Acquisition of Qualia Elementsfrom Corpora - Evaluation of a Symbolic
Learning Method

Pierrette Bouillon®, Vincent Claveau*, Cécile Fabre®, Pascale Sébillot*

fTIM/ISSCO - ETI, University of Geneva
40 Bvd du Pont-d’Arve, CH-1205 Geneva, Switzerland
pierrette.bouillon@issco.unige.ch

“IRISA
Campus de Beaulieu, 35000 Rennes, France
{vincent.claveau, pascale.sebill@irisa.fr

°ERSS, University of Toulouse Il
5, allées A. Machado, 31058 Toulouse cedex, France
cecile.fabre@univ-tlse2.fr

Abstract
This paper presents and evaluates a system extracting from a corpus noun-verb pairs whose components are related by a special kind
of link: the qualia roles as defined in the Generative Lexicon. This system is based on a symbolic learning method that automatically
learns, from noun-verb pairs that are or are not related by a qualia link, rules characterizing positive examples from negative ones in
terms of their surrounding part-of-speech or semantic contexts. The qualia noun-verb pair extraction is thus performed by applying the
learnt rules on a part-of-speech or semantically tagged text. Stress is put on the quality of the learning when compared with traditional
statistical or syntactical-based approaches. The linguistic relevance of the rules is also evaluated through a comparison with manually
acquired qualia patterns.

1. Introduction wo options are usually taken into consideration to acquire

In the Generative Lexicon (GL) framework (Puste- N-V links: on one side,.stgtistica.l approaches extract p'airs
jovsky, 1995), the qualia structure gives access to relationthat are related in a_statlstlcally S|gn|f|cqnt way (s_ee (Daille,
al information that prove to be crucial both for linguistic 1994) for an overview). The problem is that this type of
analysis and for NLP applications. In particular, the quali- Méthod is not accurate enough to extract precise relation-
a roles express, in terms of predicative formulae, the basi¢ (N-V pairs linked by a qualia relatiorersusother pairs
features of the semantics of nouns (telic, agentive, constiin OUr case). Another possibility is to use a linguistic ap-
tutive, formal). In this model, the noun is linked not on- Proach and to extract the N-V pairs by spotting a set of
ly to other nouns via traditional lexical relations (such asSyntactic structures related to qualia roles (as proposed by
meronymy and hyperonymy) but also to verbs. For exam-Pustejovsky etal. (1993)). In this Ias_t case, the a_dvantage is
ple, the nourbookis linked in the telic role to the predicate that such patterns can be very precise but a major problem
readand in the agentive role to the predicatete; here- IS to define and adapt them to new texts and corpora. In our
after, a noun(N)-verb(V) pair in which V expresses one Work, we want to go one s;ep furthe.r than the linguistic ap-
of the qualia roles of N (like book-read or book-write) is Proach as we have repriori concerning the structures that
called a qualia pair. Previous works (Fabre ambiSdt, are likely to convey quaharo!es in a given corpus. 'I_'hus, we
1999, for example) have demonstrated that these N-V relad€velop and apply a symbolic learning method which auto-
tions provide lexical resources that are very useful for in-matically produces general rules that explain what, in terms
formation retrieval applications. Different studies (Grefen- ©f surrounding context (part-of-speech and semantic tags)
stette, 1997; Pustejovsky et al., 1997, for example) alsdn @ text, characterizes examples of relevant N-V paies (
prove that N-V pairs can feed indexes that help a user tgu@lia pairs) from irrelevant.g., non-qualia) ones. The
select the most interesting occurrences of a given noun ifules produced this way are then applied to a corpus to ex-
a text. Moreover, a short survey (Vandenbroucke, 2000) af'iPit qualia N-V pairs. Therefore, with this system, we aim
the documentation center of the Banque Bruxelles Lamberfit ©0mbining the precision of linguistic rules (or patterns) in
(Brussels) shows that verbs that express a qualia relatiofXtraction tasks and the flexibility of an automated method.
seem to be more relevant than others for that task. Indeed, This paper is divided in three parts: after a presenta-
in this study, no N-V pairs that are not qualia related weretion of our symbolic learning method, we evaluate the per-
considered as interesting by the documentalists. formances of a qualia-pair extraction system based on this

Given the lack of lexical resources containing thoselearning and compare them with results of other approach-
qualia pairs and the fact that verbs in those pairs may vargs. Lastly, we focus on the linguistic evaluation of the w-
considerably from one domain to another (especially inhole system; in other words, what do we learn, and more
technical domains), methods for corpus-based acquisitiospecifically: (1) what kinds of qualia pairs are or are not
of these N-V relations are needed. To simplify matters, t-retrieved by our system and (2) is it compatible with the



linguistic rules generally proposed by linguists? have different syntactic categoriesraglein French which
) o can be the indicative of the vetb regulateand the com-
2. Learning method description mon nourvule) (Wilks and Stevenson, 1996).

