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Abstract

Word sense disambiguation has re-
cently received more attention, and
many approaches have been proposed.
In fact, their strategies are varied, most
of the previous works use only the in-
formation from the sentence to be an-
alyzed and the knowledge of the sys-
tem(reader/hearer) itself. Taking into
account the writer’s/speaker’s view-
point, however, might provide a new
approach for analyzing a sentence and
improve the performance of the dis-
ambiguation. As Sperber and Wilson
pointed out, the writer would aim to
minimize the number of possible inter-
pretations, if he/she observes the ‘co-
operative principle.” Therefore, with
the assumption that the writer obeys
the principle, we can adopt the ap-
proach for word sense disambiguation
that any senses can be eliminated if
they are irrelevant from the writer’s
viewpoint. In this paper, we present
such an approach for word sense dis-
ambiguation. It is based on the princi-
ple that we call ‘Better-Way Principle.’
We also report the results of prelimi-
nary experiments with our naive imple-
mentation and show what degree the
performance will be improved.

proach for analyzing a sentence and improve the
performance of the disambiguation.

As Sperber and Wilson(Sperber and Wilson,
1986) pointed out, the writer would aim to
minimize the number of possible interpretations,
if he/she observes the ‘cooperative principle’(in
‘maxims of conversation’)(Grice, 1975). He/She
has to choose the most relevant from possible
words or expressions. The writer would make it
as easy as possible for the reader to understand
him/her. The reader can eliminate any interpre-
tations that are incompatible with the assumption
that the writer is obeying the principle.

Therefore, with the assumption that the writer
obeys the principle!, we can adopt the approach
for word sense disambiguation that any senses
can be eliminated if they are irrelevant from the
writer’s viewpoint. This approach for analyzing
a sentence can be considered as a counterpart of
revision(Cline and Nutter, 1994; Robin and McK-
eown, 1996; Inui et al., 1996; Callaway and Lester,
1997), where the reader’s viewpoint is taken into
account in text generation.

In this paper, we present such an approach
for word sense disambiguation. It is based on
the principle that we call ‘Better-Way Principle.’
In the next section, we explain what the idea of
‘Better-Way Principle’ is. In section three, we
describe a naive implementation of ‘Better-Way
Principle’ with empirical methods. We also re-
port the results of preliminary experiments with
our naive implementation and show what degree
the performance will be improved.

1 Introduction L.
2 Better-Way Principle

Word sense disambiguation has recently received
more attention, and many approachés have been
proposed (Hirst, 1987; Gale et al., 1992; Yarowsky,
1992; Charniak, 1993; Resnik, 1995; Ng and Lee,
1996). In fact, their strategies are varied(example-
based, statistics-based, or knowledge-intensive),
most of the previous works use only the infor-
mation from the sentence to be analyzed and the
knowledge of the system(reader/hearer) itself.
Taking into account the writer’s/speaker’s
viewpoint, however, might provide a new ap-

Consider, first, the following Sperber and Wilson’s
example(Sperber and Wilson, 1986).

George has a big cat.

In this sentence, the word ‘cat’ is ambiguous in
that it can refer either to the domestic cat or to

!We make the assumption, not in the sense that
the writer never violates the Gricean maxims, but in
the sense that he/she does not intentionally violate
them.
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any animal of the species. Therefore, the sentence
has (at least) the following two interpretations.

(1) George has a big domestic cat.
(2) George has an animal such as a
tiger, a lion, etc.

However, since more relevant expression such as
the following can be found to express (2), Sperber
and Wilson consider the first interpretation to be
better with their principle of relevance.

George has a tiger.

Hirst(Hirst, 1992) shows the following scope-
ambiguous sentence,

Two examiners marked six scripts.

and calls it an ‘icky’ sentence, since any interpre-
tations of the sentence can be readily expressed
with an unambiguous sentence, as follows.

Two examiners each marked six scripts.
Two examiners marked a total of six
scripts.

Two examiners marked six scripts be-
tween them.

