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Predictive text input systems enable users to input
text with fewer keystrokes by predicting the word

the user is trying to type based on the user’s previ- i
ous input and/or the user’s partial input of the in-
tended word. A predictive text input sytem does
not necessarily reduce the time to type in text ,

Intelligent Predictive Text Input System using Japanese Language

Nwanua Elumeze,

Keisuke Nishimoto

Department of Computer Science
University of Colorado at Boulder

{nwanua.elumeze, keisuke.nishimoto

Abstract

This paper proposes a new predictive text
input system for Japanese language. As
the user types in text, the system con-
structs a matrix containing word frequen-
cies given preceding words in a sentence.
It calculates the frequencies of candidate
words from the matrix based on a partial
word and its context, and on a list of crit-
ical words included in the partial sentence
that the user is currently typing, and pro-
poses the most likely words, sorted in or-
der of frequency.

We evaluated the system by constructing a
matrix from the training texts and counting
the number of keystrokes needed to type a
test text with this system. We found that
it did reduce the number of key strokes
required to type test sentences compared
with a non-predictive and with a predictive
text input system. However the reduction
is also heavily dependent on word reuse in
the corpus and new text.

Introduction

}@colorado.edu

predictive text input ends up not being as efficient
as simply typing without prediction, because pre-
dictive text input increases user cognitive load in-
curred by interruption necessitated by word selec-
tion.

However, not all languages can be input with-
out interruption by simply typing on a keyboard.
In the case of Japanese three types of characters
(hiragana, katakana, kanji), which contain more
than 3,000 characters in total, can be used in a
text. Therefore, it is almost infeasible to directly
type these characters without conversion. Typi-
cal Japanese text input is performed in the follow-
ing manner: first, a user types in a text in hira-
gana (phonetic alphabet) using an alphabetic key-
board. After typing the entire or partial sentence,
the user converts the text including kanji (Chinese
characters). Since Japanese has a large number
of homonyms with different kanji notations, the
user has to choose the correct one depending on
its context, if the system’s choice is wrong. Figure
1 shows an example of this process. Since inter-
ruption and selection of candidates are necessary
anyway, using predictive text input would be more
feasible as a way to input Japanese texts.

00000000oooooo
(typed as “ashitahaamegafurudarou.?)

gboboooboogobooo

It may rain tomorrow.

even if it reduces the total number of keystrokes,
because it requires the user to select the correct Figure 1. An example of Japanese text input

word from multiple candidates predicted by the

system (Copestake, 1997). In the case of typing Another situation where predictive text input
in a language that does not require text convermay be useful is typing texts on small devices,
sion, such as English, with a full-sized keyboard,such as PDAs and cellular phones. These devices



are not usually equipped with full-size keyboards,The system is dedicated for Japanese text input
and the user of these devices has to input text eand employs a more complex model to increase
ther by using pen stroke or a telephone 9-buttorthe accuracy of prediction rather than reduce the
keypad, which are much less efficient than full-number of keystrokes assuming a full keyboard.
size keyboards. In case of 9-button keypads, ujt uses two factors to limit the number of candi-
to 4 letters are assigned to one button, requiring adates to be predicted: a certainty factor indicat-
worst 4 button presses to type just one letter. Asng how certain a candidate is - calculated from
text messaging on cellular phones becomes morthe frequency in the corpus given a typed text, and
popular and the necessity to type text on a cellulaa usefulness factor indicating how useful a candi-
phone increases, a few predictive text input methéate is - calculated as the difference between the
ods are proposed and implemented in commercidéngths of a candidate word and of matching sub-
products. The next section introduces some o$trings of the typed text.

them. On the other hand, TouchMeKey4 keypad
(Tanaka-Ishii et al., 2002) was designed for more
2 Prior Work limited input devices with just 4 buttons, as the

_ _ _ name suggests. Similar to text input on cellular
POBox (Masui, 1998; Masui, 1999) is & pre-phones; the system assigns six or seven alphabet
dictive text input method originally designed for |gtters to a button. TouchMeKey4 uses PPM (pre-
pen-based devices. POBox performs ambiguoUgiction by partial match) to determine candidate
search to predict candidate words from a user§yords; and the relevance of each candidate is mea-
partial input. For example, it is possible to predictg g by the base dictionary, the unigram statics

