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Abstract

Noun compounds, which are sequences of nouns funiicg as a single noun, are abundant in
both written and spoken English and their inteigdien is crucial for many natural language
processing tasks, such as machine translation formiation retrieval. Therefore there is

significant ongoing interest in their interpretatidA\lthough it is an easy task for humans, it is

rather challenging for computers.

The interpretation of a noun compound can be giwih a list of suitable paraphrases that
are ranked according to their aptness, where th@ppeases can be verbs and prepositions.
The aim of this dissertation is to develop meththidg can automatically interpret two-noun
noun compounds by paraphrases using large corporgeneral paraphrasing method is
proposed that searches for paraphrases in staporep and uses Web search engine queries
to validate results. Furthermore, a method forS3eenEval-2 Task #9 is developed from the
validation part of the general paraphrasing method.

The results of the general paraphrasing method eestiated by human judges; based on
their aptness for the noun compound, the firstethparaphrases returned for each noun
compound were given a score between 1 and 5 byjaedgk. The paraphrases ranked first,
second and third by the method proposed here eteiverage scores of 3.1842, 2.7687 and
2.5583, respectively. Further, when comparing #tarned paraphrase distribution for each
noun compound with the judges’ distributions, ithi@aved an average Spearman’s rank
correlation coefficient of 0.3108, an average Radsscorrelation coefficient of 0.2738 and
an average Kullback-Leibler divergence of 0.1588e Thethod for the SemEval-2 Task #9
was evaluated with the scorer provided for the,taskthe test data set, by calculating the
similarity of the returned paraphrase distributifom each noun compound with a gold
standard. It achieved an average Spearman’s ranelaion coefficient of 0.3387, an
average Pearson’s correlation coefficient of 0.318& an average Kullback-Leibler

divergence of 4.1520.
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1 Introduction

1.1 Motivation

Written and spoken English is full of noun compasinghich are, following the definition of
Downing (1977), sequences of nouns functioning sisgle noun. According to Baldwin and
Tanaka (2004), 3.9% of the tokens in the Reutenp@n and 2.6% of the tokens in the
British National Corpus are part of a houn compouHukeir interpretation, especially given
their abundance, is crucial for many natural laggu@rocessing tasks, such as machine
translation, question answering, information refle and information extraction. For
example, when a machine translation system tri¢atslate the noun compouhdead knife
from English to Hungarian, it does not suffice fioto know the separate translation of each
noun. The meaning of the noun compound is alsoettesince in Hungarian it kenyérvago
kés which meandread cutting knifewhen literally translated. Similarly, an informati
retrieval system, when searching for informationpbasstic bottles needs to know whether
information found orbottles that are made of plastis relevant or not. Therefore there is

significant interest in interpreting noun compoundthe NLP community.

Although humans can interpret noun compounds eaisilg a rather challenging task for
computers, because even very similar noun compowaas have completely different
meaning. Consider for example the noun compogptealstic bottleandwater bottle Although

both comprise a noun denoting a material and then tmttle they are interpreted very
differently ; aplastic bottleis a bottle made of plastic whereawaier bottleis a bottle used

for storing water.

At first, using dictionaries for interpreting nowwompounds seems to be a feasible idea.
However, even for relatively frequent noun compajrstatic English dictionaries give low
coverage (Butnariu et al., 2009), and accordin§daghdha (2008), the frequency spectrum
of noun compounds shows a Zipfian distribution, nieg that most noun compounds display
a very low frequency. For example, in the Britisatidnal Corpus more than half of the two-
noun noun compounds occur just once (Lapata anchtides, 2003). Furthermore, creating a

dictionary that contains all the noun compoundsripossible, since there are countless of
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them and new noun compounds are constantly createntefore they should be interpreted

automatically, at the time when their meaning isdesl.

1.2 Objectives

This dissertation investigates the automatic imtggtion of noun compounds using large
corpora. Leaning on as Nakov and Hearst's (2006pgsal, | believe that interpreting noun
compounds with paraphrases is better than usinignitel number of abstract relational
categories, since there exists an unlimited nurobénem and they can capture even subtle
differences in meaning. Using paraphrases for nocampound interpretation has already
proven to be useful for many applications, suchmaghine translation (Nakov, 2008) and
solving relational similarity problems (Nakov aneaitst, 2008). | further assume that using a
handful of paraphrases is more suitable than ugisigone paraphrase, as one is often not
enough to capture the full meaning of a noun comgptherefore each noun compound is

interpreted with a distribution of a small numbésoitable paraphrases.

The general interpretation method described in thisk aims to find those verbs and
prepositions in the used corpora which are suitiislearaphrasing the noun compounds. The
basic idea is to search for those sentences thaplmase the noun compound in focus, count
how many times each paraphrase is found with thahrompound, and then create a ranked
list of paraphrases based on these frequenciess@dreh for paraphrases is intended to be
done with two static corpora, namely the Britishtiblaal Corpus and the Web 1T 5-gram
Corpus. Web search engine queries shall be usedligdate the results then. This basic

concept described above shall then be further detéto improve the results obtained.

To conclude, the focus of this work lies on thesiptetation of two-noun noun compounds,
although the interpretation of noun compounds wimibre than two nouns is also discussed
briefly.

1.3 Outline of the dissertation

Chapter 2 describes the material applied duringvbek. This includes the corpora, software,

dataset and Web search engines.



Next, Chapter 3 gives information on previous reseaconducted in the area of noun
compound interpretation, discussing some proposegniory-based and paraphrasing

methods.

Thereafter, Chapter 4 proposes a general parapgrasigorithm for two-noun noun
compound interpretation that uses static corporéin suitable paraphrases and employs
Web search engine queries to validate the reslitisn, it is showed how a method can be
developed from its Web validation part for the SelE2 Task #9 (Butnariu et al., 2009). At
the end of the chapter, light is shed upon howgéeeral paraphrasing algorithm can be

employed to interpret noun compounds consistingafe than two nouns.

Chapter 5 is dedicated to explaining two methodsclvautomatically create categories of
nouns that are semantically similar. These categoaf semantically similar words are

applied in the general paraphrasing method to ingits recall.

Chapter 6 discusses the results of the two parsjplgranethods proposed in this dissertation.
The results of the general paraphrasing methoceeatuated by human judges, while the
evaluation of the program for the SemEval-2 Tasks##one using the scorer provided for the

task.

Finally, Chapter 7 gives a summary of the dissernaiand considers potential future

directions.



2 Materials used

This chapter gives information on the materialsiuse this project. Section 2.1 describes the
corpora used for paraphrasing noun compounds. de@i2 gives information on the
software and dataset applied throughout the wodcti@ 2.3 explains the Web search
engines employed in paraphrase validation andamtéthod for the SemEval-2 Task #9.

2.1 Corpora

2.1.1 Static corpora

2.1.1.1 The British National Corpus (BNC, World Edtion)

The British National Corpus (BNC_Consortium, 200d)a corpus of about al00 million
words collected by the BNC Consortium. It has battvritten and a spoken part. The first
part, constituting about 90% of it, was accumuldtedn a wide range of sources including
newspapers, journals, academic and non-academiksb@mmong others. The second part,
constituting the remaining 10%, consists of ortlapdic transcriptions of informal
conversations, government meetings and radio sheowsng others. An instance of the
British National Corpus, which was previously parséth the C&C CCG parser (Clark and
Curran, 2004), was used for this dissertation utigedicense given on the attached CD. It is
available on the Curlew serveof the Computing Laboratory. The grammatical iels
utilised by the parser are fully described by Bres¢2006), and a comprehensive description

of the parser is available in Clark and Curran @00

2.1.1.2 The Web 1T 5-gram Corpus

The Web 1T 5-gram Corpus (Brants and Franz, 26069, commonly known as the Google
N-grams Corpus, is generated from more than lomillvords from Web pages by Google

Inc. It contains English n-grams (up to 5-gramshjol appeared at least 40 times in the

! curlew.comlab.ox.ac.uk



considered Web pages, with their observed freqeendihe instance used for this project is

located on the Curlew server, and it was used uthdelicense given on the attached CD.

2.1.2 The Web

As analysed by Nakov (2007) among others, the Webbe viewed as a huge corpus with
Web search engines as interfaces. As opposed tpréw@us two corpora, it is in constant
change. In the course of this project, the Googte¥ahoo! search engines were employed to

access the corpus provided by the Web.

2.2 Software and dataset

2.2.1 WordNet (version 3.0)

WordNet (Fellbaum, 1998) is a huge lexical datalgbe English language that comprises
sets of cognitive synonyms called “synset” for nreuwerbs, adjectives and adverbs. These
synsets form a network of conceptual-semantic arttdl relations. It was selected to find

base forms of nouns as well as verbs and to getythenyms, hypernyms and sister words of
nouns. Its latest version (3.0) contains 11779&uminouns in 82115 synsets, and 11529

unique verbs in 13767 synsetk was used under the license given on the ateD.

2.2.2 The Java WordNet Library (JWNL, version 1.4 c2)

The JWNL is a Java API that enables access to the Wordtanal dictionary and can be
consulted under BSD Licerfselt was used to access WordNet from the Java anogr
written for this dissertation. To improve the penf@nce of the programs that use the
WordNet relational dictionary extensively, the datary is converted into a map format using
the net.didion.jwnl.utilities.DictionaryToMap clas$ JWNL. Then it can be fully loaded into
memory, which results in a significantly better fpemance than when drawing on the

original dictionary files.

2 http://wordnet.princeton.edu/wordnet/man/wnstatd\zhtml
3 http://sourceforge.net/projects/jwordnet/
* http://www.opensource.org/licenses/bsd-license.php
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2.2.3 Morphg

Morphg (Minnen et al., 2001) is a tool capable eherating morphological inflections of
English nouns and verbs, and is available undelicease given on the attached CD. It was
employed to generate plural forms of nouns, thiedspn singular, past, past participle and
progressive forms of verbs in this research.

2.2.4 C&C POS tagger (version 1.0, with models vaon 1.02)

The C&C POS tagger, a part of the C&C tools (Clarid Curran, 2004), is an efficient
Maximum Entropy part-of-speech tagger (Curran amarkC 2003), which uses the Penn
Treebank POS tagset (Santorini, 1995). It was a@gibr the part-of-speech tagging of the
Web 1T 5-gram Corpus under the license given omttaehed CD.

2.2.5 Macro for SPSS computing Krippendorff's alpha

Krippendorff’s alpha is a standard reliability meees proposed by Krippendorff (2004). Here
it was used to check the reliability of data preddoy human judges for evaluation, and it

was calculated using a macro written for SP®$ Hayes and Krippendorff (2007).

2.2.6 SemEval-2 Task #9 dataset

The SemEval-2 Task #9 datdseontains the training data, the testing data &edofficial
scorer software for the SemEval-2 Task #9 (Butnatial., 2009), and is available under the
Creative Commons Attribution 3.0 Unported licehsewas utilised for the development and

evaluation of the methods described in Chapter 4.

® http://www.spss.com/
® https://docs.google.com/View?docid=dfvxd49s_35bkpt
" http://creativecommons.org/licenses/by/3.0/



2.3 Web search engines

2.3.1 Google

According to its Terms of servitethe Google search engine can only be used thrthagh

interface provided by Google and cannot be accessedgh any automated method, unless
given explicit permission by Google. Therefore thissertation was registered for the
University Research Program for Google Se3raind Web search with Google was

conducted through it.

2.3.2 Yahoo!

Search with Yahoo! was done using the Yahoo! Sedfeb Services SD¥ (version 2.12),
which provides easy access to the Yahoo! searcimefiggm various languages, under BSD

Licensé™.

8 http://www.google.com/accounts/TOS

® http://research.google.com/university/search/

10 http://developer.yahoo.com/search/web/webSearoh. ht
M http://www.opensource.org/licenses/bsd-license.php
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3 Interpretation of noun compounds

There is much ongoing interest in the interpretatimf noun compounds, since their
interpretation is crucial for many NLP tasks. Thssalso shown by the fact that in the
SemEval workshop in 2007, organized by the Spekitdrest Group on the Lexicon
(SIXLEX) of the Association for Computational Lingtics (ACL), one of the tasks proposed
dealt with the Classification of Semantic Relatitiesween Nominals (Girju et al., 2007), and
in the SemEval-2 workshop in 2010 one of the tasks on The Interpretation of Noun

Compounds Using Paraphrasing Verbs and Preposffutsariu et al., 2009).

3.1 Inventory-based approaches

There are some linguistic theories, which sugdestnoun compounds can be divided into a
small number of categories based on the semarittares between their nouns. Levi (1978),

for example, claims that noun compounds can onlycteated through the processes of
recoverable predicate deletion and nominalizataog the relation between the nouns of a
noun compound can only come from a small set ofasgim relations. She proposes nine

recoverably deleteable predicates for noun compewréated by recoverable predicate
deletion and four verb roles for noun compoundsiteet by nominalization, and claims that

these are the only relations that can hold betwieemouns of a noun compound (see Table
1).

Warren (1978), through a large-scale study of th@vd Corpus (Francis, 1979), proposes a
hierarchical classification of non-verbal-nexus m@empounds based on their semantics with
four hierarchical levels. Six major semantic clasaee defined at the top level, and then
further divided into minor semantic classes, mainugs and subgroups (see the major

semantic classes in Table 1).

Many previous approaches are based on these theorieaim to interpret noun compounds
using a small number of abstract relational categoMost of these methods propose general
relational categories for dealing with a wide ramjdexts, but there are also methods that

propose categories for dealing with texts of a gilgedomain, such as Rosario and Hearst



(2001) for the biomedical domain. The number ofde&ned relational categories is typically

between 5 and 40.

For example, Rosario and Hearst (2001) proposédBaxt classes (see Table 1) and apply a
standard machine learning algorithm with a domaieetfic lexical hierarchy to classify noun

compounds from biomedical texts.

Nastase and Szpakowicz (2003) propose a methodgimglimachine learning tools to place
noun compounds into clusters. This is based omfesitextracted from WordNet and Roget’'s

Thesaurus and uses 30 clusters, which are gronpe8 super-categories (see Table 1).

Moreover, Girju et al. (2004) present an approachutomatically classify nominalized noun
phrases, which include nominalized noun compoungsng Support Vector Machines
(SVM). They use a set of 35 semantic relations Tsd®e 1), which was originally presented
in Moldovan et al. (2004).

Girju et al. (2005) present supervised models baselhguistic features using WordNet and
word sense disambiguation, and test them both eneilght prepositional paraphrases
described by Lauer (1995), and the 35 semantitioakused by Girju et al. (2004).

The methods in this category, however, have begnised for numerous reasons. Although
they have the advantage of capturing the genetalizaf relations in noun compounds, they
are constrained by the small number of categohieg tlefine (Butnariu et al., 2009). One of
the most influential critiques is Downing (1977) avargues that there are so many possible
noun compound relations that it is impossible $odil, and that there are many relations that
do not fit into any of the standard relationshipegaries. She also claims that with a limited
number of categories, the categories can be amisgand noun compounds with different
relationships can be assigned to the same catdgorhermore, it is hard to determine which
set of relational categories would be best for sifggg the relations between noun
compounds, since linguists specialized in noun aamgs disagree even on the main

categories (Lauer, 1995).



3.2 Paraphrasing approaches

A solution for the above mentioned problems isrpy paraphrases for the interpretation
of noun compounds instead of predefined abstragtas@#c categories, with verbs and
prepositions as possible paraphrases. By usinglpases, the number of possible categories
is only limited by the vocabulary of the used laage, even subtle differences in meaning can
be identified and there are no noun compoundsdbatot fit into any category (Butnariu et

al., 2009). Therefore, paraphrasing methods hagerbe popular in recent years.

One of the early automatic noun compound intergogtanethods that involves paraphrases
is proposed by Lauer (1995). Although using parapés, he only uses a small set of eight
prepositional paraphrases (see Table 1). Therefasemethod is actually inventory based,
and has the same problems as the other such methdaisher problem is that there are also
noun compounds that cannot be paraphrased by agptiep (Butnariu et al., 2009). On the
other hand, its advantage is that it is easy tatifyfenoun-preposition co-occurrences in a
corpus with unsupervised methods. This model was flarther developed by Lapata and
Keller (2005), using Web queries to estimate freqies of (nounl, preposition, noun2)

trigrams.

Nakov and Hearst (2006) and Nakov (2007) proposenethod of noun compound

interpretation by issuing exact Web search enguerigs and extracting a list of paraphrases
with their frequencies from the resulting snippketseach noun compound. They argue that
using a single paraphrase is not enough to obtarfihe-grained semantic relation between

the nouns of a noun compound. Hence, they use lp@sg distributions.

There have also been numerous methods proposedive §he Interpretation of Noun
Compounds Using Paraphrasing Verbs and Preposifiask of the SemEval-2 workshop
(Butnariu et al., 2009). Given a list of suitapkraphrases for each noun compound, this is a

task to return a ranked list of paraphrases folh @atin compound based on their aptness.

Nulty and Costello (2010) argue that people tendide general, frequent paraphrases for
noun compounds instead of more detailed ones. Tdreréhey proposed a method based on
paraphrase co-occurrence statistics obtained frbe ttaining data favouring general

paraphrases over less general ones. They manageathieve an average Spearman’s rank
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correlation coefficient (this was the official meas) of 0.441, which is only slightly lower

than the score of the best performing system.

The best result was obtained by the system propbged/ubben (2010), which employs a
machine learning classifier based on features weae taken from WordNet, the provided
training data and the Web 1T 5-gram Corpus. It @8 an average Spearman’s rank

correlation coefficient of 0.45.