Therefore, the above sentence is said to be never
the most natural way to express either interpre-
tation. Hirst also presents a principle of ambigu-
ity resolution, the ‘Better-Way Principle’: assume
that the speaker avoids icky sentences. He said
the system can sometimes reduce much word sense
ambiguity if it can assume that a sentence is not
icky. .

As the above two illustrations indicate, Sper-
ber and Wilson, and Hirst discuss the same point.
Even if a sentence has multiple interpretations,
the interpretations that can be expressed with
better expressions can be considered as less appro-
priate, and the ambiguity can be reduced. Using
Hirst’s term, we also call this principle for ambigu-
ity resolution, the ‘Better-Way Principle.’” Here-
after, we concentrate on the cases of word sense
disambiguation.

What senses are then inappropriate with the
‘Better-Way Principle’? Consider, for example,
the following simple situation that word W1 has
two senses S1 and S2, but sense S2 can be also
expressed with other words W2 and W3.

W1-S1
\
\
W2-S2
/

/
w3

In case the correct sense of word W1 should be
identified, even'if senses S1 and S2 are almost
equally appropriate from the co-occurrence with
senses of other words in the sentence, S2 might be

less appropriate if W1 is used less frequently to
express 522. '

Note that in this example, the correct disam-
biguation might be difficult if two senses are al-
most equally appropriate with the information in
a sentence and the knowledge within the system.
However, taking into account the writer’s view-
point enables the disambiguation with the ‘Better-
Way Principle.’

In the next section, we present our approach
for word sense disambiguation that is based on
a naive implementation of ‘Better-Way Principle’
with empirical methods.

3 A Naive Model of Better-Way
Principle

If most writers obey the ‘cooperative principle’ in
Gricean terms, the statistics in the text data can
be considered to reflect such a tendency. There-
fore, we think we can implement our ‘Better-Way
Principle’ using the statistics from the corpus.

As we mentioned in the last section, the fre-
quency of a word as a sense can be considered to
reflect how appropriate the word is as the sense.
The more frequent a word is used as a sense, the
more appropriate the word is as the sense. There-
fore, given the word W to be disambiguated, we
think incorporating the probability of the word
given a sense(p(W|S;)) into the score for select-
ing a sense can be the first implementation of our
‘Better-Way Principle’3.

Many scores have been proposed for word sense
disambiguation(Gale et al., 1992; Leacock et al.,
1993; Bruce and Wiebe, 1994; Ng and Lee, 1996;
Yarowsky, 1992; Rigau et al., 1997; Resnik, 1993;
Ribas, 1995). Among them, as the first score to
combine with the above conditional probability,
we adopt one of the concept(sense) co-occurrence
score(Resnik, 1993; Ribas, 1995), mutual informa-
tion. The mutual information between two con-
cepts n and v is defined as follows:

o p(n,v)

p(n) x p(v)’
where p(n,v) is the probability of the co-
occurrence of n and v.

Given the simple sentence that consists of a
verb Wv and nouns Wn; modifying the verb, we

I(njv) =1

21t is because the only way to express S1 is to use
W1. We think that the low frequency of a word as a
sense is originated in the inappropriateness of the word
as the sense in this example. In more strictly, however,
which sense is more appropriate with the ‘Better-Way
Principle’ cannot be decided before the relevance of
co-occurrence of words to express the combination of
senses in a sentence should be taken into account.

3We admit that the implementation is naive. How-
ever, we think more elaborate implementation with
empirical methods is now difficult because of the ‘data
sparseness’ of the available corpus.

—271—



select the senses Sv; for the verb and Sn;;. for the
i-th noun that maximize the following score.

(3)Score = H I(Snix; Sv;)xp(Wv|Sv;)x Hp(Wn,]

The formula (3) can be said to be similar to the
one that is used for part-of-speech tagging with
Hidden Markov Model(HMM)(Charniak, 1993):

[T 2T 2) x p(WHT:).

=1
This formula can be obtained by approximat-
ing the numerator of the conditional prob-
ability of a sequence of POS(part-of-speech)
tags T1,T3,...,T,, given a sequence of words
Wi, Wa,...,W,. They are similar in that they
both consist of the co-occurrence score between
tags(POS, sense) and the conditional probability
of tags given words, because they originate in the
common idea that the generation model for a sen-
tence(a sequence of words) is used for analyzing.

