessarilycorrect, reading. Learn-
ersare exposedto certain kanji readingsbefore oth-
ers,and quickly develop a senseof the pervasiveness
of di®erert readings. We attempt to tap into this
intuition, in predicting how Japaneselearners will
read an arbitrary kanji string basedon the relative
frequency of readings of the componert kanji, and
also the relative rates of application of phonological
processesAn overall probability is attained for eac
candidate reading using the naive Bayes model over
these componert probabilities. Below, we describe
how this is intended to mimic the cognitive ability
of a learner, how the system interacts with a user
and how it bene ts a user.

The remainder of this paper is structured as fol-
lows. Section 2 describesthe preprocessingsteps of
reading generation and ranking. Section 3 describes
the actual system as is currently visible on the in-
ternet. Finally, Section 4 provides an analysis and
evaluation of the system.

2 Data Prepro cessing
2.1 Problem domain

Our systemis intended to handle strings both in the
form they appear in texts (as a combination of the
three Japaneseorthographies) and as they are read
(with the reading expressedin hiragana). Given a
reading input, the system needsto establish a rela-
tionship betweenthe reading and oneor more dictio-
nary ertries, and rate the plausibility of ead entry
being realized with the entered reading.

In a sensethis problem is analogousto kana{kanji
corversion (see, e.g., Ichimura et al. (2000) and
Takahashiet al. (1996)), in that we seekto deter-
mine a ranked listing of kaniji strings that could cor-
respond to the input kanastring. There is onemajor
di®erence however. Kana{kanji corversion systems

correctly identify word boundaries.
2http://www.rikai.com

are designedfor native speakers of Japaneseand as
such expect accurate input. In caseswhen the cor-
rect or standardized reading is not available, kanji
charactershaveto be cornverted oneby one. This can
be a painstaking processdue to the large number of
characters taking on identical readings, resulting in
large lists of characters for the userto choosefrom.

Our system, on the other hand, doesnot assume
100% accurate knowledge of readings, but instead
expects readingsto be predictably derived from the
source kanji. What we do assumeis that the user
is able to determine word boundaries, which is in
reality a non-trivial task dueto Japanesebeing non-
segmeting (see Kurohashi et al. (1994) and Na-
gata (1994), among others, for details of automatic
segmetation methods). In a sensethe problem of
word segmemation is distinct from the dictionary
look-up task, sowe do not tackle it in this paper.

To be able to infer how kanji characters can be
read, we rst determine all possiblereadingsa kanji
character can take based on automatically-derived
alignment data. Then, we machine learn phonologi-
cal rules governing the formation of compound kanji
strings. Given this information we are able to gen-
erate a set of readingsfor ead dictionary entry that
might be perceived ascorrect by alearner possessing
some, potentially partial, knowledge of the charac-
ter readings. Our generative method is analogous
to that successfullyapplied by Knight and Graehl
(1998) to the related problem of Japanese(back)
transliteration.

2.2 Generating and grading readings

In order to generatea set of plausible readings we
‘rst extract all dictionary ertries containing kanji,
and for eat entry perform the following steps:

1. Segmen the kanji string into minimal morpho-
phonemic units® and align ead resulting unit
with the corresponding reading. For this pur-
pose, we modi ed the TF-IDF based method
proposedby Baldwin and Tanaka (2000) to ac-
cept bootstrap data.

2. Perform conjugational, phonological and mor-
phological analysis of eadr segmem{reading
pair and standardize the reading to canonical
form (see Baldwin et al. (2002) for full de-
tails). In particular, we consider gemination
(onbin) and sequettial voicing (rendaku) asthe
most commonly-occurring phonologicalalterna-
tions in kanji compound formation (Tsujimura,
1996). The canonical reading for a given seg-

3A unit is not limited to one character. For example, verbs
and adjectives commonly have conjugating suzces that are
treated as part of the same segmert.

