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Automatic discovery of similar words

Pierre P. Senellart
Vincent D. Blondel

Overview

We deal with the issue of automatic discovery of similar veofslynonyms and
near-synonyms) from different kind of sources: from larggoora of documents,
from the Web, and from monolingual dictionaries. We presedetail three algo-

rithms that extract similar words from a large corpus of doeats and consider
the specific case of the World Wide Web. We then describe aatenethod of

automatic synonym extraction in a monolingual dictionditye method is based
on an algorithm that computes similarity measures betwegtices in graphs.
We use the 1913 Webster's Dictionary and apply the methocdandynonym

gueries. The results obtained are analyzed and compaiethoe obtained with
two other methods.

2.1 Introduction

The purpose of this chapter is to review some methods usedifomatic extrac-
tion of similar words from different kinds of sources: lagrpora of documents,
the Web, and monolingual dictionaries. The underlying ctije of these meth-
ods is the automatic discovery of synonyms. This goal is imegal too difficult
to achieve since it is often difficult to distinguish in an @utatic way synonyms,
antonyms and, more generally, words that are semanticialbe ¢o each others.
Most methods provide words that are “similar” to each otiM.mainly describe
two kinds of methods: techniques that, upon input of a wouthmatically com-
pile a list of good synonyms or near-synonyms, and techsigu@ch generate
a thesaurus (from some source, they build a complete lexi€ogelated words).
They differ because in the latter case, the complete thesasigenerated at the
same time and there may not be an entry in the thesaurus forveard in the
source. Nevertheless, the purposes of the techniquesireinelar and we will
therefore not distinguish much between them.
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There are many applications of such methods. For exampiatural language
processing and information retrieval they can be used tadao and modify nat-
ural language queries. They can also be used as a suppdrefoompilation of
synonym dictionaries, which is a tremendous task. In théstr we focus on the
search of synonyms rather than on applications of thesaitpaobs.

Many approaches for the automatic construction of the$eami large corpora
have been proposed. Some of them will be presented in SezThe inter-
est of such domain-specific thesauri, as opposed to gerardtmade synonyms
dictionaries will be stressed. We will also look at the parar case of the Web,
whose large size and other specific features do not allow web# with in the
same way as more classical corpora. In Section 2.3, we peago®riginal ap-
proach, which is based on monolingual dictionaries and agealgorithm that
generalizes an algorithm initially proposed by Kleinbesg $earching the Web.
Two other methods working from monolingual dictionarief aliso be presented.

2.2 Discovery of similar words from a large corpus

Much research has been carried on the search for similarsiabrpora, mostly
for its application in information retrieval tasks. A largeimber of these ap-
proaches are based on the simple assumption that similatsvewe used in the
same contexts. The methods differ in the way the contextdefieed (the doc-
ument, a textual window, or more or less elaborate syntatientexts) and the
way the similarity is computed.

Depending on the type of corpus, we may obtain different easjshin the
resulting lists of synonyms. The thesaurus built from a asiig domain-specific
to that corpus and is thus more adapted to a particular aiglicin this domain
than a general hand-written dictionary. There are sevéngr@dvantages to the
use of computer-written thesauri. In particular, they maydbuilt easily to mirror
a change in the collection of documents (and thus in the sporeding field), and
they are not biased by the lexicon writer (but are of courasdid by the corpus
in use). Obviously, however, hand-written synonym dictines are bound to be
more liable, with fewer gross mistakes.

We describe below three methods which may be used to dissimiar words.
Of course, we do not pretend to be exhaustive, but have rektiosen to present
some of the main approaches. In Section 2.2.1, we presemtighgforward
method, involving a document vector space model and the@eadnilarity mea-
sure. This method is used by Chen and Lynch to extract infoom&rom a corpus
on East-bloc computing [CL92] and we briefly report theirules We will then
look at an approach proposed by Crouch [Cro90] for the auticroanstruction
of a thesaurus. The method is based on a term vector spacé amatierm dis-
crimination values [SYY75], and is specifically adapted Waords that are not
too frequent. In Section 2.2.3, we will focus on GrefenststBEXTANT system
[Gre94], which uses a partial syntactical analysis. Fipaila last section, we will
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consider the particular case of the Web as a corpus, andigdlligls the problem
of finding synonyms in a very large collection of documents.

2.2.1 A document vector space model

The first obvious definition of the context, given a collentaf documents, is to
say that terms are similar if they tend occur in the same decsn This can be
represented in a multidimensional space, where each datisreedimension and
each term is a vector in document space with boolean entrisating whether
the term appears in the corresponding document. It is conimamformation
retrieval to use this type of vector space model. In the duadleh terms are
coordinates and documents are vectors in term space; weeeilan application
of this dual model in the next section.

