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(57) ABSTRACT 
Calculates a Word n-gram probability With high accuracy in 
a situation Where a ?rst corpus), Which is a relatively small 
corpus containing manually segmented Word information, 
and a second corpus, Which is a relatively large corpus, are 
given as a training corpus that is storage containing vast 
quantities of sample sentences. Vocabulary including con 
textual information is expanded from Words occurring in 
?rst corpus of relatively small siZe to Words occurring in 
second corpus of relatively large siZe by using a Word 
n-gram probability estimated from an unknown Word model 
and the raW corpus. The ?rst corpus (Word-segmented) is 
used for calculating n-grams and the probability that the 
Word boundary betWeen tWo adjacent characters Will be the 
boundary of tWo Words (segmentation probability). The 
second corpus (Word-unsegmented), in Which probabilistic 
Word boundaries are assigned based on information in the 
?rst corpus (Word-segmented), is used for calculating a Word 
n-grams. 
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Probability of a word string existing between characters when a character of a particular type 
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WORD BOUNDARY PROBABILITY ESTIMATING, 
PROBABILISTIC LANGUAGE MODEL BUILDING, 
KANA-KANJ I CONVERTING, AND UNKNOWN 

WORD MODEL BUILDING 

FIELD OF THE INVENTION 

[0001] The present invention relates to recognition tech 
nology in natural language processing, and improving the 
accuracy of recognition in natural language processing by 
using a corpus, in particular by effectively using a corpus to 
Which segmentation is not applied. 

BACKGROUND ART 

[0002] Along With the progress of recognition technology 
for natural language, various techniques, including kana 
kanji conversion, spelling checking (character error correc 
tion), OCR, and speech recognition techniques, have 
achieved a practical-level predication capability. At present, 
most of the methods for implementing these techniques With 
high accuracy are based on probabilistic language models 
and/or statistical language models. Probabilistic language 
models are based on the frequency of occurrence of Words 
or characters and require a collection of a huge number of 
teXts (corpus) in an application ?eld. 

[0003] The folloWing documents are considered: 

[0004] [Non-patent Document 1]“Natural Language 
Processing: Fundamentals and applications”, edited by 
HoZumi Tanaka, 1999, Institute of Electronics, Infor 
mation and Communication Engineers 

[0005] [Non-patent Document 2] W. J. Teahan, and 
John G. Cleary, 1996, “The entropy of English using 
ppm-based models”, In DCC. 

[0006] [Non-patent Document 3] Leo Breiman, Jerome 
H. Friedman, Richard A. Olshen, and Chales J. Stone, 
1984, Classi?cation and Regression Trees, Chapman & 
Hall, Inc. 

[0007] [Non-patent Document 4] Masaaki Nagata, “A 
Self-Organizing Japanese Word Segmenter using Heu 
ristic Word Identi?cation and Re-estimation”, 1997 

[0008] In most speech recognition systems, the most prob 
able character string is selected from among a number of 
candidates by referring to a probabilistic language model as 
Well as an acoustic model. In spell checking (character error 
correction), unnatural character strings and their correction 
candidates are listed based on the likelihood of a probabi 
listic language model. 

[0009] Because a practical model treats a Word as a unit, 
it is required that a corpus be provided With information 
about Word boundaries. In order to determine Word bound 
aries, an operation such as segmentation or tagging is 
performed. 
[0010] Automatic Word segmentation methods have been 
already knoWn. HoWever, the eXisting automatic Word seg 
mentation systems provide loW accuracies in ?elds such as 
the medical ?eld, Where many technical terms are used. To 
manually correct the results of automatic Word segmenta 
tion, the operator needs to have knoWledge of technical 
terms in the application ?eld, and typically, a minimum of 
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tens of thousands sentences are required in order to achieve 
recognition suf?ciently accurate enough for practical use. 

[0011] In training using a corpus in an application ?eld, it 
is generally dif?cult to obtain a huge corpus segmented and 
tagged manually for the application ?eld, taking much time 
and cost and thus making it dif?cult to develop a system in 
a short period. 

[0012] Although information segmented into Words in a 
?eld (for eXample in the medical ?eld) may Works in 
processing the language in that ?eld, there is no assurance 
that the information Will Work also in another application 
?eld (for eXample in the economic ?eld, Which is completely 
different from the medical ?eld). In other Words, a correct 
corpus segmented and tagged in a ?eld may be de?nitely 
correct in that ?eld, but may not necessarily correct in other 
?elds because the segmented and/or tagged corpus has been 
?Xed by segmentation and/or tagging. 

[0013] In this regard, there are many techniques in the 
background art that are pursuing ef?ciency and accuracy in 
Word segmentation in Asian languages. HoWever, all of 
these techniques are aiming to predetermine Word bound 
aries in Word segmentation ?Xedly. 

[0014] Taking Japanese out of the Asian languages as an 
eXample, Word information required for analyZing Japanese 
teXt relates to the structure of Word spelling, Which is the 
information regarding the character con?guration (represen 
tation form) and pronunciation of entry Words, including 
“spelling information”, “pronunciation information”, and 
“morphological information”. These items of information 
may provide important clues mainly in extracting candidate 
Words from Japanese teXt in morphological analysis. 

[0015] Although there is no clear de?nition of the term 
“Word”, attention is directed to tWo elements of the “Word” 
herein, “spelling” and “pronunciation” and tWo Words are 
regarded as the same Words if and only if they have the same 
spelling (characters) and pronunciation. Isomorphic Words 
just having the same spelling (characters) or homophonic 
Words just having the same pronunciation are regarded as 
different Words. The spelling of a Word is involved in 
identifying a morphological characteristic and the pronun 
ciation is involved in identifying a phonemic characteristic. 

[0016] Hence, the Japanese Words composed of tWo Chi 

nese characters “iii” (reporter), “HE"(train), “45%” (return 

to the office), and "E1?" (charity) all have the same pronun 

ciation “€* be" (kisha) but different spellings (characters), 
Whereby they are different Words. The “Word” is symboliZed 
in the computer, in Which the correspondence betWeen the 
symbol as the spelling (character) and the symbol as its 
meaning is registered. Japanese is one kind of agglutinative 
language, and has an extremely high Word formation poWer, 
Whereby care must be taken in registering Words in the 
computer as “dictionary”. The pronunciation is given in a 
string of input symbols (e.g., katakana in Japanese, Roman 
character representation of katakana) in the computer. 

[0017] A Word is registered in the computer by a method 
of registering all the possible spellings (characters), or 
collecting and registering the spellings having high use 
frequency, a method of registering only typical spellings, 
and searching for a Word in combination With its pronun 
ciation, or a method of providing various sorts of character 
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conversion table apart from the dictionary and investigating 
the correspondence With headWords, or a combination of 
these methods. 

