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Abstract. Natural language parsing requires extensive lexicons contain-
ing subcategorization information for specific sublanguages. This paper
describes an automatic clustering strategy for acquiring selection restric-
tions from corpora. In order to test our method, preliminary experiments
have been performed on a law-case domain Portuguese corpus. The ac-
quired information is used to lexicon tuning for parsing improvement.
Finally, it is discussed the application of natural language restrictions
acquisition for improving information retrieval.

1 Introduction

Development of robust syntactic parsers for natural language texts requires res-
olution of syntactic ambiguity. Most modern natural language processing tech-
niques rely on a subcategorization lexicon to restrict possible parses. This way,
the goal of our work is to learn predicate-argument (subcategorization) informa-
tion and to apply this information to the parsing task.

Words are combined following specific linguistic constraints. The constraints
imposed by a particular word (predicate) in order to limit the words with which
it can combine (arguments) are known as subcategorization restrictions. Sub-
categorization is expressed at both syntactic (subcategorization frames) and se-
mantic (selection restrictions) levels of abstraction. Syntactic frames are based
on constraints referring to morphosyntactic categories and syntactic position.
Selection restrictions, on the other hand, require arguments to match a specific
semantic class. The parser needs both syntactic constraints and selection re-
strictions information to prefer some parses from several possible grammatical
ones.

The general aim of this paper is to describe a knowledge-poor unsupervised
method for acquiring both syntactic frames and selection restrictions, which is
based on contextual and co-specification hypotheses. This learning method was
applied to Portuguese legal text corpora. The fact of using specialized corpora
makes easier the learning task, given that we have to deal with a limited vocab-
ulary with reduced polysemy.
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The remainder of the article is organized as follows. Section 2 introduces
theoretical concepts like contextual and co-specification hypothesis. Next, in
section 3 we describe an automatic method for clustering the words appearing
in similar syntactic frames, and section 3.1 details specific topics as syntactic
dependency, syntactic contexts and selection restrictions. Section 3.2 explains the
filtering and clustering strategy, some results are also discussed. Then, section 4
deals with upgrading the lexicon with subcategorization information and using
them for improving both parsing task and information retrieval systems.

2 Linguistic Basics

According to Gregory Grefenstette [9,10], knowledge-poor approaches use no
presupposed semantic knowledge for automatically extracting semantic informa-
tion. They are characterized as follows: no domain-specific information is avail-
able, no semantic tagging is used, and no static sources as machine readable dic-
tionaries or handcrafted thesauri are required. Hence, they differ from knowledge-
rich approaches in the amount of linguistic knowledge they need to activate the
semantic acquisition process. Whereas knowledge-rich approaches require previ-
ously encoded semantic information (semantic tagged corpora and/or man-made
lexical resources [17,6, 1]), knowledge-poor methods only need a coarse-grained
notion of linguistic information: word cooccurrence. In particular, the main aim
of knowledge-poor approaches is to calculate the frequency of word cooccur-
rences within either syntactic constructions or sequences of n-grams in order to
extract semantic information such as selection restrictions [19,11, 3], and word
ontologies [12,15,9,13]. Since these methods do not require previously defined
semantic knowledge, they overcome the well-known drawbacks associated with
handcrafted thesauri and supervised strategies.

Nevertheless, our method differs from standard knowledge-poor strategies on
two specific issues: both the way of extracting word similarity and the way of
defining syntactic contexts. Our strategy relies on two basic linguistic assump-
tions. First, we assume that two syntactically related words impose semantic
selectional restrictions to each other (co-specification). Second, it is also claimed
that two syntactic contexts impose the same selection restrictions if they cooccur
with the same words (contexrtual hypothesis).

Co-specification is based on the following idea. Two syntactically dependent
expressions are no longer interpreted as a standard pair “predicate-argument”,
where the predicate is the active function imposing the semantic preferences on
a passive argument, which matches such preferences. On the contrary, each word
of a binary dependency is perceived simultaneously as a predicate and an argu-
ment[16, 7]. That is, each word both imposes semantic restrictions and matches
semantic requirements. The two dependent expressions are simultaneously active
and passive compositional terms.

