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Abstract

This thesis concerns the automatic acquisition of semantic classes for adjectur work
builds on two hypotheses: first, that some aspects of the semantics of \atjeante not to-
tally unpredictable, but correspond to a set of denotational types (seroksses). Therefore,
adjectives can be grouped together according to their semantic classmdStwat the seman-
tic class of an adjective can be traced in more than one linguistic level. In yartithe
morphology-semantics and syntax-semantics interfaces are explorelddsrthat lead to the
acquisition of the targeted semantic classes.

Since we could not rely on a previously established classification, a méjot isfdevoted to
defining an adequate classification. The classification proposal iseg#stough an iterative
methodology. By combining deductive and inductive approaches, wieesfrom an initial
classification based on literature review to a final classification propcaaktkes advantage of
the insight gained through a set of experiments.

Each iteration consists of three steps: (a) a classification proposal is (bpd@umber of clas-
sification experiments, involving human subjects and machine learning teelsniape carried
out; (c) through the analysis of the experiments, advantages and ateswvdifahe classification
proposal are identified.

We present a total of three iterations. The first one starts with a classifidad®ed on liter-
ature review. A Gold Standard is built and tested against results obtairedytha series of
unsupervised experiments. The analysis suggests a refinement ofsiéadtion. The second
iteration uses the refined classification and validates it through a new siandéesk performed
by human subjects and a further set of unsupervised experiments.

The third iteration incorporates three significant modifications: first, a{atgé&e human anno-
tation task with 322 human subjects is carried out. For this task, the estimatesnagtef<
0.31 to 0.45) is very low for academic standards. Thus, the achievemegitadfie linguistic
data is revealed as a major bottleneck. Second, the architecture usesl doitdimatic classifi-
cation of adjectives is modified so that it allows for the acquisition of multiple elgso as to
account for polysemy. The best results obtained, 84% accuracy,imppon the baseline by
araw 33%. Third, a systematic comparison between different levels ofditngdescription is
performed to assess their role in the acquistion task at hand.
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Chapter 1
Introduction

This thesis concerns the automatic acquisition of semantic classes for adjec@iur goal is
to acquire lexical semantic information, that is, semantic information that is sptecdiword
or groups of words. The thesis fits into the Lexical Acquisition field within Cotafional
Linguistics, a field that has received much interest since the beginning ofribties.

The main hypothesis underlying the approaches developed Lexicalighomu is that it is
possible to infer lexical properties from distributional evidence, takea generalisation of
a word’s linguistic behaviour in corpora. The need for the automatic atiquisf lexical in-
formation arised from the so-called “lexical bottleneck” (Zernik, 1991NIfP systems: no
matter whether symbolic or statistical, all systems need more and more lexicahation in
order to be able to predict a word’s behaviour, and this information is vargt and costly to
encode manually.

The information we want to acquire regards the semantic class of adjectvesresearch
it builds on two hypotheses: first, that some aspects of the semantics of \zfjeate not

totally unpredictable, but correspond to a set of denotational typegefbine, adjectives can
be grouped together according to their semantic type (class), a paranateetivill specify

more concretely in Chapter 3. Second, that the semantic class of an asljntibe traced in
more than one linguistic level. In particular, the morphology-semantics ariedbsgemantics
interfaces will be explored for clues that lead to the acquisition of the tafget®mantic classes.

This chapter offers motivations for the present line of research, suisesdhe approach taken
to tackle it, and highlights its main contributions. It also offers an overview ®fr#maining
chapters.

1.1 Motivation

The initial motivation for our research arose in developing an NLP systerG&talan within
the GLiCom group. The core of this system, named CatCG, consists of 4 sernmally
written grammars that assign part of speech and syntactic information to C&tata (see
Section 2.2.1). The system does not necessarily yield completely disambiguafmit, as
most statistical taggers and parsers do.

In an advanced development stage of the tool, we observed that a loigbriion of the re-
maining ambiguity in part of speech tagging involves adjectives; an estimateedibtan the
corpus used for this thesis (see Section 2.1.1) is 55% of the remaining ambiduitl of the
ambiguity involves adjective and noun readings of the same word, whiclvggsened when
ambiguous words cooccur. An examplegeneral francéswith 4 possible readings corre-
sponding to different part of speech assignments listed under (1.1).

(1.1) a. generg); francegy;
‘general,y; Frenchg; one’
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b. general,., francegy;
‘French,q; general,.,’

c. generaly frances .,
‘#generaly; French/Frenchmap,,,’ or

d. generalyy, francésoun
‘#*French/Frenchmap,... general .’

The most plausible reading is ‘French general’, as in (1.1b), but rgéfreench one’ (as in

el problema general francesthe general French problem’), as in (1.1b) is also a possible
reading. The other variants would be really weird. To solve the ambiguityaat feartially,
given the data in (1.1)rancescould be disambiguated to adjective using a general rule that
prefers postnominal modification for adjectives. As we will see in Chaptgo8tnominal
modification is the default in Catalan.

However, some very frequent adjectives prefer prenominal modificaéie in examples in

1.2).

(1.2) a. petitg; animal,oun
‘small animal’ (and not: ‘#brute child’)

b. sol,4 inspectof,un
‘only inspector’ (and not: ‘#inspecting sun’)

C. grangg; secretsoun
‘big secrets’ (and not: ‘#secret pimples/grains’)

Moreover, the noun-noun construction that we discard for (1.1d)sslequent in Catalan than
in English, but also occurs, as witnessed under (1.3). It cannotifmmiy discarded.

(2.3) a. la paraula corder
‘the word corder’

b. la part nord
‘the northern part’

c. un penyalar color de plom
‘a plumb-colour mountain’.

Intuitively, adjectives such gsetit, sol, andgran are semantically different froffrancés and
francésshares similarities with adjectives suchitaia (‘Italian’) or evencapitalista(‘capital-
istic’). However, in most computational dictionaries (including the one use€C&tCG), all
these words are assigned the sameaddigctive Any distinctions have to be made either on a
lemma basis (overseeing the common properties of groups of lemmata), orghbasis (thus
losing discriminative power).

These difficulties arose within a symbolic processing tool; however, theuifés concern
statistical systems as well, for the information available for statistical system®isitdisr the

general tag or the individual lemma or word form. Indeed, the noun/adgemtnbiguity, as well
as verb/adjective ambiguity for participles, have long been recognisihe asost problematic
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for humans as well as for NLP tools in languages like English and Germarmt(glat al., 1993;
Jurafsky and Martin, 2000; Brants, 2000).

The observation of general tendencies in syntactic behaviour of adjgdtiat correspond to
broad semantic properties led us to the task faced in this thesis, namely, te pusemantic
classification of adjectives. Identifying the class of a particular adjectivéd serve as an
initial schema for its lexical semantic representation, that could be furthelaped using

manual or automatic means. As we will see, the semantic classes corresgmnddsense
representations, so that they can be exploited for word sense disambigaatis.

Adjectives play an important role in sentential semantics. They are cruci@ddtarmining
reference of NPs. If in a particular context several students aimdrdahe NP[(1.4) can be
uttered to point to a particular one.

(1.4) l'estudiant sord
‘the deaf student’

Conversely, they help establish properties of entities. If we hear a senlika (1.5), we can
quite safely infer that the (invented) object referred tarimaiis an edible physical object.

(1.5) this maimai is round and sweet

A semantic classification like the one we propose in this thesis is a first stepractérdsing

their meaning. A good characterisation of adjective semantics can help ydesftfents in a
given (con)text in dialog-based tasks or Question Answering systenaddition, it can help
in Information Extraction tasks, through attribute extraction. Semantic claasesso be used
for basic tasks such as POS-tagging, to solve difficulties such as theexerplified in this

Introduction.

The semantic classification is established through an iterative process ih aigarticular

classification is proposed, manual annotation and machine learning exptriane performed,
and the analysis of both tasks provides feedback to the proposal, indilatirs or difficulties

in several aspects of the classification.

1.2 Goals of the thesis

The goals of this thesis are the following:

e To define a broad, consistent, and balanced semantic classificatidor adjectives
The definition of a semantic classification for adjectives is a controversidénfeom a
theoretical point of view. We define a classification based on literatureweand em-
pirical exploration, and revise it according to the results obtained with madéamning
experiments.

e Totest the feasibility of the classification task by human8ecause no previously estab-
lished Gold Standard existed that we could rely on for the machine learniegiments,
a major effort has involved the establishment of a reliably labeled set oftadis. To
achieve this goal, proper methodologies have to be developed for theifajltasks:

3
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— to gather human judgments with respect to the semantic class of adjectives

— to assess agreement among judges for the task, and to analyse sbdisagree-
ment.

e To test the feasibility of the classification task by computershe thesis aims at au-
tomating the task of semantically classifying adjectives. The task is automatedfthrou
the use of unsupervised and supervised machine learning technigungsseveral pieces
of information that we encode in the form of features. Within this goal, twgeals can
be distinguished:

— to develop an adequate architecture for the acquisition of multiple classastso
account for polysemy.

— to test the strengths and weaknesses of several linguistic levels ofptiescfmor-
phology, syntax, semantics) for the task at hand.

1.3 Structure of the thesis

The thesis is divided into seven chapters. The first chapter is this Imtioduand the remain-
ing chapters contain the information summarised in what follows.

Chapter|2/presents the tools and the data sources used in this thesis.

Chapter 3 discusses several theoretical approaches to the lexical semantigectivad, and
their relationship to the goals and proposals of this thesis. It focusessonptere grammar,
formal semantics, and ontological semantics, as well as the treatment ofivedgamantics
within NLP resources such as WordNet. It also offers an overviewaxfipus work on Lexical
Acquisition for adjectives. The first classification is proposed in this rap

Chapter 4 explains the methodology and results of three manual annotation experirfieents,
cusing on a large-scale web experiment designed for the last Gold &lankdgrovides a
thorough discussion of agreement measures and proposes ancipjoraasess agreement for
the data gathered through the web experiment.

Chapter|5/concerns two unsupervised experiments directed at refining and vajidagitlas-
sification proposal. In these experiments, over 2000 adjectives arereldsand results are
analysed through coffmparison with the Gold Standard sets and exploddtiba character-
istics of the obtained clusters. As a result of these experiments, the cktgsifiproposed in
Chapter 3 is altered.

Chapter|[6 reports on a series of supervised experiments that allow for the acquisitionl-
tiple classes per adjective, thus accounting for polysemy. The semansifickt®on task is
viewed as a multi-label classification task, and the classification is performebisteps:
first, binary decision on each of the classes. Second, merging of theduali decisions to
achieve a full classification.

Chapter|7/finishes the discussion with some conclusions and directions for futiearcs

For clarity purposes, a list of of acronyms and other abbreviations inséds document is
provided in pagi.
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1.4 Contributions

The main contributions in this thesis are listed below.

e A semantic classification proposal for adjectives in Catalan that has bma&dage, is
based on a unique parameter, and can be traced at different levelgwétio descrip-
tion. The classification is valid for Romance languages in general. Theeslpssposed
correspond to coarse sense distinctions for particular adjectives.

e Three sets of manually annotated adjectives, totalling 491 lemmata.

e A method to ellicit semantic classes from naive subjects, defining a webigrerso
as to distribute the annotation load and gather large amounts of data (Chapteth
actual experiment, we have gathered data from 322 subjects regardisgrtiantic class
of 210 adjectives (32 to 59 responses per lemma, depending on theajecti

¢ A method to assess the degree of agreement among the subjects with respetask
defined in the web experiment (Chapter 4). Three contributions are mitide whis
method:

— A weighting scheme that is based on an explicit model of the task. The weighting
scheme accounts for partial agreement with respect to polysemy judgraedts,
can be generalised to other tasks involving polysemy.

— A sampling approach that allows the computation of confidence intervalsdor th

mean agreement values with different measures. This approach igédpprdor
experiments in which a large number of subjects participate.

— The use of entropy as a measure of intra-item agreement. This measwserdp
the controversy of a particular item, and has been used to identify kindgsuftaes
that are particularly difficult.

e The use of unsupervised techniques (clustering) to re-define théfickssn proposal
(Chapter 5). Although unsupervised techniques have been usedéauredark in Lexical
Acquisition (see for instance Schulte im Walde (2006)), the results areatiypicsed to
assess, not to modify the targeted classification.

e An architecture to acquire semantic classes including polysemous classas€C6).
The task has been viewed as a multi-label classification task, and the chdEsifis
achieved in two steps: first, a binary decision on each class. Then, angefgthe
decisions. The architecture can be adapted to other tasks involving pglyse

e A detailed study of the performance of different levels of linguistic desionpwith re-
spect to semantic classification, in the setting of a supervised machine leaxpied-
ment.

e Generally, the use of the manual annotation tasks, the feature analysibeamachine
learning experiments as tools for linguistic research.
All the data gathered is freely available to the research community (upoasetpthe author).

Parts of the material presented in this thesis have been published orramtlgurnder submis-
sion for publication, as will be signaled at the relevant points in the disqussio






Chapter 2
Tools and resources

This chapter summarises the most relevant characteristics of the resanct¢ools used for
the development of the PhD: the data sources (corpus and adjectibas&tare described in
Section 2.1 and the tools used for various purposes are describedionSz2.

2.1 Data

2.1.1 Corpus

All experiments are based on a 14.5 million word fragment of the CTILC c@r(morpus
Informatitzat de la Llengua Catalan®&afel (1994)), developed at the Institut d’Estudis Cata-
lans. The corpus has been semi-automatically annotated and handeshrpeoviding lemma
and morphological information (part of speech and inflectional featuitisan EAGLES-like
tagset). Structural information is only provided at the text and parademeh (no sentence
delimitation).

2.1.1.1 Distribution of texts across genre and topic

The whole CTILC corpus contains over 50 million words from over 3,30&texitten between
1833 and 1988. It is a traditional corpus, with pre-defined criteria wipeet to its content,
defined in terms of genre (for literary texts: 30.6% of the corpus) and (émicon-literary

texts: 69.4% of the corpus). Within literary texts, the genre distribution is asrsin Table

2.1. Table 2.2 lists the distribution of non-literary texts across topics (R&@#)1

genre % texts % words

Essay 12,3 13
Narrative 29,9 60
Poetry 27,6 11
Theater 30,1 16

Table 2.1: Distribution of literary texts in CTILC across genres.

The fragment we use in the PhD is the set of most modern texts (1960:1988)rtunately,

we cannot access their metadata, so we cannot know the distributionresgertopics within

the fragment. Assuming that it is quite similar to the overall distribution, we casé® some
of the characteristics of these data that will affect the whole acquisiticzepso

First, there are no texts corresponding to transcriptions of oral diseourhe closest to that
kind of discourse we get are fragments of theater, but they are only lameneentage of the

!Punctuation marks are ommited from the word count. With punctuation nerlcount is 16.5 million words.
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topic % texts % words
Philosophy 4 6
Religion and Theology 8,2 10,2
Social Science 15,6 19,1
Press 18,6 12,3
Natural Science 6 7,6
Applied Science 13,1 15,3
Art, Leisure, Sports 9,3 9,6
Language and Literature 9,3 7,6
History and Geography 9,8 12
Correspondence 6,1 0,5

Table 2.2: Distribution of non-literary texts in CTILC across topics.

corpus (about 5% of the overall volume), and literary oral discours®arse has little to do
with real oral discourse.

The linguistic behaviour of adjectives in formal written text is presumably glifferent from

the behaviour in spontaneous spge&'he differences possibly affect the choice of features
when carrying out lexical acquisition experiments, and also the relatefllngss of each of
them. Unfortunately, we do not have access to a sufficiently large onalis@f Catalan to be
able to check these differences or assess their impact in our task.

The lexical choice is also affected by the kind of text the corpus is baseckestain adjectives
are more prototypical of spontaneous speech, and will hardly appéarniral written texts
(such as swear adjectives), so the lemmata selection will be affected. spistas related to
a second important characteristic of the data: precisely the distributiontdf/pes. Note the
high influence of literature in the corpus, as opposed to other genre8%3ff the texts are
literary, as opposed to for instance only 12.9% press.

Regarding the topic distribution, first note that the definition of topics is higtéglamic (Phi-
losophy, Language and Literature, History and Geography...), withaosmall proportion of
non-academic concepts, such as press or leisure. Also note that, in femsls, religion has
a weight similar to that of press: 10.2% vs. 12.3% within non-literary texts,ishaeligion
occupies 7.1% of the overall corpus. This characteristic again affedétalechoice, so that
adjectives related to the topics covered have a much higher frequenay @rth.C fragment
than in other kind of corpora.

As an example, compare the rank of three religion-related adjectives iMTih€@agment and
in CUCWeb, a Catalan corpus built from the Web (Boleda et al., 20@8)shown in Table 2.3.

adjective translation  CTILC CUCWeb

religiés religious 99 251
catolic Catholic 218 358
eclesiastic ecclesiastical 603 998

Table 2.3: Rank of three religion-related adjectives in two corpora.

2This fact and the two examples that follow were brought to my attention leg@y Guy, personal communi-
cation, October 2003.
3Interface available atttp://www.catedratelefonica.upf.es/cucweb
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“Religious” adjectives are higher-ranked, and thus comparatively magk frequent, in CTILC
than in CUCWeb. Of course, Web corpora are also biased towardindertds of texts (pre-
sumably, adjectives having to do with Computer Science are much more ffiteiguea \Web
corpus than in a traditional corpus). There is no such thing as a balaogaas, because there
are no universal balance criteria. However, given that all corpogebiased, a description of
their content is essential to be able to place the results within a given comteodrr tase, we
have to take into account that the kind of language we have access tgthiwicorpus is
formal written text belonging to literature and certain academic fields.

2.1.1.2 Linguistic processing

The CTILC corpus has been manually corrected, so that it is a resatttcehigh-quality.
However, it only provides lemma and morphological information. We used Ga#Gsuite of
Catalan processing tools developed at the GLiCom group (Alsina et aR),20(add a syntac-
tic level of annotation to the corpus. CatCG comprises a tokenizer, a compalatiotionary,
a morphological tagger and a shallow parser.

We only needed the last tool, because all the previous steps were atre@azhed in the re-
source. However, we had to adapt many formatting aspects of the corfnesable to add
syntactic infromation. The steps we followed were:

e adapt the segmentation of the corpus data to meet the format of CatCG

e enhance the computational dictionary with missing lemmata (this step was not strictly
necessary, but was done for completeness)

e translate the morphological tagging used in the CTILC to the tagging used irGCatC

e parse with the shallow parser

We thus obtained a disambiguated, manually corrected morphological tagghey @LiCom
format, so as to be able to parse the corpus. More details on the kind ahation encoded in
the corpus and the CatCG tools can be found in Section 2.2.1.

2.1.2 Adjective database

Roser Sanroma developed a database of Catalan adjectives (Sar®08)a, he selected a
particular set of lemmata from a corpus and manually encoded morpholodaahation with
respect to derivational type (whether an adjective is denominal, dev@rhot derived) and the
specific suffix in case the adjective is derived. She included 2540 adjedti the database.

She initially extracted all adjectives that appeared at least 25 times in a srmatiereint of
CTILC (8 million words) than the one we have considered. The list obtainesl pruned
according to linguistic criteria. She manually coded the derivational typeecddiective (de-
nominal, not derived, participial, or deverbal), as well as the suffix efdérived adjectives.
For more details on the selection criteria and the information included in the databee
(Sanroma, 2003).

In initial experiments (see Chapter 5) with a 10 frequency threshold fectines, it was clear
that the data were too sparse for results to be useful. We decided to dstafiliher threshold,

9



Tools and resources

requiring at least 50 occurences, and selected from Roser Sasrdatabase all those adjec-
tives that occured more than 50 times in our fragment of the CTILC. Beddasfragment is
almost double than the one Roser Sanroma used, we only lost 10% of thergataloubling
the threshold. The final database we used consisted of 2291 lemmata.

Note that this list includes some gerunds and participles with a predominantlyyimgcdifinc-
tion. In GLIiCom’s computational dictionary, participles are only encodeceassy not as ad-
jectives. This decision is based on two arguments: first, the high complexéy {er humans)
in disambiguating between the two categories (Marcus et al., 1993; JueafdkMartin, 2000;
Brants, 2000). Second, participles share the functions of adjectivkgeabs.

Therefore, the verb/adjective ambiguity for participles is partially solvedeasyntactic level:
verbal participles carry out the same functions as any verb form, whietadl participles the
same functions as any adjective. The only distinction that is not solved is thtediffacult one,
namely, distinguishing between a verbal participle and an adjectivaMpagsbien they work as
noun complements. See Section 3.1.3 for further discussion on delimitatidemsb

For our experiments, we considered a participle as an adjective if it hadfahe syntactic
functions of an adjective, namely, pre- or post-nominal modifier, preslicha copular sen-
tence, or predicative complement.

2.1.3 Adijectives in the working corpus

This Section describes the distribution in the corpus (Section 2.1.1) of the lermulaided in
the adjective database (Section 2.1.2). The general frequency distmilofi adjectives in the
corpus is, as expected, Zipfean, as shown in FiW{“Z.l.

This distribution, where most items are very unfrequent but some itemstaeenety frequent,
is typical of many linguistic phenomena. Table |2.4 presents this effect in a coneete
way, showing that two thirds of the adjectives in the database have les@3Bawccurences
(17.2 per million), while less than 8% have more than 1,000 occurences. Gragjéctives
have more than 5,000 occurences. The three most frequent adjectiesdatabase ato
(‘good’; 12,650 occurenceshou (‘new’; 13,500 occurences), argtan (‘big, great’; 19,551
occurences).

Frequency lemmata %lemmata cumulative %lemmata

50-99 739 32.2 739 32.2
100-249 800 34.8 1539 67.0
250-499 332 14.4 1871 81.4
500-999 238 10.4 2109 91.8
1000-5000 174 7.6 2283 99.3
>5000 15 0.7 2291 100

Table 2.4: Frequency distribution in numbers.

These frequencies are not evenly distributed. Morphology plays a mamin explaining

“The two graphics in the lower part of the figure are boxplots. The relgarwve three horizontal lines,
representing the first quartile, the median, and the third quartile, resplgcirhe dotted line at each side is at most
1.5 times the length of the rectangle, and values that are outside this rengge@esented as points (Verzani, 2005).
We will encounter this kind of representation many times in the thesis, as itésnplete representation of the
distribution of feature values for a variable.

10
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Figure 2.1: Frequency distribution of occurences.

frequency distribution of adjectives, as will be further explored in thisitheTable 2.5 sum-
marises the number of lemmata and total occurences represented by daEmofphological
types coded in the database.

Tablel 2.5 shows that there are many more denominal lemmata (types) than aeyotifieh

types (37.5%). The ratio for the number of occurences (tokens),Jeayis similar to the ratio
for the number of lemmata, if a bit lower (33.9%), which shows that on aeedegominal

adjectives tend to have a lower number of occurences than the regéctiaes. The tendency
is the reverse for not derived adjectives: they cover 37.5% of therences, while only having
22.6% of the lemmata.

Deverbal and participial adjectives have an even greater diffetagivesen their type and to-
ken rations than denominal adjectives: 22.5% lemmata and 16.1% occufengasticipial
adjectives, and 17.4% lemmata (the smallest class) and 12.5% occurenotsefodeverbal
adjectives. Thus, on average deverbal and participial adjectieethatleast frequent classes.
The means depicted in the last column of the table confirm this analysis.

The data in Table 2|5 indicate that derived adjectives in Catalan are moreousifeumber of
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Morph. type type %type token %token mean

denominal 860 37.5 310,524 339 361.1
not derived 515 22.5 342,365 374 664.8
participial 517 22.6 148,017 16.2 286.3

deverbal 399 17.4 114,255 125 286.4
total/general 2291 100 920,821 100 152.5

Table 2.5: Distribution of lemmata and occurences according to morphological type.

lemmata) but less frequent (humber of occurences). Converselgerioed adjectives are less
numerous but more frequent.

If one accepts that more frequent elements of a category are more pio&btynot derived

adjectives are the core of this part of speech. This explains the gedtdation that not de-
rived adjectives (particularly some prototypical classes, such ascsilmyr, and temperature
adjectives) have received in the literature, as opposed to derivertiaege(see Chapter 3).

However, the large number of derived lemmata in Catalan and other Romagcedges war-
rants more attention to the semantics of these adjectives. Note that Dixor) (8ibds that
across languages, “Typically, a higher proportion of adjectives thanuns and verbs will be
derived forms”.

The tendency shown in Table 2.5 would probably be more extreme if lesspreint adjectives
were taken into account, as the 50-occurence threshold representc@rgnces per million
word, which is not very low.

Details on the distribution of particular suffixes within each derivationalcle#t be given in
Chapter 4 (Section 4.2.1).

2.2 Tools

2.2.1 Shallow parser

As explained in Section 2.1.1, the corpus was parsed with the shallow pacteded in
CatCG. It is a manually developed grammar written in the Constraint Grammar liemma
(Karlsson et al., 1995), and compiled with Connexor’s commercialoolgintime.

The parser is a functional shallow parser, that is, it assigns functisrtdagords without actu-
ally building a tree structure. For instance, a noun may be tagged as Sbbjeet indication
of which verb it is the subject of is provided, even if there is more than aite fverb in the
sentence (as is case in e.g. embedded clauses).

For some functions, partial structural information is provided. One of tlofypical ex-
amples is the nominal modifier function for adjectives. CatCG will indicate arctwdjeis

a pre-nominal modifier or a post-nominal modifier, but not the actual hBad.instance, in
both examples (2.1a) and (2.1b) the adjecbiancwould be tagged as postnominal modifier,
although in example (2.1a) it modifiésrre and in (2.1b) it modifiesnarbre

In this case, morphology is a clear indicator of the hesre is a feminine noun, so that

Shttp://www.connexor.com/
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blancgets the feminine agreement suffixand is thus realised ddancain (2.1a). Conversely,
marbreis a masculine noun, so thatanc appears in the masculine form in (2.1a). However,
if both nouns were masculine, it would not be possible to disambiguate the dredihdeed
CatCG does not provide any clue with respect to the head other than tohgadirien which it
should be looked for (left or right of the adjective).

(2.1) a. undorre demarbreblanca
a towerof marblewhite

‘a white tower of marble’

b. unatorre demarbreblanc
a towerof marblewhite

‘a tower of white marble

Figure 2.2 shows an example of the kind of information available in the corjpiisvés used
to model the data for the experiments explained in Chapters E@wd 6.

Word Trans. Lemma Morph. info Function
El the el masc. sg. article pre-head det.
llenguatge language llenguatge masc. sg. common noun  subject
d of de preposition post-head mod.
aguests these aquest masc. pl. demonstr. det.  pre-head det.
Versos verses vers masc. pl. common noun  post-prepositionmod.
és is ser 3rd. p. sg. pres. ind. verb  main verb
poc little poc adverb pre-adjective mod.
respectuds respectful respectués masc. sg. adjective predicate

full stop punctuation

Figure 2.2: Extract of the CTILC corpus.

The annotation provided by GLiCom’s shallow parser is, thus, a kind cfprdified depen-
dency grammar. Function tags either indicate a traditional syntactic functioh,as subject

or main verb, or the part of speech of the head of the phrase a wordhslinnstancepocis
tagged as an adjective modifier, which indicates that it structurally belonlys phrase headed
by an adjective. Because the adjectigspectud$unctions as a predicate, apdcdepends on

the adjectivepocbelongs to the predicate. However, recall that only the direction of thé hea
is indicated pocis a pre-adjective modifier, thus its head is to be found to its right), so that if
there were another adjective with another function it would not be podsilidentify the head

of the adjective modifier without further processing.

SLegend:
masc. masculine
sg. singular
pl. plural
demonstr. demonstrative
det. determiner
mod. modifier
p. person
pres. present
ind. indicative
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The kind of annotation provided by CatCG of course affects the kind ofrimftion that can
be extracted from the corpus. For instance, we can recover informiuarapproximates
nonrestrictivity (see Section 3.6.1.1), because we know whether artiagljesca pre-nominal
or a post-nominal modifier. However, we can only identify its head with hécsjsso that we
cannot estimate the distance to the head (information about adjacencgciesS.6.1.3) in a
reliable manner.

CatCG does not always provide fully disambiguated output: there usuaibine some degree
of syntactic ambiguity in cases where the rules that apply cannot uniquelyfidan appropri-
ate function tag. This property increases the noise caused by automatitgpdrhe syntactic
properties of adjectives will be further explored in Sections 3.1.2 and.3.6.1

2.2.2 CLUTO

The clustering tool used for the experiments reported in Chapter 5 is CLH&pis, 2002),

a freely availablé software package. It is highly parametrisable with respect to clustering
method, similarity metric, clustering criterion, and other parameters of the ¢hgprocedure.
More details about the options used will be offered in Section 5.1.3, whahd®s an overview

of the clustering technique.

CLUTO also provides facilities for exploration and understanding of tealt& On the one
hand, information of each cluster with respect to size, properties of teeecl{similarity of ob-
jects among them and with respect to other clusters), and predominanefean the other,
several graphics that allow the user to visualise the structure of the ahgstard the distri-
bution of feature values. The handbook for CLUTO (Karypis, 20@#)tains quite detailed
documentation of all the aspects mentioned. Recently, a freely availableicabpersion of
CLUTO, gCLUTO, has been developed.

2.2.3 Weka

The tool used for the experiments reported in Chapter 6 is Weka (Wittenran#,22005),
a freely availabl® Java software package with several graphical interfaces. It inglombest
of the algorithms used nowadays in the Machine Learning community for ctadifi, from
Bayesian classifiers to ensemble classifiers, as well as several closaggorithms. It also
offers feature selection and association algorithms, and some visualisatibities for input
and output data.

Weka can be used as a stand-alone tool, to perform individual expésilfieplorer interface)
or massive experiments (Experimenter interface), or its functions caalleel rom a console
or embedded in the user’s code. It also facilitates evaluation, offeriaggerof evaluation pro-
cedures (cross-validation, train/test, holdout method) and evaluation sn@tcdcuracy, infor-
mation theory measures, kappa, per-class recall and precision, &st&xpkerimenter interface
provides a significance test for comparing the performance of two algwith

At http://glaros.dtc.umn.edu/gkhome/views/cluto
8At http://www.cs.waikato.ac.nz/ml/weka/
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2.2.4 Other tools

The architecture of the experiments (Chapters 5 and 6), from datatextraefile management,
was developed using the Perl programming Iandﬁa@e CGI module was used in the imple-
mentation of the Web experiment. The data obtained during the Web Gold Staxgeriment
(Chapter 4) was stored and processed in several ways within a MS$#deeabase. For most
statistical analysis purposes, implementation of agreement measures phit graduction,
the open source R language and environment was used (R Developarernigam, 200@.

%See e.ghttp://perldoc.perl.org/
®Homepagehttp://www.r-project.org/
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Chapter 3

Adjective semantics and Lexical
Acquisition

From the beginning, | concentrated on the understandimgpods not words such
as ‘all’, ‘and’, and ‘necessarily’, but rather words such as ‘yelloWwook’, and
‘kick’.

Marconi (1997, p. 1)

This chapter is devoted to theoretical considerations about adjectivaficiason. The lit-
erature on adjectives is scarcer than literature on nouns, and mucdersttean literature on
verbs, both in theoretical and computational linguistics. In addition, thees dot exist a
single, well-established classification proposal for adjectives. Wewevdighe literature and
performed empirical research to define a classification that could beiagsigr our purposes.
Such a classification is subject to a series of constraints, that we revieve lBntering the
discussion of the literature.

General constraints The classification should b&oad, that is, its parameters should cover
most adjectives. This excludes for instance an organisation in terms efyamfsuch as that

in WordNet, for we have seen in Section 3.5.1, that this property is only afdico a small
subset of adjectives. It should also bensistent which means that its parameters should be
established at more or less the same level of description for all adjeciivesclassification
proposed within the SIMPLE project (Section 3.5.2), which mixes formal séosaand de-
notational categories, is prone to problems where the two parameters davecd natural fit.
Another inconsistent classification is the one established in some desagitivenars (Section
3.2), which mixes morphological, syntactic and semantic criteria.

Finally, the classification should Hmlanced in the sense that the classes should not be enor-
mously different in size. From the perspective of Natural Languaged3sing, the partic-
ularities of a handful of adjectives can be manually established, so thatithao need for
automatic acquisition. From a theoretical perspective, if one of the parenustied in the clas-
sification distinguishes a very small subset of adjectives from a largeolgetgeous body of
other kinds of adjectives, its usefulness to draw central distinctions atheirgsemantics can

be questioned.

Linguistic constraints  The first linguistic constraint requires the classification to be of a se-
mantic nature, that is, classes should define broad, core semantictehatias. However,
the characteristics should have correlates in other levels of descriptiom,as morphology
and syntax. That constraint provides an empirical handle for semantidptés (contrary to
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purely denotational approaches such as Dixon (1982)), and a sugatiled for competing the-
ories. It also allows linguistic theory and NLP systems to exploititwephology-semantics

and syntax-semanticsinterfaces for adjective classification, establishing regularities at mor-
phology and syntax that provide insights into semantics.

Related work in Lexical Acquisition for English and German verbs (Merkb &tevenson, 2001;
McCarthy, 2001; Korhonen, 2002a; Schulte im Walde, 2006) has ikgglihe syntax-semantics
interface. The idea is to test to what extent syntactic differences pomddo semantic differ-
ences, under the assumption that semantically similar predicates will tend teetsmalarly

in relevant syntactic aspects. This hypothesis is commonly attributed to HE9G8), and has
led to fruitful insights in research on lexical semantics (see, e.g., LevBB{l¢h verb classes).

The morphology-semantics interface is not as “popular” in linguistic thend/NLP as the
syntax-semantics interface. However, the relationship between morjpdallpgocesses and
regular meaning effects has been repeatedly noted since the beginstuglies on language.
Some morphological processes, such as derivation, have a cleaglatieely stable semantic
effect.

These interfaces can be exploited in two directions: to induce semantic fpesdeom mor-
phological and syntactic properties, and to exploit semantic propertiesdacplinguistic be-
haviour. The general goal of predicting properties at one level fsoyperties at another level
is common to linguistic theory.

NLP constraints The results of the research presented here are intended to be uskdPfor
purposes, which imposes further constraints on the task. Note that ¢ime wiain constraints

within NLP is again coverage, because the classification should apply tonatidéa contained

in a particular computational dictionary. This aspect has been mentiongd aba general

constraint. Also, in NLP, higher priority is assigned to higher frequeingnpmena, due to the
difference in goals with theoretical linguistics (Nirenburg and Raskin42p0111).

The concrete setting of the NLP resources available for a particulardgegand the system
used also have to be taken into account. CatCG, the NLP system for Catatelogkd at the
GLiCom group (see Section 2.2.1), is symbolic in nature. In addition, symbaotizlealge is
interpretable and can be manipulated by trained linguists, so that automaticpliyeacinfor-
mation can be checked and enhanced. We therefore aim at symbolicsalattes than, e.g.,
probabilities across patterns. Probabilistic information can be added iacaudas modules or
versions of the system.

A second main constraint imposed by the NLP setting is the use of automatic meadsde
classes (as opposed to manual classification) and, relatedly, a limitationamdat and kind
of information that can be used to perform automatic acquisition. A particulpusdqSec-
tion/2.1.1) will be used, annotated with morphological and shallow syntacticniafiion. An

additional source of information is a database of adjectives (Section 2viti?)nformation

on derivational morphology. This constraint relates to the requiremenit axploiting inter-
faces between levels of linguistic description mentioned above: the requiréntieoretically
motivated, but also methodologically convenient.

These constraints were born in mind in assessing the proposals fromalsgaditions. In
what follows, we first summarise the characteristics of adjectives in Cadalarpart of speech
(Section 3.1) and then review the treatment of their semantics in differers:fidibcriptive
grammar (Section 3.2), formal semantics (Section 3.3), ontological semaf&ctidn 3.4),
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and Natural Language Processing resources (Section 3.5). Sedidis8usses the kind of
classification that is aimed at in this PhD, and how different aspects of viewved research
fit into the desired classification. Section [3.7 provides a review of previouk on Lexical
Acquisition for adjectives. The chapter ends with a general summaryi¢g8ec8).

3.1 Adjectives as a part of speech

Adjectives can be defined as a morphosyntactic class which in Catalanttzrdlanguages
present a set of relatively homogeneous morphological and syntaetiacthristics (see Pi-
callo (2002) for Catalan, Demonte (1999) for Spanish, and Huddlest®allum (2001) for
English; for a typological perspective, see Dixon and Aikhenvald 420 his section reviews
their main morphological and syntactic characteristics, as well as problenaimitthg the
class of adjectives from that of nouns and verbs, focusing on Catalan

3.1.1 Morphology

The main morphological characteristics of adjectives in Catalan are sumciariskat follows
(see Badia i Margarit (1995) and Picallo (2002)).

Inflection: adjectives inflect for number and most of them for genéeonomic, econdmica,
economics, economiqu§gconomic(al)’) vs. alegre, alegreq‘joyful’). They do not
inflect for tense or mood, contrary to verbs.

Agreement: their inflectional properties in a particular occurrence depend on theriaaa or
determiner they modify, that is, they do not have inherent gender or mfedtares, but
agree with a nominal head with respect to gender and number.

Derivation: there are many deverbal and denominal adjecti@basiu(‘abusive’; fromabusar
‘abuse’),economidq‘economic(al)’; fromeconomia‘economy’). Many adjectives admit
derivation through the degree suffissim(netissim‘very clean’), though not al*agri-
colissim ‘very agricultural’). Those which admifssimgenerally also admit diminutive
suffixes such asetor -6: netet, petitd‘cleanminutive » ite giminutive )

Composition: they can form so-calledopulative composi®icallo, 2002, 1645), that is, com-
pounds obtained by juxtaposition of two adjectivetarobscur ‘light-dark’, agredol¢
‘sweet-sour’, and intervene in a productive Noun + Adj compositiorc@ss, where a
notion of inalienable possession is necessamgros ‘big-bottom’, but not*samarreta-
gros ‘big-T-shirt’.

Openness:they are an open (productive) class of words, mainly through theatienivand (to
a lesser extent) composition processes mentioned in the previous pasagrap

3.1.2 Syntax

Adjectives have two main syntactic functions: they act as predicates ormodifiers. Even
though more detailed syntactic environments can be identified (Yallop et &8b)2@entify
over 30; see Section 3.1.2), they are specialisations of these two functions
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The default function of the adjective in Catalan is that of modifying a noum;défault po-
sition is the postnominal one, as in most Romance languages Picallo (2002npkes are
taula gran ‘big table’, arquitecte técnigc‘technical architect’ anélement constitutidconsti-

tutive element’. However, some adjectives can appear prenominally, maidy wsed non-
restrictively (so-called “epithets”; see Section 3.6.1G)an taula‘big table’ is possible, but
not*técnic arquitecte, *constitutiu element

Adjectives can also function as predicates, be it in a copular sentexame (3.1a)) or in
other predicative contexts, such as adjunct predicates (example)(3.1b)

(3.1) a. Aquestotxeésmolt maco.
This car is verynice.

‘This car is very nice.

b. la vaig veureborratxa
herPAUX-1pssee drunk

‘| saw her drunk’

Table[ 3.1 lists the main syntactic functions for adjectives together with their distnibin

the corpus. Note that post-nominal modification covers an overwhelming itgagérthe

cases (62.7%), and that predicative functions are much less fretilmmhominal modifica-
tion (21.7% opposed to 78.3% of the cases). The latter fact is to be exgemtethe formal

register and written form of most texts in the corpus used, as mentionedtioré2d.1.1.

Function Cases| Subfunction Cases %Tota

Modifier 927,203 Post—nominal mogli_fier 742,375 62.7%

(78.3%) | Pre-nominal modifier | 184,828 15.6%

. 256,467| Copular sentence 129,531 10.9%
Predicate

(21.7%) | Other environments | 126,936 10.7%

Table 3.1: Distribution of adjective syntactic functions in the CTILC.

Complements to adjectives are expressed as PPs or clauses, anddiséipreis dropped when
the complement is expressed as a clause, as exemplified in (3.2).

(3.2) a.Orgullés dela sevafilla
Proud of thehis daughter

‘Proud of his daughter’

b. Orgullés quela sevéfilla treballimolt
Proud thatthehis daughtemworks much

‘Proud that his daughter works hard’

Adjectives rarely have more than one complement, but there are some(jgad€$0, Bonet
and Sola (1986)], taken from p. (2002)):

(3.3) a.Dependentdela sevadonaenmoltescoses
Dependentof thehis wife in many things

‘Dependent on his wife in many aspects’
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b. Superior a en Joanenmatematiques
Superior to the Joanin maths

‘Superior to Joan in maths’

Adjectives are modified mainly by adverbs: degree adveesr{ca ‘so rich’, massa nettoo
clean’) or other kinds of adverbpredominantment agricolamainly agricultural’).

3.1.3 Delimitation problems

Adjectives as a part of speech can not always easily be distinguistrachbuns and verbs. As
for the adjective-noun distinction, in some cases human-referring agje¢tict” as nouns, as
can be seen in examplesin (3.4):

(3.4) a. Therich and the poor

b. EI cec va marxar.
Theblind PAUX-3psgo

‘The blind (man) went away.’

Whether in these caseih or cecare morphologically nouns (have undergone conversion)
or adjectives acting as nouns is subject to debate. In Catalan and otimemB® languages,
the difficulty is greater than in English, because of the general possibilithezfdless noun
phrases” (again, whether there is a phonologically null head in thestraotions is a matter

of debate):

(3.5) a. Havierbuidat lesduesampollesja dexeresi la deconyac
Had emptiedthetwo bottles, theof sherryandtheof cognac

‘They had emptied both bottles, the sherry bottle and the cognac bottle.’

b. La Brunavolel cotxe verd,perojo prefereixoel  blau.
Brunawantsthe shirtgreenbut | preferthe blue.

‘Bruna wants the green shirt, but | prefer the blue one.’

c. El blau ésel meucolor preferit.
Theblue is themy colourfavourite.

‘Blue is my favourite colour.

In example/(3.5a), the two headless NPs contain a determiner and a preybdgiticase headed
by de (‘of’). In example (3.5b), the headless NP contains a determiner andjaatiae. Note
that it is superficially identical to the first NP in example (3.5c), in wHitéu is arguably a
true noun. This case is quite uncontroversial, but there are casesahwaitaso clear-cut, like
the following (all adapted from CTILC):

(3.6) a. DeGaulleno podiaveurehomescomPicassam Jean-PauBartre perque eren
De Gaullenotcouldsee men like Picassmr Jean-PauBartre becausavere
comunistes
communists
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Category | #Lemmata %
Adjective or noun 5532 32%
Total adjectives 17281 100%

Table 3.2: Adjective-noun ambiguity in GLiCom’s computational dictionary.

‘De Gaulle could not stand men like Picasso or Jean-Paul Sartre babayssere
communists’

b. hauriad’essemnarelacié d'igual a igual
shouldof-be a relationshipof-equalto equal

‘It should be an equal-to-equal relationship’

C. era unentusiastauniversitari a la sevamanera
wasan enthusiastof-universityto thehis way

‘He was a university enthusiast in this way’

d. he parlatdela glesti6 ambnaturals del pais
havetalkedof the questionwith native-peoplef-the country

‘| have talked about this question with people from the country.’

e. Els cabaretgsoén]ocupats permilicians,no pas perjoves burgesos
Thecabaretgare] occupiedoy soldiers, notNEG by youngbourgeois

‘Cabarets are filled with soldiers, not with young bourgeois men.’

For instance, it is not easy to determine wheth&turalsis an adjective or a noun in example
(3.6d), or whether in (3.6e) the headaseor burgesos Carvalho and Ranchhod (2003) discuss
a very similar example in Portuguesena joven ciganaould be a young woman that is gipsy
or a gipsy woman that is young. Note that in all these cases the NPs refenank. Inflective
properties do not help in these cases, because although nouns exbibigdinder in Catalan,
for human referring nouns there are usually both feminine and masculisiene of the nouns
(e.g.,nenfor ‘boy’ and nenafor ‘girl’).

As can be seen in Tahle 3.2, 32% of adjective lemmata in GLiCom’s computatictiahdry
have an additional nominal reading. Of course, in many cases the distmati®not controver-
sial for humans (are rather of the (3/5b-3.5c) type). However, thiesepts a huge problem for
NLP purposes. The same problem arises in other Romance languagestdoce Portuguese
(Carvalho and Ranchhod, 2003). Also in Germanic languages the delimitdtibe nominal
and adjectival category causes problems in automatic and manual annotanrts (2000)
shows that nouns and adjectives are involved in 42.2% of the diffesdratereen two human
annotations of a German newspaper corpus, and the third pair with higiméstd confusion
rate is the noun-(attributive) adjective pair.

The other edge is represented by the adjective-verb distinction, fofeens that in Romance
languages share inflection with adjectives: past and present partiigle@dation from more
verbal to more adjectival constructions in which past participles takegpgiten in examples

(3.7a-3.7¢}.

1we will concentrate on past participles, rather than present particilése dormer are most productively used
as adjectives. There are 513 past participles as opposed to 14atgageiples in the adjective database used for
this PhD (see Section 2.1.2).
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(3.7) a. Algu  ha abatut el soldat
Someondasshot-downthe soldier

‘Someone has shot the soldier down’

b. El soldat ha estatabatut perl’'enemic
Thesoldierhasbeenshot-downby the-enemy

‘The soldier has been shot down by the enemy’

c. El soldat ha estatabatut
Thesoldierhasbeenshot-down

‘The soldier has been shot down’

d. Dema enterrerel soldat abatut perl’enemic.
Tomorrowbury  thesoldiershot-downby the-enemy

‘The soldier that was shot down by the enemy will be buried tomorrow’

e. Dema enterrerel soldat abatut.
Tomorrowbury  thesoldiershot-down

‘The shot-down soldier will be buried tomorrow’

Example((3.74) is a fully verbal construction. Example (3.7b) is a cleaiveas®te the agen-
tive by-phrase). Example (3.7c) could be a passive or a copular sententefEbsoldat ha
estat molt trist GltimameriThe soldier has lately been very sad’. Examples (3.7d) land (3.7¢)
represent exactly the same dichotomy in the nominal, as opposed to venalindon Cata-

lan, a past participle occuring within a noun phrase can occur with artiegbgphrase, as in

3.7d).

In many cases, a past participle used as an adjective undergoesia staéning, thus arguing
for an adjectival entry in addition to the verbal entry. In Catakbgtutalso means ‘depressed,
blue’. Therefore, sentences (3.7c) and (3.7e) are ambiguous contExt. In sentences (3/8a)
and [(3.8b), parallel to (3.7c) and (3.7ahatutis unambiguously used as an adjective.

(3.8) a. El soldat ha estatmoltabatut Ultimament
Thesoldierhasbeenvery depressethtely

‘The soldier has lately been very depressed’

b. Aquellsoldat tanabatut emva fer pena.
That soldierso depressethe PAUX-3psdo sorrow.

‘| felt pity for the very depressed soldier.

(3.9) a. #Elsoldat ha estatmoltabatut  perl’enemic
Thesoldierhasbeenvery shot-dowrby the-enemy

‘The soldier has been shot down by the enemy’

b. #El soldat ha estatabatutper la malaltiade la sevamare
Thesoldierhasbeenvery depressetly the illnessof the his mother

‘The soldier has been depressed by the illness of his mother’
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Category #Lemmata %
Adjective or verb 3934 16.7%
Total adjectives 23591 100%

Table 3.3: Adjectival and verbal participle forms in the CTILC corpus.

c. El soldat ha estatabatut a causadela malaltiadela sevamare
Thesoldierhasbeendepressetb causeof theillness of thehis mother

‘The soldier has been depressed because of the illness of his mother’

Note that in this useabatutis gradable, which it is not when acting as a true participle (3.9a).
Also, it does not admit hy-agentive phrase (3.9b), although it does admit other causal adjuncts
(3.9¢). The phenomenon of so-called ‘adjectival passives’ suah(@s7e) has been well stud-

ied in English (Bresnan, 1982; Levin and Rappaport, 1986; Bred®®%). Prefixation with

un, prenominal modification, modification wittwo or too much complementation with a di-

rect object, and heading of concessional relative phrases beginitimigoweverare behaviours

that distinguish adjectival from passive uses of the past participlediogao Bresnan (1995).

However, even with these tests, the fact remains that the semantic distincgorerasubtle,
and their syntactic distribution very similar. This characteristics makes it difficureat the
distincion with automatic means, and also causes it to be controversial fonswsaescribed
in the literature|(Marcus et al., 1993; Jurafsky and Martin, 2000; Br20B0). In fact, in the
corpora such as British National Corpus and the Penn TreeBankigped&ied tags are used
to tag participial forms so as to bypass this difficult matter.

In the GLiCom computational dictionary, an even more radical approackés tgarticiples

are uniformly tagged as verbal forms. The adjective/verb ambiguity is impliotixed at the

syntactic level, in deciding whether they act as nominal modifiers or main Merisstance.

The manual tagging of the CTILC corpus provided by the Institut d’Est@ditalans does
distinguish between adjective and participle functions.

Based on the manual tagging, the scope of this ambiguity can be determitdgl 3Tashows
that 16.7% of the adjective lemmata that occur in the CTILC are participlesahdiesconsid-
ered to be lexically ambiguous between an adjectival and verbal use.

In the research undergone here, these criteria were approximatadiseeCatCG does not dis-
tinguish between adjectival and verbal readings of participles. Parsciplkh an adjectival
syntactic function (noun modifier, predicate in a copular sentence oicptedn other con-
structions) were considered to be instances of adjectives. Particidesdp@erbal syntactic
functions were not taken into account for the experiments.

3.2 Adjectives in descriptive grammar

In this section, we follow the discussion in Picallo (2002). It is represesmtatf the kind
of treatment adjectives undergo in descriptive grammars, and facilitatdattbduction of
relevant notions for the characterisation of adjectives.

The definition of adjectives as a part of speech in Picallo (2002, p.)is42Zsed on semantic
and pragmatic properties:
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The adjective is the part of speech which is used to attribute propertiesetttian

or to classify , in different ways, concrete or abstracts objects, evariisesses,
states, or actions which nouns denote. One of the main objectives of tbéthse
adjective is to contribute to delimit the class or kind of entity that the noun des-
ignates (Kamp 1975:153). It can also contribute to distinguish a particulity en
among all the others in its same class or kifd.

She proposes a three-way classification:

e qualitative Qualificatiug
e relational e relacig

e adverbial &dverbialg

Picallo states that the classification is based both in interpretative and syfeadtices, thus
implying that the syntax-semantics interface is at play in the classification. ‘éowee rela-

tionship between semantic and syntactic characteristics remains quite implicit is¢hesion

except for some concrete properties. The relationship between symiaseanantics for ad-
jectives will be discussed in Section 3.6.1. We now turn to discussing theslpssposed by
Picallo in more detail.

3.2.1 Qualitative adjectives

Qualitative adjectives “name properties of the entities that nouns denote. awidjective,
one or more qualities of an object are expressed, which, in a particulatigitwr context, the
spealﬁr wants to distinguish among many other actual or possible possibifitezslo (2002,

1646)3

The definition of the class is again semantic (“properties of entities”) angnpaac (“the
speaker wants to distinguish”). Some of the examples she providé®aévolbenevolent’,
triangular ‘triangular’, resistentresistant, strong’blanc‘white’, agradable‘nice’.

Picallo further proposes a subclassification of qualitative adjectivespatational grounds,
based on Dixon (1982) (Picallo, 2002, 1648-1651): dimension, palysioperties, speed and
position, age, colour and shape, character, and evaluation. Agaisiates that this division
allows for a description of morphosyntactic and lexical properties. Hewshe only discusses
adjective ordering. According to her, the following groups accourttfe ordering of adjectives
in Catalan (ordering according to closeness to the head noun):

group | colour and shape adjectives (in that order)

24’ adjectiu és la part de I'oracié que s'empra per atribuir propietatsaentitat o per classificar de maneres
diverses els objectes concrets o abstractes, els esdevenimentscelsps, els estats o les accions que denoten els
noms. Un dels objectius principals de I'Gs de I'adjectiu és contribuir a delifaitelasse o el tipus d’entitat que el
nom designa (Kamp 1975:153). També pot contribuir a distingir una epététular d’entre totes les altres de la
seva mateixa classe o tipus.” My translation (GBT).

8 “Els adjectius qualificatius anomenen propietats de les entitats que denatemeslsAmb I'adjectiu s’expressa
una o diverses qualitats d’un objecte que, en un context o situacio deaesnel parlant vol distingir d’entre moltes
altres possibilitats actuals o possibles.” My translation (GBT).
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group Il polar adjectives (age, physical properties, dimension and speedaitidip)

group Il character and evaluation adjectives

She claims that the hierarchy states a neutral order which can be altetebgs not provide
any empirical evidence nor discusses the kind of mechanisms that alter Alti@ugh order

considerations will affect our classification (see Section 3.6.1.3), onlyatdss, not intra-class
ordering constraints will be taken into account.

This subclassification raises a further issue that will arise again in thesdiscil namely, cov-
erage. Dixon’s classification covers the most prototypical adjectivegsjdes not account for
the rest of the lemmata. For instance, adjectives sudsaserre(‘left’), sublim(‘sublime’),
total (‘total’) can not be placed in this classification. A richer classification isiadeas will
be argued in Section 3.4.

The main feature that characterises qualitative adjectives accordingatoR#& gradability.
However, not all qualitative adjectives are gradable (an exceptiotid’roantions istriangu-
lar). This raises the issue of whether it is a property of the class or justod #gems.

Relatedly, Picallo states that qualitative adjectives typically have antonymararatganised
around a scale between two polespotar scale. A typical polar scale is the size scale, formed
among others byetit-mitja-gran(‘small-medium-large’). Picallo mentions thelativity of

the domain to which the adjective applies: a long box is not of the same size iag stiteet.
This aspect was discussed by Kamp (1975) awtipienessf the meaning of the adjective,
who points out that not all referents can be placed in a particular positidgheoscale. Oth-
erwise, sentences such &kis man is neither tall nor shomvould be contradictory. Scalar
adjectives are typically gradablegry small/cold/sholt but again, not all scalar adjectives are
straightforwardly gradable.

Colour or shape adjectives are the most cited non-gradable scalativedjed@hese are called
complementargcales, because they do not consist of two poles, but a set of ralatadered
items. Picallo states that exemples like those in (3.10), which are abundamatamdl, are not
counterexamples, although she does not provide further arguments.

(3.10) a. La Mariaté la caramés rodonaque la Lluisa
TheMaria hasthefacemoreround thanthelLluisa

‘Maria has a rounder face than Lluisa’

b. els ous erenben blancs.
theeggswerewell white.

‘The eggs were completely white.’

Scalar properties of complementary scales are different to polar séaesypical scalar ad-
jectives, augmented degrees of a position in a scale lead to the following pasiiy hot

— burning). Because colour and shape adjectives are not ordered, it sedmstias being

graded with the degree adverbs is the quality itself (roundness in exampla(8vhiteness in
example[(3.10b), with no clear implications for the other elements in the scale. hdwtever,

that it is also possible to compare elements of the same scale, as in example (3.11)

(3.11) La Mariaté la cara més rodonagque quadrada
Mariahas thefacemoreroundthan square
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‘Maria’s face is more round than square’

Data such as examples in (3.10) and (3.11) show that colour and stjeptivad are gradable,
at least in Catalan.

The crucial question with respect to gradability and scalar organisationmibdabextent these
properties hold for the whole class of adjectives, or just for a coupteaibtypical adjectives.
The discussion about order (groups |, Il, 1ll) seems to indicate tbhagah adjectives are po-
lar, only those in group Il. As we will discuss in Section 3!5.1, most adjestigeen in the
gualitative class are just not organised according to polar or antonylatioreships.

3.2.2 Relational adjectives

Relational adjectives have been tackled in Romance descriptive gramieasiasince Bally
(1944, 8147, pp. 96-97), who called thewjectifs de relation

Picallo characterises these adjectives by means of two properties,aet&y one semantic:

e they can only act as postnominal modifiers. This property will be examineddtidh
3.3.2.1.

¢ they “do not express qualities that can be adscribed to an object in a maximatimal
degree, but express entities. In [NPs suchestructura molecularthe molecular struc-
ture’] the entity denoted by the nominal head is put in relationship with anotitdy e
denoted by the adjective” (Picallo, 2002, 1667).

The view that relational adjectives denote objects, or are quite equitaleouns, is implicit
in the termpseudoadjectivegsed by Postal (1969) to refer to this class, and has been given a
derivational syntactic analysis in Levi (1978).

As will be explained in Section 3.3.2.1, we analyse relational adjectivesragingrelation-
shipswith a kind of “shadow argument” (Pustejovsky, 1995, pp. 62-67), tmeinal embedded
in the meaning of the adjective. This view is consistent with other studies omthargics of
relational adjectives (Fradin and Kerleroux, 2002; McNally and Bql2684).

Due to this particular kind of denotation, according to Picallo, they are ramtaiple, so that
they do not admit the superlative suffssim nor degree modifiers. Also, they do not derive in
itat, a suffix expressing property, which can be affixed to some qualitatives

One of the issues about relational adjectives is their denominalness: & tiestessary and
sufficient feature? Picallo says that most relational adjectives arerdealp with exceptions,
but does not dwell further on the issue. There are denominal adjectivieh are clearly
intersective, such agergonydq'shy’; derived fromvergonya ‘shyness’). Other adjectives are
not (synchronically) denominal but truly relationddelic ‘bellic, of-war’, botanic ‘botanical,
of-plants’, etc.

