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FuMiyo FukumMoTo! and JUN’IcHI TSsuJirtt

Polysemy causes difficulties with the semantic clustering of words in corpus-based linguistics,
and also leads to the problem of word-sense ambiguity in NLP systems. In this paper, we give a
definition of polysemy from the viewpoint of clustering and propose an overlapping clustering
algorithm which recognises verbal polysemies in a textual corpus. The main characteristic of
our algorithm is that it explicitly introduces new entities called hypothetical verbs when an
entity is judged polysemous, and associates them with the context of the original entity. We
have conducted experiments in order to examine the effects of our algorithm, and the results
demonstrate the effectiveness of the method.

1. Introduction

Much research has been done on automatic
clustering of semantically similar words and
on automatic recognition of collocations among
them in corpora®)-10:15).17).18) = Mogt of this
work is based on similarity measures derived
from the distribution of words in corpora. How-
ever, the facts that a single word may have more
than one meaning and that the distribution of
a word in a corpus reflects its usage in a variety
of senses often hamper such attempts and also
cause the problem of word-sense ambiguity in
NLP systems.

The meaning of a word depends on the con-
text in which it is used; the same word can be
used differently in different contexts. Further-
more, a word that is polysemous in general is
often not polysemous in a restricted subject do-
main. In fact, restriction of the subject domain
usually makes polysemy less problematic. How-
ever, unlike nouns, verbs are often polysemous
even in a restricted subject domain such as fi-
nancial texts.

Because polysemous verbs are usually also
high-frequency verbs, their treatment is cru-
cial in actual applications. Polysemous verbs
tend to have a harmful influence on the seman-
tic clustering of nouns, because this is usually
performed on the basis of the noun’s collocation
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with verbs.

Although polysemy is said to be widespread
in languages, the definition of polysemy is
highly subjective.  Polysemy can only be
recognised by human intuition, and different
linguists often identify different numbers of
senses for the same word. In this paper, we
give a definition of polysemy from the view-
point of clustering, and propose a clustering
method which automatically recognises polyse-
mous words. The results of experiments are
given to demonstrate the effectiveness of our
method.

2. Related Work

There have been several attempts to extract
semantically similar words from a given cor-
pus by using statistical methods. However, fow
studies seriously deal with the problem of pol-
ysemy; of these, even fewer are based on real
texts.

The techniques developed by Zernik!®) and
Brown?) seem to cope with the discrimination
of polysemy, and are also based on real texts.
Zernik used monolingual part-of-speech tagged
texts consisting of about 1 million words. His
method associates each sense of a polysemous
word with a set of its co-occurring words. If a
word has several senses, then the word is asso-
ciated with several different sets of co-occurring
words, each of which corresponds to one of the
senses of the word. The limitation of Zernik's
method, however, is that it relies solely on hu-
man intuition for identifying different senses of
a word; that is to say, the human editor has
to determine, by her/his intuition, how many
senses a word has, and then identify the sets of
co-occurring words that correspond to the dif-
ferent senses.
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Brown used bilingual texts. The results of
Brown’s technique, when applied to a French-
English machine translation system, seem to
show its effectiveness and validity. As he ad-
mits, however, the approach is limited because
it can assign at most two senses to a word. More
seriously, polysemy is defined in terms of trans-
lation; that is to say, a word is regarded as pol-
ysemous only when it can be translated by two
different words in the target language. More-
over, the approach can be used only when a
large parallel corpus is available, and the indi-
vidual senses thus identified do not necessarily
constitute single semantic units in the mono-
lingual domain with which plausible semantic
properties (i.e., semantic restrictions, colloca-
tions, etc.) can be associated.

The defects of these two methods show that
it is crucial to have an appropriate definition
of polysemy in terms of the distributional be-
haviours of words in monolingual texts. The
approach proposed in this paper especially fo-
cuses on this problem. Like Brown’s approach,
our approach adopts a relativistic view of poly-
semy. That is, a word is regarded as polysemous
in relation to other related words. However,
while Brown’s approach identifies polysemous
words in relation to similar words in another
language, we use semantically similar words
in the same language to identify polysemous
words. Whether a word is polysemous depends
on whether there exists a set of semantically
similar words whose distributions are among
the subsets of the distribution of that word.
Because the distributional behaviour of a word
is characterised by its co-occurring words, the
process of identifying such subsets essentially
corresponds to the process performed manually
by the human editor in Zernik’s approach.

