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Relational learning is the problem of learning structured con
cept definitions from structured examples. Relational repre
sentations use a first-order model to describe the problem d&
main and examples are given to the learner in terms of objec
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Abstract

This paper develops a new paradigm for relational
learning which allows for the representation and
learning of relational information using proposi-
tional means. This paradigm suggests different
tradeoffs than those in the traditional approach to
this problem — the ILP approach — and as a result
it enjoys several significant advantages over it. In
particular, the new paradigm is more flexible and
allows the use of any propositional algorithm, in-
cluding probabilistic algorithms, within it.

We evaluate the new approach on an important
and relation-intensive task - Information Extraction
- and show that it outperforms existing methods
while being orders of magnitude more efficient.

Introduction

and object relations rather than by simple propositions.

In a variety of Al problems such as natural language un

}@uiuc.edu

ILP methods could allow induction over relational structures
and unbounded data structures, theoretical and practical con-
siderations render the use of unrestricted ILP methods impos-
sible. Studies in ILP suggest that unless the rule representa-
tion is severely restricted the learning problem is intractable.
While there are several successful heuristics for learning ILP
programs, there are many practical difficulties with the in-
flexibility, brittleness and inefficient “generic” ILP systems.

In most cases, researchers had to develop their own, problem
specific, ILP system§Mooney, 1997 but have not always
escaped problems such as search control and inefficiency -
especially in large scale domains like NLP.

This paper develops a different paradigm for relational
learning that allows the use of general purpose and efficient
propositional algorithms, but nevertheless learns relational
representations. Our paradigm takes a fresh look at some
of the restrictions ILP systems must make in order to work
in practice and suggests alternatives to these; as a result,
it enjoys several significant advantages over traditional ap-
proaches. In particular, the new paradigm is more flexible and
llows the use of any propositional algorithm, including prob-
bilistic algorithms, within it. It maintains the advantages of
P approaches while allowing more efficient learning, im-
proved expressivity and robustness.

derstanding related tasks, visual interpretation and planning, At the center of our paradigm is a knowledge representa-
given a collection of objects along with some relations thattion language that allows one to efficiently represent and eval-
hold among them, the fundamental problem is to learn definiuate rich relational structures using propositional representa-
tions for some relations or concepts of interest in terms of theions. This allows us to learn using propositional algorithms
given relations. Examples include the problem of identifyingbut results in relational concepts descriptions as outcome.
noun phrases in a sentence in terms of the information in the
sentence, detecting faces in an image or defining a policy thfﬁ)
maps states and goals to actions in a planning situation. |

many of these cases it is natural to represent and learn co ional learning methods are especially appealing for learnin
cepts relationally; propositional representations might be to 9 P y app 9 9

large, could lose much of the inherent domain structure angotrt"isndtﬁ;n?j'grﬁg}ge(\?vﬂthr}r:haentgrggfocs()sngﬁgfﬁ:ﬂg‘%gﬁ%ﬁ'
consequently might not generalize well. In recent years, thi

realization has renewed the interest in studying relational rep‘[ﬁleatlleogr?\li.nW?:(?rivilr?Fe)natmo:‘Eoi)r/Ssteg:el?SggfensOlhjsrep?);ag?ergi
resentations and learning. 9 P Y

Inductive Logic Programming (ILP) is an active subfield ture efficient learning algorithm that is especially suitable for

of machine learning that addresses relational learning and e nature of our paradigm. However, we show that stan-

anatural approach to apply to these tasks. While, in principle! ard Iear_ning algorithms_like naive Bayes also work well with
' it. Experimental comparisons show that our approach outper-

“Research supported by NSF grants 11S-9801638 and lISforms several ILP-based systems tried on this tasks, sometime
0085836 and an ONR MURI Award. significantly, while being orders of magnitude more efficient.

This paper evaluates the new paradigm in the domain of In-
rmation Extraction (IE). This is the NLP task of extracting
pecific types or relevant items from unrestricted text. Rela-
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2 Propositional Relational Representations - “I + n ' n m ;

In this section we present a knowledge representation lan-
guage that has two components: (1) a subset of first order
logic (FOL) and (2) a collection of structures (graphs) defined Figure 1: A fragment of an article

over elements in the domain.

The relational languag® is a restricted (function free)
first order language for representing knowledge with respecgould be more complex and represent, say, a parse tree over
to a domairD. The restrictions ofR are applied by limiting @ Sentence.
the formulae allowed in the language to a collection of formu-  The notion of types is used as a way to classify elements
lae that can be evaluated very efficiently on given instancei the language according to their properties. In particular,
(interpretations). This is done by (1) defining primitive for- we will think also of predicates as typed in the sense that
mulae with limited scope of the quantifiers (Def. 2.1). (2) their domain is typed. We distinguish within the 3&two
General formulae are defined inductively in terms of prim-main types; a se® C V of objectsand a setd C V of
itive formulae in a restricted way that depends on the relaattributes Correspondingly, we define types of predicates.
tional structures in the domain. The emphasis is on localityType 1 predicates take as their first argument an element in
with respect to these relational structures that are represent@ and as their second argument an elementlin Type 1
as graphs over the domain elements. predicates describe properties of element®jrthusp(o, a)

This language allows the encoding of first order represenmay also be written as(o) = a, with the semantics that in a
tations and relational structures as propositions and thus sugiven interpretationp(o, a) holds. All other predicate types
ports the use of better learning algorithms, including genwill have elements ir© as their arguments. These predicates
eral purpose propositional algorithms and probabilistic algowill be defined via elements i@, and will haveg € G as their
rithms over the elements of the language. This approach exype. Specificallyp, (o1, 02) indicates thab, , o, are nodes in
tends previous related constructions from I[LRvracet al,  the graphy € G and there is an edge inbetween them.

