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1. Introduction

Word sense disambiguation (WSD), which signifies detemgirthe meaning of a word in a specific
context, is a core research problem in computational Istgus and natural language processing, which
was recognized since the beginning of the scientific interesnachine translation, and in artificial
intelligence, in general. Finding a solution to the WSD peaf is obviously essential for applications
which deal with natural language understanding (messaderstanding, man-machine communication
etc.) and is at least useful, and in some cases compulsargpfications which do not have natural
language understanding as main goal, applications sucimfasmation retrieval, machine translation,
speech processing, text processing etc.

As a computational problem lexical disambiguation wasroétescribed as being Al-complete. This
view originated in the fact that possible statistical apgles to the problem were almost completely
ignored in the past. As it is well known, starting with thelgarineties, the Al community witnesses
a great revival of empirical methods, especially statitanes. This is due to the success of statistical
approaches, as well as of machine learning, in solving problsuch as speech recognition or part-of-
speech tagging. Nowadays statistical methods and macakameing algorithms are used for solving a
great number of problems posed by artificial intelligennegéneral, and by natural language processing,
in particular. In the subfield of natural language procesgimom the perspective of which we shall
approach WSD within the framework of the present paper)pthblem we are discussing here is defined
as that of computationally determining which sense of a werktivated by the use of that word in a
particular context and represents, essentially, a claggdhn problem.

The importance of WSD has been widely acknowledged in regesats, with some 700 scientific
papers in the ACL Anthology mentioning the term "word sernisahbiguation” and with three classes of
WSD methods being taken into consideration by the liteeatsupervised disambiguation, unsupervised
disambiguation and knowledge-based disambiguation.

The supervised approach to WSD consists of automaticatlycimg classification models or rules
from annotated examples. A disambiguated corpus is al@ifabtraining. This disambiguated corpus
will be used in training a classifier that can label words mith new, unannotated text. The task is that
of conceiving a classifier which correctly classifies the wages, based on the context where they occur.
One such classifier, that has been widely used in supervisathliguation, is the Bayes classifier, which
builds a probabilistic model while looking at the words ardian ambiguous word in a so-called context
window.

Unlike supervised disambiguation, the unsupervised agbrdo the same problem uses no pre-
existing knowledge source. Unsupervised disambiguatiethats are data-driven, highly portable,
robust, and offer the advantage of being language-indegpéndrhey rely either on the distributional
characteristics of unannotated corpora (which will repnéshe approach within the present paper), or
on translational equivalences in word aligned parallel. t¥¥ithin the framework of the present study,
the term "unsupervised” will refer, as in [17], to knowledigan methods, that do not rely on external
knowledge sources such as machine readable dictionapieset hierarchies, or sense-tagged text. Due
to the lack of knowledge they are confronted with, these petdo not assign meanings to words, rel-
ative to a pre-existing sense inventory, but rather makiindt®ons in meaning based on distributional
similarity. While not performing a straightforward WSDgete methods achieve a discrimination among
the meanings of a polysemous word. They have the potentiae¢occome the knowledge acquisition
bottleneck (manual sense-tagging). Unsupervised digarabon also offers the advantage that it can
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be easily adapted to produce distinctions between usags that are more fine grained than would be
found in a dictionary. (For example, it can distinguish begw "civil suit” and "criminal suit”, while
regular dictionaries record only "law sull. Information retrieval is an application for which this is
extremely useful.

Finally, knowledge-based disambiguation methods perfense disambiguation (and not sense dis-
crimination) by means of a pre-existing sense inventory @ardbe applied to all words of a given text
(unlike the techniques based on corpora, which can be udgdrotne case of those words for which
annotated corpora are available).

With the exception of the case when it is unsupervised, tbblem of WSD requires establishing
a sense inventory, namely determining all meanings whichbeaassigned to each word that must be
disambiguated. While an official and unique sense inventoarfEnglish still doesn't exist, Princeton
University’s WordNet (WN) [13], [14], [15], [7] has probabbecome the most widely used source for
establishing a sense inventory.