“no expressen qualitats que es puguin adscriure a un objecte en gram maninim, siné que expressen
entitats. En [sintagmes nominals castructura moleculafes posa en relacié 'entitat que denota el nucli nominal
amb una altra entitat que denota I'adjectiu” My translation (GBT).
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Thus, denominalness is neither a necessary nor sufficient conditienrédational adjective.
The crucial feature for this class is of a semantic nature, namely, the objatibnship denota-
tion. The relationship between morphology and semantics will be taken upftini$8d.2. We

defer the discussion of syntactic properties concerning relationaltagigto Section 3.6.1.

A final note about the semantics of relational adjectives: It has oftem heted that relational
adjectives can perform an argumental function, as in example (3.12&h s semantically
guite equivalent to “the Pope visits”. In other cases, such as (3.12beldtionship cannot be
considered to be argumental.

(3.12) a. la visitapapal
thevisit Papal

‘the Papal visit’

b. el cotxepapal
thecar Papal

‘the Papal car’

Picallo (see also Bosque and Picallo (1996)) treats this functional dyolydataerms ofclasses
of relational adjectives: thematic adjectives act as arguments (examp2ea))3.dlassificatory
establish other kinds of relationships (example (3.12b). However, abdwsshown in the
examples in (3.12), some (if not all) relational adjectives can perform footttions, and the
kind of relationship established depends on the head noun, not on tlot\adje

3.2.3 Adverbial adjectives

The third class, adverbial adjectives, is very shortly discussed, #ddknowledged that they
are an “heterogeneous group of adjectives” (Picallo, 2002, fBﬂ!B)ey are negatively defined,
by neither expressing properties nor denoting entities. The only poshiaecteristic is that
most of the adjectives in this class can enter an adverb deriving preidessnent

Picallo discusses three subclasses:

Modal: They express notions related to modality. These are casepdisible'possible’,
necessarinecessary’ presumptealleged’. It is however problematic tharesumptds
included in this group, as it does not relate to modality, but to speaker attfed&gection
3.3.2.2). Modal adjectives modify propositions or events, rather thawiéhdils.

Aspectual: They modify temporal semantic featuress freqlents atacs romans a les tribus
germaniquesthe frequent Roman attacks to the Germanic tribas’visitant assidua
frequent visitor’. These adjectives modify events (Larson (1998);3ection 3.3.2.1).

Circumstancial: “modifiers of the nominal entity which indicate, be it the situation of its
referent (in the space or time), be it the manner in which an object is peccer pre-
sented” (p. 1683) For instanceuna ullada rapida al manuscrita quick look at the
manuscript’ I'avis previ‘the previous warning’la propera cantonadéahe next corner’
(Picallo, 2002, ex. 101, p. 1683).

S“grup heterogeni d’adjectius” My translation (GBT).
S“modificadors de I'entitat nominal que indiquen, bé la situacié del sareaf (en I'espai o en el temps), bé la
manera en que es percep 0 es presenta un objecte” My translation.(GBT)
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Adjectives in this class have the property that their arguments are notypicta, individual-
denoting arguments. Most of them typically modify propositions or eventiitegy nouns, or
have to do with indexical properties of the utterances (time, space).

3.2.4 Summary

The discussion of descriptive grammar has served to introduce relewaoépts regarding
adjective classification. The morphology-semantics and syntax-semamgidades, implicitly

used at several points in the discussion, are central to the work peddegre. Denotational
aspects (what kinds of meanings do adjectives have?) are also a cemitarn. Some of
the distinctions will also be adopted, namely, the distinction between qualitativeetional

adjectives. Adverbial adjectives will not be separately considengdyii be lumped together
with qualitative adjectives, on the basis that they too denote attributes (etlesyifare not

properties of individual, but of events or propositions) and that theitagyic behaviour is
similar to qualitative adjectives (see Section 3.6.1).

3.3 Adjectives in formal semantics

3.3.1 Lexical semantics within formal semantics

Formal semantics as stemming from the Fregean philosophical tradition hesnt@ted on
structural aspects of language meaning (such as logical connectsies, teodality, polarity, or,
above all, quantification), and has consciously neglected most of lexicargics| Because
since Frege (1892) the main emphasis is placed on truth conditions, and thanisecs for
determining a truth value for a proposition expressed in a sentence froamtggpompositional
semantics), “only issues that lend themselves to truth-conditional treatmeeatided to the
inventory of formal semantic tasks” (Nirenburg and Raskin, 2004, 4).10

Frege distinguished between two aspects of measi@gsdSinn) anddenotationBedeutuny

A famous example is the distinction betweabie morning staandthe evening starBoth refer
to the same celestial body (the planet Venus), but it can be that a pestdmtws thatenus
is the morning stadoes not know tha¥enus is the evening stavioreover, there is more to the
meaning oimorning starthan the fact that it refers talénote¥the planet Venus. ltis its sense.

Richard Montague turned the philosophical work on the semantics of h#nguages into
a methodology for doing research in linguistics (his works are gatheredama@son (1974)).
This methodology is called model-theoretic semantics, because it is basefinimgde model
of the world and explicitly listing all the objects and relations holding among objedtsat

model.

The meaning of words is extensionally defined: the denotation of a partiaular, for instance,

is the set of objects to which it can truthfully be applied. For instance, thetdion ofball

is the set of objects in the model that are balls. The denotation of a particutaitive verb

is the set ofpairs of objects to which it can be applied. For instance, if John loves Mary and
Mary loves Bill, the corresponding model specifies as denotation for tidaeesthe pairs of
individuals{<john, mary>, <mary, bill>}. If the set of pairs in the denotation of, e.bgetrays

is the same as the set of pairs in the denotatidowes there is no way to distinguish, within a

"For a review of the treatment of lexical semantics in philosophical sensast¢ Marconi (1997, ch. 1).
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particular model, the meaning of these two verbs.

From this very architecture it follows that formal semantics accounts footdéons or exten-
sions, not forsensesn Fregean terms. Moreover, senses are not even in its researchmprog
“One of the radical aspects in Montague’s work was the relegation of ofiéestical semantics
to a separate empirical domain” Partee (1996, p. 34).

One kind of device that was introduced to deal with this problem within philoisapseman-
tics, and later imported into linguistic semantics, is the meaning postulate. A measiupp®
stipulates a relation between lexical items, or more precisely, between th@atiens of the
lexical items. For example, “all individuals that belong to the denotatidmasheloralso be-
long to the denotation ainmarried meh

Meaning postulates cover the inferential aspect of meaning: assuming toaplete set of
meaning postulates can be defined, we would be able to derive the validitier#rines such
as that in example (3.13).

(3.13) a. These are cows

b. = These are animals

The main problem with meaning postulates, as Marconi (1997, p. 19) puthifitisa meaning-

less (that is, uninterpreted) linguistic symbol cannot be made meaninghdibg connected,
in any way whatsoever, to more uninterpreted symbols. If you don’t kibimese, a Chinese
definition for a Chinese word will not make you understand the word.” Nioé¢ meaning

postulates are relationships between predicates of a language, nothetvneepts.

Marconi also remarks that, from a cognitive point of view, it can be edgtnat we “know

something about words such as ‘book’, ‘table’, and ‘on’ that is ngtwaed by the meaning
postulates for these words . .. What we know is, very briefly, how tdyaguzh words in the real
world.” Inferential knowledge, although a part of lexical semanticsptsatl there is to lexical

semantics. In addition, it is not clear that meaning postulates are the besb watablish or

represent inferential properties of words: we will see an alternati@eation 3.4.

Formal semantics is generally not adequate to treat many aspects of lexiaattics. In this
framework, the meaning of words is typically an a@)m-low does this general inadequacy
reflect in the case of adjectives? This is the topic of the next Section.

3.3.2 Adjective classes from entailment patterns

Partee (1996, p. 34) precisely explains the treatment of adjectives“agamnple of the kind
of lexical semantics” that is done in formal semantics.

The parameter that has been universally used in formal semantics sintagde (1974) to
classify adjectives is thegntailment pattern. Montague himself claimed (based, according
to him, on work by Kamp and Parsons unpublished at the @ir’(’rejt “The denotation of an

8 A joke that runs in formal semantic circles The meaning of life is life primdor in the formal semantics
notation, meanings of words are represented by the word followed byna gymbol:life’ represents the meaning
of life.

9The relevant pieces of research were later published as Kamp (48@%arsons (1970).
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adjective phrase is always a function from properties to propertiesh{&dyue, 1974, p. 2]@
| shall refer to this definition aBenotation 1

To account for the semantics of nominal modification, he definemtkesection functionn
(3.14):

(3.14) [Function] H such that for some property P, H(Q) is, for eveopprty Q, the property
possessed by a given individual with respect to a given possible Wenhdl only if the
individual possesses both P and Q with respect to that possible world.

This function achieves a result analogous to simple property intersecti@m gproperty such
asred, and another property suchlaall, the application of the intersection function will result
in a predicate applicable to entities having the propextiand the propertpall.

Why does he posit an intersectibmctioninstead of using simple property intersection? One
of the main reasons is that there are adjectives which do not behavedik&lontague first
cites adjectives such &g, which are clearly not intersective in the sense that a big flea is not
necessarily a big entity (while a red flea is certainly a red entity). To acdoutitese cases,
Montague proposes a weaker versiorDahotation 1, namelyDenotation 2 “the denotation

of an adjective is a function that always assigns to a property one ofdm(splerties@

But again, there are some adjectives which do not adjust even to thistmassumptiontalse

friend, reputed millionnaire ostensible allypossible presidentlleged intruder(Montague’s
examples, p. 211). The solution Montague finds more suited to his purisaseesort to the
general intersection function presented|in (3.14), together with some nyepostulates for
adjectives. In the following, A stands for an adjective and N for a nddiontague, 1974, p.
212).

(3.15) every ANisaN
(3.16) an AN is a N such thatthat N is A
(3.17) every N such that that N is Ais a AN

The core distinctions that Montague made have been used throughsegjsebt research on
adjectives in formal semantics. This work has focused on the two firttilptess, establishing
a classification as foIIO\/\E

Intersective or absolute or restrictive adjectives: Those likered or married, that can be de-
scribed in terms of intersection and adjust to the three postulates: a reddmtiéshing
that is a ball and is red.

10A property is the denotation of a unary predicate. A noun sudhlae denotes a property, and a noun with a
maodifier, as in “big table”, also denotes a property. This is why the intdosefunction takes as input a property
and outputs a property.

Note to that respect that a big flea is a flea.

12Note that Montague did not name the classes. | will use the first term ébratass; see Hamann (1991) for an
overview of the treatment of adjective semantics in formal semanticameaplanation of the other terms.
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Subsective or relative adjectives:Those likebig, that do not adjust to postulate (3.16). As
mentioned above, a big flea is not something that is big. Hoewver, a big fldkess ao
that postulate (3.15) is m@t.

Intensional or nonpredicative adjectives: Those likealleged that do not adjust to any of the
three postulates, so that their denotation is a quite unconstrained propertyptrty
function. An alleged intruder is not necessarily an intruder (postulat&)j3.dand it is
even almost ungrammatical to say something #deat intruder is allegedpostulate
((3.16)). In fact, a striking property of intensional adjectives is thag ttennot be used
as predicates (hence the tenonpredicativg¢ in many languages, including English and
Catalan.

The rest of the Section is devoted to discussing some problems with this chatesific

3.3.2.1 Intersective vs. subsective adjectives

The distinction between intersective and subsective adjectives is véipuliifo make and to
use for classificatory purposes. In fact, Lahav (1989) argueshbeg are no truly intersective
adjectives because “their semantic contribution to the meaning of the wholddh thiey are
embedded varies non-systematically across linguistic contexts” (Lah2®, 281). 14 The
variation in meaning, according to Lahav, depends on the head nounhceaiext.

For instance, he argues, the truth conditionsXas redare different depending on whether X
is a bird or a table (in the first, but not in the second case, it has to be itahatliour), an
apple or a watermelon (an apple has to be red outside, a watermelon indidelseaor a car
(a red house only needs the outer walls to be red, but a car needs thlesutace, including
doors and roof). Following this line of reasoning, not only the parts tteate or the origin of
the colour, but also the shade is different depending on the head ased:face does not have
the same colour as a red car.

According to Lahav (1989, 266), thus, “the applicability conditions of djective are a patch-
work of merely related, and not uniform, conditions”. These conditiopedd fundamentally
on the head noun, similarly to size subsective adjectives.

Difficulties in determining applicability conditions grow if the head noun doesdesiote a
tangible entity. Take for instance adjectafeatut which in one of its senses can be translated as
“depressed”. It can be argued thet professor abatuta depressed teacher” is both a professor
and depressed, so that it seems that the adjective is intersective. éfpthewnouns that appear
with ‘abatut’ in the CTILC corpus are mostly abstract nouaispectq‘aspect’),estil (‘style’),
anim (‘mood’), actitud (‘attitude’), cor (‘heart’). It really is difficult to decide whether an
aspecte abatut anaspectesuch that thimspectds abatut that is, whether the adjective meets
meaning postulat@l@?

The treatment of adjective semantics in terms of entailment patterns is problentatt inis
not clear how to use postulates (3.16) and (3.17) as a criterium for atasisifi, and more so
if we consider abstract head nouns. In addition, it is not clear, froemaastic point of view,

13size adjectives were given an intersective analysis in Kamp (197%Beetion 3.3.2.1.

This characteristic is also termegincategorematicitysee Picallo (2002, fn. 18, p. 1653).

5The difficulty was attested in a real classification experiment with humaregjdge first Gold Standard exper-
iment reported in Section 4.1 below.
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that it is possible to draw the line between intersective and subsectivdiegged\ote to this
respect that intersective and subsective adjectives are groupdeom the class of qualitative
adjectives in the semantic classifications established in descriptive grameatin(B8.2.1).

Entailment patterns are also problematic in another respect: they leaventedewasantic dif-
ferences among adjectives uncovered. As Louise McNally (p.c.) putubsectivity comes
in many flavours”, and the source of the subsective behaviour ispedsy different for the
different flavours. Kamp (1975) initiated a line of research aimed attgsimg as intersective
apparently subsective adjectives. He analysed scalar adjectiveashig. In his accountbig
is intersective but bears a context-dependent index determining thesdaridomparison that
is being used in each occurence. This analysis corresponds to the inthitanbig flea is big
for a flea that is, in relation to the standard size of fleas.

At least two further kinds of apparently subsective adjectives haea becently given an
intersective analysis. The first kind of adjective can be terevht-modifyingand it has
been independently modelled as intersective in two theoretical framewtwksal seman-
tics (Larson, 1998) and Generative Lexicon (Pustejovsky, 199%5iliBo, 1999). Both anal-
yses have many points in common, mostly the fact that they “broaden” the llskinature
of the noun to explain the subsective behaviour of these adjectivepldiexhe analysis in
Larson (1998) and then comment on Bouillon (1999).

Larson (1998) discusses the two readings of a sentence like (3.18).
(3.18) Olga is a beautiful dancer

In one (intersective) reading, Olga is both beautiful and a dancer. elrotier (subsective)
reading, Olga is a dancer, but what is beautiful is the way she dandepgndently of whether
Olga is beautiful or not.

Intuitively, the ambiguity involves more whaeautifulis modifying (the individual Olga or
her dancing) than the lexical semantics of the adjective. That is, it inveheesemantics of
the noun, rather than that of the adjective. To account for this intuitiorsdreargues that the
noundancerhas an event argument corresponding to the event of dancing, in adidittbe
individual argument for the person to which it is applied. An adjectivehsaagbeautifulcan
modify either of the arguments, giving rise to the ambiguity in example (3.18rB8al{3.19)
reproduces schema (13) in Larson (1998), which sketches the tWsasaf the sentencé®

(3.19) a. Qe[dancing(e,olga) ...beautiful(olga,C)] (“Olga is beautiful”)
b. Qe[dancing(e,olga) ...beautiful(e,C)] (“Dancing is beautiful”)
This analysis explains the intersective properties of the adjective whileataiime time ex-

plaining its subsective behaviour in terms of entailment patterns.

Bouillon (1999) discusses a similar casgeux maire(‘old mayor’), that has two interpreta-
tions: one in which the individual described amire ‘mayor’ is aged, and another one in
which the mayor job is “of long standing”, that is, the individual, though restassarily old,

18Q is a quantifier that binde. C is the reference class to determine whether Olga is beautiful or not. The
analysis becomes more concrete in the paper, but the schéma inigstifjciently illustrative for the purposes of
the present discussion.
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has been mayor for a long time. The analysis that Bouillon proposes is similgiriinta the
Larsonian analysis, in that she posits several arguments for thermaivm Of interest here are
the individual argument and an event argument for the process afiteadity. When combin-
ing it with adjectivevieux which selects for those two kinds of argum@lthe adjective can
modify either of the arguments, yielding the two interpretations. Bouillon’s aisafyoes one
step further than Larson’s, in positing event arguments for a nmaire (‘mayor’), which is
not directly event-denoting.

The second kind of apparently subsective adjectives that have bexmap intersective anal-
ysis are relational adjectives (McNally and Boleda, 2004). Their maipegoties have been
reviewed in Section 3.2.2. They have not received much attention in foemelrgtics or gener-
ative linguistics (though see Levi (1978), Bosque and Picallo (1996 Faadin and Kerleroux
(2002)) From the point of view of formal semantics, they can be treatsdlasective because
of their entailment patterns, as depicted in example (3.20) (McNally and B2664, ex. 1,
p. 179).

(3.20) a. El Marti és arquitecte tecnic.
‘Marti is a technical architect’

b. | El Marti és arquitecte.
C. [~ #EIl Marti és técnic.

(3.20a) entails that Marti is an architect (meaning postulate (3.15)) bihatoie is technical
(meaning postulate (3.16)); indeecnic sounds rather anomalous when appliedMarti.
Técnicis not a prototypical intersective adjective.

McNally and Boleda (2004) suggest for relational adjectives an aisaieng the lines of Lar-
son’s analysis for event-modifying adjectives. Under their analysiatioaal adjectives are
properties okinds not of individuals |18 They posit an implicit kind argument for all common
nouns, so that “objects realize the kinds of things that nouns desciaN4lly and Boleda
(2004, p. 188)). Relational adjectives modify the kind argument, not tfieidual argument,
which accounts for the entailment patterns shown in (3.20).

In fact, Bouillon proposes that it selects for a singktted typeargument, a complex type composed of an
individual and an event. Dotted types are one of the technical devicedid in the Generative Lexicon frame-
work (Pustejovsky, 1995). They account for the fact that somelsvdenote two different kinds of entities “at the
same time”: a book is something that is both a physical entity and a pieceoafiafion. The two kinds of entities
interact, as irEve believes the bo¢Bouillon, 1999, ex. (9a), p. 152), in which what Eve believes is thermédion
contained in a physical object.

8Kinds “are modeled as special types of individuals” (Krifka et al., 1995,68). Some NPs can be said to
provide a ‘teference to a kind-a genus— as exemplified in [3.21]. The underlined noun phrases (N[3.21] do
not denote or designate some particular potato or group of potatoeattoert the kind PotatdSplanum tuberosum
itself. [An NP of this type] does not refer to an “ordinary” individual @bject, but instead refers to a kind.”
(Krifka et al., 1995, p. 2; examples in (3.21) reproduce their exasip (1))

(3.21) a. The potatwas first cultivated in South America.
b. Potatoesvere introduced into Ireland by the mid of the 17th century.
c. The Irish economy became dependent upon the potato

See Carlson (1977) and Krifka et al. (1995) for further informatiboua kinds.

1%The intuition is present in Bosque and Picallo (1996) [and Picallo (2002)inEtance, (Picallo, 2002, 1667)
asserts that relational adjectives “usually refer to generic objects veiieceto which the reference of the nominal
head is delimited” (“Solen fer referéncia a objectes genérics respisctpials es delimita la referencia del nom
que és el nucli del sintagma.” My translation (GBT).). However, neitterk develops this intuition into a specific
semantic analysis.
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This analysis also accounts for a number of properties of relationaltagigcThe most promi-
nent one is the fact that they can appear in predicative positions uaderestricted circum-
stances, namely, when the subject refers to a kind rather than an iradividate that while
(3.20¢) is anomalous, (3.22) is perfectly natural.

(3.22) La tuberculosi pot ser pulmonar.
‘Tuberculosis can be pulmonary’

In (3.22), La tuberculosidoes not denote an entity, but a kind, gndmonarrestricts its de-
notation to one of its subkinds. McNally and Boleda’s analysis thus capheeadassificatory
flavour of relational adjectives, noted by many researchers: if treepraperties of kinds, their
main function will be to establish subkinds, that is, to further classify entitiesv the analysis
technically works is not relevant here (see McNally and Boleda (2004))

Event-modifying and relational adjectives show that a semantics for adjs&olely based on
inferential patterns obscures crucial differences in the types oéstibisy found in adjectives
of natural languages. To account for these differences, a rithetigring of the semantics of
the nouns is needed. Also, compositional devices that allow differens kihdomposition of

the meaning of the adjective and its (hominal or other) argument have tosblwped.

The discussion of adjectiveed shows that, even for prototypical intersective adjectives, the
postulates do not strictly hold. Although some intersective adjectives arpesttharred (e.g.,
‘solter’ bachelo), what we learn is that the line between subsective and intersectiveiagi§ec
is very difficult to draw, if at all possible. Meaning postulates 3.15 and 8dk6not easily
be used as criteria for classification. A further argument for blurringdtstinction is that no
syntactic class properties distinguish subsective from intersectivetimdgcdNone of parame-
ters discussed in Section 3.6.1 yield consistent differences betweeratiezsand subsective
adjectives. If neither entailment patterns nor syntactic behaviour poeideliable means to
distinguish between subsective and intersective adjectives, the distihetsaim be abandoned
for the present purposes. The two kinds of adjectives will be colldgtiederred to as inter-
sective or qualitative.

3.3.2.2 Intensional adjectives

The same examples for intensional adjectives are given over and gaer. former andal-
leged(as in most textbooks on formal semantics, such as Dowty et al. |(1984pjn_61996),
Heim and Kratzer (1998), Chierchia and McConnell Ginet (2000))ntdgue further mentions
false reputed ostensibleandpossible It is indeed a short list compared to the 17,281 adjective
lemmata in GLIiCom’s computational dictionary.

From a truth-conditional point of view, adjectives sucHaser or allegedare indeed remark-
able, and their behaviour should be analysed and explained. Howesrdicism can be made,
from both a theoretical and a practical point of view, of the fact that thie semantic division
within the adjective category separates (and thus characterises) sivalypercentage of the
category from the rest. This is so because the vast majority of adjectwebat adjectives are
supposed to do: specify a property of its argument. It may be a very typigperty, such as
red or large, or a not so typical property, such astonom'autonomous’ orsubaltern‘minor,
auxiliary’ (for personnel); but it is a property, and thus most adjestadjust at least to the
inferential behaviour encoded in meaning postulate|3.15.
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In addition, intensionality, like subsectivity, comes in many flavoukstmer has to do with
contrasting times of utterance and referenftiéeged reputedandostensibleappeal to the atti-
tude of the speakePossibleraises issues of modalitifalseis a so-called “privative” adjective
(Partee, 2001), that is, it belongs to the reduced subset of nongtigdiwhich entail the nega-
tion of the nominal property. The reasons for each of these kinds aftadje not adjusting to
any of the meaning postulates presumably have to be traced back to difeteces.

In fact, we find in the literature proposals to reanalyse some intensionaitigdfeas inter-
sective or subsective. Partee (2001) analyses privative adgstiah agake counterfeit or
fictious Recall from Section 3.3.1 that intensional adjectives can not be ussghtstic pred-
icates. Privative adjectives have the remarkable property that, althbagtare arguably non-
predicative in meaning (a fake gun is not a gun), they can be useddisaies, as in example
(3.23) (Partee, 2001, ex. (10a)).

(3.23) Is that gun real or fake?

Partee also argues that the very interpretability of example (3.23) is a ghatleemains un-
explained with an intensional analysisfake She further uses data from NP-split in Polnish

to argue that syntactically, privative adjectives are grouped with stibs@djectives, not with
intensional adjectives. To explain these pieces of data, she propaskkdexpands¢oerce$

the denotation ofjunto include both fake and real guns. Once the coercion has taken place,
nothing prevents the adjective from modifying the noun in an intersectiye wa

Partee claims that the default denotatiorgah only includes real guns, “as is evident when
one asks how many guns the law permits each person to own, for instamc®). (However,
the default denotation is highly context-dependent: in a toys store, preésutha manager
would ask “how many guns are there left?”, not “how many fake gunsheme left?”. Thus,
the coercion can be triggered by other, contextual factors, apant [frguistic cues. Partee
acknowledges that “the extension of nouns is quite ‘adjustable’ ”; thettog $s presumably
one of the cases where the extension is adjusted.

Modal adjectives such gmssiblebear some resemblance to privative adjectives. They have an
intensional meaning: a possible president is not necessarily a pre@dsttlate (3.15)). They
have the characteristic that explicitly introduce possible worlds. Howtwey,can be used as
predicates. The examples that follow are attested in the CTILC corpus.

(3.24) a. Noéspossiblefer uncasamenliaic?
Notis possibledo a marriagelay?

‘Isn’t it possible to have a lay marriage?’

b. Espossiblequenecessiti®l cotxe
Is possiblethatyou-needthecar

‘You may need the car’

c. Lapau no éspossible
thepeacenotis possible

‘Peace is not possible’
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d. Quants? Lavaluaci6 del nombresifos possiblegueno hoés,ens
How-many?The-evaluatiorof-the number,if werepossiblethatnotit is, us
ajudaria a fixarelstermesdel procés
would-helpto fix theterms of-theprocess

‘How many? The evaluation of its number, if it were possible, which it is notjldio
help us fix the terms of the process’

e. ...serveixersimés no, pera mostrarquins mitjansdiversificatsdetransicié
...serve, if morenot,for to show whichmeans diversified of transition
resultenpossibles
result possible

... [they] serve, at least, to show which diversified transition meansdut to be
possible’

Becauseossiblemainly modifies proposition-denoting constituents, the most typical environ-
ment for predicativpossiblds the case where the subject is a clause, either an infinitival clause
(example/(3.24a)) orthat-clause (example (3.24b)). However, cases with noun phrase subjects
are also possible, as in examples (3/24c) and (3.24d). Predicativenusiber environments
than the copular sentence are also attested (example|(3.24¢e)). The sdieetapther modal
adjectives, such as necessarnecessar{‘necessary’) ocontingent(‘contingent’). | will not
pursue an intersective analysis of modal adjectives. | just want to ketinair their syntactic
behaviour remains unexplained if we assign them to the intensional claiss|yponpredica-

tive. Further syntactic arguments regarding semantic classification aigiGection 3.6/1.

3.3.3 Summary

In this Section, we have argued that the treatment of adjective meaningnalfeemantics is
not adequate for our purposes. Entailment patterns raise interestiagogsefrom a logical

point of view, and uncover behaviours (such as those of intensidijedtaves) that have to be
analysed and explained. However, if used on their own, entailment pakttaevesthree main
problems.

On the one hand, they generate a distinction that is very difficult to make aif possible:

intersective vs. subsective adjectives. Clear intuitions can only be elt&m very specific
adjectives that modify concrete objects or humans. Even in these caseagéning of an
adjective changes depending on the noun it modifies and, more genemdjgnte@. Thus,

if taken literally, meaning postulate (3.16) does not apply to any adjective.

Lahav (1989) pushes the argument as far as to deny the possibility obs@impal semantics,
that is, of establishing the meaning of a larger utterance from the meaningpafrits If the
denotation ofred varies in an unpredictable fashion depending on what it modifies, then the
task of compositional semantics indeed faces a dead end. Howeverjftedrsimeaning do

not seem to be truly unpredictable, so that the position can be weakenadrdltat there are

no truly intersective adjectives.

The second problem about using entailment patterns as classification dsitiwadh they leave
major kinds of semantic differences uncovered. As we have seen in thesslign of event-

2This characteristic has been widely acknowledged and referredpiasticity, flexibility, vaguenesssyncate-
gorematiciy etc.

37



Adjective semantics and Lexical Acquisition

modifying and relational adjectives, as well as the discussion of interisimpectives, the
reasons for each (type of) adjective not meeting the postulates anefffe each case. If the
members within each class differ both semantically and syntactically in relesspeats, the
classification loses predictive and explicative power.

The third problem is that one of the classes, intensional adjectives,yissuwall. This is a
concern particularly for practical NLP purposes, such as develaplagge-scale lexicon, be-
cause a distinction that only affects a very small number of lexemes will neeheuseful
unless these items are extremely frequent (as is the case with closedatassspeeches, for
instance). In Machine Learning terms, a class that is very small will be diffrgult to suc-
cessfully identify. From a theoretical point of view, however, a verylsadjective semantic
class again raises concerns of predictability and explicability. The inteaisitass was part of
the classification in early stages of the research presented here. literagbandoned for the
reasons explained here and for consistency reasons (the paramaéigashused for the clas-
sification was the ontological type of the denotation, which does not coimgitieentailment
patterns). This process will be explained in Chapter 5.

3.4 Adjectives in ontological semantics

3.4.1 General framework

One of the alternatives for meaning postulates to account for lexical siesyaas Katz's de-
compositional semantics (Katz and Fodor, 1963; Katz, 19@).Katz represents senses of
words as structured entities callsemantic markersThey are trees with labeled nodes, whose
structure mirrors the structure of the sense. The labels identify the seaseeptual com-
ponents For instance, for the verb ‘chase’, some of the labelsarelviTy, PHYSICAL,
MOVEMENT, PURPOSE CATCHING, and the tree structures them so that, @/@yEMENT is a
daughter oPHYSICAL, which is a daughter oACTIVITY (see Marconi (1997, p. 21)).

The idea in decompositional semantics is to describe the internal structusécal lmeanings
with a number as small as possible of semantic markers and their relationshittst sn
constructing more complex meanings the possible inferences are explicittsesped. The
inference “Paul moved” from “Paul chased Bill” is explicitly represenitedtating that the
ACTIVITY denoted by ‘chase’ is of aHYSICAL MOVEMENT type.

According to Nirenburg and Raskin (2004, p. 99), Katz and Fodd#3L%$howed that “the
general lexicon could be represented using a limited number of semanticeteanly if one
agreed to an incomplete analysis of word meaning.” There is always afpthg meaning of
the word, asemantic distinguisheén Katz and Fodor’s terms, left undescribed after a compo-
nential analysis. In fact, Nirenburg and Raskin argue, “if the numbpriofitives is kept small,
descriptions tend to become complex combinations of the primitives that arechiaterpret
and use.” This argument leads Nirenburg and Raskin to defend a stdnsyf semantic prim-
itives with complex interrelations, namely, an ontology. The definition and rotetwlogies
have been analysed for a long time within Philosophy, and further dewklojlin artificial
intelligence (Gruber, 1993).

The integration of an ontology within an articulated theory of lexical and camtipoal seman-

Zlwhether [Katz’s theory is] equivalent to meaning-postulate theory isignof controversy” (Marconi, 1997,
p. 20).
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tics lead to Ontological Semantics, a theoretical framework developed bgi$érenburg and
Viktor Raskin (Nirenburg and Raskin, 2004). One of its main premises iStdxtmeaning in-
volves both linguistic and world knowledge; is necessary for advanm@gatational-linguistic
applications; is extractable and formally representable.” (Raskin andliiNirg, 1998, 136).

One of the main motivations for the theory is precisely the machine tractability oktire-
sentations, so that meanings can be modeled through the computer. In s, thhe agent
of the analysis (the computer) has no access to the world, it becomeslesesr ¢that world
knowledge has to be encoded to provide the framework for inferencatgsthecessay in many
languages understanding tasks.

In Ontological Semantics, there are three so-called static knowledgessotine ontology, the
fact repository and the lexicon (Nirenburg and Raskin, 2004, Chapte®nly the lexicon is
language-dependent.

The ontology “contains the definitions of concepts that are understoedrassponding to
classes of things and events in the world” (Nirenburg and Raskin, 200891). %2 The fact
repository contains entries for instances of these concepts (e.g.\89tinwics for the concept
SPORTSEVENT, or Barcelona for the conceptTy). The lexicon contains the linguistic infor-
mation (not only semantic, but also morphological and syntactic) concemiugl items. The
semantic information in the lexicon specifies the concepts, properties,merties of concepts
included in the Ontology that account for the meaning of a wétd.

Most semantic theories presuppose a tight relationship between syntaemagtics, so that
the output of the syntactic component serves as the input for the semampiorent (Thoma-
son (1974), Katz and Fodor (1963)). Ontological semantics doesaminé to this view;
instead, it claims a high independence between these levels. This aspecinsaocordance
with the work presented here, which heavily draws on the syntax-semanrttickace, as will
be explained in Section 3.6.

Lewis (1972) criticises Katz’'s decompositional semantics. He points ouathed of its rep-

resentational system, which he called “Markerese”, to relate language texthalinguistic

reality. We end up with the same problem that meaning postulates had, namietigftheng a

language in terms of another language only moves the semantic burden &dinsthanguage
to the second one. Remember the learning-Chinese-with-a-Chinese-aligtpmradox stated
in Marconi (1997, p. 19) and cited in Section 3.3.1.

The same criticism can be made of any representation of meaning, hovatvand complex,
and it has been repeatedly noted. Because we do not know how the mpiederts meanings,

22There has been and continues to be much debate in philosophy as toimthaf keality ontologies encode
(e.g., whether properties “exist” independently of individuals, as inréiadist/naturalist debate). To this respect,
Nirenburg and Raskin (2004, p. 135) state:

What ontological semantics aims to reflect is the use of concepts by Isumsathey see them, in-
trospectively and speculatively; and people do talk about propertatimnl entities (unicorns or

Sherlock Holmes), and abstract entities as existing. For us, howeeedettision to include the

abstract and fictional entities in the ontology is not motivated by the factitbaé entities can be re-
ferred to in a natural language. Rather, we believe that languagesfeatorthem precisely because
people have these concepts in their universe.

ZThe lexicon includes an onomasticon, or lexicon of names, that is direckgdimith elements of the fact
repository, rather than the ontology. It corresponds to the view thaepmames denote particular individuals, that
are not placed in the ontology.
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and meanings cannot be directly manipulated, any representation of d ragigaing is just a
translation into another language. The criticism applies, therefore, to gitalsemantics.

However, even if an ontology is uninterpreted, it is a model of the world.adleere here to
the view in Nirenburg and Raskin (2004) that it is necessary from aetieal and practical
point of view to distinguish between extra-linguistic and linguistic conceptsdoiat for the
semantics of words, and to encode the extra-linguistic knowledge in aniefaaition. In fact,
most (if not all) semantic theories dealing with lexical semantics use primitives éxgalicit
or implicit way (as in the Lexical Conceptual Paradigm by JackendoB@)18r the Generative
Lexicon by Pustejovsky (1995)).

Even in formal semantics, the famous prime notation (see footnote 8, pageu8@e viewed
as a way to mark as a primitive every lexical item present in a particular moddéhimean
ontology allows for an explicit definition and characterisation of the semaritiatives used,
and a clear delimitation of world knowledge and linguistic knowledge.

3.4.2 Adjective classes

In Ontological Semantics, “the most crucial taxonomic distinction within the lexii@gory of
adjectives”, as Raskin and Nirenburg (1998, p. 167) put it, “is thelogyebased distinctions
among

e scalar adjectives, whose meanings are based on property ontolamicalpts;
e denominal adjectives, whose meanings are based on object ontolamicajds; and

e deverbal adjectives, whose meanings are based on process oraa:btl:tmggiceptsﬁ4

These distinctions affect the components and structure of their lexica®imraddition to
the ontological type of their denotations. For scalar adjectives, it is sageto identify the
scale affected (for instanceGE for adjectiveold). If the scalar is gradable, a numerical value
for the scale will be coded. If it is not gradable, a literal value corredpg to the relevant
ontological property will be specified (for instanc@AaGENTA for the COLOR attribute of the
adjectivemagenta.

For object- or process-based adjectives, their semantics contains atikrelevant ontolog-
ical entity, together with additional semantic information (for deverbal adjestifor instance,
the semantic role of the nominal argument is encoded). The details of thegintdlgemantic
representation as instantiated in an NLP resource are provided in Se&idn 3

The classification | propose (Section 3/6.3) is very similar to this taxonomy, woitie caveats
that will arise in subsequent discussion.

Raskin and Nirenburg, p. 177 distinguish further subclasses withinrsagjlectives, namely,
numerical scale (of theizetype), literal scale (of theoLOURtype), attitude-based (adjectives
such agyood, superb, importahtand member adjectives (including privative adjectives such
asfake but also other adjectives such asthentic, similar, nominal The entries of the two

Z4plthough the authors refer to the object- and process-based classessrofieheir typical morphological type
(denominal or deverbal), the definition is semantic, as they allow naredkadjectives to be represented the same
way (e.g..eagerrelated towvany).
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last subclasses, although of a scalar type, are more complex, includiexgfmple intersection
of properties for member adjectives. The details are not relevant farédsent purposes.

3.4.3 Summary

The kinds of problems that motivated the Ontological Semantics framewogkrhany points
in common with those that motivate the research presented here. It is posswy that it turns
out to be the most fruitful theoretical proposal for the purposes of thix P

The main points in common are the following. The classification | aim at shouler @large
portion of the lexicon (coverage is an issue), and should accountdan#daning of ordinary
adjectives, defined as all adjectives that occur with a some pre-deterifnevgiency. This
represents “a shift from the usual focus of theoretical linguistics eemional and borderline
phenomena ...to a description of ordinary cases” (Raskin and Nirgnb208, 136). Relat-
edly, the lexical items to be analysed are obtained from corpora, notiioretically biased
selection. Both research in ontological semantics and the resarchtegtbere aim at machine
tractability of representation, so that generalisation is driven by machicelility. Finally,
in both cases the goal is to automate acquisition of semantic information to thet lextgrs
possible.

There are, of course, many differences between the goals and metiieddialowed in this
thesis and in the ontological semantics framev@rkNirenburg and Raskin do not believe
that the syntax-semantics interface can be meaningfully exploited for meanmgsition
and characterisation. This is the most important difference with the réspegsented here,
which heavily relies on the morphology-semantics and syntax-semanticsaggerfowever,
Nirenburg and Raskin (2004, p. 123) admit that there are “grammaticadementic distinc-
tions”, or “semantic phenomena that have overt morphological or syntaetiizations” They
argue: “it seems obvious that there are more lexical meanings than syuligtitictions, or-
ders of magnitude more. That means that syntactic distinctions can at liiest dasses of
lexical meaning . .. rather coarse-grained taxonomies of meanings in teamatber small set
of features” (Nirenburg and Raskin, 2004, p. 124) This is exactlytwhall pursue: adjective
classes in my definition are classes of lexical meaning obtained from quitellensimdoer of
features, that can serve as sketches for lexical semantic entriebfmogient manipulation or
further automated acquisition.

3.5 Adjective semantics in NLP

3.5.1 WordNet

WordNet (Fellbaum, 1998b) is currently the most widely used lexical sensarggource in
NLP. Itis based on a relational view of the lexicon, and thus organisesrtiént words (nhouns,
verbs, adjectives, adverbs) according to one or more paradigmatiallegiationships. Syn-
onymy is the basis for the organisation of the whole lexicon, and it gives marne unit of
analysis in WordNet: theynset or set of synonyms. Furthermore, nouns are organised via
hyponymy (Miller, 1998a) and verbs via troponymy (Fellbaum, 1998a).

2The most obvious one is the development of an ontology in parallel to kexigoich is too formidable a task
for it to be feasible within a PhD.
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As for adjectives, antonymy is the basic organising paradigmatic relation$hiiye category
(Miller, 1998b). WordNet distinguishes between two kinds of adjectidescriptiveandre-
lational. Descriptive adjectives are characterised according to Miller (1988lmenoting at-
tributes and can be organised in terms of antonymy (they correspond lttatine, intersec-
tive/subsective, and scalar adjectives as termed in Sectiohs 3.2, 3.3,4nmspectively).
Relational adjectives, in general, cannot be organised this way. Witktridéve adjectives
a subclass is further distinguished, thatpafticipial adjectives which includes gerunds and
participles.

The organisation of adjectives through antonymy is problematic at least irways, both

of them mentioned in Miller (1998b). The first problem is that only a subatéssljectives,
those termedlescriptive adjectivesr WordNet, contains antonym-bearing adjectives. Rela-
tional adjectives (which in WordNet are directly identified with denominal @djes) do not

in general have antonymsagolitic ‘apolitical’ is not the antonym opolitic ‘political’; see
Demonte (1999)). For this kind of adjectives, two different solutionsadiepted. If a suitable
antonym can be found (antonym in a broad sense; in Miller (1998b pB@sicalandmental
are considered antonyms), they are treated in the same way as desadgit@/es. Otherwise,
they are listed on their own, with a pointer to the deriving noun.

As for participial adjectives, subclass of descriptive adjectives, dtsxyreceive a hybrid treat-
ment. Those that can be accomodated to organisation through antonynsgeaee s descrip-
tive adjectives. An example of the authodasighing- unhappy which are indirect antonyms
(Miller, 1998b, 58). We will review this notion below. Those that cannoabeomodated, like
obliging or elapsedare related with the deriving verb througPRINCIPAL-PART-OF link.

The second problem about the treatment of adjectives in WordNet is tiest wéthin the de-
scriptive class of adjectives, only a few actually have lexical antonymalei{1998b, 49)
argues that “Antonymy, like synonymy, is a semantic relation between wonasfothat is, it

is a lexical, not a conceptual relationship. For instance, eviamgé andbig are very similar
concepts, they have different antonynssallis the proper antonym fdarge, but not forbig
(which has as antonytittle). There are many adjectives that do not have a lexical antonym
(directin the WordNet terminology), and that is the reason why the corioépect antonym
was established in WordNet.

Adjectives that do not have a direct antonym are grouped accordisignitarity of meaning
around afocal adjective which does have a direct anton%ﬂ' he focal adjective’s antonym

is the indirect antonym of a whole group of adjectives. For exanfpandslow are direct
antonyms, andwift andslow are indirect antonyms, through the semantic similarity detected
betweerswift andfast

In parallel to that organisation, and when an adjective expressesvdlae attribute lexicalised
through a noun (e.gleep, shallovanddepth see Miller (1998b, 54)), a link between adjective
and noun is established, so that the nominal and adjectival lexical esiare connected.

The main problem of the WordNet approach to adjective semantics is thahifastat classi-
fying a whole part of speech through a lexical relationship that only appdiex small subset
of this class. In WordNet 1.5 there are 16,428 adjectyalsetsand only 3,464 (slightly over
20%) are organised through antonymy, including direct and indirechgimtp. Assuming that

%The notion of similarity of meaning is, of course, problematic. Miller (19981): “The termsimilar as used
here typically indicates a kind of specialization; that is to say, the class ofsrthat can be modified lponderous
for example, is included in -is smaller than- the class of nouns that carot#ied byheavy.
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there are about ten indirect antonyms per direct antonym pair (fivenpenyanm), we can esti-
mate that antonymy proper can be applied to less than 3% of the adjectivedaritom only.
Most of the adjectives are simply linked to a noun or verb.

3.5.2 SIMPLE

The goal of the SIMPLE project was to create a standard for the mEmamnN of lexical se-
mantic information to be included in computational lexica. Peters and Petei®)(@8€cribe
the theoretical basis for the treatment of adjectives in SIMPLE.

The basic distinction in SIMPLE is “the predicative type distinction betweemsidaal and
intensional adjectives”, that is, the difference between adjectivesiday, sofand adjectives

like former, present, necessaffyeters and Peters, 2000, 7). Within extensional adjectives, they
distinguish between intersective and subsective adjectives.

This proposal is based on entailment patterns as explained in Section Za@sedeters and
Peters/(2000) consider that information about possible entailments cambaseful in NLP.
As an example, they argue that if a system knows Araericanis intersective anfbrmerin-
tensional, it can deduce that a person referred tArgrican presideris president in reference
time, while if the phrase iformer presidenthat person is not president in reference time. In
addition, according to the authors, intersective adjectives that refez sathe meaning compo-
nent usually do not modify expressions that refer to the same entity, wibigestive adjectives
can do so. For instanceed carandblue vehiclealmost surely refer to different entities, and
that is not the case fdarge mousendsmall creature

Within each of the classes defined according to entailment patterns, thesptalistinguishes
further subclasses on the basis of denotational properties, in therfaghizixon (1982). A
summary of this “Adjective Ontology” (Peters and Peters, 2000) is listed at Watiows:

1. Intensional adjectives

(a) Temporalformer president, present situation

(b) Modal: certain victory, necessary ingredient, potential winner
(c) Emotive:poor man

(d) Manner:beautiful dancer

(e) Object-relatedcriminal lawyer

(f) Emphasizeroutright lie
2. Extensional adjectives

(a) Psychological propertgrazy thoughts
(b) Social propertycatholic priest

(c) Physical propertysoft skin

(d) Temporal propertysudden outburst
(e) Intensifying propertyheavy rain

(f) Relational propertysimilar shape
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The problem with the basic division between intensional and extensiojedtizds is the
same as reviewed in Section 3.3: there are very few intensional adjeaivéghus the ba-
sic distinction separates a very small group from a very large one with ateastics and
internal differences that are left unexplained. In addition, many of Rzemeles cited by
Peters and Peters (2000) as belonging to the intensional class arenabble

Beautifulis clearly intersective in sentences likdga is beautiful Regarding the eventive
modification @lances beautifully its behaviour is subsective, not intensional. In addition,
Larson (1998) provided an intersective analysis even of this kind offioation, as explained

in Section 3.3.2. The same applies to relational adjectives. They are cededudclass of
intensional adjectives (calledbject-related. However, the entailment pattern they follow cor-
responds to subsective, not to intensional adjectives:

(3.25) a. Johnis a criminal lawyét John is a lawyer

b. John is a criminal lawyéaf #John is criminal

These adjectives have also been given an intersective analysis [[ylaNd Boleda, 2004, see
Section 3.3.2). It is also not clear what distinguishes ‘object-relatedi fsocial’ adjectives,
and yet they are placed in two separate classes.

Finally, not all modal adjectives exhibit an intensional entailment pattercambe seen in the
sentences in 3.26. Modal adjectives are a peculiar subclass within intehatjectives, as has
been discussed in Section 3.3.2.2.

(3.26) a. Patience is a necessary ingredient [for the resolution pf Ratience is necessary

b. John is a potential winner of this rage#John is potential

(Peters and Peters, 2000) acknowledge that “intensional adjectvastdorm a semantically
homogeneous class”, but the fact is that they are also neither morprailpgior syntactically
homogeneous.

As for the ontological distinctions, they suffer from the usual problemsnin denotational
classification: incompleteness and fuzziness. The suggested categwees wide range of
the possible meanings of adjectives, but they do not cover for instaljeetises such afake
In addition, the categories seem to be fuzzy: whgudderin Temporal propertyand not, for
instance, irManner? Or why is there ndlanner propert®

These are problems that probably arise in any ontological accounthaaltisiot be an obstacle
to continue trying to define an adequate ontology for lexical meanings. Whathaps more
problematic is to mix a formal semantic criterion with an ontological criterion within #mees
hierarchy, providing a hybrid kind of resource where the distinctionsadorm a consistent
set of conditions.

3.5.3 MikroKosmos

The MikroKosmos system (Onyshkevych and Nirenburg, 1995) is btteedmplementations
of the ontological semantics framework as a system for natural languagessing. The treat-
ment of adjectives within MikroKosmaos generally corresponds to whatgkaeed in Section
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3.4.2 above. In this Section we outline more specific aspects of the implementhtioa o
theory in an actual system, as explained in Raskin and Nirenburg (1998).1

In MikroKosmos, as in other lexical frameworks such as Head-Driveage Structure Gram-
mar, the lexical entries are structured into two main areas, one containitaggyinformation
and another one containting semantic information. A third area in MikroKospexsfies the
part of speechdaT) of the word.

For adjectives, the syntactic information is always the same, and covemnmtimemodifying
and predicative functions of the adjective. In Figure 3.1, which rapred example (32) of
Raskin and Nirenburg (1998, p. 164), it is represented irsthe-STRUC area. The modified
noun is assigned the variable $varl, and the adjective the variable $f@@ub-area 1 under
SYN-STRUC represents the modifying function: the syntactic root is $varl, of cayaymun
(head noun), and its modifier (‘mods’) is headed by $var0, the adjedve sub-area 2 under
SYN-STRUC represents the predicative function. This time, the syntactic root is $tke0,
adjective, and its subject (‘subj’) is headed by the noun represegt$ddnl.

(big
(big-adil
(CAT  adj)
{S¥N-STRUC
(1 ({root Swvarl)
{cat n)
(mods ((root Svard))l))
(2 ({root Swvari)
{cat adj)
{subj ((root Svarl)
feat nj))ihl
{SEM-ZSTEUC
({LEX-MAP
({1 2) (size-attribute
{domain (valus “&varl)
{sem physical-okject))
[range (valus (= 0.75))
[relaxable-to (value
(= a.6)30100h))

Figure 3.1: Representation of adjective big in MikroKosmos.

No discussion is provided of other syntactic environments, such as atiediéunction with
non-copular verbs, as insaw her drunk The possibility that the modified head is not a noun,
but a clause, is also not discussed. In English, in these cases usudibathés a “dummyit-
pronoun, as irt is very important that you comén Catalan and other languages, it is possible
for the clause to formally act as the subject of the copular sentence,a&1).(

(3.27) Quevinguisésmoltimportantpera mi
Thatcome is very importantfor to me

‘It is very important for me that you come’

As for the semantic aresgM-STRUC, it mainly specifies the mapping to the ontolog¥x-

MAP area).Big, being a scalar adjective, is mapped ontatribute kind of concept, namely,
thesize-attribute Thedomainto which it is applied is the meaning of the head noun, formalised
by applying a caret, V', to the nominal variable $varl. Selectional regtris, such as the noun
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[SEM-STEUC
{LEX-MAP
[replace
({benef (value “&varl))
imodality
{type potential)
[value 1.0)
[scope  replace)
jattributed-tc *speaker*))))})

Figure 3.2: Representation of adjective replaceable in MikroKosmos.

being aphysical objectare specified undesem These are also pointers to an element in the
ontology.

The range of the attribute is specified undange In MikroKosmos, by convention, scalar
concepts are assigned numerical values ranging from OBRigis assigned a value higher than
0.75, that can be lowered to higher than Geégxable-to (value> 0.6)). Therelaxable-toslot

is one of the means to encodefeasible informatioiin MikroKosmos, an important matter
when building ontologies for natural Ianguagé.

When combining a scalar adjective with a noun, the analysis proceedstifigsiés meaning (a
property-value pair) as a slot filler in a frame representing the meaning afathn which this
adjective syntactically modifies” (Raskin and Nirenburg, 1996, 843)

It could be argued that the treatment of scalar adjectives in MikroKosarakHence in onto-
logical semantics) is subject to the same criticism that WordNet was subjethéoe are not
many typical scales such as age, temperature, colour, etc., in the sameatvdnethntonymy
relationship only applies to a small subset of adjectives. For instancdaataonom(‘au-
tonomous’),integre(‘integer’), or perillés (‘dangerous’) cannot be placed in any typical scale.
Should amcAUTONOMY, INTEGRITY, Or DANGER scale be postulated? It is easy to see that, for
this kind of approach, it could be necessary to postulate as many scadgetives for large
portions of the vocabulary. Indeed, “The typology of scales for ssalaemerges as a major
issue in adjective semantics and lexicography” Raskin and Nirenbug@(p9172) .

However, because scalar adjectives are characterised by beitegltelan attribute, an alterna-
tive view is possible. It can be argued that scales form naturally whemmaleadjectives relate
to the same attribute, but it is not a necessary condition for adjectives tercausund scales,
as was the case in WordNet. The attribute conceptsONOMY, INTEGRITY, and DANGER

do make sense, and this is all that is needed for an encoding along theflifigsi@ 3.1. In
this view, not all adjectives termestalarin Raskin and Nirenburg (1998) are straightforwardly
scalar. For this reason, | will avoid the term scalar and use theltasicinstead (because the
most prototypical adjectives belong in this class).

Event-derived or process-related adjectives are mappedemeiatconcepts in the ontology.
The idea is that the meaning of an adjective is literally derived from that adle¢higing verb.
The representation of adjectiveplaceablds depicted in Figure 3.2, which reproduces part of
example (62a) of Raskin and Nirenburg (1998, p. 184t andsyYN-STRUCareas are omitted
for conciseness, as they are identical to the same areas in Figure 3olp)iebes of information

2The idea is that there is a default or prototypical use of words: for instdhis safe to assume that birds fly,
despite the fact that some birds do not. The information about wordsyiteaonomy of natural language should
be encoded so that default knowledge can be used in the generabetttet it can be overriden when necessary.
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(SEM-STRUC
(LEX-MAP
[(*&varl
{pertain-to medicine))))))

Figure 3.3: Representation of adjective medical in MikroKosmos.

are supplied in addition to the semantics of the corresponding verb: firstheheatic role

(agent, theme, etc.) filled by the head noun. iEplaceablethe role is beneficiary (‘benef”),
and its value is assigned to the meaning of the head noun, $varl. Seerdntantics added
by the morphological derivational process. In the caseepfaceable or in general for the
-ble morpheme, the information is “the positive potential attitude”, specified umdelalityin

Figure 3.2.

Raskin and Nirenburg (1998, p. 187) note: “There are cases ofrgetisuppletivism,” when
the entry for an adjective is derived from a semantically immediately relateshbrtipologi-
cally unrelated verb”. They cite examples suchaasible from hear, or ablaze from burn.
This suppletivism is not limited to event-related adjectives, but can alsowelfm object-
related adjectives. We will return to this issue in Section 3.6.2.

Object-related adjectives are mapped onto object concepts in the ontdloggemantic sub-
area of adjectivenedicalis depicted in Figure 3.3, which reproduces #@v-STRUC part of
example (64b) of Raskin and Nirenburg (1998, p. 189). The meaniag afijective is derived
from that of the deriving noun. However, for most object-related dies; the relationship
with the nominal head is not as specific as forble adjectives. For these cases MikroKosmos
specifies a “the catch-all relatisctERTAIN-TO” (Raskin and Nirenburg, 1998, p. 189).

In Figurel 3.3, the expression undegx-MAP expresses that the meaning of the head noun,
A$varl, has a generieERTAIN-TO relationship to the concept ‘medicine’. More specific rela-
tions are defined for adjectives suchederal(OWNED-BY federatior) or malignant(HAS-AS-
PART cancer-cel] see Raskin and Nirenburg (1998, pp. 189-192)).

3.5.4 Summary

In this Section we have reviewed how resources that are specificaijneéefor NLP purposes
encode information related to lexical semantics.

The three resources reviewed have in common the attention devoted totaerabiaroperties:
all three distinguish attribute-denoting adjectives from other kinds of tidsc such as object-
related, modal, or event-related.

In fact, the classification in WordNet quite closely resembles the one adiogtéikroKosmos,
with descriptive adjectives corresponding to scalar, denominal to otgkted, and participi-
als, a subclass of descriptive, to a subset of event-related adjeciivedact that in WordNet
other kinds of deverbal adjectives (with suffix@ge, -ble, -or, etc.) are not separately treated
presumably corresponds to the fact that the semantic relationships thelsbstéth the de-
riving verb are quite specific. SIMPLE proposes a hybrid classificatigih a main division
following formal semantics (intensional vs. extensional), and subclagsedenotational na-
ture. This resource is the least useful for the purposes of this PhD.

In the MikroKosmos lexicon, one entry per sense is provided. In WotdiNe very notion of
synsetimplies that each word potentially participates in several entries. This agpisanot
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feasible in GLiCom’s context. Only part of speech and syntactic disambiguitmules are
available at GLiCom, so that multiplying entries for semantic reasons is notaddwis the
current state of the tools. | will rather use underspecification in caselgégmy (see Section

3.6.4).

Finally, all three resources have been manually developed. Althougmb\irg and Raskin
aim at automation, the automation they perform is the propagation of existirngsmtparts of
entries to related portions of the lexicon, using particular entries as tempateNifenburg and
Raskin (2004, ch. 9)). For instance, the entries of adjecbiggsmall minusculeenormous
giganticare all the same except for th@ngevalue of thesizE attribute. These entries can be
automatically created from one seminal entry, and their values manually spedifiis kind of
approach resembles lexicographic methodology. | will pursue a fully autoriassification,
using morphological and syntactic properties as cues to establishingdeoeuhtic classes.

3.6 Parameters to define a semantic classification

We have seen in this chapter very different approaches to the semahn#dgctives, with
different goals and methodologies. To see how they fit into the presssdinegh, we have to
take into account its purpose and motivation. The semantic classification k &rmsubject to
constraints of several kinds, listed at the beginning of this chapter.

In what follows, we will review some syntactic arguments that have beet fesesemantic
classification in the literature (Section 3.6.1) and the exploitation of the relaiphshveen
morphology and semantics (Section 3.6.2).

3.6.1 Syntactic arguments for semantic classification

The relationship between syntax and semantics for adjectives has dhednmdiverse linguis-
tic scholarships. Some of the parameters involved in the syntactic charatiterisf adjectives
have already been mentioned in the discussion up to now. In this Sectionfftiem are
gathered and related in a more systematic manner to the intended classificasiimnpvith
respect to the head noun (Section 3.6.1.1), predicative use (Sectior2g.6rtlering (Section
13.6.1.3), and coordination (Section 3.6.1.4)

3.6.1.1 Position with respect to the head noun

In descriptive grammar (Section 3.2), it is noted that the position of the adjestth respect
to the head noun has consequences in the semantic interpretation: in Qadataominal ad-
jectives trigger a restrictive interpretation (example 3.28), while prenoratijattives usually
trigger a nonrestrictive interpretation (examples in 3.29; all examples atifapte the CTILC

Corpus).