1991; Khardoret al,, 1999 but technically is more related  Elements inO represent objects in the world. For exam-
to the latter. In the rest of this section we present the maimle, in NLP applications such as ours these might be words,
constructs of the language. We omit many of the standar@hrases, sentences or documents. Predicates ofltyjee
definitions and concentrates on the unique characteristics &fribe properties of these elements — spelling of a word, syn-

R. See, e.glLloyd, 1987 for general details. tactic tag of a word, a phrase type, etc. The graphs de-
The vocabulary’> consists of constants, variables, predi- scribe relations between (sets of) objects — woyds before
cate symbols, quantifiers, and connectives. we, wi 1S the subjectof the verbws, etc. (It is possible to

Definition 2.1 A primitive formula is defined inductively: (1) 9eneralizeg to a collection of hypoergraphs, but this is not
A term is either a variable or a constant. (2) Let p be a k-aryneeded in the current application.) As usual, the “world” in
predicatet, - - , tj, terms. Them(t1,---,t5) is an atomic ~ Which we interpret the aforementioned constructs could be a
formula. (3) Let F be an atomic formula, and z be a variable.Single sentence, a document, etc.

Then(VzF') and (3zF') are atomic formulae. (4) An atomic Definition 2.3 Aninstances an interpretatiofiLloyd, 1987
formula is a primitive formula. (5) If F and G are primitive which lists a set of domain elements and the truth values of
formulae, then so aré-F), (F A G), (F V G). all instantiations of the predicates on them.

Notice that for primitive formulae irR thescopeof a quan-  Given an instance, a formulaF in R is given a unique truth
tifier is always the unique predicate that occurs with it invalue,the value off’ on z, defined inductively using the truth
the atomic formula. We call a variable-less atomic formulavalues of the predicates iR and the semantics of the con-
a propositionand a quantified atomic formula, quantified  nectives. Since for primitive formulae iR the scope of a
proposition[Khardonet al, 1999. The informal semantics quantifier is always the unique predicate that occurs with it

of the quantifiers and connectives is as usual. in the atomic formula, we have the following properties. It
Before we move on to extend the languaeve discuss  will be clear that the way we extend the language (Sec. 2.1)
the domain and the notion of an instance. maintains this properties (proofs omitted).

Definition 2.2 (Domain) The languageR is defined over a Proposition 2.1 Let F' be a formula inR, let z be an in-
domainD which consists of atructured elemen) = (V,G)  stance, and let, be the time to evaluate the truth value of an
whereV is a collection of typed elements agdis a set of atomp in F. Then, the value af" on z can be evaluated in
partial orders overV (specifically, each partial ordeg; € G time Zpe 7l

is an acyclic graph(V;, E;), whereV; C V and E; is a set  Tpat s,  is evaluated simply by evaluating each of its atoms
of edges or;). Along with it, for each constant there is an (ground or quantified) separately. This holds, similarly, for
assignment of an elementinand for each k-ary predicate, he following version of subsumption for formulaef

an assignment of a mapping frokt to {0,1} ({true, fals). Proposition 2.2 (subsumption) Letz be an instance and let

Example 2.1 The fragment in Fig. 1 forms a domaih =  f : {0,1}" — {0,1} be a Boolean function of variables
(V,G), whereV consists wordSTIME, :, 3,;, 30, pm and thatcan be evaluated in tint¢. Then the value of the clause
the phrase3 : 30 pmand G consists of two linked lists (de- f(F1,...f5) onz can be evaluated in timey + > 5 tr,
noted in the solid line and the dashed line). In gengral Where the sum is over ail formulae that are arguments ¢t

1258 NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



2.1 Relation Generation Functions e Theis-asensor, outputs the semantic class of a word.

The definition of the general formulae allowed7will be e Thetagsensor, outputs the part-of-speech tag of a word

operational and will use the structuresinTo do that we in- 0\ and len sensors derive information directly from
troduce a mechanism that generates more expressive form{'ﬁe raw data. while thés-a sensor uses external informa-

lae in a way that respects the structures in the domain, thLﬁSon sources such as WordNet and tag sensor uses a pre-
restricting the formulae generated. learned part-of-speech tagger

\?;Eg'ti'r?; 2It4| sél]::?irv n;lijr!axlriﬁtnr;iggiritnhlr\]/ilir;tcfj:acm?ttrv\tlg Several mechanisms are used in the relational calculus to de-

denote by'/X the set of all instances — thiastance spéceA fine the operations of RGFs. We mention here onlyfthe

formulaF € R is thus arelationover X, F : X — {0,1} cusmechan_|sm WhIC|"].IS actuallytandingmechanism that is
S el used to define quantified formulaefi

Example 2.2 Let instancexz be the fragment illustrated

wofci((b;jlénosln%%%;%tgge relations in are word(TIME), RGFr is focusecjon E if, given an in;taqc&, it generates
' ' only formulae in its range that are active indue to elements

Given an instance, we would like to know what are the relain E. The focused RGF is denote{d].

tions (formulae) that aractivein it. We would like to do that, There are several wavs to define a focus set. It can be done

though, without the need to write down explicitly all possible licitl ina th yt turg. The f Y valent

formulae in the domain. This is important, in particular, over EXPIICILly Orusing the Structurg. The 1ocus set s equivaien

infinite domains or in problems domains such as NLP, Wheré0 frhhzf:ggggggﬂejéﬂIEsogllrgvsgegﬁgtg'?nn dslictivel enerate
inactive relations vastly outnumber active relations. Y9

o i new RGFs by applying connective and quantifiers over ex-
Definition 2.5 Let X be an enumerable collection of rela- jsting RGFs. Using the standard connectives one can define
tions onX. A relation generation function (RGF) is a map- RGFs that output formulae of the type defined in Def 2.1.
ping G : X — 2% that mapsr € X to a set of all elements  petails will not be given here. Instead, we describe only one
in X' that satisfyx(z) = 1. If there is noy € X for which  jmportant type of operations within the relational calculus —
x(x) =1,G(z) = ¢. structural operations. These operations exploit the structural
RGFs can be thought of as a way to define “kinds” of formu-(relational) properties of the domain as expressed in or-

lae, or to parameterize over a large space of formulae. Onigler to define RGFs. Thus, more general formulae, that can
when an instance is presented, a concrete formula (or a col- have interactions between variables, are generated, while still
lection of) is generated. An RGF can be thought of as havingllowing for efficient evaluation and subsumption, due to the
its own rangeX of relations. graph structure. For example, the structural collocation oper-
ator, colloc, with respect tg; is defined as follows.