Our aim is to extract a special kind of semantic relations 1, carry out this tagging, the first step is to build a se-
froma corpus, thatis, verbs playing a specific role in the seynatic classification which is used as tagset for the seman-
mantic representation of common nouns, as defined in thgc tagging. A lexicon containing every word (the lexicon
qualia structure in GL formalism. Trying to infer lexical se- entries) of thewATRA-CCR corpus is created; it associates
mantic information from corpora is not new: a lot of work  ith each word all its possible semantic tags. The most rel-
has already been conducted on this subject, especially igyant tagset for each category must be chosen. For exam-
th(_a statistical Ie_arnlng domain (see (Habert_ et _aI., 1997) Ople, some WordNet's (Fellbaum, 1998) most generic class-
(Pichon and 8billot, 1997) for surveys of this field). Be- g have been used to classify nouns; irrelevant classes (for
side these works, symbolic learning has also led to severgj,, corpus) have been withdrawn and, for large classes, a
studies on the automatic acquisition of semantic lexical elyy,ore precise granularity has been chosen. This has led to
ements from corpora (Wermter et al., 1996) during the 1aslg3 classes, hierarchically organized as shown in Figure 1
years. ltis in this last framework that we have chosen tO(WordNet classes not used for tagging are in italics and

place our project to automatically acquire qualia N-V pairs. semantic tags are bracketed). Similar tagsets are built for
This section is devoted to the presentation of the corpus

(and its taggings) used for our experiments and to the de-

scription of the symbolic learning method which is the core form

of our qualia-pair extraction system. attribute (atr (frm)
p(rotpﬁrty

pty

2.1. Corpusand itstaggings
abstractio -

Our corpus has first undergone a part-of-speech (POS)
tagging (see section 2.1.2.) which aims at providing each meastre (me&)‘\
word of the text with an unambiguous categorial tag (sin-
gular common noun, infinitive verb, etc.). Secondly, in or-
der to have some possibilities to learn what distinguishes
gualia pairs from non-qualia ones that appear in exactly the
same categorial patterns, semantic tags, that is, tags unam-
biguously describing the semantic class of each word, have
been added (see section 2.1.3.).

relation— S(I)Ct'.al -
(rel) relation

natural event (hap)

event act (act) —— human activity
(acy)

phenomenon (phmy)- - -

2.1.1. The MATRA-CCR corpus noun body part (prt)

The French corpus used in our experiments is a
700 KBytes handbook of helicopter maintenance, provid-
ed byMATRA-CCRAgérospatiale, which contains more than
104,000 word occurrences. This technical corpus has some
special characteristics that are especially well suited for

entity (ent) causal agent (agt)----

artefact- -
(art)

object (pho) part (por)

our task: it is coherent, that is, its vocabulary and syntac- substance

tic structures are homogeneous; it contains many concrete (sub)

terms that are frequently used in sentences together with location (loc) — point (pnt)—  position (pos)
verbs indicating their telic or agentive roles.

2.1.2. Part-Of-Speech tagging Figure 1: Part of the semantic class hierarchy used for noun

This corpus has been POS-tagged with the help of annoggging
tation tools developed in theULTEXT project (Armstrong,
1996); sentences and words are first segmented with

SEG; words are analyzed and lemmatized WithMORPH  verbs, prepositions, adjectives and other word categories.