?.WOI”’d “design” from an incomplete input such asgg|iected from a corpus, and the user corpus, the
dsn.” POBox also has a context dictionary thaty,_qram statistics constructed from a small docu-
keeps track of which words are likely to appearyent written by the user.

before a certain word and uses it to predict Words  §na of the latest research on the predict text in-

based on the previous word. Since POBOX relieg, yas presented in (Komatsu et al., 2005). Their

on a simple bigram model, it is supposed to Worksyrateqy was to store all the documents visited by
for many languages if a dictionary for the language, ,ser to construct a corpus and utilize it to predict

is available. POBox has been implemented in S€V3 word, especially long and context-specific com-

eral commercial cellular phones for the JapaneSﬁound words such as “Software Engineering” or
market. “Unix programming.” They developed the system
Another predictive text input system widely py integrating Kukura, a document storage sys-
used in cellular phones is T9 (Tegic Communicayem, together with PRIME, a predictive input sys-
tions, Inc., 2000) (http://www.t9.com/) developedem. Their study revealed that some forms of text,
by Tegic Communications, Inc. It assumes a stang,ch as a chat log, were highly context specific and
dard 9-button telephone keypad where 3 to 4 alyye ratio of word reuse was sometimes as high as
phabets are assigned to each button. Unlike thgo%, showing that this approach was feasible. We

conventional input method, the user does not neegjjized this hybrid implementation strategy in our
to push a button multiple times to enter a letter. In-gystem,

stead, the user enters a word by pushing a button

per letter and T9 predicts candidate words fromthed  Using a Context for Prediction

button sequence. For example, if the user types a

sequence of 234, there exist 27 possible words fo-1 Approach

it since 3 alphabets are assigned to each key. How@ur system was designed for inputting Japanese

ever, only a few of them give a correct word andtexts on mainly, but not limited to, small devices

can be a candidate. It seems that T9 further dissuch as cellular phones. Our approach is to in-

ambiguates words by a certain metric, but the alerease the accuracy of prediction by POBox by

gorithm is proprietary (Soukoreff and MacKenzie, utilizing more detailed context information and

2003). Currently, T9 is currently available in more knowledge of Japanese grammar.

than 40 languages, including Japanese. Like POBox, our system searches for candi-
Ichimura et al. developed a Japanese text indate words based on a user’s partial input word.

put system with prediction (Ichimura et al., 2000). Whereas POBox uses just the previous word as



a context to make better predictions, our system To further increase the accuracy of our model,
uses an entire partial sentence to limit and priorwe make a distinction between critical and non-
itize candidate words. For example, if the sen-critical words. To make the distinction simple,
tence a user is typing includes the woetlictantly  we regard the structure of Japanese sentences as
and she typed in the lettgr our system might in- a sequence of basic blocks in the above explana-
fer that the word the user wants to type is likelytion. A basic block in Japanese language consists
to bepay, or something the user is not willing to of one independent word (jiritsug@) 0 O) de-
do. This approach is especially useful in Japanesgicted in black in Figure 2, and zero or more an-
because almost all Japanese sentences end witttilary words (fuzokugold O [0 ) depicted in gray.
verb block, which is likely be restrained by pre- Ancillary words are either particles or auxiliary
ceding subject/object noun and adverb words (Figverbs, both of which are closed class words, and
ure 2). In the first example sentence in the figthey never come to the start of a basic block. The
ure, the subject pronoun (he) and the adverb Part-of-Speech (PoS) of words followed by an an-
0000 (reluctantly) suggests the verb block to cillary word is limited to noun, verb, adjective and
be an action that can unwillingly be performed byauxiliary verb. As such, ancillary words are less
a person, and the object noand (question) re- important for prediction in our model than inde-
guests the verb block to be something performegendent words.
on a question. Based on this grammatical nature of Japanese
Another benefit of using an entire partial sen-language, our model handles only independent
tence as a context is that it is more resilient to wordvords. When the system constructs a context from
order changes. In the case of Japanese, word c&USer’s previous input it extracts only independent
der is relatively free compared with English. Forwords, and this model is used to predict only in-
example, the two sentences in Figure 2 have théependent words. In reality, however, the system
same structure, but the order of blocks before th@lso needs to support the input of ancillary words.
verb block are different. In this situation, a simple Our solution to this problem was to build a hybrid
bigram model is less useful as a clue for predictiorsystem that uses both our model and the bigram
because one bigram sequence extracted from raodel and to put priority on either of them based
sentence cannot be used for another sentence ha¥A the present context. Since ancillary words ap-
ing the same set of words but with different word pear only after a word with a predefined set of PoS,
order. On the other hand, our model is not affectedve put priority on the bigram model if the PoS of
by the order of preceding words and thus is exthe previous word is included in the set. Even if
pected to give more robust prediction in Japanesa user wants to input an independent word after
text input. such words, putting priority on the bigram model
does not pose much of a problem, because ancil-
lary words are in general shorter than independent
words and can be easily eliminated from the list of
candidate words as the user types in more letters.