WSD can be performed at many levels of granularity. The wariexisting sense inventories have
different such levels of granularity, with WN being very figeined. The level of granularity offered
by the sense inventory has great influence over WSD, makmgribblem more or less difficult, and is
therefore taken into account in the evaluation of WSD system

The study described in the present paper will make major 68%oodNet when determining the
features necessary for performing unsupervised word sdisambiguation with an underlying Naive
Bayes model. As a result of using the semantic network Wordie disambiguation process will be
regarded as taking place at the border between unsupeaigekihowledge based techniques.

The present paper concentrates on distributional appesaoctunsupervised word sense disambigua-
tion that rely on monolingual corpora, with focus on the safthe Naive Bayes model in unsupervised
WSD. We are givenl sentences that each contain a particular polysemous wandolgjective is to di-
vide thesel instances of the ambiguous word (the so-called target vinral g specified number of sense
groups. These sense groups must be mapped to sense tagsritoadaluate system performance. Let
us note that sense tags will be used only in the evaluatioheokénse groups found by the unsuper-
vised learning procedure. The discussed algorithm is aatiorand unsupervised in both training and
application.

From the wide range of unsupervised learning techniqudscthdd be applied to our problem, we
have chosen to use a parametric model in order to assign @ geng to each ambiguous occurrence of
the target word. In each case, we shall assign the most deobatup given the context as defined by
the Naive Bayes model, where the parameter estimatesranaléded via unsupervised techniques.

The paper focuses on polysemous English adjectives withithef performing unsupervised adjec-
tive sense disambiguation with an underlying Naive Bayedeh It makes use of a new disambiguation
method that has been introduced in [9] and tested only wighreto nouns (which have so far attained
the highest accuracy with respect to WSD). The paper extdredmentioned method for usage in the
case of adjectives and demonstrates that disambiguatoitgean improve corresponding to this part
of speech.

The theoretical model will be presented and its implemanawill be discussed. Special attention
will be paid to feature selection and parameter estimatfmtwo main issues of the model’s implemen-
tation.

'Example from [13, p.255].
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Unlike previous approaches [19] that, when implementirgg same model, make use of a small
number of local features which include co-occurrence amtl gfaspeech information near the target
word, the method we are extending here means to implemeniva Bayes model that uses as features
the actual words occurring in the context window of the ambig word. Our study implements the
model (corresponding to the adjective case) in its sim@ast most straightforward form, an attempt
which, to our knowledge, has not been reported in the likeeaso far. In order to decrease the number
of features (words) used and, as a result, to increase thapance of the disambiguation process [9],
our method selects a restricted number of features. Fesgéleetion is performed entirely by using the
WordNet semantic network, a choice which places the disgnalion process at the border between
unsupervised and knowledge based techniques. Specificaillyy as features the content words of
the WordNet glosses (together with other words indicatetieiisg relevant by the WordNet semantic
relations) places our disambiguation method close to thes@dal Lesk algorithm [11], in this case the
overlap measure being a probabilistic one.

We consider adapting the newly proposed method to the adjecdse a topic of genuine interest
since adjectives have a completely different organizatiom that of nouns in WordNet. (Adjective
synsets are regarded as clusters of adjectives while nawsetsyare part of noun hierarchies). Con-
sequently, semantic relations used in performing featalecon may differ, in accordance with the
involved part of speech. In fact, WordNet provides varioemmantic relations that are typical of specific
parts of speech (as is the case of the similarity relationahly holds for adjective synsets contained in
adjective clusters).

As a result of the performed adaptation, the obtained adgesense disambiguation method and
corresponding results, as compared to previously existigs, will reinforce the benefits of combining
the unsupervised approach to the WSD problem with a knowledgrce of type WordNet.

2. Unsupervised Word Sense Disambiguation with an Underlyig Naive
Bayes Model

The algorithm for word sense disambiguation that is stutiext exemplifies an important theoretical
approach in statistical language processing: Bayesiasifization [8]. The idea of the Bayes classifier
is that it looks at the words around an ambiguous word in slaantext window. Each content word
contributes potentially useful information about whicimse of the ambiguous word is likely to be used
with it. The classifier does no feature selection. Insteadmntbines the evidence from all features. The
mentioned classifier [8] is an instance of a particular kihBayes classifier, the Naive Bayes classifier.
As commented in [12], Naive Bayes is widely used due to fisiehcy and its ability to combine

evidence from a large number of features. It is applicablinéf state of the world that we base our
classification on is described as a series of attributes.utrcase, we describe the context of the am-
biguous word in terms of the words that occur in the contexte Waive Bayes assumption is that the
attributes used for description are all conditionally ipeledent. Again as noted in [12], in this case, the
Naive Bayes assumption has two consequences. The firsttialtthe structure and linear ordering of
words within the context are ignored, leading to a so-cdledy of words model”. The other is that the
presence of one word in the bag is independent of anothechvidhiclearly not true in the case of natural
language. However, in spite of the mentioned simplifyinguasption, this model has been proven to be
quite effective when put into practice.
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2.1. The Model

