
Abstract

This paper presents a multi-domain information ex-
traction system. The overall architecture of the sys-
tem is detailed. A set of machine learning tools
helps the expert to explore the corpus and automati-
cally derive knowledge from this corpus. Thus, the
system allows the end-user to rapidly develop a local
ontology giving an accurate image of the content of
the text, so that the expert can elaborate new extrac-
tion templates. The system is finally evaluated using
classical indicators.1

Introduction
Information Extraction (IE) is a technology dedicated to
the extraction of structured information from texts. This
technique is used to highlight relevant sequences in the
original text or to fill pre-defined templates (Pazienza
1997). A well-known problem of such systems is the fact
that moving from one domain to another means re-
developing some resources, which is a boring and time-
consuming task (for example Riloff (1995) mentions a
1500 hours development).

Moreover, when information is often changing (think of
the analysis of a newswire for example), one might want to
elaborate new extraction templates. This task is rarely
addressed by the research studies in IE system adaptation,
but we noticed that it is not an obvious problem. People
are not aware of what they can expect from an IE system,
and most of the time they have no idea of how deriving a
template from a collection of texts can be.  On the other
hand, if they defined a template, the task cannot be per-
formed because they are waiting for information that is not
contained in the texts.

In order to decrease the time spent on the elaboration of
resources for the IE system and guide the end-user in a
new domain, we suggest to use a machine learning system
that helps defining new templates and associated re-
sources. This knowledge is automatically derived from the
text collection, in interaction with the end-user to rapidly
develop a local ontology giving an accurate image of the
content of the text. The experiment also aims at reaching a
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better coverage thanks to the generalization process pro-
vided by the machine learning system.

We will firstly present the overall system architecture
and principles. The learning system is then what allows the
learning of semantic knowledge to help define templates
for new domains. We will show to what extent it is possi-
ble to speed up the elaboration of resources without any
decrease in the quality of the system. We will finish with
some comments on this experiment and we will show how
domain-specific knowledge acquired by the learning sys-
tem such as the subcategorization frame of verbs could be
used to extract more precise information from texts.

Application Description
The architecture consists in a multi-agent platform.
Each agent performs a precise subtask of the informa-
tion extraction process. A supervisor controls the over-
all process and the information flow. The overall archi-
tecture is presented below.

Information Extraction System
The system can be divided into five parts: informa-

tion extraction from the structure of the text, the module
for named entity recognition (location, dates, etc), se-
mantic filters, modules for the extraction of specific
domain-dependent information and modules for the
filling of a result template.

• Some information is extracted from the structure of
the text. Given that the AFP newswire is formatted,
some wrappers automatically extract information about
the location and the date of the event. This non-
linguistic extraction increases the quality of the result
by providing 100% good results. It is also accurate
when one thinks of the current development of struc-
tured text (HTML, XML) via the web and other corpo-
rate networks.

• The second stage is concerned with the recognition of
relevant information by means of a linguistic analysis.
This stage allows a recognition of various named enti-
ties (person names, organizations, locations and dates)
of the text. New kinds of named entities can be defined
according to a new domain (for examples, gene names
to analyze a genome database). We use the finite-state
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toolbox Intex to design dictionaries and automata (Sil-
berztein 1993).

Figure 2: The named entity recognizer

• The third stage performs text categorization from the
seek of “semantic signatures” automatically produced
from a rough semantic analysis of the text. We use an
external industrial system implementing a vector space
model to categorize texts (the Intuition™ system from
the French company Sinequa, cf. Salton (1988)).

•  The fourth stage extracts specific information (most
of time, specific relationships between named entities).
It can be for example the number of victims of a terror-
ist event. This step is achieved in applying a grammar
of transducers (extraction patterns) over the text.

•  The next stage links all these information together to
produce one or several result template(s) that present(s) a
synthetic view of the information extracted from the text.
The template corresponding to the text is chosen among
the set of all templates, according to the identified category
of the text (registered by the system at the third analysis
step). A specific template is produced only if some main
slots are filled (the system distinguished among obligatory
and optional slots). Partial templates produced by different

sentences are merged to produce only one template per
text. This merging is done under constraints on what can
be unified or not. The results are then stored in a database,
which exhibit knowledge extracted from the corpus.