Definition 2.7 Let E be a set of elements in the domain. An

Example 2.3 It is impossible to list all formulae that use the T
numberpredicate in advance. However, RGF can specifyDefinition 2.8 Let sy,ss,...s, be RGFs for R.

formulae of this kind and, given the instarE®ME : 3 : collocy(s1,52,...s;) IS a restricted conjunctive opera-
30 pm, only the active relations of this kindtumbe(3) and  tor that is evaluated on a chain of lengthin g. Specifically,
numbe(30) — are generated. letD = (V,G) be a domain, witly € G, andvy, va, ... v, @

chain ing. The formulae generated layllocy(s1, s2, . . . sk)
are those generated by, [v1]&sa[va]& . .. &si[vk], where
I(1) by s;[v;] we mean that the RG¥; is focused o{v; } (2)
éhe& operator means that formulae in the output(e&r)
are active formulae of the fornk’AG, where F' is in the

In order to define the collection of formulae®we define
the family of RGFs forR; the output of these define the for-
mulae inR. RGFs are defined inductively using a relational
calculus. The alphabet of this calculus consists of (i) basi

RGFs, calledsensorsaand (ii) a set of connectives. While the range ofs and G is in the range of- (evaluated o). This

connectives are the same for every alphabeséresors/ary is needed since each RGF in the conjunction may produce
from domain to domain. A sensor is a way to encode ba- I yp
ore then one formulae.

sic information one can extract from an instance. It can alsd"
be used as a uniform way to incorporate external knowledg&xample 2.5 When applied with respect to the graph
sources that aid in extracting information from an instance. which represents the linear structure of the sentenegoc,
Definition 2.6 A sensois a relation generation function that SIMPly generates formulae that corresponds to ngrams. E.g.,

maps an instance into a set of atomic formulae iR. When givedn the fragnr;lenbt_ “Dr Johg Smith”,dRGrl]éolloc(worc(jj,
evaluated on an instancea sensors outputs all atomic for-  Word) extracts the bigramgvord(Dr)-word(John) an

mulae in its range which aractive word(John)-word(Smith)
Example 2.4 Following are some sensors that are commonly Similarly to colloc, one can define aparsecollocation
used in NLP. operator with respect to a chain in This is also a re-
. stricted conjunctive operator that is evaluated on a chain in
* Thewordsensor over word elements, which outputs ac-; yith the following difference. Formulae are generated
tive r6|atlonsword(T“|ME)' word(), WO’I‘,d(3), word(30), by scollocy(s1,s2,...s;) as follows: Letvq,vs,...v, be
andword(pm) from “TIME : 3 : 30 pm”. a chain ing. For each subset;,, v;,,...v;, of elements
e Thelengthsensor over phrase elements, which outputsn v, such thati; < 4 whenj < [, all the formulas:
active relationden(4) from “3 : 30 pm”. s1lviy | &sa[vi,|& . . &s v, ], are generated.
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Notice that while primitive formulae irR have a single work in [Lavracet al, 1991 only that our structural opera-
predicate in their scope, the structural properties provides ions allow us to avoid some of the determinacy problems of
way to go beyond that but only in a restricted way that isthat approach.
efficiently evaluated. Structural operations allow us to dedearning: The relational features generated by our RGFs
fine RGFs that constrain formulae evaluated on different obprovide a uniform domain for different learning algorithms.
jects without incurring the cost usually associated with en-Applying different algorithms is easy and straightforward.
larging the scope of free variables. This is done by enlargMoreover, it is straightforward to use probabilistic models
ing the scope only as required by the structure of the doever this representation and in this way it provides a natu-
main, modeled by;. This allows for efficient evaluation as ral and general way of using relational representations within
in Prop. 2.1, 2.2 with the only additional cost being that ofa probabilistic framework. On the other hand, it turns out that

finding chain in the graph (details omitted). “generic” ILP methods suffer brittleness and inefficiency and
in many cases, researchers had to develop their own, problem
3 Comparison to ILP Methods specific, ILP systemEMooney, 1997.

In particular, while time complexity is a significant prob-

Propositional learning on relational features provides a diffem for ILP methods, propositional learning is typically a lot
ferent paradigm for relational learning. While, in principle, more efficient. In our paradigm, due to the fact that our RGFs
ILP methods could allow induction over relational structureswill generate a very large number of relational features (see
and unbounded data structures and their expressivity cansearch” above) we adopt a specific learning methodology,
not be matched by propositional methods, theoretical angbllowing [Khardonet al, 1999. While this is not necessary
practical considerations render the use of unrestricted ILRas shown in Sec. 5) we discuss this direction next.
methods impossible. Studies in ILP suggest that, unless thexpressivity (Il): Several issues can be mentioned in
rule representation is severely restricted, the learning probthe context of using linear threshold functions as concept
lem is intractableKietz and Dzeroski, 1994; Cohen, 1995; representation over the relational features extracted using
Cohen and Page, 1905 Several successful heuristics for RGFs [Khardon et al, 1999. Advocates of ILP meth-
learning ILP programgMuggleton and De Raedt, 1994; ods suggest that the rich expressive power of FOL provides
Cussens, 1997; Quinlan, 199@ave made different algorith- advantages for knowledge-intensive problems such as NLP
mic and representational restrictions in order to facilitate ILP[Mooney, 1997. However, given strong intractability results,
although there are still many practical difficulties with the in- practical systems apply many representational restrictions. In
flexibility, brittleness and inefficient “generic” ILP systems. particular, the depth of the clauses (the number of predicates

