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Abstract
We propose a Word Sense Disambiguation (WSD) method that accurately classifies ambiguous words to concepts in the Associative
Concept Dictionary (ACD) even when the test corpus and the training corpus for WSD are acquired from different domains. Many WSD
studies determine the context of the target ambiguous word by analyzing sentences containing the target word. However, they offer
poor performance when they are applied to a corpus that differs from the training corpus. One solution is to use associated words that
are domain-independently assigned to the concept in ACD; i.e. many users commonly imagine those words against a given concept.
Furthermore, by using the associated words of a concept as search queries for a training corpus, our method extracts relevant words,
those that are computationally judged to be related to that concept. By checking the frequency of associated words and relevant words
that appear near to the target word in a sentence in the test corpus, our method classifies the target word to the concept in ACD. Our
evaluation using two different types of corpus demonstrates its good accuracy.

1. Introduction tion; each concept has several associated words, which are

In many natural languages, a word can have multiple meano_lomaln-lndependently assigned to the concept in ACD only

ings and an effective Word Sense Disambiguation (WSDI‘TVhen many users commonly imagine those words against

system is needed to determine the intended meaning in t De conEept. WSD d a lot of data f .
given sentence or context. WSD systems contribute to thé‘S we Know, ) systems need a lot of data for train-
performance improvement of many Natural Language Pron9: otherwise their accuracy is poor. Our approach is to

cessing (NLP) systems, such as machine translation Syg\_utomatically extract effective relevant words, those that
tems and information reErievaI systems are computationally judged to be related to the concept in

In order to disambiguate word sense, past studies ha\fe‘CD’ and use those relevant words as one of the contextual

taken the machine learning approach using contextual fe eatures against the target words. Moreover, we integrate

tures against a target ambiguous word in a particular Sent_he contextual features, which are almost the same as those

tence. The contextual features against a target ambiguoﬂg Murata’'s method (Murata et al., 2003) and extracted rel-

word include co-occurrence words with the target word orevant words from the corpus as extended contextual feature

. . . . sets.
word dependency relationship against the target word i _ . N .
the sentence. In the Japanese Dictionary Task in SENS he proposed WSD method is used in combination with

VAL2 (Kurohashi and Shirai, 2001), the best system (Mu-a training corpus and the Associative Concept Dictionary.

rata et al., 2003) uses various contextual features such gsy using the ACD entries, we can extract a lot of relevant

co-occurrence words extracted by using the Japanese mo\'ly—OrdS from the corpus. By increasing the number of rele-

phological analyzer, JUMAN and the word dependency vant wqrds for each concept in ACD, the WS.D system can
relationship analyzed by using the parser, RNBhirai deal with contextual features more appropriately, and the

Yagi (2004) sh h ina h : faccuracy of the WSD _system is expected to be improved.
and Yagi (2004) showed that by using hypermyms in de In Section 2, we describe ACD, two types of corpora, tar-

initi t f the EDR t dicti 1 i . .
NIoN SeNtences ol the concept dictionary (1995) Inget words, and labels. Section 3 describes the proposed

addition to the contextual features used by (Murata et al.; . ] .
2003), their method offered better performance than mu nethod. Section 4 describes the methods, Baseline and our
' method, and the experiments conducted on them. Section

rata’s. However, there may be not much difference be-_". trod th its of evaluati : ; d
tween these methods, especially in terms of applicabilitf introduces the results of evaluation experiments and ana-

(portability). Okamoto and Ishizaki (2007) proposed aIyZ?.S our mgthoq'. Our methgd IS ShOVY” to offer bgtterver—
WSD method that uses the Contextual Dynamic Networksat'“ty’ appllcg bility (pOI’t'abIhW) and higher effectiveness
Model with the Associative Concept Dictionary (Okamoto than the existing alternatives.

and Ishizaki, 2001) which includes ontological informa-

http:/inlp.kuee.kyoto-u.ac.jp/nl-resource/juman-e.html
2http://nlp.kuee.kyoto-u.ac.jp/nl-resource/knp-e.html
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Figure 1: Conceptual diagram of ACD. "chair” is the stim-

ulus word for the experiment. Some associated words arEi9ure 2: The group of the associated words in ACD and
also indexed as stimulus word in ACD. ACD-for-WSD. The shaded region is the associated words

of "saihou-no-hari(sewing needle)” which is the stimulus
used in ACD-for-WSD.

