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Abstract

This paper describes an inductive logic programming leeymiethod designed to acquire from a
corpus specific Noun-Verb (N-V) pairs—relevant in informoatretrieval applications to perform
index expansion—in order to build up semantic lexicons dasePustejovsky’s generative lexicon
(GL) principles (Pustejovsky, 1995). In one of the compdaeri this lexical model, called the
qualia structurewords are described in terms of semantic roles. For exartipdeelic role indi-
cates the purpose or function of an iteau{for knife), the agentive role its creation modewgld
for housg, etc. The qualia structure of a noun is mainly made up of alesbsociations, encoding
relational information. The learning method enables usutomatically extract, from a morpho-
syntactically and semantically tagged corpus, N-V pairesehelements are linked by one of the
semantic relations defined in the qualia structure in GLIdb énfers rules explaining what in the
surrounding context distinguishes such pairs from othisi f@und in sentences of the corpus but
which are not relevant. Stress is put here on the learningi@iity that is required to be able to
deal with all the available contextual information, and toguce linguistically meaningful rules.

Keywords: corpus-based acquisition, lexicon learning, generatx&bn, inductive logic pro-
gramming, subsumption under object identity, private prtips

1. Introduction

The aim of information retrieval (IR) is to develop systendeato provide a user who questions
a document database with the most relevant texts. In ordach@ve this goal, a representation
of the contents of the documents and/or the query is needetp@e commonly used technique
is to associate those elements with a collection of someeivbrds that they contain, called in-
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dex terms. For example, the most frequent (simple or comghoaommon nouns (N), verbs (V)
and/or adjectives (A) can be chosen as indexing terms. SEn%4989), Sparck Jones (1999) and
Strzalkowski (1995) for other possibilities. The solutgoroposed to the user are the texts whose
indexes better match the query index. The quality of IR systéherefore depends highly on the
indexing language that has been chosen. Their performancbeimproved by offering more ex-
tended possibilities of matching between indexes. Thisbeaachieved through index expansion,
that is, the extension of index words with other words that @ose to them in order to get more
matching chances. Morpho-syntactic expansion is quitalusor example, the same index words
in plural and singular forms can be matched. Systems witjuistic knowledge databases at their
disposal can also deal with one type of semantic similaugyally limited to specific intra-category
reformulations (especially N-to-N ones), following sygamy or hyperonymy links: for example,
the index wordcarcan be expanded inteehicle

Here we deal with a new kind of expansion that has been prowdretparticularly useful
(Grefenstette, 1997; Fabre and Sébillot, 1999) for doaurdatabase questioning. It concerns N-V
links and aims at allowing matching between nominal andalddrmulations that are semantically
close. Our objective is to permit a matching, for exampldwieen a query indexisk storeand
the text formulationto sell disks related by the semantic affinity between an entity (stong) its
typical function (sell). N-V index expansion however has#ocontrolled in order to ensure that the
same concept is involved in the two formulations. We havesehd?ustejovsky’s generative lexicon
(GL) framework (Pustejovsky, 1995; Bouillon and Busa, 20faldefine what a relevant N-V link
is, that is, an N-V pair in which the N and the V are related byemantic link that is prominent
enough to be used to expand index terms.

In the GL formalism, lexical entries consist of structurexssof predicates that define a word.
In one of the components of this lexical model, called dioalia structurewords are described in
terms of semantic roles. Thelic role indicates the purpose or function of an item (for examgiit
for knife), the agentive role its creation modaufld for housg, the constitutive role its constitutive
parts pandlefor handcup and the formal role its semantic categogoftain (information)for
book). The qualia structure of a noun is mainly made up of verbsbeigtions, encoding relational
information. Such N-V links are especially relevant foreéxdexpansion in IR systems (Fabre and
Seéhillot, 1999; Bouillon et al., 2000b). In what followsewwill thus consider as a relevant N-V pair
a pair composed of an N and a V related by one of the four semeatéitions defined in the qualia
structure in GL.

However, GL is currently no more than a formalism; no geneedexicons exist that are precise
enough for every domain and application (for example IRY #ie manual construction cost of a
lexicon based on GL principles is prohibitive. Moreoveg tieal N-V links that are the keypoint of
the GL formalism vary from one corpus to another and canrerefiore be defined priori A way
of building such lexicons—that is, such N-V pairs in which Mys one of the qualia roles of N—is
required. The aim of this paper is to present a machine legmmethod, developed in the inductive
logic programming framework, that enables us to automiyiextract from a corpus N-V pairs
whose elements are linked by one of the semantic relatidirsediein the GL qualia structure (called
qualia pairshereafter), and to distinguish them, in terms of surrougdiategorial (Part-of-Speech,
POS) and semantic context, from N-V pairs also found in semte of the corpus but not relevant.
Our method must respect two kinds of properties: firstly itsinibe robust, that is, it must infer
rules explaining the concept of qualia pair that can be usesl@rpus to automatically acquire GL
semantic lexicons. Secondly it has to be efficient in praalyigeneralizations from a large amount
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of possible contextual information found in very large amgn This work has also a linguistic
motivation: linguists do not currently know all the patteithat are likely to convey qualia relations
in texts and cannot therefore verbalize rules that desthibmn; the generalizations inferred by our
learning method have thus a linguistic interest. The papkébe divided into four parts. Section 2
briefly presents a little more information about GL and matis using N-V index expansion based
on this formalism in information retrieval applicationse@ion 3 describes the corpus that we have
used in order to build and test our learning method, and th8 B semantic tagging that we
have associated with its words to be able to characterizedhtext of N-V qualia pairs. Section
4 explains the machine learning method that we have dewvelapd in particular raises questions
of expressiveness and efficiency. Section 5 is dedicated théoretical and empirical validation,
when applied to our technical corpus, and ends with a dismusgbout the linguistic relevance of
the generalized clauses that we have learnt in order to iexihia concept of qualia pairs.

2. The Generative Lexicon and Information Retrieval

In this section, we first describe the structure of a lexicahein the GL formalism. We then argue
for the use of N-V index expansion based on GL qualia stredituinformation retrieval.

2.1 Lexical Entries in the Generative Lexicon

As mentioned above, lexical entries in GL consist of strrgdiusets of typed predicates that define
a word. Lexical representations can thus be consideredsasves of types on which different
interpretative strategies operate; these represensatibnresponsible for word meaning in context.
This generative theory of the lexicon includes three lewdlsepresentation for a lexical entry:
the argument structurergst r), the event structureegent str), and the qualia structuregg) as
illustrated in Figure 1 for wordV.

w
ARGSTR: ARG].:...
D-ARG1=...

El=..
EVENTSTR= |E2= ..

RESTR = temporal relation between events

HEAD = relation of prominence

_ | W-Ic
QS= | FORMAL = ...
CONST = ...
TELIC=...
AGENTIVE = ...

Figure 1: Lexical entry in GL

All the syntactic categories receive the same levels ofrifgtgmm. Argument and event struc-
tures contain the arguments and the events that occur irefirétibns of the words. These elements
can be either necessarily expressed syntactically or nothis last case, they are called default ar-
guments P-ARG) or default events{-g). The qualia structure links these arguments and events
and defines the way they take part in the semantics of the word.
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In the qualia structure, the four semantic roles corresporidterpreted features that form the
basic vocabulary for the lexical description of a word, aetedmine the structure of the information
associated with it (that is, its lexical conceptual paradificp)). Their meanings have already
been given in Section 1. Figure 2 presents the lexical reptaion ofbook as mentioned by
Pustejovsky (1995), in which the item both appears as a phlysbject, and as an object that
contains information (denoted lwfo.physobj-Icp.

book )
ARGSTR = |ARG1l=y:info
ARG2 = x: physobj

_ |D-El=g
EVENTSTR =
B

info.physobj-lcp
QS = FORMAL = contain(X, y)
CONST = part-of(x.y, z : cover, pages, ...)
TELIC =read(g, w, X.y)
AGENTIVE = write(e, V, X.Y)

Figure 2: Lexical representation bbok

This representation can be interpreted &sy[bookx : physobj.y : info) A containx,y) A
AWAe; [read(er, w, x.y)] A Jex3v|write(ey, v, X.y)]].

A network of relations is thus defined for each noun, for exi@ntook-write book-reagd book-
containfor book These relations are not empirically defined but are linggaly motivated: they
are the relations that are necessary to explain the semagttaviour of the noun. These are the
kinds of relations we want to use in information retrievaR)lapplications to expand index terms
and deal with intercategorial semantic paraphrases ofusEyuests.

2.2 N-V Qualia Relations for Information Retrieval

Arguments for using GL theory to define N-V pairs relevant ifdex reformulation have already
been reported by Bouillon et al. (2000b). We only point ouettde main reasons for that option.

Many authors agree on the fact that index reformulation masbe limited to N-N relations.
For example, Grefenstette (1997) suggests the importahsgntagmatic N-V links to explicit
and disambiguate nouns contained in short requests in apgitation. One way to semantically
characterizeesearchs to extract verbs that co-occur with it to know whrasearctcan do (esearch
shows research revealgtc.), or what is done faesearcHdo researchsupport researgletc.). Our
work within GL framework is a way to systemize such a proposit

From the theoretical point of view, GL is a theory of words antext: it defines under-specified
lexical representations that acquire their specificatianittin corpora. For example (see Figure
2), book in a given corpus can receive the agentive predigatblish the telic predicatdeach
etc. Those representations can be considered as a way ¢tustrinformation in a corpus and, in
that sense, the relations that are defined in GL are privileg®rmation for IR. Moreover, in this
perspective, GL has been preferred to existing lexicaluess such as WordNet (Fellbaum, 1998)
for two main reasons: the lexical relations we want to exthisiamely N-V links—are unavailable
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in WordNet, which focuses on paradigmatic lexical relasioiVordNet is a domain-independent,
static resource, which, as such, cannot be used to desenifimll associations in specific texts,
considering the great variability of semantic associaimom one domain to another (Moorhees,
1994; Smeaton, 1999).