In order to extract contextual word classes from the appropriate syntactic
constructions, we claim that similar syntactic contexts share the same semantic
restrictions on words. Instead of computing word similarity on the basis of the



too coarse-grained Harris’ distributional hypothesis (according to this assump-
tion, words cooccurring in similar syntactic contexts are semantically similar
and, then, should be clustered into the same semantic class), we measure the
similarity between syntactic contexts in order to identify common selection re-
strictions. More precisely, we assume that two syntactic contexts occurring with
(almost) the same words are similar and, then, impose the same semantic re-
strictions on those words. That is what we call contextual hypothesis. Semantic
extraction strategies based on the contextual hypothesis may account for the
semantic variance of words in different syntactic contexts. Since these strate-
gies are concerned with the extraction of semantic similarities between syntactic
contexts, words will be clustered with regard to their specific syntactic distri-
bution. Such clusters represent context-dependent semantic classes. Except the
cooperative system Asium introduced in [5,4, 2], few or no research on semantic
extraction have been based on such a hypothesis.

3 Selection Restrictions Acquisition

To evaluate the hypotheses presented above, a software package was developed
to support the automatic acquisition of semantic restrictions. The system is
constituted by four related modules, illustrated in Figure 1. In the following
paragraphs we merely outline the overall functionalities of these modules. Then,
in the remainder of the section, we describe accurately the specific objects and
processes of each module.

Parsing: The raw text is tagged [14] and partially analyzed [18]. Then, an
attachment heuristic is used to identify binary dependencies. The result is
a list of cooccurrence triplets containing the syntactic relationship and the
lemmas of the two related head words. This module will be described in
section 3.1.

Extracting: The binary dependencies are used to extract the syntactic contexts.
Unlike most work on selection restrictions learning, the characterization of
syntactic contexts relies on the dynamic process of co-specification. Then,
the word sets that appear in those contexts are also extracted. The result is
a list of contextual word sets. This module will be analyzed in section 3.1.

Filtering: Each pair of contextual word sets are statistically compared using a
variation of the weighted Jaccard Measure [9]. For each pair of contextual
sets considered as similar, we select only the words that they share. The
result is a list of semantically homogeneous word sets, called basic classes.
Section 3.2 describes this module.

Clustering: Basic classes are successively aggregated by a conceptual cluster-
ing method to induce more general classes, which represent extensionally
the selection restrictions of syntactic contexts. We present this module in
section 3.2. Finally, the classes obtained by clustering are used to update
the subcategorization information in the dictionary.

! The first tasks, tagging and parsing, are based on a non domain-specific dictionary for
Portuguese, which merely contains morphosyntactic information. The subcategori-
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Fig. 1. System modules

The system was tested over the Portuguese text corpora P.G.R.2. Some re-
sults are analyzed in section 3.3. The fact of using specialized text corpora makes
eagsier the learning task, given that we have to deal with a limited vocabulary
with reduced polysemy. Furthermore, since the system is not dependent on any
specific language such as Portuguese, it could be applied, in principle, to what-
ever natural language.

3.1 Identification of Binary Dependencies and Extraction of

Syntactic Contexts

Binary dependencies and syntactic contexts are directly associated with the no-
tion of selection restrictions. Selection restrictions are the semantic constraints
that a word needs to match in order to be syntactically dependent and attached
to another word. According to the co-specification hypothesis, two dependent
words can be analyzed as two syntactic contexts of specification. So, before de-
scribing how selection restrictions are learned, we start by defining first how
binary dependencies are identified, and second how syntactic contexts are ex-
tracted from binary dependencies.

sation restrictions extracted by our method are used to extend the morphosyntactic
information of the dictionary.