2. Associative Concept Dictionary and

Corpora word) at the same time such as "saihou-no-hari(sewing nee-
2.1. Associative Concept Dictionary (ACD) dle)”. The shaded region in Figure 2, the associated words

The Associative Concept Dictionary (Okamoto andfrom "saihou-no-hari(sewing needle)”, represents the inter-
Ishizaki, 2001) has been built based on the results of largesection of ambiguous word ("needle”) and the class label
scale online association experiments. It first has stimulu§’needlework”).

words, and then creates concepts collaboratively by colln this additional experiment, each stimulus phrase had 20
lecting associated words imagined by a lot of users, thusubjects, students of Keio University.

a concept in ACD are defined as a set of associated wor L
that are Fi)magined by presenting stimulus words to a lot o 3. Corpus (Mainichi Newspaper / Aozora Bunkd)

users. We prepared two different corpora in order to evaluate
It calculates the association distances between the stimul®9th the versatility and effectiveness of our method. The
words and the associated words from the frequency, ordé¥iainichi newspaper corpus (1993 to 1995) was used to
of association words, and the time delay until the associal’@in and test the system. The sentences including the tar-
tion is made. ACD is organized in a hierarchical structure3et word (ambiguous word) were manually tagged with
in terms of hypernyms and hyponyms. Attribute informa- the correct concept labels (proper meaning in the context).
tion is used to explain the features of any given word. In an/Ve also extracted and tagged the sentences of the Aozora
association experiment, each stimulus word was presentddnko corpus, a collection of old Japanese novels.

to 50 subjects, students of Keio University. The number ofA0Z0ra Bunko corpus is used only to test the system, not
stimulus words is currently 1,100. Total number of associfOr training the system.

ated words with overlap is about 280,000, and the numbek the evaluation process, the WSD systems were trained on
of associated words free of overlap is about 64,000. the Mainichi newspaper corpus but evaluated on both the
In our method, we try to classify the sentence that included/ainichi newspaper corpus and the Aozora bunko corpus.
the target ambiguous word to concepts in ACD. In otherin our evaluation using Mainichi newspaper's dataset, the

words, we analyze the context of the target ambiguous wor@ccuracy was achieved by 10-fold cross validation. On the
in the sentence according to the concept in ACD. other hand, the Aozora bunko corpus was evaluated by the

classifier trained on the Mainichi newspaper corpus.
2.2. Additional Experiment on ACD-for-WSD

Our method uses stimulus words and associated words to 3. Pro_pos_ed Meth_Od (Relev_ant Word
extract relevant words (extraction method is described in ~ EXtraction in Combination with Corpora

Section 3). If we only submit stimulus words as queries for and ACD)

the training corpus to extract relevant words, the search refo provide the WSD system with common knowledge
sults are likely to include many irrelevant documents. Oneabout words and contexts, we used the associated words
approach is to collect associated words by submitting botliyn, ACD or ACD-for-WSD, those words that have an asso-
stimulus word and one of the associated words. ciative relationship with each context into which each pol-
The stimulus words in ACD have multiple contexts. In ysemous word should be classified.

the case of "hari(needle)”, the group of associated wordssecond, by using the stimulus words (label words of tar-
of "hari(needle)” covers several contexts such as "saiget words) and associated words as search queries, the sys-
hou(needlework)” and "tsuri(fishing)” as shown in Figure tem extracted a lot of sentences containing the associated
2. To disambiguate the stimulus word in the process ofyords. In this paper, we selected the sentences with the

the word association experiment, we also built the ACDstimulus words and 5 or more associated words for each
for WSD by submitting a phrase that has both the ambigu-

ous word (stimulus word in ACD) and context (class label  Shttp://www.aozora.gr.jp/
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Figure 3: Procedure of extracting relevant words in the cas80ACD (no associated word)
of ACD. This method uses not only the CRL's various fea-

tures but also the relevant words extracted from the
Mainichi newspaper corpus. However, this method

label (context). These selected sentences were analyzed USes only the label words (stimulus words in ACD)
by the Japanese morphological analyzer JUMAN, and the ~ @S search queries and so does not use any associated
words in the sentences were taken to be relevant words in ~ Word. By using label words to extract relevant words,
terms of context. this system can use the most relevant words.

The above approach allows the system to collect a lot ofycp (with associated words)

relevant words about each context from the corpus. The  Tpis is the proposed system. This system also uses
proposed system uses these relevant words as the expanded ~R|’s various features and relevant words extracted
contextual feature sets and integrates other contextual fea-  ,om the Mainichi newspaper corpus. To extract rele-
tures that are acquired by analyzing the input sentence with ¢ \words. this system use both the label words (stim-
the target word. In the case of ACD-for-WSD, the WSD s word) and associated words as the search queries
system uses the same sequences to collect relevant words ¢ described in Section 3. Thus. this system uses fewer

and expand the contextual feature sets. relevant words than the noACD system, but the ex-
4. Methods and Experiments tracted relevant words that are used are expected to be
more closely related to each class label (context) and