(3.28) Rebutjavées avingudesamples. .. perevitarl’ esguardiels curiosos
Avoided theavenues wide ...to avoidthelook of-thecurious

‘| avoided wide avenues ... so that curious people would not look at me’

(3.29) a. aixaque designemambel bonic nom deneocapitalisme
that which designatewith thenice nameof neocapitalism
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‘that which we give the nice name of “neocapitalism” to’

b. undubtés Cheambunaindefinicié afectivacap a Evita
a doubtfulChewith an indefinitionaffectivetowardto Evita

‘a doubtful Che [Guevara] with an affective indefinition toward Evita.

c. La fidel Armandaviuraa la torre fins quees  mori
Thefaithful Armandalive in thetoweruntil thatREFL dies’

‘Faithful Armanda will live in the tower until she dies’

In[3.28, the speaker only avoided avenues that were wide, not thasedtenarrowAmples
thus, restricts the denotation of the nocavingudego a subset of them that are subject to the
constraint specified by the adjective./ In 3.29a, the denotation of theptmasesl bonic nom
de “neocapitalisme”is the same asl nom de “neocapitalisme"where adjectivébonic has
been omitted Bonic does not restrict the denotation of the nawomto those names that are
nice. That is why nonrestrictive adjectives can be used with propersjethere the reference
is inherently given, as in examples (3.29b-3.29c).

It has also been widely noted that relational adjectives cannot be upeghiominal position in

Spanish and Catalan (among others Bosque and Picallo|(1996), Dem@®@g, Ricallo (2002),
McNally and Boleda (2004)). This is probably due to the fact that thepaleused in restric-

tive contexts.

Most intensional adjectives, such peesumptéalleged’, can only be used prenominally in
Catalan. When an adjective has an intensional reading in addition to arettteesreading,
this reading can only be activated in prenominal position. For instancestiadjantic means
‘ancient’ or ‘former’ depending on the context. In example 3/30b we saehbth orders,
pre- and post-nominal, are admitted for the adjective when modifiyiaguscrit The first is

a restrictive reading, the second a nonrestrictive reading, as hagseeissed above. When
modifying president because the notion of ‘ancient president’ does not make sense, enly th
prenominal position is admitted, with an intensional reading.

(3.30) a. un manuscrit antic / un antic manuscrit
‘an ancient manuscript’

b. l'antic president / #el president antic
‘a former president’

This restriction does not hold for modal adjectives, suchassible as seen in example 3.31.

(3.31) la dona estavagairebésemprea casa i teniacoma Unicaprofessié possible
thewomanwas almost alwaysathomeandhad as toonly professiorpossible
la d'atendre leslabors domestiques
the of-attendingthe laboursdomestic

‘Women remained almost always at home and had as their only possible jobfthat
attending domestic work’

To sum up, if we use the position of the adjective with respect to the headawa criterion
for classification, we find support for the intensional (only prenomimal@tional (only post-

nominal) classes, as opposed to the default (pre- and post-nominaljdaha
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3.6.1.2 Predicative use

As has been mentioned in Section 3.1, adjectives as a class can be ussticegs in copular
sentences and other constructions. At least two kinds of adjectives e#heot or can only
in very restricted circumstances: intensional and relational adjectivesfatt that intensional
adjectives cannot be used as predicates has been widely noted in femmahtics since the
work of Montague. Note, however, that not all semantically intensionakctides are subject
to this restriction: as has been discussed in Section 3.3.2.2, privative atad atjectives can
act as predicates.

Relational adjectives have been deemed nonpredicative (Bally, I&4#tgdicative only when
used with a different, qualitative reading (Raskin and Nirenburg, 19%)me authors note
that predicative readings are possible with a truly relational readingldonot specify in what
contexts (Demonte, 1999; Picallo, 2002). As has been explained in S8cBh2, McNally
and Boleda|(2004) establish that relational adjectives can be useedisgtes when their
argument is a kind-denoting noun phrase.

Predicative use also singles out intensional and relational adjectivesasyfibct to the default,
predicative behaviour typical of adjectives.

3.6.1.3 Ordering

Adjective ordering has been much studied for English, mainly for didactieqses. The hier-
archies that have been built to describe their relative ordering within a plotase are denota-
tional in nature. As an example, consider the hierarchy proposed b§oR2@02) to explain
the order of qualitative adjectives, presented in Section 3.2.1.

(Bally, 1944) already noted that relational adjectives are subject tochdfimdjacency con-
straint. they appear close to the head noun, closer than other kind ofieslj@cmodifer, as
exemplified in[(3.32) (McNally and Boleda, 2004, ex. (34), p. 189) Thafisrther syntactic
argument for their distinction as a class.

(3.32) a. inflamacié pulmonar greu

b. #inflamaci6é greu pulmonar
‘serious pulmonary inflamation’

Adjective clustering in prenominal position is much less frequent than in postrad position.
When two or more adjectives occur in prenominal position, intensionaltagieenay appear in
any order with respect to intersective adjectives, as in example 3.334Mychhd Boleda, 2004,
ex. (22), p. 186). The order, however, affects interpretation 63.8ntails that the referent of
the noun phrase is young, while (3.33b) does not).

(3.33) a. jove presumpte assassi
‘young alleged murderer’

b. presumpte jove assassi
‘alleged young murderer’
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3.6.1.4 Coordination

Adjectives of the same semantic class tend to coordinate in Catalan, while thdiferent
semantic class are juxtaposed. English is much more prone to juxtapositionvikienthe
same semantic class, which explains the attention devoted to adjective ordéhingthis
language. Example (3.34) is taken from BancTrad, a corpus of tramsid@adia et al. (2002).
The original is in English((3.34a), the translation into Catalan (3.34b) wdsrpeed by a
human translator independently of corpus collection or research p@rpose

(3.34) a. special concrete measures

b. mesuresespecial$ concretes
measurespecial andconcrete

The coordination criterion again supports the delimitation of intensional, imtiereseand rela-
tional adjectives. When modifying the same head, intensional and inteesadfectives do not
coordinate, but juxtapose (example 3.35). The same applies to relationatenrsective adjec-
tives (example 3.36). This characteristic argues for a difference inrgenfianction between
these classes of adjectives.

(3.35) a. jove presumpte assassi
‘young alleged murderer’

b. #jove i presumpte assassi

(3.36) a. inflamacié pulmonar greu
‘serious pulmonary inflamation’

b. #inflamacio pulmonar i greu

Again, modal adjectives are an exception to this rule. They are founddrdic@ation with
other modal adjectives (examplesin (3.37)), but also with nonintensidjedtaves (examples
in (3.38)), especially with deverbable adjectives that connote potentiality, psssibledoes

(seel(3.38c)).

(3.37) a. limitar-se a actuarsobrealld més necessari  possible
limit-REFL toact  uponthatmostnecessargandpossible.

‘just act upon that which is most necessary and possible.

b. tocant a la possibleo probable defensadeBarcelona
concerningo the possibleor probable defenceof Barcelona

‘concerning the possible or probable defence of Barcelona’

c. estalviatrencacolls a algunpossiblei  futur historiador.
spare wreckneckgo somepossibleandfuture historician

‘spare trouble to some possible and future historician’
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(3.38) a. hasotmés els subjectes unaprenentatgbnguistic,dificil pero possible
hassubmittedthe subjects toa learning linguistic, difficult but possible

‘he has submitted the subjects to a difficult but possible linguistic learningepsdc

b. no semblavegprudent ni possibleintentarcontinuargovernant
notseemed advisablenor possibletry continue governing

‘It did not seem neither advisable nor possible to try and continue gimggrn

c. éspossiblei  desitjable queels nois més granssiguinconscientsle. . .
is possibleanddesirable thattheboysmoreold be aware  of ...

‘It is possible and desirable for older boys to be aware of ...’

3.6.2 Morphology and semantics

As has been noted in the Introduction, the morphology-semantics hase@dess attention
in linguistic theory and NLP than the syntax-semantics interface. Howewerethtionship
between morphological processes and regular meaning effects masepeatedly noted since
the beginning of studies on language. Some morphological processbgsderivation, have
a clear and relatively stable semantic effect.

Derivation serves as the basis for many of the semantic distinctions estdbiighe literature
for adjectives (thus exploiting the morphology-semantic interface), astexpin this chapter.
The only tradition that has ignored this level of analysis in classifying adgstis formal

semantics. A summary of the classifications and their relationship to morphdlege¢ified)

follows.

descriptive grammar: qualitative (not specified) / relational (denominal adjectives) / adver-
bial (adverbialising adjectives)

formal semantics: intersective / subsective / intensional

ontological semantics: scalar (not specified) / object-related (denominal adjectives) / event-
related (deverbal adjectives + “suppletivists”)

NLP: WordNet: descriptive (not specified) with subclass participial (deverbal) / relatio
(denominal adjectives)

SIMPLE: similar to formal semantics

MikroKosmos: the same as ontological semantics

Most proposals highlight denominal adjectivisation as originating a distipet ¢f adjectives
(relational or object-related adjectives). Two proposals (ontologemmlasitics and WordNet)
signal deverbal adjectivisation as a similar process, namely, prodyctireating a class of
adjectival meanings from the meanings of verbs. Only in descriptive gramardass is sug-
gested that results from the property of being able to produce othergfapeech: adverbial
adjectives are typically those to which an adverbialisingntsuffix can be attached to produce
an adverbftegiuentmentfrequently’, rapidamentquickly’; see Section 3.2/3).
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Note, however, that because of the mismatches that arise in the morphelogyyics map-
ping, no isomorphism can be assumed. Mainly due to diachronic changgshotagical pro-
cesses almost always have an “irregular” part to them. Once a worddtedrwith a morpho-
logical process, it becomes a word of the language, and can undetherfsemantic changes.
It is the phenomenon known &xicalisation

An example is useful here. As has been noted in Section 3.4 abovebdkzdjectives ending
in -ble can usually be paraphrased as “that can be V-ed”. for instarptaceablecan be
paraphrased as “that can be replaced”. Some adjectives that veersudsject to this productive
process have acquired a life of their own. In Catalan, which has the 4desffix as English,
one such case mmable The verbamar, ‘love’, from which amablederives is no longer in use
in standard modern Catalan (it has been replaceestiyna). The adjective no longer means
“that can be loved”, but ‘friendly, nice’. Itis, thus, a qualitative or nmstective kind of meaning.

The reverse case also exists. These are cases where the root wifithare not used in the
language, but the word still has a “derived” meaning. Cultisms are ardabtisource of this
kind of mismatch between morphology and semantics. Latin or Greek wordsimierduced
into Catalan (and other languages) in the XVIII and XIXth centuries, maioytiie rapidly
growing scientific terminology. For instance, adjectlw&llic from Latin bellicus (‘of war,
warlike).

Syntax could provide a better clue for these cases than morphology. $tance, if an adjec-
tive has acquired a meaning different to the “compositional” meaning thaowesult of the
productive application of a morphological process, it will not behavedittectives that have
the derived reading. This hypothesis will be tested in Chapters 5 and 6.

3.6.3 Classification

One of the purposes of this PhD is to define a classification for adjectimessthubject to the
constraints explained in this chapter and at the same time takes into accourdigisipro-

vided in the literature on adjective semantics in diverse traditions, as well désnraptations
in NLP resources. However, another main goal is to establish inductiveaniens in the
definition process, so that hypotheses are tested and can providadkddr the classification.

As a result, the targeted classification has changed during the proctdss BhD. The first
version of the classification (Boleda and Alonso, 2003; Boleda, 2088&ngduished between
intensional, relational, and qualitative adjectives (this class coveringstiNesand intersective
adjectives as termed in formal semantics). Semantic and syntactic argumentssee for this

classification, following the lines of Sectians 3.2, 3.3 and 3.6.1. The clagkifida a blend of

insights from descriptive grammar and formal semantics.

As will be seen in Chapter 5, a series of unsupervised acquisition expesintegether with
some theoretical considerations, led to the abandoning of the intensiosglacid the intro-
duction of a third, event-related class. This class receives theoraijgabg from ontological
semantics (Section 3.4). The second version of the classification respetter to the desider-
ata explained in this Section in the sense that it is based on a single paranetarttiogical
type of the denotation) and it is more balanced (classes are of a similarisizd) raise new
problems and research questions, as will be discussed throughout¢himent.

Table 3.4 summarises the two classifications proposed. Note that the terminbiges from
version | to version Il of the classification, for consistency reasons.
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Classification A Classification B Examples
Translation
qualitative basic vermell, rod6, autonom, subaltern
red, round, autonomous, auxiliary
relational object-related pulmonar, estacional, botanic
pulmonar, seasonal, botanical
intensional - presumpte, antic
alleged, formel(in one senseancientin another)
- event-related abundant, promés, variable
abundant, promised/engaged, variable

Table 3.4: Two proposals for adjective classification.

The characteristics of each of the two classifications will be reviewed irefegant Sections
of chapters 5 and 6.

3.6.4 Polysemy

As any semantic classification, our classification is affected by polysenwevés, the kind of
polysemy involved is just a subset of the kinds of polysemy examined in theliteraamely,
polysemy affecting class distinctions. We will only consider sense distinctlmatsinvolve
different classes, typically between a qualitative or basic reading armésheas the following
examples illustrate:

(3.39) a. edifici antic /antic president
building ancient/ formerpresident

‘ancient building / former president’

b. reunié familiar/ carafamiliar
meetingfamiliar / facefamiliar

‘family meeting / familiar face’

c. consequencisabudd homesabut
consequenc&known/ man wise

‘known consequence / wise man’

Antic (example[(3.39a)) has two major senses, one qualitative or basic (equii@‘old, an-
cient’) and the other intensional (equivalent to ‘former’). Note thatmvbised in the inten-
sional sense, it appears prenominally, as discussed in Section 3.6.¢el Fdmiliar (example
(3.39h)) also has two major senses, one relational or object-relatech(whienglish is typ-
ically translated with an attributive noufamily), and one qualitative or basic (equivalent to
‘familiar’). Similarly, sabut participle of the verlsaber(‘know’) has the expected resultative
sense but also a qualitative or basic sense, equivalent to ‘wise’.

In all these examples, the qualitative sense participates of all the syntagtimenents typical
of the class (discussed in Section 3/6.1), and are gradable, as is shexamiples (3.40-3.42).

(3.40) a. edifici moltantic /#moltantic president
building very ancient/ very formerpresident
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‘very ancient building / #very former president’

b. Aquestedifici /#presidengsantic
This  building/ #presidents ancient

‘This building / #president is ancient’

(3.41) a. #reunidnolt  familiar/ caramolt familiar
#very meetingfamiliar / facevery familiar

‘#very/much family meeting / very familiar face’

b. Aquesteacara/ #reunibem resultafamiliar
This  face/ meetingto-meresultsfamiliar

‘This face / #meeting is familiar to me’

c. Emva rebre la familiar caradela Maria
Me PAUX-3pswelcomethefamiliar faceof the Maria

‘The familiar face of Maria welcomed me’

d. #Lafamiliar reunié era moltanimada
Thefamiliar meetingwasvery lively

‘The family meeting was very lively’

(3.42) a. Aqueshomeésmolt sabut!
This man is very wise

‘This man is very wise!’

b. #Aquestaonsequenciasmolt sabuda!
This consequences very known

‘This consequence is very known’

The basic readings, but not the intensional, object- or event-relatdohgsayields in general
gradable adjectives (examplés (3.40a), (3.41a), (3.42a)). Similarlpitsapredicative con-
structions, in copular sentences (examples (3.40b), (3.42a)) or odicative environments
(example[(3.41b)). It also allows pre-nominal position of the adjectivéginis not possible
for the object reading (example (3.41c)).

Other kinds of polysemy that have traditionally been tackled in the literature atilba con-
sidered, as they do not affect the class distinctions drawn in Section Bd.Bistance, we will
not be concerned with the following kinds of polysemy.

(3.43) a. discurflarg/ carrerllarg
speechlong/ streetlong

‘long speech / long street’

b. noi trist/ pelliculatrista
boysad/ film sad

‘sad boy / sad film’

55



Adjective semantics and Lexical Acquisition

c. aiguaclara/ explicacié clara
waterclear/ explanatiorclear

‘clear water / clear explanation’

d. visitapapal/ cotxepapal
visit Papal/ car Papal

‘Papal visit / Papal car’

e. conductaabusival dictadorabusiu
behaviourabusive/ dictator abusive

‘abusive behaviour / abusive dictator’

Examples|(3.43a-3.43b) involve the kind of parameter modified (time or plysiggerty in
case oflong; individual argument or event argument in the casesarf see Pustejovsky (1995,
p. 127 ff.)). The polysemy in (3.43c) is a typical metonymy case in which iphlyproper-
ties are used in an abstract domain. In examples (3.43a:3.43c), the ttassadljective is
gualitative in both senses.

As for examples| (3.43d) and (3.43e), they involve the semantic role of the. nBxample
(3.43d) has been discussed in Section 3.2.2 (example 3.12). As for )3i4Beargued in
Raskin and Nirenburg (1996, p. 108) that “What is abusive is eitheetbat (E) itself, as in
abusive speeabr abusive behaviouior the agent (A) of the event, asabusive mamr abusive
neighbot. It is thus an analysis along the lines of Larson’s (1998) analysiseaiutifuland
Bouillon’s (1999) analysis ofieuxexplained in Section 3.3.2. In both readings, the adjective
is object- (example (3.43d)) or event-related (example (3.43e)).

Note that all these alledgedly adjectival cases of polysemy are similar in #hatollgsemy
effect has more to do with the semantics of the modified noun than that of tretieelje

In some cases, the sense distinctions are not as clear-cut as the>zasewed in 3.39. For
instance, Raskin and Nirenburg (1998) note that it is not easy to draw aditween gradable
and non-gradable relational adjectives, and we have segn in (3.9 #iat gradable uses of
relational adjectives are typical of a shift to a basic reading. They #hatit is very hard, if not
impossible, to find a relational adjective that cannot be used in a qualitetige sFor instance,
although “it is hard to imagine a more truly-[relational] adjective thanonautical'related to
aeronautics’ ", examples like those in (3.44) can be constructed (RaskiNisenburg, 1998,
ex. (42), p. 173).

(3.44) a. His approach to the problem was aeronautical.

b. His approach to the problem was much more aeronautical than mine.
As the authors argue, it seems that a productive semantic processltde=alpng the lines of
schemal(3.45) (Raskin and Nirenburg, 1998, schema (43), p. 1%Basall relational adjec-
tives can be used as scalars. The degree of lexicalisation and aauaf thés possibility is

different for different relational adjectives, and eventually yieldsltywifferentiated senses,
such as ‘known, familiar’ fofamiliar or ‘cheap’ foreconomic

(3.45) Pertaining to [noun meaning} characteristic of [noun meaning]
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A paradigmatic case are relational adjectives that can be predicatethahisusuch as nationa-
lity-denoting adjectives or “social property” (as termed in SIMPLE; 3.8djgctives. They can
be viewed as properties when modifying human-denoting heads, andliimbese cases they
can be predicatively used (example (3.46)). However, when not mingifyjuman referents,
they are closer to true relational adjectives. They do not follow the usigaential patterns for
intersective adjectives. (3.47a) does not entail (3.47b). In fact, rédigative construction in
(3.47b) is anomalous.

(3.46) El Paulésalemany/catolic/comunista
ThePaulis German/Catholic/communist

‘Paul is German/Catholic/ a communist’

(3.47) a. El Reichstagesel parlamentalemany
TheReichstags the parliamentGerman

‘The Reichstag is the German parliament’

b. ?#EIReichstagisalemany
The Reichstags German

Some authors ((Peters and Peters, 2000), (Carvalho and Ran2008)l, (Bohnet et al., 2002))
posit an additional class for some or all of these cases. We will treat thenspecial case of

the object-related vs. basic polysemy, although they are probably bestd/ées underspecified,

rather than polysemous.

3.7 Adjectives and Lexical Acquisition

We focus in this section on Lexical Acquisition research on adjectives. oferviews of
research on Lexical Acquisition for verbs, see, e.g., McCarthy (2ORt&rhonen (2002b);
Schulte im Walde (2003).

Adjectives have received much less attention than nouns and especialbyind_exical Ac-
quisition. Hatzivassiloglou and McKeown (1993) was one of the firstgseaf research ori-
ented toward acquiring sets of semantically related adjectives. Their ggjrpowever, was
not automatic classification, but identification of adjectival scales frorparar They used
adjective-noun and adjective-adjective cooccurence frequertstéomine similarity of mean-
ing for 21 lemmata,and they clustered them. Adjective-noun occurencesoeasidered to
be positive information, following the hypothesis that two adjectives thasistently modify
the same nouns have related meanings, and may belong to the same scaléveAaljective
occurences were used as negative information, as usually two adetttateare concatenated
have different meanings and hence do not belong to the same scale.

Information on gradability or the qualitative/relational distinction was not takemaccount;
the authors themselves stated the need to include these pieces of informaadatdr paper,
Hatzivassiloglou and McKeown (2000) present a statistical model tafsiasiectives accord-
ing to gradability that obtains a very high precision (87.97%) using a verylsiimgicator,

namely occurence after a degree maodifier.

Hatzivassiloglou and McKeown (1997) seeked to automatically identify skenamientation,
that is, within scalar adjectives, which are oriented toward the positivegnalevhich toward
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the negative pole of the scale. They used coordination information. Thinkay regression
model they used predicted whether two coordinated adjectives were ehthe or different
orientation. A clustering procedure determined the positive or negaiietation of every set
of adjectives.

The same kind of information (coordination) was used in Bohnet et al2(2fa® different,
more traditional classification purposes. They aimed at a classificatiordéfim German de-
scriptive grammar (Engel, 1988) between quantitative ones (similar to detganlikeviele,
einige‘many, some’), referential onebéutige ‘of today’), qualitative ones (equivalent to our
own gualitative adjectives), classificatory ones (equivalent to reldtamjactives), and adjec-
tives of origin Stuttgarter ‘from Stuttgart’).

They applied a bootstrapping approach. The procedure is as folldeut:.from a manually
classified set of adjectives, detect coordinations with an already atakssimber, assign the
same class to the other member of the coordination, and iterate the procétiurewewly an-
notated adjectives, until the algorithm does not produce any more chante classification.
This procedure has two basic problems: first, that it assigns a singld@keash adjective, and
so it is not possible to identify adjectives belonging to more than one categecypnd, that co-
ordination data only apply to a reduced number of lemmata, because most lemat atectir
in a given corpus do not occur in coordinating constructions. To allethase two problems,
the authors applied another algorithm that exploits the order of adjectissedavithin an NP
(in German, guantitative: referential< qualitative< classifying< of origin). This algorithm
and its results, however, is not explained in detail.

A kind of classification that bears similarities with our own and with the classificdtio
Bohnet et al. (2002) was used in Carvalho and Ranchhod (2003)ambiguate adjective and
noun readings in Portuguese. The classification included the followingedasd subclasses:
predicative color adjective, nationality denoting adjective, predicatjective, predicative ad-
jective (specifying whether only postnominal or both pre- and postnomiositions are pos-
sible when acting as modifiers), relation adjectives, and adjectives withmtdaggive value.
@ Carvalho and Ranchhod manually coded 3,500 adjectives with this informatidrbuilt a
series of finite state transducers to model noun phrases and disambigweternominal and
adjectival readings. Adjective information served to establish constmaittis the transduc-
ers, for instance that adjectives of different classes cannot icabed

In a recent paper, Yallop et al. (2005) have aimed at the acquisitiomtd&yc subcategorisa-
tion patterns for English adjectives. They identify over 30 adjectivatatdgorisation frames,
including detailed information such as the nature of the arguments of predicatjectives
(finite and non-finite clauses, noun phrases). They use a statistisar parextract grammat-
ical relations and pattern matching to hierarchically classify these grammatiatibns into
frames.

Beside these pieces of research with a classificatory flavour, theeehiesn other lines that
exploited lexical relations among adjectives, mostly polysemy and antonymy/dd Sense
Disambiguation. Justeson and Katz (1995) consider polysemous adjesiilienore than one
antonym, for instanceld, with antonymsyoungandnew They use the nouns that adjectives
modify as clues for the disambiguation of the adjective sense. To determiale mduns corre-

The 3 classes of predicative adjectives are lumped together in oufficktisns as qualitative or basic. Na-
tionality denoting and relation adjectives are our object-related adjechdjsctives with determinative value have
been termed intensional adjectives here. Note that the authors claiml@issification to be syntactic, but it is clear
from the labels that it has some semantic content. Like our classificatiomtitie syntax-semantics interface.
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spond to which sense, they examine the antonyms for the relevant seas@stancemanis
modified byold andyoung andhouseby old andnew When the occurenaald houses found,

it can be determined thald is used in the ‘not new’ sense, not in the ‘aged’ sense. This work
was based only in 5 adjectivesdrd, light, old, right, shoftand the corpus used for acquisition
was manually disambiguated.

Chao and Dyer (2000) tackle the same task in a more sophisticated fashegrandélyse 135
adjectives and use sources of information with little manual annotation. TlikelyebBayesian
classifier that uses information from WordNet (as source for semantiowattion) and the Web
(to tackle data sparseness issues) so as to disambiguate adjectivesgeelh aote that when
occuring ingreat hurricaneit means ‘strong’, not ‘good’ as in many other contexts.

Lapata /(2000; 2001), as opposed to studies mentioned so far, foonsié® meaning of
adjective-noun combinations, not on that of adjectives alone. In ther@géve Lexicon frame-
work (Pustejovsky, 1995; Bouillon, 1997), she attempts at establishing@#séjbe meanings of
adjective-noun combinations, and at ranking them using information gatifilerm the British
National Corpus (Burnage and Dunlop, 1992). This information shoulitdte that areasy
problemis usually equivalent t@roblem that is easy teolve (as opposed to, e.geasy text
that is usually equivalent ttext that is easy to regd She explored nine adjectives, and ten
noun-adjective combinations for each of the adjectives.

Lapata (2000) extracts noun-adjective pairs and identifies nounavererb-adjective/adverb
pairs that are related with every noun-adjective pair. The relevamt-uerb pairs are those in
which the noun is the same as in a particular noun-adjective pair. Themel@ra-adjective/ad-
verb pairs are those in which the adjective or adverb modifying the verb &attne as the adjec-
tive under investigation, or is morphologically derived from it. For instaficeeasy problem
verbs are identified which occur wifitoblemas subject or object, as well as verbs modified by
easyor easily The informations are crossed so as to obtain the following verb rankiregaiy
problem solve, deal with, identify, tackle, handleapata, 2000, p. 151).

The author, thus, builds a probabilistic model from the corpus and comthagsrobability
of a paraphrase from the cooccurence frequencies of the relegantverb and verb-adverb
pairs. Note that in this case there is no pre-defined sense inventotyargoto research in
Justeson and Katz (1995; Chao and Dyer (2000).

Most of the work done on Lexical Acquisition for adjectives (in fact, attept for Bohnet et al.
(2002)) focuses on different phenomena and tasks than that tacdedid®ecause they neither
establish an semantic classification of adjectives nor attempt at acquiringolgsemy. The
task is different: they either try to infer aspects of the organisation of igfscaround scales
(research by Hatzivassiloglou and colleagues), which affects a suteésof the adjectives,
argued in Section 3.5.1, or are oriented toward disambiguation (either Wost ®isambigua-
tion, as in Justeson and Katz (1995); Chao and Dyer (2000) , or fosppeech disambiguation,
as in Carvalho and Ranchhod (2003)), or infer paraphrases fticydar noun-adjective com-
binations|(Lapata, 2000). Yallop et al. (2005) tackle syntactic, not sticrEassification.

Some of the pieces of research reviewed in this Section deal with polyseoweudr, they
pursue a different kind of polysemy than the polysemy aimed at here. iWdNord Sense
Disambiguation typically has to do with polysemy associated with selectional testsiclike

the old-young / old-nevadychotomy mentioned above. Work in the Generative Lexicon frame-
work analyses the kind of adjectival polysemy that is related to the strucfube modified
noun, following the Generative Lexicon theory (Lapata, 2000), similartiieédeautiful dancer
example discussed in Section 3.3.2.1. However, many methodological aapédtsights are
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related and are used in several ways for the purposes of the fegrasented here, as will
become clear in the following chapters.

3.8 Summary

This chapter has provided a general review of adjectives as a pspeeth and the treatment
of their semantics in several linguistic traditions, as well as a summary of pieketated work
in Lexical Acquisition. The classification proposed in this PhD is the resuthisfreview,
together with empirical data gathered from machine learning experiment€lisgxer 5).

Formal semantics may seem the natural tradition to look for a semantic classifichtidjec-
tives, because in this field some requirements for Computational Linguistedsas an explicit
formalisation of semantic analyses, are met. However, we have arguddrtinat semantics
does not provide an adequate account of lexical semantics in gemetaldgective semantics in
particular, at least for the purposes of this PhD. Moreover, muclarelsén formal semantics
has focused on a relatively minor class, intensional adjectives, whitdesaoverage problems
for NLP systems. Also, the parameters explored in this tradition (mainly entailpagterns)
are very difficult to use as criteria for classification. Finally, the classasdimerge from a
straightforward application of the meaning postulates discussed in Secti@raBFormed by
heterogeneous subclasses, which questions the usefulness of thaidigtin

Standard descriptive grammars such as Picallo (2002) for Catalan|lasyeoposals used in
NLP resources, do propose broad-coverage classificationsct|rofee of the main distinctions
made in these proposals (qualitative vs. relational) is central to this PhD.

However, the definition and characterisation of the classification, in its ¥e@ion, corre-
sponds most closely to the one formulated within the Ontological Semantics fralenost

notably in Raskin and Nirenburg (1998). Within the PhD process, we flatelia first attempt
at a classification proposal that was a hybrid between formal semantiateanariptive gram-
mar, distinguishing between intensional, qualitative and relational adjecfivesparameters
used in this classification were not at the same level: intensional adjeatevdsfined in terms
of their entailment behaviour, while relational adjectives are defined ghrole ontological
kind of their denotation (qualitative adjectives lie somewhat in between).

The second version of the classification establishes a unique classifipatemeter, namely,
the ontological sort of adjectival denotation, or the kinds of meaning tigscan have. While
all adjectives can be said to denote properties, these properties castdgtiated as simple
attributes (basic adjectives), relationships to objects (object-relatediaegcor relationships
to events (event-related adjectives). This classification meets most ofitbieaiots established
in Section 3.6: it is broad in coverage, balanced, and consistent. Isdmathe morphology-
semantics and syntax-semantics interface, while still being defined in pamrigndic terms.
Because of its use of these interfaces, it is amenable to automatic acquisitwiti,kee shown
in the following chapters. Some of the phenomena discussed in this chaptalityycsome
distinctions in the semantic sort of adjective arguments) are not coverethigittiassification,
and are a subject for future research.

The classification presupposes the definition of an ontology as a model wbithd, anchoring
meaning in external reality. Despite the numerous philosophical and pitagotiddems con-
nected to defining such an ontology, we believe that only an approackxpltitly models
reality (however this model is instantiated) has a chance of achieving ely@iead predictive
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power in analysing the semantics of natural languages. This is evenrcldse dealing with
Computational Linguistics: if computers are to simulate understanding andeimgpgpduc-
tive linguistic interactions, the concepts that humans share and their intiemskaps have to
be modeled in a formal language.

The semantic analysis of relational adjectives summarised in Section 3.3.bddmgsublished
in the following article:

McNally, L. and Boleda, G. (2004). Relational adjectives as propeofi&inds. In Bonami,
O. and Hofherr, P. C. (Eds.Empirical Issues in Syntax and Semanticspiges 179-196.
http://www.cssp.cnrs.fr/eiss5/.
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Chapter 4
Gold Standard

[Web experiments hold] the promise to achieve ... methodological andduece
ral advantages for the experimental method and a previously unsexofadata
collection for scientists and students.

Reips (2002, p. 243)

This chapter explains various efforts devoted to achieving a reliable Galtd&d for the
classification proposed in Chapter 3, for use in the machine learningiegrs explained in
Chapters 5 and|6. No such Gold Standard is available in the literature,decicatheoretical
work only a few examples for each class are mentioned, and the classificdigrussed in
different works do not exactly match our classification proposal. Taergit is necessary to
gather human judgments with respect to the semantic classes that we wantrio obta

If there is low human agreement on the class of each adjective, the Golda&idmas low
reliability: it can not be used as a basis for any kind of decision, includirghina learning ex-
periments. The relationship between agreement and reliability is summariseippeKaorff

(2004b, p. 414) as follows: “agreement is what we measure; reliabilith& we wish to infer
from it.” Although agreement in all Gold Standard experiments we repodrigifeater than
chance, we have not succeeded in achieving high agreement, mody fiotgdmlysemy judg-

ments. A reliable Gold Standard is very difficult to achieve in areas suckxigsllsemantics
(Merlo and Stevenson, 2001).

4.1 Initial efforts

The establishment of a Gold Standard has evolved during the PhD, in pévalte evolu-

tion of the classification. The first classification proposal distinguishéddmn qualitative,
relational, and intensional adjectives, and additionally, two polysemousesldpolysemous
between qualitative and relational, or qualitative and intensional). In theefifgeriments,

explained in Section 5.1, we used a 101 unit Gold Standard, randomlyrchoseng all adjec-
tives occurring more than 10 times in the corpus. 50 lemmata were choservtefrom the

corpus and 50 type-wise from the lemma list (a lemma was chosen with the two metimold
one repetition was removed). Two more lemmata were added because thirgkbdsss was
otherwise not represented (recall from Section 3.3 that intensionalteie are a very small
class).

The lemmata were annotated by 4 PhD students in Computational Linguistics. skhefta
the judges was to assign each lemma to one of the five classes mentioned invibaspre
paragraph. The instructions for the judges included information abolihgllistic charac-
teristics discussed in Chapter 3, including entailment patterns, other semamtigties, and
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morphosyntactic characteristics. The judges had a moderate level ehagne(kappa 0.54 to
0.64; see discussion on agreement coefficients in Section 4.3). Theyeeifficulties using
entailment patterns as classification criteria, as well as tagging particulay &fratljectives,
such as deverbal adjectives. The fact that the judges receivehition concerning expected
syntactic behaviour is not optimal: if the idea is to automatically obtain semantic €lasse
the basis of morphosyntactic information, the human classification shouldrély gemantic.
This aspect was corrected in further Gold Standard experiments.

As a result of the unsupervised experiments explained in Section 5.1, gsifickion was
refined: the final classification proposal distinguishes between basiat-eelated, and object-
related adjectives, as mentioned in Section 3.6. For subsequent exgsri8ention 5.2),
we developed an 80 unit Gold Standard, randomly chosen in a token-agk®ih, this time
establishing a higher frequency threshold (50 times).

The 80 lemmata were independently annotated by three PhD students in Conmalitaitie
guistics (two of which, including the author of this thesis, carry out re$ean adjectives).
The task was to classify each adjective as either basic, event—relate:q'bot—[elated The
judges received instructions which referred only to semantic charditgrisot to the expected
syntactic behaviour. For example, so as to detect event-related adjettiveck whether the
state denoted by the adjective is necessarily related to a previous or simoulameent”. In
addition, they were provided with (the same randomly chosen) 18 examplastiie corpus
for each of the adjectives to be classified.

The judges were allowed to assign a lemma to a second category in cases#mplyThey
were asked to assign the first class to the most frequent sense anddhd skass to the least
frequent sense, according to their intuitions. In these experimentspiblysemous items were
not assigned to separate classes as in the first Gold Standard experiment.

The agreement scores for the main class were quite high for a lexical setaahk: kappa 0.68
to 0.80. However, the agreement scores for polysemy judgments wesignidicant at all: the
judges did not even agree on whether an adjective is polysemous ortraddrie the particular
classes. Polysemy judgments were not used in the classification experievanisb of their
unreliability. The three main class classifications were merged into a single Goide8d set
for the machine learning experiments (see Chapter 5).

From these two experiences, a number of conclusions were drawcerodmg the frequency
threshold, the number of lemmata and judges needed to reach stable cors;ltir@sampling
methodology, the design of the classification task for human judges, anddlysia of results.
These shaped the final Gold Standard experiment presented in the reqithiis chapter.

The experiment was aimed at eliciting semantic classes using judgments fromspsiakers,
and its goals were the following:

e to build a robust Gold Standard for use in the ML experiments

e to assess its replicability

¢ to achieve insight into polysemy

e to detect conflictive lemmata or classes

The judges also classified the lemmata along an additional parametematitg,number of arguments of the
adjective. This parameter is not relevant here and will not be furiBeunsised.
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e more generally, to provide feedback to the proposed classification aftaée

To meet some of these goals, 3-4 judges do not provide enough dataafmple is the dis-
tinction between “difficult” and “easy” adjectives: if a large number of jeglgs involved in the
classification process, different degrees of difficulty can be expgdéotmore or less correspond
to the degree of agreement with respect to their class. The source aifftbeltgl could lie

in their semantics not fitting in the classification, or in some other characteristigsdmy
judgments also proved difficult to analyse with few judges, again becausemds in their
distribution could be observed.

For these reasons, we designed an experiment via web. Web experareatsery powerful
tool to gather linguistic data. They have recently started to be used fonglsggcal research,
so that even guidelines for conducting such web experiments haveragpeapsychology
journals (Reips, 2002). In psycholinguistics, a number of studies thlaégedata through the
Web have appeared (Lapata et al. (1999), Corley and Scheefp@&) (2Melinger Schulte im
Walde (2005), among others). Keller et al. (1998) have developédaef specifically for that
type of experiments.

Web experiments allow higher number and variety of data to be gathered éldéiotral, labo-
ratory based experiments, at virtually no cost. Voluntary participation is reaster to achieve
because no trips or appointments are involved. However, they also raisatzer of difficul-
ties. One such difficulty is the fact that a web experiment restricts the kipémicipant to
people with internet connection and some computational skills. Reips (2G0&)scthat the
gain in number and variety of participants overweights this limitation. Moreavenpst cases
(as our own case) the computational expertise required is low (basicléahgevof browser
use). Another difficulty is that the experimenters lose control over the@ment in which
the experiment takes place, and participants’ anonymycy makes it sometifimdtdif assure
the quality of the data. Reips (2002) offers some guidelines to avoid ongdbise problems.
Despite these difficulties, we decided to carry out a web-based expéeriseethat we could
easily recruit participants without any restrictions on time or place, and widttanomic cost

Because we wanted a large amount of judgments about adjectives, ideditx address the
experiment to the general population, not limiting it to expert judges. Theilsaive sub-
jects for linguistic tasks is not uncommon in Computational Linguistics reseBorhnstance,
Fellbaum et al. (1998) compare naive and lexicographer judges in theft@gging a text with
WordNet senses. Recently, Artstein and Poesio (2005a) use 18sudnjexts for coreference
tagging. Our experiment only required participants to be minimally educated egtfect to
linguistic notions (mainly, the concept®un verb, andadjective and familiarity with dictio-
naries, as will become clear in Section 4.2). This educational level is usaatthed in primary
school.

Our goal is not only to evaluate the agreement level reached by humamspehforming the
task, but also to assess our classification proposal and to gain insighhénsemantics of
adjectives. Thus, we use the process of establishing a Gold Standariirdisea empirical
empirical tool to gain insight into the semantic classification of adjectives.

We next address each of the aspects of the experiment: method (Sec}idheldssessment of
interrater agreement (Section 4.3), analysis of results (Section 4.4anahgis of the sources
of disagreement (Section 4.5).
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Band #lLemmata Range Mean Mean/million
Low 921 50-121 79.8 55
Medium 767 121-328 195.9 13.5
High 603 328-19,545 1146.5 79.1

Table 4.1: Frequency bands for the stratified sample.

4.2 Method

4.2.1 Materials

We selected 210 lemmata from the database developed by Roser Sanrasideriog only
lemmata with at least 50 occurrences in the study corpus (see Section 2 defaiits about the
database). This roughly corresponds to 10% of the database, andeishaonrdouble as many
as the previously constructed Gold Standards. The selected lemmata sboafutdsentative
of adjectives in Catalan. We consider three factors of variability we waattount for in
our analysis, and have therefore to be considered while building the Goid&d: frequency,
morphological type, and suffix.

As has been discussed in Section 2.1.3, adjective frequency presgipfean distribution
(with a low number of highly frequent items and a large number of unfregoems). So
as to achieve a balance between the two extremes, we divided the freguienthree equal
bands and randomly selected a pre-specified number of lemmata from &ath Instead of
considering raw frequencies, however, we took log-transformeqlifrcies, so as to smooth
the curve. The same procedure was followed by Lapata et al. (199%otmse material for
plausibility ratings concerning adjective-noun combinations.

Following this methodology, the thresholds of the frequency bands wei 421 and 328
occurences. Further information about the frequency bands is dejici@ble 4.1: number
of lemmata in each band, range of their frequencies, mean frequenkcyean frequency per
million (dividing mean by 14.5 million words in the corpus). Note that the diffeeeimcthe
number of lemmata per frequency band would be even higher if loweudrary lemmata were
considered, again due to the Zipfean distribution of adjectival freqagnc

As for the morphological factors, the derivational type (whether anctid@gis denominal,
deverbal, or not derived) is not evenly distributed: as shown in TablinZage 12, there are
399 deverbal lemmata, as opposed to, e.g., 860 denominal lemmata. Motkewbstribution
of lemmata is particularly skewed with respect to the suffix within each of therderal and
deverbal groups. The distribution is shown in Table 4.2. In this table, #tefiftumn shows the
number of lemmata bearing each of the suffixes for deverbal (V) adgsctand the 3 remaining
ones for denominal (N) adjectives. Adjectives grouped under tHix gmbup othercorrespond
to infrequent suffixes lumped together in Sanroma (2003).

One of the aims of the research is to explore the relationship between mayplawid seman-
tics. In addition, a reasonable hypothesis is that one of the sourcesmahte variability for

adjectives is precisely morphological variability. In previous work, vehew random selec-
tion was performed, we found that there were too few lemmata of some mogiteditypes

for some of the suffixes or morphological types, so that no analysis @@utchrried out with
respect to the morphology-semantics mapping for them. Therefore, wdedgmed a strati-
fied approach to morphology, and took an (approximately) equal nunilenmata from each
morphological type and from each suffix. The exception were suffsitsvery few lemmata
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\% N

t(part) 519| ic 256 *i 19 *a 4
nt 140 | al 230 “*iu 18 *iac 3
ble 109| 6s 86 “*er 16 *ific 3
iu 91 | ari 57 *i 14 *ut 2
or 35| ar 33 *es 12 *aci 1
*ori 12 | ista 31 *at 11 *esc 1
*0s 71a 25 *stic 9 *ivol 1
*er 5| *other 23 *enc 5

Table 4.2: Distribution of lemmata across morphological type and suffix.

(those marked with an asterisc in Table 4.2), which were lumped together orong.

The distribution of the data in the final selection of lemmata for the Gold Standaitbign
in Table 4.3. As can be gathered from the table, the criterion is to have ah digtribution
among morphological types (not derived, denominal, and deverbalpTdea each) and fre-
guency bands (approximately 70 lemmata for each band). Note that pattadjeatives are
not considered separately, but as a subset of deverbal adjgotiagsed with suffix-t (part.)).

Within each morphological type, equal distribution among suffixes has &sen httempted
at. Minor deviations from the expected values are due to either a particidfex rsot having
enough lemmata for a particular frequency band (e.g., sudfifor the higher frequency band)
or to the need of all values summing up to 70 (e.g., deviations for suféxess-t (part.)).

Morph. type  Suffix Low Medium High Subtotal Total

not derived - 23 24 23 70 70
denominal a 3 2 2 7
(N) al 3 3 3 9

ar 3 3 3 9

ari 3 3 3 9

ic 3 3 3 9

ista 3 3 3 9

0s 3 3 3 9

other 3 3 3 9

total (N) 70
deverbal ble 4 4 3 11
(V) iu 4 4 3 11

nt 4 4 3 11

or 4 5 2 11

t (part.) 5 5 5 15

other 4 5 2 11

total (V) 70
total 72 74 64 210 210

Table 4.3: Stratification of the Gold Standard.

We wanted our experiment to last about 30 minutes on average. 210 lemmeatligtoo high
a number of lemmata for that duration. Therefore, our 210 Gold Standéadet was randomly
divided into 7 test sets with 30 lemmata each, and each participant would examhyrane test
set, in the fashion that will be explained in the next section.
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4.2.2 Design of the experiment

Our goal was to classify adjectives as basic, event, or object, takinggralyinto account.
However, instead of directly asking participants to classify adjectives,iraorder to define
a task as intuitive as possible (given the problem), we asked the partictpadgfine adjec-
tives according to pre-defined patterns, each corresponding to axserdass. Each defi-
nitional pattern acts as a paraphrase that should apply if adjectives fiteirofothe classes
foreseen in the classification. We thus gather judgements of native speaitle respect
to paraphrase relationships between lexical items. Paraphrases aoé thieetypes of lin-
guistic evidence mostly used by semanticists in their research (Katz, 122ppif0, 1996),
(Chierchia and McConnell Ginet, 2000).

The task of the participants was to complete the definition for each adjectfilbrinyin a blank
field corresponding to a noun, verb, or adjective, depending on firgtamal pattern. Filling

in afield (signalled as—— in what follows) implies selecting a definitional pattern and thus a
particular kind of meaning, or semantic class. The fact that participantstaldn the blank
instead of simply selecting the pattern made sure that they would pay attentiontaskhand
also served analysis purposes, giving a clue as to which sense is lygiatiesl in each case.
Each field was accompanied by an indication of the expected part oftsfadjective, noun or
verb), so as to further constrain the task.

For basic adjectives, the definitional pattern should be filled with a syn@myn antonym, for
many basic adjectives have lexical antonyms or near-antonyms, evetaill nespond to this
lexical relationship, as has been discussed in Chapter 3. The definjhiaitain is reproduced
in (4.1a) and exemplified in (4.1b).

(4.1) a. Té un significat semblant a/ contrag-a—qgjectiu)
‘Has a meaning similar to / opposite te——qgjective)’

b. gran — Té un significat semblant a / contrarif@etit|qgjectiu)
‘big — Has a meaning similar to / opposite| 8mall} ,gjcctive)’

For object-related adjectives, the definitional pattern or paraphrgsessed the relationship
to an object lexicalised through a noun, thus reproducing the gePERTAIN-TO schema of
Ontological Semantics represented in Figure 3.3, page 47, as shown)in (4.2

(4.2) a. Relatiu a o relacionat amb (/el/la/els/le$H),un)
‘Related to (the}——,0un)’
b. béllic — Relatiu a o relacionat amb (/el/la/els/lesfBuerray;, ..
‘bellic — Related to (the)war,, )’

For event-related adjectives, the definitional pattern expressed ttiemshkip to an event lex-
icalised through a verb. Three definitional patterns were provided muatdor the different
meanings arising from different suffixation processes: an “activedmmg for suffixes such
as-iu or -or (pattern in|(4.3)), a “passive” meaning for tHae suffix (pattern in((4.4)), and a
resultative meaning for participial adjectives (pattern in|(4.5)).

(43) & que——yuen)
‘that/which/Who——,er)’
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b. constitutiu — que(verb)

‘constitutive— that/which constitutes;, ..’

(4.4) a. que pot SeF——(,epp)
‘that can be——y¢pp)’

b. ajustable — que pot sefajustal,c,
‘adjustable— that can beadjusted,c,;,’

(4.5) a. que ha sofert el procést](verb)(-ho/-Io/-se) N
‘that has undergone the process-ef—,.., (0bject clitics)’

b. especialitzat— que ha sofert el procés vert)(-hOI-l0/-s€)
‘specialised— that has undergone the procesverb) (object cliticy’

No instructions were provided as to how to use the patterns. This decisemuai@vated by
the time constraints set on by a web experiment, because it discouragepaon to have
to read too many instructions or going through too many web pages befdirgt&xamples
were provided in the instructions, and judges did three trial adjectivesMtcch they were
shown the expected answers) so as to clarify the task. Following staridardycholinguistic
research, no example sentences were provided for the adjectiveset@imened during the
experiment, so as not to bias the judges’ responses.

Participants could select more than one pattern in case of polysemy. In theciioms, this
concept was not mentioned, but an example was provided with some emtar@ur hypoth-
esis was that at most two patterns would be enough to account for polysemoy setting,
because much of the polysemy occurs within two classes. As has beemedpla Section
3.6.4, polysemous items (of the kind of polysemy of interest here) are usiaiyed adjec-
tives with an object- or event-related meaning that take on a basic meanitig exonomic
(‘economical/cheap’) case. However, initially, no constraint was sgt@maximal number of
patterns a participant could fill in, so as to test this hypothesis. The userom®re patterns
was strikingly unfrequent, as can be seen in Table 4.4.

#patterns  #examples %
0 47 2%
1 1318 62%
2 460 22%
3 90 4%
4 66 3%
5 150 7%
Total 2131 100%

Table 4.4: Number of patterns filled in when no constraints are set.

The data in Table 4.4 correspond to responses from 85 participantsanAlsecseen, only in
7% of the cases were 3 or 4 patterns used. The 7% of the cases wherpadlerns were
used (as well as many of the uses of 3 or 4 patterns) correspond tdgaartecthat filled in
everything, regardless of the meaning of the adjective (they even mads wo). This kind of
indiscriminant participant was excluded from the analysis. From the rengaiases, a manual

69



Gold Standard

examination revealed that they corresponded to not following the instrgdtioore details on
participant exclusion and error review in Sections 4.2.3 and|4.2.4 below).

Therefore, we decided to change the instructions and explicitly ask parttsipo fill in only
one or two of the patterns. This decision makes the task clearer (the ratidis¢riminant
judges decreased dramatically) and the analysis of the results easiernathdignificantly
decreasing descriptive accuracy. The data gathered before thésodewas made were not
taken into account for the analysis.

The experiment was structured as follos:

o first page with introduction and classificatory questions

second page with instructions and examples

three training adjectives, with expected answer after the participangsimes

into the experiment: 1 page per adjective (30 adjectives)

final “thanks” page, with a small explanation of the purposes of the @rpet and the
possibility for the participant to write a comment

For each participant, one of the 7 test sets of the Gold Standard wasmigndaosen, and
the order of the 30 adjectives to be judged was also randomised. Initiallprdiee of the
definitional patterns was always the same (first the object pattern, théréeecvent patterns,
then the basic pattern). We observed an overuse of the object pattdnraradomised also the
order of the patterns so as to avoid ordering effects. For all analygi®ges in what follows,
we only take into account responses generated with the final setup (maxifmwm patterns,
randomised presentation order for patterns).

4.2.3 Participants

603 participants, all self-reported as native speakers of Catalarp#obik the web experiment.
Participants were recruited via e-mail to several university departmedtdiaimibution lists,
and received no payment. To encourage participants to reveal theit aduegess, so that they
would commit themselves with the experiment (Reips, 2002), we offered e @iz vouchers
of 30 euros each. The sources of participants were the following:

e Friends and family

e University

— Pompeu Fabra University: staff of the Translation and Philology Depattarah
the Technology Department; students of Linguistics, Translation and tatarg,
Computer Science, Telecommunication Engineering, Biology, and Law.

— University of Barcelona: professors and students of Linguistics.

2The experiment will be available online lattp://mutis.upf.es/ boleda/adjectives/ for some
time.

3Except in the case of friends and family, and in order to adhere to ettaadards, we asked for permission to
advertise the experiment to the relevant authorities.
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— Professors and students of the Cognitive Science and Languager@dttogram
(from 4 Catalan universities).

e Distribution lists

— Carta de Linguisticdlinguistics distribution list). Scope: Catalonia.
— Info-Zéfirdistribution list. Audience: professionals dealing with Catalan.

— Distribution list of the Asociacion de Jovenes Linglistas (Young Linguistogis
ation). Scope: Spain.

The experiment was also includedlianguage Experimev@sa portal for psychological exper-
iments on language, and an advert was placed in the author's homepage.

Of the 603 participants, 101 (17%) only read instructions, without cldsgifysingle adjective.
131 (22%) filled in too few data for results to be analysed (we set the thickah20 adjectives).
The dropout rate is quite high (39%), although we have not found teghairopout ratios for
similar web experiments for comparison. Finally, 15 (2%) participants filled iat&ms or
more for at least 20 adjectives, and were excluded for analysis pesgthese are referred to
above as “indiscriminant participants”). The descriptive data in Table drfespond to the
remaining 322 participants, and are all self-reportég $tands fonot reported.

Information Distribution

Age min. 14; max. 65; mean 27.5; median 23

Mother tongue Catalan 82%; Spanish 16%; other 1%; NR 1%

Region Catalonia 77%; Valencia 15%; Balearic Islands 4%;
other 2%; NR 1%

Study level university 89%; pre-university 8%; NR 3%

Study field Arts 60%; Science 20%; Technical 17%; NR 4%

Knowledge in linguistics  yes 71%; no 26% NR 3%

Table 4.5: Main characteristics of participants in web experiment.

The prototypical participant is a university student (see median age,n23pwaerwhelming
university study level in Table 4.5) from Catalonia with Catalan as mother tangufew

participants have Spanish as main mother tongue but they are also natikerspef Catalan,
because of the bilingual status of Catalan society. Also, a few participanie rom other
regions than Catalonia, such as Valencia or the Balearic ISlands

Note the high reported expertise in linguistics (71% participants report tihesssas having
knowledge in linguistics). These data surely correspond to a wrong fatimm of the ques-
tion (which was “do you have knowledge in linguistics? (beyond secgrstdrool)”), because
given the age and study field of most participants, it cannot be that ®%érattually have
training in linguistics. Probably, many participants answered “yes” if thaykforeign lan-
guages or for other reasons. This makes it impossible to test any hygetiesut differences
between participants with and without expertise in the field, which would haee b very
relevant piece of data for our study.

“http://www.language-experiments.org/
5The question participants answered was “In which region did you gr@®. up
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4.2.4 Data collection and cleaning

The data were collected during March 2006. The responses were stamaically checked
for compliance with instructions, through the procedures explained in tti®se

Responses with three or more filled patterns were automatically discardealjsgethe in-
structions explicitly required judges to fill in at most two patterns. Those wittertian one
word were automatically identified and discarded, with the following exceptisosie clear
compounds such a&sser humghuman being’, cases where the participant had provided more
than one equivalent response, as in example [(4.6a) (in these cagahedirst response was
retained), or synonyms with a grading adverb, as in example/(4.6b).

(4.6) a. tipic — habitual,comu
typical — habitual common

b. roent — moltcalent
burning — very hot

Other kinds of responses with multiple words, in addition to not complying with tsieuo-
tions, typically correspond to a wrong use of the pattern, as can be segample/(4.7).

(4.7) catalanista~ (que) defensa Catalunya i les seves costums i tradicions propies
catalanist(ic)— (that/who) defends Catalonia and its traditions

This participant used one of the eventive patterns to provide a gloss afipetivecatalanista
that does not correspond to the intended use of this pattern (identifyjiectisds with an event
embedded in their meaning).

Responses with a part of speech that did not coincide with the one sigiralted instruc-
tions (adjective, verb or noun) were also discarded. To perfornettves correction steps, a
semi-automatic procedure was followed. The responses were chegkiadtaGLiCom’s com-
putational dictionary. If the right POS was not found among the readihgiseoword, the
response was manually checked. It usually corresponded to a w@8gdspelling mistake,
or a lexical mistake (non existing word). As for wrong POS, these resgsowere discarded,
except for process-denoting nouns inserted in the process patigrani@ricanitzaci¢‘amer-
icanisation’). Spelling mistakes were corrected for normalisation reasons.

As for lexical mistakes, some of them correspond to interferences withiSpéee example
(4.8a)). For these cases, the equivalent in Catalan was recordedtemarmalise the data.
However, most lexical mistakes were words participants invented (exadhgle)), and these
were discarde@. Presumably, time constraints and performance pressure where the cause
participants making words up.

(4.8) a. mercancia(from Spanish ‘mercancia’) correctedrteercaderiacommodity, goods’

b. mutu — *mutuar
mutual— ? (non existing deadjectival verb

5The online version of the dictionary of the Institut d’Estudis Catal&ttp{/pdl.iec.es ) was checked
to ensure that the problem was not the coverage of GliCom'’s dictionary.
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A particular kind of lexical mistake cannot be detected through this proeeduesponse cor-
responding to another word due to a reading mistake (see example (4£%p duwonfusion
with epistologic'epistological’). The cases that were detected were discarded, mat sigs-
tematic manual exploration was performed, presumably some of these mistaiaia in the
data.

(4.9) epistemologic — cartes
epistemological- letters

Error type Basic Eventl Event2 Event3 Object Total
Multiple word 6 131 4 3 16 160
Wrong POS 92 1 1 12 22 128
Non-existing word 9 6 8 11 19 53
Wrong reading 2 6 0 5 4 17
Total error 109 144 13 31 61 358

Total responses 4,388 1,304 605 504 4,341 11,142

Table 4.6: Distribution of errors in participants’ responses.

The distribution of the errors identified (corresponding to discardeeks}és depicted in Table
4.6. The total number of errors detected (358) corresponds to 3.2% déth. For comparison,
Corley and Scheepers (2002) excluded 3% of their experimental dataeb-dased syntactic
priming experiment because the prime-to-target times were too long. Our daiayhas a
similar proportion. However, almost two thirds of the errors are condewtria two cells of
Table 4.6 (bold faced), which probably points to problems in the experimeéesan.

The first event pattern (‘that/which/wie—,.,") caused 131 multiple word errors, which
indicates that it was not constrained enough; the rest of the patteresmgge concrete. In

addition, many adjectival dictionary definitions begin with ‘que’, so that in¢hise the design

of the experiment as dictionary definitions seems not to be optimal.