Due to the above listed advantages of paraphrasieitnods over inventory-based ones, |
believe that paraphrasing methods are more suifableoun compound interpretation than
inventory-based methods. Therefore the methodsusked in this dissertation use

paraphrases to interpret noun compounds insteddfwfing a small set of possible relational

categories.
Author(s) Proposed relational categories
Levi (1978) recoverably deleteable predicates: CEUJ3AVE, MAKE, USE, BE, IN, FOR,

FROM, ABOUT
verb roles: ACT, PRODUCT, AGENT, PATIENT

Warren (1978) POSSESSION, LOCATION, PURPOSE, ACTYHACTOR,
RESEMBLANCE, CONSTITUTE (only the major semantiasses)

Lauer (1995) OF, FOR, IN, AT, ON, FROM, WITH, ABOUT

Rosario and SUBTYPE, ACTIVITY/PHYSICAL PROCESS, PRODUCES (ON A
Hearst (2001) GENETIC LEVEL), CAUSE (1-2), CHARACTERISTIC, DEFECHERSON
AFFLICTED, ATTRIBUTE OF CLINICAL STUDY, PROCEDURE,
FREQUENCY/TIME OF (2-1), MEASURE OF, INSTRUMENT, QBCT,
PURPOSE, TOPIC, LOCATION, MATERIAL, DEFECT IN LOCADN

Nastase and CAUSALITY (cause, effect, detraction, purpose),
Szpakowicz PARTICIPANT (agent, beneficiary, instrument, objpobperty, object, part,
(2003) possessor, property, product, source, whole, sjativ

QUALITY (container, content, equative, material,anere, topic, type),
SPATIAL (direction, location at, location from, latton),
TEMPORALITY (frequency, time at, time through)

Moldovan et al. | POSSESSION, KINSHIP, ATTRIBUTE-HOLDER, AGENT, TEMIRAL,
(2004), Girju et | DEPICTION-DEPICTED, PART-WHOLE, IS-A (HYPERNYMY), KTAIL,
al. (2004) and CAUSE, MAKE/PRODUCE, INSTRUMENT, LOCATION/SPACE,

Girju et al. (2005)] PURPOSE, SOURCE, TOPIC, MANNER, MEANS, ACCOMPANIMEN
EXPERIENCER, RECIPIENT, FREQUENCY , INFLUENCE, ASSATED
WITH, MEASURE, SYNONYMY, ANTONYMY, PROBABILITY,
POSSIBILITY, CERTAINTY , THEME, RESULT, STIMULUS EXTENT,
PREDICATE, MEASURE, RESULT

Table 1: Previously proposed relational categdoesoun compound interpretation.

11



4 Methods for noun compound interpretation

This chapter presents the noun compound interpratatgorithms in detail. The first section
gives information on methods for interpreting twasan noun compounds, and the second
describes how the methods displayed in the firstia® can be applied to interpret noun

compounds with more than two nouns.

4.1 Interpreting two-noun noun compounds

The main aim of this dissertation was to write anegal paraphrasing method for noun
compound interpretation, that, given a list of n@@mpounds as its input, returns a ranked
list of paraphrases for each of them; this is desedrin Section 4.1.1. Based on the Web
validation part of the general paraphrasing metrothther method suitable to solve the
SemEval-2 Task #9 (Butnariu et al., 2009) can edml created; this is described in Section
4.1.2. The evaluation of the results for both mdthis given in Chapter 6. The Java source
code of the implementation of these programs cafobed on the attached CD; the main
function for the general paraphrasing method in é@faraphrasingMethod.java, and the
main function for the method for the SemEval-2 T48kn SemEval2Task9Method.java

4.1.1 A general paraphrasing method for two-noun ngn compounds

The main idea is to try to find paraphrases of noompounds in the corpora and return a
ranked list of paraphrases for each based on sooreng measure. Possible paraphrases are
verbs, prepositions, and combinations of the twawelver, when a preposition without a verb
is found as a paraphrase, it is extracted as weite connected to the velde instead of
standing by itself. Therefore, all the paraphrasetracted are verbs with or without
prepositions. It is done so, because if the paegghis just a preposition, it essentially has the
same meaning as if it were with the véry therefore their frequencies should be counted

together. Thus, if a paraphrdse is found forwater bottle it is extracted as if it wase for.
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In almost all noun compounds, the second noun eshiad and the first the dependent,
defining a property for the head. and the compaoafnithe two nouns syntactically behave as
the head would (Nakov and Hearst, 2006, Lauer, Jt495 will be assumed throughout this
work that this holds for the noun compounds to heerpreted. Therefore only such
paraphrases are searched for, whose subject settteid noun of the noun compound and
whose object is the first noun of the noun compoumhenbe for is said to be a good
paraphrase fowater bottle it means thabottle that is for watecaptures the meaning of a

water bottle

Technically, the first noun of a noun compound @ the actual direct object of the
paraphrase if it also includes a preposition; ithie direct object of the preposition in the
paraphrase. Still, to make things easier, it wellrbferred to as the object of the paraphrase, in
the rest of this dissertation. (The second nowatvwgys the subject of the paraphrase, since all

the prepositions without a verb are extracted withverbbe)

There are two main versions given the differenesypf paraphrase extraction and search; a

description of these will follow.

4.1.1.1 The two main versions

The first version searches for actual paraphrasethé input noun compounds in the corpora.
For this, it reads through the corpora and couhés ftequency of all occurring (subject,

paraphrase, object) triples, where:

e paraphrases a verbsubjectis its subject, andbjectis its direct object

» paraphraseis a verb with a prepositiosubjectis its subject, the preposition is the
indirect object of the verb, amabjectis the direct object of the preposition

» paraphraseis a single preposition, which is a non-clausaldifier of subject and

objectis the direct object of the preposition

This is very similar to the extraction method usgd\Nakov (2007), when extracting features

from the parsed snippets of Web search query gefrlparaphrasing noun compounds.

12 An exception, for example, &torney generahndfetucinne arabiatgLauer, 1995).
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After this paraphrase extraction, for each noun maumd it searches for those extracted
(subject, paraphrase, object) triples where therskamoun of the noun compound is the
subject and the first noun of the noun compoundhés object. This results in a list of
paraphrases for each noun compound including theguency with that noun compound,

which is counted as their score.

The logic behind the second version is that if éhisr a paraphrase that frequently has the
second noun of the noun compound as subject, dretjiiently has the first noun of the noun
compound as object, then it is likely that this gpdorase is a suitable one for the noun
compound. Therefore, when reading through the earghis version counts the frequency of

all occurring (subject, paraphrase) pairs, where:

» paraphrases a verb, angdubjectis its subject
» paraphraseis a verb with a preposition, preposition is thdiiect object of the verb
andsubjectis the subject of the verb

» paraphrases a preposition, which is the non-clausal modifiesubject

It also counts the frequency of all occurring (jpémase, object) pairs, where:

» paraphrases a verb, andbijectis its direct object
» paraphraseis a verb with a preposition, the prepositionhs tndirect object of the
verb andobjectis the direct object of the preposition

» paraphrases a preposition andbjectis its direct object

Then, for each noun compound, this version seardnesich extracted (subject, paraphrase)
pairs and (paraphrase, object) pairs, where thensenoun of the noun compound is the
subject, and the first noun of the noun compounthésobject. This results in two lists of

paraphrases for each noun compound, one for tlmdewun (subject), and one for the first
noun (object). To compile the list of suitable gdmases for the noun compound from these
two lists, those paraphrases are searched forajyaear in both of them; these are then
included in the paraphrase list for the noun comploand their score is calculated from the

(subject, paraphrase) and (paraphrase, object)drexes (see Section 4.1.1.4).
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This version has the advantage that paraphrased®edound much more easily, because
finding a (subject, paraphrase, object) tripledaroun compound is rare compared to finding
just one of the nouns at a time with a subjectroolgject. Therefore, this version is likely to

return more possible paraphrases than the otheth®ather hand, it is also more likely that

it returns incorrect results. Consequentially, théssion has better recall, but worse precision.

In order to make these methods more efficientywallds are lemmatized when extracting the
triples and the pairs from the corpora. This mahas the singular form of the nouns and the
infinitive form of the verbs are extracted, irresgpee of the form they have in the sentence.
Hence, from the sentence “These bottles are foenyatbottle, be for, water) is extracted
with the first version. From the same sentence,(shbject, paraphrase) pair (bottle, be for)
and the (paraphrase, object) pair (be for, wateg) identified with the other version. In
addition, when searching for possible paraphrasgsnbun compounds, the search is
conducted with the lemmatized nouns of the nounpmmd. The lemma for each word is
obtained from WordNet, through JWNL.

With both methods, verb particles are also idesdifiand extracted with the verbs, as
described in Section 4.1.1.5. Verb particles ams¢hwords wherewith verbs form phrasal
verbs. For exampldake offis a phrasal verb, witbff being its particle. In the rest of the
dissertation, the term verb will be used for a verth or without particle, and prepositions
will be used to denote those prepositions thahatererb particles.

These two versions in the following will be refatr® as the subject-paraphrase-object-triples

version, and the subject-paraphrase-and-parapbitaset-pairs version, respectively.

4.1.1.2 The corpora used

In order to search for paraphrases, three corp@am@ waken into consideration; two static
corpora, namely the British National Corpus andwheb 1T 5-gram Corpus together with the
Web. All of them have their advantages and disaidges, and have been used for many

natural language processing tasks, including naumpound interpretation.

The power of using the Web lies in the vast amafndata available, as with more data,

better results can be obtained (Kilgarriff, 200This data can be most easily accessed
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through commercial search engines, like Google anhoo!. However, as is pointed out by
Nakov et al. (2007) and Kilgarriff (2007), usingnemercial search engines for natural
language processing tasks has several drawbaaiss, ¢ieries cannot have any linguistic
restrictions. Second, the results are instable twe (even running the same query twice,
immediately one after the other, can result inedéht results). Third, search engines can be
inconsistent with Boolean logic. Fourth, they igaguunctuation. Fifth, they usually have
limitations on the number of queries that can Iseésl given a period of tirfie Sixth, they
usually have a constraint on the number of pagesned per queriéd Further, if page hit
counts are used, two additional detrimental effacise. First, an exact page hit count for an
n-gram is not equal to the frequency of that n-g@mthe Web. Second, page hit counts
returned by these search engines are actually &ssmather than exact counts. Still, Nakov
(2007) and Nakov and Hearst (2005) suggest thaeteaging Web search engine statistics
are relatively stable, and that resorting to sucidels is not “bad science”. Furthermore, the
results of this dissertation indicate that Web cle@ngine statistics can prove useful for noun

compound interpretation.

As opposed to using the Web through commercialkcheamngines, static corpora do not have
these disadvantages. On the other hand, their dickib that they are much smaller than the
Web. There are several major differences betweerBtitish National Corpus and the Web
1T 5-gram Corpus, as well. A major advantage oflateer is that it is much larger than the
former; it was generated from more than 1 trillimords, whereas the former consists of
approximately 100 million words. On the other hatind British National Corpus consists of
full sentences rather than simply n-grams as thé WE 5-gram Corpus, which results in
much higher accuracy when automatically parsedaggdd (as is illustrated in the next
section, their parsing or tagging is needed toaekxtthe grammatical relations inside them).
Furthermore, the British National Corpus is balaheed representative of current English,

which is neither true for the Web 1T 5-gram Corpasfor the Web.

The best solution would be to utilising the corpusvided by the Web, but without having to

use commercial search engines. Unfortunately, masfeasible to do in this dissertation.

13 At the time of writing the limits were 5000 quesiper day per IP address for Yahoo! using YahoobWe
Search Web Services (see http://developer.yahodseanth/web/webSearch.html), and 1 query per sefnd
Google using the University Research Program for odbo Search (see
http://research.google.com/university/search/daeg)h

4 The constraint on the number of pages returned@@6 for both Google and Yahoo! at the time.
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Nevertheless, the Web 1T 5-gram Corpus providesod golution for handling huge amounts
of data from the Web without having to rely on coemomial search engines, since it was
generated from more than 1 trillion words of Welgg@é#exts (although it is just a proportion
of the whole Web).

All the three abovementioned corpora have beneditd,they are all useful in solving Natural
Language Processing tasks. Therefore, it was déd¢aeombine the usage of static corpora
and the Web during this work. While the British iaal Corpus and the Web 1T 5-gram
Corpus are employed in the search for paraphraisesiesults are validated through Web
search engine queries (as described in Sectioh.9)1Two search engines were chosen for
validation; Google and Yahoo!. It may seem stratiggt the Google search engine was
selected for the validation of the results when ohéhe used corpora, the Web 1T 5-gram
Corpus, was created by Google itself from Web pagesvever, the Web 1T 5-gram Corpus
was not generated from the entire Web, just fropar of it. Moreover, the data for it was
collected more than 4 years ago (in January 2@08),since then, the Web has grown a lot.
Furthermore, it only contains n-grams with freques@bove 40. Therefore, very infrequent
noun compounds not occurring 40 times with theraphrases do not show up in this corpus,
but can be found on the Web (however, these ingeg(noun compound, paraphrase) pairs
can be extracted from the Web 1T 5-gram Corpus duéeir actual frequency is lower than
40 if, for example, synonyms of the nouns are aksarched for. Therefore it is important that
such (noun compound, paraphrase) pairs can beatedidvith Web search engines). This

legitimises the Google search engine as a validatiethod.

4.1.1.3 Pre-processing of the corpora

In order to be able to extract (subject, paraphraebject, paraphrase) pairs and (subject,
paraphrase, object) triples, the grammatical @igtiamong the words in the corpus need to
be identified. With such large corpora as the aredysed here, manual parsing is infeasible.

Therefore automated parsing methods were applied.

As already described in Chapter 2, the British di&l Corpus available on the Curlew server
had already been parsed with the C&C CCG parserde$o further pre-processing was not
needed. But, as it is stated in (Clark and Cur2&@,7) and experienced during the work, the

C&C CCG parser often makes mistakes in differeimigathe indirect object (iobj) and non-
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clausal modifier (hcmod) relations for verbs and thcall for the indirect object relation is
only 65.63%. Therefore, when using the British bliaél Corpus, instead of just using those
prepositions in the paraphrases that are parsedlasct object of verbs, prepositions parsed
as non-clausal modifiers of verbs are also tested This modification resulted in an
improved outcome. Moreover, when extracting (subjg@raphrase, object) triples, or
(subject, paraphrase) and (paraphrase, objec§, ghe part-of-speech tags of the words in
them are checked; subjects and objects should laenoo nouns, and paraphrases should be

verbs with or without preposition. This is donengsthe tags returned by the parser.

The Web 1T 5-gram Corpus available on the Curlewesavas not previously parsed though.
Automatically parsing this corpus encounters somablpms. First, the n-grams are not
complete sentences, and in many cases even fornsuimas hard to determine what
grammatical relations hold between the words ofnagram without context. Therefore,
automatically parsing them would result in manyoesy especially when shorter ones are
concerned. Because of this, only 4-grams and 5gstrould be considered for parsing. The
second problem is that the C&C CCG parser is ablprbcess about 150 n-grams in one
second when it is run on the Curlew server. Siheeet are almost 2.5 billion 4-grams and 5-
grams altogether, parsing all of them would takeuad half a year (in CPU time on a

computer like the Curlew server).

Given the lack of that much time, an alternativ@rapch was chosen, namely tagging the
corpus since it “only” took about 2 days. As taggaiso involves many errors on short n-
grams, only the 4-grams and the 5-grams were uskldough the grammatical relations
cannot be directly obtained from a tagged textréhations between the tagged words can be
assumed from part-of-speech patterns. The pampedeh patterns selected with the 4-grams

were:
(1) noun vbn prep noun

(2) noun ver bNot Vbn det|adj noun

(3) noun ver bNot Vbn prep noun

(4) noun bel vbg noun

(5) noun havel vbn noun

(6) noun t hat | nodal ver bNot VbnNot Vbg noun
(7) noun prep det|adj noun
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, Whereas the ones with 5-grams were:

(8) noun vbn prep det|adj noun

(9) noun vbn prep prep noun

(10) noun ver bNot Vbn det|adj adj noun

(11) noun ver bNot Vbn prep det|adj noun

(12) noun ver bNot Von prep prep noun

(13) noun have2 been vbg noun

(14) noun bel vbg det|adj noun

(15) noun bel vbg prep noun

(16) noun havel vbn det|adj noun

(17) noun havel vbn prep noun

(18) noun be2 vbn prep noun

(19) noun t hat| nodal verbNot VbnNot Vbg det| adj noun
(20) noun t hat | nodal verbNot VbnNot Vbg prep noun
(21) noun that| nodal be3 vbg noun

(22) noun t hat | nodal have2 vbn noun

(23) noun prep det|adj adj noun

Table 2 contains the meaning of the expressioriaded in the patterns. With each pattern it
was assumed that the verb with the possible foligwirepositions forms a paraphrase, the
first word of the n-gram being its subject and ldsg word of the n-gram being its object. The
according (subject, paraphrase, object) triplebjéstt, paraphrase) and (paraphrase, object)

pairs were extracted.