2 P.G.R. (Portuguese General Attorney Opinions) is constituted by case-law docu-
ments.



Binary Dependencies We assume that basic syntactic contexts are extracted
from binary syntactic dependencies. We use both a shallow syntactic parser [18]
and a particular attachment heuristic to identify binary dependencies. The parser
produces a single partial syntactic description of sentences, which are analyzed
as sequences of basic chunks (NP, PP, VP, ...). Then, attachment is temporarily
resolved by a simple heuristic based on right association (a chunk tend to attach
to another chunk immediately to its right). Finally, we consider that the word
heads of two attached chunks form a binary dependency. It can be easily seen
that syntactic errors may appear since the attachment heuristic does not take
into account distant dependencies.® For reasons of attachment errors, it is ar-
gued here that the binary dependencies identified by our basic heuristic are mere
hypotheses on attachment; hence they are mere candidate dependencies. Candi-
date dependencies will be checked by taking into account further information on
the attached words. In particular, a candidate dependency will be checked and
finally verified only if the two attached words impose selection restrictions to
each other. Therefore, the test confirming or not a particular attachment relies
on the semantic information associated with the related words. Let’s describe
first the internal structure of a candidate dependency between two words.

A candidate syntactic dependency consists of two words and the hypotheti-
cal grammatical relationship between them. We represent a dependency as the
following binary predication:

(r; wit, w2h)
This binary predication is constituted by the following entities:

— the binary predicate r, which can be associated to specific prepositions,
subject relations, direct object relations, etc.;

— the roles of the predicate, “*” and “T”, which represent the head and com-
plement roles, respectively;

— the two words holding the binary relation: wl and w?2.

Binary dependencies denote grammatical relationships between the head and
its complement. The word indexed by “+” plays the role of head, whereas the
word indexed by “!” plays the role of complement. Therefore, w1 is perceived as
the head and w2 as the complement.

Furthermore, the binary dependencies (i.e., grammatical relationships) we
have considered are the following: subject (noted subj), direct object (noted
dobj), prepositional object of verbs, and prepositional object of nouns, both
noted by the specific preposition.

3 The errors are caused, not only by the too restrictive attachment heuristic, but also
by further misleadings, e.g., words missing from the dictionary, words incorrectly
tagged, other sorts of parser limitations, etc.



Extraction of Syntactic Contexts and Co-Specification Syntactic con-
texts are abstract configurations of specific binary dependencies. We use A-
abstraction to represent the extraction of syntactic contexts. A syntactic context
is extracted by A-abstracting one of the related words of a binary dependency.
Thus, two complementary syntactic context can be A-abstracted from the binary
predication associated with a syntactic dependency:

[Ami(r;xﬂwQT)] [AmT(r;wli,mT)]

The syntactic context of word w2, [Az*(r; z+, w2")], can be defined extension-
ally as the set of words that are the head of w2. The exhaustive enumeration of
every word that can occur with that syntactic frame enables us to characterize
extensionally its selection restrictions. Similarly, the syntactic context of word
wl, [AzT(r;wlt, z1)], represents the set of words that are complement of wl.
This set is perceived as the extensional definition of the selection restrictions
imposed by the syntactic context. Consider Table 1. The left column contains
expressions constituted by two words syntactically related by a particular type
of syntactic dependency. The right column contains the syntactic contexts ex-
tracted from these expressions. For instance, from the expression presidente
da repiblica (president of the republic), we extract two syntactic contexts:
both [A\z*(de; z*, repiblica’)], where repiblica plays the role of complement,
and [\zT(de; presidentet, z1)], where presidente is the head.