Our approach offers different tradeoffs than those sugin each clause) is severely restricted. Thus, the learned con-
gested by the common restrictions made by current ILP syseept is actually a&-DNF, for smallk. In our paradigm, the
tems. While we cannot say that our paradigm dominates theonstructs ofcolloc and scolloc allow us to generate rela-
traditional ILP approach in general, we believe that in manytional features which are conjunctions of predicates and are
cases the alternatives it offers provide a better way to addresius similar to a clause in the output representation of an ILP
relational learning, especially in large scale domains such asrogram. While an ILP program represents a disjunction over
NLP. Below we address some key issues that could help ithese, a linear threshold function over these relational features
developing a better understanding to the suitability of each. is more expressive. In this way, it may allow learning smaller
Search: The key difference between the traditional ILP ap- programs. The following example illustrates the representa-
proach and ours is the way they structure the search spadgonal issues:
In ILP, “features” are generated as part of the search proce-
dure in an attempt to find good bindings. In our case, th )
“features” tried by an ILP program during its search are gen_ments, fragments that represesgieaker —have the pattern:
erated up front (in a data driven way) by the RGFs. Some of Speaker : Dr FName LNanime-feed. - -
these are grounded and some have free variables in them. The/\1 ILP rule for extractingspeaker ~ could then be:
learning algorithm will look at all of them *in parallel” and Peforetarg(2, “Speaker”) A contains(target, “Dr) A aftertarg(l,
find the best representation. Search control methods used #jje-feed — speaker (target) .
ILP methods are thus analogous to the expressivity we give tohat i, the second word before the target phrase is
our RGFs. The order of “visiting” these features is different. .>P€aker”, target phrase contains word "Dr”, and the “line-

Knowledge: One of the key cited advantages of ILP meth- fged” character is right after the target phrz_ase. In our rela-
tional feature space all the elements of this rule (and many

ods is the ability to incorporate background knowledge. In h Id be feat but the ab “unction is al
our paradigm, this is incorporated flexibly using the notion of° ers) would be features, ut the above conjunction IS also
a feature. Therefore a collection of clauses of this form be-

sensors Sensors allow us to treat information that is readily . o :

available in the input, external information or even previouslyco.m.es a dlsluncuqn in our feature space and will be learned
learned concepts in a uniform way. efficiently using a linear threshold element.

Expressivity(l): The basic building blocks of the representa- Finally, we mention that for learning linear threshold el-
tions we use (our formulae) are the same as those used by Iléents there exist feature efficient algorithfh#tlestone,
representations. As presented in Sec. 2, for a predi¢caied 1989 that are suitable for learning in NLP-like domains,
elementsa, b we are not representing only the ground termwhere the number of potential features is very large, but only
R(a,b) butalsoR(X,Y), R(X,b), etc. This is similar to the a few of them are active in each example, and only a small

xample 3.1 Assume that in several seminar announce-
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fraction of them are relevant to the target concept. in the document. Our RGFs are defined to extract fea-
tures from three regions: left window;(.,,---,t;_1), tar-
4 Case Study — Information Extraction get fragment(;, - - -, ¢;), and right window {1, -+ -, tj4w),
] ) . _ wherew is the window size.
Information Extraction (IE) is a natural language processing The domain formed by these three regions contains two
(NLP) task that processes unrestricted text and attempts @pes of elements — word elements (etg..., - - - ,tj+w) and
extract specific types of items from the text. one phrase element (the target region). The RGFs are focused
_This form of shallow text processing has attracted conither on a specific word element (one free variable) or on the
siderable attention recently with the growing need to intel-horders of the phrase element (two free variables) and define

ligently process the huge amounts of information availablee|ational features relative to these. In the next section we
in the form of text documents. While learning methods haveyrovide examples of RGFs used in experiments.

been used earlier to aid in parts of an IE sysi&itoff, 1993;
Soderland and Lehnert, 1994t has been argued quite con- 4.3 Two-stage Architecture

vincingly [Califf and Mooney, 1999; Craven and Slattery, o examples are generated, the IE task is accomplished by
2001] that relational methods are necessary in order to IeanRNo learning stages. The same classifier, SNoW, is used in

how to directly extract the desired items from documents oth stages, but in a slightly different way.
The reason is that the target concepts require the represen a‘SNoW[R(')th 1998 Carlesoat al 1999.is a multi-class
tion of relations over the source document and learning thosglassifier that is specifically tailored for large scale learning

might require induction over structured examples and FOLIasks. The SNoW learning architecture learns a sparse net-

representations. Indeed, previous wdiksliff and Mooney, . . . .
; ; work of linear functions, in which the targets (fragment types,
1999; Freitag, 2000have demonstrated the success of II‘Pin this case) are represented as linear functions over a com-

methods in this domain. This is therefore an ideal domain t%on feature space. SNoW has already been used successfully

study our proposed relational learning paradigm. for a[lvariety of tasks in natural language ang visual process-
P ing [Golding and Roth, 1999; Rotét al, 200d. SNoW is
4.1 Problem Description bugilt ona fegature efficient learning algorithm, Winndtit-
In this paper, the IE task is defined as locating specific fragtiestone, 198Band therefore is an ideal learning approach to
ments of an article according to predefined slots in a temgomplement our paradigm, as discussed before. While SNoW
plate. Each article is a plaln-_t_ext document that CO_nSIStS O&an be used as a classifier and predicts using a winner-take-
a sequence of tokens. Specifically, the data used in expergl mechanism over the activation values of the target classes,
ments is a set 085 seminar announcements from CMU here we rely directly on the activation value it outputs, com-
The goal is to extract four types of fragments from each artipyted using a sigmoid function over the linear sum. The nor-
cle? — those describing the start timgtine ) and end time  malized activation value can be shown to be a distribution
(etime ) of the seminar, its locatioridcation ) and the  function and we rely heavily on it's robustness in our two-
seminar's speakespeaker ). Given an article, our system stage architecture. The two stages are (1) Filtering: reduce
picks at most one fragment for one slot. If this fragment repthe amount of candidates from all possible fragments to a
resents the slot, then it is a correct prediction. Otherwise, it |%ma|| number, and (2) C|assifying: p|Ck the r|ght fragment
a wrong prediction (including the case that the article doesn’from the preserved fragments by the learned classifier. The-

contain the slot at all)Freitag, 200D oretical justification for this architecture will be presented in
. . a companion paper. Intuitively, this architecture increases the
4.2 Extracting Relational Features expressivity of our classification system. Moreover, eliminat-