In order to formalize the described model, we shall be udiegdllowing notations:
C - corpus representing the available data,
w - the word to be disambiguated (target word),

s1,...,8K - possible senses ofy,
c1,...,cr - contexts ofw in a corpus,
v1,...,0 - wWords used as contextual features for the disambiguafiom,o

C(vj,¢;) - the number of occurrences of worg in context ¢;,
P(sk) = ap, k = LK,

P(vj|sg) =0k, k=1,K; j=1,J

hix, - senses of the ambiguous words, given by

1, contextc; generatessensg, i = 1,1; k=1, K
hik = . )
0, otherwise
¥ - the parameter vector (used by the EM algorithm).

The contextual features,...,vy; occur in a fixed position neatw, in a window of fixed length,
centered or not onw?. A Naive Bayes classifier computes the serséewhich for the target wordw
and a given context, satisfies the relation

s’ = argmax P(sg|c). Q)
k=1,K

Sense s’ will represent the result of our disambiguation processe Fdue of P(si|c) in (1) can be
computed using Bayes’ rule:
P(s;)P(c|s
Plsyle) = o0 @
> P(s) - P(clsk)

k=1

When neglecting the denominator in (2) and using logs of godlhies to make the computation simpler,
formula (1) becomes:
s = argmax(log P(sy) + log P(c|sy)]. (3)
k=1K

The values[log P(si) + log P(c|sk)], k = 1, K, must be estimated. The available data is represented
by a corpus C, in which I independent contexts:;(i = 1,1) of the target wordw occur. The
likelihood of the corpusC is the product of the probabilities®(c;) of the individual contextsc;, and

is therefore given by:
I I K

P@=HH®=H P(si)P(cilsk). (4)

i=1 i=1 k=1

2|n what follows, a window of sizen will denote taking into consideratiom content words to the left and content words
to the right of the target word, whenever possible. The tatahber of words taken into consideration for disambigumatidll
therefore be2n + 1. When not enough words are available, the entire sentenghiah the target word occurs will represent
the window of context.
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In order to computeP(c;|si),i = 1,1; k = 1, K, we use a Naive Bayes model with independent
attributes: p
02’316 H P U]‘Sk H U]‘Sk C(Uj76i)7 (5)
vj in ¢; 7j=1

The likelihood of the corpus” then becomes:

1 P

i=1k=1 j:l

(vjlsk))C e, (6)

::]g

In the Naive Bayes model, all features are assumed to betiooadly independent given the value
of the classification variable. When applied to word sensardbiguation, the model specifies that all
contextual features are conditionally independent gikiersense of the ambiguous word. The parameters
of the above described model aré(s;) and P(v;|s;), denoteda;, and 6y;, respectively.

In supervised disambiguatio,; and «;, are computed via Maximum - Likelihood estimation,
perhaps with appropriate smoothing, from the labeleditrginorpus. Parameter estimation in unsuper-
vised disambiguation, however, is not based on a label@urtgaset. Instead, we start with a random
initialization of the parameters. The parameters are thestimated by the EM algorithm so as to maxi-
mize the likelihood of the data given the model. Concerning and 6,5, the following conditions must

be met:
K J
Zakzla Zek]:17k:17K (7)
k=1 j=1

The likelihood of the corpus” now becomes:

I K J
SIS e TS0, ®)

i=1k=1 j=1

The parametersy;, and 60, will be estimated by means of the EM algorithm.