possible predictability

EBZ _(Eh LALA, |Fl=ﬁl'_\ [S&EA 50
Subject Adverb Object ~ Verb 3.2 Architecture

he (theme) reluctantly question to answer-ed

He reluctantly answered to the question. As shown in Figure 3, our solution relies on a

number of existing programs that help with pre-

possible predictability diction, conversion, and user interaction. Per the

~ § E § diagram, the user interacts directly with the Emacs

|§4ﬁ£ I, I, ,l,zSiL,zSi. Fho 17, text eQ|tor, and types a special con_trql sequence
Object Subject Adveb Veob to activate our Japanese text prediction feature.

Communication between Emacs, our predictor,
and the POBox predictor server are done via TCP
sockets, so ostensibly, the system could serve mul-
L :BasicBlock tiple Emacs clients at once.
As the user types, Emacs sends the alphabetic
Figure 2: Possible predictability in a sentence characters over to our system, where possible

rent (object) he (theme) reluctantly pay -ed
He reluctantly paid his rent.



Japanese characters are predicted and compiled, [poBox | “2= ", Context, Input

. ' Our POBox
and eventually sent back to the user via Emacs. | Client System | « S
” ” (Emacs) Candidate Candidate
She can then press the "space” key to scroll among
the possible choices, and then types “enter” to Gt PoSoramrd/ \Ger Romaji notation

make a selection, or continues typing more alpha-
bet characters to further disambiguate the candi-
date words. The screenshot in Figure 6 illustrates
this process from the user’s point of view. MeCab: Japanese POS tagger

For a given (partial) word or context sentence, Kakasi: Kanji-Romaji conversion tool
the system uses the MeCab (Japanese structure

MeCab| [Kakasi

analyzer, http://mecab.sourceforge.jp) program to Figure 3: System Architecture

tag words as nominals, verbs, auxiliaries, etc.

This information is used to capture some mean- Ooo0ooooooooo

ing about the structure of a given sentence as it's Oo00ooooooooon

being typed, and it helps the system make better

predictions that are influenced by thge of an Figure 4: New text without an existing corpus

immediately preceeding word.

Note that a user is most likely going t0 US€ 414 of 4 particular word's context, and the fre-
an English keyboard, and we use Kakasi (Kanj"quency with which it appears with the other words

Kana inverter, http://kakasi.namazu.org) o Cony, gigterent contexts (sentences) will indicate the

vert Japanese text into the alphabetic descriptiopy aihood of it appearing in this new context. This

of the Japanese pronunciation - this is the procesgormation is stored in a sparse matrix that essen-
of romanization. For example, the characfer oy predicts how likely it is for a word (starting

sounds like'ga” when spoken, so its romanized i 5 certain combination of alphabetic charac-
version would be the letter 'g’ followed by the let- ters) to show up at particular parts of some text.

ter 'a’. This enables the system to determine, "boncretely matrix[7 0, * 0] denotes the fre-
real time, whether a given alphabetic string Ca’huency of D ' given ‘0 D From this, given the

yield certain Japanese characters (based on ho¥yeqent context, it goes on to calculate the sum of
the characters may be pronounced). COMMUNIC;eqencies for each candidate, and returns a list
tion between our predictor, Mecab, and Kakasi IS5¢ the most likely words.

done via Unix pipes.