[0018] A plain example for correcting the result of auto 
matic Word segmentation is given beloW. For example, for 

the pronunciation of “ ‘1% ‘b V) " (ha-ki-mo-no), there are tWo 

corresponding spellings. One is the Word “WW (footwear) 
and the other is a sequence of tWo Words “ Ii " (postpositional 

particle) and (kimono). These tWo spellings are asso 
ciated With the pronunciation “ha-ki-mo-no”. If there is an 
occurrence of this pronunciation and the spelling resulting 
from Word segmentation is considered to be improper, the 
spelling is corrected by re-segmenting. Unlike English, 
Japanese language does not have a space betWeen Words 
(Write With a space betWeen Words), therefore an expert must 
determine Word boundaries from the context around an 
sample sentence, based on the knoWledge of technical terms. 

[0019] As an example indicates that the Word “E¥v"(foot 

Wear) is assigned to the pronunciation “Ii-2* ‘5 @"(ha-ki-mo 
no), it Will be found that the Word needs to be correctly 
recogniZed using the knoWledge of vocabulary. Therefore, 
there is a demand for a method for increasing the accuracy, 
making effective use of the corpus Without segmentation. 

[0020] For all processes in natural language processing, 
conversion of character strings or speech data into a string 
of morphemes is a prerequisite. HoWever, in Asian lan 
guages such as Japanese, it is dif?cult to morphologically 
analyZe even Written text because, unlike English text, text 
in such languages is Written Without a space betWeen Words. 
Therefore, as part of the accuracy problem described above, 
there is the need for accurately obtaining candidate mor 
pheme strings When input data (y) such as a hiragana 
character string, a katakana character string, or speech data 
is given. 

[0021] In a statistical approach, this can be formulated as 
the maximiZation problem of P(x|y) and Bayes’ theorem can 
be used to decompose it into tWo models of maximiZing, 
P(y|x) and P(x), as shoWn in the right-hand side of the 
equation 

Where P(y) is a constant as y is given. The model of P(x) is 
independent of the type of input data (Whether it is a symbol 
string, character string, or speech data), hence called a 
“language model”. One of the most commonly used proba 
bilistic language models is a Word n-gram model. 

<Conventional Art Relating to the Use of Unsegmented 
Corpus> 

[0022] As conventional art there are methods in Which the 
result of segmentation of an unsegmented corpus based on 
training With a segmented corpus is used: 

[0023] (a) Counting n-grams With Weight by using 
candidate segmentations, 

[0024] (b) Using only 1-best of the candidates resulting 
from automatic segmentation, and 

[0025] (c) Using n-best of the candidates resulting from 
automatic segmentation. 
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[0026] HoWever, methods (a) and (c) require high com 
putational costs for bi-gram and higher and are unrealistic. 
Advantages of the present invention over method (b) Will be 
descried later With respect to experiments. 

SUMMARY OF THE INVENTION 

[0027] In light of the foregoing, a general aspect of the 
present invention can be summariZed as folloWs. The inven 
tion provides that a Word n-gram probability is calculated 
With high accuracy in a situation Where: 

[0028] (a) a ?rst corpus (Word-segmented), Which is a 
relatively small corpus containing manually segmented 
Word information, and 

[0029] (b) a second corpus (Word-unsegmented), Which 
is a relatively large corpus containing raW information 
are given as a training corpus that is storage containing 
vast quantities of sample sentences. 

[0030] Vocabulary including contextual information is 
expanded from Words occurring in the ?rst corpus (Word 
segmented) of relatively small siZe to Words occurring in the 
second corpus (Word-unsegmented) of relatively large siZe 
by using a Word n-gram probability estimated from an 
unknoWn Word model and the raW corpus. 

<Usage of Word Segmented Corpus> 

[0031] A ?rst corpus (Word-segmented) is used for calcu 
lating n-grams and the probability that the boundary 
betWeen tWo adjacent characters Will be the boundary of tWo 
Words (segmentation probability). A second corpus (Word 
unsegmented), in Which probabilistic Word boundaries are 
assigned based on information in the ?rst corpus (Word 
segmented), is used for calculating a Word n-gram. 

<Calculation of Probabilistic Word Boundaries> 

[0032] In the second corpus (Word-unsegmented), the seg 
mentation probability calculated from the ?rst corpus (Word 
segmented) is assigned betWeen characters. 

<Character-Wise UnknoWn-Word Model> 

[0033] The correspondences betWeen each character and 
its pronunciations are modeled. Thereby, a kana-kanji con 
version model for an unknoWn Word is proposed. 

[0034] Advantages of the invention include that With a 
Word boundary probability estimating device, a probabilistic 
language model building device, a kana-kanji converting 
device, and a method therefor according to the present 
invention as described above, existing vocabulary/linguistic 
models concerning the ?rst corpus (Word-segmented) are 
combined With vocabulary/linguistic models built by proba 
bilistically segmenting the second corpus (Word-unseg 
mented), Which is a raW corpus, Whereby the accuracy of 
recognition in natural language processing can be improved. 
Because the capability of a probabilistic language model can 
be improved simply by collecting sample sentences in a ?eld 
of interest, application of the present invention to ?elds for 
Which language recognition technique corpuses not pro 
vided can be supported. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0035] For a more complete understanding of the present 
invention and the advantages there of, reference is noW 
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made to the following description taken in conjunction With 
the accompanying drawings, in Which: 

[0036] FIG. 1 illustrates a con?guration of a kana-kanji 
converting device according to the present invention; 

[0037] FIG. 2 shoWs a con?guration of a kana-kanji 
converting device and a kana-kanji conversion program that 
implement a kana-kanji conversion method according to the 
present invention; 

[0038] FIG. 3 shoWs details of the kana-kanji converting 
device shoWn in FIG. 2; 

[0039] FIG. 4 shoWs a probabilistic language model 
building device; 
[0040] FIG. 5 is a ?oWchart of a process for calculating 
the expected frequency of a character string as a Word; 

[0041] FIG. 6 shoWs the probability that a Word boundary 
Will exist betWeen characters When a character of a particular 
type is folloWed by the character of different or the same 
type; 

[0042] FIG. 7 is a ?oWchart of a process for calculating 
Word n-gram probability; 

[0043] FIG. 8 is a ?oWchart of an operation of the 
kana-kanji converting device (language decoding section) 
shoWn in FIG. 2 in Which the Weights of the ?rst corpus 
(Word-segmented) and the second corpus (Word-unseg 
mented) are adjusted With 7»; 

[0044] FIG. 9 shoWs details of the corpuses used in the 
experiments to demonstrate advantages of introducing the 
proposed method in Writing applicable documents; 

[0045] FIG. 10 shoWs the results of the experiments on the 
corpuses shoWn in FIG. 9; 

[0046] FIG. 11 shoWs details of the corpuses for calcu 
lating the precision and the recall as Well for evaluating the 
performance of Word segmentation; and 

[0047] FIG. 12 shoWs models used in FIG. 11 and the 
results. 

