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Abstract 2010) are proposed WordNet based features with the
same purpose.
We describe a system proposed for measuring In the experiments carried out in this paper, we

the d‘]fgreed(’f reLationall( Sim"?my beetl‘"’e” a4 yse a set of lexical, semantic, WordNet-based and
pair of words at the Tas #20 Semeval 2012, contextual features which allows to construct the
The approach presented is based on a vec-

torial representation using the following fea- vectors. Actually, we have tested a SL_Jbset of the 20
tures: i) the context surrounding the words contextual features proposed by Celli (Celli, 2010)

with a windowssize = 3, ii) knowledge ex- and some of those proposed by Chen (Chen et al.,
tracted from WordNet to discover several se- 2010) and Negri (Negri and Kouylekov, 2010).
mantic relationships, such as meronymy, hy- The cosine similarity measure is used for deter-

ponymy, hypernymy, and part-whole between  mjning the degree of relational similarity (Frakes

pair of words,ii) the description of the pairs and Baeza-Yates, 1992) among the vectors.

with their POS tag, morphological informa- h f thi is structured foll

tion (gender, person), aiid) the average num- T e rest o lis paper is structured as follows.

ber of words separating the two words in text. ~ S€ction 2 describes the system employed. Section
3 show the obtained results. Finally, in Section 4 the

_ final conclusions are given.
1 Introduction

.2 System description
The Task # 2 of Semeval 2012 focuses on measuring

the degree of relational similarity between the refThe approach reported in this paper measures the
erence words pairs (training) and the test pairs for ilational similarity of a set of word pairs that be-
given class (Jurgens et al., 2012). long to the same semantic relationship. Those word
The training data set consists of 10 classes anmhirs are represented by means of the vector space
the testing data set consists of the 69 classes. Thasedel (Salton et al., 1975). Each value of the vec-
datasets as well as the particularities of the task ater represents the average value of the correspond-
better described at overview paper (Jurgens et alng feature. This average is calculated using 100
2012). In this paper we report the approach submisamples obtained from Internet by employing the
ted to the competition, which is based on a vectoBoogle search engine. The search process is car-
space model representation for each pair (Salton eéd out assuming that those words co-occurring in
al., 1975). With respect to the type of features usedhe same context contain some kind of semantic re-
we have observed that Fabio Celli (Celli, 2010) conlationship.
siders that contextual information is useful, as well Let (w, ws) be a word pair, then the vectorial
the lexical and semantic information are in the exrepresentation of this paitf] using semantic, con-
traction of semantic relationships task. Additionallytextual, lexical, and WordNet-based features may be
in (Chen et al., 2010) and (Negri and Kouylekovexpressed as it can be seen in Eq. (1).
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grammatical category. The possible values are
T = (avg(f1),avg(fa),...,avg(fn)) (@) the following: adjective=1; adverb=2; arti-
cle=3; noun=4; verb=5; pronoun=6; conjunc-

whereavg( f1) is the average value of the featyfie ! .
tion=7; preposition=38

The cardinality of the vector is 42, because we
extracted 4 lexical features, 6 semantic features, 27 5 Semantic features
WordNet-based features and 25 contextual features
(n = 42). Each word pair is then represented byl'he following four semantic features are boolean
a unique vector with values associated to each fedalues (true or false) indicating:
ture. In Figure 1, we show the vectorial represen- .
tation of the word paiftransportation, bus) using ~ ® !f w1 andw; are named entities (two features)
a unique text samples). In this example, the num-
ber and type of features described below is followed,
i.e., the first 4 values are lexical, the following 6 are
semantic and so on.

e If w; and wo are entities defined (two fea-
turesy.

The following two semantic features indicate:

e The type of prepositional phrase in case of
existing for w; and ws. The feature val-
ues are nominal: about=1; after=2; at=3; be-
hind=4; between=5; by=6; except=7; from=8;
into=9; near=10; of=11; over=12; through=13;
until=14; under=15; upon=16; without=17;
above=18; among=19; before=20; below=21,
beside=22; but=23; down=24; for=25; in=26;
on=27; since=28; to=29; with=30.

s ="The Toyama Chih Railway is ransporta-
tion company that operates railway, tram, and
buslines in the eastern part of the prefecture.”

i =(6,1,0,0,27,4,4,4,4,5,2,4,5,25,0,0,
0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,4,
47 O? 47 47 47 4)

Figure 1: Example of a feature vector for a word pair and

The semantic features are boolean values (true or

The previous example is only illustrative, sinceg|se) indicating whether or nat, is contained in:
we have gathered 100 sentence per word pair. In

total, we collected a corpus containing 2,054,687 to- e the synonym set of

kens, with a average class terms of 26,684 and with

an average class vocabulary of 4,006. e the antonym set af;
The features extracted are described as follows:

the meronymy set ai
2.1 Lexical features

The lexical features describe morphologically and the hyponymy set o,

syntactically the word paifw;,ws). The lexical
features extracted are the following:

the hypernymy set of;

e Average number of words separating the two the part-whole set o,

words (w1, we) in the text.

the gloss set ofv;

e The position ofw; with respect tow, in the
text. If w; appears befores then the feature
value is 1, otherwise, the value is 2.

We used WordNet (Fellbaum, 1998) in order to de-
termine the relationship set for word .

