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Abstract
The definition of lexical semantic similarity measures has been the subject of lots of works for many years. In this article, we focus more
specifically on distributional semantic similarity measures. Although several evaluations of this kind of measures were already achieved
for determining if they actually catch semantic relatedness, it is still difficult to determine if a measure that performs well in an evaluation
framework can be applied more widely with the same success. In the work we present here, we first select a semantic similarity measure
by testing a large set of such measures against the WordNet-based Synonymy Test, an extended TOEFL test proposed in (Freitag et al.,
2005), and we show that its accuracy is comparable to the accuracy of the best state of the art measures while it has less demanding
requirements. Then, we apply this measure for extracting automatically synonyms from a corpus and we evaluate the relevance of this
process against two reference resources, WordNet and the Moby thesaurus. Finally, we compare our results in details to those of (Curran
and Moens, 2002).

1. Introduction icant representatives of this trend.

This article takes place in the field of what is calledti- Works about lexical semantic similarity can also be char-
cal semantic similarityor even more generalligxical se- acterized through the way they evaluate the semant_ic mea-
mantic relatednessThe objective of the work done in this Sures they propose. One common way to perform this eval-
field is to determine how close two words are from a se-Uation is to apply these measures to a set of TOEFL syn-
mantic viewpoint and if their similarity is high enough, OnYm guestions, asinitially proposed by (Landauer and Du-
the type of the semantic relation they share. A part ofhais, 1997). Each questlpn consists in a headword and a
this work is dedicated to the design of similarity measures€t of 4 words among which a synonym of the headword
that exploit more or less structured sources of knowledgd]as to be identified. After the results for the TOEFL ques-
such as dictionaries or lexical networks (see (Zesch an#ons had reached a high level (Turney et al., 2003), several
Gurevych, 2010) for an overview). In this article, we fo- €xtensions of this evaluation approach were proposed, ei-
cus more particularly on corpus-based approaches. Mo&f€r by using questions from similar tests such as the ESL
of them rely on the distributional hypothesis, according totest (Moraliyski and Dias, 2007), building larger sets of
which words found in similar contexts tend to have simi- duestions by relying on a resource such as WordNet (Fre-
lar meanings (Firth, 1957). Following (Grefenstette, 1994)itag et al., 2005; Piasecki et al., 2007) or extending the
and (Lin, 1998), this hypothesis is generally implemented"nd of re]atpns covered by the test as with the presence
by collecting co-occurrences from a large corpus and char@f @nalogies in the SAT test (Turney, 2008).

acterizing each ternT from the corpus by the vector of Another common way to evaluate semantic measures is to
its co-occurrents. These co-occurrents, also considered ggmpare their results to a gold standard. Human judgments
features, are weighted according to the strength of their linkabout the similarity of couples of words are sometimes used
with T. Finally, the semantic similarity of two terms is eval- as a direct gold standard (Weeds, 2003) but this kind of
uated by applying a similarity measure between their vec¥esources are rare and small. As a consequence, a more
tors. This perspective was adopted for instance by (Curraindirect evaluation is generally performed (Lin, 1998; Cur-
and Moens, 2002) and (Weeds, 2003), where a wide set ¢n and Moens, 2002): the semantic measures to test are
similarity measures and feature weighting functions wereused for finding the most similar neighbors of a headword
tested. and these neighbors are evaluated against a reference set of
Some works propose variants of this basic schema but withsynonyms or related words for this headword taken from
out changing the core principles of the distributional ap-resources such as WordNet (Miller, 1990) or the Roget's
proach. One of these variants is based on a probabilistihesaurus (Roget, 1911).

viewpoint: each term is characterized by a probability dis-In this article, our overall objective is to extract synonyms
tribution over its co-occurrents and the semantic similarityfor nouns from a corpus by relying on the distributional
of two terms is evaluated by a distance between their probhypothesis, which starts by selecting an appropriate seman-
ability distributions (Weeds, 2003). The application of di- tic similarity measure. Although we have seen that many
mensionality reduction techniques to the co-occurrent vecworks were done about lexical semantic similarity, it is still
tors covers another set of variants in which the semantidifficult to know if their results can be transposed to our
similarity between terms is evaluated in the semantic spacproblem: most of them are about TOEFL-like tests, which
resulting from the dimensionality reduction. Thatent Se- are less difficult tasks than ours; when they come from the
mantic Analysigrom (Landauer and Dumais, 1997) and the evaluation against a gold standard, they are generally given
Random Indexinfrom (Salgren, 2006) are the most signif- only for a restricted set of words (Curran and Moens, 2002)
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or the evaluation measure takes into account a larger set @2. Results and evaluation