Concerning practical issues, the validity of using GL tlyetwr define N-V couples relevant
for reformulation has already been partly tested. Firshrég1996) has shown that N-V qualia
pairs can be used to calculate the semantic representatidimominal sequence®N(N compounds
in English andN preposition Nsequences in French), and thus offer extended possibilitie
reformulations of compound index terms. Fabre and S&kill®#99) have then used those relations
in an experiment conducted on a French telematic servidersys hey have shown that the context
of binominal sequences can be used to disambiguate noungded that syntagmatic links exist
or are developed within the thesaurus of the retrieval systnd that these syntagmatic relations
can be used to discover semantic paraphrase links betwesara guestion and the texts of an
indexed database. A second test has also been carried betdotumentation service of a Belgian
bank (Vandenbroucke, 2000). Its documentalists tradillgruse boolean questions with nominal
terms. They were asked to evaluate the relevance of proppssi verbs associated with nouns of
their questions to specify their requests or to access dentsithey had not thought of. Those first
results were quite promising.

However, in order to be able to make the most of N-V qualiagaird deeply evaluate their
relevance for information retrieval applications, a metho automatically acquire these pairs from
a corpus is necessary. Our goal is thus to learn GL-basedngienhexicons from corpora (more
precisely N-V qualia pairs). Before describing the leaghmethod we have developed to achieve
this goal, we first present the corpus we have used, and thariation we have associated with its
words to be able to characterize the context of N-V qualiaspai

3. TheMATRA-CCR Corpus and its Tagging

In this section, the technical corpus that we have used tm Isamantic lexicons based on GL
principles is described. This corpus has first undergoneqiesspeech (POS) tagging which aims
at providing each word of the text with an unambiguous catafjtag (singular common noun,
infinitive verb, etc.); categorial tagging is presented ett®n 3.2. Secondly, in order to permit
learning of what distinguishes qualia pairs from non-cuanes that appear in exactly the same
syntactic structures, semantic tags have been added. &owpdx in structures lik&erbinf det N1
prep N2, the pairN2 Verbinf is sometimes non-qualia (for exampleofrosion, vérifiey (corrosion,
check) invérifier 'absence de corrosioftheck the absence of corrosion)) but sometimes qualia
(for example (éservoir, videy (tank, empty) invider le fond du réservoifempty the bottom of
the tank)) when N1 indicates for example a part of an objecsimple POS-tagging of those two
sentences does not display any difference between thertioi$8c3 is dedicated to the description
of the semantic tagging of the corpus, that is to the addibiotags unambiguously describing the
semantic class of each of its words.

3.1 TheMATRA-CCR Corpus

The French corpus used in this project is a 700 KBytes haridbbbelicopter maintenance, pro-
vided by MATRA-CCR Aérospatiale, which contains more than 104,000 word ageciges. The
MATRA-CCR corpus has some special characteristics that are esgewilll suited for our task: it
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is coherent, that is, its vocabulary and syntactic strest@re homogeneous; it contains many con-
crete terms gcrew, door, etg.that are frequently used in sentences together with vediisating
their telic (screws must be tightengetc.) or agentive rolesekecute a settingetc.).

3.2 Part-of-Speech Tagging

This corpus has been POS-tagged with the help of annotatimis tleveloped in th&ULTEXT
project (Ide and Véronis, 1994; Armstrong, 1996); senésnand words are first segmented with
MTSEG; words are analyzed and lemmatized witlioRPH (Petitpierre and Russell, 1998; Bouil-
lon et al., 1998), and finally disambiguated by tiag00 tool, a hidden Markov model tagger (Arm-
strong et al., 1995). Each word therefore only receives dd& Bag which indicates its morpho-
syntactic category (and its gender, number, etc.) with Ipigdtision: less than 2% of errors have
been detected when compared to a manually tagged 4,000tesirdample of the corpus. Those
POS tags are one of the elements used by our learning metlub@tacterize the context in which
gualia pairs can be found.

3.3 Semantic Tagging

The semantic tagging is done on the already POS-taggeeA-CCR corpus; we therefore benefit
from the disambiguation of polyfunctional words (that iggrds that have different syntactic cate-
gories, such ageglein French which can be the indicative of the véthregulateand the common
noun rule) (Wilks and Stevenson, 1996). We have first built the semariéissification which we
used as tagset for the semantic tagging. This tagging padsdblen carried out with the help of
the same probabilistic tagger as for POS-tagging and, asrshere, the majority of the semantic
ambiguities are solved.

More precisely, a lexicon containing every word (the lexiemtries) of thewnATRA-CCR corpus
is created; it associates with each word all its possibleastictags. The most relevant tagset for
each category must be chosen. We only describe here the sermlassification of the main POS
categories of thenATRA-CCR corpus. We also give the results of its semantic tagginggusie
hidden Markov model tagger. A more detailed presentationbeafound in (Bouillon et al., 2001).

WordNet's (Fellbaum, 1998) most generic classes havallyitbeen selected to systematically
classify the nouns. However, irrelevant classes (for oapes) have been withdrawn and, for large
classes, a more precise granularity has been chosen (fmpdx¢he clasartefacthas been splitinto
more precise categories). This has led to 33 classes, tigcaly organized as shown in Figure 3
(WordNet classes not used for tagging are in italics and séimtags are bracketed). Only 8.7%
of the entries of the common noun lexicon are ambiguous. Mb#tose ambiguities correspond
to complementary polysemy (for exampéxnfoncementan both indicate a process (pushing in) or
its result (hollow); it is therefore classified as bqito andsta).

Concerning verbs, WordNet classification was judged to@ifipe A minimal partition into 7
classes has been selected. Only 7 verbs (among about 57&nbhrguous. Adjectives and prepo-
sitions, etc. have also been classified and have led to tladianeof lexicons in which very few
entries are ambiguous.

Those various lexicons are then used to carry out the semtatging of the POS-tagged
MATRA-CCR corpus by projecting the semantic tags on the correspondorgs. Ambiguities are
solved with the help of the probabilistic tagger, followipgnciples described in (Bouillon et al.,
2000a). A 6,000-word sample of the corpus has been chosemligate the semantic tagging pre-
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form (frm)
attribute (atr) <

property (pty)
unit (unt) — time unit (tme)
abstraction measure (mea)<
definite quantity (qud)
relation (rel) —— social relation —— communication
(com)

natural event (hap)
event< act (act) —— human activity (acy)

phenomenon (phm) — process (pro)

noun group (grp) ——— social group (grs)

psychological feature (psy)

state (sta)

body part (prt)
entity (ent) causal agent (agt) —— human (hum)
artefact (art) —(instrument — container

ins) (cnt)
object (pho) part (por)
chemical compound
substance (sub) < (chm)

stuff (stu)
location (loc) — point (pnt) — position (pos)

Figure 3: Hierarchy of classes for the semantic tagging ofroon nouns
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cision. It contains 7.78% of ambiguous words; 85% of themehasen correctly disambiguated
(1.18% of semantic tagging errors).

All those POS and semantic tags in theTRA-CCR corpus are the contextual key information
used by the learning method that we have developed in ordentimatically extract N-V qualia
pairs. The next section explains its realization.

4. The Machine Learning Method

We aim at learning a special kind of semantic relations fram BOS and semantically tagged
MATRA -CCR corpus, that is, verbs playing a specific role in the semaaficesentation of common
nouns, as defined in the qualia structure in GL formalismingryo infer lexical semantic informa-
tion from corpora is not new: a lot of work has already beerdemted on this subject, especially in
the statistical learning domain. See Grefenstette (199dbgexample, or Habert et al. (1997) and
Pichon and Sébillot (1997) for surveys of this field. Follog/Harris's framework (Harris et al.,
1989), such research tries to extract both syntagmatic aratigmatic information, respectively
studying the words that appear in the same window-basechta@yc contexts as a considered lexi-
cal unit (first order word affinities Grefenstette, 1994a)the words that generate the same contexts
as the key word (second order word affinities). For examptescBe and Carroll (1997) and Faure
and Nédellec (1999) try to automatically learn verbal angat structures and selectional restric-
tions; Agarwal (1995) and Bouaud et al. (1997) build sentaciasses; Hearst (1992) and Morin
(1999) focus on particular lexical relations, like hyperoty. Some of this research is concerned
with automatically obtaining more complete lexical senmargpresentations (Grefenstette, 1994b;
Pichon and Sébillot, 2000). Among these studies, mentiost fme made of the research described
by Pustejovsky et al. (1993) which gives some principlesafmuiring GL qualia structures from a
corpus; this work is however quite different from ours besmit is based upon the assumption that
the extraction of the qualia structure of a noun can be perorby spotting a set of syntactic struc-
tures related to qualia roles; we propose to go one stepeiugh we have na priori assumptions
concerning the structures that are likely to convey thekesrio a given corpus.

In order to automatically acquire N-V pairs whose elememngsliaked by one of the semantic
relations defined in the qualia structure in GL, we have datith use a symbolic machine learning
method. Moreover, symbolic learning has led to severalistudn the automatic acquisition of
semantic lexical elements from corpora (Wermter et al.,6l9®uring the last few years. This
section is devoted to the explanation of our choice and tdéseription of the method that we have
developed.