2.2. Parameter Estimation by Means of the EM Algorithm

As it is well known, when the likelihood function is not welpproximated by a normal distribution,
simulation techniques often provide better estimates @ihtiodel parameters. For the presented model
we shall employ the Expectation Maximization (EM) algamitf6] in order to estimate model parameters
from untagged data. The EM algorithm is a widely used iteeadilgorithm that formulates a maximum
likelihood estimate of each model parameter in the presehogissing data. In our case, the missing
data are the senses of the ambiguous words.

There are two steps in the EM algorithm [6], expectation @psand maximization (M-step). The
E-step calculates the expected values of the sufficierstitatgiven the current parameter estimates.
The M-step makes maximum likelihood estimates of the pat@rmeayiven the imputed values of the
sufficient statistics. These steps alternate until therpater estimates in iteratiom — 1 and » differ
by less thane.

In the case of the previously described model, the obseratl ate given by corpug”, while the
missing data are the senses of the ambiguous words, givenhy
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Each M-step of the algorithm computes the maximum likelthestimate corresponding to the like-
lihood of the complete data (which consists of the obsenatd dnd the missing data).
The likelihood of the complete data is given by

K J Clvj,ci)\ ik
TT (e TT05™ )™ ©

||
T~

comp
i=1k=1 j=1
We therefore have
I K J
log Peomp(C) = Z Z hir (ln oy + Z C(vj,¢)n HkJ-). (10)
i=1 k=1 j=1

The problem to be solved is given by the following system:

max In Py, (C)
K
af — 1
l; . (12)
J
 Opy=1k=1K
j=1

Parameter estimation via the EM algorithm starts with a caméhitialization of the parameters. Let
¥ () represent the initial value of the parameter vecior

g0 — (a§°>,...,a,go),eﬁl...,e}??,), (12)
and let us take into consideratideration (r 4+ 1) of the EM algorithm. Then th&-stepcomputes
h) = Py (ha = 1[C), (13)

the probability of senses; generating contextc; when using the model parameters estimated at
iteration r, as follows:

J
H 9(7" C(vj,ci)
7=1

(r) _
D —— . (14)
3ol 60 Cte e
k=1 =1
TheM-stepcomputesa!” ™" and 0,2’;*1) as follows:
ol L
r+1) r
I Zhlk 9 = a (15)
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(r+1) _ _i=1 _
0, = YA , k=1K. (16)
Z Z C(vj, ) hgl?
j=1i=1
The stopping criterion for the algorithm is given by
W0+ — w02 <, (17)

namely

() OV L NS () )2
S (af ™ —a?) + Y (05T - 0)) < (18)

k=1 k=1 j=1

The EM algorithm is guaranteed to increase the log likelthobthe data given the model in each
step. Therefore, the stopping criterion for the algorittertd stop when the likelihood is no longer
increasing significantly.

Once the parameters of the model have been estimated, wesaanbiguate contexts ofw by
computing the probability of each of the senses based ondhésw; occurring in the context. Making
the Naive Bayes assumption and using the Bayes decisiepwealcan decides’ if

s’ = argmax [log P(s) + Z log P(vj|sk)] . (19)

Sk v; in ¢

Our choice of recommending usage of the EM algorithm for p@tar estimation in the case of un-
supervised disambiguation is based on the fact that thigitign is known as a very successful iterative
method that fits well to models with missing data.

3. Making Use of WordNet for Feature Selection

When the Naive Bayes model is applied to supervised digamabion, the actual words occurring in the
context window are usually used as features. This type afogmh generates a great number of features
and, implicitly, a great number of parameters. This can dtarally decrease the model's performance,
since the available data is usually insufficient for theneation of the great number of resulting param-
eters, a situation which becomes even more drastic in thee afasnsupervised disambiguation, where
parameters must be estimated in the presence of missindtdatsense labels).

In order to overcome this problem, the various existing pesvised approaches to WSD implicitly
or explicitly perform a feature selection. One could sayfact, that, when implementing the previ-
ously described$@) model, discussion among specialists focuses almosebntin the issue of feature
selection.