4In the previous example of happyou \announcemen t"
the underlying reading of individual characters are hatsu and
hyou respectively. When the compound is formed, hatsu seg-



mernt is the basicreadingto which conjugational
and phonological processesapply.

3. Calculate the probability of a given segmen be-
ing realized with ead reading (P (rjk)), and
of phonological (Pphon (r)) or conjugational
(Pconj (r)) alternation occurring. The set of
reading probabilities is speci ¢ to ead (kanji)
segmen, whereasthe phonological and conju-
gational probabilities are calculated based on
the reading only. After obtaining the compos-
ite probabilities of all readings for a segmen,
we normalize them to sumto 1.

4. Create an exhaustive listing of reading candi-
dates for ead dictionary entry s and calculate
the probability P(rjs) for ead reading, based
on evidence from step 3 and the naive Bayes
model (assumingindependencebetweenall pa-

rameters).
P(rjs) = P(ri:n jKi:n) 1)
- Y‘ .
P(rlzznlklzzn) = P(riJki)£
i=1
£ Pphon (ri) £ Pconj (ri) (2)

5. Calculate the corpus-basedfrequency F(s) of
ead dictionary entry s in the corpus and then
the string probability P(s), accorgingto equa-

tion (3). Notice that the term  F(s;) de-
pends on the given corpus and is constart for
all strings s.
F(s)
P(s) = 3
= P 53 3)

6. Use Bayes rule to calculate the probability
P(sjr) of ead resulting reading according to
equation (4).

P(sir) _ P(ris)
P(s)  P()

Here, as we are only interested in the relative
score for eac s given an ipput r, we can ig-
nore P(r) andthe constart  ; F(s;j). The nal
plausibility grade is thus estimated as in equa-
tion (5).

(4)

Grade(sjr) = P(rjs) £ F(s) (5)

The resulting readingsand their scoresare stored
in the system databaseto be queried as necessary
Note that the above processingis fully automated,
a valuable quality when dealing with a volatile dic-
tionary such as EDICT.

ment undergoes gemination and hyou segmert undergoes se-
quential voicing resulting in happyou surface form reading.

3 System Description

The section above described the preprocessingsteps
necessaryfor our system. In this sectionwe describe
the actual implementation.

3.1 System overview

The basedictionary for our systemis the publicly-
available EDICT Japanese{Englishelectronic dictio-
nary.® We extracted all eriries cortaining at least
onekaniji character and executedthe stepsdescribed
above for eadh. Corpus frequencieswere calculated
over the EDR Japanesecorpus (EDR, 1995).

During the generation step we ran into problems
with extremely large numbers of generatedreadings,
particularly for strings corntaining large numbers of
kanji. Therefore, to reduce the size of generated
data, we only generated readings for ertries with
lessthan 5 kanji segmetts, and discardedany read-
ings not satisfying P(rjs) , 5£ 10 5. Finally, to
complete the set, we inserted correct readings for
all dictionary ertries sxana that did not corntain any
kanji characters (for which no readings were gener-
ated above), with plausibility grade calculated by
equation (6).°

Grade&(Skana jr) = F(Skana) (6)

This resulted in the following data:

Total entries: 97,399

Entries containing kanji: 82,961
Averagenumber of segmems: 2.30
Total readings: 2,646,137

Unique readings: 2,194,159
Averageertries per reading: 1.21
Averagereadingsper erntry: 27.24
Maximum ertries per reading: 112
Maximum readingsper entry: 471

The above set is stored in a MySQL relational
database and queried through a CGI script. Since
the readingsand scoresare precalculated, there is no
time overheadin responseto a userquery. Figure 1
depicts the system output for the query atamajou.’

The system is easily accessible through any
Japaneselanguage-enabledwveb browser. Currently
we include only a Japanese{Englishdictionary but
it would be a trivial task to add links to translations
in alternativ e languages.

3.2 Search facilit y

The systemsupports two major seard modes: sim-
ple and intelligen t. Simple searh emulates a
corvertional electronic dictionary seard (see,e.g.,

Shttp://www.csse.monash.edu.au/~jwb/edict.html

6Here, P (rjskana ) is assumedto be 1, asthere is only one
possible reading (i.e. r).