(Petitpierre and Russell, 1998; Bouillon et al., 1998), anda more detailed presentation can be found in Bouillon et
finally disambiguated by theatoo tool, a hidden Markov 5|, (2001).

model tagger (Armstrong et al., 1995). Each word there-

fore only receives one POS tag which indicates its morpho- N @ second step, all those tagsets are used to carry out
syntactic category (and its gender, number, etc.) with a higthe semantic tagging of the POS-taggesirRA-CCR cor-
precision: less than 2% of errors have been detected wheRUS by projecting the semantic tags on the corresponding
compared to a manually tagged 4,000-word test-sample owords. Ambiguities are solved with the help of the proba-

the corpus. bilistic tagger, following principles described in Bouillon
et al. (2000). A 6,000-word sample of the corpus has
2.1.3. Semantictagging been chosen to evaluate the semantic tagging precision. It

The semantic tagging is performed on the already POSeontains 7.78% of ambiguous words; 85% of them have
taggedvATRA-CCR corpus; we therefore benefit from the been correctly disambiguated (1.18% of semantic tagging
disambiguation of polyfunctional words (that is, words that errors).



2.2. Description and settings of the learning method to Pustejovsky’s qualia structure principles. The con-
All those POS and semantic tags in theTRA-CCR sidered occurrence is then added to the positive exam-

corpus are the contextual kev information used b theple set if it is annotated as relevant, to the negative one
pu Xt vl lon u y otherwise, and the contextual information of this occur-

qualia-pair extraction system that we have developed. Thi$gce is added to the background knowledge. The pos-
system is built upon an inductive symbolic learning methoditiye and negative examples therefore contain clauses of
called inductive logic programming (ILP). The choice of the form is_qualia(noun identifier,verb identifier). ~where

this method is explained in section 2.2.1.; the needed exnounidentifier and verddentifier are the unique identifier
amples and their representations are described in sectiasf the considered N-V pair occurrence. In the background
2.2.2.; and important settings of the method ensuring the&knowledge, the contextual information is stored in the form
linguistic relevance of the produced rules are given in secof the following clauses:

tion 2.2.3.. tags(w_1,POS-tag,semantic-tag).
tags(w_2,POS-tag,semantic-tag).
2.2.1. Learningwith ILP pred(w.2,w_1).

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

Our selection of a learning method is guided by the fac- pred(w_3.w_2).

t that this_ methqd mu_st not (_)nly proyide a predictor _(th_is tags(w_4,POS-tag,semantic-tag).

N-V pair is qualia, this one is not), like most of statisti- pred(w_4,w_3).

cal methods, but also infer general rules able to explain  5g5(w_5,POS-tag,semantic-tag).

the examples, that is, bring linguistically interpretable el-  pred(w_5,w_4).

ements about the predicted qualia relations. This essential distances(w_4,w_2,distance in words,distance in verbs).

explanatory characteristic has motivated our choice of theyhere the studied N-V pair w4 w2 occurs in the sentence
ILP framework (Muggleton and De-Raedt, 1994) in which «y1 w2 w3 w4 w5”, pred(x,y) indicates that worg occurs
programs that are inferred from a set of facts (positive anqust before wordx in the sentence, predicatays/3 gives
negative examples of the concept to be learnt) and a backhe POS and semantic tags of a word, disthnces/4 spec-
ground knowledge, are logic programs, that is, sets of Hornfies the number of words and the number of verbs between
clauses. Indeed, ILP relational nature can provide a poweryn and V in the sentence. During this step, some word cat-
ful eXpreSSiveneSS for the still unknown “ngUiStiC patternSegorieS (determinerS, some adjectives) which are not con-
expressing qualia relations. Moreover, errors inherent insidered as relevant to bring up information about context of
the automatic POS and semantic tagging process previougualia or non-qualia pairs are not taken into account.
ly described make the choice of an error-tolerant learning 3 099 positive examples and 3,176 negative ones are au-
method essential. The easy handling of data noise in ILRomatically produced this way from theaTRA-cCR cor-
guarantees this robustness. pus. ALEPH's background knowledge is also provided with
Most ILP systems provide a way to deal more or lessother information describing the hierarchical relationships
with the form of the generated rules but only some of themamong POS and semantic tags. Those relationships encode,
enable a total control of this form. Moreover, the particular for example, the fact that a tagverb pl indicates a conju-
hierarchical structure of our POS and semantic informatiorgated verb at the plurat¢njugated plural), that can be con-

makes it essential to use a relational background knowledgsidered as a conjugated verdoijugated) or simply a verb
processing capable ILP system. For these reasons, we haggrb).