semantically similar words than only synonyms (van deras mentioned in the introduction, the selection of the se-
Plas and Bouma, 2004). Hence, in this article, we first remantic similarity measure we used for synonym extraction
port our experiments for finding a semantic similarity mea-yas based on an extended TOEFL test and more precisely,
sure that performs well on an extended TOEFL test withingn the WordNet-based Synonymy Test (WBST) proposed
a set of constraints. Then, we study the results of this megn (Freitag et al., 2008) WBST was produced by generat-
sure for extracting synonyms. This is an attempt to haveng automatically a large set of TOEFL-like questions from
a more global view on semantic similarity, following (Tur- the synonyms in WordNet. (Freitag et al., 2005) shows that
ney, 2008) or (Baroni and Lenci, 2009). this test is more difficult than the initial TOEFL test made
L eimilar of 80 questions that was first used in (Landauer and Du-
2. Testof semantic similarity measures mais, 1997). The part of WBST restricted to nouns is made
2.1. Definition of similarity measures of 9887 questions. All the possible associations between
A semantic similarity measure based on the distributionathe context similarity measures and the feature weighting
hypothesis heavily depends on the corpus from which disfunctions presented in the previous section were tested with
tributional data are taken and the means used for extractingindow sizes between 1 and 5 and frequency thresholds be-
these data. Although corpora for distributional similarity tween 1 and% For each question of the test, the tested sim-
tend to be bigger and bigger, such as in (Pantel et al., 2009 arity measure was computed between the headword and
we decided to rely in our case on the AQUAINT-2 corpus, each of the four possible choices. These choices were then
which is a middle-size corpus made of around 380 millionsorted according to the decreasing values of their similar-
words coming from news articles. This choice is motivatedity score and the choice with the highest score was taken
by the fact that collecting huge sets of textual data is nots a candidate synonym. In the rare cases where no choice
always possible for all domains and for all languages. could be made from the distributional data (between 3.7 and
Concerning the extraction of distributional data, we als06.7% of questions according the measure), a random choice
chose to use limited means because advanced linguistigas performed. We classically used the percentage of rele-
tools are not available, or at least freely available, for allvant candidate synonyms as our evaluation measure, which
languages. While many works, but not all of them, fol- can also be seen as the precision at rank 1 as our similarity
low (Lin, 1998) and (Curran and Moens, 2002) and relymeasures sorted candidates. Table 2 shows the results of
on a syntactic parser, we only applied lemmatization andhis evaluation.
selected content words (nouns, verbs and adjectives) asThe first thing to notice is that for almost all our context
pre-processing step, which was done by TieeTagger similarity measures, the best results are obtained with a
tool (Schmid, 1994). As a consequence, the distributionalvindow size and a frequency threshold equal to 1. More-
data associated to each word took the form of a vector oéver, we can observe that the accuracy of similarity mea-
co-occurrents collected by a fixed-size window and not asures tends to decrease while the frequency threshold and
vector of syntactic co-occurrents based on syntactic depenhe window size increaée This means that semantic sim-
dency relations. We call this vectoraantext vectorand ilarity is preferably characterized by very short range co-
we classically refer to its elementss. the co-occurrents of occurrents among which only a weak selection has to be
the headword, afeatures(f). These features were nouns, performed for discarding co-occurrences that are the most
verbs and adjectivés likely to be present only by chante The second main
Within this framework, we defined a semantic similarity thing to notice is that th€osinemeasure witfPointwise
measure between word and wordy through four char-  Mutual Informationand theEhlert measure have good re-
acteristics: sults, which agrees the findings of (Freitag et al., 2005).
e a measure to compare the context vectors ahdy; However, (Frgitag _et al., 2005) had found 'tIEATIert out-
performsCosinewhile we found the opposite. More pre-
e afunction to weight the significance of the features ofcisely, our best accuracy f@osineis equal to its best ac-

a context vector; curacy (without supervised optimization) f&hlert More-
e the size of the window used for collecting co- over, its measures had been defined with a one-billion word
occurrents: corpus, hence much larger than ours, and the frequency of

the WBST nouns in their corpus was as least 1000 while
o the threshold applied for discarding low-frequency co-we only discarded words with frequency lower than 11.
occurrents before building context vectors. This evaluation also shows that measures suclaasard

Table 1 shows the context similarity measures and the fed?!Cef Or Lin, whose precision is high for extracting similar
ture weighting functions we tested as they are defined il){vords according to (Curra_n a.n.d Moens, 2002), have close
(Curran and Moens, 2002) for some of them. The mea@ccuracy values that are significantly lower ti@2osineor
sure proposed by Ehlert (Ehlert, 2003) is a special case:
as it is a probabilistic measure, it relies on the probability~O|
of features and not on their weight, which means that no
weighting function is applied.