Thus, two terms are similar if their corresponding vectaes @ose to each
other. The similarity between the vectoand the vectoj is computed using a
similarity measure, such as cosine:

i-]
wherei - j is the inner product of andj. With this definition we have) <
cos(i,j) < 1 andf with cosf = cos(i,j) is the angle betweehandj. Simi-
lar terms will tend to occur in the same documents and theeabetween them
will be small. Thus, the cosine similarity measure will bes# tol. On the con-
trary, terms with little in common will not occur in the sameadiments, the angle
between them will be close to/2 and the cosine similarity measure will be close
to zero.

Cosine is a commonly used similarity measure. One must hemmest forget
that the justification of its use is based on the assumptiattiie axes are orthog-
onal, which is seldom the case in practice since documeritgicollection are
bound to have something in common and not be completely atignt.

Chen and Lynch compare in [CL92] the cosine measure withhemobeasure,
referred to as the Cluster measure. The Cluster measurgrsnatrical, thus
giving asymmetrical similarity relationships betweemier It is defined by:

cos(i,j) =

cluster(i,j) = 1
[zl
where||i||; is the sum of’s coordinates (i.e., the norm ofi).

For both these similarity measures the algorithm is theaigdttforward: once
a similarity measure has been selected, its value is comjaieveen every pair
of terms, and the best similar terms are kept for each term.

The corpus Chen and Lynch worked on wa208 MB collection of various
text documents on computing in the former East-bloc coestrihey did not
run the algorithms on the raw text. The whole database wasiatigrannotated
so that every document was assigned a list of appropriatedeels, countries,
organization names, journal names, person names and soleyund60, 000
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terms were obtained in this way and the similarity measure®womputed on
them.

For instance, the best similar keywords (with the cosinesues for the key-
wordtechnology transferwere:export controls, trade, covert, export, import,
micro-electronics software, microcomputer and microprocessor. These are
indeed related (in the context of the corpus) and wordstliide, import and
export are likely to be some of the best near-synonyms in this contex

The two similarity measures were compared on randomly ¢htesens with
lists of words given by human experts in the field. Chen ancthyreport that the
Cluster algorithm presents a better Concept Recall ratat {6, the proportion of
relevant terms which were selected) than Cosine and hunyaartsx Both simi-
larity measures exhibits similar Concept Precision rgtioat is, the proportion of
selected term which were relevant), and they are inferithiabof human experts.
The asymmetry of Cluster seems to be a real advantage.

2.2.2 Athesaurus of infrequent words

Crouch presents in [Cro90] a method for the automatic canstm of thesaurus
classes regrouping words which appear seldom in the cokmrspurpose is to
use this thesaurus to modify queries asked to an informegimieval system. She
uses a term vector space model, which is the dual of the spsmrkin previous
section: words are dimensions and documents are vectoespidjection of a
vector along an axis is the weight of the corresponding warthe document.
Different weighting schemes might be used, one that sediestigt is the “term
frequency inverse document frequencyF(IDF), that is, the number of times
the word appears in the document multiplied by a (monotonfuuntion of the
inverse of the number of documents the word appears in. Tératgppear often
in a document and do not appear in many documents have thegfomportant
weight.

As we saw earlier, we can use a similarity measure such asectsicharac-
terize the similarity between two vectors (that is, two doemts). The algorithm
proposed by Crouch, presented in more detail below, is tet@tihe set of doc-
uments, according to this similarity, and then to seladifferent discriminators
from the resulting clusters to build thesaurus classes.

Salton, Yang and Yu introduce in [SYY75] the notiontefm discrimination
value. It is a measure of the effect of the addition of a term (as aedsion) to
the vector space on the similarities between documentsod dscriminator is a
term which tends to raise the distances between documemdgraliscriminator
tends to lower the distances between documents; finallypdifférent discrim-
inator does not change much the distances between docurniémtsxact or
approximate computation of all term discrimination valisean expensive task.
To avoid this problem, the authors propose to use the termardent frequency
(i.e., the number of documents the term appears in) instéddeodiscrimina-
tion value, since experiments show they are strongly rélaferms appearing
in less than about% of the documents are mostly indifferent discriminators;
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terms appearing in more thaf¥% and less than(0% of the documents are good
discriminators; very frequent terms are poor discrimimatthesaurus classes.

Crouch suggests to use therefore low frequency terms totfoesaurus classes,
which should be made of indifferent discriminators. Thetfidea to build the
thesaurus would be to cluster together these low frequemgystwith an adequate
clustering algorithm. This is not very interesting, howewénce, by definition,
one has not much information about low frequency terms. Batdocuments
themselves may be clustered in a meaningful way. The compieét clustering
algorithm, which produces small and tight clusters, is &eldpo the problem.
Each document is first considered as a cluster by itself, @ndtively, the two
closest clusters (the similarity between clusters is ddftonebe the minimum of
all similarities (computed by the cosine measure) betwesng documents in
the two clusters) are merged together, until the distantvedman clusters becomes
higher than an user-supplied threshold.