Our selection of a learning method is guided by the fact thiatrhethod must not only provide
a predictor (this N-V pair is relevant, this one is not) butainfer general rules able to explain
the examples, that is, bring linguistically interpretablements about the predicted qualia relations.
This essential explanatory characteristic has motivatedcboice of the inductive logic program-
ming (ILP) framework (Muggleton and De Raedt, 1994) in whithgrams, that are inferred from
a set of facts and a background knowledge, are logic progrérasis, sets of Horn clauses. Con-
trary to some statistical methods, it does not just give rasults but explains the concept that is
learnt, that is, here, what characterizes a qualia pa&irsisa hon-qualia one). This choice is also
especially justified by the fact that, up to now, linguistsra know what all the textual patterns
that express qualia relations are; they cannot thus veebaliles describing them. Therefore, ILP
seems to be an appropriate option since its relational @atam provide a powerful expressiveness
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for these linguistic patterns. Moreover, as linguisticaties provide no clues concerning elements
that indicate qualia relations, ILP’s adaptable framewisrgarticularly suitable for us. Lastly, the
errors inherent in the automatic POS and semantic taggingeps previously described make the
choice of an error-tolerant learning method essential. @dssibility of handling data noise in ILP
guarantees this robustness.

For our experiments, we provide a set of N-V pairs relatedrimyaf the qualia relations (positive
example set=") within a POS and semantic context (elements from sentesw#sining those N-
V pairs in the corpus), and a set of N-V pairs that are not seicelly linked (negative example
set,E7). Generalizing rules from semantic and POS informationualveords that occur in the
context of N-V qualia pairs in the corpus and from distancetsveen N and V in the sentences from
which examples are built is a particularly hard task. Thédlifty is mainly due to the amount of
information that has to be handled by the ILP algorithm. Westtlnerefore focus on the efficiency
of this learning step to be certain to obtain linguisticaiyaningful clauses in a relatively small
amount of time. Most ILP systems provide a way to deal moress ith the problem of the form
of the rules but only some of them enable a total control affibim and of the rule search efficiency.
Moreover, the particular structure of our POS and semanfirination makes it essential to use
a system capable of processing relational background laumyel. For our project, we have thus
chosenaLEPH!, Srinivasan’s ILP implementation that has already beeneravell suited to deal
with a large amount of data in multiple domains (mutagenesdisg structure...) and permits
complete and precise customization of all the settingsefdahrning task. For research usegpPH
is also very attractive since it is entirely written in Prgland thus allows the user to easily have
a comprehensive view of the learning process, and in péatido write his/her own refinement
operator to adequately perform rule search. However, hi®itainly not the fastest choice: other
ILP programs could be used that would perform in shorter tibug it would be to the detriment of
a complete user control on the learning task. A few experimbave indeed been carried out with
Quinlan’sFolL; the computing time was better (about half of thieePH time, see Section 5.1), but
some of the produced rules did not match the linguisticalbtivated form requirements we defined
in Section 4.2. These results are certainly due to the greedsch strategy used IBpIL.

In this section we first explain the construction®f andE~ for ALEPH. We then define the
space in which the rules that we want to learn are searchedhfaris, what the rules we learn are
and how they are related to each other). We finally descrilveviae improve the efficiency of the
search by pruning some irrelevant hypotheses. The clabstsite obtained and their evaluation
are detailed in Section 5.

4.1 Example Construction

Our first task consists in building ug™ and E~ for ALEPH, in order for it to infer generalized
clauses that explain what, in the POS and semantic contélis\bpairs, distinguishes relevant
pairs from non-relevant ones. Here is our methodology feirtbonstruction.

First, every common noun in th@ATRA-CCR corpus is considered. More precisely, we only
deal with a 81,314 word occurrence subcorpus ofithgrRA -CCRcorpus, which is formed by all the
sentences that contain at least one N and one V. This sulscogmtains 1,489 different N (29,633
noun occurrences) and 567 different V (9,522 verb occugghd-or each N, the 10 most strongly
associated V, in terms of (a statistical correlation measure based upon the relatgeiencies of

1. http://web.comlab.ox.ac.uk/oucl/research/areasifearn/aleph/aleptoc.htmi
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words), are selected. This first step produces at the saneeoiins whose components are correctly
bound by one qualia rolgroue, gonfler)(wheel, inflate)) and pairs that are fully irrelevaiitaue,
prescrire)(wheel, prescribe)).

Each pair is manually annotated as relevant or irrelevastdraing to Pustejovsky’s qualia struc-
ture principles. A Perl program is then used to find the o@noes of these N-V pairs in the sen-
tences of the corpus.

For each occurrence of each pair that is supposed to be usaiddamne positive example (that
is, pairs that have been globally annotated as relevantjraued control has to be done to ensure that
the N and the V really are in the expected relation within thelied sentence. After this control,
a second Perl program automatically produces the posixample by adding a clause of the form
is_qualia(noun_identifier,verb_identifier). to the setE™. Information is also added to the background
knowledge that describes each word of the sentence and Higopadn the sentence of the N-V
pair. For example, for a five word long sentence whose wordtifiers are wl ... w.5, and the
N-V pair w_4-w_2, the following clauses are added:

tags(w_1,POS-tag,semantic-tag).

tags(w_2,POS-tag,semantic-tag).

pred(w_2,w_1).

tags(w_3,POS-tag,semantic-tag).

pred(w_3,w_2).

tags(w_4,POS-tag,semantic-tag).

pred(w_4,w_3).

tags(w_5,POS-tag,semantic-tag).

pred(w_5,w_4).

distances(w_4,w_2,distance in words,distance in verbs).
wherepred(x,y) indicates that worg occurs just before word in the sentence, the predicasgs/3
gives the POS and semantic tags of a word, distdnces/4 specifies the number of words and the
number of verbs between N and V in the sentence (a negatitandesindicates that N occurs before
V, a positive one indicates that V occurs before N in the stddientence; distances are shifted by
one in order to distinguish a positive null distance from gatie null one).

For example, the N-V qualia pair in boldface in the sentencmstallation se compose : de
deux atterrisseurprotégés par descarénages fixés et articulés. . (the system is composed: of
two landing devicegrotected by streamlined bodies fixed and articulated. . .) is transformed into
is_qualia(m11124.52,m11124_35). and

tags(m11123_3_deb,tc_vide,ts_vide).
tags(m11123_3,tc_houn_sg,ts_pro).
pred(m11123_.3,m11123_3_deb).
tags(m11123_16,tc_pron,ts_ppers).
pred(m11123.16,m11123_3).
tags(m11123_19,tc_verb_sg,ts_posv).
pred(m11123.19,m11123_16).
tags(m11123_27,tc_wpunct_pf,ts_ponct).
pred(m1112327,m11123_19).
tags(m11124_1,tc_prep,ts_rde).
pred(m11124_1,m11123_27).
tags(m11124_4,tc_num,ts_quant).
pred(m11124.4,m11124_1).
tags(m11124_9,tc_noun_pl,ts_art).
pred(m11124 9,m11124_ 4).
tags(m11124_35,tc_verb_adj,ts_acp).
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pred(m11124_35,m11124.9).
tags(m11124 44 tc_prep,ts_rman).
pred(m11124.44,m11124_35).
tags(m11124 .52 tc_noun_pl,ts_art).
pred(m11124.52,m11124_44).
tags(m11124_62,tc_wpunct,ts_virg).
pred(m11124.62,m11124 52).
tags(m11125_1,tc_verb_adj,ts_acp).
pred(m11125.1,m11124_62).
tags(m11125_7,tc_conj_coord,ts_rconj).
pred(m11125.7,m11125_1).
tags(m11125_10,tc_verb_adj,ts_acp).
pred(m11125.10,m11125.7).

distances(m11124 52,m11125_35,2,1).
where the special tags_vide andts_vide describe the empty word which is used to indicate the
beginning and the end of the sentence.

The negative examples are elaborated in the same way asgshigg@ones, with the same Perl
program. They are automatically built from the above mewgw highly correlated N-V pairs that
have been manually annotated as irrelevant, and from therrecices in the corpus of potential
relevant N-V pairs rejected during™ construction (see above). For example, the non-qualia pair
in boldface in the following sentenceAtr montage : gonfler laoue a la pressiorprescrite, ..."
(When assembling: inflate theheelto the prescribed pressure, ...) is added to the €&t as
is_qualia(m7978.15,m7978_31). and the following clauses are stored into the backgroundaviedge:

tags(m7977_1_deb,tc_vide,ts_vide).
tags(m7977_1,tc_prep,ts_ra).
pred(m7977_.1,m7977_1_deb).
tags(m7977_3,tc_.noun_sg,ts_acy).
pred(m7977_.3,m7977_1).
tags(m7977_11,tc_wpunct_pf,ts_ponct).
pred(m7977_.11,m7977_3).
tags(m7978_7,tc_verb_inf,ts_acp).
pred(m7978_7,m7977_11).
tags(m7978.15,tc_noun_sg,ts_ins).
pred(m7978_.15,m7978_7).
tags(m7978.20,tc_prep,ts_ra).
pred(m7978_.20,m7978.9).
tags(m7978.22,tc_noun_sg,ts_phm).
pred(m7978_.22,m7978_20).
tags(m7978_31,tc_verb_adj,ts_acc).
pred(m7978_.31,m7978_22).
tags(m7978_41,tc_wpunc,ts_virg).
pred(m7978.41,m7978_31).

distances(m7978_.15,m7978_31,-3,-1).

During this step, as shown in the encoding of the previougipesind negative examples, some
categories of words are not taken into account: the detemsimnd some adjectives, which are not
considered as relevant to bring up information about cdrdégualia or non-qualia pairs.
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3,099 positive examples and about 3,176 negative ones &weatically produced this way
from themMATRA-CCRcorpus. A EPH'S background knowledge is also provided with other informa
tion, that describes special relationships among POS andrg& tags. Those relationships encode,
for example, the fact that a tagverb_pl indicates a conjugated verb in the plurarugated_plural),
that can be considered as a conjugated vertjugated) or simply a verb {erb). Here is an example
of those literals describing the words from a linguisticrgaf view:

verb( W) :- conjugated( W ).
verb( W) :- infinitive( W ).

conjugated( W ) :- conjugated_plural( W ).
conjugated( W ) :- conjugated_singular( W ).
conjugated_plural( W) :- tagcat( W, tc_verb_pl ).