thus chosemLEPH?, an ILP implementation that has al-
ready been proven well suited to deal with a large amount o2.2.3. Hypothesislanguage

data in multiple domains (mutagenesis, drug structuje Most ILP systems allow to indicate the form of rules
and permits complete and precise customization of all theone wants to obtain. Without restricting the expressiveness
settings of the learning task. of the learning process, this important setting, called hy-
pothesis language bias, permits to save computation time
2.2.2. Exampleconstruction and to obtain only well-formed rules with respect to the

As explained above, ILP algorithms generate rules ex-aimed task, that is, linguistically interpretable rules in our
plaining what characterize positive examples of the concepease. For us, a well-formed hypothesis identifying a quali-
to be learnt from negative ones. In our case, we wantto disa N-V pair is defined as a clause that gives (semantic
criminate qualia N-V pairs from non-qualia ones accordingand/or POS) information about words (N, V or words oc-
to their POS and semantic context. Therefore, our first tasleurring in their context) and/or information about respec-
consists in building the sets of positive and negative examtive positions of N and V in the sentence. For exam-
ples, that is, in describing in terms of POS and semantigle is_qualia(A,B) :- artefact(A), pred(B,C), suc(A,C), auxil-
information the sentences where qualia N-V pairs and noniary(C).—which means that a N-V pair (here A-B) is qualia
gualia ones occur. Here is our methodology for their con-if N is an artefact, V is preceded by an auxiliary verb and
struction. N is followed by the same verb—is a well-formed hypoth-

Given a subset of N-V pairs of our corpus, every esis. We have therefore to indicateAnEPH's settings that
occurrence in the text of each pair of this subset isthe predicateartefact/1, pred/2, suc/2, auxiliary/1... can
manually annotated as relevant or irrelevant accordinge used to construct a hypothesis.

Another constraint on the hypothesis language is that
http://web.comlab.ox.ac.uk/oucl/research/areas/machlearn/ there can be at most one POS information and one se-
aleph/alephtoc.html mantic information about a given word. This mean-



s that the hypothesis_qualia(A,B) :- pred(B,C), partici- The computing tim& precision, recall and Pearson coef-
ple(C), past_participle(C). is not considered as legal since ficient averages and standard deviations obtained through
there are two POS information about the word representthese ten learning experiments for the best noise fate (

ed by C. Such a redundant information on one word is maximizing the Pearson coefficient) are summarized into
indeed superfluous and useless since all our POS and stble 1.

mantic information is hierarchically organized (see fig-
ure 1): one of the literals is thus more specific than Time | Precision| Recall | Pearson
the others and describes the word in a precise enough (seconds) (%) (%) | coeff.
way. In our example, there is no need to say t@at Average 10285 81.3 89.0 0.693
is a participle participle(C)) if it is known to be a past Standard

participle past_participle(C)). Conversely, the hypotheses | deviation 1440 2.8 2.4 0.047
is_qualia(A,B) :- pred(B,C), participle(C), action verb(C). o
or is_qualia(A,B) :- pred(B,C), pastparticiple(C), phys- Table 1: Cross-validation results

ical_action_verb(C). or even is_qualia(A,B) :- pred(B,C),

suc(A,C). are well-formed with respect to our task. ] ] ) . ]
Several other predicates, in particular those dealingwith A final learning experiment is then conducted with the

the distances between N and V and their relative positions€Ntiré set of examples as training set. A total of nine rules

are used in the hypothesis language. More than 100 differlS obtained (see section 4.2. for a detailed presentation of

ent predicates can thus occur in a hypothesis. these rules).

3.2. Empirical validation

3. Resultsand validation Beside the theoretical validation described above which
In spite of the accurate settings of our learning systempnly aims at evaluating the learning step performances, we
several steps of evaluation are necessary to ensure that timant to know how a system built upon those learnt rules
rules that are learnt will provide good results for our task of performs in our qualia-pair extraction task. We therefore
qualia-pair extraction. construct a real-condition test set and compare our ILP-
We first present a theoretical evaluation step of ourbased system results with experts’ ones on this set.
learning process and its parameter setting. A second kind
of evaluation is described in section 3.2., which aims at e-3-2.1. Empirical test set construction
valuating empirically the performances of a qualia-pair ex- The test corpus on which the qualia-pair extraction test
traction system built upon the learnt rules. Finally, in orderis Performed is a subset of about 32,000 words of the
to highlight specificities, advantages and drawbacks of ouMATRA-CCRcorpus. Despite this relative small size, exam-
extraction system, we compare our results with well-knownining every N-V pair in this subset to see if it is a qualia or

our attention on seven domain relevant nouws;, écrou,
3.1. Noiseratesetting and learning porte, voyant, prise, capot, bouchstrew, nut, door, in-