) ) To illustrate, starting with a fresh slate, the ex-
When our predictor has been trained on a Corample sentences in Figure 4 were typed using

pus, the POBox sever acts mainly as a backup th@macs and our system immediately updates its
offers predictions in addition to the ones we make ., 4+ix to reflect the structure in Table 1.

However, in the case of an untrained system, the The two entries with the number 1" in the first

P_OBOX server becomes the primary source_of Pr€olumn, for instance, indicate the frequency with
dictions, and our system learns by observing th

hoi k Il as th Shich "0 and "0 0 0 0" were the first words
¢ ou(:je_s arl:ser mha s, as we as the Contexts Ui e context. The remaining zeros in that first
founeng (oS cholces. column indicate that no other word started a sen-

When the user makes a choice from the list Ofgnce per this example. The entries with the num-
candidates, Emacs sends our system the number&gr "1 in the second column indicate how of-

the selection (e.g. 84 is the code to indicate that the
fourth candidate was chosen). Upon receipt, our
system updates the matrix and the current context
to reflect this fact.

gooo o g
O
gooad

3.3 Algorithm 0o
0o

The predictions our system makes depend entirely
on the frequency of a word given the occurrence of
preceding words in a sentence context. Typically,
only the words in a given sentence are considered Table 1: Resulting Matrix

O O
0 0
1 0
1 0
1 1
1 0
1 0

O 0O O O Fr Kk
T =)

O 0O 0 o0 o o O
m O 0O o0 o o[
O 0O o o o o



ten those words follow [ ", though not neces- System || Short Blog| Latest Blog
sarily immediately. Notice the absence of parti- romaji || 1210 2319
cles such agl, , "wa”, andO , "wo”, in the ma- kotoeri || 1374 2780
trix. Although these occur frequently, they tend to pobox | 1293 2433
reduce prediction accuracy of the critical words; predictor| 1262 2018

then again, they are required in just about every
sentence. We'll discuss how we handle them fur-
ther in the text.

Table 2: Keystrokes needed to produce articles.

) addition, a good number of words and sentence
4 Evaluation fragments were repeated, giving the system good

As a test for suitability, we wanted to evaluate howopportunltu_es to make useful prec_ilctlons.
Summarized, for the short article, POBox and

useful this system would be for a particular writer. .
[ 0 -
The basic metric for success was a reduction in th&" Predictor were able to shave 6% and 12%, re

number of keystrokes required to construct an engpfﬁt'vely’ (I)(];f Lhe total n(;m;ber.of kEyftroI_(esl the
tire article. By this definition, keystrokes also in- author wou ave needed using Kotoer alone.

. : 0
clude the "space” and "enter” keys that are use(gor the longer article, the savings are 8% and

0 )
to scroll and make selections among candidat 7.41%, respectively.

words.
For this exercise, we gathered 10 recent blog ® T ®remad
entries of a particular writer for a Japanese tech O kotoeri ]
nology website and analyzed the text to produce & 2:° T8 pobox
a (large) matrix of word frequencies. Then, using @ predictor

]

this corpus, we went on to simulate this same use
writing two new articles. The two articles being
simulated are, naturally, not included in the cor-
pus.

First, we passed the articles through a kanj
to romaji converter which emits phonetic alpha-
betic strings that would sound the same as th
Japanese characters when pronounced. This sy
tem gives a useful baseline metric, but loses al
grammatic meaning (i.e. a reader of this alphabet-

ized Japanese can't easily tell where words begingjg,re 5. Keystrokes needed to produce articles.
or end).

Second, we type the articles using Kotoeri (a Although an existing corpus of relevant text is
Japanese input system for the Mac), which givegiseful in improving accuracy, we have noted (per
no prediction. Next, we type them again usingrigure 4 and Table 1) that with two or three re-
POBox, which offers bigram prediction. Finally, |ated sentences, the number of keystrokes needed
we re-type yet again using our system. to produce new, related sentences can also be sig-
nificantly reduced.

[
!