The experiments in this paper use a corpus
annotated with parts-of-speech but not with
syntactic structures. The clustering algorithm
assumes only that words are semantically char-
acterised by a vector in an n-dimensional Eu-
clidean space so that the algorithm can be ap-
plied to any data satisfying this condition.

3. Framework

3.1 Polysemy in Context

The basic assumption of this work is the same
as that of previous corpus-based approaches,
namely, that semantically similar words ap-
pear in similar contexts®)3»10):11)_ Semanti-
cally similar verbs, for example, co-occur with
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the same set of nouns. The following sentences
from the Wall Street Journal corpus* show the
point:

(s1) The thrift holding company said
it expects to obtain regulatory
approval and complete the transac-
tion by year-end.

(s2) Simmons finally managed to get
shareholder approval in December.

(s3) Since 1967, Italy has required Ital-
ian companies to gain governmen-
tal approval before entering negoti-
ations for arms-export sales.

It is intuitively obvious that obtain, get, and
gain are semantically related and that the se-
mantic similarity of these three verbs is mani-
fested by the fact that they co-occur with the
same noun approval.

We can imagine that a verb is located in an n-
dimensional Euclidean space, each dimension of
which is associated with a specific noun. Fol-
lowing Church®, we assume that the i-th co-
ordinate of the verb is the mutual information
(which we call Mu) between the verb and the
i-th noun, and not the co-occurrence frequency.
Mu is based on mutual information in informa-
tion theory”)16) and provides a better measure
for characterising the semantic relationships be-
tween two words than mere co-occurrence fre-
quencies®) #*.

If the basic assumption is correct, then
semantically similar verbs should be located
closer together than other verbs, and it should
therefore possible to use a clustering algorithm
in order to discover semantic classes of verbs.

However, this straightforward method is of-
ten hampered by the existence of polysemous
words. Consider the following sentence pairs,
which show polysemous usages of take:

(s4) In the past, however, coke has typi-
cally taken a minority stake in such
ventures.

(s4’) Guber and Peters tried to buy a
stake in MGM in 1988. o

(s5) That process of sorting out specifies
is likely to take time.

* The Wall Street Journal corpus was prepared by
the ACL (Association for Computational Linguis-
tics’ Data Collection Initiative) in 1991.

*% Comparative experiments based on the co-occur-
rence frequency and on Mu are reported in Fuku-
motos).
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(s5’) We spent a lot of time and money in
building our group of stations.

(s6) People are queuing at the door to
take his product but he doesn’t have
the working capital to make the
thing.

(s6’) Goodyear used Atwood trade cred-
its to obtain chemicals and other
products and services in the U.S.

We can make the following observations:

(1) Take and buy in (s4) and (s4’), take
and spend in (s5) and (s5’), take and
obtain in (s6) and (s6’) co-occur with the
noun stake, time and product, respec-
tively, and the verbs of each of these pairs
have almost the same sense.

(2) While certain usages of take have senses
similar to buy, spend, and obtain, these
three specific verbs have distinct senses
and we hardly see synonymy among these
verbs.

Let us now consider a three-dimensional Eu-
clidean space spanned by three axes associated
with stake, time, and product. Take co-occurs
with the three nouns and has high Mu val-
ues with them, while buy, spend and obtain
have high Mu values only with one of the three
nouns. Therefore, the distances between take
and these three verbs are large, and the syn-
onymy of take with them does not hold.

To capture the synonymy of take with the
three verbs correctly, one has to decompose the
vector assigned to take into three component
vectors, each of which corresponds to one of
the three distinct usages of take. The decom-
position of a vector into a set of its component
vectors requires a proper decomposition of the
context in which the word occurs. Figure 1
shows the decomposition of take in the three-
dimensional spaces formed with stake, time,
and product. Takel, take2, and take3 are
the respective component vectors and they col-
lectively constitute the vector assigned to take.

