UNIVERSIDADE DA BEIRA INTERIOR
Engenharia

Discovery of Noun Semantic Relations based on
Sentential Context Analysis

Rumen Valentinov Moraliyski

Tese para a obtencao do Grau de Doutor em

Engenharia Informatica
(3° ciclo de estudos)

Orientador: Prof. Doutor Gaél Harry Dias

Covilha, Fevereiro de 2013






The work on this dissertation was supported by the Programa Operacional Potencial Humano of the
Quadro de Referéncia Estratégico Nacional, by the PhD grant SFRH/BD/19909/2004 of the Fundacao
para a Ciéncia e a Tecnologia (FCT) and a 9 months grant of the project MEDON PTDC/EIA/80772/2006
funded by FCT.

QUADRO

Eg TRRELETEER(S ESA p O @H F C T

NACIONAL Fundagio para a Ciéncia e a Tecnologia
PORTUGAL20072013  procRAMA OPERACIONAL POTENCIAL HUMANO JINISTERIO DA CIENC XA E ENSIN SUPERIO

ifi






Acknowledgements

With pleasure | begin to write this section about the people who helped me to get to this

stage.

| would like to thank first my PhD advisor, Gaél Dias for his moral support, for being
incessant source of ideas and for the positive work atmosphere he created for me and my
colleagues. Thank you for all the help and motivation and for the challenges you made

me to face!

To my colleague Joao Cordeiro who provided his data. That resource gave ground for the
most interesting part of my work. Thanks go to him, as well, for the help with BTgX. He

also contributed to parts of Chapter 5.

I would also like to thank my colleagues Isabel and Sebastiao for the company throughout
these years, for making me not miss home, for the support and for the delicious meals

that we prepared together.

The main culprits to take this direction in my life is my family and my professors from
the University of Plovdiv “Paisii Hilendarski”. Thus | owe my curiosity and critical view
about the world to my grandfather Kiril. Then, my parents and environment nourished
it. Later, came my professors from the Faculty of Mathematics and Informatics of the
University of Plovdiv, especially Professor Petko Proinov and Professor Todor Mollov who
were impressive with their enthusiasm about mathematics and teaching. For me and my
colleagues at the Faculty, the greatest and the most persistent motivator was and con-
tinues to be Professor Dimitar Mekerov. | also received invaluable support from Professor
Asen Rahnev, who is completely dedicated to the faculty and educational initiatives of
all kinds.

The connection between both sides, the University of Plovdiv and the environment where
| executed the work presented here, the University of Beira Interior are Professor Veska
Noncheva and my colleague and friend Zornitsa Kozareva who always helped me to im-

prove my texts and subjected my work to a constructive criticism.

At the end, | would especially like to thank my dear cousin Dari who read and edited parts

of the text.



Vi



Abstract

The last years saw a surge in the statistical processing of natural language and in partic-
ular in corpus based methods oriented to language acquisition. Polysemy is pointed at
as the main obstacle to many tasks in the area and to thesaurus construction in partic-
ular. This dissertation summarizes the current results of a work on automatic synonymy
discovery. The accent is focused on the difficulties that spring from polysemy and on lin-
guistically and empirically motivated means to deal with it. In particular, we propose an

unsupervised method to identify word usage profiles pertinent to specific word meanings.

Further, we show that the routine to verify every possibility in search of semantic relations
is not only computationally expensive but is rather counterproductive. As a consequence,
we propose an application of a recently developed system for paraphrases extraction and
alignment so that the exhaustive search is avoided in an unsupervised manner. This led
to a method, that creates short lists of pairs of words that are highly probable to be in

synonymy relation.

The results show that the negative impact of polysemy is significantly reduced for part
of the polysemy specter that covers about two thirds of the vocabulary. Besides the
increased probability to discover frequently manifested synonymy relations, paraphrase
alignment proved to highlight infrequent word meanings, and to reliably identify a set of

very specific semantic relations.
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Resumo

Nos ultimos anos surgiu um aumento no tratamento estatistico da linguagem natural, em
particular nos métodos baseados em corpus orientados para a compreensao da linguagem.
A polissemia foi apontada como o principal obstaculo para muitas tarefas nesta area, onde

se destaca a construcdo de dicionarios de sindnimos.