The basic pattern (‘has a meaning similar to / opposite-t6—gjective)’) CAUSES 92 errors
where a wrong POS (mainly, a noun) was provided. There are preguimaibmain reasons

for this high number of errors. The first reason is the large proportiamibiguity between
adjective and noun in Catalan, as discussed in Section 3.1.3 (see Tabp@@222). This
caused some responses corresponding to the noun homograph, moadjetttive, as in exam-
ples in 4.16. The second reason is that the notion of similarity of meaning (as glossed in the
definition pattern) is quite vague, so that other kinds of semantic relation$lzipsynonymy

or antonymy fit in, as can be seen in examples (4.11).

(4.10) a. obrer— patro
working-clasgadjective)— boss

b. utilitari — cotxe
utilitary (used as nounutility car) — car

"This kind of mistake corresponds both to “wrong POS” and “wrongiregidbut it was tagged as wrong POS.

73



Gold Standard

(4.11) a. alegre- tristesa
joyful — sadness

b. abundant- molt
abundant— very, much, a lot

We now turn to discussing the agreement in the responses. Beforeingalys results, we
discuss different approaches to measuring interrater agreement.

4.3 The assessment of interrater agreement

The main factor of the data we want to analyse is the extent to which diffpegtitipants
agree in the classification they implicitly provide. The assessment of inteagteeme
(and, relatedly, reliability) is a complex area, and statisticians do not agre@esingle best
method or approach to address it in a variety of settings, or even within k& sietjing. We
will restrict the discussion to the assessment of agreement with nominabdate(as opposed
to ordered or continuous categories).

Many agreement indices for nominal categories have been propasddstance, Fleiss (1981,
chapter 13) discusses 5 indices, and mentions four more. Popping) (B@88rding to Lom-

bard et al. (2002)) identified 39 different indices for nominal data. ks (1981, p. 216)
put it, however, “there must be more to the measurement of interratemagmééhan the arbi-
trary selection of an index of agreement”, particularly so given thatréifieindices provide a
different impression of the reliability of the results. The following discusssoan attempt at
clarifying the issues that are at stake in the assessment of agreement.

4.3.1 Overall proportion of agreement

The most straightforward measure for agreement (and the one that isvidebt used) i%,,, or
overall proportion of agreement (also ternwtberved agreemertiripcsak and Heitjan (2002)).
If there are two raters and two categories, their judgements can be depictembntingency
table such as Table 4.7 (Hripcsak and Heitjan (2002, Table 1)). Theocasdpositive and
negative) typically represent the presence or absence of a parti@itasuch as a disease in
medical diagnosis.

Rater 2
Positive Negative Total
Positive a b atb
Rater 1 Negative c d c+d
Total a+c b+d a+b+c+d

Table 4.7: Two-by-two contingency table.

8Several terms exist for the same concept, which are somewhat flatédeintercoder agreemeris used
in content analysis (Krippendorff, 1980). In NLP, the term is usualtgrannotator agreemenbecause most
agreement measurement efforts are devoted to corpus annotaticstatiktics, the preferred term iisterrater
agreementWe use the latter term because it is the most general one and becatgenthisually used in our field,
interannotator agreemenis more adequate for corpus annotation than for classification of & leshmata.
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P, is simply the proportion of cases where judges agree in their judgement,,thatisnany
of the objects both judges classify as positive or negative. Accordingindes between 0 and
1. Applied to Table 4.7, the formula fgx, would be as follows Hripcsak and Heitjan (2002, p.
100):

a+d

= - 4.1
a+b+c+d (4.1)

Po

If there are more than two categories, the formula can be straightforwextiypded (Fleiss
(1981), Uebersax (2006)). Instead of justd, we take the diagonal of the contingency table as
the cases where judges agree, as shown in Table 4.8 and Equatiob/éb2)gax, 2006, Table2
and Equation (4)). In this table,; represents the total number of cases where both Rater 1 and
Rater 2 have assigned the object to category 1, for instéasé; Cell nq5 contains the cases
where Rater 1 has assigned the object to category 1 kasgjg and Rater 2 to category 2 (e.g.,
evenj. Because cases where there is agreement lie at the diagonal of thartabdases where
there is disagreement are off-diagonal, Equation| (4.2) simply sums thendiagglls ;;, or
cases where indices coincide) and divides by the total number of ddses (

Rater 2
1 2 ... C Total
1 ni1 Nz ... Nic N
Rater1 2 noq 199 ... Noo no.
C nc1 ne2 ... Noc  ne.
Total nq1 mns ... nec N

Table 4.8: Multi-category contingency table.

e
Po= ; Nii 4.2)

This formula yields an intuitive measure for interrater agreement. Howieean be artificially
inflated if the categories are very unevenly distributed. Consider theofaseare disease, for
which there is an overwhelmingly large number of negative judgements,aanpde of which
is depicted in Table 4|9 (Hripcsak and Heitjan, 2002, Table 3).

Rater 2
Positive Negative Total
Positive 4 6 10
Rater 1 Negative 8 102 110
Total 12 108 120

Table 4.9: Contingency table for mediocre ability to diagnose a rare disease.

In this case, 44102 106
+
Po= 15— = 150 = 088

0.88 seems to be quite a high agreement, considering that the maximum is 1. eéfaivisv
clear from Table 4.9 that the relevant agreement is much lower, becatess disagree on 14
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(out of 18) potentially positive cases. The problem is that, because rags$ @are negative,
the poor agreement on positive cases is obscured. The raters wealtigh agreement in any
case, just because they tag most cases as negative. Note that dlasgesment would be even
higher if e.g. Rater 2 were ‘useless’ and would always give a negetiireg. In this casep,
would be4 + 110/120 = 0.95.

4.3.2 Chance-corrected indices

The considerations in the previous subsection have led scholars tcspripjtices that correct
for chance. These indices factor out the agreement that would betegpié raters would

provide their judgments just randomly. The general form of the indicebeatepicted as in
Equation|(4.8).

Po — Pe
1_pe

(4.3)

In this formula,p, is observed agreement (computed as in Equation (4.1))paadreement
expected by chance. The denominator normalizes the scale so that agrealmes lie at most
within [-1, 1]. 1 indicates perfect agreement, O chance agreementttraitin this casep, =

pe), and -1 systematic disagreement (Fleiss, 1981; Carletta, 1996; Dnbusyed Glass, 2004).

The major difference among indices is the way chance agreement is matheleid, what are

the probabilities of each side of the dice. If the distribution of the categori@ssismed to be
equal (for 2 categoriep, = 0.5), we end up with the S measure presented in Bennet et al. (1954,
see Krippendorff (2004b)). However, this assumption is clearly wiangany cases (as the
one depicted in Table 4.9), and more refined approachgstave appeared in the literature.
The two most relevant approaches are Cohen’s (1960) kajgpaiid Scott’s| (1955) pir).
These are the two most used measures for nominal data.

The difference between Cohen’s kappa and Scetts as already mentioned, how they com-
putep.. Cohen’s kappa assumes independence of judges, and accordingiytesp. taking
into account the sum of theroduct of the marginal proportions, as Equation (4.4) shows (the
equation follows the notation employed in Table|4.8).

C
1
pe(K) = o z; n; n; (4.4)

In contrast, Scott'sr assumes an equal underlying distribution of the categories across judges
that is, it assumes that the number of items in each category is the same d#fteosstgudges

(but not in all categories, contrary to Bennet et al.’s S). Therefbestimates expected agree-
ment from themean of the marginal proportions, as shown in Equation (4.3). Notethiat
restricted to 2 categories. Krippendorff (1980; 2004a; 2004b) basmlised the measure to
more than 2 categories in hismeasur

%The same assumption underlies the computation of K found in Siegel astdl@a(1988). As
Di Eugenio and Glass (2004, fn. 1) and Krippendorff (2004a, p0) 2®te, it is an extension of similar to «,
rather than a version of kappa.
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2
Z ni. +n;) (4.5)

Di Eugenio and Glass (2004) argue that in dialogue modeling and other ralsited to com-
putational linguistics, the assumption underlyingr « is more appropriate. This could also be
argued for our task, because, as native speakers of Catalarntialjyaats should have the same
(or very similar) distribution of adjectives into semantic classes. Howewere ik a difference
between the classes themselves and the parameters given in the expenimiead, Hifferent
participants follow different strategies in their responses, and shoereliff biases toward one
or the other category.

Whether such a bias exists can be tested with tests of marginal homogeneityo$hstandard
one is the McNemar test (McNemar, 1947), which however only applies temayodistinc-
tions. Bishop et al. (1975) describe an alternative that allows multi-wagagtéomogeneity
comparisons. The statistic they provide, as the statistic obtained with the Mchtesharan be
viewed as a chi-squared statistic with one degree of freedom, and is cahgsuile equation
(4.6). In this equation, UD stands for upper than diagonal and LD foetdian diagonal. The
statistic ignores the diagonal (elements in which raters agree) and compaocetisrabove the
diagonal with those below the diagonal. If they are comparable, they witletat. If one of
them is much higher than the other, this indicates a bias.

(X UD-Y LD)?
X == YLD (4.6)

In our data (the sampling methodology will be explained in Section 4.3.6), 28f A8 pairs
of judges, that is, 18%, showed a significant bias effeet (p05). The assumption underlying
Scott’s 7 or Krippendorff’'s a, therefore, does not hold in our data, so that we will liSe
in assessing agreement for our task. However, kappa’s handlinigtabdtional differences
among raters is also not optimal, as will be discussed in the next Seéfidror a thorough
discussion of the differences betweerand K (and their extensions to multi-category and
multi-judge agreement computation), see Artstein and Poesio (2005b).

4.3.3 Controversy around kappa

Despite its wide use (or maybe because of its wide use), kappa is a cosiabveeasure
(see Cicchetti and Feinsten (1990); Byrt, Bishop and Carlin (1993ekéax (2006) and ref-
erences cited therein). There are two major features of kappa thatrréngroblematic,
that have been termegrevalenceand bias in the literature (Byrt, Bishop and Carlin, 1993;
Hripcsak and Heitjan, 2002; Di Eugenio and Glass, 2004).

The prevaleni"g problem amounts to the fact that, for a given valuggfthe larger the value

“Note, in addition, that Artstein and Poesio (2005a) formally show that asimg the number of annotators
decreases the effect of bias, thus makkigralues more similar tex values. Artstein and Poesio (2005b, p. 21)
report that in an annotation experiment with 18 subjects, they found thadiirerse range of conditions, the values
of a and the extension of weightddl to multi-judge situations?, did not differ beyond the third decimal point.

1This term comes from epidemiology and expresses “the ratio of the nuofilbases of a disease present in
a statistical population at a specified time and the number of individuals inojmlgtion at that specified time”
(Wikipedia; http://en.wikipedia.org/wiki/Prevalence ).
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of p., the lower the value of{ (Di Eugenio and Glass, 2004, p. 98). This characteristic is
due to the fact that if categories are very skewed, expected agreenveny high, so that no
matter how large observed agreement is, it will always be severely diméhishsubstracting
expected agreement from it.

Di Eugenio and Glass (2004) illustrate the problem with the distributions in ahlE) and
(Di Eugenio and Glass, 2004, Examples 3 and 4 in Figure 3, p. B8)cdtegories repre-
sent “accept” or “acknowledge” codings of use€Giayin English).

Coder 2
Accept Ack Total
Accept 90 5 95
Coder1l Ack 5 0 5
Total 95 5 100

Table 4.10: 2x2 contingency table with skewed categories.

Coder 2
Accept Ack Total
Accept 45 5 50
Coder1 Ack 5 45 50
Total 50 50 100

Table 4.11:2x2 contingency table with balanced categories.

In both tablesp, is 0.90. However, when data fall very predominantly in one category ffeTa
4.10,pAccept = 0.95; paci = .05), K =-0.048. When the distribution of categories is balanced
(inTable 4.11p accept = pack = -50), K = 0.80. This behaviour has been noted as a major flaw
of K in assessing interrater agreement. However, in the case of Table 4 d®bi¢ @argued that
kappa is right in pointing out poor agreement, because there are actodihteresting” cases
for which both judges agree. They merely agree on the default casés,thacepf but they do

not agree on a singlacknowledgemerttase. Note, in addition, that skewed distributions are
the very problem that motivated the definition &fin the first place, as discussed in Section

4.3.2.

Some authors, like Kraemer et al. (2002, p. 2114), argue that theibeha¥ kappa with un-
balanced samples “merely reflects the fact that it is difficult to make cleardistis between
the [objects] in a population in which those distinctions are very rare or fil@y claim
that K = 0 “indicates either that the heterogeneity of the patients in the population vgetiot
detected by the raters or ratings” (real disagreement), “or that the fsatirethe population
are homogeneous” (disagreement caused by prevalence of onergatefy similar point is
made by Hripcsak and Heitjan (2002, p. 107): “The problem is not thah&as too low when
the sample is unbalanced. The problem is that a severely unbalanced saepigot contain
sufficient information to distinguish excellent raters from mediocre ones”.

It seems, thus, that no index can account for such distributions. Bgrt @993) recommend
reporting a quantitative indicator of prevalence so as to be able to judgievie low K
indicates real or spurious disagreement. Cicchetti and Feinsten (1&86hmend the use of
specific agreement for unbalanced samples (to be discussed in Sectibrbd@v). As a
result of the sensitivity to prevalence, chance-corrected valuesrdgrbe compared across
studies when the agreement data are very similar; particularly, the numbategfories and
their distribution. Prevalence also affeateinda.
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We now turn to the bias problenk” does not assume marginal homogeneity, that is, it does not
assume that the raters have a similar distribution of objects into categoriesveipwaving
different distributions of categories implies having fewer chance agnmetsirend having fewer
chance agreements (lowgr) has the effect of increasing. This leads to the paradox that,
for the same observed agreemedikitis higher for raters with a dissimilar distribution of objects
into categories than for raters with a similar distribution. Krippendorff (20@4 246) says that

pe as defined ink “is the agreement that can be expected when the two observers’ ji§ocliv
to use their categories differently is assumed and taken for granted”.

We reproduce Di Eugenio and Glass (2004)’s illustration of the biadgmotwith the distribu-
tions in Tables 4.12 and 4.13 (Examples 5 and 6 in Di Eugenio and Glass (2ig04e 4, p.
99)).

Coder 2
Accept Ack Total
Accept 40 15 55
Coder1l Ack 20 25 45
Total 60 40 100

Table 4.12:2x2 contingency table with similar marginal proportions.

Coder 2
Accept Ack Total
Accept 40 35 75
Coder1l Ack 0 25 25
Total 40 60 100

Table 4.13:2x2 contingency table with very different marginal proportions.

In both tablesp, is 0.65. However, when the marginal proportions are similar (Table 4.12),
K =0.27. When they are dissimilar (Table 4.13), counter intuitiv&lyis higher (0.42), so
that it indicates that the agreement is higher. Krippendorff (2004a4p) i2otes, for a similar
example, that the “mismatches, initially populating both off-diagonal triangkes how be-
come unevenly distributed, occupying only one. What has increasezbthiesr not agreement
but the predictability of the categories used by one coder from the caegmed by the other.

... predictability has nothing to do with reliability.”

However, Artstein and Poesio (2005b, p. 19) argue that “the biadgmois less paradoxical
than it sounds”. They note that observed agreement and expectstragt are not indepen-
dent (they are computed from the same data), so that “if it so happensvthdata sets have
similar observed agreement and different biases . ..then the data s#hevittgher bias is in-
deed more reliable. A high bias may indicate that the coding process is defduit it also
indicates that whatever data are agreed upon are less likely to be theofehdnce errors.”

There is a further substantial source of controversy ardsingvhich however arises for any
numerical index of agreement: how to interpret its value. A value of zeioates mere chance
agreement, and a value of one, perfect agreement; but what ab8uA@dB0.6? Where can
we draw the line between an acceptable value for a Gold Standard? Kdimife(1980) notes
that the acceptable value of an index of agreement depends on the ldedisibn that has to
be made with the agreement data. If human lives depend on the result fastémce with
medical diagnosis), a higher score will be demanded. In the academixtm@eeral scales
have been proposed.
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Landis and Koch (1977) propose a 6-way division for the strengtlvidkace for agreement:
<0 (poor), 0-0.20 (slight), 0.21-0.40 (fair), 0.41-0.60 (moderate),-0.80 (substantial), and
0.81-1.00 (perfect). Fleiss (1981, p. 218) establishes a coarssipdiwdistinguishing between
poor (<0.40), fair to good (0.40-0.75), and excellent.75) agreement beyond chance.

Carletta (1996) suggests adapting Krippendorff’s (1980) scaledate€ht Analysis to Compu-
tational Linguistics. Krippendorff requires values over 0.8 for data tddmmed reliable, and
poses that values over 0.67 allow “tentative conclusions to be drawhaslto be noted that
Krippendorff proposes this scale far not for K. However, even itx consistently yields lower
values thank (Artstein and Poesio, 2005b, among others), Krippendorff's scatdéses than
the other two.

Artstein and Poesio (2005b, p. 28) state that in their research in aggessaiantic judgments
they have found “that substantial, but by no means perfect, agreememnigacoders resulted

in values ofx or o around the .7 level. But we also found that, in general, only values above
.8 ensured a reasonable quality annotation”. They also note that in masy(faskistance
discourse annotation), even a lower threshold is difficult or impossiblehiess

To sum up, there is little doubt that an agreement value exceeding 0.8 camsidered to be
vaIidF)r academic purposes, but there is wide disagreement as to the meémalues below
that./*?

4.3.4 Per category agreement

All measures discussed so far are overall measures, that is, theytgwavide informa-
tion on agreement for a single category. A useful descriptive measuaddiess category
agreement is proportion of specific agreemengdiFleiss, 1981; Hripcsak and Heitjan, 2002;
Uebersax, 2006). For dichotomous data, this measure distinguisheghetgreement for pos-
itive cases k,p.,) and agreement for negative casgs\.,). These measures are computed as
in Equations|/(4.7) and (4.8), following the nomenclature in Table 4.7.

2a
sPos — — 4.7
bsp 2a +b+c (4.7)
2d
sNeg = ————— 4.8
PsNeg = 90 b+ ¢ (4.8)

These proportions correspond to Dice coefficients for positive agdtive ratings respec-
tively (Fleiss, 1981). According to Uebersax (2006), specific agese addresses the objection
raised against observed agreement, namely that high values can beadlitgichance alone.

If both psp,s andp,neg are high, it can be concluded that the observed level of agreement is
higher than the level that would be obtained by chance alone. In the exafifdele 4.9, the
value forp,n, is 0.94, suggesting high agreement. However, the valug,fey; is 0.36, show-

ing that there is a much lower agreement for the positive cases, presutmalipst important
ones in the decisions to be made based on the human judgments.

12The problems discussed in this Section and other considerations learsale#006) to a radical conclusion,
namely, thatx can only be used to determine whether the agreement among two givgesjedceeds chance
agreement. This is clearly not useful for the present purposet i$adhe degreeof agreement that is at stake here.
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An alternative is to use kappa on a per-category basis, which Fleis)(88gues for. He
shows that the per-category values of kappa remain stable with 5 diffedéces of agreement
(includingp, andp,). To compute kappa on a per-category basis with multiple categories (as
is our case), each of the distinctions is lumped into a Yes/No, 2-categoryctiistinand kappa

is computed as if it were a dichotomous variéEeln our case, the distinctions would be
Basic/Not basic, Event/Not event, etc.

In this case, the distributions will surely be skewed (positive cases beingy fthan negative
cases for most categories), so that values of per-category kappbewdlver than the over-
all kappa in most cases. The point of a per-category agreement valoec@@npare across
categories, so this is not a problem in using it. The problem is rather thaeitategory is
much smaller than another one, the actual agreement could be obscaredtde prevalence
problem.

The same methodology can be applied to meagufer more than 2 categories. In this case,

each category'g; is the p;p,s it would have if the distinction were dichotomous Uebersax
(2006). The computation of; for each category with multiple categories is shown in Equation
(4.9) (following the nomenclature in Table 4.8).

2n;;
i 4.9
Ps = (4.9)

4.3.5 Estimation of standard error

No matter which agreement measures are used, and at what levell(oveetegory-specific)
they always correspond to the estimation of the population parameters etilé dgreement
values in the population. They are estimated from a sample (the set of ctbithe set
of objects coded), and thus are subject to sampling error. Therefor@nly the agreement
values, but the standard error or confidence interval should beteelpd his issue is generally
not tackled in the Computational Linguistics literature. As an example of its reteyaonsider
a fictitious example, in which & value of 0.6 is obtained. The reliability of this estimate (how
well it approximates the agreement value for the task) is very differerg iédimfidence interval
for these data ranges from 0.55 to 0.65 than if it ranges from 0.30 to 0n9De llatter case,
the actual value could be indicative of of poor, fair to good, or excelignéement, using the
scale proposed by Fleiss (1981, p. 218; see Selction 4.3.3), so thailis really would be
meaningless to assess the reliability of the classification process.

A practical problem is the controversy and complexity of the estimation of atdredror fork,
particularly when there are more than 2 categories, as is our case. Rbjutige, 2-category
case, Fleiss (1981, p. 221) provides a formula for standard erdoinggrval confidence com-
putation, according to the underlying hypothesis thatorresponds to a value other than 0
(formulas for theK = 0 hypothesis are provided earlier in the chapter). The formula for the
multi-judge, 2-category case is provided in Fleiss (1981, p. 228). Henvthe underlying as-
sumption is that judgments are independent and theré&fote0, an unappropriate assumption
for our field, and probably for any agreement measurement purpesayse we do not want to

13Note that in this setting it would also be possible to computéor each category. However, this approach
is subject to the same criticism, is generally subject to: if one of the categories is substantially larger than the
other one, the actual agreement is obscured. Indeed, when lumiptigtibns together, it is more probable that
the negative category be much larger, so that the values obtainedraveanélytical use. The use of kappa makes
it possible to overcome this limitation, because of its factoring out charmee@gnt.
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analyse whether agreement is better than chance (it will presumablysabeybut to assess
the degree of agreement.

Finally, for the multi-judge, multi-category case, Fleiss does not providetéimelard error ex-
cept for the case when there is no missing data (and even for this caged#rying hypothesis
is still K = 0). Recently, e.g. Lui et al. (1999) and Altaye et al. (2001) have mwegdwo dif-

ferent approaches to the computation of the confidence interval for thteatass problem,
each relying on different assumptions, and both mathematically very complex.

Bootstrap resampling, a statistical estimation technique, has been proposied éstimation

of confidence intervals for agreement measures (Krippendorfd@00p. 237-238) applies

it to o and Lee and Fung (1993) t&). With this technique, a large number of subsamples
from the data are drawn and the statistic of interest is computed for eashrsple. The
statistics thus collected form a probability distribution, from which the confidénterval can

be computed. However, Krippendorff does not describe the implementatithve bootstrap
resampling procedure in detail (does he resample only over judges anasobjects?), nor
the model used to estimate the confidence interval.

Typically, agreement scores are used with a relatively large numbeljexdtelio be classified
and a small number of judges to classify them, and the proposals in the litei@tstandard
error computation are adapted to this setting. Our situation is the reverseawseaHarge
number of judges for each object (32 to 59 depending on the adjectideq amall number
of objects per judge (about 30). All in all, we have data for over 7,006 ud judges, each
yielding an agreement score. Given that we have so many estimates otuhéagreement
for our task, we could compute a confidence interval in the usual wing tiset-distribution.
However, this would not be adequate, because each judge participatesiirs of judgments,
n being the number of judges for a particular test set. Thus, if we had 1geguthere would
be only 100 independent events, but 4,950 agreement scores.draehere are(n — 1)/2
pairs for a given number of judges

An alternative approach to statistically robust confidence interval estimatiorestimate pair-
wise agreement instead of multi-judge agreement. In the approach wesprgpdges are
randomly split into pairs, so that the unit of analysis is the juslgie. The agreement values for
pairs of judges form a distribution with independent values, so that thitdeoice interval can
be estimated using thedistribution. The solution is not optimal in that it does not integrate
different behaviours of judges, only compares each judge with anotifeerrandomly chosen.
Also note that this kind of solution needs quite a lot of judges per object, sadt iapplicable

in many research situations. However, it responds to the usual praatizedicine and other
fields) of reporting mean kappa values when multiple judges are involvadeas pair-wise
values are an approximation of multi-judge behaviour.

4.3.6 Agreement measurement in Computational Linguistics

Interrater agreement is not much discussed in Computational Linguistict@rMany re-
sources used in machine learning experiments for POS-tagging, parsiagical semantics,
have been annotated by only one annotator, or more accurately, bglsmweotators working
on different portions of the resource. The discussion of interratexeagent is only tackled
(if ever) when describing the resources: once a resource is créaiedccepted as a Gold
Standard and its reliability is usually not discussed in research using it fchiinglearning or
information extraction purposes.
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For “classical” resources a decade ago, agreement was usually oadyired withp,. For in-
stance, within WordNet an experiment was performed in which naive aimbtgrapher judges
tagged a text with WordNet senses (Fellbaum et al., 1998). Agreemeistcissded in terms
of percentage of observed agreement. As for the Penn TreeBankaiateagreement is dis-
cussed mainly in the context of tagging from scratch vs. correction gfgsieds made by an
automatic tagger (Marcus et al., 1993). The authors report mean intaelisegreement, which
is equivalent to mean observed agreemgpt= 1 — d, (d, indicating observed disagreement).

Brants (2000) introduces standard metrics in machine learning, namelyaagcprecision,
and recall, for the evaluation of interrater agreement in the annotation @armah corpus
(part of speech and syntactic annotation). These metrics were justifididebfact that he
compared two independent annotations with the final, consensuatedteomateting as a Gold
Standard. The initial annotations were not consistently produced byrireejsair of judges, but
by 6 different annotators, so that Brants (2000) claims to report ond¥keall agreement of
annotations, averaging over different “styles” of the annotators amachging over annotators
that match very well or very poorly”. This is against standard practiceshith annotations
provided by the same pair of judges are compared. Vilain et al. (1995Ibadised recall and
precision so as to account for partial matches in coreference annotation

The use of evaluation metrics is problematic in that they implicitly assume a valid Gaid Sta
dard. If the annotation task is precisely directed at creating a Gold Sthritles somewhat
circular to assess the degree of agreement in comparison with an alfeadyepld Standard.
The criticism against descriptive measures such,as also valid for evaluation metrics: they
do not take into account chance agreement.

Chance-corrected measures have been discussed mostly in the settingeafamiwoversial
tasks, namely, dialog act tagging (Carletta, 1996; Di Eugenio and Gl234),2anaphoric rela-
tions (Passonneau, 2004; Artstein and Poesio, 2005b), or word disasnbiguation (Véronis
(1998)). The kappa measure was introduced in these areas, ancbiédmsae a standard for
agreement measurement in NLP, most notably due to the influential squibrlaft&&1996).

Di Eugenio and Glass (2004) discuss some of the problems concermipg kdroduced in Sec-
tion'4.3.3, namely prevalence and bias, and the alternative measuremensofg the product

(K) or the mean+#, «). The use ofx has also been recently explored in Passonneau (2004),
Artstein and Poesio (2005b), and Poesio and Artstein (2005).

One of the aspects that is more challenging in NLP tasks, particularly in leseoahntics, is

the assessment of agreement when multiple categories are allowed, asisethth polysemy
judgments. Recall that we allowed judges to select more than one definitmitedp that is,

to assign lemmata to more than one class. Véronis (1998) deals with this situaibhe a
proposes separately computing full agreement and overlapping agreeme

In computing full agreement, two judgments are considered to agree if dndf ail classes
assigned coincide. For instance, an assignment to basic and anothsictarhevent would
count as a disagreement. This is unsatisfactory, because it can benprethat in case of
polysemy, in many cases one judge will only record one sense becausthéneone is not
salient enough at the time of the experiment (depending, among othersfamtothe judge’s
general use of Catalan and the linguistic interactions previous to the expérimEnother
reason is somewhat the reverse: a particular, monosemous adjeative ckssified into two
classes (two patterns) because of the judge paraphrasing the samevgbnigo patterns. In
these cases, considering there to be a disagreement is simply wrong.

For that reason, Véronis (1998) proposed talkiagrlapping agreemeigtvhich he calledviax)
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into account. Under this definition of agreement, an assignment to basimatiteato basic
and event count as an agreement, that is, two judgments agree if atleattbe assignments
coincides, Véronis (1998) only estimates overlapping agreement in terpreqdrtion of ob-
served agreement, not in terms of kappa. We will introduce a natural westitnate kappa
values for overlapping agreement shortly below.

Overlapping agreement is over-indulging to agreement mismatches, batassigns equal
weight to full and partial evidence for agreement. What we need is me#satrassigns differ-
ent scores (weights) to different types of agreement. Passonn@@d)) ghd Artstein and Poesio
(2005b) also argue for the neeed of taking weighted measures intordéopmany Computa-
tional Linguistics tasks. They focus on a particular task, namely, aniapiedaition annotation,
although Artstein and Poesio (2005b) claim that similar considerations caratie for many
other tasks in Computational Linguistics, such as discourse deixis annptiimmarization,
segmentation, or word sense tagging.

One such measure is weighted kappa (Cohen, 1968), the most popelasier proposed for
kappa. It accounts for cases where “the relative seriousnesslopeasible disagreement [can]
be quantified” (Fleiss, 1981, p. 223). In this computation, agreementigaign be assigned to
each cell of the two-by-two contingency table. Consider weighiswherei = 1,...,C and
j=1,...,C when computing’-category agreement. The weights are subject to the following
constraints (Fleiss, 1981, p. 223; equations 13.24 to 13.26):

1. 0 < wyj <1 (weights range between 0 and 1)

2. wy = 1 (exact agreement is given maximal weight)

3. 0 < w;; < 1fori # j (disagreements are given less than maximal weight)

4. w;; = wj; (the two raters are considered symmetrical; a particular kind of agreement is

given the same weight independently of its position in the table)

We can then definep,, wp. andwK (weighted proportion of agreement, weighted expected
agreement, and weighted kappa) as follows (Fleiss, 1981, p. 223j@tpia3:27 to 13.29):

1 c C
Wpo = N Z Z wij nij (410)
=1 j=1
1 c C
WPe = W ; ]Z:; wijni_ n.j (411)
wi = YPo— Whe (4.12)
1- WPe

These formulas are equivalent to their unweighted versions (Equati@$-(4.4))), except for
the fact that all cells are considered (instead of only the diagonal) anpatantially add some
value to the final score. Fleiss and other researchers note that tharst&agpa is a particular
case of the weighted kappa, the case whgre= 0 for all ¢ # ;.

Weighted kappa discriminates between different kinds of agreement: reégsagnts, partial
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agreements, and agreements. In this way, we can account for parGahaant in a principled
manner, without artificially inflating agreement scores as with overlappirggagent.

Weighted kappa was primarily designed for ordered scales where noricumterpretation
is possible (e.g. to judge a policy as very bad, bad, good, or very geods to give more
weight to disagreements such as “bad” vs. “good” than to “good” very\good”. It is not
clear how to objectively establish a weight that accounts for these situatiorggeneral, the
weighting scheme is difficult to justify on independent grounds, which &alttse difficulty in
interpreting the values of kappa, because values vary a lot depentithg aveighting schema
used (Artstein and Poesio, 2005b).

In our setting, the definition of partial agreement is clear: there is partiabagent when there
is some overlapping (but not coincidence) between the classes assigaddmma by two
judges. Which is the appropriate weight for these cases? It is possibileta guite principled
answer if we model the way the decisions are made. It can be argueddbatjmake three
independent decisions: whether an adjective is basic or not, whetheeverg or not, and
whether it is object or n@ Agreement on each of the decisions can be assigned equal weight,
1/3, and thus we can model partial agreement. If all decisions are madesartteedirection
(e.g., basic/basic, or basic-object/basic-object), we assign full weigtttisthone. If a judge
assigns only one class and another two classes with some overlappinggsighasic-object),
they have made the same decisions for two out of the three questions, ssige a weight
of 2/3. Finally, if both judges assign two classes but there is only one gyanig (e.g., basic-
object/event-object), they have only made the same decision for one of élséians, so we
assign a weight of 1/3.

A weakness of this approach is that, if strictly applied, it would imply assigningight of
1/3 to monosemous non-agreement (e.g., a judge assigns basic and anetbegnt), because
one of the decisions (not object) has been made in the same direction. Wesigh & to this
situation by placing a further restriction on the weighting scheme, namely,ahafeightw;;

to be> 0, there has to be at least one positive agreement.

Table 4.14 depicts the proposed weights for our classification task. Tightimg schema and
the reasoning behind it can be generalised to other tasks involving polysemy

Rater 2
B BE BO E EO O
B 1 2/3 2/3 0 0 0
BE 2/3 1 1/3 2/3 1/3 0
BO 2/3 1/3 1 0 1/3 2/3
E 0 2/3 0 1 2/3 0
EO 0 13 13 2/3 1 2/3
O 0 0 2/3 0 2/3 1

Rater 1

Table 4.14: Weights to account for agreement with polysemous assignments.

Weighted kappa also offers a natural way to accomodate the notion ddppiErg agreement
(Véronis'sMax), namely, to assign a weight of 1 to all cells where there is some overlap be-
tween the categories involved. To compute overlapping agreement, aflanoreells in Table
4.14 would contain a 1. This serves to estimate an upper bound for agrebriagtmaximally

¥1n fact, the decisions are not completely independent, because ofrikaiot we have set to a maximum of 2
responses.
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indulgent as to agreement mismatches. Note that this representation violée’s Etmnstraint
number 3 stated in page 84 above. However, because we use it to estahlighber bound, not
as an actual agreement measure, this violation is warranted.

4.3.7 Summary

To sum up, in general we have found that descriptive measures stioh proportion of overall
agreementp,, and proportion of specific agreement, are useful in agreement studies because
they provide a common sense value for agreement measurement. In additi@am, point to
difficulties with a particular category, or with positive or negative judgmentsifdichotomous
decision.

Chance-corrected measures such as the kappa coefficients aresdilddafactor out the agree-
ment that would be expected by chance alone. However, these cogffib@ve well-known
properties (sensitivity to prevalence and bias) that make it advisable tthesewith care.
Many authors also raise concerns about the interpretation of agregatees, although there
seems to be some consensus on the fact that values above 0.75 indichég ggment.

Reporting category specific agreement values in addition to overall ragreevalues facili-
tates the identification of difficult distinctions and is particularly useful fodtsi with a small
number of categories, such as our own experiment.

For many tasks in Computational Linguistics, the notion of degree of agrédmerquiv-
alently, disagreement) is needed: identification of members of an anaphaiic polysemy
judgments, segmentation, etc. Weighted measures of agreement, sukhaamsl«, are natural
choices to represent differing degrees of agreement. Howeverséhefa weighting scheme
adds a further parameter that makes the interpretation of the values everdiffioult, be-
cause values vary a lot depending on the scheme chosen. We propeigghting scheme that
responds to an explicit model of the task that judges face. However, s&themes could be
proposed. For that reason, the inclusion of full agreement (only aat @ssignment counts
as an agreement) and overlapping agreement (any overlap in the dcaissificounts as an
agreement) values provides useful information, namely, the upper amd lmunds for the
agreement values.

An issue that is not often tackled in the literature concerning agreementfamedif fields,
and particularly in Computational Linguistics, is the computation of confiderieevads rather
than a single agreement value. This makes it impossible to distinguish casesagheement
varies greatly from one to another pair of annotators, or from one tthangubset of the
data, from cases where values are relatively stable. In the latter casgyrdbement estimate is
more reliable than in the first case. However, the computation of the staatardor chance-
corrected indices is a difficult and as yet unresolved issue.

We have proposed a simple, robust approach that involves randomrihgganges and comput-
ing the confidence interval using the standasdatistic. This simple solution comes at the price
of not performing multi-judge comparisons, and also is only applicable wHarga number
of judges is involved in the annotation process.

From the discussion, it follows that reporting a single (or even multiple) indegreement is
not enough to achieve an understanding of the agreement patterns atdtend the sources of
disagreement. In what follows, we will explore some pieces of data theideréurther insight.
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Finally, it has to be noted that alternatives to chance-corrected indicesef@ssessment of
interrater agreement have been proposed. Some of them are briefnfee in Artstein and
Poesio/(2005a) —see also Uebersax (2006).

We now turn to discussing the agreement results for our web experiment.

4.4 Results

For all analysis purposes, we consider the three verbal definitiotialpspresented in Section
as indicative of a unique class, namely, the event class. Togethdhwitlonstraint to
a maximum of two responses, this modelling gives 6 possible responsessgxfar a given
lemma, divided into the following two subkinds of classes:

1. monosemous classes: basic (B), event-related (E), object-relgted (O
2. polysemous classes: basic-event (BE), basic-object (BO), ebgandt (EO).
Recall from the Section|4 that agreement scores were obtained in randaimihg the judges

for each test set. The available number of judge pairs per test sesraetyecen 19 and 29, as
shown in Table 4.158

Setl Set2 Set3 Set4 Setb Set6 Set Total
21 21 21 19 29 23 24 158

Table 4.15: Judge pairs per test set.

Following the discussion in Section 4.3, we compute agreement scores ustegdifferent
agreement definitions: full agreement (all class assignments coincidiedimg polysemous
judgments), weighted agreement (different kinds of agreements addetifinumerical values
to the score), and overlapping agreement (if at least one class assiggoireides, judges are
considered to agree). For each of the definitions, observed agre@menp, for weightedp,,
andop, for overlappingp,) and kappak’, wK, andoK) values are reported.

The estimates for the agreement values were obtained as follows. Foiesasbt, the mean
and standard deviation of the agreement scores were computed. Tderdtarror for the mean
of each test set was obtained using thiéstribution. The full results are included in Appendix
Al(TablelA.1). A summary over all test sets is reported in Table 4.16.

In Table 4.16, mean and standard deviation (SD) of the 7 mean agreeroezd ace shown
in the first column. The second column contains the mean and standard devidtie stan-
dard error values (SE). The mean and standard error values in Tablar averages over all
test sets. The confidence interval depicted in the last column of Table gdetffiss the (av-
erage) expected range of values for the population agreement. It inedbtay summing and
substracting the standard error from the mean.

Table 4.16 shows that, values for our task are between 0.37 and 0.51, Anhdalues are
between 0.20 and 0.34. These values represent a very low level ahtetesigreement. Recall

5The total is 158 pairs, corresponding to 316 judges. For 6 out of the Zetss an odd number of judges was
obtained; for these cases, one of the judges was randomly discarded.
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Agr. def. Est. Meantsb SE+sD Conf. int.
Do 0.44+0.03 0.0740.01 0.37-0.51

full K 0.27:004 0.07:001 0.20-0.34

partial wp, 0.66+0.02 0.04+0.01 0.62-0.70

wK  0.38:0.04 0.0740.02 0.31-0.45

. 0Po 0.78+0.02 0.05+0.01 0.73-0.83
overlapping

oK  0.51t0.05 0.09t0.02 0.42-0.60

Table 4.16: Overall agreement values.

thatp, and K assess agreement in the most strict definitfal)( At the other endyp, ando K
are overly lax: they count all overlapping assignments as agreemertrdiog to Table 4.16,
op, ranges between 0.73 and 0.83, aiid between 0.42 and 0.60.

We have argued that weighted measures of agreement allow us to be nedlstrict nor
too lax, by assigning different scores to full agreement, differentsygfepartial agreement,
and disagreement. In Section 4/3.6, we have motivated our weighting scimeimgependent
grounds; however, the establishment of a weighting scheme is alwajgetvd This is why

it is useful to provide the other two measures, as lower and upper bdontee agreement
values. Weighted observed agreemenp) ranges from 0.62 to 0.70, and weighted kappa
(wK) from 0.31 to 0.45. These values are betweenptfi& andop,/oK values, as expected.
The weighting scheme in Table 4/14 accounts for partial agreement inialsenanner.

From the discussion it follows that the kappa value for our task is higher @0 (lower
extreme of the confidence interval far) and lower than 0.60 (upper extreme of the confidence
interval foroK). We consider the best estimate to correspond &5, so that the kappa of the
web experiment ranges from 0.31 to 0.45.

This range is very low, too low for the data to be considered reliable fatean& purposes.
Recall that Krippendorff (1980) demands as a very minimum a 0.67 vahigisa measure
(which yields slightly lower values thaR). In the interpretation in Fleiss (1981), these values
represent poor to fair agreement. Landis and Koch (1977) wouldrredinsider them to be fair
to moderate.

In studies having to do with the semantics of natural languages, high agreesthees are very
difficult to obtain. In Poesio and Artstein (2005), an experiment in whiclintistic students
tag anaphoric relations is analysed. The authors rdgoralues around 0.63-0.66. They also
note that if a trivial category is dropped (“place”, defined as an explicilgned set of five
British railway stations)K drops to 0.45-0.50.

In Merlo and Stevenson (2001), the automatic classification of verbs irgcgative, unac-
cusative and object-drop is discussed. Three judges with a high leesipeftise tagged 59
different verbs. Despite the expertise of the judges, their kappassramge between 0.53 and
0.66 (p, 0.70t0 0.77).

Veéronis (1998) reports on experiments on sense tagging French witihdbe goal of building

a Gold Standard for the SensEval competition. Six students of linguistics wittaiming in
lexicography tagged 60 highly polysemous words (20 adjectives, 20srand 20 verbs) with
the set of senses listed in tRetit Larousseictionary. The resulting pairwise agreement was
around 69% and weighted kappa around 0.43 (0.41 for adjectivesemhd, \0.46 for nouns).
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B BE BO E EO O
0.30 0.06 0.13 0.14 0.06 0.30

Table 4.17: Class frequency in participant’s data.

%0na previous task involving the decision of whether a given word is polgss or not in a
set of contexts, “Full agreement on polysemy was achieved on only 483 words.”

All these values are well below the ideal 0.8 threshold for kappa, whiclbedaken to indicate
that the field of computational semantics is not mature enough to generally glielole clas-
sifications. However, most of the values reported are higher than olh0043 values. While
the figures are not entirely comparable (parameters such as the nurdldistziution of the
classes and the evaluation procedures differ from the studies cited togh@re@sented here),
they indicate that the agreement we obtain is lower than that for other semahsc ta

We provide three main explanations for the low level of agreement. A tedrexiptanation is
that the distribution of classes is quite skewed, which, due to the prevabeolckem, makes
kappa values rapidly diminish when deviating from perfect agreemente flab7 shows that
on average participants assign much fewer items to polysemous classé&dBEQ) than to
monosemous classes. The basic and object classes are most frequent.

A second explanation is the fact that naive subjects were used. FaedbedsGold Standard
explained in Section 4.1, in which 3 expert judges tagged 80 lemmata usingnieecksses

as in the web experiment, interrat&rvalues ranged between 0.68 and 0.80. These values are
only comparable to our range for overlapping kappa, because judgatemis polysemy were
ignored for this Gold Standard. They are substantially higher thanihestimate for the web
experiment (0.42-0.60). This suggests that a high level of expertisgjusred for our task,
which however would prevent large scale experiments as the one fgdsehis chapter.

Finally, an alternative (or complementary) explanation is that the design aashkecould be

unclear, something compatible with the high dropout rate. Even after thes ériests and

subsequent refining of the experimental design explained in Sectiorof2, garticipants ex-
pressed doubts about the task. The analysis of the results providedriesthaf the chapter
makes it clear that in many cases the judges’ responses did not cordgsdbe intended uses
of the definitional patterns. The sources of confusion will be explor&eition 4.5.

So as to check whether some classes contribute more to disagreement érargvatiich could

indicate difficult or unclear distinctions), we report per-class agreenaues in Table 4.18.
For comparison, the second column shows the relative frequency lofcéass (data in Table
4.17). The detailed results per test set are included in Appendix A (TaB)e A

As in Tablel 4.16, values are obtained by averaging the mean and stamdardadues for
each test set. The relevant measures for class-specific agreemgnbportion of specific
agreementy(;) and K. Recall from Section 4.3.4 that, serves for dichotomous decisions
(class X versus not class X) and ignores agreement on negative 8esmuse it does not make
sense to compute weighted per-class agreement, weighted measuressiiclardo K have
not been computed.

15The computation of weighte used iri Véronis (1998) is not clear to us. He defines a weighted pegeenta
agreement measure using the Dice coefficient, and then states thadéint@ account for partial agreement, k was
computed on the weighted pairwise measure using the extension prap@eiden (1968).".
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Cl. Freq. Est. Mearntsb SE+sb Conf. int.
B 0.30 ps 0.48t0.06 0.09+0.02 0.39-0.57
K 0.29%004 0.1+0.02 0.28-0.29
BE 0.06 ps 0.13t0.03 0.11+0.02 0.02-0.24
K 0.09+0.03 0.1+0.02 -0.01-0.19
BO 0.13 ps 0.15+0.04 0.140.02 0.05-0.25
K 0.08t0.05 0.09+0.02 -0.01-0.17
E 0.14 ps 0.29+0.08 0.12+0.02 0.17-0.41
K 0.22t0.07 0.12t0.02 0.10-0.34
EO 0.06 ps  0.13t0.06 0.12t0.04 0.01-0.25
K 0.09+0.06 0.11+0.04 -0.02-0.20
O 0.30 ps 0.52+0.18 0.08+0.02 0.44-0.60
K 0.36t0.16 0.09+0.02 0.27-0.45

Table 4.18: Class-specific agreement values.

) t df p
ps-freq. 0.97 8.7 4 0.0009
K-freq. 093 49 4 0.008

Table 4.19: Correlation between agreement measures and class frequency.

In Table 4.18, the lowest agreement values are obtained for polyseratagodes. In fact,
because the confidence interval includes zero for classes BE, B&@¥ values can not be
considered to exceed chance for polysemy judgments. As for monos@masassK values
are highest for the object class (0.27 to 0.45) and the basic class (@28-#nd lowest for the
event class (0.10-0.34).

Note, however, that the prevalence problem discussed in Section 4e3n3 $e affect bothp,
and K values: classes assigned to few items tend to havelamd K values.

In fact, the correlation between the proportion of cases assigned tosa(ctdemnfreq. in
Tablel 4.18) and both agreement values is very high and, despite the deeedef freedom,
statistically significant. The result of a two-sided, paired-sample correltggiris shown in
Table 4.19. The high correlation values (0.97 and 0.93) could indicate #at #nd K values
are strongly biased by class frequency. The question is whether theslislower disagree-
ment for the classes with lowest frequency, that is, wheth@nd K indicate real or spurious
disagreement introduced by frequency bias.

We rather think that the results in Table 4.18 correspond to real agre@atteins. It makes
sense that polysemy assignments be least consistent. Also, in the next seetill see
that there are good reasons to think that distinctions involving the evest atasconfusing,
supporting the lower agreement values for the event class, as opjoogedbasic and object
class. In our case, thus, less frequent classes seem to give risestdisagreements than more
frequent ones.
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4.5 Exploring the sources of disagreement

It is clear from Section 44 that agreement is too low for the results to be \@li@dld Stan-
dard building purposes. One possibility would be to discard objects forhndgeeement is
particularly low, as is done in McCarthy (2001) for verb judgments reggrdlternations or
Mihalcea et al. (2004) in building a Gold Standard for word sense disamtiguin Roma-
nian. Krippendorff (1980) strongly argues against this type of solut@cause it biases the
experimental material. He argues that the Gold Standard building procéubuid e reworked
upon until reliable results are obtained.

We have pursued a further alternative, which is to let experts collectalagsify the Gold
Standard. This Section explains the methodology used to build the final Galdestha the
differences between a classification based on participants’ data aritheeé on expert data,
and further analysis possibilities opened by the use of multiple judges to éattetadata.

4.5.1 Expert Gold Standard and participant’s classification

An expert Gold Standard was built for two purposes: the first one, nopeoe with the data
from the participants, so as to be able to detect systematic biases or problémsdiesign
of the web experiment. The second one, to have a basis for comparidamatysis when
performing the machine learning experiments explained in Chapter 6.

Three experts in lexical semantics (the author of the thesis, one of thevimgee, and a re-
searcher pursuing a PhD on Catalan adjectives) gathered 3 times, eafdr tir@ehour session.
They reviewed each of the 210 adjectives in the Gold Standard, and edslggm to one or
two classes on the basis of several pieces of information: their own intyiaddatalan dictio-
nary (Institut d'Estudis Catalans, 1997), corpus examples, and thdrdatahe participants.
Decisions were reached by consensus, so as to avoid individuas lais$ar as possible.

Note, however, that the expert Gold Standard thus built is not more retltzdntethe data from
the web experiment. For reliability, reproducibility is a necessary conditiahtf@methodol-
ogy used for the expert Gold Standard does not allow assessmeptadueibility. However, it
does provide a good indication of the kind of classification that experts ifieldgas opposed
to naive native speakers) would build for the given set of items.

In the course of building the Gold Standard, some systematic problems with gséicktion
arose. An example are ideology-related adjectives, sudomsinista anarquista feminista
As discussed in Section 3.6, these adjectives share the difficulties ppsedidnality-related
adjectives, namely, they seem to be underspecified between a basicabjecmeading. These
adjectives were systematically tagged as polysemous between basic astd obje

Another example are adjectives that do not fit into the classification bethey seem to par-
ticipate in more than one class, without being polysemous. For instianmggs(‘muddy’) is
defined in a Catalan dictionary (Institut d’Estudis Catalans, 1997) asdfutiud”. It bears a
clear relationship to the objeotud but it is not the “related to” relationship typical of object
adjectives. The semantics of the adjective is influented by the semanticsnafithewhich is a
mass noun, so that the resulting adjective has some properties of bastivedjdt was coded
as object (monosemous classification) by the experts due to the fact thetdédying object
is quite transparent.

This example contrasts with adjectimecturn(‘nocturnal’), which also bears a clear relation-

91



Gold Standard

ship to the objechight In some cases, the relationship can be viewed as the empty “related to”
relationship, as irmnimal / lluna / hores / tren nocturn(a/eghocturnal/night animal / moon

/ hour / train’). However, in most cases, the adjective has a more spewfining, which is
better paraphrased as “that happens at night”, agdia / espectacle / passeig / cant nocturn
(‘night life / show / stroll / song’). All these nouns are event-denotiogins. Because these
two senses are quite differentiated, the adjective was classified asrpolysdetween a basic
and an object reading.

Finally, note that our classification and the explanation of polysemy prowd8ection 3.6.4
assumed mainly polysemy between basic and object-related readings, o thenal, and ba-
sic and event-related readings, on the other hand. However, thetiospeicthe Gold Standard
made it clear that in some cases, event and object polysemy was prefientdiata. For in-
stance, adjectivdocenthas an event reading, as in examples in (4.12a), and an object reading,

as in example (4.12b)ﬂ

(4.12) a. tradicio/tascalinstitucié/centomcent
tradition/task/institution/centdeaching

‘teaching tradition/task/institution/center’

b. planificaciGeconomicai  docent
planning economicabndteaching

‘planning of economical aspects and teaching task’

c. equipdocent
team teaching

‘team of teachers’

In (4.12a), the meaning of the adjective can be paraphrased as “tgaachith an active event

in its meaning. In examples (4.12b) and (4.12c), the task or the people idvialtiee teaching
activity are focused on instead, which indicates an object-related sRose that in example
(4.121), the adjective is coordinated with an object-related adjeativenpmiy. Although
docencia‘'teaching activity’) anddocent(‘teacher’) are in turn event-denoting or event-related
nouns, the event and object readings are distinguishable in many tasesfore, the adjective
was classified as polysemous between event and object.

Polysemy between event- and object-related readings is the least fregtendata: it only ap-
plies to six adjectives, namelgigestiy docent comptablecooperatiy nutritiu, andvegetatiu
In all these cases, the adjective bears a morphological relationship wéttb @wd/or a seman-
tic relationship to an event. Because cases exist of basic-object, asic-and event-object
polysemy, the way is opened to a three-way polysemy between basic, awdrubject-related
readings.

One such case could leoperatiu(‘cooperative’), which can be viewed as an attribute (basic
reading, with a meaning similar to ‘engaged’), an event-related meaningd¢tibperates’), and
an object-related meaning (‘related to cooperatives’). This is the onlgidate to three-way
polysemy we have found in our Gold Standard, so that it is an unfregiremomenon.

"Examples taken from the working corpus. Note that this is a case of symichlly not derived adjective with
an event-related meaning, for the védwcer does not exist in Catalan. It was imported from Latotente(same
meaning) directly into Catalan (Alcover and Moll, 2002).
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We would like to compare the data obtained from the web experiment with thefickatssn
built by the three experts, so as to shed further light on the experimenthansburces of
the disagreements. To facilitate comparison, a consensus classificatidouitassing the
participant’s data. In the remaining of this section, we analyse the diffesdmetween the two
classifications.

The simplest means to achieve a consensus classification is majority votingepvésent
the semantic class of an adjective as the proportion of judgments providie Iparticipants
corresponding to each of the six classes, and assign the adjective tosheatsal class. The
representation obtained for three of the adjectives in our Gold Standsttdwa in Table 4.20.

Lemma Trans. B BE BO E EO O
crania cranial 0 0 0 0 0 1
conservador conservative 0.50 0.33 0.02 0.11 0.04 0
capag able 0.06 0.11 0.39 0.17 0.03 0.25

Table 4.20: Examples for the representation of participants’ classification.

100% of the participants assignerhniato the object class. Faronservadarthe judgments
are more spread, but still half of the votes are concentrated in the basscarid a futher third

in the basic-event class. Finally, foapacthe judgments are spread through all classes, with
only a slight majority (39%) in the basic-object class.

The agreement scores between participants and experts are showieid. P4.. They are quite
far from the desired 0.8 threshold, but they are much higher than the rgesemgent between
participants. The 0.5k value is double as high as the 0.27 mdawalue among participants,
andwK reaches 0.65. The fact that individual biases are avoided in using aity&jating
procedure yields a more stable classification, which corresponds betiter doe provided by
the experts. Note, however, that this does not add to the reliability of the &atwlard. The
reasons are that the participants’ classification was obtained througiing poocedure and
that the expert took into account participants’ data in their classification.

Po K wp, wK op, oK
0.68 055 0.79 0.65 0.85 0.72

Table 4.21: Agreement values: experts vs. participants.

A useful tool to investigate the sources of the disagreements is the cortyntzdate. Table
4.22 shows the contingency table obtained when the classifications built bygkes and the
participants are compared.

In Table 4.22, the cells with highest values are bold faced. The highestsvate found in the
diagonal, but only for monosemous classes (B, E, and O), which inditetethere is a basic
consensus on what the classes mean. However, high values areuwsldarfdwo off-diagonal

cells, namely, for lemmata which experts have tagged as basic and particpaigect (B-O

cell in Table 4.22), and for lemmata which experts have tagged as polysédratusen basic
and object and participants have tagged plainly as object (BO-O).dngeeticipants tend to
assign many more lemmata to the object class than experts (note the differerargimals: 73

for participants and 30 for experts). The rater bias test presenteduatiin (4.6) (page (4.6))
confirms that the class distributions are significantly differgd{{) = 33; p< 108).

In the case of experts assigning basic and participants object (B-Olpltbeing lemmata
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Participants

B BE BO E EO O Total
B 79 0 3 5 0 20 107
Experts BE 3 0 0O 4 0 O 7
BO 1 0 4 O 1 17 23
E 2 1 1 28 1 4 37
EO 0 0 o 2 2 2 6
@) 0 0 0 O 0 30 30
Total 85 1 8 39 4 73 210

Table 4.22: Contingency table: experts vs. participants.

are involved: calb (‘bald’), contingent(‘contingent’), desproporcionat(‘disproportionate’),
intel-ligent (‘intelligent’), mal (‘bad’), morat (‘purple’), paradoxal (‘paradoxical’), perillds
(‘dangerous’) prosper(‘prosperous’)guadrat(‘square’),reciproc(‘reciprocal’),sant(‘holy’),
semicircular(‘semicircular’), seriés(‘serious’), subterrani(‘underground’) titular (‘titular’),
triangular (‘triangular’), viciés (‘vicids’), vigoros(‘vigorous’), viril (‘virile’).

For many of these cases, there exists a deadjectival noun corr@spémthe attribute denoted
by the adjective:calbicie (‘baldness’) forcalb, intel-ligéncia (‘intelligence’) for intel-ligent,
reciprocitat (‘reciprocity’) for reciprog santedat(‘holiness’) for sant These nouns denote
attributes and not objects, and the “related to” pattern cannot be praplied to the adjec-
tives to describe their meaning. The adjectdadb, for instance, does nahean “related to
baldness”, which is what the use of the object pattern implies, although th@nges calb is
indeed related to the meaningadlbicie

The behaviour of the participants suggests that attribute-denoting diédzadjeouns are partic-
ularly salient for these adjectives. Recall that in WordNet (see Sectioh)3links indicating
relationships between adjectives and derived nouns are explicitly cédsd, from their be-
haviour it seems that a suitable synonym or antonym (indicative of the blasis) is not so
salient as the derived noun.

In the case of more prototypical basic adjectives, the reverse is truandtance, fomample
(‘wide") the deadjectival nounamplada, amplarisandamplitud (‘wideness’) exist, and they
have been provided by 18 out of the 58 judges classifying this adjeétweever, the antonym
estret(‘narrow’) is so readily available that an overwhelming majority of respsnd9 out of
58, include it (many participants however provided multiple responses pigce of evidence
supports the claim made in Chaptér 3 that the synonymy/antonymy lexical rekipaccounts
only for the most prototypical basic adjectives.

Because deciding whether a noun refers to an attribute or an objectinsaagabjective deci-

sion, the filtering procedure explained in Section 4.2.4 did not filter thess cag. It is clear,

however, that in many cases the usage of this pattern did not corregpitnthtended use, and
that the design of the experiment should be worked upon to avoid thissionfu

For the case of experts assigning basic-object and participants ontt @8{a-O cell in Table
4.22), the following lemmata are involvedmordés(‘affectionate|of love’) anarquista(‘anar-
chist(ic)"), capitalista(‘capitalist(ic)’), catalanista(‘that supports Catalan autonomyfomu-
nista (‘communist’), erotic (‘erotic’), familiar (‘familiar|of family’), huma(‘human’), intuitiu

(‘intuitive|of intuition’), local (‘local’), poétic(‘poetic(al)’), professional‘professional’),sen-
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sitiu (‘sentient|sensitive’)socialista(‘socialist(ic)’), turistic (‘tourist|touristy’), unitari (‘uni-
tary|of unit’), utilitari (‘utilitarian|of utility").

