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Abstract

The growing availability of on-line textual sources and the potential number of applications of knowledge
acquisition approaches from textual data, such as Information Extraction (IE), has lead to an increase in
IE research. Some examples of these applications are the generation of data bases from documents, as well
as the acquisition of knowledge useful for emerging technologies like question answering and information
integration, among others related to text mining. However, one of the main drawbacks of the application
of IE refers to the intrinsic language and domain dependence. For the sake of reducing the high cost
of manually adapting IE applications to new domains and languages, different Machine Learning (ML)
techniques have been applied by the research community. This survey describes and compares the main
approaches to IE and the different ML techniques used to achieve adaptable IE technology, as of today.

Keywords: Information Extraction, Multilingual Information Extraction, Machine Learning for In-
formation Extraction.
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marginal. The reader may find more detailed
explanations about IR techniques in [Grefen-
stette, 1998; Strzalkowski, 1999; Baeza-Yates
and Ribeiro-Neto, 1999].

IE technology arose as a more in-depth under-
standing task. The extraction tasks are clearly
more difficult than the retrieval ones. While in
IR the answer to a query is simply a list of po-
tentially relevant documents, in IE the relevant
content of such documents has to be located and
extracted from the text. This relevant content,
represented in a specific format, can be integrated
within knowledge-based systems, as well as used
within IR to allow more accurate responses. Some
emerging technologies, such as Answer Finding
and Question Answering, try to overcome such
differences and take advantage from both IR and
IE techniques (



<color>-1 = "toasted yellow"
<color>-2 = "dark brown"

<circumstance>-1 = "when old"

<part>-1= "tubes"”

<part>-2= "stem"”

<color-state-1> = | color: <color>-2
cause:<circumstance>-1

<color-of-part>-1 = | part: <part>-1
color: <color>-1

<color—of-part>-2 = | part: <part>-1
color: <color>-2

Figure 1: Example of output templates extracted
by an IE system.

The general goal of MUC conferences was the
evaluation of IE systems developed by different
research groups in order to extract information
from restricted-domain free-style texts. A differ-
ent domain was selected for each conference. In
order to evaluate the systems and before provid-
ing the set of evaluation documents to be dealt
with, both a set of training documents and the
scenario of extraction were provided to the par-
ticipants by the MUC organization.

A brief description of MUC conferences will be
done in chronological order, as follows below.

MUC-1 (1987). It was basically exploratory.
In this first competition, neither extraction tasks
nor evaluation criteria were defined by organiz-
ers, although Naval Tacti



JV, and 9 for ME). The evaluation was done
by using the same MUC-4 measures, which were
named recall-precisi



of modules, and most of the architectures are cur-
rently in progress. In general, the combination of
such modules allows some of the following func-
tions in a higher or lower degree:

¢ Document preprocessing
e Full or partial syntactic parsing.

e Semantic interpretation, to generate either
a logical form or a partial template from a
parsed sentence.

¢ Discourse analysis, to link related semantic
interpretations between sentences. This is
done by means of coreference and anaphora
resolution and other kinds of semantic infer-
ences.

¢ Output template generation, to translate the
final interpretations into the desired format.

A brief description of each function is presented
below.

4.1 Document Preprocessing

The preprocessing of the documents can be
achieved by a variety of modules, such as the
following: text zoners (turning a text into a set
of text zones), segmenters, also named splitters

(
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Figure 2: Usual architecture of an IE system.

e Broad-coverage grammars, needed for full
parsing, are difficult to be consistently tuned.
Dealing with new domains, new specialized
syntactic constructs could occur in texts and
be unrecognized by broad-coverage gram-
mars. Adding new grammar rules could pro-
duce a non-consistent final grammar.

e A full parsing system cannot manage off-
vocabulary situations.

Nowadays, most existing IE systems are based on
partial parsing, in which non-overlapping parse
fragments, being phrasal constituents, are gen-
erated. Generally, the process of finding con-
stituents consists in using a cascade of one or
more parsing steps with fragments. The result-
ing constituents are tagged as noun, verb, or
prepositional phrases, among others. Sometimes,
these components are represented as chunks of
words, and the parsing process is named chunk-
ing®. However, they can also be represented as
parse subtrees.

Once constituents have been parsed, systems
resolve domain-specific dependencies between
them, generally by using the semantic restrictions
imposed by the scenario of extraction. Two dif-
ferent approaches are usually followed to resolve
such dependencies:

5In fact, the formal definition of chunk is a bit more
complex (c.f



tween entities as general relations (subject,
object and modifier), some specialized mod-
ifier relations (temporal and location) and
relations for arguments that are mediated
by prepositional phrases, among others. In
a way similar to dependency grammars, a
graph is built by following general rules of
interpretation for the grammatical relations.
Previously detected chunks are nodes within
such a graph, while relations between them
are labeled arcs.

4.3 Discourse Analysis

IE systems generally proceed by representing the
information extracted from a sentence either as
partially filled templates or as logical forms. Such
information can be incomplete due to the occur-
rence of ellipsis, and sometimes, it can refer to
the same entities in the presence of coreference,
anaphora. The main goal of the Discourse Anal-
ysis phase is the resolution of these semantic as-
pects. Systems working with partial templates
make use of some merging procedure for such a
task. However, working with logical forms allows
IE systems to use traditional semantic interpre-
tation procedures at this phase.