DESCRIPTION OF SYMBOLS 

[0048] 
[0049] 10 . . . CPU 

[0050] 12 . . . Input device 

[0051] 14 . . . Display device 

[0052] 16 . . . Storage device 

[0053] 18 . . . Recording medium 

[0054] 2 . 

[0055] 22 . . . Language decoding section 

[0056] 30 . . . Base form pool 

1 . . . Kana-kanji converting device 

. . Kana-kanji conversion program 

[0057] 300 . . . Vocabulary dictionary 

[0058] 302 . . . Character dictionary 

[0059] 32 . . . Language model 

[0060] 
[0061] 322 . . . Second corpus (Word-unsegmented) 

320 . . . First corpus (Word-segmented) 
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DETAILED DESCRIPTION OF THE 
INVENTION: 

[0062] The present invention provides that a Word n-gram 
probability is calculated With high accuracy in a situation 
Where: 

[0063] (a) a ?rst corpus (Word-segmented), Which is a 
relatively small corpus containing manually segmented 
Word information, and 

[0064] (b) a second corpus (Word-unsegmented), Which 
is a relatively large corpus containing raW information 
are given as a training corpus that is storage containing 
vast quantities of sample sentences. 

[0065] Vocabulary including contextual information is 
expanded from Words occurring in the ?rst corpus (Word 
segmented) of relatively small siZe to Words occurring in the 
second corpus (Word-unsegmented) of relatively large siZe 
by using a Word n-gram probability estimated from an 
unknoWn Word model and the raW corpus. 

<Usage of Word Segmented Corpus> 

[0066] The ?rst corpus (Word-segmented) is used for 
calculating n-grams and the probability that the boundary 
betWeen tWo adjacent characters Will be the boundary of tWo 
Words (segmentation probability). The second corpus (Word 
unsegmented), in Which probabilistic Word boundaries are 
assigned based on information in the ?rst corpus (Word 
segmented), is used for calculating a Word n-gram. 

<Calculation of Probabilistic Word Boundaries> 

[0067] In the second corpus (Word-unsegmented), the seg 
mentation probability calculated from the ?rst corpus (Word 
segmented) is assigned betWeen characters. 

<Character-Wise Unknown-Word Model> 

[0068] The correspondences betWeen each character and 
its pronunciations are modeled. Thereby, a kana-kanji con 
version model for an unknoWn Word is proposed. 

[0069] Thus, With a Word boundary probability estimating 
device, a probabilistic language model building device, a 
kana-kanji converting device, and a method therefor accord 
ing to the present invention as described above, existing 
vocabulary/linguistic models concerning the ?rst corpus 
(Word-segmented) are combined With vocabulary/linguistic 
models built by probabilistically segmenting the second 
corpus (Word-unsegmented), Which is a raW corpus, 
Whereby the accuracy of recognition in natural language 
processing can be improved. Because the capability of a 
probabilistic language model can be improved simply by 
collecting sample sentences in a ?eld of interest, application 
of the present invention to ?elds for Which language recog 
nition technique corpuses not provided can be supported. 

[0070] Furthermore, even for Words that do not appear in 
the ?rst corpus (Word-segmented), candidates can be listed 
by referring to character-Wise frequency information. More 
over, if the Word n-gram probability of the second corpus 
(Word-unsegmented) is used, Which is a raW corpus, con 
textual information about unknoWn Words can be used as 
Well. 
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[0071] The following is an example of an advantageous 
embodiment: 

(Operation of Kana-Kanji Converting Device) 

[0072] Operation of a kana-kanji converting device 1 (in 
FIGS. 1 and 2) to Which the present invention can be 
applied Will be described below. 

(Kana-Kanji Converting Device 1) 

[0073] A kana-kanji converting device 1 to Which the 
present invention can be applied Will be described beloW. 
FIG. 1 illustrates an exemplary con?guration of the kana 
kanji converting device 1 to Which the present invention can 
be applied. As shoWn in FIG. 1, the kana-kanji converting 
device 1 according to the present invention includes a CPU 
10 including a microprocessor, memory, their peripheral 
circuits, and the like (not shoWn), input device 12 such as a 
mouse and a keyboard, a display device 14 such as a CRT 
display, and a storage device 16 such as an HDD drive, a 
DVD drive, and a CD drive. 

[0074] That is, the kana-kanji converting device 1 has a 
typical hardWare con?guration, executes a kana-kanji con 
version program 2 (Which Will be described later With 
reference to FIG. 2), Which is supplied in the form of a 
program recorded on a recording medium 18, such as a 
DVD, CD-ROM, or CD-RAM, converts input symbols 
strings Which are input from the keyboard 120 in the input 
devices 12 and converted into a digital format to create text 
data, and records the text data on a recording medium 18 
placed in the storage device 16 or display the text data on the 
display device 14. The kana-kanji converting device can be 
construed as a smaller unit than the kana-kanji converting 
device, such as a Word boundary probability estimating 
device, and a probabilistic language model building device 
(see FIG. 4). The same applies to cases Where the kana-kanji 
device is construed as being in the categories of method and 
program. 

(Kana-Kanji Conversion Program 2) 

[0075] FIG. 2 shoWs a con?guration of a kana-kanji 
conversion program 2 that implement a kana-kanji conver 
sion method to Which the present invention can be applied. 
As shoWn in FIG. 2, the kana-kanji conversion program 2 
includes a language model 32 and a base form pool 30 
described above. The language model 32 includes a ?rst 
corpus (Word-segmented) 320 and a second corpus (Word 
unsegmented) 322. The kana-kanji conversion program 2 
may be stored in the program storage device 16 or may be 
loaded into a storage device such as a memory (for example, 
a random access memory) in the CPU 10 (Which may be 
allocated as an array in the program) When being executed. 

(Base Form Pool 30) 

[0076] Stored in the base form pool 30 is a vocabulary 
dictionary 300 in Which the pronunciations of Words occur 
ring in the ?rst corpus (Word-segmented) are stored corre 
spondingly to the ?rst corpus (Word-segmented) 320 of the 
language model 32. Also, all characters constituting the 
Words and their pronunciations are stored in a character 
dictionary 302. The character dictionary 302 is sometimes 
referred to as the single-kanji dictionary. 

[0077] It is novel to consider combinations of all charac 
ters and their pronunciations and associate and store the 

Jan. 19, 2006 

pronunciations With their occurrence probabilities in the 
character dictionary. In particular, Without this provision, it 
is impossible to conceive of referring to the occurrence 
probabilities When applying kana-kanji conversion to a 
pronunciation. 

[0078] FIG. 3 shoWs the details of the base form pool 30. 
For example, the pronunciation /takahashi/ is stored for the 

Word FEVHE/ (Takahashi, a family name) in the vocabulary 
dictionary 300, the pronunciation /kore/ is stored for the 

Word /lfb/ (this), and the pronunciation /kiyo/ is stored for 

the Word /%P5/ (contribution). These are stored as already 
segmented Words. 