Two early approaches to word sense discrimination, Sefsitontext group discrimination [20] and
Pedersen and Bruce’s McQuitty’s Similarity Analysis [1819], rely on totally different sets of features
and, in our view, still represent the main approaches tafeatelection.
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As commented in [17] Schitze represents contexts in a highrsional feature space that is created
using a separate large corpus (referred to as the trainiqysp He selects features based on their fre-
guency counts or log-likelihood ratios in this corpus. Tdgiproach adapts LSI/LSA so that it represents
entire contexts rather than single word types using seooder co-occurrencésof lexical features.
While Schitze reduces dimensions by means of LSI/LSA, Bedeand Bruce define features over a
small contextual window (local context) and select themrtwipce low dimensional event spaces. They
make use of a small number of first-order features to createaasthat show the pairwise (dis)similarity
between contexts. They rely on local features that includeacurrence and part of speech information
near the target word. Three different feature sets, cangistf various combinations of features of the
mentioned types, were defined in [19] for each word and weed ts formulate a Naive Bayes model
describing the distribution of sense groups of that wordikérSchiitze, Pedersen and Bruce select fea-
tures from the same test data that is being discriminated;hywhs noted in [17], is a common practice
in clustering in general.

While local-context features had already been used sucdlgsa a variety of supervised approaches
to disambiguation [4], [16], Pedersen and Bruce make goedofisthem in unsupervised word sense
disambiguation [19]. They conducted an experimental etaln relative to the 12-word sense-tagged
corpus [4] of Bruce and Wiebe (1994) as well as with lihe corpus [10]. In the case of adjectives, no
feature set resulted in greater accuracy than the mostdmeqense. However, as noted in [17], those
sense distributions were rather skewed, with most adgstiaving a majority sense between 70% and
90%.

The approach to WSD of the present paper relies on a set afrésatormed by the actual words
occurring near the target word (within the context windowdl &ies to reduce the size of this feature set
by performing knowledge-based feature selection. The sgmaetwork WordNet (WN) will be used
as unigue knowledge source for feature selection. Whilectassical approach forms the vocabulary
on which the disambiguation process relies dynamicallyguall the content words which occur in the
contexts, the present approach forms the same vocabulsey leatirely on WordNet. According to the
new disambiguation method we have introduced in [9] and lwhie are now extending to the adjective
case, the WN semantic network will provide the words consideelevant for the set of senses taken
into consideration corresponding to the target word.

First of all, words occurring in the same WN synsets as thgetavord (WN synonyms) have been
chosen, corresponding to all senses of the target. Additigrwe have considered as part of the vocab-
ulary used for disambiguation the words occurring in syssgiated (through explicit relations provided
in WordNet) to those containing the target word. Synsetsratations have been restricted to those
associated with the part of speech of the target word. We bauelly taken into consideration the con-
tent words of the glosses of all types of synsets partiagigaith the disambiguation process, using the
example string associated with the synset gloss, as we#. |tker choice has been made since previ-
ous studies [3], performed for knowledge-based disamhiguahave come to the conclusion that the
"example relation”- which simply returns the example sirassociated with the input synset - seems to
provide useful information in the case of all parts of speech

Corresponding to the studied part of speech, our disamtiigguenethod has taken into account the
similarity relation, which is typical of adjectives (and, in fact, ohiglds for adjective synsets contained

3Two instances of an ambiguous word are assigned to the sarse #ghe words that they co-occur with likewise co-occur
with similar words in the training data.
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in adjective clustefy. Thealso-seaelation and thaittribute relation have also been taken into account
since thes e relations are considered most informative avel ireen found [3] to rank highest among the
useful relations for adjectives. Theertaining-torelation has also been considered, whenever possible.
Finally, theantonymyrelation has represented a source of "negative informatiwat has proven itself
useful in the disambiguation process. This is in accordavitteprevious findings of studies performed
for knowledge-based disambiguation [2] that consider titereymy relation a source of negative infor-
mation allowing a disambiguation algorithm "to identifyetlsense of a word based on the absence of
its antonymous sense in the window of context”. Tables 3 aafit4.2 show the obtained disambigua-
tion results when using a "disambiguation vocabulary” ia tbrmation of which all mentioned types of
synsets have taken part. Disambiguation results are cempuith and without antonym synsets partic-
ipating in the disambiguation process. As a result of usimy those words indicated as being relevant
by WordNet, a much smaller vocabulary is obtained, and fberea much smaller number of features
will take part in disambiguation.