Table 1. Syntactic contexts extracted from binary expressions

| Binary Expressions | Syntactic Contexts

presidente da repiiblica [Ami(de;zi‘,repliblicaT)], AT (despresidentet ,a™)]
(president of the republic)

nomeagdo do presidente [/\zl(de;acl,presidenteT)], 22T (desnomeacgidot,a™)]

(nomination for president)

nomeou o presidente [)\ml(dobj;acl,presidenteT)], [AzT(dobj;nomeart,a™)]

(nominated the president)

discutiu sobre a nomeacgéo [)\:c'l‘(sobre;:c'l',nomeagﬁoT)], aT(sobrediscutirt,zT)]

(discussed about the nomination)

Since syntactic configurations impose specific selectional preferences on words,
the words that match the semantic preferences (or selection restrictions) required
by a syntactic context should constitute a semantically homogeneous word class.
Consider the two contexts extracted from presidente da repiblica. On the
one hand, context [Az'(de;presidentet,z)] requires a particular noun class,
namely human organizations. In corpus P.G.R., this syntactic context selects for
nouns such as repiblica (republic), governo (government), instituto (insti-
tute), conselho (council),...On the other hand, context [Az*(r;z*, repiblical)]
requires nouns denoting either humain beings or organizations: presidente
(president), ministro (minister of state), assembleia (assembly), governo,



(government) procurador (attorney), procuradoria-geral (attorney-ship) ,
ministério (state department), etc.

It follows that the two words related by a syntactic dependency are mutually
determined. The context constituted by a word and a specific function imposes
semantic conditions on the other word of the dependency. The converse is also
true. As has been said, the process of mutual restriction between two related
words is called co-specification. In presidente da repiblica, the context con-
stituted by the noun presidente and the grammatical function head somehow
restricts the sense of repiblica. Conversely, both the noun repiblica and the
role of complement also restrict the sense of presidente:

— [Az*(de; *, repiiblica®)] selects for presidente
— [AzT(de; presidente, z1)] selects for repiblica

In our system, the extraction module consists of the two following tasks:
first, the syntactic contexts associated with all candidate binary dependencies
are extracted. Then, the set of words appearing in those syntactic contexts are
selected. The words appearing in a particular syntactic context form a contextual
word set. Contextual word sets are taken as the input of the processes of filtering
and clustering; these processes will be described in the next section.

Let’s note finally that unlike the Grefenstette’s approach [9], information on
co-specification is available for the characterization of syntactic contexts. In [8],
a strategy for measuring word similarity based on the co-specification hypothesis
was compared to the Grefensetette’s strategy. Experimental tests demonstrated
that co-specification allows a finer-grained characterization of syntactic contexts.

3.2 Filtering and Clustering

According to the contextual hypothesis introduced above, two syntactic contexts
that select for the same words should have the same extensional definition and,
then, the same selection restrictions. So, if two contextual word sets are consid-
ered as similar, we infer that their associated syntactic contexts are semantic
similar and share the same selection restrictions. In addition, we also infer that
these contextual word sets are semantically homogeneous and represent a contex-
tually determined class of words. Let’s take the two following syntactic contexts
and their associated contextual word sets:

[Az!(of;in fringement*, z1)] = {article law norm precept statute ...}
[Az"(dobyj; in fringe*, z")] = {article law norm principle right ...}

Since both contexts share a significant number of words, it can be argued that
they share the same selection restrictions. Furthermore, it can be inferred that
their associated contextual sets represent the same context-dependent semantic
class. In our corpus, context [A\zT(dobj;violart,z")] (to infringe) is not only
considered as similar to context [Az*(dobj; violagdo*, z")] (infringement of ), but
also to other contexts such as:



— [Az*(dobj; respeitart, x)] (to respect)
— [Az"(dobj; aplicart, z)] (to apply)

In this section, we will specify the procedure for learning context-dependent
semantic classes from the previously extracted contextual sets. This will be done
in two steps:

— Filtering: word sets are automatically cleaned by removing those words that
are not semantically homogeneous.

— Conceptual clustering: the previously cleaned sets are successively aggre-
gated into more general clusters. This allows us to build more abstract se-
mantic classes and, then, to induce more general selection restrictions.