Esta dissertacao resume os resultados atuais de um trabalho que tem como objetivo a
descoberta de sindnimos de modo automatico. A énfase recai sobre as dificuldades que
advém da polissemia onde as mesmas sdo superadas através de métodos linguisticos e
empiricos. Propomos um método ndo supervisionado para fazer a comparacao entre os

diversos perfis de uso de palavras polissémicas. Esta é a nossa principal contribuicéo.

Além disso, mostramos que as formas habituais de verificar todas as possibilidades na
busca de relaces semanticas, tém um custo computacional elevado e ndo apresentam

resultados satisfatorios. Sdo contraproducente.

Como consequéncia, propomos a utilizacdo de um sistema recentemente desenvolvido
para a extracao e alinhamento de parafrases. Assim, conseguimos evitar de forma nao
supervisionada a busca exaustiva e criar listas curtas de pares de palavras que sao alta-

mente provaveis de estarem em relacao de sinonimia.

Os resultados mostram que o impacto negativo da polissemia é significativamente re-
duzido para uma fracao do espectro da polissemia que abrange cerca de dois tercos do
vocabulario. Obtivemos probabilidades elevadas para descobrir relacdes de sinonimia
que se manifestam frequentemente. Conseguimos também provar que, a partir do alin-
hamento de parafrases, se destaca o significado de palavras nao frequentes e é possivel

identificar com seguranca um conjunto de relacdes semanticas especificas.

Palavras-chave

sinonimia, analise lexical, relacdées semanticas, processamento da linguagem natural
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Chapter 1

Introduction

Thesauri, that list the most salient semantic relations between words have mostly been compiled
manually. Therefore, the inclusion of an entry depends on the subjective decision of the lexicogra-
pher. Unfortunately, those resources are incomplete. Indeed, thesauri unlikely include syntagmatic
semantic relations'. Levin (1993) is certainly the most comprehensive effort, to date, to categorize
the verb part of the vocabulary with respect to the kind of constructions a word can participate in.
Consider the following simple sentence: The words of a phrase relate in many ways to each other.
Probably only the pair <word , phrase> would be listed in a manual resource with its semantic re-
lation, but interpretation clues for a polysemous word like way would be more difficult to code in a

thesaurus.

In text understanding, humans are capable, up to a variable extent, of uncovering these relations
(Morris & Hirst, 2004). Natural Language Processing (NLP) systems, however, need either a complete
inventory of the semantic relations or a module capable to infer them from the text in order to per-
form human like interpretation. There exist attempts towards a number of scientific and practical
directions. The early endeavors were limited to find empirical evidences, based on few manually ex-
amined examples, that when words share contexts they are somehow semantically and associatively
related. The consequent developments were to test how far one can reach exploiting this kind of
information. It turned out that there were many different ways to define what is context - some took
the context to be the entire discourse, while others focused on more specific syntactic relations. The
results and the possible applications varied from test solving through relatively successful attempts
at thesaurus construction. However, most methods were unaware of what kinds of semantic rela-
tions they do register, thus the entries they produced were rather heterogeneous. The necessity to
introduce concrete knowledge was met by pattern based techniques, that when combined with the
distributional analysis, were able, for example, to distinguish, quite accurately, between synonyms

and antonyms or between words of different levels of specificity.

Syntagmatic relation are the relations that hold between the elements that co-occur in order to form a unit. In this

sense, syntagmatic relations are the various ways in which words within the same sentence may be related to each other.



1.1 Synonymy

The main focus below will fall on the synonymy semantic relationship. In the literature, it is discussed
the paradox that the notion of synonymy is intuitively clear by, usually, some very informal definition.

For example, in WordNet (Fellbaum, 1998) reads:

synonym, equivalent word - (two words that can be interchanged in a context are said to

be synonymous relative to that context).

This notion is incomplete as it does not mention anything about similarity in meanings. Probably a

better definition is as in the Merriam-Webster On-Line! where we can read:

synonym - one of two or more words or expressions of the same language that have the

same or nearly the same meaning in some or all senses.