2Available at the following address: http://www.cs.cmu.edu/
ayne/wbst-nanews.tar.gz.

3Frequency must be higher or equal to the threshold.

“There are some rare exceptions, which mainly concern the
Jaccard measure.

"More precisely, only the words whose frequency is strictly  5A frequency threshold equal to 1 discards around half co-
higher than 10 are kept, both in context vectors and for headwordgy.crrences.

3339



Context similarity measure Feature weighting function

> wgt(xi) wgt(y:) : ; ; ; p(z,f)
o SITTTICRED SR Pointwise Mutual Information (pmi) log(p(z).p(f))

>, min(wgt(z;),wgt(y;)) - p(@.f)—p@)p(f)
Jaccard 2=, maz(wgt(z;),wgt(y;)) T-test p(z)-p(f)

Jaccard ~ &irwinlwolle)woti) | gy g N(z, f) - log(5=)

Zi maz(wgt(z;),wgt(y;))

2->0, min(wgt(x;),wgt(y:))
Zj wgt(z; )+Zj wgt(y;)
i 2-3°; min(wgt(z:),wgt(y:))
Dicef >0 wgt(zi)+wgt(y:)

Lin >, wgt(zi)+wgt(y:)
>, wat(z;)+32; wat(y;)

Cosine

Dice

Table 1: Tested similarity measures for contexts and weighting functions for féatures

window size 1 3 5
frequency threshold | 1 3 5 1 3 5 1 3 5

pmi 71.6 69.7 67.6| 65.7 63.7 62.8 625 60.6 59.4
cosine t-test 68.9 66.7 65.0 654 64.6 63.§ 63.3 629 62.0
tf.idf 64.0 63.1 62.0 63.3 629 625 62.6 624 61.7

[ ehlert | - [70.2 685 66.2] 689 67.2 659 669 659 644

pmi 64.8 63.0 61.7] 57.1 55.0 54.1 546 52.6 51.3
jaccard t-test 68.1 65.8 63.9] 61.3 58.8 57.71 584 559 54.6
tf.idf 542 539 ©538.6| 49.7 49.6 49.3 48.0 479 474

pmi 64.8 63.0 61.7] 57.1 55.0 54.1 546 52.6 51.3
dice t-test 68.1 658 63.9] 61.3 58.8 57.71 584 559 54.6
tf.idf 542 539 ©538.6| 49.7 49.6 49.3 48.0 479 474

pmi 65.6 63.5 61.7( 57.0 54.6 53.4 542 521 511
lin t-test 67.3 653 63.3] 61.0 595 589 585 57.3 559
tf.idf 60.6 59.6 58.3| 57.9 56.6 559 56.6 54.9 53.9

pmi 65.0 63.2 61.5[ 58.7 575 57.0 565 559 553
dicef t-test 66.0 64.3 62.3|59.7 579 57.0 575 56.0 551
tf.idf 516 523 52.7| 48.4 479 48.3 47.2 47.2 46.6

pmi 56.1 54.7 53.2| 54.3 543 534 540 543 53
jaccard t-test 39.6 37.9 38.73 46.7 43.7 422 481 457 430
tf.idf 353 343 344 40.2 38.1 37.3 414 39.7 384

Table 2: Evaluation of semantic similarity measures

Ehlerts accuracies. For these measurgsestis the best 3.  Applying a lexical similarity measure for
weighting function, which is compatible with (Curran and extracting synonyms and similar words
Moens, 2002), whilgf.idf is the worstJaccard is clearly 3.1. Principles

the worst choice as a context similarity measure. Finally, ] ) ]
our best measure compares favorably with (Broda et alResults from the previous section show that we have built