Present continuous and past continuous paraphaasadentified by patterns (4), (14), (15)
and (21). Patterns (5), (16), (17) and (22) aragdesl to match the paraphrases in present
perfect and past perfect tense. Patterns (6),a19)20) identify future simple, present simple
paraphrases with modals, and present simple orgragie paraphrases. Pattern (21) is also
used to identify future continuous, present cordusi with modals, and present or past
continuous. Pattern (22) also identifies futurefgaety present perfect with modals, and present
or past perfect. Pattern (13) identifies presemfget continuous and past perfect continuous
verbs. Passive paraphrases are identified by pattgr), (8), (9) and (18). There are no
patterns identifying passive paraphrases withopteposition, as passive paraphrases cannot

have direct objects. Thus, the second noun of #teeqm can only be connected to them by a
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preposition. The last pattern with both the 4-graand the 5-grams identifies paraphrases
consisting of a single preposition and without gvén these cases the paraphrase extracted
is the verbbe with the prepositions, instead of only the preposi All the other patterns are

meant to identify paraphrases in simple presentsangle past, in active voice.

Words matching the expressiotist , adj , t hat or nodal do not form a part of the verb;
therefore they are ignored. Words matching theepagtbel, be2, be3, been, havel and have2
are words that are part of the verb, but only deliee the tense and the voice. Hence, they are

not included in the paraphrase, either.

In a substantial part of the n-grams, all the watdst with a capital letter, or all the words are
entirely written in capital letters. This is prolallue to the fact that many Web page titles
and article titles are written in one of these ferfhe problem with these n-grams is that the
C&C CCG parser simply tags each word as a propennwhich is very rarely correct.
Therefore, in order for these n-grams to be prgp&dged as well, all the n-grams were
converted to lowercase before tagging. This, howeaesults in not recognizing proper nouns
correctly. This problem does not apply to thoseppranouns that cannot be common nouns
(such as most human names among many others) @ thloich are not part of any of the
input noun compounds. Those noun occurrences,enheommon noun is used as (part of) a
proper noun, are rare in most cases compared to dbeurrence as common nouns (an
exception for example is the noapple as described later). It is even less likely tihase
proper noun occurrences are found in such n-graom fvhich a paraphrase for a noun
compound is extracted. For example, consider then mompoundapple cake where the
noun apple can also be understood as a proper noun refetoingpple Inc. (it probably
appears more often as a proper noun in many tekt®.nouncake can also represent a
proper name, although much less frequently (formg®a a company called Cake Inc.). But,
when searching for paraphrasesdgpple cakeit is rather unlikely thaapple or cakeshould
function as proper nouns in the n-gram that pravi@@araphrase for it, since Apple Inc. and
cakes, Cake Inc. and apples, Apple Inc. and Cakealre very probably not associated with
each othér. Nevertheless, most noun compounds contain nappearing far less frequently

as proper nouns, thapple occurs as a proper noun. Therefore, this shouldemesent a

151t is possible that the Cake Inc. actually doesesthing with apples or Apple Inc. started to bakkes or
there is a connection between the two incorporatibnt it is unlikely, and even if it is the ca#ds likely that
the correct paraphrases fopple cakeare with higher frequency.
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problem in most cases. Hence, it is assumed tleaadiantage of a substantial gain in extra
information by converting all n-grams to lowercaseeighs much higher than the
disadvantage represented by this problem.

To reduce the amount of false information extractedy those n-grams were considered in
which each word consisted of only alphanumericarabters. From the n-grams matching
one of the above defined patterns, only those wseel in which the word tagged as verb was
found in the WordNet database as verb. When utgishis corpus, the (subject, paraphrase)
and (paraphrase, object) pairs are extracted whéulgect, paraphrase, object) triple is
found, rather than searching for separate occuee(tbe difference between the two is that
the latter also extracts (subject, paraphrasekpaihere no object is specified, and it also
extracts (paraphrase, object) pairs, where no sulgespecified). The reason for this is that,
as stated before, the tagger makes many errorbarh rs=grams. Moreover, identifying part-
of-speech patterns of length 2 or 3 in the 4-grams 5-grams also entails too many errors.
Because of this, those (subject, paraphrase) dnédcto paraphrase) pairs are not found, when
there is no object or subject connecting to thé.ver

Expression Meaning (based on tags, except whereist lof words is given)
noun a common noun

verbNotVbn a verb that is not past participle

verbNotVbnNotVbg a verb that is neither past pgt&cnor in progressive form
vbn a verb that is a past participle

vbg a verb in progressive form

bel one of the following wordam, is, are, was, were

be2 one of the following wordam, is, are, was, were, being
be3 one of the following wordam, is, are, was, were, be
been the wordbeen

havel one of the following wordlas, have, had, having

have?2 one of the following wordsas, have, had

that one of the following relative pronoutisat, which, who
modal a modal verb

prep a preposition

Table 2: Expressions used in the part-of-speedbpat
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4.1.1.4 Scoring methods

The score for the subject-paraphrase-object-tripkrsion is rather simple; when searching
for paraphrases for a noun compound, it returngstaof paraphrases from the (subject,

paraphrase, object) triples with frequencies. THiesuencies are then displayed as scores.

Nevertheless, applying simply frequencies withghbject-paraphrase-and-paraphrase-object-
pairs version carries problems; whether the nodhdssubject or the object, the most frequent
verbs going along with all nouns are very commoasprsuch abe do or make When the
(subject, paraphrase) and (paraphrase, objectidraies are combined, the highest scores
are achieved by the paraphrases with those verbsypigal of the noun compounds and
usually not suitable for paraphrasing tHériTo avoid this, a possible solution is to use advo
association measure for the extracted pairs insbdédequencies, in order to find the most

typical verbs for nouns (both in (paraphrase, dpj@ed (subject, paraphrase) relation).

One such word association measure is mutual infioma described by Church and Hanks
(1989) and Church et al. (1991), which comparespitodability of observing two words
together to the probabilities of observing themepehdently. Church et al. (1991) also relate
how it can be used for parsed texts. Here, howevslightly changed version is used, since
(subject, paraphrase) and (paraphrase, objec pedr extracted separately, not as (subject,
paraphrase, object) triples. The mutual informabbx being the paraphrase and y being its
subject can be observed here:

P(paraphrase(x), subj ect(y))
P(paraphrase(x)) ¢ P(subject(y))

I (paraphrase(x), subject(y)) = log,

f (paraphrase(x), subject(y) )
N

092 f(paraphrase(x)) f(subject(y))
N * N

f (paraphrase(x), subject(y)) * N
92 f(paraphrase(x)) * f (subject(y))

=~ |

=lo

16 Although for many noun compounds the verbis a good paraphrase, it makes no sense to glassi§ the
best paraphrase for every noun compound, sincejlysthere are more suitable ones.

I First, the authors called it association ratimcsi due to its lack of symmetry it is actually difint from
mutual information, Further, f(x,y) is not necedlgasmaller than f(x) and f(y). In many other pudations, such
as Manning and Schutze, (2000), it is called pasdgvwnutual information. Here, it shall be refertecas mutual
information, as the authors used the same denoiomiat later articles.
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where P (paraphrase(x), subject(y)) is the probability that the paraphrase is x anel th
subject is y in a (subject, paraphrase) pBifparaphrase(x)) and P(subject(y)) are the
probabilities that the paraphrase is x in a (Subparaphrase) relation and the subjectis y in a
(subject, paraphrase) relation, respectively. Ttababilities of the abovementioned events
are estimated in this application through theigérencies in the corpus; these frequencies are
denoted as f(paraphrase(x),subject(y)), f(paraphrase(x)) and f(subject(y))
respectively, while N is the number of all the (gah paraphrase) relations found. The

mutual information of x as the paraphrase andiysasbject is calculated very similarly.

In the case of a genuine association between ttaplpaase x and its subject y, their mutual
information is much larger than 0. When there isimteresting relationship between them,
then it is around O; considering a genuine dissiacicbetween them (they occur very rarely
together, much more rarely than by chance), it iscimsmaller than 0. The mutual
information of a (subject, paraphrase) pair and rihgual information of a (paraphrase,
object) pair is then multiplied or added togetherférm a single score for the (subject,
paraphrase, object) triple. However, since a muinfarmation below 0 is equivalent to a
genuine dissociation between the words, only tipasaphrases, with a mutual information of
the (subject, paraphrase) pair and the (paraphoags;t) pair both above 0 are considered for
a noun compound. Furthermore, Church and Hanks9)188te that mutual information is
unstable for very small counts, therefore paramwawith a (subject, paraphrase) or
(paraphrase, object) frequency of at most 5 are discarded (this is the same cut-off as
described by Church and Hanks (1989)).

4.1.1.5 Prepositions and verb particles

As stated before, the prepositions that are simetiasly verb particles are treated differently
than those that are not verb particles. The temepgsition here denotes those prepositions

that are not verb particles.

In order to speed up the search for paraphraseswdhout suffering from tagging errors of
prepositions, a predefined list of prepositionased (this is possible for prepositions, as there
are only a manageable number of them, but for el@mijh verbs it could not be done). A
list of prepositions was compiled automatically éxtracting those words from the British
National Corpus tagged &4 or TO, with their frequencies. Due to tagging errordydhose
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words occurring at least 100 times in the corpws @nsidered, which only requires 1
appearance in 1 million words. Because subordigatonjunctions are also tagged wibh,
those were then manually deleted from the listsTasulted in a list of 67 prepositions which

can be found with frequency counts in Appendix A.

If a paraphrase with or without preposition is antered, a (subject, paraphrase) pair is then
extracted, for which the preposition is not parthed paraphrase. Moreover, if the paraphrase
does contain a preposition, a (subject, paraphras&) with a preposition-including
paraphrase is saved too. The (subject, paraphpags)without the preposition are extracted,
since from the sentence “The professor teache®myadt a university”, it seems reasonable
to extract the (subject, paraphrase) pair (profeseach); it can then be paired with the
(paraphrase, object) pair (teach, anatomy), fomgte, to form the paraphrageach for
anatomy professorlt is necessary to save each (subject, para@)rgsar with all its
prepositions too, because without this the sulpec&phrase-and-paraphrase-object-pairs
version would not find paraphrases including préposs. For example, if only the (subject,
paraphrase) pair (professor, teach) is extractad the above mentioned sentence, there will
be no matching (subject, paraphrase) pair for thigje€t, paraphrase) pair (teach at,
university). Obviously, this is not correct, sirtbe example sentence provides the paraphrase
teach atwith the noun compoundniversity professorThe (paraphrase, object) pairs and the
(subject, paraphrase, object) triples are not sfigdireated as (subject, paraphrase) pairs,
regardless of whether the paraphrase contains @git®n or not. For example, from the
sentence “The girl drew a picture with a pencilig tsubject-paraphrase-and-paraphrase-
object-pairs version extracts the (subject, patage)rpairs (girl, draw), (girl, draw with) and
the (paraphrase, object) pairs (draw, picture)awdwith, pencil). In the case of the same
sentence, the other version extracts the (subparaphrase, object) triples (girl, draw,

picture) and (girl, draw with, pencil).

The paraphrase list is used to identify verb plsictoo. A word is considered a particle of a
verb if it is included in the preposition list,istheaded by the verb, and it has no dependents.
4.1.1.6 Passive paraphrases

Passive paraphrases are different from other peaseh, because their surface subject is

actually their underlying object. Therefore a (®abj paraphrase) pair with a passive
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paraphrase and without a preposition (as notedrdefioe term preposition does not contain
verb particles here), in fact has the same meafahdeast from the point of view of this
dissertation) as the (paraphrase2, object) paiereyparaphrase2s the same ggsaraphrase
except that it is active. For example, the (subjpataphrase) pair (pizza, be eaten) has the
same meaning as the (paraphrase, object) pair jgata). It makes sense to count their
frequency together, as (paraphrase, object) paather than separately because of the
following two reasons: First, they only differ ihdir structure, but have the same meaning.
Second, since passive verbs cannot have directtstjeghere will be no (paraphrase, object)
pairs with a passive paraphrase and no preposilioerefore there is no value in storing such
(subject, paraphrase) pairs, since ho matchingfbaase, object) pairs can be found. Thus,
whenever a (subject, paraphrase) pair is extragtégd a passive paraphrase and no
preposition, it is saved as a (paraphrase2, objit) instead, withobject as the original
subjectandparaphrasezas the active version pharaphrase Since passive verbs cannot have
direct objects, there can be no (paraphrase, Qlgacs or (subject, paraphrase, object) triples
with a passive paraphrase and no preposition. ¥xample, from the sentence “The pizza was
eaten”, the subject-paraphrase-and-paraphrasetqiggs version extracts the (paraphrase,
object) pair (eat, pizza). The other version cammdtact any (subject, paraphrase, object)

triples from this sentence.

Passive paraphrases with a preposition otherltlgame also a different case. As stated in the
previous section, when a paraphrase has a prepysiti(subject, paraphrase) pair without the
preposition is extracted too, not just the one wite preposition. Thus, in the event of a
passive paraphrase with a preposition other thgn(and with a subject), a (subject,
paraphrase) pair both with and without the prepmsits extracted. From these two pairs the
one without the preposition is treated as describethe previous paragraph, whereas the
other is treated normally. With such paraphragesaphrase, object) pairs and (paraphrase,
object, subject) triples are given normal treatméiur example, from the sentence “This
house was built from stone”, the subject-paraphaagkparaphrase-object-pairs version

extracts the (subject, paraphrase) pair (housbuliefrom) and the (paraphrase, object) pairs

18 They can have second objects though, which aiity eamfused with direct objects. A typical verkatthas a
second object igive, for example. The C&C CCG parser usually recogithem correctly as second objects. In
case the parser made a mistake, and there is anr@oce of a passive paraphrase with a direct blojethe
sentence, than that paraphrase is discarded.
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(build, house) and (be built from, stone). Conwise, the other version extracts the (subject,

paraphrase, object) triple (house, be built frofmne) from the same sentence.

It is also different when a passive paraphraseided a prepositiohy that refers to a direct
object, in which case the direct object lof is the underlying subject of the paraphrase.
Therefore, a (paraphrase, object) pair with a pasgiaraphrase and a prepositiyrin effect

has the same meaning as the (subject, paraphnaae2whereparaphrase2s the same as
paraphraseexcept that it is active and does not have theqgsiéon by. For example, the
(paraphrase, object) pair (be built by, architdeds the same meaning as the (subject,
paraphrase) pair (architect, build). Thus, it makesse to count their frequencies together.
So, if a (paraphrase, object) pair is encounterbdrevthe paraphrase is as described, it is
instead extracted as a (subject, paraphrase2)wbedre subjectis the same asbject and
paraphraseds the active version gfaraphrasewithout the prepositioy. In the case of a
passive paraphrase with the prepositn only a (subject, paraphrase) pair without the
preposition is extracted whereas the one incluthegoreposition is not. This is because there
would be no matching (paraphrase, object) paingesho such pairs are saved with a passive
paraphrase going with the preposition The one extracted without the preposition istega
as described in the first paragraph of this sectionthe case of such paraphrases, a (subject,
paraphrase, object) triple has the same meanitigeasubject2, paraphrase2, object?2) triple,
wheresubject2is equal toobject object2is equal tosubject andparaphrase2s the active
version ofparaphrasewithout the prepositioby. Hence, their frequency should be counted
together. Therefore, whenever a (subject, paraphadgect) triple is identified with a passive
paraphrase and a prepositioy it is saved as a (subject2, paraphrase2, objeq® instead,
wheresubject2is equal toobject object2is equal tosubject andparaphrase2s the active
version ofparaphrasewithout the prepositioby. For example, from the sentence “This house
was built by an architect”, the subject-paraphrasé-paraphrase-object-pairs version extracts
the (subject, paraphrase) pair (architect, buitd) the (paraphrase, object) pair (build, house).
Still speaking about the same sentence, the othesion extracts the (subject, paraphrase,

object) triple (architect, build, house).

Because of these conversions, the frequency cdantsuch (subject, paraphrase, object)
triples (subject, paraphrase) and (paraphrasectplgairs with passive paraphrases and the
prepositionby, are stored with their converted version. Therefor order to find paraphrases

like this for noun compounds, both methods seanclstdich paraphrases for the reverse noun
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compound (the noun compound where the order ohthms is changed; it might not be an
actual noun compound, but this is not problemakiaj are active and have no preposition. If
such a paraphrase is found for the reversed nompaond, its passive version with the
prepositionby is then saved for the (not reversed) noun compowitt its score. That is, in
order to find paraphrases for the noun compduoauad concerthat are passive and have the
preposition by, the subject-paraphrase-object-triples versiorrcbes for such extracted
(subject, paraphrase, object) triples where thgestlis band the object isconcertand the
paraphrase is active and has no preposition. Fampbe, if there is a triple (band, give,
concert), the paraphrasge given byis then saved foband concertwith the score of the
(band, give, concert) triple. This works very samiy with the subject-paraphrase-and-
paraphrase-object-pairs version too.

Passive verbs are identified in two ways; if thbetgpe slot of a non-clausal subject relation
(ncsubj) is filled with the valuebj, then the verb in that relation is passive. Furtiuze, the

C&C CCG parser fails to identify this many timesorSequentially, in case a verb is not
identified as passive by the parser, it is deteechiwhether the verb is in past participle form

and has an auxiliarye if so, then it is passive.