In this paper, we try to classify input sentences, which in- less noisy than those of the noACD system

clude the target words (ambiguous words) into the proper

class labels. In the evaluation process, we compared th&CD-for-WSD (with associated words)

accuracies of five methods including the 2 proposed meth-  This system uses almost the same method as ACD
ods. Each method took the same machine learning ap- (with associated words) but uses ACD-for-WSD in
proach (Naive Bayes method) but used different contextual  place of ACD. By using ACD-for-WSD, specialized
feature sets. for the WSD task, the accuracy of the system is ex-

pected to be improved.
4.1. Methods

Baseline (most freq sense) ]
This method always selects the most frequently used-2. Naive Bayes method
sense. This is often used as the Baseline in WSD studWe used the Naive Bayes method (NB) to evaluate CRL
ies (Murata et al., 2003). and our proposals. L&t = {t;,t,...,t,} represent class
labels of target words anfl = {fi, fo,..., fm} be a set
CRL (Murata, 2003) o . of features. gIn the classificatio{nfprJ;cess, Jtche} Naive Bayes
This WSD classifier uses various contextual fea'classiﬁertries to determine the correct label that maximizes
tures such as co-occurrence words, the output of th

: P t;|F'), the probability of clasg; given feature sef’,
Japanese morphological analyzer, JUMAN, the outpug (< ‘z’ )< n. Assuming the independence of features, the
of the Japanese parser: KNP, letter n-grams and so ON 4 ssifice '

. assification procedure can be formulated as:
In Murata’s paper, CRL uses both the Naive Bayes P
classifier and the Support Vector Machine classifier.

Our reimplementation of CRL uses the Naive Bayes n
classifier with the following similar contextual feature % = argmax | In(P(t;)) + > In(P(f]t:) @
sets (a few exceptions can be used only in SENSE- ' j=1
VAL?2 tasks).
Letter N-grams P(f; 1)) ~ realfslts) + e x freq(t:) 2)
Unigram, Bigram and Trigram surrounding the Jreq(ti) + e freq(ti)
target word. whereP(t;), P(fi|t;) and P(f;) are estimated using max-
JUMAN imum likelihood methods angdireq(z) is a function that

The analysis provided by JUMAN on words sur- counts the frequency af. To avoid the influence of zero
rounding the target word including POSs, word frequency problems, we used the above formula and set
class, word sub class, and several features. t0 0.0001.
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| Method | CRLs features| Search query words

Baseline (most freq sense) - -

CRL(Murata, 2003) USE -

noACD USE label words

ACD USE label and associated words in ACD
ACD-for-WSD USE label and associated words in ACD-for-WSD

Table 1: Summary of Methods.

Method Mainichi Aozora
Baseline (most freq sense) 0.36 0.25
CRL(Murata, 2003) 0.67 0.37
noACD (no associated word) 0.57 0.27
ACD (with associated words) 0.69 0.69

ACD-for-WSD (with associated words) 0.70 0.69

Table 2: Accuracy rates of each WSD method for the two different corpora (Mainichi newspaper and Aozora Bunko).
Mainichi accuracy was achieved by using 10-fold cross validation. Aozora accuracy was achieved by the NB classifier
trained on the Mainichi newspaper corpus (497 sentences).

5. Evaluation Results and Conclusion Michael Lesk. 1986. Automatic sense disambiguation us-

Our results are summarized in Table 2. As can be seen, INg machine readable dictionaries: How to tell a pine
the proposed methods, ACD (with associated words) and cone from an ice cream cone. Rroceedings of SIG-
ACD-for-WSD (with associated words), perform better DOC 1986 pages 24-26. ACM New York, NY, USA.
than CRL. A comparison against noACD (no associatedVasaki Murata, Masao Uchiyama, Kiyotaka Uchimoto,
word) shows the effectiveness of using associated words Qing Ma, and Hitoshi Isahara. 2003. Crl at japanese
to extract relevant words. Though the noACD method ex- dictionary based task of senseval-2(in japanese). vol-
tracted more relevant words than ACD and ACD-for-wSD, ume 10, pages 115-133.
both proposed methods perform better. Jun Okamoto and Shun Ishizaki. 2001. Construction of
Furthermore, CRL demonstrated remarkably low accuracy associative concept dictionary with distance informa-
against the Aozora Bunko corpus test set. On the other tion, and comparison with electronic concept dictionary
hand, the proposed methods offered higher accuracy. This (in japanese)Journal of Natural Language Processing
is evidence that our methods are superior in terms of effec- 8(4):37.
tiveness and versatility to the conventional methods examJun Okamoto and Shun Ishizaki. 2007. Word sense dis-
ined. ambiguation on contextual dynamic network using asso-
ciative concept dictionary. IRroceedings of PACLING
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