A discussion in Charles (2000) is based on a formulation of Gottfried Leibniz, that states “two words
are synonymous if they are interchangeable in statements without a change in the truth value of the
statements where the substitution occurs”. Some authors prefer to avoid the term synonymy in favor
of the term near-synonymy since there are very few absolute synonyms, if they exist at all. So-called
dictionaries of synonyms actually contain near-synonyms (Inkpen & Hirst, 2006). However, a more
common view of synonymy is as a continuous scale where the judged sense similarity is proportional
to the amount of the occasions when both words can be used in order to express the same idea. This
observation and existing empirical data supports the assumption that synonyms can be discovered by

means of lexical analysis.

Throughout the exposition below we will discuss three more semantic relations that are close siblings
of synonymy. They all derive from the hyponym / hypernym relation. A definition given by Miller

et al. (1990) goes as follows:

a concept expressed by the words {x,x’,...} is said to be a hyponym of the concept
expressed by the words {y,v/,...} if native speakers of English accept sentences con-
structed from such frames as An x is a (kind of) y, for example A crane is a (kind of)

bird.

The hypernym of a concept is frequently called subsumer in order to emphasize the hierarchical
relation. In the literature, this relation is more commonly known as Is a relation. We will prefer to

use Is a when it is not necessary to specify the exact direction of the relation.

Thttp://www.merriam-webster.com/ [13t" July, 2011]


http://www.merriam-webster.com/

1.2 Objectives of Synonym Discovery

The third relation is referred to as Instance of. As its name suggests, it relates proper names with

more general concepts. For example, Ronaldo can be defined as an instance of a football player.

The last relation we need to define here is Co-hyponymy. Two words are said to be co-hyponyms
when they have common direct subsumer. For example, according to WordNet, the words car and
motorcycle are in a co-hyponymy relation as they share the same direct hypernym, which is motor

vehicle.

It is frequently difficult to distinguish synonymy from the other relations if only the quality of sub-
stitutability is considered. Thus, words may have contexts in common in spite of dissimilarity in
meanings. Further, words with disparate meanings still can have contexts in common and Charles

(2000) found that occasionally they can be substituted even within a sentence frame.

1.2 Objectives of Synonym Discovery

Synonymy being common among all the parts of speech is considered to be the main organizing
principle of the human semantic memory (see Miller et al. (1990) for comprehensive reference list).
The objective pursued here is to develop a synonymy discovery procedure. The definition states
clearly the objective of synonymy discovery, it suggests the method also. In order to contribute
with new qualities to the works developed before, our method needs to be more robust with respect
to words’ polysemy and to avoid any use of manually compiled resources except a morphosyntactic

analyzer. However, its scope must be limited in certain ways.

The verbs provide most of the semantic frame of sentences and are considered the most important
syntactic category. Although each syntactically correct sentence must have a verb but not necessar-
ily a noun, in language there are more nouns than verbs, e.g., WordNet', lists 11,488 verbs versus
117,097 nouns. Verbs rarely have true synonyms and when synonyms exist, frequently, one of them
is from Anglo-Saxon origin and the other has Greco-Latinate root. The verbs from Greco-Latinate
origin are used in more formal contexts (Fellbaum, 1990). Due to the incompatible stylistic usage
they rarely co-occur in the same discourse and the substitution of one for the other in context is
usually unacceptable. Although the verb category is less populous it still needs to cover the entire
diversity of communication necessities. This is compensated for by higher polysemy and more flex-
ible interpretation of the verb’s meaning. Because of this property of verbs, they are probably the

category that is most difficult to study. In Miller et al. (1990), we can read:

“[...] some words in the same syntactic category (particularly verbs) express very similar

concepts, yet can not be interchanged without making the sentence ungrammatical.”

"Hereafter, each reference to WordNet signifies WordNet 2.1, unless otherwise specified.



This means that for verbs, simple substitutability, wherever it occurs, is most probably a misleading

indicator of synonymy.