When this clustering step is achieved, low frequency wones extracted
from each cluster. They build corresponding thesaurusetasCrouch does not
describe these classes but has used them directly for vimadi@formation re-
trieval queries, and has observed substantial improvemanboth recall and
precision, on two classical test corpora. It is therefogitimate to assume that
words in the thesaurus classes are related to each othemigtihod only works
on low frequency words, but the other methods presentedheere problems to
deal with such words for which we have little information.

2.2.3 The SEXTANT system

Grefenstette presents in [Gre93, Gre94] an algorithm ferdiscovery of sim-
ilar words which uses a partial syntactical analysis. THéedint steps of the
algorithm SEXTANT (Semantic EXtraction from Text via Anald Networks of
Terms) are detailed below.

Lexical analysis

Words in the corpus are separated using a simple lexicaysisaA proper name
analyzer is also applied. Then, each word is looked up iniadexand is assigned
a part of speech. If a word has several possible parts of Bpaelisambiguator is
used to choose the most probable one.

Noun and verb phrase bracketing

Noun and verb phrases are then detected in the sentences obrbus, using

starting, ending and continuation rules: for instance tarda@ner can start a noun
phrase, a noun can follow a determiner in a noun phrase, aotad can neither

start, end or follow any kind of word in a verb phrase, and so on
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ADJ : an adjective modifies a noun (e.g., civil unrest)
NN : anoun modifies a noun (e.g., animal rights)
NNPREP : anounthatisthe object of a (e.g., measurements
proposition modifies a along the crest)
preceding noun
SUBJ : anounisthe subjectofaverb (e.g.,the table shook)
DOBJ : anounisthe direct (e.g., shook the table)
object of a verb
IOBJ : anounina prepositional (e.g., the book was
phrase modifying a verb placed on the table)

Figure 2.1. Syntactical relations extracted by SEXTANT

Parsing

Several syntactic relations (or contexts) are then extaftom the bracketed
sentences, requiring five successive passes over the iguteR2.1, taken from
[Gre94] shows the list of extracted relations.

The relations generated are thus not perfect (on a sampl® aetences
Grefenstette found a correctness ratid @) and could be better if a more elab-
orate parser was used, but it would be more expensive toe.{&@gses over the
text are here enough to extract these relations, and siea@@tbus dealt with may
be very large, backtracking, recursion or other time-cariag techniques used
by elaborate parsers would be inappropriate.

Similarity

Grefenstette focuses on the similarity between nounsy gthes of speech are
not dealt with. After the parsing step, a houn has a numbettabates: all the
words which modify it, along with the kind of syntactical a&bn (ADJ for an
adjective, NN or NNPREP for a noun and SUBJ, DOBJ or IOBJ foerd). For
instance, the noucause which appear 83 times in a corpus of medical abstracts,
has 67 unique attributes in this corpus. These attributestitote the context

of the noun, on which similarity computations will be madeck attribute is
assigned a weight by:

] .
weight(att) = 1 + Z Patt il0g (Patt.i)

. log(total number of relations)
noun 1

where:

number of times att appears with i

Patei = total number of attributes of 1

The similarity measure used by Grefenstette is a weightedadd similarity
measure defined as follows:
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1. CRAN (Aeronautics abstract)
case characteristic, analysis field, distribution, flaw, number, layer,
problem

2. JFK (Articles on JFK assassination conspiracy theories)
case film, evidence investigation, photograph, picture, conspiracy,
murder

3. MED (Medical abstracts)
case change study, patient, result, treatment, child, defect type,
diseaselesion

Figure 2.2. SEXTANT similar words farase from different corpora

species| bird, fish, family, group, form, animal, insect range,
snake

fish animal, specieshird, form, snake insect, group,
water

bird speciesfish, animal, snake insect form, mammal,
duck

water | seg area, region, coast forest, ocean part, fish, form,
lake

egg nest female male, larva, insect, day, form, adult

Figure 2.3. SEXTANT similar words for words with most cortexin Grolier’s
Encyclopedia animal articles

'(1(’(i ) _ Zm‘,t attribute of both i and j wezght(att)
Jactd > weight(att)

att attribute of either i or j

Results

Grefenstette used SEXTANT on various corpora and many ekesropthe results
returned are available in [Gre94]. Figure 2.2 shows the siostar words oftase
in three completely different corpora. It is interestingntate that the corpus has
a great impact on the meaning of the word according to whictilai words are
selected. This is a good illustration of the interest of vilnglon a domain-specific
corpus.