For the sake of simplicity, we assumed in
Fig. 1 that the three nouns characterise the con-
texts where the verb take occurs and, at the
same time, each of them characterises a distinct
usage of take. However, in a general situation,
a polysemous verb co-occurs with a large set of
nouns and one has to divide the set of nouns
into subsets, each of which correctly charac-
terises the context for a specific sense of the pol-
ysemous verb; that is to say, one of the mean-

time

buy product

stake

obtain

Decomposition of the verb take.

Fig.1

ings of a polysemous verb can be characterised
by a subset of nouns that co-occur with another
semantically similar verb. Therefore, the algo-
rithm has to be able to determine when and
how the context of a word should be divided.

3.2 Overlapping Clustering

There are clustering algorithms, called over-
lapping clustering algorithms, which allow an
entity to belong to more than one cluster. The
By (k = 1,2,---) method, proposed by Jardine
and Sibson!?), is a typical overlapping cluster-
ing algorithm, in which a maximum of k-1 en-
tities can belong to several different clusters.
This algorithm, however, makes an entity be-
long to several clusters if there is no cluster set
in which the clusters have more than k-1 enti-
ties in common. Whether an entity belongs to
several clusters or not depends on the value of
k. As aresult, a verb belongs to several clusters
even if it is not polysemous. Let {obtain,get} be
a cluster which has already been created. Let
{get,gain} and {obtain,get,gain} be candidates
for a new cluster. In B, a maximum 2-1 = 1
entity can belong to several clusters if there is
no set of clusters where the clusters have more
than a 2-1 = 1 entity in common. In the ex-
ample, there are no clusters which have a 2-1
= 1 entity in common, since only one cluster
({obtain,get}) has already been created. There-
fore, the algorithm makes one entity (‘get’) be-
long to another cluster ({get,gain}). As a re-
sult, ‘get’ is judged to be polysemous. Further-
more, these overlapping clustering algorithms
assume that an entity belonging to more than
one cluster is still a single entity; that is, they
do not include explicit splitting of the contexts
which characterise the entities. In (s4)—(s6),
for example, even if ‘take’ is judged to have
three meanings, ‘buy’, ‘spend’, and ‘obtain’, the
algorithms do not split ‘take’ into three differ-
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ent classes, as shown in Fig.1. An entity be-
longs to several clusters, because it can be seen
from several different viewpoints. In different
contexts, a single entity, such as ‘take’, can be
used to mean ‘buy something’, as in (s4), and
‘get hold of something’, as in (s6).

As we have seen, polysemous verbs can be
captured more naturally by seeing them as mul-
tiple entities which happen to take the same
surface form. Takel, take2, and take3 are
distinct entities (we call them hypothetical verbs
in the following) with which different sets of
nouns co-occur, and with which, therefore, dif-
ferent contexts are associated.

Our algorithm hence explicitly introduces
new entities (i.e., hypothetical verbs), when
an entity is judged polysemous, and associates
them with contexts which are subcontexts of
the context of the original entity. The algo-
rithm has two basic operations, splitting and
lumping. Splitting means dividing a polyse-
mous verb into two hypothetical verbs, and
lumping means combining two hypothetical
verbs into a single verb.

3.3 Measuring the Deviation of a Set

of Verbs

The algorithm should decide when a verb has
to be split into two hypothetical verbs. The de-
cision is based on the semantic deviation of a
set of verbs. Semantic deviation is a measure of
the deviation of the set in an n-dimensional Eu-
clidean space, where n is the number of nouns
which co-occur with the verbs. Given a set of
verbs, VG = {v1, - - -, Um}, where m is the num-
ber of verbs in VG, the deviation of VG is de-
fined as follows:

(1) Letv; € VG, and let the vector assigned
to v; be (vil, cey vm). Each Vij (1 S ] < n) is
computed by the following formula:
s = { Mu(v;,n;)  if Mu(vi,n;) > a
710 otherwise

(1)

Here, Mu(v;,n;) = log ﬁ#’y‘ﬁl—; where P(v;)
and P(n;) are the probabilities of the events v;
and nj, P(v;,n;) is the probability that the two
events are observed at the same time, and « is
a threshold value given in advance.