Filtering As has been said in the introduction, the cooperative system Asium
is also based on the contextual hypothesis [5,4]. This system requires the in-
teractive participation of a language specialist in order to filter and clean the
word sets when they are taken as input of the clustering strategy. Such a co-
operative method proposes to manually remove from the sets those words that
have been incorrectly tagged or analyzed. Our strategy, by contrast, intends to
automatically remove incorrect words from sets. Automatic filtering consists of
the following subtasks:

First, each word set is associated with a list of its most similar sets. In-
tuitively, two sets are considered as similar if they share a significant number
of words. Various similarity measure coefficients were tested to create lists of
similar sets. The best results were achieved using a particular weighted version
of the Jaccard coefficient, where words are weighted considering their dispersion
(global weight) and their relative frequency for each context (local weigth). Word
dispersion (global weight) disp takes into account how many different contexts
are associated with a given word and the word frequency in the corpus. The
local weight is calculated by the relative frequency fr of the pair context/word.
The weigth of a word with a context cntz is computed by the following formula:

W (entzj, word;) = loga(frij) * loga(disp;)
where

frequency of word; with cntx;
sumof frequenciesof words occurring in cntx;

fﬁ'j =
and

Ej frequency of word; with cntz;

disp; =
pi number of contexts with word;

So, the weighted Jaccard similarity WJ between two contexts m and n is com-
puted by*:

4 common means that just common words to both contexts m and n are computed



> common; (W (entzm,word;) + W (cntz,,, word;))

> (W(entzy, word;) + W (entan, word;))

W J(entxm,, entey,) =

Then, once each contextual set has been compared to the other sets, we select
the words shared by each pair of similar sets, i.e., we select the intersection be-
tween each pair of sets considered as similar. Since words that are not shared by
two similar sets could be incorrect words, we remove them. Intersection allows
us to clear sets of words that are not semantically homogeneous. Thus, the inter-
section of two similar sets represents a semantically homogeneous class, which
we call basic class. Let’s take an example. In our corpus, the most similar set to
[AzT(de; violagao*, z1)] (infringement of)) is [AzT (dobj; violart,z1)] (infringe) .
Both sets share the following words:

sigilo principios preceito plano norma lei estatuto disposto disposigéo
direito convengdo artigo

(secret principle precept plan norm law statute disposition disposition right
convention article)

This basic class does not contain incorrect words such as vez, flagrante-
mente, obrigacio, interesse (time, notoriously, obligation, interest), which
were oddly associated to the context [AzT(de;violagdo*, zT)], but which do not
appear in context [Az'(dobj;violart,z")]. This class seems to be semantically
homogeneous because it contains only words referring to legal documents. Once
basic classes have been created, they are used by the conceptual clustering al-
gorithm to build more general classes. Note that this strategy do not remove
neither infrequent nor very frequent words. Frequent and infrequent words may
be semantic significant provided that they occur with similar syntactic contexts.

Conceptual Clustering We use an agglomerative (bottom-up) clustering for
successively aggregating the previously created basic classes. Unlike most re-
search on conceptual clustering, aggregation does not rely on a statistical dis-
tance between classes, but on empirically set conditions and constraints [21].
These conditions will be discussed below. Figure 2 shows two basic classes asso-
ciated with two pairs of similar syntactic contexts. [CONT X;] represents a pair
of syntactic contexts sharing the words preceito, lei, norma (precept, law,
norm, and [CONT X;] represents a pair of syntactic contexts sharing the words
preceito, lei, direito (precept, law, right). Both basic classes are obtained
from the filtering process described in the previous section. Figure 3 illustrates
how basic classes are aggregated into more general clusters. If two classes fill
the conditions that we will define later, they can be merged into a new class.
The two basic classes of the example are clustered into the more general class
constituted by preceito, lei, norma, direito. Such a generalization leads
us to induce syntactic data that does not appear in the corpus. Indeed, we in-
duce both that the word norma may appear in the syntactic contexts represented



by [CONTX;], and that the word direito may be attached to the syntactic
contexts represented by [CONTX;].

