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1 Introduction

An important issue in many fields dealing with
text processing (retrieval, summarization, etc) is
synonym recognition. In information retrieval,
for example, the query can be augmented with
synonym words in order to improve the recall
of the retrieved articles. In summarization, the
synonyms are to be used for detection of redun-
dant passages in a text. The fact that many
words are polysemous adds difficulty to the task,
involving word sense disambiguation. While in
the case of retrieval, the lack of the context
for the query words makes their disambiguation
quite difficult, in the case of summarization the
words are surrounded by context, which theo-
retically should help in the process of synonym
detection. Having a resource with synonyms, the
task is to detect synonym words from the text,
taking care of the correct sense of the word. In
fact the problem can be seen as a problem of
disambiguation using a thesaurus.

2 Methods

We used WordNet [7] as the back resource with
synonyms. Senses in the WordNet database
are represented relationally by synonym sets
(’synsets’) which are the sets of all the words
sharing a common sense. Words of the same
category are linked through semantic relations
like hyponymy (more specific terms), hyper-
nymy (more general terms), etc. Polysemous
words appear in more than one synset. Each

synset has a gloss associated. Using the hy-
ponymy/hypernymy network in WordNet (see
figure 1; in the brackets is the sense of the first
word from the synset), one can compute the re-
latedness between each pair of synsets as the
length of the path between them. It is a clas-
sical search problem, resolved by us with it-
erative deepening algorithm, with a maximum
search depth of <MAX DEPTH>, i.e. words
farther away than <MAX_DEPTH> were con-
sidered not related. We allowed only certain
paths between words, taken from literature [6]
(e.g. only one change of direction, where hyper-
nymy=upward relation, hyponymy=downward
relation) . We used a binary measure of relat-
edness.

city,metropolis,urban center (sense 1)

municipality (sense 1)

territoria diyision (sense 1)
urban area (sense 1) (

geographical area, geographic area, district, territory (sense 1)

geographical region, geographic region

(sense 1)
region (sense 3)
location (sense 1)
entity (sense 1)

Figure 1: Hypernyms of the first sense of the
word city

administrative district, administrative division,



For detection of synonyms we used the algo-
rithm for lexical chains construction described
in [1], restricted just to the relation of syn-
onymy. The notion of cohesion was introduced
by Halliday and Hasan [3] in 1976 as a device
for “sticking together” different parts of text. It
is achieved through the use of semantically re-
lated terms, reference, ellipsis and conjunctions.
The most easily identifiable and the most fre-
quent type is lexical cohesion, created by us-
ing semantically related words. An example of
a lexical chain is: technology-science-technology-

computer_science-ai-intelligence-field. The relat-
edness between chain members is not well de-
fined, but one can agree that at least synonym
words should belong to the same chain. Lex-
ical chains have been used for information re-
trieval [5], for correction of malapropism [6] and
for summarization [1], [2].

We consider just the nouns from the text, ex-
tracted with a tagger [4]. They are stemmed us-
ing the morphological module of WordNet. The
algorithm works in two phases: words disam-
biguation and chain construction (see figure 2).
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Figure 2: The algorithm for constructing the chains

2.1 Disambiguation

For the word sense disambiguation, we used the
notion of component. A component is a clus-
ter of related words which contains the possible
combinations of senses for the words inside (a
vector of synsets), called interpretations. Each
interpretation has a power associated, which is
the number of links between its synsets. The in-
terpretations are ordered by descending power.
When a new word is processed, it is tried to be
put in one of the existing components, if it is
related with one of the words from that compo-
nent. Otherwise a new component is created.

process (<new_word>) {
inserted=FALSE
for each existing component <comp>
for each word <word> from <comp>
if <new_word> is related with <word>
then
insert <mnew_word> into <comp>
inserted=TRUE
endif

endfor
endfor
if (inserted==FALSE)
then
create_a_new_component (<new_word>)
endif

}

Two words are considered related when at
least one sense of the first word is related
with a sense of the second word, using the
WordNet network. Each time a new word is
added in a component, the number of inter-
pretations for that component is updated and
the weak ones (the last <no_interpretation>-

<MAX_NO_INTERPRETATIONS> in the
ordered list) are removed. The max-
imum number of allowed interpretations

<MAX_NO_INTERPRETATIONS> in a com-
ponent is given as a parameter.

An example of two possible interpretations
associated with a component is presented in fig-
ure 3.



stoorm1l tipO

ranl

wind 1

storml wind5

rain 1 tip 3

Figure 3: An example of two interpretations associated with a component

In the end, after all the words are processed,
each word is assigned the sense from the most
powerful interpretation from the component it
belongs to.