1A named entity is defined by a Proper Noun Phrase, which

¢ Th,e Part of Speech Tag for each Word n th%\las detected using the module NER-Named Entity Recognition
pair (two features). We use the FreeLing PoSef the FreeLing 2.1 tool.

tagger (Padr et al., 2010) for obtaining the  2Adefined sentence is one that begins with a definite article.
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2.4 Contextual features 2.6 Determining the degree of similarity

Contextual features considers values for the worda/e have used the features mentioned before for con-
that occur in the context af; andw, (in awindow  structing a prototype vector representing a given se-
size of 3). The description of those features followsmantic class. In order to do so, we have employed
the training corpus for gathering samples from Inter-
 Nominal values indicating the Part of Speechet angd, thereafter, we average the feature values in
Tag (adjective=1; adverb=2; article=3; noun=4gder to construct such prototype vector.
verb=5; pronoun=6; CONjuNction=7; pPreposi- ror each word pair in the test dataset, we ob-
tion=8) for the three words at: tained a vector using the same process explained
— the left context ofiw (three features). before. We determined the similarity for each test
feature vector with respect to the prototype of the
given class by using the cosine similarity coefficient

(Frakes and Baeza-Yates, 1992), i.e., measuring the

— the right context ofv; (three features).  cosine of the angle between the two vectors.

e A Nominal value indicating number of the fol- In this way, W? obtain a sim_ilarity measurg bk
lowing grammatical categories betweenand te_st word pair with respect to its _correspondlng class.
wy: Verbs, adjectives and nouns (three fea'—:'r?a”y’ we may output a rankln.g of all the_ vv_oro!
wres). pairs at the. test dataset by sorting these similarity

values obtained.

e Nominal values indicating the frequencies of
the verbsbe, do, have, locate, know, make, use, 3 EXperimental results
become, include, take betweenw; andws (ten
features).

— the right context ofv; (three features).
— the left context ofws (three features).

The approach submitted to the Task #2 of SemEval
2012 obtained very poor results. The Spearman cor-
relation coefficient, which measured the correlation

_ , _ of the approach with respect to the gold standard, it
We carried out a feature selection process with the quite low (see Table 1).

aim of discarding irrelevant features. In this step,

2.5 Feature selection

we apply the attribute selection filter reported in Team-Algorithm | Spearman | MaxDiff
(Hall, 1999), that evaluates the worth of a subset JTD.NB 0.23 394
of attributes by considering the individual predic- | yTp-syMm 0.12 34.7
tive ability of each feature along with the degree of | by UTH-VO 0.05 32.4
redundancy between them and an exhaustive search pyL UTH-V1 0.04 315
method. DULUTH-V2 0.04 31.1

The following features were obtained as relevant: | gyap 0.01 31.7
the average number of words between andw,; Random 0.02 31.2

Named Entity ofw; andw,; phrase defined ofi;

andw; prepositional phrase type, andws; part Tapje 1: Spearman and MaxDiff scores obtained at the
of speech tagu; and wy; part of speech tag of Task #2 of Semeval 2012
right context ofw; with a windows size of 3; oc-

currences of verbs between andws,; frequency of Actually, it shows that the run submitted does not
verbsbe, do, make, locate, take; synonym, antonym, correlate with the gold standard. We consider that
meronymy, hyponymy, hypernymy, part-whole andhis behavior is derived from the nature of the sup-
gloss relationships between andws. port corpus used for obtaining the features set. The

After applying the aforementioned feature selecAumber of sentences (100) used for representing the
tion method, we removed 17 features, and the vegvord pairs was not enough for constructing a real
torial representation of each word pair will be dongrototype of both, the semantic class and the word
with only 25 values (features). pairs. A further analysis will confirm this issue.
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Despite this limitation we note that the MaxDiff Measuring degrees of relational similarity. Rro-
score was 31.7% slightly above the baseline (31.2%) ceedings of the 6th International Workshop on Seman-
and not far from the best score of the task (39.4%). tic Evaluation (SemEval 2012), Montreal, Canada.

That is, we achieved an average of 31.7% of queddatteo Negri and Milen Kouylekov. 2010. Fhik: A
tions answered correctly wordnet-based system for multi-way classification of

semantic relations. IfProceedings of the 5th Inter-
national Workshop on Semantic Evaluation, SemEval
10, pages 202-205, Stroudsburg, PA, USA. Associa-
In this paper we report the set of features used in tion for Computational Linguistics.

the approach submitted for measuring the degrees!dfis Pade, Miquel Collado, Samuel Reese, Marina
relational similarity between a given reference word Lloberes, and Irene Castefl. 2010.  Freeling

. . . . 2.1: Five years of open-source language processing
pair and a variety of other pairs. The results obtained tools. In Proceedings of the Seventh International

are not encouraging with a Spearman correlation o- ~,nterence on Language Resources and Evaluation
efficient close to zero, which mean that there are (| Rec 10), valletta, Malta. European Language Re-

not correlation between the run submitted and the sources Association (ELRA).

gold standard. A deeper analysis of the approach &. Salton, A. Wong, and C. S. Yang. 1975. A vector
needed in order to determine if the limitation of the space model for automatic indexinGommun. ACM,
system falls in the features used, the similarity mea- 18(11):613-620, November.

sure, or the support corpus used for extracting the

features.

4 Discussion and conclusion
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