[0079] If this vocabulary dictionary is provided corre 
spondingly to the ?rst corpus (Word-segmented), statistics 
on the probabilities of occurrence (the likelihood that each 
Word Will appear) can be readily taken like this: the prob 

ability that the Word fél?/ Will appear in the ?rst corpus 

(Word-segmented) is 0.010, the probably that /Z1‘L/ Will 
appear is 0.0300, and the probability that /§$/ Will appear is 
0.020. While the probability of occurrence is shoWn as being 
stored in the ?rst corpus (Word-segmented) 320 in FIG. 3, 
the storage location is not limited to the example shoWn in 
FIG. 3, provided that it is associated With the ?rst corpus 
(Word-segmented). 
[0080] Stored in the character dictionary 302 are combi 
nations of all pronunciations of characters. For example, for 

the spelling of the character /H/, combinations of all of its 
pronunciations, including /taka/ and /kou/, are stored; and 
for the spelling of the character /1?/, combinations of all of 
its pronunciations, including /hashi/ and /kyou/, are stored. 

[0081] Also stored in the character dictionary 302 is a 
table containing the probabilities of occurrence of pronun 
ciations associated With characters. A 0.7 probability of 
/taka/ occurring and a 0.3 probability of /kou/ occurring are 
contained in association With the spelling of the 

character /?5/, a 0.7 probability of /hashi/ occurring and a 0.3 
probability of /kyou/ occurring are contained in association 

With the spelling of the character /1E/, and a 0.7 probability 
of /kore/ occurring and 0.3 probability of /Ze/ occurring are 
contained in association With the spelling of the 

character /E /, and 0.7 probability of /kiyo/ occurring and a 
0.3 probability of /sei/ occurring are contained in association 

With the spelling of the character /fi/. 

[0082] These probabilities of occurrence may not neces 
sarily be included in the character dictionary 302. They may 
be stored in a location separate from the character dictionary 
302, provided that correspondences betWeen all the pronun 
ciations and characters are described. In this Way, a charac 
ter-Wise unknoWn-Word model is built. Building of the 
character-Wise unknoWn-Word model alloWs listing of can 
didates by referring to the occurrence probabilities (fre 
quency information) This is summed in FIG. 4 and Will be 
described later. 

(First Corpus (Word-Segmented) 320) 
[0083] Details of the ?rst corpus are shoWn in FIG. 3. 
Stored in the ?rst corpus (Word-segmented) 320 are char 
acter strings made up of a number of characters. 
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(Second Corpus (Word-Unsegrnented) 322) 
[0084] Details of the second corpus are shoWn in FIG. 3. 
A Word boundary probability estimating device (FIG. 4) 
calculates the probability of a Word boundary existing 
betWeen characters in the ?rst corpus (Word-segrnented), 
refers to the probability, applies it to betWeen characters in 
the second corpus (Word-unsegrnented), and estimates the 
probability of a Word boundary existing between them. 

[0085] Stored in the second corpus (Word-unsegrnented) 
322 are character strings made up of a number of characters. 
The second corpus (Word-unsegrnented), Which segrnenta 
tion has not been applied to, is also called the “raW corpus”. 
Because segrnentation requires rnanual correction and there 
fore is troublesorne as described above, it is preferable that 
the large second corpus (Word-unsegrnented) of large siZe 
can be used effectively. 

[0086] It should be noted that, While a model including the 
?rst corpus (Word-segrnented) and second corpus (Word 
unsegrnented) is called a language model 32 herein, models, 
including those stored in the base forrn pool 30, may be 
referred to as “languages models” in some places herein. 
The term “language model” as used herein refers to a storage 
device in Which these items of information. 

(Language Decoding Section 22) 
[0087] A language decoding section 22 decodes an input 
syrnbol string into the Word string (W‘ in the expression 2 
beloW) that provides the highest probability calculated using 
the base forrn pool 30 and the language model 32 to the 
display device 14 or the storage device 16, and outputs it as 
text data to display or store it on the display device 14 or the 
storage device 16. 

[0088] According to the present invention, the ?rst corpus 
(Word-segrnented) and the second corpus (Word-unseg 
rnented) can be linearly interpolated (deleted interpolation) 
according to the folloWing expression 1. This process Will be 
described later With reference to FIG. 8. 

Pr(W1|W2, W3)=7\.P1(W1|W2, W3)+(1—7\.) P2 (W1IW2, 
W3) (1) 

[0089] In the expression, N=3, 0;)»; 1, P1 denotes the 
?rst corpus (Word-segrnented), and P2 denotes the second 
corpus (Word-unsegrnented). 

[0090] In the folloWing expression 2, P(Y|W) is given by 
the base forrn model 30 and P(W) is given by the language 
model 32. P(W) can be obtained by calculating a Weighted 
average of the ?rst corpus (Word-segrnented) 320 and the 
second corpus (Word-unsegrnented) 322 according to the 
value of 7» by using the expression 1. 

W=argrnaxP(W|Y)=argrnaxP(Y|W) P(W) (2) 

Where y represents the input syrnbol string (y1, y2, . . . , yk), 
W represents the Word string (W1, W2, . . . , W1), and W‘ 
represents the Word string (W1, W2, . . . , W‘1). 

(Calculation of Word Boundary Probability) 

[0091] A method for calculating the probability that a 
Word boundary Will exist in the ?rst corpus (Word-seg 
rnented) 320 Will be described beloW. 

[0092] 
acter string “i%%$€"=?$= " (Learning linguistics.), is stored as 
sample sentence. The character string is stored as seven 

In the ?rst corpus (Word-segrnented) 320, the char 
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characters, “i”, ‘5" ‘9, and These 
seven characters are classi?ed into six character types: kanji, 
syrnbol, nurneric, hiragana, katakana, and alphabetic (char 
acters that cannot be classi?ed into syrnbol, nurneric, nor 
any of the other character type). The characters in the 
sequence in the sample sentence can be classi?ed as, 
“kanji”, “kanji,”“kanji”, “hiragana”, “kanji”, “hiragana”, 
and “symbol”, respectively. 

[0093] FIG. 6 shoWs the probabilities that Word bound 
aries Will exist betWeen characters When a character of a 
particular type is folloWed by the character of a different or 
the same type, calculated from the relations in the sequence 
of the character types in the ?rst corpus (Word-segrnented) 
320. The probability can be readily calculated if information 
indicating Whether a Word boundary already exists betWeen 
characters can be obtained from the ?rst corpus. 

[0094] HoWever, even if such information cannot obtained 
from the ?rst corpus, the next calculation can be performed 
by setting a probability of 050000000 is set for the entire 
corpus as preliminary information concerning Whether or 
not Word boundaries Will exist. It should be noted that, 
although this action may result in a loWer accuracy, the 
technical idea of the present invention can be Widely applied 
to such a case. 

[0095] Furthermore, even if Words are not segrnented and 
therefore information as to Whether or not Word boundaries 
already exist is not available, a probability of 1.00000000 
for sentences the endpoints of Which are knoWn. 