Before using the generated rules to extract qualia pairgIcator signal, plug, CO\.NI’ cap). None of thgse common
from our corpus, we must ensure that these rules have bedipPuns has been used either as part of a positive or negative
correctly learnt, that is, our ILP parameters have been corlN-V pair examples during the learning process.
rectly set. One of the most important of these parameters A Perl program retrieves all N-V pair occurrences in-
is noise, that is, the number of negative examples allowedluding one of the seven studied common nouns and any
to be covered by the learnt rules. Indeed, as explained iwerb occurring in the same sentence. Then, four GL ex-
section 2., handling noisy data is essential for our learnperts manually tag each pair as relevant or not relevan-
ing process as for any corpus-based NLP works. Theret, Divergences are discussed until complete agreement is

fore, different values for the noise parameter are tested angbached. Finally, 286 different pairs containing one of the
their effects are evaluated. The results of the successive X\ en nouns are found. 66 of which are qualia pairs.

periments (recall and precision rate of the rules, learning
time) are compared using a single performance measurey» o Empirical validation results

the Pearson coefficient: The learnt rules produced by our ILP learning method

(TP +«TN)— (FPx FN) are applied to the sub-corpus. That is, each N-V pair

VPrP + PrN = AP + AN containing one of the seven test nouns and any verb co-

occurring with it within a sentence is tested to see whether

where A =actual Pr = predicatedP =positive N = nega- it is accepted by one of the learnt rules.

tive, T = true F =falsg a value close to 1 indicates a good e can decide to consider a N-V pair as relevant if

learning. occurrences of this pair are detected in the test corpus by
In order to precisely estimate these different characterthe learnt rules, that is, if the context of theoccurrences

istics of the learning stage, we perform a 10-fold cross-correspond to the general patterns defined by the rules. Of

validation (Kohavi, 1995). We split up therefore the initial course, ifz is high, the precision rate is higher thancifs

set of 3,099 positive examples and 3,176 negative ones into

ten subsets. Each subset is alternatively used as testing set 2Experiments were conducted on a 966MHz PC running Lin-

while the nine others are used to train the ILP algorithm.ux.

Pearson =




small, and conversely, for a smallthe recall rate is higher All of the statistical indexes we use can be expressed
than for a highe. The value of the thresholdis chosento  with the help of occurrences of N-V pairs in the corpus.
give the best results for our extraction task according to aNote that the co-occurrences of nouns and verbs are calcu-
certain quality criterion, that is, a single performance meadated in the scope of sentences and are based on the lemmas
sure. In the information retrieval context, in order to easily of words. With each N-V pair of the corpus, we can asso-
compare different system performances, the weighted hariate a contingency table summing up these co-occurrences
monic mean of the recall rate (R) and the precision rate (P)as it is shown in table 3, where a is the number of occur-
called F-measure and defined as follows is often used:  rences of the N-V pairi{;,V;), b of N-V pairs where the
PR noun isN; but the verb is noV;, ¢ of N-V pairs where the
F=——"—" _ 0<a<l. verb isV; but the noun is nav;, and d of N-V pairs where
(1-a)P +aR the noun is notV; and the verb is not;. Let us call S the

The most popular value fax is 0.5 and therefore, the F- (otal number of N-V pair occurrences, that&=a+ b + ¢

measure we use is defined by: +d.
_ 2PR | L Vi [Vi,d"#i]
P+ R N; a b

Nj’!j,;éj C d

However, in order to compare exhaustively the perfor-
mances of the different methods, we also use the Pearson Table 3: Contingency table of the N-V paiN§,V;)
coefficient (see section 3.1.) which, unlike F-measure, inte-

grates the fallout rate. The number of detections needed to

consider a N-V pair as qualia is therefore chosen to maxi-  We can now easily express some well-known statistical
mize the Pearson coefficient. Finally, this number is foundassociation criteria such as:

to be 1, thatis, a N-V pair is considered as qualia as soon as

one occurrence of this pair is covered by one of the learnt — the Kulczinsky coefficientiul = § (#b + aic)

rules. Table 2 sums up the results obtained on our empirical

test set. — the Ochiai coefficientOchiai = Torers
recall | precision| F-measure| Pearson — the mutual information coefficient: MI =
(%) (%) coeff. lOg2 m
ILP-based . . - .
system 92.4 62.9 0.748 0.677 — the cubed mutual mftg)rmatlon coefficient (Daille,