The basic strategy of our IE solution is to learn a classifier thaing most of the negative examples significantly reduces the
discriminates a specific desired fragment. First, we generateumber of irrelevant features, an important issue given the
examples for this type of fragment. This is done by: small data set.
Filtering: One common property of |IE tasks is that negative
examples (irrelevant fragments) extremely outnumber posi-
| ive examples (fragments that represent legitimate slots). In
he seminar announcements data set, for exanipd&; of
the fragments represent legitimate slots. This stage attempts
2. For each candidate fragment, use the defined RGF feae filter out most of the negative examples without eliminat-
tures to re-represent it as an example which consists dhg positive examples. It can also be viewed as a classifier
all active features extracted for this fragment. designed to achieve high recall, while the classifier in the sec-
Let f = (t;,tis1, --,t;) be a fragment, witht; repre- ond stage aim_s at. high precisi_on: The filter_ qonsists of two
senting tokens and, i+1, ---, j are positions of tokens learned cI.assn‘lgrs_, a fragment is filtered out if it meets one of
the following criteria:

1 Tell . e -
grou-g;e an%atznn%?;teg’aﬁy ggz‘é‘”yﬁe?gg?cnid isfrg\r/';”agfg"s(;n 1. Single feature classifier: Fragment doesn’t contain a fea-
http://www.isi.edumuslea/RISE]. ' ture that should be active in positive examples.

2An article might not contain one of the fields, e.g., etime, or 2. General Classifier: Fragment's confidence value is be-
might contain one of them, e.g., the speaker, more than once. low the threshold.

1. Identifying candidate fragments in the document. (All
fragments are candidates; in training, fragments are a
notated.) Note: fragments may overlap, and only a sma
number of them contain desired information.
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System stime etime loc speaker
Prec Rec F1| Prec Rec F1| Prec Rec F1| Prec Rec F1
SNoW-IE 99.6 99.6 99.6 97.6 950 96.3 90.9 64.1 75.2 83.3 66.3 73.8
NB-IE 08.3 983 983 965 928 94.6 76.8 620 68.6 40.3 32.0 35.7
RAPIER-WT | 96,5 953 959 949 944 946 91.0 615 734 79.0 40.0 53.1
RAPIER 939 929 934 958 946 95.2 91.0 605 72.7 809 394 53.0
SRV 98.6 984 985 67.3 926 77.9 745 701 722 544 584 56.3
WHISK 86.2 100.0 92.6 85.0 87.2 86.1 83.6 554 66.6 526 11.1 18.3

Table 1: Results for seminar announcements task

For criterion 1, it turns out that there exists some features| _ slot [ pass(training)| pass(testing) loss(testing)|
that are (almost) always active in positive examples. For ex-{ stime 4.75% 4.72% 0.94%
ample, in our experiments, the length of fragments satisfies etime 1.07% 1.07% 1.64%
this: [len(fragment) < 7] is always satisfied bygtime location 15.42% 15.30% 3.28%
fragments. Also, ffagment contains a word that is a ndun speaker 14.89% 14.28% 2.79%

always holds irspeaker fragments.

For criterion 2, implemented using SNoW, relying on its
robust confidence estimation, the problem becomes finding
the right threshold. Minimum activation values of positive .
examples in training data are used as thresholds (for the diP  EXperimental Results
ferent types of slots). Examples with lower activation values |, experiments use the same data, methodology and evalu-
are filtered out. e . ation metrics used by several ILP-based IE systems in previ-

The two stages also differ in the RGFs used. The foIIowmgbus works. The systems such asFRER [Califf and Mooney,
more crude RGFs are used at the filtering stage: 199d, SRV [Freitag, 2008 and WHISK [Soderland, 1999

e Target regionword, tag, word&tag, colloc(word, word)  have also been tested on this data set. The data (485 docu-

colloc(word, tag) colloc(tag, word) colloc(tag, tag)on  ments) is randomly split into two sets of equal sizes, one for
word elements, anignon the phrase element. training and the other for testing. The reported results are

e Left & Right window: word&loc, tag&loc, and an average of five runs. As usual, the performance is quan-

word&tag&loc, whereloc extracts the position of the tified in terms ofPrecision (P)- the percentage of correct
word in the window. predictions — andRecall (R)- the percentage cflotsthat are

PR
Classifying: Fragments that survived the filtering stage are The results

Table 2: Filtering efficiency

identified. We also report the'l = (577%).

then classified using a second SNoW classifier, for the fouPf our system, SNoW-IE, are shown in the first row of table 1
slots. First, an additional collection of RGFs is applied to2/0ng with the results of several other ILP-based IE systems
enhance the representation of the candidate fragments, thifat were tested on this task under the same conditions. An
allowing for more accurate classification. As before, in train-€Xception is VHISK, for which the results are from a 10-fold
ing, the remaining fragments are annotated and are used ¥dlidation using onlyl00 documents randomly selected from
positive or negative examples to train the classifiers. In testih€ training set. The systems also use somewhat different in-
ing, the remaining fragments are evaluated on the learnefprmation sources. The words in the documents are used by
classifiers to determine if they can fill one of the desired slots2!l Systems. Part-of-speech tags are used bothARIER-
In this staget different classifiers are trained, one for eachWT a@nd SNOW-IE; SRV uses other predicates that capture
type of fragments. All examples are run throughdatilassi- ~ POS information to some extent. A version chRER uses
fiers. The RGFs added in this stage include: also semantic information; this can be done in our system by
Foretime andstime : adding, say, an is-a sensor but, given their results we did not
scolloc[word&loc(-1jl_window], word&loc]r_window]], incorporate this information.
scolloc[word&loc(-1)l_window], tag&loc[r_windowj] In addition to our SNoW-IE we have also experimented
Forlocation  andspeaker : with a second propositional algorithm, the naive Bayes (NB-
scolloc[word&loc(-2]l_window], tagtarg, tag&loc(1)r window]] IE) algorithm. NB was used on exactly the same set of
The first set of RGFs is a sparse structural conjunction ofeatures (same examples) that were generated using our re-
the word directly left of the target region, and of words andlational paradigm for SNoW, and in exactly the same way.
tags in the right window (with relative positions). The secondAlthough the results of NB-IE are not as good as those of
is a sparse structural conjunction of the last two words in thesNoW-IE — the quality of the classifier is certainly an im-
left window, a tag in the target, and the first tag in the rightportant issue — the experiments with a second propositional
window. algorithm exhibit the fact that our relational paradigm is a
A decision is made by each of tHeclassifiers. A fragment general one. As indicated ifCraven and Slattery, 2001;
is classified as typeif the tth classifier decides so. At most Freitag, 2000 a simple minded use of this algorithm is not
one fragment of type is chosen in each article, based on thecompetitive for this task; but on top of a paradigm that is able
activation value of the corresponding classifier. to exploit the relational nature of the data it compares favor-
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ably with ILP methods. Overall, SNoW-IE outperforms the [Cohen, 1995 W. Cohen. PAC-learning recursive logic programs:
existing rule-based IE systems on all the four slots. Negative result. Journal of Artificial Intelligence Research

To clarify, we note that the output representation of our sys- 2:541-573, 1995.
tem makes use of similar type of relational features as do thECraven and Slattery, 2001M. Craven and S. Slattery. Relational
ILP-based systems, only that instead of a collection of con- learning with statistical predicate invention: Better models for
junctive rules over these, it is represented as a linear function. hypertext.Machine Learning43:97-119, 2001.