The architecture exhibits, outside from the information
extraction system in itself, a machine learning module that
can help the end-user produce resources for information
extraction. The end-user who wants to define a new ex-
traction template has to process a representative set of
documents in the learning module to obtain an ontology
and some rough resources for the domain he wants to
cover. The acquisition module is presented in the next
section.

Template Creation Module
The system can be divided into three main parts:

1. A machine learning engine used to produce seman-
tic clusters from the corpus. These clusters are
weighted and are intended to give to the expert a
rough idea of the topic addressed in the text;

2. A system to help the creation of extraction template
once the relevant topic of the corpus have been
identified;

3. The information extraction system in itself, that will
use the resources defined at the previous stage to
fill the templates.

Figure 3 gives an overview of the overall architecture.
The corpus is processed by the machine learning system
(1), in order to produce semantic clusters organized in a
superficial ontology. The template creation module (2)
helps the expert define his own extraction template from
the ontology. The lower part of the schema describes
the information extraction system in itself (3), process-
ing a text to fill the extraction template.
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Figure 1: The information extraction system architecture



Figure 3: Architecture of the system

Apart from the information extraction system, the machine
learning module is intended to help the end-user produce
the extraction template. A representative set of documents
has to be processed by the learning module to obtain an
ontology and some rough resources for the domain he
wants to cover. The resources have to be manually com-
pleted to obtain a good coverage of the domain.

Uses of AI Technology: Extraction of
Semantic Clusters from Lexical Re-

sources
A mainly automatic method has been elaborated to com-
bine knowledge contained in on-line resources and statisti-
cal data obtained from the training corpus of the chosen
domain. This method is implemented through the Lexi-
conTuner, which was initially developed for French but
can be used for any language if correct resources are pro-
vided.

Semantic clusters – that is to say clusters of semantically
related words – can be acquired from on-line resources
including dictionaries, thesauri and taxonomies (Véronis

and Ide 1990) (Wilks et al, 1995), (Aguirre and Rigau
1996). Dictionaries model the meanings of lexical items
using textual definitions. Textual definitions are written in
natural language and the full information encoded in these
definitions can't be extracted easily. However, partial in-
formation, which can be used as semantic clusters, can be
extracted from the definitions relatively easily. The
method is inspired from (Luk 1995) and described in de-
tails in (Ecran 1996), (Poibeau 1999) and (Poibeau 2001).

The idea of building networks from definitions was first
proposed by Véronis and Ide (1990), along with a propa-
gation technique for computing clusters of related words.
Many authors have proposed techniques for deriving some
kind of clusters or associations of concepts from graphs of
concepts, among others transitive closures and computa-
tion of graph “cliques”, simulated annealing, etc. In our
approach, the content words in the definitions of a word
sense are used as component concepts of the word sense
(Luk 1995), that is to say that a concept is a lexical item
considered as a member of a semantic cluster.

In the LexiconTuner, the generation of the clusters is
carried out in two steps. Firstly, the list of all the concepts
occurring in the corpus is generated. For each word in the
corpus, the program looks for its textual definition(s) in the
lexicon. The words in the definitions are treated as con-
cepts and are recorded. This step allows us to go from a
French word (e.g. opéra) to some concepts labeled with
English words (dramatic, performance, composition,
music), by means of a bilingual dictionary (opera being
defined as a "dramatic performance or composition of
which music is an essential part").