(2) The deviation deviemp(VG) is defined as:

;z:: Vij = (2)

de'vte mp(VG) =
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Here, g; = L 37", vi; is the j-th value of the
centre of gravity.

(3) Let us consider two sets, A and B, which
have the same degree of deviation. Let | g |

L /3 (X7 viy)? be the length of the centre

m =1

of gravity. If | g | of A is larger than that of
B, the absolute value of Mu calculated for A
is larger than that of B. This means that the
absolute probabilities of the co-occurrences of
each noun and the verbs in A are larger than
those of B. As a result, A should be judged
to be semantically less deviant than B. Then,
deviemp(VG) is normalised as:

|-| S (e - )2

i=1 =1
(3)

(4) devnorm shows that a set of a greater
number of verbs tends to be semantically more
deviant than a set of a smaller number of verbs.
We further normalise the deviation (3) to com-
pensate for this effect, as follows:

Dev(VG)

devnorm (VG

2:2:“1 95)

i=1 3=1
(4)

B and 7 are obtained by least square
estimation as regards devnorm(VG) = Bm +
~. For instance, using the Wall Street Journal
corpus, and setting a in (1) equal to 3.0, we
obtain 8 = 0.964 and v = —0.495.

In the following, a set with a smaller value of
(4) is considered semantically less deviant.

3.4 Clustering Method

In this section, we present our clustering algo-
rithm. We first explain the operations splitting
and lumping. Then, we show the flow of the al-
gorithm and explain how the whole algorithm
works.

3.4.1 The Basic Idea

As stated in Section 3.1, a polysemous word
behaves like a set of different words; that is
to say, different word senses behave as if they
were distinct words, and co-occur with differ-
ent sets of words. Therefore, clusters of verbs
will be less deviant when polysemous verbs are
treated as multiple hypothetical verbs belong-
ing to different clusters. Our method is thus
an overlapping clustering method which explic-
itly exploits this feature of polysemy. The es-

|QIW*m+7
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sential difference between our algorithm and
the By method is that our algorithm explic-
itly introduces a condition on which a verb is
judged polysemous. Furthermore, it introduces
hypothetical verbs to determine whether a verb
should be split and associated with several clus-
ters. For example, to determine whether ‘take’
has two senses ‘buy’ and ‘spend’, our algorithm
splits ‘take’ into two hypothetical verbs, takel
and take2, which are distinct entities associ-
ated with different contexts.

3.4.2 Splitting and Lumping

Let v and w, be verbs and w;, ---, w,
be verbs or hypothetical verbs. Suppose
Dev(v,w;) < Dev(v,w;) (1 <i < j < n)and
Dev(v,w;) < Dev(v,wp). In our method, in
order to determine whether v has two senses
clustered with w; and w,, we tentatively make
two clusters by splitting, as shown in (5), and
a merged cluster by lumping, as shown in (6),
and compare the semantic deviation among the
three resulting clusters.

{vi,wp}, {va, w1, -, wa} (5)

{v, w1, -, wp, -, wn} (6)
wy, -+, Wp, -+, Wy in (6) satisfy Dev(v,w;) <
Dev(v,w;) (1 £¢ <35 <n). v and vy in (5)
are new hypothetical verbs which correspond
to two distinct senses of the same verb v. For
example, in order to determine whether ‘take’
has two senses ‘buy’ and ‘spend’, we make two
clusters {takel, buy}, {take2, spend} by split-
ting, and a merged cluster {take, buy, spend}
by lumping, and compare the semantic devia-
tion among the three resulting clusters.

In our current implementation, if the seman-
tic deviation of each cluster in (5) is smaller
than that of the cluster in (6), v is regarded as
polysemous. Splitting and lumping operations
are defined as follows:

(1) The function split applies to v, w;, and
wp, and returns the hypothetical verbs v; and
vy of the verb v*.

split(v, wp, w1) = (v1,v2) (7)
where
Dev(v,w;) < Dev(v,w,) (8)
V11
V12
v = . s.t.
Vin
[ v iy #0 (9)
Y5 =1 0 otherwise (9)

* The vector assigned to v is (vy, - -+, vp).