Many of these adjectives are of the ideology type discussed aboveh Whie been consis-
tently tagged as basic-object by the experts because they seem to be ambigtween an
attribute reading (mostly when applied to humans) and a relationship with ant objeting
(the abstract object corresponding to the underlying ideology). Therejudges considered
the representation in terms of basic-object to be the best representatibisfambiguity in
our setting. However, it is not the optimal treatment and it needed an exglisieation. Most
participants simply included the relationship to the ideology.

The remaining cases mostly correspond to true polysemy, mainly object-ratijedives that
have acquired a basic reading, as discussed in Section 3.6. Examplg) (p&§e 54), which
exemplifies the two senses faimiliar, is repeated here for clarity purposes as (4.13).

(4.13) reuni6 familiar/ carafamiliar
meetingfamiliar / facefamiliar

‘family meeting / familiar face’

The translations given above clarify the polysemy captured by the polyseniass assign-
ments for many adjectives. Because these adjectives are denominalippattidended to
provide only the object reading and gloss over the basic reading.

For nocturn (‘nocturnal|of night) andditrn (‘diurnal|of day’), however, the majority assign-
ment of participants coincides with that of experts, namely, ambiguous betvesénand ob-
ject. The relationship to objectéght andday, as well as the antonymy relationship between
nocturnanddiurn, were strong enough to make the majority of votes assign BO, even if the
lemmata were in different test sets.

It was intended for the participants to provide multiple assignments in casdysfepoy, as
with the nocturn/diiirncase. However, in general, they provided multiple responses in difficult
or ambiguous cases instead. In the cases in which participants consistewitied ambiguous
readings (which were very few), this did not indicate polysemy. One sash isapag

The judgment distribution across classescapacis given in Table 4.20 above, and is very
spread. The most voted class (39%) is the basic-object class. Howileeanost frequent
answersificapag'unable’ for the basic pattern ammépacitat'ability’ for the object pattern) do
not point to different senses. They rather suggest that the judgé&smat make their minds up
with respect to the class of the adjective.

In fact, although individually participants could provide many multiple answeepdnding
on personal taste or understanding of the task), as a collective thigy af®most exclusively
monosemous classes, which indicates wide disagreement in the use ohpmlgselasses.
The cases where experts provide a polysemous class and participantesemons class are
underlined in Table 4.22, and they constitute the third main source of disagnée

Out of the 7 cases tagged as basic-event by experts (second rowl&4Ta2), three are as-
signed to basic and four to event by the participants. Similarly, of the 23 B&scaccording

to experts, one is disambiguated as basic, four remain BO, and 17 aneeaktigobject only,

as we have just discussed. Also, of the 6 lemmata classified as EO by ekperése disam-

biguated as event, two as object, and other two remain EO according to artsip
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Finally, note that except for the two off-diagonal bold faced cells (Br@® RO-O), most of the
cases of disagreement involve the event class. Out of the 67 casesaxperts and participants
disagree with respect to the semantic class of the adjectives, 28 involveethieckass (that is,
involve classes BE, E, and EO). Of the remaining 41 cases, 37 congspdhe B-O and
BO-O cases explained above. We have argued that B-O and BO-Qatigagnts are due to
experimental design problems (which caused confusion with the use objhet pattern) and
to the nonconsistent use of multiple responses to encode polysemy judgidemtsver, the
categories basic and object seem to be well defined apart from this rarstenting.

In contrast, disagreements involving the event class cause small numlsgpdar all over
Table 4.22, which can be viewed as random disagreements indicatingimmiuith respect to
the definition of the event class. This hypothesis, together with hypothegasling the other
sources of disagreement discussed in this section, will be tested in thesicérn.

4.5.2 Using entropy to measure the difficulty of an adjective

The representation of the participants’ judgments about Gold Standa@hpee in the Section
4.5.1 allows for a further kind of inter-item analysis. Because we havecaéncy distribution
for each adjective, we can assess the degree of coincidence ofjadgerding to the amount
of probability mass assigned to each class. Intuitively, if all the mass is otoated in one
class, there is total coincidence of judgments; if it is evenly spread, thecedsnsensus.

A simple way of formalising this notion is to use the Information Theory measuenwbpy
introduced by Shannon (194@ Entropy measures the average uncertainty in a random vari-
able. If X is a discrete random variable with probability distributjgn) = Pr(X = x) (x
being each of the possible outcomes of the variable), its entropy is compmiiacEguation
(4.13). The equation specifies log base 2, although entropy can be tmming other bases,
because it is usually measured in bits, and we adhere here to this convéitieroutcome of

the variable is totally predictable, the uncertainty (and thus the entropy) islGasathe unpre-
dictability increases, entropy also increases, with an upper bound degerinyrthe number of
possible outcomes of the random variable.

H(X)==> p(z) log, p(x) (4.13)

In our case, the random variable is the class of the adjective, and fagitiig amounts to
coincidence among judges. Table 4.23 shows that the measure intuitivedgponds to what

it aims at measuring: facrania, with total coincidence, entropy is 0; feaonservadorwith a

half of the probability mass in a class (B) and one third in another class éBEppy increases

to 1.17. And finally, forcapag with very spread judgments, it increases to 1.52. The upper
bound for entropy in our case is 2.58, for the case when all classesamagqual probability,
1/61°. However, the maximum entropy reached for an adjective in our data wagddjectiu
orientat, ‘oriented).

18An alternative would be the intra-item score obtained from multi-judge ayeaemeasures such asor (.
These measures amount to mean intra-item agreement scores,usselisi Artstein and Poesio (2005b). Intra-
item agreement can be measured in different ways depending orsthetions made about the underlying distri-
bution of categories. We expect the information provided by entropyosuidtra-item agreement to be roughly the
same.

¥p(x) = 1/6; H(class) = —6(1/6)log,(1/6) = —log,(1/6) = 2.58.
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The maximum value could be used as a baseline to compare entropy resultsmevet] the

assumption of homogeneous distribution is too strong: different classetyc@pear in vary-
ing frequencies in the web experiment data. Therefore, the maximum valoeas adequate
baseline. An alternative baseline is to estimate the entropy of the class distrjmgioely, the

distribution obtained by averaging all individual class distributions. Thelésbrows in Table

4.23 show the data for the baseline and the maximum entropy estimates.

Lemma Trans. B BE BO E EO O Entropy
crania cranial 0 0 0 0 0 1 0
conservador conservative 0.5 0.33 0.02 0.11 0.04 0 1.17
capag able 0.06 0.11 0.39 0.17 0.03 0.25 1.52
baseline - 0.30 0.06 0.13 0.14 0.06 0.30 2.32
maximum - 1/6 1/6 1/6 1/6 1/6 1/6 2.58

Table 4.23: Entropy values from participants’ classification.

Entropy seems to successfully capture variations in agreement. The quaassies of whether
it could be used plainly as an agreement measure. The fact that all & reeadorobability
distribution makes it easy to merge data obtained from different judgesurlcase, the 7
test sets can be considered as a single set, and thus obtain a single agreeawire for the
task in a straightforward way. However, the fact that the subset offdatathe same set of
judges is not independent of one another raises difficulties to estimatdeocdiintervals. To
use entropy as an agreement measure, the items should be randomised gradiped into
distinct test sets.

Another disadvantage is that it does not have a uniform upper boundt, depends on the
number of classes in the study, so that it is difficult to compare resultssastadies. Finally,
one practical shortcoming is that, to obtain reliable probability estimates, a qgeeHamber
of judges must be used, which is probably the reason why it is not ofethasan agreement
measure. Nevertheless, it has recently been used as an agreemamenstis measure in at
least one educational article (Tastle and Russell, 2003).

As can be seen in Figure 4.1, which depicts the distribution of adjectivepgnialues, the
picture that emerges as to the agreement achieved among human judges iscstirelanalysis
made in Sectioh 4.4. If the levels of agreement were optimal, the histogram eskewed
right, and most values would pile up around 0. We see that it is skewed meftthat most
entropy values are central values (mean is 1.07, standard deviation iD\8&)consider that
possible values for our task range from 0 to 2.58 and that the baseline2is Rll3obtained
values are well below the baseline, so that there is evidence for soneedeggreement, but
it represents moderate agreement.

Whether or not it makes sense as an agreement measure, entropyachnbeleised for inter-
item analysis, namely, to analyse whether there are types of objects tlsagteatly have a
higher or lower entropy value, which can be taken to indicate a higher arldifficulty of
the type of adjective. Differing judgments result in a more spread distribofisalues across
classes. A more spread distribution results in a higher entropy value.efdher a higher
entropy value indicates a higher difficulty or confusion with respect tv@ngadjective.

Several explanations for differences in entropy values can be gedsalMe next assess the
sources of disagreement that were discussed in Section 4.5.1. Let alstuss polysemy and
disagreements with experts.
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Figure 4.1: Distribution of entropy values for adjectives.

Adjectives classified by the experts as polysemous should yield less cojuggaents than
monosemous adjectives, and therefore have a higher entropy. Thishaue two sources.
First, the participants could be unsure as to which class or classes thévadpsiongs to.
Second, some participants could code the class corresponding to onbf time senses (in
either of the relevant monosemous classes, the one that is most saliergrfgr ind some
others could code the polysemous class corresponding to the two seosestance, for a BE
adjective, some participants could code it as B, others as BE, and stikath&. Because they
are considered as separate classes, this would yield higher entropg faiuhese adjectives
than for monosemous adjectives.

Similarly, cases where participants and experts disagree can be expetieanore contro-
versial than cases where there is agreement. The same reasoning: agajjetives that are
difficult or do not fit in the classification should yield more spread distribgtmirvalues across
classes in the participants’ classification. Also, a somewhat arbitraryiakedsslikely to be

made in both the participants’ and the experts’ classifications, which is likelpusecmis-
matches betweeen them. Therefore, we expect adjectives for whieht®xgnd participants
disagree to exhibit higher entropy values.

Figure 4.2 shows that both of the predictions outlined are met.

Polysemous adjectives have higher entropy (mean = 1.2, standard dewiat0) than monose-
mous adjectives (M = 1.05, SD = 0.38). The difference is significd62(3) = -2.6, p = 0.01,
two—tailed).@

Adjectives for which participants and experts disagree with respectitoséraantic class also

Equality of variance is not assumed.
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Figure 4.2: Explaining differences in entropy values I.

exhibit higher entropy (M = 1.25, SD = 0.30) than those for which there iseagent (M =
0.99, SD = 0.38). The difference is again significait1$0.2) = -5.28, p< 1076, two-tailed).
Note that the differences in entropy values are higher for the secqudnation than for the
first one, which means that disagreements between experts and patsigipatict difficulty to

a larger extent than polysemy.
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Figure 4.3: Explaining differences in entropy values II.

At the end of Section 4.5.1, we have made the hypothesis that, despite thieafadisagree-
ments seem to be concentrated in the basic vs. object distinction, this redpomdlifferent

understanding of the object class definition, not to the inherent difficfiiyeoadjectives. In-

stead, there were numerous small disagreements concerning the essnivtliah, we argued,
could point to a confusion with respect to the definition of the class.

Entropy provides us with a means to test this explanation. If it is along thetragiit, adjectives
classified as event by the experts should have higher entropy vakessde the participants
should be more unsure as to where to place them, resulting in more spreaditiistsiof
values across classes. The first graphic in Figure 4.3 shows thatrelagied adjectives (classes
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BE, E, EO) are clearly more controversial than the rest, supporting fhlaretion. It also
shows that object-related adjectives (class O) are the least problemesic Both pieces of
evidence are consistent with the data regarding class-specific agte@ialee 4.18, page 90)
discussed in Section 4.4. One-way ANOVA confirms that mean entropy svaigedifferent
depending on the clas$'(5, 29.3) = 23.1, p< 10738). El

Our hypothesis is that event adjectives are problematic due to two mainsfad@mre is the
fact that the semantics contributed by the morphology is much more diverséhtitaof object
adjectives. In our manually annotated database of adjectives, thevelpi@ different suffixes
for deverbal adjectives, while there are 22 for denominal adjectidesever, object adjectives
show a much more compact semantics than event adjectives, as shown fagtttieat we
defined 3 patterns to account for the semantics of event adjectivesnnaine for object (and
basic) adjectives.

The second factor is that the semantics contributed by the deriving vertealdts in high vari-
ability, mainly due to the\ktionsartof the verb. Stative verbs produce more “basic-like” event
adjectives. For instancapundantwas classified as event by the experts due to its relationship
with the verbabundar It was classified as basic by the participants due to it being antony-
mous toescag‘sparse’), mirroring the fact that it denotes an attribute, like a basictdge
Adjectives derived from process-denoting verbs have a more disgéncantics.

Because semantic class and morphological type of an adjective are ra&gdued in Chapter
3, we expect the differences to map to the morphological level. The segapdic in Figure
4.3 shows that participial and deverbal adjectives, those that corvétatthe event class, have
higher entropy values than the rest, so that they are more contrové&id@ihe results of an
ANOVA test again confirm this analysi$'(3, 68.4) = 27.1, p< 10~ 10). Not derived adjectives
are somewhat more controversial than denominal adjectives (confipedtest: £(131.6), p
=0.02). This piece of evidence is in accordance with basic adjectiveg b&re controversial
than object adjectives, as shown in the gragémantic class Figure 4.3. Note, however,
that the difference is clearer at the semantic level (for basic againsttol§g2.3) = 7.03, p <
10797).

Table 4.24 shows the mean (M) and standard deviation (SD) values foatheatlresponding
to Figures 4.2 and 4.3. The means for the disagreement and not disagteansble are 0.99
and 1.25, respectively. If disagreements within the B-BO-O categoresp@osed to BE-E-
EO classes) are excluded from the analysis, the entropy mean for agjaeith disagreement
rises to 1.41. Correspondingly, the p value of the significance testafmsdérom p< 1076 to
< 10711 (¢(67.5) = -8.59). This adds support to the argument that the event clakeyspiece
of evidence in explaining coding difficulties, suggesting that it is the leaatlgldefined.

4.6 Summary

Web experiments such as the one explained in this chapter are a promising gather lin-
guistic data. They provide clues for research on linguistics that wouldebge hard, if not

ZIHomogeneity of variance is not assumed for the ANOVAs performedsrhapter.
22 |_egend for graphitvorphological typein Figurd 4.3:

N denominal

O not derived

P participial

V  deverbal
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Disagreement n y

M 0.99 1.25

SD 0.38 0.30

Polysemous n y

M 1.05 1.20

SD 0.38 0.29

Semantic class B BE BO E EO @]
M 1.09 147 109 131 1.27 0.58
SD 0.31 0.17 0.29 0.23 0.19 0.36
Morph. type N @] P \%

M 089 1.03 144 1.26

SD 0.41 0.32 0.19 0.25

Table 4.24: Mean and standard deviation according to adjective type.

impossible, to obtain from introspection or corpus data. For computationaliditics, they
provide the possibility to evaluate agreement using many more judges thanaily ukane.
This opens the way to more robust Gold Standard resources, as weldasnprovement of
the definition of both the categories involved and the tagging tasks. Hovilegse experiments
are extremely difficult to design, particularly if they are addressed t@rsaibjects, as opposed
to a few chosen experts in a field. This is a necessary requirement ifeariargber of judg-
ments are to be obtained. Web experiments also open the way to differentdmietjies for
the estimation of agreement than are traditionalKoand related measures, as our discussion
of the estimation of population mean has shown.

The interrater agreement for our task, with the current experimentigrdes very low, much
too low for academic standards. This is particularly evident for the strietedtiation mode
(full agreement), strictly including polysemy judgments. We expected judges to assitple
categories to lemmata in case of polysemy. The analysis of the agreemenasiateolvn that
they do not do so, but that they rather code either ambiguous or diffasétscusing multiple
categories. Reliable acquisition of polysemy judgments for our task remainarasolved
challenge, and has repeatedly proven difficult to achieve in relatedrobse

The analysis of the patterns of disagreement has revealed confusisingrtine object pattern.
Attribute-denoting nouns are very salient for many basic adjectivessaitable synonyms or
antonyms (the cue to identify basic adjectives) are not always availabspite this confusion,
adjectives belonging to the basic and object classes seem not to be highlgrpatic, while

adjectives for which the event class is involved are significantly more @arisial than the
rest. We could measure this aspect through the use of entropy as a eneleunma-specific
agreement.

The low level of agreement for our experiment, thus, has to do both withesigrl of the ex-
periment and with difficulties in the classification. As for the latter aspect, thlysia suggests
that the event class is the less clearly defined of the three classesltahatsis supported by
the machine learning experiments presented in Chapter 6.

As for the design of the experiment, the main problem is that, although it is diracteaive
subjects, it asks for metalinguistic judgments. Building dictionary definitionstiamotuitive

task. This could explain the high dropout rate for the experiment. A taskmiingalinguistic

intuitions should be designed instead, so that a proper psycholinguistciremnt could be
carried out. How to best define such a task remains an open question.

101



Gold Standard

Due to the low agreement among our judges, and to the fact that the ustngepaiftterns did
not always correspond to their intended use, we will use the expesifatation as a Gold
Standard for the supervised experiments explained in Chapter 6. Befoieg to that, initial
unsupervised experiments designed to assess and refine the classifichti® explained in
the next chapter.

Finally, the following table summarises the characteristics of the 3 Gold Stantlstdduring
the PhD, which we will label A, B, and C, and describes their role in the madeiarning
experiments of Chapters 5 and%The full list of adjectives for the three Gold Standards and
the corresponding data is in Appendix C.

A B C
#judges 4 3 322 + 3 experts
#lemmata 101 80 210
meank 0.58 0.74 0.38
main class intensional, basic, basic,
qualitative, event, event,
relational object object
polys. classes intens.-qual.none bas.-ev.,
qual.-rel. bas.-obj.,
ev.-obj.
usedin Exp. A Exp. B Exp. C

(Section 5.1) (Sectian 5.2) (Chapter 6)

Table 4.25: Gold Standards built for machine learning experiments.

Part of the material presented in this chapter has been submitted for publicasigournal.

2| egend:
GS:
main cl.:
polys.:
Exp.:

Gold Standard

main classification
polysemous classes
experiment
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Chapter 5

Experiments A and B: Assessing the
classification

... Wwe view corpora, especially if annotated with currently available tosl®@os-
itories of implicit grammars, which can be exploited in automatic [classification]
tasks.

Merlo and Stevenson (2001, p. 399)

This chapter reports on a set of unsupervised experiments perforittethvee main goals:
first, to provide feedback to the proposed classification. As has beeusdid in Chapter 3, it
is not clear from a theoretical point of view how to best classify adjectwesrding to their

lexical semantics. It makes sense to look for large-scale empirical eddenthis problem,

something that the methods developed within Lexical Acquisition offer.

A second, related goal is to see how polysemy fits in the overall picture: gubysemous
adjectives behave with respect to monosemous adjectives, and how sterialy algorithm
behaves with respect to polysemous adjectives.

The third main goal is to test different representations for the relevatniodisonal properties
of adjectives that correlate with their semantic class, so as to test theiregatifiormance in
using them for machine learning experiments. This should also serve tol@rm¥irst sketch
of the classes in terms of the different feature representations chosen.

To meet these goals, unsupervised techniques, and in particular clgssegra natural choice.
Supervised techniques use training data, already labeled, to learn a aiatiel different
classes, and use this model to tag unseen data. With clustering, no labetmagiofy data
is necessary. Objects are grouped together according to their featusedistribution, not to
a predefined classification. Potentially, a better insight into the structuessrgrin the data
can be achieved. Unsupervised techniques can thus be viewed agbexs than supervised
techniques, although they are obviously biased through the choicetafda@presentation.
For instance, a grouping of people in terms of height and weight will resaldifferent clas-
sification than a grouping based on hair and eye colour. The specifterwhgsalgorithm also
influences the resulting structure: some algorithms favour globular clusthess elongated
ones, etc.

One of the consequences of using an unsupervised methodology isnthabiaarily large
number of objects can be used for classification, because they doewbtamée labeled. In
all the experiments reported in this chapter, the whole set of adjectives méwticriteria are
clustered; however, the results are analysed using limited sets of lab&ded\acompare the
results with classifications established by human judges according to senteficteristics.
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Adjectives have a much more limited distribution than verbs or nouns, and tddosnally
present long-distance dependencies. They are basically restricteddtficat@mn within NP
and predicative constructions such as copular sentences (see@)afteerefore, we expect
that distributional features within a small window will provide enough evideioc our task.
This would facilitate acquisition experiments for languages with no widely availdbep-
processing resources.

The features used mainly model the syntactic behaviour of adjectivesagpuoach exploits
the syntax-semantics interface as is usual in Lexical Acquisition: assun@hgdimantic simi-
larities drive to syntactic similarities, it is possible to go the opposite way and énskermantic
similarities from syntactic similarities. We also begin to explore the morphology+sizaa
interface, although a more complete exploration is offered in Chiapter 6.

Section 5.1 describes initial clustering experiments, which lead to a revisitmeanhitially
proposed classification. Section 5.2 explains further unsupervisetimgnts with the final
semantic classification, which confirm the plausibility of the classification atiteatame time
uncover new problems concerning the semantic classes.

5.1 Experiment A: refining the classification

5.1.1 Classification and Gold Standard

In this experiment, the classification distinguishes between qualitative, relatemd inten-
sional adjectives (see Chapter 3 for an explanation of these termskeRuwys adjectives are
assigned to “polysemous” classes qualitative/relational, and qualitativesiobeth. No cases
of intensional/relational were found.

To analyse results, we use the first Gold Standard established within th€@idDStandard
A in Table[4.25, page 4.25). As explained in Section 4.1, this Gold Standasist® of 101
adjective lemmata, chosen among the 3,521 lemmata with more than 10 occurgheestuily
corpus.m 99 lemmata were classified by 4 human judges, with a ni¢aralue of 0.58, and
two intensional adjectives were subsequently added, because thavaksst represented in
the Gold Standard. The 4 different classifications were merged into a $jteStandard by
the author of this thesis so as to have a unique classification to compare thieerlaaining
results to.

5.1.2 Features

Adjective lemmata are modeled using two kinds of shallow cues. First, we deixéual
correlates for some of the theoretically relevant properties of eachrefdssved in Chapter|3.

In addition, because of the exploratory nature of this experiment, we biglatvely neutral
model, so as to blindly model the syntactic distribution of adjectives. The deepnesentation
takes into account the-gram distribution of adjectives, defined in terms of the POS of the
surrounding words. We now describe each feature type in more detail.

The corpus corresponds to roughly half (8 million words) of the CTItament used for subsequent experi-
ments, because only that fragment was available at the time of the erpésim
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5.1.2.1 Semantic features

The features based on theoretical considerations will be referrecsemzantic featureis what

follows. Although they are defined in terms of shallow cues, they are tegtwatlates of
mainly semantic properties. For instance, the presence of a particularftgdeesb to the left
of an adjective is an indication of its being gradable, a semantic propenyevés, the different
linguistic levels of description are closely tangled: for instance, a predécsyintactic function
is an indication that the adjective can semantically function as a predicateh&Yiee feature
is labeled as semantic or syntactic depends on the rest of the featuresamtibelar linguistic
level.

The list of semantic features extracted, selected according to the catiiderin Chapter|3
and defined as shallow cues of linguistic properties, were the following.

Gradable Adjective preceded by a degree modﬁiemccuring with a degree suffix (such as
-et, -0, -issim), or coordinated with an adjective preceded by degree modifier oriérgila
degree suffix.

Comparable Adjective preceded by degree modifiengs(‘more’) or menyq‘less’), or pre-
ceded bytan and followed bycom(comparative construction). In Catalan there is no compara-
tive inflection.

Predicate Two features are distinguished: adjective acting as a predicate in a cepatance
(featurecopular) and in other constructions (featupeed). This distinction is made in the
functional tagset of CatCG (see Table 3.1 in page 20).

Not restrictive As has been explained in Section 3.6.1.1, non restrictive adjectives usually
precede the head noun. The pre-nominal modification function tag addigneéatCG (Table
3.1) is the indicator chosen for this feature.

Adjacent As has been explained in Section 3.6.1.3, the ordering of adjectives withiPan
can be a useful cue to their semantic class, for relational adjectives texduocloser to the
head noun than qualitative ones. Ocurrences of adjectives followitngia and preceding an
adjective were taken as indicative of this property, with the following caies: the noun
and the two adjectives should agree, the second adjective could lpdeor not by degree
modifiers, and it had to bear the same function tag as the first adjective.

Some of these features are clearly related: for instagialableand comparable or copu-
lar andpred However, there could be differences between their distributions adifierent
classes, so that they were kept separate for exploration.

Table[5.1 summarises the features chosen, together with their mean anddtedation
values. For each adjective, the feature values are encoded astimmapof occurences in each

2Defined as a list of adverb&astant ben forca, gaire, gens gota massamica, mig, molt, pog prou, tan, al-
tament completamentconsiderablemenenormementextremadamenextremamenimmensameninfinitament
lleugeramentminimamentmitjanamentmoderadamenparcialment relativamentsensiblemensummamenter-
riblement totalmenf tremendament
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of the defined contexts. Note that the mean values are very low, which withken into
account in the analysis. The standard deviations, in contrast, are ggkeré&dative to mean
values (about double as high as the mean), due to the Zipfean distribufiestafes.

Feature Textual correlate Mean SD
gradable degree adverbs, degree suffixation 0.04 0.08
comparable comparative constructions 0.03 0.07
copular copular predicate syntactic tag 0.06 0.10
pred predicate syntactic tag 0.03 0.06
not restrictive  pre-nominal modifier syntactic tag 0.04 0.08
adjacent first adjective in a series of two ormore  0.03  0.05

Table 5.1: Semantic features.

From the discussion in Chapter 3, the following predictions with respect etinantic features
can be made:

e In comparison with the other classes, qualitative adjectives should hakerhiglues
in featuresgradable, comparable, copular, prechiddle values in featureot restrictive
(lower than intensional adjectives and higher than relational adjectiaed)low values
for featureadjacent

e Relational adjectives should have the opposite distribution, with very lowesdhr all
features except fandjacent

¢ Intensional adjectives are expected to exhibit very low values for alifes except for
not restrictive for which a very high value is expected.

¢ With respect to polysemous adjectives, it can be foreseen that theirdealues will be
in between those of “canonical” classes. For instance, an adjectivesthalysemous
between a qualitative and a relational reading (suctaudliar) should have values for
featuregradablethat are higher than for a monosemous relational adjective but lower
than a typical qualitative adjective.

Figure 5.1 shows that the predictions just outlined are met to a large eXtent.

The differences in value distribution are mostly not sharp (most of theesainghe boxes over-
lap). This affects mainly polysemous classes: although they show the tgndetpredicted
of exhibiting values that are in between those of the main classes, theytat#fexentiated.
The clustering results will be affected by this distribution, as will be disaliss8ection 5.1.5.

3Legend for class labels:

I: intensional

IQ:  polysemous between intensional and qualitative
Q: qualitative

QR: polysemous between qualitative and relational
R: relational

Note that the scale in Figure 5.1 does not range from 0 to 1; this is beti@isiata are standardised, as will be
explained in Section 5.1.3.
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However, one-way ANOVA tests on each of the features (factor: efsexcluding items in the
| and 1Q classes because not enough observations are av@iyibld,significant results, with
p lower than 0.05red), 0.01 comparable, not restrictive, adjacentand 0.001 gradable,
copularn. Significant results are due mainly to differences between qualitativeedaitional
classes. The full data for the ANOVA tests is shown in Table 5.2.
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Figure 5.1: Feature value distribution for semantic features (classes).

5.1.2.2 Distributional features

For distributional features, the POS of two words at each side of thet&dj€s-word window)
are recorded as separate features. For instance, for an ocewfdncfixed’ as in (5.1a), the
representation would be as in (5.1b). In the example, the target adjeciivéadd face, and
the relevant word window is in italics. Negative numbers indicate positions teth@ositive
ones positions to the right. The representation in (5.1b) correspondsR@®®fmolt, menys
, (comma), anab.

4Only two items ner ‘mere’, presumptéalleged’) are in the intensional class, and oaat{c, ‘old/former’) in
the intensional/qualitative polysemous class.
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Q QR R df F p
Gradable 0.160.81 -0.27+0.31 -0.50+0.15 2,251 17.9 < 107*
Comparable 0.581.71 -0.28+0.64 -0.51+0.20 2,23.6 10.6 0.0005
Copular 0.54+1.27 -0.454+0.19 -0.524+0.23 2,389 16.9 <107°
Pred 0.13+1.21 -0.15+0.53 -0.344+0.26 2,255 3.9 0.03
Not restrictive 0.18:1.07 -0.29+0.25 -0.384+0.52 2,52.0 5.2 0.008
Adjacent -0.28+0.64 -0.06+0.58 0.86+1.66 2,289 7.6 0.002

Table 5.2: Semantic features: differences across classes.

(5.1) a. Elsinstints domésticsperdir-hoaixi, sobndel certmolt menydixos, o
Theinstinctsdomestic, to say-it so, are of-thetrueveryless fixed,or
invariablesgue els instints naturals
invariable, thantheinstinctsnatural

‘Domestic instincts, to put it this way, are really much less fixed, or invaridbém
natural instincts.’

b. -2 adverb, -1 adverb, +1 punctuation, +2 conjunction

Our tagset distinguishes between nine POS: verb, noun, adjectiverbagweposition, deter-
miner, pronoun, conjunction, and punctuation. Because the POS ofedettiffpositions (two
to the left, two to the right of the target adjective) are separately encadeadnd up with
36 different distributional features. The 10 features with the higheshmalae are listed in

Table 5.3.

Feature Mean SD

-1 noun 0.52 0.25
+1 punctuation 0.42 0.15
-2 determiner 0.39 0.20
+2 determiner 0.24 0.13
+1 preposition  0.21  0.15
-2 preposition 0.13 0.09
-1 adverb 0.10 0.11
-1 verb 0.08 0.11
-1 determiner 0.06 0.10
+1 noun 0.06 0.10

Table 5.3: Distributional features.

These features can be viewed as a very simple correlate of the syntdcticdae of adjectives.
For instance, from Table 5.3 it can be deduced that the default posititmedddjective in
Catalan is the postnominal one, because on average adjectives occuliatetgeafter a noun
in more than half their total occurences (52%). The 10 features in Tablea®e8much higher
values than the semantic features in Table 5.1. This is due to the fact thatts@muteesponding
to semantic features are not frequent, while all examples have a distributemmis of the POS
of their surrounding words.
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5.1.3 Clustering parameters

Clustering (see Kaufman and Rousseeuw (1990) and Everitt, Landdiease (2001) for com-
prehensive introductions to this technique) is an Exploratory Data Anagaisique that forms
groups (clusters) of homogeneous objects represented as a vexter §ach object that is to
be grouped (in our case, each adjective lemma) is represented asfdesdtices with their
associated values.

For instance, Table 5.4 contains the vectors for adjectivadalt (‘ill’), avergonyit(‘ashamed’),
andfreudia (‘Freudian’) represented with the semantic features. Each column (diomé ras
the matrix corresponds to a feature, and the algorithm acts on each rctorjvef the matrix.
In this case, the first dimension corresponds to featmaelable and each of the rest to the
remaining semantic features, in the same order as in Table 5.1 and Figure 5.1.

0.23 -047 265 -0.33 -045 -0.49
0.61 -0.56 -0.61 -0.41 -0.50 -0.49
-054 -056 -0.61 0.76 -0.50 0.85

Table 5.4: Representation for adjectivesalalt avergonyit freudia

The goal of clustering algorithms is to group similar objects together, andgsitdlar objects
into separate groups. The similarity between objects is measured througbntiparison of
their feature values. There are many different measures and criterisagkuraesimilarity, but
they are all based on the notion of vector distafice.

Although there are dozens of clustering algorithms, the main techniquesaasbribed with

few parameters. One of the main parameters is whether the resulting clustetiogire is

hierarchical or flat. In hierarchical algorithms, clustering proceedgressively, so that the
decisions of the algorithm can be viewed as a tree (call@elhalogran In direct algorithms,

which yield flat structures, the clusters are made once and for all.

Another relevant parameter for an algorithm is its agglomerative or parfitiatare. In ag-
glomerative algorithms; clusters are initially built (where is the total number of objects, so
that each object constitutes a cluster), and these minimal clusters aredracgording to a
similarity metric into thek desired clusters. Partitional algorithms work the other way round:
they begin with a single cluster with all objects, and divide it ihtdusters.

For the experiment, we tested several implementations of clustering algorittmvidgat in
the CLUTO toolkit (see Section 2.2.2): two hierarchical and one flat algorittne of them
agglomerative and the other two partitional, with several criterion functansgys using the
cosine distance measure. The overall picture of the structure prestme glata was quite
robust across different parametrisations. For clarity reasons, weesilict the discussion to
one parametrisation, corresponding to theneans clustering algorithm. This is a classical
algorithm, conceptually simple and computationally efficient, which has beahingelated
work, such as the induction of German semantic verb classes (Schulte ira,\28@b6) or the
syntactic classification of verbs in Catalan (Mayol et al., 2005).

K-means is a flat, partitional algorithm which works as follows. An initial rangmartition
into k clusters is performed on the data. The centroids (mean vectors) of leatdr @are com-
puted, and each object is re-assigned to the cluster with the nearesiaehtre centroids are

5Some clustering algorithms can also handle nominal features. We onépotisuous features.
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recomputed, and the process is repeated until no further changedaakeqr a pre-specified
number of times. A weakness &fmeans is the fact that the initial assignment of items to
clusters greatly affects the resulting structure. A common solution is to répeakperiment
several times, with different initial random assignments, and to adopt théosothat better
satisfies the clustering criterion. In themeans algorithm, the criterion used is to minimise the
overall distance from objects to their centroids, which favours globllster structures.

Parameter Value

clustering method partitional, flat
similarity measure cosinus

clustering criterion minimisé_" , cos(i, C;)
iterations 20

clusterisations 25

number of clustersk) 3 and5

number of features 6 and 36

feature values standardised

Table 5.5: Parameters for experiment A.

The parameters of the experiment are summarised in Table 5.5. The thtgmfameters
correspond to the definition of themeans algorithm@ The iterations parameter specifies
how many times the process of centroid computation and assignment to clustpe&ead
within each clustering trial. Thelusterisationgparameter specifies how many times the whole
clustering process is repeated. Paramaterationsandclusterisationsvere set to 20 and 25
respectively because they were shown to yield stable solutions.

We will discuss the solutions in 3 and 5 clusters (paramatienber of clustepsbecause they
best correspond to our intended classification. We have three mains{agsasional, qualita-
tive, and relational) and a total of five classes (main classes plus polysetagses: intensional-
qualitative and qualitative-relational). The number of features correlspto the number of
features for the semantic and the distributional models of the data discusSection 5.1.2.

Finally, as can be seen in Table 5.5, feature values were not représsrgample proportions,
but as standardised values, so that all features have mean 0 anddtdedation 1. This
representation is achieved using thecore formula shown in equation (5.1), wherés the
mean of all feature values, . . ., z,, andsd, their standard deviation.

Tr; — &

sdy

(5.1)

Z; =

In clustering, features with higher mean and standard deviation valuesaelmninate over
more sparse features. Standardisation smooths the differences in tigthstref features. We
experimented with raw and standardised values, and the most interpregablis were ob-
tained with standardised values (although, again, the differences oidezge). Therefore, we
will only discuss results obtained with this parametrisation.

8In the formula for the clustering criterion, is the total number of objects, aid is the centroid of the cluster
for objects.
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5.1.4 Results
5.1.4.1 Classes in clusters

The contingency tables of the clustering results with 3 clusters are depictabl®5.6. Rows
are classes, named by their first letters (see the full legend in foothotg&,106). Columns
are clusters, labeled with the cluster number provided by CLUTO. Theingdef the cluster

numbers corresponds to the quality of the cluster, measured in terms of stericlg criterion

chosen. 0O represents the cluster with the highest quality.

In each cellC;; of Table 5.6, the number of adjectives of clagbat are put in clustef by the
algorithm is showrﬁ RowTotalgg contains the number Gold Standard lemmata that end up in
each cluster. RoWotal.; represents the total number of lemmata in each cluster, irrespectively
of whether they belong to the Gold Standard or not. Recall from Section that We cluster

the whole set of 3,521 adjectives with more than 10 occurences in thesgatghwough we only
analyse the classification of the 101 lemmata that have been previously labeled.

A: Sem. B: Distr.
Cl. 0 1 2 0 1 2 | Total
I 0 0 2 0 2 0 2
IQ 0 0 1 0 1 0 1
Q 4 13 35 10 37 5 52
QR 3 5 3 7 2 2 11
R 21 13 1 20 5 10 35
Totalgs | 28 31 42 37 47 17| 101
Total,; | 834 1287 1400 1234 1754 533 3521

Table 5.6: Experiment A: 3-way solution contingency tables.

A striking feature of Table 5.6 is that results in each subtable (A and B)eamesimilar. In
both solutions, the following can be observed:

e thereis a cluster (labeled 0) that contains the majority of relational adjeatities Gold
Standard. This is the most compact cluster according to the clustering eriterio

e another cluster (2 in solution A, 1 in solution B) contains the majority of qualitative
adjectives in the Gold Standard, as well as all intensional and 1Q adjgective

¢ the remaining cluster contains a mixture of qualitative and relational adjedtivesth
solutions.

e adjectives that are polysemous between a qualitative and a relationalg€&@iR) are
scattered through all the clusters, although they show a tendency to fiiteedsto the
relational cluster in solution B.

The contingency table comparing the solutions obtained with semantic and distréddea-
tures, shown in Table 5.7, confirms that the results bear a close resembBased on the
number of objects shared, an equivalence between clusters can lbesksth(0-0, 1-2, 2-1).
The corresponding cells are boldfaced in the table.

"Note that, as the contingency tables of the semantic and distributional fehwe been collapsed into a single
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Distr
0 1 2 total
0 602 47 185 834
Sem 1 595 396 296 1287
2 37 1311 52 1400
total 1234 1754 533 3521

Table 5.7: Contingency table comparing semantic and distributional solutions.

The main difference between the two types of features seems to be that dfutiesobtained
with theoretically features the clusters are “purer”. Only 7 non-relatiadpctives end up in
the relational cluster, while for distributional features there are 17 efational adjectives in
the relational cluster.

The 5-way solutions, depicted in Table 5.8, show more differences sateature type. We
could expect the hybrid, Q/R cluster, to split into two pure Q and R clusterseirbiivay

solution. What we find instead is that the hybrid clusters persist (clustesdution C, 0 and
1 in solution D), and that two further small clusters are created in each solutio

In the semantic solution (subtable C), there is in addition a relational clustestecll) and
a qualitative cluster (cluster 2). The other two clusters seem to be subpertitithin the
gualitative class. In the distributional solution (subtable D), the qualitativeenis still to be
found (cluster 2), but the relational cluster is lost: relational adjectikes@attered through all
clusters, and tend to concentrate in clusters 0 and 1.

C: Sem. D: Distr.
Cl. 0 1 2 3 4 0 1 2 3 4| Total
I 0 0 2 0 0 0 0 2 0 0 2
IQ 0 0 1 0 0 0 0 1 0 0 1
Q 7 4 35 4 2 3 7 37 2 3 52
QR 5 3 3 0 0 6 1 2 1 1 11
R 12 21 1 0 1| 11 9 5 7 3 35
Totalgs | 24 28 42 4 3 20 17 47 10 71 101
Total,; | 857 854 1462 156 192828 406 1754 275 2583521

Table 5.8: Experiment A: 5-way solution contingency tables.

In the next section, we will see that clusters 3 and 4 are the least cleargretable in both
solutions. They are also the poorer clusters according to the clusteirfiagarr. A possible
explanation is that they contain the least frequent adjectives, as shdabl#5.9, so that the
clustering algorithm just does not have enough information for these itemsw@y ANOVA
of frequency against cluster label confirms that the difference iruéegy is significant (data
also Table 5.10).

The data in Tables 5.6 and 5.8 are shown as barplots in Figure 5.2 for clmétyipper graphics
(A and B) depict the 3-way solutions using semantic and distributional Eestoespectively.

table, the column namedtal represents the row sum of each subtable (the number of items per adtassiant).
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0 1 2 3 4
Semantic 141307 1184303 133+446 61+126 58+142
Distributional 98+249  119+281 148+482 108+256 60+135

Table 5.9: Frequency of adjectives across clusters.

df F p
semantic 4:905.3 30.7< 1071
distributional 4;674  18.7 < 10713

Table 5.10: Results for ANOVA of frequency against cluster label.

The lower graphics (C and D) depict the 5-way solutions. The labels &, Bnd D match the
data with the same labels in Tables|5.6 and 5.8. Each bar is a cluster (clustdrelaethe
bar), and each colour represents a class.

In Figure 5.2, the similarity between the solutions is graphically evident, as isutiee gorre-
spondance between clusters and classes when the solutions are obtdirsssantic features
as opposed to distributional features, particularly in the 5-way solutioro Ad¢e that in the
distributional solution, the tendency is for a large cluster (number 2 in gréyio concentrate
most objects and the remaining clusters to be comparatively small. In contesertrantic
solution has three large clusters and two extremely small ones, suggestitigetdascrimina-
tive power of semantic features is higher than that of distributional featiée will provide
an explanation for this difference in Section 5.1.4.2.
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Figure 5.2: Experiment A: results.
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We have performed a qualitative evaluation based on a comparison betvee®nld Standard
and the clustering solution. However, we have not provided a numeviakiation. Evaluation
of clustering is very problematic when there is no one-to-one corregpaedetween classes
and clusters (Hatzivassiloglou and McKeown, 1993), as is our cagault® im Walde (2006)
provides a thorough discussion of this issue and proposes differémtsreand types of evalua-
tion. Because of the exploratory nature of the experiment, and becaudashification will be
changed according to its results, we will defer numerical evaluation untiléReexperiment,
explained in Section 5.2.

5.1.4.2 Feature analysis

We now turn to feature analysis. We concentrate in the 5-way solutionsigetiaey match
our number of targeted classes. Figure 5.3 shows the feature valueutistrim the 5-way
solution using semantic features. If the solution matched the human classifigetishape
should be very similar to Figure 5.1 (page 105), although Figure 5.3 ctwewdistribution of
all 3,521 adjectives, and Figure 5.1 only that of the 101 labeled adjectitike Gold Standard.
Some resemblance is observed, but no one-to-one correspondence.
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Figure 5.3: Feature value distribution across clusters (semantic features).
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The feature distribution is in accordance with the analysis developed in ¢élv@®ps section.
Cluster 0, the hybrid cluster, is negatively defined: it has mean valuew ltigdogrand 0 mean
for all features. Clearly, the features chosen fail to characterisenimad¢a it contains.

Cluster 1, the relational cluster, has negative (thus lower than the mean)valeas for all
features except for featusdjacent for which it has a mean value of 1.3, that is, more than
one standard deviation above the mean. The prediction outlined in page 168emshis
characteristic, indicating that relational adjectives tend to occur closeetheid noun when
more than one adjective modifies it.

For cluster 2, the qualitative cluster, the situation is the reverse, as predigieesents positive
(above mean) values for all features exceptdjacent Thus, the typical qualitative adjective
is gradable, comparable, predicative, can be used for non-restriatidification, and occurs
after other modifying adjectives. Note, however, that the feature vakighditions are all
Zipfean and in some cases (such as clusters 1 and 2) there is wide witsti@rclariability,
which is clear from the quantity of points (outliers) above the upper tail obtwplots. This
means that for most qualitative adjectives, their characteristic featuaafgjlity, predicativ-
ity, etc.) have low values, while for a few there is abundant evidence.digtisbution favours
confusion of relational and qualitative adjectives.

As for clusters 3 and 4, which are much smaller than clusters 0-2 anddangdo our Gold
Standard are subdivisions within the qualitative class, they contain quaitdijectives that
exhibit a low predicativity (cluster 3; see values for featoopular andpred) or a low grad-
ability (cluster 4; note values for featurgsadableand comparabl¢. However, recall from
Section 5.1.4./1 (Table 5.9) that adjectives in these two clusters have a legaeficy than in
the remaining clusters, suggesting that data sparseness negativety dffistering results.

For the distributional solution, 36 features were used, which is too higlméetfor a graphical
representation in the fashion of Figlre 5.3. Instead, 5.11 shomsach cluster, the 3
features with the highest and lowest relative values, respect@eﬁheir mean and standard
deviation values are recorded under each feature label (standaatiate values are indicated
with the £ sign and in a smaller font).

Note that the standardised feature representation makes this type ofatiqpicgasier than
percentage representation: features with large positive values indieatih¢hobjects in the
relevant cluster occur in the distributional context with higher frequenay the remaining
objects, and the reverse is true for features with large negative valiutee distribution of
adjectives into clusters were random, all feature values would be atbergtand mean, that
is, around zero.

The last column of Table 5.11 records the equivalence for each cluster sg@mantic solution,
based on the number of objects sha@d.

Cluster 0, containing mostly relational and some QR adjectives, has highvpasitues for the
default position of adjectives in Catalati (noun, -2 determingy and low values for features

8Abbreviations:

adj.: adjective

det.: determiner
conj.: conjunction
prep.: preposition

punct.:  punctuation
°The contingency table of the two solutions is shown below. Rows corréspaemantic features, columns to
distributional features. The equivalences recorded in Table 5.1dotatéaced.
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Cl. Highest values Lowest values S.

0 -2 det, -1 noun +1 verb -2 verh -1 adverh -2 noun 1
1.1+061 14051 0.86+1.2 -0.66+0.42 -0.64+0.32 -0.62+0.53

1 +1 prep, +2det, -2 det. -1 adverb -2 verh -lpunct. O
0.93+0.94 0.88+1 0.81+0.67 -0.56+0.42 -0.53+0.54 -0.43+0.48

2 -2 verh -1 adverh -1verb -1 noun -2 det, +1 verb 2
0.56+1.1 0.55+11 0.49+1.2 -0.8+0.62 -0.73+0.61 -0.39+0.68

3 -2 adj,, -1 conj, +2 adj. -2 noun -2 verb -1 verb 1

1.14+11 0.64+11 0.82+14 -0.49+06 -0.46+06 -0.45+0.6
4 -2 prep, +1 punct, -1 noun +1prep. -ladverh -2noun 0
12+14 0.56+0.93 0.51+0.65 -0.51+0.58 -0.41+054 -0.440.79

Table 5.11: Highest and lowest valued distributional features across clusters.

typical of qualitative adjectives: predicative context® yerb, gradability ¢1 adverl), and
noun modifier with some element (e.g., other adjectives) in betwe&enagur). This means
that adjectives in this cluster occur almost only rigidly attached to the nous expected for
relational adjectives.

Cluster 1, equivalent to the “hybrid” cluster in the semantic solution, alstb#show values

for features typical of qualitative adjectived @dverh -2 verb, the main difference being that
lemmata in this cluster tend to appear in complex NPs with prepositional adjettighvalues

for +1 preposition, +2 determingr Furthermore, 9 of the 17 Gold Standard adjectives in this
cluster are deverbal. This suggests that some deverbal adjectiamgbadither like qualitative
adjectives nor like relational adjectives. The clustering elicits devedjattaves, which might
tend to have more complex argument structures, and in particular to bealecoemps. This
issue will arise again in Section 5.2.

Cluster 2, the qualitative cluster, is almost symmetric to cluster O: it has vali®s thee mean
for the “default” features-Q nounand-2 determine), and higher values for typically qualitative
features {2 verly -1 adverh -1 verh). This value points to the greater syntactic flexibility
available for qualitative adjectives, as discussed in Chapter 3: if theyaapgss tightly attached
to the noun, they can appear in other contexts, mostly in gradable andgirezlmontexts.

Recall from Section 5.1.4.1 that cluster 2 is the one that concentrates alhuzédaThis clus-
ter is dominated by feature$ nounand-2 determiner(the values with largest absolute mean
values). In this experiment, we did not perfom feature selection for theldisonal solution,
with the reasoning that distributional features represent a neutral (ifesimgpresentation of
an adjectives’ linguistic behaviour. The problem is that, despite the st@isdton performed
on feature values, some features are still very dominant, most notablygherfes in Table

Distr

0 1 2 3 4  Total

276 203 188 85 105 857

497 120 47 119 71 854

15 31 1353 27 36 1462

17 21 78 22 18 156

23 31 88 22 28 192
Total 828 406 1754 275 258 3521

Sem
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[5.3, which include-1 nounand-2 determiner In addition, these two features have a correla-
tion coefficient of 0.80, highly significant(3519)=80.5, p< 10~'°). These two factors cause
distributional features to have less discriminant power than semantic featunich is even
clearer in solutions with a higher number of clusters. To avoid this effect,erséftond set
of unsupervised experiments, explained in Section 5.2, feature selecpexformed to test
whether it improved interpretability of the clusters.

As for the smaller clusters, 3 and 4, they do not have a clear interpretati@mnis of the
parameters discussed in Chapter 3. Adjectives in cluster 3 seem to benadlatigectives (low
values for-2 noun, -2 verb, -1 vedlthat appear in coordinating constructions (high values for
-2 adjective, -1 conjunction, +2 adjective

Cluster 4 is even less clear. Exploration of the adjectival lemmata in this cludteotlyield a
compact characterisation, but a few coherent subgroups. Firsttaios quite a large number
of adjectives related to medicine (12 lemmata), among otlmtiséptic eritematdés mamari
and to other scientific activities (22 lemmata), suctaa®nic binari, gasos andpalatal. It
makes sense for these adjectives to occur in bare NPs, that is, NPs wdtterminer (high
values for-2 prepositionand-1 nour), because they are typically involved in NPs expressing
substance or another kind of classification. However, this cluster alsains some colour
adjectives (8 lemmata), suchlaanc blau, andcastany(‘white’, ‘blue’, ‘chestnut brown’), and
some quite ordinary qualitative adjectives, suctbassg corb, o invers(‘sudden’, ‘crooked’,
‘inverse’). Most of the qualitative adjectives in the cluster, howeveens to be nongradable
(which accounts for low value ifil adverb.

The caveats raised for semantic clusters 3 and 4 apply here. Clustets8ae the less
compact (according to the clustering criterion) clusters, so it is shoulggmeted that they are
the hardest to interpret. In addition, adjectives in these two clusters hewerfrequency (see
Table 5.9 in Section 5.1.4.1) so are presumably affected by data sparsAtssnote that the
standard deviation values depicted in the table are very large, often thegethe mean value
itself (two thirds of the value). This indicates a high variability of the data.

Beyond the interpretation of each particular cluster, there is a strikingafemit Table 5.11:
among the 36 distributional features used, only a few recurrently app#e characterisation
of the clusters in terms of their highest and lowest values. Moreovernis tout that most of
the recurrent features are highly correlated with one or more of the sienfieatures. That
explains the similarity between the solutions obtained with the two kinds of featliraso
provides empirical support for the decisions involved in the definition ofestic features: if
the syntactic context is blindly provided to the clustering algorithm, it selects atnglevant
for establishing groups of adjectives most of the properties discus<gukipter 3.

Those features that appear more than once in Table 5.11 are listed in TehleThe second
column records the number of times they appear in Table 5.11, and the remahingns
specify the Pearson correlation coefficient with each of the semantiagdsatlihe correlation
coefficient is computed taking into account all adjectives clustered, thﬁSizl

Abbreviations with respect to the nomenclature used in Table 5.1:

grad.: gradable
comp.: comparable
notrestr..  not restrictive
adjac.: adjacent

Note that most of the features in Table 5.12 correspond to the left ddptesitions -1 and -2). This will be taken
into account in the design of the features for experiment B (Section 5.2)
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Feature # | Grad. Comp. Copular Pred Notrestr. Adjac.

-1 adverb 4 0.67 0.75 0.47 0.19 0.16 -0.26
-2 verb 4 0.42 0.29 0.43 0.40 0.27 -0.26
-2 determiner | 3 | —0.40 -0.35 —-0.47 -0.33 -0.32 0.33
-1 noun 3| -043 -0.42 —-0.50 -0.36 —0.39 0.41
-2 noun 3 0.27 0.33 0.24 0.10 0.13 -0.24
-1 verb 2 0.18 0.10 0.71 0.49 0.05 -0.25
+1 verb 2| -0.20 -0.19 —-0.19 -0.16 -0.21 0.13
+1 preposition| 2 | —0.03 —0.02 0.12 0.02 —-0.18 -0.10

Table 5.12: Correlation between distributional and semantic features.

All correlation values are highly significant @ 0.01), due to the large number of objects
available for comparison. However, some are particularly large. Absehlbes> 0.40 have
been highlighted in the table.

Feature-1 adverh as would be expected, is highly correlated with featgmaslableandcom-
parable However, it is also highly correlated with featurepular. Similarly, feature-2 verb

is highly correlated with featuresopular andpred (to be expected, as it is a shallow cue of
a predicative use of the adjective), but also wjthdable These two pieces of evidence sup-
port the relationship between predicativity and gradability expressed apt€h3: adjectives
that frequently occur in predicative contexts tend to be gradable, alihinege are many ex-
ceptions. The fact that these features are prominent in qualitative clustelt solutions also
supports the class and its characterisation.

Note that-1 adverband-2 verbare positively correlated with all semantic features except for
adjacenf the only feature that was designed specifically to charaterise relatidjeatiges.
The same can be said ¢ nounand-1 verb(the latter is highly correlated witbopularand
pred as could be expected). The situation is the reverse for featBrdsterminerand -1
noun which are negatively correlated with all features exceptfdiacent The most natural
shallow correlate foadjacent namely,+1 adjective is not present in Table 5.12, presumably
because it is a too sparse feature. However, feat@rdsterminerand-1 nounconvey similar
information.

The last two features, which only appear twice in Table 5.11, are not hagithelated with
any of the theoretical features. Featuk verb could point to subject-modifying adjectives;
the role of the syntactic function of the modified heads will be explored in €hdp As

for feature+1 preposition it should be typical of complement-bearing adjectives, and will be
further discussed in the experiments reported in Section 5.2.

Five of the eight features depicted in Table 5.12 are among the 10 mosefredjstributional
features, listed in Table 5.3 above. It could be argued that this explaingdlevance in the
clustering results: if they are the most frequent features, the richielgtree will be available
for them. However, recall that the semantic features were defined indepty of the distri-
butional features. The coincidence between the two levels of représerisawhat Table 5.12
highlights. The fact that distributional features in Table 5.12 are among tkefrequent fea-
tures indicates that they are the most representative contexts for agleetithich adds support
to the present definition of the semantic features.
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5.1.5 Discussion

The analysis of the results allows us to draw some conclusions with respiet s@mantic
classification of adjectives, which was one of the main goals of the expasmeported in this
section.

Both the semantic solution and the distributional solution provide empirical sufgrothe
gualitative and relational classes, as is particularly evident in the 3-watio Intensional
and IQ adjectives are systematically grouped together with qualitative agjgdti all solu-
tions, so that they do not have syntactic characteristics that are stronghetmdifferentiate
them. In this respect, note that the main syntactic characteristic of most intelhatjactives,
pre-nominal position, is shared by a large number of qualitative adje¢altb®ugh for most
intensional adjectives this position is obligatory and for qualitative adjectivgeneral it is
not).

As for QR (polysemous between a qualitative and a relational readingdtizdg they are

spread through all the clusters in all solutions: they are not identified asnadgeneous group
(they are not grouped together) nor as distinct from the rest (theinadesters that contain
other kinds of adjectives). These adjectives usually have features/aduetween those of the
main classes, but the differences are not strong enough to motivatarateegluster.

The present approach is clearly not adequate to model polysemy. dlercould lie in the
experimental procedure, either in the modeling of the data or the algorithsexchblowever, a
more plausible cause is that polysemous adjectives do not have a hormoggedifferentiated
profile. Most adjectives are used predominantly in one of their sensggsponding to one
of the classes. For instandejnic (‘ironic’), classified as QR, is mainly used as qualitative
in the corpus. Accordingly, it always appears in the qualitative clusi@miverselymilitar
(‘military”), also classified as QR, is mostly used as relational, and is condis&ssigned
to one of the relational clusters. Therefore, the treatment of polysemynis tef additional,
“polysemous” classes to be separately acquired, is not adequate. Weswitln alternative
conceptualisation and experimental design in Chapter 6.

What about the “hybrid” cluster? This cluster seems to be coherenttabsit appears in
all the solutions examined, and is quite compact in terms of the clustering crieri®higher

ranked by CLUTO in terms of cluster label). This is a good candidate to spyoalems in

the proposed classification. A comparison of the classifications of the hjutiges and the
clustering solutions shows that most of the adjectives that are problematitfeans (i.e.,
are classified differently by different judges) are in the hybrid clustehe 5-way semantic
solution. Conversely, most adjectives in this cluster are problematic.

The Gold Standard lemmata assigned to cluster 0 are the following (problenjatit\aes un-
derlined):accidental‘accidental’),alemany(‘German’),alfabétic(‘alphabetical’) anticlerical
(‘anticlerical’), caracurt(‘short-faced’) celest‘celestial’), diversificador(‘diversifying’), feme
ni (‘feminine’), gradual (‘gradual’), indicador (‘indicating’), menorqui(‘Menorcan’), negatiu
(‘negative’),parlant(‘speaking’),preescolar‘pre-school’) protector(‘protecting/protective’),
salvador (‘saviour’), sobrenatural(‘supernatural’),sud-africa (‘Sudafrican’), triomfal (‘tri-
umphal’), tactil (‘tactile’), valencianoparlant*Valencian-speaking’)ventral (‘ventral’), vet-
erinari (‘veterinarian’),xinés(‘Chinese’).