4.1.1.7 Ambitransitive verbs

Each English verb is either strictly intransitivefrictly transitive, or ambitransitive
(sometimes also called labile) (Dixon and Aikhey&@000), whereby the latter means that it
functions both transitively and intransitively. Gbexamples for strictly transitives alike
andrecognise for strictly intransitivesrrive andchat and for ambitransitivereakandread
The Unaccusative Hypothesis, proposed by Perlm(i&#8) and then elaborated by Burzio
(1986), proposes two subclasses of intransitivesjghe unaccusative verbs being those with
a surface subject acting as their underlying dbpgeaed the unergative verbs being those with
a surface subject acting as their underlying swbjatthough the claim that these two
subcategories of intransitive verbs exist is widabcepted, since the introduction of the
hypothesis there has been much debate about whathargued by Perlmutter (1978) as well
as Perlmutter and Postal (1984), the distinctiotwben the two classes is represented
syntactically and can be fully determined sematijic&ome researchers like Rosen (1984)

do not agree that it can be fully determined seroalh, whereas others, like Van Valin Jr
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(1990), deny that it is syntactically encoded, wlgbme, including Levin and Hovav (1995),
support both.

The two categories cannot only be applied to irsiteve verbs, but also to ambitransitive
verbs; the patientive ambitransitive verbs are ausative in their intransitive use, so the
semantic role of their subject in their intrangtiuse is equal to the semantic role of their
object in their transitive use. Further, agentivebdransitive verbs are unergative in their
intransitive use, so the semantic role of theifjecthin their intransitive use is the same as is
in their transitive use (Mithun, 2000) (they ardleth as S=O and S=A ambitransitives,
respectively, by Dixon and Aikhenvald (2000), bwdrdr the names proposed by Mithun
(2000) will be used). A typical patientive ambits#tive isbreak the sentence “The window
broke” actually means that someone or somethingebtbe window, so the window is
actually the object of the action and has the ss@meantic role as in the sentence “Someone
broke the window”. A typical agentive ambitransitissread in the sentence “She readdie

is truly the subject of the action and it has thene semantic role as in the sentence “She
reads a book”.

Since both in transitive and intransitive use theangmatical subject of agentive
ambitransitives is their underlying subject, theg dot represent a problem for this
paraphrasing method; in both cases their underlguigject is correctly extracted as their
subject. On the other hand, patientive ambitrarestrepresent a problem. If one such verb is
used in its transitive form, its underlying subjectorrectly extracted as its subject. However,
in case of their intransitive use, their underlyioigject (which is their surface subject) is,
contrariwise, incorrectly extracted as its subjddtis can result in paraphrasing errors. For
example, when using the subject-paraphrase-angipase-object-pairs version of the
program and examining the sentence “The screerefyrgkreen is falsely extracted as the
subject of broke, because it is actually its undeg object. In addition, in case the sentence
“I broke my computer” is also encountered, and aajplarase forcomputer monitoris
searched for, this extraction mistake would resnltfinding the paraphraséreak for
computer monitgr which is obviously not correct. The subject-pdurage-object-triples
version has to deal with a very similar probleno, ibthere is a patientive ambitransitive verb

in intransitive use with an object connected toyita preposition.
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There is, however, a solution to this problem. étdive ambitransitives in their intransitive
use behave in the same way as passive verbs;stivéaice subject is their underlying object.
Therefore, patientive ambitransitives in their amsitive form should be treated as if they
were passive, which would solve the problem. A caghpnsive list of these verbs is given by
Levin (1993) in Section 1.1, which is used in thisthod to identify them. Those verbs that
can also have Unexpressed Object Alternation (@edti2 in Levin (1993)) were excluded
from the list thougt, because they can behave as both unaccusativenangative in their

intransitive use. The employed list of patientivenbétransitive verbs can be found in

Appendix B.

Although the abovementioned problem was diminishezhting the intransitive version of
patientive ambitransitives as passives brings ughen, yet minor, problem. Some verbs, for
example most verbs listed in Section 1.1.2.2 arti@e 1.1.2.3 in Levin (1993), are verbs
mostly encountered in their intransitive use, inmudy that they describe an internally
controlled action. On the other hand, they can dlsounderstood in a transitive way,
involving the same action, but caused externaltgaling those verbs in their intransitive use
as passives can sometimes result in extractinggarparaphrases, especially if their subject
is an animate entity. In the case of the sentefdde ‘bell rang”, for example, it is not a
problem; extracting the (subject, paraphrase) (e, be rung) is correct. But, in case of the
sentence “The girl ran”, extracting (girl, be rus)rather strange, because run, with animate
subjects, is usually controlled internally rathleart externally. Still, in order to identify the
difference between the transitive and the intraresifunction of these verbs, this special
treatment of patientive ambitransitives is doned aarely does this result in strange
paraphrases, in particular since most noun commaoohprise inanimate objects.

4.1.1.8 Using synonyms, hypernyms, sister words aisémantically similar words

Although the two corpora used seem large enough,pa@phrases for several noun
compounds are found in them, especially when usiregsubject-paraphrase-object-triples
version. This is because exact paraphrases indipom@ are searched for, which are rare.

This is applicable to the other version due to aimism number of co-occurrence frequencies

19 Such verbs are the ones listed as Amuse-Type Résgudis, and the verbut
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employed to make mutual information stable. Moerpihere are several nouns in noun

compounds that occur only very rarely or not atrathe corpora.

Kim and Baldwin (2007) demonstrate that using symasy hypernyms and sister words from
WordNet can be useful in generating noun compouiaishave the same semantic relation
between their nouns. A word can be denominatedoarnym of another word if the sense of
the latter is more specific than the former, thusihg the second word into a representation
of a subclass of the former (Jurafsky and Mart®09. Two words are sister words if they
share the same immediate hypernym (Fellbaum, 19B&3ed on the work of Kim and

Baldwin (2007), it is hypothesised here too, thatim compounds comprising semantically
similar words are interpreted in the same way. &toee, instead of just using the nouns in
the noun compound when searching for paraphrasesnterpretation method is also tested
by using their synonyms, hypernyms, sister wordswaards that are semantically similar, in

order to improve the recall for noun compound iptetation. The synonyms, hypernyms and
sister words for each noun are obtained from Wotdhe JWNL, and the semantically

similar words for a noun are retrieved throughtthe methods described in Chapter 5, which

automatically extract sets of semantically simiards from corpora.

This means that, when drawing on sister words fiordNet and a (subject, paraphrase,
object) triple (bottle, be made of, glass) is estied with the first method, the paraphrase
made ofwill also be found for the noun compoupthstic bottlebesidegylass bottle since
plastic andglassare sister words in WordNet. Although this helpsniprove recall (since it
extracts more paraphrases from the corpus), it fewgrecision because unsuitable
paraphrases are also extracted more frequentlyntne words are used, the higher the recall,
but the lower the precision.

4.1.1.9 Validation of results with Web search engas

When searching for paraphrases, even if with thgestiparaphrase-object-triples version,
and only using the nouns in the noun compounds (sotg synonyms, hypernyms, sister
words or semantically similar words), some of tReacted paraphrases are not correct. This
can be due to a rare usage of one of the nourwimdun compounds, or due to parsing or
tagging errors among others. And, as was noteddedpplying the subject-paraphrase-and-

paraphrase-object-pairs version, or using synonyaypgernyms, sister words or semantically
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similar words further reduces precision. Therefespecially if one of these above mentioned

versions is employed, the results should be valilaly some means.

It was decided to use the Web through Web seargnes to validate the paraphrases
extracted from static corpora. It is assumed tliah pparaphrase is suitable for a noun
compound, at least some Web pages containing tbe nompound paraphrased by that
suitable paraphrase in some form should show ujs. @dn easily be checked by issuing Web
search engine queries in the form defined belowtaerd verifying the number of returned
pages. If no hit is returned for one of the (noompound, paraphrase) pairs, it is discarded,
and if at least some hits show up, its score islcatated from its original score and the
number of returned pages. Many types of searchhnengueries were tried; a description of
these shall follow. First, very simple queries wéated; for a noun compounal n2and a

paraphrase, all the possible exact queries in the form

“n2Infl THAT p nlinfl”

were issued, where nlinfl and n2Infl are any ofitfilections of n1 and n2, respectively, and
THAT can be one of the following relative pronouttsat, which or who. The returned page
hit counts of all these queries for a (noun comployraraphrase) pair were then added
together to form the Web validation score for tipair. Queries without these relative
pronouns were also tested for. Here, the assumfitaimoun?2 is usually the head of the noun
compound also applies. The problem with this simyalkdation method, however, was that
sometimes, Web search engines do not return aesiagult even for suitable paraphrases. In
order to improve coverage, an extension of the Empethod was undertaken by searching
for other verb tenses of the paraphrase rather shmaple present. Queries searching for the
verb tenses present continuous, present perfegplesipast and simple future beside present
simple were also employed. Thereatfter, the pageréitirned by them were added together to
form the Web validation score (noun compound, pgaiage) pair. Then, another alternative
version was tried out, namely queries with wildsarsimilarly to Nakov and Hearst (2006)
and Nakov (2007). The wildcard characters wereeuldzetween the paraphrase (p), and the
first noun of the noun compound (nlinfl). Querieshwup to 9 wildcards were issued. The
wildcard character is * in both search engines cWltan substitute any word, although in the

case of Google sometimes it substitutes more thanmrd.
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In order to reduce the number of queries, the Bootgperator OR was employed, both inside
the exact queries and between them. Although,aedsbefore, Web search engines can be
inconsistent with Boolean logic, when the numbethef pages found is small (as with exact
gueries like the ones proposed here), using a smuafiber of Boolean operators usually
returns correct results. Thus, instead of issuilhgha possible queries for a given (noun
compound, paraphrase) pair that covers all infbesti of both nouns and all possible
substitutes for THAT, the following query is penioed (in the case of the basic approach):

“noun2Sing that OR which OR who pSing noun1Singh@h1Plur’ OR
“noun2Plur that OR which OR who pPlur noun1Sing @Rin1Plur’

where nounlSing and noun2Sing mean the singulan fof the nouns, nounlPlur and
noun2Plur mean the plural form of the nouns, p®mgans the third person singular form of
the paraphrase and pPlur means the plural formhefparaphrase. The queries are very
similar in case of the extended versions too. Kkan®le, with the version that uses several
verb tenses, the only difference is that a queryeach verb tense is issued where the
paraphrases are in the appropriate tense, aneésh#ing page hits are added together to form
the Web validation score of the (houn compoundapiarase) pair. These multiple queries
could also be concatenated by the OR operator. Menvesery long queries and many
Boolean operators result in false results with ks#hrch engines, so these multiple queries
are carried out separately instead.

After searching for a (noun compound, paraphras&) gn the Web with one of the above
described queries, the score of the (noun compqueraphrase) pair is recalculated from its

original score and its Web validation sc8r&his is done as follows:
SCOT€pey = ln(scoreoriginal + 1) *In (WebValidationScore + 1)

where score,,iging 1S the original score of the (noun compound, parage) pair, and

WebValidationScore is its Web validation score. The logarithms of sueres are used in

20 Actually, the method defined in GeneralParaphgidiethod.java returns the two scores separateleéoh
(noun compound, paraphrase) pair, rather thanrptstning the combined score for each. Therefdrese
scores should be combined with a different progteonexample, this is possible with the programimed in
ListMerge.java, when one of the input lists is egipThis is done so that the results of two différeersions of
the general paraphrasing method can be combingsidasie to obtain the best results (see Sectidn 6.
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order to promote those paraphrases that are frequiem the noun compound in both the
static corpora and on the Web, and plus one iscatlni¢he original score and the page hit
count, so that their logarithm is a valid numbegrey they are equal to 0.

The queries were issued to search for Web pagssimritnglish. Furthermore, in order to
improve the page hit estimates, the largest passibmber of returned pages was requested
for each querd. All the inflections of nouns and verbs generdtatthis validation method
were obtained with the Morphg morphological gerar#tol.

4.1.1.10 Improving the performance of the programs

The problem with applying the two mentioned corpisréhat they are huge, it takes a long
time to read them through, and only a small patthefinformation is utilised. Therefore, in
order to avoid having to read through the wholgusreach time, two programs were created
that are able to read through the given corpusHtitesh National Corpus or the Web 1T 5-
gram Corpus) and extract all the (subject, paregghrabject) triples, (subject, paraphrase) and
(paraphrase, object) pairs, together with all tleeded frequencies to compute mutual
information. In the end, they write all the inforima collected into a simple text file.
Furthermore, they also extract all the informatio@eded for the methods described in
Chapter 5 in order to improve their performance, fthis results in a file the size of 410 MB
for the British National Corpus, and a file theesaf 800 MB for the Web 1T 5-gram Corpus,
minor sizes compared to the approximately 5 GB efzihne parsed British National Corpus,
and around 100 GB size of tagged 4-grams and 5syainthe Web 1T 5-gram Corpus (as
described in Section 4.1.1.3, only the 4-grams Bugglams were used). Further and more
importantly, running the paraphrasing program aséfiles takes only a fragment of the time
needed to run the program on the corpora, espgdralthe case of the Web 1T 5-gram
Corpus. The main function of these programs can Heund in
ExtractinformationFromBNC.java and ExtractinfornoatrromWeblT5gramCorpus.java,

respectively.

2L At the time of writing this was 1000 for both sefaengines. Although Nakov (2007) reported thatgigiage
hit estimates impacts accuracy negatively afteirftarequested 1000 pages, in the noun compoundkdting
task, with this noun compound interpretation taskwas found that requesting the maximum numberagfep
improves accuracy.

33



4.1.2 A method to solve the SemEval-2 Task #9

The method described in the previous section taatd the results returned by the general
paraphrasing method issues Web search engine gderia list of possible paraphrases for
each input noun compound and returns a Web vablagcore for each (noun compound,
paraphrase) pair. Based on that, a method for #mESal-2 Task #9 can be very easily
developed, since the task consists in ranking alghireed list of paraphrases for noun
compounds. The method proposed here returns addisk®f the input paraphrases for each
noun compound based on the returned Web validawone for that paraphrase. The same
type of Web search engine queries can be attemptadthis method too; a comprehensive
illustration of the types of these queries candaadl in Section 4.1.1.9. This method requires
an input file containing the noun compounds witlsiof possible paraphrases for each in the
format of a gold standard file defined for the Se:@E2 Task #9. It returns a file containing
the ranked list of paraphrases for each noun compau the output format defined for the
task, so that the results can then be evaluateddans of the scorer provided.

4.2 Interpreting noun compounds with more than twonouns

To interpret noun compounds that consist of momnthwo nouns, first, their syntactic
structure needs to be determined. For examplatéopretplastic water bottleit is required

to know whether the nouplastic connects to the noun compouwater bottle(meaning a
water bottle made of plastic) or whether the ndarttle connects to the noun compound
plastic water(meaning a bottle for plastic water); here, obslguhe first is correct. This
syntactic structure of a noun compound can be septed by brackets (hence the name of
this task is noun compound bracketing); three-naonn compounds can either be left
bracketed ([[nounl noun2] noun3]) or right brackef(gounl [noun2 noun3]]). Regarding

plastic water bottlethis structure can be represented as [plasticejwaittle]].

There have already been numerous methods proposewdn compound bracketing. Lauer
(1995), for example, proposed an unsupervised mdusEl uses conceptual associations
between the words of the noun compounds based gram- statistics from Grolier's
encyclopedi& to determine left or right bracketing. Girju et &005), on the other hand,

2 http://go.grolier.com
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presented a supervised model containing 15 featfwesthree-noun noun compound
bracketing (5 feature for each noun), based onloedNet sense of the nouns. Moreover,
Nakov (2007) use a lightly supervised approach dase surface features and paraphrases

that are extracted from the Web by Web search engieries.

After the structure of these longer noun compousdtetermined, their interpretation can be
obtained by defining the relationship between tipairts. For a noun compound rhouns,
there aren-1 such relations to be determined, so its interpogtacan be given witm-1
paraphrases (or paraphrase distributions). For pbanto interpret the noun compound
[plastic [water bottle]], the relationship betweéottle and water, and the relationship
betweenwater bottleand plastic needs to be determined; a possible interpretdtorit is
given by the paraphrasdm for and be made ofwhere the first defines the relationship
betweenbottle andwater, and the second defines the relationship betwester bottleand

plastic

As stated before, in almost all noun compoundsst#wnd noun is the head and the first is
the dependent, defining a property for the head| #re compound of the two nouns
syntactically behaves as the head would. Thushélael of the noun compound can substitute
the whole noun compound to form a more general @und herefore, the relation between a
noun compound and a noun is the same as the relaBtween the head of the noun
compound and the noun, a relation which is actuliyinterpretation of the noun compound
formed by the head of the original noun compound #me noun. Hence, the task of
interpreting a noun compound withnouns can be substituted with the task of inteirnpyen-

1 two-noun noun compounds, by replacing smaller noompounds in the whole noun
compound with their heads. For example, the ingtgpion of the noun compound [plastic
[water bottle]] can be performed by analysing tleem compoundsvater bottleandplastic
bottle separately, since the noun compowater bottlecan be replaced withottleto form a
more general concept. Then, the two separate metatpns form the overall interpretation of

the whole noun compound.