"This is a screen shot of the system asit is visible at
http://tanaka-  www.titech.ac.jp/foks/
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Figure 1: Example of systemdisplay

Breen (2000)) over the original dictionary, taking
both kanji and kana as query strings and displaying
the resulting entries with their reading and transla-
tion. It also supports wild character and speci ed
character length seardies. These functions enable
lookup of novel kanji combinations aslong asat least
one kanji is known and can be input into the dictio-
nary interface.

Intelligen t seart is over the set of generated
readings. It acceptsonly kana query strings® and
proceedsin two steps. Initially , the useris provided
with alist of candidatescorresponding to the query,
displayed in descendingorder of the scorecalculated
from equation (5). The user must then click on the
appropriate ertry to get the full translation. This
seardy mode is what separatesour system from ex-
isting electronic dictionaries.

3.3 Example search

Let us explain the benet of the system to the
Japaneselearner through an example. Supposethe
user is interested in looking up zujou \over-
head" in the dictionary but doesnot know the cor-
rect reading. Both \head" and \over/above"
are quite common charactersbut frequertly realized
with di®eren readings,namely atama, tou, etc. and
ue, jou, etc., respectively. As a result, the usercould
interpret the string as being read as atamajou
or toujou and query the systemaccordingly. Tables
1 and 2 shaw the results of thesetwo queries? Note
that the displayed readings are always the correct
readings for the correspnding Japanesedictionary
entry, and not the reading in the original query. For

81n order to retain the functionalit y o®ered by the simple
interface, we automatically default all queries containing kanji
characters and/or wild characters into simple searc.

9Readings here are given in romanized form, whereas they
appear only in kana in the actual system interface. SeeFigure
1 for an example of real-life system output.

Entry | Reading| Grade | Translation
Zujou 0.40844 overhead
tousei | 0.00271168| headvoice

Table 1: Results of seart for atamajou

Entry Reading Grade Translation
toujou 73.2344 appearance
zujou 1.51498 overhead
toujou 1.05935 embarkation
toujou 0.563065 cylindrical

doujou 0.201829 dojo
toujou 0.126941 | goingto Tokyo
shimoyake | 0.0296326 frostbite
toushou 0.0296326 frosthite
toushou 0.0144911 swordsmith
tousei 0.0100581 head voice
toushou 0.00858729 | sword wound
tousou 0.00341006 smallpox
tousou 0.0012154 frosthite
toushin 0.000638839 Eastern China

Table 2: Results of seart for toujou

all those entries where the actual reading coincides
with the userinput, the readingis displayedin bold-
face.

From Table 1 we seethat only two results are
returned for atamajou, and that the highest rank-
ing candidate corresponds to the desired string

Note that atamajou is not a valid word in
Japaneseand that a convertional dictionary seard
would yield no results.

Things get somewhat more complicated for the
reading toujou, ascan be seenfrom Table 2. A total
of 14 entries is returned, for four of which toujou is
the correctreading (asindicated in bold). The string

is secondin rank, scoredhigher than three en-
tries for which toujou is the correct reading, due to
the scoring procedure not considering whether the
generatedreadingsare correct or not.

For both of these inputs, a corvertional system
would not provide accessto the desired translation
without additional user e®ort, while the proposed
systemreturns the desiredertry asa rst-pass can-
didate in both cases.

4 Analysis and Evaluation

To ewvaluate the proposed system, we rst provide
a short analysis of the reading set distribution and
then describe results of a preliminary experiment on
real-life data.

4.1 Reading set analysis

Since we create a large number of plausible read-
ings, one potential problem is that a large number
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of candidateswould bereturned for eat reading, ob-
scuring dictionary ertries for which the input is the
correct reading. This could result in a high penalty
for competent userswho mostly seard the dictio-
nary with correct readings, potentially making the
system unusable.