In the domain of adjectives, synonymy and antonymy are equally important and play complementary
roles in their organization. The relation of similarity between adjectives orders them in gradable
scales rather than in sets of synonyms and although pairs of synonymous adjectives do exist, they
rarely have the same antonyms. Further, only a fraction of the adjectives have true antonyms. This
means, for example, that although the pair weighty and light are conceptually opposite, they are
not true antonyms. Empirical evidences (Justeson & Katz, 1991; Mohammad et al., 2008) show that
antonymous adjectives tend to co-occur in close proximity. At the same time they are interchange-
able in context, which is, as well, the behavior of synonymous words. This means that for adjectives,
attributional similarity would discover a range of semantic relations, from synonymy, through adjec-
tives expressing variable levels of the same quality, e.g., names of colors, to antonymy, e.g., poor,
mediocre, average, fair, good, great, superb. The mentioned idiosyncrasies of the adjectives and
verbs render any synonymy discovery procedure based on in-context substitutability evidence inad-

equate.

Nouns are organized mainly on the basis of substitutability. Though not for all, the main semantic
component of a noun is its functional features and they are one of the two means to define a noun
concept in a dictionary. The second direction of organization of nouns is vertical, i.e., hierarchical.
We perceive the hierarchical structure by the adjectives of which a noun can be an argument. At
the same time, when the context does not allow ambiguity, then superordinate terms can serve
as anaphors referring back to their subordinates. Thus synonymy and hypernymy are not always
clearly distinct. We also refer to events and entities by naming them with nouns. Thus, while verbs
are fundamental for the syntactic structure of the sentence, nouns represent the subject matter
of the message. Due to the necessity to repeat ideas and to accentuate different aspects, there
exists a great diversity of manners to say the same thing. This is achieved by synonymy on lexical
level, or by paraphrasing on sentence level when more complex notions are concerned. Further,
diversity in expression is created by the fact that words with similar yet not equivalent meanings
can be used in place of synonyms, for example hypernymy. In order to understand a message, to
perceive its redundancies and important details, one has to be capable to map the variable forms
to their conceptual space. Thus, the use and the comprehension of synonyms is fundamental for

communication.

A second problem faced by any natural language processing system is polysemy. It is the quality of
the words to express different meanings depending on the context. This means that line and cable
can refer to the same object in the electrical domain while in general they signify different concepts.
Most efforts to discover synonyms ignore polysemy entirely although approximately 25% of the words

have more than one meaning.



1.3 Applications of Synonym Discovery

The objective we set in this work is to develop a noun synonymy discovery method, based solely on
lexical analysis that is robust against polysemy. We will pursue this objective in two stages. First,
we plan to identify the mechanism by which polysemy impedes lexical analysis. Then, we intend to

propose a conjunction of techniques to avoid the negative influence of polysemy.

1.3 Applications of Synonym Discovery

The primary reason to make attempt at automatic discovery of any semantic property of the words is
the intention to build a system, that is capable to mimic human cognition and reasoning. Thus, the
organizing principles of the human semantic memory, revealed by psycho-linguistic research, give

the ground on which machine language acquisition should be implemented.

The most important relation for the organization of the human semantic memory is similarity of
meaning. Its manifestation in the lexical dimension of the language is synonymy. Thus, while we are
in search of manners to represent meaning, the synonymy relation between words is the available

proxy to the similarity of meaning.

Meanwhile, multiple applications of NLP benefit from lexical semantic similarity information. Query
expansion (Ruge, 1997) in Information Retrieval (IR) is an application area, which requires such knowl-
edge at any phase. It is known that people use many different ways to express the same idea. For
example, Furnas et al. (1983) note that people choose the same key word for a single well-known
object less than 20% of the time. Therefore, it is important that the system is capable to retrieve
many documents, which do not contain the terms in the query. At the same time, a quarter of the
vocabulary words are polysemous, and when such word is placed in the query its intended meaning
has to be determined and only afterwards the relevant documents can be properly identified. Each
of these steps requires semantic similarity in particular and semantic relation information in general

in order to be accomplished.