As one can notice from the above men-
tioned algorithm, the disambiguation is based
on all the words inside a component. The al-
gorithm has a greedy aspect, because each word
is assigned to the first component with which
the word is related. It is thought not com-
pletely greedy, because for each word a num-
ber of senses (implicitly set by the parameter
<MAX _NO_INTERPRETATIONS>) is kept till
the end, when the strongest sense is chosen.
An exhaustive comparison between each pair of
words in a text is unrealistic for large texts.

2.2 Chain construction

In our implementation, the chains will consist of
synonym words. From each strong interpreta-
tion of each component, the synonym words are
selected in a vector.

The greedy aspect of the algorithm for dis-
ambiguation can lead sometimes to the same
word in different components. For exam-
ple, if one has in the text the words: hurri-
cane,...,wind,...,storm,...wind. At its first ap-
parition in the text, the word wind has no link
with any of the existing components (wind and
hurricane are at a distance of 6, so they are con-
sidered unrelated), so a new component is cre-
ated for it. After, the word storm is inserted in
the component created for hurricane (say com-
ponent 0) and the next apparition of the word
wind is linked to it because of the relationship

with word storm. And all the following appari-
tions of wind will be put in component 0. So
words tend to agglomerate in the first compo-
nents. This effect is inversely proportional with
the power of relatedness: if the relatedness crite-
rion is very strict (just synonym words are con-
sidered as being related), then there will be less
cases than when also hypernyms/hyponyms are
considered as related words. In order to correct
a bit this behavior, the algorithm matches in the
end chains that have a word in common.

We considered two experiments:

o <MAX DEPTH>=0 - consider just syn-
onym words for the disambiguation. Will
be further referred as expl.

e <MAX_DEPTH>=4 - consider related
words that are separated by a path of
length maximum 4 in WordNet. Will be
further referred as exp2.

The first experiment has the advantage of
simplicity and speed, while the second one in-
creases the accuracy of the synonym words in
the chains.

2.3 Synonym replacement

Each chain of words is assigned a most represen-
tative element of the chain, i.e. the first most fre-
quent word from that chain. All the other words
from the same chain are replaced in the original
text with the most representative element.



3 Evaluation

In order to evaluate the efficiency of the syn-
onym replacement we counted the number of
errors obtained after replacement of the words
from a chain with the most representative word
of that chain. We used news texts from TREC
disks employed at DUC 2002. The articles were
extracted from: Wall Street Journal 1987-1992,
AP newswire 1989-1990, San Jose Mercury News
1991, Financial Times 1991-1994, LA Times
from disk 5 and FBIS from disk 5.

We considered a subset of 34 documents (4
clusters of related articles). We did not count
capitalization errors, wrong accord and punctu-
ation errors, because they can be easily solved.

We only looked closely to changes of meaning
due to the placement in the same chain of words
that were not synonyms.

There were two types of errors in the con-
struction of the chains, both generated by the
same cause (wrong disambiguation):

1. the same word (stem) appears in a chain
more than one time, but with different
senses. WIill be further referred as errorl.

2. different unrelated words are put in the
same chain. Will be referred as error2.

A few examples of error 2 are presented in
figure 4.

Words put
in the same chain

Examples of the contexts

eye-C(c)enter
world-man

history-Story
people-Mass.

looks like the eye - National Hurricane Center

beloved by the world - Renaissance man; Rain Man - around the world
other niches in history - West Wide Story

well-known to people - Tanglewood, Mass.;

Hispaniola-Haiti
air-lines

moved so many people - Bernstein’s 1971 ” Mass”

moved south of Hispaniola - heavy rain on ... Haiti

whipping paper through the air - downed power lines;

a considerable amount air time - ads for public condolences at $15.85 a line

death-end
biography-life
(H)honor-award
Marx-Groucho
office-roles

Groucho Marx

shot to death - the end of the checkpoint
in a controversial biography - his personal and professional life
Legion of Honor - Peabody award

at the box office - fulfilled their roles

Figure 4: Errors made for different words considered as synonyms

Sometimes it was difficult to decide if the
words replaced were synonyms when they were
part of an expression or an idiom. For example,
when secretary of state was replaced by secretary
of country, we did not count it as an error. Other
difficult cases were abstract terms which are syn-
onyms, like thing-matter, scene-aspect, but which
appear in unrelated parts of the text and should
not be put in the same chain, because they do
not improve coherence. Following the definition
of the lexical chains we still considered them re-
lated and we did not count them as an error.