Figure 2.3 shows other examples, in a corpus on animals. Mogeds are
closely related to the initial word and some of them are iddesry good $ea
ocean lake for water, family, group for species...). There remain completely
unrelated words though, suchday for egg



32 Senellart and Blondel

2.2.4 How to deal with the Web?

The World Wide Web is a very particular corpus: its size campdy not be com-
pared with the largest corpora traditionally used for symoextraction, its access
times are high, and it is also richer and more lively than amgicorpus. More-
over, a large part of it is conveniently indexed by searchiresgy One could
imagine that its hyperlinked structure could be of some ose And of course
itis not anymore a domain-specific thesaurus. Is it possiblese the Web for the
discovery of similar words? Obviously, because of the sizéhe Web, none of
the above techniques can apply.

Turney partially deals with the issue in [TurO1]. He does tgtto obtain a
list of synonyms of a wordl but, given a word, he proposes a way to assign a
synonymy score to any woljd His method was checked on synonym recognition
guestions extracted from two English tests: the Test Of iEhgls a Foreign Lan-
guage (TOEFL) and the English as a Second Language test.(EQW)different
synonymy scores are compared. They use the advanced seantiofs of the
Altavista search enginénftp://www.altavista.com ).

. hits(i AND j)
scoreq(j) = TS(J)

. hits(i NEARj)

scorea(j) = TS(J)

_ hits(iNEARJ) AND NOT ((iORj) NEAR “not”)

N hits(j AND NOT (j NEAR “not”)

. hits((i NEARj) AND context AND NOT ((i OR j) NEAR “not”)
scorea(j) = hits(j AND context AND NOT (j NEAR “not”)

scores(j)

In these expressionkits represents the number of pages returned by Altavista
for the corresponding querd N D, OR and N OT are the classical boolean op-
erators,N EAR imposes that the two words are not separated by more than ten
words, anccontextis a context word (a context was given along with the question
in ESL, the context word may be automatically derived fromThe difference
betweenscores; andscores was introduced in order not to assign good score to
antonyms.

The four scores are presented in increasing order of thatyjoélthe corre-
sponding resultsscores gives the good synonym fdf3.75% of the questions
from TOEFL (scores was not applicable since no context was given) adite,
gives the good synonym iM% for the questions from ESL. These results are
arguably good, since, as reported by Turney, the average s€d@OEFL by a
large sample of students6d.5%.

This algorithm cannot be used to obtain a list of synonymmesit is too ex-
pensive to run it for each candidate word in a dictionary,aose of network
access times, but it may be used, for instance, to refine aflstnonyms given
by another method.



2. Automatic discovery of similar words 33

2.3 Discovery of similar words in a dictionary

2.3.1 Introduction

We propose now a method for automatic synonym extractionrimoaolingual
dictionary [Sen01, BS01]. Our method uses a graph constifovm the dictio-
nary and is based on the assumption that synonyms have madyg inccommon
in their definitions and are used in the definition of many cammvords. Our
method is based on an algorithm that generalizes an algonitthially proposed
by Kleinberg for searching the web [Kle99].

Starting from a dictionary, we first construct the assodialietionary graph
G each word of the dictionary is a vertex of the graph and tieeas edge from
u to v if v appears in the definition af. Then, associated to a given query word
w, we construct aneighborhood graph G, which is the subgraph off whose
vertices are those pointed hyor pointing tow. Finally, we look in the graply,,
for vertices that are similar to the vertin the structure graph

1—2—3

and choose these as synonyms. For this last step we use argimiheasure
between vertices in graphs that was introduced in [BHD, HgyO

The problem of searching synonyms is similar to that of daagesimilar pages
on the web; a problem that is dealt with in [Kle99] and [DH9®].these refer-
ences, similar pages are found by searching authoritatgepin a subgraph
focused on the original page. Authoritative pages are ptiggsre similar to the
vertex “authority” in the structure graph

hub — authority

We ran the same method on the dictionary graph and obtaiseddf good
hubs and good authorities of the neighborhood graph. There duplicates in
these lists but not all good synonyms were duplicated. Meittuthorities nor
hubs appear to be the right concepts for discovering synenym

In the next section, we describe our method in some detafeletion 2.3.3,
we briefly survey two other methods that will be used for corigma. We then
describe in Section 2.3.4 how we have constructed a diatyograph from the
Webster’s dictionary. In a last section we compare all meshan the following
words chosen for their varietgisappear, parallelogram, sugarandscience