[0096] In FIG. 6, it is indicated that the probability that a 
Word boundary Will exist betWeen to kanjis is 0.24955045 if 
one kanji folloWs the other kanji. Also, it is indicated that the 
probability of a Word boundary Will exist betWeen a kanji 
and a hiragana that folloWs the kanji is 0.67322202, the 
probability of a Word boundary Will exist betWeen a hiragana 
and a kanji that folloWs the hiragana is 0.97213218, and the 
probability of a Word boundary exist betWeen a hiragana and 
a symbol that folloW the hiragana is 099999955. 

[0097] Probabilities closer to 1 are higher (likely) and 
probabilities closer to 0 are loWer (unlikely). If Word bound 
aries are already deterrnined (Word boundaries already 
exist), the tWo values 0 and 1 Would be enough for discrirni 
nating Whether or not text is segmented into Words. It should 
be noted that intermediate values betWeen 0 and 1 are used 
for probabilistically shoWing the degrees of segrnentations. 
Of course, any other method that shoWs the degree of 
probability may be used. (Estimation of the probability of a 
Word boundary existing) In the second corpus (Word-unseg 
rnented) 322, probabilistic segrnentation can be estimated by 
referring to the probability of a Word boundary existing that 
is calculated from the ?rst corpus (Word-segrnented) 320. 

[0098] In one of the simplest examples, it is estimated that 
the probability of Word boundaries obtained in the ?rst 
corpus (Word-segrnented) 320 Will directly apply to the 
second corpus (Word-unsegrnented). In this case, the values 
obtained in the ?rst corpus (Word-segrnented) can be used 
directly as the probabilities of Word boundaries existing, 
though many other reference methods may be used. It should 
be noted that the term “reference” or “refer” as used herein 
has broad meaning in terms of usage. 

[0099] The probabilities of Word boundaries existing that 
are calculated in the ?rst corpus (Word-segrnented) are 
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assigned between Words in the second corpus (Word-unseg 
mented). For example, if the sample sentence 
"§¥#&$$." occurs in the second corpus (Word-unseg 
mented), the following boundaries are applied to betWeen 
tWo characters along With the probabilities shoWn in the 
square brackets. 

[0100] [1] @ [024955045]$[024955045] # 
[0.67322202]%[0.971213218]$[0.67332202]5§[1]° [1] 

[0101] This is based on the relations in the sequence of 
character types shoWn in FIG. 6. 

[0102] That is, if the sample sentence 'Wltir?tr. " (Read 
ing a declarative sentence.) occurs in the second corpus 
(Word-unsegmented), the folloWing boundaries along With 
the same probabilities shoWn in the square brackets that 
have been used above are applied to betWeen tWo characters. 

[0103] [1] at [024055045] ?[024955045] I 
[0.67332202]%: [0.97213218] :0 [0.67322202] 1:» 
[099999955]0 [1] 

(Calculation of Word n-Gram Probability) 

[0104] An n-gram model is a language model for exam 
ining hoW often n character strings or combinations of Words 
Will occur in a character string. 

[0105] If the Word segmentation probability (the probabil 
ity of segmentation betWeen the i-th character and the i+1-th 
character is represented by Pi) is calculated, the uni-gram of 
a Word W can be calculated as: 

[901 

1.41 

n (1 — Pi+j) 
F1 

[0106] The frequency of the uni-gram in this example can 
be calculated as folloWs. 

[0107] This means that the probability of the Word n-gram 
is calculated. The uni-gram (N=1) probability can be calcu 
lated by using the relation betWeen the preceding and 
succeeding characters of the character constituting the Word 
uni-gram, in the position of its occurrence. 

[0108] For example, the uni-gram of the Word “ii? can 
be calculated as: 

= 1><(1-0.24955045)><(1-024955045) 

[0109] Furthermore, the uni-gram of the Word having the 
longer character string “é?? can be calculated as: 

“aw” 1><(1—O.24955045)><(1—O.24955045)><(1-0.67332202) 
[0110] The uni-gram of the Word “2*” can be calculated 
as: 

“5%”O.6733202><(1—O.97213218)><O.6733202 
[0111] HoWever, the expression yields an extremely loW 
value. Accordingly, it can be estimated that the probability 

of the Word “i'#’occurring is extremely loW, that is, a kanji 
is unlikely to occur subsequently to a hiragana. This can be 
understood empirically. 
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[0112] A typical Word n-gram probability can be calcu 
lated by expanding the above expression. For example 
bi-gram probability can be calculated as folloWs: 

[0113] A method for efficiently calculating the expected 
frequency of the character string xlx2 . . . xk Will be 
described beloW With reference to FIG. 5. 

[0114] FIG. 5 shoWs a How chart of a process of calcu 
lating the expected frequency of the character string xlx2 . . 
. xk in the second corpus (Word-unsegmented) 322. In S200, 
the probability Pint that a Word boundary does not exist in the 
character string of interest can be calculated. 

[0115] Here, the probability that a Word boundary Will 
exist in a character string of interest, “A’ELQ' (consisting of 
four characters) Will be calculated. This Word is a proper 
noun and contains characters of different types. The Word 
boundary probabilities Will be represented on a character 
type basis. 

[0116] The character string of interest “V-YZLQ” consists of 
four characters of three character types: katakana, katakana, 
kanji, and alphabetic. 

[0117] The probability Pint that a Word boundary does not 
exist in the character string of interest can be calculated as: 

(1-0.05458673) (1-0.90384580) (1-0.99999955). 
[0118] At step S210, the position in the second corpus 
(Word-unsegmented) 322 at Which the character string of 
interest occurs is sought. 

[0119] For example, suppose that the character string of 
interest is found as folloWs: 

. li‘wriLQ‘D . . . (Where in fact there are other character 

strings preceding and succeeding the character string of 
interest, Which are represented by the suspension points to 
shoW the omission; the same applies to the folloWing 
description). 
[0120] A hiragana, “0i” precedes the character string of 
interest and a hiragana “ (7)” succeeds the character string of 
interest. Accordingly, P is calculated as: (1-0.99999955) 
(1-0.99999955). 
[0121] At step S230, the next occurrence position of the 
character string of interest is sought. If at step S240 the 
character string of interest (a vicinity pattern) is found as . 

surn 

then the process returns to S220. The symbol “[” precedes 
the character string of interest and the symbol “]” succeeds 
the character string of interest. 

[0122] Accordingly, PSurn is calculated as (1-0.99999955) 
(1-0.99999955) and is added to the PSurn calculated above. 

[0123] Such addition is repeated until the character string 
of interest is no longer found in the second corpus (Word 
unsegmented) 322 at S240, then PintxPSu is calculated 
?nally at S250. In this Way, Pint and PSu rnare calculated 
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separately, thereby ef?ciently calculating the frequency of 
occurrence of the character string. The calculation process 
shoWn in FIG. 5 is called tWice in the How shoWn in FIG. 
7 as a subroutine. 