It is difficult to isolate the contribution of our two-stage ar- [Cussens, 1997J. Cussens. Part-of-speech tagging using progol. In
chitecture to the quality of the results. We believe, though, International Workshop on Inductive Logic Programmipages
that the ease of incorporating this and other learning archi- 93-108, Prague, Czech Republic, 1997. Springer. LNAI 1297.
tectures is an indication to the flexibility of the approach and[Freitag, 2000 D. Freitag. Machine learning for information ex-
the advantages of learning with propositional means. Table 2 traction in informal domains.Machine Learning 39(2/3):169—
gives some insight into that, by showing the average perfor- 202, 2000.
mance of the filtering stage. The first two columns show thgGolding and Roth, 1999A. R. Golding and D. Roth. A Winnow
ratio of training and testing examples that pass the filter. The based approach to context-sensitive spelling correchitathine
third column lists the ratio of positive examples in the testing Learning 34(1-3):107-130, 1999.
set that are filtered out. These fragments do not even reaGRnardonet al, 1999 R. Khardon, D. Roth, and L. G. Valiant. Re-
the second stage. (Since an article may contain more than jational learning for NLP using linear threshold elements. In
one fragment that represents the same slot, it is sometimes Proc. of the International Joint Conference of Avtificial Intelli-

still possible for the classifier to pick the correct slot.) gence pages 911-917, 1999.
[Kietz and Dzeroski, 1994J. Kietz and S. Dzeroski. Inductive
6 Conclusion logic programming and learnabilitySIGART Bulletin5(1):22—
32, 1994.

The use of relational methods is back in fashion. It became ayracet al, 1991 N. Lavrac, S. Dzeroski, and M. Grobelnik.
clear that for a variety of Al problems there is a fundamental | earning nonrecursive definitions of relations with LINUS. In
need to learn and represent relations and concepts in terms of Machine Learning (EWSL-91yolume 482 olNAI, pages 265—
other relations. Information Extraction — the task of extract- 281, Porto, Portugal, 1991. Springer Verlag.

ing relevant items from unrestricted text is one such task. [ jttlestone, 1988 N. Littlestone. Learning quickly when irrelevant
This paper suggests a new paradigm for relational learning attributes abound: A new linear-threshold algorithidachine
— which allows for the representation and learning of rela- Learning 2:285-318, 1988.

tional information using propositional means. We argue thaf| joyd, 1987 J. W. Lloyd. Foundations of Logic Progamming
our paradigm has different tradeoffs than the traditional ap- Springer-verlag, 1987.

proach to this problem — the ILP approach — and as a I’esuﬁ\/looney, 1997 Raymond J. Mooney. Inductive logic program-

it enjoys several significant advantages over it. In particular, ming for natural language processing.(IbP-96), volume 1314
the suggested paradigm is more flexible and allows the use of of | NA|, pages 3—24. Springer, 1997.

anyrpropr?smozal algc;}rltifgm(;/:/jl;thln I, |inncludr:ngt3 Er?b?‘témsug P\/|ugglet(_)n and De Raedt, 19p4. Muggleton and L. De Raedt.
approaches. AS such, It addresses in a natural and genetal,, e logic programming: Theory and methodikurnal of

way the problem of using relational representations within Logic Programming20:629—679, 1994.

a probabilistic framework, an important problem which has;, . . . . -
bepen studied a lot recently. P P [Quinlan, 1990 J. R. Quinlan. Learning logical definitions from

. . . . relations.Machine Learning5:239-266, 1990.
Our paradigm is exemplified on an important task - Infor- _ ) ) o
mation Extraction (IE). Based on our paradigm, we developedRiloff, 1993 E. Riloff. Automatically constructing a dictionary for
anew approach to learning for IE, and have shown that it out- information extraction tasks. National Conference on Artificial
performs existing ILP-based methods. Moreover, it is several Intelligence pages 811-816, 1993.
orders of magnitude more efficient. We believe that this worrothet al, 2004 D. Roth, M-H. Yang, and N. Ahuja. Learning to
opens up several directions for further work — on relational recognize objects. IEVPR’0Q 2000.

learning and knowledge representation and on practical an
efficien% solutions to N?_P arIlDd IE problems. P I_Llj-ioth, 1998 D. Roth. Learning to resolve natural language ambi-

guities: A unified approach. INational Conference on Atrtificial
Intelligence pages 806—813, 1998.
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Abstract

This paper presents a multi-domain information
extraction system. In order to decrease the time
spent on the elaboration of resources for the |E
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
resources. 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 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]. Below is the example of a story concerning a
terrorist attack in Spain:

22 aol(t 1990, page 24

ESPAGNE un nort au cours d'un attentat a la
voiture pi égée au Pays Basque.

Une personne a été tuée nardi 21 aolt en
mlieu de journée a Oyarzun (province
basque de Qui puzcoa) au cours de
|"explosion d'une voiture piégée dans le
parking d'un hypermarché, a indiqué la

police. (AFP.) !

! Thisisthe tranglation of the text:

August 22th, 1990, page 24

SPAIN: one person killed in a booby-trapped car
attack in the Basque Country

One person was killed on Tuesday August 21°
during the day in Oyarzun (Basque province from
Qui puzcoa) in the explosion of a booby-trapped
car on the parking of a supermarket, indicated
the police. (AFP)
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and the corresponding entry in the database filled by the
|E system.