The background knowledge file describing all these relatiand all the predicate definitions is
given in appendix A. All the datasets (examples and backgtdinowledge) used for the experi-
ments are available from the authors on demand.

Let us define some terms we use later in this paper:

— “most general literals” are literals describing wordstttia not appear in the body of a clause
in the background knowledge (for examptemmon_noun/1, verb/1). Note that every word
can be described by one and only one “most general literal”.

— “POS literals” (resp. “semantic literals”) are literalestribing the morpho-syntactic (seman-
tic) aspect of a word (the most general literals are not dared as semantic or POS literals),

— “most general POS literals” (resp. “most general semdit¢ials”) are POS (semantic) liter-
als that appear in the body of most general literals (for gdapnmfinitive/1, entity/1).

— for two literals 11 and I2 such that a rule 11:-12. exists imetbackground knowledge, I1 is
called the immediate generalization of 12 and 12 is the imiatedspecialization of 11. The
immediate generalizations of literals are unique with eg$po the background knowledge.

For any word W of our corpus, our background knowledge is ghel all the literals describing
W can be ordered in a tree whose particular structure is usdlki learning process. Indeed, the
root of the tree is the most general literal describing W arths two branches, one for the POS
literals and the other for the semantic literals. Any nodtergl) of these two branches has only one
upper node (its immediate generalization) and at most omerl@its immediate specialization if it
exists). Other useful predicates are also stored in thegsaakd knowledge, for examptegcat/2
andtagsem/2, that are used as an interface between the examples aR@®Bandsemantic literals
and the predicateuc/2 defined asuc(X,Y) :- pred(Y,X).; suc/2 is only used for reading convenience
and is considered, especially in the hypothesis constmicts the equivalent afred/2 (that is,
is_qualia(A,B) :- suc(A,B). andis_qualia(A,B) :- pred(B,A). are considered as one unique hypothesis).
GivenE™, E~ and the background knowleddg ALEPH tries to deal with that large amount
of information and discover rules that explain (most of) fusitive examples and reject (most of)
the negative ones. To infer those rules, it uses exampleertergte and test various hypotheses,
and keeps those that seem relevant regarding what we wagdno |To sum upALEPH algorithm
follows a very simple procedure that can be described inpgsstas stated inLEPH'S manual:
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1 select one exampléo be generalized. If none exist, stop;
2 build L, that is, the most specific clause that explains the example;

3 searchthe space of solutions bounded below_byor the hypothesis that maximizes a score
function. This is done with the help ofrafinement operator

4 remove exampleghat are “covered” (“explained”) by the hypothesis that bagn found.
Return to step 1.

The search of hypotheses (step 3) is the most complex tablsaflgorithm, and also the longest
one. To improve the efficiency of the learning and controldRpressiveness of the solutions, this
search space must be characterized.

4.2 Hypothesis Search Lattice

Many machine learning tasks can be considered as a seaigemproln ILP, the hypothesid that
has to be learnt must satisfy:

Vet € ET:BUH [= e (completeness)

Ve~ € E” :BUH [~ e (correctness)

Such a hypothesis is searched for through the space of atl tlauses to find the one that is com-
plete and correct. Unfortunately, the tests required ortrdiaing data are costly and preclude an
exhaustive search throughout the entire hypothesis sfs@ral kinds of biases are therefore used
to limit that search space (see Nédellec et al., 1996). @tleanost natural ones is thgy/pothesis
language biasvhich defines syntactic constraints on the hypotheses toulmedf This restriction
on the search space considerably limits the number of patesaiutions, prevents overfitting and
ensures that only well-formed ones are obtained.

For us, a well-formed hypothesis is defined as a clause thas gsemantic and/or POS) infor-
mation about words (N, V or words occurring in their conteaaid/or information about respective
positions of N and V in the sentence. For examglgualia(A,B) :- artefact(A), pred(B,C), suc(A,C), auxil-
iary(C).—which means that a N-V pair is qualia if N is an artefact, Vrisgeded by an auxiliary verb
and N is followed by the same verb—is a well-formed hypothe$Ve have therefore to indicate
in ALEPH’s settings that the predicatesefact/1, pred/2, suc/2, auxiliary/1... can be used to construct
a hypothesis. Another constraint on the hypothesis largismthat there can be at most one item
of POS information and one item of semantic information akogiven word. This means that
the hypothesiss_qualia(A,B) :- pred(B,C), participle(C), past_participle(C). iS not considered legal since
there are two items of POS information about the word reprieskebyc. Conversely, the hypothe-
SesSis_qualia(A,B) :- pred(B,C), participle(C), action_verb(C). Or is_qualia(A,B) :- pred(B,C), past_participle(C),
physical_action_verb(C). Or evenis_qualia(A,B) :- pred(B,C), suc(A,C). are well-formed with respect to our
task. Redundant information on one word is indeed superlama useless since all our POS and
semantic information is hierarchically organized: onehdf titerals is thus more specific than the
others and describes the word in a precisely enough way; ttiex dterals are therefore useless.
In our example, there is no need to say thais a participle farticiple(C)) if it is known to be a
past participle gast_participle(C)). This superfluousness issue is managed by our refinemeratope
Several other predicates, in particular those dealing Wighdistances between N and V and their
relative positions, are used in the hypothesis languagee Man 100 different predicates can thus
occur in a hypothesis.
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Even with this language bias, our learning search spaceimerhage. Fortunately, the hypothe-
ses can be organized by a generality relation (with the hiedpquasi-order on hypotheses) which
permits the algorithm to run intelligently across the spateolutions. Several quasi-orderings
have been studied in the ILP framework. Logical implicatieould ideally be the preferred gener-
ality relation, but undecidability results lead to its jen (Nienhuys-Cheng and de Wolf, 1996).
Another order, commonly used by ILP systemsfisubsumption (Plotkin, 1970), defined below.

Definition 1 A clause @ 6-subsumes a clause (C, =g C,) if and only if (iff) there is a substitution
8 such that @8 C C, (considering the clauses as sets of literals).

This order is weaker than implicatiolt{ =g C, = C; = C, but reverse is not true) but al-
lows an easier handling of the clause8:subsumption remains however too strong for our ap-
plication. Indeed, let us considét; = is_qualia(X1,Z1) - suc(Xy,Y1), pred(Zi, W), verb(Y1), verb(Wi).
and Hy = is_qualia(X2,Z2) :- suc(X2,Y2), pred(Z2,Y»), verb(Y2).. Then, we haveH; =g Ho with 6 =
[X1/X2,Y1/Y2,21/Z2,Wy /Y,] @and since in our application, variables represent words,nfeans that
B-subsumption allows to consider one word as two differergsom a clause, as this is the case
with the wordY;/W; in Hi. This property is not considered as relevant for our leayriask; we
thus focus our attention on a coercive formBasubsumption8-subsumption under object identity
(henceforthBp,-subsumption) (Esposito et al., 1996) defined below.

Definition 2 (after Badea and Stanciu (1999))A clause @ 8p,-subsumes a clause @C; = Cy)
iff there is a substitutio® such that G8 C C, and 0 is injective (that is8 does not unify variables
of Cp).

Bo1-subsumption is obviously weaker th@8msubsumption@; >o C, = C; =g C, but reverse
is false) but preserves the expected propétty” o) Ho (with Hy andH, as defined above). This is
handled inALEPH by generating hypotheses with sets of inequalities stdkiagvariables with two
different names cannot be unified. For examplejs internally represented iRLEPH by

is_qualia(X,Z):-suc(X,Y),pred(Z,W),verb(Y),verb(W),X£Z , X£Y,Z£Y,XAW,Y AW, Z£W.

For reading convenience, in the remaining of this paper weaatowrite these sets of inequalities
and we assume that two differently named variables arendisti

The notion of generality (we call Byy-subsumption) that we use is derived from g -
subsumption and adapted to fit the needs of our applicatiotledd,0o,-subsumption, as defined
above, does not totally capture the generality notion wetwanse in our hypothesis space. First,
we wish to take into account the hierarchical organizatiboup POS and semantic information, that
is, we want our generality notion to make the most of the dartt&ory described in the background
knowledge, following ideas developed in tgeneralized subsumptidramework (Buntine, 1988).
For example, we want the hypothesisjualia(A,B) :- object(A). to be considered as more general
thanis_qualia(A,B) :- artefact(A). which must itself be considered as more general thanalia(A,B) :-
instrument(A). (see Figure 3).

Moreover, we want to avoid clauses with no constraint set varimble. For example, the hy-
pothesiss_qualia(A,B) :- infinitive(B), pred(A,C). could simply be expressed Byqualia(A,B) :- infinitive(B).
sincepred(A,C) does not bring any linguistically interesting informatioHowever,is_qualia(A,B) :-
suc(A,C), suc(C,D), object(D). iSs considered as well-formed since there is a semantic nsbn the
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word D, and C is coerced by the twac/2. This condition is very similar to the well-known linked-
ness: according to Helft (1987), a clause is said to be lirilkaktlits variables are linked; a variable
V is linked in a clause if and only if V occurs in the head o, or there is a literal in C that
contains the variableg andW (V # W) andW is linked inC. It also corresponds to the connection
constraint (Quinlan, 1990)1-determinate clauses in tijedeterminacy framework (Muggleton and
Feng, 1990) or chain-clause concept (Rieger, 1996), butricase, every variable must not only be
connected to head variables byathof variables (with the help gired/2 andsuc/2), but besides, it
must be “used” elsewhere in the hypothesis body. A hypathesieting all these conditions is said
to bewell-formedwith respect to our learning task.