17 out of the 24 Gold Standard adjectives in this cluster (70.1%) are pnakit=for humans.
In the qualitative cluster (cluster 2), only 10 out of 42 lemmata (23.8%) arelgmatic, that
is, are not assigned to the same class by all judges. Two kinds of ad§estilee among
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problematic adjectives: nationality-denoting adjectivasifiany, menorqui, sud-africa, xings
and deverbal adjectivem@licador, parlant, protector, salvadprThese two kinds of adjectives
do not fit into the classification as it was proposed to the human judges.

Nationality-denoting adjectives, as discussed in Section 3.6.4, can aetdisgtes of copular
sentences in a much more natural way than typical relational adjectivbseam to be ambigu-
ous between a relational and a qualitative reading in their semantics. Thiefidijectives is
treated as polysemous in the Gold Standard for final experiments repo@dpier 6, as has
been explained in Section 4.5.

The problem for deverbal adjectives is similar. They are clearly neitdational (no object
or nominal to relate to) nor intensional (they share neither entailment patterrsyntactic
behaviour). However, they are also not typically qualitative. For ingtamtiile their use as
predicates is perfectly natural (example (5.2a)), they typically do nabiexhe entailment be-
haviour of qualitative adjectives (examples (5.2a-5.2a)). Also, mangraladjectives trigger
a clear relationship to an event (a protecting event, in the capeotdctor. Therefore, we
decided to introduce the event-related class as a further class in the cédissifi

(5.2) a. El Joanésprotector
TheJoanis protective

‘Joan is protective’

b. Serra ..Erasoci protector del’Associacié deconcerts
Serra...wasassociatgrotectingof the-Associatiorof concerts

‘Serra was a protecting associate of the Association of concerts’
C. [~ ?#Serra era protector

The cluster analysis as performed in this Section has allowed us to identifyite &f ad-
jectives that do not fit into the classification as it was initially designed. ltthias provided
empirical evidence for the need of refining the criteria (classifying naitgrdenoting and
similar adjectives as polysemous between a relational and a qualitative readieen the
classification itself (proposing the event-related class). The latter dedssioacked up by
some theoretical proposals, such as Ontological Semantics, as distu€segter 3.

As a result of the experiments presented in this Section, we modify our gabpbsemantic
classification for adjectives. The event-related class is introduceddoe#isons just discussed,
and the intensional class is removed.

As discussed in Chapter 3, the intensional class is very@mﬂd its members are not homoge-
neous, neither in their semantics nor in their syntax (see the discussionnabdal adjectives
in Section 3.3.2,2). For NLP purposes, it can be manually handled, givemets

In addition, recall from Section 3.6 that we want our classification to besistnt, in the
sense that its parameters should be homogeneous for all classesaktatige, relational, and
event-related adjectives, this parameter is the ontological type of denotgtiatitative ad-
jectives denote attributes (in Raskin and Nirenburg’s (1998) terminologhgtional adjectives
denote relationships to objects, and event-related adjectives denotenggito events. The
defining trait of the intensional class is on the contrary its behaviour wigfemtgo entailment

HRecall that two prototypical intensional adjectives had to be manually intetiin a post-hoc fashion, as they
were not represented in the randomly chosen Gold Standard.
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patterns, or the fact that they denote second order properties. Rantbidrtlass allows us to
improve consistency in the classification.

The class labels are changed to make this shift in classification parameteirctba remaining
of this thesis, the classification pursued will distinguish betwegsic (formerly qualitative),
object-related (formerly relational), andevent-related adjectives. The change in denomi-
nation includes ontological terms for the class names, closely following the w@oginin
Raskin and Nirenburg (1998).

An exception is the basic class, namsghlarin Raskin and Nirenburg (1998). As discussed
in Chapter 3, it is not clear that all adjectives included in their scalar clas$e organised

in terms of a lexically defined scale. Terms ligmperty-basedr attribute-basegdalso used
in/Raskin and Nirenburg (1998), induce confusion with the tgoropertyin formal semantics
(all adjectives denote properties) aatttibutein several uses (e.g., as synonymous to “syntactic
modifier”). With the rationale that the most prototypical adjectives are indulehis class,
we choose the terrbasic However, of course, the label does per sedefine or change the
content of the class.

We finish this discussion with a summary of two further aspects that haverbisenl in the
course of the experiment. One goal of this experiment, as stated at thaibgghthis chapter,
was to compare the modelling of adjectives in terms of theoretically biased dsgtermed
semantideatures in the explanation) with a neutral model in terms of the whole distrilaition
context, represented as POS unigrams. It came as a surprise thatdteobtined with the
two representations bear a close resemblance. In the analysis, werbagd that the most
influential features in the resulting clusters mainly correspond to thoseedeficcording to
theoretical considerations. This result supports the present definftthearetical features.

Finally, the analysis of the results has also allowed us to identify some asptwsgperiment
that should be improved, among them the following two. First, the minimum of 10rences

is clearly too low a threshold. In subsequent experiments explained in §&c®@nd Chapter
6, the threshold is raised to 50 occurences. Second, some featutes dogninating, causing
distributional features to have less discriminating power than semantic feadortsat items
tend to concentrate in a single cluster. The correlation between featpreseating different
positions of the context seems to strengthen this effect. Attribute selectioooamgination

(considering more than one position of the context in a single feature) wilklfermed in the
remaining experiments so as to avoid this effect.

We now turn to discussing a clustering experiment performed to analysewhelassification
proposal.

5.2 Experiment B: testing the new classification

The experiment reported in Section 5.1 provided some evidence as to egatefs could be
relevant. It also showed that simple distributional features defined in termsgoam distri-
bution yield very similar results to those obtained with carefully designed fesatdinally, it
showed that using distributional features indiscriminately obscured rebeltause the most
dominant features caused most objects to be clustered together.

In the experiment reported in this section, we further pursue the usetobdimonal features.
Because we use clustering as an Exploratory Data Analysis tool, so amtogjght into the
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characteristics of the new classification proposal, it makes sense to as@ra nepresentation
of the linguistic behaviour of adjectives, as opposed to theoretically bfesaares.

However, given the problems encountered in the previous experimedp wet use the whole
bunch of distributional features, but perform feature selection. ;Megerform the experiment
in two steps: first, we analyse the feature distribution of the differentetasbtained from a
set of manually labeled adjectives. We choose the features that besttelse each class, and
perform clustering experiments using only the selected features. Thiesrage analysed with
a different set of manually labeled adjectives, so as to avoid overfitting.

5.2.1 Classification and Gold Standard

The classification distinguishes between basic, event-reletedfor short), and object-related
(objectfor short) adjectives.

As reported in Chapter 4, we built a small Gold Standard for the purpdsbs@xperiment,
corresponding to Gold Standard B in Table 4.25 (page 102). In addisstaged in the intro-
duction to this section, we used another subset of manually annotated digatfwe selection
purposest(ining subsefrom now on).

The Gold Standard consists of 80 lemmata and was classified by 3 judges$vatquayameters.
The 3 classifications were subsequently merged into a single one by the aiithis thesis to
analyse the clustering results.

The first parameter is the semantic classification, distinguishing betweenédgsitand object
adjectives. Recall that the judges were allowed to assign a lemma to a sdassdnccase
of polysemy, and that agreement scores for polysemy judgments wesigndicant at all.
Therefore, for this experiment we only consider the main (first) clasgreess$ by a judge, and
the acquisition of polysemy is deferred until the supervised experimentsiresg in Chapter
6. The meark score for the main class of an adjective is 0.74, which can be safelytadcep
for academic purposes.

The second parameter for classification within the Gold Standard is the distirbtio/een
unary andbinary adjectives, depending on the number of arguments of a particular adjectiv
Adjectives usually have a single argument (the head noun), and arertans However, some
adjectives have two arguments (dnieary), and the second argument is syntactically realised
as a PP or clause complement. An examplgel®s(‘jealous’), as inEl Joan esta gelds de la
Maria (‘Joan is jealous of Maria’). Recall from Section 3.1 that adjectives withentitan one
complement are extremely rare (see examples in (3.3b),/ page 21), scetibatywconsidered
the unary vs. binary distinctions. The judges had a m&avalue of 0.72 for this task. This
parameter will be relevant for the analysis of results.

The tuning subset consists of 100 adjectives, randomly chosen andlyasiassified by the
author of the thesis.

5.2.2 Features

The discussion in the previous chapter has shown that many featureltmrbecause the left
and right contexts of adjectives are not independent. Accountingofbrdontexts at the same
time in the feature definition should improve descriptive coverage, althowdbaitboosts the

number of features, which raises questions of data sparsenessftidomtext has been shown
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in Section 5.1.4.2 to be more significant than the right context: the features igitast and
lowest values in the resulting clusters (Table 5.11, 5.11) were maisky tboresponding
to the part of speech of words preceding the target adjective.

A powerful model to account for these facts would be a 5-gram modefairiong three words

to the left and one to the right of the adjective. However, a 14.5 million caspak as the one
we use here does not provide enough evidence for a 5-gram eepaiien. We therefore use
bigram pairs instead: in a 5-word window, the first two tags form a feandethe second two
tags another feature.

We also include different distinctions than those provided in the originalgiapeech tags,
so as to make them fit our task better. The POS tags we use for represeatatibtained by
combining the information in the first and second level of the original tag$ety @re listed in
Table 5.1312

In order to further reduce the number of features in a linguistically prindiplay, we took
phrase boundaries into account: all words beyond a POS considebedatphrase boundary
marker (marked with an asterisc in Table 5.13) were assigned trestpty

Tag Gloss Tag Gloss
*cd clause delimiter aj adjective
*dd def. determiner| av  adverb

*id  indef. det. cn  common noun
*pe preposition co  coordinating elem.
*ve verb np  noun phrase

ey empty

Table 5.13: Tags used in the bigram representation.

Example [(5.8) shows the representation that would be obtained for thexsente have re-
viewed in the first experiment (example (5.1), page 5.1). The targettadjefix, is in bold
face, and the relevant word window is in italics. Negative numbers indicesiigns to the left,
positive ones positions to the right.

(5.3) a. Elsinstints domeésticsperdir-hoaixi, sondel cert molt menydixos, o
Theinstinctsdomestic, to say-it so, are of-thetrueveryless fixed,or
invariablesque els instints naturals
invariable, thantheinstinctsnatural

‘Domestic instincts, to put it this way, are really much less fixed, or invaridbéa
natural instincts.

b. -3aj-2av, -lav+1co

The representation for sentence (5.3) states that the first elementrofjiaen (-3; third word
to the left of the adjective) is an adjective, the second element is an adkerthird one (-
1; word preceding the adjective) is also an adverb, and the fifth oneweitl following the
adjective) is a coordinating element. The two first elements form a feake-2yy) and the
two remaining elements form another feature (-1lww+1zz).

2Clause delimiters are punctuation marks other than commata, relativeum®and subordinating conjunctions.
Coordinating elements are commata and coordinating conjunctions. Nwasgs are proper nouns and personal
pronouns. Clitic pronouns were tagged as verbs, for they always diatedy precede or follow a verb.
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This representation schema produced a total of 240 different fediigeuh) types, 164 of
which had a prior probabilityx 0.001 and were discarded. The number of remaining features,
76, made it impossible to perform automatic feature selection, for it almost nottehaumber

of objects in the tuning subset (100). We attempted at selecting featuresliagcto the p
value obtained with a statistical test, individually applied to each feature. Hoywee faced
difficulties with establishing a reasonable threshold, because p valied adot depending on
the mean frequency of the feature.

For these reasons, we performed manual feature selection, on theb#dssexploration of
the boxplots for the tuning subset. In the experiments explained in Chaptevésuke a larger
Gold Standard, which allows us to perform automatic feature selection.

5.2.3 Clustering parameters

The clustering parameters for this experiment are very similar to the onésardexperiment
A (see Section 5.113).

Again, we tested several clustering approaches and criterion funai@iable in CLUTO,
and again, the overall picture of the results was quite robust acrossatiiffparametrisations.
In addition, two different combinations of features and feature valueeseptations (raw or
standardised proportions) were tested for each parameter. For ckaityns, we will limit the
discussion of the results to the 3 cluster solution obtained with 32 featurestamdhrdised
feature representation.

Also note that, as in Experiment A, we clustered the whole set of adjectise®dtourred at
least 50 times in the corpus (totalling 2,283 lemmata), and analysed the resutisipgréson
with the 80-unit Gold Standard.

5.2.4 Results
5.2.4.1 Evaluation

The contingency table comparing classes and clusters is depicted in Tatile 5.1

Clusters
0 1 2 Total
basic 9 26 4 39
Classes event 2 7 7 16

object 25 0 0 25
Totalgs 36 33 11 80
Total, 949 638 696 3521

Table 5.14: Experiment B: 3-way solution contingency tables.

Table 5.14 shows that, in contrast with Experiment A, there is a clear pomdsnce between
clusters and classes, in the sense that in each cluster there is a majority ofdevhoree of the
classes. Thus, cluster 0 contains mostly object adjectives, cluster ladgsitives, and cluster
2 event adjectives.

The correspondence between clusters and classes makes numellicatiew straightforward,
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Po K
baseline  0.49 10~ 1°
clustering 0.73 0.56
human 0.89 0.83

Table 5.15: Experiment B: Evaluation.

because cluster labels can be identified with one of the classes and nlireeaication can
proceed as usual with supervised techniques. The accuracy of gterasig algorithm (equiv-

alent to thep, agreement measure) is 0.73, that is, 73% of the lemmata were assigned by the
algorithm to the expected cluster, given the equivalence just outlined.daquate baseline
accuracy for our task is that of assigning all lemmata to the most frequesst clamely, the
basic class (39 out of the 80 lemmata in our Gold Standard are basic; sedistaution in

the last column of Table 5.14). It results in 0.49 accuracy. The accurfaitye algorithm is
almost 25% higher.

For comparison, it is useful to note that thé score of the clustering solution as compared
with the Gold Standard is 0.56. Recall that mean inter-jufigis 0.74. The meark value
between each human judge and the Gold Standard obtained by merging ttesiicaltons

is 0.83 (range: 0.74-0.87), and thg is 0.89 (range: 0.83 to 0.93). Th€ value obtained
with the clustering result is lower than humah values, but represents moderate agreement
according to the scale proposed by Landis and Koch (1977). TablesGrifarises the results
of the numerical evaluation for Experiment B. All values are obtained Inypawing each of
the classifications (baseline, clustering result, and human judges) with tde&S@mdard. The
last row corresponds to mean values averaged over the 3 judges. Idbtbdibaseling<
(obtained by comparing the Gold Standard with a uniform assignment to lims&)y near O,
as expected.

The class that receives less support in the cluster analysis is the elaptrclass, as half of
the lemmata are grouped together with basic adjectives and half are in theckasar. Our
preliminary diagnostic, which will be confirmed by the experiments explainechapé@r 6, is
that it is due to the lack of syntactic homogeneity of the event-related class.

A closer look at the lemmata in cluster 2 (the event cluster) reveals that iticesEven out
of the eight binary adjectives in the Gold Standard, and only four unaeg.o Recall from

Section 5.2.1 that information about the number of arguments (distinguishing ajactives

from binary ones, which have an additional argument realised as a coeqewas encoded
by the human judges. It seems, then, that what is being spotted in cluseibinary, rather
than event-related, adjectives. If we look at the morphological type,ristaunt that six out of
seven event adjectives in cluster 2 (against three out of seven inrclyistee participles.

A tentative conclusion we can draw is that participles and other kinds @rbdaladjectives
do not behave alike; moreover, it seems that other kinds of deverfeaiti®’ds behave quite
similarly to basic adjectives. Further discussion of this issue will be provit€hapter 6.

Event adjectives do not form a homogeneous class with respect toathede used. In con-
trast, basic and object adjectives are quite clearly distinguished framotiaer and from event
adjectives in the clustering solution depicted in Table 5.14, as was the caspdrirgent A.
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5.2.4.2 Feature analysis

As for the features that were most relevant for each cluster, listed ile 5ab6, they confirm
the analysis just madé3

Cl. Highest values Lowest values

0(0O) -3ey2dd -lcntlcd, -lcn+laj -3ey-2ey  -lawlcd, -lawlco
0.98+0.77 0.91+0.71 0.85+1.2 -0.7940.44 -0.624+0.33 -0.61+0.43

1(E) -1lcotlpe -lve+lpe -lcd+lpe -lcmlco, -lcntlcd  -1cnt+laj
1.22+15 1.19+416 1.11+16 -0.92+0.69 -0.79+0.70 -0.56+0.28

2(B) -lawlcd -lav+l®, -lcotlcn -3ey2dd  -lcnt+lve, -lcrtlpe
0.66+1.1 0.65+11 0.54413 -0.67+0.46 -0.534+047 -0.5240.65

Table 5.16: Highest and lowest valued bigram features across clusters.

Note that most of the values in Table 5.16 correspond to the immediate contextraling the
adjective, thus supporting the claim that a small window is sufficient for thipgses of our
task. In the supervised experiments explained in Chapter 6, only the teftgart word of the
adjective will be taken into account for the bigram representation.

Lemmata in cluster O (object adjectives) have high values for the expectpd’ “position,
right after the noun-(L.cn preceded by common noun, with a determiner to its {2fid) and
before any other adjective-{aj, followed by adjective). They are further characterised by not
being gradable (low value for features wittay, preceded by adverb).

As for adjectives in cluster 1 (event adjectives), they are positivedyaatierised by occuring
before a prepositionHlpe), which is an indication of their bearing a complement. They also
tend to occur in contexts other than the typical postnominal position (low veduekcn), most
notably in predicative position (high value fekve.

Finally, cluster 2 (basic adjectives) are characterised by being deafabtures with-1av),
and for presenting a more flexible behaviour than the other two classeboas by their
participation in coordinating constructions.¢o, +1cg. Note that in this clustering solution,
predicativity does not seem to play a major role in characterising basictisdgcAlthough
two features related to predicativity do present higher mean values jitslin cluster 2 than
for objects in other clustersive+1cd 0.31,-1ve+l1co 0.47), features regarding gradability
and coordination have higher values.

Also note that the most compact class, both from the ranking assigned by@lcluster 0)
and from the comparison with the Gold Standard, is that of object-relatectimdfeclt may
seem surprising, as the most prototypical adjectives are in the basic class

However, object adjectives have a very homogeneous definition aralioer, while basic

13 Tags in features follow the nomenclature in Tdble 5.13. The relevanatagepeated here for clarity:
cd: clause delimiter aj:  adjective
dd: definite determiner | av: adverb

ch:  common noun pe: preposition
co: coordinating element ve: verb
ey: empty

As explained in page 123 (example (5.3)), numbers indicate positiamtiogifrom the adjective; a positive sign
indicates position to the right of the adjective, a negative sign position to thef lisfe adjective.
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adjectives exhibit more variability: some are gradable, some are not; semeefrtly occur
in predicative position, some occur less frequently; etc. In addition, thie loéass has both
a positive definition (adjectives denoting an attribute from an ontologidat péview) and a
negative definition: all adjectives that do not fit in the constrained definitfmbject and event
adjectives are assigned to the basic class. Therefore, it is not as éoews as the object
class.

5.2.4.3 What about morphology?

Up to now, we have only used syntactic or, more generally, distributioatlfes. Morphology
is clearly related to the semantic classification proposed, as discussedion3e6.2. One of
the hypotheses of this thesis, as stated in Section 3.6.2, is that syntactic idorisanore

reliable than morphological information for the semantic classification of adgsctilve there-
fore expect agreement between the clustering solution and the Gold Btande higher than
the agreement with a classification based on morphological class.

An initial test with the present data seems to support this hypothesis. Fromaheal an-
notation in Sanroma (Sanroma, 2003), we mapped the classes as in Tabl®loding the
discussion in Section 3.6.2.

morph sem
not derived basic
denominal object
deverbal event
participle event

Table 5.17: Mapping from morphology to semantics.

The agreement between this classification and the Gold Standeyd=<.65 and K = 0.49.
These figures are well beyond the baseling£ 0.49 and K = 10~'?), but represent a lower
accuracy than that obtained with distributional featupgs< 0.73 and K = 0.56).

Actually, 13 out of 35 denominal adjectives, 7 out of 13 deverbal &ggcand 5 out of 15
participles were considered to be basic in the Gold Standard. Most of the toissaare
actually cases of polysemy (or ambiguity): for instamoegcanic classified as basic in the Gold
Standard, has a basic meaning (equivalent to ‘monotonous’) that wai&leced to be primary
by the experts. However, it also has a ‘related to mechanics’ reading. midiphological
mapping works best for nonderived adjectives: 14 out of 16 wesicha denotation (the
remaining two were classified as object).

Thus, our hypothesis seems to be backed up by the data available. A jgdnicipestigation
of the quantitative and qualitative differences between different le¥éisguistic description,
including syntax and morphology, is offered in Chapter 6.

5.3 Summary
The unsupervised experiments reported in this chapter had three maosesirgirst, to pro-

vide feedback to the classification. The classification has been revisedcl@ss was added
and one class removed) according to the results of the initial clusteringexgmds. In the first
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experiment, a large overlap between the Gold Standard and the clustdutigrsbas been ob-

served, but by no means a one-to-one correspondence. In threlsatsupervised experiment,
with the modified classification, a clear correspondence between clustbcdasses has been
shown. Even if feature selection has been performed to select the neapiadd features for

our task, this piece of evidence provides support for the classificatapoped.

The second goal was to gain insight into the modelling of polysemy. In expeti#n@olysemy
has been modeled in terms of additional classes. This approach is cleadgpropriate, at
least for a clustering methodology: polysemous adjectives are not iddratffia homogeneous
and distinct class. Our explanation of these results is that polysemousiagjeare not a
homogeneous and distinct class: they share behaviours of the claggestirthey participate,
but they do so to differing extents depending on their most frequentselmsexperiment
B, only the main semantic class of each adjective has been explored, tlousggpolysemy
information. An alternative modeling of polysemy and design of the machinaiteptask
should be envisaged. Chapter 6 examines one such alternative.

The third goal was to test the two models (self-defined semantic featurédimahdistributional
features) of the data, so as to test their relative performance in the cigst&periments. The
results should serve to provide an initial description of each class in terthgiptistributional
characteristics. The features were defined at a shallow level within a snalbw, with the
reasoning that, adjectives exhibiting a limited syntactic variability, a small windouldhbe
enough for capturing their essential properties.

The examination of the whole set of distributional properties of adjectitefingd in terms

of unigrams for experiment A, of pairs of bigrams for experiment B) waeeeted to provide
additional clues with respect to the characterisation of each class. Véhaawe found is that
the predictions made from a theoretical point of view (semantic featuregperiexent A) are

largely supported in clustering experiments using distributional featunelsthet parameters
such as gradability, predicativity, and position with respect to the heackkeant no matter
which representation of the data is chosen.

The analysis has also suggested new cues, such as the presensencealf a determiner in
the NP, the complementation patterns of adjectives, or the syntactic functibe béad noun.
These will be examined in Chapter 6.

In Experiment B, one class is not identified: event-related adjective® clustering only

identifies event-related adjectives that are binary (bear complements).reffaining event
adjectives seem to behave like basic ones. Event-related adjectivaetdaa characterised in
terms of syntactic properties, as will be shown in Chapter 6.

In Chapter 4, we saw that the event class also presents problems fremaatsc point of
view. Thus, although some event-related adjectives present a distinahses with respect to
basic and object classes, which was the reason to include them in the cdaissifithey do not
constitute a homogeneous class, neither from a semantic nor from a syptactiof view.

Finally, the features examined within the clustering experiments are correfatemantic and
syntactic properties. However, the revised classification into basic, talglated and event-
related adjectives bears an obvious relationship with morphological piegeWe have per-
formed an initial, simple test comparing the clustering solution for syntactic fesatamd a
naive mapping between morphology and semantics, based on the manuabiogigai clas-

sification by Sanroma (2003).
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The results indicate that the morphology-semantics mapping achieves quiteaguidts, but
that better results are obtained with syntactico-semantic, distributionaldsatOur explana-
tion is that the main source of mismatches between morphology and semanticacaremic
meaning shifts. If an adjective acquires a meaning that correspondsttteasemantic class,
it behaves like an adjective of the new class, irrespective of its morpicaldgpe. However,
a systematic comparison of the roles of syntax, morphology and semantite folassifica-
tion of adjectives should be performed to test this hypothesis. Such a dempss offered in
Chapter 6.

Part of the material presented in this chapter has been published in theifigllaxticles:

Boleda, G. and Alonso, L. (2003). Clustering adjectives for clasaiaitipn. InProceedings
of the EACL'03 Student Sessjgages 9-16, Budapest, Hungary.

Boleda, G., Badia, T., and Batlle, E. (2004). Acquisition of semantic cldssasjectives from
distributional evidence. IRroceedings of the 20th International Conference on Computational
Linguistics (COLING 2004)pages 1119-1125, Geneva, Switzerland.
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Chapter 6

Experiment C: Polysemy acquisition
as multi-label classification

... high level semantic knowledge can be computed from large amounts of low
level knowledge (esentially plain text, part-of-speech rules, and optyaantac-
tic relations) . ..

Hatzivassiloglou and McKeown (1993, p. 172)

The experiments explained in Chapter 5 have served the purposesofgedfie classification,
providing an initial description of each class in terms of its distributional ptogse and testing
different models of the data: theoretically motivated featusegram, and bigram pair features.
They also provide some support for the hypothesis that syntax is a dette¢han morphology
to the semantic class of adjectives. This hypothesis will be revised in thisecthap

In all the experiments explained so far, a pressing issue remains: poly$gmiave argued
that treating polysemous classes as separate categories, as was dgperimé&nt A (Section
5.1) is not adequate to acquire data on polysemy.

This chapter reports on a series of experiments that set up an altearatiecture for the ac-
quisition semantic classes for adjectives including polysemous class assignifteese exper-
iments also aim at providing a thorough comparison of different linguistic lefelsscription
(morphology, syntax, semantics) for the task at hand.

For these experiments, we use a supervised technique, Decision forees) reasons. First,
because the classification and our initial predictions with respect to thaatbestics of each
class have already been tested using an unsupervised technique, iststhelatively safe to
move to supervised techniques. Second, because it facilitates the rietectce to acquire
information regarding polysemy.

Before turning to the discussion of the experiments, we explain and motieateth architec-
ture. Acquisition of semantic classes for polysemous words can be viesved mstance of
multi-label classification. Multi-label assignment has been tackled in re@ams within the
Machine Learning community mainly in the field of Text Categorisation, wherecament
can be described via more than one label, so that it effectively belongsriothan one of the
targeted classes. Our situation is similar: polysemous adjectives are assignere than one
class.

When discussing weight assignments for the weighted kappa measuretion$e8.6, we
justified our weighting schema by modeling the decisions of the human judgesrgied that
they could be viewed as independent decisions, because the taskafdjeative was, for each
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pattern, to test whether the adjective fitted the pattern or not, irrespettiteether it fitted the
previous or the following oneé.

The same reasoning can be applied to the machine learning algorithm. InSgeghgpting at
a full-fledged classification (deciding, e.g., between B and BO), as irriexet A, the global
decision can be decomposed into three binary decisions: Is it basic otsnibtibject-related
or not? Is it event-related or not? The individual decisions can thenrhbioed into an overall
classification. If alemmais classified both as basic and as object in eachoiriding decisions,
it is deemed polysemous (BO).

This approach has been the most popular one in Machine Learning velaéingdwith multi-

label problems, according to, e.g., Schapire and Singer (2000) antir@hvaand McCallum
(2005). It has recently been applied to other NLP problems, such asnierRale Labeling
(Baldewein et al., 2004), entity extraction, and noun-phrase chunkin@génald et al., 2005).
McDonald et al. (2005) argue that multi-label classification is the most rahadel to repre-
sent overlapping and non-contiguous segments in segmentation tasksll Afgoly it here to

the task of semantic class acquisition for adjectives: first, make a binastateon each of the
classes. Then, combine the classifications to achieve a final, multi-labeficttgm.

This chapter is structured as follows. The classification and Gold Stamdarexplained in
Section 6.1. The method followed for the experiments, from feature defindgierperimental
procedure, are detailed in Section 6.2. Sedtion 6.3 reports the accesdisrand the error
analysis, which are further discussed in Section 6.4.

6.1 Classification and Gold Standard

The classification pursued in this chapter is the same as in Experiment B (88cid),
namely, a classification into basic, object-related and event-related adgectiowever, we
do not only aim at acquiring the main class of each adjective, as in ExpdrBnént we also
attempt at tackling polysemy.

The Gold Standard used in this chapter is the set of 210 adjective lemmatssdidén Chapter
(Gold Standard C in Table 4.25). The classification we rely on for the sisady results is
the one consensuated by the 3 experts.

Before moving to the experiment, we briefly review the characteristics ¢f samantic class
and the predictions we can gather from Chapters 3 to 5.

We expect object adjectives to have arigid position, right after a nougiialan), with a strong
adjacency constraint. Any other modifiers or complements (PPs, othetieee@tc.) occur
after the object adjective. This restriction also implies that object adjedtisres very low
frequencies for predicative positions. In addition, they are typicallygrexhable, or gradable
only under very restricted circumstances (see examples in (3.44), pagadbthe subsequent
discussion about this issue).

Event adjectives are the less clear class from a syntactic or distribupioimébf view. From the
unsupervised experiments, it seems that they appear most naturally iicapikedenvironments

!Remember that this is a simplified picture: as stated in footnote 14 {pagb&Huse a maximum of two
answers could be given, the judges had to somehow “rank” the pattedhshoose at most the two first patterns in
the ranking. This means that the decisions are not entirely independent.
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and tend to bear complements. This is probably due to the fact that most oatkataverbal
and thus inherit part of the verbal argument structure. They tend o fanger constituents
that are mostly placed in predicative position. For the same reason, theld sippear in
postnominal, rather than prenominal, position when acting as modifiers.

As for basic adjectives, most of them can be used nonrestrictivelyuglththe most frequent
modification is post-nominal. They are also used in predicative constructidmsn combined
with other kinds of adjectives, mainly object adjectives, they appear gtdhigheria. Finally,

they are typically gradable and thus co-occur with degree adverbsufines.

6.2 Method

6.2.1 Linguistic levels of description and feature choice

In the experiments explained in Chagter 5, features from two levels of lifngisscription
were used: semantic (with the caveats mentioned in Section 5.1.2.1, pagariD&)orphosyn-
tactic or distributional features. In addition, a simulated classification wasnebtdased on
morphology.

In this chapter, we test all these levels of description (plus an additioebgainst each other.
To that end, we use the same machine learning algorithm and feature seteetibanisms for
all levels of description. Table 6.1 lists the linguistic levels considered: mévgigmorph),
syntax ung uni, bi), and semanticssén). In levelmorph the features are categorical, that is,
their values consist of a list of categories. In the remaining levels, therésadue numeric (con-
tinuous), and are coded as proportions: their value corresponds podpertion of contexts
fulfilling the feature definition among all occurrences of a given adjec®ane exceptions to
this definition will be signaled in the discussion that follows.

Level Explanation # Features
morph morphological (derivational) properties 2
func syntactic function 4
uni uni-gram distribution 24

bi bi-gram distribution 50
sem distributional cues of semantic properties 18

Table 6.1: Linguistic levels as feature sets.

This section provides a detailed explanation of the feature definitions withimleasl. It also
discusses the predictions made throughout this thesis against the empidesioe gathered
from analysing the distribution of the features in the Gold Standard. In ticegfigon, polyse-
mous classes are separately considered for completeness. Howeadrihrat in the machine
learning experiments we will tackle each class (basic, event, object) gsasate learning
task, so that we will not attempt at characterising polysemous classes indenaomogeneous
groups of adjectives.

6.2.1.1 Morphological features

Two morphological features are taken into account: derivational gypd andsuffix in case
the adjective is derived. The information is taken from the manually develdptabase by
Sanroma (2003). The features and their possible values are listed in6T2ble
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Dtype Gloss Suffix for dtype

N denominal &, al, ar, ari, at, i, ia, ic, ista, istic, iu, 6satier
0] not derived -

P participial t

\Y deverbal ble, er, iu, nt, or, ori, 6s

Table 6.2: Morphological features.

denominal
not derived
participial
deverbal
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Figure 6.1: Distribution of derivational type across classes.

Note that featursuffixis a specialisation of featuditypefor the denominal and deverbal types;
the question is what level of description (general type or particularx3wffill best serve the
purposes of semantic classification.

Figure 6.1 shows the distribution of adjectives into semantic classes, aggvdheir different
derivational type. Table 6.3 contains the same information in form of comtaygable (largest
values boldfaced). The mapping predicted in Chapter 5 (not deriveddit,bdeverbal and
participial to event, and denominal to object) receives support in Figateahough obvious
mismatches also strike.

The best correspondence between morphology and semantic classas derived adjectives.

class
B BE BO E EO O Total
denominal(N) 24 0 19 1 0 26 70
dtype not derived (O) 67 O 2 0 0O 1 70
participial (P) 2 5 0 8 0O O 15
deverbal (V) 14 2 2 28 6 3 55
Total 107 7 23 37 6 30 210

Table 6.3: Distribution of derivational type across classes.
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B BE BO E EO O Total
- 67 0 2 0 0 1 70
a 1 0 1 0 0 5 7
al 3 0 2 0 0 4 9
other 0 0 2 0 0 1 3
ar 6 0 1 0 0o 2 9
ari 3 0 3 0 0 3 9
at 1 0 0O O 0O O 1
ble 3 1 0O 6 1 0 11
er 0 1 0 1 0 1 3
i 0 0 0O O 0 1 1
ia 0 0 0O O 0 1 1
ic 1 0 2 0 0O 6 9
ista 2 0 6 O 0o 1 9
istic 0 0 1 0 0O O 1
iu 3 0 2 1 4 2 12
nt 4 0 0O 6 1 0 11
or 1 0 0 10 0O O 11
ori 2 0 0o 2 0 1 5
0s 7 0 1 3 0 1 12
t 2 5 0O 8 0O O 15
ut 1 0 0 O 0 O 1
Total 107 7 23 37 6 30 210

Table 6.4: Distribution of suffix across classes.

Only 3 out of 70 not derived adjectives are not purely basic. Dalentd participial adjectives
are mostly event-related. However, some (16) are only basic and somar€lfolysemous
between event and another class. Note that most cases of polysemghédtmsic and event
readings (BE) are due to participles. Section 6.2.1.2 further comments on thés iss

In contrast, all cases of polysemy between event and object readi@safe due to other
kinds of deverbal adjectives. In fact, for deverbal adjectivesetlieisome overlap with the
object class (2 BO, 6 EO, 3 O adjectives), which does not happen witisipaals.

The worst correspondence affects denominal adjectives, as m@diaes are classified as
basic (24 items) and BO (19 items) than as object (26 items). This is due takt@aaors:
first, as we will shortly see, some denominal suffixes build mainly basic agscti

Second, recall that Raskin and Nirenburg (1998, p. 173) posit @uptive semantic process
that applies to all object-related adjectives so that they can be usediagdagsschema 3.45,
page 57): from a “pertaining to X" meaning, a “characteristic of X" mearsrageated, X being
the object-denoting noun. Sometimes, the “pertaining to X” meaning is lost dynest, so
that only the basic meaning remains. This accounts, e.gsubsidiari (‘subsidiary’; does
not mean ‘related to subsidy’, but ‘secondary, complementary’). Int wases, however, the
“pertaining to X” meaning remains, so that polysemy (or ambiguity) is createdinBtance,
huma(‘human’) is used in the study corpus both in the “pertaining to humansesgExample
(6.1a)) and the “characteristic of humans” (example (6.1b)) sense.
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(6.1) a. [elsanimalsdomésticsformenpartdela societathumana
[the animalsdomestic] form  partof the society human

‘Pets are part of the human society’

b. Qualsevopersongodiasermés intel-ligentque Swift, 0 almenysmés humana
Any person couldbe moreintelligent thanSwift, or at-least morehuman

‘Anyone could be more intelligent than Swift, or at least show more humanity’

A patrticular case of this general semantic process are ideology-reldjetizes, as has been
discussed throughout the thesis.

Table 6.4 shows the distribution of adjectives across the semantic classmsliag to the suffix
they bear. Note that some suffixes correspond to the expected semastibetter than others,
as has already been suggested. Within denominal adjectives, thestifixenostly map their
adjectives to the object class ai& -al, and-ic, and those that cause most mismatches are
-ar, -ista, and6s Within deverbal adjectivespr is the most regular suffix, followed by the
participial markert. Suffix -iu is the less regular one, with 3 basic, 2 basic-object, 4 event-
object and 2 object adjectives; only one out of twelve deverbal adgsctvith this suffix has
been classified as purely event in the Gold Standard.

To sum up, although there is a quite regular relationship between morphafaygemantic
class, exceptions of various kinds arise for many adjectives. We eg@exantic and syntactic
information to improve on morphology for at least some of the semantic classes.

6.2.1.2 Syntactic features

Syntactic features come in three definitions. First, the syntactic functior fl@vein Table
6.1) of the adjective, as assigned by CatCG. Second, unigram distripatiomas defined in
experiment A (Section 5.1): the parts of speech of the words precedthépowing the ad-
jective are separately encoded as features. Third, the bigram distnibuticExperiment B
(Section 5.2.4), pairs of bigrams were explored, accounting for thedefigens) and right (1
token) contexts. In that experiment, the bigrams corresponding to postenms 3 to the left of
the adjective were not as useful as the bigrams corresponding to the inensmhigext. There-
fore, in the present experiments the first bigram is ignored: only therhigraund the target
adjective is taken into account. In addition, only the most frequent 50rbigyeae considered,
S0 as to avoid too sparse features.

For both unigrams and bigrams, the codification is as in experiment B: weeisagthin Table
’5.13 (page 123), which encode more fine-grained information than thiearjzart of speech
tags. For discussion of the role of unigram and bigram features in thete¢arglasses, we refer
the reader to Chapter 5. In this Section, we only discuss features irgagehtactic function
in detail.

In the discussion of the syntactic and semantic features (this section anekttene), we will
graphically show the distribution of the features across the classes wsiptpts. The scale of
all graphics is the same to facilitate comparisons between features, vatgasgrérom 0 to 1
(with one exception that will be signaled). This kind of representation makasration easier
than a numerical representation in a table. However, the mean and staledé&tions of all
features are available in Appendix B (Tables B.1/and B.2).
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For all features discussed, we also perform one-way analysis iainear ANOVA, to check
whether the difference in mean value of the feature across the 6 classgsificant. Homo-
geneity of variance is not assumed. Significant results (p.05) provide evidence that the
feature is relevant for at least one of the distinctions involved in our téfkalso perform a
two-tailed¢t-test on a specific distinction, basic vs. event, because, as we will asie, dnd
event adjectives are not often distinguishable on the basis of the sym@tadtsemantic features
defined. Equality of variance is not assumed in thetgssts.

We now turn to the discussion of features regarding syntactic functiotC&distinguishes
among 4 syntactic functions for adjectives, as listed in Table 3.1 (pag@e@&tynominal modi-
fier, pre-nominal modifier, predicate in a copular sentence, and ptedivather environments.
These will be used as features in the supervised experiments. Note tk# Gaes not yield
completely disambiguated assignment of syntactic functions (see Section thz.d3e of am-
biguity, we take the most frequent function among the alternatives left l3&aaccording to
the frequencies in Table 3.1.

Figure[ 6.2 shows the distribution of feature values for each syntactigidmn@dentified in
the title of each graphic) in the different semantic classes. Table 6.5 reépentssults of the
ANOVA and-tests for these features.
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Figure 6.2: Distribution of syntactic functions across classes.

Object-related adjectives occur almost only as post-nominal modifierseé/alose to 1 in
graphic A for O, EO, and BO), and conversely have lower values ®rémaining features.
Only basic adjectives and some event adjectives occur as pre-nomiddlarso Frequency
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Comparison Feature daf Fht p
post-nominal mod. 5;36.5 64.4< 10~
pre-nominal mod. 5;42.3 15.8 <107®

6 classes

pred (cop.) 5,35.8 27.3< 10710

pred (other) 5;36.1 25.0< 10710
post-nominal mod. 54.6 -0.22 0.82
B E pre-nominal mod. 108.8 3.56 0.0005
' pred (cop.) 52.8 -0.94 0.35
pred (other) 445 -1.62 0.11

Table 6.5: Results of statistical tests for syntactic function.

of occurence as pre-nominal modifier, thus, can be used to some exi@icua to distinguish
basic and event adjectives, which is not the case with predicative fuscidote, however, that
the feature is quite sparse, which favours confusion.

Both basic and event adjectives occur as predicates with a similar freg(sse graphics C
and D), as confirmed by thetests in Table 6/5. Note, however, that adjectives classified as
polysemous between basic and event (BE) have higher values facatreel functions than
pure basic or pure events. The difference in mean values acrossxBsBE, and E is only
significant for predicative funcion in other environments (graphic Djoading to one-way
ANOVA: F(2;14.5)=7.33, p = 0.006. BE adjectives, thus, occur as adjunct jatediavith a
higher frequency than either basic or event adjectives.

Finally, note that the four features cover the whole distribution of adjeciieairences in the
corpus, so that one of them is necessarily redundant (its value caedbeat from the values
of the other three features). However, a priori we cannot determirshweine to eliminate, and
it could be that different features were useful for the different disitims to be made (basic
or not, event or not, object or not ). Therefore, we fed all feattwethe feature selection
algorithm. The same applies to some of the features that will be presented ixtreention.

6.2.1.3 Semantic features

The semantic features used for this chapter are a refinement and extefttie features used
for Experiment A (see Section 5.1.2.1). They include the features ddtinéckperiment A at
different levels of granularity, as well as additional features that haaialy arisen during the
analysis of results of Experiments A and B. We next examine each of themmin tu

Not restrictive The cue to non restrictive use is again the pre-nominal modification tag as-
signed by CatCG. See the previous section for the distribution of this feattwes classes.

Features regarding predicativity The cue for these features is also the function tag assigned
by CatCG, except for two differences in granularity level. In Figure 6&cfion 6.2.1.2) it is
clear that the overall distributions of the two predicative features asesiilar, so that they
convey similar information. Because both features are quite sparse, isrsakse to combine
them. We define a featupgedicate (global)encoding the sum of the two predicative functions.

In Catalan, as in Spanish, two different copular verbs ezetandestar Only some adjectives
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select for the copulastar For Spanish, it has been argued that the distinction between the
two roughly corresponds to whether the predicate denotes temporagsemtil properties
(Demonte, 1999, among many others). The behaviour of Catalan adgsfiverespect teer
andestaris subject to much variability (De Cuyper, 2006), but is related to similar semantic
information.

To check whether the selection of the copular verb correlates with artiadjgsemantic class,
predicative uses withstaras the main verb have been encoded as a separate feature. Note that
CatCG does not provide dependency information. Therefore, a epgi®ximation has been
used. For any adjective with a predicative function, a main verb is looke¢bt tagged by
CatCG) within seven words to the left of the adjective. Any of the vertar, semblar(‘seem’),

or esdeveni(‘become’) contribute to featurestar(semblarandesdeveni@are similar toestar

in terms of their aspectual properties).

Figure| 6.3 shows the four features regarding predicativity that aredadlin the semantic
level. Graphics A and B correspond to graphics C and D in Figure 6.2aenthcluded for
comparison withpredicate (global) The global representation for predicativity (graphic C
in Figure' 6.3) yields sharper differences in the distribution of the feattmesa classes, and
significant results are obtained in the 6-way comparison, as shown in [GableThe same
applies to featurgredicate (withesta), despite the fact that it is quite spar%.However,
neither of the two new features shows significant differences in the nadaas/for basic and
event adjectives (see Table 6.6).

Comparison Feature daf  Fht p
predicate (global) 5;36.8 44.62< 10~ 13

6classes ) edicate (wittesta)  5:32.9 558  0.0008
B E predicate (global) 514 -1.59 0.12
' predicate (withestar) 43.2 -1.45 0.15

Table 6.6: Results of statistical tests for features regarding predicativity.

Features regarding gradability Three features to represent gradability have been explored
here: gradableandcomparable defined as in Experiment A, and a featgradable (global)
which adds up the values fgradableandcomparable The reasoning is the same as for fea-
tures regarding predicativity: featurgsadableand comparableconvey similar information.
The question for the experiments is which level of granularity is most adefreeach seman-

tic class.

Figurel 6.4 depicts the distribution of the three features regarding gradadulibss classes.
Note that evidence fogradableand comparableis quite sparse, so that class distinctions for
gradable globalare clearer. However, the three features show highly significant méan d
ences according to the ANOVA test (Table|6.7). Object adjectives Hamdlower values for
the three features than basic and event adjectives. If only basic entlagljectives are com-
pared, the differences are not significant (see Byuie in Tablel 6.7), which means that basic
and event adjectives do not differ in their mean gradability values.

2To conduct the ANOVA for featurpredicate (withestaj, random noise was added, because adjectives in the O
and EO classes all had a value of 0.
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Figure 6.3: Distribution of features regarding predicativity across classes.

Features regarding definiteness In the analysis of Experiment A, the definiteness of the NP
containing the adjective arose as an issue deserving closer inspectéaefWe three features

to cover this aspectiefinite(the adjective occurs within an NP headed by a definite determiner),
indefinite(the adjective occurs within an NP headed by an indefinite determiner, obanea
plural NP), ancbare (the NP does not have a determinér).

These features only make sense when adjectives occur within an NB, thvten they func-
tionally act as modifiers. To avoid unintended interactions with the dominataaymfunction
of each adjective, which is separately accounted for in other featilmesalues for features
regarding definiteness were computed as proportions within the total nuwhbecurences of
each adjective as a nominal modifier.

Because full-fledged phrase structure is not provided by CatCGrésategarding definiteness
were implemented in terms of regular expressions searching for a detetmiherleft of the
adjective. Agreement properties (gender and number) of the deteranidehe adjective were
checked.

Figurel 6.5 shows that object adjectives have clearly higher valuegefaritethan basic and
event adjectives (graphic A), which means that they appear in NPs withitdedeterminers

3As indefinite were considered the following lemmata (classifieguasntitative indefinite andcardinal deter-
miners in GLiCom'’s dictionary)bastant gaire, for¢a, prou, massamés molt, tant, menyspoc qualseval gens
tot, algun cap, qualque mant senglesand the cardinalauf ‘one’, dos‘two’, etc.).
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A: Gradable B: Comparable C: Gradable global
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Figure 6.4: Distribution of features regarding gradability across classes.

Comparison Feature daf  Flt p
gradable 526.6 21.54< 10777

6 classes comparable 5;35.9 14.06< 107
gradable (global) 5;33.1 18.51< 10797
gradable 448 -0.98 0.33

B, E comparable 495 041 0.69
gradable (global) 485 -0.29 0.77

Table 6.7: Results of statistical tests for features regarding gradability.

with a much higher frequency than other kinds of adjectives. Conversaly tend to have
lower values for indefiniteness (graphic B), although the differenceti&s sharp. Both fea-
tures achieve highly significant results in ANOVA, as shown in Table 6.8.
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Figure 6.5: Distribution of features regarding definiteness across classes.

A possible explanation of these facts is as follows. Object adjectives mcundobject or
object class in their denotation. They are frequently used to subclassityjs, to specify
subclassess(ibkindsaccording to McNally and Boleda (2004)) of the objects denoted by their
head nouns. A definite determiner signals that the object is available in thextem both
speaker and hearer, that is, it has already been introduced. Oneenactpss of objects is
introduced in the discourse, a subclass is specified through the useNP @ontaining an
object adjective. Because the class has already been introducedwttdncan be headed by

a definite determiner.
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Comparison Feature daf  Flt p
definite  5;33.2 50.54 < 10~ 13
6 classes indefinite 5:28.4 9.34 < 107%

bare 529 5.85 0.0007
definite 50.2 -0.70 0.49
B, E indefinite 58.6 1.29 0.20
bare 64.8 1.58 0.12

Table 6.8: Results of statistical tests for features regarding definiteness.

A fictitious example of this phenomenon is givenin (6.2). In (6.2a), the clesisjects denoted

by malalties greug‘serious illnesses’) is introduced with a plural NP. Because pulmonary tu
berculose is a subtype of serious illness,/in (6.2b) the NP whpelm®onarappears can be
headed by a definite determiner. This explanation should be checkedjthamuempirical
study.

(6.2) a. Al  congrés s'hi va parlarde malaltiesgreus.
At-the conferencdREFL-CLIT PAUX-3psspeakaboutillnessesserious.

‘At the conference, serious illnesses were talked about.’

b. Perexempleja tuberculosipulmonar
Forinstance thetuberculosgulmonary

‘For instance, pulmonary tuberculose’

For featurebare(graphic C), the differences are lower than for the other two featttesever,
note that the median values depicted in the boxplots gradually descend. Tererdiés for
featurebare across all classes is significant (see Table 6.8), mainly due to the ddéeien
mean between basic adjectives (0.20) and object adjectives (B.Baasic adjectives tend to
appear in bare NPs with a slighty higher frequency than object adjectives

Again, however, definiteness is not useful to distinguish between badiewent adjectives.
The two classes do not exhibit significant differences in mean valuesnfpoiof the features
regarding definiteness, as shown in Table 6.8.

Syntactic function of the head noun In the analysis of Experiment A, the syntactic function
of head nouns also emerged as a possible clue to the semantic class ofesljatke define
three features to account for this piece of information. As was the casdeaiilres regarding
definiteness, only occurences of adjectives with a modifying functioe teden into account,
and the values were computed as proportions with respect to the total nufrdzuocences
with a modifying function.

CatCG only provides partial information for dependency: it only indicathstiner the head
noun is to be found at the left (post-nominal modifier) or the right (preinal modifier) of
the adjective. Therefore, we identified the head of the NP with some hesiristie head was

A t-test testing for the mean of featubare for basic and object adjectives yields a highly significant result:
t(87.9)=5.4, p< 1076,
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searched for in the direction indicated by the function tag of the adjectite. fifst noun or
determiner found was identified as the head of the adjective if it had compatibéement
(gender and number) features. If it did not, the search continued uge forth of a 11-word

window (7 to the left, 3 to the right of the adjective). With this procedure, ventified a

head for 82% of the NPs in which our Gold Standard lemmata intervened. Wetaksess
accuracy.

Although the functional tagset of CatCG distinguishes between 10 possiidédns for nom-
inal categories, we only considere the three most frequent functiansgly, subject, object,
and prepositional complemenBrepositional complemens used for nouns heading the NP
complement of a prepositional phrase.

Figure 6.6 shows the distribution of the three features across classeldar that the most
useful feature ikiead as prep. comgfor which object adjectives have much higher values than
basic and event adjectives, as confirmed by ANOVA (Table 6.9). We haveady explanation
for the difference in values for featuhead as prep. compAn examination of the structures
involved, and most notably of the kinds of hominal heads, should be dastieto achieve
further insight.

Featurehead as subjecyields mildly significant results (p=0.02), mostly due to differences
between classes basic, event, and basic-event. Event adjectives sdgjédygts with a slightly
higher frequency than basic adjectives (0.09 vs. 0.08). That thigeliife turns out to be
significant in a-test with the standard=0.05 (p = 0.03; see Table 6.9) suggests that the proper
« for this feature is lower. Note that this feature is quite sparse, and aslltsreariances are
small.

A: Head as subject B: Head as object C: Head as prep. comp.
o o o
— — —
@ | @ | @ | o
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Figure 6.6: Distribution of features regarding head syntactic function across classes.

Comparison Feature daf  FlIt p
head as subject 5:28.7 3.42 0.02

6 classes head as object 5275 0.68 0.64
head as prep. comp. 5:;31.7 30.1% 10710
head as subject 50.9 -2.18 0.03

B, E head as object 70.8 0.34 0.73
head as prep. comp. 65.3 1.26 0.21

Table 6.9: Results of statistical tests for features regarding head syntactic function.
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Distance to the head noun In this experiment, we attempt at generalising feaadcent
from Experiment A. That feature identified adjectives occuring betweeaoun and another
adjective (see Section 5.1.2.1). The hypothesis is that object adjecticas more tightly
attached to the noun than other types of adjectives. Therefore, in théaimition we counted
total distance to the head noun, expecting it to be lower for object adjedtraa for other
classes. The head of the NP was identified using the heuristics explames] ahd the distance
was counted in terms of number of words. Therefore, the values of thisreedo not range
between 0 and 1, as the other features, but between 0 (immediately adjace®3 (almost
two words between adjective and head).

As can be seen in Figure 6.7 and Table 6.10, this feature effectively diistires between
object and either basic or event, but does not help distinguish basicfrent.

15
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Figure 6.7: Distribution of featuradistance to head nowactross classes.

Comparison Feature daf  Fht p
6 classes distance to head noun 5;30.6 14.5810%
B, E distance to head noun 56.7 -0.89 0.38

Table 6.10: Results of statistical tests for featuttestance to head noun

Binaryhood In Experiment B (Section 5.2), the “binaryhood” of an adjective wasa&d as
a clue to its belonging to the event class. Event adjectives tend to bear coempée a correlate
of their being binary (having two arguments), while basic and object adisathost frequently
have only one argument.

Because most adjective complements are headed by a preposition, thie featesponds to
the proportion of prepositions found at the right of a given adjectivausal complements are
introduced by a conjunction instead, but conjunctions were not includée iieature definition

because they proved too noisy: in many cases, a conjunction followindjactise does not

introduce a complement, but an independent clause (as in constructiogs bka que .., ‘it

is clear that...”).

As shown in Figure 6/8 and Tahle 6/11, featbirary has a different distribution when the
overall, 6-way classification is considered, and also when only basiewtt adjectives are
considered.
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Figure 6.8: Distribution of featurebinaryacross classes.

Comparison Feature df  Flt p
6 classes binary  5;29.1 5.24 0.001
B, E binary 546 -3.09 0.003

Table 6.11: Results of statistical tests for featusaary.

Gender and number Finally, we tested the distribution of agreement features, because it
could be that semantic properties encoded in terms of number and genddroeoelate with

the semantic class of an adjective. We only code plural and feminine, beithmet singular

and masculine convey exactly the same information as their counterparts.a8{gotves are
underspecified with respect to gender. For these cases, we uskailh d@ue estimated from

the frequencies of all adjectives in the corpus, namely, 0.48 for feminine.

Figure 6.9 and Table 6.12 show that only one tendency is observed, néonelyject adjectives
to modify feminine heads in a higher proportion than the rest of the adje¢tio¢s the mild
significance of ANOVA for featuréemining.

This could be due to the fact that in Catalan, abstract nouns denotingptssceh as science
disciplines are typically feminine. As has been mentioned above, objectiadseare typically
used to identify subclasses, and thus are used with these kinds of dussuggests that the
semantic type of the head is relevant for the semantic classification of adgdiv issue that
deserves further research.

However, agreement features are clearly not as useful as the ettards examined for the
distinctions we target at.

Comparison Feature df  Flt p

plural 5269 1.08 0.39
feminine 5;27.3 2.76 0.04
plural 58.3 -1.38 0.17
feminine 776 -0.44 0.66

6 classes

B,E

Table 6.12: Results of statistical tests for features regarding agreement.
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A: Plural B: Feminine
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Figure 6.9: Distribution of features regarding agreement across classes.

6.2.1.4 Discussion

We have discussed 19 different features from the syntactic fundtion) @nd semanticsen)
levels of descriptiorﬁ Only 3 of the 19 features, namefye-nominal modification/not restric-
tive, head as subjectandbinary, exhibit significant mean differences (measured at the 0.05
level) between the basic and the event class, as summarised in Table 6fa8t, lwe have
expressed doubts about the usefulness of fedteael as subjectbecause the differences in
mean value are very small.

Feature daf Fit p
pre-nominal mod./not restrictive 108.8 3.56 0.0005
head as subject 50.9 -2.18 0.03
binary 54.6 -3.09 0.003

Table 6.13: Syntactic and semantic features to distinguish basic and event adjectives.

This leaves us with only two generalisations about the difference betveséndnd event adjec-
tives, namely, that basic adjectives appear in pre-nominal modification \Witihar frequency
than event adjectives, and that event adjectives bear complementsgetgiaportion of cases
than basic adjectives. There could be a relationship between these pertgs: if event ad-
jectives enter into heavier constructions, bearing complements themseéxearétmost easily
placed after the noun. The two features are negatively correlatets@Pés=-0.24,1(208)=-
3.57, p< 0.0005), which provides support for this explanation.

However, the differences between the two classes are very weak: dlenumerous excep-
tions to the two generalisations provided, as can be gathered from F@rasd 6.8, and the
remaining features do not help distinguish between these classes. lastpdf out of the
19 features discussed exhibit significant mean differences for atdea®f the distinctions in
terms of semantic classes, and most notably serve to distinguish objectvadjdaim basic
and event.

We can expect the accuracy of experiments ran on the basis of syntastimantic features to
yield much worse results for the basic or event classes than for the olgest This prediction

5There are 4 different syntactic features and 18 semantic featungsyan 3 of them overlap.
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is confirmed in the results of the experiments (see Section 6.3).

Finally, note that for almost all features, polysemous adjectives in whicbhijeet class inter-
venes (BO and EO) pattern together with object adjectives, while BE agjsgiattern together
with basic and event adjectives. Also, note that BE adjectives have actitstinaviour for some
features: they exhibit higher values than either basic or event foré=ategarding predicativ-
ity, lower values for featurendefinite and lower values fonead as prep. com@ndfeminine
(see Figures 6.5, 6.6, and 6.9).