To verify this, we tried to establish how many
candidates are returned for user queries over read-
ings the system has knowledge of, and also tested
whether the number of results dependson the length
of the query.

The distribution of results returned for di®erert
gueriesis given in Figure 2, and the average num-
ber of results returned for di®eren-length queries
is given in Figure 3. In both "gures, Baseline is
calculated over only those readings in the original
dictionary (i.e. correct readings); Existing is the
subsetof readingsin the generatedset that existed

in the original dictionary; and All is all readingsin
the generatedset. The distribution of the latter two
setsis calculated over the generatedset of readings.

In Figure 2 the x-axis represens the number of
results returned for the given reading and the y-axis
represers the natural log of the number of readings
returning that number of results. It canbe seenthat
only a few readingsreturn a high number of entries.
308 out of 2,194,1590r 0.014%readingsreturn over
30 results. As it happens, most of the readingsre-
turning a high number of results are readings that
existedin the original dictionary, ascanbe seenfrom
the fact that Existing and All are almost identical
for x valuesover 30. Note that the averagenumber
of dictionary entries returned per reading is 1.21 for
the complete set of generatedreadings.

Moreover, as seenfrom Figure 3 the number of
results dependsheavily on the length of the reading.
In this "gure, the x-axis givesthe length of the read-
ing in characters and the y-axis the averagenumber
of entries returned. It can be seenthat queriescon-
taining 4 characters or more are likely to return 3
results or lesson average. Here again, the Exist-
ing readingshave the highest averageof 2.88results
returned for 4 character queries. The 308 readings
mertioned above were on average?2.80 charactersin
length.

From theseresults, it would appear that the re-
turned number of ertries is ordinarily not over-
whelming, and provided that the desiredertries are
included in the list of candidates,the systemshould
prove itself useful to a learner. Furthermore, if a
useris able to postulate seweral readingsfor a target
string, s/he is more likely to obtain the translation
with lesse®ort by querying with the longer of the
two postulates.

4.2 Comparison with a conventional system

As the secondpart of evaluation, we tested to see
whether the set of candidates returned for a query
over the wrong reading, includes the desired ertry.
We ran the following experiment. As a data set we
used a collection of 139 ertries taken from a web
site displaying real-world reading errors made by
native speakers of Japaneset® For eat eriry, we
queried our system with the erroneousreading to
seewhether the intended entry was returned among
the system output. To transform this collection of
itemsinto aform suitable for dictionary querying, we
corverted all readingsinto hiragana, sometimesre-
moving context words in the process. Table 3 gives
a comparison of results returned in simple (con-
vertional) and intelligen t (proposedsystem)seard
modes. 62 ertries, mostly proper names! and 4-

10 http://www.sutv.zag.ne.jp/shirokuma/godoku.html
11we have also implemented the prop osed system with the
ENAMDICT, a name dictionary in the EDICT distribution,



| Convertional | Our System

In dictionary 77 77
Ave. # Results 1.53 5.42
Successful 10 34
Mean Rank 1.4 4,71

Table 3: Comparisonbetweena cornvertional dictio-
nary look-up and our system

character proverbs, were not cortained in the dictio-
nary and have beenexcluded from evaluation. The
erroneousreadings of the 77 entries that were con-
tained in the dictionary averaged4.39 charactersin
length.

From Table 3 we can seethat our systemis able
to handle more than 3 times more erroneousread-
ings then the cornvertional system, represerting an
error rate reduction of 35.8%. However, the average
number of results returned (5.42) and meanrank of
the desiredentry (4.71| calculated only for suc-
cessful queries) are still suzciently small to make
the system practically useful.

That the corwvertional system covers any erro-
neousreadings at all is due to the fact that those
readingsare appropriate in alternativ e contexts, and
as such both readings appear in the dictionary.
Whereas our system is generally able to return all
reading-variants for a given kanji string and there-
fore provide the full set of translations for the kaniji
string, cornvertional systemsreturn only the transla-
tion for the givenreading. That is, with our system,
the learner will be able to determine which of the
readings is appropriate for the given context based
on the translation, whereaswith corvertional sys-
tems, they will be forcedinto attempting to contex-
tualize a (potentially) wrong translation.