1994)M13 = logzm

Table 2: ILP-based method empirical results ,

— the McConnoughy coefficient/ C' = ﬁ
(af(a+b>(a+c>)2

The results show a very good recall rate and a quite they? test of associationy? = (a+b)(i+c)
G201 CE0 R

good precision rate. Thus, the learnt rules seem to describe
precisely enough the qualia concept. Such an ILP-based
qualia-pair extraction system can therefore be used on the
whole corpus. A detailed discussion about the kinds of N-
V pairs correctly retrieved, forgotten or incorrectly found is
done in section 4.1..

— the loglike coefficient (Dunning, 1993Yoglike =
aloga +blogb+ cloge + dlogd — (a + b) log(a +
b) — (a+c¢)logla+c) — (b+d)log(b+d) — (c +
d)log(c+d) + SlogS

— the simple matching coefficienfM C = a4

3.3. Comparison with other approaches S

Alot of work has been done in the co-occurrence extrac-  — the Yule coefficienty ule = 24—¢
tion framework. Most of the studies use either predefined , ,
linguistic knowledge such as morpho-syntactic patterns or — the @ test (Church and Gale, 1991):¢° =
statistical tools (association criteria,_distance measures...). @ +b)(£id5(bbﬂc)(b )
In order to compare the results obtained by our ILP-based o
same test set basic statistical methods as well as an entirf the 286 N-V pairs containing one of the seven nouns.
ly manual syntactical-based method to perform our qualia-Similarly to what we do for our ILP method (see section

which maximizes the Pearson coefficient for each of these
3.3.1. Statistical models statistical coefficients. Table 4 indicates the best results ob-

A lot of statistical measures exist and have been appliedained.
in numerous domains including biology, sociology and of  Only a few statistical measures have good enough re-
course lexical analysis. We have used ten well-known ofsults to be used for automatic qualia-pair extraction, and
these measures to carry out the qualia-pair extraction taskone of them matches the results obtained by our ILP-based
in order to construct an evaluation basis for our ILP method.system. Of course, the differences between our ILP-based



recall | precision| F-measure| Pearson pervision, and a manual annotation cannot be foreseen for
(%) (%) coeff. a huge amount of texts. Here again, one should choose be-
Kul 36.4 70.6 0.48 0.414 tween high quality results and automatic or quasi-automatic
Ochiai || 42.4 82.4 0.56 0.517 extraction methods, accordingly with one’s goals.
MI 51.5 40 0.45 0.261 A comparison between the N-V pairs retrieved by this
MI3 36.4 923 0.522 0.52 approach and our inductive learning approach is made in
MC 36.4 | 70.6 0.48 0.414 section 4.1..
X2 37.9 78.1 0.51 0.464 . L .
loglike || 42.4 80 0.554 0.505 4. Linguistic evaluation of theresults
SMC 100 25.3 0.385 0.17 This section is devoted to a linguistically orientated dis-
Yule 53 41.2 0.464 0.279 cussion of the different results presented above. More pre-
o2 51.5 47.9 0.496 0.338 cisely, we first examine the causes of undetected or mis-
detected qualia N-V pairs during the empirical test of our
Table 4: Statistical method results extraction system. Secondly, we focus our attention on the

rules learnt by the ILP learning method, examine the pat-
terns they describe and compare them with observations

and the statistical-based method results can be easily exbade manually on the same corpus.
plained by the differences of knowledge used by these t- . .
wo kinds of techniques. Indeed, while statistical model—4'1' Retrieved N-V pairs

s only use word lemma occurrences, our inductive learn- The results of the ILP-based extraction from the test
ing process makes the most of categorial and semantic tagit are quite promising. On one side, our system detect-
but also needs (positive and negatives) examples which is & most of the qualia N-V couples. The five non-detected
way to implicitly add linguistic knowledge to the extraction Pairs appear in very rare constructions in our test sub-
system. Nevertheless, this comparison remains interesting0rPUs, likeprise-relier (plug-connect) irla citerne est re-
from a pragmatic point of view, more particularly in the liéea I'appareil par des prisegthe tank is connected to
balance between the choice of a supervised or unsuperviséf® machine by plugs) where a prepositional phrase (PP)

method and the resulting performances. a l'appareil (to the machine) is inserted between the ver-
b and thepar-PP (by-PP). These are clearly too rare to be
3.3.2. Syntactic linkedness taken into consideration by the learning method. On the