Event date: 22 aolt 1990

Event location: Espagne, Pays Basque
Number of killed people: 1

Number of injured people: 0

Weapon: Voiture priégée

Even if |E seems to be now arelatively mature technology,
it suffers from a number of yet unsolved problems that limit
its dissemination through industrial applications. Among
these limitations, we can consider the fact that systems are
not really portable from one domain to another. Even if the
system is using some generic components, most of its
knowledge resources are domain-dependent. Moving from
one domain to another means re-devel oping some resources,
which is a boring and time-consuming task (for example
Riloff [1995] mentions a 1500 hours devel opment).

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 1E 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
performed 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 I1E 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 resources. 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 better coverage
thanks to the generalization process provided by the
machine learning system.
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We will firstly present the overall system architecture and
principles. The learning system is then what alows the
learning of semantic knowledge to help define templates for
new domains. We will show to what extent it is possible 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 system
such as the subcategorization frame of verbs could be used
to extract more precise information from texts.

2 System architecture and principles
The system can be divided into three main parts:

1. A machine learning engine used to produce semantic
clusters from the corpus. These clusters are weighted
and are intended to give to the expert arough 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 itself, that will
use the resources defined at the previous stage to fill
the templ ates.

1

Domain ontology

3

Extraction
template

Figure 1: Architecture of the system

The above schema 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
itself (3), processing atext to fill the extraction template.

The information extraction system consists in a multi-
agent platform. Each agent performs a precise subtask of
the information extraction process (named entity
recognition, relation analysis, template filling). A
supervisor controls the overall process and the
information flow (for more detail about the system
architecture, see [Poibeau 2001]).

Apart from the information extraction system itself, 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
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domain he wants to cover. The resources have to be
manually completed to obtain a good coverage of the
domain.

3 Extraction of Semantic Clusters from
Lexical Resources

The acquisition method combines knowledge contained in
on-line resources and statistical data obtained from the
training corpus of the chosen domain. This method is
implemented through the LexiconTuner, which was initially
developed for French but can be used for any language if
correct resources are provided. The method is inspired from
[Luk 1995] and described in details in [Ecran 1996] and
[Poibeau 1999].

Semantic clusters — that is to say clusters of semantically
related words — can be acquired from on-line resources
including dictionaries, thesauri and taxonomies [Wilks et
al., 1995]. 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, partia
information, which can be used as semantic clusters, can be
extracted from the definitions relatively easily.

The idea of building networks from definitions was first
proposed by Véronis and Ide [1990], along with a
propagation 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
computation of graph “cliques’, simulated annealing, etc.
Some of these experiments derived information from a
dictionary; see for example the early work at New Mexico
State University [Fowler and Dearholt, 1989]. 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. For example,
the word opera, which is defined as "dramatic performance
or composition of which music is an essential part..." in the
Concise Oxford Dictionary, can be assigned the semantic
concepts of dramatic, performance, conposition and
nmusi c.

In the LexiconTuner, the generation of the clusters is
carried out in two steps. Firstly, the list of al 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 concepts
and are recorded. This step alows us to go from a French
word (e.g. opéra) to some concepts labeled with English
words (dramati c, performance, conposition, nusic), by
means of a bilingual dictionary (opera being defined as a
"dramatic performance or composition of which music isan
essential part").

Secondly, semantic clusters are generated by clustering
related concepts in the list. The program uses a semantic net
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as its semantic knowledge source to determine the semantic
relatedness between the concepts. The net is derived from
the Oxford Advanced Learner's Dictionary (OALD). Each
node represents a word, and for any two words w/ and w2,
wl islinked to w2 if w2 appears in the definitions of wi in
OALD (music will be linked to conposition if nusic
appearsin the definition of conposi ti on). The link from w/
to w2 is weighted inversely proportionally to the product of
the number of senses of w/ as defined in OALD and the
number of words in the definition of w/ that contains w2.
The clusters are formed in 3 steps:

« Every circlein 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 al the sets
consisting of three related words according to the
dictionary definition. For opera, the following
associations will be considered: (oper a, per f or mance,
dramatic) and (dramati ¢, conposi ti on, nusi c)..

« Circles that share one or more nodes are merged. Thus,
(opera, performance, dramatic) and (dramatic,
conposi tion, nusic) are merged into a single set
(opera, performance, dranatic, conposition,
nusi ¢). Thisiscalled 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 dramati ¢ and coni c are related, then coni ¢ will
be added to the cluster, being related to dr amat i c.

This algorithm does not really capture al the complexity of
dictionary definitions. For example, athough cycles are
common among dictionary definition terms, there may also
be chains of words which are highly related but which do
not form a cycle. To solve this problem, [Lesk, 1986]
suggested a method to cluster word pairs based on "degree
of overlap" between their head words or definition words, in
the context of word sense disambiguation. In our system,
the merging step and the addition of peripheral words
partially allow taking into account chains of words.

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.

4 Automatically deriving a rough
ontology from the corpus

Not al semantic clusters are equally useful for Information
Extraction in any particular domain. The usefulness of a
semantic cluster can be determined statistically from the
corpus itself. [Salton, 1988] suggested measures that reveal
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the usefulness of a term: applied to the members of a
cluster, these measures reveal the usefulness of a semantic
cluster in the corpus [Resnik, 1995] [Aguirre & Rigau,
1996].

The IE prototype for French implemented a method to
measure the usefulness of semantic clusters using a single
function which captures the variance of the occurrence
frequency [Luk, 1995]. The variance of the occurrence
frequency of a semantic cluster s is given as:

Var(f(s,4)) = E[(f(s,4) — E(f(s,4)))4

where f{s,4) is the occurrence frequency of s in a collection
of articles 4, and E(X) isthe mean of X for any X.