Aug. 1996
V21
Va2
V2 = s.t.
Von
v; if (w; #0or
V2; = Wpj = Wyj =0) (10)
0 otherwise (10°)

Note that it n; co-occurs with v and also with
both w, and w;, v;; and vy, are both v; =
Mu(v,n;) as shown in (9) and (10). Further-
more, if n; co-occurs with v, but with neither
Wy NOr wy, v, is assigned to vy; as shown in
(10). If v; is included in neither vy nor vy, {vy,
w; } will be less deviant than {v,, wp}. Then,
in order to make v; and v, as equally deviant
as possible, v; is set to vy;.

(2) The function lump has the opposite effect
of split. That is, it merges two hypothetical
verbs w; and w-, into one verb wp, as follows:

lump(wy, wq) = w, (11)
Wp2
Wp = | . s.t.
Wpn
Wi = w1j+w2]- ifwlﬂéng
pJ Wiy ifwlj = Wyj

3.4.3 The Flow of the Algorithm

Given a set of verbs, VG = {vy, -+, v, }, the
algorithm produces a set of semantic clusters,
which are sorted in ascending order of their se-
mantic deviation. If v, is non-polysemous, it
belongs to exactly one of the resultant seman-
tic clusters. If it is polysemous, the algorithm
splits it into several hypothetical verbs, each of
which belongs to exactly one semantic cluster.
Figure 2 shows the flow of the algorithm.
As shown in ‘(’ in Fig.2, the function Make-
Initial-Cluster-Set applies to VG and produces
all possible pairs of verbs with their seman-
tic deviation values. The result is a list of
pairs called the ICS (Initial Cluster Set). The
CCS (Created Cluster Set) shows the clusters
which have been created so far. The function
Make-Temporary-Cluster-Set retrieves the clus-
ters from the CCS which contain one of the
verbs of Set;. The results (Sets) are passed to
the function Recognition-of-Polysemy, which de-
termines whether or not a verb is polysemous.
Let v be an element included in both Set; and
Setz. To determine whether v has two senses
w,, where w, is an element of Set,, and w,.
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begin
1CS := Make-Initial-Cluster-Set(VG)
VG = {v,‘ ii: l,-~-,'m}
ICS = {Set1, -, Setmim-1) }

satisfy Dev(v;,v;) < Dev(vy,v;)

. 1
for Z:=1tomrg do

if CCS = ¢
then Set, := Set;

else if
for all Set, € CCS do
if Set; N Sety, = ¢
then Set, := Set;

end_if

end _if
end_if
end_if
if Set, = VG
then exit from the for_loop ;
end_if
end_for
end

mim=1)
where Setp = {vi,v;} and Sety = {vx, v} €1CS (1 <p<g< m)

i.e. Set; is stored in CCS as a newly obtained cluster
else if Set, € CCS exists such that Set; C Set,
then Set; is removed from ICS and Sety := ¢

i.e. Set; is stored in CCS as a newly obtained cluster

else Setg := Make-Temporary-Cluster-Set(Set;,CCS)

( Sets := Seta € CCS such that Set; N Seta # ¢
Set., := Recognition-of-Polysemy(Set;,Setg)

Fig.2 Flow of the algorithm.

where w; is an element of Setz, we make two
clusters, as shown in (5), and their merged clus-
ter, as shown in (6). The splitting function (7)
is applied to v, w;, and w, to produce newly
hypothetical verbs v; and v;. If hypothetical
verbs w, and w, exist in the process of making
the cluster shown in (6), the lumping function
(11) is applied to w; and w2, and makes one
verb w, out of them.

The whole process is repeated until the newly
obtained cluster, Set,, contains all the verbs in
the input or the ICS is exhausted.

4. Experiment

In this section, we report the results of two
experiments: Hypothetical-Verb-Exp, where the
clustering algorithm introduces a hypotheti-
cal verb, and Not-Hypothetical-Verb-Exp, where
this is not the case.

Let us recall that in order to determine
whether v has two senses clustered with w; and
w,, we tentatively make two clusters by split-
ting, as shown in (5), and a merged cluster by
lumping, as shown in (6). In Not-Hypothetical-
Verb-Exp, we merely replace the hypothetical
verbs v; and vy in (5) with v.