[0124] Other methods for calculating the segmentation 
probability may be used such as methods using a decision 
tree or PPM. By using these methods, broader range of 
character strings can be referred to. The technical idea of the 
present invention is not limited to these. Any other methods 
can be used that can describe the existence of a Word 
boundary betWeen characters. 

[0125] Using the Word segmentation probabilities, the 
second corpus (Word-unsegmented) 322 can be treated as a 
corpus in Which characters are segmented at a character 
boundary (betWeen xi and xi+1) With a probability Pi. 

[0126] All occurrences of the spelling of a Word W in a raW 
corpus is given by 

[0127] Then, the probabilistic frequency fr of a Word W in 
a raW corpus can be de?ned as the sum of probabilistic 
frequencies as folloW: 

kil 

1] <1 — PM) 
j:1 

[901 

[0128] This shoWs that fr is the expected frequency of W 
in the raW corpus. 

[0129] Therefore, the Word uni-gram probability can be 
represented as: 

nril 

[0130] FIG. 7 shoWs a method for calculating the Word 
n-gram probability P(Wn|W1, W2, . . . , Wn_1). At steps S400 
and S430, the subroutine shoWn in FIG. 5 is called. In the 
process, f2/f1 is calculated. If fl is 0, the f2/f1 is indeter 
minate and therefore 0 is returned at S420. On the other 
hand, if fl is not 0, the expected frequency f2 of W1, W2, . 
. . , Wn is calculated at S430 and f2/f1 is returned at S440. 

(Kana-Kanji Conversion Using the Second Corpus (Word 
Unsegrnented)) 
[0131] The language decoding section 22 refers to both of 
the vocabulary dictionary 300 and the character dictionary 
302 in the base form pool 300. At step S100, the language 
decoding section 22 receives an input symbols string from 
the keyboard. At step S102, the language decoding section 
22 lists possible input symbol strings and their probabilities. 
As summarized in FIG. 4, the fact that the probabilistic 
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language model has been built by using the second corpus 
(Word-unsegmented) contributes to the listing of neW prob 
abilities for selecting conversion candidates. At step S120, 7» 
is set. At step S122, the language decoding section 22 refers 
to the ?rst corpus (Word-segmented) 320 and the second 
corpus (Word-unsegmented) 322 by assigning Weights to 
them according to the expression 1 given earlier, Where }\.#1. 
At step S124, the language decoding section 22 sequentially 
outputs the Word string With the highest occurrence prob 
ability as text data representing the result of the kana-kanji 

conversion. It should be noted that the Word string ?ilii?/ 
can be correctly provided even though it has a probability as 
loW as 0.001. This means that the input symbol string 
/takahashikorekiyo/ can be correctly converted into the 

proper noun ?ii???/ even though the input symbol string 
represents an unknoWn Word. 

[0132] FIG. 4 summariZes the relations. The Words /F!5?/, 

/:i’|. /, and /§—"i/ occur With probabilities of 0.010, 0.030, and 
0.020, respectively, in the ?rst corpus (Word-segmented) 
only. HoWever, the multiplication of these probabilities 
produces a value of 0.0006, Which is the probably of these 

Words being candidates. Because the Word string ?????/ 
has a higher probability of 0.001, it is evident that the 
symbol string Was correctly converted. 

[0133] This is because it can be estimated from the char 
acter-Wise unknoWn Word model that the character sting 

ii?i? occurs in the second corpus (Word-unsegmented) 
and that the input symbol string /takahashikorekiyo/ corre 
sponds to ?l??? With a constant probability of 0.001. If the 
Word string Were not correctly provide even With a prob 
ability as loW as 0.001, it Would be incorrectly converted to 

"55% 1h *5", Which is a string of knoWn Words With high 
occurrence frequencies. This is because a sample (bi-gram) 

in Which “E /kore/” is folloWed by “H /kiyo/” does not 
occur. 

<First Experiment> 

[0134] Advantages of introducing the proposed method in 
Writing applicable documents Will be demonstrated beloW. 
FIG. 9 shoWs details of the corpuses used in the experiment. 

[0135] FIG. 10 shoWs the results of comparative experi 
ments on eight models using the corpuses. Model C repre 
sents the proposed method. The testing Was conducted using 
the investigation 323 sentences. Both in the testing and 
training, documents similarly relating With each other are 
not include in both of the corpuses. 

[0136] Comparing With model A, model A‘, and Model B, 
it is evident that the accuracy Was increased by the intro 
duction of the ?rst corpus (Word-segmented). Also, compar 
ing model B With model B‘, model C With model C‘, and 
model D With model D‘, it can be seen that that the advantage 
of the models that alloW bi-grams or higher order to be 
calculate. 

[0137] Furthermore, comparing model C With model D, it 
can be seen that the proposed method ef?ciently uses the 
unsegmented corpus in the application ?eld. 

<Second Experiment> 

[0138] An experiment Was conducted to also calculate the 
precision and the recall for evaluating the performance of 
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Word segmentation. The evaluation is based on the result of 
kana-kanji conversion of a katakana spelling and the num 
bers of the characters in the correct longest common sub 
sequence (LCS). Letting the number of the characters con 
tained in a spelling in the ?rst corpus (Word-segmented) be 
NC, the number of the characters contained in the result of 
kana-kanji conversion be NSYS, and the number of the 
characters in the longest common subsequence be NLCS, 
then the recall can be de?ed as NLcS/Nc and the precision 
can be de?ned as NLcS/NSYS. 

[0139] FIG. 11 shoWs the corpuses used in this experi 
ment. FIG. 12 shoWs the models used in the experiment and 
the result. The test Was conducted by using 509,261 char 
acters in the EDR corpus. These experiments shoW that the 
proposed method (model C) has an advantage over models 
A and B both in precision and recall. 

(Variation) 
[0140] One may Want to use the second corpus (Word 
unsegmented) more often in some technical ?elds than in 
others. A method according to the present invention can 
readily control this by adjusting the Weight in linear inter 
polation With the ?rst corpus (Word-segmented). This is 
based on the concept that the n-gram probability estimated 
from the second corpus (Word-unsegmented) is less accurate 
than a language model estimated from a corpus in Which 
Words are manually and precisely segmented. 

[0141] Variations described for the present invention can 
be realiZed in any combination desirable for each particular 
application. Thus particular limitations, and/or embodiment 
enhancements described herein, Which may have particular 
advantages to a particular application need not be used for 
all applications. Also, not all limitations need be imple 
mented in methods, systems and/or apparatus including one 
or more concepts of the present invention. Methods may be 
implemented as signal methods employing signals to imple 
ment one or more steps. Signals include those emanating 
from the Internet, etc. 