Because interpreting longer noun compounds carubstituted with the task of interpreting
two-noun noun compounds separately, the generappeasing method described in Section
4.1.1 can also be employed to interpret noun comg®wf more than two nouns, given their

syntactic structure has been previously determinsithough identifying the syntactic
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structure of noun compounds is beyond the scopbki®fdissertation, numerous methods are
already solving this task (for example the methagmtioned above). Thus, for a previously
bracketed noun compound [[nounl noun2] noun3]],&eample, the general paraphrasing
method can be used to interpret the noun compoumodsil noun2and noun2 noun3
separately, which two interpretations together fdim interpretation of the whole noun
compound. This can be applied very similarly tomeompounds comprising any number of

nouns, with any structure.
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5 Methods for automatically creating sets of

semantically similar words

As explained in Section 4.1.1.8, it is hypothesjsaahilarly to Kim and Baldwin (2007), that
noun compounds comprising semantically similar wostlare the same semantic relations.
Therefore, in order to improve coverage, insteagustf using the inflections of nouns in the
noun compounds to search for paraphrases, theongyms, hypernyms, sister words and
semantically similar words are also tested forthils chapter, two methods are presented by
which a set of semantically similar nouns for eagbut noun can be automatically created.
The underlying idea assumes that nouns that bekiavédarly, i.e. occur in relation with
similar words, are semantically similar. Therefare,order to identify semantically similar
nouns, the words that they are frequently in refatvith should be identified. This can be
achieved by automatically analyzing relations estgd from a large corpus, where one of the

words in the relation is a noun.

Both methods presented here resort to (subjecappeaise), (object, paraphrase) and (noun,
non-clausal modifier) relations extracted from apcas, and define (noun, noun) similarity
based on these relations. The same two static wpere selected for this task as well as for
the general paraphrasing method, namely the BiNetional Corpus and the Web 1T 5-gram
Corpus. However, as described in Section 4.1.4dyjihg short n-grams results in too many
errors, therefore no (noun, non-clausal modifieptions, only (subject, paraphrase) and
(object, paraphrase) relations were extracted fitwematter corpus. The (subject, paraphrase)
and (paraphrase, object) relations are extracted the corpus in the same way, as described
in Section 4.1.1.1, and the (noun, non-clausal fresjlirelations are simply the (noun, non-
clausal modifier) relations identified by the parse

Both methods take a list of nouns as input, compé#ref these nouns to all of the common
nouns found in the corpus, and return a rankeaftisbuns for all input nouns based on their
similarity. However, only nouns with frequency obre than 5 are considered as possible
similar nouns. The reason for this was three-fotdt, many of the words discarded this way
are in fact not common nouns and were tagged thgthecause of a tagging error. Second,

feature distribution is not really representativighwsuch low frequencies. Third, as stated
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before, these methods need a significant amoucdmputation, and by ignoring these words

the amount of computation needed is proportionalpared to if they were also used.

Section 5.1 describes a method that was origirmaibposed by Lin (1998) to define word
similarity; this has been implemented with somengjes here. Section 5.2 exposes a method
that determines the similarity between nouns bynmaed numerical feature vectors. The main
function of these methods can be found in
ExtractSemanticallySimilarWordsWithLinMethod.java nda

ExtractSemanticallySimilarWordsWithNumericalFealgetors.java, respectively.

5.1 The method originally proposed by Lin (1998)

The method to measure word similarity as proposedtit (1998) was implemented for this

dissertation with some changes. As stated aboubjg&, paraphrase), (paraphrase, object)
and (noun, non-clausal modifier) relations are usethe features of the nouns (with the Web
1T 5-gram Corpus, the latter type of relationsraseused). Each noun is described by a set of
these features, irrespective of the number of timeslation occurred. These feature sets are

then compared with the following similarity measure

2% I(F(wy) N F(wy))
I(F(wy)) + I(F(wy))

sim(wy, wy) =

where for any set 9,(S) is the amount of information contained in it. Ider to make
computation easier, it is assumed that all theufeatare independent of each other (although
this is not completely true). In this case the amiaf information contained in a set can be

calculated as:

1(5) = = ) 1ogP(f)

fes

where P(f) is the probability of feature f. Although the patiility of a feature cannot be
exactly computed, it can be estimated with the pridpgn of common nouns that have that
feature among all the extracted common nouns. Sinidarity measure returns a value for
each word pair between 0 and 1 (inclusive), 1 baihgn the two words have the same set of
features, and 0 being when they do not have a confeature.
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Some changes have been made to the originally pesbeonethod, however. First, Lin
proposed to use (subject, verb), and (verb, objesiBtions directly available from the
dependency triples returned by the parser. Hestea of verbs, paraphrases are adopted
which can consist of a single verb and of a ver preposition(s), as well. In addition, they
can also contain verb patrticles. It is supposetifidesting for paraphrases instead of single
verbs, the results should improve, since phrasdds and verbs with prepositions should
characterize a noun better than single verbs. kample, take the sentence “The plane took
off”; extracting the (subject, paraphrase) paiaf@, took off) is much more descriptive of the
nounplanethan the pair (plane, took). Moreover, extracjung the verb without the particle
can bias the results negatively; it makes the nane more similar to nouns that also occur
with the verbtakewith or without any particle, and not only to nsuhat occur witliake off
Prepositions and verb particles are extracted nheame way as detailed in Section 4.1.1.5.
Second, as demonstrated in Section 4.1.1.6, pagsikephrases are different from other
paraphrases since their grammatical subject isabytineir underlying object. Therefore, they
should be treated differently than active paragsashis is done exactly the same way as
depicted in Section 4.1.1.6. Third, as was detaileSection 4.1.1.7, patientive ambitransitive
paraphrases in their intransitive use behave thee seay as passive paraphrases do, namely
their surface subject being their underlying obj&dterefore, under this method as well,
patientive ambitransitive paraphrases encountamnetheir intransitive use are treated as if
they were passive. Fourth, only three types ofticela are considered in the feature sets,
namely (subject, paraphrase), (paraphrase, olgadtnoun, non-clausal modifier) relations,
since only these were deemed relevant for nouns.(d&terminer, noun) relations were not
taken into account, since these relations are al@vant when only comparing nouns.
Besides, no other types of relations were consitjesieice they are believed to originate in

parsing errors or being irrelevant to noun-noun jganson.

5.2 Automatically creating semantic categories usgq numerical
feature vectors

The method described in the previous section, hewedoes not take the frequencies of
relations in the corpus into account, which is alseful information. To make use of this

information too, in this method each noun is démai with a vector containing its

dependency relations as features with weights. Noonilarity is based on the similarity of
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these vectors. The weight for a feature is baseitsdrequency, and the two types of weights
considered are described in Section 5.2.1. Simdathe method outlined in the previous
section, paraphrases are used with possible ptepwsiand/or verb particles instead of
simple verbs, and passive paraphrases and pageamnbitransitives in intransitive use are

also treated the same way as in the other approach.

5.2.1 The measures used as weights in the featuexctors

Two measures are applied as weights in the featectrs. Whereas the first is simply the
frequency of that particular feature, the othemigtual information (a description of mutual
information can be found in Section 4.1.1.4). Wheequencies are concerned, nouns
displaying similar frequency distribution in thé#atures are considered similar. In the case of
mutual information, those nouns are consideredlainfor which the same features are most
descriptive. As also mentioned in 4.1.1.4, mutudibrimation is unstable with very small
frequencies, therefore only relations with a fregpyeof greater than 5 were included in the

feature vectors in this case.

5.2.2 Vector similarity measures

Three vector similarity measures were considerdte first was cosine similarity, which
measures the similarity of two vectors by accounfor the cosine of the angle between them
(Crook, 2010, Manning and Schiitze, 2000). It candleulated as:

l 1XiYi

Y _
V™ [oant o

A IR

cos(X,y) = |

It was decided to test for another vector simjambeasure as well, namely the Dice
coefficient (Manning and Schiitze, 2000), as it dlas been used by many researchers for

comparing vectors. In its original version, it camly be used for Boolean vectors though, as:

2
Dice(X,y) = =——=
x y
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Therefore, it has to be generalized to numericators in order to be able to apply it for this
purpose. However, more than one way of generalizing been proposed. Lin (1998)
suggested the following calculation:

2 X7 XY
?:1 xlz + 271:121 ylz

Dice(X,y) =

On the other hand, Nakov (2007) proposed the falgw

2 ¥ min (x;,y;)
Lax Xy

Dice(X,y) =

As both generalizations were tested for here, iheetsimilarity measures calculated were the

cosine similarity as well as the two versions & Dice coefficient.
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6 Evaluation of the results

This chapter is dedicated to the evaluation oftin@ paraphrasing approaches proposed in
this dissertation. First, the method, which wagtemi for the SemEval-2 Task #9 was tested,
in order to find out which type of Web searchesvpte the best results for paraphrasing.
These results are presented in Section 6.1. Thengéneral paraphrasing approach was
assessed using the type of Web search that provied best in the case of the other method.
Section 6.2 provides the results for this geneabphrasing method. As pointed out in

Section 4.1.1.2. Web search engine results areablasbver time (even running the same
guery twice immediately one after the other carultem different results), therefore the

results for both methods are variable in time.

6.1 Evaluation of the method for the SemEval-2 Task9

All the different versions of queries describedSaction 4.1.1.9 were tried in this method.
First, the versions were tested on the first 1@0mcompounds of the test data provided for
the SemEval-2 Task #9 and just the best performing one was tested emtiole dataset.
This can be attributed to the fact that some ofmthrequire a significant number of Web
searches and that the number of queries that casibed with commercial search engines in
a given time period is limited (as described inti®&c4.1.1.2). The evaluation was done by
means of the scorer provided for the task, whicmmgares the distribution of returned
paraphrases for each noun compound against a gwidasd provided for the task. Since the
Kullback-Leibler divergence is only defined for o values, all the 0 scores were replaced
by 0.001. Furthermore, if for one of the noun coomus the score of all the (noun
compound, paraphrase) pairs are the same, the ahtne of those pairs (this pair is
randomly selected) is changed from 1 to the nektevdif there are x (noun compound,
paraphrase) pairs for the noun compound, then,teaxjhat the Spearman’s rank correlation
coefficient can be calculated (otherwise the caliboths would require a division by 0). The
results of some of the versions tried can be faanihble 3.

2 https://docs.google.com/View?docid=dfvxd49s_35bkpt
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Max. Number Average Average Average
Method | Search| number Relative , . | Kullback-
. of verb Spearman’s | Pearson’s :
No. Engine of pronouns . . Leibler
. tenses correlation | correlation | .
wildcards divergence
1 Yahoo 0 1 no 0.2577 0.2191 6.610%
2 Yahoo 0 5 no 0.2628 0.2266 6.5531
3 Yahoo 0 1 yes 0.2260 0.2645 6.0842
4 Yahoo 7 1 no 0.2936 0.2006 6.5193
5 Google 0 1 no 0.2313 0.2685 5.1769
6 Google 0 5 no 0.2472 0.2828 5.0271
7 Google 0 1 yes 0.2183 0.2961 5.2899
8 Google 1 1 no 0.3159 0.3140 4.2370

Table 3: Results of some of the versions of thehotor the SemEval-2 Task #9

If the maximum number of wildcards is x for a methd means that queries with 0, 1, ... X
number of wildcards were issued and that theirltesuere added up. Queries without the
relative pronounshat, which or who proved to return better results than the onesudicy
them. Moreover, as can be observed from the rese#isng for several verb tenses instead of
just simple present affected the results positivielthe case of both search engines, inserting
wildcards proved to be the best; optimal resultsewachieved with up to one wildcard for
Google and with up to seven wildcards for Yahoo!.

As method No. 8 came off best on the first 100 n@ompounds of the test data set
(according to all three measures), that method teated on the whole test data set. It
achieved an average Spearman’s rank correlatioificent of 0.3387, an average Pearson’s
correlation coefficient of 0.3196 and an averagdld&ek-Leibler divergence of 4.1520 (the
first being the official measure). Those 15 noumpounds of the test data set, on which this
method performed best and worst (according to feaBnan’s rank correlation coefficient),
can be found in Table 4 and Table 5, respectiviedyseparate performance on all the noun
compound of the test data set can be found in Agiged.

43



Noun compound

Spearman's rank

Pearson's correlation

Kullback-Leibler

correlation coefficient coefficient divergence
colour printer 0.7050 0.6434 2.5173
warbler family 0.6762 0.4604 4.4521
photo album 0.6577 0.7501 1.0420
furniture company 0.6423 0.6736 0.8902
soup pot 0.6355 0.1015 2.5343
fabric house 0.6248 0.5740 3.1687
family business 0.5993 0.3232 2.2401
gun boat 0.5988 0.2997 3.9465
light bulb 0.5978 0.7003 1.5152
protein source 0.5825 0.7029 2.1611
metal body 0.5697 0.6111 2.1404
vehicle industry 0.5604 0.2262 2.7620
margin note 0.5552 0.5602 3.9474
carbon deposit 0.5543 0.8221 2.6708
paper tray 0.5538 0.6876 2.3574

Table 4: Those noun compounds of the test datasethich the method for the SemEval-2 Task #9

performed best

Noun compound

Spearman's rank

Pearson's correlation

Kullback-Leibler

correlation coefficient coefficient divergence
absorption hygrometers 0.0351 0.3631 2.8540
monkey pox 0.0170 -0.0259 6.8030
commonwealth status 0.0168 -0.0178 8.5196
summer comfort 0.0104 0.5012 6.9117
war secretary 0.0103 -0.0456 10.1940
dominion status 0.0076 0.0044 7.0167
eaves troughs -0.0055 0.0104 49515
excavation skills -0.0082 -0.0305 4.2094
altitude reconnaissance -0.0096 -0.0513 6.0788
newspaper subscriptions -0.0099 0.1932 4.8037
catalog illustrations -0.0400 0.2526 5.1265
ballet genres -0.0601 0.0126 5.0827
broadway youngster -0.0693 -0.0637 6.9027
rococo spirit -0.0778 -0.0569 4.0635
phonograph pickups -0.1707 -0.2062 5.4311

Table 5: Those noun compounds of the test datasethich the method for the SemEval-2 Task #9

performed worst
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6.2 Evaluation of the general paraphrasing method

The evaluation of the general paraphrasing methasl much trickier than the evaluation of
the method for the SemEval-2 Task #9. Althoughas\wlso tested on the noun compounds in
the test set of the SemEval-2 Task #9, the scaviged to compare the results of the
general paraphrasing method with the gold standgambt suitable for two main reasons.
First, this general paraphrasing method does rotaysredefined list of paraphrases for each
noun compound to be ranked, therefore it also metymaraphrases that are not in the gold
standard, and does not return some that are 8ettond, the paraphrase list for each noun
compound in the provided gold standard is usuatpar long, sometimes more than 100
paraphrases are proposed for a noun compoundhigiahumber is absolutely not necessary
for the interpretation of a noun compound; | bedieghat a handful of them are perfectly
enough to define a noun compound’s full meaning ptoblem with these long lists of noun
compounds is that the method proposed here oftgnreturns a small number of possible
paraphrases. Although these may be sufficient tinelehe full meaning of the noun
compound, comparing these against the long listsachphrases in the gold standard is not
meaningful. Therefore, English native speakers weceuited who were given the returned
set of paraphrases for each noun compound wittheirt $cores and ranking, and were asked
to score each. Because of the limited amount oflabla human resources, the different
versions of the general paraphrasing algorithm west&d manually first. In the end, only the
method considered to return the best results walsiaed by the judges. Furthermore, for the
evaluation only the first 50 nouns of the SemEv&ts? data set were taken into account. As |
believe that a handful of paraphrases are perfsaitgble to interpret a noun compound, only
the best 3 returned paraphrases were evaluatesh@dr noun compound. After all, 5 native
speakers were employed and each was given theofaskaluating these 50 times 3 (noun
compound, paraphrase) pairs. They were requiredeliver a score between 1 and 5 (both
inclusive) for each paraphrase, 1 meaning that @dompletely unsuitable and 5 meaning that

it is perfectly suitable.

So, before the evaluation, the best version ofrtiethod was determined by manually testing
the results. The subject-paraphrase-object-triplesion performed with a significantly

higher precision, yet with lower recall. The highiecall for the other method is due to the
fact that identifying a suitable (subject, paragkraobject) triple is much more improbable

than just finding suitable (subject, paraphrase) @bject, paraphrase) pairs. However, the
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former provides a suitable paraphrase with a mughen probability since it recognises an
actual paraphrase of the noun compound. Furthesmmaey more paraphrases were returned
when applying the Web 1T 5-gram Corpus than whemgute British National Corpus; this

is due to the fact that the former is many timegdathan the second. Nevertheless, as stated
before, even with these large corpora, there arepa@phrases found for many noun
compounds in them. Therefore, the inclusion of symws, hypernyms, sister words and

semantically similar words for the nouns in the meompounds was proposed.

The synonyms, hypernyms or sister words for a ncam be obtained by WordNet, while
semantically similar words for a noun can be gaitedugh one of the methods proposed in
Chapter 5. Both methods proposed in Chapter 5 prdeebe successful in returning
semantically similar words. They both deliveredesidr performance when tested on the Web
1T 5-gram Corpus. The method employing numericailuiee vectors performed significantly
better when using mutual information as weightsféatures instead of simply frequencies, as
was expected. Applying the three different propossctor similarities did not result in much
change in the results, however; still, the cosinelarity was considered best. Comparing the
results of the two methods resulted in a decisiofavour of the method originally proposed
by Lin (1998). The three most similar nouns fort# nouns in the first 50 noun compounds
of the test data set returned by this approachbeafound in Appendix &f. However, these
methods to obtain semantically similar nouns foloan have a significant disadvantage over
applying WordNet to obtain synonyms, hypernyms istes words: it is hard to define a
proper limit, above which a noun is consideredédacsimilar to another noun. If a limit seems
reasonable for a given noun it usually includesrwmy nouns for another, and too few for
yet another. The general paraphrasing method vséedteising the best automatic extraction
method to obtain semantically similar words, andhgiswordNet to obtain synonyms,
hypernyms or sister words. After many experimethis,sister word obtained from WordNet
proved to be the best. Although initially it seendegical to only resort to the sister words of
one of the nouns in a noun compound at a time,iasadd Baldwin (2007) also suggest, in
order to avoid over-generation, actually betteultsswere obtained when using the sister

words for both nouns at a time.