Language models, developed for the necessities of speech recognition and statistical parsing often
need to deal with extremely sparse data. Even in very large corpora many feasible combinations
are not observed. One can expect 14.7% of the word trigrams in any new English text to be unseen
in a corpus of 366 million words (Brown et al., 1992). Similarity based smoothing is a way to take
advantage of linguistic knowledge in order to achieve better efficiency in comparison to the formal
statistical methods. It is based on the intuition that words that have many contexts in common are
semantically similar as well. Then, we can restore some incomplete data about the contexts of a
word knowing the words to which it is contextually similar (Brown et al., 1992; Hindle, 1990; Pereira

et al., 1993).

The hypothesis that “the meaning of entities, and the meaning of grammatical relations among them,



is related to the restriction of combinations of these entities relative to other entities”, formulated
in Harris (1968), encouraged a great number of attempts in automatic thesaurus construction (Curran
& Moens, 2002; Grefenstette, 1994; Hindle, 1990; Lin, 1998a). However, those resources can only
be evaluated against existing, manually built gold standard. A more sensible application would have
been to augment an existing general purpose dictionaries with domain specific semantic information,
as proposed for example in McCarthy et al. (2004). This direction continues to another important
application, i.e., dictionary maintenance. Since the language is a dynamic system, it changes all the
time adopting new words, abolishing old ones and shifting word meanings. This dynamics requires
constant effort to maintain the existing resources up to date. Moreover, dictionaries do not usually
list collocations that have compositional meaning, e.g., broken bone. However, a computer system
requires some clue as how to interpret them. This application is suggested in Hearst (1992) where an
algorithm to discover pairs in hypernymy-hyponymy relation is developed. An extension of this idea
could take advantage of any feasible semantic relation that signifies semantic similarity, synonymy,

functional features, or specific attributes in common with another lexical unit with known meaning.

Since synonyms appear naturally in speech and text, a natural language generation system requires
knowledge about felicitous usage and substitution patterns in pursue of authentic sounding. Ade-
quate semantic information have strong impact on intermediate tasks such as natural language gen-
eration (Inkpen & Hirst, 2006) and word sense disambiguation (Dagan & Itai, 1994) that are enabling
steps for more applied technologies as for example machine translation, message compression, and

summarization.

Finally, knowledge about synonymous pairs is frequently used in order to extend some seed sets. For
example, Esuli & Sebastiani (2007) and Kozareva et al. (2008) classify WordNet synsets with respect
to a set of predefined classes beginning with few instances per class, relying on the assumption that
similarity in meaning is indicator of equality with respect to some specific semantic aspect, positive
or negative connotation in the former case, and membership to a more specific semantic domain in

the later.

1.4 Different Approaches for Synonymy Discovery

Probably, the first method to be mentioned here is the manual way. The usual disadvantages of
this method are common characteristics to the manual work, i.e., it is tedious and as a consequence
expensive to compile dictionaries manually. For many domains, it is unjustified to spend the resource
required. Even when the endeavor is undertaken, at the moment of completion the dictionary is

already outdated due to language dynamics.

Some authors, e.g., Baroni & Bisi (2004), stress the subjective factor as a flaw. This sounds as an

invitation to leave the machine to decide instead of a lexicographer what is synonymy. At the current



1.4 Different Approaches for Synonymy Discovery

level of understanding of the linguistic phenomena, it seems more reasonable to take advantage of
the computational power of the machines to propose a list of feasible candidates plus concordance

information to facilitate the decision of the lexicographer. This is the viewpoint we focus on.

WordNet is a notable example of a manually built thesaurus. WordNet “[...] is an attempt to organize
lexical information in terms of word meanings, rather than word forms. In that respect, WordNet
resembles a thesaurus more than a dictionary” (Miller et al., 1990). It has great value not only for
the community concerned with automatic language processing, but the process of its compilation

brings to light vast amount of otherwise unrealized linguistic knowledge.

We overview a number of automatic approaches to synonymy discovery in Chapter 2. What is common
between all of the works is that semantic information is sought to be extracted from structured or
raw textual corpora with the use of as little as possible language specific knowledge (Firth, 1957;
Lyons, 1968). Since information about the meaning of the lexical units is practically unavailable, the

only basis for comparison is the knowledge of what company the words keep.