2.3.2 Ageneralization of Kleinberg’'s method

In [Kle99], Jon Kleinberg proposes a method for identifyimgb pages that are
goodhubs or goodauthorities for a given query. For example, for the query “au-
tomobile makers”, the home pages of Ford, Toyota and othranak&ers are good
authorities, whereas web pages that list these home paggsad hubs. In order
to identify hubs and authorities, Kleinberg’s methods eiplthe natural graph
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structure of the web in which each web page is a vertex and than edge from
vertexa to vertexb if pagea points to pageh. Associated to any given query
word w, the method first constructs a “focused subgrafh’ analogous to our
neighborhood graph and then computes hub and authoritgséor all vertices
of G,,. These scores are obtained as the result of a convergiagjieprocess.
Initial hub and authority weights are all set to oné, = 1 andz? = 1. These
initial weights are then updated simultaneously accorttir mutually reinforc-
ing rule: the hub scores of the vertgx:?, is set equal to the sum of the authority
scores of all vertices pointed byand, similarly, the authority scores of the vertex
7, T? is set equal to the sum of the hub scores of all vertices ipgjid ;. Let M,

be the adjacency matrix associatedztg. The updating equations can be written

as
x! 0 M, x!
<w2 >t+1_<M$ 0 ><:c2 >t =0

It can be shown that under weak conditions the normalizedovec (re-
spectively,z?) converges to the normalized principal eigenvectorMf M.
(respectivelyM ' M.,,).

The authority score of a vertex in a graphG can be seen as a similarity
measure betweenin G and vertex 2 in the graph

1— 2.

Similarly, the hub score of can be seen as a measure of similarity between
in G and vertex 1 in the same structure graph. As presented in [B#Y01],
this measure of similarity can be generalized to graphsatetlifferent from the
authority-hub structure graph. We describe below an eidgar the method to
a structure graph with three vertices and illustrate anieafbn of this extension
to synonym extraction.

Let G be a dictionary graph. The neighborhood graph of a wori con-
structed with the words that appear in the definitionuadind those that use in
their definition. Because of this, the woidin G, is similar to the verte® in the
structure graph (denotdg;)

1—2—3.

For instance, Figure 2.4 shows a part of the neighborhoqahgrélikely . The
wordsprobable andlikely in the neighborhood graph are similar to the vezex
in P;. The wordstruthy andbelief are similar to, respectively, verticésand3.
We say that a vertex is similar to the vertgwf the preceding graph if it points
to vertices that are similar to the vert&xand if it is pointed to by vertices that
are similar to the vertex. This mutually reinforcing definition is analogous to
Kleinberg’s definitions of hubs and authorities.

The similarity between vertices in graphs can be computéallasvs. To every
vertexi of G,, we associate three scores (as many scores as there aresvartic
the structure graphy}, z? andz? and initially set them equal to one. We then
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adapted
invidious ———— Ilkely
giving
truthy
probable belief
verisimilar
probably

Figure 2.4. Subgraph of the neighborhood graplikely

iteratively update the scores according to the followindunalily reinforcing rule:

the scores} are set equal to the sum of the scorésof all vertices; pointed
by i; the scores? are set equal to the sum of the scom@sof vertices pointed
byi and the scoresl of vertices pointing ta; finally, the scores:? are set equal
to the sum of the score:s2 of vertices pointing tai. At each step, the scores
are updated S|multaneously and are subsequently normaliZe< z* /|| z*||

(k = 1,2, 3). It can be shown that when this process converges, the fizetda
vector scorer? converges to the normalized principal eigenvector of th&ima
M, MI + MI'M,. Thus, our list of synonyms can be obtained by ranking in
decreasing order the entries of the principal eigenvalud pf/l + M I M,

2.3.3 Other methods

In this section, we briefly describe two synonym extracticetmds that will be
compared to our method on a selection of 4 words.

The distance method

One possible way of defining a synonym distance is to declattivo words
are close from being synonyms if they appear in the defintiomany common
words and have many common words in their definition. A wayaofrfalizing

this is to define a distance between two words by counting timeber of words
that appear in one of the definitions but not in both, and adtiitothe number
of words that use one of the words but not both of them in thefinition. Let

A be the adjacency matrix of the dictionary graph, arahdj be the vertices
associated to two words. The distance betwiesndj can be expressed as

d(i, j) = I|(Ai. = Azl +11(A = A )T

where]| - ||1 is thel, vector norm. For a given wordwe may compute(i, j)
for all j and sort the words according to increasing distance.

Unlike the other methods presented in this paper, we cary dlpigl algorithm
directly to the entire dictionary graph rather than on thélieorhood graph.
This does however give very bad results: the first two synangfisugar in the
dictionary graph constructed from the Webster’s Dictigrae pigwidgeonand
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ivoride. We will see in Section 2.3.5 that much better results aréeaeH if we
use the neighborhood graph.