24 The most similar noun for any noun is actuallglitswith a similarity score of 1, therefore in Agmdix D
those 3 most similar nouns are listed for each natnich are different from that noun in focus.
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Although including sister words improves recall swlerably, it lowers precision
significantly. Besides, when only using the nounsthe noun compounds (not using
synonyms, hypernyms, sister words or semanticafiylar words), some of the extracted
paraphrases are not correct. Therefore Web semgine queries are performed to validate
the results; the new score for each paraphrassdslated from its original score and its Web
validation score, as described more comprehensivelyection 4.1.1.9. Probably the Web
validation method is the reason why including sisterds for both nouns returned better
results; using sister words for both words resiritsnore results (therefore higher recall).
Although the precision is lower, most of the ineatr hits will be filtered out by the Web
validation method anyway.

The final version of the general paraphrasing nobtiadiich returned the best overall results,
is the subject-paraphrase-object-triples versismgithe Web 1T 5-gram corpus. Obviously,
the best precision is obtained when no substituwdedsvare included, but then the recall is
low. On the other hand, when many substitute waues used, the recall is high and the
precision is low. As neither of these cases isno@li a combination of the two methods is
proposed. First, both the method with no substitubeds and the method containing sister
words is run; this results in two ranked list ofggghrases for each noun compound (although
for many noun compounds only the version usingstber words returns paraphrases). These
need to be somehow compiled into one common lisiceSno substitute words involved
results in a much higher precision, paraphrasesmed by that method should be more likely
to rank higher. Nonetheless, the other method mstaignificantly higher scores, since some
nouns have more than 200 sister words, which csultren more than 40000 possible noun-
noun combinations for a noun compound. Thereftwe stores returned by the method using

the sister words need to be rescaled; as is dotieehyeasure:

SCOT€original * lowest_of _nosubst

SCOT ey, =
new highest_of _withsisterwords

where scoreriging 1S the original score of the (noun compound, paragpe) pair,
lowest_of _nosubst is the score of the lowest scoring paraphrasettier given noun
compound returned by the version not testing forbsstute words, and
highest_of _withsisterwords is the score of the highest scoring paraphraseh®rgiven

noun compound returned by the version applyingsisbrds. Obviously, this formula is only
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valid for those cases where both methods returbéshat one paraphrase for the given noun
compound. Furthermore, in case a paraphrase odcub®th lists, it is included in the
common list with the score it achieved when the ho@twith no substitute words was
applied. With this rescaling, the best paraphras@fnoun compound returned by the method
using sister words has the same score as the \paraphrase for that noun compound
returned by the method not using any substitutedscorhe ratio between the scores of the
paraphrases returned by the same method remainsathe. The two lists are combined
before the Web validation. The main function of fhregram that does this rescaling and
compiles a single list from the two paraphraseslisin be found in ListMerge.java. This
rescaling proved to be useful, since it promotaggarases that are returned by the method
with no substitute words. However, since a furthedidation with Web search engine queries
is performed, it is possible that paraphrases metliby the other method rank higher, if they
are highly suitable according to the Web validatidhe Method No. 8 described in the
previous section is used for the Web validatiomcaiit returned the best results for the
SemEval-2 Task #9. This validation is detailed @ct®n 4.1.1.9. The results of this method
were evaluated then by human judges. For one afidie compounds in the test set, namely
altitude reconnaissanc@&o paraphrases were returned at all. This caattbbuted to the fact
that this noun compound is very rare, and evensi@nd noun by itself occurs very
infrequently. Therefore the human judges were dgtuaquested to score 49 times 3 (noun
compound, paraphrase) pairs. Subsequent calcudatvene realised as if 3 paraphrases had
been returned foaltitude reconnaissancto, all of which were given a score of 1 by each

judge.

Before the human judges’ evaluation can be usedytain agreement between the individual
judges needs to be corroborated. In the case aoifismnt disagreement, neither is data
provided by them reliable nor can conclusions baduded from it. The reliability of the data

was checked using Krippendorff's alpha measureclvhs a standard reliability measure
proposed by Krippendorff (2004). Krippendorff's agpwas calculated using a macro written
for SPSE by Hayes and Krippendorff (2007). The alpha mdr was 0.435 for the

evaluation provided by the 5 judges, which meard there was significant disagreement
between them. This could result from the fact thahy of the noun compounds given in the

test data set are hard to interpret even for hupfangxample, 2 of the judges were not able

% http://www.spss.com/
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to evaluate the paraphrases #mtivity spectrum Furthermore, sometimes the meaning of
noun compounds can be ambiguous, which can leadismgreement. Those 39 (noun
compound, paraphrase) pairs with a standard demiati at least 1.5 were discarded. Then

the alpha measure became 0.696, which was condideceptable for this task.

The evaluation was performed in two different waysst, by calculating the average score
given for those paraphrases ranked best by theauieldscribed here; they obtained a 3.1842
average on the scale from 1 to 5. The averageescbrthe second and third ranked

paraphrases were calculates similarly, resulting. #5687 and 2.5583, respectively. Then, the
similarity of the paraphrase distribution returdiedeach noun compound by this method and
the distributions given by the human judges werkeutated, similarly as done with the

method for the SemEval-2 Task #9. To do this, t&@uation returned by the judges was
converted into the gold standard format requiredtii® SemEval-2 Task #9 scorer, which
provided the means for the comparison. This metddeved an average Spearman’s rank
correlation coefficient of 0.3108, an average Rad@sscorrelation coefficient of 0.2738, and

an average Kullback-Leibler divergence of 0.1%8Fhose 10 noun compounds of the test
data set, for which the judges’ average scoreldhalreturned (and not omitted) paraphrases
are the best and the worst, can be found in Talkdad Table 7, respectively. The best 3
paraphrases returned for the 50 test noun compotogkther with the returned score, as well

as the average and divergence of the scores giwvémejudges can be found in Appendix E.

% This calculation was performed on those noun camgs, for which at least 2 paraphrases with differe
score remained after omitting the (noun compourdagphrase) pairs with a standard deviation of atlé.5.
On the other noun compounds the employed measane®tbe calculated.
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Average score
Noun Compound given by the

judges
broadway youngster 4.7500
cell membrane 4.6000
cattle population 4.4000
arts museum 4.3333
business sector 4.2000
arts colleges 4.0000
backwoods protagonist 3.8750
antibiotic regimen 3.8667
census population 3.8667
business applications 3.7000

Table 6: Those noun compounds of the test data
set, on which the general paraphrasing method
performed best (considering the judges’ average
score of all the returned (and not omitted)
paraphrases)

Average score
Noun Compound given by the

judges
championship bout 2.0000
buddhist philosophy 1.8000
cell block 1.7500
banana industry 1.7333
ancestor spirits 1.6000
anode loss 1.5000
bird droppings 1.2667
bow scrape 1.2500
activity spectrum 1.0000
altitude reconnaissance 1.0000

Table 7: Those noun compounds of the test data
set, on which the general paraphrasing method
performed worst (considering the judges’
average score of all the returned (and not
omitted) paraphrases)
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7 Conclusion and future work

The interpretation of noun compounds is requiredni@ny NLP tasks, including machine
translation, question answering, information retileand information extraction. The aim of
this dissertation has been to develop a method ititatprets noun compounds using
paraphrases. Utilising paraphrasing methods fomnmmpound interpretation has already
proven to be useful for many tasks, including maehranslation (Nakov, 2008) and solving
relational similarity problems (Nakov and Hearsd0&) among others. Two such methods
have been developed; one for general noun compiotergretation and one for the SemEval-
2 Task #9.

The SemEval-2 Task #9 requires programs to retuwamleed list of a given sample of suitable
paraphrases for noun compounds according to thmiteas. A method for this task was
generated from the Web validation part of the galnparaphrasing approach. This method
was evaluated on the test data set of the SemEValsR #9; the distribution of returned
paraphrases for each noun compound was compartte tgold standard provided by the
organizers with the scorer that was made availdbkchieved an average Spearman’s rank
correlation coefficient of 0.3387, an average Radsscorrelation coefficient of 0.3196 and
an average Kullback-Leibler divergence of 4.152fe (first being the official measure).
Although these scores are significantly lower thia@ scores of the best methods presented
for this task (the best achieved an average Speésmank correlation coefficient of 0.45,
and an average Pearson’s correlation coefficienD.dfl1 (Wubben, 2010); its average
Kullback-Leibler divergence was not published), tesults are promising, especially given
the simplicity of the method (it is much simplerath most methods submitted for the
SemEval-2 Task #9). In addition, it performed hettean two of the submitted programs.
Moreover, extending the initiated queries coulddl¢a improvements in the future. For
example, it could test for all the possible verbses, or employ the synonyms, hypernyms,
sister words or semantically similar words of tleaims as well, similar to how it is done with
the general paraphrasing method. Besides, thereliffeextensions of queries could also be
combined; for example searching for multiple vedmses with wildcard characters or

synonyms with wildcard characters, respectively.
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It should be noted that all the methods proposedhie SemEval-2 Task #9, including the
method discussed here, have the weakness of megjairset of suitable paraphrases for each
noun compound as input to be able to produce aethh&t of paraphrases. This limits their
suitability for real-world applications, since inost applications requiring noun compound
interpretation, no such input is available. Therefdahese methods need to be generalized in
order to be implemented in most other applicatidinss method could be generalised easily.
With all types of the Web queries proposed, instehdssuing exact queries with all the
paraphrases for the noun compounds provided, guett wildcard character(s) in the place
of the verb could be performed. Then, there remiaatking else than to analyse the returned
snippets. This generalization is very similar t@ thoun compound interpretation method
described by Nakov and Hearst (2006) and Nakov qR0D believe that this method,
especially after generalization, could contributethe development of future methods; it
could be integrated into them to improve their hssdrurthermore, these results indicate that

Web search engine statistics can be useful for coorpound interpretation.

The general paraphrasing method uses large cotposaarch for possible paraphrases for
noun compounds, and then constructs a ranked flippssible paraphrases for each noun
compound based on different scoring measures. Mbtbhod was tested on the first 50 noun
compounds of the test data set provided for theEsaitr2 Task #9, and the resulting first
three paraphrases for each noun compound wereatedllby human judges. The average
scores received by the paraphrases that were rditkgdsecond and third by the method
proposed here are 3.1842, 2.7687 and 2.5583, tasggcon a scale of 1 to 5. This shows
that the returned paraphrases are considered nteljesaitable on average. Further, when
comparing the paraphrase distribution for each rmampound returned by this method with
the distributions given by the judges, it achiexswd average Spearman’s rank correlation
coefficient of 0.3108, an average Pearson’s cdroglaoefficient of 0.2738 and an average
Kullback-Leibler divergence of 0.1589. Although th&o correlation coefficients are not
really high, from the beginning it was assumed thajeneral paraphrasing method would
perform worse than a method written for the Semvahsk #9, since it is much harder to
automatically identify suitable paraphrases fooamcompound and return them ordered in
terms of aptness than simply ranking a given ligharaphrases for a noun compound. Still,
the Kullback-Leibler divergence obtained here iscmgmaller than with the other method.
Given the difficulty of the task, | believe thateie are promising results, especially when

considering a significant disagreement about théalsility of paraphrases for noun
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compounds even among native speakers. Furthermenmelated in Section 4.1.1.3, due to a
lack of time, the Web 1T 5-gram Corpus was tagged ot parsed (it would have taken

approximately half a year in CPU time), and thengraatical relations inside the n-grams
were deduced based on part-of-speech patterns. \owaferring the grammatical relations

from part-of-speech patterns embodies a much higher rate than when the relations are
obtained with a parser. Therefore it is suggedtadinh the future, the Web 1T 5-gram Corpus
also be parsed and the general paraphrasing méthaested on that as well. This should

improve the results significantly.

After all, the presented evidence allows me todwelithat the methods presented here seem
suitable to be employed in real-world applicatioms. any case, they are a valuable
contribution to the field of Natural Language Prsgiag.
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Appendix A — List of Prepositions

of

to

in

for

on
with

as

at

by
from
about
into
than
like
over
after
between
through
before
out
under
per
against
since
within
without
during
until
around
towards
across
upon
among
behind

2895148
2445692
1836647
830314
683603
624486
549222
489915
486235
401298
166376
147964
136592
112057
106547
106020
86204
76334
73721
58127
57300
51502
51326
45859
43526
42188
41330
37672
34010
25839
22128
21530
21267
19626

along
above

up

down
near

off
outside
below
throughout
beyond
except
inside
onto
beneath
unlike
beside
via

till
alongside
amongst
past
besides
toward
amid
aboard
underneath
minus

notwithstanding

plus
save
atop
amidst
astride

18832
18667
18232
15005
13795
12936
12441
11980
11608
10528
9619
7567
5499
4321
4314
4298
4111
3183
2455
2406
2373
2303
1098
1012
619
570
397
387
319
210
118
104
103



Appendix B — List of patientive ambitransitive verbs

abate
accelerate
acetify
acidify
advance
age
agglomerate
air

alkalify
alter
ameliorate
americanize
asphyxiate
atrophy
attenuate
awake
awaken
balance
bang
beam
beep
belch
bend
bivouac
blacken
blare

blast
bleed
blink

blunt

blur

board
bounce
break
brighten
broaden
brown
bubble
burn

burp

burst

buzz
calcify
canter
capsize
caramelize
carbonify
carbonize
change
char

cheapen
chill

chip

choke
clack

clang

clash
clatter
clean

clear

click

clog

close
coagulate
coarsen
coil
collapse
collect
compress
condense
contract
cool
corrode
crack

crash
crease
crimson
crinkle
crisp
crumble
crumple
crush
crystallize
dampen
dangle
darken
de-escalate
decelerate
decentralize
decompose
decrease
deepen
deflate
defrost
degenerate
degrade
dehumidify
demagnetize
democratize
depressurize

desiccate
destabilize
deteriorate
detonate
dim
diminish
dirty
disintegrate
dissipate
dissolve
distend
divide
double
drain
dribble
drift

drip

drive
drool
drop
drown
dry

dull

ease
emanate
empty
emulsify
energize
enlarge
equalize
evaporate
even
expand
explode
exude
fade
fatten
federate
fill

firm

flash
flatten
float
flood

fly

fold
fossilize
fracture
fray
freeze

freshen
frost
fructify
fuse
gallop
gasify
gelatinize
gladden
glide
glutenize
granulate
gray
green
grow
gush
halt
hang
harden
harmonize
hasten
heal
heat
heighten
hoot
humidify
hush
hybridize
ignite
improve
increase
incubate
inflate
intensify
iodize
ionize
jangle
jingle
jump
kindle
leak

lean

leap
lengthen
lessen
level
levitate
light
lighten
lignify
liquefy



lodge
loop
loose
loosen
macerate
magnetize
magnify
march
mature
mellow
melt
moisten
move
muddy
multiply
narrow
neaten
neutralize
nitrify
ooze
open
operate
ossify
overturn
oxidize
pale
perch
petrify
polarize
pop
pound
pour
proliferate
propagate
puff
pulverize
purify
purple
putrefy
quadruple
quicken
quiet
quieten

race
radiate
redden
regularize
rekindle
reopen
reproduce
rest
revolve
ring

rp

ripen
roll
rotate
roughen
round
rumple
run
rupture
rustle
scorch
sear
seep
settle
sharpen
shatter
shed
shelter
shine
short
short-circuit
shorten
shrink
shrivel
shut
sicken
silicify
silver
singe
sink

sit

slack
slacken

slide
slim
slow
smarten
smash
smooth
shap
soak
sober
soften
solidify
sour
spew
spin
splay
splinter
split
spout
sprout
spurt
squeak
squeal
squirt
stabilize
stand
steady
steam
steep
steepen
stiffen
stifle
straighten
stratify
stream
strengthen
stretch
submerge
subside
suffocate
sweat
sweeten
swim
swing

tame
tan
taper
tauten
tear
tense
thaw
thicken
thin
tighten
tilt

tinkle
tire
topple
toughen
triple
trot

turn
twang
twirl
twist
ulcerate
unfold
unionize
vaporize
vary
vibrate
vitrify
volatilize
waken
walk
warm
weaken
westernize
whirl
whiten
widen
wind
worsen
wrap
wrinkle
yellow