In case where a Naive-Bayes classifier(Duda

and Hart, 1973) is used for word sense disambigua-
tion, the sense S; with the maximum value of the
following formula will be selected for a word W.

(4)p(Si) x HP(VJ'IS.-)

This formula can be obtained by approximating
the numerator of the conditional probability of
a sense S;, given a conjunction of feature val-
ues(clues) V; in the context of W.

Regarding the occurrence of the word W itself
as a clue for the disambiguation, the traditional
Naive-Bayes classifier seems to already take into
account the conditional probability of the word
W given a sense S;. We think, however, the previ-
ous works with the Naive-Bayes classifier have not
used the occurrence of the word itself as a clue, be-
cause it has been thought to be meaningless. The
conditional probability of a word given a sense can
be useful for the disambiguation only in cases a
common sense tag is used for senses of multiple
words. We think those cases have been more and
more because more corpora have been tagged with
synsets of WordNet(Miller, 1990) or concept iden-
tifiers of EDR conceptual dictionary(EDR, 1996).

We think, however, that the ‘Better-Way Prin-
ciple’ is a weak heuristic in that we assume most
writers obey the ‘cooperative principle’. There-
fore, we normally use the mere mutual informa-

tion to select senses, and use the formula (3) only

when the mutual information cannot surely select
senses. We think such a usage of the formula
(3) be effective because the correct disambiguation
might be difficult in case senses cannot be surely
. selected, and the ‘Better-Way Principle’ can be a

last resort for the disambiguation.

*We think, here, that senses cannot be surely se-
lected when the difference of the score among the top
sense and others is small.

4 Experiments

We make a preliminary experiment with our naive

‘%fh‘p)ementa.tion mentioned in the last section.
Both the test data for word sense disambigua-
tion and the training data for calculating the score
are extracted from EDR Japanese corpus(EDR,
1996), which word senses are manually tagged. To
simplify the case, we extract 499 sentences to be
disambiguated(the test data) that consist of only
a noun and a verb. The training data consists of
321,712 sentences. The average number of senses
for nouns and verbs in the test data is 3.61 and
9.02 respectively. Therefore, the average number
of ambiguities for sentences is 32.56.

We select the pair of senses that maximizes the
score(mutual information, or the formula (3)). We
judge a sentence is correctly disambiguated when
both senses are correctly identified. We regard the
difference of the score(mutual information) among
the top sense and others as small, if the difference
is less than one third of the score of the top sense.
In that case, the formula (3) will be used instead.

The accuracy with the mutual information for
499 sentences is 74.4%. The number of the
sentences where the mutual information cannot
surely select senses is 111 out of 499. As for these
111 sentences, the accuracy with the mere mu-
tual information is 29.7%. By using the formula
(3) instead, the accuracy can be improved up to
45.9%°. Therefore, using the formula (3) only
when the mutual information cannot surely select
senses can improve the accuracy from 74.4% to
78.2% for 499 sentences. Unfortunately, using the
formula (3) for all of 499 sentences cannot improve
the accuracy(72.6%).

From these results, we can say that our naive
implementation of ‘Better-Way Principle’ is ef-
fective when the mutual information is not sure
about the selection, though the test data is rather
small.

5 Conclusion

We presented the approach for word sense dis-
ambiguation that is based on the principle that
we call ‘Better-Way Principle.” We also reported
the results of preliminary experiments with our
naive implementation of ‘Better-Way Principle,’
and showed what degree the performance is im-
proved.

We think our method is promising, though only
partially successful results can be obtained in the
experiments so far. We think we need more thor-
ough experiments with larger test data. Further-
more, we should try to implement ‘Better-Way
Principle’ with other scores than the mutual in-
formation, and evaluate its effectiveness. Lastly,

527 sentences change from ‘wrong’ to ‘correct’,
while 9 change in the opposite.
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we will need to devise more elaborate implemen-
tation of our ‘Better-Way Principle.’
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