4.1 Data

The corpus we have used is the Wall Street
Journal which consists of 182,992 sentences,
2,878,688 occurrences of part-of-speech tagged
words and 73,225 different words*'. From this
corpus, we obtained 5,940,193 word pairs in a
window size of 5 words, 2,743,974 different word
pairs. A pair of z and y in a window size of 5
words means that z is followed by y within a
five-word distance.

We used verb-noun pairs; that is to say, we
assumed an n-dimensional Euclidean space, in
which a verb is assigned a vector whose value
of the i-th dimension is the value of Mwu be-
tween the verb and the noun assigned to the ¢-
th axis. This is because in small window sizes,
the semantic relationship between two words
might be quite strong, especially between a verb
and its object, permitting the effective recogni-
tion of verbal polysemy. Inflected forms of the
same word, such as ‘time’ (noun, singular) and
‘times’ (noun, plural), were treated as a sin-
gle unit. From 2,743,974 superficially different
pairs, we thus obtained 228,665 different verb-
noun pairs, and from these, we selected 6,768
different verb-noun pairs, 701 different verbs,
and 1,796 nouns. To obtain a reliable statisti-
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Table1l ‘Typel’ verb sets and the results of experiments.
[1-1] close open end
[1-2 take obtain spend buy
[1-3 lose win miss
(1-4 get gain receive
(1-5 open close end buy sell
(1-6 open close end buy solve
[1-7 close open end take spend buy obtain cancel solve ride
[1-8 see realize open close end
[1-9 see look know
(1-10] come go become
[1-11] find receive see
[1-12] get gain become
[1-13] leave retire remain borrow lend
[1-14] grow happen increase
Hypothetical-Verb-Exp Not-Hypothetical-Verb-Exp
Typel Results | Correct (%) | Incorrect (%) | Results | Correct (%) | Incorrect (%)
[1-1 ° a
[1-2 o a
(1-3 ° a
[1-4 ° a
[1-5] ° a
(1-6 8 a
[1-7 ° 9(64.2) 5(35.8) a 0(0) 14(100)
[1-8 b a
[1-9] a&b a
[1-10] a&b a&b
[1-11] a&b a
[1-12] o a
[1-13] a a
[1-14] o a
¢ ':  Polysemous verb.

‘typel’ Set of verbs that containing one or more polysemous verbs.

‘o> Set of verbs that could be clustered correctly.

‘a’>  Recognition of polysemous verbs as non-polysemous ones.

‘b’:  Recognition of non-polysemous verbs as polysemous ones.

cal analysis,* we selected only those words and
word pairs whose frequencies and Mu were not
low (f(z,y) > 5 and Mu(z,y) > 3).

The verbs used in the experiments consisted
of 26 sets. We classified these sets into two dif-
ferent types, ‘typel’ and ‘type2’. Verb sets of
the first type contained one or more polysemous
verbs, and were used to determine whether our
algorithm could recognise polysemous verb cor-
rectly. Verb sets of the second type did not
contain any polysemous verbs, and were used
to determine whether our algorithm was also
effective for such sets. ‘Typel’ and ‘type2’ verb
sets are shown in Tables 1 and 2, respectively.
In Table 1, polysemous verbs in the sets are
underlined.

We selected polysemous verbs whose frequen-
cies in the corpus are high, and then selected
subcategorisation patterns®) of the chosen pol-
ysemous verbs according to the Collins dictio-
nary and thesaurus'?®).

4.2 Results

The results are shown in Tables 1 and 2.

In Tables 1 and 2, the symbol ‘o’ in the ‘re-
sults’ column means that the set of verbs was
clustered correctly, while ‘a’ and ‘b’ denote two
error types: ‘a’ refers to the recognition of pol-
ysemous verbs as non-polysemous ones and ‘b’
to the recognition of non-polysemous verbs as
polysemous ones**. The column ‘correct’ shows
the number of sets of verbs which are clustered
correctly, while ‘incorrect’ shows the number of

* The values of f(z,y) > 5 and Mu(z,y) > 3 are
empirically determined.