? Q
[CONTXi]  [CONTXj]
preceito lei norma preceito lei direito
norma Cpreceito  lel direito
[CONTXi ] [CONTXj ]
Fig. 3. Agglomerative cluster-
Fig. 2. Basic classes ing

Two basic classes are compared and then aggregated into a new more general
class if they fulfill three specific conditions:

1. They must have the same number of words. We consider that two classes are
compared in a more efficient manner when they have the same number of
elements. Indeed, nonsensical results could be obtained if we compare large
classes, which still remain polysemic and then heterogeneous, to the small
classes that are included in them.

2. They must share n—1 words. Two classes sharing n — 1 words are aggregated
into a new class of n+ 1 members. Indeed, two classes with the same number
of elements only differing in one word may be considered as semantically
close.

3. They must have the highest weight. The weight of a class corresponds to the
number of occurrences of the class as a subset of other classes (within n + 20
supersets). Intuitively, the more a class is included in larger classes, the more
semantically homogeneous it should be. Only those classes with the highest
weight will be compared and aggregated.

Note that clustering does not rely here on a statistical distance between
classes. Rather, clustering is guided by a set of constraints, which have been
empirically defined considering linguistic data. Due to the nature of these con-
straints, the clustering process should start with small size classes with n el-
ements, in order to create larger classes of n + 1 members. All classes of size
n that fulfill the conditions stated above are aggregated into n + 1 clusters. In
this agglomerative clustering strategy, level n is defined by the classes with n
elements. The algorithm continues merging clusters at more complex levels and
stops when there are no more clusters fulfilling the three conditions.



3.3 Tests and Evaluation

We used a small corpus with 1,643,579 word occurrences, selected from the case-
law P.G.R. text corpora. First, the corpus was tagged by the part-of- speech
tagger presented in [14]. Then, it was analyzed in sequences of basic chunks
by the partial parser presented in [18]. The chunks were attached using the
right association heuristic so as to create binary dependencies. 211,976 different
syntactic contexts with their associated word sets were extracted from these
dependencies. Then, we filter these contextual word sets by using the method
described above so as to obtain a list of basic classes.

In order to test our clustering strategy, we start the algorithm with basic
classes of size 4 (i.e., classes with 4 elements). We have 7,571 basic classes with
4 elements, but only a small part of them fills the clustering conditions so as
to form 1,243 clusters with 5 elements. At level 7, there are still 600 classes
filling the clustering conditions, 263 at level 9, 112 at level 11, 38 at level 13,
and finally only 1 at level 19. In table 2, we show some of the clusters generated
by the algorithm at different intermediate levels.®

Table 2. Some clusters at levels 6, 7, 8, 9, 10, and 11

0006 (06) |aludir citar enunciar indicar mencionar referir

allude cite enunciate indicate mention refer

0009 (07)|considerar constituir criar definir determinar integrar referir

consider constitute create define determinate integrate refer

0002 (07)|actividade atribuigdo cargo fungdo fungdes tarefa trabalho

activity attribution position/task function functions task work

0003 (08) |administragdo cargo categoria exercicio fungdo lugar regime servigo

administration post rank practice function place regime service

0002 (09) |abono indemnizag&o multa pensdo propina remuneragdo renda sangio vencimento

bail compensation fine pension fee remuneration rent sanction salary

0007 (10) |administrag8o autoridade comissfo conselho direcgfo estado governo ministro
tribunal érgéo

administration authority commission council direction state government minis-
ter tribunal organ

0026 (11)|alinea artigo cédigo decreto diploma disposigfo estatuto legislagfo lei
norma regulamento

paragraph article code decret diploma disposition statute legislation law norm
regulation

Note that some words may appear in different clusters. For instance, cargo
(task/post) is associated with nouns referring to activities (e.g., actividade,
trabalho, tarefa (activity, work, task)), as well as with nouns referring to the
positions where those activities are produced (e.g., cargo, categoria, lugar
(post, rank, place)). The sense of polysemic words is represented by the natural
attribution of a word to various clusters.

5 In the left column, the first number represents the weight of the set, i.e., its occur-
rences as subset of larger supersets; the second number represents class cardinality.



