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Abstract:The paper prescols an bnplemented IR svsieom, inteprating so-
mantic knowledge, lor a speeilic domain. The paper locuses on Lhe oxtrac-
tion of the knowledge [rom Lexts, using shallow natural language processing
(NLI?) techniques. The domain knowledge, vepresented in deseription logles
(DL}, s updated dvnamically, as resule of D1 inferences.

1 Introduction

Statistical IR systems [SBO8] maich document and query represeniarions ag vectors
of word welghts. They provide bad recall (1he ratio between the number of retrieved
docurients and the number of relevant documents) and low precision {the ratio
between the number of relevant retrieved docnments and the number of retrieved
documents), due to natural language ambiguity (synonyms) and polymorphism (hy-
ponyns/hyperonynis). To solve these problens, lingnistically-mnorivared indexing
methods propose, as docunient represeutations, sets of multiple-word terms |[RLOE),
their semantic variations |Jad8) or conceprs [AW98), extracted by robust NLI tools
[ACYT]. General-purpose thesauri (Corclex Bu98], EuroWordnel [Vo48]) identifies
hyponyinsfliyperouyins or synonyms, for free Lexts scarching, but their drawbacks
arc redundancy, incomploteness and low availability. Users oxpect precise answors
when searching a limited domain; domain knowledge is required,

For these reasons, we adopled a semantic-based wethod lor searching a set of
documents [rom a lunited domaln (French (exts from medicine and news). The
inlormacion extracled [rom vexts s used for building semi-automatically a domain
ontology (a sel of concepls and relations belween conecepts, formalizing domain
knowledge}, represented in description logic (DL} (providing fanlt tolerance and
handling incomplete or erroncous data). The domain ontology is used to build
documient and query representations, to handle polvmorphistm or ambiguitics.

2 Description Logics

Deseripuion logies (DL} are frame fonnalisms dedicated wo kuowledge representation
([BIT91]). DL struetures the domain knowledge on two levels: a terminological
level (T-Box), containing abstract classes (concepts), with their properties {roles)
and an assertional level, [A-Box), containing individuals (instances).
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Dls provide various expressiveness: concept definitions, nverse or transitive roles,
role hierarchics. For corlain exprossiveness, decidable algorithms hoplements ‘I-Box
inference mechanisms (concept satisfiability test, subsumption relaiion between
twe coneepls, classification - ordering the concepts in the hierarchy), or A-Box
tests (consislency, instantiolion - i.e. concepl subsuming the insiance, or retrievel
inference - retvieving for a given concept all its individuals).
DLs are suitable for IR applications becanse they handle erroneous or incomplete
dara. The concepts do not define the exclusive list of roles for theiv individuals.
Intentional definitions are accepted.

{(define-concept Alpinist {AND Person (SOME hazApe Age) {SOME hasIdeal

Climbing)})

{instance y0 (AND Alpinist (SOME hashge 30}))

Tlhe tustance vy of Alpinist defines only the role hasAge, whils the concept

has also other roles, and also 30 1s not explicitly defined as inscance of Age,

Various Ds ontologics (built manually) have been used by TR systomns: for mod-
elling a digital library |W199] or indexing images [MSS99]. No system integrates
a DL ontology updaned dynamically, Hicrarchical organization of the knowledge
provides solutions for hyvperonyvmy handling, The expressiveness required lor IR is
concepl delinition, inverse role and role hicrarchy, CLCLOP! [RBSYS . a specilic
DL, provides the expressivencss required [or LB, 11 also provides reasoning with
multiple hierarchies, transitive roles and il implements an A-Box,

3 Using Ountologies for Indexing

Our TR system uses a DI ontology to check the consisteney of new concepts identi-
fied in the texts and to handle hyperonymy fhyponymy cases. Coneepts are used asg
indexes, as document and query representasions. Our ontology is extracted from
Texts 1 two steps:

- wernt ddentificarion (instances of domain concepts);

- identiflication of relations belween terms.

3.1 Building the DL hierarchy

Manual Building. The DI hicrarchy has as itg core o get of initial conceprs
identificd by a hman expert in the list of repeated segments (word scquences
oecurring at least twice) [FOROD]) extracted from o set of representative toxus.,
The expert defines also the relations betwoeen the concepts. The moedical hicrarchy
contains 137 concepts, sclected from 748 repeared scgmens. The news hicrarchy
contains 9% concepls.

Modifying the Hierarchy. The new concepts are extracted from input toxts
{docmmnents or user queries) by the NLI* modules presented below and they are

LCustomizable Inference and Concept Language for Object Drocessing, developed  at
LITAT Laburatoire d'Informatique of & Tnlelligenes Artiticiclle), KNSATS, Strasbourg, France
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Figure 1: Systein architecture

combined into complex concepts. The results are checked by the DL clagsifior. I
vhey are consistent, the existing delinitions are updatod.