%% ‘3 & b’ denotes the co-occurrence of ‘a’ and ‘b’ error

types.
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Table2 ‘Type2’ verb sets and the results of experiments.
2-1 increase reduce buy come begin
2-2 acquire own finance fund
2-3] gather gain offer accept
2-4 borrow lend limit reduce
2-5 oppose reject offer provide increase reduce
2-6) close end finish
2-7 reject accept receive
2-8 act behave find get
2-9] feel look cut keep arrive leave
[2-10] sound feel seem come go
[2-11]  open close offer provide
[2-12] look see offer provide
Hypothetical-Verb-Exp Not-Hypothetical-Verb-Exp
Type2 Results | Correct (%) | Incorrect (%) | Results | Correct (%) | incorrect(%)
[2-1] ° o
[2-2] o o
[2-3] o o
[2-4] ° o
(2-5] ° o
[2-6] b 9(75.0) 3(25.0) b 11(91.7) 1(8.3)
[2-7] o o
[2-8] o o
(2-9] b )
[2-10] b )
[2-11] o o
[2-12] o o
‘type2’:  Set of verbs that do not containing any polysemous verbs.
‘o’:  Set of verbs that could be clustered correctly.

‘a”:  Recognition of polysemous verbs as non-polysemous ones.
‘b Recognition of non-polysemous verbs as polysemous ones.

those that are not. The correctness of the re-
sults was judged by a native speaker.

4.3 Discussion

4.3.1 Effectiveness of the Method

In Tables 1 and 2, the total results of
Hypothetical-Verb-Exp show that 18 (9 for each
table) out of 26 clusters of verbs were ob-
tained correctly, and the percentage attained
was 69.2%. On the other hand, the results of
Not-Hypothetical-Verb-Exp show that only 11 (0
for Table 1 and 11 for Table 2) out of 26 clus-
ters were obtained. Comparison of the total ra-
tios of correct judgements made in these two
experiments shows that the ratio of the cor-
rect results in Hypothetical-Verb-Exp (1,800/26
= 69.2%) was significantly higher than that in
Not-Hypothetical-Verb-Exp (1,100/26 = 42.3%).
Furthermore, in Table 1, the results of Not-
Hypothetical-Verb-Exp show that no verbs were
recognised correctly as polysemous.  This
demonstrates the effectiveness of our cluster-
ing method, which explicitly introduces a hypo-
thetical verb. Let v be a polysemous verb, and
let = and y be subcategorisation patterns of v.
Further, let Dev(v,z) < Dev(v,y). Examining

the fact that no verbs were recognised correctly
as polysemous in Not-Hypothetical-Verb-Exp, we
found that all of the polysemous verbs in 14 sets
satisfied Dev(v,r) < Dev(v,z,y) < Dev(v,y),
while polysemous verbs in 9 out of 14 sets
which were recognised correctly in Hypothetical-
Verb-Exp satisfied Dev(vy,z) < Dev(va,y) <
Dev(v,z,y). Comparison of the value of the
difference between Dev(v,z,y) and Dev(v,y)
with that of the difference between Dev(v,z,y)
and Dev(vy,y) for the polysemous verbs in
these 9 sets show that the former was quite
small for 3 of the 9 sets. For example, in
[1-1], the former was 0.010, while the latter was
0.107. In the experiments, we selected poly-
semous verbs which had high frequencies and
whose subcategorisation patterns were clearly
distinct from each other. This seems to result
in a high level of correctness. To guarantee the
reliability of our algorithm, we will conduct fur-
ther experiments using other polysemous verbs.

Figure 3 shows samples of the results of
Hypothetical-Verb-Exp. Each cluster formation
is annotated by the semantic deviation. The
X -axis represents the semantic deviation.
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Fig.3 Results of the clustering analysis.

In typel-correct, we can see that ‘take’ is
recognised as polysemous and has three differ-
ent subcategorisation patterns, which are the
same as those of ‘spend’, ‘buy’, and ‘obtain’.
In a similar way, ‘close’ has two different sub-
categorisation patterns, ‘end’ and ‘open’*. In
both typel-correct and type2-correct, the
same subcategorisation patterns are grouped
together.