Secondly, semantic clusters are generated by clustering
related concepts in the list. The program uses a semantic
net as its semantic knowledge source to determine the
semantic relatedness between the concepts. The net is

Figure 4: The LexiconTuner architecture



derived from the Oxford Advanced Learner's Dictionary
(OALD). Each node represents a word, and for any two
words w1 and w2, w1 is linked to w2 if w2 appears in the
definitions of w1 in OALD (music will be linked to compo-
sition if music appears in the definition of composition).
The link from w1 to w2 is weighted inversely proportion-
ally to the product of the number of senses of w1 as de-
fined in OALD and the number of words in the definition
of w1 that contains w2. The clusters are formed in 3 steps:   

•  Circles that share one or more nodes are merged.
Thus, (opera, performance, dramatic) and (dra-
matic, composition, music) are merged into a single
set (opera, performance, dramatic, composition,
music). This is called a "core cluster".

•  Lastly, peripheral words (words which are part of a
circle which length is inferior to the user-defined
number) are related to the core cluster. If two words
like dramatic and comic are related, then comic will
be added to the cluster, being related to dramatic.

• Every circle in the semantic net which length is equal
to a user-defined number is identified. For example,
if the number is 3, the system will generate all the
sets consisting of three related words according to
the dictionary definition. For opera, the following
associations will be considered: (opera, perform-
ance, dramatic) and (dramatic, composition, mu-
sic).

Figure 5: A cluster generated by the LexiconTuner

Lastly, the membership of a cluster is "weighed". The
weight of a core member is considered as the inverse of the
number of senses of the word as defined in OALD. The
weight of a non-core member is considered as the mean of
the weights of the core members of the cluster to which it
is related. Then, semantic clusters can capture notions

appearing in texts independently from the lexical items
expressing these notions.

Template Design
Semantic classes produced by the LexiconTuner are pro-
posed to the end-user, who chooses which clusters are of
interest to him. Once he has chosen one cluster, the system
automatically proposes him an interface to refine the clus-
ter, aggregate a part of the closest clusters and develop a
hierarchy. This hierarchy can be assimilated to a local
ontology, describing a part of the world knowledge related
to the event of interest for the end-user.

Figure 6: From corpus to template, through the ontology…

The semantic clusters produced by the LexiconTuner
give to the expert a rough idea of the topics addressed in
the corpus. The expert has to navigate among these clus-
ters to select relevant topics and establish a candidate tem-
plate. The chosen topics has to be named and to be associ-
ated with a slot in the template. The system automatically
generates the corresponding information into the database:
the creation of a new template leads to the creation of a
new table and each new slot in the template corresponds to
a new column in the table. This technical part of the tem-
plate creation process can be compared to the Tabula Rasa
toolkit developed at New Mexico State University to help
end-users define their own templates (Ogden and Bernick
1997).

Figure 7: A specific template

The evaluation of the template creation task is not obvi-
ous since it necessitates domain knowledge and text ma-



nipulation from the experts. No clear reference can be
established. The only way to evaluate the contribution of
the semantic clusters is to ask the expert firstly to manually
elaborate templates from a corpus and secondly to do it
with the help of the Lexicontuner.
The expert we worked with made the following comments:

•  The semantic clusters produced by the Lexicon-
Tuner give an appropriate idea of the overall topic
addressed by the texts.

•  These clusters help the elaboration of templates
and allows to focus on some part of information
without reading large part of texts.

•  However, the elaboration of the template itself
remains largely dependant of the domain knowledge
of the expert because (a) he knows what kind of in-
formation he wants to find in relation with a given
topic and (b) the clusters are too coarse-grain to di-
rectly correspond to slots.

When the template corresponds to an event, the informa-
tion to be found generally refers to classical wh-questions:
who, what, where and when. Some additional slots can be
added but most of the time they correspond to classical
associations of ideas. For example, if one wants to extract
information about football matches, he will immediately
create a slot corresponding to the score of the match. How-
ever, this comment is due to the fact that the system is
analyzing news stories, for which one can associate
stereotypic reduced templates (sometimes called templettes
in the IE community).

We observed that the template creation task is frequently
a problem in more technical domains for which no clear a
priori schema exists. In this experiment, the LexiconTuner
can be seen as a tool to explore the corpus and give a
rough idea of tentative templates rather than a tool de-
signed to help the creation of the content of the templates
themselves. However, the LexiconTuner results is also
useful  for the creation of the resources of the system (next
section).