ArcRank

ArcRank is a method introduced by Jan Jannink and Gio Wiedéror build-
ing a thesaurus [JW99]; their intent was not to find synonyoigélated words.
An online version of their algorithm can be run fronttp://skeptic.
stanford.edu/data/ (this online version also uses the 1913 Webster’s
Dictionary and the comparison with our results is therefoeaningful).

The method is based on the PageRank algorithm, used by theeweth en-
gine Google and described in [BP98]. PageRank assigns arptikeach vertex
of the dictionary graph in the following way. All verticesast with identical ini-
tial ranking and then iteratively distribute it to the veds they point to, while
receiving the sum of the ranks from vertices they are poilwedThis process
converges to a stationary distribution corresponding ¢opthincipal eigenvector
of the adjacency matrix of the graph. This algorithm is altyusightly modified
so that sources (nodes with no incoming edges, that is wartdssed in any def-
inition) and sinks (nodes with no outgoing edges, that isdsarot defined) are
not assigned extreme rankings.

ArcRank assigns a ranking to each edge according to thermguoKits vertices.
If |as| is the number of outgoing edges from verteandp; is the page rank of
vertext, then the edge relevance @f ¢) is defined by

pS/‘GS‘
Dt
Edge relevances are then converted into rankings. Thoséngenare com-
puted only once. When looking for words related to some werdne select the
edges starting from or arriving t0 which have the best rankings and extract the
corresponding incident vertices.

Tst =

2.3.4 Dictionary graph

Before proceeding to the description of our experimentgegeribe how we con-
structed the dictionary graph. We used the Online Plain Eexglish Dictionary
[OPTOO0] which is based on the “Project Gutenberg Etext of $t&ts Unabridged
Dictionary” which is in turn based on the 1913 US Webster'sabitidged Dic-
tionary. The dictionary consists of 27 HTML files (one for bdetter of the
alphabet, and one for several additions). These files aitablafrom the web
site http://www.gutenberg.net/ . In order to obtain the dictionary graph
several choices had to be made.

e Some words defined in the Webster’s dictionary are multidsde.g. All
Saints Surinam toad). We did not include these words in the graph since
there is no simple way to decide, when the words are foundtsjesde,
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whether or not they should be interpreted as single words amaulti-word
(for instanceat oneis defined but the two wordst andoneappear several
times side-by-side in the dictionary in their usual measjng

e Some head words of definitions were prefixes or suffixes (erg,,-ous),
these were excluded from the graph.

e Many words have several meanings and are head words of teudtfini-
tions. For, once more, it is not possible to determine whiganing of a
word is employed in a definition, we gathered the definitidresword into
a single one.

e The recognition of derived forms of a word in a definition isah problem.
We dealt with the cases of regular and semi-regular plueats daisies
albatrosse$ and regular verbs, assuming that irregular forms of nouns o
verbs (e.g.pxen soughf) had entries in the dictionary.

e All accentuated characters were replaced in the HTML file by (2.9,
proven\al, cr\che). We included these words, keeping the

e There are many misspelled words in the dictionary, sincastleen built
by scanning the paper edition and processing it with an OG®vace. We
did not take these mistakes into account.

Because of the above remarks, the graph is far from beingcisprgraph of se-
mantic relationships. For examples, 396 lexical units are used in the definitions
but are not defined. These include numbers (&415926514th) and mathemat-
ical and chemical symbols (e.g3, fe304. When this kind of lexemes, which are
not real words, are excludet®, 461 words remain: proper names (e.Galifor-
nia, Aaron), misspelled words (e.galigator, abudance, existing but undefined
words (e.g.shakelike, unwound) or abbreviations (e.gadj, etc).

The resulting graph had 2, 169 vertices and, 398, 424 edges. It can be down-
loaded fromhttp://www.eleves.ens.fr:8080/home/senellar/st
age_maitrise/graphe . We analyzed several features of the graph: connec-
tivity and strong connectivity, number of connected congyus, distribution of
connected components, degree distributions, graph déanedt. Our findings are
reported in [Sen01].

We also decided to exclude too frequent words in the consbruof neighbor-
hood graphs, that is words who appeared in more thaefinitions (best results
were obtained fol. ~ 1,000). (The most often occurring words and the number
of occurrences aref: 68187,a: 47500,the: 43760,0r: 41496,to: 31957,in:
23999,as 22529,and: 16781,an: 14027,by: 12468,0ne 12216 ,with: 10944,
which: 10446,is: 8488,for: 8188,see 8067,from: 7964,being. 6683, who:
6163,that: 6090).
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2.35 Results

In order to be able to compare the different methods and tluateatheir rele-
vance, we will examine the first ten results given by each eifittior four words,
chosen for their variety:

1. disappear. a word with various synonyms such\anish.

2. parallelogram: a very specific word with no true synonyms but with some
similar words:quadrilateral , square, rectangle rhomb. ..