Therefore, we say that with respect to the background kragdeB,C =nv D if there exist
an injective substitutior® and a functionfp is such thatfp(C)0 C D (fp({l1,l2,...,Im}) means
{fo(l1), fo(l2),..., fo(Im)}) where fp such thatvl € C, B, fp(l) 1.

Intuitively, this means that a clau§ecan be more specific tha&hif

1 — D has literals in addition to literals @f;

2 — D contains literals more specific (with respect to POS and sémaformation hierarchy)
on the same variables thén

As for 6-subsumption an@p,-subsumptionfyy-subsumption induces a quasi-ordering upon
the space of hypotheses with respect to our particular waokg knowledge and our definition of
well-formed hypothesis, as stated by the three followirgplts:

— C =nv C (reflexivity)

— C1 =nv G2 andCy =Ny C1 = Cq andC; are equivalent (writtelC; ~nv Cp); In our case (as
well as forBp,-subsumptionlC; ~ny Co meansC; = C, up to variable renaming (antisym-
metry)

— C1 =nv G andC; =y C3 = Cp =Ny C3 (transitivity)

Proof

1 - Reflexivity: trivial.

2 - Antisymmetry:C; =nv Cz andC; =ny Cq, thus there exist;, 2, 81 and, such thatf;(C;)0; C
C,and f2(C2)62 CCq,withVl e Cy,B, fl(l) ’: | andvl € C,, B, fz(l) ’: |. Thereforey! ¢ Cy,B, fg( fl(l )) ’:
f1(1) and thusvl € C1,B, fa(f1(l)) =1 with fo(f1(l)) € C1. SinceC; is considered as well-formed
and with respect to our background knowledge, we hdvwe Cy, fo(f1(1)) =1 and f1(l) = I; simi-
larly, VI € Cy, f2(I) = 1. This means that;6; C C, andC;6, C C; and sinced; and6, are injective,
C; andC; are only alphabetic variants.

3 - Transitivity: C; =nv Cz andC;, =Ny Cg, thus there exisft;, f2, 8; and6, such thatf;(Cy)08; CC,
and f2(C2)62 CCs. We haVEfg( fl(Cl))eleg CCz,andfiofy (composition off; and f2) andB; 06,
are injective, therefor€;, =nv Ca. |

Thanks to our example representation and the backgroundl&dge used, all the literals that
can occur in hypotheses are deterministic; such hypothesesaid to beleterminate clause$Vith
these linked determinate clauses, g -subsumption quasi-ordering implies that the hypothesis
space is structured as a lattice (detailed proof is givemppeadix B forBp,-subsumption an@yy-
subsumption). At the top of this lattice, we find the most gehelause (") and below, a most
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is_qualia(A,B).

is_qualia(A,B) :- commomoun(A). el

2 2 -,

is_qualia(A,B) :- entity(A). /)
\2 is_qualia(A,B) : - singularcommonnoun(A).

\ is_.qualia(A,B) :- pred(B,C), preposition(C).

\ 2 is.qualia(A,B) :- object(A).

is_qualia(A,B) :- pred(B,C), goapreposition(C).

is_qualia(A,B) :- object(A), singulacommonnoun(A). |

1 1 2
is_qualia(A,B) :- artefact(A),
singulaccommonnoun(A).

/  is.qualia(A,B) :- object(A), singulacommonnoun(A), -
pred(JB,C ,

[P

goapreposition(C).
N \\ ,’r\;\* -

5

Figure 4: Hypothesis lattice fdyy-subsumption

specific clause (called MSC or bottom and henceforth wridienn ). In our case;T is the clause
is_qualia(A,B). stating that all N-V pairs are qualia pairs, ahds a constant-free clause containing all
the literals that can be found to describe the example to bergézed (see Muggleton, 1995, for
details aboutl construction) minus superfluous literals (literals givimgpre general information
about a word than other literals ih). Figure 4 shows a simple example of our lattice; numbers on
the edges refer to the first or the second condition of thengaledinition ofByy-subsumption.

The way the search is performed in this lattice is really inguat to find the best hypothesis
(with respect to the chosen score function) in the shortessiple time. As our background knowl-
edge has the structure of a forest (a set of trees) and th@relatroducing variables (the sequence
relation pred/suc) is determinate, it is quite easy to build a perfect refinenogerator (Badea and
Stanciu, 1999) allowing an effective traversal of this hyyasis space ordered By -subsumption
using the methods described there. However, in order tos@awputation time, we avoid exploring
parts of the hypothesis space (that is, refinements of hgget) if we know that there cannot be

any good solution in those parts.

4.3 Pruning and Private Properties

Pruning the search is a delicate task and must be contralled sot to “miss” a potential solution.
The problem is that if a hypothesis violates some propertgne of its refinements can perhaps be
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correct with respect t®. Let us see how we manage pruning in our lattice with the guaesof not
leaving a valid solution out.

Some properties, callggrivate propertie§Torre and Rouveirol, 1997a,b,c), allow safe pruning
with respect to a given refinement operator. They enable a@wada refining a given hypothesis
that does not satisfy the expected properties without taktie risk of missing a solution since no
descendant of the hypothesis will satisfy those properties

Definition 3 (from Torre and Rouveirol 1997c¢) A property P is said to be private with respect to
the refinement operatgy into the search space S iff:

YH,H' € S: V(H' € p*(H) AP(H) = P(H"))

whereX indicates the negation of X artf, with F a formula, denotes the universal closure of F,
which is the closed formula obtained by adding a universamifier for every variable having a
free occurrence in k.

Let us examine a very simple and well-known private propéused as an example by Torre
and Rouveirol, 1997c) that allows us to prune the searcHysafee length of a clause. Formally,
the property that binds the length of a clausé tderals can be expressed g$| < k (|C| denotes
the number of literals in clausg). This property is private with respect to the opergbon the
search spac8iff YH,H' € S: Vke N: (H' € p5,(H) A|H| > k=- |H'| > k). Our operator basically
consists in adding literaldH’ € pny(H) A |H’| > [H]) or in replacing a literal by a more specific one
(thenH’ € pny(H) A |H’| = [H|). The clause length property is thus private with respegt,jand
allows a safe pruning as soon as a hypothesis has too maiaysite

Several other private properties are used to prune sea@isafie way. We use for example the
minimal number of positive examples to be covered, thaf ig,dlause does not explain at least a
given number of positive examples this hypothesis is nosicaned as relevant. That property is
obviously private with respect tp,, since the numbers of covered positive and negative examples
decrease through specialization.

In ILP systems, properties about the score function areafsed to prune search. This function
permits us to decide which hypothesis is the best one foredmming task. The one we have chosen
iss(H) = (P—N,|H|) whereP is the number of positive examples aNdthe number of negative
examples covered by hypothesis Hj is said to be a better hypothesis thidp (with s(H;) =
(Pl— N1, |H1|) ands(Hz) = (Pz— No, |H2|)) iff PL—Ni1>P,—NoorPi—Ni=P,—NoA |H1| < |H2|.
Unfortunately, sincd® — N is nhot monotonic, we cannot say anything in general abousctbee of
the refinements of a given hypothebighat does satisfy a score criterion such tiat) < k, where
k can be the best score found until then in the search. Thisepsopvould permit an optimal
pruning, but since it is not private in our case, we cannotitis&he private property about this
score function we make the most of to prune search is weakgi(H) > Syest Where Spest is the
greatest differenc® — N found during the search arsglpt(H) = Peurrent — Nt . Peurrent iS the number
of positive examples covered by the current hypotheNis,is the number of negative examples
covered byl (evaluated at its construction time&)H ,H’ € S: VSeste N (H' € p*(H) Asope(H) <
Svest = Sopt(H') < Spest) SinceP decreases through the search ahdis constant.

All those (safe) prunings ensure finding the best solutioa minimal amount of time. Two
kinds of output are produced by this learning process: sdmeses that have not been generalized
(that is, some of the positive examples), and a set of génedatlauses, calle@ hereafter, and
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on which we shall focus our attention. Before using the @als G on theMATRA-CCR corpus to
acquire N-V qualia pairs and automatically produce a GLedasemantic lexicon, we must validate
our learning process in different ways and examine what kindiles have been learnt.

5. Learning Validation and Results

This section is dedicated to three aspects of the validatidhe machine learning method we have
described. First we focus on the theoretical results of gaenling, that is, we take an interest in
the quality of G with respect to the training dat&{ andE~). The second step of the validation
concerns its empirical aspect. We have applied the gemedatilauses that have been inferred to
the MATRA-CCR corpus and have evaluated the relevance of the decision omattie classification
of N-V pairs as qualia or not. The last step concerns the Igtgurelevance evaluation of the learnt
rules, that is, from a linguistic point of view, what infortien do we learn about the semantic and
syntactic context in which qualia pairs appear?

5.1 Theoretical Validation

This first point concerns the determination of a learningliuaneasure with the chosen parame-
ter setting. We are particularly interested in the proportof positive examples that are covered
by the generalized clauses, and if we accept some noisegRH parameter adjustment to allow
more generalizations, by the proportion of negative exastiat are rejected by those generalized
clauses. The measure of the recall and precision rates dédneing method can be summed up
using the Pearson coefficient, which is used to compare thtseof different experiments:

_(TP«TN)—(FP+FN)
V/PrP+PIN<APxAN

Pearson
where A =actual Pr = predicatedP = positive N= negative T= true F=false a value close to 1
indicates a good learning.