Cloncepts are identified around the most frequent content, words and their contexts.
A criverion for limiting hierarchy size is to add the wmoest frequens concepts in
the document o the hicrarchy,  Another criterion is the subsumption test - in
vhe hicrarchy we keep only most gencral concepls. Specilic concepls, which are
important vo selecl relevant documents, mighi be lelv oun from the hierarchy, by
both methods.

3.2 Tools for Term Extraction

The prototype iureerates several NLIY modules (fig. 13 as well as logical inference
modules, for term Wdenrificacion and for creating complex coneeprs. They are used
vo extract a represeniavion [rom queries and documents, as indexes.

l. Semantic chunks identifier detects the word sequences correspouding to the
most significant domain terms (semantic chunks) and aunotates them. A semon-
te chunk coutalns o shnple syutactic pastern (simple noun phrase, verh) and ic
is delimived by two boundary words ([unclional words, auxiliaries, prepositional
phrases) and it might conlain syntactic or Lyplng crrors.

Exarnples of semantic chunks are *la victinme” awd "Tavalanchie™:
“la victine, smportée par Davalaoche”

the victim, taken from the avalanche]

First, the POS togger (using WinDBrill, and French data provided by Institui Na-
tional pour la Langue Francaise [Le98]) identilies the content words (nouns, ad-
jeetives, verbs) and functional words (prepositions, conjunctions ete.). The sense
tagger assigns to some words or idiomatic phrases (their sense could not be com-
posed from the component parts) their sense (domain concepts). The link between
the concepts and the words s establishod by a lmman expert, from the list of the
most frequent repeated seginents extracted from texts. Then, the bowndary iden-
tifter annotaves delimiters ol vhe senantic chunks: functional words {determiners,
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prepositions), or cue phrases {syntactic phrases containing auxiliaries, composed
prepositions cte.), extracted from west corpora. Then. the pattern motcher identi-
fies the core of the semantic chunks (hetween vwo conseculive delimivers), which is
formed by siiple noun phrases (8, N A0} and vorb phrases,

11. Relations between terms. This module identifies syntactic relations and cro-
ates complex concepts, validated by the DL classifior. IFiest, #he Relevance chunker
aunotates the chunks as main (correspouds 1o the notion of head proposed by clas-
sical linguistic theories) or secondary chunks (play the role of a modilicr, adding
more inlormation 1o vhe sense of vhe head). In our svstom, vhe annotalions corre-
sponds Lo the order of the chunks in the sentences: the secondary chunks follow
alter a gerund verb or a preposition; [inite verbs are always main chunks. This
information is used by heuristic rules.

links between domain terms. The output is a set of complex concepts, 10 be checked
by the DL reasoner, Delimlters {prepositions, past participle verbs) correspond o
potential syntactic relations between the semantic chunks.

Example: if a proposition is botween two semantic chunks and it relates a noun to
it modifier, then we can cowbine the conceprnal descriptions of these chunks.

Hewristic rules were ostablished by a human expert(43 CLIPS rules), to identily

if ({MainChunkl} {Border} {SecChunk2})
and (Noun in MainChunk1) and (Modifier in SecChunk2}
then combine (sem(MainChunkl}, sem(SecChunk2))

A boundary is associated with several weighred rules (extracted from corpora) and
only the highest weighted rle is applicd.

3.3 Evaluation

We uge for tests small French corpora on heart sucgery (70000 words). newspaper
articles (300000 words), The sysiem is implemented in Java, in Perl and in CLIPS.
The NLP 1ools used for identilving terms and relations belween lerms were evali-
ated for acset of B0 documents about mountain accidents (o subsct of news corpus,
because the domain ontology is smaller and casier to be evaluated).

The semantic chunk identifier provides 61% of right annotations. The errors
are due mainly Lo POS tagging or to input errors (missing [ull stop, comma). The
Relevance Chunker module provides a set of 69% of correct annotations, because
it uses only some information about the term position in the sentence. This vesult
could he improved by adding more aunotation rules. Heuristie rules propose
new contbinations of primitive concepts, triggered by delimirers. Only 32% of the
resulting conceptual descriptions arve found cousistent with the donmain ontology by
vhe DL reasoncr. This modest resull is due mainly 1o saps of vhe outology, The
output of heuristic rules, depends highly on the content of the domain ontology. 1T
vhere are no role pavhs between the concopts, the new delinivion s rejected, The
DL reasoner identilies the correci delinitions as well ag wrong ones {(97% ol right
angwers]. CICLOP failures are due to some constraints in delining concepis (no
evclie definitions).
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4 Conclusion and Further Work

The papor preseuls a somantic-based approach for retrieving information [rom a
lited domain. The svsuemn inlegrates shallow NLI? vools for extracting the most
relevant Lerms. I uses a domain hierarchy (dynamically maintained with the help
of the DL reasoner), as well as of shallow syniactic knowledge, [or building repre-
senlations of texis and queries, The evaluaiion of the system [or large corpora, the
impact of granularity ontology to the precision ave still open problems.,
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