[0142] The present invention can be realiZed in hardWare, 
softWare, or a combination of hardWare and softWare. A 
visualiZation tool according to the present invention can be 
realiZed in a centraliZed fashion in one computer system, or 
in a distributed fashion Where different elements are spread 
across several interconnected computer systems. Any kind 
of computer system—or other apparatus adapted for carry 
ing out the methods and/or functions described herein—is 
suitable. A typical combination of hardWare and softWare 
could be a general purpose computer system With a com 
puter program that, When being loaded and executed, con 
trols the computer system such that it carries out the methods 
described herein. The present invention can also be embed 
ded in a computer program product, Which comprises all the 
features enabling the implementation of the methods 
described herein, and Which—When loaded in a computer 
system—is able to carry out these methods. 

[0143] Computer program means or computer program in 
the present context include any expression, in any language, 
code or notation, of a set of instructions intended to cause a 
system having an information processing capability to per 
form a particular function either directly or after conversion 
to another language, code or notation, and/or reproduction in 
a different material form. 
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[0144] Thus the invention includes an article of manufac 
ture Which comprises a computer usable medium having 
computer readable program code means embodied therein 
for causing a function described above. The computer read 
able program code means in the article of manufacture 
comprises computer readable program code means for caus 
ing a computer to effect the steps of a method of this 
invention. Similarly, the present invention may be imple 
mented as a computer program product comprising a com 
puter usable medium having computer readable program 
code means embodied therein for causing a function 
described above. The computer readable program code 
means in the computer program product comprising com 
puter readable program code means for causing a computer 
to affect one or more functions of this invention. Further 
more, the present invention may be implemented as a 
program storage device readable by machine, tangibly 
embodying a program of instructions executable by the 
machine to perform method steps for causing one or more 
functions of this invention. 

[0145] It is noted that the foregoing has outlined some of 
the more pertinent objects and embodiments of the present 
invention. This invention may be used for many applica 
tions. Thus, although the description is made for particular 
arrangements and methods, the intent and concept of the 
invention is suitable and applicable to other arrangements 
and applications. It Will be clear to those skilled in the art 
that modi?cations to the disclosed embodiments can be 
effected Without departing from the spirit and scope of the 
invention. The described embodiments ought to be con 
strued to be merely illustrative of some of the more promi 
nent features and applications of the invention. Other ben 
e?cial results can be realiZed by applying the disclosed 
invention in a different manner or modifying the invention 
in Ways knoWn to those familiar With the art. 

What is claimed, is: 
1) A Word boundary probability estimating device com 

prising: 

means for calculating a probability that a Word boundary 
Will exist betWeen a ?rst plurality of characters consti 
tuting a ?rst character string stored in a ?rst corpus by 
invoking information as to Whether a Word boundary 
already exists betWeen the ?rst plurality of characters 
from the ?rst corpus containing the ?rst character string 
comprising the ?rst plurality of characters or setting up 
the preliminary information as to Whether the Word 
boundary exists, and 

means for estimating the probability that the Word bound 
ary Will exist in a second plurality of characters con 
stituting a second character string stored in a second 
corpus by referring to a calculated probability betWeen 
the second plurality of characters constituting the sec 
ond character string stored in the second corpus. 

2) The Word boundary probability estimating device 
according to claim 1, Wherein the probability that a Word 
boundary Will exist betWeen the plurality of characters is 
calculated on the basis of relations in the sequence of 
character types of successive characters in the character 
string in the ?rst corpus by using the information as to 
Whether a Word boundary already exists betWeen characters 
of those character types. 
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3) The Word boundary probability estimating device 
according to claim 1, wherein the calculated probability that 
a Word boundary Will exist includes values betWeen 0 and 1 
capable of probabilistically indicating the degree of segrnen 
tation as Well as values of 0 and 1 indicating Whether or not 
segmentation is already determined, in order to discriminate 
Whether the character string including the plurality of char 
acters is segmented or not. 

4) The Word boundary probability estirnating device 
according to claim 1; further comprising: 

Word n-grarn probability calculating means for calculat 
ing the probability that a Word boundary Will eXist on 
the basis of the relation betWeen the preceding charac 
ter and the subsequent character at the position of each 
occurrence of a character string including one or more 
characters constituting a Word n-grarn, the probability 
being a Word n-grarn probability, and thereby forming 
a probabilistic language model building device. 

5) The Word boundary probability estirnating device 
according to claim 1; further comprising: 

Word n-grarn probability calculating means for calculat 
ing the probability that a Word boundary Will eXist on 
he basis of a decision tree in Which relations betWeen 
a plurality of characters constituting a Word n-grarn are 
described or on the basis of PPM (Prediction by Partial 
Match), the probability being a Word n-grarn probabil 
ity, and thereby forming a probabilistic language model 
building device. 

6) The Word boundary probability estirnating device 
according to claim 4; further comprising: 

a ?rst corpus storing a character string Which includes a 
plurality of characters and is segmented into at least 
tWo Words as a Word including one or more characters, 
and storing an occurrence probability indicating the 
likelihood of occurrence of each of segrnented Words in 
association With the segmented Word; 

a second corpus storing a character string including a 
plurality of characters and a Word n-grarn probability 
calculated by the probabilistic language model building 
device; 

a vocabulary dictionary storing, correspondingly to the 
?rst corpus, pronunciations associated With each of 
Words segrnented as knoWn Words; 

a character dictionary storing, correspondingly to the ?rst 
corpus, a pronunciation and spelling of each character 
in a plurality of conversion candidates that can be 
converted from an unknoWn Word in association With 
each other so that that the plurality of conversion 
candidates can be listed for the unknoWn Word, and 
storing the occurrence probability of a pronunciation of 
each character; and 

a language decoding section converting a input spelling 
into a conversion candidate by referring to the occur 
rence probabilities associated With each Word stored in 
the ?rst corpus and the occurrence probabilities of 
pronunciations of each character stored in the character 
dictionary, and Word the n-grarn probability stored in 
the second corpus for an input pronunciation, and 
thereby forming a kana-kanji converting device. 
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7) An unknoWn Word model building method comprising 
the steps of: 

selecting one of the Words occurring in a character string 
stored in a storage device; 

assigning a pronunciation to the selected Word; 

storing the Word and the pronunciation in a vocabulary 
dictionary; 

assigning pronunciations to each of the characters con 
stituting the Word; and 

associating and storing a plurality of different occurrence 
probabilities With the associated pronunciations into a 
character dictionary. 

8) A Word boundary probability estirnating rnethod corn 
prising the steps of: 

calculating a probability that a Word boundary Will eXist 
betWeen a plurality of characters constituting a char 
acter string stored in a ?rst corpus by invoking infor 
rnation as to Whether a Word boundary already exists 
betWeen the plurality of characters from the ?rst corpus 
containing the character string including the plurality of 
characters or setting up the preliminary information as 
to Whether the Word boundary eXists; and 

estimating the probability that a Word boundary Will eXist 
betWeen a plurality of characters constituting a char 
acter string stored in a second corpus by referring to the 
calculated probability betWeen the plurality of charac 
ters constituting the character string stored in the sec 
ond corpus. 