4 Parsing Improvement and Information Retrieval
Application

The clustering algorithm introduced above does not generate ontological classes
like human beings, institutions, vegetables, dogs, ..., but context-based semantic
classes associated with syntactic contexts. Indeed, the generated clusters are
not linguistic-independent objects but semantic restrictions taking part in the
syntactic analysis of sentences.

Let’s take an example. The verbs aludir, citar, enunciar, etc. (see ta-
ble 2) belong to the same contextual class because they share a great number
of syntactic contexts. Below, we show some of the syntactic contexts used to
construct this contextual class of verbs:

[Az*(doby; z+, conclusaoT)]
[)\:tzL(dobg,a:¢ oficiot)]

z+(em; zt, conclusio?)]
[ L(em z¥,notal)]

Take another example. The nouns administrag8o, autoridade, comiss&o,
etc. belong to the same contextual class since they appear in syntactic contexts
considered as similar:

[AzT (subj; decidirt, zT)]
AzT(subj; promovert, zT)]
Az (de; ministrot, zT)]
Az (de; solicitagaot, z1)]
Az"(a; con fiart, zT)]
Az (a; transmitirt, z7)]

That means that the subject of verbs such as decidir, promover,
(decide, promote), the “to — complements” of confiar, transmitir, ... (en-
trust, communicate), or the “of — complements” of nouns such as ministro,
solicitag8o, ... (minister, demands) are syntactic contexts that share the
same selection restrictions, more precisely, they coocur with nouns denoting in-
stitutions and persons.

As it has been said, the nouns appearing in the same syntactic contexts do not
form an ontological class but rather a linguistic class used to constrain syntactic
word combinations. The acquired selection restrictions are so used to update the
lexicon with subcategorization information and then to check the attachment
hypotheses on the candidate dependencies previously extracted. The degree of
efficiency in such a task may serve as a reliable evaluation for measuring the
soundness of our learning strategy.

In particular, a candidate dependency between two words wl and w2 is ver-
ified if the following two conditions are satisfied:

— the two syntactic contexts, [Az*(r; z¥,w?2")] and [AzT(r; wlt, z1)], extracted
from the binary dependency between wl and w2, are used to build context-
based semantic classes (this conditions relies on the contextual hypothesis)



— w1 belongs to the semantic class built from the context [Az*(r;zt,w2T)]
and/or w2 belongs to the semantic class built from [Az'(r;w1t,z1)] (this
condition relies on the co-specification hypothesis).

Information Retrieval (IR) systems has extensively used low-level Natural
Language Processing (NLP) tasks, such as morphological and lezical tasks, to
improve documents recall. In addition, NLP tasks can be used to translate am-
biguous natural language queries into unambiguous representations on which
more accurate IR can take place.

Since the work presented improves natural language parsing by solving syntactic-
semantic ambiguity of words and sentences, it allows to determine the query
focus and so to achieve better IR precision by eliminating false drops of wrong
word meaning retrievals.

Furthermore, the application of the acquired word similarity classes will en-
able larger recall of documents, whereas the application of multi-word lexical
units [20] will enable rapid filtering and larger precision.

5 Conclusion

This paper has presented a particular unsupervised strategy to automatically
learn context-based semantic classes used as restrictions on syntactic combina-
tions. The strategy is mainly based on two linguistic assumptions: co-specification
hypothesis, i.e., the two related expressions in a binary dependency impose se-
mantic restrictions to each other, and contextual hypothesis, i.e., two syntactic
contexts share the same semantic restrictions if they cooccur with the same
words.

The learning process allows acquiring both syntactic and semantic restric-
tions to improve lexicon information for specific domains. This information is
used to improve parser accuracy and to enable the acquisition of long distance
selection restrictions. Finally, these results are currently being integrated to an
IR system for precise and rapid location of documents in the PGR corpus col-
lection (http://coluna.di.fct.unl.pt/~pgrd).
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