In order to obtain good approximations of the main charastiernumbers of the learning
method, we perform a 10-fold cross-validation (Kohavi, 398n the initial sets of 3,099 posi-
tive examples and 3,176 negative ones. Thus, the set of desrfiy and E") is divided into ten
subsets, each of whose is in turn used as a testing set whilririle others are used as training
set; ten learning processes are then performed with thaiseniy sets and evaluated onto the corre-
sponding testing sets. Table 1 summarizes imeecision, recall and Pearson coefficient averages
and standard deviations obtained through this 10-foldscuadidation.

Time Precision| Recall | Pearson
(seconds)
Average 10285 0.813 | 0.890 | 0.693
Standard deviation 1440 0.028 0.024 | 0.047

Table 1: Cross-validation results

2. Experiments were conducted on a 966MHz PC running Linux.
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The entire set of examples is then used as training setUepH; 9 generalized clauses (see
Section 5.3) are found in less than 3 hours. We now try to edérthe performance of these rules
by comparing their results on an unknown dataset with thbsaimed by 4 experts.

5.2 Empirical Validation

In order to evaluate the empirical validity of our learningtimod, we have applied the 9 gener-
alized clauses to theATRA-CCR corpus and have studied the appropriateness of their dasisi
concerning the classification of each pair as relevant arSioice it is impossible to test all the N-V
combinations found in the corpus, our evaluation has fatwse7 significant common nouns in the
domain which were not used as exampless,(écrou, porte, voyant, prise, capot, bouch@@trew,
nut, door, indicator signal, plug, cowl, cap).

The evaluation has been carried out in two steps as followst, B Perl program retrieves all
N-V pairs that appear in the same sentence in a part of thais@apd include one of the studied
common nouns, and forwards them to 4 GL experts. The expesially tag each pair as relevant
or not. Divergences are discussed until complete agreeimezdched.

In a second stage, this reference corpus is compared to siveeesiobtained for these N-V pairs
of the same part in the corpus by the application of the ckulsarnt withALEPH. The results
obtained for the seven selected common nouns are presenfable 2. One N-V pair is considered
as taggedrelevant” by the clauses if at least one of them covers this pair.

qualia pairs detected qualia 62
non-qualia pairs detected qualia 40
qualia pairs detected non-qualia 4
non-qualia pairs detected non-qualial80

| Pearson | 0.666 |

Table 2: Empirical validation on thk ATRA-CCR corpus

These results are quite promising, especially if we comflaeen to those obtained ky? cor-
relation (see Table 3) which was the first step of our selaatibN-V couples in the corpus (see
Section 4.1).

qualia pairs detected qualia 33
non-qualia pairs detected qualia 35
qualia pairs detected non-qualia 33
non-qualia pairs detected non-qualial85

\ Pearson \ 0.337 \

Table 3:x? results on thenATRA-CCR corpus

On one side, our ILP method detects most of the qualia N-V lesyike porte-ouvrir (door-
open) orvoyant-signaler(warning light-warn). The four non-detected pairs appeavery rare
constructions in our corpus, likarise-relier (plug-connect) ida citerne est rekea I'appareil par
des priseqthe tank is connected to the machine by plugs) where a ptapwd phrase (PP
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I'appareil (to the machine) is inserted between the verb ang#rePP (by-PP). On the other side,
only 8 pairs from the 40 non-qualia pairs detected qualia imi@arning method cannot be linked
syntactically. That means that the ILP algorithm can alyaaflably distinguish between syntacti-
cally and not syntactically linked pairs. In comparisond2fhe 35 non-qualia pairs detected qualia
by thex? are not even syntactically related.

The main problem for the ILP algorithm is therefore to cotle@entify N-V pairs related by a
telic or agentive relation—the most common qualia linkstin corpus—among the pairs that could
be syntactically related. But here we should carefullyidigiish two types of errors. The first ones
are caused by constructions that are ambiguous and whel-thean or cannot be syntactically
related, asnlever-priseqremove-plugs) irenlever les shunts sur les priséemove the shunts
from the plugs). They cannot be disambiguated by superfiti@s about the context in which the
V and the N occur and show the limitation of using tagged cefputhe learning process. However
they are very rare in our corpus (8 pairs). On the contrafyeahaining errors seem more related
to the parameterizing of the learning method. For examaléng into consideration the number of
nouns between the V and the N could avoid a lot of wrong paiesdbser-capo{put up-cover) in
poser les obturateurs capofput up cover stopcocks) assurer-voyan{make sure-warning light)
in s'assurer de I'allumage du voyafinake sure that the warning light is switched on).

The empirical validation can be therefore considered agip@sand we can now focus on the
last step of the evaluation that consists in assessingrbeisitic validity of the generalized clauses.

5.3 Linguistic Validation

For the linguist, the issue is not only to find good examplegualia relations but also to identify
in texts the linguistic patterns that are used to expregs tii&onsequently, the question is: what do
these clauses tell us about the linguistic structures tiedilely to convey qualia relations between
a noun and a verb? We know from previous research (Morin, 1888aling with other types of
semantic relations that a given relation can be instawtibjea wide variety of linguistic patterns,
and that this set of structures may greatly vary from oneu®tp another. Such research generally
focuses on hyperonymy (is-a) and meronymy (part-of) retestj which provide the basic structure
of ontologies. Our aim is thus similar, with the additionaifidulty that some of the relations
we focus on—such as the telic or agentive ones—have neverdédensively studied on corpora,
and are more difficult to identify than more conventional aetit relations. Previous research
concerned with the acquisition of elements of GL (Pustéqpwet al., 1993) has looked at some
solutions for identifying words linked by prespecified syetic relations in texts, such as object
relations between verbs and nouns, or certain types of Nrbponinds. This research is not deeply
evaluated and is however quite different from ours: comttarthis approach, we have indeed ao
priori assumptions about the kind of structures in which telicnéige or formal N-V pairs may be
found.

We are thus faced with a set of nine clauses that we now trytéogret in terms of linguistic
rules:
(1) is_qualia(A,B) :- precedes(B,A), near_verb(A,B), infinitive(B), action_verb(B).
(2) is_qualia(A,B) :- contiguous(A,B).
(3) is_qualia(A,B) :- precedes(B,A), near_word(A,B), near_verb(A,B), suc(B,C), preposition(C).
(4) is_qualia(A,B) :- near_word(A,B), pred(A,C), void(C).
(5) is_qualia(A,B) :- precedes(B,A), suc(B,C), pred(A,D), punctuation(D), singular_.common_noun(A), colon(C).
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(6) is_qualia(A,B) :- near_word(A,B), suc(B,C), suc(C,D), action_verb(D).

(7) is_qualia(A,B) :- precedes(A,B), near_word(A,B), pred(A,C), punctuation(C).

(8) is_qualia(A,B) :- near_verb(A,B), pred(B,C), pred(C,D), pred(D,E), preposition(E), pred(A,F), void(F).
(9) is_qualia(A,B) :- precedes(A,B), near_verb(A,B), pred(A,C), subordinating_conjunction(C).

wherenear word(X,Y) means that X and Y are separated by at least one word and atwwosbrds,
andnear_verb(X,Y) that there is no verb between X and Y.

What is most striking is the fact that, at this level of getieedion, few linguistic features are
retained. Previous learning on the same corpus with no s&migging usingPROGOL and a
poorer contextual information (Sébillot et al., 2000) Had to less generalized rules containing
more linguistic elements; these rules were however legvaat for acquiring correct qualia pairs.
The 9 clauses learnt here seem to provide very general iimtisaand tell us very little about verb
types (action verb is the only information we get), nounsr{gmon noun) or prepositions that are
likely to fit into such structures. But the clauses contalmeoinformation, related to several aspects
of linguistic descriptions, like:

- proximity: this is a major criterion. Most clauses indiedhat the noun and the verb must be
either contiguous (Clause 2) or separated by at most onesali@Glauses 3, 4, 6 and 7) and that no
verb must appear between N and V (Clauses 1, 3, 8 and 9).

- position: Clauses 4 and 7 indicate that one of the two elésrisriound at the beginning of a
sentence or right after a punctuation mark, whereas théwelposition of N and V frecedes/2) is
givenin Clauses 1, 3,5, 7 and 9.

- punctuation: punctuation marks, more specifically col@me mentioned in Clauses 5 and 7.

- morpho-syntactic categorization: the first clause detactery important structure in the text,
corresponding to action verbs in the infinitive form.

These features shed light on linguistic patterns that ang sfecific to the corpus, a text falling
within the instructional genre. We find in this text many exd@s in which a verb at the infinitive
form occurs at the beginning of a proposition and is followsda noun phrase. Such lists of
instructions are very typical of the corpus:

- débrancher la pris@isconnect the plug)

- enclencher le disjoncteiengage the circuit breaker)

- déposer les obturateufeemove the stopcocks)

To further evaluate these findings, we have compared whatngdebff means of the learning
process to linguistic observations obtained manually enstime corpus (Galy, 2000). Galy has
listed a set of canonical verbal structures that convey teformation:

infinitive verb + det + noun (visser le bouchon) (to tighten the cap)

verb + det + noun (ferment le circuit) (close the circuit)

noun + past_participle (bouchon maintenu) (held cap)

noun + be + past_participle (circuits sont raccordés) (circuits are connected)

noun + verb (un bouchon obture) (a cap blocks up)

be + past_participle + par + det + noun (sont obturées par les bouchons) (are blocked up by caps)

The two types of results show some overlap: both experinggnsonstrate the significance of

infinitive structures and highlight patterns in which thelbvand noun are very close to each other.
Yet the results are quite different since the learning megifimposes a generalization of the struc-

513



CLAVEAU, SEBILLOT, FABRE AND BOUILLON

tures discovered by Galy. In particular, the oppositionMsetn passive and active constructions is
merged in Clause 2 by the indication of mere contiguity (V oacur before or after N). Conversely,
some clues, like punctuation marks and position in the seetehave not been observed by manual
analysis because they are related to levels of linguisfarimation that are usually neglected by
linguistic observation, even if they are known to be goodgratmarkers (Jones, 1994).