Out of 42 ertries that our systemdid not handle,
the majorit y of misreadingswere due to the usageof
incorrect character readingsin compounds (17) and
graphical similarity-induced error (16). Another 5
errors were a result of substituting the reading of
a semaurically-similar word, and the remaining 5 a
result of interpreting words as personalnames.

Finally, for the same data set we compared the
relative rank of the correct and erroneousreadings
to seewhich was scoredhigher by our grading pro-
cedure. Given that the data set is intended to ex-
emplify casesvherethe expectedreadingis di®erert
from the actual reading, we would expect the erro-
neousreadingsto rank higher than the actual read-
ings. An average of 76.7 readings was created for

allowing for name searches on the same basic methodology.
We feel that this part of the system should prove itself useful
even to the nativ e speakers of Japanese who often experience
problems reading uncommon personal or place names. How-
ever, as of yet, we have not evaluated this part of the system
and will not discussit in detail.

the 34 ertries. The averagerelative rank was 12.8
for erroneousreadingsand 19.6 for correct readings.
Thus, on average, erroneousreadings were ranked
higher than the correct readings, in line with our
prediction above.

Admittedly , this ewvaluation was over a data set
of limited size, largely becauseof the ditcult y in
gaining accessto naturally-o ccurring kanji{reading
confusiondata. The results are, however, promising.

4.3 Discussion

In order to emulate the limited cognitive abilities of
a language learner, we have opted for a simplistic
view of how individual kanji characters combine in
compounds. In step 4 of preprocessing,we use the
naive Bayesmodel to generatean overall probability
for ead reading, and in doing so assumethat com-
ponert readingsare independert of eac other, and
that phonological and conjugational alternation in
readingsdoesnot depend on lexical context. Clearly
this is not the case. For example, kanji readingsde-
riving from Chineseand native Japanesesources(on
and kun readings, respectively) tend not to co-occur
in compounds. Furthermore, phonological and con-
jugational alternations interact in subtle ways and
are subject to a number of constraints (Vance,1987).

Howewer, depending on the pro ciency level of
the learner, s’/he may not be aware of these rules,
and thus may try to derive compound readings in
a more straightforward fashion, which is adequately
modeled through our simplistic independence-based
model. As can be seenfrom preliminary experi-
merntation, our model is e®ectie in handling a large
number of reading errors but can be improved fur-
ther. We intend to modify it to incorporate further
constraints in the generation processafter observ-
ing the correlation between the seard inputs and
selecteddictionary ertries.

Furthermore, the current cognitive model doesnot
include any notion of possibleerrors due to graphic
or semaric similarity. But as seenfrom our pre-
liminary experiment theseerror typesare also com-
mon. For example, bochi \graveyard" and

kichi \base" are graphically very similar but read
di®ererly, and mono\thing" and koto \thing"
are semartically similar but take di®erert readings.
This leadsto the potential for cross-lorrowing of er-
rant readingsbetweenthesekanji pairs.

Finally, we are working under the assumptionthat
the target string is contained in the original dictio-
nary and thus base all reading generation on the
existing ertries, assumingthat the userwill only at-
tempt to look up words we have knowledge of. We
alsoprovide no immediate solution for random read-
ing errors or for caseswhere userhasno intuition as
to how to read the charactersin the target string.



4.4 Future work

So far we have conducted only limited tests of cor-
relation betweenthe results returned and the target
words. In order to truly evaluate the e®ectivenessof
our systemwe needto perform experiments with a
larger data set, ideally from actual userinputs (cou-
pled with the desireddictionary ertry). The reading
generationand scoringprocedurecan be adjusted by
adding and modifying various weight parametersto
modify calculated probabilities and thus a®ectthe
results displayed.