Experiment Description and Evaluation
We asked an expert to define a new template and the asso-
ciated resources, using the tools we presented above. We
chose the terrorist event domain from the AFP newswire,
because it is a well-established task since the MUC-4 and
MUC-5 conferences. Moreover, similar experiments has
been previously done that give a good  point of reference
(see Poibeau (1999) and Faure and Poibeau (2000)).

Homogeneous semantic clusters learned by the Lexi-
conTuner are refined: a manual work of the expert is nec-
essary to exploit semantic classes (merging of scattered
classes, deletion of irrelevant elements, addition of new
elements, etc.). About five hours have been dedicated,
after the acquisition process, to the refinement of data
furnished by LexiconTuner. Merging and structuring

classes incrementally develop a local ontology, which
nodes are related to slots in the extraction template. This
knowledge is also considered as a resource for the finite-
state system and is exploited either as dictionaries or as
transducers, according to the nature of the information. If it
is a general information that is not domain specific, the
development guidelines advise the user to use dictionaries
that can be reused, otherwise, he designs a transducer.

Figure 8: a part of the “weapon” automaton

The elaboration of linguistic knowledge, from clusters
produced by the LexiconTuner, to the design of the Intex
resources, spent about 15 hours. This duration has to be
compared with the two weeks (about 80 hours) needed for
the manual resources development for a previous experi-
ment on the same subject.

A hundred texts have been used as "training corpus" and
a hundred different texts have been used as "test corpus".
Texts are first parsed with our system, and then some heu-
ristics allow to fill the extraction template: the first occur-
rence of a number of victims or injured persons is stored.
If a text deals with more than one terrorist event, we as-
sume that only the first one is relevant. Thanks to the na-
ture of the channel, very few texts deal with more than one
event.

Our results have been evaluated by two human experts
who did not follow our experiment. Let Pos be the total
number of good answers and Act the number of solutions
proposed by the system. Our performance indicators are
defined as:

• (Ok) if extracted information is correct;

•  (False) if extracted information is incorrect or not
filled;

•  (None) if there were no extracted information and no
information has to be extracted.

Using these indicators, we compute two different values
for each slot:

• Precision  (Prec) is defined as Ok/Pos.

• Recall (Rec) is defined as Ok/(Act).



Slot name Precision Recall P&R
Event date .95 .96 .95
Event location .88 .92 .90
Nb of killed people .83 .73 .77
Nb of injured people .80 .69 .74
Weapon .85 .82 .83
Total .86 .82 .83

The performances are good according to the state-of-the-
art and to the time spent on resource development. How-
ever, we can analyze the remaining errors as follows:

The date of the story is nearly fully correct because the
wrapper uses the formatted structure of the article to ex-
tract it. The errors for the location slot are due to two
“contradictory” locations found by the system. A more
complete linguistic analysis or a database providing lists of
cities in different countries would reduce this kind of er-
rors. The errors in the number of dead or injured persons
slot are frequently due to silence: for example the system
fails against too complex syntactic forms. The silence for
the weapon slot is frequently due to incompleteness of
semantic dictionaries.

Conclusion and Future Work
The experiment that has been described is based on an
external knowledge base derived from a dictionary. It is
thus different from (Faure and Poibeau 2000) which tries
to acquire knowledge directly from the text. The use of an
external database allows to work on middle-size corpora
that are not as redundant as technical texts. We also think
that using a general dictionary is interesting when dealing
with general texts like a newswire. Clusters contain words
that were not contained in the training part of the corpus,
allowing a better coverage  of the final result.

The multi-domain extraction system is currently running
in real time, on the AFP newswire. About 15 templates
have been defined that cover about 30% of the stories.
From the remaining 70%, the system only extract surface
information, especially thanks to the wrappers. The per-
formances are between .55 and .85 P&R, if we do not take
into account the date and location slots that are filled by
means of wrappers. New extraction templates are defined
to prove system scalability (about one new template per
week). We hope to reach the number 50 templates towards
summer 2001.
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