The measurement captures both the discriminatory power
and the relevancy of a semantic cluster: if the occurrence
frequency of a semantic cluster has a high variance, then it
must be both discriminative and relevant. If a semantic
cluster has low relevancy (i.e. the cluster has low
occurrence frequency in most of the articles), then the
variance of occurrence frequency will be low relatively to a
cluster with a higher frequency. Meanwhile, if a semantic
cluster has low discriminatory power (i.e. the semantic
cluster has similar occurrence frequency in most articles),
then the variance of occurrence frequency will also be low.
Lastly, it also takes into account the dependency of the
discriminatory power on the occurrence freguencies,
normalized according to the size of the document. The
weight of a cluster is then normalized according to the size
of the document using the following function:

1

) = W T A

if N(d) = 200 and
Wa(f,d) = W(f,d)*1og(200/N(d))+1
Otherwise.

where Wn(f,d) and W(fd) are the normalized and non-
normalized weights of the feature fin document <, and N(d)
is the number of content words in document d. The use of a
logarithmic expression alows to smooth the result in spite
of the differences in the size of the documents. The constant
200 is the average size of a document in the corpus, without
taking into account empty words.

After a rough discrimination between the more useful
semantic clusters and the less useful ones obtained by these
statistical methods, domain experts can manualy refine the
selections of the semantic clusters, which are to be used in
the Information Extraction system. Lastly a set of
representative clusters is associated to each text. These
clusters have a higher weight in the text than in the corpus.

S Template design

Semantic classes produced by the LexiconTuner are
proposed to the end-user, who chooses which clusters are of
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interest to him. Once he has chosen one cluster, the system
automatically proposes him an interface to refine the cluster,
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.

template

ontology

corpus
Figure 2: 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 clusters to
select relevant topics and establish a candidate template.
The chosen topics has to be named and to be associated with
a dot 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 dot in the template corresponds to a new
column in the table. This technical part of the template
creation process can be compared to the Tabula Rasa tool kit
developed at New Mexico State University to help end-
users define their own templates [Ogden and Bernick,
1997].

The evauation of the template creation task is not
obvious since it necessitates domain knowledge and text
manipulation 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
LexiconTuner give an appropriate idea of the overall
topic addressed by the texts.

. These clusters help the elaboration of templates and
alows 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
information he wants to find in relation with a given
topic and (b) the clusters are too coarse-grain to
directly correspond to dots.

When the template corresponds to an event, the information
to be found generally refers to classical wh-questions: who,
what, where and when. Some additional dots can be added
but most of the time they correspond to classica
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associations of ideas. For example, if one wants to extract
information about football matches, he will immediately
create a dot corresponding to the score. However, 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).

Egj e:\wsers\poibeautprogram datahextractionktxt\file10138.txt

Drate M

Lacation PARIS
Lionel Jospin

Text

Personality

Type Daclaration
AFP (wire)

- Lionel Joapin a assuré vendredi dque le

Source

gJouvernement entendait “"rénover
1'épargne =salariale™, selon un

Topic communigqué de ses serwvices.

Figure 3: A specific reduced template ( a“templette”)

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 designed 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.

6 Experiment description and evaluation

We asked an expert to define a new template and the
associated 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]).

6.1 Resources design process

Once a new template is designed, the developer has to
elaborate resources for this template. For a more detailed
description of this process (resource design for a single
template), please refer to [Faure and Poibeau 2000]. We
only describe here the main steps of this process.
Homogeneous semantic clusters learned by the
LexiconTuner are refined: a manual work of the expert is
necessary 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 dots in the extraction template. This knowledgeis
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also considered as a resource for the finite-state system
(Intex cf. [Silberztein, 1993]) 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.

A dictionary is alist of words or phrases, each one being
accompanied by atag and alist of features. The first names
dictionary or the location dictionary are generic reusable
resources. Below is a sample of the location names
dictionary®:

Abi dj an, . NtLoc+City

Af ghani st an, . N\+Loc+Count ry

Al | emagne, . NtLoc+Count ry

Al | emagne de |’ Quest, . NtLoc+Country
Al | emagne de |’ Est, . N+Loc+Country

These items structured in a list are convenient for the
dictionary format and the semantic lists elaborated from the
LexiconTuner complete in an accurate manner the coverage
of theinitial dictionaries from Intex.

The transducer format is essentially used for more
complex or more variable data where linguistic phenomena
such as insertion or optionality may interfere. The figure 4
is the illustration of a transducer recognizing bl essé par
| explosion de Det N (expl osion of Det N, injured
by the explosion of.), where the nominal phrase Det N
recognizes nominal phases elaborated from the semantic
class bonbi ng where the following words appear: bombe,
obus, grenade, etc (bomb, shell, grenade...).

| légére
E[' lourde|f

e )
k'

explosion) — <XEEP=

Integration of a part of the sem antic
cluster into the automaton

Figure 4: “weapon” automaton

The elaboration of such transducers requires linguistic
expertise to obtain in fine a system recognizing the relevant
sequences without too much noise. Some tools and a
method have been defined for the semi-acquisition and the
design of resources such as subcategorization frames,
completing the clusters learned by the LexiconTuner
[Poibeau, 2000]. The architecture of the system is using
cascading transducers, it is then important that each level
has a good quality in order to alow the following analysis
level to operate on a solid background. The different

2 Each line begins with a term, followed by some indication
about its syntactic category N for Noun and semantic features
Loc to indicate a location, Country to indicate a country,
[S(o
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transducers are then minimized and determined®. The
overall set of transducers is composed of 1000 nodes and
about 5000 arrows in our experiment.

6.2 Evaluation

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
heuristics allow to fill the extraction template: the first
occurrence of a number of victims or injured persons is
stored. If atext deals with more than one terrorist event, we
assume that only the first one is relevant. Thanks to the
nature 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:

¢ () if extracted information is correct;

e (Fal se) if extracted information is incorrect or not
filled;

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

Using these indicators, we can compute two different
values:

* Precision (prec) isdefined as Ok/Pos.
» Recall (Rec) isdefined 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. However,
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 extract
it. The errors for the location dlot are due to two
“contradictory” locations found by the system. A more
complete linguistic analysis or a database providing lists of
citiesin different countries would reduce this kind of errors.
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.

% These two operations allow to optimize the analysis time.
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7 Conclusion and future work

The experiment that has been described is based on an
external knowledge base derived from adictionary. 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 aso 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 rea 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,
especialy thanks to the wrappers. The performances are
between .55 and .85 P&R, if we do not take into account the
date and location dots 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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