Appendix C — Results of the method for the
SemEval-2 Task #9

Spearman'srank  Pearson's correlatior Kullback- Leibler

Noun compound correlation coefficient coefficient divergence
absorption hygrometers 0.0351 0.3631 2.8540
activity spectrum 0.3225 0.2413 5.3023
afternoon rain 0.3014 0.4808 4.1405
air current 0.2830 0.0243 3.0473
air pocket 0.3525 0.0923 45210
altitude reconnaissance -0.0096 -0.0513 6.0788
anatomy professor 0.3794 0.7871 3.2733
ancestor spirits 0.2141 0.1423 7.6719
anode loss 0.3965 0.2594 5.8170
antelope species 0.3568 0.4778 4.7729
antibiotic regimen 0.5295 0.5311 5.5873
apartment dwellers 0.2579 0.6377 3.1506
application areas 0.4675 0.4917 1.6311
arab world 0.4164 0.0835 5.3588
area basis 0.2630 0.2517 3.2206
arts colleges 0.1874 0.1767 2.6013
arts museum 0.4223 0.4266 3.0470
automobile factory 0.4296 0.7759 2.7935
baccalaureate curriculum 0.1598 0.1288 8.0222
backwoods protagonist 0.1745 0.0365 4.1530
ballet genres -0.0601 0.0126 5.0827
banana industry 0.2677 0.0858 6.7506
band concert 0.3581 0.2266 42111
bathing suit 0.1447 0.0916 7.3140
battery technology 0.4480 0.2610 3.6966
bile duct 0.3307 0.3404 4.1319
bird droppings 0.1430 -0.0165 7.5374
bow scrape 0.1637 0.0942 4,9282
broadway youngster -0.0693 -0.0637 6.9027
buddhist philosophy 0.2961 0.0699 6.1899
building site 0.5071 0.6519 2.2238
business applications 0.3249 0.2651 1.8650
business economics 0.3619 0.3375 2.2550
business education 0.3216 0.1168 3.6730
business holdings 0.2272 0.1090 2.7102
business investment 0.3668 0.4123 1.8863
business sector 0.2844 0.2960 3.2914
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cancer cells

car odor

carbon deposit
carrier system
catalog illustrations
cattle industry

cattle population
cattle town

cell block

cell membrane
census population
ceramics products
championship bout
chemistry laboratories
chest pain

child custody

child welfare
childhood sexuality
choice species

cirrus cloud

city dwellers

city legislature

city population
climate pattern
coalition cabinet
coalition government
cold virus

colour printer
commonwealth status
communications industries
communications satellite
communications systems
community education
company car
computation skills
computer catalog
computer expert
computer memory
computer novices
concert appearances
concert hall

concert music
consonant systems
construction industry

0.4384
0.2692
0.5543
0.3028
-0.0400
0.2389
0.5279
0.4103
0.4063
0.4176
0.2540
0.3358
0.4618
0.3680
0.3886
0.5212
0.4839
0.1974
0.2224
0.3427
0.4227
0.1916
0.3990
0.2454
0.2307
0.4019
0.5512
0.7050
0.0168
0.3065
0.3668
0.2554
0.2451
0.4999
0.2325
0.2542
0.3254
0.3217
0.0969
0.2264
0.3350
0.3386
0.2970
0.3691
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0.3713
0.3904
0.8221
0.3478
0.2526
0.0693
0.3858
0.4606
0.6027
0.4843
0.0618
0.0540
0.3529
0.3535
0.4641
0.2672
0.1806
0.1285
0.6173
0.5547
0.8589
0.4071
0.7175
0.1043
0.0430
0.3928
0.8210
0.6434
-0.0178
0.1645
0.6102
0.3574
0.1331
0.4925
-0.0230
0.0151
0.2854
0.5085
0.5766
0.0110
0.5323
0.3458
0.0760
0.0519

1.7242
5.4695
2.6708
3.4558
5.1265
4.9911
4.3068
4.9698
2.4021
2.6950
5.1592
3.9485
6.4705
3.0710
4.1406
3.8768
3.3632
6.6084
4.6155
4.8605
1.8592
6.0389
2.3697
4.7968
7.4851
3.8633
3.0392
2.5173
8.5196
3.3833
3.7057
2.1955
3.4127
1.7792
3.1452
6.6311
2.6149
3.7966
4.1269
5.7627
3.9461
2.9317
4.1435
3.0895



construction materials

construction quality
convenience foods
coronation portal
country estate
country music
county town

crime novelist
crossroads village
cumulus cloud
cupboard doors
customs union
dairy barn

dairy cattle

day evaporation
death penalty
desert storm

diesel engine
disease agent
disease organisms
dog house
dominion status
drainage basins
drainage patterns
eaves troughs
education journals
education movement
election laws
electron microscope
emergency detention
engine repair
entrance stair
equipment charge
equivalence principle
estimation methods
evening dance
eviction notice
exam anxiety
excavation skills
exit route
expansion turbine
extinction theory
fabric house
faculty members

0.2967
0.2079
0.4599
0.1654
0.3374
0.4111
0.3525
0.2768
0.4009
0.3126
0.2847
0.3895
0.4111
0.3072
0.3633
0.4904
0.2959
0.4192
0.3116
0.2612
0.4236
0.0076
0.4187
0.2759
-0.0055
0.2551
0.4305
0.1645
0.3260
0.2935
0.1919
0.3303
0.2581
0.3346
0.3330
0.1725
0.1970
0.4342
-0.0082
0.3742
0.2753
0.3805
0.6248
0.5006
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0.7052
0.1677
0.3300
0.0263
0.7047
0.2969
0.5902
0.1606
0.5914
0.7695
0.0702
0.1583
0.1356
0.0099
0.2431
0.1251
0.2441
0.5154
0.5773
0.7683
0.3378
0.0044
0.0676
0.1006
0.0104
0.0338
0.4113
0.0361
0.7919
0.1041
0.3402
0.5821
0.3887
-0.0127
0.3803
0.2759
0.0150
0.1994
-0.0305
0.1017
0.1304
0.5824
0.5740
0.2705

1.9644
5.3792
2.8529
6.0594
4.1996
3.0704
2.6334
5.0888
6.1658
5.1867
4.3926
6.7790
6.2713
5.3395
4.2364
4.9931
3.6387
1.5983
3.0733
2.4348
2.8007
7.0167
2.3962
3.1573
4.9515
3.3665
3.8036
7.7644
3.9184
7.7805
4.3364
5.6645
6.2530
5.3463
2.3658
5.0269
7.8954
5.8474
4.2094
4.7003
6.3440
4.3071
3.1687
2.2167



family business
family connection
family members
family sagas

family tradition

fence post

fertility pill

fiber optics

film music

flood water

flowing solution

food industry

food products

food shortages
frontier community
frontier life

frontier problems
furniture company
fusion devices

game bus

gestation period
gingerbread man
government agencies
government buildings
government officials
government patronage
government policy
grinding abrasive
group plan

growth centre

guild members

gun boat

hair follicles
hardware business
hardware technology
health problems
health standards
heath family

home town

horror novel

horror tale
household refrigeration
ice crystal

ice water

0.5993
0.3384
0.3681
0.3358
0.3008
0.4159
0.4168
0.3893
0.5475
0.4619
0.2311
0.4506
0.5528
0.2302
0.4574
0.2745
0.2402
0.6423
0.2814
0.5380
0.2881
0.4938
0.3081
0.4779
0.3914
0.4812
0.3234
0.2497
0.3154
0.3422
0.3747
0.5988
0.3188
0.5260
0.2861
0.4291
0.3478
0.3311
0.3661
0.4937
0.4232
0.0951
0.4508
0.2793
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0.3232
0.2436
0.5702
0.1492
0.3279
0.3709
0.4154
0.1433
0.4320
0.0990
0.8185
-0.0132
0.5071
-0.0037
0.1265
0.0254
-0.0510
0.6736
-0.0135
0.0900
0.2574
0.1013
0.1687
0.6966
0.1492
0.4300
0.1667
0.2959
0.1386
0.1492
0.2113
0.2997
0.5407
0.1755
0.1044
0.4574
0.2143
0.3598
0.6358
0.1007
0.0360
0.2585
0.1149
0.0797

2.2401
3.5361
1.7878
3.2676
2.6219
4.4616
4.3810
3.7190
2.8738
3.4371
8.0049
3.8899
1.3200
3.4709
5.2950
8.6968
4.3881
0.8902
6.4041
5.6982
5.7129
4.8965
2.8893
1.7831
2.0400
5.5330
2.1209
6.1900
2.7672
5.0010
2.9964
3.9465
2.8612
2.4582
3.3200
1.7778
2.5365
6.1297
2.9908
4.5886
5.3469
8.1746
3.7860
2.4309



impeachment trial
incubation period
industry revenues
information sources
insurance industry
intelligence community
january temperatu
jesuit origir

jute product
kerosene lamps
kidney disease

lab periods

lab printer
laboratory applications
laboratory quantities
language family
language literature
laser printer

laser technology
lava fountains

law systems

life imprisonment
life savings

life sciences

life scientists

lifetime achievement
light bulb

lightning stroke

logic unit

luxury hotels
machinery operations
majority leader
management procedures
margin note
marriage customs
meat ball

meat products
memory system
metal airplane

metal body

metal separator
metallurgy industry
midnight train
military assault

0.2901
0.3671
0.4013
0.4014
0.3261
0.3257
0.2473
0.2044
0.4177
0.3835
0.4168
0.1666
0.3154
0.1456
0.2762
0.4348
0.4406
0.2321
0.4619
0.2495
0.3858
0.2357
0.2983
0.3736
0.3189
0.2401
0.5978
0.3431
0.4078
0.4232
0.2058
0.4717
0.3099
0.5552
0.3112
0.4304
0.4881
0.3502
0.5415
0.5697
0.5325
0.2310
0.3374
0.1442

61

-0.0125
0.2713
0.7158
0.5054
0.1877
0.5734
0.7448
0.1028
0.2639
0.6502
0.6325
0.1332
0.2701
0.3563
0.4222
0.5969
0.1748
0.4293
0.6957
0.0684
0.1321
0.7254
0.4202
0.4479
0.3685
0.1140
0.7003
0.0362
0.3683
0.6306
0.0326
0.6048
0.1547
0.5602
0.1871
0.2325
0.4383
0.3832
0.3763
0.6111
0.2940
0.0602
0.1644
0.1779

8.1745
5.6234
3.2610
1.4971
2.7892
4.4956
5.0010
6.8288
3.3060
2.0730
2.8544
5.2638
5.5883
3.2812
4.7396
2.6833
3.5424
4.0082
2.7300
3.2692
2.0516
5.2689
4.1254
1.5965
2.1574
7.0205
1.5152
6.6872
4.8095
1.7433
6.0216
3.4480
3.1820
3.9474
6.0749
4.2089
2.1791
1.6486
3.4745
2.1404
4.7877
7.2186
6.2123
7.1586



minority businesses
monastery buildings
money policy
monkey pox
morning class
morning exercise
morning frost
mosquito repellent
moth ball

mountain country
mountain glaciers
mountain valleys
muscle group
music theory

musk deer

mystery novels
needle work

newspaper subscriptions

north wind

oak tree

ocean basins

ocean side

office buildings

oil pan

opposition coalition
ozone machine
paper tray

passover festival
peach tree
percentage composition
perfume content
period classifications
petroleum industry
petroleum products
petroleum wealth
phonograph pickups
photo album
photography movement
piano performance
pigment granules
plasma membrane
plutonium theft
policy options

pollen basket

0.3494
0.3623
0.2662
0.0170
0.4752
0.3714
0.4062
0.4763
0.5033
0.5284
0.3109
0.3707
0.3960
0.3394
0.4999
0.3939
0.4027
-0.0099
0.3237
0.3120
0.1769
0.1945
0.4993
0.5493
0.4552
0.3781
0.5538
0.2671
0.4881
0.3513
0.3040
0.1756
0.5099
0.4776
0.3276
-0.1707
0.6577
0.3118
0.3556
0.3296
0.2817
0.0945
0.3158
0.4377
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0.3764
0.1207
-0.0154
-0.0259
0.3944
0.3145
0.3603
0.7043
0.7704
0.6303
0.1962
0.6032
0.4533
0.1835
0.3324
0.3108
0.1804
0.1932
0.5272
0.4016
0.0531
0.5488
0.5803
0.3790
0.2046
0.7618
0.6876
0.3850
0.2740
0.0995
0.1489
0.4038
0.3950
0.3142
0.7886
-0.2062
0.7501
0.2145
0.1263
0.4529
-0.0451
0.0000
0.4084
0.2223

4.7962
4.9677
3.6050
6.8030
2.6439
3.7584
4.9032
4.5846
4.3131
2.6165
3.8416
3.4916
2.6913
3.4515
5.0293
2.9078
3.6529
4.8037
2.7764
3.1832
5.9202
6.2803
1.3667
2.4060
6.4279
4.9822
2.3574
6.9291
2.4135
5.0951
6.0681
2.9298
2.8631
2.0478
5.5281
5.4311
1.0420
6.6524
5.3112
3.2585
4.7134
0.6207
2.9579
6.1334



population density
population explosion
pottery vessels
poultry pests
poultry products
printer tray

priority areas
prison poems
production facilities
prohibition law
property law
protein source
guadrant elevation
guantum theory
radar observation
railway union

rain maker

ratings systems
reaction mixture
reckoning season
recreation area
refrigeration storage
relations agency
river valleys

road competitions
rococo spirit

room temperature
rotation period
safety standard
sanskrit texts
satellite data
satellite system
saturation point
savanna areas

sea animals

sea lanes

sea lions

sea mammals

sea monster

sea urchins
security pacts
separation negatives
settlement patterns
shorthand device

0.3646
0.3219
0.1711
0.1518
0.3607
0.3721
0.5315
0.1249
0.3857
0.2595
0.5308
0.5825
0.1825
0.3274
0.4087
0.0943
0.1259
0.3704
0.4140
0.2563
0.4024
0.4159
0.3444
0.4189
0.1096
-0.0778
0.3118
0.3536
0.4020
0.4246
0.3223
0.4104
0.4541
0.4860
0.4513
0.1929
0.3117
0.1932
0.3406
0.2690
0.1757
0.3550
0.2910
0.2687
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0.2752
0.3421
0.2612
0.0780
0.1204
0.3987
0.7294
0.3083
0.4466
0.1823
0.4259
0.7029
0.5939
0.3855
0.4165
-0.0534
0.5743
0.3155
0.1988
0.2380
0.4591
0.4683
0.1458
0.4452
0.1483
-0.0569
0.3638
0.0668
0.4575
0.4009
0.4659
0.6246
0.4147
0.6296
0.4619
0.4561
0.3044
0.8476
0.4636
0.3269
0.1081
-0.0415
0.2836
0.2971

3.6605
7.0786
4.2452
3.3377
3.4769
5.1578
1.9615
3.9028
2.5029
3.9791
1.7407
2.1611
6.0216
3.1396
4.7559
7.3354
6.3910
2.3500
2.8600
6.6645
3.0034
5.0340
3.8241
2.6648
4.6432
4.0635
5.0071
4.5815
2.2589
4.0841
3.1002
2.2305
4.1142
3.0755
3.9961
4.1058
3.3446
3.7626
4.4892
4.0322
3.4999
3.7307
3.3757
5.5539



silk worm

snow ball

soul music

soup pot

spring semester
state fund

steel frame

storage batteries
storage capacity
storm cloud

story idea

street scenes
strength properties
string playing
student discount
student loan

student price
student protest
subsistence cultivation
suffrage committee
sugar cane

summer comfort
summer morning
sun block

sunday restrictions
suspension system
symphony orchestra
tea room

teaching professor
telephone wire
television era
television newscaster
television production
television series
television writer
temple portico
terrorist activities
theater history
theater orchestra
tobacco leaf

town halls
transmission system
transportation equipment
transportation system

0.4941
0.4503
0.3825
0.6355
0.2900
0.3594
0.3707
0.3807
0.3411
0.4240
0.3437
0.4035
0.3839
0.4286
0.4128
0.4101
0.4959
0.3390
0.3070
0.0510
0.5486
0.0104
0.3191
0.3107
0.1043
0.3709
0.4912
0.5370
0.3831
0.5126
0.2777
0.3639
0.2012
0.4122
0.4007
0.1081
0.3245
0.1407
0.3374
0.3470
0.4341
0.3771
0.4265
0.3579
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0.8106
0.0302
0.3736
0.1015
0.0865
0.4254
0.5511
0.4076
0.2859
0.4555
0.3228
0.2495
0.2846
0.1394
0.4492
0.4319
0.3829
-0.0091
0.3729
0.0725
0.4089
0.5012
0.3379
0.3723
0.1698
0.3371
0.7664
0.3575
0.2931
0.6820
0.0497
0.6978
0.0118
0.2232
0.3952
0.1848
-0.0015
0.0519
0.3684
0.2798
0.8403
0.4221
0.0303
0.5843

2.2103
5.5508
2.4752
2.5343
5.3685
2.0365
2.7451
2.6691
3.9044
3.6497
3.0712
3.9100
2.9516
4.8882
3.6414
2.1421
3.0422
5.6116
6.3180
5.6347
2.2856
6.9117
4.7492
4.7369
5.2103
3.5553
4.5641
3.6870
2.9098
3.6443
7.8296
5.3740
3.5240
3.0411
3.3034
6.2349
5.3474
6.4348
4.9155
4.3174
3.1664
2.1544
4.8045
2.1923



treatment systems
treaty relationships
trial lawyers

trio sonata
tuesday night

tv antenna

typewriter mechanisms

union leader
university cabinets
university education
university teachers
valve click

valve systems
vase paintings
vehicle industry
vibration ratio
violin concerto
war captives

war crimes

war god

war secretary
warbler family
warfare equipment
warrior caste
water vapour
weapons policy
weather report
welfare agencies
wilderness areas
wind mill

wing tip

winter blooming
winter semester
wool scarf

worker satisfaction
world championships
world community
world economies
world population
world soul

world war
yesterday afternoon
yesterday evening

0.3361
0.1609
0.3398
0.3718
0.4839
0.4302
0.1756
0.4701
0.2466
0.3586
0.4129
0.4393
0.4596
0.3377
0.5604
0.0531
0.5164
0.0358
0.3870
0.3700
0.0103
0.6762
0.2642
0.5379
0.5391
0.2141
0.4251
0.3817
0.2804
0.3891
0.1998
0.3724
0.4604
0.5116
0.3182
0.2380
0.3225
0.4320
0.1974
0.2760
0.4524
0.1168
0.1719
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0.4024
0.2057
0.1778
0.3124
0.3246
0.3276
0.2870
0.2404
0.4257
0.3463
0.4334
0.2455
0.5314
0.0683
0.2262
-0.0445
0.2088
0.0921
0.4869
0.2209
-0.0456
0.4604
0.6198
0.1785
0.0502
0.0492
0.3986
0.5504
0.4346
0.7597
0.1798
0.5601
0.2016
0.4979
0.1259
0.3305
0.3006
0.4156
0.5950
0.5901
0.2101
0.3870
0.3491