Consequently, when we look at the results of the learninggs® from a linguistic point of
view, it appears that the clauses give very general surfiaes @about the structures that are favored
in the corpus for the expression of qualia relations. Yetsehclues are sufficient to give access to
some corpus-specific patterns, which is a very interestisgit.

6. Conclusions and Future Work

The acquisition method of N-V qualia pairs—as defined in &jugsky’s generative lexicon formalism—
that we have developed leads to very promising results. €aimg the ILP learning system itself,
we have defined and made the most of a well-suited generaliipmextending object identity
subsumption, which has led to obtaining only well-formegdipeses that can be linguistically in-
terpreted. The speed of the learning step is improved byyspfaning the search of the best rules
on certain conditions expressed as private properties. rilles that are learnt lead to very good
results for the N-V qualia pairs acquisition task: 94% ofrallevant pairs are detected for seven
significant common nouns; these results have to be compatiedhs 50% results of?. Moreover,
from a practical point of view, the linguistic validation tife inferred rules confirms the ability of
our method to help a linguist detect linguistic patternsiced to the expression of qualia roles.

One next step of our research will consist in repeating thEegment on new textual data, in
order to see what types of specific structures will be deteiiea less technical corpus; and we
will also focus on N-N pairs, which very frequently exhibdit relations in texts (as inbouchon
de protection protective cap). Another potential avenue is to try to neseparately each qualia
semantic relation (telic, agentive, formal) instead oftaliether as it is done up to now. Even if
such a distinction is maybe not useful for an informatiorriegtl application, it could result in
linguistically interesting rules.

Other future studies should also be undertaken to improgeptrtability of the full method.
In particular, the semantic tagging of a corpus needs anrexgepervision to build the semantic
classification of all the words. Even if the determinationtloé relevant classes for one domain
can be partly automated (see Agarwal, 1995; Grefenste®@4t, for example), it still remains
too costly to be carried out on any new corpus. The last phaseegoroject will deal with the
real use of the N-V (and possibly N-N) pairs obtained withitigchine learning method within an
information retrieval system (such as a textual searchre@ind the evaluation of the improvement
of its performances both from a theoretical (recall and isien rate) and empirical (with the help
of real human users) point of view.
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Appendix A. Background Knowledge

Here is the listing of the background knowledge part desagilthe linguistic relations as used in
the experiments described in Section 5.

%%%%%6% % %% %% % %% %% %% %% %% % %%
% background knowledge

% common noun %%%%%%%%%%%%%
common_noun( W) :- plural_.common_noun( W ).
common_noun( W) :- singular.common_noun( W ).
common_noun( W ) :- abstraction( W ).
common_noun( W ) :- event(W ).
common_noun( W) :- group( W ).
common_noun( W) :- psychological _feature( W ).
common_noun( W) :- state( W ).
common_noun( W ) :- entity( W ).
common_noun( W) :- location(W ).
plural_common_noun(W):- tagcat(W,tc_noun_pl).
singular_.common_noun(W):- tagcat(W,tc_noun_sg).
abstraction( W) :- attribute( W ).

abstraction(W ) :- measure( W ).

abstraction( W) :- relation( W ).

event( W) :- natural_event( W ).

event( W) :- act(W).

event( W) :- phenomenon(W ).

natural_event( W) :- tagsem(W, ts_hap ).
phenomenon( W) :- tagsem(W, ts_phm ).
phenomenon(W ) :- process( W ).

process( W) :- tagsem(W, ts_pro ).

act(W) :- tagsem(W, ts_act ).

act( W) :- human_activity( W ).

human_activity( W) :- tagsem(W, ts_acy ).
group( W) :- tagsem(W, ts_grp ).

group( W) :- social_group(W ).

social_group( W) :- tagsem(W, ts_grs ).
psychological_feature( W) :- tagsem(W, ts_psy ).
state( W) :- tagsem(W, ts_sta ).

entity( W) :- tagsem(W, ts_ent ).

entity( W) :- body_part( W ).

entity( W) :- causal_agent( W ).

entity( W) :- object(W ).

body_part( W) :- tagsem(W, ts_prt ).

object( W) :- tagsem(W, ts_pho ).

object( W) :- artefact(W ).

object(W) :- part(W).

object( W) :- substance( W ).

part( W) :- tagsem(W, ts_por ).

location( W) :- tagsem(W, ts_loc ).

location( W) :- point(W).

point( W) :- tagsem(W, ts_pnt).
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point( W) :- position( W ).

position( W) :- tagsem(W, ts_pos ).
attribute( W) :- tagsem(W, ts_atr ).
attribute( W) :- form( W ).

attribute( W) :- property( W ).

form( W) :- tagsem(W, ts_frm ).

property( W) :- tagsem(W, ts_pty ).
measure( W) :- tagsem(W, ts_mea ).
measure( W ) :- definite_quantity( W ).
measure( W ) :- unit( W).

time_unit( W) :- tagsem(W, ts_tme ).
definite_quantity( W ) :- tagsem(W, ts_qud ).
unit( W) :- tagsem(W, ts_unt ).

unit( W) :- time_unit( W).

relation( W) :- tagsem(W, ts_rel ).

relation( W) :- communication( W ).
communication( W) :- tagsem(W, ts_.com ).
causal_agent( W) :- tagsem(W, ts_agt ).
causal_agent( W) :- human(W ).
human(W ) :- tagsem(W, ts_hum).
artefact( W) :- tagsem(W, ts_art ).

artefact( W) :- instrument(W).

instrument( W) :- tagsem(W, ts_ins ).
instrument( W) :- container( W ).
container( W) :- tagsem(W, ts_cnt ).
substance( W) :- tagsem(W, ts_sub ).
substance( W) :- chemical_compound( W ).
substance( W) :- stuff( W ).
chemical_compound( W) :- tagsem(W, ts_chm ).
stuff(W ) :- tagsem(W, ts_stu ).

% verb %%%%%%%%%%%%%%%%%

verb( W) :- infinitive( W ).

verb( W) :- participle( W ).

verb( W) :- conjugated(W ).

verb( W) :- action_verb( W ).

verb( W) :- state_verb( W ).

verb( W) :- modal_verb( W ).

verb( W) :- temporality_verb( W ).

verb( W) :- possesion_verb( W ).

verb( W) :- auxiliary( W ).

infinitive( W) :- tagcat(W, tc_verb_inf).
participle( W) :- present_participle( W ).
participle( W) :- past_participle( W ).
present_participle( W) :- tagcat(W, tc_verb_prp).
past_participle( W) :- tagcat(W, tc_verb_pap).
conjugated( W ) :- conjugated_plural(W).
conjugated( W ) :- conjugated_singular(W).
conjugated_plural( W) :- tagcat(W, tc_verb_pl).
conjugated_singular( W) :- tagcat(W, tc_verb_sg).
action_verb( W) :- cognitive_action_verb( W ).
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action_verb( W) :- physical_action_verb( W ).
cognitive_action_verb( W) :- tagsem(W, ts_acc ).
physical_action_verb( W) :- tagsem(W, ts_acp ).
state_verb( W) :- tagsem(W, ts_eta ).
modal_verb( W) :- tagsem(W, ts_mod ).
temporality_verb( W) :- tagsem(W, ts_tem ).
possesion_verb( W) :- tagsem(W, ts_posv ).
auxiliary( W) :- tagsem(W, ts_aux ).

% preposition %%%%%%%%

preposition( W) :- tagcat(W, tc_prep).
preposition( W) :- spat_preposition( W ).
preposition( W) :- goal_preposition( W ).
preposition( W) :- temp_preposition( W ).
preposition( W) :- manner_preposition( W ).
preposition( W) :- rel_preposition( W ).
preposition( W) :- caus_preposition( W ).
preposition( W) :- neg_preposition( W ).
preposition( W) :- en_preposition( W ).
preposition( W) :- sous_preposition( W ).
preposition( W) :- a_preposition( W ).
preposition( W) :- de_preposition( W ).
spat_preposition(W ) :- tagsem(W, ts_rspat ).
goal_preposition(W ) :- tagsem(W, ts_rpour ).
temp_preposition( W ) :- tagsem(W, ts_rtemp ).
manner_preposition( W) :- tagsem(W, ts_rman ).
rel_preposition( W) :- tagsem(W, ts_rrel ).
caus_preposition( W) :- tagsem(W, ts_rcaus ).
neg_preposition( W) :- tagsem(W, ts_rneg ).
en_preposition( W) :- tagsem(W, ts_ren ).
sous_preposition( W) :- tagsem(W, ts_rsous ).
a_preposition( W) :- tagsem(W, ts_ra ).
de_preposition(W ) :- tagsem(W, ts_rde ).

% adjective %%%%%%%%%%%

adjective( W) :- singular_adjective( W ).

adjective( W) :- plural_adjective( W ).

adjective( W) :- verbal_adjective( W ).

adjective( W) :- comparison_adjective( W ).
adjective( W) :- concrete_prop_adjective( W ).
adjective( W) :- abstract_prop_adjective( W ).
adjective( W) :- nominal_adjective( W ).
singular_adjective( W ) :- tagcat(W, tc_adj_sg).
plural_adjective( W) :- tagcat(W, tc_adj_pl).
verbal_adjective( W) :- tagcat(W, tc_verb_ad)).
comparison_adjective( W) :- tagsem(W, ts_acomp ).
concrete_prop_adjective( W) :- tagsem(W, ts_apty ).
abstract_prop_adjective( W) :- tagsem(W, ts_apa ).
nominal_adjective( W ) :- tagsem(W, ts_anom ).
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% pronoun %%%%%%%%%%%%%
pronoun(W):- rel_pronoun(W).
pronoun(W):- non_rel_pronoun(W).
pronoun(W):- tagsem(W, ts_pron).***
rel_pronoun(W) :- tagcat(W, tc_pron_rel).
non_rel_pronoun(W) :- tagcat(W, tc_pron).