Also, to get a full coverageof predictable errors,
we would like to expand our model further to in-
corporate consideration of errors due to graphic or
semariic similarity of kaniji.

5 Conclusion

In this paper we have proposed a system design
which accommalatesuserreading errors and supple-
ments partial knowledgeof the readingsof Japanese
words. Our method takes dictionary ertries con-
taining kanji characters and generatesa number of
readingsfor ead. Readingsare scoreddependingon
their likelinessand stored in a system databaseac-
cessedhrough a webinterface. In responseto a user
query, the system displays dictionary ertries likely
to correspond to the reading entered. Initial evalua-
tion indicates that the proposedsystemsigni cantly

increaseserror-resiliencein dictionary seardes.

Ac kno wledgemen ts

This researt was supported in part by the Re-
seart Collaboration betweenNTT Communication
ScienceLaboratories, Nippon Telegraph and Tele-
phone Corporation and CSLI, Stanford University.
We would particularly like to thank Ryo Okumura
for help in the developmert of the FOKS system,
Prof. Nishina Kikuk o of the International Student
Certer (TIT ed) for initially hosting the FOKS sys-
tem, and Francis Bond, Christoph Neumann and
two anonymous refereesfor providing valuable feed-
bad during the writing of this paper.

References

Timothy Baldwin and Hozumi Tanaka. 2000. A
comparative study of unsupervised grapheme-
phonemealignment methods. In Proc. of the 22nd
Annual Meeting of the Cognitive Sciene Sciety
(CogSci 2000), pages597{602, Philadelphia.

Timothy Baldwin, Slaven Bilac, Ryo Okumura,
Takenobu Tokunaga, and Hozumi Tanaka. 2002.
EnhancedJapaneseelectronic dictionary look-up.
In Proc. of LREC. (to appear).

Jim Breen. 2000. A WWW JapaneseDictionary.
JapaneseStudies 20:313{317.

EDICT. 2000. EDICT Japanese-EnglishDictio-
nary File. ftp://ftp.cc.monash.edu.au/pub/
nihongo/ .

EDR. 1995. EDR Electronic Dictionary Technical
Guide. Japan Electronic Dictionary Researt In-
stitute, Ltd. In Japanese.

Yumi Ichimura, Yoshimi Saito, Kazuhiro Kimura,
and Hideki Hirakawa. 2000. Kana-kanji corver-
sion system with input support based on pre-
diction. In Proc. of the 18th International Con-
ferene on Computational Linguistics (COLING
2000), pages341{347.

Tatuya Kitamura and Yoshiko Kawamura. 2000.
Improving the dictionary display in a reading
support system. International Symposium of
JapaneseLanguageEducation. (In Japanese).

Kevin Knight and Jonathan Graehl. 1998. Ma-
chine transliteration. Computational Linguistics,
24:599{612.

Sadao Kurohashi, Toshihisa Nakamura, Yuji Mat-
sumoto, and Makoto Nagao. 1994. Improvemerts
of Japanesemorphological analyzer JUMAN. In
SNLR, pages22{28.

Masaaki Nagata. 1994. A stochastic Japanesemor-
phologicalanalyzerusing a forward-DP badward-
A" N-best seart algorithm. In Proc. of the 15th
International Conference on Computational Lin-
guistics )(COLING 1994 pages201{207.

NLI. 1986. Character and Writing system Edu-
cation, volume 14 of Japanese LanguageEduca-
tion Referenee. National Language Institute. (in
Japanese).

Masahito Takahashi, Tsuyoshi Shichu, Kenji
Yoshimura, and Kosho Shudo. 1996. Process-
ing homonyms in the kana-to-kanji corversion.
In Proc. of the 16th International Conference
on Computational Linguistics (COLING 1996),
pages1135{1138.

Natsuko Tsujimura. 1996. An Introduction to
Japanese Linguistics. Blackwell, Cambridge,
Massadtwsetts, rst edition.

Timothy J. Vance. 1987. Intr oduction to Japanese
Phonolagy. SUNY Press,New York.