1.4363
5.4405
2.5462
7.0781
4.6499
3.9593
3.4020
2.2817
3.7561
2.3581
1.5214
5.1538
2.1597
3.7249
2.7620
7.8169
4.2728
5.0034
2.3775
4.1634
10.1940
4.4521
4.8843
6.3937
3.2320
5.9932
3.3114
2.6523
3.1575
4.4400
4.7925
4.5283
5.2793
3.0814
6.9511
3.7366
2.9725
3.0778
3.1551
3.1894
2.6929
9.2727
8.4529



Appendix D — The most similar nouns returned by

the method originally proposed by Lin (1998)

Noun
absorption
absorption
absorption
activity
activity
activity
afternoon
afternoon
afternoon
air

air

air
altitude
altitude
altitude
anatomy
anatomy
anatomy
ancestor
ancestor
ancestor
anode
anode
anode
antelope
antelope
antelope
antibiotic
antibiotic
antibiotic
apartment
apartment
apartment
application
application
application
arab

arab

arab

Similar noun
accumulation
airflow
progression
project
development
program
evening
morning
tonight
water

gas

food
amplitude
elevation
thickness
physiology
epidemiology
workings
grandparent
tribe

cousin
cathode
inductor
thoroughfare
femur
merseyside
fruitcake
antidepressant
chemotherapy
estrogen
cottage

suite

villa

software
program
system
muslim
palestinian
russian

Score

0.3490
0.3427
0.3306
0.3760
0.3631
0.3585
0.3714
0.3380
0.2637
0.3023
0.2776
0.2759
0.2451
0.2438
0.2436
0.3415
0.3365
0.3160
0.2096
0.1959
0.1926
0.3428
0.3130
0.3110
0.2918
0.2917
0.2871
0.3119
0.2906
0.2850
0.3100
0.2943
0.2942
0.3894
0.3881
0.3761
0.2850
0.2848
0.2707
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area
area

area

arts

arts

arts
automobile
automobile
automobile
baccalaureate
baccalaureate
baccalaureate
backwoods
backwoods
backwoods
ballet

ballet

ballet

banana
banana
banana

band

band

band

basis

basis

basis

bathing
bathing
bathing
battery
battery
battery

bile

bile

bile

bird

bird

bird

block

country
city

region
science
marketing
engineering
motorcycle
bicycle
workplace
doctoral
doctorate
bfa

rectory
dreamtime
banal
shakespeare
sociology
cycling
cucumber
vibrator
vegetable
artist

song

club
criterion
objective
behalf
haircut
urination
whiteboard
cable
printer
drive

feces
arterial
analogue
animal

fish

dog
component

0.3606
0.3582
0.3460
0.3152
0.2968
0.2868
0.2908
0.2670
0.2568
0.3736
0.3690
0.3551
0.3778
0.3756
0.3613
0.2375
0.2335
0.2193
0.2330
0.2285
0.2211
0.3131
0.3048
0.3043
0.2577
0.2543
0.2541
0.2701
0.2628
0.2607
0.3080
0.3074
0.3017
0.2633
0.2584
0.2492
0.2744
0.2698
0.2503
0.2841



block
block
bout
bout
bout
bow
bow
bow
broadway
broadway
broadway
buddhist
buddhist
buddhist
building
building
building
business
business
business
cancer
cancer
cancer
car

car

car
carbon
carbon
carbon
carrier
carrier
carrier
catalog
catalog
catalog
cattle
cattle
cattle
cell

cell

cell
census
census
census
ceramics
ceramics

domain
module
tribulation
nausea
ache
ribbon
tail

sink

ne

mtv
smash
tibetan
sikh
hindu
development
house
area
company
program
school
disease
infection
aids
vehicle
home
book
oxygen
nitrogen
mercury
provider
operator
vendor
brochure
catalogue
faq

sheep
livestock
cows
plant
network
type
evaluation
questionnaire
registry
calculus
genealogy

0.2778
0.2778
0.2384
0.2362
0.2338
0.2332
0.2226
0.2198
0.2020
0.1993
0.1927
0.2177
0.2154
0.2125
0.3191
0.3074
0.3066
0.3895
0.3591
0.3588
0.3937
0.3020
0.2956
0.3486
0.2933
0.2900
0.2413
0.2191
0.2172
0.3445
0.3222
0.3167
0.3382
0.3170
0.3044
0.2311
0.2143
0.1950
0.2925
0.2842
0.2812
0.2689
0.2578
0.2577
0.2312
0.2303
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ceramics
championship
championship
championship
college
college
college
concert
concert
concert
current
current
current
curriculum
curriculum
curriculum
deposit
deposit
deposit
droppings
droppings
droppings
duct

duct

duct
dweller
dweller
dweller
economics
economics
economics
education
education
education
factory
factory
factory
genre
genre
genre
holding
holding
holding
hygrometer
hygrometer
hygrometer

slr
tournament
celebration
olympics
university
education
department
festival
ceremony
dance
disturbance
rainfall
mutation
infrastructure
architecture
programme
investment
contribution
distribution
waypoint
straggler
galbraith
artery
backbone
urethra
depart
interact
organize
psychology
biology
physics
development
management
health

lab

printer
station
musical
cuisine
alphabet
recruitment
subsidiary
migration
spirometer
hydrometer
lifejacket

0.2281
0.2955
0.2428
0.2412
0.4274
0.3509
0.3493
0.2866
0.2782
0.2635
0.2456
0.2359
0.2298
0.3193
0.3168
0.3152
0.2836
0.2787
0.2627
0.3472
0.3327
0.3274
0.2561
0.2374
0.2363
0.2422
0.2206
0.2199
0.3805
0.3445
0.3356
0.3985
0.3970
0.3936
0.2556
0.2401
0.2399
0.2405
0.2396
0.2382
0.2599
0.2581
0.2487
0.4748
0.4183
0.3917



illustration
illustration
illustration
industry
industry
industry
investment
investment
investment
loss

loss

loss
membrane
membrane
membrane
museum
museum
museum
odor

odor

odor
philosophy
philosophy
philosophy
pocket
pocket
pocket
population
population
population
product
product
product
professor
professor
professor
protagonist
protagonist
protagonist
rain

rain

rain

artwork
photograph
diagram
community
organization

management
development

loan
employment
losses
damage
increase
tissue
enzyme
plasma
centre
institute
studio
smell
odour
distortion
theory
religion
attitude
bag
sleeve
leather
sector
species
region
item
system
software
instructor
faculty
colleague
npc

prius
heroine
snow
weather
storm

0.3231
0.3074
0.2996
0.3656
0.3656
0.3465
0.3314
0.3271
0.3265
0.3109
0.3009
0.2901
0.2666
0.2477
0.2442
0.3140
0.3051
0.2994
0.2677
0.2422
0.2361
0.3268
0.2938
0.2921
0.2437
0.2367
0.2365
0.2969
0.2899
0.2824
0.3836
0.3821
0.3742
0.3243
0.3108
0.3025
0.2634
0.2631
0.2596
0.3003
0.2678
0.2479
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reconnaissance fieldwork

reconnaissance consecration
reconnaissance interpolation

regimen
regimen
regimen
scrape
scrape
scrape
sector
sector
sector
site

site

site
species
species
species
spectrum
spectrum
spectrum
spirits
spirits
spirits
suit

suit

suit
system
system
system
technology
technology
technology
town
town
town
world
world
world
youngster
youngster
youngster

aspirin

chemotherapy
supplementation

swam
borne
swept
industry
organisation
region

page
website
program
population
plant
disease
dimension

characteristic

interaction
ghost
wolf
creature
lawsuit
complaint
petition
program
software
product
software
solution
tool

city
village
church
country
city

state
salesperson
scout
classmate

0.2872
0.2793
0.2743
0.3232
0.3212
0.3152
0.4483
0.4329
0.4096
0.3148
0.3102
0.3090
0.3914
0.3854
0.3741
0.2899
0.2829
0.2716
0.2814
0.2702
0.2581
0.1967
0.1954
0.1881
0.2924
0.2331
0.2252
0.4239
0.3887
0.3821
0.4043
0.3949
0.3749
0.3441
0.3377
0.2945
0.3461
0.3375
0.3279
0.2055
0.2038
0.2021



Appendix E — Results of the general paraphrasing

method
Average
Score (by score (by

Noun Compound Paraphrase method) judges) Divergence
absorption hygrometers be 14.0439  1.0000 0.0000
absorption hygrometers be on 13.3909  1.2500 0.5000
absorption hygrometers measure 10.6100  5.0000 0.0000
activity spectrum be of 26.7131  3.6667 1.5275
activity spectrum be for 16.2726  2.6667 2.0817
activity spectrum be in 10.7864  1.0000 0.0000
afternoon rain be in 56.1612  4.8000 0.4472
afternoon rain be during 23.0597  4.4000 0.5477
afternoon rain be for 21.6821 1.2000 0.4472
air current be in 30.1152  3.4000 1.8166
air current be of 28.5133  4.4000 1.3416
air current be to 24.3634  1.0000 0.0000
air pocket trap 18.4497  3.2000 1.0954
air pocket be of 16.4381  4.4000 0.8944
air pocket be with 13.3394  1.6000 0.8944
altitude reconnaissance 0.0000 1.0000 0.0000
altitude reconnaissance 0.0000 1.0000 0.0000
altitude reconnaissance 0.0000 1.0000 0.0000
anatomy professor be of 15.5992  4.8000 0.4472
anatomy professor be in 27777 2.6000 1.1402
anatomy professor create 1.3618 1.2000 0.4472
ancestor spirits be 15.5989  2.6000 1.6733
ancestor spirits be in 2.6736 1.6000 0.5477
ancestor spirits be produced by 0.0000  3.8000 1.6432
anode loss be to 23.5312  3.4000 1.6733
anode loss be at 22.2881  1.8000 1.3038
anode loss be 21.9398 1.2000 0.4472
antelope species be of 8.9923  4.8000 0.4472
antelope species be 8.2826 1.8000 1.3038
antelope species be in 3.9306 1.8000 0.8367
antibiotic regimen include 19.1349  3.2000 1.3038
antibiotic regimen consist of 8.8430  4.0000 0.7071
antibiotic regimen be of 45163  4.4000 1.3416
apartment dwellers live in 46.5472  5.0000 0.0000
apartment dwellers go 39.0400  1.4000 0.5477
apartment dwellers be 35.6423  3.0000 2.0000
application areas be of 47.7512  3.4000 1.5166
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application areas
application areas
arab world

arab world

arab world

area basis

area basis

area basis

arts colleges

arts colleges

arts colleges

arts museum

arts museum

arts museum
automobile factory
automobile factory
automobile factory

be for
be in

be of
be by
be to
be in

be of
be for
be of
be for
be

be of
be devoted to
be for
produce
be in
build

baccalaureate curriculumlead to
baccalaureate curriculumbe for
baccalaureate curriculumbe of

backwoods protagonist
backwoods protagonist
backwoods protagonist

ballet genres
ballet genres
ballet genres
banana industry
banana industry
banana industry
band concert
band concert
band concert
bathing suit
bathing suit
bathing suit
battery technology
battery technology
battery technology
bile duct

bile duct

bile duct

bird droppings
bird droppings
bird droppings
bow scrape

bow scrape

arrive at
be from
be in

be
include
be based on
be

have

be by
be by
be of
feature
be

be for
be of
extend
enable
ensure
carry
join
transport
be in

be for
be

be in

be

43.9145
41.8724
22.8370
21.6905
19.8338
50.0286
33.9275
28.6121
72.1971
48.1469
40.7589
61.8303
23.2533
23.1931
20.0413
18.0759
14.9290
17.4878

7.7258

7.4517

0.0000

0.0000

0.0000
48.3079
25.9521
20.5786
40.3781
17.4962
13.7967
38.1481
37.0090
35.0123
20.8833

9.6829

6.6970
36.5688
36.1910
35.8417
35.2641
26.6471
23.9108

5.6527

5.5403

5.0592

6.9084

5.4948
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4.2000
1.8000
4.8000
1.6000
1.2000
3.2500
2.5000
3.2500
3.8000
4.2000
1.8000
3.8000
5.0000
4.2000
4.6000
1.4000
3.4000
3.4000
4.2000
1.8000
2.2500
5.0000
2.7500
1.6000
3.0000
4.0000
1.8000
2.0000
1.4000
3.6000
2.0000
3.8000
1.2000
4.8000
1.2000
2.4000
2.0000
1.6000
4.4000
1.6000
4.6000
1.4000
1.0000
1.4000
1.7500
1.2500

1.0954
0.8367
0.4472
0.8944
0.4472
1.2583
1.2910
2.0616
1.3038
0.8367
1.7889
1.3038
0.0000
0.4472
0.5477
0.5477
1.8166
1.3416
1.3038
0.8367
1.8930
0.0000
1.2583
0.8944
1.5811
1.4142
1.0954
1.0000
0.5477
1.5166
1.0000
1.6432
0.4472
0.4472
0.4472
1.3416
1.4142
0.5477
0.5477
0.8944
0.5477
0.5477
0.0000
0.5477
1.5000
0.5000



bow scrape
broadway youngster
broadway youngster
broadway youngster
buddhist philosophy
buddhist philosophy
buddhist philosophy
building site
building site
building site

business applications
business applications
business applications

business economics
business economics
business economics
business education
business education
business education
business holdings
business holdings
business holdings
business investment
business investment
business investment
business sector
business sector
business sector
cancer cells

cancer cells

cancer cells

car odor

car odor

car odor

carbon deposit
carbon deposit
carbon deposit
carrier system
carrier system
carrier system
catalog illustrations
catalog illustrations
catalog illustrations
cattle industry

cattle industry

cattle industry

have
be in
be into
sleep through
be of
be in
be

be

be of
be for
be for
be to
be in
be of
be in
be

be in
be

be for
be in
be

be of
be in
be for
be

be of
be in
be for
be in
be from
lead to
be in
be from
be to
be

be of
be in
be

be with
be for
be in
be from
be

be in
be with
be of

4.8759
0.0000
0.0000
0.0000
5.3374
4.9098
2.6448
108.2961
55.0322
50.8700
64.2917
53.8009
51.0856
39.4818
33.5548
32.1465
56.2773
46.9496
36.8789
30.7344
23.2833
17.8628
61.4082
441176
40.1514
51.9284
36.4256
34.9956
37.5728
37.0726
33.6453
12.8259
7.1802
4.5855
17.1600
16.4623
11.7220
35.5630
31.6172
31.0823
14.2092
10.3936
7.8472
14.3383
12.1840
11.1582
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2.5000
4.7500
2.7500
2.0000
2.0000
1.6000
2.8000
1.4000
1.4000
4.6000
4.8000
2.2000
2.6000
3.6000
2.8000
1.8000
4.6000
1.4000
3.6000
4.6000
1.6000
2.6000
4.8000
3.8000
1.4000
4.2000
2.6000
3.6000
1.8000
2.2000
4.6000
3.0000
4.0000
1.2000
2.8000
4.6000
1.4000
2.2500
2.7500
3.7500
4.0000
3.8000
1.4000
2.6000
2.4000
3.4000

1.9149
0.5000
1.7078
2.0000
1.2247
0.8944
2.0494
0.5477
0.8944
0.5477
0.4472
1.6432
0.8944
1.6733
1.3038
0.8367
0.5477
0.5477
0.5477
0.5477
0.5477
1.1402
0.4472
1.3038
0.5477
0.8367
1.5166
1.5166
0.8367
1.3038
0.5477
1.5811
0.7071
0.4472
1.3038
0.5477
0.8944
0.9574
1.7078
0.9574
1.7321
0.4472
0.5477
0.5477
1.1402
1.5166



cattle population
cattle population
cattle population
cattle town

cattle town

cattle town

cell block

cell block

cell block

cell membrane

cell membrane

cell membrane
census population
census population
census population
ceramics products
ceramics products
ceramics products
championship bout
championship bout
championship bout

be

be in
be of
be of
have
be for
be of
be in
call on
be of
be in
surround
be in
be from
be estimated by
include
be of
be

be

be for
be in

34.2653
23.8646
15.6345

8.0499

6.0044

5.1439
30.5239
28.7987
23.8065
55.7722
42.9233
39.8416
41.1507
36.0210
34.7135
22.5991
13.2030
12.0003
48.9412
45.0480
20.8150
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2.6000
2.0000
4.4000
2.2000
3.6000
3.2000
3.5000
1.7500
2.0000
3.2000
3.0000
4.6000
2.6000
4.0000
5.0000
2.0000
4.0000
3.8000
2.0000
3.8000
3.0000

1.8166
1.7321
0.8944
1.7889
1.6733
2.0494
1.7321
0.9574
2.0000
1.6432
1.8708
0.8944
0.8944
0.7071
0.0000
1.4142
1.4142
1.3038
0.7071
1.7889
1.8708
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