Some naive methods look for semantic relations among words that co-occur side by side. In the
literature, this event is called first order co-occurrence. It is very simple to acquire first order
co-occurrence statistics and calculate the respective association strength value. This simplicity was
valued feature in the early attempts when computational power was limited factor. With the advance
of the computing technology, it became possible to couple first order co-occurrence information with
more complex mathematical methods and to scale up the coverage. Hypothetically, words that are
similar in meaning should occur together more frequently compared to less similar words (Turney,

2001).

More linguistically motivated methods resorted to so called second order association, which is a
similarity estimation calculated between two lexical units based on the amount of first order co-
occurrences that they have in common. Words that have a common first order co-occurrence are said
to be in second order co-occurrence. The name is misleading since second order associations have
radically different properties and applications. While the methods based on first order co-occurrence
tend to discover syntagmatic relations and are useful in resolving prepositional attachment or noun
bracketing, the methods based on second order association tend to discover paradigmatic relations
and can be used to factorize the vocabulary in Part-Of-Speech sets or to find out synonyms. It seems
appealing to conclude that since synonymous words can take the same contexts, then words that

have strong second order association must be semantically similar.



1.5 Problems Encountered by Previous Methodologies

Major difficulty in front of NLP stems from the fact that the nature of meaning is virtually unknown.
Thus, any pursue of semantics is indeed an underdetermined task and the lack of conceptualized
knowledge about word meaning hinders the studies and makes impossible the formal analysis. Con-
sequently, the existing methods to find words’ semantics make use of the manifestations of the
investigated aspect of meaning as an indirect evidence of its hidden regularities. The automatic pro-
cessing of natural language falls back on lexical analysis as a machine accessible registration of the
manifestations of human conceptual space and reasoning. Although attempts in multimodal dialogue

systems exist, their focus is not the language itself.

Different approaches aim to list a finite number of representative semantic axes and eventually linear
combinations between them that catch the exact meaning of vocabulary words. Those approaches
are not principally different from manual construction of dictionaries as the semantic axes are de-
termined manually. The most prevalent current paradigm takes the surrounding context as a factor
defining and describing semantics. However, it has significant limitations (Freitag et al., 2005; Terra
& Clarke, 2003).

In human interaction, there are two contrary forces. At one side is the producer of the utterance,
whose minimization of processing requirement imposes limitations on the size of the possible vocab-
ulary. This causes that some symbols have to express several, sometimes disparate, ideas. At the
other side is the receiver of the message, that is exposed to a stream of symbols, which meaning has
to be looked up in the conceptual space. Thus, message interpretation imposes some processing.
This processing is minimal, when the message is complete and does not require further communica-
tion in order to be clarified and is proportional to the number of variants of interpretation. Those

two factors govern a property of lexis called polysemy (Kohler, 1987).

Although in normal interaction the disambiguation process remains virtually unnoticed, the polysemy
is so common, that no system for automatic language processing can hope to ignore it. This led to
a great number of attempts at Word Sense Disambiguation (WSD). However, most of the approaches
require some training, but annotated data is scarce and expensive to obtain. This circumstance
coupled with the complexity of the problem explains why the most frequent sense is that powerful
a heuristics that any more sophisticated WSD system achieves only marginal improvement (Navigli

et al., 2007; Pradhan et al., 2007).

It was found that the performance of a synonymy discovery system is proportional to the volume
of statistical data only to a certain point (Terra & Clarke, 2003). Further growth of the statistics,
however, is not beneficial. Excessive statistical data only strengthens the representation of the

most-frequent sense of polysemous words and obscures less frequent senses. Thus the maximal
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performance attainable has an upper limit, that depends on the bias towards one sense or another.

Because the proper meanings of the words are not accessible and in place of proxies are used vague
symbols, formal inferences about the semantics are rarely precise. The specificity of the semantic
relations discovered varies according to the definition of context. When more loose context, as for
example in Landauer & Dumais (1997) where the context spans the entire paragraph, is used, relations
in the order of similarity and relatedness are discovered, e.g., doctor and disease. A tighter context
definition, one that spans a phrase or just a specific syntactic relation, e.g., verb - direct object,
has usually more discriminative power and thus discovers more specific relations, e.g., synonyms,
hyponyms and antonyms, with greater probability. Usually, a successive manual or automatic step
is required in order to determine what is the exact semantic relation that holds between the listed

pairs (Church & Hanks, 1990; Sahlgren, 2006b).