2009), which uses the nouns of WBST for evaluation as® distributional semantic similarity measure that performs

in our case but relies on syntactic co-occurrences collecteflt 1€ast as well as state of the art measures on a standard
from the British National Corpus, a 100 million word cor- benchmark for evaluating semantic similarity. We now ex-
pus. For nouns with frequency 10, its best accuracy is @mine in this section to what extent this measure can be

equal to 68.04%. used to extract synonyms and similar words.
Our extraction process is simple: the possible synonyms of
a word are found by retrieving itd nearest neighbors ac-
%: index on shared features ofandy; j: index on all fea-  cOrding to our similarity measure. In our case, the retrieval
tures ofz or y; N(z,c): frequency ofc as a co-occurrent of;  Process only consists in applying the similarity measure be-
N.: number of words;N,. .: number of words having as co-  tween the target word and all the other words of the consid-
occurrent. ered vocabulary with the same part-of-speech. Finally, all
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freq. ref. #words | #target | #found | R-prec. | MAP | P@1 | P@5 | P@10| P@100
Syno. Syno.
> 10 10,473 | 29,947 7,374 0.082 | 0.098| 0.117| 0.051| 0.034 | 0.007
(all) 9,216 | 460,923 | 43,950 | 0.067 | 0.032| 0.241| 0.164| 0.130 | 0.048
# 14670 WM 12,243 | 473,833 | 46,656 | 0.077 | 0.056| 0.225| 0.140| 0.108 | 0.038

==

> 1000 w 3,690 13,509 3,826 0.111 | 0.125| 0.171| 0.077| 0.051 | 0.010
#4378 M 3,732 | 258,836 | 29,426 | 0.102 | 0.049| 0.413| 0.280| 0.219 | 0.079

WM 4,164 | 263,216| 30,375 | 0.110 | 0.065| 0.413| 0.268 | 0.208 | 0.073
100 < w 3,732 9,562 2,733 0.104 | 0.125]| 0.136| 0.058| 0.037 | 0.007
<1000 M 3,306 | 136,467 | 12,664 | 0.064 | 0.031| 0.187| 0.131| 0.104 | 0.038
#5175 WM 4,392 | 140,750 | 13,844 | 0.092 | 0.073| 0.209| 0.123| 0.093 | 0.031
<100 w 3,051 6,876 815 0.021 | 0.033| 0.026 | 0.012| 0.009 | 0.003
#5117 M 2,178 65,620 1,860 0.012 | 0.005| 0.025| 0.015| 0.015 | 0.008

WM 3,687 69,867 2,437 0.021 | 0.024| 0.033| 0.017| 0.015 | 0.007

Table 3: Evaluation of synonym extraction

these words are sorted according to their similarity valuenumber of synonyms and similar words that were actually
and only the firstV, which is equal to 100 in our experi- found among the first 100 semantic neighbors of each tar-
ments, of them are ket As we use theCosinemeasure get word of our distributional base. As these neighbors are
for evaluating the semantic similarity of words, we could ranked according to their similarity value with their target
use techniques such the ones described in (Bayardo et alvord, the evaluation measures can be taken from the In-
2007) to face the scalability problem of our basic approactormation Retrieval field by replacing documents with syn-
for retrieving the nearest neighbors of a word. (Pantel et al.ponyms and queries with target words (see the three last
2009) also addresses this problem for huge sets of data. columns of Table 3). The R-precision (R-prec.) is the pre-
cision after the first R neighbors were retrieved, R being
3.2. Results and evaluation the number of reference synonyms; the Mean Average Pre-
Table 3 shows the results of the application of the best simeision (MAP) is the average of the precision value after a
ilarity measure of the previous section to the extraction offeference synonym is found; precision at different cut-offs
synonyms and similar words. Two well-known resourcesis given for the 1, 5, 10 and 100 first neighbors.
were taken as reference: WordNet, more precisely its verThe results of Table 3 are globally low in spite of the good
sion 3.0, and the Moby thesaurus (Ward, 1996). As we foresults on the WBST test of the similarity measure we have
cus on the ability of a semantic similarity measure to extractised. This weakness concerns both the recall of synonyms
reliable synonyms more than on the coverage of these rdaround 25% for WordNet and 10% for the Moby the-
sources, we filtered these two references by removing frorsaurus) and their rank among semantic neighbors (see R-
them all the words that weren't part of the set of mono-termprecision, MAP and P@1,5,10,100). This observation goes
nouns of the AQUAINT 2 corpus for which our distribu- beyond our particular experiments as the similarity measure
tional data were collected. We also built a third referencewe relied on is not specific to our framework. However,
(WM) by merging the data coming from WordNet (W) and the situation is somewhat different depending on the fre-
the Moby thesaurus (M). guency range of target words: the best results are obtained
In distributional approaches, the frequency of words relatedor high-frequency words and evaluation measures signif-
to the size of the corpus is an important factor. Hencejcantly decrease for words whose frequency is less than
we give our results globally but also for three ranges of100 occurrences. More globally, the ability for a distribu-
frequencies that split our vocabulary into roughly equaltional approach to catch the semantic relatedness of words
parts (see first column of Table 3): high frequency nounseems to be closely correlated with the frequency of these
(frequency> 1000), middle frequency nound (0 < fre-  words in the corpus from which distributional data are col-
guency< 1000) and low frequency nound (@ < frequency lected. While this is an argument in favor of the use of
< 100). The third column of Table 3 gives for each resourcelarger and larger corpora, as illustrated by (Pantel et al.,
the number of words for which the evaluation was actually2009), it doesn’t invalidate the idea that rare words may
performed. This number is lower than the number of noundave a different distributional behavior that should be taken
of the first column as some nouns of the AQUAINT 2 cor- into account specifically.
pus have no entry in our resources. The fourth column corTable 3 also shows that the characteristics of the reference
responds to the number of synonyms and similar words iesources has a significant impact on results. WordNet pro-
our reference resources that have to be found for the noungdes a restricted number of synonyms for each noun (2.8
of the AQUAINT 2 corpus while the fifth column gives the on average) while the Moby thesaurus contains for each en-
try a larger number of synonyms and similar words (50 on
"It was performed approximately in 4 hours on 48 cores of aaverage). This difference directly explains that the preci-
cluster. sion at rank 1, for words whose frequency is higher than
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1000, is equal to 0.413 for the Moby thesaurus while it isparadigm that is the most likely to catch the semantic re-