We have also compared our qualia extraction systenother side, only 8 pairs from the 36 non-qualia pairs de-
with an entirely manual approach: a syntactic annotatiortected qualia are not linked syntactically. That means that
of the studied text. Each N-V pair occurring within a sen- the ILP algorithm can already reliably distinguish between
tence of the corpus is tagged as syntactically linked (that issyntactically and not syntactically linked pairs.
the noun is subject or object of the verb) or not. The under-  If we compare these results with those obtained by the
lying idea of this method is to say that a frequent syntacticdifferent statistical methods, the conclusion is obvious: the
link between a noun and a verb in a text may indicate a semain problem for statistical methods is silence (good quali-
mantic link between this noun and this verb, for example aa pairs that are not retrieved) while the main problem for
qualia link. the ILP algorithm is precision (non-qualia pairs that are

Therefore, a N-V pair is considered qualia if more thanretrieved). But here we should carefully distinguish be-
a certain number of its occurrences are detected syntacticalween two types of errors made by the ILP method. The
ly linked. This threshold, as for the ILP-based and statisti-first ones are caused by constructions that are ambiguous
cal methods, is chosen to maximize the Pearson coefficiengnd where N and V can be or cannot be syntactically relat-
the value found is 1. Table 5 gives the performances of sucled, asenlever-prisegremove-plugs) irenlever les shunts
a system for our test set. sur les prisegremove the shunts from the plugs). These

couples cannot be disambiguated by superficial contextual

recall | precision| F-measure Pearson clues (that is, word tags) and thus show the limitation of

(%) (%) coeff. learning only from POS and semantic information. How-

syntactic ever they are very rare in our corpus (8 pairs). On the
linkedness!|l 86.4 79.2 0.826 0.772 contrary, all remaining errors seem more related to the pa-
rameter settings of the learning method. For example, tak-
Table 5: Syntactic linkedness method results ing into consideration the number of nouns between the V

and the N could avoid a lot of wrong pairs likeser-capot
(put-up-cover) iposer les obturateurs capofgut up cov-
These results indicate a slightly lower recall rate buter stopcocks) oassurer-voyanfmake sure-warning light)
a better precision rate than our ILP-based method. Thign s’assurer de I'allumage du voyafiinake sure that the
would tend to show that a qualia link is more than a ba-warning light is switched on).
sic syntactic link, but also that our ILP-based method could  The empirical validation can be therefore considered as
improve its results, especially its precision rate, by consid-positive and we can now focus on the last step of the evalu-
ering syntactic information. However, automatic syntactication that consists in assessing the linguistic validity of the
annotation remains too noisy to be used without human sugeneralized clauses.



4.2. Linguistic validation of thelearnt rules after a punctuation mark, whereas the relative position of N

For a linguist, the issue is not only to find good exam-and V precede/2) is giveniin clauses 1, 3,5, 7, 9.
ples of qualia relations but also to identify in texts the lin- - Punctuation: punctuation marks, and more specifically
guistic patterns that are used to express them. Consequerf@lons, are mentioned in clauses 5 and 7.
ly, the question is: what do the learnt clauses tell us about - Morpho-syntactic categorization: the first clause de-
the linguistic structures that are likely to convey qualia re-tects a very important structure in the text, corresponding
lations between a noun and a verb? We know from previ{0 action verbs in the infinitive form.
ous research (Morin, 1999) made on other types of seman- These features bring to light linguistic patterns that are
tic relations, that a given relation can be instantiated in a/€ry specific to the corpus—a text falling within the instruc-
large variety of structures, and that this set of structures mayional genre. We find in this text many examples in which
greatly vary from one corpus to another. Such research ger@ verb at the infinitive form occurs at the beginning of a
erally focuses on hyperonymy (is-a) and meronymy (part-Proposition and is followed by a noun phrase. Such lists of
of) relations, which provide the basic structure of ontolo- instructions are very typical of the corpus:
gies. Our aim is thus similar, with the additional difficulty ~ — débrancher la pris@disconnect the plug)
that some of the relations we focus on (such as telic oragen- — enclencher le disjonctegengage the circuit breaker)
tive ones) have never been studied extensively on corpora, — déposer les obturateufsemove the obturators)
and are more difficult to identify than more conventional ~ To further evaluate these findings, we have compared