The exhaustive search is the obvious way to verify all the possible connections between words of the
vocabulary. However, comparison based on word usage can only highlight those terms that are highly
similar in meaning. This method of representation is usually unable to distinguish between middle
strength and weak semantic relations (Rubenstein & Goodenough, 1965). Thus, the relative success
of the Vector Space Model paradigm on synonymy tests (Ehlert, 2003; Freitag et al., 2005; Jarmasz
& Szpakowicz, 2004; Landauer & Dumais, 1997; Rapp, 2003; Sahlgren, 2006b; Terra & Clarke, 2003;
Turney et al., 2003) is due to the tests’ structure. As a matter of fact, the results on synonymy
tests depend very much on the number of the candidates among which choice has to be made. We
conducted a simple experiment with a set of 1000 random test cases, created in the manner described
in Freitag et al. (2005), with up to 10 decoy words and 1 synonym. We then solved the test cases using
a contextual similarity measure, i.e., a second order association. In particular, we used the Cosine
similarity measure (see Equation 3.4) with features weighted by the Pointwise Mutual Information
(PMI) (see Equation 3.2). The increase of the number of decoys caused a rapid drop of the probability

to rank the synonym at the first position as shown in Figure 1.1.

Thus, the exhaustive search is only capable of finding the most salient semantic relations, the ones
that are established in the language and are frequent enough to be well represented, the ones that
are usually included in the manually built thesauri. At the same time, neologisms, recently adopted
foreign words and names, which consist that part of the current vocabulary that needs constant
update, elude characterization since they are not always well established and represented by written

media.

1.6 Our Proposal

We propose two possible ways, motivated by previous works, to alleviate the problems mentioned

in the previous section. The problems are closely related, i.e., the substitution of concepts for
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Figure 1.1: Accuracy by candidates count.

polysemous symbols introduces uncertainty, and the uncertainty grows uncontrollably with the size
of the problem. This situation imposes significant limitations of lexical analysis applicability in real
world. Thus, we first focus our attention on the problem related to words, i.e., polysemy, and

afterwards on the difficulty to relate pairs of words by means of exhaustive search.

The polysemy problem can be, at least, partially mitigated. Most of the works conducted so far
ignore entirely word meanings as reality, e.g., (Landauer & Dumais, 1997). This comes to draw our
attention to the fact that most of the time we process some text in an automated manner, we do not
even care about the meanings of the words, and we can do well anyway. Knowing the exact word

meaning is not always that important.

It was observed that words have strong tendency to express the same, or closely related ideas every
time when they reoccur within the limits of discourse. This means that a partial description of a
word meaning can be learned from within a coherent piece of text. This property, combined with
the nature of the synonymy, which presumes that synonyms are used in order to avoid repetitions

affords for a pair of words to be compared within the limit of a discourse as if they were monosemous.

We evaluate this first step of the proposal against a set of standard Test of English as a Foreign
Language (TOEFL)' tests and a larger set of automatically created TOEFL-like tests. This evaluation

proves that the polysemy problem might be alleviated up to such a level that a significant part of
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1.7 Plan of The Thesis

the vocabulary can be safely accounted for. This is our first contribution, which was published in
(Moraliyski & Dias, 2007) and (Dias & Moraliyski, 2009).

Next, we address the second problem of the lexical analysis, the rapid increase of error rate with
the increase of the number of possible alternatives. In order to discover pairs of semantically re-
lated words that may be used in figurative or rare sense, we need to have them highlighted by their
environment as in the information extraction strategy. This particular environment is the sentence.
It was shown in Charles (2000) that a sentence as a context limits the possible substitutions of words
almost exclusively to close synonyms. The concrete implementation of this idea is a recently pub-
lished method, which uses paraphrase extraction and alignment algorithm (Dias et al., 2010). This is

our second contribution.

In summary, we take advantage of the fact that words similar in meaning are strongly associated in
a first-order fashion. They are, also, i