3. sugar. a common word with different meanings (in chemistry, cooki
dietetics. ..). One can expeagliucoseas a candidate.

4. science a common and vague word. It is hard to say what to expect as
synonym. Perhapenowledgeis the best option.

Words of the English language belong to different parts eésp: nouns, verbs,
adjectives, adverbs, prepositions, etc. It is natural,,wbeking for a synonym of
a word, to get only words of the same type. The Websters'sdiaty provides
for each word its part of speech. But this presentation haseen standardized
and we counted not less than 305 different categories. We tlaesen to select
5 types: nouns, adjectives, adverbs, verbs, others (imguadticles, conjunctions
and interjections) and have transformed the 305 categimi@Eombinations of
these types. A word may of course belong to different typesisTwhen looking
for synonyms, we have excluded from the list all words thatdichave a common
part of speech with our word. This technique may be appligtl ail synonym
extraction methods but since we did not implement ArcRargk,did not use it
for ArcRank. In fact, the gain is not huge, because many winrdanglish have
several grammatical natures. For instaredggio or tete-a-teteare at the same
time nouns, adjectives and adverbs.

We have also included lists of synonyms coming from WordN&br98],
which is hand-made. The order of appearance of the word$ieddst source
is arbitrary, whereas it is well defined for the distance rodthnd for our method.
The results given by the Web interface implementing ArcRargktwo rankings,
one for words pointed by and one for words pointed to. We hatexleaved them
into one ranking. We have not kept the query word in the listysfonyms, since
this has not much sense except for our method, where it iefstiag to note that
in every example we have experimented, the original worceapg as the first
word of the list (a point that tends to give credit to the meiho

In order to have an objective evaluation of the differenthods, we asked a
sample of 21 persons to give a mark (from 0 to 10, 10 being tkedme) to the
lists of synonyms, according to their relevance to synonyfme lists were of
course presented in random order for each word. Figure2 852.7 and 2.8 give
the results.

Concerningdisappear, the distance method and our method do pretty well .
vanish, ceasefade, die, pass dissipate faint are very relevant (one must not
forget that verbs necessarily appear without their po#tipa$. dissipateor faint
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Distance | Our method ArcRank Wordnet

1 vanish vanish epidemic vanish

2 wear pass disappearing | go away

3 die die port end

4 sail wear dissipate finish

5 faint faint cease terminate

6 light fade eat cease

7 port sall gradually

8 absorb light instrumental

9 appear dissipate darkness

10 cease cease efface

Mark 3.6 6.3 1.2 7.5
Std dev. 1.8 17 1.2 14
Figure 2.5. Proposed synonyms fisappear
Distance Our method ArcRank Wordnet
1 square square quadrilateral quadrilateral
2 parallel rhomb gnomon quadrangle
3 rhomb parallel right-lined tetragon
4 prism figure rectangle
5 figure prism consequently
6 equal equal parallelepiped
7 quadrilateral opposite parallel
8 opposite angles cylinder
9 altitude quadrilateral popular
10 parallelepiped rectangle prism
Mark 4.6 4.8 3.3 6.3
Std dev. 2.7 25 2.2 25

Figure 2.6. Proposed synonyms farallelogram

are relevant too. However, some words liiggt or port are completely irrelevant,
but they appear only in 6th, 7th or 8th position. If we comphese two methods,
we observe that our method is better: an important synonkenplasstakes a
good ranking, wheregsort or appear go out of the top ten words. It is hard to
explain this phenomenon, but we can say that the mutualihfortiing aspect of
our method is apparently a positive point. On the contrargRank gives rather
poor results with words such ast, instrumental or epidemicthat are out of the

point.

Because the neighborhood grapipafallelogram is rather small (30 vertices),
the first two algorithms give similar results, which are nodard:square, rhomb,
guadrilateral , rectangle figure are rather interesting. Other words are less rele-
vant but still are in the semantic domaingsrallelogram. ArcRank which also
works on the same subgraph does not give as interesting yaititlsughgnomon
makes its appearance, sirmmsequentlyor popular are irrelevant. It is interest-
ing to note that Wordnet is here less rich because it focus@sparticular aspect

(quadrilateral).
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Distance | Our method| ArcRank Wordnet
1 juice cane granulation sweetening
2 starch starch shrub sweetener
2 cane sucrose sucrose carbohydrate
4 milk milk preserve saccharide
5 molasses sweet honeyed organic compound
6 sucrose dextrose property saccarify
7 wax molasses sorghum sweeten
8 root juice grocer dulcify
9 crystalline glucose acetate edulcorate
10 confection lactose saccharine dulcorate
Mark 3.9 6.3 43 6.2
Std dev. 2.0 24 23 29
Figure 2.7. Proposed synonyms fargar
Distance | Our method ArcRank Wordnet
1 art art formulate knowledge domain
2 branch branch arithmetic knowledge base
3 nature law systematize discipline
4 law study scientific subject
5 knowledge practice knowledge subject area
6 principle natural geometry subject field
7 life knowledge | philosophical field
8 natural learning learning field of study
9 electricity theory expertness ability
10 biology principle mathematics power
Mark 3.6 4.4 3.2 7.1
Std dev. 2.0 25 2.9 2.6