The seven BE adjectives in the Gold Standard amimat (‘fanimated | cheerful’)cridaner
(‘vociferous | loud-coloured”)embolicat(‘'wrapped | embroiled’)encantat(‘charmed | absent-
minded’), obert (‘opened | open’)raonable(‘reasonable’) sabut(‘known | wise’). These are
mainly participials derived from stative verbs. In contrast, participlesatetlassified as pure
events in the Gold Standard tend to be derived from dynamic vexbsmpanyaf‘accom-
panied’),encarregat(‘entrusted’),orientat (‘oriented’), picat (‘perforated, minced, crossed’),
promes(‘promised’),recomanaf‘recommended’). Only verbsblidar (for participleoblidat,
‘forgotten’) andirar (for participleirat, ‘angry’) are stative, in the sense that they cannot be
used in the progressive.

In Chapter 4, we argued that the Aktionsart of the verb plays a role ineimaustic type of
the deriving adjectives. The data reviewed in this Section seems to supjzohypothesis,
although further research is needed to clarify the relationship betwedndtfactors.

6.2.2 Machine Learning algorithm: C4.5

The technique we use for the present supervised experiments is oree rob#t widely used
machine learning techniques, namely, Decision Trees (Witten and Fradik). 20/e carry out
the experiments with the Weka software package (see Section 2.2.3).

Decision Trees provide a clear, compact representation of the dataditdrad thus facilitate
inspection of results and error analysis. The particular algorithm ch&¥eka’s J48, is the
latest open source version of Ross Quinlan’s C4.5 (Quinlan, 1993% i€4 very popular al-
gorithm “which, with its commercial successor C5.0, has emerged as thamaumkhorse
for off-the-shelf machine learning” according to Witten and Frank (2005 189). It has
been used in related research, most notably in the already cited studyrlyydvid Stevenson
regarding the classification of English verbs into unergative, unatieeisand object-drop
(Merlo and Stevenson, 2001).

The algorithm works in a top-down fashion. It recursively selects aibaté to split up the
examples in groups that are as pure as possible in terms of class, untijaatsobelow a
particular leave of the tree are of the same class, or no further splits ssiolgo

The functioning is clearest with nominal features, such as our morphaldgiatures qtype
andsuffiy. In an imaginary decision tree, the algorithm first splitsdiype so that each of
the possible values (denominal, not derived, deverbal, and participiad}itutes a new branch.
Within each branch, the class of the adjective is directly determined (e.graiochnot derived
the algorithm would stipulate class basic, because no further informatioaiialale) or further
branches are created with theffixfeature.

For instance, as has been shown in Section 6.2.1.1, it makes sense withemtmairhl type
to classify adjectives bearing suffixes and-6sas basic. To do so, a branch would be created
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for each possible value of featuseffix class basic would be assigned to leaxaasand-6s,
and class object to the remaining denominal suffixes.

The measure of purity that is used to select the best feature to branctbased in the In-

formation Theory measure of entropy that has been discussed in Sed&i@n(gee Equation
(4.13), page 96). In this case, entropy measures the uncertainty dd#iseo€ the objects below
a particular node in the tree. The less homogeneous the classes, thetigiecertainty and
thus the entropy value, and the lower the purity of that node.

To select the feature with highest purity (lowest entropy), itifermation gainmeasure is
used. The information gain computes the difference between the avargpyeof the tree
prior to branching and the average entropy of the tree after branchimgparticular feature.
The feature that provides the highest information gain is selected to boamcFhis criterion,
however, favours features with a large number of values. To cdoettis situation, theyain
ratio is used. The gain ratio takes into account the number and size of the daugis so as
to penalise features with a large number of values.

This method only works with nominal features. To extend it to numeric fegtordg binary
splits are considered. Objects are ordered according to their numeresyalod breakpoints
are considered that do not separate objects of the same class. Theaitdorgain is computed
in the usual way for each breakpoint, and a threshold is set so thatohjitlc a value higher
than the threshold are separated from objects with a value lower than thkdlite

Let's assume, for instance, that all basic adjectives have values higire®.1 for featurgre-
nominal modifier and the remaining adjectives have values lower than 0.1. A decision tree
built with this feature could separate basic adjectives from the rest biyliebiag a threshold

of 0.1 on featurgore-nominal modifier Because different thresholds can identify different
distinctions, numeric features can be used more than once in a particulardneimal features

are only used once).

Trees that are built with this procedure tend to overfit the training data tteepased on.
Therefore, gruningstrategy is usually designed. In C4.5, as in most decision tree applications,
the pruning occurs after the tree has been built (an alternative is topne;r stop developing

a particular subtree when it starts overfitting the data). The pruning ®egthr two operations:
subtree replacememindsubtree raisingIn subtree replacement, a particular subtree is replaced
by a single leave, proceeding from leaves to root. In subtree raisingokewubtree A replaces
another subtree B. The objects originally under subtree B are re-adaldsiubtree A. Because

it is a time-consuming operation, it is used with some restrictions (see Witten ank (2005,

p. 193), for details).

To decide whether a particular pruning operation is worth performing, Egtifhates the er-
ror rate that would be caused by a particular node if an independersetestre considered.
However, the estimate is based on the training data. Witten and Frank (200®4) state
that the method “is a heuristic based on some statistical reasoning, but thcatatisder-
pinning is rather weak and ad hoc. However, it seems to work well in pedttteor details
on this method and more details on decision tree induction and C4.5, see Qa@®a) and
Witten and Frank (2005, Sections 4.3 and 6.1).

Because the focus of our research is the comparison between levelguidtio description, we
did not perform parameter optimisation. The parameters for the machineigasperiments
were set with the default options of C4.5 as implemented in Weka. These atkifistable

'6.14. The remaining options available in Weka for the C4.5 (J48) algorithmcangsed in the

148



Experiment C: Polysemy acquisition as multi-label classification

Parameter Gloss Value
confidenceFactor confidence factor used for pruning 0.25
mMinNumOb)j minimum number of instances per leaf 2

subtreeRaising whether to consider subtree raising when pruning TRUE

Table 6.14: Parameters for J48/C4.5.

default case.

6.2.3 Feature selection

Decision trees select the best feature to split on at each branch of¢hdttseems, thus, that
the algorithm itself performs feature selection, so that irrelevant featutesot be used in a
given tree. However, as the tree is built, less and less objects are avélathie algorithm to
select further features to split the data on. At some point, an irrelevaifigdtivill be chosen
because it happens, just by chance, to divide the objects in an adeguaterhis point is
inevitably reached: note that the minimum number of objects per leaf is set e2T&ble
6.14), so that if, say, 4 or 5 objects are found below a node, the algovittirstill build a
further branch to better classify them. Despite the pruning procedues amount of error
remains.

Irrelevant attributes typically decrease performance by 5 to 10% wheg @ecision Trees

(Witten and Frank, 2005, p. 288). Therefore, it is advisable to perfeature selection prior

to actual machine learning experiments, so that only the most relevantefeanerpassed on to
the machine learning algorithm.

Witten and Frank (2005) state that “the best way to select relevant atsiisutganually, based
on a deep understanding of the learning problem and what the [feaates]ly mean”. This
supports the definition of carefully designed feature sets, as has beeiffiad semantic features
in Experiments A and C. Further automatic feature selection helps reducesiiimality and
potentially increases accuracy even for these feature sets, and $anefmn-gram features.

There are several possible approaches to feature selection (Wittémaard 2005, Section 7.1,
offer an overview). After several trials of the different implementatiorailable in Weka, we
chose a method (called/rapperSubsetEvah Weka) that selects a subset of the features ac-
cording to the performance of the machine learning algorithm using onlyubats Accuracy

for a given subset of features is estimated with cross validation over timngadata. Be-
cause the number of subsets increases exponentially with the numbetuoé$e@and because
n-fold cross validation involves actual experiments for each possible subset, this method is
computationally very expensive.

We use a common search strategy to lessen the computation time involved in $eddgaton.
The search strategy starts with no attributes, and adds one attribute at otinerd selectioh
The accuracy measured in terms of cross validation is used to check wheagiven attribute
improves on the accuracy of the subset previously evaluated. Agchescto increase by
at least a pre-specified threshold (0.01 in our case) to allow a featueeadded. In typical
forward selection, if no feature improves accuracy, the search termingtes procedure finds a
local, but not necessarily a global, maximum. We use a more sophisticatecktvatidch keeps
track of a number of subsets evaluated, and revisits the next subsetightstperformance
instead of terminating the search when performance starts to drop. Thisciettalledbest-
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first search(BestFirstin Weka).

The parameters involved in the feature selection algorithm and the valussrctwhich cor-
respond to the default values in Weka) are depicted in Table 6.15. Thewatr parameter
lookupCacheSizstands for the total number of attributes in each data set.

Parameter Gloss Value

folds number of cross validation folds 5
seed seed used to randomly generate cross validation splits 1
threshold minimal improvement in accuracy to select feature 0.01
lookupCacheSize  maximum size of the lookup cache of evaluated subsetsn
searchTermination maximum number of subsets to re-evaluate before 5

terminating search

Table 6.15: Parameters for feature selection.

6.2.4 Testing for difference across linguistic levels

One of the aims of the PhD is to test the strengths and weaknesses of edalf levguistic
description for the task at hand. Within our setting, the most natural wayrtyg oat this
test is to compare the accuracy obtained with each of the feature sets in thmenlaarning
experiments.

Accuracy scores are obtained through comparison with the Gold Staddasification. It is
equivalent to the proportion of observed agreemggjtieasure discussed in Section 4.3.1, but
it is customarily reported as a percentage, rather than a proportion.

The comparison seems quite straightforward to carry out: run an expenmwtarthe features
corresponding to each of the linguistic levels, and see which ones gat tesiiéts. However,
to be sure that the results are not particular to the setup of the experimaetnti{farly, to the
choice of training and testing subset), a significance test should be used.

One of the most popular choices to perform accuracy comparisons inetbdeofi Machine
Learning was for some time a pairedest using the outcomes of several random partitions
into test and train sets. In Machine Learning, the aim is usually to test diffesebetween
algorithms, not feature sets. With this method, for algorithrAljfferent accuracy scores are
obtained based amdifferent partitions of the data set. The samgartitions are used to obtain
accuracy scores for algorithm B. A standard paitedst is applied on the accuracy scores to
test whether the difference in mean values is significant or not.

Dietterich (1998) showed that this kind of test has an elevated Type il probability, that
is, it predicts that there is a significant difference when there is not inteehigercentage of
cases than that established in the confidence level. Indeed, increasimgnitver of partitions
eventually leads to a significant result in most cases, and there is no pethaigy to determine
the optimal number of partitions to use.

The source of the elevated Type | error is the violation of the indepeedassumption un-
derlying thet-test. The accuracy scores obtained through repeated holdoutalsewedom
partitions into train and test sets) are not independently obtained, betteeusame data is
repeatedly used either in the train or the test sets. This results in an uidaties of the
variability both in training and testing data. Using cross validation instead eftefd holdout
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smooths the violation (at least the test data is not reused), but the trainafyata one fold to
another is shared to an important extent (80% in the usual 10-fold chaib&h also implies
a violation of the independence assumption.

A number of approaches that have lower Type | error have beerogedp An influential
proposal was recently made by Nadeau and Bengio (2003). They adteitdbt formula so
that increasing the number of partitions does not result in a higher sigrdéca he standard
pairedi-test formula is as follows:

6.1)

d is the average of the differences observed in two paired samples (fanées reaction time
before and after taking a pill for a number of patients) the variance of the differences and
k the degrees of freedom (number of differences - 1). In our casethe mean difference
between the accuracies obtained with one algorithm and the accuraciggedéh another
algorithm on the same partitions of the datas%t,the variance of these differences ahd
corresponds to the number of partitions used (less one).

The correction by Nadeau and Bengio (2003) involves a change in tioerdieator (correcting
the variance estimation) so that th&tatistic cannot be increased simply by increasing the value
of k:

(6.2)
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In Equation|(6.2)n, is the proportion of instances that are used for trainingranithe propor-
tion that are used for testing. Nadeau and Bengio (2003) advise usingdhisamedorrected
resampled-test with 15 random train-test partitions. Witten and Frank (2005), and tle ass
ciated Weka software package, adopt this kind of test but use it witluri,040-fold cross
validation (see Section 6.2.6 for an explanation of this term), which they saqystis special
case of repeated holdout in which the individual test setef@cross-validation do not over-
lap” (Witten and Frank, 2005, p. 157). This is the implementation we will use, tier which
k=99,ns/n; =0.1/0.9, and/ andafl are obtained from 100 differences, one for each fold.

As Witten and Frank (2005) observe, this approach is just a heuristihi#isabeen shown to
work well in practice. No procedure to significance testing with data obtdioed a single
dataset has been devised that is theoretically sound. For a receasalrtimt alters the sam-
pling scheme instead of correcting the formula ofthest, see Bouckaert (2004).

Note, however, that the corrected resamplégist can only compare accuracies obtained under
two conditions (algorithms or, as is our case, feature sets). We test moréatbdinguistic
levels, so that ANOVA should be performed, instead eftast. However, standard ANOVA

is not adequate, for the same reasons for which the startdast is not adequate. In the
field of Machine Learning, there is no established correction for ANOdAtie purposes of
testing differences in accuracy (Bouckaert, 2004; Witten and Frd§)2 Therefore, we will
use multiplet-tests instead. This increases the overall error probability of the resultseo
significance tests.
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Finally, to provide a basis for all the comparisons, we provide a baselmeaay to test the
machine learning results against. We will use the same baseline as in ExpeBinmamhely,
to assign all lemmata to the most frequent class (the mode). Weka provid&gosdthen that
performs just this classification, terme&eroR (for “zero rule”), which we use to obtain the
baseline accuracy estimates.

6.2.5 Combining features of different levels

The levels of linguistic description used for the experiments explained in tbi@seawill be
separately tested. However, it is natural to think that a combination of aliresashould
improve upon the results obtained with each of the levels. We have perfamesekperiment
to test the degree of improvement when combining features from differesis. We thus add
the feature setll to the five individual feature sets listed in Table!6.1.

Recall that feature selection is performed for each of the experimentse Hne in total 95
features for the whole experiment, and not all of them are equally usefeiich of the distinc-
tions. To test how much improvement is obtained using all levels simultaneolestynky use
the features that are selected by the feature selection algorithm at |éastf 8@e time, that is,
in at least 30 out of the 100 experiments performed for each class.

The features selected vary according to the targeted class. They ateri$tble 6.16. In the
table, each feature is followed by the absolute number of times it is selectétefsupervised
experiments. Below each class name, the total number of features usied étass in levedll
is depicted

Class Level Features
B morph dtype(99)

5 func  pre-nominal mod(83)
uni -lav(47),+1ve (42)
bi -lve+1co(76)

sem not restrictive(87)

E morph dtype(97)
7 func  post-nominal mod(80)
uni -
bi -1co+1co(44),-1cd+1pe(40)

sem pred (global)(43), pred (withestaj (40), gradable(32)
@] morph suffix(89)
19 func  post-nominal mod(87), pred (other)(45), pred (cop.)(42)
uni +1pe(65),-1ve(62),-1cn(55),-1pe(43),+1ve (36)
bi -1cn+1ve(92),-1cn+1aj(69)
sem pred (cop.)(76), binary (66), pred (other)(56), pred (global)(55),
bare (51), not restrictive(46), definite(45), head as prep. com§44),
pred (withestay (43), gradable (global)30)

Table 6.16: Most frequently used features.

5Note that in some cases the same feature is selected in different lewatistefre-nominal mod.and not
restrictivehave exactly the same definition, and featype (cop.)andpred (other)are used in théuncandsem
levels. To perform the experiments, one of them is randomly discartled.number of features depicted below
each class name does not take into account repetitions.
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This table gives a kind of definition of each of the classes in terms of therésamsed. Note
that for themorphlevel, the derivational type is the right level of description for the basit an
event classes, but not for the object class, which needs more fiimeedrinformation, namely,
the suffix (further discussion in Section 6.3.2).

As for contextual features, they quite closely match the predictions madar,sasfwell as

the results of the unsupervised experiments reported in Chapter 5. $ioraofectives, the
most informative features are the position with respect to the head nourvéis fenc and
semn), gradability (leveluni: -1avencodes contexts in which an adverb precedes the adjective),
and predicativity (levebi: -lve+1cotranslates as ‘adjective preceded by verb and followed
by coordinating element’). Unigram featuréve (‘followed by verb’) seems to point to noun
heads acting as subjects, but, as discussed in Section 6.2.1, this feasimr@otisuccessfully
characterise basic adjectives. Other interpretations of this feature repezin

As expected, event adjectives are much less homogeneous with respentextual features:
the most frequently selected features are selected in less than 50% olfdhenfevelsfung

bi, andsem and no feature reaches the 30% threshold for lewel Surprisingly enough,
neitherbinary nor not restrictiveare often chosen to characterise this class. However, bigram
-1lcd+1pe(‘preceded by clause delimiter and followed by preposition’) points to khaod of

the adjective, and also to the use of event adjectives in absolute constsudBoth features
are typical of participial adjectives. Information about predicativity gratability is used to
identify event adjectives in levekem

As could be expected from the discussion, for object adjectives doatarformation is most
useful, as shown by the fact that 18 contextual features are use@@4eof the time for tree
construction, as opposed to only 4 and 6 for basic and event, regectiVhe most used
piece of evidence, as in all experiments performed so far, is the post-algmoisition. In level
fung the relevant feature ost-nominal mod.In levelsuni andbi, it is considered in features
containing-1cn(‘preceded by common noun’).

Some of the remaining pieces of information used for object adjectivesideindth the “clas-
sical” properties discussed in the literature: predicativitied and-1vefeatures), gradability
(gradable (global), and adjacency constraintsl ¢nlaj ‘preceded by common noun and fol-
lowed by adjective’). Note that featudéstance to the head nous not used.

However, for this class it is also useful to consider pieces of informatiahahe not often
tackled in theoretical literature, such as the definiteness of the NP wheagljdative occurs
(featuresbare, definitg, presence (absence) of prepositional complemeritpd, binary), or
function of the head nourhéad as prep. comp.The unigramt+1ve feature is also frequently
selected, as it was for class basic.

A final note on methodology: the actual experiments withahéevel were performed with the
same procedure as the experiments with the rest of the levels, namely, esingfselection
prior to building the decision trees. This way, the accuracies for eachdédescription are
obtained under the same circumstances.

6.2.6 Summary

The whole experimental procedure is as follows. We carry out expetimesing 6 different
levels of linguistic descriptionnforph func uni, bi, sem and the combination of the &JI),
and compare them to a “zero rule” baseline that uniformly assigns the reqsigint class to all
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adjectives.

To perform the experiments, we randomly partition the data into 10 differenpg of the same
size (21 adjectives per group). In a particular experiment, 9 grolg gdljectives) are used
for feature selection and training, and 1 group is used for testeyg $et. Only the features
selected by the feature selection algorithm explained in Section 6.2.3 areounsltl the tree.
10 experiments are performed, using a different group as test detieeec This procedure is
commonly referred to as 10-fold cross validation.

The whole procedure is repeated 10 timesr{iis), with different random partitions, so that in
the end 100 experiments are performed for each of the six feature setthelbaseline. This
method is called 10-run, 10-fold cross validatid®X10 cvfor short). Because a separate set
of experiments is carried out for each of the three classes (basid, ebgect), 2100 different
experiments are performed: 10 runs x 10 folds x 7 levels x 3 classessigiécance of the
differences in mean accuracy is tested using the corrected resatviplaxplained in Section
6.2.4.

Although we perform a separate experiment for each class (basid,oevemt or not, object
or not), as has been explained in the introduction to this chapter, in the emémiea com-
bined classification. We achieve a full classification by merging the decisiotise individual
classes. Suppose that for a given adjective the decisions of the atganithyes for basic, no
for event, and no for object. In merging the decisions, we end up with a reormss assign-
ment to basic for that adjective. If the decisions are yes for basic, mevent, and yes for
object, we classify the adjective as polysemous between basic and dBct (

If all three decisions are negative for a particular adjective (so thaflass is provided), we
assign it to the most frequent class, namely basic. If they are all positeveendomly discard
one, because class basic-event-object is not foreseen in our clssifi Less than 5% of
the merged class assignments obtained in the experiment are a no-classit(6¥24700) or

basic-event-object (41 out of 14700) assignment.

For each adjective, however, only 10 different class proposalskaegned for each linguistic
level, because each adjective is only used once per run for testingc€heacy of the different
linguistic levels for full classification is assessed comparing 10 accurabmethis case, in
the formula((6.2) (page (6.2)f = 9, na/ny = 0.1/0.9, andi and o2 are obtained from 10
differences, one for each run.

6.3 Results

It took over 68 hours (almost 3 days) for the 2100 experiments to rurR&naith one Pentium
4 processor (with 2.4GHz CPU and 524MB of memory), and a Fedora 21 laperative
system. Table 6.17 shows the number of feafusel the time (in hours and minutes) that it
took for each level to complete the 10x10 cross validation experiment.

The nomenclature in Table 6.17 will be used throughout the analysis dfs.etevelbl cor-
responds to the baselire] to the combination of all features, and the remaining levels follow
the nomenclature in Table 6.1 (page 133).

For theall level (combination of all features), the number of features is the metme mumber of features for
each class, shown in Talle 6.16.
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Level #Feat Hours Mins.

bl 0 0 5

morph 2 0 18
func 4 0 57
uni 24 14 16
bi 50 40 20
sem 14 7 26
all 10.3 5 19

Table 6.17: Running time needed for each linguistic level.

Due to the feature selection procedure, the time increases almost linearly evitiitiber of
features; for the morphological level, with only 2 features, the time neededrplete the
300 experiments (100 per class) is 18 minutes. For the bigram level, withablrdée, the
experiments last over 40 hours. Recall that, as explained in Section 6£2f8athre selection
algorithm performs 5-fold cross validation for each subset of featewakiated, and that the
number of subsets increases exponentially with the number of featuresorivard selection,
best-first search strategy used for feature selection allows the pondiag increase in time
to be linear rather than exponential. Nevertheless, the method used is cbomalitavery
intensive and only feasible for small feature sets, such as the oneswe us

6.3.1 Accuracy results

The accuracy results for each of the binary decisions (basic or restt ev not, object or not)
are depicted in Table 6.18. Each column contains the mean and standatibdegignaled
with 4+ and in smaller font) of the accuracy for the relevant level of informaticer dive 100
results obtained with 10x10 cv.

Basic Event  Object
bl 65.2+11.1  76.249.9 71.9+9.6
morph  72.579 89.146.0 84.2t75
func 73.6c9.3  76.0:£9.3 81.7A47.4

uni 66.19.4 75.1+10.6 82.2t75
bi 67.4+10.6 72.3t10.2 83.0+8.3
sem 72.89.0 73.8:9.6 82.3t8.0
all 75.3t76 89.4457 85.4+8.7

Table 6.18: Accuracy results for binary decisions.

The table shows that the baseline is quite high: assigning all adjectives to gidreguent
class yields a mean accuracy of 65.2 for class basic, 76.2 for eventla®ddor object. Note
that for the binary decisions, the baseline assignméyasec(for classification in basic or not),
not even{for class event) andot object(for class object). Only a quarter of the adjectives are
event-related adjectives, so that a uniform assignment to otassventets three quarters of
the job done.

As could be expected, the best results are obtained withlktevel (bold faced in Table 6.18),
which is a combination of features from the rest of the levels. This levabaet a mean
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improvement of 12.3% over the baseline. The greatest improvement (1&%%jained for
class object; the lowest improvement (10.1%) is obtained for class basic.

The differences in accuracy results between most levels of informat@rhawever, rather
small. Table 6.19 shows two-by-two comparisons of the accuracy scbtamed with each
level. Each cell contains the mean and the level of significance of thedtiffes in accuracy
between a given level (row) and another level (column). The signide@marked as follows:
*for p < 0.05, ** for p < 0.01, **for p < 0.001. If no asterisk is shown, the difference is
not significant.

class level bl morph  func  uni bi sem
morph 7.2
func 8.3 1.1
basic upi 0.9 -6.4 -7.5
bi 2.1 -5.1 -6.2 1.3
sem 7.6 0.3 -0.8 6.7 54
all 101 29 1.8 9.2 8 25
morph 13*
func -0.1  -13.1*
event u_ni -1.1 -14* -1
bi -39 -16.9* -3.8 -2.8
sem 24  -154*»* 23 -13 15
all 13.2* 0.3 13.4* 14.3* 17.1** 15.7*
morph 12.3*
func 9.8 -2.5
object u_ni 103 -2 0.5
bi 11.1* -1.2 1.3 0.9
sem 10.4* -1.9 0.6 0.1 -0.7
all 135 1.1 3.7 3.2 2.3 3

Table 6.19: Binary decisions: Comparison of the accuracies per linguistic level.

The difference between each of the levels and the baseline is shown irstheofumn in the
table. For class basic, although all levels seem to improve over the baselimeprovement is
significant according to the corrected resampleest. For the event class, only levet®rph

andall offer a significant improvement in accuracy over the baseline; the rengdauals even
obtain a slightly lower accuracy score. Finally, for clasgect all levels except fofuncand

uni achieve a significant improvement over the baseline.

The discussion in Section 6.2.1 has shown that contextual features ar@coogate for the
object class, and that they in general do not help distinguish betwerrabasevent adjectives.
It is to be expected that the best results with contextual features are abiaith the object
class.

In Section 6.2.1 we have also shown that the morphology-semantics mappikg best for
event adjectives, and worst for object adjectives. As for basictds, although almost all
non derived adjectives are basic, quite a large number of denomindeaadbal adjectives are
also basic, so that thmorphlevel does not achieve such positive results as with the other two
classes.
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As for comparisons between levels, the only significant differencesetorthe event class:
levelsmorphandall are significantly better than the remaining levels, and comparably so (the
difference betweeall andmorph 0.3%, is not significant). For neither of the other two classes
(basic and object) are significant differences in accuracy obsevkied using different levels

of information.

To sum up, the best raw results are obtained withath&vel. Our feature sets improve upon
the baseline for two of the classes (event and object). For the evesitaidg levelsnorphand

all improve upon the baseline; they do so by about 13%. For the object albesiels except

for func and uni are significantly better than the baseline, and all levels show a comparable
improvement of around 11%.

These results concern the individual decisions. However, in the ertbwet want three sep-
arate decisions, but a single classification including polysemy informatidsie[6820 shows

the accuracy results for the classification obtained by merging the threeualidecisions for

each adjective. The resulting classification for each level of descrifetidhe lemmata in Gold

Standard C are provided in Appendix C (Section C.3.2).

Recall from Section 6.2/4 that accuracy is the percentage versipn dbiven the nature of
our task, it makes sense to compute weighted versions of accuracy.pdft tieee accuracy
measures, full, partial, and overlapping. They correspond to theetitfagreement definitions
used for interrater agreememnt,( wp,, op,), as explained in Chapter 4. Full accuracy requires
the class assignments to be identical. Partial accuracy gives some crealitiab ggreement,
following the weighting scheme in 4.14 (page 85). Overlapping accuragyrequires some
overlap in the classification of the machine learning algorithm and the Gold &thifar a
given class assignment to count as correct.

In Chapter 4, we have argued that for our task, the most appropriatuneeaf agreement is
partial agreement. It can also be argued that partial accuracy is theppwspriate measure for
evaluation of machine learning algorithms in our task. A class assignmentrédssnis some
overlap with the Gold Standard (even if it is not identical to the Gold Standssigrament) is
more useful than a class assignment with no overlap for any purposk#sification is used.
Full accuracy does not account for this aspect.

However, an overlapping class assignment is not as useful as an aladéiss assignment.
Overlapping accuracy does not distinguish between the two casesapteth, we have shown
that weighted measures of agreemenp and wK) using the weighting scheme in Table
4.14 achieve a balance between the strictest and most relaxed extrenessméegd by full and
overlapping definitions of agreement. Thus, the estimate for agreemeat {beaccuracy)
is more realistic. The reasoning behind the weighting scheme can be appliedrtadhine
learning task, as in our architecture the three classes are indepenaejiied.

In Tablel 6.20, the baseline has dropped, because the difficulty of théadaskcreased. The
most frequent class, basic, accounts for only half of the items. Thémsereases in each of
the three conditions (full, partial, overlapping), as the constraints on firgtaen of accuracy
relax. Therefore, in each of the conditions it is harder to obtain signifioggrovements.

Again, the best results are obtained with #tidevel. The second best results are obtained with
level morphin all three conditions. This result could be expected from the results elotain
in the individual decisions (Tables 6.18 and 6.19); however, note thatiffieeences between
levels are much clearer in the merged classification than in binary decisions.
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Full  Partial Overlapping

bl 51.0+0.0 60.5+0.0 65.2+0.0
morph  60.61.3 78.4+0.5 87.8+0.4
func 53.5:1.8 70.9+1.0 79.8+1.3
uni 52.3t1.7 68.2+0.8 76.7+1.0
bi 52.9+1.9 68.3+1.3 76.9+1.8
sem 52.61.3 69.6+1.1 78.7+1.7
all 62.3+2.3 80.9+15 90.7+1.6

Table 6.20: Accuracy results for merged classification.

Tablel 6.21, containing the average differences between levels and thiofesignificance,
confirms the analysis just made. Under the strictest evaluation conditioraéftiracy), only
levelsmorph fung andall significantly improve upon the baseline. Levaterphandall are
better than the remaining levels, to a similar extatitgdchieves on average 1.7% more accuracy
thanmorph but the difference is not significant).

agreement level bl morph  func uni bi sem
morph  9.7***
func 2.5* -7 Lxxx
full uni 14 -8.37  -11
bi 2 -7.77 - -0.6 0.6
sem 1 -8.7*  -15 -0.4 1
all 11.4%* 1.7 8.9%**  10%* 94w 10.4%*

morph  17.9%**
func 10.4%** 7 Hrx*
uni 7.7*x* -10.2%%* 2. 7**

partial bi 7.8+ .10.1%* .2.6% 0.1
sem Q.10 88w+ .13 13 1.2
all 20.4%% 2 5 109 1270 12.6%%  11.3%%
morph -22.6***
func  14.6%%  -grxx
overlapping UM 1147 ALI™ 31
bi 117  -10.9%* 2.9% 0.2
sem 134 91w+ .11 2.0 18
all 25.4%%% g+ 10.9%%%  14wwx  13.@eek  Qwe

Table 6.21: Full classification: Comparison of the accuracies per linguistic level.

In the partial and overlapping evaluation conditions, all levels achievehdytsggnificant im-
provement over the baseling & 0.001). Therefore, the classifications obtained with any of
the levels are more useful than the baseline, in the sense that they presentverlappings
with the Gold Standard.

Levelsmorphandall are better than all the other levels, and leatlimproves upon than
morph Levelfuncis better tharuni andbi. That is, the 4 features corresponding to the main
syntactic functions of the adjective achieve better results than the 24 and)&0n features.
However, levelsem consisting of carefully handcrafted features, does not improve profan
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the other levels, and performs consistently worse thanphandall. We believe this is due
to the difficulties in distinguishing basic and event adjectives, as will be ségtlin the next
section.

Figure 6.10 graphically shows the differences between levels reporfebias 6.20 and 6.21.
Each line corresponds to the accuracies obtained with each level in tmd @frthe experi-
ment. In graphic A (full accuracy), only leveddl andmorphare clearly above the baseline,
and they do not exhibit clear differences in accuracy. In graphigsa®iél accuracy) and C
(overlapping accuracy), there are three clear groups with resppetfiarmance: the baseline,
well above it the contextual levelfufic uni, bi, sen), and well above them levelmorphand
all. Levelall is clearly better thamorphunder the latter two evaluation conditions.

A: Full accuracy B: Weighted accuracy
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Figure 6.10: Full classification: Comparison of the accuracies per linguistic level.

To sum up, if we take partial accuracy as a reference for evaluatiblevals of analysis
improve upon the baseline in the task of semantically classifying adjectivesevdo, levels
including morphological information are clearly superior to levels using oolytextual or
distributional information: levelmorphandall achieve a mean improvement of 19% over the
baseline; using levelsing uni, bi, andsem the improvement is halved (average 8.8%).

The best result obtained for the full classification of adjectives with ouhoum®logy achieves
a mean 62.5 (full accuracy) or 80.9 (partial accuracy), which reptesan improvement of
11.4% and 20.4% over the baseline, respectively. To our knowledgsufficiently similar
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tasks have been attempted at in the literature for comparison. We repasthis of two tasks
that share different aspects with our own enterprise.

First, in the SensEval-3 competition, a task for Catalan was organised (btaeq al., 2004)
involving the disambiguation of 5 Catalan adjectives with an average of #seashnatural
(‘natural’), popular (‘popular’), simple(‘simple’), andverd (‘green’). The corpora used to
train the systems were obtained from news corpora, and the less ftexqunses of the words
to be tagged were discarded. The baseline used, 71.7% f-scorebtaased by assigning the
most frequent sense to all occurrences. The best system achiefesda@re of 86.5%, which
represents an improvement of 14.8 over the baseline. This task coriCatalan adjectives.
However, within a word disambiguation system, our research would conberfirst step,
namely, defining the inventory of senses, not the actual disambiguatiach vghthe aspect
discussed in Marquez et al. (2004).

A more similar piece of research is reported in the already cited study by eed&tevenson
(2001), which discusses the automatic classification of English verbs isigatve, unac-
cusative and object-drop. The part of speech and the languagé&farerd. The number of
core classes is the same, but they do not model polysemy information, sodinatystem per-
forms 3-way, not 6-way classification. In addition, the training material iarzd (20 verbs
in each class), which results in a lower baseline (34%). However, thalsskivolves acqui-
sition of lexical knowledge, and they use the same machine learning algorittmely C4.5.
Their system achieves 69.8% accuracy, which given the differexpdsieed is comparable to
our 62.5-80.9%.

6.3.2 Error analysis

The two best feature sets are cleariprphandall. Therefore, the error analysis that follows
focuses on these two levels.

As mentioned in Section 6.2.2, decision trees readily lend themselves to explofatioerror

analysis, we first examine the decisions made by the algorithm. We repisioteirees built

on all training data, because they can be viewed as the best trees tlighalgan build, as they
use all evidence available for the tree construction. The decision tréefbevaluation only

use 90% of the data, and it is difficult to establish a criterion to single oneacutir{g the 100
trees built for each level and class) for examination. It should be bormend that although
the trees reported in what follows are representative of the kinds afltegkt in each level, the
trees built for evaluation were subject to variability.

Figure 6.11 shows the decision trees built for the basic and event cldsthe decision trees
shown in this figure, as in the remaining decision trees depicted in this chapsean@s for

basic, E for event, O for object, and the same letters preceded bynettand for not basic,
not event, and not object.

basic event

dtype = N: B (70.0/27.0) dtype = N: nE (70.0/1.0)
dtype = O: B (70.0/1.0) dtype = O: nE (70.0)
dtype = V: nB (55.0/18.0) dtype = V: E (55.0/19.0)
dtype = P: nB (15.0/7.0) dtype = P: E (15.0/2.0)

Figure 6.11: Levelmorph Decision trees for classes basic and event.
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Note that the two trees in Figure 6/11 are symmetric: the tree for basic stateeitttaninal
(N) and not derived (O) adjectives are basic, while deverbal (V)garticipial adjectives (P)
are not. The tree for event states just the reverse: denominal andnma@dimap to not event,
and deverbal and participial to event. The tree for event corresporitie expectations. Note,
however, that the leave that accumulates most mistakes is the one that mepabadjectives
to the event class: 19 out of 55 deverbal adjectives are not evieatiads.

As for the tree corresponding to the basic class, we would expect dealoadijectives to map
to not basic, and indeed this is the node that causes most mistakes (270iteohs under this
leave are not basic). However, due to the productive semantic prexgissned in Section 3.6
(schema 3.45 in page 57), which creates a basic adjective from an abjective, as well as to
the cases of ambiguity caused by nationality-type adjectives, many cgselysg¢my between
basic and object exist. Also, as explained in Section 6.2.1.1, some su#fxests build mainly
basic adjectives. As a result, the best generalisation for denominal adgeatien tackling the
basic/not basic distinction is a mapping to basic.

The fact that some suffixes build mainly basic adjectives also causes ¢hiotrithe object
class, shown in Figure 6.12, to use suffix information, not derivatiome &s for the other two
classes. Suffixes forming denominal adjectives are mapped to the dbjes(as boldfaced in
Figure 6.12) except for suffixem andoés (in italics). Suffixes forming deverbal adjectives, as
well as absence of suffix (for not derived adjectives), are mappadt object, as expected.

suffix = -:  nO (70.0/3.0)
suffix = a: O (7.0/1.0)
suffix = al: O (9.0/3.0)

suffix = other: O (3.0)
suffix = ar: nO (9.0/3.0)
suffix = ari: O (9.0/3.0)

suffix = at: nO (1.0)

suffix = ble: nO (11.0/1.0)
suffix = er: nO (3.0/1.0)
suffix = i O (1.0)

suffix = ia: O (1.0)
suffix = ic: O (9.0/1.0)
suffix = ista: O (9.0/2.0)
suffix = istic: O (1.0
suffix = iu: O (12.0/4.0)
suffix = nt: nO (11.0/1.0)
suffix = or: nO (11.0)

suffix = ori: nO (5.0/1.0)
suffix = 6s: nO (12.0/2.0)
suffix =t nO (15.0)

suffix = ut: nO (1.0)

Figure 6.12: Levelmorph Decision tree for class object.

The data support the analysis made in the previous Section. We again st timst com-
pact, less error-prone representation in terms of morphological featoresponds to the event
class. The decision tree for the basic class is also based on the dedVatjmsn but the mis-
matches are more frequent. The object class needs a finer-grainkaf iewermation, namely
suffix, because no uniform mapping is obtained for the derivational t¥tso note that the
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trees depicted in Figures 6/11 and 6.12 are flat: they have only one lewelrathing.

We next examine the decision trees for @dklevel, which are more complex than the trees
for the morphlevel. The trees for classes basic and event, depicted in Figures 6.631ahd
also branch first on the derivational type. However, within each dtonal type, contextual
restrictions are made to account for distributional cues indicating a shift the expected
class.

In class basic (Figure 6.13), the refinement concerns the three primapgriies of basic ad-
jectives: predicativity, gradability, and nonrestrictive use. Note thabdeénal adjectives that
are neither predicative nor gradable are deemed not basic with highaagdline 3), while
those that are predicative and gradable are deemed basic also with tigac(line 9).

Similarly, deverbal adjectives that are not gradable are deemed riof bad those that are
gradable are deemed basic (lines 12 and 13). The latter decision caitses laigh error (17
out of 35 adjectives under that leave are not basic), which showsjtiitata large number of
event adjectives are gradable. Finally, participial adjectives that earséd nonrestrictively
tend to be basic (line 17), while those that cannot tend not to be basic (line 15

1 dtype = N

2 | -lve+lco <= 0.001527

3| | -lav <= 0.101517: nB (17.0/1.0)

4| | -lav > 0.101517: B (2.0)

5] -lve+lco > 0.001527

6 | | -lav <= 0.026168

7 | | | -lve+lco <= 0.012658: nB (7.0/1.0)
8 | | | -lve+lco > 0.012658: B (5.0/1.0)
9 | | -lav > 0.026168: B (39.0/4.0)

10 dtype = O: B (70.0/1.0)

11 dtype = V

12 | -lav <= 0.054288: nB (20.0)

13 | -lav > 0.054288: B (35.0/17.0)

14 dtype = P

15 | not restrictive <= 0.001022: nB (5.0)
16 | not restrictive > 0.001022

17 | | not restrictive <= 0.016839: B (5.0)
18 | | not restrictive > 0.016839

19 | | | -lve+lco <= 0.03629: B (2.0)
20 | | | -lve+lco > 0.03629: nB (3.0)

Figure 6.13: Levelall: Decision tree for class basic.

The decision tree for class event (Figure 6.14) with lewelphis the best of the three trees,
so that little additions in terms of contextual cues are made ialftHevel, as shown in Figure

6.14. As could be expected, the refinement concerns the most eore-f@ave, namely, the
mapping from deverbal to event. The refinement uses information onybioad (presence of

a preposition to the right).

We would expect binary adjectives to be classified as event. Howelepidte of evidence
is not robust, as has been discussed in Section|6.2.1, so that the comstraiguite strange,
establishing a value either below 0.00058 or above 0.003 to indicate evdr(tmas 5 and 7).
This does not look like a promising generalisation. In fact, we have artipateho contextual
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cues can identify the event class in its present definition. The mean improvefhtkeeall level
over themorphlevel for the event class is negligible (0.3%; see Table|6.21).

dtype = N: nE (70.0/1.0)
dtype = O: nE (70.0)
dtype = V

| -lcd+lpe <= 0.003053

| | -lcd+lpe <= 0.000581: E (38.0/13.0)
| | -lcd+1lpe > 0.000581: nE (5.0)

|  -lcd+lpe > 0.003053: E (12.0/1.0)

dtype = P: E (15.0/2.0)

O~NO O WNBE

Figure 6.14: Levelall: Decision tree for class event.

Finally, the tree for the object class is the only tree to branch first on anmaphological
feature, namely, the syntactic featysest-nominal modifier It establishes a generalisation
consistent with the theoretical characterisation of the class, namely, thedjdatives that do
not act as post-nominal maodifiers in a high proportion of cases (almosb86% occurrences)
are not object (line 1). Within the remaining adjectives, the tree establighistration in terms
of suffix (same as in Figure 6.12), and an additional constraint acgptdithe binaryhood of
an adjective (lines 8 and 9), which does not make sense from a thebpstictof view, and
indeed seems to be quiael hog given the small number of lemmata concerned.

1 post-nominal mod. <= 0.859155: nO (124.0/3.0)
2 post-nominal mod. > 0.859155
3| suffix = -: nO (14.0/2.0)
4 | suffix = a: O (6.0)
5| suffix = al: O (7.0/1.0)
6 | suffix = other: O (3.0)
7| suffix = ar
8 | | -1pe <= 0: nO (4.0/1.0)
9 | | -lpe > 0: O (2.0)
10 | suffix = ari: O (8.0/2.0)
11 | suffix = at: O (0.0)
12 | suffix = ble: O (1.0)
13 | suffix = er. O (1.0)
14 | suffix = i O (1.0)
15 | suffix = ia: O (1.0)
16 | suffix = ic: O (8.0)
17 | suffix = ista: O (6.0)
18 | suffix = istic: O (1.0)
19 | suffix = iu: O (8.0/1.0)
20 | suffix = nt: nO (3.0/1.0)
21 | suffix = or. nO (8.0)
22 | suffix = ori: O (1.0)
23 | suffix = és: O (2.0)
4 | suffix = t. nO (1.0)
5 | suffix = ut: O (0.0)

Figure 6.15: Levelall: Decision tree for class object.

163



Experiment C: Polysemy acquisition as multi-label classification

A second source of insight is the comparison of the errors made by theetwmfsfeatures.
We have built 10 different classifications (corresponding to each ofuhg) for each of the
linguistic levels used. To achieve a unique classification for comparison witadld Standard,
we apply majority voting across all runs.

The accuracies for the classifications obtained via majority voting are shoWable/ 6.22,
which includes the accuracies for the 10x10 cv experiment for compafdaia as in Table
'6.20, page 158). For both levaisorphandall, in italics in Table 6.22, results obtained with
majority voting are worse than those obtained through 10x10 cv. Howes&uracies decrease
to a greater extent for thal level: 5.2% in the full evaluation condition, as opposed to only
1.6% for levelmorph As a result, in the classification obtained through majority voting, level
morphperforms equally or slightly outperforms leval, depending on the evaluation scheme
chosen.

Full Partial Overlapping

10x10 cv Majority | 10x10cv Majority | 10x10 cv  Majority
bl 51.0+0.0 51.0 | 60.5+0.0 60.5| 65.2+0.0 65.2
morph | 60.6+1.3 59.0| 78.4+05 77.5| 87.8t0.4 86.7
func 53.5+1.8 55.2| 70.9+1.0 69.5| 79.8+13 76.7
uni 52.3+1.7 52.4| 68.2+0.8 67.3| 76.71.0 75.2
bi 52.9+1.9 52.4| 68.3+1.3 66.2| 76.9+1.8 73.8
sem 52.0+1.3 53.8 | 69.6+1.1 65.4| 78. 717 71.4
all 62.3:2.3 57.1| 80.9+15 76.3| 90.7+1.6 86.7

Table 6.22: Accuracy results for merged classification (majority voting).

The data in Table 6.22 explain the fact that in the majority voting classificatiosl,ddvmakes

a slightly higher number of mistakes (89) than lewedrph(86).

Table 6.23 compares the Gold Standard classification (rows) withltl@dmorphclassifica-
tions (columns). Diagonal elements (matches) are in italics, and off-dibgeligarepresenting
the largest numbers of mismatches are boldfaced.

all morph

B BE BO E EO Ol B BE BO E EO| Total

B 94 12 0O O 1 0/82 2 10 11 2| 107

BE 1 6 0 O 0O 0] 0 1 0 6 0 7

GS BO 16 1 5 1 0O 0| 5 0O 16 2 0 23
E 5 23 1 7 1 0| 4 7 0 25 1 37

EO 0 2 O 0 4 0| O 0 0O 6 O 6

O 16 1 6 2 0 5| 6 0 21 3 0 30
Total 132 45 12 10 6 597 10 47 53 3 210

Table 6.23: Levelsall and morphagainst Gold Standard.

As can be seen in Table 6/23, both classifications fare quite well with the tasi Level
morphdoes better than levall in classes BO and event. Th# level does better thamorph
in polysemous clases BE and EO, and slightly better in class object.

In fact, levelmorphdoes not produce a single object-only classification, due to the fact that it
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maps most denominal adjectives to both basic and object (see trees insFogliteand 6.12).
As a result, the BO class is overly large in tmerphlevel (47 items, as opposed to 23 in the
Gold Standard). 16 out of the 23 BO lemmata are correctly classified bynmrph However,
because of the overgeneration of BOs, 31 lemmata that are tagged adettiveor object in
the Gold Standard are also assigned to BO.

In contrast, levedll is overly discriminative: most of the BO cases (16 out of 23) are assigned
to basic by theaall level. These involve most ideology-related adjectives, sudmnasquista
comunistafeminista(‘anarchist(ic)’, ‘communist(ic)’, ‘feminist(ic)’, ‘socialist(ic)’), as wias
adjectiveditrn (‘diurnal’) andnocturn(‘nocturnal’). As discussed in Chapters 3 and 4, these
adjectives are controversial, in that they seem to involve ambiguity rathetriina polysemy.
However, also typically polysemous adjectives are classified as Hagidiar, huma infantil
(‘familiar | of family’, ‘sensitive | human’, ‘childish | infantile’).

Similarly, level all shows difficulties in spotting object adjectives (16), which it classifies
as basic. These involve some controversial cases, subhraslonj manresa renaixentista
(‘of Barcelona/Manresa’, ‘related to the Renaissance’), which carsdid to pattern with
nationality-denoting and ideology adjectives. Alimgos(‘full of mud’), discussed in Section
4.5, anddiari, estacional‘daily, seasonal’), which involve a notion of frequency and not only
a pure reference to an object. It seems reasonable that these adjsbtive some distribu-
tional properties with basic objects. However, seemingly uncontroverisjatt adjectives are
also involved, such aapistemologicmercanti| andontologic(‘epistemological’, ‘mercantile’,
‘ontological’).

The migration of BO and object adjectives to basic indlidevel shows that contextual prop-
erties tend to “inflate” the basic class to a size greater than it already haadjetives in the
all level, 107 in the Gold Standard). In Chapteér 5, we argued that the basgislthe default
class, in the sense that adjectives that do not fit into the narrower defsdiche object and
the event class are assigned to basic. As a result, adjectives that dehave as prototypi-
cal basic adjectives (that is, that are not gradable, do not act dEgtes, or do not modify
nouns pre-nominally) end up in the basic class in the Gold Standard. THi expiain the
confusability of object, BO, and basic adjectives using contextual cues.

As for the distinction between basic and event adjectives, both levelsdiffmulties, although

of a different kind. Levemorphcorrectly identifies 25 event adjectives based on the mapping
between between morphology and semantics. However, it classifies tldofesctives as
event. These are all deverbal adjectives, for instaceservadoi(‘conservative’) intel-ligent
(‘intelligent’), or terrible (‘terrible’). They represent typical mismatches arising from a strongly
morphologist classification: the deriving verbs do not exist in Catakanrir ) or they do exist

but the adjective has acquired a meaning different to the one predictabigtie suffix. For
instancejntelligir has a similar meaning to ‘understand’, aswhservameans ‘to preserve’.
The suffixes are no longer active, so that the adjectives denote a filéinta.

Two of these adjectivesnsuficient(‘insufficient’) and responsablg‘responsible’), are cor-
rectly assigned to class basic by leadll For the remaining 9 adjectives, contextual cues are
enough to place them into BE, so that their “basichood” is acknowledgset\er, they do not
identify them uniquely as basic. As discussed in Section 6.2.1, the distributiffemences
between basic and event are not robust.

Level all further classifies 23 event adjectives as BE. In fact, this level classiéey few
adjectives as event (10, contrasting with 37 event adjectives in the Gatdi&d). This is
also consistent with the fact that the distributional differences betwesio dad event are not
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robust, so that most event adjectives are classified both as eveaugeeaf morphological
properties) and basic (because of distributional properties).

Most of the event adjectives classified as BE byahdevel are deverbal adjectives, and thus
are correctly classified by theorphlevel. They mostly involve adjectives deriving from stative
verbs, such asbundan{(‘abundant’),imperceptiblg‘imperceptible’),preferible(‘preferable’),

or revelador(‘revealing’). We have argued in Chapter 4 that deverbal adjectiegsing from
stative verbs are more similar to basic adjectives than those deriving frooegs-denoting
verbs. These cases strongly contrast with the 7 event adjectivesitptidentified by theall
level, which are mostly derived from process-denoting verbs: expartgexporting’), mo-
tor (‘motive | motor’), receptor (‘receiving’), regulador (‘regulaiih resultant (‘resultant’),
salvador (‘rescuing’), variable (‘variable’).

The overall number of mistakes made by both levels is almost the same, nanm{@ehg@®) and
89 (all). However, as shown in the discussion the mismatches are qualitatively dfgtert.
The default morphological mapping works well in most cases, but is afseomsensitive to
shifts in meaning. Contextual cues add sensitivity to these shifts, but temomogh to achieve
a better representation because of two main reasons: first, the lackust mibtributional
differences between event adjectives deriving from stative vertdbasic adjectives. Second,
the fact that both the basic and the object classes include nonprototiygiaa) which are more
prone to confusion.

Adjectives that are difficult for machine learning algorithms could coincidk those that are
controversial for humans. Recall from Chapter 4 that we have dedineghsure of controversy,
namely, the entropy of the responses. Seuvetasts were performed to compare the entropy of
the lemmata for which the different linguistic levels made mistakes with those tgreéassi-
fied. No significant relationship was found: the lemmata that cause diffictdtieemans are
different from those that cause difficulties to the machine learning algoriborelationship
was found with frequency of a given adjective either, so that adjectieen different frequency
bands are equally likely to be misclassified.

6.4 Discussion

This chapter completes the set of experiments devoted to the automatic acqoisstionantic
classes for adjectives performed within the PhD. The major differendbsrespect to the
experiments explained in Chapter 5 are summarised in what follows.

We have tackled the acquisition of information regarding polysemy in viewirgspmous
class assignments as an instance of multi-label classification. We havepzl/aio architec-
ture that corresponds to the most typical approach to multi-label problemadhiik Learning,
namely, to split the task into a series of binary decisions (basic or not, eveat, object or
not) and subsequently merge the individual decisions into a full classificatiwus, polysemy
is implicitly acquired.

In Experiment A (Section 5.1), we treated polysemous classes as if theydig#inct classes,
at the same level as monosemous classes. That approach was cleadgaumdte, because pol-
ysemous classes are not homogeneous (different members exhibi#mtiffeofiles depending
on their most frequent sense) and are not clearly differentiated fronosemous classes (pol-
ysemous adjectives share some aspects of their behaviour with the mongsgasses they
participate from). In addition, polysemous classes are smaller, so that supeyvised effort,
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sparser evidence is available for polysemous as opposed to monosdasses cln the present
approach the aspects shared by the polysemous adjectives with eactemons class can be
separately accounted for, which was not possible in Experiment A.

In the present experiment, some types of polysemy are recognised whdrining features,
but the two best levels of description overgenerate polysemy and daowdnty distinguish
between monosemous and polysemous adjectives. When using contextuaé$, the most
plausible explanation is as follows. In the binary decisions (basic or nentev not, object or
not), polysemous items present feature values that are closer to thodeotlasses, so that
they lower or raise the threshold to a value that includes monosemous agjefimspite these
problems, Experiment C captures polysemy in a more successful fashiofEperiment A,
so that progress has been made in the acquisition of polysemy.

The acquisition of semantic classes has been performed separatelymal Eaels of linguistic
descriptions using several definitions. Morphological, syntactic and r#e@operties have
been separately encoded, and a systematic comparison in terms of agt@sgheen performed.

To properly perform the comparisons, the architecture includes 10x58 galidation, so that
100 different accuracy estimates are available for each experimezddbrievel. We have used

a corrected resampleedest standardly used in Machine Learning to test the significance of the
differences between the accuracies in the binary decisions regatdgsgaembership.

As for the full classification, 10x10 cv yields 10 different full classgweals for each adjective.
The same test has been applied to test the significance of the differermesuiacy for the
full classification including polysemy information. We have provided threfedint accuracy
measures: full, partial, and overlapping, corresponding to the thresaitaefs of agreement
established in Chapter 4. We have argued that the partial measuremjidea®f the usefulness
of the classification, because it is useful to take into account the defjmedap with the
targeted classes (for which credit is given in partial and overlappiegracy), beyond the
exact match required in full accuracy.

The best accuracy results are obtained withalhdevel. They represent an average improve-
ment of 11.4% over the baseline measured with full accuracy, and 20.4%aviikl accuracy.
With this level, for 90.7% of the adjectives there is some overlap between teeslassigned
by the Machine Learning algorithm and the classes in the Gold Standardsiaéi. 2% base-
line.

As for the comparison between levels, morphology(ph clearly beats levels based on con-
textual information func, uni, bi, seth Among the levels that use solely contextual informa-
tion, fung accounting for the syntactic functions of the adjective, aah which takes into
account other distributional correlates of semantic properties, achieveest results. How-
ever, onlyfuncis statistically better thanni andbi.

The main problem for contextual features is the distinction between basevant because, as
discussed throughout the chapter, no distributional cues seem toust esiough to distinguish
them.

In discussing the web experiment reported in Chapter 4, we have foaneMint adjectives are
also highly problematic for humans, in the sense that most variation is odsertiee classi-
fications provided by human judges for adjectives in this class. AspediisasutheAktionsart
or aspectual class of the deriving verb plays a role in the “eventhootiiiecdidjective. Adjec-
tives deriving from stative verbs show meanings and linguistic behathatiiare closer to the
basic class. In contrast, adjectives deriving from process-denatitng have a more eventive
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interpretation.

Another source of variation within event adjectives is the suffix. Partisipially denote re-
sulting states, adjectives derived wiite are have a passive kind of argument structure (their
argument is the internal argument of the verb), and adjectives beaiffinges or andiu are ac-
tive in their meaning. As an example, considenstruit construible andconstructor (‘built’,
“buildable”, *building/builder’), all derived from verigonstruir (‘build’).

In the adjective database used for the experiments, 8 deverbal sudfizedistinguished. In
contrast, 23 denominal adjectives are included. Denominal suffixepitdeheir much higher
number, show much less variability with respect to the semantic class of theizebey
build than deverbal suffixes. To this respect, note that in the web expar8wfferent patterns
were defined for the event class, as opposed to a single pattern faagiteckass and a single
one for object class.

To sum up, both in experiments involving human annotation and in machine lgaxoer-
iments, the event class strikes as problematic. The event class is not hwooggefor the
reasons outlined, and at least some members do not exhibit propertieistirguish them
from the basic class. As a result, it is difficult to distinguish from the basisdbath in terms
of semantic and syntactic or distributional properties.

The morphology-semantics mapping is the most robust clue to the targeteificdtien. A
very strong deviation from the etimologically expected meaning is neededd@djective to
exhibit sufficiently rich cues for contextual features to improve on thalt®ebtained with
morph These cases are the ones that cause &t show a slightly better average accuracy.

Note that these results are contradictory with the results in Experiment Bchiof 5.2.4.3, a
test of a classification based on morphology and the clustering solutiod basistributional
features yielded lower scores for morphology  0.65, equivalent to 65% accuracy, and
K = 0.49) than for the clustering solutiom{ = 0.73, or 73% accuracy, and’ = 0.56).

In a further test using C4.5 on the same data (Boleda, Badia and Schultelda, \2a05),
adding thetuning subseto the proper Gold Standard (so that 180 lemmata were used for the
experiments), the results patterned with those of Section 5.2.4.3, not withabiaseed in this
chapter.

Recall that in Gold Standard B, the distinctions were only made between the lasgesbasic,
event, and object. We performed 10x10 cv directly on the 3-way distinctidh,ne feature
selection. We tested levetsorph uni, bi, andfunc The most frequent baseline resulted in
46.8% accuracy. Although all levels performed significantly better thandbkelime, levefunc
outperformednorphby an average of 3.7% (73.8% vs. 70.1%). Neitli@morbi outperformed
morph Levelall, obtained by blindly combining features from all levels (totalling 176) with no
feature selection, slightly outperforméehc but, as is the case in the experiments explained in
this chapter, no dramatic jump in improvement was obtained.

Table 6.24 (reproducing data in Boleda, Badia and Schulte im Walde (25the mean and
standard deviation of the accuracies obtained for eachfevel.