As commented in [9], we consider that this manner of perfognieature selection (in this case, rela-
tive to adjectives) brings our disambiguation method andesponding algorithm close to what is known
in the literature [2] as "the adapted Lesk algorithm”, whicdes related synsets and the corresponding
extended gloss overlaps as compared to the original Leskitidm [11].

In the case of our proposed disambiguation method, theresatapresent the number of occurrences
in the given context (window) of a word belonging to the vadaby. The disambiguation vocabulary
created by us, based on WordNet, can be regarded as rejpmgsenat (extended) sense definitions, in
the sense of the adapted Lesk algorithm. The main differestnean comparing to the Lesk/adapted Lesk
algorithm consists in the way in which a word (feature) cidmties to the final score being assigned to a
sense. In the case of the Lesk algorithm each word (featordgjilbutes to the final sense score with the
same weight (1), while with adapted Lesk scores are baseldedength of a match In the case of our
method each word (feature) contributes to the same sconeawiteight given byP(v;|s;). This weight
(probability) is not a priori established, but is learnednhbgans of the EM algorithm.

4. Empirical Evaluation

4.1. Design of the Experiments

Our disambiguation results concerning adjectives willtmmpared with those of [19] where an algorithm
of the same type (unsupervised with an underlying NaiveeB&jodel) is placed under survey. However,
the algorithm studied by Pedersen and Bruce relies on actestrset of local features, that include co-
occurrence and part of speech information near the target (@ commented if3). It therefore also
performs feature selection, although in a completely diffié manner than that proposed in the present
paper.

“WordNet divides adjectives into two major classes: detigg@nd relational. Descriptive adjectives are organintmiclusters
on the basis of binary opposition (antonymy) and similadgfymeaning [7]. Descriptive adjectives that do not havedire
antonyms are said to have indirect antonyms by virtue of s&hantic similarity to adjectives that do have direct apios.
Relational adjectives are assumed to be stylistic variafitisodifying nouns and are cross-referenced to the noun(sthe
relation "relating-or-pertaining-to”). The function duadjectives play is usually that of classifying their headms [7].

5The adapted Lesk algorithm assigns tmaword overlap the score ofi?.
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Table 1. Distribution of Senses obmmon

sense count
as in the phrase "common stock”: 84%
belonging to or shared by 2 or more: 8%
happening often; usual: 8%
total count: 1060

Table 2. Distribution of Senses pliblic

sense count
concerning people in general: 68%
concerning the government and people: 19%
not secret or private: 13%
total count: 715

As test data we have used the (Bruce, Wiebe & Pedersen 1986]5]acontaining twelve words
taken from the ACL/DCI Wall Street Journal corpus and taggét senses from the Longman Dictio-
nary of Contemporary English. We have chosen this data sefuiotests concerning adjectives since
it has equally been used in the case of the (Pedersen and B2@&% approach to WSD, to which we
shall be comparing the results of our own disambiguatiorhoukt Test results will be reported in the
case of two adjectivesommorandpublic, the latter being the one corresponding to which Pedersgn an
Bruce obtain the most modest disambiguation results. Thseseofcommorthat have been taken into
consideration and their frequency distribution are shawrable 1, while Table 2 provides the same type
of information corresponding to the adjecteblic. In these table®tal countrepresents the number of
occurrences in the corpus of each word, with each of the tnjsdcbeing limited to the 3 most frequent
senses, whileountgives the percentage of occurrence corresponding to eablesd senses.

In fact, our choice of performing tests in the case of adjesttommonand public has been influ-
enced by the fact that these adjectives are represented mehtioned corpus by three different senses,
while the other two adjectives for which Pedersen and Braciopm disambiguation testshiefandlast,
have only two senses (in the same corpus). Since unsupegdisgmbiguation should be able to produce
distinctions even between usage types that are more fingegréian would be found in a dictionary, as
noted in our Introduction, our choice of testing in the cafshase adjectives having the greatest number
of senses represented in the corpus becomes a natural one.

In order for our experiments to be conducted, the data sepreggocessed in the usual required way
for WSD: the stop words were eliminated, and Porter stemnasrapplied to the remaining words.