One can notice that we tried to be as un-

demanding as possible and that the number of
errors we counted is actually the minimum num-
ber of errors. The number of errors are presented
in figure 5.

Sometimes different parts of speech were
wrongly tagged as nouns. In the brackets are
the real numbers of errors, not caused by the
tagger. The percentages represent the fraction of
the replacements that belong to the same stem
and different stems, respectively, for rows 2 and
4 and the fraction of errors in each of these two
categories, for rows 3 and 5. The precision of the
algorithm can be measured as 100%-%errors.



‘ ‘ expl ‘ exp2 ‘
| no_replacements | 650(639) | 504(500) |
no_words_same_stem 395(394) 406(405)
60.7%(61.6%) | 80.5%(81%)
errorl 17(16) 17(16)
4.3%(4%) 4.1%(3.9%)
no_words_dif_stem 255(245) 98(95)
39.2%(38.3%) | 19.4%(19%)
error2 142(132) 36(33)
55.6%(53.8%) | 36.7%(34.7%)

Figure 5: Synonym replacement evaluation

4 Discussion of the results and
possible improvements

The first type of errors is not very frequent when
considering common nouns, as a study made in
[8] concludes. Yarowsky counted for a few am-
biguous words the percentage with which they
appear with the same sense in a document and
he got very high figures, which proves that usu-
ally a word appears with the same sense through-
out a discourse. Notable cases in this category
are the elements of proper names, like in Mezxico
City and city or cities. We did not count these
cases as errors, unless the sense was obviously
different, like in National Hurricane Center and
the center of the storm, New York Times and
New York time.

The second type of errors appears mainly be-
cause of the lack of the context. When disam-
biguating a word, we compare for each sense the
context in which that sense occurs (the rest of
the words from the same synset and the words
from related synsets) with the context in the text
(other nouns in the text). When there is not
enough evidence for a certain sense, the word can
be wrongly disambiguated. For example, if in
the same text the words side and English appear
and no other side-related words are encountered
(e.g. slope, incline, position, face), then they are
considered synonyms, like in the synset:

English, side -- ((sports) the spin given
to a ball by striking it on one side
or releasing it with a sharp twist)

One can notice that in the second experiment
the number of errors for different stems is highly
reduced, because we enlarged the context in the
dictionary with all words from related synsets.
Still, around 66% precision (100%-34.7%) is not
a very high number and one should experiment
carrefully before deciding to detect synonyms
based on WordNet.

In the results from figure 5 only the number
of errors is computed (and implicitly the preci-
sion). We did not measure the recall of the cor-
rect synonyms detected. Usually all the words
detected as synonyms in the second experiment
were also detected in the first one. Sometimes,
correct synonyms detected in the first experi-
ment style-flair, candidates-nominees, director-
conductor were not detected in the second one,
which make us hypothesize that the recall is
lower in the second experiment. Probably in
most applications the recall is not so important
as precision, but one should be aware of the
trade-off between these two measures.

Proper names should not be treated in the
same way as the common ones. Especially in
news corpora, where they appear a lot, they
are largely responsible for the first type of er-
rors. But if they are put in separate chains, then
they will lower the recall. Without real corefer-
ence resolution the problem cannot be properly
solved.

It has been mentioned in the literature that
WordNet is too fine-grained for being used as
a thesaurus. We did not feel this as the main



problem for our task, but rather the lack of the
context needed for disambiguation. A learning
approach might lead to better results than a
thesaurus-based one, but the need of a train-
ing corpus counter-balance the advantage of the
technique. An approach similar with the one
of Yarowsky [8] - which learns contexts starting
with a “seed” context possibly taken from a dic-
tionary - might yield good results for senses that
are clearly separated (like plant in the sense of
living thing and plant in the sense of manufac-
ture) which appear in distinctive contexts, but
one should test if it resolves more difficult cases.

5 Conclusions

Although synonym replacement in a text is con-
ceptually a simple problem, there are no simple
techniques to resolve it accurately. The bottle-
neck is due to the necessity of word sense disam-
biguation, which is a difficult task. In our ex-
periment, we detected synonyms using the algo-
rithm for lexical chains construction, with Word-
Net as a thesaurus. We counted the number of
errors introduced by placement in the same chain
of words that were not synonyms. The results
showed that while in the case of the same stem,
the error rate was quite low, in the case of dif-
ferent stems it was much higher. If one would
like to use WordNet as a thesaurus for synonym
replacement, one should be careful not to intro-
duce more noise and to study the influence of
wrong disambiguation on the final results.
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