We conclude that the difference in performance is due to differencesiddta, caused by
differences in the methodology to build the two Gold Standard sets. Recall$exction 4.1
that Gold Standard B was randomly chosen in a token-wise fashion. HdrSkandard C,

8No standard deviation is given for the baseline, because it was computée whole data.
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Level Accuracy
bl 46.8
morph  70.%0.3
uni 68.8+0.6

bi 67.4:0.8
func 73.8:0.3
all 74.7+0.5

Table 6.24: Results of previous comparison between levels.

as explained in Section 4.2.1, a stratified sampling approach was followeactt@inted for
variability in frequency, derivational type, and suffix. As a result,aimal and participial
adjectives are underrepresented in Gold Standard C, while not demdkdeverbal adjectives
are overrepresented. This sampling approach was consciously fdlleaeas to have greater
variability in the kinds of phenomena covered in the Gold Standard.

Table 6.25 shows that only 7.1% of the lemmata in Gold Standard C are partiewpiésthey
represent 22.6% of the adjectives in the database. Conversely, 26tB#%lemmata in Gold
Standard C are deverbal, and they represent 17.4% of the database.

Deriv. type #DB %DB #GS %GS

denominal 860 37.5 70 333
not derived 515 225 70 333
participial 517 22.6 15 7.1
deverbal 399 17.4 55 26.2
total 2291 100 210 100

Table 6.25: Derivational type in adjective database and Gold Standard C.

In Experiment B and Boleda, Badia and Schulte im Walde (2005), the algwrithodeled the
event class in terms of the properties of participles, because they wamottdrequent type
of event adjectives and the remaining event adjectives do not piesemtgeneous properties.
In Experiment C, the lack of distributional properties common to the evers idasost clearly
shown, because of the low frequency of participles. Therefore, ibtinall clear that level
morphis the best level for our task: it accounts better for the event classthbat event
adjectives that are not participles are the least frequent type of agjecti

In addition, the error analysis performed for Experiment C has showysittaough the number

of mistakes made with levehorphandall is comparable, the kinds of mistakes are qualitatively
very different. Levehll has trouble identifying event adjectives, as could be expected because
of the lack of robust distributional clues, and also discriminating betwesit laad object.
However, it captures shifts in meaning to a larger extent thamibwphlevel. Levelmorph
provides a quite uniform mapping: from deverbal and participial to manoss event (so that

no shifts in meaning are accounted for), and from denominal to BO (sattbe¢rgenerates

this type of polysemy). This level does not identify a single object adjective

Because a quite different configuration is obtained with lalglwe conclude that it is not
the optimal way to combine the strengths of each level of description. An afteznwvould

be to build anensemble classifien type of classifier that has received much attention in the
Machine Learning community in the last decade and continues being an actavef research
(Dietterich, 2002; Witten and Frank, 2005).
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When building an ensemble classifier, several class proposals foiteachre obtained, and
one of them is chosen on the basis of majority voting, weighted voting, or noplésticated

combination methods. It has been shown that in most cases, accuragy @igbmble clas-
sifier is higher than the best individual classifier (Freund and Schd@gs; Breiman, 1996;
Dietterich, 2000; Breiman, 2001). The main reason for the successsefrdile classifiers is
that they gloss over the biases introduced by the individual systems.

Several methodologies for the construction of ensemble classifiers bamgloposed. Among
the most used are methods for independently building several clasdifje(a) varying the
training data or (b) the subset of features used, (c) manipulating the tatibks training data,
or (d) introducing random noise. See Dietterich (2002) for furtherildetiad references on the
different methods.

In our setting, the simplest way to build an ensemble classifier would be to uskfférent
levels of description as different subsets of features, that is, to us@d@h Naively viewed,

this would be as having a team of linguists and NLP engineers, each caingikiweir knowl-

edge on morphology, om-gram distribution, on semantic properties, etc., and have them reach
a consensus classification.

In related work, Rigau et al. (1997) combine several heuristics fong&rm disambiguation
in MRD dictionaries (Spanish and French). The improvement of a simple majaritpg
scheme over the best single heuristic was of 9% and 7% accuracy, doisBpand French,
respectively. They achieved an overall 80% accuracy. On a diffeqgproximation, van Hal-
teren et al| (1998) build an ensemble classifier for part of speech tabgicombining the class
predictions of different algorithms.

The two systems exhibitgangeffect (van Halteren et al., 2001) by implementing several vot-
ing schemes. An alternative approach is to exploreatiter effect, by which a second-
level machine learning algorithm is trained on the output of the severalidudivclassifiers.
van Halteren et al. (2001) test different system combinations and votingnges for POS-
tagging on three tagged corpora. For all tested datasets in this pieceafaesthe ensemble
classifiers improve upon the best component tagger. The error reduateis 11.3% to 24.3%
depending on the corpus.

We have performed a preliminary test that indicates that ensemble class#fieirsdeed offer
fruitful results for our task. The test involves establishing 10 differaajority classifiers by
taking the mode (most voted class) of each run, testing several combinafitexels. For
the approach to work, at least three levels have to be combined. THesrelthe test for
some combinations of 3 to 6 levels of description are depicted in Table 6.26h alsio in-
cludes the accuracies obtained with the zero rule basdilhar{d the best single levedl() for
comparison.

In any of the combinations tested, accuracy improves over 10%. Thedsest is obtained
when combining all levels of description, and jumps to a mean 84% (full acguos 91.8%
(partial accuracy). Note that with this procedure 95.7% of the classifitatibtained with the
ensemble classifier present some overlap with the class assignments in thH&t@wldrd (see
overlapping accuracy). These results represent a raw improvemigntria of full accuracy of
33% over the baseline and 21.7% over the best single classifier.

The accuracies obtained correspond to the simplest possible ensembiitec]asbtained by
unweighted voting over the classifications obtained with each feature sé.siffiple test,
however, provides a strong indication that ensemble classifiers are gpmeesful and ade-
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Levels Classifs. Full Acc. Partial Acc. Overl. Acc.
morph+func+uni+bi+sem+all 6 840 91.8'"9 95.71
morph+func+uni+bi+sem 5 8213 91.3138 95.94
func+uni+bi+sem 4 8118 91.0'6 95.97
morph+func+sem-+all 4 7214 83.6° 89.30
morph-+func+sem 3 76%% 85.82 90.63
bl - 51.0+0.0 60.5+0.0 65.2+0.0
all - 62.3+2.3 80.9+1.5 90.7+1.6

Table 6.26: Results for ensemble classifier.

guate way to combine the linguistic levels of description than simply merging all é&safar
tree construction.

A preliminary version of the experiments presented in this chapter has loééished in the
following article:

Boleda, G., Badia, T., and Schulte im Walde, S. (2005). Morphology yatag in adjec-
tive class acquisition. IfProceedings of the ACL-SIGLEX 2005 Workshop on Deep Lexical
Acquisition pages 1119-1125, Ann Arbor, USA.
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Chapter 7
Conclusion

7.1 Conclusions

In this thesis we have pursued a line of research that seeks to inducetsecolasses for
adjectives from morphological, syntactic, and semantic evidence.

The definition of a broad semantic classification for adjectives is a comsialenatter from a
theoretical point of view. A major effort in the thesis has been to combinefdataliterature
review with several empirical approaches to adjective classificatiors smtast the strengths,
weaknesses and possibilities of the classification proposals.

Three main sources of empirical insight have been exploited. First, treratiffes observed
in the manual annotation of adjectives by several judges (agreemdpsiaha Second, the
distribution of feature values across adjective classes. Third, thésedwnsupervised and
supervised machine learning experiments applied on the manually annotétedsitay the

defined features.

Throughout the thesis, we have devoted every effort to analyse targriet the pieces of infor-
mation gathered, and we have revised our hypotheses and re-intéripretgdata according to
the results of these analyses. Thus, the techniques and tools we hdveuseserved as tools
for linguistic research.

In the Introduction, we have stated three goals for this thesis. We nowwegieh of the goals
and summarise the findings obtained with respect to each of them.

Goal 1: To define a broad, consistent, and balanced semantic classétion for adjectives
The definition of a semantic classification for adjectives is a controversignfeom a theo-
retical point of view.

We have proposed an initial classification into qualitative, relational, andsioieal adjectives,
based on proposals in formal semantics and descriptive grammar. Tigsisuad the human
annotation data and the results of an unsupervised experiment has ledeuiséothe classi-
fication by dropping the intensional class and adding a new class. Tisedeslassification
distinguishes between basic (formerly, qualitative), object-related (ftynrelational), and
event-related adjectives. It is backed up by the treatment of adjectivedrgtics in Ontological
Semantics.

The classes can be characterised as follows.

e Basic adjectives typically denote attributes. In Catalan, they can be useektrictively
(in pre-nominal position), predicatively, and tend to be gradable. Tieguéntly enter
into coordinating constructions and can appear further away from teait houn than
other types of adjectives. In general, they are characterised byitaxfpithe greatest
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variability in terms of syntactic function and distributional properties. The coembers
of this class are lexically organised in terms of scales, and have antonyovgever,
most basic adjectives do not have antonyms in the narrow sense of the term.

e Event adjectives denote a relationship to an event. Because most djextivas are
deverbal, they tend to have a more complex argument structure than bpsitived,
and in particular, to bear complements. Probably for this reason, they trd pre-
nominally modify nouns. Some of them enter into predicative constructions \mitiher
frequency than basic adjectives.

¢ Object adjectives denote a relationship to an object. They are frequeetlyta point to
a subtype of the class of objects denoted by their head noun. In Catbjact, @djectives
appear rigidly after the noun. They cannot be used nonrestrictivedycan act as predi-
cates under very restricted circumstances. Most of them are notojgaated do not bear
complements. The typical noun modified by an object adjective is femininegrahes
in a definite NP, which in turn is embedded within a PP. Although other kindsjetad
tives appear in these environments, object adjectives do so in a much pigpertion
of cases.

Most of the properties identified in the feature analyses carried out in #éssthoincide with
the parameters explored in the literature. However, our approach hagarad several pieces
of information that are not usually discussed in linguistic theory, becawsedte easier to
uncover from corpus statistics than from introspection, the main methodologgntly used
in linguistic analysis. The main contributions concern the behaviour of thetotlgss with
respect to definiteness and the syntactic function of the head nouneFlimtjuistic research
is needed to provide an explanation for the pieces of data described.abov

We have further shown that although polysemous adjectives sharediffespects of the core
classes to which they belong, they do not form a homogeneous, distisst §l&o main aspects
play a role in the difficulty to characterise polysemous adjectives. First,atttettiat most
adjectives have a more frequent sense in the corpus, so that theidagtworresponds to one
or the other classes involved. Second, the fact that while there are ssameases of polysemy,
for some other cases rather ambiguity seems to be at play.

The classification proposed presents some futher difficulties, which maingeen the charac-
terisation of the event class. The event class arose as a result ofsingenvised experiments
presented in Section 5.1, because the semantics of some of its memberslgortiwose built
with suffixesble, or, andiu, does not easily fit into the basic class. It is also backed up by
proposals within Ontological Semantics, and to some extent in WordNet.

However, the results reported in this thesis indicate that it cannot be veesv@dompact class.
Probably, the event class consists of distinct subclasses, thatpmite®> a combination of
suffix type and aspectual class of the deriving verb. Also, some of its menfimost notably,
those derived from stative verbs) are better placed in the basic ctasa)se they can be argued
to denote plain attributes, instead of being related to an actual event.

Object adjectives are the most compact class, but they also exhibitiligridbany denominal

adjectives, such as nationality or ideology adjectives, are ambiguousdmetive basic and
the object class. Some others, suchfarsgds(‘muddy’) or diari (‘daily’), have an object
component but a much more specified relationship to the object than is uswalbadle for

object adjectives.
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As for basic adjectives, the core of the class does exhibit a set of cormemantic and dis-
tributional properties, but many adjectives that are assigned to this cldss geveral Gold

Standards do not share these properties. Among the types treated in dtarieintensional

adjectives, modal adjectives, so-called adverbial adjectives hawyidimatic properties. Other
kinds of adjectives that are not usually tackled in the literature do not ktfaigvardly denote

attributes and do not share many of the properties of basic adjectives.

This discussion raises the issue of whether it makes sense to attempt atlecigissification
of adjectives in the fashion pursued in this thesis. A possible answer touésdign is that a
broad classification serves limited purposes, and that necessarily matgpesi of adjectives
do not fit in the definition of the main classes. Probably, the best way to ateetjrese subtypes
into the classification would be to build a hierarchy, instead of a flat cladssiickke the one
we have proposed here. We now turn to the findings regarding thedsgoahof the thesis.

Goal 2: To test the feasiblity of the classification task by humans Within the thesis, three
different manual annotation experiments have been carried out. The watiribation has
been the design of a web experiment to gather large amounts of data foadjactive. Web
experiments are a promising way to gather linguistic data, which has not bedmeaxyploited

within the linguistic or NLP communities. In Psychology and Psycholinguisticspiirast,

they are increasingly used.

In the web experiment, we have gathered data from 322 judges, easifiyitas30 out of the

210 adjectives in the Gold Standard. Traditionally, agreement studiesokaneperformed for
a small number of judges and a relatively large number of items to be clasdBiedsitua-

tion is the reverse, which has motivated the development of a specificagbpto measuring
agreement.

We have used previously defined descriptive measures (proportmsefved agreement and
proportion of specific agreement) as well as a measure that correathdoce agreement,
kappa. We have argued that confidence intervals should be estimatey fioreasure of agree-
ment used, and we have proposed a sampling approach to obtain retimstes in experimen-

tal tasks with a large number of judges.

The web experiment was aimed at the acquisition of semantic classes includiisgmy in-
formation, so that we allowed the judges to provide multiple class assignmerdssiogle
adjective. Weighted measures of agreement, such as weighted kappallad for to ade-
guately model partial agreement in multiple class assignments.

We have proposed a weighting scheme based on an explicit model of the taslperformed
by the humans. Even if this model is oversimplified, by comparing the weightedssevith
the lower and upper bounds for the agreement values we have shavitnsérasibly accounts
for partial agreement. The best estimate for agreement among human gsdgEsessed on the
web data is & value of 0.31 to 0.45. This value is too poor for academic standards, sed¢hat
have established the final classification for the dataset relying on a comnii@experts.

A comparison of the data obtained through the web experiment with the ekpssification has
shown systematic deviations from the intended classification, which indicatblems in the
design of the task. Through the analysis of agreement results we hawmatsvered difficulties
in the classification, particularly regarding the event class, as hasyliead mentioned above.
This analysis has been possible by using entropy as a measure of intragiteement.
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To sum up, we have used the process of building a Gold Standard ather fampirical ap-
proach to the overall goal of establishing a meaningful and adequat@sewiassification for
adjectives. However, we have failed to produce a reliable Gold Stanmugtdling polysemy
information. Next section suggests ways to improve upon the methodologloged thus far.

Goal 3: To test the feasiblity of the classification task by computers We have performed
three machine learning experiments to automatically classify adjectives into teciaases.
The results obtained indicate that the semantic classification of adjectivgsmsiphological

and distributional information is feasible to a large extent, at least for Catdlaa classifi-

cation proposal and the methodology could be straightforwardly extetadether Romance
languages, such as French, Spanish, or Portuguese.

The first two experiments have been directed at testing the initial classifigatposal, revis-
ing it, and providing an initial characterisation of each class. These pesguwave motivated
the use of an unsupervised technique used, clustering. In the sdustetiog experiment, per-
formed to distinguish between the main class of adjectives (ignoring polysémeygstimated
accuracy obtained is 73%, compared to a 49% baseline.

The acquisition of polysemy has been tackled with a supervised techniguesid@h Trees.
Viewing the problem as a multi-label classification task, we perform the cleesiin in two
steps: first, binary decision on each of the classes (basic or not, @vant, object or not).
Second, merging of the decisions to achieve a full classification.

A specific goal of the experiment was to test the strengths and weakridsssyeral linguistic
levels of description (morphology, syntax, semantics) for the task at Wdadhave shown that
in general terms, features defined on the basis of contextual informatrogcty account for
object adjectives, but they cannot distinguish between basic andadjectives. Morphology
offers a default classification that fares relatively well with all clasbascannot account for
shifts in meaning that cause polysemy or change of class. Although caatés@tures are
more sensitive to these deviations from the expected class, they oftendistimguish between
polysemy and class shift.

The best results are obtained with a combination of features from diffexesis of linguistic
description, which obtains accuracy estimates of 62.3%, under the stegtdgation condi-
tions. These results represent an average improvement over the baddlin4%.

The error analysis has suggested that using all levels in a single expeigsmot the best
way to combine the strengths of each level of description. Ensemble clesssifteich build
a classification out of several proposed classifications, are an attrattitrnative. Majority
voting over the classifications yielded by each individual level raisegracg to a mean 84%
(full accuracy), which represents a raw improvement of 21.7% ovebdise single classifier,
opening the way to richer ways to combine different types of linguistic ecielen

7.2 Future work

We suggest three main lines for future research. The first one is torexgdweral extensions
within the same approach to the task and to provide external evaluation.ethredsone is
to consider alternative information for the acquisition of semantic classes,notdtly selec-
tional restrictions. The third one is to investigate the theoretical implications otthdts for
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linguistic research. We now outline each of these three lines of research.

We begin with extensions in the type of linguistic information taken into account. ii\ttie
morphological and syntactic levels of description, some potentially useftépiaf information
have not been exploited in this thesis. As for morphology, in future wovkpitld be advisable

to exploit prefixation in addition to suffixation. For instance, we have infdlynodoserved that
participles with arin- prefix (equivalent to Englisin-) tend to be more basic-like than those
without the prefix. In fact, Bresnan (1982) used prefixation withas a criterion to identify
adjectival uses of participles. Also, property-denoting nouns are twilbf adjectives with
suffixes such asitat, -esa('-ity, -ess’). It can be expected that mostly basic adjectives are
subject to these morphological processes.

As for syntax, coordination has not been exploited, beyond its useaaigdein then-gram
models. In Chapter 3 we have shown that basic and object adjectivest @oardinate. It
should be explored whether event coordinates with basic or objectiadgcAs explained in
Section 3.7, Bohnet et al. (2002) apply a bootstrapping approach akieg and coordination
information to classify German verbs. A similar approach could be devigsdddialan.

At the interface between syntax and semantics would be the acquisitionushang structure
for use in semantic classification. The argument type of an adjective (eoggtion or enti-
tiy) tends to correlate with a particular subcategorisation type (e.g., cladde)oi he strategy
developed in Yallop et al. (2005) for the acquisition of syntactic subcatagion patterns for
English adjectives could be adapted to Catalan and further extended toqgihisition of ar-
gument structure. However, Yallop et al. (2005) use a robust statipticakr, a resource that
is currently not available for Catalan. Alternative methods using shallosepsrwhich are
available for Catalan (CatCG, the tool used here; FreelLing, an opegnestool that provides
chunking and dependency parsing; see Atserias et al. (2006))ddbe explored.

The results of the experiments have been based on a 14.5 million corptainoan formal
written text. This corpus is quite small compared to corpora standardly usgben Lexical
Acquisition tasks. For instance, tBeitish National CorpugBurnage and Dunlop, 1992), used
in acquisition tasks for English such/as Lapata (2001), contains 100 milliotisw®dhe results
should be checked against larger and qualitatively different corgayaCatalan, a large web
corpus has been recently developed within GLiCom (Boleda et al., 280&h could be used
for the acquisition experiments.

A third type of extension is the use of other machine learning techniquescadrtodusions of
this study have been reached on the basis of two techniques, namelyicguated Decision
Trees. More specifically, a detailed analysis has only been provideddérmeans and C4.5
algorithms. The feature exploration and the error analyses performeglitpdiusible that the
conclusions reached would extend to other machine learning techniqusgever, machine
learning approaches based on a different modeling of the learninéepraould be tested to
confirm this hypothesis, such &Nearest Neighbours, Bayesian classifiers, or Support Vector
Machines, a technigue that has recently proven successful for mapyasks.

However, we have shown that for our task, a combination of classifighsdm the basis of

several levels of linguistic description outperforms the best single seatites; by extension,
it should outperform the best single machine learning algorithm. We haetylsaratched the
surface of the possibilities of ensemble classifiers, as we have used tHestiagproach, un-
weighted majority voting. Stacked classifiers and different types of votihgraes, as explored
in, e.g., van Halteren et al. (2001), should be tested to reach stable sionslwith respect to
the use of ensemble classifiers for our task.
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Up to now, we have only evaluated the results internally, through companigbrthe Gold
Standards. Evaluation setups that embed the information acquired into nmopéegasystems
should be developed to assess its usefulness. In the Introduction,wwealtaied that the
classification obtained could be used in low-level tasks, such as POiBgagy statistical
parser trained with and without class information is a suitable test for thieagpipr

Evaluation could also be performed by using information on semantic clagsoi@ sophisti-
cated tasks involving extraction of semantic relationships. For instancet @gjgctives can
evoke arguments when combined with predicative hopres{dential visit a president visits
X). For projects such as FrameNet (Baker, Fillmore and Lowe, 19983¢tkinds of relation-
ships can be automatically extracted for adjectives classified as objecevé&ior adjectives,
the reverse applies, as the adjective can be deemed equivalent tcabprexicate:flipping

coin - a coin flips. This kind of information can be applied to tasks that have tigcen

ceived much attention within the NLP community, such as Paraphrase Deteatioreztual
Entailment Recognition. The knowledge gathered through these task® @pplied to, e.g.,
summarisation: the noun-adjective constructions are shorter than theinsalhcounterparts.

In this thesis, we have used morphological, syntactic, and semantic inforni@atiolassifica-
tion. A major piece of information that we have not yet explored are seledtrestrictions.
Including this type of information is a second line of research arising frosillesis.

Selectional restrictions specify the kinds of arguments a given predicferg, or even allows.
Some pieces of evidence in feature analysis, such as object adjectigiégingofeminine heads
in a higher proportion than other classes of adjectives, suggest thahteally different adjec-
tives select for semantically different types of arguments. If sucak$isis level of information

would make the semantic classification of adjectives largely language-indieypie(provided

sufficiently similar semantic classes are present in the targeted language)sk it would not
rely on surface properties.

However, this level of information faces two major difficulties. The first a;m¢hat in the
literature, no clear predictions with respect to which kinds of heads shmulkekpected for
different semantic classes are found. We have suggested that afijativees tend to modify
abstract nouns in a higher proportion of cases than other kinds oftigdgcalthough this
hypothesis is still to be tested.

The second difficulty is the establishment of a set of the categories foekbetisnal restric-
tions. The difficulty is increased by the fact that polysemy and ambiguity, wivie want to
account for, affect the head nouns of adjectives just as they aifigectives.

In research on acquisition of selectional restrictions (Resnik (1993¢,akd Li (1996), Mc-
Carthy (2001), McCarthy and Carroll (2003)), lexical resouragshsas thesauri or WordNet
are typically used to define the categories, allowing for different levedsanfularity by cutting
at different points in the hierarchies. In other approaches (Reiabargl Daelemans, 2003),
the categories are unsupervisedly built via clustering.

Following this latter kind of approach, a possibility would be to cluster nounsweithal data
(that is, to group nouns according to which verbs they cooccur withg,use the resulting
clusters as noun classes to acquire selectional restrictions for adgediive classes would be
used as features for classification into semantic classes. This way, aemnudantly motivated
classification would be built (based on verbs), and relationships betvezbal and adjectival
arguments could be explored. However, deciding on the optimal numbkrstérs (classes) is
a difficult issue, and the interpretation of the resulting clusters in terms ofrdentéasses is
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yet more difficult.

The third line of research involves investigating the theoretical implicationseofdsults pre-
sented here for linguistic research. First, in the definition of a classifichticadjectives. The
difficulties faced have been summarised in the previous section; how begttoome them
is a matter for further research. Second, in the characterisation ofcésssh characteristics
uncovered through feature analysis should be explained from a lingp@stitof view.

Third, in the definition of polysemy within our task. Aiming at acquiring polysemyliesp
that different senses can be distinguished and encoded. Difficultiéstimgiishing ambiguity
from polysemy have been highlighted in the thesis, and have arguabtyeaffthe agreement
level in the manual annotation experiments. Polysemy judgments have prawedifficult to
obtain in a reliable fashion.

Relatedly, a further aspect left for future research is the desigreafieade experiments to build
reliable Gold Standard sets for our task. In addition to problems involving¢fieition and
detection of polysemy, we have argued that two main factors explain theagoeement ob-
tained in the web experiment: first, the use of naive subjects; secordem®in the definition
of the task, as it involved meta-linguistic judgments.

The first problem is unavoidable if a large number of judgments wants tota@eld: even if
the target are subjects with some training in linguistics, they will not all be &xjpethe specific
problem tackled in a particular experiment. It has proven very difficuletigh a classification
task for naive subjects. Methodologies and designs used in psychistingishould be further
checked to improve the design, so that more stable results are obtainéda 8esign should
not involve meta-linguistic knowledge, but linguistic intuitions.

A possibility would be to define linguistic contexts that correspond to sensesch @& the
semantic classes, and ask for plausibility ratings. However, these coatextaost proba-
bly lemma-dependent, so that the intended classification has to be defimedHhaeid. This
method, then, could only be used to validate a previous classification builtbg.gn expert
committee, not to build a classification from scratch. Developing reliable melibgide to

obtain complex linguistic information from naive subjects would be very uisefiboth NLP

and linguistic theory.
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Appendix A
Agreement results

This appendix provides detailed agreement results. In Chapter 4, eadyworted results av-
eraged over all test sets. Section A.1 reports the agreement valuesdiyairtest set. Section
A.2|graphically shows the distribution of agreement values for all pairact ¢est set, for the
three agreement definitions (full, partial, overlapping). Section A.3 stibesslistribution of
agreement values for each class.

A.1 Agreement results per test set

In Tables A.1 and A.2, for each estimate of the agreement value, the firsbittains the mean
4 standard deviation values for each test set. The second row shovwsifige=ace interval for
each test set.

Agr. Def. Est. Setl Set 2 Set 3 Set4 Set5 Set 6 Set7
Do A24+15 42412 48+.16 .42+.15 .46+.14 41+19 .49+.14
.35-.49  .36-.47 .4-.55 35-5 .41-51 .33-.49 .43-55

full K 25+.16 .25+.11 .33+.18 .27+.15 .26+.15 .2+.18 .3+.13
.18-.33 2-3 .24-41 2-34  21-32 .12-28 .25-.36
wp, .64+.11 .65+.06 .68+.1 .63+.09 .65+.08 .66+.1 .68+.08
partial .59-.69 .62-68 .63-72 .59-.68 .62-.68 .62-7 .65-.71
wK .36+.19 .38+.1 .46+.16 .38+.15 .35+.14 .33+.18 .41+.13
.28-.45  .33-42 .39-53 .31-45 3-4 .25-41 .35-.46
op, .78+.13 .78+.11 .79+.11 .75+1 .76+£.11 B+1  .78+.12

overlappin 72-.84 .73-.83 .75-.84 .7-.8 .71-.8 .75-.84 .73-.83
PPING i 48127 52:15 6417 49418 A46:18 AT+22 53:22
.36-.6 45-.59 52-.67 4-57 4-53 .37-.56 44-.63

Table A.1: Overall agreement values per test set.
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Cl. Est. Set 1 Set 2 Set 3 Set 4 Set5 Set 6 Set7

B Ds A+22 45+21 48+2 43+24 55+16 5442 5+.24
.3-.51 .36-.55 .39-.57 .31-.54 .49-.62 .45-.62 .39-.6

K 24425  3+22 .32+25 .32+.25 .34+.19 .23+.21 .29+.22
.13-.36 2-4 .2-.43 .2-.44 27-.41 .15-.32 .19-.38

BE ps A3+.24 15+25 .15+24 .08+.18 .09+.18 .13+.22 .15+.26
0:.27 .03-.27 .03-.28 -.02:.17 .01-.17 .02-.24 .03-.27

K .08+.24 .12+25 .11+23 .04+.14 .06+.17 A+2  11+24
-.05:.22 0:.24 -.01:.23 -.04:.12 -.01:.14 0:.2 0:.22

BO ps A8+.19  1l+i16 1+19 19+25 14422 12+2  .21+.26
.08-.27 .03-.19 .01-.19 .06-.32 .05-.23 .03-.21 .09-.32

K .07+.16 .04+.14 .05+.17 .15+24 .05+2 .02+.16 .15+.25

-.01:.115 -.03:111 -.04:13 .03-.28 -.03:.13 -.05:..09 .04-.25

E s 34+.28 2423 .32+3 .37+.23 .23+.24 .38+35 .21+.29
.22-.47 1-3 .19-.46 .26-.48 .14-.32 .23-.53 .08-.33

K 28+.26  13+.22 .23+3 .25+21 .17+23 .31+35 .15+.29
.16-4 .03-.23 .09-.36 .15-.35 .08-.26 .16-.47 .03-.28

EO ps .06+.14 1419  .21+3 .15+19 .09+.23 .19+.25 .08+.29

0:.13 .01-.19 .05-.37 .05-.25 -.01:.19 .07-31 -.1:27

K .01+.14 .07+18 1743 .09+.15 .07+.23 .16+.24 .07+.29

-.06:.08 -.01:.16 0:.33 .01-.17 -.03:.17 .05-.28 -.12:.25

O s 58+.19 59+.11  67+.2 .B5+18  5+.18 .13+.24 .63+.19
.49-.66 .54-.64 .58-.76 .46-.64 .43-.57 .03-.24 55-.71

K A1+19  .39+.14 53+27 .36+.21 .31+.18 .04+.25 .48+.19

.32-.49 .33-.45 41-.65 .25-.46 .24-.38.07:.15 .4-.56

Table A.2: Class-specific agreement values per test set.
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A.2 Overall distribution of agreement scores
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Figure A.1: Overall distribution of agreement scores (full agreement).
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Figure A.2: Overall distribution of agreement scores (partial agreement).
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Figure A.3: Overall distribution of agreement scores (overlapping agreement).
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A.3 Distribution of agreement scores per class
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Figure A.4: Distribution of agreement scores in class basic.

186



Agreement results

012 3 45 012 3 465 012 3 45

012 3 45

Set 1 Set 2
4 o
| <
o
~
o
o
T T
-05 1.0
Set 3 Set 4
4 o
| <
| o
| ~
| o
™ T © T T
-0.5 1.0 -0.5 1.0
Set5 Set 6
4 o
| <
| o
| ~
| o
i T ° T
-0.5 1.0 -0.5 1.0

Set7

Prob. density for class BE

Figure A.5: Distribution of agreement scores in class basic-event.
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Figure A.8: Distribution of agreement scores in class event-object.
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Appendix B
Data for Experiment C

Tables B.1 and B.2 contain the mean and standard deviation values of the$eamcoding
syntactic function and semantic properties, as used in Experiment C (Cléaptealues for
each class as well as global values for each feature are givenaétofeature, one row show
the mean (M) values and the following one the standard deviation (SD) yahussmaller font
and italics.

Recall that semantic featurast restrictive predicate (copular)andpredicate (otherand are
identical to syntactic featurgge-nominal mod.pred (cop.) andpred (other) Their mean and
standard deviation values are only shown for syntactic features (Tabje B

Feature M/SD B BE BO E EO O Global
post-nominal mod. M 066 0.48 0.9 0.67 0.97 0.95 0.73
SD 019 019 009 022 0.2 005 0.21
pre-nominal mod. M 0.11 0.02 0.01 0.04 0 0.01 0.07
SD 0.14 0.02 0.03 0.08 0 001 0.12
pred (cop.) M 0.13 0.21 0.04 0.15 0.01 o0.01 0.11
SD 0.11 015 0.03 014 0.01 003 0.12
pred (other) M 0.1 0.29 0.05 0.13 0.02 0.03 0.09
SD 008 014 004 013 0.01 003 0.1

Table B.1: Mean and standard deviation values for syntactic function features.
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Data for Experiment C

Feature M/SD B BE BO E EO O Global
pred (withestar M 0.01 0.09 0.01 0.03 0 0 0.02
SD 003 01 003 0.06 0 0 0.04
pred (global) M 0.23 0.52 0.09 0.29 0.03 0.04 0.2
SD 0.16 018 0.07 021 0.02 0.04 0.18
gradable M 0.04 0.08 0.01 0.06 0.01 0 0.04
SD 005 009 001 008 0.01 0 0.06
comparable M 0.06 0.06 0.02 0.06 0.01 0.01 0.05
SD 0.06 005 0.02 009 001 0.03 0.07
gradable (global) M 0.11 0.14 0.03 0.12 0.01 0.01 0.08
SD 01 009 003 015 002 0.04 0.11
definite M 0.32 0.16 051 034 0.6 0.59 0.38
SD 0.15 0.06 012 021 0.06 015 0.2
indefinite M 0.38 04 027 034 0.23 0.24 0.34
SD 013 011 009 014 0.09 011 0.14
bare M 0.2 0.19 0.16 0.17 0.13 0.12 0.18
SD 04 01 005 01 0.05 0.06 0.1
head as subject M 0.08 0.06 0.07 0.09 0.09 0.09 0.08
SD 0.03 0.02 0.02 004 002 0.08 0.04
head as object M 0.12 0.1 0.12 0.11 0.14 o0.11 0.12
SD 0.05 0.06 0.04 004 004 0.05 0.05
head as prep. comp. M 0.37 0.25 051 0.34 054 0.55 0.4
SD 013 041 0.09 012 004 0.11 0.14
distance to head noun M 0.44 045 0.23 0.49 0.19 0.18 0.38
SD 028 016 015 031 01 0.14 0.27
binary M 0.22 0.29 0.17 0.33 0.18 0.19 0.23
SD 017 024 004 02 006 0.07 0.16
plural M 0.28 0.28 0.27 032 04 031 0.3
SD 011 014 008 013 017 0.14 0.12
feminine M 049 039 05 05 039 056 0.5
SD 012 013 008 01 012 0.14 0.12

Table B.2: Mean and standard deviation values for semantic features.
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Appendix C
Gold Standard data

This appendix lists the three Gold Standard sets used for the experimentaptezhs and 6.
They were obtained with the methodologies explained in Chapter 4.

C.1 Gold standard A

Gold standard A consists of the 101 lemmata listed below. The list includes tlséfickttons
described in Section 4.1 and the clustering results explained in Section &dtdiag to the
following convention:

J1-J4: human judge annotations (classes: |, 1Q, Q, QR, R).

CC: final consensus classification (classes: I, 1Q, Q, QR, R).
s3: semantic solution in 3 clusters (labedgisters0, 1, 2).

s5: semantic solution in 5 clusters (labeathisters0, 1, 2, 3, 4).

d3: distributional solution in 3 clusters (labetdusters0, 1, 2).

d5: distributional solution in 5 clusters (labetdusters0, 1, 2, 3, 4).

Lemma J1 J2 J3 J4 CC s3 s5 d3 d5
accidental Q Q Q R Q 1 0 1 2
accidentat Q Q IQ OR Q 1 3 1 2
adquisitiu R R R R R 0O 1 0 1
alemany QR QR R QR QR 1 0 0 O
alfabétic R R R R R 1 0 0 O
alienant Q QO Q Q Q 2 2 1 2
antic Q 1IQ IQ IQ 1IQ 2 2 1 2
anticlerical Q Q QR Q Q 1 0 0 O
avergonyit Q Q Q Q Q 1 3 1 2
bastard Q Q Q Q 0 0O 1 2 4
benigne Q Q Q Q Q 2 2 1 2
caracurt R Q Q Q Q 1 0 0 O
carbonic R R R R R O 1 2 4
celest QR Q OQ R QR 1 0 0 O
cervical R R R R R o 1 1 2
climatologic R R R R R 0O 1 0 ©O
coherent Q Q0 Q O Q 2 2 1 2
colpidor Q Q Q Q Q 2 2 1 2
col-laborador QR R R Q R O 1 0 1
contaminant Q QR R Q QR 2 2 1 2
contradictori Q Q Q Q Q 2 2 1 2
cosmopolita Q Q Q Q Q 2 2 1 2
cultural QR QR QR QR QR 0 1 2 3
curatiu Q R R QR R o 1 2 3
destructor Q OR R QR Q 1 3 0 1
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Gold Standard data
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Gold Standard data

Lemma Jl J2 J3 J4 CC s3 s d3 d5
protector Q Q QR QR R 1 0 1 2
raonable Q Q@ Q Q Q 2 2 1 2
real Q QR Q Q Q 2 2 0 1
representatiu Q Q QR Q Q 2 2 1 2
salvador Q R Q OR R 1 0 0 1
sobrenatural Q OR Q QR Q 1 0 0 O
sociocultural R R R R R 0O 1 0 1
sonor Q Q OR QR OR O 1 0 O
subsidiari Q R Q Q Q O 1 0 1
sud-africa R R R QR R 1 0 0 1
supraracional Q R Q R R o 1 2 3
terciari R R R R R o 1 2 3
terminologic R R R R R 1 4 0 O
topografic R R R R R O 1 0 1
toracic R R R R R 0O 1 0 ©O
triomfal Q QR R QR QR 1 0 0 1
trivial Q Q QO Q Q 2 2 1 2
tactil R R R Q R 1 0 2 3
uniforme Q Q0 Q Q Q 2 2 1 2
usual Q Q@ Q Q Q 2 2 1 2
utopic Q Q@ Q OR Q 2 2 1 2
vaginal R R R R R o 1 2 3
valencianoparlant R R R R R 1 0 1 2
ventral R R R R R 1 0 0 1
veterinari R R R R R 1 0 2 4
viril Q Q OR QR QR 2 2 2 4
vitalista Q QR Q Q Q 2 2 1 2
vocalic R R R R R 0O 1 0 O
xinés R R R QR R 1 0 0 O
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Gold Standard data

C.2 Gold standard B

Gold standard B consists of the 80 lemmata listed below. The list includes thdictdsms
described in Section 4.1 and the clustering results explained in Section éd2diag to the
following convention:

J1-J3: human judge annotations (categories: B, E, O).

M: derivational morphology (categories: N, O, P, V).

Bin: binary (y = yes, n = no).

CC.: consensus classfication (categories: B, E, O).

CS: clustering solution, according to their equivalence to classes (c&t&gB, E, O).

M Bin CC CS
n
n

Lemma
angoixos
artesanal
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atent
atmosféeric
autonomic
catolic
clandesti
clavat
clos
cognitiu
cordial
corporal
dedicat
desinteressat B
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empresarial O
episcopal 0]
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Gold Standard data

C.3 Gold standard C

Gold standard C consists of 210 lemmata. For space reasons, we splitdimatibn asso-
ciated to each lemma in two lists. Section C.3.1 contains the data concerning thenaesse
of agreement as explained in Chapter 4. Section C.3.2 contains the cléassificabtained
with each level of description in the machine learning experiments reportedapt& 6. The
information contained in each column is specified in each section.

C.3.1 Data from web experiment

M: derivational morphology (categories: N, O, P, V).
Suff: derivational suffix.
Freq: frequency of the adjective in the CTILC corpus.
#J. number of judgements obtained.

B, ..., O: number of assignments to each class.
Entr: Entropy.

Exp: expert classifications (classes: B, BE, BO, E, EO, E).

Lemma M Suff Freq #J B BE BO E EO O Entr Exp
absort o - 51 49 44 0 4 0 0O 1 038 B
abundant vV nt 639 39 13 4 9 6 4 3 165 E
abundos V  0s 228 56 12 10 5 17 4 8 168 E
acompanyat Pt 848 39 16 2 10 5 3 3 152 E
admirable V ble 309 39 3 2 1 21 9 3 131 E
aleatori V  ori 72 34 21 1 3 2 1 6 119 B
alegre o - 388 42 17 1 20 O 0 4 103 BO
altiu o - 74 43 24 1 7 1 0 10 113 B
america N a 622 43 O 0 1 0 2 40 029 O
amoros N 0s 410 38 1 1 6 2 5 23 120 BO
ample o - 1191 58 33 1 21 3 0O 0O 091 B
anarquista N ista 189 48 2 0 5 0 1 40 0.60 BO
angular N ar 54 42 4 0 2 1 0 35 060 O
animal o - 434 40 20 1 11 oO 1 7 119 B
animat P t 248 36 9 6 8 8 2 3 168 BE
anomal o - 73 39 19 1 14 O 0O 5 107 B
atomic N ic 189 42 1 0 2 1 4 34 071 O
baix o - 2691 41 23 3 13 0 1 1 106 B
barceloni N i 679 46 1 0 3 0 0 42 034 O
benigne o - 179 42 25 1 14 O 0O 2 09 B
bord o - 131 51 41 2 2 4 0O 2 075 B
caduc o - 71 43 16 9 3 10 2 3 154 B
calb o - 69 29 8 0 2 0 0 19 081 B
calcari N ari 163 47 1 0 1 3 4 38 072 O
capac o - 1979 36 2 4 14 6 1 9 151 B
capitalista N ista 663 58 5 0 16 2 1 34 106 BO
cardinal N al 73 35 19 0 6 O 0 10 099 B
catalanista N ista 152 42 2 0 7 2 1 30 091 BO
causal N al 203 39 4 0 1 2 4 28 095 O
caut o - 55 40 22 0 8 2 1 7 119 B
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Gold Standard data

Lemma M Suff Freq #) B BE BO E EO O Entr Exp
celebre o - 289 44 27 0 8 O 0O 9 093 B
ciutada N a 273 41 1 0 4 0 1 3 054 O
comptable V ble 81 38 1 3 0O 14 16 4 126 EO
comunista N ista 487 56 7 0 13 O 0 36 0.88 BO
concret o - 2331 40 27 7 1 2 0 3 100 B
conflictiu N iu 191 41 7 0 13 1 1 19 120 O
conservador vV or 329 46 23 15 1 5 2 0 117 B
contingent o - 91 32 11 4 2 3 0 12 139 B
contradictori V  ori 371 41 9 2 0 22 2 6 124 E
convincent V nt 109 43 3 2 0 33 4 1 084 E
cooperatiu Vo iu 115 39 1 1 0 14 16 7 122 EO
corporatiu V iu 57 38 1 0 2 1 0 34 044 O
crania N a 81 40 O 0 0O O 0 40 0 O
creador vV or 403 42 O 4 2 20 14 2 123 E
cridaner V er 80 41 2 10 0 20 8 1 125 BE
cru o - 240 40 25 4 7 2 1 1 116 B
curull o - 79 33 26 1 1 5 0O O 068 B
decisiu V o iu 700 42 7 2 6 15 4 8 162 B
deficient o - 147 41 20 3 10 1 0O 7 127 B
deliciés N 6s 154 38 19 2 8 2 0O 7 129 B
desproporcionat Pt 65 38 11 1 11 1 1 13 137 B
diari N ari 519 36 4 1 4 0 0 27 080 O
dificultés V 0s 78 45 14 3 16 1 1 10 141 B
digestiu V o iu 140 56 1 2 4 13 16 20 144 EO
diurn N altres 74 39 10 0O 16 O 0 13 1.08 BO
divergent V nt 72 39 7 11 1 13 5 2 154 E
docent vV nt 101 55 O 0 3 3 12 37 091 EO
eléctric N ic 719 42 1 0 0 1 5 3 058 O
embolicat P t 165 39 6 11 1 15 4 2 149 BE
encantat P t 105 58 17 11 8 16 1 5 158 BE
encarregat P t 273 34 5 4 1 17 0O 7 130 E
epistemologic N ic 89 31 O 0 1 0 1 29 028 O
erotic N ic 163 40 2 2 7 1 5 23 127 BO
escenic N ic 179 42 1 0 3 3 9 26 109 O
esquerre o - 577 41 34 0 7 0 0O O 045 B
estacional N al 81 48 5 0 9 O 2 32 09 O
excels o - 62 33 16 2 3 7 0O 5 135 B
exigent V nt 168 43 4 3 0 25 7 4 123 E
exportador V or 126 37 1 5 0 20 9 2 120 E
exquisit o - 125 41 22 2 7 1 1 8 128 B
familiar N ar 1271 41 2 0O 10 O 2 27 091 BO
fangoés N 0Os 53 37 1 0 1 1 4 30 070 O
feminista N ista 181 43 16 1 11 O 0 15 117 BO
fluix o - 199 44 31 2 6 2 2 1 102 B
foll o - 132 48 32 0O 10 3 0O 3 094 B
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Gold Standard data

Lemma M Suff Freq #J B BE BO E EO O Entr Exp
formidable o - 120 41 40 0 1 0 O O 011 B
franc o - 275 46 23 1 15 O 0O 7 108 B
fresc o - 709 47 20 4 11 1 2 9 144 B
gros o - 1666 41 28 3 8 O 0O 2 091 B
gruixut o - 374 42 26 0O 13 O0 0O 3 084 B
huma N a 5166 55 7 0 17 4 0O 27 116 B
humil o - 415 45 21 0 14 O 0O 10 105 B
igual o - 1725 40 27 1 10 1 0O 1 08 B
immutable V ble 154 38 3 14 3 14 3 1 143 E
imperceptible V  ble 85 37 2 8 0 20 6 1 121 E
imperfecte o - 91 41 23 3 13 1 0O 1 106 B
imperial N al 142 47 1 0 6 2 0O 38 065 O
impropi o - 51 45 38 0 7 0 0 O 043 B
incomplet o - 173 42 27 12 1 2 0O O 087 B
infantil o - 655 46 8 0 22 O 0 16 1.02 BO
informatiu V iu 311 40 2 0 2 14 17 5 129 E
inhuma N a 67 47 34 2 6 1 1 3 097 B
insuficient V nt 288 42 29 2 8 1 0O 2 09 B
integral o - 168 39 16 2 3 9 4 5 155 B
integre o - 96 55 25 6 9 b5 0 10 142 B
intel-ligent V nt 426 40 9 0 8 O 6 17 130 B
intern o - 1339 55 37 2 12 2 0O 2 09% B
intuitiu V iu 101 42 O 2 1 9 13 17 129 BO
irat P t 54 43 12 2 11 0 1 17 130 E
liquid o - 186 39 26 3 5 3 0O 2 108 B
llarg o - 4701 48 34 4 9 0 0O 1 084 B
lleidata N a 134 37 O 0 1 0 0 36 012 O
llis o - 323 49 33 10 1 5 O O 09 B
local N al 1907 41 12 0 7 0 2 20 1.15 BO
mal o - 2382 21 5 0 3 0 1 12 1.08 B
manresa N a 71 41 O 0 1 0 0O 40 011 O
marxia N ia 73 33 O 0 4 0 0 29 036 O
matiner V er 53 45 3 3 0 26 8 5 122 E
maxim o - 1272 36 29 4 0o 2 0O 1 067 B
melodic N ic 103 41 O 0O 10 O 1 30 066 O
menor o - 1118 42 38 0 4 0 0O O 031 B
mercantil o - 209 38 3 0 2 0 1 32 059 O
minim o - 857 57 40 12 2 1 0 2 088 B
moll o - 133 44 17 16 2 5 0 4 134 B
morat N at 172 29 8 0 1 0 2 18 095 B
motor V or 145 35 3 0 2 13 3 14 131 E
mutu o - 355 35 31 0 0O O 0 4 035 B
nocturn N altres 369 48 11 0O 27 O 0 10 0.98
notori V  ori 163 44 22 4 7 6 0O 5 137 B
nutritiu V iu 153 37 1 2 0 12 12 10 133 EO

O
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Gold Standard data

Lemma M Suff Freq #J B BE BO E EO O Entr Exp
obert P t 2250 38 15 14 1 7 1 0 123 BE
oblidat P t 337 42 8 10 5 12 4 3 168 E
obrer vV er 923 53 11 3 5 7 4 23 153 O
ocult o - 195 45 19 15 1 10 0O 0 114 B
ontoldgic N ic 89 41 1 0 2 0 0 38 030 O
opac o - 153 43 29 1 10 O 0O 3 087 B
orientat P t 285 40 7 7 5 11 4 6 173 E
paradoxal N al 131 34 6 0 5 1 0 22 097 B
pasqual N al 82 38 O 0 0 O 0 38 0 O
peculiar N ar 317 42 26 0O 10 1 0O 5 098 B
peninsular N ar 219 40 1 0 3 0 0 36 038 O
perillos N 0s 808 41 9 0O 10 O 2 20 117 B
pertinent V. nt 135 41 17 4 7 8 0O 5 146 B
pessimista N ista 83 57 41 1 12 0 0O 3 079 B
picat P t 260 40 4 9 2 22 2 1 128 E
placid o - 103 45 21 0o 12 1 1 10 121 B
poétic N ic 519 39 2 0 2 0 1 34 051 BO
precog o - 148 36 19 0 6 O 0 11 099 B
predilecte o - 50 39 22 0O 11 O 0O 6 09 B
preferible V ble 104 38 4 2 2 16 2 12 143 E
primari N ari 681 42 35 1 3 2 0 1 066 B
primitiu V o iu 1053 41 28 0 3 0 0O 10 079 B
productor vV or 200 42 O 2 1 28 9 2 097 E
professional N al 978 39 10 2 7 3 2 15 152 BO
promeés P t 90 37 O 0 0 11 12 14 1.09 E
propens o - 89 30 12 1 2 5 0 10 132 B
prosper o - 66 38 8 2 1 5 7 15 152 B
protector vV or 145 38 O 2 0 24 11 1 089 E
prudent o - 236 54 19 1 17 O 0 17 116 B
punxegut N ut 74 34 1 3 2 17 3 8 138 B
quadrat P t 412 49 17 3 3 6 1 19 141 B
raonable V  ble 249 41 2 2 4 19 7 7 148 BE
reaccionari N ari 135 42 18 2 4 9 6 3 152 B
recent o - 809 37 29 0 3 0 0O 5 066 B
receptor V or 57 42 6 9 0 19 8 0 128 E
reciproc o - 206 36 10 0 9 O 1 16 116 B
recomanat P t 86 37 5 2 0 20 4 6 129 E
regulador vV or 93 38 O 1 0 28 8 1 074 E
remarcable V ble 323 41 11 11 0 19 0O O 106 B
renaixentista N ista 100 57 O 0 3 1 2 51 044 O
respiratori V  ori 161 54 O 0 1 7 5 41 0.76 O
responsable V ble 530 57 24 0 9 3 2 19 129 B
resultant V nt 153 40 3 3 0 19 8 7 136 E
revelador vV or 102 56 7 4 0 38 5 2 104 E
revolucionari N ari 772 43 5 2 6 2 14 14 154 BO
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Lemma M Suff Freq #J B BE BO E EO O Entr Exp
rigid o - 309 42 15 8 7 5 4 3 164 B
roent V nt 58 40 11 6 3 14 1 5 155 B
sabut P t 430 41 6 11 1 14 6 3 156 BE
salvador V or 74 42 0 0 1 26 13 2 089 E
sant o - 1038 34 3 1 3 9 7 11 157 B
satisfactori V  ori 233 38 5 7 0 16 6 4 147 E
semicircular N ar 67 31 4 0 1 0 0O 26 052 B
sensitiu V iu 70 41 3 1 1 6 8 22 130 BO
serios N 0s 735 39 10 0 5 0 1 23 101 B
significatiu ~ V iu 832 46 30 3 3 2 1 7 114 B
silenciés N 0s 303 55 17 6 20 O 1 11 136 B
similar N ar 618 40 24 3 8 O 0O 5 108 B
simplista N ista 53 43 12 0 6 18 2 5 138 B
socialista N ista 811 41 3 1 6 3 1 27 112 BO
sospitds V  6s 144 40 7 3 3 6 3 18 153 E
subaltern o - 67 46 27 1 2 8 0O 8 114 B
sublim o - 100 35 22 3 0 4 1 5 112 B
subsidiari N ari 51 34 15 1 5 1 1 11 131 B
subterrani o - 211 27 5 1 2 6 3 10 157 B
superflu o - 82 43 36 3 1 2 0O 1 065 B
temible V ble 92 43 1 1 2 20 12 7 132 E
tenacg o - 71 56 26 1 10 1 0 18 117 B
terrestre N altres 535 42 4 0 9 0 1 28 091 O
terrible V ble 561 41 17 2 13 1 2 6 139 B
tipic N ic 990 57 43 1 7 2 2 2 089 B
titular N ar 353 49 10 0 7 2 2 28 118 B
tort o - 57 42 18 14 2 8 0O 0O 119 B
total N al 2262 45 21 3 5 4 0 12 134 B
tou o - 259 45 32 5 7 0 0O 1 086 B
treballador V or 250 38 4 4 1 18 7 4 147 E
triangular N ar 105 38 2 0 0 1 1 34 044 B
turistic N istic 287 39 O 0 2 0 3 34 046 BO
unitari N ari 316 45 5 1 6 7 3 23 141 BO
utilitari N ari 84 48 5 1 4 15 4 19 1.46 BO
vague o - 228 33 19 2 6 2 1 3 129 B
variable V ble 428 41 5 14 3 16 3 0 137 E
vegetatiu V iu 154 35 4 2 0 14 5 10 141 EO
ver o - 475 47 21 0O 14 2 1 9 125 B
viari N ari 56 47 1 0 2 1 0O 43 037 O
viciés N 0s 73 39 3 0 6 3 5 22 126 B
victorios N 0s 84 40 7 1 13 5 3 11 157 E
vigoros N 0Os 134 40 13 2 8 O 0 17 120 B
viril o - 56 39 9 0O 13 O© 0 17 106 B
vivent V. nt 505 46 8 7 1 21 6 3 147 E
vulgar N ar 319 42 23 3 9 0 1 6 121
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Gold Standard data

C.3.2 Data from machine learning experiments

Exp: expert classifications.

Morph: classification with morphological features.

Func: classification with features related to syntactic function.

Uni: classification with unigram features.
Bi: classification with bigram features.
Sem: classification with semantic features.

All: classification with all features.

All classifications distinguish between the following classes: B, BE, BO&, E

Lemma Exp Morph Func Uni Bi Sem All
absort B B B B B B B
abundant E E B B B B BE
abundés E B B B B B BE
acompanyat E BE B B B B BE
admirable E E B B B B B
aleatori B E B B B B BE
alegre BO B B B B B B
altiu B B B B B B B
america 0] BO B 0] B BO
amoros BO B B B B B
ample B B B B B
anarquista BO BO B B B B B
angular @] B BO B BE B B
animal B B BO BO BO BO B
animat BE BE B B B B BE
anomal B B B B B B B
atomic @] BO B BO BO B @]
baix B B B B B B B
barceloni 0] B BO B B BO B
benigne B B B B B B B
bord B B BO B B B B
caduc B B B B BO B B
calb B B B B B B B
calcari O BO B BO BO B B
capag B B B B B B B
capitalista BO BO B BO BO B BO
cardinal B BO B B B B B
catalanista BO BO B B B B BO
causal O BO BO (@] (@] B BO
caut B B B B B B B

205



Gold Standard data

Lemma Exp Morph Func Uni Bi Sem All
célebre B B B B B B B
ciutada (@) BO (@) B B 0] BO
comptable EO E 0] 0] B B EO
comunista BO BO B B B B B
concret B B B B B B B
conflictiu @] BO B B B B B
conservador B E B B B B BE
contingent B B B B B B B
contradictori E E B B B B BE
convincent E E B B B B BE
cooperatiu EO E 0] @) O BO EO
corporatiu (0] E B B B B E
crania O BO O BO B B O
creador E E B B B B BE
cridaner BE E B B B B BE
cru B B B B B B B
curull B B B B B B B
decisiu B E B B B B BE
deficient B B B B B B B
delicios B B B B B B B
desproporcionat B BE B B B B BE
diari O BO BO BO O B B
dificultos B E B B B BE
digestiu EO E @] BO BO EO EO
didrn BO BO BO B B B B
divergent E E B B B B BE
docent EO E 0] BO BO O BE
eléctric (@) BO BO BO BO B B
embolicat BE E B B B B BE
encantat BE E B B B B BE
encarregat BE B B B B BE
epistemologic @) BO @] B B B B
erotic BO BO B B B B B
escenic (0] BO (0] BO O 0] (@]
esquerre B B @] BO E @] B
estacional O BO B B B B B
excels B B B B B B B
exigent E E B B B B BE
exportador E E B B BE B E
exquisit B B B B B B B
familiar BO B B B B B B
fangos 0] B B B B B B
feminista BO BO B B B B B
fluix B B B B B B B

foll B B B B B B
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Gold Standard data
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Gold Standard data

Lemma Exp Morph Func Uni Bi Sem All
obert BE E B B B B BE
oblidat E BE B B B B BE
obrer O E BO BO BO BO BE
ocult B B B B B B B
ontologic @) BO BO BO BO O B
opac B B B B B B B
orientat E BE B B B B BE
paradoxal B BO B B B B B
pasqual @] BO 0] BO B B 0]
peculiar B B B B B B B
peninsular @] B 0] BO BO O B
perillés B B B B B B B
pertinent B E B B B B BE
pessimista B BO B B B BE B
picat E BE B B B B BE
placid B B B B B B B
poétic BO BO B BO BO B B
precog B B BO B B B B
predilecte B B B B B B B
preferible E E B B B BE BE
primari B BO B BO BO B B
primitiu B EO B B BO B BE
productor E E B B B B BE
professional BO BO BO BO B BO BO
promes E E B B B B BE
propens B B B B B B B
prosper B B B B B B B
protector E E BO B B B BE
prudent B B B B B B B
punxegut B B B B B B B
guadrat B BE B B B B EO
raonable BE E B B B B BE
reaccionari B BO B B B B B
recent B B B B B B B
receptor E E B B B B E
reciproc B B B B B B B
recomanat E BE B B B B BE
regulador E E B B B B E
remarcable B E B B B B BE
renaixentista O BO B B B B B
respiratori @] E 0] BO BO O E
responsable B E B B B B B
resultant E E BO B B B E
revelador E E B B B B BE
revolucionari BO BO BO B B B B
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Gold Standard data

Lemma Exp Morph Func Uni Bi Sem All
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