The overall source for creating the disambiguation voaaiyulvas WordNet 3.0, which lists 9 differ-
ent senses corresponding to the adjeativmmonand only 2 different senses corresponding to the ad-
jective public. Obviously, a sense mapping of the initial (corpus) sersésase of the WN 3.0 database
was necessary. According to this mapping, 4 WN synsets taokip the disambiguation vocabulary
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corresponding to the adjectiemmon namely the synsets having the IDs 3004926802152473,
301673818 and 300970619 respectively. Both WN synsets corresponding to the aigiepublic and
having the IDs 300493299 and 301861209, respectively were part of the same vocabulary when
performing disambiguation tests relative to this adjextiv

Let us once again note that our disambiguation method is anpenvised one and therefore does
not require sense labels. Performing the mentioned sengpingawas necessary solely for establishing
the restricted disambiguation vocabulary (relevant woprds

Once the subset of WN senses taking part in the experimestbden established, the relevant
information for building the vocabulary must be specified.

Each of the experiments involving the disambiguation oéetilfescommorandpublic have estab-
lished as relevant words forming the vocabulary all wordbhefWN 3.0 synsets containing the respective
adjective which have been chosen as a result of sense mapylddionally, all content words occurring
in the glosses and the associated example strings of thesetsyhave been added to this vocabulary. In-
formation provided by the synsets related (through explidations existing in WN) to those containing
the target word has also been included in the same vocabdiags, the first performed experimént
additionally uses all content words occurring in the sysistiteir corresponding glosses and example
strings, given by the similarity relation, the also-seatieh, the attribute relation, the pertaining-to rela-
tion, whenever possible, and, finally, the antonymy refgtighich has been considered interesti ng due
to the "negative information” it can provide. The secondfpened experimenrt eliminates from the
disambiguation vocabulary all words brought in precisghthiiese antonym synsets.

4.2. Test Results

Performance is evaluated in terms of accuracy. In the casm@ipervised disambiguation defining
accuracy is not as straightforward as in the supervised. case objective is to divide thel given
instances of the ambiguous word into a specified numbér of sense groups, which are in no way
connected to the sense tags existing in the corpus. In owdriexgnts, sense tags are used only in the
evaluation of the sense groups found by the unsupervisedihgeprocedure. These sense groups must
be mapped to sense tags in order to evaluate system perfoemas in previous studies [19] we have
used the mapping that results in the highest classificationracy.

®This is synsefcommon} having the gloss ‘belonging to or participated in by a comityuas a whole; public’.

"This is synsef common, mutugl having the gloss ‘common to or shared by two or more parties’.

8This is synsefcommon} having the gloss ‘to be expected; standard’.

®This is synsefcommon, usudl having the gloss ‘commonly encountered’.

OThis is synsef{public} having the gloss ‘affecting the people or community as a @hol

HThis is synsef{public} having the gloss ‘not private; open to or concerning the fgeap a whole’.

referred to in Tables 3 and 4 as "all”.

Breferred to in Tables 3 and 4 as "all-antonyms”.

¥In order to conduct our experiments we have chosen a numksense groups equal to the number of sense tags existing
in the corpus. Therefore a number df! possible mappings (withK denoting the number of senses of the target word)
should be taken into account. For a fixed mapping, its acgugagiven by the number of correct labellings (identical he t
corresponding corpus sense tags) divided by the total nunfbdastances. From theK! possible mappings, the one with
maximum accuracy has been chosen.



F. Hristea, M. Popescu / Adjective Sense Disambiguation 559

Table 3. Experimental Results for 3 Sensesamhmon

No. of Percentage of
Method features | instances having | Accuracy
only null features
all 83 19.2 J775+.02
all - antonyms | 74 20.0 .766+.04

Table 4. Experimental Results for 3 Sensepulflic

No. of Percentage of
Method features | instances having | Accuracy
only null features
all 74 43.3 .559+.03
all - antonyms | 71 44.4 .550+.03

Test results are presented in Tables 3 and 4. Each reswdsmas the average accuracy and standard
deviation obtained by the learning procedure over 20 rantiats while using a context window of size
255 and a thresholde  having the valug 0.

Apart from accuracy, the following type of information issalincluded in Table 3 (corresponding
to adjectivecommoi and in Table 4 (corresponding to adjecteblic): number of features resulting
in each experiment and percentage of instances having afilfeatures (i.e. containing no relevant
information).