% others %%%%%%%%%%%%%

proper_noun( W) :- tagsem(W, ts_nompropre ).
proper_noun( W) :- tagsem(W, ts_numero ).
coordinating_conjunction(W) :- tagsem(W, ts_rconj).
subordinating_conjunction(W) :- tagsem(W, ts_subconj).
bracket( W) :- tagsem(W, ts_paro ).

bracket( W) :- tagsem(W, ts_parf ).

ponctuation( W) :- comma( W ).

ponctuation( W) :- colon( W ).

ponctuation( W) :- dot( W).

ponctuation( W) :- tagcat(W, tc_wpunct).

comma( W) :- tagsem(W, ts_virg ).

colon( W) :- tagsem(W, ts_ponct ).

dot( W) :- tagsem(W, ts_punct ).

void(W) :- tagcat(M,tc_vide).

figures( W) :- tagsem(W, ts_quant ).

%%0%6%%6%%%%%%%% %% %% % %% % %% %% %% %%
% order

%

precedes(V,N) :- distances(N,V,X,.), 0<X.

precedes(N,V) :- distances(N,V,X,.), 0>X.

%%6%6%6%6%6%6%6%6%6%6%6%6%6%6%%%%%%%% %% %% %%
% distances in verbs

%

near_verb(N,V) :- distances(N,V,_,1).

near_verb(N,V) :- distances(N,V,_,-1).

far_verb( N,V ) :- distances(N,V,_X), -1>X, -3<X.
far_verb( N,V ) :- distances(N,V,_X), 1<X , X<3.
very_far_verb( N,V ) :- distances(N,V,_,X), -2>X.
very_far_verb( N,V ) :- distances(N,V,_X), X>2.

%6%6%6%6%6%6%6%6%6%6%6%6%6%6%6%%%% %% %% %% %% %%
% distances in words

%

contiguous(N,V) :- distances(N,V,1,.).

contiguous(N,V) :- distances(N,V,-1,)).

near_-word(N,V) :- distances(N,V,X,.), -1>X , -4<X.
near_word(N,V) :- distances(N,V,X,.), 1<X , X<4.
far_word(N,V) :- distances(N,V,X,.), -3>X, -8<X.
far_word(N,V) :- distances(N,V,X,.), X>3, X<8.

very_far word(N,V) :- distances(N,V,X,.), -7>X.
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very_far word(N,V) :- distances(N,V,X,.), X>7.

%6%6%6%6%6%6%6%6%6%6%6%6%6%6%6%6%%%%% %% %% % % % % % %% %%
% other predicates

suc(X,Y) :- pred(Y,X).

tagcat(Word, POStag) :- tags(Word, POStag, ).

tagsem(Word, Semtag) :- tags(Word, _, Semtag).

%%%%%%6%%%%%6 %% %% %% % %% %% % %% %% %% %6 %% %%
% information about examples

tags(m15278_1_deb,tc_vide,ts_vide).
tags(m15278_1,tc_verb_inf,ts_tem).

pred(m15278_1,m15278_1_deb).

Appendix B. Hypothesis Search Space

A clause space ordered B,-subsumption (see Definition 2, page 506) is in general nattieé
whereas this is the case und&subsumption (Semeraro et al., 1994). However, we showan th
first section of this appendix that such a clause space canditice when particular assumptions
concerning the clauses that it contains are made. A simitafior our application framework, that
is, for the hypothesis search space presented in Sectianith. 2 By -subsumption quasi-ordering,
is proposed in the second section.

B.1 Hypothesis Lattice underBp,-subsumption

A quasi-ordered set und€p,-subsumption is in general not a lattice since the infimumsamie-
mum are generally not unique in these sets. However, let nsider determinate linked clauses
(see Section 4.2) and a space bounded below by a bottom ¢lausall these conditions ensure
the infimum and supremum of two clauses in our hypothesisesfzabe unique. In this first sec-
tion, C > D (respectivelyC ~ D) meansC is more general (equivalent) théahwith respect to the
Boi-subsumption order.

Proposition 4 For any C and D in the space of linked determinate clausesreddey6o,-subsumption,
if C > D then the injective substitutiohsuch that ® C D is unique.

Proof Reductio ad absurdum. Let us consider that there exist tifereint injective substitutions
01 andB, such thatCh; C D andCB, C D. Sincef; and, are injective C8; andC0, only differ
in variable namingC andD are linked clauses, this means that there exists a litera&l such that
16, € D, 16, € D and|16; # 16, where input variables df are identical in6; andl8, and output
variables are different. This contradicts the fact thatitdtals are determinate. |

Proposition 5 In the space of linked determinate clauses orderefldyysubsumption and bounded
below by a bottom clausg, the supremum of any two clauses is unigue.

Proof Reductio ad absurdum. Let us considarand A, as two different suprema fd2; and
Co. Ag, Az, C1 andC, are more general thah, so there exists a uniquﬁéi1 such thatAle’il cl
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(Proposition 4). In the same way, we have unig(g 65, and6? such tha,82 C 1,C167 C |
andC6% C 1.

A; is a supremum fo€; s0A; = Cleﬁl sinceCy ~ Cleil. Thus, there exist8; such thatA;6, C
Cleil. Now, Cleil C | thereforeA;8; C L, which means thal; = Gﬁl (Proposition 4). Therefore,
we haveA;87' C C167 and in a similar wayA;6/}! C C,67, A8/ C C,65* and A6/ C C,0%.

Let us noteS= A;87 UA8™. Thus,SC C;6* andSC C,67. This means thak > C; and
S C; sinceC;65! ~ C1 andC,67 ~ C2. BesidesA; = S, Ay = SandS~ A, S~ Ay because
Aq » Ao . This contradicts the fact thédt; andA, are suprema fo€; andC,. |

Proposition 6 In the space of linked determinate clauses orderefldpysubsumption and bounded
below by a bottom clausg, the infimum of any two clauses is unique.

Proof Same thing as for supremum, wi@ andC, two infima for A; andA,. Then consider
| = Clei:_l ﬂCzei:_z. |

From Propositions 5 and 6, we can conclude that the spaaekeflideterminate clauses ordered
by 6p,-subsumption and bounded below by a bottom clausg a lattice.

B.2 Hypothesis Lattice underByy-subsumption

As for 8p,-subsumption, we show that in our application framework, tigpothesis search space
ordered by theédyy-subsumption is a lattice. In the remaininder of this append represents the
background knowledge used for our learning taskand ~ denote theébyy-subsumption order as
defined in Section 4.2.

Proposition 7 In the space of well-formed clauses orderedfy,-subsumption, for any clause
C and D, if C= D then the injective substitutiod such that f{C)6 C D (with f such thatvl
C, B, f(l) =1)is unique.

Proof Same proof as Propostion 4 by considei@f#"—the subset of containing the head literal
and all the pred/2 and suc/2 literals@f—and by noting tha€"a" contains all the variables &
and that with respect to our particular background knowdedgr anyf such thatf (C)6 C D with
f such thatvl € C, B, f(l) |= |, necessarily/l € CS"an f(I) =1. u

Proposition 8 In the space of well-formed clauses ordereddy-subsumption, the supremum of
any two clauses is unigue.

Proof Reductio ad absurdum. Let us considgrandA; as two different suprema f&; andC,.
A; is more general than, so 36" injective andf?* such thatf/*(A;)8}* C L and@’" is unique
(Proposition 7). In the same way, we have uni(ig 65!, ande?.

A is a supremum fo€; so there exis8; and f; such thatf;(A;)01 C Cleil. Now, with Aﬁhai”
as defined aboveAS"ang; C CShaingt since f (AMaIN) — AChain |n the same wag"@ngTt C |
Therefore, we havé§"ang, C Cﬁhaineil C 1 and then, from Proposition B; = 6. Finally, we
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have f;(A1)8}! C C167* and in a similar way, there exigs, f3 and f, such thatfy(A1)8)! C C,6%,
f3(A2)®2 C 167 and f4(A2)8/? C C,0%.

Let us note thaS= A8/ * UAEP\ {I1 | I1,12 € (A0 UAE?), 11 # |5, andB, I, =14}, Sis
a well-formed hypothesis and by constructi®r A6/* andS < A8’ and sinceA; 8/ ~ A; and
AR ~ Ay, thenS=< A andS =< A,. We definefs such thatlS € S, fs(15) = f1(IS) if IS € A6
andfs(1S) = f3(1%) otherwise. Similarly, we defing such that/IS € S fo(IS) = f»(19) if 1S € A0
and fg(15) = f4(1S) otherwise. Thusfs(S) C C165* and fs(S) € C,67, which means tha - C;67
andS> Cgecf. Therefore S= C; andS > C,. This contradicts the fact that andA, are suprema
for C, andC.. |

Proposition 9 In the space of well-formed clauses orderedBiy-subsumption and with respect
to our background knowledge, the infimum of any two clausesigie.

Proof Same thing as for supremum, wi@ andC, two infima for A; andA,. Then consider
| = (C16T NC0P) U {l1 [ 11,12 € C16T UCHT, 11 # 12 andB, I =14} |

From Propositions 8 and 9, we can conclude that our hypatisgsice ordered t-subsumption
is a lattice.
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