4.



system'”, and EMPOWER!®. Within this new
framework, the Document Understanding Con-
ferences (



scribed in [Gaizauskas et al., 1997], translingual
IE is based on the assumption that, when dealing
with a particular domain, it is possible to con-
struct a language-independent conceptual model
of the particular scenario of extraction (ie., a
language-independent domain model). This as-
sumption implies that a translingual IE system
requires:

e A different lexical analysis for each source
language. A separate lexicon for each pos-
sible language. Language-specific lexical in-
formation is represented separately from the
language-independent domain model. In this
representation, lexical items and language-
independent concepts are linked by many-to-
many relations.

e A different syntactic-semantic analysis for
each possible language. In the case of IE
systems in which such analysis is based on
pattern-matching (
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CONCEPT NODE

LINGUISTIC PATTERN
name: target-subject—passive—verb—bombe

<subject> passive-verb

e T PN o trigger: bombed
ST e __2s_---- - variables slots: (target (*S* 1))
TRAINING EXAMPLE .-~ .~ " 177~ constraints: (class phys—target *S*)
public buildingswere bombed and a car-bomb “~_  constantslots: (type bombing)
7 = enabling conditions: ((passive))

was detonated

s

<TARGET>

Figure 3: A concept node induced by AutoSlog.



erarchy until the resulting FP-structures cover all
the initial specific ones. The use of the semantic
hierarchy allows PALKA learn rules that are more
general than AutoSlog’s. However, no generaliza-
tions are made on trigger words.

Specific rules used by CRYSTAL are in the form
of concept nodes, but they consist of a set of fea-
tures related to the slot-fillers and the trigger.
Values for these features can be terms, heads, se-
mantic classes, syntactic functions (



eralization proceeds by creating disjunctive val-
ues, so LIEP rules cannot take into account miss-
ing values in the training corpus. As a conse-
quence, CRYSTAL rules are more expressive than
LIEP’s.

Some other approaches are based on general rela-
tional learning systems, and more specifically, on
Inductive Logic Programming (



speaker:-
some(?A, [], word, *unknown*)
every(capitalizedp, true)
length(=, 2))
some(?B, [], word, *unknown*)
some(?B, [prev_token], word, ":")

some(?A, [next_token], doubletonp, false)

every(quadruple_char_p,false)

/I Fragment F is a speaker if

/I F contains a token (A), and

Il every token in F is capitalized, and

/I F contains exactly 2 tokens, and

/I F contains another token (B), and

/I B is preceded by a colon, and

/I A'is not followed by a 2-char token, and
Il every token in F does not consists of

I/l exactly 4 alpha. characters, and

some(?B, [prev_token prev_token], word, "who")/ two tokens before B is the word "who"

Figure 5: A rule learned by SRV.

A supervised learning approach requiring less
manual effort than previous ones was AutoSlog-
TS [Riloff, 1996]. It was a new version of
AutoSlog, where the user only had to anno-
tate documents containing free text as relevant
or non-relevant before learning. Recent ap-
proaches learning from unannotated free text
are ESSENCE [Catala et al., 2000], and those
presented in [Basili et al., 2000], [Harabagiu
and Maijorano, 2000], [Riloff and Jones, 1999]
and [Yangarber and Grishman, 2000; Yangar-
ber, 2000]. In general, they require some initial
domain-specific knowledge (i.e., a few keywords
or initial hand-crafted rules) and/or some valida-
tions from the user to effective learning.

ESSENCE is based on inducing linguistic pat-
terns from a set of observations, instead of exam-
ples. These observations are automatically gen-
erated from unannotated training documents as
a keyword (



in [Riloff and Jones, 1999] and in the ExDISCO
system [Yangarber and Grishman, 2000; Yangar-
ber, 2000]. In the former work, some predefined
seed words for the semantic category of interest
are used by AutoSlog in order to learn an initial
set of rule candidates. These rules are applied to
unannotated corpora. The rule achieving best re-
sults is selected, and its extractions are added to
the set of relevant words related to the semantic
category for further bootstrapping.

On the contrary, in ExDISCO, a few seed rules
representing events of interest are initially hand-
crafted. Documents containing matches for seed
rules are retrieved, and taken as relevant docu-
ments. Matches are taken as specific rules, which
are ranked based on their frequencies in relevant
and non-relevant documents. The best specific
rule is automatically selected and added to the set
of seed rules, while those documents containing
the best rule are added to the relevant ones. At
each step, discovered specific rules are semanti-
cally generalized in a way similar to LIEP’s. The
process is repeated until no new relevant docu-
ments are found.

Learning approaches based on bootstrapping
could require to iteratively reject noisy extrac-
tions resulting from matching rules with docu-
ments.

6.2 Other ML Approaches

Although rule learning techniques have been the
most common ones used for IE, some other ML
techniques have also been applied, such as linear
separators, HMMs, Maximum Entropy models,
or a combination of different techniques.

6.2.



proaches for this purpose take a specific view of
the documents (e.g., HTML tags, typographic in-
formation, lexical information). This f
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ysis. Table 3 describes their characteristics from
the viewpoint of the methodology they use to per-
form extraction. The pros and contras of each
method have been commented in section 4. Table
4 describes the kind of knowledge representation
used by the selected IE systems. As shown in
this table, only a few of the systems take advan-
tage of ML techniques to automatically acquire
domain-specific knowledge useful for the extrac-
tion (CIRCUS, BADGER, PROTEUS, TURBIO
and SIFT). These IE systems are more easily
portable than the others. However, in the last
MUC competition (MUC-7), the best results in
IE tasks were achieved by IE2, which uses hand-
crafted knowledge.

8 Conclusion

Information Extraction is now a major research
area within the text-based intelligent systems dis-
cipline mainly thanks to two f
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