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Abstract: We propose an efficient Kana sequence segmentation as a component of faster
and easier interfaces for e-learning systems. We assign categories to Kana characters via
latent Dirichlet allocation (LDA) and use the categories to compose additional features for
conditional random fields (CRF). We compare the categories our method gives and those
manually prepared by their efficiency in Kana sequence segmentation.
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Introduction

Input methods as a component of e-learning interfaces in Japanese are our main topic.
Researches on Japanese input methods mainly focus on Kana-Kanji conversion. However,
persons with disabilities may experience difficulty in typing for conversion. Therefore, we
focus on Kana sequence segmentation [5] for communication without Kanji characters,
because the meaning of a Kana sequence is clear as long as the sequence is appropriately
segmented into words. We propose a character categorization via latent Dirichlet allocation
(LDA) [2] [7] and use the categories to compose additional features for conditional random
fields (CRF) [4]. While we can manually assign categories to characters based on our
knowledge, we aim to go beyond such off-the-shelf categories by our method.

1. Our Method

Kana sequence segmentation can be described as an assignment of 0/1 labels to characters.
For example, “a-shi-ta-no-te-n-ki-ha-do-u” is labeled as “1-0-0-1-1-0-0-1-1-0", where “1”
means the first character of a word. We use linear chain CRF [6] for segmentation. Let x; be
a random variable for ith character in a sequence, and y; be a random variable for the label of
ith character. Our basic features in CRF are f,(x =c,y, =1), f,(x =c,y, =1y, =I'), and
fo(x =c,x,=c,y,=1l,y,,=1"), where ¢ and ¢’ (resp. | and I') denote observed characters
(resp. labels assigned to characters). Further, we use character categories to compose
additional features, f,(t; =s,y,=1), f,(t =s,y, =1, y,, =), and f,(t =s,t,,=s,y, =1y, =),
where t; is a random variable for the category of ith character. Each feature is equal to 1
when the corresponding condition holds, and is equal to 0 otherwise. Our method can

provide character categories for CRF as follows. We regard characters in our problem as
words in LDA document modeling and compute a topic frequency distribution for each
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distinct character. We use this frequency distribution as a feature vector of each distinct
character and obtain categories of characters by Gaussian mixture clustering [1] of these
feature vectors. We interpret resulting clusters as character categories.

2. Evaluation Experiment

Ten character categories, i.e., ten clusters, our method provides are compared with the seven
manually prepared categories: 1) Kana characters which never appear as a particle, 2) other
Kana characters, 3) digits, 4) uppercase and 5) lowercase alphabets, 6) punctuations, and 7)
others. Training and test sets include 21,704 and 19,427 newswire articles from
http://japan.internet.com, respectively. Since a Japanese morphological analyzer MeCab [3]
gives pronunciations of segmented words in Kata-Kana, we regard the pronunciations as the
gold standard for Kana sequence segmentation. After we apply MeCab, training and test set
turn out to be sequences of 23,720,438 and of 22,719,333 characters, respectively. Note that
Kana sequence segmentation is different from Japanese morphological analysis, because
Kana sequences provide fewer clues to CRF learning processes than the sequences where
Kanji characters are also observable. Both of training and test sets include 270 distinct
characters among which 85 are Kana. Table 1 presents the percentages of correctly labeled
characters among 22,719,333 test set characters. Character categories automatically
generated by our method lead to better results. Manually prepared categories result in
over-segmentation, i.e., large number of mistakes of type “0—1”, where a character which is
not the first character of a word is incorrectly labeled as the first character of a word.

Table 1. Evaluation Results.
manually prepared categories 93.2 % (1—0: 635,965; 0—1: 908,592)

categories obtained by our method 95.3 % (1—0:580,263; 0—1: 475,022)

3. Conclusion

We provide an efficient Kana sequence segmentation. Our contribution is a proposal of
automatic character categorization via LDA to compose additional features for CRF. We
now plan to implement an input method using character categories given by our method for
more realistic evaluations.
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