only equal to 0.171 for WordNet. latedness of words. This selection relied on an extended
_ _ version of a TOEFL test, which is a classical way to evalu-
3.3. Discussion ate semantic similarity measures. We then applied this se-

As a reference evaluation framework doesn't exist for theected measure for extracting automatically synonyms from
extraction of synonyms by distributional methods, the com-a corpus and we evaluated the resulting set of candidate
parison of our results with already existing works facessynonyms against two complementary resources: WordNet
some difficulties. The main one is the lack of consensusnd the Moby thesaurus. Although the results of this eval-
about the type of the target relations to find. The extractioruation are coherent with the state of the art, they show that
of synonyms such as those of WordNet is a difficult taskresults about semantic similarity for tasks such as TOEFL-
because their low number (see previous Section) requirdie tests must be considered with caution when they are
an extraction method with a very high precision for hav-transposed to more difficult tasks such as finding synonyms.
ing acceptable results. As a consequence, the type of tHerom our viewpoint, they represent a starting point for
reference relations goes generally beyond synonymy and studying more precisely the kind of relations that are cov-
extended to the notion of similar words, which is supposecdered by distributional semantic similarity measures.

to account for semantic relatedness. A part of the relation$he most straightforward extension to this work is to substi-
of the Moby thesaurus can be put into this category in outute syntactic co-occurrences for graphical co-occurrences
case. (van der Plas and Bouma, 2004) followed a simto determine if the use of syntactic features leads to increase
ilar trend: although it relied on the Dutch EuroWordNet, precision, as it is suggested by our analysis of the results of
it made use for evaluation of a WordNet similarity mea- (Curran and Moens, 2002). Futhermore, we would like to
sure that also took into account the hierarchy of hypernymstest methods for improving the quality of our distributional
(Pantel et al., 2009) is another variant: it evaluated its redata, as those proposed in (Zhitomirsky-Geffet and Dagan,
sults againsEntity Setswhich gathered entities that were 2009) or (Broda et al., 2009), and extending them by taking
not only similar but more generally analogous. into account new criteria such as words senses coming from
(Curran and Moens, 2002) is more directly comparable ta word sense discrimination method (Ferret, 2004). Finally,
our work. It tested a large number of similarity measureswe plan to make publicly available A28Tthe similarity
based on syntactic co-occurrences by using them for exthesaurus we have built from the AQUAINT 2 corpus, sim-
tracting semantic neighbors. The evaluation of this extracHarly to the similarity thesaurus of Dekang Lin (Lin, 1998).
tion was done against the fusion of three thesauri: the Mac-
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