Figure 2.8. Proposed synonyms fmience

Once more, the results given by ArcRank fewgar are mainly irrelevant
(property, grocer, ...). Our method is again better than the distance method:
starch, sucrose sweet dextrose glucoselactoseare highly relevantwords, even
if the first given near-synonynténé is not as good. Its given mark is even better
than for Wordnet.

The results foiscienceare perhaps the most difficult to analyze. The distance
method and ours are comparable. ArcRank gives perhaps bettdts than for
other words but is still poorer than the two other methods.

As a conclusion, the first two algorithms give interesting aslevant words,
whereas it is clear that ArcRank is not adapted to the searclsyinonyms.
The variation of Kleinberg’s algorithm and its mutuallyméarcing relationship
demonstrates its superiority on the basic distance me#veah, if the difference is
not obvious for all words. The quality of the results obtaimgth these different
methods is still quite different to that of hand-made digtices such as Word-
net. Still, these automatic techniques show their intestste they present more
complete aspects of a word than hand-made dictionariey. @dre profitably be
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used to broaden a topic (see the examplparhllelogram) and to help with the
compilation of synonyms dictionaries.

2.3.6 Future perspectives

A first immediate improvement of our method would be to work afarger
subgraph than the neighborhood subgraph. The neighbort@gmh we have
introduced may be rather small, and may therefore not irclatportant near-
synonyms. A good example &x of which cow seems to be a good synonym.
Unfortunatelyox does not appear in the definition @dw, neither does the latter
appear in the definition of the former. Thus, the methodsrilesstt above cannot
find this word. Larger neighborhood graphs could be obtagitber as Kleinberg
does in [Kle99] for searching similar pages on the Web, or @earDand Henziger
do in [DH99] for the same purpose. However, such subgragheatrany longer
focused on the original word. That implies that our variatid Kleinberg’s algo-
rithm “forgets” the original word and may produce irrelevaesults. When we
use the vicinity graph of Dean and Henziger, we obtain a faera@sting results
with specific words: for exampléapezoid appears as a hear-synonynpairal-
lelogram or cow as a near-synonym aix. Yet there are also many degradations
of performance for more general words. Perhaps a choiceigtiberhood graph
that depends on the word itself would be appropriate. Fdaint®, the extended
vicinity graph may either be used for words whose neighbodrgraph has less
than a fixed number of vertices, or for words whose incomirgyeleis small, or
for words who do not belong to the largest connected compaidine dictionary
graph.

One may wonder whether the results obtained are specificeté\bster’s
dictionary or whether the same methods could work on othetiodiaries (using
domain-specific dictionaries could for instance generateain-specific thesauri,
whose interest was mentioned in Section 2.2), in Englismather languages.
Although the latter is most likely since our techniques waeoedesigned for the
particular graph we worked on, there will undoubtedly béedénces with other
languages. For example, in French, postpositions do nst awd thus verbs have
not as many different meanings as in English. Besides, itisinmarer in French
to have the same word for the noun and for the verb than in Emghurthermore,
the way words are defined vary from language to language.sBams to be an
interesting research direction.

2.4 Conclusion

A number of different methods exist for the automatic disagwf similar words.
Most of these methods are based on various text corpora aeel ¢ii these are
described in this chapter. Each of them may be more or legstedi#o a spe-
cific problem (for instance, Crouch’s techniques are moapsetl to infrequent
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words than SEXTANT). We have also described the use of an&thé of more
structured source — a monolingual dictionary — for the discp of similar words.
None of these methods is perfect and in fact none of themddypcompete with
hand-made dictionaries in terms of liability. Computeitten thesauri have how-
ever other advantages such as their ease to build and rebhédntegration of
different methods, with their own pros and cons, should ba@nesting research
direction to look at for designing successful methods. F@rfinost unlikely that
a single straightforward technique may solve the issuemflthcovery of similar
words.

Another problem of the methods presented is the vaguenase afotion of
“similar word” they use. Depending on the context, this antmay or may not
include the notion of synonyms, near-synonyms, antonyytiyms, etc. The
distinction between these very different notions by autiicrnmeans is a chal-
lenging problem that should be addressed to make it podsiltdeild thesauri in
a completely automatic way.
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