9) The Word boundary probability estirnating method 
according to claim 8, Wherein the step of calculating the 
probability that a Word boundary Will eXist betWeen a 
plurality of characters calculates the probability on the basis 
of relations in the sequence of character types of successive 
characters in the character string in the ?rst corpus by using 
the information as to Whether a Word boundary already 
eXists betWeen characters of those character types. 

10) The Word boundary probability estirnating method 
according to claim 8, Wherein the calculated probability that 
a Word boundary Will eXist includes values betWeen 0 and 1 
capable of probabilistically indicating the degree of segrnen 
tation as Well as values of 0 and 1 indicating Whether or not 
segmentation is already determined, in order to discriminate 
Whether the character string including the plurality of char 
acters is segmented or not. 

11) The Word boundary probability estirnating method 
according to claim 8, further comprising the step of calcu 
lating the probability that a Word boundary Will eXist on the 
basis of the relation betWeen the preceding character and the 
subsequent character at the position of each occurrence of a 
character string including at least one character constituting 
a Word n-grarn, the probability being a Word n-grarn prob 
ability, thereby constituting a probabilistic language model 
building method. 

12) The Word boundary probability estirnating method 
according to claim 8, further comprising the step of calcu 
lating the probability that a Word boundary Will eXist on the 
basis of a decision tree in Which relations betWeen a plurality 
of characters constituting a Word n-grarn are described or on 

the basis of PPM (Prediction by Partial Match), the prob 
ability being a Word n-grarn probability, thereby constituting 
a probabilistic language model building rnethod. 
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13) The Word boundary probability estimating method 
according to claim 11, further comprising the steps of: 

referring to a ?rst corpus storing a character string Which 
includes a plurality of characters and is segmented into 
at least tWo Words as the Word including at least one 
character, and storing an occurrence probability indi 
cating the likelihood of occurrence of each of seg 
mented Words in association With the segmented Word; 

referring to a second corpus storing a character string 
including a plurality of characters and a Word n-gram 
probability calculated by the probabilistic language 
model building device according to the probabilistic 
language model building method; 

referring to a vocabulary dictionary storing, correspond 
ingly to the ?rst corpus, pronunciations associated With 
each of Words segmented as knoWn Words; 

referring to a character dictionary storing, correspond 
ingly to the ?rst corpus, pronunciations and spelling of 
each character in a plurality of conversion candidates 
that can be converted from an unknoWn Word in 
association With each other so that that the plurality of 
conversion candidates can be listed for the unknoWn 
Word and storing the occurrence probability of a pro 
nunciation of each character; and 

converting a input spelling into a conversion candidate by 
referring to the occurrence probabilities associated With 
each Word stored in the ?rst corpus and the occurrence 
probabilities of pronunciations of each character stored 
in the character dictionary, and the Word n-gram prob 
ability stored in the second corpus for an input pro 
nunciation, thereby forming a kana-kanji conversion 
method. 

14) The Word boundary probability estimating method 
according to claim 12, further comprising the steps of: 

referring to a ?rst corpus storing a character string Which 
includes a plurality of characters and is segmented into 
at least tWo Words as the Word including at least one 
character, and storing an occurrence probability indi 
cating the likelihood of occurrence of each of seg 
mented Words in association With the segmented Word; 

referring to a second corpus storing a character string 
including a plurality of characters and a Word n-gram 
probability calculated by the probabilistic language 
model building device according to the probabilistic 
language model building method; 

referring to a vocabulary dictionary storing, correspond 
ingly to the ?rst corpus, pronunciations associated With 
each of Words segmented as knoWn Words; 

referring to a character dictionary storing, correspond 
ingly to the ?rst corpus, pronunciations and spelling of 
each character in a plurality of conversion candidates 
that can be converted from an unknoWn Word in 
association With each other so that that the plurality of 
conversion candidates can be listed for the unknoWn 
Word and storing the occurrence probability of a pro 
nunciation of each character; and 

converting a input spelling into a conversion candidate by 
referring to the occurrence probabilities associated With 
each Word stored in the ?rst corpus and the occurrence 
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probabilities of pronunciations of each character stored 
in the character dictionary, and the Word n-gram prob 
ability stored in the second corpus for an input pro 
nunciation, thereby forming a kana-kanji conversion 
method. 

15) The Word boundary probability estimating device 
according to claim 5; further comprising: 

a ?rst corpus storing a character string Which includes a 
plurality of characters and is segmented into at least 
tWo Words as a Word including at least one character, 
and storing an occurrence probability indicating the 
likelihood of occurrence of each of segmented Words in 
association With the segmented Word; 

a second corpus storing a character string including a 
plurality of characters and a Word n-gram probability 
calculated by the probabilistic language model building 
device; 

a vocabulary dictionary storing, correspondingly to the 
?rst corpus, pronunciations associated With each of 
Words segmented as knoWn Words; 

a character dictionary storing, correspondingly to the ?rst 
corpus, a pronunciation and spelling of each character 
in a plurality of conversion candidates that can be 
converted from an unknoWn Word in association With 
each other so that that the plurality of conversion 
candidates can be listed for the unknoWn Word, and 
storing the occurrence probability of a pronunciation of 
each character; and 

a language decoding section converting a input spelling 
into a conversion candidate by referring to the occur 
rence probabilities associated With each Word stored in 
the ?rst corpus and the occurrence probabilities of 
pronunciations of each character stored in the character 
dictionary, and Word the n-gram probability stored in 
the second corpus for an input pronunciation, and 
thereby forming a kana-kanji converting device. 

15) An article of manufacture comprising a computer 
usable medium having computer readable program code 
means embodied therein for causing unknoWn Word model 
building, the computer readable program code means in said 
article of manufacture comprising computer readable pro 
gram code means for causing a computer to effect the steps 
of claim 7. 

16) An article of manufacture comprising a computer 
usable medium having computer readable program code 
means embodied therein for causing Word boundary prob 
ability estimating, the computer readable program code 
means in said article of manufacture comprising computer 
readable program code means for causing a computer to 
effect the steps of claim 8. 

17) A program storage device readable by machine, 
tangibly embodying a program of instructions executable by 
the machine to perform method steps for unknoWn Word 
model building, said method steps comprising the steps of 
claim 7. 

18) A program storage device readable by machine, 
tangibly embodying a program of instructions executable by 
the machine to perform method steps for Word boundary 
probability estimating, said method steps comprising the 
steps of claim 8. 

19) A computer program product comprising a computer 
usable medium having computer readable program code 
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means embodied therein for causing functions of a Word 
boundary probability estimating device, the computer read 
able program code means in said computer program product 
comprising computer readable program code means for 
causing a computer to effect the functions of claim 1. 

20) A computer program product comprising a computer 
usable medium having computer readable program code 
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means embodied therein for causing functions of a kana 
kanji converting device, the computer readable program 
code means in said computer program product comprising 
computer readable program code means for causing a com 
puter to effect the functions of claim 6. 

* * * * * 