As previously mentioned, within the present approach tardisiguation, the value of a feature is
given by the number of occurrences of the corresponding wotte given context window. Taking
into consideration that the process of feature selectidmas®d on the restriction of the disambiguation
vocabulary, one must notice it is possible for certain imsé& not to contain (in their context window)
any of the relevant words forming this vocabulary. Suchanses will have null values corresponding to
all features. The smaller the number of features used famuigguation, the more frequently this takes
place. These instances do not contribute to the learningepso However, they have been taken into
account in the evaluation stage of our experiments.

We have compared our disambiguation results primarily ¢seof Pedersen and Bruce presented in
[19], since both disambiguation methods that have beennebgdn an underlying Naive Bayes model,
use the EM algorithm for estimating model parameéfeis unsupervised WSD and perform feature
selection. The main difference between the two approachasists in the way feature selection is
performed. While Pedersen and Bruce, as mentioned befgedocal features that include co-occurrence

5The choice of this context window size is based on the suigmest [11] that the quantity of data available to the aldumitis
one of the biggest factors to influence the quality of dis@uéfion. In our case, a larger context window allows the oetice
of a greater number of WN relevant words (with respect to éingett), which are the only ones to participate in the creatfo
the disambiguation vocabulary.

18pedersen and Bruce also make use [19] of Gibbs sampling fameger estimation, sometimes with better results, bitowit
these results improving significantly.



560 F. Hristea, M. Popescu/ Adjective Sense Disambiguation

and part of speech information near the target word, theeptepproach relies on WordNet and its rich

set of semantic relations for performing feature selectitnis places the disambiguation process at the
border between unsupervised and knowledge-based tedsniut improves disambiguation accuracy
consisten tly.

Thus, the way in which our method performs feature seledbiongs a disambiguation accuracy
of .775+.02 in the case of the adjectimmmon while the highest accuracy obtained in [19], corre-
sponding to the same adjective and when estimating modahypers with the EM algorithm as well,
is of .543+.09. When leaving out antonym synsets the accuracy obtdipexir method decreases to
.766+.04, which again represents a value significantly higham tha corresponding one of [19]. In the
case of adjectivpublic our method attains an accuracy of .3503, which decreases to .55M3 when
leaving out antonym synsets, with both values being higtem the corresponding one obtained in [19]:
.507+.03. These results clearly show that feature selectiorgusiknowledge source of type WordNet
can be more effective in disambiguation than local typeuiest (like part-of-speech tags).

When analyzing the results presented in Tables 3 and 4 oneatsosotice that accuracy decreases
each time the information provided by the antonym synsdtftigut of the disambiguation vocabulary.
Although there is an obviously restricted number of antorgynsets (see the number of features in
the tables) the type of negative information they providense to be beneficial to the disambiguation
process.

Finally, the fact that, although adjectipeiblic has only two senses in WN 3.0, discrimination among
three different senses was possible, reinforces the id¢aittsupervised disambiguation is able to make
distinctions between very fine grained usage types, evea fitar grained than those present in a knowl-
edge source of type WordNet.

Conclusion

The present paper has concentrated on distributional appes to unsupervised word sense disambigua-
tion that rely on monolingual corpora, with focus on the @safithe Naive Bayes model in unsupervised
WSD and with special reference to adjectives. The the@latimdel was presented and its implementa-
tion was discussed. Special attention was paid to featleetgmn, the main issue of the model’s imple-
mentation. A new method for performing feature selecticat tias been proposed in [9] was extended
to the adjective case and tested corresponding to polyseBwglish adjectives. The novelty of our pro-
posed method consists in using the semantic network WoradNatowledge source for feature selection.
Our method makes ample use of the WordNet semantic relatibich are typical of adjectives (a part
of speech that has a completely different organization imdNet from that of nouns, corresponding
to which the method had been previously tested). Usage ofiMé&tras knowledge source for feature
selection places the disambiguation process at the boeterebn unsupervised and knowledge-based
techniques. Test results show that feature selection npeefh in this manner is more effective in the
disambiguation of adjective senses than local type featflikee part-of-speech tags) are.

Although not totally knowledge-lean, we hope the pres@mabf our disambiguation method in
the case of adjectives has reinforced the benefits of contbihie unsupervised approach to the WSD
problem with a knowledge source of type WordNet.
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