We note that typel-incorrect, type2-
correct, and type2-incorrect are monoto-
nous clusters; that is to say, the degree of
semantic deviation of larger clusters is larger
than those of smaller clusters. On the other
hand, typel-correct shows non-monotonous
behaviour. In typel-correct, the larger clus-
ter, which consists of eight verbs (‘end’, ‘closel’,
‘close2’, ‘open’, ‘spend’, ‘takel’, ‘take2’, and
‘buy’) has a smaller value (0.899) than the
smaller cluster of ‘spend’ and ‘takel’ (0.905).
The non-monotonous phenomenon is one of the
characteristics of the centroid method to which
our proposed method belongs; that is, the se-
mantic deviation in a cluster is basically ob-
tained by adding each verb’s deviation from the
centre of gravity!?).

* ‘Close’ has at least two different subcategorisation
patterns, which are the same as those of ‘end’ and
‘shut’. However, as ‘shut’ has a low frequency in
the corpus, we selected the opposite sense of ‘shut’,
‘open’, and applied this to our clustering algorithm.

4.3.2 Problem of the Method

In Fig.3, ‘leave’ and ‘come’ are incor-
rectly recognised as non-polysemous in typel-
incorrect and as polysemous in type2-
incorrect, respectively.

For example, in the corpus, ‘leave’ has at least
two different subcategorisation patterns, ‘retire’
and ‘remain’:

(s6) Kaplan left his job at Warner-
Lambert. T

(s6’) About 12 % have retired from a full-
time job.

(s7) They can even leave a sticky
problem, in the form of higher bro-
kerage commissions.

(s7’) ... but remain a serious problem.

However, typel-incorrect in Figure 3 shows
that ‘leave’ is incorrectly recognised as a non-
polysemous verb.

Table 3 shows the ICS of {leave, retire, re-
main, borrow, lend}.

The value in Table 3 shows the semantic de-
viation of the cluster. The semantic deviation
of {retire, remain} is smaller than that of any
other word pair, and the number of nouns which
co-occur with ‘retire’ and ‘remain’ is larger than
that for any other pairs of words. As a result,
‘retire’ and ‘remain’ are grouped together.

One possible cause of the above result is that
the threshold values for frequencies and Mu are
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Table 3
Sety = {retire, remain} 0.695
Set3 = {remain, borrow} 0.911
Sets = {leave, borrow} 0.987
Set; =  {retire, lend} 0.987
Setg = {leave, lend} 0.987

not appropriate. We required that the frequen-
cies and Mu should not be low (f(z,y) > 5
and Mu(z,y) > 3) to guarantee the reliability
of statistical analysis, but it is not clear whether
these thresholds are appropriate for yielding the
best performance in an n-dimensional space.

Another possible cause is that the use of verb-
object pairs alone is not appropriate. For ex-
ample, in Table 2, [2-9] and [2-10] could not
be clustered correctly in Hypothetical-Verb-Exp,
and the results for Hypothetical-Verb-Exp were
worse than those for Not-Hypothetical-Verb-Exp.
Examination of the verbs belonging to [2-9] and
[2-10] shows that stative verbs such as ‘feel’,
‘sound’, and ‘seem’ and action verbs such as ‘ar-
rive’ and ‘go’ are included in these sets. Most
adverbs of manner naturally refer to action
verbs and not to stative verbs!). This shows
that action verbs are modified by manner ad-
verbs. We can therefore expect that adver-
bial adjuncts will be relevant to the correct dis-
tinction between these stative verbs and action
verbs. We will conduct more experiments to
confirm this.

5. Conclusion

We have defined polysemy from the viewpoint
of clustering, and proposed an overlapping clus-
tering method which aeutomatically recognises
verbal polysemies from a textual corpus. The
results of the experiments demonstrate the ef-
fectiveness of our method for automatic recog-
nition of polysemy. We will conduct further ex-
periments to investigate issues related to accu-
racy and to apply this work to practical tasks
such as word-sense disambiguation.
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ICS of {leave, retire, remain, borrow, lend}.

Seto = {borrow, lend} 0.774
Sety = {leave, remain}  0.966
Setg = {retire, borrow}  0.987
Setg = {leave, retire} 0.987
Setip = {remain, lend} 0.987
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