L]
o

Total Keystrokes (x1000)
=
n

AN

Short Article Latest Article

4.1 Results

Initial evaluation and analysis of our predictor4-2 Dealing with Particles

show some reduction in the number of keystroke$Vith an initial focus on independent words (i.e.
needed to produce the articles. In the first casejerbs, nouns, adjectives), we quickly discovered
the short article did not contain many of the wordsthat the priorities for word particles (e.gd”, ga”
already used in the corpus, and many words werél , wo”) got pushed down. In one particular ex-
used only once, so the system didn’'t have muclkample, after pressing the initial 'g’ for the parti-
chance to reduce keystrokes. There is howevegle "ga”, we needed to scroll past 11 other choices
significant reduction in the second case. This time(13 keypresses in total) before arriving at the hira-
upon comparison with the corpus, the latest artigana representation. Normally, using the Kotoeri
cle contained a number of preexisting words; ininput method (without prediction), this takes all



of 3 strokes. Although these particles occur quitealready indicated a number of places where speed
frequently in Japanese text, simply adding themmight be improved e.g. caching prediction and se-
to the prediction matrix would unnecessarily in-lection results, limiting the size of the array to the
crease keystrokes as the user would often have tmost recent 50 words or so, and performing some
scroll past these. The solution involved taking an-sort of paging to bring in only portions of a corpus
other look at the structure of the language. that has some relevance to the current paragraph
In Japanese, a typical short sentence might havigagment.
the following form (this example is taken from a  Another improvement in performance could be

blog entry in our corpus): achieved by redesigning the system to be more
monolithic in structure. Currently the system is a
A 2|g s $;’f\ﬂ: 7§§ ;E 1- o hybrid of existing subsystems, done mainly to re-

duce development time. However, this approach
apparently reduces the overall efficiency, as ob-
served in our evaluation. Particularly, the redun-
dancy of dictionary is the most notable problem;

Nippon kara tegami ga ki ta
Japan from letter (subject) arrive -d

Iw AW W AW IW AW
| 1 | 1 1 ]

BB BB BB currently, the matrix in our system, the dictio-

nary of POBox and the PoS dictionary of MeCab

IW: independent word all contain basically the same word information.

AW: ancillary word If we could combine these three dictionaries into
BB: basic block one, both memory usage and search performance

could be improved significantly.

From this brief analysis, our system tries to pre-
dict where ancillary words might occur and puts

1 H 1 i (-' Aquamacs Emacs File Edit Options Buffers Tools Help @& X 14:52 |
them at the top of the prediction list when they are ann f— =
H S SRRBOBHE S, SERFRASVALALEB N, EI TR D
most IIker to be used. UHTIRRBORAE D E. WATHAL, EET<TBI AT, HBLTHAOMAK
DWMFELT 5 A0FEK, £3%5, AFOBMEMT "75/AFET7A—N" LERIIL
fld . WAOBENON AAEHBOMRAAY AH, OEERRENTLE S
£,
5 Future Work BRBEAHZH, SLEEBODOb, @RBEOT) SLKEABICAS, £S5, m
THOREBOH LR L AM(g)
(AORENCEERD) (51 I Z (2 A )840 28 ) () (A ()

Since there was no automated way of simulating [Potox] E* lntesttlog Bos 12.28) (Tuxt
a user typing arbitrary text, the contents of the :
two articles were manually typed, and we inter-
acted with our system (much as the original au-
thor might) to make selection choices in real time
to match the words in the articles. This tedious ef-
fort illustrates the need for an automaton that car
scan a list of predictions and choose the word tha
best matches its counterpart in the example article.

Currently, there is no way to indicate to our sys- Figure 6: Screenshot
tem that a previously chosen word was eventually
deleted from an article: perhaps the author has
chosen to use a different word in place of a pre-
vious prediction. In it current form, even though References
the word will eventually become lower in priority A. Copestake. 1997. Augmented and alternative nip
as other words are used in its place (and thus fall techniques for augmentative and alternative commu-
lower in the list of candidate words), our system nication. - InProceedings of the ACL workshop on

. . Natural Language Processing for Communication
still keeps it and all relevant structures around. Aids pages 37—42.

There are also some memory and CPU perfor-
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. . tem with input support based on prediction.Rro-
fo 1 second between typing a letter and seeing a ceedings of the 18th conference on Computational

list of candidates as the system compiled its pre- |inguistics pages 341-347, Morristown, NJ, USA.
dictions. As this is a prototype system, we have Association for Computational Linguistics.
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