semantic relations. what is obtained by the automatic learning process to lin-
We are thus faced with a set of nine clauses that we nov@uistic observations made manually on the same corpus
try to interpret in terms of linguistic rules: (Galy, 2000). Galy has listed a set of canonical verbal struc-
(1) is_qualia(A,B) :- precedes(B,A), near verb(A,B), infini- tures. tha_t.convey telic 'nformat_'on: .
tive(B), action_verb(B). — infinitive verb + det + noun (visser le bouchon) (to tight-
. . ) . en the cap)
2) fs_qualfa(A,B) - CoNtiguous(A, B). —verb + det + noun (ferment le circuit) (close the circuit)
(3) is-qualia(A,B) :- precedes(B,A), near word(A,B), near - — noun + past_participle (bouchon maintenu) (held cap)
verb(A,B), suc(B,C), preposition(C). — noun + be + past_participle (circuits sont raccord és)
(4) is_qualia(A,B) :- near word(A,B), pred(A,C), void(C). (circuits are connected)
(5) is.qualia(A,B) :- precedes(B,A), suc(B,C), colon(C), —noun + verb (u.n.bouchon obture) (a cap blocks up),
pred(A,D), punctuation(D), singular common noun(A). — be + past_participle + par + det + noun (sont obtur ées

par les bouchons) (are blocked up by caps)
The two types of results show some overlap: both ex-
_ _ periments demonstrate the significance of infinitive struc-
(7) isqualia(A,B) :- precedes(A,B), nearword(AB).  {res and bring to light patterns in which verb and noun are
pred(A,C), punctuation(C). very close to each other. Yet the results are quite differ-
(8) is_qualia(A,B) :- near.verb(A,B), pred(B,C), pred(C,D),  ent since the learning method proposes a generalization of

(6) is_qualia(A,B) :- near_word(A,B), suc(B,C), suc(C,D),
action_verb(D).

pred(D,E), preposition(E), pred(A,F), void(F). the structures discovered by Galy. In particular, the opposi-
(9) is_qualia(A,B) :- precedes(A,B), near.verb(A,B), tion between passive and active constructions is merged in
pred(A,C), subordinating conjunction(C). clause 2 by the indication of mere contiguity (V can occur

before or after N). Conversely, some clues have not been
observed by manual analysis because they are related to
levels of linguistic information that are usually neglected
by linguistic observation (punctuation marks and position

Predicates must be read as followgrecedes(X,Y) means
that X occurs somewhere in a sentence befo@ed(X,Y)
means that Y occurs immediately before X and converse
ly suc(Y,X) means that X occurs immediately afterr¥.
ear word(X,Y) means that X and Y are separated by at leastn the sentence).

one word and at most 2 words, amehr verb(X,Y) that there Consequently, when we look at the results of the learn-
is no verb between X and Y. ing process from a linguistic point of view, it appears that

What is first striking is the fact that, at this level of gen- the clauses give very general surface clues about the struc-
eralization, few linguistic features are retained. The clauseUres that are favored in the corpus for the expression of
seem to provide very general indications and tell us very lit-aualia refations. Yet, these clues are sufficient to give ac-
tle about types of verbs (action verb is the only information C€SS t0 some corpus-specific patterns, which is a very inter-
we get), nouns (common noun) or prepositions that are like £5ting result.
ly to fit into such structures. But the clauses contain other .
information, related to several aspects of linguistic descrip- 5. Conclusion and future work
tions, like: We have presented a system extracting from a POS and

- proximity: this is a major criterion. Most clauses in- semantically tagged corpus N-V pairs such that N and V
dicate that the noun and the verb must be either contiguouare linked by a qualia relation. This system is based upon
(clause 2) or separated by at most one element (clauses 8pntextual rules that are automatically learnt by ILP from
4, 6, 7) and that no verb must appear between N and \examples provided by an expert. These rules use the POS
(clauses 1, 3, 8, 9). and semantic tags of the N-V pair context to characterize

- position: clauses 4 and 7 indicate that the one of thewhat distinguish qualia N-V pairs from non-qualia ones.
two elements is found at the beginning of a sentence or righT his semi-automatic system is compared with two different
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